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Abstract

This research seeks to address the issues of spatial structure and counter intuitive findings in
modelling population movements. Previous research based on interaction data for census
administrative boundaries indicates urban – rural patterns in the propensity to travel which
are exasperated in peripheral areas. These findings are considered to be an effect of the
spatial structure of zonings and thus an unsuitability of the census geography in reflecting
the phenomena of movement. This research, through the example of the case study of
Northern Ireland, aims to create a geography through regionalization which is better suited
to the geography of commuting and to apply such functional fit regions to spatial interaction
modelling to better understand and evaluate regional and local commuter patterns with
respect to key demographic variables. A five stage open approach is proposed with
geovisualization, demographic data linkage, regionalization, spatial interaction modelling,
and factor analysis to produce robust results which draw out the underlying tendencies of
journey to work movements using fit for purpose zones.
Based on functional fit regions, findings indicate a number of key demographic tendencies in
the propensity to travel. These include the effect of affluence on the willingness to travel
further; the effect of urban dwelling as a deterrent to travel further for work; the influence
of rurality on the propensity to travel greater distances; the impact of a stronger employment
market area on the reluctance to travel and finally the effect of increased religious
differences between home and workplace on a reduced willingness to travel further. The
spatial structure of the geography of modelling has a profound influence on the modelled
outputs. This research demonstrates that functional fit for purpose regions created through
regionalization provide a superior fit for modelling the phenomena of commuting or wider
movements. The methodological framework for this research is to provide an open source,
transparent and reproducible approach to geovisualization, region building and modelling
through Python notably using PySAL library and Max-p regionalization and R scripting
through the Factanal package. An open approach allows for applicability and
development in wider fields such as transport planning, demographic policy and mobile data
intelligence.
Key words: Functional fit regions; distance decay; geovisualization; spatial interaction
modelling; factor analysis; Python; PySAL.
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Chapter 1: Introduction

Chapter 1: Introduction, Aims, Objectives & Rationale
1.1 Introduction to Research
The aim of this research is to model and analyse population interactions through the example
of Northern Ireland.

Zone design has a significant impact on the analysis of flows and

interactions and has the potential to undermine the benefits of policy application, transport
planning and modelling and evidence-based decision making. This research seeks to examine
the process of regionalization to create functional zones which minimise generalisation of
commuting and enhance similarity of flows within zones in order to better evaluate and
understand the demographics of commuting and the propensity to travel with distance. The
research analysis will include regionalization, spatial interaction modelling, geovisualization
and evaluation of population interactions particularly with respect to commuting flows
within Northern Ireland in order to enhance zonal systems for modelling and understanding
commuter movements. Such techniques and their robust application, as demonstrated by
this research, are widely applicable to transport planning and modelling, health policy
development and resource allocation, employment and housing policies, retail planning
marketing and consumer patterns, international trade, and service and health accessibility.
The research is undertaken with an open source approach to allow for scalability,
transparency, replication and future research in the field of geographical data science for
transport modelling and movement analytics.

1.2 Statement of the Problem
Many authors, including Fotheringham (1981), Tiefelsdorf (2003) and Lloyd et al. (2008) have
discovered through detailed research on spatial interaction modelling of interaction data that
results can have a tendency to produce counter-intuitive statistical outputs depending on the
base geography. Whilst results of spatial interaction modelling of commuter movements
largely indicate that the volume of flows decrease with an increase in the distance between
origin and destination, the variation across this rate of distance decay for an extent such as
a province or country can be large and unexplained (Tiefelsdorf, 2003; Fotheringham, 1981;
Lloyd et al., 2008). This leads to the indication of misspecification or inadequate base
geographies for the phenomena under consideration. Such counter-intuitive results are
demonstrated in Northern Ireland by larger negative distance decay parameters to the rural
west of the province than the more urban east (Lloyd et al., 2008). Such large decays would
suggest that workers in rural areas are unwilling to commute further distances compared to
1|Page
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residents of urban areas which is not necessarily a true reflection of reality. Distance decay
parameters and consequently the perceived propensity to travel can be heavily influenced
by the structure of the underlying zonal geography. Census boundaries are therefore not best
suited to the tendencies of population interactions. Inconsistent patterns of the distance
decay parameters limit the confidence therefore of any evaluative observations on the
demographics of movements.
The challenge then lies in the creation of fit for purpose functional zones which better reflect
the geography of interactions, specifically commuting, and subsequent modelling and
evaluation to obtain robust distance decay parameters and reliable observations on any
demographic patterns in population movements.
Research has shown that certain census data aggregations provide a weak geography for the
modelling and evaluation of interaction data. The discipline of transport planning relies on
robust distance decay parameters to model, plan and predict for present and future
movements (Miller, 1999; Halás et al, 2014; De Vries et al., 2009; Loidl et al., 2016). Increasing
volumes of complex interaction data are being gathered by society and are of importance to
future planning, decision-making and to the ease of movement if methods can be developed
to robustly evaluate distance decay and the demographics of those movements. An
appropriate base geography for analysis is crucial to the confidence of the results and
evaluation. This research proposes an open source framework for the creation of functional
regions for use in the robust modelling of interaction origin destination data to address the
inconsistencies which disable consistent confidence in the interpretation of movements.
There exists a considerable lack of alignment between geographical data science and
transport modelling (Liodl et al., 2016; Miller, 1999; Mitra & Buliung, 2012; Miller & Shaw,
2001; Hollander, 2016). Closer alignment would benefit both disciplines. This research aims
to provide openly available geospatial tools and techniques which begin to address the gap
between the disciplines and to provide solutions on issues relating to zone scale and unit
definition which are common to both.

1.3 Current Solutions to the Problem

Decades of research has been conducted on the impact of changing scale and unit definition
(the Modifiable Areal Unit Problem) on geographical analysis, on its minimization and on
optimal solutions using zone design for modelling spatial interactions (Openshaw, 1984;
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Manley et al., 2006; Fotheringham, 1981; Lloyd et al., 2008). Clustering algorithms have been
designed and evolved to mitigate against and test the effects of changing scale and zonal
definition. One such algorithm is the Automated Zoning Procedure (AZP) which has the
objective function of minimising intra-zonal flows (Openshaw and Rao, 1995). The popularity
of this regionalization algorithm is demonstrated by its modification and application to a
range of disciplines such as health analysis, census outputs and workplace zones (Cockings,
2011). Such hierarchical clustering algorithms have been followed by the concept of
partitioning algorithms such as REDCAP (Guo and Wang, 2011; Guo, 2008) and modularitybased partitioning (Farmer and Fotheringham, 2011). Despite the popularity and widespread
use of both existing hierarchical and partitioning algorithms, limitations on subjective user
choices exist with both. REDCAP requires a level of partitioning defined by the user and
therefore is a determining factor in the number of created output regions (Folch and
Spielman, 2014). With hierarchical clustering algorithms often choice is very application
specific and a variety of user constraints and objective functions makes both testing and
comparison difficult (Martinez et al., 2009). One major disadvantage to such clustering
techniques is the requirement to specify the number of output regions a priori (Folch and
Spielman, 2014) which may therefore have a greater smoothing and generalization effect.
The choice of clustering algorithm is difficult given that aggregations based on any census
geography are inherently influenced by its basic spatial units. Any attempt at regionalization
is a compromise on scale and unit definition which may not reflect the phenomena of interest
which potentially is operating at different scales (Manley et al., 2006).
In search of robust geographies of scale for purpose specific phenomena, such as the analysis
of movements, the concept of functional regions has been developed. In evaluation of
commuter patterns and local labour markets, travel to work areas (TTWA’s) have been
customised to reflect zones of high levels of self-containment in internal commuter flows
(whereby a resident lives and works within the same zone). TTWA’s have been employed to
define labour market areas for policy development and implementation (Coombes 2015).
Whilst TTWA’s are robust in fulfilling strict containment criteria, the resultant zones are large,
particularly for Northern Ireland, and have been criticised for masking local variation in
commuter trends whereby zones are too big to produce reliable results (Goodman, 1960;
Webster, 1997; Horner & Murray, 2002). The self-containment criterion threshold employed
in the creation of workplace zones may need cautious consideration for wider applicability
of functional zones for commuting analysis and evaluation (Landre, 2012).
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Traffic Analysis Zones (TAZ) are functional zones created for transport modelling and are
employed as an aggregation for the calculation of travel demand and a generalised road
network (Miller, 1999). However, the linkage between geographical data science and
transport modelling has been criticised due to the often-overlooked aspect of zonal
definition and scale in the creation of traffic analysis zones (Liodl et al. 2016; Miller, 1999).
Based on the evidence presented relating to functional zones and regionalization techniques,
there exists a gap in knowledge relating to an optimal geography for confident analysis of
regional and local commuter movements which can be of benefit to the discipline of
transport planning and policy.

1.4 Research Proposal

The analysis of aggregate interaction data based on existing administrative boundaries has
several limitations. Zone scale and definition are important factors in the modelling of such
interactions. This research aims to illustrate that the use of zone design to create regions
which are specific to the patterns of commuting flows and which create zones of more
consistent flows at scales which maintain trends will enable meaningful modelling of
interactions at regional and local levels. Such enhanced modelling of flows and related socioeconomic variables will allow for valuable research into the behaviour and structure of
commuting patterns and has the capacity to enhance the future of transport planning and
modelling.
This research proposes the creation of zones which are conducive to the discovery and
exploration of patterns of movement at sub- regional scales. This objective is based on
underlying issues with smaller scale census geographies and larger scale functional region
geographies. Hence a geography of scale which fits between those of super output areas /
wards and travel to work areas. The use of a recently developed clustering algorithm called
Max-p regions which draws on partitioning methods is proposed to create zones of
homogeneity in commuter flows whilst maintaining a level of detail to investigate subregional commuter movements. Max-p presents a viable algorithm for the construction of
functional regions which are applicable to the exploration of commuter movements for
policy development and for consideration with the discipline of transport planning. The
benefit of the Max-p clustering algorithm proposed lies within the absence of a requirement
for a defined number of regions whilst ensuring a threshold constraint is fulfilled (Duque,
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Anselin and Rey, 2010). This freedom from definition of a number constraint benefits the
region shape which is driven by the data and minimises the level of generalisation. Solutions
are created which maximise the number of regions.
The research proposal comprises five stages relating to geovisualization, regionalization,
demographic data linkage, spatial interaction modelling and factor analysis as detailed in
chapter 3. Spatial interaction modelling aims to address the objective of investigating the
key population variables which influence patterns of movement using a fit for purpose base
geography suited to interaction data. Factor analysis also additionally aims to evaluate key
influences on patterns of movement at a broader and more unobserved level.
Geovisualization aims to provide innovative means to present patterns and trends as a preemptive observation on the particularities of the example case study of Northern Ireland. It
also aims to provide the advanced means to facilitate the meaningful observation of visual
patterns from modelled results and outputs and as such underlies and supports all other
stages. Each stage offers a unique contribution to both the field of geographical data science
and movement analytics in terms of the methodology, analytical thought and insight
together with the largely open source coding which is presented for enabling further and
future work.
The proposal for this research is also aimed at bridging the gap between the disciplines of
geographical data science and transport modelling. This is integrated within the proposal for
the creation of fit for purpose zones which better model the phenomena of commuting
through an open science approach. Transparency in data, methodology, tools and code,
where possible, is sought to enhance reproducibility or replication (to a lesser extent) (Leek
and Peng, 2017; Singleton et al., 2016; Ostermann & Granell, 2017) in the drive to address
the gap between the disciplines and to advance knowledge in the communality of both.

1.4.1 Research Objectives
Given a review of relevant literature as detailed in chapter 2, a number of key issues have
arisen relating to the suitability of census boundaries for robust modelling and understanding
of population movements. Procedures for creating regions and modelling movements are
shown to be largely within closed frameworks with minimal linkage. These findings from
reviewed literature provide a basis for the defining the objectives of this research. As such
the research objectives are:
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1. To create more applicable functional areas for modelling interaction data.
2. To analyse the effect of zone size and spatial structure on modelling interaction data with
a focus on commuter flows.
3. To investigate the demographic patterns of movement at a regional scale and also at a
local community scale.
4. To source, investigate, develop and make available open source methods for the
regionalization, spatial interaction modelling, geovisualization and evaluation of
interaction data.

1.5 Research Structure
Chapter outline is as follows:
Chapter 1: Introduction, Aims, Objectives & Rationale which provides context and
justification for the research and how this work will address outlined issues through a number
of research objectives.
Chapter 2: Literature Review which draws on relevant literature to assess previous research,
to draw out key issues and to present on wider applications.
Chapter 3 : Methodology which will provide a rationale for and information on the
approaches used. The basis for Objective 1, to create more applicable functional areas for
modelling interaction data through regionalization, and objective 3, to investigate patterns
of movement through spatial interaction modelling with reference to Northern Ireland, and
objective 4 to develop and present an open approach, will be discussed in this chapter.
Chapter 4 : Case Study Introduction and Background to Northern Ireland provides a base
overview of landscape, demographics and journey to work movements within the province.
It begins to address objective 3 which relates to the investigation of movements at a regional
and local area.
Chapter 5: Spatial Interaction Modelling Results and Evaluation aims to present on model
fit and spatial structure and therefore relates to objective 1 to create functional regions
applicable to commuter movements and objective 2 to analyse the effect of zone size and
structure on modelling outcomes.
Chapter 6: The Demographics of Commuting aims to evaluate modelled outputs in order to
draw out and investigate the key population variables which influence patterns of movement
as outlined in objective 3.
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Chapter 7: Research Conclusion, Limitations and Future Work provides summary on the
research and evaluates on all the research objectives within an open framework.
The first objective to create more applicable functional areas for modelling interaction data
will be explained in full in chapter 3 within the methodology. Results relating to this objective
will be presented in chapter 5 followed by evaluation in chapter 6. The second objective to
analyse the effect of zone size and spatial structure on modelling interaction data with a
focus on commuter flows shall be assessed in both chapter 5 and 6. Chapter 4 addresses a
number of the objectives in that it initially serves to explore interaction data from Northern
Ireland to serve as a case study and it also begins to investigate population characteristics
which have spatial patterns within the province at both regional and local community scale.
Lastly chapter 3 introduces practical elements of the open source framework for
geovisualization. Demographic trends and groupings by way of factor analysis and further
assessment of the key variables influencing commuting are explored in chapter 6.

1.6 Research Limitations and Assumptions
•

This research does not account for the mode of transport taken by commuters. It is
based on the assumption that the majority will be car based with a split of around
79% movements within a car (as driver or passenger), 10% on foot, 8% on public
transport and 1% by bicycle. These mode splits are based on 2011 journey to work
counts by mode.

•

Research does not account for cross border travel.

•

Data is analysed at aggregation level. Road distances are measured on the basis of
population weighted centroids and not individual streets. New functional regions are
differently structured aggregations of existing census boundaries.

•

Some internal zone distances are significant and therefore inflate or deflate the
effect of the distance travelled.

•

The research is limited to a number of models of varying scales and thresholds. It
does not cover a wide quantity but does attempt to test an appropriate range.
Similarly, the quantity of explanatory variables incorporated into the spatial
interaction modelling process is limited. These are chosen as a broad illustrative base
for the exploration of economic and demographic trends.

•

Analysis is limited to the availability of suitable data. As a professional working in the
field of transport planning and actively researching with an academic institution the
scope and availability of crucial and relevant data is broadly good. On the whole
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though, outside of professional status and academia, the availability of sufficient
open interaction data for this research is limited or of insufficient quality or level to
be of detailed local use. With this in mind however the research is conducted with
the aspiration to utilise wherever possible datasets which have an open access
license agreement and similarly the aspiration to adopt open methods and software
wherever possible. This open adoption in the majority will drive the transparency of
the research with the aim of broadening and enlightening exemplar usage and
adoption to other areas, data and disciplines.

1.7 Conclusion
Evidence has shown that the results from spatial interaction models relating to distance
decay are not consistently robust across whole study areas due to the spatial structure of the
base units of aggregation. This proposal aims to address the outline objectives of the research
which is to firstly create regions which better fit the phenomena of interaction data. The
creation of such functional regions is proposed through a process of regionalization.
Secondly, the research seeks to analyse the effect of zone and scale for such functional
regions in comparison with basic spatial units. Thirdly, the research seeks to address
confidence in the evaluation of demographic trends in population movements. This is
proposed through analysis of spatial interaction modelled results using the created fit for
purpose regions. Changes in the base spatial structure for modelling is anticipated to reveal
patterns of commuter movements at both regional and local levels. The final yet equally
important objective of this research is to develop and make openly available methods for the
regionalization, spatial interaction modelling, and geovisualization of interaction data in
order to advance geographic data science for the future analytical potential of society’s
burgeoning volume of interaction data. This research is conducted with reference to
commuting data in Northern Ireland given previous research on journey to work movements
in the province , the compact size of the province to limit magnitude scale data processing,
and the interesting and distinct mix of demographics which is a feature of the Northern Irish
society. Methods and this research are however applicable to a wide variety of interaction
data and disciplines.
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This review provides an overview of existing research on aggregate data, flow data and the
analysis of flows, regionalization and spatial interaction modelling. These themes are core to
the justification, understanding and benefit of this research. The topic of this review firstly
relates to the aggregation of spatial data, in particular the limitations, usability and function
of such aggregations. The review will then lead to a discussion of the possible use of finer
resolution data for aggregation in relation to commuting. Such purpose aggregations will
provide the base geography for spatial interaction modelling of related socio-economic
variables and will enable deeper patterns of commuting characteristics to be identified. The
review addresses the input of open source geographical data science for modelling
population interactions and considers the scope of such methods for conducting such
research and for expanding to manage finer level data of increased complexity.
The review is split into 4 distinct categories followed by two associated sections. These
categories are (i) Spatial Data and Limitations, (ii) Flow Data and Zone Design, (iii)
Regionalization and its Application, (iv) Spatial Interaction Modelling and Applications, (v)
Broader applicability of both regionalization and spatial interaction modelling, and (vi)
Summary of the overlap between zone design and modelling. The final sections relate to the
emergence of the importance of open geographical data science for future interaction data
analysis, evaluation and reproducibility.

2.1 Spatial Data and its Limitations: Scale, MAUP, Ecological Fallacy, Small
Cell Adjustment and Disclosure.
The mass influx and availability of spatial data due to mass market global positioning devices,
global trade, technological, communication and transportation advances has widened the
scope for research in many fields. Spatial datasets tend to be voluminous and associated with
many inter-related variables (Guo et al., 2005). Due to the potential size of some datasets
difficulties are often encountered in examining related variables, recognising and
categorising patterns and dealing with them in a computationally efficient manner (Guo et
al., 2005). Due to such significant obstacles for practical use, spatial datasets are often
aggregated into units. Wise et al., (2001) recognise that data are often aggregated due to
four key reasons. Firstly due to a need to efficiently display information and patterns on
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maps, secondly, due to the desire to minimise the influence of data outliers, thirdly, to reduce
the effect of different population densities and lastly to protect the identity of individuals
(Wise et al., 2001 in Duque et al., 2006).

Aggregated spatial data, whilst commonly used, is associated with many limitations.
Ecological fallacy and the Modifiable Areal Unit Problem (MAUP) are renowned limitations
which are intrinsically linked to the aggregation of spatial data. Ecological fallacy refers to the
fallacy of making inferences about individuals using aggregate data (Gitlesen et al., 2004).
MAUP is a feature of the scale and aggregation of the spatial data being analysed. Various
geographical researchers have identified the widely varying results obtained as a result of
changing scale and unit definition. Such authors have established the two-part effect of the
MAUP. The first is the scale of geography used for analysis and the second being the unit or
zone definition. Scale is an important factor in the aggregation of spatial units (Openshaw,
1984). The greater the level of aggregation, the larger and fewer are the zones (Horner and
Murray, 2002). The second component, zone definition, can be explained by the differing
results obtained for different configurations of zones. The delineation of a specified number
of zones will have an associated exponential number of possible combinations. Thus, an
attempt to define the zones based on a number of units will differ from the previous attempt.
Each attempt at zone definition (based on the same threshold criteria) will result in a unique
zonal structure and therefore by consequence a unique set of results (Horner and Murray,
2002).
Openshaw and Taylor (1981) discuss in detail the complexity of the zoning of spatial data.
Like Horner and Murray (2002), Openshaw and Taylor (1981) had previously established that
zones are very fluid in their design. They are not data-specific or fixed and can therefore be
constructed from individual data into a widely varying structure of aggregations (Openshaw
and Taylor 1981). Openshaw & Taylor (1981) emphasize that such aggregations are often
poor reflections of the representative data and the real world. Created zones are arbitrary
and changeable but are nonetheless a popular method of analysing a spatial data set. This
popularity stems from the long-standing convention of geographers to focus on the sense of
place (Openshaw and Taylor, 1981) and also the existence of modern day administrative
boundaries.
Openshaw and Taylor (1981) refer to the long realisation of the existence of a scale effect
when analysing spatial data however studies during the late 1970’s unearthed ignorance
amongst analysts in this field to the zoning effect of aggregated data. Others are aware of
the implications of zone definition but knowingly decide to use the ‘inherent freedom’ in
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zoning for distinct advantage. The most famous example of which is the 1810 gerrymander
when zones and political boundaries were carefully constructed to sway voting tendencies
(Openshaw and Taylor, 1981). However, geographers have become more aware of the need
to consider all aspects associated the MAUP (Openshaw and Taylor, 1981).
Horner and Murray (2002), in their analysis of excess commuting, defined by the deviation
of an urban area’s journey to work average trip length compared to a theoretically calculated
average commute, provide a clear discussion of the spatial impacts of the MAUP. Their
results show the deep-rooted effect and consequences of both scale and unit definition.
Openshaw and Taylor (1981) argue that the limitations imposed by aggregation vary from
case to case depending on the data involved. However, they do question the applicability of
the zone system to the nature of the study and its efficiency in reflecting the true tendencies
of the individual data. The zonal arrangement may not always be conducive to the nature of
the data under analysis. Given that zonal definition is based on arbitrary aggregations with
an absence of international standards, Openshaw and Taylor (1981) further questions the
validity of results obtained from random groupings.
Given the general consensus amongst researchers in this field (Openshaw and Taylor, 1981;
Gitlesen, Thorsen and Uboe, 2004; Horner and Murray, 2002; Tobler, 1987; to name a few)
that case dependent studies are heavily affected by the zonal system used for aggregation,
discussions have led to the minimisation or elimination of such MAUP influences. Based on
his work on spatial data during the 1980’s Tobler (1989) introduced the idea of ‘frameindependent results’, whereby the results of analysis on spatial data should be completely
independent of the zonal system used or of the spatial scale. Horner and Murray (2002)
respond to this suggestion by stating that pure frame independence could only be
accomplished through the complete avoidance of aggregated data. That is, through the use
of data at an individual scale. In theory such a suggestion would seem to greatly benefit such
analysis work however in practice the use of individual-scale data would introduce problems
relating to the technical computing challenge of dealing with potentially copious datasets
and also importantly the issue of data disclosure and the protection of confidentially
(Openshaw and Taylor, 1981). The aggregation of spatial data, whilst prone to the effects of
MAUP, is extremely useful for the efficient storage and manipulation of data. Aggregate data
flow matrices are smaller in comparison to individual-scale data (Openshaw and Taylor,
1981). Researchers in this field must weigh up the associated advantages and disadvantages
of the use of aggregated data versus individual level data. Horner and Murray (2002) propose
that the compromise between the two lies with the use of zoned spatial data which is as
disaggregate as practically possible (Gitlesen et al., 2004).
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The nature of aggregation of spatial data is therefore crucial to the success of the use of the
dataset. Openshaw and Taylor (1981) have commented on various methods which have been
used by geographers to construct their own unique units. They remark upon the continual
endeavour to squeeze geographical phenomena into non-geographical shapes.

They

propose a definition of the nature of spatial units based on two categories, priori given units
and posteriori units. Priori units are already established and continually used zonings. They
typically consist of governmental and administrative boundaries (for example ward
boundaries, postcode units, and local government areas). The second group, posteriori units,
are more fluid and wide ranging. Openshaw and Taylor (1981) have subdivided this group
into four categories, geometric, formal regions, functional regions and model associated
units. These categories allow for both objective and subjective analysis and provide a basis
for a much more tailored approach. A geometric type unit such as grid squares provides an
aspect of objectivity and neutrality due to the unit being unconnected to the data. Clearly
such objectivity is an advantage in some analysis work however Openshaw and Taylor (1981)
comment that the use of 1km grid squares for the analysis of census data is unnatural for the
purpose of the data. The other three sub-categories, formal regions, functional regions and
model associated units provide greater flexibility to create a custom-made zoning depending
on the defining criteria. Together, the four categories represent the juxtaposition of differing
ideologies regarding the extent (or lack of) of dependency of the purpose of the analysis on
the zoning system (Openshaw and Taylor, 1981).

Both priori and posterior type units and

their specific applications will be discussed further as part of this review. Openshaw and
Taylor (1981), in recognition of both the advantages and equally the limitations of zoning
systems as categorised above, introduced the idea of optimal zoning. This idea was first
proposed by Batty and Sammons in 1978 when they suggested the requirement for a zoning
system which would focus on an efficient restructuring of data prior to any analytical work
(Openshaw and Taylor, 1981). In 1981 Openshaw and Taylor (1981) motioned the concept
of optimal zoning but were very aware, at that time of its high computational need.

Statistical disclosure control (SDC) as described by Duke-Williams and Stillwell (2007) refers
to the adaption of spatial data prior to public distribution in order to avert unconscious
disclosure of information relating to any individual. In the case of the 1991 and 2001 census
interaction data for the UK a rounding technique was employed to impede data disclosure.
Cells with a value between 0 and 3 were modified to have a value of either 0 or 3 thus
eliminating values of 1 and 2 (Duke-Williams and Stillwell, 2007). Such modifications largely
13 | P a g e

Chapter 2: Literature Review
mask local variations in the data but are deemed necessary to protect the identity of an
individual. Young, Martin and Skinner (2009) promote the idea of intelligent disclosure
control methods in an era when census users are seeking finer resolution datasets and the
creation of unique zones. They introduce the concepts of geoprivacy and geomasking.
Geomasking involves the alteration of spatial coordinates. Two such geomasking techniques
are random record swapping (RRS) whereby the coordinates of a random set of units are
swopped and local density swapping (LDS) whereby coordinates are displaced based on a
probability distribution (Young et al., 2009). Record swapping was employed as a data
disclosure technique by the Office for National Statistics for census 2011 secure data. Young
et al. (2009) investigate these techniques in detail and compare the effects of different scales
(wards, output areas, enumeration districts, postcode level and lower super output areas) on
the techniques. Results show that the LDS technique reduced the risk of disclosure at most
scales however the amount of swapping required to produce significant shrinkage in
disclosure risk was high. Around 90-100% of records needed to be swapped in order to
achieve a risk disclosure level below 10% (Young et al., 2009). The conclusion was reached
that given the necessity for swapping of a large proportion of records for the success of the
technique the process whilst in theory highly successful, was in practice largely unfeasible.
Any such technique would at present need to be incorporated with traditional disclosure
methods (Young et al., 2009). The potential for such techniques in the future remains to be
explored further.

2.2 Flow Data and Zone Design

The limitations and problems associated with the aggregation of spatial data as detailed
above are further intensified when dealing with flow spatial data also commonly referred to
as interaction data (Alvanides et al., 2000). Flow data are a collection of spatial data whereby
the commodity (people, traffic, money for example) moves from an origin to a destination
and this movement is often of interest. Analysis of flow data commonly focuses on migration
and commuting whereby origin and destination are key components and the distance,
direction and reason for travel are of importance. Gitlesen and Thorsen (2000) illustrate
through their examination of movements in western Norway, the value of flow data analysis.
Their studies show how commuting flows are influenced by the structure of road networks
and in particular the network discontinuities. Such analysis is valuable for decision-making in
the administrative distribution of funds and resources (Gitlesen and Thorsen, 2000).
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The two major sets of interaction data collected by the UK Census of Population are the
commuting flows and migration flows. The former being part of the Special Workplace
Statistics (SWS) and the latter being part of the Special Migration Statistics (SMS). For the
purposes of this research commuting data from SWS shall be investigated primarily.
However, research methods are applicable to a range of interaction data.
Flow data at their rawest level tends to be cumbersome and difficult to manage due to the
potential sheer volume of the datasets. Although the advancement of GIS technology has
increased significantly over the past two decades, little progress has been made in its ability
to cope with flow data (Alvanides et al., 2000). The paired coordinate nature characteristic
of flow data is difficult to display, manage and ultimately analyse in a coherent manner. The
frequent addition of a temporal attribute to flow compounds these issues further (Alvanides
et al., 2000).
There have been a few recent advances in the visualization of flow data. Rae (2011)
comments on the barriers of visualising such data as being innovative use barriers rather than
technological ones. Rae (2011) in his analysis of visualisation methods for flow data employs
the use of four main techniques – desire-line-type-flow maps, rasterised flow generalisations,
a population-weighted flow cartogram and a 3D-GIS model. Rae (2011) explains that from
the earliest recognised flow maps including Minard’s ‘march to Moscow’ flow map published
in 1869 which details Napoleon epic journey to Moscow in 1812 (see Figure 2.1) and
Ravenstein’s 1885 map of mobility in the UK (Figure 2.2) little overall advancement has been
made in the visualisation of flow data (Rae, 2011). Rae (2011), as shown in Table 2.1,
illustrates the key figures, techniques and motivation for the key stage advances in the
visualisation of spatial interaction data over the last century. However, in recent years,
through the advances in GIS and spatial analysis, the ability to display flow data in a more
efficient way has advanced (Guo, 2005; Wood et al., 2010; Rae, 2011). Albeit the visualisation
of flow data based on both origins and destinations has made limited progress. Rae’s
investigation of differing methods of geovisualization aims to “derive simplicity from
complexity rather than to produce wisdom from the data” (Rae, 2011, p.778). In Rae’s (2011)
research the line type flow maps of interaction in the UK as shown in Figure 2.3 give the
reader a definite insight into the importance and pattern of clusters of residential mobility
when displayed using only above 200 threshold flows (>= 200). The rasterised flow technique,
as also illustrated by Rae (2011) in Figure 2.3 effectively displays a ‘commuting intensity’. The
advantages of the technique lie in the identification of patterns using all the data. The
technique further emphasizes the significance of regional urban cores in labour markets and
the functional zones of movement around city boundaries. Rae (2011) advocates that the
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function of effective geovisualization of flow data is to provide an intelligible means of
drawing patterns from complexity.

Figure 2.1 March to Moscow (Friendly 1999) Figure 2.2 Ravenstein’s 1885 Currents of
Migration (Tobler 1995)
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Table 2.1 Key Developments in the Visualisation of Flows (Rae 2011, p779.)
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Figure 2.3 District Level Commuting in 2001: vector and raster representation
(Rae 2011, p10)

Guo et al. (2005) contribute further to the geovisualization of spatial data through the
inclusion of multivariate analysis. The necessity for such an inclusion is the next logical step
in the timeline of spatial visual representation given that spatial datasets are associated with,
and interrelated to, numerous variables or dimensions. Guo et al. (2005) describe this
association as the ‘high dimensionality of a dataset’ which can result in the difficulty of full
analysis of the data. Guo et al. (2005) note four observations when dealing with multivariate
datasets. Firstly, there is a need to discover patterns in interrelated variables. Secondly,
variables and particularly patterns amongst variables may take on any number of different
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behaviours, for example, linear, non-linear, spatial, or non-spatial. Thirdly, the determination
and evaluation of patterns and results may prove difficult and require the knowledge of an
expert user. And fourthly, the use and analysis of such voluminous datasets is not practically
possible without efficient computational means and resources.

Given the complexities of displaying flow data, Alvanides et al. (2000) raise the question of
how to spatially aggregate flow data. Any aggregation of interaction data will introduce
inevitably the concepts of intra-flows (flows within the same zone) and interflows (flows to
and from other zones). Zone design for flow data is essential. Without zone definition all data
essentially are grouped under one zone (extent of the data collection) and therefore all flows
are intra-zonal (Alvanides et al., 2000). As mentioned with respect to the aggregation of
spatial data, scale is an important factor in the balance of representation. If the scale of unit
aggregation is too coarse then a large proportion of the flows may be intra-zonal. If, on the
other hand, the spatial resolution is high then potentially the number of zones could equal
the count of input. Alvanides et al. (2000) refers to the case of the number of households in
the UK. Such analysis is deemed inexecutable due to the huge matrix of possible origindestination combinations. This therefore means that the compositions of flows are
influenced heavily by the chosen zoning system (Alvanides et al., 2000). Alvanides et al.
(2000) refer to four key objectives when defining a zoning system for interaction data. These
relate to data compression and manageability, efficient structures for display and analysis,
economical spatial delineation, and simplification of the modelling process. Given the wideranging use and analysis of flow data, Alvanides et al. (2000) advocate an individual’s ability
to create their geographical zoning system to suit the needs of their study. This is further
emphasized by Masser and Brown who urge the need for the development of zoning
definitions which minimise a waste of detail (Alvanides et al., 2000). Therefore, the desire for
clear, efficient systems to be developed is evident.
Burden and Steel (2016) in their investigation of the effect of zone and scale on modelling
health survey data, confirm that the scale of analysis has a fundamental impact on the
soundness of modelled parameter estimates, indicating that smaller scales with a larger
number of zones improve estimates and statistically significant results. This evidence on the
impact of zone size is fundamental in the consideration of the existing functional regions (as
detailed in section 2.3) and in the creation of new regions for this empirical research (as
detailed in section 3.9).
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2.3 Functional Regions
Many researchers, across a number of decades, recognise the benefit of functional regions
defined by business or economic activities rather than administrative or historic boundaries
for specific analytical purposes (Feldman et al., 2005; Konjar et al., 2010; Martinez-Bernabeu
et al., 2012; Landre and Hakansson 2013; Brown and Holmes 1971; Coombes 2015). Konjar
et al., (2010) describe a functional region as containing a “high frequency of intra-regional
interactions” (Konjar et al, 2010). Functional regions encompass several different definitions
with alternative objectives for each such as Travel to Work Areas (TTWA’s), Local Labour
Market Area’s (LLMA’s) and Traffic Analysis Zones (TAZ’s).
Transport models are based on the construction of demand matrices built upon traffic
analysis zones (TAZs) where the number of trips from, to and through the zones are
estimated using a regression modelled procedure based on a complex mix of input count,
flow and demographic data (Liodl et al.,2016). Transport models employ Traffic Analysis
Zones (TAZ’s) as zonal aggregations to represent areas that generate and attract trips, termed
travel demand analysis, and which contain a generalised transportation network (Miller,
1999). TAZ’s are used for ease of analysis with complex computations and are often
constructed from census administrative boundaries. Consideration of zoning and scale,
spatial heterogeneity and spatial dependencies are important for traffic analysis zones but
are often overlooked (Liodl et al., 2016). Miller (1999) affirms that the spatial aggregation of
TAZ’s can substantially affect the results produced from travel demand analysis and
recognises that the scale of the TAZ’s influence the volume of inter-zonal flows. Miller (1999)
recommends the requirement for more research into the use of spatial analysis for optimal
transport zoning and the optimization of zonal distances. If raw data is available, then zones
can be defined optimally. Although the availability of raw data for a transport model is rare.
Therefore, the aggregated nature of input geospatial data such as census journey to work
flow counts has inherent issues with MAUP relating to zone and scale which are not fully
considered (Liodl et al., 2016).
Travel to Work Areas (TTWA’s) are a designated functional set of regions which are of
particular interest to the discussion of regionalization for commuter flows. The Centre for
Urban and Regional Development Studies (CURDS) at Newcastle University has been
instrumental in the development and subsequent modification of TTWA’s since the 1980’s
when commissioned by the Office for National Statistics (ONS) to create a set of functional
regions which appropriately define labour market areas for policy development and
implementation (Coombes, 2015). TTWA’s have been developed as a proxy for self contained
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labour markets reflecting a high percentage of where population both live and work. The
defining criteria for a UK TTWA is a threshold 75% of the area's resident employed persons
in the area and at least 75% of the people who work and also live in the area. The area must
also have at least 3,500 employed persons. For areas with an employed population over
25,000 persons, the self-containment rates can drop to 66.7% (Coombes, 2015).
The 1981 and 1991 TTWA’s for the UK were produced from the the aggregation of ward
commuter flows, whereas for the 2001 and 2011 census, lower layer super output areas (in
England and Wales), data zones (Scotland), and super output areas (Northern Ireland) were
employed for the creation of TTWA’s. Since 1981 there has been a systematic reduction in
the number of TTWA’s across the UK due to census observed increases in commuter
distances. From 1991 to 2011 TTWA’s across the UK have reduced from 308 to 228. There
are currently 10 TTWA’s designated for Northern Ireland as shown in Figure 2.4 reduced from
11 in 2001 (Coombes, 2015). From Figure 2.4 it is apparent that Belfast is the largest TTWA
zone with an area of almost 2500 square kilometres. Dungannon in Mid Ulster is the smallest
TTWA with slightly under 780 square kilometres. The Belfast TTWA is larger given the high
density of employment opportunities (based on Figure 4.15) and transportation network
(based on Figure 4.5) in the area thus resulting in a larger commuter catchment.

Figure 2.4 Travel to Work Areas (TTWAs) in Northern Ireland 2011
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Decades of research on TTWA’s for the UK by Coombes (2015) and the ONS has defined policy
development and implementation, has allowed for comparability across Europe in labour
markets, and has served as a template for other European countries to delineate local labour
market areas. The concept of local labour market areas has been adopted in France (as zones
d’emploi), in Italy (as sistemi locali del lavoro), in Sweden, Spain, Germany and Slovakia
amongst others (Martinez-Bernabeu et al, 2019; Landre, 2012; Konjar et al., 2010). Threshold
constraints differ amongst these functional regions, for example 15,000 job constraint within
commuting regions in Slovenia (Konjar et al 2010); or 50,000 employed population as a
threshold in Germany for travel to work areas (Landre, 2012).
Largely, based on the outlined usage of TTWA’s algorithms and zonations across Europe, such
functional regions are considered appropriate for the analysis and evaluation of commuter
movements, however there are a small number of reservations regarding the application of
travel to work area algorithms for the analysis of local unemployment and labour market
statistics. In 1960, in early conceptions of such functional regions, Goodman warned that the
“danger of seeking external perfection (of labour market areas) at the expense of losing the
essentially local character of the market must be guarded against” (Goodman, 1960 in
Webster, 1997). Such a warning was largely neglected in the pursuit for a robust geography
for labour market definition. Webster (1997) echoes this negativity toward the application of
overly large travel to work areas for describing unemployment, local labour markets and for
decision making on policy application. Webster (1997) argues that the fundamental building
blocks of TTWA’s – self containment and internal cohesiveness - are mutually conflicting and
overreliant on the self containment criterion. He points to Coombes et al.’s (1997)
recognition of the consideration that “(the TTWA analysis) averages away a huge variety of
commuting behaviour by different groups within the labour market” (Coombes et al., 1997,
p.11). Hence local patterns of movement and employment are lost in the achievement of self
containment (Landre 2012; Webster 1997). Webster (1997) proposes the concept of priority
areas instead of TTWA’s.
From the 2011 census journey to work data it is observed, as shown in Figure 4.25, that 69%
of those employed in Northern Ireland travel less than 10km to work, and the vast majority
(85%) travel less than 20km to work. These figures are echoed by the travel distances for the
whole of the UK in 2011 (Coombes, 2015). Given the observation that most commuting is
very local (Webster, 1997; Coombes, 2015) the size of TTWA’s, particularly for Northern
Ireland as shown in Figure 2.4, conceivably mask local variation.
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The aim of this research, with respect to functional regions, is a focus on the creation of
functional regions for 2001 and 2011 which operate at a scale in between the level of wards
and super output areas and TTWA’s. Functional regions at such an intermediate scale would
feasibly allow for the preservation of larger local patterns of commuter movement whilst still
benefitting from the aggregation effect of smoothing inconsistencies of size and
heterogeneity at ward / super output area level.

2.4 Regionalization

The process of regionalization has commonly in the past been referred to by different terms
by different authors. Such terms include districting, redistricting, zonation, zone design
systems, functional regions, functional regionalization and spatial clustering (Duque et al.,
2011; Alvanides et al., 2000; Konjar et al., 2010; Koo 2010; Srinivas et al., 2011).
Regionalization is the clustering or grouping of spatial units into spatially contiguous regions
whilst maximising a particular objective function (Guo, 2009). Regionalization is of particular
use to this research as it allows for generalisations to be made from voluminous datasets and
also importantly it can assist in diminishing the effect of irregular zones (Guo, 2009).
Regionalization is a crucial step in the creation of flow consistent zones. Congdon and Lloyd
(2012) state that zones of consistent live-work ratios would enhance the analysis of flow
patterns.
Congdon and Lloyd (2012) point to the benefits of zoned data in analysing commuter flows
with particular reference to attractivity, dependence and repulsion. They point to the
advantages of the use of purpose built zones as a basis for analysis rather than the coarser
travel to work zones (11 in Northern Ireland) or the finer level ward administrative
boundaries. A zonation system which is not hindered by a large volume of zero flows (as is
the case with wards) or is masking local variation through coarse aggregation (as is the case
with the travel to work areas) is a better basis for modelling commuter flows and for
evaluating the causal influences on commuting levels (Congdon and Lloyd 2012). These
causal influences are explained further by Congdon and Lloyd (2012) as the potential effects
on commuting, after controlling for area populations. Possible effects stated are
occupational structure, religious composition, employment composition or density of road
links. They point to the importance of urban – rural differentials (Congdon and Lloyd, 2012).
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The distance that commuters are required or willing to travel and the volume and complexity
of travel has increased over recent years. Definition of regions for different application areas
is required. Many researchers across many countries have investigated the notion of region
building for policy making, transportation, employment and housing policies, retail
conurbations, consumer patterns, international trade, and service and health accessibility
(Congdon and Lloyd, 2012; Cockings and Martin, 2005; Sterland, 2012; Cheng and Wall, 1999;
Landre, 2012; Duque et al 2011b; Duque, Anselin and Rey 2010; Openshaw and Rao, 1995;
amongst others). Regionalization methods are varying and widespread and as a consequence
a wide variety of spatial algorithms are employed by various researchers to attempt to zone
interaction data. Different methods comprise a variety of different constraints and objective
functions. Algorithms are based on techniques such as intramax, maximise, minimise, factor
analysis, markov chains, graphic theoretic and grouping algorithms (Alvanides et al., 2000).
This variety has led to an availability of choice of methods for users faced with a
regionalization problem. Such algorithms have had varying degrees of success but are prone
to limitations. Often choice is very application specific and a variety of user constraints and
objective functions makes both testing and comparison difficult (Martinez et al., 2009).
Regionalization is often characterised and made difficult by algorithms with a requirement
to specify the number of regions a priori (Folch and Spielman, 2014). Zhu and Guo (2014)
categorise existing regionalization or clustering methods into three main types, partitioning,
hierarchical and density based clustering. The two types of particular focus for this research
are hierarchical and partitioning algorithms or a combination of both. The remainder of this
section will deal with some of the broader algorithm issues and will focus on specific
applications of zone design.

2.4.1 Hierarchical Clustering: Automated Zone Procedure (AZP)

In 1977, Openshaw proposed the concept of regionalization based on a clustering
formulation and hence he pioneered the first version of the Automated Zoning Procedure
(AZP). Alvanides et al (2000) (from Openshaw and Rao 1995) outline the sequence of steps
contained in the AZP algorithm. From Openshaw and Rao (1995) the steps are as follows:

1. Assume a set of N areas and a connectivity matrix ∆ of dimension NxN
2. Generate a random zoning system of M regions, subject to the contiguity constraint
3. Compute the value of an objective function for the initial zoning system
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4. Randomly select a region and make a list of its edge areas
5. Randomly select an edge area from this region’s list
6. Check if the selected area can be moved to another region by preserving the
contiguity
7. Recalculate the value of the objective function for the new zoning system
8. Accept the move if there is an improvement in the objective function
9. Update the list of edge areas and return to step 5 until all areas are processed
10. Repeat steps 4-9 until there is no improvement in the objective function

(Alvanides et al, 2000, p121-122)

AZP is principled on the iterative rezoning of polygon units in order to achieve a particular
objective function. With the AZP the objective function is to minimise intra-zonal flows
(Openshaw, 1981). AZP aimed to create regions from a random initial starting point of
building blocks and improved the solution according to an objective function (Martin, 2000).
Openshaw (1981) refers to the adoption of regionalization procedures whereby the zoning
system is contiguity constrained. Through use of the procedure it was identified that both
inter and intra flows are continually changing during the iteration process. The AZP, whilst it
struggled to cope with the changing interaction of flows efficiently demonstrated the effects
of the modifiable areal unit (Alvanides et al., 2000). This clustering algorithm has been widely
adopted by government statistics agencies and by other countries seeking a robust
framework for zoning and has been updated, improved and developed for many decades
(see Table 2.2 Cockings, 2011). Later versions of AZP –as included in ZDES (Zone Design
System, based on the work of Openshaw and Rao, 1995 and Openshaw and Alvanides, 1998)
software overcome problems of entrapment in local sub-optima (Martin, 2000).

The upgrade to the AZP followed with the advent of a Zone Design System for interactions
(ZDeSi) created by Openshaw and Alvanides (1998) in the mid 1990’s. The addition of flow
matrix subroutines allow for an efficient management of the changing aggregations
(Alvanides et al, 2000). One of the first versions of ZDeSi integrated the possible use of
different objective functions. Intramax as detailed by Masser and Brown and Intramin as
proposed by Broadbent were included (Alvanides et al., 2000). Alvanides et al. (2000) provide
a detailed examination of the differing results achieved from the use of each objective
function. From their results, the intramax function, marred by local effects, produces a less
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reliable output than the maximum inter-flows function. The ZDeSi is not unique in providing
several algorithms for user selection. ClusterPy, a Python library for spatial clustering
allows the user to select one out of a possible ten clustering algorithms (Duque et al., 2011a).
This choice provides the user with a wide range of different specification techniques for
clustering depending on the necessary task.

Year

History

1977

Development of AZP by Openshaw

1995

Enhancement of AZP by Openshaw and Rao

1998 - 2003

Method developed by Martin and creation of AZM software

2001-2003

Use by ONS (AZM) to design 2001 census OA and SOA

2005

Application of AZM by Cockings and Martin to health studies

2006

Development of AZTool - Cockings, Martin, Harfoot

2008

Application of AZTool to census output NZ - Ang and Ralphs

2008-2010

Use of AZTool of OA maintenance by Cockings et al

2009-2011

Use of AZTool for creation of workplace zones

2010+

ONS use of AZTool for OA maintenance

Table 2.2 History of AZP (Cockings, 2011)

2.4.2 Partitioning Algorithms or combined Clustering and Partitioning
Algorithms

Guo (2008) presents a clustering algorithm which provides four methods – single-linkage,
average-linkage, complete-linkage and ward hierarchical clustering methods combined
within REDCAP (Regionalization with Dynamically Constrained Clustering and Partitioning)
software. All four methods undertake a two step approach of firstly contiguity constrained
hierarchical clustering and secondly top down tree partitioning (Guo and Wang, 2011; Guo,
2008; Guo, 2009). There exists a large amount of research based on the use of regionalization
to maximise an objective function, but little is known about the reliability of methods (Guo
and Wang, 2011). This lack of evaluation is also echoed by Spielman and Folch (2014). Guo
and Wang (2011) show comparison of results from REDCAP with other methods including
Max-p. Evaluation results show that REDCAP regionalization methods perform better than
other methods including Max-p (as commented on below) based on sample datasets.
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However, Folch and Spielman (2014) state that REDCAP requires a level / stage of cutting
defined by the user and therefore is a determining factor in the output number of regions.
Duque et al. (2010) present a spatially constrained clustering algorithm called Max-p
regions which draws on partitioning methods. It involves the aggregation of areas into an
unknown number of regions, whilst ensuring a minimum threshold value is met. It presents
a viable method for the construction of study or functional regions where generalization is
kept to a minimum and region shape is driven by the data rather than hard threshold
constraints. Max-p algorithm has been adopted and developed by the research of Spielman
and Folch (2015), Fragoso et al., (2014), Arribas-Bel and Schmidt (2011), Rey and SastréGutiérrez (2010), Oshan (2016) amongst others. Folch and Spielman (2014) advocate the use
of the Max-p clustering algorithm based on the non-requirement to specify a number of
regions a priori. They see the benefit of an algorithm which “maximises the total number of
regions in order to preserve as much geographic detail from the input data as possible” (Folch
and Spielman 2014, p.165).

2.4.3 Modularity Algorithms
Farmer and Fotheringham (2011), however, comment on the limitations of previous
clustering algorithms. The limitations relate specifically to the specification of threshold
values and parameters. They remark upon the necessity for the user to provide arbitrary
threshold values. Such subjective choices have a large impact on the resultant number and
size of regions created. According to Farmer and Fotheringham (2011) one of the main
criticisms for such ad hoc specifications is the difficulty in validating and justifying threshold
choices. Instead they propose the notion of modularity as also recommended by Guo (2009).
Modularity describes the derivation of regions based on the concept of similarity of patterns
or flows. Essentially intra-region interaction is maximised whilst inter-region flows are
minimised (Farmer and Fotheringham 2011, Guo 2009). Max-p algorithm is a combination
of a hieracrchical and partitioning algorithm demonstrated by the two stages in Figure 2.6
and Figure 2.7.

2.4.4 Regionalization and Python

PySAL, the Python Spatial Analysis Library, is a freely available open source Python based
programming library which is specifically useful for spatial analysis. It has been developed in
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recent years through the research work of Rey and Anselin (2007). It stems from research on
their previous GeoDa and STARS spatial data packages (Goodchild et al, 2000). PySAL is
designed to be platform independent and aims to enrich the underdeveloped spatial
analytical modules within Python programming (Rey and Anselin, 2007). Rey and Anselin
(2007) observe that much research in the overlap between Python and spatial data has
focused on data manipulation and presentation but has failed to embrace true spatial
analysis. The PySAL library does not aim to compete with a full specification Geographical
Information System but merely to enhance a small but increasingly important part of such a
system. PySAL is created to complement a wide range of programs and software. It can be
adapted into scripts, packages with user interfaces and as add on modules for commonly
used standard commercial GIS (Rey and Anselin, 2007).
As can be seen in Figure 2.5, the PySAL library has six main function areas. These are
computational geometry, weights, spatial econometrics, spatial dynamics, ESDA and
clustering. Each of the function areas are split into sub-functions (see Figure 2.5) (Rey and
Anselin, 2007). The function of particular relevance to this review is clustering which has
three component parts – ARISEL, AZP and max-p. These functions all fall under the category
of regionalization. Duque, Anselin and Rey (2010) investigate in detail the complexities of
constrained clustering using the Max-p region algorithm. They state that the Max-p region
clustering entails aggregating a number of areas into a maximum number of regions following
four constraints. Firstly, the areas in a region must be contiguous. Secondly, the total
summed region value for a particular attribute must be above a threshold level as a single
constraint (adaptation for further constraints are possible as demonstrated by Folch and
Spielman (2014) but Max-p is primarily employed with a single threshold constraint, as is
the case for this research). Thirdly, each area may be assigned to one region only. And
fourthly, each region must consist of at least one area. Duque et al (2010) assert that
fulfilment of the contiguity criteria is often the most demanding of the four constraints.
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Figure 2.5 PySAL components (Rey and Anselin 2007)
Two key phases have been identified in the interpretation of the Max-p region problem.
These are the construction phase and the local search phase (Duque et al., 2010). Figure 2.6
and Figure 2.7 show diagrammatically the process undertaken by these two phases. The
regionalization commences with the construction phase which chooses at random an area to
act as the start point for the evolution of a region. If the area fulfils a predefined threshold
criteria value then it in itself becomes a region. If not, iteratively, areas are added to the
developing region until the pre-defined threshold value has been reached. Each region is
constructed on a singular basis. Any areas which remain are termed “enclaves” and are
allocated to existing contiguous regions (Duque et al., 2010). A solution of a number of
regions each with a heterogeneity value is the outcome of the construction phase which
allows for the continuation of the process through to the local search phase. Essentially this
second phase seeks to optimise the solution and the heterogeneity value presented in the
first phase. All possible area moves are considered thus creating a “candidate list of moves”
(Duque et al., 2010). Each potential move is considered in turn. If the solution is improved
then the move is completed and values are recalculated. The iterative process stops upon
the cessation of improvement within a confined number of repetitions (Duque et al., 2010).
Duque et al. (2010) remark upon two important observations which the Max-p region
algorithm adopts. Firstly, different initial solutions may be obtained depending on the
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random selection of seeds. The process is strengthened through several repetitions of the
construction phase. Secondly, the local search phase need only be executed once the optimal
solution has been identified.

The Python code for the execution of the Max-p

regionalization algorithm can be found at: https://github.com/pysal/region

Figure 2.6 Construction Phase. (Duque et al 2007, p10)

Figure 2.7 Local Phase. (Duque et al 2007, p13)

The Max-p class within PySAL aims to “try to find the maximum number of regions for a
set of areas such that each region combines contiguous areas that satisfy a given threshold
constraint.” (Copyright 2014-, PySAL Developers; 2009-13 Sergio Rey). The strength of
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Max-p regionalization algorithm lies in creation of a maximum number of zones based on
a threshold constraint. The number of zones created by Max-p are not defined apriori and
thus generalization is mimimised. This is in contrast to many other clustering algorithms, such
as k-means clustering, AZP or REDCAP, which require the number of regions to be specified
at the discretion of the user (Folch and Spielman, 2014; Landre, 2012). Folch and Spielman
(2014) describe the approach as having “the advantage of being rooted in substantive
characterizations of regions instead of an a priori selection of the number of regions”. The
Max-p algorithm incorporates an array of observations on m attributes across n areas. This
is used to calculate intra-regional homogeneity. The floor value sets the minimum bound for
the variable which must be achieved in each created region. The floor variable presents the
array of observations on which to calculate the floor threshold value. This research is based
on the input of one threshold population constraint based on the number of commuters.
However, Folch and Spielman (2014) have successfully demonstrated the extension of the
Max-p algorithm to include multiple constraints for the creation of regions for spatially
varying statistical estimates. The second phase of the Max-p algorithm, as shown in Figure
2.7 is largely concerned with the optimisation of region similarity. By minimizing the global
sum of squared deviations (SSD) of commuter flow attributes on the areas within each region
internal homogeneity can be maximised. This improvement is facilitated using the array of
flow observations as a measure of similarity.
Given the benefit of the Max-p algorithm to maintain a maximum number of zones based
on a threshold constraint (number of commuters in this case) and the similarity of the flow
matrix, the decision to employ the Max-p algorithm as the clustering technique for the
creation of functional regions for modelling commuter flows is justified.

2.5 Spatial Interaction Modelling

Spatial Interaction Modelling is employed as a technique to evaluate the patterns between
volume of flows and the underlying socio-economic tendencies of the origin and destination
zones (Lloyd et al., 2011). Any studies on spatial interactions are founded on the concept of
distance decay and the evaluation of distance parameters (Eldridge and Jones, 1991).
Eldridge and Jones (1991) illustrate the case of a simple origin-specific spatial interaction (or
gravity) model. Such an interaction is formulated by:
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𝐼𝑗 = 𝑘𝑀𝑗 𝑎 𝑑𝑗𝑏

( 1)

Where:
Ij = interaction between one origin and destination j
M = attractiveness (pull) of destination j
dj = distance between origin and destination j

(Eldridge and Jones, 1991, p2)

The parameters of the model k, a, and b are calculated after the log transformation of
ordinary least squares as follows:

𝑙𝑛(𝐼𝑗 ) = 𝑙𝑛(𝑘) + 𝑎 𝑙𝑛(𝑀𝑗 ) + 𝑏 𝑙𝑛(𝑑𝑗 )

( 2)

(Eldridge and Jones, 1991, p2)

Eldridge and Jones (1991) state that parameter 𝑏 relates to the rate of decay of distance in
relation to interaction. Spatial movements are influenced by individual needs which include
the variety of choices and cognitive barriers such as the perception of distance (Halas et al.,
2014). Halas et al. (2014) note that spatial interactions with regard to journey to work flows
are influenced by the distance between origin and destination given Tobler’s (1970) first law
of geography which states that “everything is related to everything else but near things are
more related than distant things” (Tobler, 1970, pp.236) and also influenced by intervening
opportunities and the similarity of locations. In general terms the interaction intensity
decreases as the distance between origin and destination increases but also the intensity of
interactions increases with the importance of the location. The shape and quantification of
this decreasing intensity with distance is complex given the relevance of the importance of
the location (Halas et al., 2014). The term distance decay as defined by Wilson (1971) is used
to describe this inverse relationship. Local interactions are characterised by high negatives
values (Eldridge and Jones, 1991). Examination of the variation of the distance decay
parameter is of particular interest to researchers in this field (Eldridge and Jones, 1991).
A distance decay parameter is considered to be of significance as it is assumed to be a
measure of the perception of distance as a deterrent to travel. Highly negative distance decay
parameters indicate that distance is a significant barrier to travel whereas a slight negative
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decay parameter indicates a lesser deterrent to interaction based on distance and thus more
willingness to travel (Fotheringham, 1981). Fotheringham (1981), based on research in
spatial interaction parameters and other empirical evidence, considers that estimated
distance decay parameters are a function of spatial structure, that is the size and
configuration of zones employed for modelling. Fotheringham (1981) points to five main
reasons for the observation of spatial patterns within distance decay parameters. These
include observations that:
1. Less accessible origins have more negative distance decay parameter results than
more accessible origins with less negative (low negative) parameters.
2. There is evidence of large variations in parameter estimates despite the expectation
that interactions within a relatively uniform society should be fairly consistent.
3. Contrary to expected behaviour, positive distance decay values are occasionally
revealed.
4. A positive relationship between distance decay and mean trip length would be
expected but is rarely the case given the influence of accessibility.
5. Counter intuitive results are obviously observed which would indicate a relationship
between spatial structure and distance decay parameters.
A knowledge of these issues relating to the estimate of distance decay parameters is crucial
in both understanding the relevance of decay parameters and also a measure of their
reliability or robustness. If distance decay parameters display spatial patterns relating to
accessibility and large variation (as exemplified by Fotheringham (1981)) then decay
parameters cannot be considered robust and fit for purpose as a measure of the perception
of distance on the willingness to travel. Therefore, a zonal system (relating to both scale and
configuration) and / or modelling algorithm which provides evidence of less overall variation
with non-spatial patterns (more random) within distance decay parameters is of particular
importance to the aim of this research. Reliability of distance decay parameters and the
associated estimated willingness to travel is pivotal to the reliability of transport modelling
and associated transport infrastructure decision making. The aim of this research, given a
overview of the issues of zone design and modelled distance decay parameters, is to achive
a process which defines a higher degree of robustness and reliability in terms of less
patterned and less varied estimated parameters.
Spatial interaction modelling employs a regression technique to model variables against rates
of interactions. Many studies previously used global regression techniques to correlate such
variables however recent studies have recognised the use of local regression techniques for
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exploring place-specific differences (Shuttleworth and Lloyd, 2005). Shuttleworth and Lloyd
(2005) note that regression at a local scale is important for assessing the accessibility of
employment, for explaining patterns of unemployment and for local targeting of social need.
For local regression they recommend the use of moving window regression (MWR) or
geographically weighted regression (GWR). A change in bandwidth or window size produces
different results (Shuttleworth and Lloyd, 2005). Many researchers in this field favour the use
of a Poisson regression model over the use of a normally distributed regression due to the
discrete nature of the dependent variable (flow counts) (Flowerdew and Lovett, 1989; Lloyd
et al, 2011; Congdon and Lloyd, 2012). Advantages of poisson regression over other
regression techniques have been demonstrated by Flowerdew and Aitkin (1982). Flowerdew
and Lovett 1989) note that statistical outputs from a poisson regression model are clear and
are easily modifiable to include additional parameters. A Poisson model will provide
coefficients for the explanatory variables and a predicted value for each record in the dataset
(Flowerdew and Lovett, 1989).
The difference between spatial interaction models lies in the inclusion of various contributing
variables and parameters. Examples of variables which are considered as influencing factors
on application specific spatial interaction models include job classification, age and gender,
accessibility and intervening opportunities (Gitlesen et al., 2004). Gitlesen et al. (2004) refer
to the limitations and negligence involved in spatial interaction models as misspecifications.
Misspecification is a term used to describe the disregard of possibly significant variables and
the ineffectual handling of the issue of scale and unit definition. The disregard of important
variables can have a profound impact on the distance deterrence modelling parameter. This
parameter is hugely influenced not only by the fundamental factors of scale and unit
definition (spatial structure) but also by job opportunities and accessibility. In the analysis of
commuting flow data, a misspecification of the model would assume that different categories
of jobs are spread over a particular area. In reality this could apply to some job categories,
but other categories tend to be clustered in certain zones of activity (Gitlesen et al., 2004).

2.6 Applications of Spatial Interaction Models
Fotheringham (1983) has proposed the use of a competing destinations model. Lloyd et al.
(2011), in their examination of commuting flows in Northern Ireland recognise the suitability
of a competing destinations model based on their observation that the more accessible a
region or origin is then the greater the tendency for less negative distance decay parameters.
Lloyd et al. (2011), through example, highlight the tendencies of commuting flows based
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upon the choice of model, zone structure and objective function. They also importantly
consider the effect of contributing influences on commuting. Each of these factors will be
examined in turn.
Commuting data in Northern Ireland are available for the 582 electoral wards. There are
consequently 338,724 possible interactions between available origins and destinations.
Compliance with data disclosure and privacy issues results in the conversion of all
interactions with a value of less than three to be rounded up to three or down to zero. Lloyd
et al. (2008) summarise the effect of small cell adjustment by stating that 87% of the
commuting flows in Northern Ireland have a value of zero and 6.4% have a value of three.
The maximum flow value is 1727. Thus meaning the range of flows is large and therefore
difficult to manage. Lloyd et al. (2008) used an origin-specific model and poisson regression
to model flows from each origin ward to each destination ward. The value of the flow for
each interaction is the dependent variable whilst ward distances and various other variables
are the independent variables. Results from this study show that, as expected, distance
coefficients are negative. The magnitude of flows falls with an increase in distance. The study,
however, reveals results which are contrary to the expected when examining large rural
wards where distance decay values are large. Lloyd et al. (2008) suggest that this tendency
would indicate that commuters in the rural west of Northern Ireland are put off from
travelling further afield whereas commuters from urban wards are more willing. This does
not reflect the subtleties of the true situation. The conflicting results demonstrate the
susceptibility of flow data analysis to the effects of aggregation and zone structure. When
considering rural wards many people live and work in the same ward (Lloyd et al., 2008).
Given the fact that wards are non-consistent in size, internal zone distances vary greatly and
thus present a challenge in the analysis of flow data. Fotheringham (1981) further
emphasises this issue by stating that distance decay parameters are as much a function of
spatial structure as they are of a collection of behaviours in movements. Tiefelsdorf (2003),
equally, recognises the “edge effects” which are problematic for modelling within closed
spatial systems. In a linked thought process Tiefelsdorf (2003) also refers to differences with
interior regions and peripheral regions and remarks upon the marked differences in distance
decay when assessing both centrality and peripherality. Such edge effects are akin to the
distance decay parameter effects discovered by Lloyd et al. (2008) in their analysis of distance
decay in relation to interactions in Northern Ireland.

In the case of commuting in Northern Ireland the use of a competing destinations model has
not been successful in remedying the trend of large counter-intuitive distance decay values
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in the rural west (Lloyd et al., 2011). The primary factors involved in such results include ward
size and, consequently, the high percentage of intra-zonal flows. Wards are not a useful
comparable geography for commuting given that the interior distances (and thus a
commuter’s distance) in a rural ward is constantly greater than that of an urban ward (Lloyd
et al., 2011). Thus, a clear objective from this research is the need for a zoning function which
creates consistent intra-zonal flows. The desirability of this objective has been proposed by
various leading researchers in this field including Thorsen and Gitlesen (1998), Horner and
O’Kelly (2005) and Lloyd et al. (2011).

Following this study Congdon and Lloyd (2012) experimented with the reconfiguration of
wards into more consistently sized zones with a greater balance of flows. 139 zones were
created from the 582 wards. The objective being to establish zones of standard size by
combining wards with contiguous zones with the largest shared border. The process was
reiterative to optimise the objective function (Congdon and Lloyd, 2012). Congdon and Lloyd
(2012) compare this aggregation of 139 zones with the administrative 11 Travel to Work
Areas for Northern Ireland (10 Travel to Work Areas from 2011). The finer aggregation of the
former would, to an extent, overcome the generalisation of commuting trends associated
with the resolution of the latter (Congdon and Lloyd, 2012). The model is designed to include
intra and inter flows between zones and also importantly to include contributing factors,
termed as causal influences by Congdon and Lloyd (2012). They state that due to the high
use of cars as the main mode of commuting transport road networks are of particular
importance. Along with employment structures and locations, road networks are primary
contributory factors in inter-ward and intra-ward flows. Outward flows from a zone are
influenced by factors such as religious distributions and occupation compositions (Congdon
and Lloyd, 2012). Horner and Murray (2002) investigated the pattern of excess commuting
in Bois, Idaho. The research focused on the aggregation of 286 zones using a Theissen
methodology. As expected, results from this investigation show that as the number of zones
decrease and thus the size of zone increases the local variability of commuting is masked.
There is a lesser chance of travel outside of the zone as its size increases. The zones are too
large to produce reliable results (Horner and Murray, 2002). Therefore, Horner and Murray
(2002) advocate the use of zonal flow data at as fine of resolution as achievable. Two key
objectives of the creation of a suitable geography for analysing interaction data are firstly a
zone design system for efficient data handling and analysis and secondly for reaggregation
of once aggregated interaction data (Alvanides et al., 2000).
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Similar to Congdon and Lloyd (2012), Cockings and Martin (2005) found in their investigation
of zones for environment and health regression analysis, the inappropriateness of census
wards and enumeration districts for such analysis. They refer to (and align with) other studies
which found a distinct urban – rural spatial pattern in health indicator correlations,
considered to be an artefact of MAUP. Taking the empirical example of environmental factors
on long term illness for the county of Avon in 1991, Cockings and Martin (2005) illustrate the
effect of MAUP and differing zone design on modelling health indicators for Avon. They
investigate the impact of zone constraints to achieve compactness and uniformity in size of
zone. As expected based on previous research, both census enumeration district zones and
ward modelled results present rural – urban area differentials with high concentrations of
deprivation - illness correlation in inner suburban areas (Cockings and Martin 2005).
Cockings and Martin (2005) present findings that increased correlations are observed for all
zones designed purely on zone compactness and population size criteria in comparison to
census administrative geographies of enumeration districts or wards. Such outlier census
geographies are described as being less than optimal for the analysis of health and
environment under investigation (Cockings and Martin 2005). They observe increasing
correlations between deprivation and morbidity as zone size increases which is considered
to be a smoothing effect, an observation which concurs with previous research by Openshaw
(1984). Cockings and Martin (2005) emphasize the importance of understanding the effect
of MAUP on different zones and its influence on exploratory analysis. They echo the findings
of Openshaw (1984) in stating that any zone design system remains dependent on the basic
spatial units used for aggregation. Despite all their results indicating more optimal solutions
using zone design than census geographies, Cockings and Martin (2005) assert that wards
may provide more suitable building blocks for zones than enumeration districts given their
basis on homogeneity of population size. They evaluate that specific purpose designed zoning
systems may provide a more suited basis for regression analysis than existing census zones.
With a different perspective on MAUP, Manley et al. (2006) consider the phenomenon to be
a useful resource to distinguish processes which operate at different scales which they
broadly group into ‘local’ and ‘regional’. They propose multi level modelling and
autocorrelation techniques which could identify processes which operate between
enumeration district and ward level, with the aim to provide advisory or knowledge on a
more appropriate level of zonation. This research by Manley et al. (2006) recommends the
use of the suite of Local Indicators of Spatial Association (LISA) tool to assess spatial
autocorrelation. They conclude that any census geography is a compromise on scale and
zonation which may not reflect all processes operating potentially at different scales for
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variables of interest. Aggregation of basic spatial units (wards or enumeration districts) into
regions may similarly be influenced by processes at different scales. More investigation of
variable spatial autocorrelation may aid the creation of regions from basic spatial units in
order to better model the phenomenom under investigation (Manley et al., 2006).

2.7 Local Regression

In the spatial interaction analysis of Austrian migration flows, Oshan (2016) identifies the
benefit of extending the regression techniques to the local scale through the use of
geographically weighted regression (GWR). Oshan and Fotheringham (2018) explain GWR as
“a technique that explores spatial nonstationarity in data-generating processes by allowing
regression coefficients to vary spatially”. It draws upon Tobler’s (1989) first law of geography
in recognising that features that are closer will be more correlated. Local regression through
GWR is made possible through an extension of a global ordinary least squares estimator. In
applying a local regression the error diagnostics are provided at local levels (Oshan and
Fotheringham 2018). Oshan and Fotheringham (2018) illustrate that the technique of GWR
has been of value to and applied to a wide variety of disciplines including crime pattern
analysis, the housing market, climate change and the environment, and biological
applications. The technique therefore has a wide applicability to disciplines beyond the scope
of commuting or migration. Despite the obvious advantage of the ability to analyse patterns
spatially at a local level, academics Oshan and Fotheringham (2018), and Wheeler and
Tiefelsdorf (2005) have identified one significant disadvantage of GWR in that, in the
application of the technique, effects of multicollinearity in the similarity of variables are
observed. Miller and Shaw (2001) utilise the example of income and car ownership to explain
the close correlated relationship between certain variables and how this translates into
multicollinearity. They state that the phenomenon produces unusable parameters and
difficulty in achieving solution. However, research conducted by Fotheringham and Oshan
(2016) and Paez, Farber and Wheeler (2011), indicate that GWR is sufficiently robust when
the sample size is appropriately high. Multicollinearity techniques to test global levels are
available.
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2.7.1 Issues of Local Regression

As indicated in the previous section, many authors have referred to the problematic similarity
of variables in regression as multicollinearity which can result in unusable outputs (Oshan
and Fotheringham, 2018; Paez, Farber and Wheeler, 2011; Miller and Shaw, 2001).
One further issue affecting the realm of spatial interaction modelling is that of sparse
matrices. Observed trip matrices are often large yet predominantly filled with zero values.
This is natural to observe high volumes of cells with zero values due to the natural or planned
concentration of residential housing and concentration of employment in certain zones
(Ortuzar and Willumsen, 2011). This observation and recognition is also problematic within
the field of transport planning and modelling (Hollander, 2016). Ortuzar and Willumsen
(2011) discuss techniques to mitigate against the affects of sparse matrices in assigning
matrix expansion techniques or enhancement through seeding.
A third related issue is that of external zones as raised by Ortuzar and Willumsen (2011). That
is, the management and handling of zones which fall exterior to the zones or region of
interest. For a region or county located adjacent to a land border then the impact of cross
border flows can be significant in terms of in flows from and outflows to exterior zones.
Ortuzar and Willumsen (2011) state that it often a common practice to exclude external flows
particularly within transport modelling applications.
A fourth issue is that of intra zonal flows. Intra zonal flows can be exasperated by zone size,
use or population density. Ortuzar and Willumsen (2011) indicate that centroid connectors
(either to the road network or to other connectors) are sometimes a poor indicator of travel
distances internally within zones. There are a number of techniques to deal with intra-zonal
flows however the most direct is to eliminate internal flows from the modelling process.

2.8 Broader Applicability of Spatial Interaction Modelling

This research is applicable firstly to the analysis of commuting patterns in context with
demographic and socio-economic patterns through spatial interaction modelling. The
methods for the suitability of functional regions are applicable to any aggregate analysis of
interaction data - commuting, migration, and travel and consumer patterns. The use of both
Python and new or improved regionalization methods are being actively applied to the study
of lifestyle data (Spielman and Folch, 2015), the clustering of territorial areas (Fragoso et al.,
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2014), urban spatial structures (Arribas-Bel and Schmidt, 2011), and spatial economics and
inequality (Rey and Sastré-Gutiérrez, 2010). Such research, as listed above, employs the use
of the Max-p algorithm (or an adapted form of it). Research based on the progression of
the AZP algorithm also continues with force. Examples include the application of AZP (or
adapted version) to census output geographies in the UK (Cockings et al., 2011), population
statistics (Cockings et al., 2013), the definition of housing market areas (Coombes and
Wymer, 2010) and the definition of local labour markets (Florez-Revuelta et al., 2008).

2.8.1 Applicability to Global Census and Survey Data and Analysis

This research also importantly ties in with the concept of handling big data and the analysis
of a rich and growing availability of movement data and socio-economic data. This is a field
of emerging research which is fuelled by a technological abundance of spatial data. Such
research on a large scale is illustrated through the funding of specific research centres. In the
UK, the Leeds Institute for Data Analytics comprising of the Consumer Data Research Centre
(along with other research centres) founded in 2014 began analysing big data on a large scale
in 2015 for social, economic and academic advancement. The Institute is led by the University
of Leeds in collaboration with University College London (and membership by Queen's
University Belfast, Oxford and Liverpool universities). More information is available from the
Institute website: https://www.lida.leeds.ac.uk A few of the institute’s most relevant current
innovative research projects include: “Incentivising more sustainable transport choices using
ICT services and smartphone”, a project which addresses emerging technology movement
data and its benefit to driving a change in modal transport choice (Grant-Muller, LIDA 2018);
and “real time simulation of daily travel patterns”, a project which seeks to utilise the power
of smartphone technology to monitor demographic linked movements with the aim of
creating an agent based model to simulate movements across a city. Such simulation could
help to inform transport services and streamline population movements (Sturley, LIDA 2017).
In the US, research by Spielman and Folch (2014) (along with others) focuses on the
regionalization of lifestyle data from the American Community Survey (ACS). In 2010 the ACS
replaced the decennial census as the main origin of population and demographic / economic
statistics for the United States (Spielman and Folch, 2014). The ACS releases yearly statistical
estimates based on 3 or 5 years of gathered data. Some estimates at local scale are largely
unusable with massive margins of error. Spielman and Folch (2014) note that such
imprecision in public and official geodemographic data has huge social ramifications. Their
research seeks to reduce the margin of error at smaller scales and increase the usability and
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confident in its use through a Max-p adapted regionalization algorithm. The algorithm is
specifically chosen to “sacrifice detail for attribute precision” (Spielman and Folch, 2014).

2.8.2 Applicability to Transport Planning and Modelling
Zone design and spatial interaction modelling is a key part of transport planning. In Martinez,
Viegas and Silva’s (2009) analysis of traffic analysis zones they recommend an algorithm
which minimises the loss of information when aggregating focus from an origin destination
level to a zonal representation. They also importantly state that within the field of transport
planning zone definition is often of minimal consideration with more emphasis being placed
on data collection, validation of parameters and the methodological construction of models.
Often zone definition is ignored and defaulted to census administrative boundary definitions
or an aggregated combination of. These authors advocate the use of custom-built zones
which, whilst recognising a trade off in terms of error, precision or percentages of intra-zonal
flows, would have the potential to provide a more evidence based approach to zonings for
transport planning (Martinez et al., 2009). Ortuzar and Willumsen (2011) point out 6 key
zoning criteria relevant to the field of transport planning:
•

The size of the zone must not be so large that all activities are assumed to take place
at the centroid

•

Compatibility of zones with administrative geographies

•

Homeogeneity of zones in terms of population demographics and / or landuse.

•

Compatibillity of zones with cordons and screenlines but boundaries not based on
main roads

•

A zone should reflect the “natural catchment area” of the transport networks

•

Homogenity of size isn’t a requirement. Denser and congested areas should be
reflected by smaller zones.

Of interest from this summary of the key criteria is the broader compatibility of zones with
administrative geographies yet also a reflection of the natural catchment area that they seek
to represent.
Miller and Shaw (2001) admit the importance of transport planning on everyday living when
they state “we have also come to the realization (too late in some cases) that transportation
decisions have enormous impacts on land, lives and life.” They state that the role of transport
planning is to guide and shape the growth and development of transportation and land use
systems for social, economic and / or environmental benefits. Traffic analysis zones (TAZs)
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are an important input geography and basis for transport planning. Some suggested
requirements for the creation of TAZ’s include spatial contiguity, spatial compactness and
compatibility with existing linear features (natural or built) and compatibility with census
administrative geographies (Miller and Shaw, 2001). The authors recognise the effect of
MAUP on zone design and transport analysis and propose that one solution to this is to
construct a base spatial structure through cluster analysis which is optimal for the task (Miller
and Shaw, 2001).
However, the evaluation benefit and power of transport planning lies within the realm of
prediction. Prediction of travel patterns and behaviours should a new road be constructed,
or a road closed due to works or a new housing development is built in a location and
vehicular traffic increases… the list of possible predictive requirements is endless. This
prediction relies on an estimation of travel demand based on four modelled stages – trip
generation, trip distribution, modal split and network assignment (see Figure 2.8 and Figure
2.9). Further to this four-stage modelled approach is the emerging trends of activity based
modelling or computational intelligence approaches such as neural networks. Associated
regionalization (cluster analysis) and spatial interaction modelling all stem and build on
geographical techniques designed to manage and evaluate flows and movements. Miller and
Shaw (2001) identify some of the difficulties which can arise when undertaking spatial
interaction modelling for transport planning. Difficulties include multicollinearity
(independent variables exhibiting correlation) and spatial heterogeneity (correlation across
space). If spatial heterogeneity is not accounted for then “parameter drift”, a consequence
of spatial auto correlation, can impact negatively on model application over space and time.
Miller and Shaw (2001) advocate the introduction of geographically weighted regression
(GWR) to conduct regression analysis at a local level and mitigate against the effects of spatial
heterogeneity.
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Figure 2.8 Four stage transport model. (Source: Hollander 2016, p50)

The trip distribution stage of a 4 stage transport model, as illustrated in Figure 2.8 and
exemplified by examples in Figure 2.9, is undertaken through a spatial interaction model or
random utility model (Miller and Shaw, 2001). The comparability of a spatial interaction
model with the focus of this research is more relevant and therefore of most interest of the
two types of models employed. Miller and Shaw (2001) state that “spatial interaction models
are aggregate and attempt to determine flows between origin and destinations as a function
of origin and destination attributes and travel costs between them.” (Miller and Shaw, 2001,
pg256). Misspecification errors are often observed in close locations without the
introduction of the concept and specification of competing destinations as proposed by
Fotheringham in 1983 (Miller and Shaw, 2001).
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Figure 2.9 Four stage transport model examples. (Source: Hollander 2016, p51)

Hollander (2016) proposes that the work of a transport modeller based on spatial interaction
modelling crosses over the realm of many different disciplines such as economics,
mathematics, geography, computer science, town planning, sociology, civil engineering,
market research… the list continues. However, Hollander (2016) admits that this
accountability and input of the different disciplines aren’t always facilitated effectively within
traditional transport modelling practices. Hollander (2016) welcomes a new approach and
challenge to the working practices and discipline of the modern transport planner.
In summary both the clustering element of regionalization and the modelling of origin
destination movements within four stage transport models have deep rooted sways and
influences on the core concepts of this research. Transport modelling has been in the past
and continues to be dependent on advances in the knowledge and technological handling of
clustering and spatial interaction. Similarly, research into zone design and spatial interaction
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modelling require appropriate drive and need. A greater requirement for transport planning
which accompanies larger populations, urbanisation and increased movements provides the
drive and impetus for research into these fields.
Loidl et al. (2016) argue that, despite advances in the discipline, geospatial principles of
transport systems must be considered in transport modelling. Collaborative working must be
facilitated and fostered between geographical information science and transport modelling
research to improve the overlapping communality (Loidl et al., 2016; Miller and Shaw, 2001).
GIScience and principles remain “niche’ within the discipline of transport planning and
modelling. Liodl et al. (2016) consider that geospatial data; zoning, scale and disaggregation;
and geovisualization are three important considerations for transport planning and
modelling. Spatial dependency and heterogeneity are linked terms which relate to the spatial
autocorrelation of flows and how flow magnitude and direction varies over space. Liodl et al.
(2016) point to many GIS based techniques, such as Geographically Weighted Regression
(GWR) which have been developed to account for such effects.
The increasing importance of geospatial data for transport models is recognised by Liodl et
al. (2016) who envisage the emergence of the smart city deluge of ‘big data’ as being
particularly relevant to transport modelling as they “sense the flows of people and goods in
space via operating systems, mobile phone network, Bluetooth or social media” (Liodl et al.
2016, p6). They however affirm that research is required in scale and aggregation level of
both data and modelling processes. Liodl et al. (2016) propose a fundamental and pertinent
research question, “What the explicit representation of spatial heterogeneity in transport
models has to offer for advancing our understanding of transport systems and human
mobility behaviour?” (Liodl et al., 2016, p11). The consideration, posed by this research
question, is fundamental to both the required collaboration between GIScience and
transport modelling and to the advancement of both disciplines.

2.8.3 Geovisualization and Transport Modelling

Traditionally geovisualization techniques have only been employed to a limited extent in the
final presentation of transport model outputs. The use of geovisualization has not yet been
extended to any degree to act as a decision-making tool in transport modelling processes.
Liodl et al. (2016, p.15) state that “the integration of tools to visually extract patterns,
dynamics and interdependencies for modelling processes is still in its infancy.” However, the
integration of geovisualization techniques is expected to grow in the future of transport
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modelling given it relevancy, potential impact, and the emergence of more complex and
dynamic datasets. Liodl et al. (2016) point to a number of programming languages such as
Java, Python, R and Javascript (D3) which have the power to extend data handling,
exploration and analysis beyond traditional GIS systems to advance the future of transport
modelling.
Future research in transport modelling should be guided by more informed and data driven
aggregations with increased capabilities for bigger and more complex data processing, data
exploration, and geovisualization. The collaboration of the disciplines of geographical data
science and transport planning in the future is key to development in both fields. (Liodl et al.,
2016).

2.9 Summary of Zone Design, Spatial Interaction Modelling and Relevant
Research
In summary, the spatial structure of a zone has a significant impact on a spatial interaction
model. The effect of the MAUP has been investigated and demonstrated by many authors
(Horner and Murray, 2002; Lloyd et al, 2011; Openshaw and Taylor, 1981; Alvanides et al,
2000; Gitlesen et al., 2004). The importance of the inclusion of important influencing factors
on commuting has been cited by many (Lloyd et al., 2008; Gitlesen et al., 2004). Whether
these factors remain an obstacle to the analysis of flow data remains to be seen in the future.
The suggestion has been made that the investigation of commuting would be enhanced
greatly through the use of individual-level data and the ability of users to have the potential
to create their own fit for purpose geographies (Horner and Murray, 2002; Alvanides et al.,
2000; and Lloyd et al., 2011).

It is clear from this review that fundamental research has been undertaken, by leading
researchers, in the field of zone deign and spatial interaction modelling. Such research has
progressed the understanding and evaluation of both aggregate data and interaction data.
Clearly, given recent research however progress is still being made to try to fill the gaps or
weakness which exists in the realm of clustering and interaction. This research aims to focus
on the continued search for a suitable geography for the analysis of population interactions
which is fundamental to the successful and development of related interaction modelling.
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2.10 Reproducibility and Open Geographical Data Science

Although closely related, the terms reproducibility and replicability are distinct in their
application and process. Reproducibility refers to the exact duplication of results (Ostermann
and Granell, 2017) and replicability refers to the consistent recreation of the original results
but with a degree of variation (Ostermann and Granell, 2017). A few of the core components
of a reproducible or replicable piece of research are the availability of the raw research data;
the availability of methodological and statistical code and documentation; and the openness
of the analytical procedure (Leek & Peng, 2015). Relevant to both terms and based on the
first component of data sharing and availability, four rationales can be outlined in the
motivation for the use and promotion of open data. These are firstly, the desire to reproduce
or to verify research; secondly, the increased call to make available data and results produced
from public funds; thirdly, to motivate new research questions from existing data; and lastly,
to advance the scientific body of knowledge and to drive research innovation (Borgman,
2012). These rationales are applicable to an open approach, encompassing, where possible,
access to data, methods, tools and analytics, which is an objective of this research and thus
demonstrated throughout.
Regarding the first rationale of reproduction, it is widely recognised that reproducibility is a
high standard to achieve which often has different levels of attainment (with replication
being one of those levels). The less precise level of replication may offer an easier and more
practical route to data verification (Bourgman, 2012). Bourgman (2012, p.1068) considers
the importance of reproducibility in stating its absence as ‘a flaw in science’, a notion also
referred to by Singleton et al. as the ‘dangers of non-reproducible science’ (2016, p.1508).
The second rationale of access to restricted or closed data sets and tools can often be the
most significant impediment to reproducibility. The drive to release data has been
augmented by the changing specification of research funding and journals to require greater
openness and access to research datasets as is, for example, the case since 2010 for the
National Science Foundation through the requirement for a data management plan; Science
journal’s requirement for access to open computer code and a data statement; and the
Economic and Social Research Council’s stipulation on the availability of data for re-use
(Borgman, 2012). Data adds value to publication and conversely publication adds value and
power to data (Borgman, 2012). The third rationale is the motivation and discovery of new
research questions. It ultimately lessens the importance of verification in the rationale for
open approaches and strengthens the promotion of data linkages. However, it is considered
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that the further a dataset is from its source then the greater the necessity for more detailed
documentation; the greater the potential for increased effort by the data reuser and greater
risk for misuse or fallacy (Borgman, 2012). This rationale links well to the final rationale in the
argument for open data and approach which is the advancement of scientific knowledge.
Reproducible research allows for researchers to build upon and extend each other’s work
(Piccolo et al., 2015) including collaborative developments which benefit a wider audience
(Garcia-Chapeton et al., 2018). However, given the lesser emphasis on verification and
greater goal for additional knowledge, replication, in this case, may be an appropriate level
of reproducilibity given the presumption that different data may be utilised to conduct an
independent study which is based on or built upon similar methods of analysis (Ostermann
and Granell, 2017).
In essence, reproducibility or at a slightly lesser degree replication of process goes hand in
hand with an open approach facilitated by greater access to data, code, tools and workflows
(Leek and Peng, 2017; Singleton et al., 2016; Ostermann and Granell, 2017).

Preferably

research should be reproducible (with provision of the full dataset and tools) as well as
replicable depending on access to these research components (Ostermann and Granell
2017).

Mechanisms and platforms have progressed to facilitate open access to the

components of reproducible research. The increasing liberation of publicly funded
government datasets has driven the rise in open data platforms as part of the objectives of
national spatial data infrastructures (Ostermann and Granell, 2017; Singleton et al., 2016).
Although data access issues, beyond method or process issues, given the enormous variety
of data sources, is still considered the greatest barrier to reproducibility. Use of a restricted
or closed research dataset may result in a partial fulfilment of reproduction or replication
(Ostermann and Granell 2017). Ostermann and Granell (2017), in their investigation of
reproducibility and replicability in recent research projects, perceived a general absence of
opportunities for code and analytical tool sharing. They advocate, amongst other experts,
the use of Github for sharing source code rather than pseudo code allowing for greater
fulfilment of a reproducible objective (Ostermann and Granell, 2017; Singleton et al., 2016).
An emphasis is increasingly placed on the complimentary and beneficial use of workflow
platforms such as Jupyter or IPython notebooks, Docker and Galaxy (Leek and Peng, 2015;
Singleton et al., 2016; Gonzalez-Beltran et al., 2015) which have the potential to be openly
executable. Access to analytical tools is important given the assertion that “only about 10%
of all our data has ‘eyes on’. We rely on analytical tools to see the rest of it” (Borgman 2012,
p.1073).
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Several authors set a vision for the progression of the publication framework to embrace less
‘text-centric’ outputs combined with post publication review which is driven by
reproducibility and the future credibility and advancement of scientific knowledge
(Ostermann and Granell, 2017; Singleton et al., 2016).

2.10.1 FOSS4G

Within the overarching realm of open Geographical Data Science, Singleton, Spielman and
Brunsdon (2016) advocate the shift in research publication to include prose, code and where
possible data as part of a workflow to enable replication of results and procedure. They
defend the argument for a model of open Geographical Information Science publishing which
promotes transparency and reproducibility. An open source revolution increasing access to
source code, tools and copyright since the 1990’s has undoubtedly advanced the research,
capability and knowledge in many disciplines along with enterprise organisations
(Steinmacher et al, 2017; Heron et al, 2013). Free and Open Source Software for Geospatial
(FOSS4G) is an acronym which is gaining momentum following and building on the open
source revolution. FOSS4G refers to the drive to promote and innovate open source
approaches in handling, maintaining and analysing spatial data. The scope of open GIS and
FOSS4G ranges massively from fully functional desktop based GIS software systems such as
QGIS, web based platforms such as MapServer or GeoServer, and through to the extension
of standalone extensions of high level statistical and programming languages such as Python
and R.
At the 2017 International Cartographic Conference in Washington DC, Eddie Pickle, in his
presentation on “How and Why Open Source Software has become Mainstream for GIS”
states that open source is of benefit in three ways; firstly it makes for better software which
has the ability to stimulate and accelerate innovation. Furthermore, it provides a sustainable
mechanism to build upon. Secondly, it provides both contributors and users with more
control on development, growth and intended use. Thirdly, it facilitates integration with GIS
and therefore widens the impact of geospatial science to a new industry of users,
researchers, organisations and global applications (Pickle 2017). Sui (2014) advises that for
the discipline of GIS, open source GIS delivers the possibility of four key benefits which are:
•

Technological advances to address the availability of spatial big data

•

Address opportunities to focus on global issues relating to the environment, urban
growth, climate change and weather.
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•

Innovate and develop the concept of citizen science.

•

Ability to embed in education for increased spatial awareness and integration

The development and emergence of high level programming language extensions within
Python and R are important for open Geographical Information Science and publishing given
the inherent benefit of the transparency and self documentation of workflow (Singleton et
al., 2016). Extensions to the R language allow for advanced spatial statistics (through for
example ‘spdep’ package) and geovisualization (through for example ‘maptools’ package)
(Singleton et al., 2016). Development of Python language packages focused on spatial data
handling and analysis (for example PySAL and GeoPandas) has additionally advanced the
power and functionality of open GIS. The authors of the Python Spatial Analysis Library
(PySAL) emphasis the benefits of open source geospatial for transparency and
interoperability. They state that “by making the implementation of spatial methods
transparent, open spatial tools are part of the larger movement toward open science” (Rey,
Anselin et al., 2015). Singleton, Spielman and Brundson (2016) propose that, based on
advances in R and Python, the “ability to specify and report data manipulation, statistical
and spatial analysis commands alongside outputted results creates more transparent and
reproducible science” largely due to the open nature of the code for scrutinising and
verification and also due to the open nature of any chain of dependency packages. They
argue that the inherent absence of a graphical user interface (GUI) in the use of Python or R
code for geospatial analysis benefits the concept of reproducibility (Singleton et al., 2016).
In a non-coded methodology, complex tasks and procedures carried out under the mask of a
GUI, has the means to limit transparency, documentation and ultimately reproducibility.

2.10.2 Open Source Transport Modelling

In section 2.8.2 the notion of a disruption to traditional transport modelling was raised by
Hollander (2016). He welcomes the introduction of an open approach to the discipline and
advocates the advancement of open source methods to advance the philosophy and
workings of a transport modeller. Such an approach would allow for better integration of the
approaches, methods, algorithms, testing, evaluation, of other associated disciplines within
a programmatic framework. A programmatic open approach would encourage transport
modellers to engage with coding, a skill which is considered to be lacking within the role. He
does however raise concerns over the breadth and availability of potential contributors into
open source transport modelling given the specialism of the area (Hollander 2016). Evidence,
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within github code repository, shows the emergence of a small yet developing contributory
expertise to this field in an open source environment. A few examples include the work of
the Open Transport Working Group 1 who provide information on open data, vocabulary and
a manifesto. They provide libraries and examples of how to openly handle, manage and
analyse transport data and MATSim, an open source framework for the implementation of
largescale agent

based transport

and pedestrian simulations (MATSim 2018)

www.matsim.org; the rise of travel demand specific Python packages as developed by Joshi
(2015) providing distribution functions (constrained modelling), choice functions for
different transport modes and matrix estimation to cover prediction; Bailey’s four stage
transport model in Python (Bailey, 2017) and finally AequilibraE a free QGIS add-on for
transportation modelling (Camargo, 2015). Such recent developer led contributions illustrate
the potential to overlap and expand upon the innovations within FOSS4G and Python. In
essence such advances is working in some way toward Hollander’s (2016) transport
modelling ideal of “external exposure” and “encourage a culture of challenge, diversity and
creative disruption” to drive innovation and advancement.

2.11 Literature Review Summary

In summary this review has presented an overview of the main concepts which are
fundamental to this research together with their benefits and any limitations or issues. These
concepts cover regionalization, spatial interaction modelling and an open geospatial
approach. The review is intertwined with explanatory information, subjective evaluation and
exemplary illustrations of the application of such concepts to the broader considerations of
commuting, demographics and transport planning and modelling. Appropriate functional
zones obtained through regionalization are shown to be a vital part of the effectiveness of
modelling demographic and spatial variables against movements. Understanding of
population movements are ever more vital to present and future policymakers. Spatial
datasets on movements are in evolution. From a firm basis of widespread coverage of travel
to work movements we, as a society, are in the dawn of the emergence of a proliferation of
a level of detail in movements which warrants even greater and more thoughtful design and
modelling of movements. Methods which have been developed over the last number of
decades stretching from the gravity modelling development work of Openshaw (1984) in the

1

https://transport.okfn.org/
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1980’s through to the handling and spatial analysis development of the PySAL contributor
team (PySAL Developers, 2014) within the last five years which are poised in a strong
foundation to cope with the deluge of spatial movement precision of the data of the near
future. Do methods need to adapt to cope with this precision? Most certainly, however
evidence presented as part of this review illustrate a good understanding of the limitations
and issues affecting the evaluation of interactions and areas of focus for future development.
This review is relevant to this research project in that it provides an overview of the core
concepts and techniques such as regionalization and spatial interaction modelling which are
required for addressing the research objectives. It also highlights known issues and
limitations which are of obvious redress to the research. The review sets the scope for the
relevance of this research within an emerging yet still lacking open source geographical data
science framework with a vision for managing and drawing value from the vast emergence
of future interaction data. With a particular focus on the field of transport planning and
modelling, the emphasis on greater collaboration between geographical data science and
transport modelling is clear. This emphasis incorporates advanced geovisualization , spatial
data analytics, spatial data handling, spatial interaction modelling and

movement

behaviour evaluation. This research seeks to address this lack of collaboration between
these fundamentally juxtapose disciplines and seeks to address the applicability of
geovisualization, intelligent aggregations for spatial interaction modelling , and spatial
analytics for transport modelling.
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3.1. Introduction
This methodology aims to deliver a clear and transparent set of processes and decisionmaking procedures for the assessment and delivery of the research objectives which are to
1) create more applicable functional areas for modelling interaction data, 2) analyse the
effect of zone size and structure on modelling interaction data with a focus on commuter
flows, 3) investigate demographic patterns of movement at a regional scale and also at a local
community scale, and 4) source, investigate, develop and make available open source
methods for the regionalization, spatial interaction modelling and geovisualization of
interaction data. The methodology delivers a clear and reproducible framework which
targets five key processes of regionalization, data preparation, spatial interaction modelling,
factor analysis and geovisualization (as shown in Figure 3.1). These five processes are
required for the objective of assessing existing geographies and creating new fit for purpose
geographies which are employed in the evaluation of the demographics of flows through the
spatial interaction modelling process.

Figure 3.1 Five Stage Analytical Methodology
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The five key stages are:
•

stage 1 as geovisualization which carries through all stages,

•

stage 2 as the regionalization and the creation of regions process

•

stage 3 is the region data preparation,

•

stage 4 is the spatial interaction modelling and

•

stage 5 is factor analysis.

More specifically the first stage process of geovisualization sets the scene for the base flow
and demographic patterns within Northern Ireland based on predominantly 2001 and 2011
census data. This stage relates to evidence presented in chapter 4 for the case study
background to Northern Ireland. However, the geovisualization stage features throughout
the research and is a core part of the presentation of results and the evaluation of patterns.
It therefore features as part of chapter 5 in the presentation of results and as part of chapter
6 in the demographic evaluation of flows.
The second stage of regionalization as delivered within the methodology as shown in Figure
3.1 relates to zone design and the creation of fit for purpose regions. The results of this stage
are presented in Chapter 5 and as the base geography is linked to the demographic results in
Chapter 6. This stage is required to provide a more suitable geography for the fourth and fifth
stages.
The third stage of data preparation focuses on the link between regionalization (stage 2) and
spatial interaction modelling (stage 4) in that it prepares all of the demographic population
variables for the created functional fit regions prepared at regionalization in stage 2. The
demographics of the new geographies are required to test and evaluate the spatial structure
of the regions (chapter 5) and also to evaluate on the demographic trends of the flows
(chapter 6).
Stage 4 focuses on spatial interaction modelling to determine the factors which affect the
propensity to travel at both regional and local levels. This stage depends on base geography
input from the regionalization of stage 2 and demographic data preparation at stage 3. Stage
4 results of spatial interaction modelling are presented in chapter 5 and predominantly in
chapter 6. Stage 5 focuses on in-depth analysis of the demographics of commuting through
the use of factor analysis. Results of stage 5 are presented in chapter 6. All of the stages of
the methodology flow to address the challenges presented by the research objectives and all
of the stages are set within an open source framework to fulfil the final objective of delivering
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an open and transparent method for regionalization, spatial interaction modelling and
geovisualization.
The overall methodological flow of this research is encompassed by the five stages illustrated
as flow charts in Figure 3.6, Figure 3.9 and Figure 3.10. These stages are largely standalone
and have therefore been kept separate, but they are necessary together for the overall
procedure of identifying fit for purpose regions which model effectively commuter flows with
reference to the case of Northern Ireland.

3.2. Open Source Geographical Science Framework

One of the objectives of this research, as listed in chapter section 1.4.1, is to source and
investigate open source tools implementing methods for the regionalization of interaction
data. This methodology presents an open, transparent and reproducible method for the
regionalization and modelling of interaction data. The open source framework for the
methodology allows for transparency in applying such methods to national applications and
other interaction data. The method illustrates processes in a largely open source framework
without the need for proprietary software. This open source framework therefore opens up
the potential use and exemplar of the method to a wider audience.
The methodology is importantly built upon the necessity and the desire to move beyond
possible restrictions of proprietary software and tools to embrace bigger datasets, faster
analysis, automated procedures, custom algorithms, reproducible methods and ultimately a
template for the customised modelling and enhanced understanding of interaction data.

3.3. Why Python over Proprietary GIS and Statistical Software?

This study began with the expectation that a large proportion of the data analysis could be
undertaken with Geographical Information Science (GIS) software, notably ArcGIS, given
lengthy experience of the software system and availability of an organisational agreement
for full access to the software for research. However, it quickly become evident that despite
major positive advances in the capability and functionality of GIS the closed nature of any
such systems would prove a barrier to running the regionalization element of the
methodological procedure.
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A major barrier to overcome lay within the structure of datasets. Flow matrices are invariably
large by nature. Given the need to process census-based geographies in their entirety,
matrices of 890 rows by 890 columns for super output area level and 582 rows by 582
columns for ward level data are commonly managed and processed as part of this research.
Standard GIS formats of shapefiles are widely employed to deal with point, linear and
polygon-based data and are therefore the obvious choice for dealing with spatial polygon
based census units. However, despite the progression of shapefile formats into a more open
access format (ESRI, 1998), limitations were still evident in the formatting of data structures
within a shapefile. More specifically, shapefiles, a native ArcGIS software file, are limited to
255 columns in structure. This immediately presents a barrier when attempting to deal with
matrices of breadth of 582 or 890. The natural progression in dealing with larger volumes of
data and a larger breadth of data fields or columns is to migrate to personal geodatabases or
file geodatabases. In theory geodatabases present a format for managing and processing
large volumes of data of matrix type efficiently. In practice, geodatabases, while extremely
useful in most circumstances, fail to be sufficiently open as a data type to be flexible enough
for the scope of this method. Unlike shapefiles, geodatabases are a closed file format and are
limited to use within ArcGIS software. In most use cases, the close alignment with ESRI ArcGIS
is natural, workable and beneficial. However, in the case of regionalization, which involves
sub selections of data, complex matrix aggregations and analysis, geodatabases after initial
testing prove a difficult format to manage due to the closed structure of the file formats.
To overcome this problem of managing and manipulating core datasets a new data structure
was sought together with a method which allowed for the flexibility to custom create as the
method dictated. After much investigation two open coding frameworks emerged, firstly that
of R and secondly the consideration of Python, both with the benefit of dataframes. In
assessment of different programming languages, a consideration was given to the overall use
and suitability of a programming language. For example, some languages are suited more
toward web design or app creation (Table 3.1) whilst others are more structured and
developed for data science and analytics.

Table 3.1 is based on the popularity of

programming languages in 2017. Popularity, however, is only one element in the choice of
programming language. Mitchell (2014) identifies a number of key considerations when
evaluating programming languages. These are shown in Figure 3.2. It is of worthy note that
although the considerations are not rated, popularity of programming language appears at
the bottom of list with the ability of the language listed above.
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Popularity
#

Name

Main Use

1

JavaScript

Powers much of the modern web

2

Python

Highly readable code

3

Java

Common for android apps

4

Ruby

User friendly to build web apps
Used by big web companies such as Yahoo and Facebook to power

5

PHP

their sites
Powers a wide variety from desktop web apps to server

6

C++

infrastructure

7

CSS

Widely used to design websites and browser based apps

8

C#

Developed by Microsoft and used by business software developers
Created by Google to build systems to power world's busiest

9

Go

search engine

10

C

One of the oldest languages still in common use

11

TypeScript

Created by Microsoft to run big applications

12

Shell

Nintendo

13

Swift

Better and easier way to build software eg Lyft

14

Scala

Better way to build large-scale software

15

Objective-C

Popular way to build iPhone apps.

Table 3.1 The Popularity of Programming Languages in 2017 (Weinberger, 2017)

Figure 3.2 Programming Language Evaluation. (Mitchell 2014)
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This study is concerned with the data science of interaction data. Therefore, many of the
capabilities and strengths of the languages listed in Figure 3.2 are not applicable or required
by this study at this stage. These strengths would include web design, app building and large
software development which are not required presently as a planned part of the current
research. Attention is therefore drawn toward the programming languages which lend
themselves to data science notably Python or R. Ozgur, Colliau et al., (2017) point to the
benefits of both Python and R for data science purposes. They provide a useful overview of
the comparative strengths and weaknesses of R, Python and MatLab. Matlab has been
discounted as a language which is applicable to this research due to its closed nature.
So why not just employ the capabilities of a commonly used proprietary statistical software
packages such as Excel, SPSS, or SAS? Firstly, whilst the statistical functionality within some
of these packages are advanced, they have often limited capabilities to deal with the spatial
nature of the data presented. Geographical weighted regression is an important aspect which
is raised within the literature review in section 2.4. Secondly, proprietary software packages
are closed in format. Thus, any customization or development is limited. Any methods and
algorithms may not be available to users outside of the software. Thirdly, and by no means
of least importance is the enhanced analytical power and dimensions of Python or R over
proprietary statistical software. Shepperd (2018) also compares many of the features and
uses of Python with R and MATLAB. He points out the quality of development and
functionality of R for statistical analysis and the commercial support available with MATLAB.
He points to the advantages of Python as a general programming language which can span
and integrate data handling, analysis and web outputs. Ozgur, Colliau et al. (2017) describe
the trade between the simplicity of use of proprietary software over the more complicated
use of a programming language for empowering advanced power.

Python and R programming languages lend themselves well to spatial data, data
manipulation, data handling and data analytics. Python is already embedded as the main
scripting and automation language within ArcGIS. On assessing the suitably of Python for the
objectives of this research several key advantages of Python as a programming language have
emerged which include:
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•

free and open source framework

•

simple object orientated basis

•

availability of Python packages to deal with spatial data

•

availability of Python packages to undertake spatial interaction modelling

•

capability to deal with large volume data

•

scalability

•

reproducibility

•

transparency

(Ozgur, Colliau et al. 2017)

Python contains all the package capabilities to deal with statistical analysis, geospatial
analysis, spatial interaction modelling, geographically weighted regression, regionalization
and geovisualization. It provides the power and capability to provide reproducibility,
transparency, customization and scalability in methods and outputs. Python is therefore the
dedicated programming language for the construction and running of the methodology with
supplementary R programming for demographic evaluation.
Python can be accessed directly as an open source download from the Python Software
Foundation, Python Language Reference, version 2.7. Available at http://www.python.org

3.3.1. Python Development Environment

There exists numerous development environments for Python namely but not exclusively:
•

IDLE – which is installed as part of Python 2 and 3 distributions

•

Spyder

•

PyScripter

•

PyStudio

•

Jupyter Notebook

Such integrated development environments (IDE’s) serve the purpose of easing usability of
coding with Python and also creating a seamless framework for coding. The development
environments integrate tools for debugging code. Frequently IDE’s are employed for
managing code, testing, running scripts and test code editing (Jayaraju and Prakash, 2015).
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Several the above IDE’s were tested and employed throughout the course of this research
notably IDLE, PyScripter and Jupyter Notebook. As experience in Python coding increased
the author’s expectation from the coding tools also increased and therefore to facilitate
better ease of coding and faster outputs the use and choice of IDE changed over time (see
Figure 3.3).

IDLE

PyScripter

Jupyter
Notebook
Figure 3.3 Change in the use of main coding Integrated Development Environment over the
course of the research.

IDLE (Integrated Development and Learning Environment for Python) was an obvious initial
choice for coding. It is installed as part of Python 2 and Python 3 versions and is therefore
available to employ straightaway without further installs. Whilst serving the purpose to write
code and produce outputs, IDLE was limited to a small number of embedded tools and lacked
the capacity to allow for immediate visualization of outputs. In progressing to PyScripter,
core functionality increased notably with the debugging capabilities. Whilst initially this
improved speed of coding and methodological script development, the method of producing
outputs then testing, viewing, joining and displaying them externally in another piece of
software such as Microsoft Excel or ArcGIS proved lengthy and time inefficient during the
construction and testing phase of the coding. To overcome inefficient and time-consuming
switching between software for evaluation of results a search emerged for a truly integrated
development environment.
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Jupyter notebook was presented as a viable solution by example during a presentation at the
Free and Open Source Software for Geospatial (FOSS4G) conference in North America in 2015
(Palomino, 2015). Jupyter notebook provides an interactive environment whereby a user
can write code, edit code, produce outputs in the form of tables, graphics, maps all inline
with the code (Figure 3.4). Comments can be inserted into the notebook for understanding
and explanation.
Adoption of Jupyter notebook as the code development environment negated the need to
switch between software packages during the code construction and testing stage. This
switch to Jupyter notebook proved fruitful in the speed of undertaking and analysing
parameter changes. A parameter value within one line of code could be changed and the
entire script run to produce the changed outputs with visuals. This process of running all the
methodological flow process within Jupyter notebook using Python without moving to
another software package until the end presentation stages was not without considerable
coding tasks to be undertaken. For example, in eliminating a join of two spreadsheets based
on a common field, which could be undertaken in Microsoft Excel, Access or ArcGIS including
other software packages manually, the steps to automate the manual process in Python
involve a series of lines and functions to read both datasets, merge based on the index or key
field and save the output saved dataset. This is a limited example of many such manual
procedures which were automated as part of the code construction.
In summary, through robust testing, Jupyter notebook proved to be the superior IDE for the
methodological code construction of this research.
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Figure 3.4 Jupyter Notebook Integrated Coding – Research Example

3.3.2. Python Installation on Windows
Of notable mention is the installation process for Python. The installation process of other
software packages as part of this research such as QGIS or ArcGIS is relatively straightforward
and therefore of little explanatory value. However, the installation of Python or more
specifically Python packages deemed necessary for this research together with dependent
packages proved more problematic. Problems arose from the difficulty of installing
standalone packages and the requirement to access windows binaries and to ensure the
installation of all dependencies. The process of finding the correct binaries and for
reconciliation with Python version 2 became an increasingly difficult process. The installation
of Anaconda ( a software distribution for installation and use of Python and R) with
integrated Python to manage the installation of Python packages resolved this issue and
facilitated firstly a relatively streamlined process for expanding the repertoire of packages
and thus processing capabilities and secondly an integrated access to the Jupyter notebook
interface running on the Anaconda Python version. Anaconda ensures that all
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dependencies are correctly versioned and installed. Shepperd (2018) describes Anaconda
as a “virtually complete scientific stack for Python” which provides the core Python
interpreter and a large amount of pre-installed packages for scientific data processing and
analytics. It therefore provides a well recommended and established basis for working in a
Python environment.

3.3.3. Core Python Packages
One of the major benefits of Python is its large variety of included packages (Koepke, 2011).
These include NumPy and SciPy (packages for scientific computing with Python) which
provide core functionality in matrix manipulation and statistical routines. Largely they are
extremely useful numerical packages which play a fundamental role in script development
and execution for this research.
Another Python integrated package of particular benefit is Matplotlib (Matplotlib is
a Python 2D plotting library). This package provides functionality for the creation of plots and
charts. Matplotlib library provides efficient and customisable means to create final
outputs or inline evaluative outputs (as can be seen in Figure 3.4 using the plt command from
Matplotlib).
Pandas is a fundamental library which is included as part of a Python installation. Pandas
is an open source library for Python which provides high functionality in data structures and
data analysis (McKinney, 2011). The Pandas library is fundamental to data management
and handling through the use of dataframes. The benefit of dataframes for handling the
matrix style datatypes associated with interaction data was first identified as applicable for
this research at the beginning of section 3.3.
Aside from the core Python packages, such as NumPy and SciPy, PySAL is the most
essential package for regionalization and spatial interaction modelling within Python given
that it has both spatial and analytical capabilities. PySAL is a relatively recent package in
terms of its origins and is in constant development. More detailed information on PySAL is
contained within the literature review (section 2.3.4). PySAL is composed of a number of
key sub-packages as shown in Figure 2.5 (PySAL developers, 2014- ). A number of these
sub-packages play a large contributory role in the development of this research
methodology.
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These contributory PySAL modules can be listed as:
•

PySAL.region

•

PySAL.spreg

•

PySAL.contrib

•

PySAL.core

•

PySAL.esda

One of the key components of PySAL is the clustering branch (as illustrated in Figure 2.5)
which is contained within the PySAL.region sub-package. This branch focuses on spatially
constrained clustering. This PySAL.region sub-package is comprised of two similar yet
subtlety different clustering methods, these are region.Max-p which is the Max-p
regionalization and region.randomregion which is a random region creation method.
In the case of this research the Max-p regionalization is the preferred and chosen method
for the creation of data driven regions. Figure 3.5 illustrates the most essential and utilised
components of PySAL for this research methodology.
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Figure 3.5 Essential and Utilised Components of the PySAL package for the research methodology
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3.3.3.1.

PySAL Max-p Regionalization

The choice of the use of Max-p over random regions as the clustering algorithm lies with its
maximisation benefit. The algorithm for Max-p creates a maximum number of regions given
a floor variable and a specific number of input units (PySAL developers, 2014- ). This
maximum is a beneficial factor in the creation of data driven regions without an excessive
amount of aggregation. The region.maxp coded class is described as a “try to find the
maximum number of regions for a set of areas such that each region combines contiguous
areas that satisfy a given threshold constraint” (PySAL developers, 2014-) and is structured
as below and explored further in section 3.9:

class pysal.region.maxp.Maxp(w, z, floor, floor_variable,
verbose=False, initial=100, seeds=[])
where:
•

w is the spatial weights object

•

Z is a matrix array n*m of similarity based on m attributes over n areas. This
parameter is used to assess intra-region homogeneity.

•

floor is an integer variable parameter representing the minimum
threshold for region creation.

•

floor_variable is a vector of observations n*1 for the floor for the
number of units.

•

initial is the number of initial solutions to create

•

verbose when true will print debugging information

•

seeds is a list of ids to form a starting point and priority in a solution.

In the case of the research:
•

w is the spatial weights object created from the shapefile of census
geographical units (ward or super output areas).

•

Z is the similarity matrix of commuter flows based on the number of
units

•

floor is set to a threshold of 5000, 10000 or 20000 commuters. In the
case of migration the threshold is set at 4000 or 20000.
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3.3.3.2.

PySAL SpInt Spatial Interaction Modelling

Oshan (2016) states that few packages exist for spatial interaction modelling and even less
that are open source. PySAL provides the open source Python functionality within the
spatial interaction module to undertake unconstrained, singly constrained or doubly
constrained spatial interaction modelling. Oshan (2016) provides a useful primer for the
application of the spatial interaction module (SpInt) in the Python Spatial Analysis Library
(PySAL). In it, Oshan (2016) provides an overview of the overall structure of the module
SpInt followed by the application and examples of its functionality. The SpInt module is a
relatively new addition to PySAL and was developed as a project during the 2016 Google
Summer of Code. The module is in active development. The 2018 Google Summer of Code
funded the design and development of a geovisualization package splot in PySAL providing
functionality for high level visualization of PySAL outputs in map, charts and diagrams
(Lumnitz, 2018). PySAL developers, particularly Folch and Rey (2010) have proposed the
addition and development of a segregation module within PySAL which would provide
functionality for spatial analysis of global and local residential segregation. The integration of
segregation analytical functions would aid this research to fully integrate and explore the
segregation issues which are prevalent within the case study area.
In his PySAL primer for spatial interaction, Oshan (2016) details the construction, workings
and evaluation of unconstrained, production constrained, attraction constrained and doubly
constrained models based on an illustrative example of Austria within the PySAL library
under the Python framework. The models are from the family of spatial interaction models
derived by Wilson under an entrophy-maximising framework (Oshan 2016). Oshan (2016)
clarifies, along with many other leaders in the field of modelling such as Wilson (1971) and
Fotheringham (1983), that an unconstrained model does not preserve the total in and out
origin and destination flows in the calculation of modelled parameters. The singly
constructed models reflecting production or attraction preserve either the origin or the
destination flows respectively depending on the type of model. Lastly, a doubly constrained
model preserves both origin and destination in and out flows and therefore provides a higher
quality modelled output (Oshan 2016). Similarly, the quantity of parameters provided by
each of the four model differs greatly. The unconstrained model provides a large quantity of
parameters but a low level of quality in terms of the relative error. The doubly constrained
model provides the highest level of modelled quality but the lowest level of parameters. The
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singly constrained models provide an intermediate level of both quantity of parameters and
quality of outputs.
The PySAL library draws upon a Poisson log linear specification instead of a log normal
specification given that flows are generally not normally distributed, are discrete and have a
high probability of zero matrix flows. A Poisson regression specification better reflects the
distribution of flows and directly addresses the issues associated with log normal distribution
(Oshan, 2016). The calibration of poisson regression within PySAL is carried out within a
generalized linear modelling (GLM) structure using iteratively weighted least squares (IWLS).
Within the spatial interaction SpInt module of PySAL this combinational structure of GLM
and IWLS is aided by the use of sparse data structures. Sparse data structures take advantage
of the natural tendency of large spatial interaction datasets to be sparse (Oshan 2016). Oshan
draws upon an example of the benefit of sparse data structures under the GLM / IWLS
framework in illustrating that a constrained model with 3,000 locations totalling therefore a
9 million flow matrix can be calibrated within minutes using the combined structure within
PySAL (Oshan, 2016).
In applying spatial interaction modelling with a poisson regression under a GLM / IWLS
framework within the SpInt module of PySAL for migration flows by zone in Austria, Oshan
(2016) describes the total in-flows as the attractivity of a destination and the total outflows
as the emissivity of an origin in the calibration of four spatial interaction models. Although
he does state that more detailed and interesting modelling can be achieved by building upon
the origin and destination explanatory variables. In understanding modelled outputs, Oshan
(2016, p.19) describes the coefficients as the “proportionate change in the predicted
response” or the “percentage change in predicted response” if considering log variables
which is the case when considering origin and destination variables from a distance decay
derived exponential function or to the origin, destination and distances variables when
employing a power function of distance decay.

It is therefore appropriate to state,

depending on the variable and the function, that if we were to increase the distance by 1 and
holding all other factors constant that the number of flows would decrease to a value or that
if we increase the explanatory variable by 1% then we would expect the number of flows to
increase by the % rise.
Oshan (2016), in his PySAL spatial interaction primer, also illustrates the calibration and use
of local models. Local models are based on the calibration of origins and destinations in order
to assess interactions over space as investigated fully by Fotheringham and Brunsdon (1999).
The benefits of a local approach include the ability to assess variation over space and local
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model fit through a set of local coefficients and statistic (Oshan 2016). Oshan (2016) explains
the format of the output parameters with the parameters for the origin variables listed first,
followed by parameters for the destination variables and then the distance decay attribute
at the end of the outputs. Oshan (2016, p.20) states that the “result of [local modelling] is a
dictionary of lists where the keys are the different sets of local values including parameters,
hypothesis testing diagnostics, and fit statistics”. Local coefficients can be mapped and
visualised to explore variation over space.
The purpose of the Spatial Interaction SpInt module within the PySAL library is to provide
tools and utilities to analyse spatial interaction data and processes (PySAL developers, 2014https://github.com/pysal/spint). This module provides the capability within a Python
environment to undertake such modelling. This module is of particular benefit in the analysis
of commuter data given its fundamental spatial interaction nature and formatting. The
module facilitates the calibration of a suite of spatial interaction models under the entropy
maximising framework as explained by Wilson (1971). Poisson regression statistics are
possible to achieve under the four models of unconstrained, production constrained,
destination constrained and doubly constrained (as explained in greater detail in section 3.11
and discussed within the literature review chapter 2.4).

3.4. Understanding Spatial Interaction Model Fit Statistics

Kunsden and Fotheringham (1986) and echoed by Oshan (2016) in his recent investigative
work on spatial interaction modelling in Python, all advocate the use of a wide spectrum of
statistics in the evaluation of models. Popular measures include the coefficient of
determination (R2), Akaike information criterion (AIC), standardised root mean square error
(SRMSE) and the Sorensen similarity index (SSI). These fore-mentioned statistics are
explained and evaluated in turn. Evaluation of the statistics available for assessment of the
model outputs will provide a measure of the fit of a particular model for assessing objectives
of the research and is therefore a critical part of investigating model fit and applicability.

3.4.1. Coefficient of Determination R2

R2, the coefficient of determination, is a popular statistic used for the evaluation of model fit.
However, R2 is not a statistic available within the GLM structure with the SpInt module of
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PySAL but instead provides the functionality for a pseudo R2 based on the likelihood
function (McFadden, 1974) and takes the form (Oshan, 2016):
2
𝑅𝑝𝑠𝑒𝑢𝑑𝑜
=1−

𝑙𝑛𝐿̂ (𝑀𝑓𝑢𝑙𝑙 )
𝑙𝑛 𝐿̂(𝑀𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 )

( 3)

R2 pseudo values range from 0 to 1 with values closer to 1 indicating a better fit. An
adjustment to R2 pseudo within SpInt is the adjusted pseudo R2 which allows for model
complexity (Oshan, 2016) which takes the form:

2
𝑅𝑎𝑑𝑗−𝑝𝑠𝑒𝑢𝑑𝑜
=1−

𝑙𝑛𝐿̂ (𝑀𝑓𝑢𝑙𝑙 )−𝐾
𝑙𝑛 𝐿̂ (𝑀𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 )

( 4)

Where K is the number of regression variables. This is useful to assess the validity and value
of additional variables as the value of R2 adj-pseudo should decrease if the additional variable
adds value.

3.4.2. Akaike Information Criterion AIC
AIC, the Akaike information criterion, also provides information on model complexity (Oshan
2016) where lower values denote a better model fit (Akaike 1974). AIC takes the form:

𝐴𝐼𝐶 = −2 𝑙𝑛 𝐿̂(𝑀𝑓𝑢𝑙𝑙 ) + 2𝐾

(5)

AIC is a useful statistic to compare the quality of the model to others. Busemeyer and
Diederich (2014) state that AIC stems from information theory and is designed to select the
model with the smallest probability dispersion from the true dispersion. The AIC statistic
provides therefore a useful measure on model quality. Oshan (2016) notes however that
both AIC and R2 are specific to model selection and not suited therefore to compare between
different spatial systems.
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3.4.3. Standardized Root Mean Square Error SRMSE
Oshan (2016) advocates the use of the statistical measure standardized root mean square
error (SRMSE) as an alternative solution to the incapacity of AIC or R2 for particular models.
SRMSE is given by:
2
√∑ 𝑖 ∑ 𝑗(𝑇 −𝑇
̂
𝑖𝑗 𝑖𝑗 )

𝑆𝑅𝑀𝑆𝐸 =

𝑛𝑚
∑ 𝑖 ∑ 𝑗𝑇𝑖𝑗

( 6)

𝑛𝑚

SRMSE is considered by Knudsen and Fotheringham as being the most appropriate statistical
measure for the comparison and evaluation of different models and spatial systems
(McAuthur et al., 2011). SRMSE values closer to 0 denote a superior fit and higher values
indicate a lesser fit (Oshan, 2016).

3.4.4. Sørensen Similarity Index SSI

SSI is a statistical index to measure the similarity of models (Sørensen, 1948) illustrated by:

𝑆𝑆𝐼 =

1
(𝑛𝑚)

∑ 𝑖 ∑𝑗

2𝑚𝑖𝑛(𝑇𝑖𝑗 ,𝑇̂𝑖𝑗 )
𝑇𝑖𝑗 +𝑇̂𝑖𝑗

( 7)

Values of SSI range between 0 and 1 with values closer to 1 indicating a superior fit. Oshan
(2016) notes the increasingly popularity of this statistical measure for assessing the value of
spatial interaction models.
Oshan (2016), in his illustrative analysis of Austrian migration through the SpInt module of
PySAL, compares the fit statistics of the models produced. He clearly states that the
statistics indicate a better model fit when constraints are introduced, that is, better fit when
considering singly constrained or doubly constrained models as identified and collaborated
by other research in this field (Oshan and Fotheringham, 2018; Ortuzar and Willumsen,
2011). The doubly constrained model ranks highest in terms of fit with the gravity
unconstrained model ranking the lowest. When assessing Austrian migration flows, Oshan
(2016) observes that a power distance decay function produces better fit (lower SRMSE) than
an exponential distance decay function.
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The model statistics outlined in section 3.4.1 (R2), section 3.4.2 (AIC), section 3.4.3 (SRMSE),
and section 3.4.4 (SSI) provide a comprehensive basis for the evaluation of model fit for this
research and allow for evaluation of research objective 2 to analyse the effect of zone size
and structure on modelling interaction data.

3.5. Justification for methodology
In terms of justification of scripting and choice of programming language, the above sections
have illustrated some of the reasons for choice of Python as the main method for data import,
processing, analysis and output. A summary of these reasons includes the creation of an
integrated methodological approach which is scalable, open, transparent and most
significantly, reproducible (or at a minimum replicable). Scalable in terms of the
methodological creation of a process which could be scaled beyond the confines of 66,000
rows of data, 255 columns of attributes or matrix flows, scaled beyond the county level,
regional or national level to encompass an exponentially bigger set of data. Open and
transparent in terms of the method to clearly show the processes and steps which are carried
out to travel between data to processing to delivery. Parameters, assumptions and
procedure within an open coded approach allow for the bare core of the methodological
approach to be exposed for future development, for validation, for critical analysis and
importantly for consistency in procedure and results. Reproducibility is a key part of this
research, that is, the ability to reproduce the procedure on endless model runs in exactly the
same format based on the same parameters but having yet the flexibility to change a value
or setting and rerun the process. Goodman et al. (2016) have explored the notion of research
reproducibility as defined by the U.S National Science Foundation. Reproducibility is the
concept of repeating the methodology to obtain the same results using repeat data or new
data. Based on this concept Goodman et al. (2016, p.1) state that “documenting this kind of
reproducibility thus requires, at minimum, the sharing of analytical data sets (original raw or
processed), relevant metadata, analytical code, and related software. Reproducibility defined
in this way mainly addresses issues of trust that data and analyses are as represented”.
In relation to this research the open code nature of the procedural methodology is a driver
for and also a necessity for the reproducibility or replicability of this research. The source
code for the method is therefore presented within appendix A, B, C, D, E & G and is also
available on github at:
https://github.com/lbarry04/GDS_PopulationFlows
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3.6. Core Origin Destination Data Sources and Choices.

Data is largely utilised from the UK Census of Population in 2001 and 2011. The census of
population for Northern Ireland from the Northern Ireland Statistics and Research Agency
(NISRA), offers a comprehensive and detailed snapshot of population, demographics and
journey to work movements across the whole of the province at various geographies. The
basis for analysis is carried out using the following NISRA census of population datasets:
•

2011 Super Output Area Journey to Work Flows (part of the Special
Workplace Statistics dataset). The flows are available in matrix or pairlist
format detailing all possible combinations of origins and destinations and
their associated commuter flow between for the basis spatial units.

•

Population Weighted Centroids Super Output Areas 2011. Population
weighted centroids are calculated by NISRA in order to represent the
polygon basic spatial unit as an optimally located point. The centroids allow
for distances to be calculated between units and zones.

•

2001 Ward Journey to Work Flows (Special workplace Statistics). Like the
SOA flows detailed above, the ward flows provide origin to destination flows
in 2001.

•

Super Output Area 2011 Urban/Rural Classification (produced in 2015). This
NISRA dataset assigns a classification of urban or rural to each SOA and is
therefore useful for differentiation between spatial unit character and form.

•

Population Weighted Centroids Wards 2001. Population weighted centroids
are calculated by NISRA in order to represent the polygon basic spatial unit,
in this case each ward, as an optimally located point for use in analysis.

•

Ward 2001 Urban/Rural classification (produced in 2015). This NISRA
dataset is a qualitative measure for the rurality of each ward unit.

•

Migration Flows by Ward 2001 (part of the Census 2001 Special Migration
Statistics dataset). The migration flows are available in matrix or pairlist
format detailing all possible combinations of origin and destination and
their associated commuter flow between for the basis spatial units (wards).

Ideally consistency in the level of geography across different time periods is the most
preferred option for selection of a particular origin destination dataset for analysis. This
would allow for a defined analysis of the broadly changing movements over time. However,
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this choice is dependent on the availability of data. Availability of origin destination data is
crucial to the choice of data for analytical research in this area given the lack of data from
other sources for the whole of the province. The core data of analysis is the journey to work
origin destination datasets provided by NISRA from the Census of Population. With this in
mind, 2001 origin destination data is available at ward level as the smallest geography
available for research. This therefore is the basis for the choice of use of entirely ward level
data for the 2001 time period.
For the 2011 census in Northern Ireland NISRA adopted a new approach and geography for
the dissemination of small area census statistics which is at super output area level2. Ward
level is unavailable for origin destination flow data. Flow data is available at super output
area level for 2011.
The availability of origin destination flow data at various scales and geographies, as explained
in the leading paragraphs, ruled out an intensive comparative approach across the census
periods 1991 – 2001 – 2011. This variation in availability across 2001 and 2011 does however
have another advantage in targeting the research objectives, as set out in section 1.4.1, to
focus on the effect of zone size and aggregations on modelling commuter flows. It allows for
a comparison of data at different aggregations which is a fundamental objective of this
research. The availability, combination and exploration of both ward level data and super
output area level data is therefore beneficial to the scope of this research.
The use of migration flow data is utilised as a comparator to commuting flow data. The
inclusion of migration data is sought to help identify phenomena that are potentially unique
to commuting or are applicable to both. The comparison will broadly identify different
patterns of commuting to those of migration. Henry, Boyle et al. (2003) note the importance
of demographic and socio-economic characteristics in the assessment and understanding of
migration flows in West Africa.

3.7. Demographic Data Sources and Choices.
Listed below are the datasets which are deemed to be the most suited to provide an overview
of demographic variables which may have an impact on commuter movements (Lloyd,
Shuttleworth et al. 2008). The list could be infinite, for example Hincks et al. (2018) utilise a
combination of 49 variables to create a geodemographic classification of commuters in
England and Wales. Given the large number of available variables therefore a decision is
2

https://www.nisra.gov.uk/support/geography/northern-ireland-super-output-areas
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taken to limit explanatory variables to within the confines of economic activity, population
density, deprivation, access to services and community background / religion. More
explanation on the choice of explanatory variables is provided in chapter 4.
•

Census of Employment at 2013 and 2001 by Ward. The Census of
Employment is a two-yearly survey of all employers in Northern Ireland
which must be completed by law. Produced by the Department for
Communities, it counts the number of jobs rather than the number of
persons with jobs. Results are available according to sex, full / part time and
industrial activity based on the standard industrial classification (SIC) and
location.

•

Northern Ireland Multiple Deprivation Measure (NIMDM) for 2010 and
2017 by SOA. Produced by NISRA, this is the official measure of spatial
deprivation for Northern Ireland. A composite dataset is available for 2010
and 2017. This dataset is further explained in section 4.9.2.

•

Key Census Variables by Super Output Area 2011 and Key Census Variables
by Ward 2001. NISRA provide key statistics relating to usual resident
population (Table KS101NI for 2011 and Table KS01 for 2001), car or van
availability (KS405NI for 2011 and Table KS17 for 2001), religion or religion
brought up in (Table KS212NI for 2011 and Table KS07b for 2001), National
Statistics Socio-economic Classification (NS-SeC) (KS611N for 2011 and
Table KS11a for 2001), and economic activity (Table KS601NI for 2011 and
Table KS09a for 2001).

•

SOA Population Density 2011 (Table QS102NI) and Ward Population
Density 2001 (Table KS01). Provided by NISRA as part of Census 2011 Quick
Statistic Variables.

•

Vacancies notified to Job Centres by SOA in 2011. Details those vacant
positions notified by employers to the Department for Communities.
Collated by finanancial year.
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Figure 3.6 Stage 2 Regionalization
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3.8. Geovisualization – Stage 1
Stage 1 as outlined in Figure 3.1 relates to the geovisualization of patterns and trends for
commuter flows, local demographic variables and landscape characterististics. Stage 1 is
largely undertaken using Python programming for data handling and selection, GIS software
for map creation and Javascript for flow representation. Outputs for stage 1 are presented
and discussed in chapter 4.

3.9. Regionalization process and parameters – Stage 2

Figure 3.6 illustrates the process of data input, processing and data output. It lists the
procedure for the creation of regions from census base units. To take an example, for a full
set of super output area census base units in 2011 (totalling 890 for Northern Ireland) as is
the case for Model Run 1 (Model 1 explained in chapter 5.1), a threshold level of commuters
is chosen as the basis for the creation of data driven regions. The regionalization process is
focused on the creation of regions above a threshold level of commuters and which are
based on the similarity of the flows as represented in the flow matrix. These requirements
are made more difficult to impose with the addition of the contiguity requirement whereby
the units which comprise a region within a solution must be contiguous. Therefore,
adjacency weights of the location of the input units are important for the structure of output
regions. The threshold levels are varied systematically to cover 5,000, 10,000 and 20,000
commuters per region. For the set threshold level each created region must fulfil the region
level of commuters. The region building component of the PySAL library iteratively runs
through the base units and assigns each to a region depending on contiguity, similarity and
thresholds requirements.
The thresholds of 5000, 10,000 or 20,000 commuters are chosen as the basis for creation of
the commuter driven regions. The thresholds were carefully considered based on initial
testing of the case study data for Northern Ireland. The 2001 wards have an average of 1150
commuters, when considering Belfast only wards this rises to a rounded 1500 commuters
with a maximum value of 3000 commuters per ward. If a low threshold value is chosen, then
the level of aggregation is minimal, but the effects of the regionalization procedure may also
be diminished. If a threshold value is too high, then the level of aggregation is higher, but the
regionalization effects may be exaggerated. A threshold of 3,000 or 4,000 produces a very
minimal aggregation effect with the newly created regions having an average of 3-4 wards
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comprising the region. The decision, based on such initial tests, is taken to set the lowest
base threshold to 5,000 commuters, followed by an intermediate value of 10,000 commuters
and finally a higher value of 20,000 commuters. This range of threshold values should allow
for the assessment of the effect of aggregation on the region building and spatial interaction
modelling process and outcomes and it should also allow particularly at the intermediate and
higher threshold levels for the potential of region consistency in the percentage of internal
flows to be achieved. One key objective of this research as outlined at the beginning of this
chapter in section 3.1 is to create regions which better fit the flow data. One measure in the
attempt to create functional regions is consistency in internal flows.
One major consideration in the choice of threshold size is reflection on existing functional
regions and the objectives for the development of new functional regions for this research.
In section 2.3 an overview on functional regions such as the Travel to Work Areas highlighted
the limitations in the size of large regions for modelling local variations. Empirical evidence
as discussed in section 2.2 on zone design reflects upon Burden and Steel’s (2016) findings
that scale of analysis is fundamental to the soundness of parameter estimates with
clarification that smaller scales and hence a larger number of zones improves modelled
parameter estimates and results. With these two observations in mind and an overall
objective to improve on the robustness of modelled distance decay parameters for reliability
in the interpretation in the measure of willingness to travel with distance as detailed in
section 2.5, the decision to choose thresholds of 20,000 commuters or below is justified in
the creation of zones which straddle the spatial configuration between basic spatial units
such as small scale wards or super output areas and large travel to work areas. The chosen
thresholds present the opportunity to create zones which are greater in size than super
output areas (as shown in Figure 5.1) yet smaller than commonly used functional regions
such as the travel to work areas (as shown in Figure 2.4), and to evaluate the impact of
changes in zone scale and configuration on modelled distance decay parameters. A zonal
system scaled between super output areas or wards and travel to work areas would provide
a geography for analysis which aims to lessen the analytical issues associated with census
basic spatial units (as examined in section 2.6 with reference to Cockings and Martin, 2005;
Lloyd et al., 2008; Congdon and Lloyd, 2012; Lloyd et al., 2011) and the generalization issues
associated with larger travel to work areas (as examined in section 2.3 with reference to
Coombes, 2015; Goodman, 1960; Webster 1997; Coombes et al., 1997; Horner and Murray,
2002).
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Based on the source code description detailed in section 3.3.3.1 for the creation of regions
under the Max-p algorithm an example set of input parameters would be:
•

w – weights created directly from census boundary shapefile to implement
the contiguity parameter

•

z – similarity matrix of unit commuter flows

•

floor – set a threshold level of commuters - 5,000 (5k), 10,000 (10k) or
20,000 (20k)

•

floor_variable is the total number of commuters per unit area

•

initial is set to 999 iterations

The weights parameter is constructed using rook contiguity from the base units shapefile
(ward or super output area). This parameter is based on conguity of polygons that share at
least one edge solely as illustrated in Figure 3.7. Whilst the inclusion of weighting is an
essential criterion for region building, the inclusion of the similarity matrix in this process
acts as a proxy weighting based on the similarity of surrounding flows. The impact of the
similarity matrix (as represented by variable z in equation (8)) of flow counts is shown in
Figure 3.8. Similarity of flows within the two-dimensional flow matrix forms the input for the
second objective to minimise heterogeneity of the region solution created using the Max-p
algorithm.
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Figure 3.7 Rook Contiguity Weights Matrix

Figure 3.8 Similarity Matrix within Region Building Algorithm

These inputs would therefore be incorporated with the algorithm solution below and as
executed as shown by Figure 3.8 and the Python stage 2 script in Appendix A :

𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 = 𝑃𝑦𝑆𝐴𝐿. 𝑟𝑒𝑔𝑖𝑜𝑛. 𝑀𝑎𝑥𝑝(𝑤 = 𝑤, 𝑧 = 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦, 𝑓𝑙𝑜𝑜𝑟 = 𝑓𝑙𝑜𝑜𝑟,
𝑓𝑙𝑜𝑜𝑟_𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 = 𝑐𝑜𝑚𝑚, 𝑖𝑛𝑖𝑡𝑖𝑎𝑙 = 999)
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Pseudo code steps within the regionalization process as illustrated in
Figure 3.6 and coded in Appendix A Regionalization – Stage 2 are:

Stage 2, Part 1:
1. Import Python packages
2. Set threshold value for the number of commuters within a region
3. Read shapefile of census geography
4. Create spatial weight from shapefile
5. Read data matrix of flows (similarity matrix)
6. Read data flow totals
7. Create regionalization solution integrating weight, similarity matrix,
commuter threshold, commuter totals and choice of iterations.
8. Write output file with initial census units and associated region ID.
9. Join region number with flow matrix based on census unit ID.
10. Loop through region numbers sequentially in the flow matrix and sum the
volume of flows for each associated census unit within the rows and
columns of the matrix.
11. Create a pairlist CSV containing the region origin ID, region destination ID
and the volume of flows between the pair.
12. Calculate all flows out of each origin region – origin flows out.
13. Export origin flows out to CSV.
14. Calculate all flows into each destination region – destination flows in.
15. Export destination flows into CSV.
16. Ensure origin and destination region IDs are in correct sequence.
17. Join region list with census shapefile.
18. Aggregate shapefile features based on region ID.
19. Save aggregation as new region shapefile.

Stage 2, Part 2:
20. Calculate centroids of new regions.
21. Join outputs and collate into new CSV. Outputs include origin region ID,
destination region ID, origin to destination region flow, origin total flows
out, destination total flows in, origin region x coordinate, origin region y
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coordinate, destination region x coordinate, destination region y
coordinate,
22. Calculate distance in metres for each pairlist origin – destination based on
origin x, origin y, destination x, destination y and insert pairlist distance
values into a distance column.
23. Calculate the percentage of region internal flows.
24. Plot inline histogram of the percentage of internal flows together with
variance statistics of mean, minimum and maximum percentages of
internal flows for the regions.
25. Save final joined outputs to a new CSV file ready for spatial interaction
modelling input.

3.10.

Variable Data Preparation and Linkage – Stage 3

Stage 3 involves the data preparation and joining of demographic variables for connection
between newly created regions within the regionalization stage and the input into the spatial
interaction stage (stage 4). This intermediate stage is required to eliminate repetitive and
time-consuming steps which would otherwise have needed to be undertaken in different
software packages. Demographic variables are available at census geography boundaries, so
in this case the base units of wards or super output areas. However, apart from the model
runs on all super output areas or all wards, the spatial interaction modelling is based on the
modelled created regions. Therefore, the demographic variables which are part of the
modelled explanation are required in the same geography as the region. Stage 3 prepares
the explanatory demographic variables inline with the created region geography and
calculates other necessary parametric and geometric measures such as the distances
between the created regions and the total flows in and out of the regions. This stage allows
for efficient and uninterrupted programmatic progression from the regionalization created
by stage 2 to the spatial interaction modelling being carried out in stage 4. This stage is key
to the flow, overall timing and efficiency of the method and importantly is key to the
transparency of the procedures in that all the intermediate steps are coded and illustrated
by stage 3.

83 | P a g e

Chapter 3: Methodology
The Steps in Stage 3 Data Preparation Process illustrated in Figure 3.9 and coded in
Appendix B Data Preparation – Stage 3 are:
1. Import Python packages.
2. Load pairlist with origin destination region flows, region assignment file, origin
region flows- out file, destination regions flows- in file (as prepared by the end
of stage 2).
3. Check Origin Destination ID labels are in correct order.
4. Load base geography (Ward or SOA units shapefile). Join the region labels for
each record. Amalgamate the units based on region ID to create region
shapefile.
5. Generate region centroids and join region outflows and inflows. Create a
region to region pairlist file which includes flows, distances and region ID’s.
6. Collate and load origin and destination variables. Variables include number of
jobs; level of economic activity; difference in % Catholic religion by background;
road length to nearest employment centre; % of households with no car; %
occupation NSEC1-3; deprivation rank; & population density and population
totals.
7. Join origin variables with the pairlist origin destination regions. Calculate the
sum of jobs and total persons per region during join. All other variables are
averaged per region during join.
8. Join destination variables with the origin variable regions (previous step).
Calculate the sum of jobs and total persons per region during join. All other
variables are averaged per region during join.
9. Export a region file, containing region origin and destination variables, in
preparation for spatial interaction modelling in stage 4.
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Figure 3.9 Data Preparation – Stage 3
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Figure 3.10 Spatial Interaction Modelling – Stage 4
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3.11.

Spatial interaction modelling – Stage 4

The fourth stage of the methodological process of this research is to undertake spatial
interaction modelling on a series of different geographies – wards, super output areas and
functional regions of various sizes and characteristics – in order to evaluate the underlying
demographics of movements and flows and the effect of spatial structure.
The parameter inputs within the spatial interaction modelling stage involves the
identification of dependent and explanatory variables. The dependent variable is the volume
of commuters from region to region. The choice of explanatory variables involves a greater
degree of subjectivity. Section 3.7 describes the demographic sources available and
subsequent choices of demographic variables. These choices are confined to economic
activity, population density, deprivation, access to employment locations and community
background / religion.
Pseudo-code steps of Stage 4 Spatial Interaction Modelling as illustrated in Figure 3.10 and
coded in Appendix C Spatial Interaction Modelling – Stage 4 are:
1. Import Python packages including gravity, production, attraction and doubly
classes from PySAL contribution sub package spint (spatial interaction)
module.
2. Read pairlist with origins, destinations, flows and explanatory variables for both
origins and destinations (as prepared by stage 3).
3. Exclude internal unit or region flows and ensure all flows are assigned as
integers.
4. Stack origin and destination explanatory variables into dataframes for singular
input to spatial interaction model. Assign columns of the dataframes as inputs
for the spatial interaction models.
5. Specify inputs to build and run gravity model; production model; attraction
model; and doubly model, with input of flows, origin variables, destination
variables, distance and power function model type.
6. Load global SIM for four model result statistics into a table with column
headers and save the table to a named global spatial interaction statistics
output CSV file.
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7. Prepare and run specification for local production (from one origin to all
destinations), and local attraction spatial interaction model (from all origins to
one destination).
8. Prepare dataframe to gather the output statistics for local production and local
gravity. Extract values into named columns: unit ID, jobs parameter, workers
parameter, percentage difference Catholic parameter, distance to nearest
employment centre, % households no car, % NSEC 1-3, deprivation rank,
population density, distance decay beta, pseudo r squared for each origin (in
the case of local production) or destination (in the case of local attraction).
9. Save local production and local attraction statistics to CSV files.
10. Join local statistics CSV to shapefile based on unit / region ID.
11. Symbolise as a chloropleth map and output as map image.

The spatial interaction models utilised in stage 4 are described by the following code with
reference to Wilson (1971):

𝒈𝒓𝒂𝒗𝒊𝒕𝒚 = 𝑮𝒓𝒂𝒗𝒊𝒕𝒚(𝒇𝒍𝒐𝒘𝒔, 𝑶𝒊, 𝑫𝒋 , 𝒅𝒊𝒋 ,′ 𝒑𝒐𝒘′ )

(9)

𝒑𝒓𝒐𝒅𝒖𝒄𝒕𝒊𝒐𝒏 = 𝑷𝒓𝒐𝒅𝒖𝒄𝒕𝒊𝒐𝒏(𝒇𝒍𝒐𝒘𝒔, 𝑶𝒓𝒊𝒈𝒊𝒏, 𝒅_𝒗𝒂𝒓𝒔, 𝒅𝒊𝒋 , ′𝒑𝒐𝒘′ )

(10)

𝒂𝒕𝒕𝒓𝒂𝒄𝒕𝒊𝒐𝒏 = 𝑨𝒕𝒕𝒓𝒂𝒄𝒕𝒊𝒐𝒏(𝒇𝒍𝒐𝒘𝒔, 𝑫𝒆𝒔𝒕𝒊𝒏𝒂𝒕𝒊𝒐𝒏, 𝒐_𝒗𝒂𝒓𝒔, 𝒅𝒊𝒋 , ′𝒑𝒐𝒘′ )

(11)

𝒅𝒐𝒖𝒃𝒍𝒚 = 𝑫𝒐𝒖𝒃𝒍𝒚(𝒇𝒍𝒐𝒘𝒔, 𝑶𝒓𝒊𝒈𝒊𝒏, 𝑫𝒆𝒔𝒕𝒊𝒏𝒂𝒕𝒊𝒐𝒏, 𝒅𝒊𝒋 , ′𝒑𝒐𝒘′ )

(12)

Where:
•

flows = the flow between Origin i and Destination j,

•

Oi = Origin flows out,

•

Dj = Destination flows in,

•

dij = Distance between Origin i and Destination j in metres,

•

Origin = Origin ID (for example SOA, Ward or region code)

•

Destination = Destination ID (for example SOA, Ward or region code)

•

o_vars = a stacked table of explanatory origin variables – jobs; workers;
difference in percentage of population with religious background Catholic; road
length to nearest employment centre; percentage of households with no car;
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percentage of workers within national socio economic classification 1-3;
deprivation rank; and population density.
•

d_vars = a stacked table of explanatory destination variables (as per origin
variables).

A power function (‘pow’) is chosen to reflect the distance cost. The distance decay function
is normally exponential or power based. J de Vries et al. (2009) propose the use of an
exponential distance decay function for shorter distances within urban areas and a power
function for flows at longer distances based on the work of Fotheringham and O’Kelly (1989).
Therefore, for the purpose of these interaction models, given that flows are presented on a
regional basis, a power function is employed as the distance decay for all model runs.
The choice of explanatory origin and destination variables as represented by the stacked
o_vars and d_vars were chosen based on the availability of data, the desire to have a
strong representative cover of explanatory variables and also guidance from researchers
working in the field of spatial interaction modelling. Lloyd et al. (2008) provide a useful
overview of explanatory variables required for a spatial interaction model. A fuller overview
of the suite of interaction models available by reference to Wilson (1971) is given within
section 3.3.3.2 (Oshan, 2016). Choice of demographic variables are discussed and evaluated
in section 3.7.
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3.12.

Model runs

Number of

No

Structure

No of

Possible

Term

Units

Interactions

2011 All Super Output
1

Areas (SOA)

SOA11_ALL

890

792,100

2

2001 Wards

WARDS01_ALL

582

338,724

3

2001 Wards Belfast Only

WARDS01_BELF

51

2,601

4

2001 Ward 20K Regions

WARDS01_20KREG

25

625

5

2001 Ward 10K Regions

WARDS01_10KREG

47

2,209

6

2001 Ward 5K Regions

WARDS01_5KREG

80

6,400

7

2011 SOA 20K East Bann

SOA11_20K_EAST

16

256

8

2011 SOA 20K West Bann

SOA11_20K_WEST

5

25

9

2011 SOA 10K East Bann

SOA11_10K_EAST

29

841

10

2011 SOA 10K West Bann

SOA11_10K_WEST

10

100

11

2011 SOA 5K East Bann

SOA11_5K_EAST

62

3,844

12

2011 SOA 5K West Bann

SOA11_5K_WEST

19

361

13

2001 Ward Migration 20K

WARDS01_MIG_20K

23

529

14

2001 Ward Migration 4K

WARDS01_MIG_4K

99

9801

15

2011 SOA Rural Only

SOA11_RURAL

267

71,289

16

2011 SOA Urban Only

SOA11_URBAN

550

302,500

Table 3.2 Model Runs
Table 3.2 shows the configuration of model runs for the scope and application of this
research. Each model run time was under two hours (reduced by 70% by laptop upgrade).
The structure of model run varies based on the input geography of the base unit of commuter
flows and the threshold number of commuters within each output. Any model run with a
figure in its structure or term title will be bounded by a threshold number of commuters. In
the case of the model runs this will be 5,000; 10,000 or 20,000 commuters for commuting
and 4,000 or 20,000 for migration. The term also identifies the input census geography –
ward or super output area (WARDS01 or SOA11). Where the term ALL is employed this
indicates that no subsection of the data is taken nor is the output number of regions different
from the input number of regions. The input number of units are modelled in their entirety.
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The terms BELF, EAST, WEST, RURAL, URBAN refer to sub-selections or categorised data. So
the input units may be classified as either urban or rural or west or east of the River Bann.
These categories are chosen to represent and to attempt to understand regional variation in
the pattern of data and commuting.

3.12.1. Model Runs Applied to the Case Study of Northern Ireland
The 16 model runs set out in Table 3.2 represent a spread of census units and regional
variations. Northern Ireland has a largely rural population (as described in chapter 4.4.1) and
therefore an analysis of rural and urban input units separately may give the opportunity to
yield interesting results in terms of rurality and the propensity to travel. As also described in
chapter 4.4.3, the notion of East and West of the River Bann poses interesting sub selections
in terms of regional variations and more specifically the perceived or physical barriers to
travel through landscape notably in the case of Northern Ireland the location of the River
Bann and Lough Neagh within the centre of the province representing a possible physical
barrier running from north to south of the province and acting as a natural split factor. Figure
4.13, an author generated map, shows clearly that based on the 2011 Census of Population,
22% of commuter travel within the province is limited to west only of the River Bann. Almost
70% of commuter travel is internal to the east of the River Bann. Only 8% of overall
commuter flows within Northern Ireland cross east to west or west to east of the River Bann.
Figure 4.13 is explained in further detail in Chapter 4.7.1 on the east west movement divide.
Based on the analytical and geovisualization of regional movements as shown in Figure 4.13
sub selections of data for regionalization and modelling has the potential to target analysis
of flows in an entirely different way as thus the possibility of creating regions which fit the
phenomena of commuting as set out in the first research objective.
The 16 model runs as set out in Table 3.2 are carefully included to investigate a number of
comparisons of zone scale and definition. These comparisons include the effect on
parameter estimates of administrative zones (as in the full set of wards or super output
areas) versus created functional regions (as in the 5,000, 10,000 or 20,000). A comparison of
the impact of differing basic spatial units such wards and super output. The range of model
runs seeks to evaluate the effect of scale in the assessment of different commuter thresholds
(ranging from smaller scale 5,000 threshold to larger scale 20,000 threshold). The inclusion
of a large number of model runs provides the opportunity to evaluate the impact of the
entirety of the province versus constrained or closed regions (such as the West / East or
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Belfast only models) the potential relevance of which emerged from the geovisualization of
commuter flows in Figure 4.11. The scope of the model runs allow for investigation of the
impact of subsets of data linked to the character or mass (in terms of population) of an area.
This is considered through the inclusion of models which focus on a rural subset and an urban
subset. Given that all urban zones (super out areas) and all rural zones (super output areas)
are each modelled separately in their entirety these models operate effectively as closed
system rural or urban models. Contiguity is not an issue given that the two planning
classifications (urban and rural) are modelled in their entirety. Any attempt to create
functional regions based on these subsets would result in significant issues with contiguity
and for this reason is considered impractical. Although the modelling of the subsets for rural
and urban as base units may limit evaluation, it is considered beneficial to include them
based on considerable urban -rural differentials in previous empirical analysis by Lloyd et al.
(2011) as discussed in section 2.6. A comparison of a small number of migration model runs
would allow for assessment of both modelled parameters of different phenomena –
commuting and migratrion – and could provide insight into different variables which
influence the distinct patterns of movement.
In summary, the selection of model runs included in this research aims to provide sufficient
scope to evaluate the design criteria for the creation of functional regions in comparison with
subsets or basic spatial units available. Model runs which allow for a variation in the
threshold of commuters can allow for focus on the impact of scale which in turn impacts on
the internal homogeneity and self containment of flows within zones. The smoothing effect
of zone size can be appraised through a range of threshold variations. The desire to maximise
zonal homogeneity with respect to internal flows across the entire region is supported within
each of the created zone model runs through the application of a similarity objective in the
regionalization algorithm (as detailed in Figure 3.8) and in the use of closed system subsets
which reflect broad similarities in flows as identified within the geovisualization of flow
patterns. Clear components in the creation of functional zones for comparison with base
units are scale, reduction in variations of internal flows across regions, and similarity of flows
in initial region building. Whilst homogeneity of internal flows is an important aspect in the
evaluation of model fit and is detailed further in chapter 5, the over reliance on a self
containment criterion similar to that specified within the creation of travel to work areas (as
detailed in section 2.3) is not a major constraint for the design of the range of functional
regions demonstrated by this research. The construction of regions based on the similarity
of the flow matrix allows for the implementation of homogeneity of flows without a hard self
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containment threshold which may increase the difficulty of convergence of criteria given the
overall aim to produce zones which maintain sub regional patterns of commuting. The aim
more specifically, through the application and evaluation of 16 model runs for Northern
Ireland is to create regions which, through appropriate thresholding of commuter size
coupled with an initial design built on similarity of flows, provide a better basis for the
analysis and evaluation of distance decay and ultimately the propensity to travel with
consideration of distance.

3.13.

Factor Analysis – Stage 5

Stage 5, as shown in Figure 3.1, focuses on further analysis of the correlation of variables
with movement flows through factor analysis. Factor analysis is a statistical technique
employed to explore correlated variables in order to observe latent groupings or patterns.
Factor analysis allows for broad headline labels to be linked to groups of associated variables
and is useful to discover underlying tendencies or patterns in a broader sense. Factor analysis
completes the scope of demographic analytics for the research and links directly to objective
number four to draw out and investigate the key population variables which influence
patterns of movement with reference to the case study. Factor analysis is fully explained and
presented in chapter 6.2. Open source in R, factor analysis developed with this research
which links to outputs from stage 2 regionalization, stage 3 demographic data preparation,
and stage 4 spatial interaction modelling is presented in appendix D.

3.14.

Methodological Conclusion

In summary, this methodology provides a clear undertaking for the assessment of the
research objectives. This approach allows for the methodological structure for region
building as a better fit for spatial interaction modelling. This approach allows for census
geographies to be tested as inputs to spatial interaction models (which directly relates to
objective 2), for custom regions to be created through regionalization (which directly relates
to objective 1) and tested as an approach to the creation of a more fit for purpose basis for
modelling (addressing objective 2). Inferences on the key demographics influencing
movements are addressed through correlation analysis of modelled coefficients and through
factor analysis (focussing on objective 3). The methodology is divided into 5 key stages which
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focus on geovisualization, regionalization, demographic data preparation and linkage, spatial
interaction modelling and factor analysis. Regionalization links with the objective of creating
fit for purpose regions. Spatial interaction modelling links with the analysis of demographic
variables at regional and local levels through global and local modelling. The modelling also
allows for analysis of the effect of geography and scale on the demographic evaluation of
flows.
The final objective of providing an open framework for future work is fulfilled through a
majority open source coded approach to region building, data handling and preparation,
spatial interaction modelling, factor analysis and geovisualization. An open source approach
provides transparency, reproducibility and applicability to both this research and for other
flow networks and interaction modelling. An open source approach to the whole
methodology also allows for speed in retesting, parameter and demographic changes whilst
providing an open and transparent approach for further exemplar applications. Such an open
approach to the methodological creation of this research provides an innovative and
exemplary approach to region building for spatial interaction modelling. Source code
provided in appendix A, B, C & D for stages of the research methodology fit together logically
and coherently to provide a structure for addressing the research objectives.
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Chapter 4: Case Study Introduction and Background to
Northern Ireland
4.1 Introduction
The aim of the chapter 4 is to set the scene in presenting the regional disparities which are
evident in the built, physical, social and movement landscapes of Northern Ireland and how
these relate to observations in patterns of commuting as observed in following chapters.
Chapter 4 provides an introduction to a case study for exemplification of regionalization
combined with spatial interaction modelling for assessment of the research objectives. More
specifically this chapter seeks to employ interaction data from Northern Ireland to serve as
a case study to model methods, theories and outcomes on spatial interaction modelling
which are applicable to national levels. It then follows through as an introduction into the
exploration of variables which influence patterns of movement at regional and local levels.
As such chapter 4 provides a prelude to more extended interaction analysis in chapter 5 and
demographic analysis in chapter 6. Geovisualization is one of the key stages (as set out in
Figure 3.1) which is presented through images, maps and charts depicting the base landscape
and demographics of Northern Ireland. Chapter 4 provides an overview of the province in
terms of population demographics including observations on religious breakdown and
population projections; current road accessibility; and journey to work movements.

4.2 Why Northern Ireland?
Northern Ireland is an ideal size to demonstrate the applicability of a new methodology in
the analysis of interaction data. At over 13,500 square kilometres it provides a population
which is sufficient to observe a range of commuting distances and patterns. It is a province
also which has had and continues to have to a certain extent a number of social and political
issues. Social issues are segregation of population, deprivation and isolation on the fringes
of western Europe and the UK (Muir, 2014). Political instability has been prominent in a series
of peaks and troughs for a number of decades which has without doubt had a marked impact
on growth, prosperity and development (Democratic Progress Institute, 2017). Within the
UK many studies relating to movement analysis or interactions exclude Northern Ireland for
a variety of reasons (one example is “A new geodemographic classification of commuting
flows for England and Wales” research paper (Hincks, Kingston et al., 2018)) and as a
consequence its context and evaluation is not always as well recorded and evidenced as the
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rest of the UK in actioning change and decision-making. In Great Britain there is evidence of
the work and impact of analysis, evaluation and prediction of interactions on transport
planning and subsequent road and public transport investment through the Department for
Transportation, Transport Scotland and Transport for Wales. In Northern Ireland the
Department for Infrastructure regulates transport planning and modelling for the province
under the stature of a suite of transport plans covering the regional strategic network, the
sub regional level (towns) and the Belfast Metropolitan Area (Department for Infrastructure,
2018). The current suite of transport plans covers a period up to 2015 and a new suite of
transport plans are in preparation to cover the transport planning needs of Northern Ireland
for the next few decades. This research therefore has particular relevance to transport
planning within Northern Ireland and has the capacity to inform and contribute to the future
suite of transport plans for the province.

4.3 Overview of Interaction Data in Northern Ireland

In the context of Northern Ireland, the Northern Ireland Statistics and Research Agency
(NISRA) is responsible for the collection, processing and release of the Census of Population
data for Northern Ireland. The Census of Population is considered the most comprehensive
gathering of population demographics across the whole of the UK (Boyle and Dorling 2004).
Currently the 2001 and 2011 census commuting interaction data are available for release at
a variety of administrative aggregations. The lowest aggregated level available for census
statistics, with the exception of grid square statistics, is that of the output area. In Northern
Ireland there are 5022 output areas which were created from the clustering of contiguous
postcodes. One of the higher levels of aggregation of notable interest is the administrative
district councils of which there are 11 in Northern Ireland (26 councils at the time of the 2011
census). For the evaluation of interaction data, aggregations at district council level are
deemed too coarse and generalised to be of any meaningful use. Whilst output areas
provide access to interaction data at a finer level of resolution this particular geography
contains very small counts for a large majority of interactions and is therefore heavily
affected by the application of statistical disclosure methods in the form of small cell
adjustment (Lloyd et al., 2008). The literature review (chapter 2) contains a detailed
discussion on geographies of scale and disclosure methods. This research will be conducted
initially using ward level data followed by super output area level data. NISRA created the
super output areas for the 2011 census of population in order to better report and evaluate
small area statistics. Within Northern Ireland they are constructed from between 1300 –
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2000 residents per super output area. Super output areas are formed from output areas
which encompass ~ 125 households and are created to be as socio-economically similar as
possible. They allow for a lower geography of reporting than the ward level in 2001. Due to
confidentiality measures only certain data sets are available at output area level. The super
output areas provide a geography formed by the aggregation of output areas. Journey to
work census statistics are available at super output area and above only. NISRA advise that
super output areas provide a more robust statistical base than wards for reporting and
analysis (NISRA 01 December 2011).
Although still prone to disclosure control methods the geography of wards and super output
area is at an intermediate level, being neither coarse nor too fine. Aside from the use of
individual level data (without the application of control methods) wards and super output
areas are therefore deemed the most applicable zones to investigate commuting flows.
Journey to work interaction data is available from the UK Census of Population via the UK
Census Data Service at a number of levels of access. Access to this data at super output area
level (the lowest aggregate level available) is available only as a safeguarded restricted
dataset and is therefore only accessible by researchers. Journey to work interaction data is
available publicly at the higher aggregation level at local district council, which (numbering
26 in 2011 and 11 from 2014) are more equivalent to the size of Travel to Work areas. This
restriction poses a major difficulty in the objective to undertake reproducible research.
However, another objective is to investigate commuter patterns at levels which are smaller
than TTWAs or local council areas in order to mininise the generalisation of movement
patterns and therefore the use of lower level data is beneficial.
Figure 4.1 shows the range of ward sizes in Northern Ireland. Taking account of all 582 wards
within the province, the minimum ward size is 0.19 square kilometres and the maximum
ward size is 205 square kilometres. Almost 19% of the total wards have an overall area of
less than 1 square kilometre and nearly 10% of wards have an area of greater than 75 square
kilometres. From Figure 4.2 it is clear, unsurprisingly, that the smallest wards are located in
urban areas. The average size of a ward in Northern Ireland is 24.27 square kilometres. The
largest ward is almost 9 times the size of an average ward and therefore (along with similarly
sized wards) as identified by Lloyd et al (2008) would pose problems for the analysis of
commuting patterns. It is clear from Figure 4.1 that there is a high concentration of larger
wards in the West of the province. Clearly, as identified by Lloyd et al. (2008), the issue of
examining interaction patterns based on the geography of inconsistent ward boundaries is
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an issue which needs to be addressed in order to achieve satisfactory progress within this
field (Lloyd et al. 2008).
The ultimate goal in the analysis of commuting patterns is to achieve an underlying
geography which reflects a consistent percentage of internal commuting flows. A set of
consistent commuting zones can be identified through the process of regionalization. The
creation of purpose specific zones from existing aggregated data or unaggregated data will
provide valuable insights into commuting patterns both at regional and local levels. This need
for purpose specific zones has been advocated by many researchers in the field including
Openshaw (1984), Alvanides et al. (2000), Duke-Williams and Stillwell (2007); and Lloyd et al.
(2011). A full discussion of the creation of functional regions is included as part of the
literature review in Chapter 2.

Figure 4.1 2001 Ward Areas (Sq Km) in Northern Ireland
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Figure 4.2 Location of Small Wards
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4.4 The Population and Landscape of Northern Ireland
4.4.1 Rural and Urban Population

Figure 4.3 Urban and Rural Population of Northern Ireland
The Northern Ireland population at mid-year 2017 was estimated at 1.87 million by NISRA
(Northern Ireland Statistics and Research Agency) with an increase from 1.81 million at the
Northern Ireland Census of Population in 2011, 1.69 million at the Census of Population in
2001 and from 1.54 million at the 1971 Census of Population in Northern Ireland. The
population is clearly experiencing net population growth over the last four decades which is
continuing into recent years as shown by the mid-year estimates. Increased population has
the potential to impact on movements and flows, which often has a direct impact on
congestion and road network and public transport loading. The province has a largely rural
and dispersed population with 20% of the population living in the two major cities of Belfast
and Derry (based on the population of 2011). 56% of the population live in cities or towns.
44% live in smaller settlements or open countryside. Figure 4.3 shows the division of rural
and rural population in 2011 in Northern Ireland. It is clear that largely the urban population
is located predominately to the east of the province.
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4.4.2 Physical Landscape of Northern Ireland

Figure 4.4 Physical Landscape of Northern Ireland

Lough Neagh is a dominant natural large water body within the centre of the province. The
largest peak is Slieve Donard in the Mourne Mountains to the south east of the region. There
are three mountain ranges in total with the largest being the Mourne Mountains, followed
by the Sperrins in the north west and the Glens of Antrim in the north east as can be seen in
Figure 4.4. The Sperrins mountain range, although not the highest in the province, is one of
the largest uplands in Ireland (Hoare 2018) and is therefore significant in terms of difficulty
of access to the north west of the province.

4.4.3 Built Landscape of Northern Ireland
Northern Ireland has a limited number of motorways connecting the province (as can be
seen in Figure 4.5). The M1 extends westwards for 60 kilometres from Belfast. The M2
extends 37 kilometres in a north westerly direction. Rodrigue (2017) points to the nature of
transportation systems being based around the topography of physical features such as
mountains, valleys and rivers. Rodrigue (2017) states that “topography can complicate,
postpone or prevent transport activities and investment. Physical constraints fundamentally
act as absolute and relative barriers to movements.” It can be seen in Figure 4.4 and Figure
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4.5, that Lough Neagh is a dominant physical and natural feature barrier within the centre of
the province. Further adding to this barrier is the River Bann which although a physically less
dominant part of the landscape, runs from north to south of the province and acts as a
division marker in the province. The term “West of the Bann” has been employed over many
decades in many different contexts by a range of organisations. In 1954 Patterson referenced
the term “West of the Bann” in the context of the geological landscape of Northern Ireland
(Patterson, Mitchell et al, 1954). In 2014 situationalist showband The Klams titled and
released their music single “West of the Bann” (see Figure 4.6). Within a political context the
term is employed with reference to boundary making. The Ulster Archaeological Society in
their survey of World War II pillboxes point to the position of numerous “stop line” pillboxes
along the River Bann with the river itself providing an effective defence line. (see Figure 4.7
Welsh, Cooper et al, 2012). This provides only a few examples of reference to West and East
of the Bann within the context of Northern Ireland. It is widely recognised within political,
historical, community and social settings and therefore provides a useful starting point for
the distinguishing regional variation and the impact of a natural barrier at provincial level.

Figure 4.5 The Built Landscape of Northern Ireland
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Figure 4.6 “West of the Bann” https://the-klams.bandcamp.com/

Figure 4.7 Pillboxes Along the Bann as a Defence Line. (Welsh et al. 2012, p18)

4.5 Religion and Religious Background

Based on the data represented in Figure 4.8 from the NI Census of Population in 2011, 583
out of the total 890 super output areas that make up the province are segregated, in that,
over 75% or under 25% of the resident population are Catholic. Brendan Murtagh in his
assessment of segregation in post conflict Belfast, terms over 70% of one religion as a
segregated society (Murtagh 2011). For a 75% religion threshold for this research, this
represents 48% of the total land area of Northern Ireland which is classified as segregated in
religion. The province of Northern Ireland is largely viewed as a segregated society in terms
of religion.
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Figure 4.8 The Religious Background of Northern Ireland in 2011

4.6 Journey to Work Movements in Northern Ireland
As part of the geovisualization methodology employed by the author to derive simplicity
from complex flow data, Figure 4.9 was produced as a static representation of a chord
diagram to visualise the flows between and within each of the 26 local government districts
(LGD) in Northern Ireland in 2011. This chart is created from the matrix of flows between
LGD origins and destinations in 2011 from table WUK03 census journey to work data. The
source code created to produce Figure 4.9 is provided in Appendix E3. The animated version
is a web ready html file which can be visualised at the authors development account on
github at https://lbarry04.github.io/LGDflows2011.html.
This version allows the viewer to select an individual district and isolate and view only the
flows relating to that council. Figure 4.9 is created by the research author using the D3 library
(a Javascript library produced by Mike Bostock which is beneficial for visualising data). It
depicts all flows within Northern Ireland in 2011 including internal flows and is based on local

3

Appendix E code is available on https://github.com/lbarry04/GDS_PopulationFlows
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government districts. At the 2011 census 26 local government districts were in operation as
shown in Figure 4.9. In 2015 for reasons of political and administrative efficiencies the
number of local government districts in Northern Ireland were reduced to 11. The package
D3.js provides the programming means to create interactive and animated visualisations
from complex data which are web compliant (copyright 2010-2017 Mike Bostock). The
underlying code is open and can be developed and customised. Figure 4.9 shows the large
extent of internal flows as shown by the individually coloured semicircles for each district.
The predominance of Belfast district council for overall flows is immediately transparent with
a large proportion of the flows internal. Lisburn district also has a high volume of flows but
with a higher proportion of external flows to other districts.

Figure 4.9 2011 Journey to Work Flows by Local Government District
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Figure 4.10 2011 Journey to Work Line and Rasterised Flows for Belfast

Rae (2011) describes the effective display of interaction data as the ability “to derive
simplicity from complexity”. Figure 4.10, inspired by the work of Rae (2011), illustrates the
author’s journey from complexity on the left with all origin destination flows to simplicity on
the right with a rasterised density geovisualization for the journey to work flows for Belfast.
The first image in the trio of Figure 4.10 shows all flows from origin centroids to destination
centroids for Belfast super output areas. The image does not display information on the
volume of flows. The second image of the trio simplifies the first by representing only those
flow lines which represent 50 commuters or more. The width of the flow line increases in 50
commuter category blocks to represent those flow lines which carry the greatest volume of
movement. The third image of the trio is a heatmap showing a surface of density created
from the magnitude of the flow lines. The heatmap depicts the areas (as represented by
centroids) which experience the highest volume of flows. Figure 4.10 highlights the influence
of Belfast city centre on the influx and outflux of movements.
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Figure 4.11 Journey to Work Movements in Northern Ireland in 2011
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Figure 4.11 illustrates the pattern of 2011 census journey to work movements from origin to
destination super output area population weighted centroids. Flows of low volume are
illustrated in a light cream colour and flows from centroids with larger volumes are
represented by progressively darker colours. This figure is very informative with regard to
commuter zones particularly the reach of Belfast City in the east of the province and the
zones of economic influence of the areas immediately surrounding east (Lisburn and Belfast
Urban Area) and west (Mid Ulster) of Lough Neagh. The flow map in Figure 4.11, the density
raster in Figure 4.10 and the chord diagram in Figure 4.9, created by the research author,
are examples of the power of geovisualization techniques to identify key patterns within
complex and voluminous datasets.

4.6.1 Cross Border Flows

Northern Ireland has a land border with the Republic of Ireland. Figure 4.12 shows the
influence of border movements. The scope of this research does not extend to cross border
evaluation. Cross border movements fluctuate based on currency rates, economic prosperity
or austerity, political decision-making and political stability. Due to the fluidity of all these
factors, cross border and inter-region analysis has been eliminated from this research. It is
useful however to have an overview of the tendencies of border areas. Figure 4.12 illustrates
that the influence of commuter flows from the Republic of Ireland extends as expected into
the border areas of Newry and Derry (as located on Figure 4.5). Surprising though, this reach
of movements from the Republic of Ireland also extends to Antrim, Craigavon and Belfast
indicating a level, albeit at small frequencies, of long-distance cross border commuting.
The analysis of cross border flows between Northern Ireland and the Republic of Ireland are
particularly of interest in the lead up to and post UK’s European Union Exit (planned for
January 2020). As part of EU Exit preparation, NISRA commissioned and prepared a summary
of migration in Northern Ireland and the movement of people and transport between
Northern Ireland, Ireland and Great Britain. This summary from April 2019 highlighted that
there are estimated to be 110 million cross border trips (for all activities, for example,
shopping, work, education) per year annually (based on 2017/2018) in both directions
between Northern Ireland and the Republic of Ireland. 6.4 million of these trips are from
heavy goods vehicles (NISRA, 2019). Clearly, the requirement for future investigation of cross
border flows is important for policy relating to the UK exit from the EU and evaluating
changes in policy.
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Figure 4.12 Cross Border Movements (Individual Counts) 2016
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4.6.2 The East West Divide

Figure 4.13 East West Movement Divide
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Taking the analysis of commuter movements in Northern Ireland one step further in
consideration of the impact of the east west divide, it is observable that the majority of
commuter movements are in the east of the province (almost 70%) with a surprisingly low
level of movements across the imaginary east west barrier as shown in Figure 4.13. There is
very little relative east to west and west to east longer movements. This observation is
referenced within chapter 3.12.1 with regard to decision making on methodological
application.

4.6.3 Commuter Flow Summaries
No. of Units
Total flows
Internal flows
External flows

SOA 2011
890
595,078
32,879
562,199

WARDS 2001
582
671,899
154,518
517,381

Outflows

Min Outflows
1st Quartile
2nd Quartile (median)
3rd Quartile
Max Outflows
Mean Outflows
Standard Deviation

86
512
635
808
2153
669
219

119
574
790
1077
3502
889
464

Inflows

Min Inflows
1st Quartile
2nd Quartile (median)
3rd Quartile
Max Inflows
Mean Inflows
Standard Deviation

3
145
295
635
38,000
669
1672

12
196
394
895
41,794
889
2179

Table 4.1 Commuter flow Summary at Ward and SOA level

From Table 4.1 it is evident that, when comparing super output area level flows with ward
level flows, there are a number of noticeable differences. Firstly, relating to the overall
volume of flows for the two datasets, there are an overall higher level of flows in 2001 for
the ward dataset at around 672,000 compared to 2011 for the super output area level at
595,000 flows. It is difficult to understand if this reduction is a consequence of a high level of
data disclosure and rounding as discussed in Chapter 2 or if there has been an actual
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reduction in the volume of commuters. At super output area level the units of aggregation
are smaller than wards and may therefore be prone to greater levels of disclosure given more
smaller values of 1 or 2 occurring. However it is likely that a large proportion of this reduction
is attributable to a reduction in volumes of flows. The Department for Transportation (DfT)
in the UK published a report in 2016 on commuting trends in England between 1988 – 2015.
In it, the DfT state that “between 1995/7 and 2013/14, England's population grew 12% while
the total number of annual commuting journeys decreased from 8.5 billion to 7.9 billion”
(Department for Transportation 2016). They demonstrate a decline in commuting trips
combined with an increase of population. DfT state a number of likely reasons for such a
decline in England:
1. Workers are commuting fewer days per week
2. Multiple drop off locations (trip chaining) are increasing to fit busy lives which in turn
has demonstrated a decline in traditional home-workplace commuting.
3. There has been an increase in the number of mobile workers with no fixed workplace
location.
4. The flexibility to work at home occasionally or regularly is increasing.
5. Increase in workers non home and non office based.
6. An increase in part – time hours and self employment which equates to lesser
journeys.
(Department for Transportation, 2016)
This longer term evaluation of commuting patterns in England provides a useful insight into
the decrease in commuter levels over recent decades. Although the report does not account
for commuting data in Northern Ireland as it is out of the remit of the Department for
Transportation, it does provide a relevant comparison and albeit on a smaller scale Northern
Ireland would overlap largely with employment tendencies in England. This evidence on
commuting patterns provided by the Department for Transportation (2016) for England
would concur with the decrease in overall commuter flows between 2001 and 2011 in
Northern Ireland as shown in Table 4.1. The Office for National Statistics (2017) are
conducting research into the computation of mobile phone data at aggregate administrative
unit level to assess the volume of commuters and the mode of transport taken. It is likely
that big datasets such as mobile phone records and methodologies to handle such data will
become increasing important to understand more complex journey to work patterns and
movements in general.
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4.6.4 Outflows

2011 SOA Outflows
Number of Outbound Commuters
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Figure 4.14 SOA Origin Outflows of Commuters – Total

For the super output areas in 2011 (totalling 890) the overall average number of outflows is
669 as can be seen in Table 4.1. It is clear from Figure 4.14, illustrating all of the SOA outflow
values, that there is considerable variation in the levels of flows to other super output areas.
A high gradient for circa 100 super output areas at the beginning of the line graph in Figure
4.14 indicate areas which push commuters externally for employment. A gradual decline in
the centre of Figure 4.14 indicates the general trend of decreasing volume of flows and a
sharp downward trend at the end of the line graph in Figure 4.14 indicates strong pull factors
for workers to remain within the same area of residence for employment.
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4.6.5 Inflows

Figure 4.15 Destination Commuter Inflows
The map in Figure 4.15, produced as part of stage 1 geovisualization, gives a useful insight
into the most attractive areas for employment in Northern Ireland in 2011 based on the
journey to work destination inflows. The areas represented by yellow, orange and red
illustrate those super output areas which attract the greater number of employees based on
the assessment of the journey to work flow volumes. It is clear unsurprisingly that Belfast city
attracts the highest volume of inflows. Other areas of noticeable inflow are Lisburn to the
south of Belfast, Newtownabbey to the north west of Belfast, Newry in the south east, Derry
in the north west, Coleraine in the north, the Craigavon urban area including Portadown and
Lurgan to the south of Lough Neagh, Antrim to the east of Lough Neagh, the arc of urban
areas to the west of Lough Neagh – Magherafelt, Dungannon, Cookstown and Armagh (as
can be seen also in Figure 4.11); Enniskillen and Derrylin in Fermanagh to the West and finally
a number of other towns such as Larne, Newtownards, Limavady, Castlereagh. From Figure
4.15 it is clear that attractive employment locations are distributed largely to the eastern side
of Northern Ireland.
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4.6.6 Internal Flows
Variability amongst the percentage of flows which are internal, that is where the flows
remains within the same zone and hence the origin and destination is within the same area,
is large for both the administrative aggregations of wards in 2001 and super output areas in
2011. Figure 4.16 – 4.20 demonstrate the range of internal flows based on either entire set
or part set zones. The entire set zones internal flows for all wards and all super output areas
are illustrated in Figure 4.16 and Figure 4.18 respectively. Both figures display a high degree
of variability in the range of percentage of internal flows. The wards have a higher average
percentage of internal flows at 25% compared to the super output areas which have a lower
average at 5%. There are 890 total super output areas compared to 582 wards in Northern
Ireland based on the 2001 and 2011 datasets available. In general terms, the size of the super
output areas are smaller than the wards (see Figure 5.1) given their larger number over the
same geographical extent. This would account for the lower average in internal flows. The
range of internal flows for super output areas is also lower. The lower level of internal flow
variation from the average and range for super output areas may have a significant impact
on spatial interaction modelling of such interactions compared to those for the ward level
data with higher levels of variability and range of internal flows.
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Figure 4.16 All Wards 2001 Internal Flows
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Belfast Only Wards 2001 % Internal Flows
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Figure 4.17 Belfast Only Wards 2001 Internal Flows
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Figure 4.18 All SOA 2011 Internal Flows
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Rural Only SOA 2011 % Internal Flows
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Figure 4.19 Rural Only SOA 2011 Internal Flows
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Figure 4.20 Urban Only SOA 2011 Internal Flows
A different pattern emerges when considering a partial set of zones, such as Belfast only or
rural or urban only. Rural and urban sets and their subsequent internal flows can be
calculated based on NISRA’s settlement classification depicting urban and rural threshold (as
shown in Figure 4.3). Such patterns of internal flows are illustrated in Figure 4.17, Figure 4.19
and Figure 4.20. Figure 4.17 showing the range of internal flows for Belfast wards only is
striking in that variation is minimal from the average with the exception of a few outliers in
the central business district. This pattern is reflective of a set of wards which display similarity
in terms of size and composition. Figure 4.19 showing internal flows for rural only SOA’s
shows also with the exception of outliers that in general rural areas align well to the average.
This pattern is reversed for urban areas in Figure 4.20 where a high degree of variation about
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the average is observed and hence a high level of variation in the percentage of internal
flows.
From this examination of the percentages of internal flows it is clear that variation exists in
the homogeneity of internal catchments of movements depending on the administrative
system of zonation – wards or super output areas – and indeed amongst urban or rural
classified areas. Based on the evidence shown in the variation of internal flows, a division of
zones into partial sets is of value for analysis in the realm of spatial interaction modelling as
discussed in chapter 5.

4.7 Employment Centres

The main centres of employment within Northern Ireland are not readily available as a
dataset although there are a number of available datasets which are directly related and
which do offer an overview of the main employment centres. In August 2012
Ulsterbusiness.com published a list of the top 50 business employers within Northern Ireland
ranked by the number of employees. This 2012 top business list is available to view in
Appendix F (Ulster Business 2012). Lists of top employers and companies are published on a
yearly basis. In the case of this research the list for 2012 is deemed to be the most available
and appropriate due to the close time period to the 2011 census. The top employers list for
the province will have changed in subsequent years. A further insight into key centres of
employment in the province is the journey to work destination inflows from the 2011 census.
A high volume of inflows into a destination from a commuter cohort indicates a concentrated
level of employment at super output area level. This is illustrated in Figure 4.15.
Figure 4.21 shows the key employment centres for 2011 / 2012. These have been created
from a combination of the locations with the highest volumes of journey to work destination
inflows in 2011 and also takes into account the main location of the top 50 employers in
2012. This inclusion is generalised to one central point for Belfast based employers. Broadly
the main centres of employment as illustrated in Figure 4.21 overlap with settlements above
10,000 population as designated by NISRA (NISRA 2015). However, there are subtle and
significant differences. NISRA has designated cities and towns over 10,000 population as
service centres (NISRA 2015). According to this designation then in 2011 in bands A to D (
Band A = Belfast City, Band B = Derry City, Band C = large towns over 18,000 population, Band
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D = medium towns between 10,000 and 18,000 population) there are 26 service centres
corresponding with the 26 councils in 2011. These service centres ranked by population size
are Belfast City, Derry City, Metropolitan Newtownabbey, Craigavon Urban Area, Bangor,
Metropolitan Castlereagh, Lisburn City, Metropolitan Lisburn, Ballymena, Newtownards,
Carrickfergus, Newry, Coleraine, Antrim, Omagh Town, Larne, Banbridge, Armagh,
Dungannon, Enniskillen, Strabane, Limavady, Cookstown, Holywood, Downpatrick, and
Ballymoney. Differences between these service locations as designated by NISRA and the
employment locations (Figure 4.21) are noticeable. For instance, Strabane or Banbridge
doesn’t feature on the list of employment centres. In the NISRA multiple deprivation measure
for 2010 as shown in Figure 4.31 Strabane lists high on the rank of most deprived super
output areas in Northern Ireland for employment. Banbridge, in 2011, did not feature as a
dominant employment centre. Similarly from the employment centre perspective Derrylin in
County Fermanagh (now within Fermanagh and Omagh District Council) features as a core
employment centre as can be seen in Figure 4.15 featured as a yellow coloured super output
area in the south west of the province. This is largely due to the presence of the large
employer Quinn Group within the building products sector as evidenced also in Appendix F
(Ulster Business 2012). Derrylin, as a small settlement, does not however feature as a service
centre under the NISRA classification and is indeed classified as rural due to the small
population size. The employment centres are therefore selected with a focus on employers,
in commuters and attractivity.
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Figure 4.21 Employment Centres in Northern Ireland 2011 - 2012

4.8 Accessibility

Wachs and Kumagi (1973) provide a definition of accessibility as a term relating to the ease
of access by road, public transport or other mode to a service or opportunity including
employment. Accessibility takes into account the effort in terms of time or cost to travel to a
destination from a location (Wachs, Kumagi 1973). Ford et al. (2015) propose that transport
accessibility is one of the key drivers and sustainers of economic and urban growth (Ford et
al 2015). Accessibility should therefore as such be considered in any aspects of movement
into urban centres. Ford et al. (2015) state that standard GIS tools available which focus on
transport routing from an origin to a destination may not be sufficient to cope with the
handling and inclusion of public transport timetabling and frequency data or the calculation
of the cost of travel (Ford et al. 2015). Accessibility analysis has been applied to research on
access to healthcare (Rekha et al 2017), access to retail (Wang et al., 2018), access to public
services within government buildings (Neutens, 2012) and measures of population
deprivation (NISRA 2010 and NISRA 2017).
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Figure 4.22 Accessibility and Drive Time Isochrones for Belfast Council into the City Centre.

Figure 4.22 shows the results of accessibility analysis, produced as part of the
geovisualization in stage 1 of the methodology (see Figure 3.1), for the Belfast area to a
central destination (City Hall) within the central business district. The analysis is completed
by the research author within TRACC software which specialises in accessibility analysis for
cars and public transport. This analysis is based on a grid of origins at 100m intervals clipped
to the Belfast council area only. It features one destination at the centre of Belfast located at
City Hall. This is a measure of vehicle / car accessibility from the entire Belfast council area
into the centre of the city at am peak travel speeds. AM peak speeds are included as an
attribute within the road network layer and thus provides a realistic measure of accessibility
at the given time period for the given geographical extent to the core centre of employment.
Figure 4.22 shows the resultant accessibility analysis illustrated by time isochrones classified
by 5 minute breaks (break values for the isochrones are 5, 10, 15, 20, 25, and 30 minutes).
From Figure 4.22, as expected, areas close to the centre and the destination have the shortest
travel times with times increasing with distance from the centre. It is noteworthy that parts
of the west and north-west of Belfast council have increased travel times compared to the
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east of the council area as illustrated by darker red coloured isochrones on Figure 4.22. Based
on this accessibility analysis all of the residents of the Belfast council area can generally
access the city centre within 30 minutes when travelling at AM peak times based on current
road networks. Access to TRACC software is not open source and has been made available
for this research by the Department for Infrastructure for the author’s use to produce Figure
4.22 & Figure 4.23.
Figure 4.23, as produced by the author using TRACC software (transport travel time tool
https://www.basemap.co.uk/tracc/) under stage 1 geovisualization of the methodology,
extends the concept of accessibility to the whole of the province. It illustrates accessibility
analysis through the creation of drive time isochrones for a grid of origins covering the whole
of the province at a spacing of 100m and a set of employment centre destinations totalling
26. The employment centre destinations as discussed in section 4.8 are based on a measure
of employers, commuter inflows and attractivity. The isochrones illustrate drive times bands
for 0-15; 15-30; 30-45; 45-60; 60-120 or 120-180 minutes. Largely, it can be seen from Figure
4.23 that the majority of the province can access an employment centre within a 30 minute
drive time. For a smaller percentage, the drive time extends to between 30 and 45 mins as
coloured in light green in Figure 4.23. Small areas of marginal land on the Ards peninsula, on
the northern coastline, along the southern border in Mid Ulster, and to the West in the
margins of the Derry City and Strabane council area are faced with an increased drive time
of more than 45 minutes to the nearest employment centre. It should be noted that
proximity and accessibility to an employment centre does not account for the type of
employment provided by that employment centre hence the closest centre by road may not
necessarily be the most suitable depending on skills and qualifications. This unaccountability
for employment type may be heightened within smaller employment centres.
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Figure 4.23 Accessibility and Drive Time Isochrones for all NI to Employment Centres.

Drive Time

% Population

Band

Area SqKm % Area

(based on 1.81 million)

0-15

4420.9

25.72

71%

15-30

9125.4

53.09

26%

30-45

2848.19

16.57

3%

45-60

586.54

3.41

0%

60-90

197.59

1.15

0%

90+

9.29

0.05

0%

Total Area

17187.91

Table 4.2 Table of % Area (SqKm) and % Population within the Drive Time Bands to
Employment Centres (figures are rounded to the nearest %).
The drive time accessibility analysis to employment centres as shown in Figure 4.23 is created
from a computationally large volume of origin destination pairs. For this accessibility analysis
a grid of 1,431,387 point locations (at 100m intervals spread geometrically throughout
Northern Ireland) are the basis for the origins. The destinations are limited to the 26
employment centres. It is based on a road network of 502,152 road or street segments. The
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calculation of accessibility is therefore computationally complex involving route calculation
and associated drive time for over 38 million origin destination pairs. This volume is
facilitated through the use of specialist accessibility software TRACC which facilities well the
handling and analysis of matrix origin destination data.

Percentage of Land Area Within Drive Times of Nearest
Employment Centre
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Figure 4.24 Chart of the % of Land Area within Drive Times of Nearest
Employment Centre
It is clear from the map in Figure 4.23, Table 4.2 and the chart in Figure 4.24 as produced
from the accessibility analysis to employment centres, that a large majority of the land area
and just under 100% of the population of Northern Ireland can access their nearest
employment centre within 45 mins. A smaller percentage of under 5% of the land area
experience a drive time of over 45 minutes to the nearest centre and thus those areas are
less accessible to employment based on the input employment locations. These less
accessible land areas only represent less than 1% of the total population (as illustrated in
Table 4.2). According to an ESRC project at the University of West England (UWE Bristol)
based on the analysis of longitudinal data Chatterjee et al. (2017) state that the average one
way commute within England is 30 minutes (for 2016) equalling one hour per day return
journey time based on the National Travel Survey as produced by the Department for
Transportation (Department for Transportation 2016) . Chatterjee et al. (2017) state that this
time has increased from 24 minutes to 30 minutes in the last twenty years (based on the
National Travel Survey as shown in Department for Transportation 2016) and also state based
on research findings that around 85% of commuters within the study had a travel time of 45
minutes or less. These findings for England, although based on a different dataset, are
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reflective of the possible travel times to the nearest employment centre as demonstrated in
Figure 4.23. They are however only indicative and not conclusive given that it is not based on
the drive times of actual flows and therefore not necessarily the correct employment
destination but merely the nearest possible centre.
The percentage of travel to work journeys within distance bands based on the 2011 census
data (source NINIS table WP702NI) are shown in Figure 4.25. A majority of journeys (62%)
are less than 20km from place of residence to place of work. Over 10% of employees work at
or from home. This compares with 9% in 2001. Although overall figures for working at home
have increased by nearly 16,000 persons from 2001 to 2011.

Census 2011 Distance Travelled to Work
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Figure 4.25 2011 Journey to Work Distances
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4.9 Population Projections, Growth and Change
4.9.1 Population Projection and Growth by District

NISRA has produced an estimate of population projections for Northern Ireland from the
2014 base year at local government district (council) level. Further information on the
methodological approach to derive the projections are available from NISRA (NISRA 2015).
Percentage population projections for the councils as calculated by NISRA can be seen in
Figure 4.27. It is noteworthy that largely, with the exception of Lisburn & Castlereagh Council,
that the Belfast Metropolitan Urban Area districts (Antrim & Newtownabbey, Ards & North
Down, Belfast, Mid & East Antrim – shown in red on Figure 4.26 ) are all projected by NISRA
to experience modest rises in population growth over the 24 year projection period. Derry
City and Strabane in the Northwest is projected to experience a small decrease in population.
Both of the councils containing the largest cities of Belfast and Derry are expected to achieve
minimal projected growth in comparison to other councils which are more rural by nature
such as Mid Ulster, Newry Mourne & Down and Armagh Banbridge & Craigavon as can be
seen in blue on Figure 4.26). This projected growth in specific councils could have a measured
effect on future patterns of commuting within the province. Patterns of movement could see
an enlargement of the arc of movements to the west of Lough Neagh (as can be seen in Figure
4.11 Journey to Work Movements in Northern Ireland) around the areas of Dungannon,
Cookstown, Magherafelt and Armagh in Mid Ulster or further reaching linkages of greater
volume flows between Newry Mourne and Down and Belfast by consequence of the
estimated population projections. The nature of the effect on movements of any predicted
future projections in population are unclear and can only as such be speculated upon
however the nature of the projections clearly varies spatially by council area and as such any
effects on interactions will likely vary spatially in a similar patterns. Future policy and plan
implications will likely impact on the ease or restriction in change or growth of interactions
through various modes of travel.
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Population Projection % Increase from Mid 2014
to Mid 2039
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Figure 4.26 % Population Increase by Council Area from Mid 2014 to Mid 2039

Figure 4.27 % Population Increase by Council Area from Mid 2014 to Mid 2039
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4.9.2 Social and Economic Change

NISRA has published multiple deprivation measures at super output area level for 2010 and
more recently for 2017 (NISRA 2010, NISRA 2017). The Multiple Deprivation Measure
(hereafter referred to as MDM) comprises of a number of domain indicators which are
weighted to produce a ranked measure of the level of deprivation for the 890 super output
areas in Northern Ireland. A rank of 1 indicates most deprived and a rank of 890 indicates
least deprived. By comparing the rank of deprivation at 2010 to the rank of deprivation at
2017 for each super output area an assessment can be made of the generalised
environmental, social and economic changes in local areas. The methodology of the multiple
deprivation measures, as created by NISRA, are based on seven key domains each weighted
by their impact on deprivation. The seven domain are weighted as shown in Figure 4.28
(NISRA, 2017). These domains together with their assigned weightings by NISRA are:
1. Income Deprivation Domain (25%)
2. Employment Deprivation Domain (25%)
3. Health Deprivation & Disability Domain (15%)
4. Education, Skills & Training Deprivation Domain (15%)
5. Access to Services Domain (10%)
6. Living Environment Domain (5%)
7. Crime & Disorder Domain (5%)
Note that the comparison of 2010 ranked deprivation measures with 2017 ranked
deprivation measures are relative and not absolute. The rankings only relate to the period of
2010 and 2017 and do not given a measure of the changes in the intervening period. It is
noted also that the super output area rankings do not reflect the entire population
characteristics of the geographical area but do reflect a more generalised overview of
conditions within the area with a degree of variation. More of the benefits and drawbacks of
the use of the multiple deprivation measures are detailed in the summary report for 2017
produced by NISRA (NISRA, summary booklet 2017). MDM rankings for both 2010 and 2017
can be joined to the spatial boundaries for the super output areas to illustrate variation in
deprivation spatially and temporally at a relative and generalised level. NISRA state that
relative comparability between 2010 and 2017 is possible (NISRA MDM 2017 technical
report) however there are differences in the structure and inputs between the two datasets.
For example MDM 2010 was constructed from 30 indicators, 19 of these follow through
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exactly in content into MDM 2017, 8 of these have been modified to allow for improvement
with the available data, 3 have been removed due to data availability or unreliability. In
addition 11 new indicators have been added to MDM 2017 as a consequence of public
consultation recommendations, new data availability and improvements. There are
therefore a total of 38 indicators for MDM 2017 compared to 30 indicators for MDM 2010.

Figure 4.28 Seven Domains of Deprivation Weighted (NISRA, summary booklet, 2017, p5)

These additions and improvements are detailed by NISRA as:
•

Income Deprivation Domain – use of income data in lieu of benefit data

•

Employment Deprivation Domain – inclusion of population with no income nor
benefits

•

Health Deprivation & Disability Domain – long term prescription data included

•

Access to Services Domain – increased travel times data relating to more services

•

Living Environment Domain – new data availability for energy efficiency, flood risk,
overcrowding and disability accessible housing.

•

Crime & Disorder Domain – additional theft data.

(NISRA 2017 summary booklet).
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Figure 4.29 shows the breakdown by council area of the most deprived super output areas.
It is clear that the largely urban councils of Belfast and Derry City & Strabane contain the
highest numbers of deprived areas. This is followed by the councils of Newry, Mourne and
Down and Armagh, Banbridge and Craigavon. Listed below are the 10 most deprived SOA’s
in Northern Ireland based on the combined single rank multiple deprivation measure for
2017:
1. East (Derry City and Strabane)
2. Water Works 2 (Belfast)
3. Crevagh 2 (Derry City and Strabane)
4. Ardoyne 2 (Belfast)
5. Strand 1 (Derry City and Strabane)
6. The Diamond (Derry City and Strabane)
7. New Lodge 2 (Belfast)
8. Woodvale 1 (Belfast)
9. Ardoyne 3 (Belfast)
10. Creggan Central 1 (Derry City and Strabane)

Percentage of SOA within Top 100 Most Deprived 2017
Newry, Mourne & Down
8
Mid Ulster 1
Mid & East Antrim 3
Lisburn & Castlereagh 0
Fermanagh & Omagh 3
Derry City & Strabane
Causeway Coast & Glens 3
Belfast
Armagh, Banbridge & Craigavon
8
Ards & North Down 3
Antrim & Netwownabbey 1
0%

84
59
65
67
49
20

75
72

50

174
87
86
72

10%

20%

Within 100 Most Deprived

30%

40%

50%

60%

70%

80%

90% 100%

Not Within 100 Most Deprived

Figure 4.29 % of SOA by Council within the Top 100 Deprived (Data source: NISRA 2017
summary booklet)
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Similarly, also listed are the 10 most deprived SOA’s in Northern Ireland based on the
combined single rank multiple deprivation measure for 2010:
1. Whiterock 2 (Belfast)
2. Whiterock 3 (Belfast)
3. Falls 2 (Belfast)
4. Falls 3 (Belfast)
5. New Lodge 1 (Belfast)
6. Shankill 2 (Belfast)
7. Crumlin 2 (Belfast)
8. Falls 1 (Belfast)
9. Ardoyne 3 (Belfast)
10. Creggan Central 1 (Derry)

The deprivation ranking for the super output areas in 2010 can be seen in Figure 4.30. Large
areas in the mid west and south of the province are within the top 300 most deprived areas
in 2010.

Figure 4.30 Super Output Area Deprivation Rank for 2010
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Figure 4.31 shows the change in rank for each super output area from 2010 to 2017. The rank
for 2010 is closest in time to the environmental, social and economic conditions of the data
produced by the 2011 census which is of key consideration to this research. The rank for 2017
is closer in time to present day conditions and is likely to reflect events over the previous
seven years which have had an impact such as the economic crash impacts after 2009 and
the impacts of the Brexit (EU Exit) announcement. From Figure 4.31 it can be seen that areas
which have seen an improvement in deprivation, that is are less deprived at the end of the
seven year marker period, are shown by positive rank differences in red, orange and to a
lesser extent yellow colours. Areas which have seen a deterioration in deprivation levels, as
shown by negative rank differences, are illustrated by light, medium and darker blues with
the darkest blue illustrating the super output areas which have experienced the greatest
levels of deprivation. From Figure 4.31 it is evident that a large proportion of County
Fermanagh & Omagh in the west of the province has experienced worsening levels of
deprivation indicated by large concentrated areas of blue. Parts of Newry, Mourne & Down
and Ards & North Down have also experienced significant levels of deterioration in levels of
deprivation. The areas which have the highest negative differences are listed together with
the relative level of rank change are: Lisanelly 1 (-517, Fermanagh & Omagh ); Greysteel 2 (393, Causeway Coast & Glens); Killough 2 (-318, Newry Mourne & Down); Aldergrove 1 (-308,
Antrim & Newtownabbey); Brownstown 1 (-281, Armagh Banbridge & Craigavon );
Ballywalter 2 (-272, Ards & North Down); Gregstown 1 (-268, Ards & North Down); Botanic 4
(-264, Belfast); Donagh (-252, Fermanagh & Omagh).
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Figure 4.31 Change in Rank Deprivation from 2010 to 2017

Figure 4.32 for Belfast Urban Area and Figure 4.33 for Derry Urban Area show that, despite
the evidence presented that Derry and Belfast areas contain the highest overall levels of
deprivation (as evidenced by the list of top 10 most deprived areas in 2017 and 2010), the
urban areas overall have not worsened within the 7 year comparison period. Most areas of
Belfast have seen an improvement in deprivation ranking (as can be seen in Figure 4.32).
Likewise, many of the inner city and outer areas of Derry City have improved levels of
deprivation ranking (as can be seen in Figure 4.33).
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Figure 4.32 Change in Rank Deprivation in the Belfast Urban Area from 2010 to 2017

Figure 4.33 Change in Rank Deprivation in the Derry Urban Area from 2010 to 2017
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In summary, regarding deprivation in Northern Ireland, figures show that when assessing the
most deprived SOA’s, urban areas are dominant in both 2010 and 2017. In 2017 all of the top
10 most deprived areas lie within the largely urban councils of Belfast and Derry City &
Strabane. In 2010, 9 out of the top 10 most deprived areas lie within Belfast council with the
one remaining in Derry Council (council as in 2010). This would indicate that some urban
areas in the North and West of Belfast and in the city of Derry are experiencing high levels of
deprivation. However, a slightly different picture is portrayed when the difference in rank for
areas between 2010 and 2017 is analysed. The deprivation mobility of each super output
area is analysed to reflect that urban areas, particularly in Belfast and parts of Derry, have
experienced a general improvement in the level of deprivation. Some, more rural councils
such as Fermanagh & Omagh; Newry Mourne & Down; and Ards & North Down have
witnessed a worsening in the general levels of deprivation.

4.10

Northern Ireland Summary

Based on geovisualization analysis in this chapter it is clear that there exists a high degree of
variation in ward size in Northern Ireland which is considered to negatively impact on spatial
interaction modelling as identified by Lloyd et al (2008); Lloyd et al (2011); and Congdon and
Lloyd (2012). The percentage of internal flows vary greatly for wards and to a slightly lesser
extent super output areas. It is argued that less variable internal flows (as promoted by Lloyd
et al., 2011; Thorsen and Gitlesen, 1998; and Horner and O’Kelly, 2005) can be demonstrated
through the selection of subsets of data relating to rural or city wide only as a basis for
modelling. Through techniques of geovisualization demonstrated within this chapter, clearer
patterns of commuting have emerged for the province of Northern Ireland. This research has
identified patterns of commuter movement which indicate a strong east – west divide. This
marked east – west divide is evident with nearly 70% of journey to work flows in 2011 being
internal to the east, 22% internal to the west of the River Bann and less than 9% of flows
cross east to west or west to east of the Bann. Previous research has identified large urban –
rural differentials in spatial interaction modelling (Cockings and Martin, 2005; Lloyd et al,
2008; Lloyd et al, 2011; and Congdon and Lloyd 2012). The discovery of patterns of commuter
movements based on greater north – south flows rather than east – west flows has the
potential to influence zonal systems employed in spatial interaction modelling. Such
discovery and presentation also have policy implications for road and transport
infrastructure. The density of flows to the west of the province (as illustrated in Figure 4.11)
serviced by the A5 key transport corridor is important justification for planned improvement
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of the strategic route to dual carriageway linking Derry / Londonderry, Strabane, Omagh,
Augnacloy and across the border thus improving the connectivity of the north and north west
of the province (Department for Infrastructure, 2019).
This pattern of commuter flows for Northern Ireland forms the basis for decision making for
certain modelling structures (runs) in chapter 5. It is clear from this finding that
geovisualization is an important technique both in terms of understanding of intensity and
direction of flows and also in understanding the spatial patterns of demographic variables
across the province. Patterns reveal Belfast’s dominance and reach across the eastern part
of Northern Ireland. The catchment for commuting is evidently large and extends
predominantly in a north – south direction. The importance of geovisualization is stated by
Rae (2011) and is further emphasized by Liodl et al. (2016) into relation to future research in
transport modelling which should be guided by deeper data exploration, and
geovisualization. This chapter has identified patterns in commuter flows which are relevant
to the field of transport planning and modelling and which help to structure thought and
design of zonal systems for associated modelling.
Overall journey to work flows in Northern Ireland have decreased between 2001 and 2011
with changing working patterns and trip chaining likely to have marked influence on the
decrease. This correlates with findings from the Department for Transportation (2016) in the
UK which has observed declining journeys to work yet increasing congestion. Analysis of
journey to work destination inflows provide clear evidence of the attractivity of employment
locations and reveals both the strong pull of Belfast city and also evidence of strong centres
of employment beyond in the mid, west, south and north of the province.
This chapter demonstrates that overall quality of road infrastructure is limited within the
western part of the province which may influence the propensity to commit to longer
journeys to work in some areas. Through accessibility analysis it is shown that largely all parts
of Northern Ireland can access the nearest identified employment centre within 45 minutes
drive time. Small parts of Fermanagh, Causeway coast and Mid Ulster experience more than
45 minutes travel time to a significant employment centre and are therefore less accessible.
This is significant in understanding the possible propensity to travel in the rural west of the
province. From the accessibility analysis it is clear that parts of the west and north of Belfast
are less accessible to the city centre than the east. This pattern is also significant in
understanding and evaluating commuter movements at a more local scale and provides
further justification for modelling at the scale lower than that of travel to work areas. This
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consideration of local accessibility is a strong factor in future transport planning for the
region.
Transport planning is essential to manage and prepare for future projected population
growth (Liodl et al 2016). Rural councils, as demonstrated in Northern Ireland, are projected
to experience the greatest levels of population growth over the next few decades. Coupled
with population growth is existing and future demographics. Despite city areas continuing to
experience the worst levels of multiple deprivation, some rural areas have experienced
marked deterioration in deprivation ranking from 2010 to 2017. Consideration of current and
changing patterns of deprivation and local population demographics is important for
understanding and evaluating local patterns of movement for future planning and policy
making (Webster, 1997; Gitlesen and Thorsen, 2000; Hincks et al, 2018; Lloyd et al, 2008).

4.11

Conclusion

This chapter has provided a broad introduction to the case study of commuting in Northern
Ireland together with an overview of the landscape and population demographics for the
province. This introduction has included many geovisualizations which contribute to the
understanding of generalised journey to work movements within the province. It is clear from
these initial findings that a clear east – west division is apparent with very minimal longer
distance commuting from the east to the west or from the west to the east. Deprivation and
religious segregation are also found to have distinct spatial patterns within the region. This
chapter has set the foundation for the assessment of a number of the research objectives to
draw out and investigate the key population variables which influence patterns of movement
with reference to the case study and to investigate such patterns of movement at a regional
scale and also at a local community scale. This foundation in evaluating movement and
demographic trends continues further in chapters 5 and 6. Evaluation of trends within this
chapter, such the distinctive east-west commuter division and distinct urban rural patterns
in accessibility, provides key elements also in decision-making for the choice of inclusion of
west and east separate models for the creation of functional areas in objective number 1. As
such geovisualization based evaluation within this chapter provides key understanding of
trends which are carried through for the further assessment of the objectives in subsequent
chapters.
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Chapter 5 provides context, summary and evaluation for the results obtained from the stage
2 regionalization, stage 3 data linkage and stage 4 spatial interaction modelling (as outlined
in Figure 3.1) for 16 models based on different aggregations or subsets of units. Chapter 5
seeks to determine the effect of zone size and scale on modelling commuter movements and
to propose more applicable functional regions for such modelling.
The evaluation of the effect of zonation on spatial interaction modelled results is largely
assessed through exploration of the range of summary and model fit statistics. Such
evaluation is focused on both a global level, in this case, the region of Northern Ireland, and
at a local level in the assessment of modelled local statistics. The aim of this chapter is to
define the effect of zones on modelling commuting through 16 model runs of different zonal
fit and function and to provide an evaluation of the models of best fit in relation to the base
models. Such evaluation of model fit will allow for a selection of tested models to progress
to full exploration of the demographics of commuting in chapter 6 and assessment of the
underlying demographics of movement based on a robust zonation.

5.1 Model Run Overview

The model runs showing the number of units and thus possible interactions across all the
proposed models are illustrated within the methodology in Table 3.2 and explored further
within this chapter.Table 5.1 sets out a summary of the flow dynamics for all the model runs.
The spatial structures listed therein range from the standard unmodified census geography
units for wards and super output areas in their entirety which for the purpose of this research
are termed the base models, through to closed subsets of data such as the Belfast wards only
and on the other end of the spatial scale the created regions based on commuter flows which
extend to use of both wards and super output areas. Models 1 and 2 are unmodified in spatial
structure from the census geographies basic spatial units and form the basis for comparison
with other models. These are therefore the base models. Model 3 is a closed subset of data
for the Belfast region. Models 4, 5 and 6 are based on created regions formed from a
threshold level of commuters (5,000, 10,000 or 20,000).

Models 7-12 reflect both

constrained subsets of data (East and West of the River Bann) and created regions based on
a commuter threshold. Model 13 and 14 illustrate a different type of flow data – migration
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– based on created threshold regions. These models allow for comparison with a different
form and structure of flow data. Model 15 illustrates a further closed subset of the data
focusing on the urban – rural divide. It comprises of super outputs areas which are rural only
without any further aggregation. Similarly model 16 focuses on the modelling of urban or
semi-urban only areas.
Flows In

Flows Out

Model

Mean

Min

Max

Std
Dev

Mean

Min

Max

Range

Std
Dev

1 - 2011 All SOA

632

3

37704

1653

632

76

1954

1878

211

2 - 2001 All Wards
3 - 2001 Wards
Belfast
4 - 2001 Ward 20K
Regions
5 - 2001 Ward 10K
Regions
6 - 2001 Ward 5K
Regions
7 - 2011 SOA 20K East
Bann
8 - 2011 SOA 20K
West Bann
9 - 2011 SOA 10K East
Bann
10 - 2011 SOA 10K
West Bann
11 - 2011 SOA 5K East
Bann
12 - 2011 SOA 5K
West Bann
13 - 2001 Ward
Migration 20K
14 - 2001 Ward
Migration 4K

1336

61

44343

2514

1336

294

5011

4717

710

1509

258

16087

2395

1509

669

3051

2382

474

26876

11537

63727

11666

26876

21082

39424

18342

5699

14296

5975

58088

9100

14296

11043

26928

15885

3733

8399

1328

45520

6127

8399

6038

16321

10283

2495

25889

10819

96846

19478

25889

20136

42949

22813

5843

26318

18871

33788

6193

26318

20117

31737

11620

5074

14283

4899

72285

12453

14283

10002

31115

21113

5120

13159

8069

20138

3873

13159

10050

17390

7340

2671

6681

1619

69604

8751

6681

5008

11274

6266

1530

6926

2267

12956

2635

6926

5067

14508

9441

2424

5570

2941

12295

2322

5570

3032

11847

8815

2150

1294

491

8456

824

1294

551

6344

5793

660

15 - 2011 SOA Rural

164

14

395

67

164

10

840

830

132

16 - 2011 SOA Urban

529

2

29247

1553

529

57

1810

1753

209

Table 5.1 Model Summary Statistics for In Flows and Out Flows
Table 5.1 shows the range and deviation of commuters into and from each of the created,
subset or base model regions. The Flows Out summary statistics effectively show the
average, minimum and maximum number of commuters within the zonal system as it also
includes those commuters who remain within the zone (internal flows). Therefore, the
average minimum value for the outward flows for each created zone model is always above
the threshold number of commuters as specified in the regionalization build. Base models (1
& 2) and subset models (3, 15 & 16) are an exception to this as they do not have a
specification threshold number of commuters. It is clear from Table 5.1 that the basic spatial
units of super output areas (as demonstrated by model 1 and closed subsets in model 15 &
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16) have the lowest average number of commuters with the lowest standard deviation from
the mean. Intuitively also, the models with the largest specified commuter thresholds
(20,000 commuters) have the highest ranges and standard deviations so there is a greater
variation in the commuter size of larger zones.

5.2 Modelled Demographic Variables

The spatial interactions as detailed in stage 4 within chapter 3 (Figure 3.10) are undertaken
based on 8 explanatory origin and destination variables as set out in Table 5.2.

Variable
Jobs

Source
Dept for Communities
– Census of
Employment

Year
2001 &
2013

Method of Generation
Ward to SOA lookup table and
proportional allocation

Level of
economic
activity

NISRA Census 2001
(KS09a) & 2011
(KS601NI) Employed
Persons
NISRA Census 2001
(Table KS07b) & 2011
(Table KS212NI)

2001 &
2011

% of employed persons

2001 &
2011

TRACC software using
HERE road network
with employment
centres as
destinations
NISRA Census Table
KS405NI for 2011 and
Table KS17 for 2001

2015

Calculate % Catholic from total
population and calculate %
difference between each Origin
Destination pair
Calculated in TRACC software
for each origin (100m grid) to
nearest emp centre destination
(as described in section 4.7)

Difference in %
of Catholic
Religion or
Upbringing
Road length to
Nearest
Employment
Centre
% Households
with No Car

2001 &
2011

Calculate % based on total
households per ward / SOA

NISRA Census KS611N 2001 &
for 2011 and Table
2011
KS11a for 2001
Deprivation
NISRA NI Multiple
2001 &
Rank
Deprivation Measure
2010
Rank
Population
NISRA Census Table
2001 &
Density
QS102NI for 2011,
2011
Table KS01 for 2001
Table 5.2 Demographic Variables and Sources

Calculate % based on total
employed per ward / SOA

% of Workers
Within NSEC 1-3

Rank score

Calculated by NISRA based on
area

The 8 explanatory variables form the basis for modelling for all of the modelled runs with the
exception of two. These exceptions relate to model 8 and model 10 which focus on
aggregations to the West of the River Bann. It was apparent from the modelling process that
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the breadth of explanatory variables and associated outputs was computationally impossible
based on the depth of units presented by these model structures. Model run 8 has 5 base
units made up of at least 20,000 commuters (as can be seen from Table 3.2). This is the
smallest number of base units across all of the model runs and is less than the breadth of
proposed explanatory variables. As such the associated matrix has less rows than columns
and is computationally challenging. Model run 8 for this reason is based only on two
explanatory variables of the number of workers and road distance to the nearest
employment centre for the attraction model and the number of workers and road distance
to the nearest employment centre for the production model. These variables were chosen
in consideration of the key reasons for the attractivity or emissiveness of an area. Model 10
based on regions comprised of at least 10,000 commuters to the West of the Bann similarly
is unable to compute based on 8 explanatory variables. Model 10 is based on ten base units
and whilst unable to compute a spatial interaction model based on 8 variables, based on the
row to column ratio it can converge based on 7 variables. Model 10 therefore does not
include population density in any of its model runs.
The methodological approach to spatial interaction modelling is detailed in full in chapter 3.
However, it is useful at this point to consider the impact of explanatory variables in the model
structure. Section 5.1 summarises the structure of both the global and local spatial
interaction models.

5.3 Global and Local Model Structure and Fit Statistics

All spatial interaction model runs are conducted based on the equation for each constraint
type as detailed within the methodology in section 3.11. Formulae 9 – 12 (page 88 section
3.11) set out the calibration for four spatial interaction models with increasing levels of
constraint. The gravity model (9) as explained in section 3.3.3.2 contains the least amount of
constraints and is derived from the regression of the input flow matrix; origins flows out;
destination flows in; the Euclidian distance between origin and destination centroids, using
a power function. The calibration for the production and attraction constrained spatial
interaction model as shown by (10 & 11) differs by way of the integration of destination
variables for production and origin constraints and variables. The doubly model (12) is
constrained by both origin and destination flow totals. As detailed in section 3.11 a power
function (‘pow’) is chosen to reflect the distance cost given the rural nature of a majority of
the province.
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The extension of global spatial interaction model specification to local models allows for
parameters and statistical measures to be calculated for each origin and destination
depending on the model. The four spatial interactions listed below (13) – (16) form the basis
for producing local models for the 16 outlined model runs as shown in Table 5.1.

local_gravity = gravity.local()

(13)

local_production = production.local()

(14)

local_attraction = attraction.local()

(15)

local_doubly = doubly.local()

(16)

A number of statistical measures are available as outputs from the spatial interaction
modelling process. Such measures will provide a means to assess the overall fit and validity
of the model in quantifying the level of variance and error captured by the model. Possible
statistical measures which are available with the spatial interaction module of the Python
PySAL library include (and explained in greater detail in section 3.4) R2 – the coefficient of
determination (max value of 1 with higher values indicating a better fit); adjR2 – based on a
likelihood function (max value of 1 with higher values indicating a better fit); AIC –based on
model complexity (lower AIC values indicate better model fit); SRMSE – estimation of error
(with higher values indicating a decreased fit); and SSI (values fall between 0 and 1 with
values closer to 1 indicating a superior model) (Oshan, 2016).
Such statistical measures which are available as an output for both the global and local spatial
interaction models provide a firm and robust basis for the assessment of model fit depending
on the underlying base unit structure or aggregation. Although the statistical measures
outlined above are widely used to report upon model fit, Oshan (2016) advises cautionary
use of singular statistical measures for different reporting purposes. Consequently, a range
of model fit statistics are presented in Table 5.3 for the global model runs.
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Figure 5.1 Spatial Structure of Models 1-4
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Figure 5.2 Spatial Structure of Models 5-8
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Figure 5.3 Spatial Structure of Models 9 - 12
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Figure 5.4 Spatial Structure of Models 13 - 16
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Model

Constraint
grav
prod
att
doub

AIC
1388622
1207031
1032187
915820.5

R2
SRMSE
0.604285
inf
0.656543
inf
0.706369
inf
0.740032
inf

Model 2:
All Wards 2001

grav
prod
att
doub

1680356
1555188
1492624
1423895

0.553861
0.587405
0.604016
0.622568

9.563733 0.07268 0.553859
8.133598 0.077662 0.5870915
8.339726 0.076704 0.6037025
8.13618 0.077271 0.6219504

Model 3:
2001 Wards Belfast Only

grav
prod
att
doub

31470.41
26505.49
25424.95
25127.95

0.791168
0.824866
0.832038
0.834567

1.166121
0.769036
0.76335
0.741352

Model 4:
2001 Wards 20K Regions

grav
prod
att
doub

183740.1
95474.41
116876.3
90742.03

0.726747
0.858108
0.826278
0.865194

1.31893 0.578584 0.7267347
1.023942 0.67876 0.8580068
1.146104 0.657924 0.8261771
1.02387
0.67865 0.865045

Model 5:
2001 Wards 10K Regions

grav
prod
att
doub

311857.6
162980.2
226918.8
151098.5

0.68542
0.835706
0.771207
0.847768

2.01382
1.436776
1.978697
1.368447

0.502317
0.573365
0.554568
0.582555

0.6854116
0.8355927
0.7710942
0.8475784

Model 6:
2001 Wards 5K Regions

grav
prod
att
doub

413503.5
195144.5
280429.3
178800.2

0.678291
0.848312
0.781958
0.861138

2.593182
1.646544
2.698689
1.476069

0.458314
0.500416
0.486209
0.505501

0.6782848
0.8481731
0.7818196
0.8608893

Model 7:
2011 SOA 20k East Bann

grav
prod
att
doub

82421.88
37597.49
50004.59
35788.22

0.794865
0.906541
0.875659
0.91108

0.786088
0.502681
0.681314
0.49879

0.689585
0.771126
0.772279
0.778368

0.7948452
0.9064168
0.8755345
0.9109202

Model 8:
2011 SOA 20k West Bann

grav
prod
att
doub

4920.36
2453.83
1981.526
1788.042

0.592307
0.797677
0.836875
0.853264

0.552398 0.792868 0.5916432
0.358224 0.852474 0.7963486
0.315448 0.86823 0.8355467
0.296346 0.871628 0.8516046

Model 9:
2011 SOA 10k East Bann

grav
prod
att
doub

150216.3
64827.36
125765.4
55288.29

0.733974
0.885322
0.777398
0.902287

1.132681
0.736249
1.291188
0.627667

Model 1:
All SOA 2011

Table 5.3 Global Results Summary Table for All Model Runs
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SSI
0.088865
0.086984
0.089958
0.09194

0.598565
0.604466
0.613756
0.610001

0.638434
0.727078
0.668141
0.738624

adjR2
0.6042827
0.6560309
0.7058566
0.7390176

0.7911147
0.8240694
0.8312415
0.8332128

0.7339603
0.8851879
0.7772639
0.902082
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Model

Constraint
grav
prod
att
doub

AIC
10078.82
4302.042
3865.161
3717.76

R2
0.864633
0.942658
0.94853
0.950565

SRMSE
0.708593
0.288967
0.271216
0.281359

Model 11:
2011 SOA 5k East Bann

grav
prod
att
doub

255022.2
135024.7
178379
109114

0.691437
0.836794
0.784336
0.868274

1.730978 0.59015 0.6914275
1.181654 0.662498 0.8366224
1.763147 0.635545 0.7841644
1.091978 0.691427 0.8679739

Model 12:
2011 SOA 5k West Bann

grav
prod
att
doub

33696.43
19210.88
18729.62
14239.83

0.81442
0.894481
0.897132
0.921976

1.430754
0.5947 0.8143761
0.867885 0.641629 0.8941728
0.909305 0.658943 0.896824
0.609373 0.662348 0.9215569

Model 13:
2001 Ward Migration 20k

grav
prod
att
doub

38162.89
32190.91
30727.03
26156.55

0.463741 1.331332 0.603321 0.4636281
0.548463 1.128817 0.627086 0.547563
0.569037 1.21544 0.652683 0.5681377
0.633668 1.097538 0.677342 0.6323749

Model 14:
2001 Ward Migration 4k

grav
prod
att
doub

135043.2
108509.9
108077.2
97807.87

0.477186
0.58072
0.582395
0.622851

Model 15:
2011 SOA Rural Only

grav
prod
att
doub

97042.3
84589.21
81407.02
75882.57

0.627881
0.677724
0.689927
0.713092

inf
inf
inf
inf

0.090027
0.086289
0.087892
0.088205

0.6278502
0.6756068
0.6878103
0.7089961

Model 16:
2011 SOA Urban Only

grav
prod
att
doub

590447.5
540562.8
439572.8
384096.3

0.658025
0.68756
0.746052
0.77881

inf
inf
inf
inf

0.113194
0.109785
0.114863
0.116693

0.6580199
0.6869125
0.7454047
0.777536

Model 10:
2011 SOA 10k West Bann

adjR2
0.8645258
0.9421742
0.9480466
0.9500278

2.749318 0.28031 0.4771547
2.324849 0.271439 0.5798833
2.843537 0.278787 0.5815587
2.175397 0.27542 0.6213182

Table 5.3 Global Results Summary Table for All Model Runs Continued
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SSI
0.727166
0.776055
0.786751
0.792603
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5.4 Global Model Fit Results
The spatial structure for each spatial interaction modelling run is displayed in Figure 5.1 Figure 5.4. The base models contain the highest number of units and the functional models
East and West of the Bann contain the lowest number of units. The results relating to fit
statistics from the 16 model runs across four constraints are illustrated in Table 5.3. Note
from Table 5.3 that the gravity (termed grav) model outputs the lowest R2 and adjusted R2
values consistently when compared across the 4 constraints for each model run. This
indicates a lesser model fit. The doubly model demonstrates the highest R2 and adjusted R2
values, with the production and attraction model statistics falling in between those for
gravity and doubly. Table 5.3 demonstrates an overall pattern of declining model fit from
doubly, to singly constrained (production and attraction) though to the unconstrained model
for all model runs. The singly constrained models demonstrate both a high level of fit and a
high level of access to variable explanatory information. Thus, the production and attraction
constrained models offer an acceptable compromise in terms of quality and quantity of
output measures. Across most of the statistics presented in Table 5.3 the SOA based
functional models perform highest overall. Ward based functional models perform higher
than the ward base model. The base SOA model performs better than the base ward model.
And the migration models are weak in comparison to commuting models.

5.4.1 Global AIC, SSI, SRMSE and Adjusted R2 Model Fit Results

It is clear from Table 5.3 that both Model 1 and Model 2 (the base models), which are
structured on the unchanged whole set of super output areas flows in 2011 and ward flows
in 2001, demonstrate high outlier AIC values. These values are significantly higher than any
of the other region or subset models. In referring back to the discussion on statistical
measures available for modelled outputs in Chapter 3 section 3.4, it was asserted that AIC is
useful as a relative comparator in assessing a model in relation to others (Busemeyer,
Diederich 2014, Kass, Raftery 1995). In this case, the global measure of AIC for the 4
constraints of model – gravity, production, attraction and doubly – across 16 different
models can be used as a means for model selection. 64 AIC statistics are thus available for
the full scope of the model runs. The measure of value of each AIC is relative to the whole
set. From Table 5.3 it is clear that values of AIC for the full set of super output areas and the
full set of wards are relatively much higher than the AIC values for the other models.
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Burnham and Anderson in 2002 advise that “it is not the absolute size of the AIC value, it is
the relative values, and particularly the AIC differences (∆i), that are important. An individual
AIC value, by itself, is not interpretable due to the unknown constant (interval scale). AIC is
only comparative, relative to other AIC values in the model set; thus, such differences ∆i are
very important and useful” (Burnham and Anderson 2002, p71). It is clear from Table 5.3 that
large relative differences in model AIC statistics are evident particularly with differences
between whole sets of units and created or subset regions. The created and subset regions
demonstrate lower relative AIC values and at face value would appear as superior in terms
of model fit. However, based on recommendations by Burnham and Anderson on the level
of differences in model selection, it would be unwise with respect to these research set of
models to rigidly assess based on AIC alone. Therefore, further statistical measures of AIC,
SRMSE and adjusted R2 are taken into consideration in assessment of model structure, fit
and applicability.
It is clear also from Table 5.3 that SSI results are higher (closer to 1) for created regions and
subset regions in comparison to basic spatial units as demonstrated by the base models. This
demonstrates that the both the functional and subset regions provide a better fit than basic
spatial units.
Figure 5.5 illustrating adjusted R2 statistics, shows that the models which are based on
created regions or subsets of units, as demonstrated in the charts by Model 3 to Model 12,
show higher R2 adjusted and thus better-quality model fit in output statistics. In Table 5.3,
following the migration models, wards provide the lowest level of model fit from variance in
adjusted R2 statistics. This is followed by the super output area model and subset rural and
urban models. Both SOA based functional regions and ward based functional regions
perform better than the basic spatial units in Table 5.3. Overall the closed system functional
regions for East and West of the Bann, particularly 10K West Bann and 20K East Bann, which
are SOA based, perform better in terms of adjusted R2 than all other models. These findings
reflect those presented by Congon and Lloyd (2012) in relation to the fit of functional
aggregations over basic spatial units for modelling.
In summary, superiority of fit for the functional regions models, and in particular the
constrained system models to the East and West of the Bann, is demonstrated in the global
results by higher adjusted R2 values, lower SMRSE values, higher SSI values and closer AIC
statistics.
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Figure 5.5 Global Adjusted R2 Statistics for 16 model runs

▪Gravity ▪Production ▪Attraction ▪Doubly
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5.4.2 Summary and Evaluation of Global Spatial Interaction Modelling

When considering the full datasets which cover areas of different land use and density
spanning from the east of the province from Belfast Lough to the west in Fermanagh and
from the causeway coast in the north to the border in the south of the province, it can be
observed from the global spatial interaction modelling procedures, that models which have
as their basis aggregated units or a subset of units perform better in terms of model fit. In
consideration solely of the two base unmodified models – Model 1 & Model 2 – it is apparent
that Model 1 for all super output areas in 2011 performs globally better in terms of explained
variance and error than Model 2 for all wards in 2001. This is likely to reflect the underlying
geographical structure of the census administrative units of wards and super output areas.
This colloborates with advisory from NISRA that super output areas provide a more robust
statistical base than wards for reporting and analysis (NISRA 01 December 2011) and also
supports findings from Lloyd et al., (2008 & 2011) regarding the inadequent fit of wards for
modelling commuting and findings from Cockings and Martin (2005) who propose the
potential for improved fit of output areas over wards due to their homogeneity in population
and socio-economic characteristics . This more robust foundation in super output areas is
reflected in this research by evaluation of spatial interaction modelled results comparing
base models 1 (all SOA’s in 2011) with base model 2 (all wards in 2001). All measures of
statistical error and variance in terms of model fit are superior for the super output area
base. All created functional or subset models however display a better fit over both of the
base ward and SOA models through observation of the statistical outputs. Furthermore, the
created regions perform better in terms of statistical measures when compared to subset
models. It should be noted that the migration models – model 13 & 14 – perform lower in
terms of the global adjusted pseudo R2 values. They do however have a better and lower
SRMSE value than the base models. Migration, whilst comparable in the structure of the flow
data type, would notably have different tendencies and explanatories than commuting. For
the purpose of this research all explanatory variables are kept uniform for all the models.
The range of variables for migration may not be sufficient or adequate to reflect the pattern
of migration. Possible misspecification of the migration models in terms of the choice of
explanatory variables may reflect in a lower level of explained model fit and adjusted pseudo
R2.
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5.5 Local Model Fit

Following on from the overall patterns observed from the outputs of the global interaction
models, attention turns to the local interaction outputs. One of the benefits of evaluating
local models is the ability to observe patterns and differences which vary at a local level and
thus allows for possible evaluation and reasoning for the geographical variation. Local spatial
interactions, particularly for this research which spans over 16 models of varying spatial
structures and additionally each over a possible 4 constraints, is complex with voluminous
outputs. It is however essential for assessment of many of the research objectives in
particular the objectives to investigate patterns of movements at a regional scale and also at
a local community scale and to draw out and investigate the key population variables which
influence patterns of movement at these scales (as detailed in section 1.4.1). Such depth of
analysis at local level to draw out and evaluate the demographics of movement are only
possible when modelling is undertaken at a local level. Whilst global models provide a useful
overview of the full dataset and provide regional observations, local models provide the
detail required to make local observations and to evaluate variation within the region. The
challenge therefore lies in the evaluation of an intricate set of local observations tied to
different spatial structures. To reduce the volume of output and overall assessment at local
level, single constrained models – production and attraction – are the focus of this research.
The reason for the concentration on single constrained models lies with a trade off in
statistical outputs versus the quality of the output information. As discussed in section
3.3.3.2, an unconstrained gravity model provides a high volume of information but of
reduced quality. A doubly constrained model provides a very low quantity of quality output.
Both singly constrained models provide a medium level of quality and quantity of output and
provide a firm base for evaluation at local level. To assist in the challenge of drawing out
observable tendencies at a local level, key statistical outputs for pseudo R2 and distance
decay beta values are available and will thus form the basis for an evaluation of local spatial
interaction modelling across the 16 outlined models.
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5.5.1 Local Model Fit – Base Models

As outlined in section 5.4.2, both of the base models for all super output areas in 2011 and
notably for all wards in 2001, provide a lower modelled fit in comparison to the other global
models presented. At local level it is useful to explore the variation across the province
through the pseudo R2 values and observe the effect upon distance decay beta coefficients.
For the base models (model 1 & 2), from Figure 5.6 and Figure 5.7, it is clear that there is a
large variation in both the resultant modelled pseudo R2 values and the distance decay betas
across the province. In urban areas largely to the east of the province there is generally a
lower level of model fit as reflected in lower R2 values particularly for the attraction models.
In the Model 2 All Wards Attraction Pseudo R2 map on the lower left in Figure 5.7 the large
predominance of lower pseudo R2 values is evident. For many of these ward areas with
values less than 0.5 less than 50% of the variance is explained by the model fit. The zonation
of super output areas and to a larger extent wards is clearly problematic in terms of
modelling given the range of local model fit and its subsequent effect on distance decay
parameters.

156 | P a g e

Chapter 5: Spatial Interaction Modelling Results and Evaluation

Figure 5.6 Base Model 1 – All SOA Pseudo R2 and Distance Betas for Production and Attraction Constraints
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Figure 5.7 Base Model 2 – All Ward Pseudo R2 and Distance Betas for Production and Attraction Constraints
158 | P a g e

Chapter 5: Spatial Interaction Modelling Results and Evaluation

5.5.2 Local Model Fit – All Models

Analysis of the pseudo adjusted R2 resultant values from modelling allow for a comparison
of model fit amongst all the model runs and comparison amongst groups of models which
have the same geographical base. This comparison allows for the observation and evaluation
of the potential benefit of regionalization as a core objective of this research. It also allows
for analysis and evaluation to be made at local level in addition to regional observations
which is another core objective of this research. Figure 5.8 & Figure 5.9, Figure 5.10, and
Figure 5.11 show comparisons of the modelled adjusted pseudo R2 values to illustrate and
reflect upon the model runs and their fit. Figure 5.8 illustrates the sorted resultant pseudo
R2 values for all of the models. It is clear from this graph the model for all wards – model 2 –
shown by a red line underperforms in comparison to all other models. As discussed in section
5.4.2 wards were not constructed for a socio-economic objective, as identified by Cockings
and Martin (2005), and this is reflected in its model performance. Figure 5.9 is based on the
same pseudo R2 data for all models but is displayed to reflect only the first 100 records or
units within the dataset. Base models 1 & 2 encompass the full set of SOA and ward units
and therefore have a larger number of model fit results at local level. The models for urban
or rural SOA’s only (model 15 and 16) also contain more results due to a higher number of
units. All other models contain a lower volume of units and thus do not have a large spread
across the horizontal axes of Figure 5.8. In limiting the number of units to 100 on the x axis
in Figure 5.9 and thus not showing the full range of the base models, the spread and pattern
of the other models can be seen more clearly. It is clear from both Figure 5.8 & Figure 5.9
that there is less variability in the resultant pseudo values for the models which have as their
base structure a functional aggregation as created through the regionalization process. That
is, there is less of an overall vertical component to their local value smoothed curve and a
greater horizontal component. The exception lies with the migration models (model 13 and
14 as shown in dark and light purple respectively) where pseudo values have a large range
across a limited number of units (23 and 99).
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Figure 5.8 All Model Pseudo R2 Comparison

Figure 5.9 All Model Pseudo R2 Comparison Limited to 100 units

Figure 5.10 Model Fit Comparison for Models with Ward Base
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Figure 5.11 Model Fit Comparison for Models with SOA Base

Figure 5.10 and Figure 5.11 show the smoothed sorted modelled pseudo R2 curves for groups
of models. The first (Figure 5.10) shows those which have a basis on ward data from 2001.
The second (Figure 5.11) shows those which have a basis on SOA data from 2011. Both figures
concur that the created or subset models provide a better fit across all the local results over
the base models. This is shown by overall higher and less steep lines on the graphs for the
created zone models.

Figure 5.12 Box Plot of Pseudo R2 for All Models
An alternative presentation of local adjusted pseudo R2 values in Figure 5.12 clearly shows
that the range from the minimum to the maximum for the base models (M1 and M2 in red
and blue), the migration models (M13 and M14 in purple) and the rural and urban models
(M15 and M16 in brown and grey) all have a high range in comparison to the other
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constructed or subset models. This means that local variation is greater for these models and
indicates lesser fit overall. The box on the lower edge represents the 1st quartile with the
upper edge of the box representing the 3rd quartile. The data excluding outliers are
represented by the box range. The full dataset from minimum to maximum is shown by the
box plus the lines. Overall,
•

The functional models (created from stage 2 regionalization), together with subset
models (a partial selection of super output areas or wards based on an urbanisation
for example Belfast or rural classification) provide an overall better model fit with
higher and less varied pseudo R2 values.

•

Further from this, created models provide a consistently better fit through pseudo
R2 than subset models indicating that the regionalization is creating a model(s) which
fit the phenomena of commuting better.

5.6 Internal Flows

In consideration of model applicability, it is useful to taken into account further measures of
how a model complies in relation to the founding research objectives as outlined in section
1.4.1. In Lloyd et al.’s (2008) assessment of the 2001 wards for modelling they remark upon
the inconsistency of internal flows across the ward set and evaluated that this had a
profound effect on the modelled results. Internal flows are assessed by the percentage of
commuters who reside and are employed within the same unit area. Figure 5.13 and Table
5.4 show the average percentage and range of internal flows for each of the models. There
is largely a high degree of variation in internal flows across all the models. It is observable
from Table 5.4 that the range and standard deviation of the internal flows for super output
models (base model 1) is less than those for wards (base model 2). Models with a small
number of zones (such as functional M8 20k West Bann) are observed to have a high average
percentage of internal flows (as can be seen in Figure 5.13) and a lower variation in internal
flows (as seen in Table 5.4 with a lower standard deviation). Several of the subset models,
such as M3 Belfast Wards and M16 Urban only, have a lower average percentage of internal
flows and also lower variation in the range of internal than the created region models. One
objective of this research is to seek out more applicable functional areas / regions for
interaction data. Lloyd et al., (2008) have asserted that regions or units with consistent
internal flows would provide a more robust basis for modelling. Largely the charts within
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Figure 5.13 and Table 5.4 show a higher average percentage of internal flows for the created
functional regions than the base models.

Figure 5.13 Overall Local Model Representation of Average Internal Flows

Model

% Int
Flows

Min

Max

% Internal
Flows
Range

Std Dev of
% of
Internal
Flows

No of
Units

M1 All SOA
M2 All Wards
M3 Belfast Wards
M4 20K Ward
Regions
M5 10K Ward
Regions
M6 5K Ward
Regions
M7 20K East Bann
M8 20k West Bann
M9 10K East Bann
M10 10K West
Bann
M11 5K East Bann
M12 5K West Bann
M13 20K Migration
M14 4K Migration
M15 Rural Only
M16 Urban Only

5.5
23.0
18.6
54.9

0.0
6.7
13.6
20.2

39.2
67.8
43.1
100

39.2
61.1
29.5
79.8

5.7
11.7
5.4
24.6

890
582
51
25

48.0

16.8

100

83.2

22.9

47

41.0

5.2

100

94.8

24.4

80

42.5
85.0
32.7
69.2

11.7
76.2
6.6
37.9

100
100
100
100

88.3
23.8
93.4
62.1

27.8
9.6
26.3
22.5

16
5
29
10

21.5
48.6
65.5
45.1
25.0
5.2

5.1
22.9
38.2
11.9
0.0
0.0

100
100
100
100
71.0
47.4

94.9
77.1
61.8
88.1
71.7
47.4

25.2
25.6
17.8
22.7
11.9
7.0

62
19
23
99
267
550

Table 5.4 Comparison of Overall Local % Average Internal Flows
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Figure 5.13 and Table 5.4 are based on the local model runs and sums the total volume of
internal flows across the local areas as a percentage of the total flows. This identifies the
level of self-containment in terms of flows for the units which comprise the model. The
overall percentage, as displayed in graph form in Figure 5.13 and in tabular format in Table
5.4, is a measure of the overall level of flows which have origins and destinations (place of
home and place of work) within the same unit. It is clear from Table 5.4 and the ranked bar
chart in Figure 5.13 that the base models for all SOA’s and wards (models 1 & 2) rank lowest
in terms of movement (commuter) self-containment. SOA units, as a basis for modelling, only
represent internal flows of 5% due to their small size. Wards, as a base for modelling,
represent 23% self-containment in terms of internal flows. All of the other models, with the
exception of model 16 – urban only, demonstrate a higher level of self-containment in flows.
The comparison between the self-containment as represented by internal flows and the
number of units within the model is shown also in Table 5.4. Intuitively as the number of
units in a model decreases the containment in terms of internal flows increase due to wider
geographical catchment areas capturing a greater degree of close movements. It is of
noticeable observation that the models which are constructed from regions as a part of the
regionalization process, that is, models 4 -14, all demonstrate higher self-containment.
Models 3, 15 and 16 are subsets of the base models. Model 16 which the subset urban only
SOA’s does not significantly represent any difference in containment levels. Model 15 which
is rural only SOA subset is slightly more self-contained in terms of internal flows when
compared to the full set of SOA’s in model 1. The highest ranked models in Figure 5.13 display
much higher percentages of internal flows than the base models.
In reference to Table 5.4, Model 8 - 20,000 commuter threshold units West of the Bann with
the smallest number of units (5) demonstrates the highest level of flow containment (85% of
flows have their place of residence and place of employment within the same region). This
is a good reflection of the evidence presented in chapter 4 Figure 4.13 which shows the East
West Movement Divide. From Figure 4.13, based on the 2011 census of population, only 8%
of journey to work movements cross west to east or east to west of the River Bann. It would
subsequently be logical to except flows to the west of the Bann to be self-contained to a high
degree as represented by Model 8 with 20K regions. Following on from this in Figure 5.13 it
can be seen that ranked subsequently are models 10 - 10,000 commuter threshold regions
West of the Bann (69% internal flows); model 4 - 20,000 threshold ward regions (55% of
internal flows); model 12 - 5,000 commuter threshold West of the Bann (48%); model 5 10,000 threshold ward regions (48%); and model 7 - 20,000 the two migration models (13 &
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14) which demonstrate a high degree of internal threshold In addition, within the higher
ranking models are flow containment (65 and 45%).
A comparison of the percentage of overall local-based internal flows against the overall localbased average pseudo R2 value for each model is a useful comparator of relative model
performance. This comparison is shown in Figure 5.14 for both singly constrained production
and attraction model values. A line of best fit is plotted on the chart to illustrate the general
trend in relationship between model fit (pseudo R2) and the percentage of internal flows. It
is clear from Figure 5.14 that both the production and attraction constrained models
demonstrate a positive relationship between the pseudo R2 and internal flows and a negative
relationship by implication with the number of units. Therefore, a decrease in the number of
model units is reflected by an increase in the percentage of internal flows and an increase in
the model variance explained by the model through the pseudo R2.

Figure 5.14 Comparison of % of Internal flows Against Avg Local Pseudo R2 for Models
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Finally, in consideration of model fit, Figure 5.15 shows the fluctuation of overall local based
pseudo R2 values for all of the models, for SOA based models and for Ward based models.
This is useful in the determination of model improvement. It addresses the question, does a
threshold move from 20,000 commuters per created region to 10,000 or 5,000 commuters
make a significant contribution or deterioration in model fit? The results shown in Figure
5.15 underlines again, that overall, the models which have at their foundation constructed
regions (Models 4-12) excluding the subset and migration models, show greater levels of
explained variance in model fit. This is most noticeable in the lower two graphs of Figure 5.15
for SOA and Ward based models only where increases in thresholds can be assessed. It can
be seen from the 2nd SOA based model graph in Figure 5.15 that an increase in threshold for
East of the Bann significantly improves the model fit. This may be attributed to a smoothing
of the effect of small SOA unit sizes within urban areas to the east of the province. A
threshold of 20,000 commuters shows a vast improvement over 5,000 commuters for the
east. To the west, an increase in threshold from 5,000 to 20,000 also shows an increase in
explained variance although at a less significant rate due to the high level of fit at all of the
thresholds to the west.

•

In relation to base models only, super output areas provide a better
spatial structure fit for commuting than wards.

•

Functional region models created through regionalization indicate a
better model fit than base or subset models.

•

Super output area based functional regions perform better than ward
based functional regions.

•

An increase in threshold number of commuters increases the fit of the
model due to smoothing of region sizes and consistency in internal flows
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Sorted Average Local Pseudo R2 for SOA based
Models
1.00
0.90
0.80
0.70
0.60
0.50
0.40
0.30
M8 20k M10 M12 5K M7 20K M9 10K M15 M11 5K M1 All M16
West
10K
West
East
East
Rural
East
SOA Urban
Bann West Bann Bann Bann
Only
Bann
Only
Bann
Avg Pseudo R2 PROD

Avg Pseudo R2 ATTRACT

Sorted Average Local Pseudo R2 for Ward based
Models
1.00
0.90
0.80
0.70
0.60
0.50
0.40
0.30
M4 20K Ward M5 10K Ward M6 5K Ward
Regions
Regions
Regions
Avg Pseudo R2 PROD

M2 All Wards

M3 Belfast
Wards

Avg Pseudo R2 ATTRACT

Figure 5.15 Sorted Average Local Pseudo R2 for 16 Models (top), SOA
Based Models (middle) and Ward Based Models (bottom)
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5.7 Evaluation of Internal Flows and Model Fit

Landré (2012) in his investigation of commuting regions in Dalarna, Sweden provides
evidence on the importance of internal flows in the creation of such regions. Landré (2012,
p.299) states that “self-containment is the most important criterion for the selection of
employment foci in rule-based delineation procedures, but it can also be used to test
functional regions with regard to commuting flows”. He has suggested caution in the sole
use of self-containment in the delineation of commuter regions. The analysis of this research
seeks to address and identify the overriding components of model fit and model applicability
for different base units. It is clearly presented within this analysis of modelled results that as
the number of base units (from the base models) decrease the overall model fit though
explained variance increases and the percentage of internal flows or self-containment also
increases. Instead of using self-containment as a sole criterion in the applicability of the set
of units to model the demographics of commuting this research takes the approach based
on a combination of illustrative outcome measures based on self-containment, threshold
number of commuters, global fit, amount of explained variance and also the level of
modelled parameters. Modelled parameters are key. They provide a wide and varied range
of explanatory variables for the assessment of the key objectives of this research – to model
the demographics of commuters – with confidence in the underlying geography. A balanced
approach with consideration of the output demographic parameters, levels of selfcontainment and measures of model fit is crucial in the discovery of a fit for purpose
functional base for the geography of commuting. This thus reinforces the findings of Landré
(2012) that a self-containment measure alone is less effective. The tested models as part of
this research exhibit varying level of alignment to these key measures of explained variance,
fit, self-containment and demographic variables. Below is a list of the top performing models
based on internal flows, local and global fit, and explained variance as exemplified by the
analysis of the modelled outputs.
Better model fit:
•

Model 8 20K West Bann Regions

•

Model 10 10K West Bann Regions

•

Model 4 20K Ward Regions

•

Model 5 10K Ward Regions

•

Model 7 20K East Bann Regions
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However, with a balanced approach in mind, it is unwise to propose that the highest ranked
model in terms of self-containment may provide the optimal solution for the geography of
commuting in Northern Ireland. Whilst model 8, based on a 20,000 commuter threshold to
the West of the Bann, is the best performing in terms of self-containment and the percentage
of internal flows and performs well in model explained variance, given the small amount (5)
of final areas it does not provide the breadth to assess a sufficient combination of exploratory
demographic variables (with only two variables possible) and therefore lags behind in
demographic composition. Model 10 based on 10K West of the Bann created regions
provides a slightly reduced level of self-containment than the 20K model but provides equally
high levels of model compliance and with a possible broad input of explanatory demographic
variables. On the other side of the province model 7 which is based on 20K Regions East of
the Bann provides a lower level of self-containment than the West of the Bann models yet it
provides a consistent measure for model fit and explanatory variables. It also performs the
highest overall for all the models to the East of the Bann.
The two other models on the better fit list above relate to the functional aggregation of
wards into regions of 10,000 and 20,000 commuters for 2001 census flows. Of the two,
model 4 comprising 20,000 threshold regions is slightly better performing in terms of selfcontainment than the 10,000 regions (model 5) but the decrease in explained variance
between the two is negligible and thus model 5 10K regions has not been discounted. With
the elimination of model 8 – 20K West of the Bann Regions for reasons outlined above, the
better fit models are reassessed as:
•

Model 10 10K West Bann Regions

•

Model 4 20K Ward Regions

•

Model 5 10K Ward Regions

•

Model 7 20K East Bann Regions

It is of noteworthiness that these outlined models cover different geographical extents, as
can be viewed in Figure 5.1, Figure 5.2, Figure 5.3, or Figure 5.4. Model 4 and 5 cover all of
Northern Ireland. Model 10 covers only to the West of the Bann as titled and model 7 covers
to the East of the Bann as titled. Both constrained system models would be required together
to provide a complete model for the whole of the province. However, as separate entities,
the models to the West and East of the Bann provide a slightly stronger fit than the entire
coverage provided by models 4 or 5 and largely reflect regional differences and their
associated scales of patterns of movement. Conversely, the immediate benefits of the
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complete models 4 & 5 are apparent in that regional differences are not an overt mechanism
for unit structuring. Regional differences are smoothed to a minimal level whilst still
providing a model which is practically better fitted and of sounder basis for modelling than
wards alone. There are therefore benefits to both of these approaches – regional split
approach and smoothed whole model approach – whereby choice at a broader applicable
level may become dependent on the depth of analysis and the application area of interest.
For the purpose of this research, with the objective of finding a suitable geography for the
understanding of the demographics of commuting, the outlined prevailing models shall be
assessed with regard to regional variation in distance decay as part of the remainder of this
chapter and shall be evaluated in terms of the overarching objective of demographic
characterisation in chapter 6.

5.8 Distance Decay Coefficients for Shortlisted Models
Figure 5.16 – Figure 5.20 show local distance decay coefficients for the four shortlisted
models as outlined in section 5.7. Lloyd et al., (2008) showed that distance decay coefficients,
an ouput of spatial modelling reflecting the decrease in willingness to travel over larger
distances, were greatly influenced by the effects of the modifiable areal unit problem and by
the chosen base unit of modelling. It is therefore a ponient stage to reflect upon distance
decay for the shortlisted models. Figure 5.16 illustrates the pattern of distance decay for
functional 20K Ward regions. This is in direct comparison to the pattern of distance decay
illustrated by the base ward model in section 5.5.1 Figure 5.7. In Figure 5.7 for the base
model there is a large proportion of large distance decay values in the west of the province
with noticeably smaller values in the east. A different pattern for the province is presented
by the modelled local distance decays for the 20K and 10K ward regions. In Figure 5.16 the
pattern for the Belfast urban area is different in that distance decay values are not as
noticeably lower than the rest of the province indicating a lesser distinction between urban
and rural parts of the province. In Figure 5.17 which shows the distance decay for 10K ward
regions the distinction of Belfast as an urban area and a different set of decay values is
evident for both the production and attraction models but the rural – urban distinction in
decay values is much less pronounced than the pattern presented by the base ward model
in Figure 5.7. Overall from Figure 5.17 for the 10K ward region base there is a more logical
and evenly distributed consistency in distance decay throughout the province and thus the
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propensity to travel is less varied. For the SOA based models to the East and West of the
River Bann in Figure 5.19 and Figure 5.20 the pattern of distance decay is also less skewed
toward lower decay values in the east particularly for the production 20K East Bann model
(as shown in Figure 5.20 top).
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Figure 5.16 Model 4 20K Ward Regions Distance Betas Production (top) and
Attraction (bottom) Models
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Figure 5.17 Model 5 10K Ward Regions Distance Betas for Production (top) and
Attraction (bottom)
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Figure 5.18 Model 5 10K Ward Regions Pseudo R2 for Production (top) and Attraction
(bottom)
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Figure 5.19 Model 10 10K West Bann Regions Distance Betas for Production (top) and
Attraction (bottom)
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Figure 5.20 Model 7 20K East Bann Regions Distance Betas for Production (top) and
Attraction (bottom)
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5.9 Summary of Spatial Interaction Modelling Results

The aim of this chapter is to evaluate the effectiveness of functional regionalization in
mitigating against the effects of zone structure and the modifiable areal unit problem in
order to effectively model the demographics of commuting. The analysis of spatially
interactive modelled results for 16 test models across the two constraints of production and
attraction has allowed for an evaluation of the models to be addressed. A balanced approach
using a combination of measures notably, the explained variance of the model through
pseudo R2; global model fit; self-containment through the percentage of internal flows; the
breadth of explanatory variables; and the assessment of local propensity to travel through
distance decay betas, is employed to assess model fit. This balanced approach to analysis has
illustrated quantitatively and logically the benefits of fit for purpose regions over and above
the use of base units as presented by census administrative areas. The regionalization
produced a suite of models which vary in threshold and this chapter provides an analysis
method to appraise the effectiveness of the regionalizations over subset models.
Constructed fit for purpose regions provide a superior model fit over the base models of
wards or super output areas.
A summary of key findings from regionalization and model fit results are:
•

Functional fit for purpose regions created through the regionalization method
provide a superior fit for commuting than base census geographies.

•

Spatial structure can have a marked effect on model fit and performance. Wards
provide a lesser fit than all other models for commuter interactions.

•

An increase up to a maximum test of 20,000 in the threshold commuter size of
functional regions provides a better fit in most case models than a lower threshold
value. A higher value is considered to provide a greater consistency in region flows
and size. A balance between a minimum threshold size and consistency is preferred.

A shortlisting of models based on functional fit for purpose units provides a robust
foundation to evaluate the demographics of commuting. The identification and
methodological approach to regionalization together with robust modelling of the
demographics of journey to work movements are two key objectives of this research. The
evaluation of the fit and applicability of models contained within this chapter leading to a
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process of shortlisting provides confidence and robustness to the evaluation and
understanding of demographics and their link to movements in chapter 6.
The benefit of functional regions, with reference to those outlined and examined in detail
within section 5.8, relates to the size and the characterististics of the input zones; the size
of the regions which are controlled by the number and the range of commuters; and the
constrained nature of the system as demonstrated with subsets of the province which
display similarity in terms of rurality or broad patterns of flows. In the comparison of a set of
created functional regions for modelling commuter flows with basic spatial administrative
units, it can be concluded from this research that whilst super output areas provide a stable
geography in terms of population size and socio-economic characteristics they represent a
lack of self containment in commuter flows and are therefore deemed to be a zonal system
which is below the scale of commuting. Based on their population homogeneity they
however do provide a firm basis for spatial aggregation of commuter flows and the creation
of functional regions which better fit the scale of commuting which is proposed to be
between that of small super output areas and coarser travel to work areas. The other basic
spatial units represented by wards demonstrate a reasonable scale for the phenomena of
commuting with higher levels of self containment however they have an overriding issue
in the lack of homogeneity in both size and population counts, and are therefore not
applicable to the investigation of commuting across the whole of the study area. Findings of
this research, relating to the ill-fitting zonal definition of wards, concur with the research
findings of Lloyd et al., (2008, 2011) on the inappropriateness of wards for modelling
commuting and the propensity to travel to work. This research presents, in comparison
solely of the two basic spatial units demonstrated, the benefit and appropriateness of super
output areas over wards based on a more robust and homogenous build structure which
correlates strongly with the findings of Cockings et al. (2013). This finding demonstrates the
impact of zonal definition on modelling as explained by Openshaw (1984) as one of the two
aspects of MAUP. Modelling based on the zonal definition of wards is subject to inherent
issues regarding variation in size and characteristics. Super output areas, albeit at a slightly
smaller geographical scale, provide a zonal definition which correlates to overall better
model fit. Given the size and robustness of super output areas they provide a unit geography
which can form the basis for aggregation of appropriate fit functional regions which better
reflect commuting.
Results from this research show that constrained areas (subsets of the province) may provide
a better fit for commuting than entire areas. Initial geovisualization of commuter flows
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within Northern Ireland illustrates a clear distinction in commuter patterns to the east and
west of the province with few interactions between. This clear overall pattern leads to
justification for modelling based on distinct constrained systems (in this case east and west
of the River Bann). The distinct nature of commuting in the west is different from that in the
east which may be influenced by employment accessibility, transportation networks, rurality,
demographics, or social and historical inuances. This distinct difference may be better
reflected by two or more contained systems which can both reflect the nature of the
phenomena within that system. However, as demonstrated herewithin, this may introduce
the possibility of different scales of analysis for different areas within one territory. This
concept of closed system zones based on geovizualization for modelling is largely absent
from literature but overlaps on the proposals for greater integration of geovisualization
techniques and informed data driven aggregations in transport modelling (Liodl et al 2016).
It is clear from evidence presented within this chapter that the functional regions presented
for modelling migration do not perform adequately in representing the longer term
pheneomena of migration. Potentially, given a longer-term component, the scale of
migration may operate at a larger scale to commuting and thus the scale of aggregations
presented are not applicable. Issues of model misspecification may contribute also to model
underperformance. Further research on migration scale and effect would be required to
make deeper evaluations. Although the scale of aggregation is not applicable for migration
interaction data in this instance, open techniques, methods and tools in geovizualisation,
regionalization and spatial interaction modelling as presented by this research are applicable
to future research into migration.
Results demonstrate that the scale of aggregation, the second effect of MAUP (Openshaw,
1984), has a major effect on modelling commuter flows. Bigger zones created through
regionalization are more self-contained in terms of commuter flows and are thus present a
better model fit for the phenomena, an observation which confirms the value of the
minimisation of intra-zonal flows objective within the

automated zoning procedure

(Openshaw and Rao, 1995). Manley et al., (2006) and Cockings and Martin (2005) propose
that aggregation of basic spatial units into regions may be influenced by processes at
different scales. Findings relating to the superiority of fit in models at a larger scale than
super output areas would confirm this proposal and would indicate that commuting within
the province operates at a scale which is larger than that provided by the basic spatial
administrative units. This is also demonstrated by the inapplicability of zones at appropriate
scales for commuting to be applied to migration. Clearly the functional regions proposed
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demonstrate a better representation above the scale of super output areas for modelling
commuting as also confirmed by Congdon and Lloyd (2012). This research tested the impact
of scale up to a maximum threshold of 20,000 commuters for functional regions. Above this
threshold, zones would be more akin to those of travel to work areas with high levels of
containment. Although the 20, 000 threshold West Bann model reflects a high overall level
of self containment with a small number of zones, it is a closed system model which would
operate in combination with an adjacent closed system model (for East of the Bann) and as
such, combined, operates at a lower scale than TTWA’s. The notion of the non sole reliance
on high self -containment values, as demonstrated by the proposal of a few better fit models
rather than one, is echoed by the findings of Landre (2012) based on self containment and
also by Kunsden and Fotheringham (1986) and Oshan (2016) who advise on evaluation of
model fit based on a range of statistics. Instead of using self-containment as a sole criterion
in the applicability of the set of units to model the demographics of commuting this research
takes a holistic approach based on a combination of illustrative outcome measures based on
self-containment, threshold number of commuters, global fit, amount of explained variance
and also the level of modelled parameters. Reliance solely on a high level of self containment
invariably leads to large zone sizes potentially masking local variation in commuting as
demonstrated by this research and by Horner and Murray (2002). Findings demonstrate
therefore several superior fit zonal definitions based on multiple evaluation criteria from
both ward and super output area basic spatial unit aggregations. However, Openshaw (1984)
asserts that any aggregated zonal system remains dependent on the basic units utilised in
the regionalization, as echoed by Cockings and Martin (2005). In essence, the effects of
MAUP by consequence of the use of aggregate data is always prevalent however it’s effect
can be minimised through scale and unit appropriate zonal definitions for commuting as
demonstrated through a range of illustrative measures. Based on this consideration, given
that wards have demonstrated an overall inadequate fit for modelling commuting (as
evidenced also by Lloyd et al, 2011) then the combination of closed zonal systems East and
West of the Bann with a basis on super output areas may provide a more justified solution
as a geography for commuting over the functional ward based aggregations.
Given the importance of robust distance decay parameters to the discipline of transport
planning for modelling, planning and predicting for present and future movements (Miller,
1999; Halás et al, 2014; De Vries et al, 2009; Loidl et al, 2016), the consistent and less varied
decay parameters presented by the functional models are of particular relevance to the
transport discipline. A zonal system which provides less spatial variation in the propensity to
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travel particularly between urban and rural areas has the potential to improve the efficiency
and impact of transport models.
In conclusion, regionalization and supplementary initial evaluation of spatial interaction
modelling proposes that superior fit zones for modelling commuting lie within a scale
between those of basic spatial units and travel to work areas. More specifically a superior fit
is demonstrated by a combination of constrained regions at an appropriate scale, such as
10,000 commuter functional regions to the West of the Bann and 20,000 commuter
functional regions to the East of the Bann for Northern Ireland, which reflect both the scale
and definition of the phenomema of commuting under investigation.
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Chapter 6 follows on logically from the identification and evaluation of suitable regions in
chapter 5 to model the demographics of commuting. This chapter utilises all knowledge and
evaluation gained in all previous chapters to robustly explore the objective of drawing out
and investigating the key variables which influence demographic patterns of movement at a
sub regional scale using more applicable functional areas suited to interaction data. This
chapter explores the demographics of commuting through use of statistical techniques in
Python and R for factor analysis including assessment of demographic correlation, and
cumulative variance. Furthermore, this chapter explores and evaluates interesting aspects
of local variation in commuter demographics through mapped representation of modelled
variable parameters. A robust foundation for both the spatial interaction modelling and the
demographic analysis is crucial to the confidence of the socio-economic evaluation of the
tendencies of commuters at regional and local level. A comparison of base models with
functional region models bears an evaluation which concludes that functional regions offer
a fuller and deeper analysis of demographics with extended variables emerging as having an
impact on flows.
Chapter 6 focuses further on the differentiation between production and attraction spatial
interaction models. As outlined by Wilson (1971), both singly constrained models preserve
either origin or destination flow totals. Within this chapter demographic evaluation is based
on both singly constrained models due to the modelled output availability of demographic
coefficients. Ideally, a doubly constrained model (production – attraction) would be utilised
in any evaluation, however, demographic variables cannot be incorporated into this tightly
constrained model and thus demographic coefficients are not available (Dennett, 2018).
Given, at this stage, that the characteristics of commuters relating to their propensity to
travel is the main consideration then evaluation based on the singly constrained models with
a range of explanatory variables demonstrating a high percentage of explained model fit, is
a viable approach to the aim of this chapter.
Dennett (2018) comments on the applied usage of production; attraction; and productionattraction (doubly) spatial interaction models. In a production constrained gravity model the
trip origins are known, thus the origins are constrained, and the aim of the model is to
allocate the flows to destinations. The ‘retail model’ is one common use for a production
(origin) constrained model given potential availability of customer spending based on
general demographic profiling (Dennett, 2018; Thomas and Huggett, 1980). Reynolds and
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Wood (2010) state that, based on their 2010 survey of location planning departments within
industry, around two thirds of location planning teams across all sectors, employ a spatial
interaction model for location planning. For an attraction model, the converse is true. The
trip destinations are known and constrained with the objective of allocating flows to origins.
A common attraction constrained gravity model is a residential allocation model (Thomas
and Huggett, 1980). Land Use Transport Interaction (LUTI) models utilised in urban planning
are also clear examples of attraction (destination) constrained interaction models (Dennett,
2018). This type of model could be employed for a new employment location, where the
number of new jobs and surrounding jobs is known. The benefit of the model, in this case,
lies with the estimation of where workers (and hence commuters) will be attracted from and
how this will impact on flows of traffic within the area (Dennett, 2018). When both origin
and destination flows are known, a production – attraction (doubly) constrained model is
possible. One of the most common examples is a transport model (O’Kelly, 2010). In a
transportation model the doubly constrained spatial interaction modelling is undertaken as
the distribution stage in the 4 step transport model (as referred to in Figure 2.8 and Figure
2.9) In summary, unconstrained or singly constrained are location models, doubly
constrained is a transportation model. In terms of transport planning, trip production refers
to the trips generated by residential zones and trip attraction is used to describe trips
generated by activities (such as work) at the non-home end of the trip (Rodrigue, 2017). In
this analysis of demographics, singly constrained models are the only viable options which
provide modelled coefficients. The purpose of the model therefore is not specifically aimed
at location planning moreover the singly constrained models provide the means for the
inclusion of demographic variables. In this respect the production (push) or attraction (pull)
elements sought by a purpose specific location model are not a major focus for this research.
However, the intricacies of push and pull factors are of relevance and are provided through
subtleties between production and attraction models. Therefore, both singly constrained
models are evaluated within chapter 6. Shuttleworth and Lloyd (2005) point to a number of
variables which are considered influences on journey to work patterns. These include wages
and occupation; ethnicity (considered in UK and USA); gender; transportation (including car
ownership); location; and urban form and land use (Shuttleworth and Lloyd, 2005). Many of
these influences can be considered as push (negative factors which prompt or necessitate
further travel) or pull (positive factors which encourage further travel) factors. Green et al.
(1999) point to some pull influences on longer distance commuting such the prestigious
nature of a job (indicating the pull of the workplace) or the choice of current residential
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location (indicating a home-based origin pull). They give an example of a push factor based
on the negative impact of redundancy (Green et al., 1999). Sharma and Chandrasekhar
(2014) note the influence of regional rural and urban unemployment rates and rural–urban
wage differentials as important push and pull factors in the decision to commute.
Shuttleworth and Lloyd (2005) assert however that enabling or hindering factors can be
difficult to separate in the rationale for journey to work distances.

6.1 Demographic Correlation
One of the outputs of the local spatial interaction modelling, as explained in the methodology
chapter 3 and implemented in chapter 5, is a set of modelled variables which quantify the
explained variance of each local area. As part of the modelling process, eight demographic
variables relating to:
•

the number of jobs;

•

level of economic activity (workers);

•

difference in the % of Catholic religion or religious upbringing between origin and
destination;

•

road length to nearest employment centre;

•

% of households with no car;

•

% of workers within national socio-economic classification 1-3;

•

deprivation rank;

•

and population density,

are stacked4 and modelled to evaluate the impact of each variable on the level of commuting
and the propensity to travel for each local area. Modelled explanatory variable parameters
are available for all 16 model runs however chapter 5 has demonstrated that a number of
these models notably model 4 & 5 (10K and 20K ward regions) for 2001 census data and
model 7 & 10 (10K West Bann and 20K East Bann regions) for 2011 census data, are a better
fit across a number of measures and therefore only the shortlisted models which are deemed
an appropriate functional fit for evaluation together with the base models shall be the
subject for presentation throughout this chapter.

4

Stacked refers to the Python method of listing the explanatory variables to be used in spatial
interaction modelling. The coding for the stack is evident in the Python script for stage 4 in appendix
C
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Using the modelled variable parameters for the six models of interest (4 shortlisted models
plus 2 base models), it is possible to construct a matrix of correlation to determine close
relationships between the variables for each model. This allows for the observation of
patterns emerging from the modelled data and by creating plots of the matrices, clear
presentation of the correlation of variables and their impact of the propensity to travel can
be observed. The source code written in Python for the creation and output of the
correlation matrix plots can be seen in Annex G Part 1. Figure 6.1– Figure 6.12 show the
correlation matrices for the models of interest starting with the base models, then the ward
2001 based region models followed by the 2011 SOA based region models. For each of the
figures the production matrix is presented first in red – blue shades and the attraction matrix
is presented below in green – pink shades.

Figure 6.1 M1 All SOA Modelled Variable Correlation Matrix for Production
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Figure 6.1 shows the correlation matrix for all modelled explanatory variables, the pseudo R2
statistic and the distance decay beta coefficient for an origin constrained production model
1. For the distance decay coefficient (as represented by the second row of the matrix) it is
observed that none of the explanatory variables are strongly correlated to distance decay.
The matrix shows a weak (less than 0.25) negative correlation between distance decay and
both percentage Catholic difference and deprivation rank.

Figure 6.2 M1 All SOA Modelled Variable Correlation Matrix for Attraction.

For the attraction destination constrained model (as shown in Figure 6.2) there is a strong
(greater than or equal to 0.6) negative correlation observed between distance decay and
pseudo R2. This indicates that higher levels of variance explained by the model are associated
with the spatial units (super output areas) which have lower distance decay values and thus
more willingness to travel further. This would indicate a greater level of uncertainty for
certain journeys and an overall indication of a weaker model. A weak positive correlation
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(less than 0.25) exists between distance decay and the percentage of workers within national
socio-economic classification 1-3, the population density and the number of workers. A weak
(less than 0.25) negative correlation exists between distance decay and deprivation rank, the
number of jobs, and the percentage of Catholic difference between origin and destination.
This indicates that with less deprivation (as deprivation rank improves), and as the number
of jobs increase the distance decay decreases and thus the propensity to travel further
increases. An increase in jobs equating to an increased propensity to travel is counterintuitive and reflects the base unit inappropriateness for the analysis at hand.

Figure 6.3 All Ward Modelled Variable Correlation Matrix for Production
Figure 6.3 and Figure 6.4 show the production and attraction correlations for the modelled
explanatory variables for Model 2 which covers all wards. The production model (Figure 6.3)
shows a weak (<0.25) positive correlation with the percentage of households with no car,
the percentage of occupations within NSEC1-3 and with deprivation rank. It shows a weak
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(<0.31) negative correlation with jobs, percentage of Catholic difference between origin and
destination and with the pseudo R2 statistic.
The attraction correlation matrix for model 2 (Figure 6.4) shows a stronger negative
correlation with jobs (-0.53) and pseudo R2 (-0.4), workers (-0.25) and deprivation rank (0.31). It shows a positive correlation with the percentage of occupations within NSEC1-3
(0.32) and population density (0.43). This is counter-intuitive for both jobs (with a negative
correlation indicating a willingness to travel with increased jobs) and NSEC1-3 occupations
(with a positive correlation indicating a reluctance to travel with increased professional and
managerial occupations) given that logically one would expect increased jobs to limit the
requirement for further travel and increased professional occupations to warrant the choice
to travel further (based on assessment by Champion, 2009; Green et al., 1999).

Figure 6.4 All Ward Modelled Variable Correlation Matrix for Attraction.

The production correlation matrix for model 4 (20,000 threshold ward regions) is shown in
Figure 6.5. This matrix for model 4 shows a higher negative correlation with the percentage
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of NSEC1-3 occupations (-0.49), and a weak negative correlation with the percentage of
households with no car (-0.27), and the percentage of Catholic difference between origin and
destination (-0.11). It shows a positive correlation with pseudo R2 statistic (0.52) and
population density (0.22), indicating as density increases, distance decay increases and thus
suggesting that urban dwellers are less willing to travel further. Notably, unlike the base
models, there is an intuitive negative correlation between the increase in professional
occupation (NSEC1-3) and distance decay indicating professional occupations are more
willing to travel to obtain suitable employment.

Figure 6.5 Model 4 20K Ward Regions Modelled Variable Correlation Matrix for Production.

From the model 4 attraction matrix in Figure 6.6 it is apparent that the distance decay
parameter has a negative correlation with jobs (-0.5), the percentage of households with no
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car (-0.3), the percentage of occupations within NSEC1-3 (-0.26), which like M4 production
model is an intuitive finding given the expectation that qualified professionals are willing to
travel further), the road distance to nearest employment centre (-0.31) and the pseudo R2
statistic (-0.54). In addition, for the M4 attraction model there is a positive correlation
between population density (0.29) and distance decay.

Figure 6.6 Model 4 20K Ward Regions Modelled Variable Correlation Matrix for Attraction.

Figure 6.7 shows the correlation matrix for model 5 (10,000 threshold ward regions)
production. From this figure it can be seen that the distance decay parameter is only very
weakly negatively correlated with a small number of variables (percentage of NSEC1-3
occupations and no car ownership). The matrix shows a strong positive correlation with %
Catholic difference (0.39), population density (0.5) and the pseudo R2 statistic (0.5) in relation
to the rate of distance decay. There is also a positive correlation with deprivation rank (0.28),
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jobs (0.13), the distance to nearest employment centre (0.3) and workers (0.35). This model
presents a logical relationship, unlike notably the base models, between increased jobs and
lesser requirement to travel.

Figure 6.7 Model 5 10K Ward Regions Modelled Variable Correlation Matrix for Production.

The attraction matrix for model 5 (as shown in Figure 6.8) indicates a weak negative
correlation between the distance decay and jobs (-0.16) and a negative correlation with
pseudo R2 (-0.42). The matrix shows a moderate positive correlation with % Catholic
difference (0.24), population density (0.48) and workers (0.44) in relation to the distance
decay parameter.
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Figure 6.8 Model 5 10K Ward Regions Modelled Variable Correlation Matrix for Attraction.

Figure 6.9 shows the production correlation matrix for model 7 (20,000 threshold East Bann
regions). In relation to the distance decay parameter, Figure 6.9 shows a positive correlation
with the percentage of NSEC1-3 occupations (0.49), and weak positive correlation with jobs
(0.1), % Catholic difference (0.16). The matrix shows a negative correlation with deprivation
(-0.24), population density (-0.19), the distance to nearest employment centre (-0.29) and
workers (-0.24).
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Figure 6.9 Model 7 20K East Bann Regions Modelled Variable Correlation Matrix for Production

The attraction correlation matrix for model 7 as shown in Figure 6.10 shows a positive
correlation between distance decay with the percentage of NSEC1-3 occupations (0.33), the
percentage of households with no car (0.16), and the percentage of Catholic difference
between origin and destination (0.17). Figure 6.10 also shows a negative correlation with
deprivation (-0.22), jobs (-0.27), and the distance to the nearest employment centre (-0.42)
in relation to distance decay.
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Figure 6.10 Model 7 20K East Bann Regions Modelled Variable Correlation Matrix for Attraction.

Figure 6.11 shows the production correlation matrix for model 10 (10,000 threshold West
Bann regions). It shows a strong positive correlation between distance decay and the
percentage of NSEC1-3 occupations (0.58), the percentage of Catholic difference between
origin and destination (0.58), the distance to nearest employment centre (0.52), and the
number of workers (0.31). It shows a strong negative correlation between distance decay
and deprivation rank rank (-0.69) and jobs (-0.79). The strong positive correlation between
Catholic difference and the propensity to travel is noticeable. This indicates that differences
in religion between home location and potential work location is a barrier to travel.
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Figure 6.11 Model 10 10K West Bann Regions Modelled Variable Correlation Matrix for
Production

The attraction correlation matrix for model 10 is shown in Figure 6.12. The matrix
demonstrates a positive correlation between distance decay and both the percentage of
NSEC1-3 occupations (0.56), and deprivation (0.5). For model 10 attraction, distance decay
shows a strong negative correlation with the number of jobs (-0.79), the percentage Catholic
difference between origin and destination (-0.35), number of workers (-0.59), the road
distance to nearest employment centre (-0.49), and the pseudo R2 statistic (-0.55).
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Figure 6.12 Model 10 10K West Bann Regions Modelled Variable Correlation Matrix for Attraction.

Overall there are a number of general observations which can drawn from the coefficients
presented in Figure 6.1 to Figure 6.12 and detailed subsequently in relation to distance decay
and the willingness to travel. One observation is that of a mostly negative correlation with
deprivation across the tested models. This indicates that as deprivation rank increases
distance decay decreases. Increasing deprivation rank on a scale from 1 (most deprived) to
890 (least deprived) indicates less deprivation (as explored in section 4.9.2 and Figure 4.30).
Therefore, less deprived areas are more willing to travel further. Given that 50% of a
deprivation measure and rank is based on the domains of income and employment (as shown
in Figure 4.28), this finding relating to deprivation correlates with theory that less well paid
and lower status professions live closer to home in order to reduce commuting costs and
higher income workers can afford to live further from work and thus have an increased
commuting distance given the concentration of higher calibre jobs (Shuttleworth and Lloyd,
2005; Simpson 1992). This finding is however contradictory to the global regression
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undertaken by Shuttleworth and Lloyd (2005) who propose that for Northern Ireland
deprivation has a positive correlation with travel distances, that is, deprivation within
employment scarce rural areas may drive the need to commute further. This finding is less
universal however when local regression modelling is introduced as part of their analysis.
Spatial variation within the province varied greatly for the deprivation coefficient indicating
positive values in the West of Belfast and in the far West and less positive or negative values
in the middle of the province. Shuttleworth and Lloyd (2005) show that local regression of
deprivation in relation to commuting distances varies spatially across the province.
With regard to population density, across most of the models the coefficients demonstrate
a positive correlation indicating that as the density increases the distance decay increases
and thus the willingness to travel decreases. This is logical that denser areas have a higher
decay and are therefore less willing to travel due to greater access to employment
opportunities. In recalling the concept of a distance decay function, “the parameter β is of
great importance, since it specifies the level of deterrence or impedance to travel created by
distance” (Iacono et al., 2008) . This finding corresponds well with findings from Shuttleworth
and Lloyd (2005) and Coombes and Raybould (2001) who, based on empirical research,
propose that urban dwellers are less likely to travel further due to rich employment
accessibility. Shuttleworth and Lloyd (2005) point to the work of Smith and Chambers (1991)
which states the high correlation between population density and employment accessibility.
There is also largely a positive correlation between distance decay and NSEC 1-3 occupations.
As the percentage of managerial and professional occupations increase the distance decay
increases. This is counter intuitive. One would logically expect that as the percentage of
commuters within higher professional occupations increases the willingness to travel further
would increase (as identified by Shuttleworth and Lloyd, 2005). There may be a possible
relationship between migration levels and the percentage of NSEC1-3 occupations with a
possible theory that those higher professionals are able to move residence closer to
employment locations or the relationship may reflect changes in working patterns. These
theories however have not been tested. The models do however show a difference in the
functional models in relation to NSEC1-3, particularly model 4 for 20,000 regions. Model 4
shows a strong negative correlation of -0.49 (production model Figure 6.5) and -0.26
(attraction model Figure 6.6) between distance decay and NSEC1-3. These functional models
would indicate that as the percentage of professional occupations increase the rate of
distance decay decreases and thus a greater willingness to travel. This aligns with the
findings of Shuttleworth and Lloyd (2005) who propose that workers in higher status
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occupations such as NSEC1-3 (Managers and administrators, Professionals, and Associate
professionals) travel further than those in lower status occupations such as NSEC8-9 (Plant
and machine operatives and Other occupations).

Green and Owen (2006) in their

investigation of the propensity to commute short distances (under 5 kilometers) from 2001
census individual microdata echo this finding relating to fewer shorter distance journeys for
workers with high level qualifications but also advance this finding for those with little or no
qualifications. This assertion illustrates the difficulty of evaluating singular coefficients
relating to the determinants of commuting across geographically large areas.
There are mixed correlation results between the number of jobs and distance decay. For the
base models (1 & 2) there is a negative correlation between the number of jobs and distance
decay indicating that as the employment opportunities increase distance decay decreases
and the deterrent to travel decreases. This represents a counter-intuitive correlation based
on the theory that more opportunities would equate to a lesser need to travel or move for
other opportunities. However, a number of the created functional fit models (model 5 & 7)
show a positive correlation indicating that as jobs increase the distance decay increases and
there is more deterrent to travel (given less of a requirement to do so).
The road distance to the nearest employment centre is also largely negatively correlated. As
the distance to an employment centre increases the distance decay decreases and the
propensity to travel is greater. This is largely a correlation which emerges more strongly from
the created functional models than the base models. As a logical correlation it reflects the
impact of rurality on the requirement to be willing to travel further. Shuttleworth and Lloyd
(2005), Coombes and Raybould (2001), and Champion (2009) all examine locational context
and rural-urban differences in journey to work patterns. Lloyd and Shuttleworth (2005) note
the work of McQuaid and Lindsay (2002) who regard the clear role that the spatial
accessibility of employment plays in shaping overall employment patterns. The importance
of the spatial accessibility of employment is clearly demonstrated by the strength of the road
distance to nearest employment centre variable within the functional region attraction
models (as demonstrated by higher distance betas – Rd Dist to EC correlations in Figure 6.10
and Figure 6.12).
It is interesting to assess the relationship between a modelled output and distance decay.
Largely the pseudo R2 coefficients, which are a measure of the accuracy of the model in
predicting the variance of the local area, are negatively correlated to distance decay. As
distance decay increases the model fit decreases. This relationship is particularly the case for
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the base models rather than the functional region models. This would indicate that the areas
of high distance decay indicating an apparent reluctance to travel are deemed to be less
accurate in terms of predicted variance. This is a further indicator of unreliability of the basic
spatial units for modelling journey to work flows and associated propensity to travel. This
correlates with the findings of Lloyd et al (2011) which question the reliability of distance
decay parameters modelled from ward units.
For the Catholic difference variable, the results from the models are mixed. Base model 1
(all SOA), base model 2 (all Wards) and model 4 show a weak negative correlation with the
percentage of Catholic difference. Functional models 5, 7 and 10 show a positive correlation
with percentage Catholic difference. A negative correlation would mean that as the Catholic
difference between origin and destination increases the distance decay decreases and so
there is less of a deterrence to travel. A positive correlation would indicate that as the
Catholic difference between origin and destination increases the distance decay increases
and thus the deterrence to travel is greater – more unwilling to travel. The difference from
base models results to functional fit results is interesting. In this research therefore a
functional model would indicate that religious differences between place of home and
place of work are a barrier to travel. Patterns of travel to work for minority groups have
been investigated by Leonard (1987) and reveals an associated longer commute in both the
USA and the UK. Coombes and Raybould (2001) observe conversely a lower distance
commute for minority populations. The investigation of ethnicity in terms of minority
groupings is of relevance to the religious variable which is one of the explanatory variables
of this research given that Catholic is a minority upbringing in Northern Ireland in both 2001
and 2011. However, comparison with the UK and USA may not be entirely transferable given
that a Catholic upbringing upholds a large minority within the province and a history of
religious based conflict may influence any potential barriers to work based movements
(Shuttleworth and Lloyd, 2005). Shuttleworth and Lloyd (2005) however note the interesting
potential of an investigation of religion as a determinant on travel given such legacy of
conflict and the potential for any associated physical or physchological obstacles to
movement. In their research Shuttleworth and Lloyd (2005) find that religion does not have
significanct impact on the propensity to travel in a global regression model. However, within
a local regression model, their findings point to a lower propensity to travel associated with
a Catholic upbringing (Shuttleworth and Lloyd, 2005). The potential causal influences such
as labour market nuances, discrimination or personal choice, for this difference, as cited by
Shuttleworth and Lloyd (2005) cannot be determined without further detailed investigation.
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Findings of this research relating to the impact of religious upbringing on the propensity to
travel concur with those of Shuttleworth and Lloyd (2005) in relation to local modelling and
furthermore demonstrate the benefit of functional regions in drawing out such observations.
Key findings from the demographic correlation analysis are:
•

Less deprived areas are more willing to travel further

•

Urban dwellers are less likely to travel to work further

•

Functional models show as jobs increase there is less requirement to travel.

•

Rurality and greater distances to employment centres require a greater propensity
to travel.

•

Functional models would indicate that religious differences between place of
home and place of work are a barrier to travel.

6.2 Factor Analysis

Factor analysis as outlined in the methodology section 3.1 is a technique employed to draw
out and investigate the variables which influence patterns of movement beyond correlation
analysis. Factor analysis and its evaluation directly address the research objective to
investigate demographic patterns of movement. Factor analysis is a method with the
capability to reduce several correlated variables into a group(s) with a common overarching
link called factors. Ford (2016) terms factor analysis as the ability “to describe correlated
relationships among many variables in terms of a few unobserved quantities called factors.
Factor analysis seeks to model the correlation matrix with fewer variables called factors”.
There are two main strands of factor analysis namely confirmatory factor analysis (CFA) and
exploratory factor analysis (EFA) which seek to confirm hypotheses or discover patterns
respectively (Yong and Pearce, 2013). This reduction from numerous variables to fewer
latent variables which “share a common variance and are unobservable, known as reducing
dimensionality” (Yong and Pearce, 2013) aids in the discovery of underlying broader factors.
Exploratory factor analysis is the strand which is of relevance and interest to this research,
in that, it can provide the capabilities to discover underlying latencies should they exist. In
undertaking EFA Ford (2016) proposes that there are three main decisions to be made which
are:
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•

Decision on the number of factors

•

Decision on the estimation method

•

Decision on the rotation method.

In addition, the author of this research would contribute a supplementary decision to be
undertaken which may be as equally difficult as the determination of the appropriate
number of factors. The fourth therefore is a:
•

Decision and evaluation on factor meanings

These decisions are explained in turn briefly within the next section.

6.3 Open Source Factor Analysis

The methodology to this point in the research has focused largely on an open source
approach driven by Python programming. Whilst factor analysis can be undertaken within
proprietary or research software, such as SPSS or Matlab, options can be limiting, and
transparency of method is an issue for the open objective of this research. Python provides
a superior suite of packages to undertake regionalization, spatial interaction modelling and
data preparation or data science functionalities as exemplified in earlier chapters. Within
Python there are a small number of packages which support factor analysis under an open
source framework such as scikit learn (sklearn). However, after initial testing of
both scikit learn and a contemporary R library called Factanal, the limitations of
Python over R became apparent. Factanal offers a fuller scope of output and visualisation
of analysis and thus offered a superior and more developed open framework for undertaking
factor analysis. An example of an R script written using Factanal to run factor analysis for
one of the selected models is available to view in Appendix D. It is of noteworthy interest to
mention that there is an element of overlap between Python and R so this dedicated R script
for undertaking factor analysis could be integrated within the flow of the core Python
scripting for this research as illustrated in Appendix A (Stage 2 Regionalization) and Appendix
C (Stage 4 spatial interaction modelling). Given its open nature and advances in the ease of
use (Dennett, 2018), the utilisation of an R library for this limited section of analysis does not
have a detrimal impact on the reproducibility – replication level of the research.
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6.3.1 Number of Factors & Scree Plots
Factor analysis relies on variances to produce and identify similarities between variables.
Variances are calculated from the square of factor loadings. Factor loadings reflect how much
a variable is accounted for within a factor. Values of loadings range from -1 to 1. Loadings
which are close to 0 indicate the factor does not explain the variable, conversely a value close
to 1 or -1 indicates the factor strongly confirms the variable. Variables may be explained
across more than one factor. Often the goal of factor extraction is to attribute as much
variance as possible to the first factor. The similarity is the variance in the observed variables
which are accountable by a latent factor (Child, 2006). Factanal library in R or Sklearn
package in Python offers the functionality when undertaking factor analysis to plot the
cumulative variance in relation to the cumulative number of factors based on a
predetermined number of factors. This plot shows the cumulative variance curve achieved
by a successive number of factors. Appendix G Part 2 shows the Python script to construct a
cumulative variance plot based on factor analysis loadings.
Figure 6.13, Figure 6.14 and Figure 6.15 show the scree plots for cumulative variance based
on eigenvalues ( a measure of explained variance). Cattell (1978) proposed the concept of
scree plots consisting of eigenvalues and factors as a method to determine a valid number
of factors to employ in the analysis. A scree plot, which is commonly utilised in multivariate
statistics, is therefore a line plot of eigenvalues which is used to determine the number of
factors to retain in an exploratory factor analysis (Cattell, 1978). Yong and Pearce (2013)
explain the technique to determine the appropriate number of factors from a scree plot.
They state that “the number of factors to be retained is the data points that are above the
break (i.e., point of inflexion). To determine the ‘break’, researchers draw a horizontal line
and a vertical line starting from each end of the curve.” (Yong and Pearce, 2013)
The R library Factanal offers as default maximum likelihood as an estimation method and
varimax as rotation method. Johnson and Wichern (2007), through investigation, propose a
preference for maximum likelihood estimation which coincides with the library default
estimator. Yong and Pearce (2013) recommend the use of varimax rotation method in
beginning to explore a dataset. Factor rotation allows for the possibility of more
distinguishable factors which are easier to interpret.
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Figure 6.13 Cumulative Variance Plots for Models 1 & 2

Figure 6.14 Cumulative Variance Plots for Models 4 & 5
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Figure 6.15 Cumulative Variance Plots for Models 7 & 10

6.3.2 A Wider Approach in Determining the Number of Factors
Yong and Pearce (2013) state that the scree may be unreliable as a method when the data
points are below 200. This is the case with a number of the models for this research which
feature units or regions less than 200. Therefore, a further method for determination of the
number of factors is proposed through use of the nFactors library. Many authors observe
that the decision on the number of factors chosen is critical to the results achieved in factor
analysis (Raiche and Magis, 2015; Leech, Barrett et al. 2007). The R library nFactors
(Raiche and Magis 2015) provides a basis for a number of methods within one library to
determine the optimal number of factors based on the correlation matrix. This library
provides a combination of statistical measures to present a range of factor determination
methods. Raiche and Magis (2015) describe it as a set of “indices, heuristics and strategies to
help determine the number of factors to retain”.
Raiche and Magis (2015) within the nFactors documentation point to the use of four
methods to determine factors. These approaches are optimal coordinates, acceleration
factor, parallel analysis and the Kaiser rule. The Kaiser rule indicates the eigenvalues greater
than one and the acceleration factor indicates “where the elbow of the scree plot appears. It
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corresponds to the acceleration of the curve, i.e. the second derivative.”(Raiche and Magis,
2015). The nFactors library is run on all 16 models results under both the production and
attraction constraints. The R code detailing the procedure to read the correlation matrix of
outputs for the pseudo values, beta values and 8 demographic variables and to apply the
nFactors method to determine the most optimal number of factors for each of the model
run results under the two constraints of production and attraction is shown in Appendix H.
For the selected models only these different number of factor solutions based on different
strategies are presented in Figure 6.16 (for model 1 & 2), Figure 6.17 (for model 4 & 5) and
Figure 6.18 (for model 7 and 10). These solutions provide a more analytical approach over a
visual approach based on scree plot alone in the number of factors decision-making.
It is clear from the plots in Figure 6.16, Figure 6.17 and Figure 6.18 and the summary in Table
6.1 that there is a large variation in the ‘optimal’ number of factors for each model depending
on the factor determination method. Eigenvalue and parallel analysis methods propose
generally the highest number of factors generally 4 factors for eigenvalue / Kaiser method
(with the exception of model 10 which is 2 factors) and generally between 3-6 factors for the
parallel analysis (with the exception of model 10 which proposes 1 or 2). The proposed
number of factors for the optimal coordinates and acceleration factor is generally lower with
an optimal number for optimal coordinates between 1 and 4 and acceleration factor
proposed either 1 or 2 (with the exception of Model 5 attraction).
It is therefore, as identified by many authors previously (Raiche and Magis 2015; Leech et al.
2007), difficult to decide on the appropriate number of factors which will optimally pull out
the required variable associations. The selected models are run based on the eigenvalue
(threshold above 1) and the acceleration factor as shown in Table 6.1.
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Figure 6.16 Solution to number of Factors – nFactors Plot for Models 1 & 2
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Figure 6.17 Solution to number of Factors – nFactors Plot for Models 4 & 5

208 | P a g e

Chapter 6: The Demographics of Commuting

Figure 6.18 Solution to number of Factors – nFactors Plot for Models 7 & 10
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The information from these charts (Figure 6.16-Figure 6.18) and the factor solutions is
summarised in Table 6.1.

MODEL
M1
M1
M2
M2
M4
M4
M5
M5
M7
M7
M10
M10
Mean

Constraint
PROD
ATTRACT
PROD
ATTRACT
PROD
ATTRACT
PROD
ATTRACT
PROD
ATTRACT
PROD
ATTRACT

Eigen
4
4
4
4
4
4
4
4
4
4
2
2
3.666667

Parallel Analysis
4
4
4
4
6
4
4
3
4
5
2
1

Optimal Coordinates
2
1
0
3
6
4
1
3
4
5
2
1

Acceleration Factor
2
1
2
2
2
2
1
3
1
1
2
1

Table 6.1 Summary of nFactors Solutions for Selected Models

6.4 Acceleration Factor and Eigenvalues Method
As can be seen in Table 6.1 most of the models recommend using the acceleration method
with a solution of either 1 or 2 factors. Despite the low number of factors being a positive
contribution to the overall p-value of the factor analysis results for models with a smaller
number of units, the overall decision in suitability of accelerated factors is deemed too
limited in factors for the scope of the variables presented. The eigenvalues factor method
and acceleration are only method for consideration initially under this research as these
methods cover the minimum and average of factor solutions presented as can be seen in
Table 6.1. On assessment of the ten coefficients and parameters from spatial interaction
modelling which are available for analysis, on consideration by the author, there are four
possible pre-advance contemplated groupings of variables. These relate to socio-economic
demographics (jobs; % households no car; % NSEC 1-3; workers; and deprivation rank); urban
or rural designations (population density and road distance to nearest employment centre);
cultural (% Catholic difference); and modelled (pseudo R2 and distance decay betas).
Arguably these variables within the groupings are not mutually exclusive and are based on
notional linkages. Further consideration of the factor analysis results presented within this
chapter will seek to identify groupings of related factors. This advance concept of groupings
presented by the author simply seeks to assess the most beneficial method for the decision
on the number of factors. This advance set of groupings is one element in the decision to
choose eigenvalues method over accelerated factor. The second relates to the percentage
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of variance accounted for by the factor methods. For the considered models the accelerated
factor method accounts for between 22 – 44% of the variance. The eigenvalues method
accounts for between 59 – 78% of variance (as shown in Table 6.2) across the production and
attraction models. The eigenvalues method for the number of factors accounts for more
model variance and is therefore the method of focus for the factor analysis results.

6.5 Factor Analysis Results, Uniqueness and Communalities
Factor 1 Factor 2 Factor 3 Factor 4 p-value
M1
0.22
0.37
0.5
0.59
5.98E-47
M2
0.18
0.34
0.48
0.6
5.45E-55
M4
0.22
0.39
0.54
0.68
0.179
M5
0.22
0.42
0.54
0.63
1.56E-05
M7
0.22
0.44
0.62
0.77
0.0952
M10
0.5
0.78
0.171
Table 6.2 Factor Analysis Cumulative Variance for Models

Variable / Parameter
Deprivation Rank
Distance betas
Jobs
% Catholic difference
% Households No Car
% NSEC 1-3
Population Density
Road Dist to Emp Centre
Workers
Pseudo R2

M1
0.11
0.94
0.32
0
0
0.49
0
0.44
0.82

Eigenvalues Uniqueness
M2
M4
M5
M7
0.18
0
0.18
0
0.84
0
0.78
0.77
0.46
0.61
0.3
0
1
0.87
0.82
0
0
0
0
0
0.21
0.13
0.03
0.43
0.52
0
0.13
0
0
0.63
0.23
0.6
0.5
0
0.01
0.47
0.59
0.81
0.31

M10
0
0.38
0.72
0.07
0
0.15
0.08
0.33

Table 6.3 Factor Analysis Variable Uniqueness

Initial results from the factor analysis based on the eigenvalues method are displayed in
Table 6.2 showing cumulative variance across factors and Table 6.3 showing the uniqueness
of variables. It is clear from Table 6.2 that models 1 & 2 have the lowest amount of explained
variance with 0.59 and 0.60. This means that 59% and 60% of the variance within model 1
and model 2 respectively is accounted for by the four factors. This figure rises to 77% and
78% for model 7 and model 10 respectively with the ward based functional region models (4
and 5) variance in between. It is clear from this that the functional regions (models 4,5,7, 10)
have more observed explanation under four latent groupings or factors. This correlates also
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with higher p-values, a statistic relating to the significance of the results, for the functional
region models as can be seen in Table 6.2 with higher p-values for model 4, 7 and 10 and
much lower p-values for models 1 and 2.
Values of uniqueness for the modelled variables are presented in Table 6.3. Uniqueness is
the variance for each variable which is unexplained by the factors (4 factors in all cases
presented with the exception of model 10 with 2 factors). Variables which score highly in
uniqueness are largely unrelated to the factors presented. It can be seen from Table 6.3 that
largely the modelled coefficients of distance decay and pseudo R2 have higher levels of
uniqueness. This would be as expected given that these are modelled outputs and are not
variables. Overall, deprivation rank, the percentage of households with no car, the
percentage of occupations within NSEC 1-3 show a low level of uniqueness indicating that
these variables are largely well explained by broader factors. Table 6.3 shows that broadly, a
higher degree of uniqueness is observed for the number of jobs, the percentage Catholic
difference between origin and destination, indicating that these variables may be more
complex to understand and evaluate. A few of the variables such as the number of workers,
percentage Catholic difference, and population density display a noticeable difference
between the base and functional models. The uniqueness is much lower for these variables
for the functional models indicating a higher degree of explained variance for these variables
within these models.
Related to uniqueness is the concept of communalities which conversely measures the
variance of each variable which is related to the factors and to other variables. High
communalities are linked to high assignment or belonging to the factors. Communalities are
calculated from (1 – uniqueness). A graphical representation of the communalities as
calculated from the uniqueness values is presented in Figure 6.19 (for the eigenvalue
solution). Based on Figure 6.19 for the eigenvalue factor solution, it can be seen that for all
of the assessed models a high % of common variance is associated with the factors for
deprivation rank, % of households with no car; % of those in occupations NSEC 1-3; and road
distance to employment centre. There is a medium level of variance associated with the
factors for jobs and population density. There is a higher level of associated variance for the
models which feature created regions (Model 4, 5, 7 & 10) for the % of Catholic difference
variable, for the workers variable and for the modelled parameters of distance betas and
pseudo R2.
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Eigenvalue Factors Variable Communalities
1.2
1
0.8
0.6
0.4
0.2
0
M1 PROD

M2 PROD

M4 PROD

M5 PROD

M7 PROD

M10 PROD

Jobs

% House No Car

% NSEC 1-3

Dep Rank

% Cath Diff

Workers

Pop Dens

Rd Dist Emp C

Dist Betas

pseudo R2

Figure 6.19 Communalities for Eigenvalues Factor Solution

6.6 Variable Groupings and Understanding Patterns of Factors
Naming of factors can prove difficult in that a name may not accurately reflect or encompass
the meaning of each linked variable (Yong and Pearce, 2013). The naming of factors is also
highly evaluative and subjective. Factor analysis is however a procedure which is beneficial
and allows for broad patterns to emerge from complex data. Table 6.4 to Table 6.9 show the
variable loadings onto each factor over a threshold of 0.30. The higher the value the greater
the strength of association to the factor. Table 6.4 to Table 6.9 highlight in bold colours the
variable loadings which are highest for the factors.
M1 Production
F1
F2
F3
% H No Car
% NSEC.1-3

0.93
0.81

Pop Dens

-0.55

Jobs

-0.42 0.52

Rd Dist EC
Dep Rank
Workers
Dist betas

0.36
-0.43

M1 Attraction
F1
F2
F3

F4
0.35

0.4
0.39

0.98
0.89

Dep Rank
-0.77
% NSEC.1-3 0.88
Dist betas
pseudoR2
% H No Car

-0.34
0.79
-0.73
0.99
0.98

Jobs
% Cath Diff

Pop Dens
% Cath Diff
2
Rd Dist EC
pseudoR
-0.38
Table 6.4 Factor Loadings for Model 1 – All SOA
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These represent a pattern of emerging variables and groupings (factors) for each of the
models of interest. It is noteworthy that the different models are portraying different
patterns of emerging groupings.

M2 Production
F1
F2
F3
% H No Car
Pop Dens

M2 Attraction
F1
F2
F3

F4
Dep Rank

0.98
-0.58

0.38

% NSEC.1-3

Jobs

0.72

Dist betas

Workers

0.59

Jobs

pseudoR2

0.65

Pop Dens

Dep Rank
% NSEC.1-3

0.64

0.87

% H No Car

-0.74

Rd Dist EC

Rd Dist EC

0.97

M4 Production
F1
F2
F3
% H No Car
% NSEC.1-3
Pop Dens
Workers

-0.61
0.59

0.3
0.96

Dist betas
pseudoR2

0.74
0.38

-0.5 -0.38
0.72

0.32
0.96
0.99

0.97
0.58
0.3

0.95

-0.43

F4

Dep Rank
0.99
% H No Car 0.71
-0.41 0.56
% NSEC.1-3 -0.77
-0.46
Dist betas
-0.59
0.4
Jobs
0.97
Pop Dens
0.7
Workers
0.61 0.74
% Cath Diff
0.38
Rd Dist EC
0.36 0.44

pseudoR2
% Cath Diff
-0.46
Table 6.6 Factor Loadings for Model 4 – 20k Ward Regions
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0.36

M4 Attraction
F1
F2
F3

F4

-0.58
0.88 0.33
0.57 -0.46 -0.35 0.35

Rd Dist EC

-0.86

% Cath Diff

pseudoR2
% Cath Diff
Table 6.5 Factor Loadings for Model 2 – All Wards

Dep Rank

0.89

Workers

Dist betas

Jobs

F4
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M5 Production
F1
F2
F3
Dep Rank

M5 Attraction
F1
F2
F3

F4

0.48

Jobs

-0.74
0.8

Jobs
% H No Car

% H No Car

-0.84

-0.5

Dep Rank

% NSEC.1-3
Pop Dens

0.82

Workers

-0.71
0.93
0.58

% NSEC.1-3

-0.92
0.51

Rd Dist EC

0.58

Dist betas
% Cath Diff

0.85
0.7

2

-0.62

Dist betas

0.6 0.67

Pop Dens

0.3
-0.34

-0.8

Workers
pseudoR

0.97

F4

-0.32

% Cath Diff

0.89
0.45

Rd Dist EC
pseudoR2
0.41
Table 6.7 Factor Loadings for Model 5 – 10k Ward Regions

M7 Production
F1
F2
F3
Rd Dist EC

0.68
0.88
0.58

Workers
pseudoR2
% NSEC.1-3
Dep Rank

0.47
0.38
0.53
0.64

% H No Car
Pop Dens

F4

-0.9 -0.31
-0.64

0.34

-0.98

Dist betas

Dep Rank

0.41

pseudoR

0.5
0.42 -0.33
0.73 -0.47

0.61
2

0.69
0.62

Dist betas

-0.47

F4

-0.82

Workers

0.71

Jobs

% NSEC.1-3 -0.89
% H No Car -0.83
Pop Dens
0.95
Rd Dist EC
0.72
Jobs

-0.98
0.58

M7 Attraction
F1
F2
F3

0.98

% Cath Diff
% Cath Diff -0.43
-0.4
Table 6.8 Factor Loadings for Model 7 – 20k East Bann Regions

M10 Production
F1
Dep Rank
Dist betas
% Cath Diff

-0.97
0.57
0.96

Rd Dist EC
Workers

0.83
0.92

M10 Attraction
F2
0.54
0.41

F1
% NSEC.1-3
Dist betas
pseudoR2

-1
-0.56 -0.31
0.81 0.32

Dep Rank
Jobs

-0.45 -0.88
0.35 0.54

% Cath Diff
% NSEC.1-3
1
Rd Dist EC
Jobs
-0.51
2
Workers
pseudoR
-0.61
Table 6.9 Factor Loadings for Model 10 – 10k West Bann Regions
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F2

0.5
0.68

0.73
0.82
0.71

Chapter 6: The Demographics of Commuting
It is observable from the factor loadings for the base models 1 and 2 as can be seen in Table
6.4 and Table 6.5 that there are high loadings and therefore groupings across at most two
variables for the production and attraction factors. The other models (4,5,7 & 10) based on
created functional regions have a larger number of variables loaded onto the first and second
factors which carry the higher percentages of variance. This can be seen in Table 6.6, Table
6.7, Table 6.8 and Table 6.9. More variables are loaded onto the first two factors which
signifies a greater association with the variables. Figure 6.20 shows an example of the limited
variable loadings on the first two factors for a base model (model 1) and in Figure 6.21, in
comparison, the enhanced loading of variables onto the first two factors for model 7 which
is preferable for factor analysis. (Child, 2006).

Figure 6.20 M1 Factor Analysis Groupings

Figure 6.21 M7 Factor Analysis Groupings
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6.7 Model Demographic Evaluation
The aim of the analysis throughout this chapter, as detailed in the objectives of the research
in section 1.4.1 is to understand and evaluate any benefit of the use of regionalization and
more specifically created functional regions for spatial interaction modelling to better
understand the demographic characteristics of commuting. Results of the factor analysis
based on the spatially interactive modelled coefficients have been presented for key models
of interest, notably the 10,000 and 20,000 threshold ward based regions and the 20,000
threshold east of the Bann regions coupled with the 10,000 threshold west of the Bann
regions in addition to the base model of all super output areas and all wards for
comparability. The factor analysis can be evaluated by comparing base model 2 for all wards
with model 4 and 5 whereby the regions have been constructed from 2001 ward data.
Similarly, base model 1 for all super output areas can be compared with model 7 and model
10 whereby the regions have been constructed from 2011 super output area data for east
and west of the River Bann. In comparing in this way an evaluation can be offered to the
extent and value of the created regions in the assessment of the demographics of
commuting.

6.7.1 2001 Functional Model Factor Naming
When considering the comparison between model 2 (all wards in 2001) and models 4 & 5
(created functional regions covering 10,000 or 20,000 commuters created from 2001 data)
several observations can be made as follows.
Table 6.5 - Table 6.7 show that more variables are grouped onto the 1st and 2nd factors for
the functional models 4 & 5 than base model 2 indicating a greater complexity of mix in
variables which are influencing patterns of movement. This complexity of emerging interrelated variables corresponds with Coombes and Raybould’s (2001) proposal that social and
locational factors of commuting are “interwoven in a complex way” (Shuttleworth and Lloyd,
2005, p.911). Clearly, there are multiple inter-related determinants of commuting which
emerge from the functional models.
The key variables for journey to work for a production model where push factors are
prevalent are the % of households with no car and population density (based on model 2).
For an attraction model the pull factors are deprivation rank and the % of professional
occupations in NSEC1-3 (based on model 2). These key variables are logical. Push factors are
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low population density levels (rurality) and thus lower levels of employment opportunities
in an area. Pull factors are higher economic and service levels coupled with a greater range
of quality professional jobs on offer. Models 4 and 5, based on the functional regions for
2001, also identify these key variables but additionally include further key variables including
jobs; workers; and % of NSEC1-3 professional occupations for production and additionally
the % of households with no car within the attraction model. This would indicate that low
levels of job availability together with professionally qualified workers add to the push
factors whereas an increase in the % of households with no car (urbanity) is added to the
pull factors. This may indicate a significant urban-rural dimension to the push and pull factors
with the % percentage of households with no car as a disadvantage in rural areas (push) and
the % percentage of households with no car as an advantage in and an indication of an urban
area with associated employment and services (pull). This entanglement of the cause and
effect of variables has been raised by Shuttleworth and Lloyd (2005) and Coombes and
Raybould (2001) whereby the level of a variable such as car ownership may have different
indicators. In the case of car ownership, low levels associated with inner city areas may be
an effect of social deprivation or an effect of the reduced travel distances to employment
and therefore reduced need for a car.
The % of Catholic difference between origin and destination is beginning to appear as a
prominent variable for 2001 data within models 4 & 5 for the functional regions which does
not feature heavily within base model 2. This is evidenced through higher correlation values
for the % of Catholic difference in relation to distance decay and also higher loadings on the
factor analysis results. This would indicate that although the % of Catholic difference
between origin and destination is less of an influencing variable than other variables it does
nonetheless have an influence on patterns and volumes to work related movements and this
pattern is only appearing through use of a geographical basis which is functional for
commuting. This finding echos the research on the impact of religion on journey to work
distances by Shuttleworth and Lloyd (2005) whose research asserts the relationship between
religious upbringing (Catholic) and lower mean travel to work distances.
Overall, the % of households with no car, deprivation rank and % of NSEC 1-3 professions are
key influencers of journey to work flows across both push (production) and pull (attraction)
factors for all models. These are key variables which emerge from all the base geographical
units tested by this research. Interestingly, further correlated variables for % of Catholic
difference, jobs and workers emerge from the functional regions and are thus intercorrelated
and influencers to flows.
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Figure 6.22 2001 Functional Regions Named Factor Groupings

Figure 6.22 is an evaluative titled summary of the factors or groupings for the functional
models for 2001. The titling of the factors is only carried out for the models which are based
on the functional created regions given that they offer a greater mix and loading of variables
over the base models. Figure 6.22 differs from Figure 6.20 and Figure 6.21 in that the
variables associated with each factor are evaluated with a name which summarises the
grouping of variables. In reflecting upon Figure 6.22 and the named groupings which
influence flows, overrulingly, the social and economic levels of an area have greatest
influence. Some other broad groupings are also evident. These include employment
accessibility, cultural nuances, and rurality. Rurality, as a named grouping, comprises
variables relating to population density, road distance to the nearest employment centre and
% Catholic difference. Although subjective, the naming of such a grouping as rurality is
thought to encompass the lower levels of population density, the increased road distances
to employment centres and increased levels of community background segregated
populations (as explored and demonstrated in chapter 4). The notional concept of the
influence of rurality can be expressed as rural dwellers with potentially increased distances
to travel and less accessibility or as the reverse as urban dwellers with a low level of rurality,
potentially decreased distances to travel and greater accessibility. Such locational
differentiations are addressed by Champion (2009) who argues that the distinction between
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rural and urban is much less polarised than commonly treated and recommends a more
nuanced approach to the rural-urban definition.

6.7.2 2011 Functional Model Factor Naming
When considering the comparison between model 1 (all super output areas in 2011) and
models 7 & 10 (created functional regions covering 10,000 commuters west of the Bann or
20,000 commuters east of the Bann created from 2011 data) a number of observations can
be made as follows.
Similar to the models for 2001, more variables are grouped onto the 1st and 2nd factors for
functional models 7 & 10 than model 1 indicating a greater complexity of mix in variables
which are influencing patterns of movement. This indicates that the functional models are
structured to draw out the complexity of interplay between the determinants of commuting
as identified by Coombes and Raybould (2001).
Similar also to the models for 2001, in addition to the variables which are loaded on the first
two factors for the base model 1 - % households with no car, % NSEC 1-3 occupations, and
deprivation rank – the models depicting east and west of the River Bann also present
population density, road distance to nearest employment centre, workers and the % Catholic
difference between origin and destination.
Subtle differences lie with the models covering east and west of the River Bann. For an
attraction model focussed on pull factors covering the east of the province it is noticeable
that employment accessibility and an essence of population density (higher density for an
urban zone) are important. To the west of the province quality employment is the major pull
factor. For both east and west of the province in relation to push factors, a combination of
locational, economic and social tendencies are main drivers in the volume of flows outward.
The importance of employment accessibility, which is a combined grouping of variables
relating to location (population density, road distance to nearest employment centres) and
employment (jobs, workers) which emerges from the functional models, would support the
hypothesis by Shuttleworth and Lloyd (2005, p.916) that the “effects of location and
geographical context can be more significant than those of social composition as
explanations of mean travel to work distance”.
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Figure 6.23 shows the notional naming for the factor groupings identified through the factor
analysis for the functional regions for 2011 to the east and west of the province. Model 10
has a reduced number of factors (as shown in Table 6.1) given the small number of
geographical units that the model is based on. Therefore, the groupings for the two factors
contain a mixture of more variables and thus the factor labels are quite broad to reflect the
wide mix of encompassing variables, for example social economic and cultural accessibility.

Figure 6.23 2011 Functional Regions Named Factor Groupings

Accessibility is a key theme which emerges from the factor analysis for the functional models
to the East and West of the Bann (as illustrated in Figure 6.23). Accessibility is invariably interrelated to location. The justification for a modelled constrained east – west system for this
research emerged from the geovisualization of journey to work patterns, as shown in Figure
4.11 and Figure 4.13, which revealed a distinct pattern of movement predominantly limited
to either the east or the west of the province. Champion (2009) remarks that labour markets
tend to be most distinctly localised within the most remote rural areas. This concept of rural
differentiation is also addressed by Boyle et al (2001) who propose that long distance
commuting is more commonplace in accessible rural areas than remote areas. Arguably,
from Figure 4.11, the pattern of movement extending to and from the city of Belfast in the
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East and emphasizing longer distance commuting illustrates those rural areas which are
more accessible via the A1, M1 and M2 transport corridors (as shown in Figure 4.5). This
pattern of Belfast’s large commuter catchment bolstered by accessible rural areas in the east
of province is evidenced by the accessibility theme which is forefront within model 7 for the
east of the province. In Figure 4.11, the pattern of journey to work movements to the west
of Lough Neagh is different to that of the east. Commuter catchments around smaller towns,
particularly around Mid Ulster are relatively self contained and have a smaller accessible
rural catchment. Champion (2009) notes evidence of self-containment in more remote rural
areas than in those situated nearer to larger towns and cities. This feature of self
containment is reflected in Model 10 (West of the Bann) by equally strong economic and
social influences in addition to accessibility (as illustrated in Figure 6.23).

6.8 Local Demographics
In examination of the determinants of travel to work distances, Coombes and Raybould
(2001) and Shuttleworth and Lloyd (2005) emphasize the importance of locational context
and therefore the requirement for cognisance of geographical variations. Local regressions
offer the opportunity to evaluate variations in the direction and size of explanatory
coefficients (Shuttleworth and Lloyd, 2005). Often conflicting findings on determinants of
the propensity to travel, as identified by Champion (2009), are fuelled by general
observations. Generalizations from global regression, as noted by Shuttleworth and Lloyd
(2005) may mask sub-regional and local variations and thus have implications for policy
making. Therefore, local regressions offer a view on local variations, dependent on the scale
of analysis.
Whilst the demographics of local areas based on the results obtained from chapter 5 and
chapter 6 could be examined at length, the scope of the research allows for interesting
observances at a very local level to be presented only. To take the case of greater Belfast,
there are observable differences in the influencing variables on flows across the urban area.
For example, to the west of the city road distance to the nearest employment centre (which
is Belfast city centre) has a greater negative impact than to the south or east of the city. This
pattern can be seen in the local modelled coefficients for road distance to nearest
employment centre for model 5 as can be seen in Figure 6.24.
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Figure 6.24 Road Distance to Nearest Employment Centre for Model 5
It is logical to understand that the Ards Peninsula to the east of Belfast has the highest
negative coefficient for road distance to employment centre. The Ards peninsula is largely
rural with a predominance in agricultural activity. There is one small sized town Portaferry
located to the south of the peninsula. Accessibility, given the rural nature of the area, is
difficult. Focussing back on the west of the city, it is apparent that the west of Belfast
experiences at this period more resistance to travel due to the distance to employment
centres. It is noticeable that deprivation levels are a major barrier to flows within the west
of the city. This can be seen from Figure 6.25 showing deprivation rank coefficients based on
model 7 for 2011 data. This pattern is observable from model 5 deprivation coefficients in
2001 also. This indicates a possible ‘island’ effect in the west of Belfast where travel is
hindered by travel and road access and a combination of social and demographic factors
underpinned by higher deprivation levels. The road access to the west of Belfast is regularly
congested and ease of traffic flow can at peak periods be difficult. Road infrastructure
improvements or public transport upgrades may in the intervening period between 2011 –
2018 have improved the accessibility to the city centre. For example, Translink the public
transport provider in Northern Ireland introduced in 2018 a new glider bus service along the
west of the city.
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Figure 6.25 Deprivation Rank Coefficients for Model 7 and 10 in 2011.
Figure 6.25 demonstrates clearly the point raised by Shuttleworth and Lloyd (2005) and
Coombes and Raybould (2001) in relation to the need for understanding of local variation.
Section 6.1 presented the finding that most of the models demonstrate a negative
correlation between deprivation and distance decay indicating that less deprivation is
associated with a willingness to travel further to work. This corresponds with findings by
Green and Owen (2006) that the higher the level of deprivation in an area, the lower the
employment rate and also with findings by Shuttleworth and Lloyd (2005) that higher
professional occupations travel further distances to work. However, the finding from this
research relating to deprivation and an associated willingness to travel is not evident across
all of the models tested and is counter to the findings by Shuttleworth and Lloyd (2005) that
demonstrate an increased propensity to travel with deprivation. The counter-intuitivity of
such findings are explored further by Shuttleworth and Lloyd (2005) and are explained by
examination of local regressions which demonstrate large variations across the province in
relation to the effect of deprivation on commuting. This variation is demonstrated in Figure
6.25 which shows a negative correlation in West Belfast, Derry / Londonderry in the North
West and in the north and south of the province. Other areas demonstrate a positive
correlation.

Clearly whilst an over arching observation on general demographic and

locational trends of commuting are useful, local regression models indicate that for certain
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variables such as deprivation, car ownership, religion and the number of workers, the spatial
variation in determinants can be significant.

6.9 Demographic Summary and Conclusion
It is clear from the results presented in this chapter that a number of key variables such as
deprivation rank, population density, the percentage of professional occupations, the
number of jobs and the road distance to nearest employment centre all have an influence
on the willingness to travel and the rate of decay of travel with distance. These variables
explain a high percentage of the variance within the models and largely echo (where tested)
Shuttleworth and Lloyd’s (2005) evaluation of the possible determinants of travel to work
behaviour which include wages & occupation, ethnicity / religion, gender, transportation,
locational context, and urban form / land use.
Key results, identified from spatial interaction modelling of eight spatial and demographic
variables in relation to the propensity to travel, as presented in this chapter, show that less
deprivation is associated with a willingness to travel; that urban dwellers are less likely to
travel further given a high range of jobs in close proximity and rural dwellers are required to
travel further to access a range of employment. Functional models indicate the impact (in
addition to the forementioned variables) of religious differences as a barrier to travel and
highlights the benefit of job density on the lesser requirement to travel further. These
findings broadly align well with research in this domain by Shuttleworth and Lloyd (2005),
Coombes and Raybould (2001), Green and Owen (2006), and Champion (2009).
One key result from factor analysis of the modelled variable coefficients has been revealed
as accessibility. Accessibility is a key influencer for movements in the east of the province as
demonstrated by the East of the Bann model evaluation. This key theme ranks highly on the
factor evaluation emphasizing locational context and specifically the road distance to nearest
employment centre as an important production (push) factor and population density (by way
of urbanity) as a pull factor. This observation aligns well with the research of Congdon and
Lloyd (2012) who illustrate the positive influence of road density on out-commuting levels
and the propensity to travel further. This observation stretching from the examination of a
constrained zonal system for the East of the River Bann explains the pattern of flows in the
East as presented in Figure 4.11. Accessibility in terms of road infrastructure, public transport
infrastructure and employment density has extended the pull of Belfast from rural areas in
the east which are by nature of their location more accessible rural areas. A constrained
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zonal system to the west of the province allows for the identification of a different mix of
determining factors which highlights the importance of quality employment as a major pull
factor. Clear urban, rural, and accessible rural differences are exemplified by the use of
constrained east – west zonal systems which reflect the locational context of the systems.
From both systems it is apparent that location has a significant bearing on the propensity to
travel further. The self contained nature of commuter catchments visible in the west of the
province (Figure 4.11) are captured well by larger journey to work zones within the
constrained system to the west and demonstrate a mix of social and locational factors in the
propensity to travel further. The west of the province is characterised by a higher percentage
of rural dwellers (as illustrated in Figure 4.3). Champion (2009) remarks that rural areas
contain a higher proportion of dwellers who demonstrate a lower propensity to travel such
as older residents, self-employed persons or part-time workers. These characteristics have
not been investigated as part of this research; they are however of consideration for future
research particularly in the largely rural west of the province.
The aim of this chapter is to evaluate upon the influences of demographic or locational
characteristics on commuting and also to evaluate the benefit of functional regions over the
base units provided by unmodified census geographies. It is clear from results presented in
chapter 5 that distance decay parameters are dependent on the geography and scale of the
model. For this chapter, the question arises as to whether robust distance decay parameters
produce different or enhanced results in terms of demographic analysis? Largely the analysis
and evaluation throughout this chapter has provided evidence that whilst many of the core
demographic tendencies of commuting are captured by spatial interaction modelling of the
base units, a fuller range and complexity of demographic and locational variables emerge
from the use of functional regions as a basis for modelling commuting flows. The percentage
of Catholic difference between area of origin and area of destination emerges as a variable
which is significant in some of the models indicating that this is a variable which is susceptible
to the geography of analysis. Results from factor analysis show that the functional region
models demonstrate a higher complexity and mix of correlated variables which emerge as
influential in the volume of flows between origins and destinations within Northern Ireland.
This research contributes to the body of knowledge recognising the variability of the
determinants of commuting across geographical areas and the complex mix of social and
locational factors (Shuttleworth and Lloyd, 2005; Coombes and Raybould, 2001) and the
impact of variations on assessing local labour markets (Hanson and Pratt, 1995; Peck 1996).
This research, as presented in Chapter 6, presents a novel approach to the assessment of the
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demographics of commuting using a dual constrained functional zoning system in
comparison with functional smoothed whole regions and basic spatial units. This approach
driven in part from trends in geovizualization, contributes to the body of knowledge
regarding zonal structure for modelling of interaction data.
In addition to corresponding well with existing literature on the determinants of commuting,
this chapter has demonstrated the applicability of robust zonal systems for integration into
transport models and planning and equally for local development planning policy.
Shuttleworth and Lloyd (2005) remark upon the “provision of local jobs for local people” in
reference to the New Targeting Social Need (TSN) government policy which sought to tackle
social need and social exclusion in Northern Ireland. The New TSN policy, launched in 1998
aimed to “consistently address the problems of people who are objectively shown to be in
greatest social need”, and “should, over time, contribute to the erosion of the differentials”
in different religious sections of the community (Northern Ireland Assembly, 2001). Research
findings, particularly in relation to religion as a barrier to journey to work, are thus important
to the ongoing assessment of such policy and to the need or adaption for new policy.
The integration of findings into local development planning policy or, at a minimum, a
stimulus for further research regarding journey to work patterns is an important
consideration. Shuttleworth and Lloyd (2005) have highlighted the spatial mismatch
between jobs and workers particularly in rural areas. The mismatch can have serious longlasting impacts for those who have weak transport accessibility (Shuttleworth and Lloyd,
2005). Longer distance commutes from accessible rural areas are evident in the east of the
province of Northern Ireland with a strong evidenced pull from jobs in the Belfast Urban Area
linked with the benefit of a strong transport infrastructure. Champion (2009) in the
assessment of commuting in England, refers to concerns regarding the sustainability of large
employment centres in terms of long-distance commuting. The regional trends showing
increased commuting distances (Green et al, 1999; Champion, 2009) reflect continued
urban-rural shift and housing supply and affordability (Champion, 2009). Detailed cognisance
of factors affecting commuting patterns and associated spatial variations is therefore of
particular relevance to future development planning in terms of housing, infrastructure and
economic investment.
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7.1 Overview of Research
This research sets out to address functional regions as an alternative fit for the phenomena
of commuting and to utilise such functional regions to assess the impact of scale and
aggregations on spatial interaction modelling and the understanding of the demographics of
commuting. The research aims to provide an open and transparent methodology for
enabling research reproducibility, transparency and future work. This research aimed to
challenge the current census administrative boundaries as fit for purpose for the modelling
of commuter flows and to propose a method of regionalization to discover more purposeful
zones for modelling commuter flows through spatial interaction modelling. The research
finally aims to provide insight into the importance of spatial interaction modelling for other
disciplines and to demonstrate the applicability of research use for wider applications. This
approach to regionalization and spatial interaction modelling for population movements is
superior to other methods (outlined in chapter 2) in that firstly the regions are created to fit
the geography of movement patterns and hence the phenomena under observation,
secondly the created number of regions are not defined a priori meaning that a maximum
number of zones are created with less loss of detail, thirdly results from modelling
demonstrate a superior fit with more intuitive demographic tendencies using functional fit
regions, and fourthly this open source methodology which links regionalization to spatial
interaction modelling with geovisualization is a unique, transparent and replicable
illustrative approach for future work and development.
This research comprised of five main stages to address the research objectives. Firstly, the
geovisualization of commuter data together with demographic data allows for a baseline of
patterns and tendencies to be observed and drawn upon. Geovisualization using advanced
spatial, statistical and graphical methods are key to the presentation and understanding of
background and base local information on commuting and society; are key to the
understanding and evaluation of modelled outputs; and are key to the overall assessment of
the tendencies of population flows presented through this research. The second stage
relates to regionalization in order to create zones or functional regions built upon preexisting wards or super output areas which better reflect similarities in commuter flows in
areas. The third stage corresponds to the linkage of both base regions and functional regions
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to demographic data. Such demographics are aggregated to fit the geography of the
functional zonation. Spatial interaction modelling features at the fourth stage. It is founded
on a range of base and functional region models created from regionalization. The resultant
parameters and coefficients from the spatial interaction modelling process allow for the
evaluation of results on the distance decay parameters and thus the propensity to travel; on
model efficiencies and explained variances; and on explanatory variable coefficients. The
fifth stage of this research is the largely open source statistical analysis of the demographics
of population movements in relation to journey to work. Factor analysis is used to determine
correlation between explanatory variables and the volume of flows. Such a technique allows
for broad demographic patterns to emerge and it also allows for comparison of patterns
across the base models and functional models to monitor the effect of regionalization.
The method presented by this research provides viable solutions for fit for purpose regions
which better reflect both distance decay at local levels and better model the demographics
of commuting. An open source framework allows for a level of repeatability, transparency
and scalability and to form a basis for future work. The approach, as illustrated with the
inclusion of migration data, is applicable to a wide range of interaction data in addition to
commuting.

7.2 Discussion of Research Objectives
This research problem arose from the work of Lloyd, Shuttleworth and Catney (2008) in the
consideration of census boundaries for modelling spatial interactions within Northern
Ireland. Counter intuitive results found in peripheral areas from spatial interaction modelling
are considered to be an inherent flaw of the spatial structure linked to the use of census
boundaries which vary in size, flows and demographics. This research finding, together with
known and cited misspecifications of decay parameters within spatial interaction models
(Tiefelsdorf, 2003; Fotheringham, 1981) conclude that distance decay parameters and the
propensity to travel can be heavily influenced by the structure of the underlying zonal
geography. Within Northern Ireland this is presented as a problem for rural areas particularly
to the west of the province where the propensity to travel further to work is deterred
through bias within the modelled approach.
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In reflection of how this research addresses the objectives, as set out initially in section 1.4.1,
it has been demonstrated that a clear methodology has been proposed to focus on the
objectives through a series of stages relating to geovisualization, demographic data
preparation and linkage, regionalization, spatial interaction modelling and factor analysis.
The first research objective is to create more applicable functional areas for modelling
interaction data. This research demonstrates, through the empirical example of fourteen
model runs in comparison with two base unit models, that a number of functional regions
(notably 10,000 and 20,000 threshold whole smoothed regions and 20,000 and 10,000
threshold constrained East and West Bann systems respectively) structured on flow
similarity, offer a superior fit on a combination of illustrative outcome measures based on
self-containment, threshold number of commuters, global fit, amount of explained variance
and also the level of modelled parameters. Evidence is provided for benefits of both regional
split functional zones and smoothed whole model functional zones over basic spatial units.
A second research objective is to analyse the effect of zone size and spatial structure on
modelling interaction data with a focus on commuter flows. Given that functional regions
are created from aggregations of basic spatial units provided by census administration, the
modifiable areal unit problem associated with zone and scale effects, is inherently still
present (Openshaw, 1984; Cockings and Martin, 2005). However, its effects are mitigated
through the creation of functional regions which are structured on commuter flow data.
Findings show that spatial structure can have a marked effect on model fit. A zonal structure
based on the similarity of flows offers a superior model fit than basic spatial units, particularly
wards. Zone size has been tested on modelling at a variety of scales and results show an
increase in threshold commuter size provides a better model fit due to the smoothing in
region homogeneity. Careful analysis of scale identifies a zonal system which falls between
the scale of super output areas and those of travel to work areas. Such functional region
scales smooth the inconsistencies of administrative spatial units and maintain a level of
generalisation below that of the travel to work areas.
A third objective is to investigate the demographic patterns of movement at a regional scale
and at a local community scale. Techniques for spatial interaction modelling and factor
analysis demonstrate a number of key observations which are drawn out at regional level.
Results show that, in relation to journeys to work, important determinants of the propensity
to travel include deprivation level, population density, level of occupation, and road access
to a nearby centre of employment. Functional models indicate the impact of additional
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determinants such as religion and the availability of jobs. The variety of determinants and
complexity of their social and locational mix is highlighted by the functional models. The
constrained functional model for the East of the province highlights accessibility as a key
driver on commuting and commuting distance. The constrained functional model to the
West of the province highlights social and employment drivers in the propensity to travel.
Local regression based on robust zones provide the means to identify spatial variations in
demographic and location variables at local scale. This includes patches of weak accessibility
in urban areas of Belfast as a barrier to travel for work.
A fourth and final objective is to source, investigate, develop and make available open source
methods for the regionalization, spatial interaction modelling, geovisualization and
evaluation of interaction data. Methodological code, as provided in the appendices and on
github, outline and publicise an open and where possible reproducible approach to the
creation of fit for purpose regions for modelling and evaluating population movements. Full
reproducibility is hindered only by the inevitable use of the lowest available level of census
interaction data which is safeguarded to specific research use cases. All other datasets used
as part of this research are openly available. Given this data copyright aspect, arguably this
research provides a level of replication, just below reproducibility, and is therefore providing
methods for replication with similar interaction datasets. Data preparation, handling,
analysis and evaluation are undertaken largely in Python, with a small proportion of
demographic analysis (factor analysis) undertaken in R and an equally small part of
geovisualization undertaken with JavaScript. Ideally, all code would be within the same
language to maximise the potential of reproducibility. However, use of a limited number of
packages from the R and JavaScript framework benefit the visualization of key techniques
and data for this research presentation and as such are a justified divergence in framework.
Such elements could, with minor presentation differences, be completed within Python.
There is also increasingly interoperability between Python and R (Pandey, 2019) particularly
within a Jupyter notebook.
In summary, the research objectives have been successfully investigated with reference to
Northern Ireland. The case study of Northern Ireland exemplified the benefit of the
application of functional fit regions in modelling commuter movements in 2001 and 2011. A
combination of fit for purpose regions together with a robust modelling and evaluation
approach allowed for key observations to be made in relation to the demographic tendencies
of journey to work patterns. Functional regions produced through regionalization provide a
superior fit for modelling the phenomena of commuting than the base census geographies.
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This has wider implications for the development of policy based on local demographics and
has wide applicability to the field of transport planning given the importance of distance
decay. The research has demonstrated wider application to these fields of policy making
through an open and developmental based approach.

7.3 Limitations of the Research
This research is conducted on a limited number of models comprising an equally limited
range of scales of data and regionalizations. The decision to limit the number of models of
different geographies is a measure of the time required to evaluate and consider the
modelled outputs. The open source nature of this research with the presentation of the
coded methodology in the annexes and on github is however a broadening element of this
research and should provide the opportunity to expand on the research.
One limiting factor of the research is the defined number of limited explanatory variables.
This is particularly the case for the migration models. The lower explained variance for the
migration models is likely attributable to the omission of variables which relate to migration
for example, age may be a variable of consideration for migration (Stillwell and Thomas,
2016). The range of variables which influence patterns of movement may not be fully
complete as part of this research and could be investigated by further research. Green and
Owen (2006) point to a number of key variables which they have illustrated as being
important determinants of commuting distance. These include gender and level of
qualifications. Such variables have not been included in this research due to a limit in its
scope. However, the author was aware of the balance between assessing sufficient key
variables and issues of multicollinearity between related variables and its possible effect on
modelled outputs. Therein lay the justification to limit the variables for analysis to 8.

7.4 Overview of Research Results
7.4.1 Geovisualization Findings

One striking emergence from the geovisualization of census journey to work data in 2011 at
super output area level is that almost 70% of journey to work travel as identified by the last
census of population is internal to the east of the province of Northern Ireland. 22% of travel
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is internal to the west of the province. This means that just over 8% of travel crosses west to
east or in the opposite direction east to west of the River Bann. This concludes that largely
east and west of the province are self-contained defined areas with few long-distance
commutes for journeys to work. This observation is a key contribution to the analysis of
commuting within Northern Ireland and has far reaching implications for transport and
planning policy. The geovisualization of journey to work flows for 2011 also highlights the
extent of the pull of Belfast to accessible rural areas in the east thus promoting longer travel
distances. Boyle et al., (2001) emphasizes this link between more accessible rural areas and
longer commutes. The map of flows (Figure 4.11) also emphasizes the self – contained nature
of medium sized towns, particularly in Mid Ulster. Such patterns of journey to work
movements for the Belfast Urban Area and market towns have implications for planning and
sustainability strategies relating to housing and landuse (Champion, 2009). Evidence of
longer distance commuting from accessible rural areas in the east of the province to Belfast
would support the theory by Green et al. (1999) that long-distance commuting acts as a
substitute for migration. This trend of longer distance commuting from more accessible rural
areas in the East of Northern Ireland and to some extent in the West along the A5 corridor,
coupled with an increasing urban – rural shift (Planning NI, 1993) and a projected population
increase in more rural councils across the next three decades (as demonstrated in Figure
4.27) has major implications for future planning policy in terms of landuse and housing. Local
planning policy coupled with strong family connections also has had the potential to have a
marked impact on commuting patterns particularly for longer distance commuting.
Stockdale and Catney (2012) point to the uniqueness of Northern Ireland regarding parental
contribution in gifting land for house building in combination with a number of decades of
liberal planning policy for single dwellings in rural areas. The opportunity of such sites has
afforded young adults the option to remain close to family in rural areas and commute to
the nearest employment centre or beyond thus “reinforcing Northern Ireland's dispersed
settlement character” (Stockdale and Catney, 2012, p.18). Such substitution of migration for
longer distance commuting has an obvious implication for public transport sustainability and
transport policy.
When assessing the geographical spread of the population it is shown that slightly over half
live in cities or towns with 44% living in smaller settlements or open countryside. Largely,
the urban population is located predominately to the east of the province. These initial
findings showed a distinct east west divide which could potentially have a significant impact
on the importance of aggregations on modelling interactions. This observation led to the
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decision to design, test and evaluate models with constrained regions solely to the east or
west of the River Bann and subset models such as Belfast only in addition to whole province
models.
The initial data analysis in chapter 4 also revealed that the overall volume of journeys to work
has decreased within the province based on the total volume of journey to work flows in
2001 compared to those in 2011. This corresponds with the overall decline in flows
throughout the UK (Department for Transportation, 2016). This, despite a rising population
and migration levels, is undoubtedly due to technological advancement in communication
and broadband which has facilitated a greater ease of working remotely and a slight disrupt
to traditional working patterns (evidenced by an increase in home working by almost 16,000
residents from 2001 to 2011 as referred to in section 4.9 above Figure 4.25). Cooke and
Shuttleworth (2018) and Green et al. (1999) note the large negative correlation between
information technologies and residential change based on the Northern Ireland Longitudinal
Study indicating a reduced requirement to move or travel with an increase in digital
technologies. This decrease is however juxtaposed with an increase in overall congestion in
some urban areas including Belfast (BBC, 2017) through evaluation of traffic counts and
speed data, and issues of accessibility to health services and employment facilities.
Accessibility analysis conducted in chapter 4 (as demonstrated in Figure 4.22) showed that
parts of west Belfast experience longer journey times to the city centre than parts of the east
or south of the city and as such locations are more inaccessible. Similar analysis across the
whole province (as demonstrated in Figure 4.23) identified areas to the west in Fermanagh
and Mid Ulster and to the north on the Causeway Coast which experience increased journey
times to a key employment centre. Accessibility therefore is variable across the province and
is moulded by a better network of road infrastructure in the east of the province than the
west.
Levels of deprivation vary greatly across the province with high levels observed across 2001
and 2011 for areas of north and west Belfast and for worsening deprivation in rural areas.
Variable levels of deprivation across the province are demonstrated, through factor and
correlation analysis of modelled variables, to be a key determinant on the levels of journey
to work movements. Chapter 4 also focused on the unique level of religious segregation
which is present at both city scale and provincial scale. Nearly 50% of the area is segregated
by religion in that its population is affiliated to at least 75% either Catholic or Protestant.
Such segregation also shows evidence of a spatial pattern. Issues of segregation and
deprivation have been shown by Muir (2014) and Murtagh (2011) to have a marked effect
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on economics and the labour market and by Shuttleworth and Lloyd (2005) whose research
asserts a relationship between religious upbringing (Catholic) and lower mean travel to work
distances within Northern Ireland. This research findings support this assertion.
Clearly as outlined above and in chapter 4, the apparent east-west divide, accessibility,
deprivation and religious affiliation are striking aspects of society in Northern Ireland. Such
base observations and geovizualisations allowed for decision-making on the key variables to
be selected for analysis by way of explanation of movement patterns. The level to which
these characteristics influence patterns of population movement are significant as identified
through a tailored modelled approach. Discovery of clear spatial patterns of journey to work
movements have implications for both planning legislation and transport policy.

7.4.2 Regionalization Findings
In additional to the testing of base models for all wards and all super output areas for spatial
interaction modelling, an objective of this research was to discover and test functional
regions which attempt to evaluate the effect of zone and scale on modelling commuter flows
and also to better model the demographics of commuting. Chapter 5 presented and
evaluated the results from the regionalization of 16 models. These models and their
thresholds were chosen to test a variety of geographical structures and to impose different
limitations to the modelling. The models comprised of 2 base models for all super output
areas and all wards; 3 subset models for Belfast wards only, rural only and urban only; 3
functional regions models of varying thresholds for 2001 based on wards; 6 functional region
subset models of varying thresholds to the east and west of the River Bann; and 2 migration
models of varying thresholds. The decision to include a model attempted to address an
objective such as the effect of scale with varying thresholds or to address an observed
pattern such as the apparent east west movement divide. The decision to include a migration
model acts as a comparator for a different form of interaction data.
Results clearly demonstrate that the functional regions provide a weak fit for the phenomena
of migration. Although the lines between regional migration and longer distance commuting
are less distinct (Green et al, 1999), it is considered that the models for migration are underspecified indicating that different or additional variables such as age and life stage (Stockdale
and Catney, 2012) are important in decisions to migrate. Migration processes may operate
at a larger scale than commuting. Results also indicate that urban and rural constrained
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models underperform. Given that these models are solely subsets of whole basic spatial units
and have no functional aggregation it is not surprising that the model performance is weak
given that they reflect the base unit models. The differentiation between urban and rural is
less polarised than the two distinct types (Champion, 2009) and therefore this particular
constrained segregation does not improve model fit.
Results based on model fit statistics show that the functional regions produced through
regionalization provide a superior fit for modelling than the base models for all super output
areas or particularly for all wards. The constrained system functional models for 2011 to the
east and west of the Bann, and the smoothed whole system functional models for 2001 has
a noticeable higher model fit than the base models. These regions are more consistent in
terms of size, in terms of the percentage of internal flows and ultimately in terms of the
percentage of modelled variance as demonstrated by the pseudo R2 values. It is
demonstrated that super output areas provide a better framework than wards when
comparing only basic spatial units, which corresponds with the findings of Cockings et al.
(2011), Lloyd et al. (2011) and Congdon and Lloyd (2012). They are considered however to
exist below the scale of commuting but given greater homogeneity in socio-economic
characteristics than wards they provide a base for aggregation into functional regions of
appropriate scale for the analysis of commuting. Similarly, travel to work areas mask the
variability of local travel characteristics. Functional regions at an intermediate scale allow for
the preservation of larger local patterns of commuter movement whilst benefitting from the
aggregation effect at ward / super output area level. Issues on zone scale and size relating to
the use of ward units are comparable with the effects of MAUP as identified by Openshaw
(1984). Although functional regions built on basic spatial units are never completely free
from the associational effects of MAUP (Openshaw, 1984; Cockings and Martin, 2005), the
functional regions presented in this research are built specifically on the similarity of flows
and thus present an optimal zoning geography solution which mitigate against the effects of
MAUP for the phenomena under investigation. The demonstrated benefit of such optimally
built regions support the notion introduced by Openshaw and Taylor (1981) and advanced
by Congdon and Lloyd (2012); Cockings and Martin (2005); Horner and Murray (2002); and
Alvanides et al. (2000).
These results provide a novel approach in the presentation and benefit of juxtaposed
constrained systems (in this case East and West of the River Bann). The integration of
geovisualization findings with zone design and constrained systems is absent from literature
yet has particular relevance to the discipline of transport modelling (Liodl et al., 2016).
237 | P a g e

Chapter 7: Research Conclusion

7.4.3 Distance Decay Findings
The process of regionalization as explained in the methodology in chapter 3 and presented
in chapter 5 has the key advantage of not only providing better model fit but also providing
by consequence more robust distance decay parameters. The background to Northern
Ireland in chapter 4 provides commentary on previous research (Lloyd, Shuttleworth et al.
2008) which identified the counter intuitive distance decay parameters produced from the
modelling based on 2001 ward census boundaries. The functional regions produced from the
regionalization of 2001 and 2011 data to the east and west of the province provide distance
decay parameters which are coupled with superior model fit statistics and which are more
consistently robust across all the province.
So why are robust distance decay parameters required? Decay parameters vary across the
province as they logically would expect to. However wide variations between rural and urban
area distance decay values are considered to be an artefact of poor model fit and the result
of spatial structure effects on modelled parameters. Distance decay has a noticeable impact
on the evaluation of commuter tendencies, on the true nature of the willingness to travel
particularly in rural areas and also on the power and quality of predictions as required by the
utilisation of spatial interaction modelling within a transport model. More robust and logical
distance decay parameters across the whole of the province and for wider modelling
applications provide a basis for true patterning and evaluation of flows and propensity to
travel and a solid basis for prediction, planning and decision-making. The functional regions
presented, provide a zonal solution which is a better fit for modelling population interactions
between home and work and also robust distance decay parameters which are more
consistent and less varied throughout the province. Results show a reduced spatial pattern
in distance decay across the province as is recommended by Fotheringham (1981). This
research demonstrating functional regions delivers key contributions to achieving robust
propensity to travel estimates.

7.4.4 Demographics of Flow Findings
The key findings from this research in relation to distance decay and ultimately the
propensity to travel further for work are that deprivation, population density, the volume of
employment opportunities and accessibility are important indicators of the willingness to
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travel further distances. Overall, the % of households with no car, deprivation rank and % of
NSEC 1-3 professions are key influencers for all models. With the addition of functional
regions correlated variables for % of Catholic difference, jobs and workers begin to emerge
additionally as being important to the volume and pattern of flows.
This research has found that less deprived areas are more willing to travel. Evidence has
shown that urban dwellers are less likely to travel to work further. Increased road distance
to the nearest employment centre and rurality increases the requirement to travel further.
Findings for the functional fit models indicate generally that as employment opportunities
increase the deterrent to travel also increases. Key findings in the demographic analysis of
commuter tendencies from this research show that there is a greater loading of variables
deemed influential with the functional regions over and above the base unit models. Overall,
the % of households with no car, deprivation rank and % of NSEC 1-3 professions are key
influencers of journey to workflows across both push (production) and pull (attraction)
factors for all models. These are key variables which emerge from all the base geographical
units tested by this research. Interestingly, further correlated variables for % of Catholic
difference, jobs and workers emerge from the functional regions and are thus intercorrelated
and influencers to flows. Interesting observations which have emerged from the use of
functional regions in relation to the impact of religious differences between home and place
of work as a barrier to travel, and which add to the findings of Shuttleworth and Lloyd (2005),
have potential contribution to future policy in relation to social need and segregation. These
differences indicate the effect of spatial structure in the modelled approach and highlights
the benefits of a functional fit of zones for modelling movements.
With regard to underlying or unobserved factors, accessibility is revealed as an important
influencer on movements as evaluated through factor analysis. This finding contributes to
the body of knowledge (Champion, 2009) on the importance of locational context and the
distinctions of rurality. The intermix between social, demographic and locational factors is
apparent particularly for the functional regions which emphasizes the increasing complexity
and diversity of journey to work flows (as identified by Green et al., 1999). This intermix of
factors highlights recognition of local variation and emphasizes further the need for
evaluation at an appropriate scale which maintains the variability of factors across
geographical areas. This key contribution adds to the knowledge provided by Shuttleworth
and Lloyd (2005) and Coombes and Raybould (2001) in relation to locational factors and local
regression.
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7.5 Literature Contribution and Policy Implications

Changing patterns of working practices, advancement in information technology, and
changes in the employment market such as dual - earner households and increased female
representation in the workplace has changed the dynamics and and the diversity of journey
to work movements (Green et al., 1999). The emergence of longer commuting distances
(Green et al., 1999; Department for Transportation, 2016) and the changing relationship of
commuting as a substitute for migration (Green et al., 1999; Stockdale and Catney, 2012) has
presented the need for adaptable and robust analysis and statistics to reflect and evaluate
this changing diversity which in turn is required to improve and adapt transport, planning
and labour market policy (Green et al., 1999). This research has illustrated the complexity
and changing nature of the demographics of movements in relation to Northern Ireland and
has demonstrated the need for close integration with local development planning and
transport policy.
Intensive burden at peak times of the day is imposed on the transport network from journeys
to work. Understanding of the patterns of commuting and in particular changes in patterns
is of particular importance in planning for the future (Department for Transportation, 2016).
This research has outlined the obvious knowledge and analytical overlap with the field of
transport planning and modelling. This research employs spatial interaction modelling based
on functional regions to understand globally and locally the measure of distance decay in
flows. Spatial interaction modelling and its resultant distance decay beta parameters are
crucial to transport modelling in that the prediction of future flows across a network are
reliant on robust distance decay parameters. The concept of aggregated data through zones
along with the associated considerations of the modifiable areal unit problem and ecological
fallacy could be of greater consideration by the field (Martinez et al., 2009). Understanding
of these intricacies and their impact on modelled results are a major consideration.
Observation and integration of demographics and changing demographics are crucial to
transport planning (Ortuzar and Willumsen 2011). Robust and confident evaluation of
demographic tendencies in relation to commuting are thus important equally to the
transport planning discipline.
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Locally, accurate reflection of changing commuting patterns through both detailed modelling
and geovisualization has an importance benefit for the creation of transport policy which is
inherently linked to landuse and planning policy. This is exemplified within with the
understanding of journey to work movements in the north west of the province as a strong
justification for the importance of the improvement of the A5 strategic transport corridor
(Department for Infrastructure, 2019) as an economic enabler.

The link between

geovisualization and zone design as illustrated by this research is an important contribution
to new literature on the benefit of this integrated approach to the discipline of transport
modelling as promoted by Liodl et al. (2016).
Detailed literature exists on the misspecification of distance decay parameters and thus
inaccurate reflections on the propensity to travel (Tiefelsdorf, 2003; Fotheringham, 1981;
Lloyd et al., 2008) as a result of inappropriate zonal systems used for analysis. This research
contributes to the body of knowledge relating to the phenomena of commuting and in
particular the effect of zone and scale on the evaluation of such movements. This research
builds on the body of literature outlining optimal zoning to mitigate the effects of MAUP as
detailed by Openshaw and Taylor (1981); Congdon and Lloyd (2012); Cockings and Martin
(2005); Horner and Murray (2002); and Alvanides et al. (2000).
Finally, this research adds to the knowledge surrounding local patterns of movement and
its links with social and locational factors and local labour markets (Shuttleworth and Lloyd,
2005; Champion, 2009). Evaluation of local variations in patterns of movements contribute
to the development of policies aimed at providing a fair and equitable provision of access
to employment, learning and services.

7.6 Future Research

This research highlights possible further work on the tightening of the internal flows
threshold linked to smaller regions. With adaptation and development of the coding
algorithm regionalization could be constructed based on the co-weighted importance of the
consistency of internal flows and also a maximisation of the number of regions. This could
then provide the potential for region consistency and a limit to the loss of local tendencies.
Subsequently commuter flows in rural areas could be evaluated based on key variables, such
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as age, gender and employment types, which may be of greater influence to travel
propensity in such areas (Champion, 2009).
Given the advent of the UK’s exit from the EU, a fuller analysis of cross border pre and post
EU exit cross border flows (Northern Ireland – Republic of Ireland) would provide value to
and inform future policy.
Much research on spatial structure effects and the modifiable areal unit area problem
gathered momentum during the eighties (Openshaw, 1984; Fotheringham, 1981) with
numerous research led developments. Research in this field has, to the knowledge of the
author, not embraced the onset of big data which is increasingly gathered and shockingly
abundant on the movements of population. This research, whilst addressing the objectives
of spatial structure in the application of robust spatial interaction modelling applications,
also addresses the objective to allow for scalability and transparency in methodology. In
providing a background and indicator driven approach to the creation of fit for purpose
regions for evaluating commuting the contribution to literature provides alternative thought
on the structure of base regions and also greater insight into commuter tendencies. In
providing an open source, scalable and transparent methodology for the creation of fit for
purpose regions (regionalization), for the evaluation of movement tendencies based on
demographics (spatial interaction modelling), and for advanced geovisualization of
movements, patterns and trends, the contribution to literature with an open ethos is one of
a foundation for the inspiration and enablement of further and future work on larger and
more complex population movements. In particular, the open source development could
with some modification be applied to emerging big geospatial datasets which are tracking
and monitoring movements. Modification on elements of data handling to capture dynamic
and larger data would be required. Modification of regionalization techniques possibly using
Thiessen polygons (Li et al., 2015) would also be required to create zones of analysis from
individual data possibly. Examples of big geospatial datasets include mobile phone records,
automatic number plate recognition cameras and wearable devices. Such emerging
technology and the associated voluminous data have the capacity to be of significant benefit
to marketing, planning, prediction and development through the analysis and application of
robust and fit for purpose regionalization and spatial interaction modelling. The implications
of data disclosure and confidentiality are of even greater concern with such applications
given the linked nature of the data. Thus, regionalization would be a critical element of any
attempt to model movements. One major benefit though of such individual level data is the
freedom from existing or predetermined boundaries. The possibility exists of truly creating
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zones of similar tendencies without re-engineering existing zonations, a concept first
introduced by Tobler (1989) a number of decades ago. The scope and value of the application
of regionalization and spatial interaction modelling to such emerging technology has the
potential to be a powerful analytical tool which could bring key decision making to the way
we live, move and grow as a society. Research methods presented here within are applicable
to the burgeoning array of movement data produced by a technologically advanced and
spatially aware society. Open and programmatic methods through geographical data science
allow for extension into new and emerging relevance sources of interaction data.
One other aspect of a potential move towards the analysis of different datasets is the
uncertainty of the future availability of census data as the United Kingdom has known for
over two centuries. Many countries and governments are weighing up the viability of future
whole population census (USA, Canada, UK, New Zealand) through the supplementation of
whole census data with surveyed or crowdsourced data as exemplified by the work of
Spielman and Folch (2014) in the USA and early research of the Office for National Statistics
(2017) in the use of mobile phone data for estimating commuter flows as detailed in section
4.6.3. A move toward the integration of individual level movement data of volume and
veracity requires new methods and techniques of handling the bulk and complexity of such
data over and above the techniques for census data. The open source methodology from this
research could lead to further research on voluminous movement data to provide more
information and evaluation of trip chaining and the level of disrupt in the concept of the
traditional working patterns and practices.
Practical guidance on open source methods for addressing regionalization, spatial interaction
modelling and geovisualization is limited. Oshan (2016) and Dennett (2017) provide useful
primers on spatial interaction modelling using Python and R respectively however this
research addresses the entirety of the process from regionalization through to spatial
interaction modelling with large inputs of geovisualization techniques through an open
source and transparent framework. It is intended as an aim of the open methodology, that
this approach acts as a platform to inspire and direct future work in the realm of geographical
data science.
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7.7 Conclusion
With the development of functional regions which are suited to the phenomena of
commuting through a customised and transparent method it is argued that results of spatial
interaction notably model fit statistics, distance decay parameters, and flow explanatory
variable coefficients are more robust and provide a better basis for the analysis of the
tendencies of movement patterns. It is found by the example case study of Northern Ireland
that a wider complex mix of explanatory variables are linked to commuting tendencies based
on a sound spatial structure. This research drew the conclusion that census geographies,
particularly wards, without modification are an inadequate and disruptive basis for an
evaluation of population movements. A geographical data science led approach which
focuses on the structure of fit for purpose regions for spatial interaction modelling leads to
the unveiling of a wider and more complex depth of explanatory evaluation revealing
patterns which are of consideration to future planning and policy.
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Appendix A: Stage 2 Regionalization Python Script
Example Model 4: 2001 Ward 20K Regions
#inpiration and contribution of code from PySAL developers 2014-

import math, PySAL, random, shutil
import numpy as np
import csv
import pandas as pd
import csvkit as ck
import itertools
# Suppression criteria:
#MIN_COM_CT = 2000

# Minimum number of commuters per polygon feature

MIN_COM_CT = 20000

# Minimum number of commuters per polygon feature

MAX_INT_COM = 40
ature

# Maximum percentage of internal commuters per polygon fe

Countshapefile = r"C:\Lorraine\DATA\REGIONS\NIW01_sort.shp"
w = pysal.rook_from_shapefile("C:\Lorraine\DATA\REGIONS\NIW01_sort.shp",idV
ariable='LABEL')
Simil = pysal.open("C:/Lorraine/DATA/REGIONS/simNI.csv")
Similarity = np.array(Simil)
db = pysal.open('C:\Lorraine\DATA\REGIONS\MatrixCSV2.csv', 'r')
dbf = pysal.open(r'C:\Lorraine\DATA\REGIONS\NIW01_sortC.dbf', 'r')
ids = np.array((dbf.by_col['LABEL']))
commuters = np.array((dbf.by_col['Total'],dbf.by_col['IDNO']))
commutersint = commuters.astype(int)
comm = commutersint[0]
#floor = int(MIN_COM_CT + 100)
#changed the floor to 10,000 commuters
floor = int(MIN_COM_CT + 1000)
solution = pysal.region.Maxp(w=w,z=Similarity,floor=floor,floor_variable=co
mm)
regions = solution.regions
#print regions
writecsv = r"C:\Lorraine\DATA\REGIONS\reg_output20k.csv"
csv = open(writecsv,'w')
csv.write('"LABEL","REG_ID"\n')
for i in range(len(regions)):
for lines in regions[i]:
csv.write('"' + lines + '","' + str(i+1) + '"\n')
csv.close()
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flows = r"C:\Lorraine\DATA\REGIONS\MatrixCSV2.csv"
regs = r"C:\Lorraine\DATA\REGIONS\reg_output20k.csv"
wardflows = pd.read_csv(flows)
regoutput = pd.read_csv(regs)
merged = pd.merge(wardflows, regoutput)
#duplicate REG_ID column as the index to be used later
merged['REG_ID2'] = merged['REG_ID']
merged.to_csv("C:\Lorraine\DATA\REGIONS\merged20k.csv", index=False)
mergedcsv = pd.read_csv("C:\Lorraine\DATA\REGIONS\merged20k.csv",index_col=
'WardID_1') #index this dataframe using the WardID_1 column
flabelList = pd.read_csv("C:\Lorraine\DATA\REGIONS\merged20k.csv", usecols
= ["WardID", "REG_ID"]) #create list of all FLabel values

reg_id = "REG_ID"
ward_flows = "RegIntFlows"
flds = [reg_id, ward_flows] #create list of fields to be use in search

dict_ref = {} # create a dictionary with for each REG_ID a list of correspo
nding FLABEL fields

#group the dataframe by the REG_ID column
idgroups = flabelList.groupby('REG_ID')['WardID'].apply(lambda x: x.tolist(
))
print idgroups

idgrp_df = pd.DataFrame(idgroups)

csvcols = mergedcsv.columns

#create a list of column names to pass as an index to select columns
columnlist = list(mergedcsv.columns.values)

mergedcsvgroup = mergedcsv.groupby('REG_ID').sum()
mergedcsvgroup.describe()
idList = idgroups[2]
#df4 = pd.DataFrame()
#df5 = pd.DataFrame()
col_ids = idList #ward id no

regiddf = idgroups.index.get_values()

pairs = list(itertools.product(regiddf, repeat=2))
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#create a new dataframe with pairlists and summed data
pairlist = pd.DataFrame(pairs,columns=['origID','destID'])
#print pairlist.tail()
header_pairlist = ["origID","destID","flow"]
header_intflow = ["RegID", "RegID2", "regflow"]
dfflows = pd.DataFrame(columns=header_intflow)

data = []
origin = []
destination = []

set = 0 #global variable

resultdf = pd.DataFrame()
dfOflowsOut = pd.DataFrame()
dfDflowsIn = pd.DataFrame()

def flows():
pass

def flows(mergedcsv, ward_lista, ward_listb):
global resultdf #this is important to specify that the dataframe is glo
bal
"""Return the sum of all the cells in the row/column intersections
of ward_lista and ward_listb."""

regionflows = mergedcsv.loc[ward_lista, ward_listb]
regionflowsum = regionflows.values.sum()

gridoutput = [ax, bx, regionflowsum]
gridax = [ax + 1]
headerax = ["OrigRegID"]
gridbx = [bx + 1]
headerbx = ["DestRegID"]
flow = [regionflowsum]
headerflow = ["flow"]

dfheaders = ["OrigRegID", "DestRegID", "Flow"]
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rflows = pd.DataFrame.from_dict(gridoutput, orient='columns').transpose
()

origin = []
destination = []
data = []

origin.append(gridax)
destination.append(gridbx)
data.append(flow)

#global df
df = pd.DataFrame(np.column_stack([origin, destination, data]), columns
=['origin', 'destination', 'flow'])

resultdf = resultdf.append(df)#need to store the output using resultdf
=

return origin
return destination
return data
return df
return resultdf
#function to calculate the out flows per region of origin
def OflowsOut(mergedcsv,ward_lista):
global dfOflowsOut
OFlowsOut = mergedcsv.loc[ward_lista, '0':'581']
#print OFlowsOut
OFlowsOutsum = OFlowsOut.values.sum()

flowsOut = []
flowsOut.append(OFlowsOutsum)
dfOut = pd.DataFrame(np.column_stack([ax, flowsOut]), columns=['origin'
, 'OflowsOut'])
dfOflowsOut = dfOflowsOut.append(dfOut)

return dfOflowsOut

#function to calculate the in flows per region of destination
def DflowsIn(mergedcsv,ward_listastr):
global dfDflowsIn
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DFlowsIn = mergedcsv.loc[:, ward_listastr]
#print DFlowsIn
DFlowsInsum = DFlowsIn.values.sum()

flowsIn = []
flowsIn.append(DFlowsInsum)
dfIn = pd.DataFrame(np.column_stack([ax, flowsIn]), columns=['destinati
on', 'DflowsIn'])
dfDflowsIn = dfDflowsIn.append(dfIn)

return dfDflowsIn

for ax, group_a in enumerate(idgroups):
#ward_list = idgroups[group_a]
ward_lista = map(int, group_a)
ward_listastr = map(str, group_a)
#print ward_lista
#this is for the total origin out flows for the region
#flows_out = OflowsOut(mergedcsv, ward_lista)

for bx, group_b in enumerate(idgroups[ax:], start=ax):
ward_listb = map(str, group_b)
ward_listbint = map(int, group_b)
#print ward_listb

flow_ab = flows(mergedcsv, ward_lista, ward_listb)
#this is for the total origin out flows for the region
flows_out = OflowsOut(mergedcsv, ward_lista)
flows_in = DflowsIn(mergedcsv, ward_listastr)

if ax != bx:
flow_ba = flows(mergedcsv, ward_listbint, ward_listastr)
else:
flow_ba = flow_ab

REG_ID
1
[64, 65, 66, 69, 70,
2
[545, 546, 547, 548,
3
[139, 140, 155, 160,
4
[51, 55, 56, 61, 62,
5
[306, 307, 308, 309,
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72, 73, 74, 75, 76,
549, 550, 551, 552,
495, 498, 499, 501,
251, 252, 253, 255,
310, 311, 312, 313,

77, 7...
553, ...
502, ...
256, ...
315, ...

6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
Name:

[351, 352, 353, 354, 355, 356, 357, 358, 359, ...
[20, 21, 22, 23, 24, 25, 26, 27, 30, 31, 32, 3...
[46, 234, 235, 236, 237, 238, 239, 240, 241, 2...
[95, 101, 212, 213, 214, 216, 217, 218, 219, 2...
[11, 17, 173, 174, 175, 176, 178, 179, 180, 18...
[19, 189, 190, 191, 192, 193, 194, 195, 196, 1...
[215, 228, 278, 284, 290, 293, 389, 390, 391, ...
[67, 68, 71, 79, 83, 172, 177, 187, 374, 375, ...
[121, 143, 145, 146, 147, 151, 165, 166, 409, ...
[125, 132, 153, 157, 158, 159, 162, 169]
[123, 124, 129, 131, 135, 149, 150, 156, 161, ...
[122, 126, 127, 128, 130, 133, 134, 136, 137, ...
[276, 277, 279, 280, 281, 282, 283, 285, 286, ...
[42, 43, 44, 45, 47, 48, 49, 50, 52, 53, 54, 5...
[0, 5, 10, 112, 250, 254, 263, 266, 267, 268, ...
[3, 105, 107, 113, 114, 118, 404, 407, 411, 41...
[28, 29, 36, 520, 521, 522, 523, 524, 525, 526...
[405, 408, 410, 415, 416, 417, 420, 421, 422, ...
[104, 106, 108, 109, 110, 111, 115, 116, 117, ...
[1, 2, 4, 6, 7, 8, 9, 12, 13, 14, 15, 16, 18, ...
WardID, dtype: object

print resultdf.head()
print resultdf.tail()
#print destination
pairlistCSV = r"C:\Lorraine\DATA\REGIONS\pairlist_regions20k.csv"
#index false or true?, originally false
resultdf.to_csv(pairlistCSV, index=False)

#calculate internal flows
#pull out internal flows for each region where origin and destination ids a
re the same
internalflows = resultdf[resultdf.origin == resultdf.destination]
print internalflows
#print dfOflowsOut.head()

#clean up dataframe to remove duplicate outflow values for each region
dfOflowsout_clean = dfOflowsOut.drop_duplicates()
#in and Out flow counts are out of sync. IDs start at 0 instead of 1
dfOflowsout_clean['origin']+= 1
print dfOflowsout_clean.tail()

OFout = r"C:\Lorraine\DATA\REGIONS\O_Flows_Out20k.csv"
#dfOflowsOut.to_csv(OFout, index=True)
dfOflowsout_clean.to_csv(OFout, index=True)

#clean up dataframe to remove duplicate inflow values for each region
dfDflowsin_clean = dfDflowsIn.drop_duplicates()

266 | P a g e

#in and Out flow counts are out of sync. IDs start at 0 instead of 1
dfDflowsin_clean['destination']+= 1
print dfDflowsin_clean.tail()

DFin = r"C:\Lorraine\DATA\REGIONS\D_Flows_In20k.csv"
#dfOflowsOut.to_csv(OFout, index=True)
dfDflowsin_clean.to_csv(DFin, index=True)
#merge all the df together to create a regression df.
#It will contain O,D, Ox, Oy, Dx, Dy, flow, OflowsOut, DflowsIn, Distance

#regressdf = pd.merge(resultdf, dfOflowsout_clean)
#regressdf = pd.merge(pd.merge(resultdf, dfOflowsout_clean, on='origin'),df
Dflowsin_clean, on='destination')
#print regressdf.head()

#regressionCSV = r"C:\Temp\AllNI\regions_regression.csv"
#regressdf.to_csv(regressionCSV, index=True)
#Prep geometry for plotting
import pandas as pd
import geopandas as gp
#Read in wards for NI
#wards = ("C:/Temp/AllNI/regression/NI/NI_wards_2001.shp")
#wards = gp.read_file(wards)
wards = gp.read_file(Countshapefile)
wards = wards.to_crs(epsg=29902)

regression_shapes = wards.merge(regoutput, on='LABEL')
print regression_shapes.head()
regions = regression_shapes.dissolve(by='REG_ID')
print len(regions)
#Join local values to wards

#regflows = pd.DataFrame(mergedcsv, columns =['LABEL', 'REG_ID', 'Total', '
TotRegFlows'])
#regvalues = pd.merge(regflows, wards[['LABEL', 'geometry']], left_on='LABE
L', right_on='LABEL')
#regvalues = gp.GeoDataFrame(regvalues)
#print regvalues.head()
#constructedregions = local_vals.dissolve(by='REG_ID')
#constructedregions.head()
#constructedregions.count()
#Plot total reg flow values: darker blue is greater flows
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import matplotlib.pyplot as plt

print len(regions.geometry)
#generate centroids
regions['centroid_column'] = regions.centroid

#generate area
regions['area'] = regions.area / 10**6 ##convert from m to km

reg_centroids = regions.loc[:,'centroid_column']
print reg_centroids.head()
reg_area = regions.loc[:,'area']

fig = plt.figure()
ax = fig.add_subplot(111)
regions.plot(ax=ax)
plt.show()

#fig = plt.figure(figsize=(12,12))
#ax = fig.add_subplot(111)
#constructedregions.plot('TotRegFlows', cmap='Blues', ax=ax)
#wards.plot('LABEL', cmap='Blues', ax=ax)
#ax.set_xlim([170000,371000])
#ax.set_ylim([305000,450000])
#plt.show()
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#merge all the df together to create a regression df.
# df's are resultdf, dfDflowsin_clean, dfOflowsout_clean, reg_centroids, re
g_area
#It will contain O,D, Ox, Oy, Dx, Dy, flow, OflowsOut, DflowsIn, Distance
from functools import reduce
print(type(resultdf))
print(type(dfDflowsin_clean))
print(type(dfOflowsout_clean))

#this is the line which drops a region or an index at the end
regressdf = pd.merge(pd.merge(resultdf, dfOflowsout_clean, on='origin'),dfD
flowsin_clean, on='destination')
#separate centroids into x and y columns
#reg_centroids.str.strip('()').str.split(', ', expand=True).rename(columns=
{0:'X', 1:'Y'})
regions["x"] = regions.centroid.map(lambda p: p.x)
regions["y"] = regions.centroid.map(lambda p: p.y)
xy = regions.loc[:,'x':'y']
x = regions.loc[:, 'x']
y = regions.loc[:, 'y']
xy['origindex'] = xy.index
xy['destindex'] = xy.index
xyorig = pd.DataFrame(xy)
xyorig = xyorig.rename(columns = {'x':'origx'})
xyorig = xyorig.rename(columns = {'y':'origy'})

xydest = pd.DataFrame(xy)
xydest = xydest.rename(columns = {'x': 'destx'})
xydest = xydest.rename(columns = {'y': 'desty'})

regressdfnew = pd.merge(regressdf, xyorig, left_on=['origin'], right_on=['o
rigindex'], how='inner')
regressdfnew2 = pd.merge(regressdfnew, xydest, left_on=['destination'], rig
ht_on=['destindex'], how='inner')

regresscols = ['origin', 'destination', 'flow', 'OflowsOut', 'DflowsIn', 'x
_orig', 'y_orig', 'x_dest', 'y_dest']

regressdf2 = regressdfnew2[['origin', 'destination', 'flow', 'OflowsOut', '
DflowsIn', 'origx', 'origy', 'destx', 'desty']]
print regressdf2.head()
import math
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pd.options.mode.chained_assignment = None

# default='warn'

def calculateDistance(x1,y1,x2,y2):
#changed from math.sqrt
dist = np.sqrt((x2-x1)**2 + (y2-y1)**2)
return dist
regressdf2['distance'] = regressdf2.apply(lambda x:calculateDistance(x.loc[
'origx'], x.loc['origy'], x.loc['destx'], x.loc['desty']), axis=1)

#check to see if the orig and destination id's have changed from the previo
us row using .shift
regressdf2['origsameid'] = regressdf2.origin == regressdf2.origin.shift(1)
regressdf2['destsameid'] = regressdf2.destination == regressdf2.destination
.shift(1)
#print regressdf2.head()
#then where origsameid and destsameid are both = TRUE then switch orig and
dest ids
#this step is due to the repetition of orig dest ids. The second repeated m
atching pair should be switched so that the pairs are all unique.

#find the rows which need swapping
print regressdf2['origsameid'].dtypes
#convert boolean true/false to int
regressdf2['origsameid'] = regressdf2['origsameid'].astype(int)
regressdf2['destsameid'] = regressdf2['destsameid'].astype(int)
regressdf2['eq'] = regressdf2.apply(lambda row: row['origsameid'] == 1 and
row['destsameid'] ==1, axis=1).astype(int)
print regressdf2.head()
s = regressdf2['eq'] ==1

regressdf2.loc[s, ['origin', 'destination']] = regressdf2.loc[s, ['destinat
ion','origin']].values
#check that the total flows are correct
totalregionflows = resultdf.groupby('origin').sum()
#print totalregionflows.head()
percintflows = pd.DataFrame()
internalflows.columns = ['origin', 'destinaton', 'intflows']
totalregionflows.reset_index(level=0, inplace=True)
print totalregionflows.count()

percflows = pd.merge(totalregionflows, internalflows, on='origin', left_ind
ex=False, right_index=False)
#calculate new column for the percentage of internal flows per region
percflows['percintflows'] = (percflows.intflows / percflows.flow)*100
print percflows
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print percflows.count()
int_flows = pd.merge(percflows, regions[['LABEL', 'geometry']],
left_on='origin', right_on='LABEL')
int_flows = gp.GeoDataFrame(int_flows)
int_flows.geometry

regions2001_20k_intflows = r"C:\Lorraine\OUTPUTS\Internal_flows\2001_region
s_20k_intflows.csv"
#dfOflowsOut.to_csv(OFout, index=True)
percflows.to_csv(regions2001_20k_intflows)

#int_flows.to_file('2001_wards10k_intflows.shp', driver='ESRI Shapefile')
#absolute volumes of internal flows per created region
import matplotlib.pyplot as plt
y = percflows.flow
x = percflows.origin
N = len(percflows.origin)
#plt.bar(x,y)
#plt.axhline(y.mean(), color='red', label='Mean Flow Volume')
#plt.show()
print percflows.describe()
y2 = percflows.percintflows.sort_values()
x2 = percflows.origin
plt.bar(x2, y2)
#mean line is skewed by a high value
#plt.axhline(y.mean(), color='red', label='Mean Flow Volume')
plt.axhline(y2.mean(), color='red', label='Mean Flow Volume')
plt.show()
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Appendix B: Stage 3 Data Preparation & Demographic Linkage
Python Script
Example Model 4: 2001 Ward 20K Regions
import math, pysal, random, shutil
import numpy as np
import csv
import pandas as pd
import geopandas as gp
import csvkit as ck
import itertools

%pylab inline
#%matplotlib inline
regpairlist = pd.read_csv("C:/Lorraine/DATA/REGIONS/pairlist_regions20k.csv
")
wardreg = pd.read_csv("C:/Lorraine/DATA/REGIONS/reg_output20k.csv")
OFout = pd.read_csv("C:/Lorraine/DATA/REGIONS/O_Flows_Out20k.csv")
DFin = pd.read_csv("C:/Lorraine/DATA/REGIONS/D_Flows_In20k.csv")
#print regpairlist.head()

#some orig-dest pairs are the same. The first row of the same pair is corre
ct. The second set the index is switched.
#

origin

destination

flow

OflowsOut

DflowsIn

#0

1

1

716

2819

2031

#1

1

2

6

2819

1166

#bottom row should be 2, 1 for orig, dest. All flow values are correct
#then where origsameid and destsameid are both = TRUE then switch orig and
dest ids
#this step is due to the repetition of orig dest ids. The second repeated m
atching pair should be switched so that the pairs are all unique.
#check to see if the orig and destination id's have changed from the previo
us row using .shift
regpairlist['origsameid'] = regpairlist.origin == regpairlist.origin.shift(
1)
regpairlist['destsameid'] = regpairlist.destination == regpairlist.destinat
ion.shift(1)
#find the rows which need swapping
#print regpairlist['origsameid'].dtypes
#convert boolean true/false to int
regpairlist['origsameid'] = regpairlist['origsameid'].astype(int)
regpairlist['destsameid'] = regpairlist['destsameid'].astype(int)
regpairlist['eq'] = regpairlist.apply(lambda row: row['origsameid'] == 1 an
d row['destsameid'] ==1, axis=1).astype(int)
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s = regpairlist['eq'] ==1
regpairlist.loc[s, ['origin', 'destination']] = regpairlist.loc[s, ['destin
ation','origin']].values
wardshapefile = r"C:/Lorraine/DATA/REGIONS/NIW01_sort.shp"
#wards = gp.read_file(wards)
wards = gp.read_file(wardshapefile)
wards = wards.to_crs(epsg=29902)

regression_shapes = wards.merge(wardreg, on='LABEL')
#print regression_shapes.head()
#dissolve geometry by reg id
regions = regression_shapes.dissolve(by='REG_ID')
print len(regions)
#generate centroids
regions['centroid_column'] = regions.centroid
#generate area
regions['area'] = regions.area / 10**6 ##convert from m to km
reg_centroids = regions.loc[:,'centroid_column']
#print reg_centroids.head()
reg_area = regions.loc[:,'area']
#separate centroids into x and y columns
regions["x"] = regions.centroid.map(lambda p: p.x)
regions["y"] = regions.centroid.map(lambda p: p.y)
xy = regions.loc[:,'x':'y']
x = regions.loc[:, 'x']
y = regions.loc[:, 'y']
xy['origindex'] = xy.index
xy['destindex'] = xy.index
xyorig = pd.DataFrame(xy)
xyorig = xyorig.rename(columns = {'x':'origx'})
xyorig = xyorig.rename(columns = {'y':'origy'})
xydest = pd.DataFrame(xy)
xydest = xydest.rename(columns = {'x': 'destx'})
xydest = xydest.rename(columns = {'y': 'desty'})

RegOutflows = regpairlist.merge(OFout[['origin','OflowsOut']], how='left',
on='origin')
RegOutInflows = RegOutflows.merge(DFin[['destination','DflowsIn']], how='le
ft', on='destination')
#merge x and y of centroids
RegOutInflowsxyo = pd.merge(RegOutInflows, xyorig, left_on=['origin'], righ
t_on=['origindex'], how='inner')
#print RegOutInflowsxyo
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#RegOutInflowsxyo.reset_index()
RegOutInflowsxy = pd.merge(RegOutInflowsxyo, xydest, left_on=['destination'
], right_on=['destindex'], how='inner')
print RegOutInflowsxy.head()
#calculate distances
import math
pd.options.mode.chained_assignment = None

# default='warn'

def calculateDistance(x1,y1,x2,y2):
#changed from math.sqrt
dist = np.sqrt((x2-x1)**2 + (y2-y1)**2)
return dist
RegOutInflowsxy['distance'] = RegOutInflowsxy.apply(lambda x:calculateDista
nce(x.loc['origx'], x.loc['origy'], x.loc['destx'], x.loc['desty']), axis=1
)
RegFlows = RegOutInflowsxy[['origin', 'destination', 'flow', 'OflowsOut', '
DflowsIn', 'distance', 'origx', 'origy', 'destx', 'desty']]
wardvarsOrig = pd.read_csv("C:/Lorraine/DATA/WARD_DATA/2001/Variables/Ward0
1_variablesOrig.csv")
wardvarsDest = pd.read_csv("C:/Lorraine/DATA/WARD_DATA/2001/Variables/Ward0
1_variablesDest.csv")
#Merge the region ids with the variable data
wardflowVarsOrig = wardvarsOrig.merge(wardreg, how='left', on=['LABEL'], le
ft_index=True)
wardflowVarsDest = wardvarsDest.merge(wardreg, how='left', on=['LABEL'], le
ft_index=True)
#O_Jobs_2001, O_Jobs_2011, O_All persons are all summed by REG_ID, the othe
r columns are percentages so calculate the mean
wardO = wardflowVarsOrig.groupby('REG_ID').agg({'O_Jobs_2001': 'sum', 'O_Jo
bs_2011': 'sum', 'O_All persons': 'sum',
'O_CB_PC': 'mean', 'O_ECON_
ACT_P': 'mean', 'O_POPDENS_01': 'mean', 'O_MDM_2005': 'mean', 'O_PerH_NoCar
': 'mean', 'O_Per_NSEC1-3': 'mean', 'O_RdLenEC_M': 'mean'}).reset_index()
wardO['origin'] = wardO['REG_ID']

wardD = wardflowVarsDest.groupby('REG_ID').agg({'D_Jobs_2001': 'sum', 'D_Jo
bs_2011': 'sum', 'D_All persons': 'sum',
'D_CB_PC': 'mean', 'D_ECON_
ACT_P': 'mean', 'D_POPDENS_01': 'mean', 'D_MDM_2005': 'mean', 'D_PerH_NoCar
': 'mean', 'D_Per_NSEC1-3': 'mean', 'D_RdLenEC_M': 'mean'}).reset_index()
wardD['destination'] = wardD['REG_ID']

wardflowVarsO = RegFlows.merge(wardO, how='left', on=['origin'], left_index
=True)
wardflowVarsOD = wardflowVarsO.merge(wardD, how='left', on=['destination'],
left_index=True)
wardflowVarsOD.to_csv('C:/Lorraine/DATA/WARD_DATA/2001/OUTPUT_FILES/ward01_
reg20k_ODvars_ADDITIONAL.csv')
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Appendix C: Stage 4 Spatial Interaction Modelling Python Script
Example Model 4: 2001 Ward 20K Regions

#Inspiration and code contribution from Oshan (2016)
import math, pysal, random, shutil
import numpy as np
import csv
import pandas as pd
import geopandas as gp
import csvkit as ck
import itertools

%pylab inline
#%matplotlib inline
#spatial interaction modelling for the regions created from 2001 ward flow
data

from pysal.contrib.spint.gravity import Gravity
from pysal.contrib.spint.gravity import Production
from pysal.contrib.spint.gravity import Attraction
from pysal.contrib.spint.gravity import Doubly

RegFlows = pd.read_csv('C:/Lorraine/DATA/WARD_DATA/2001/OUTPUT_FILES/ward01
_reg20k_ODvars_ADDITIONAL.csv')
print RegFlows.head()
RegFlows = RegFlows[RegFlows['origin'] != RegFlows['destination']]
#excluding internal ward flows
flows = RegFlows['flow'].values
Oi = RegFlows['OflowsOut'].values
Dj = RegFlows['DflowsIn'].values
Dij = RegFlows['distance'].values
Origin = RegFlows['origin'].values
Destination = RegFlows['destination'].values
RegFlows['PCO_PCD'] = RegFlows['O_CB_PC'] - RegFlows['D_CB_PC']
RegFlows['PCD_PCO'] = RegFlows['D_CB_PC'] - RegFlows['O_CB_PC']
RegFlows['PCO_PCD'] = RegFlows['PCO_PCD'].abs()
RegFlows['PCD_PCO'] = RegFlows['PCD_PCO'].abs()

RegFlows['PCO_PCD'] = RegFlows['PCO_PCD'].replace(0, 1)
RegFlows['PCD_PCO'] = RegFlows['PCD_PCO'].replace(0, 1)
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print (RegFlows['PCO_PCD']==0).sum()
print (RegFlows['PCD_PCO']==0).sum()

o_vars = np.hstack([RegFlows['O_Jobs_2001'].values.reshape((-1,1)),
RegFlows['O_ECON_ACT_P'].values.reshape((-1,1)),
#RegFlows['O_CB_PC'].values.reshape((-1,1)),
RegFlows['PCO_PCD'].values.reshape((-1,1)),
RegFlows['O_RdLenEC_M'].values.reshape((-1,1)),
RegFlows['O_PerH_NoCar'].values.reshape((-1,1)),
RegFlows['O_Per_NSEC1-3'].values.reshape((-1,1)),
RegFlows['O_MDM_2005'].values.reshape((-1,1)),
RegFlows['O_POPDENS_01'].values.reshape((-1,1))])

d_vars = np.hstack([RegFlows['D_Jobs_2001'].values.reshape((-1,1)),
RegFlows['D_ECON_ACT_P'].values.reshape((-1,1)),
#RegFlows['D_CB_PC'].values.reshape((-1,1)),
RegFlows['PCD_PCO'].values.reshape((-1,1)),
RegFlows['D_RdLenEC_M'].values.reshape((-1,1)),
RegFlows['D_PerH_NoCar'].values.reshape((-1,1)),
RegFlows['D_Per_NSEC1-3'].values.reshape((-1,1)),
RegFlows['D_MDM_2005'].values.reshape((-1,1)),
RegFlows['D_POPDENS_01'].values.reshape((-1,1))])

gravity = Gravity(flows, Oi, Dj, Dij, 'pow')
print gravity.params

production = Production(flows, Origin, d_vars, Dij, 'pow')
print production.params[-2:]

attraction = Attraction(flows, Destination, o_vars, Dij, 'pow')
print attraction.params[-2:]

doubly = Doubly(flows, Origin, Destination, Dij, 'pow')
print doubly.params[-1:]

#create a table for the global SIM results
R2, adjR2, SSI, SRMSE, AIC = [], [], [], [], []
model_name = ['grav', 'prod', 'att', 'doub']
col_names = ['R2', 'adjR2', 'AIC', 'SRMSE', 'SSI']
models = [gravity, production, attraction, doubly]
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for model in models:
R2.append(model.pseudoR2)
adjR2.append(model.adj_pseudoR2)
SSI.append(model.SSI)
SRMSE.append(model.SRMSE)
AIC.append(model.AIC)
cols = {'model_name': model_name,
'R2': R2,
'adjR2': adjR2,
'SSI': SSI,
'SRMSE': SRMSE,
'AIC': AIC }
data = pd.DataFrame(cols).set_index('model_name')
data[col_names]
print data
data.to_csv('C:/Lorraine/DATA/WARD_DATA/RESULTS/global_wards01_20k_spintg_p
ow_ADDITIONAL.csv')

local_attraction = attraction.local()
local_production = production.local()

print local_attraction.keys()
print local_production.keys()

local_attractionSOA = pd.DataFrame({'Destination':np.unique(Destination),
'Jobs':np.round(local_attraction['param
0'],4),
'Workers': np.round(local_attraction['p
aram1'],4),
'Perc Cath Diff': np.round(local_attrac
tion['param2'],4),
'Road Dist to Emp Centre': np.round(loc
al_attraction['param3'],4),
'Perc Households No Car': np.round(loca
l_attraction['param4'],4),
'Perc NSEC 1-3': np.round(local_attract
ion['param5'],4),
'Deprivation Rank': np.round(local_attr
action['param6'],4),
'Pop Dens': np.round(local_attraction['
param7'],4),
'Distance betas':np.round(local_attract
ion['param8'],4),
'pseudoR2':np.round(local_attraction['p
seudoR2'], 4)})
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local_productionSOA = pd.DataFrame({'Destination':np.unique(Origin),
'Jobs':np.round(local_production['param
0'],4),
'Workers': np.round(local_production['p
aram1'],4),
'Perc Cath Diff': np.round(local_produc
tion['param2'],4),
'Road Dist to Emp Centre': np.round(loc
al_production['param3'],4),
'Perc Households No Car': np.round(loca
l_production['param4'],4),
'Perc NSEC 1-3': np.round(local_product
ion['param5'],4),
'Deprivation Rank': np.round(local_prod
uction['param6'],4),
'Pop Dens': np.round(local_production['
param7'],4),
'Distance betas': np.round(local_produc
tion['param8'],4),
'pseudoR2':np.round(local_production['p
seudoR2'], 4)})

local_productionSOA.to_csv('C:/Lorraine/DATA/WARD_DATA/RESULTS/20kwards01sp
intg_localproduction_pow_Additional.csv')
local_attractionSOA.to_csv('C:/Lorraine/DATA/WARD_DATA/RESULTS/20kwards01sp
intg_localattraction_pow_Additional.csv')
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Appendix D: Stage 5 Factor Analysis R Script
Example Model 4: 2001 Ward 20K Regions Attraction
# Maximum Likelihood Factor Analysis
# entering raw data and extracting 4 factors,
# with varimax rotation
#install.packages(c("sp", "MASS", "reshape2", "geojsonio", "rgdal",
"downloader", "maptools", "dplyr", "broom", "stplanr", "ggplot2", "
leaflet"))
#library(dplyr); library(tidyr)
mydata = read.csv("C:/Lorraine/OUTPUTS/FINAL_FINAL_OUTPUTS/JOIN_TAB
LES/20kwards01spintg_localattraction_pow_Additional.csv")
# exclude text variable destination
myvars <- names(mydata) %in% c("Destination", "X")
newdata <- mydata[!myvars]
fit <- factanal(newdata, 4, n.obs = 25, rotation="varimax")
print(fit, digits=2, cutoff=.3, sort=TRUE)
##
## Call:
## factanal(x = newdata, factors = 4, n.obs = 25, rotation = "varim
ax")
#summary(fit)
# plot factor 1 by factor 2
load <- fit$loadings[,1:2]
plot(load,type="n") # set up plot
text(load,labels=names(newdata),cex=.7) # add variable names
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Appendix E: Chord Diagram Javascript
Code available at: https://github.com/lbarry04/GDS_PopulationFlows

Appendix F: Top 50 Employers in Northern Ireland in 2012

(Ulster Business, 2012)
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(Ulster Business, 2012)
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Appendix G: Python Scripts for Correlation Matrix, Cumulative
Variance Plot & Multiple Images
#https://www.kaggle.com/nirajvermafcb/principal-component-anal
ysis-with-scikit-learn
#https://pandas.pydata.org/pandas-docs/stable/reference/api/pa
ndas.DataFrame.corr.html
#https://seaborn.pydata.org/generated/seaborn.heatmap.html
# Part 1 - Correlation Matrix
#%load_ext rpy2.ipython
from sklearn import decomposition, preprocessing
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
import numpy as np
%matplotlib inline
#load functional region demographic data (as created in stage
3)
SIMdata = pd.read_csv('M7_reg20kEBANN_Production.csv', index_c
ol=0)
#drop unnecessary columns
SIMdata = SIMdata.drop(columns=['Destination'])
data_normal = preprocessing.scale(SIMdata) # Normalization
#calculate factor analysis based on input functional region da
ta
fa = decomposition.FactorAnalysis(n_components=9)
fa.fit(data_normal)
#print fa.components_ # Factor loadings
#print fa.score # Factor scores
# Compute data covariance with the Factor Analysis model.
covar = fa.get_covariance()
# pandas dataframe correlation - Compute pairwise correlation
of columns, excluding NA/null values.
SIMdata.corr()
correlation = SIMdata.corr()
plt.figure(figsize=(12,9.5)) #set figure size
sns.set(font_scale=0.8) #set font size
#generate correlation heatmap with annotation and red-blue sha
ding
g = sns.heatmap(correlation, vmax=1, square=True,annot=True,cm
ap='RdBu_r')
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#set axis labels, fonts, and plot title
plt.xticks(fontsize =11, fontweight="bold", rotation=90)
plt.yticks(fontsize =11, fontweight="bold")
plt.title('Correlation between Variables Model 7 Production',
fontsize = 20, fontweight="bold")
plt.xlabel('Variables / Parameters', fontsize = 12, fontweight
="bold")
plt.ylabel('Variables / Parameters', fontsize = 12, fontweight
="bold")
#save correlation matrix plot to image
plt.savefig('M7_PROD.png', dpi=100)

# Part 2 - Cumulative variance
#https://stackoverflow.com/questions/41388997/factor-analysisin-sklearn-explained-variance/42224525
m = fa.components_ #components matrix
n = fa.noise_variance_ #noise variance
m1 = m**2 #matrix squared
m2 = np.sum(m1,axis=1) #sum of each of the columns of m1
# calculate % variance of each factor
pvar1 = (100*m2[0])/np.sum(m2) # % variance of 1st
pvar2 = (100*m2[1])/np.sum(m2) # % variance of 2nd
pvar3 = (100*m2[2])/np.sum(m2) # % variance of 3rd
pvar4 = (100*m2[3])/np.sum(m2) # % variance of 4th
pvar5 = (100*m2[4])/np.sum(m2) # % variance of 5th
pvar6 = (100*m2[5])/np.sum(m2) # % variance of 6th
pvar7 = (100*m2[6])/np.sum(m2) # % variance of 7th
pvar8 = (100*m2[7])/np.sum(m2) # % variance of 8th
pvar9 = (100*m2[8])/np.sum(m2) # % variance of 9th
Totalvar = pvar1 + pvar2 + pvar3 + pvar4 + pvar5 +
r7 + pvar8 + pvar9
print Totalvar
# calculate cumulative variance from factors
cumvar12 = pvar1 + pvar2
cumvar123 = cumvar12 + pvar3
cumvar1234 = cumvar123 + pvar4
cumvar12345 = cumvar1234 + pvar5
cumvar123456 = cumvar12345 + pvar6
cumvar1234567 = cumvar123456 + pvar7
cumvar12345678 = cumvar1234567 + pvar8
cumvar123456789 = cumvar12345678 + pvar9
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factor
factor
factor
factor
factor
factor
factor
factor
factor
pvar6 + pva

list=[[pvar1,cumvar12,cumvar123,cumvar1234,cumvar12345,cumvar1
23456,cumvar1234567,cumvar12345678,cumvar123456789]]
# create and save cumulative variance plot
plt.figure()
plt.ylabel('% Variance Explained')
plt.xlabel('# of Factors')
plt.title('Factor Analysis - Model 7 Production')
plt.ylim(0,100.5)
plt.xlim(0,8)
plt.style.context('seaborn-whitegrid')
plt.plot(list[0])
plt.savefig('M7_Prod_fa_CVar.png')

284 | P a g e

Appendix G: Cumulative Variance Plot Python Script & Multiple
Images Continued
# Part 3 – Multiple Scree plots
# python code built on matplotlib to combine single images int
o one with a model number on each.
import os
import matplotlib.pyplot as plt
%matplotlib inline
from PIL import Image, ImageDraw, ImageFont
import glob
image_list = []
for filename in sorted(glob.glob('Model1_16/*.png')):
im=Image.open(filename)
draw = ImageDraw.Draw(im)
# desired size
font = ImageFont.truetype("arial.ttf", size=30)
# starting position of the message
(x, y) = (50, 50)
model = str(filename)
# model labels are already included, following 8 lines sho
w the label setting
#message = model.split('_', -5)
#message = message[5]
#message = str(message)
#color = 'rgb(0, 0, 0)' # black color
# draw the model numbers on the background
#draw.text((x, y), message, fill=color, font=font)
# save the edited image
#im.save(filename)
image_list.append(im)
plt.figure(figsize=(80,140))
plt.margins(0.02)
for i, image in enumerate(image_list):
plt.subplot(8, 4, i+1)
plt.imshow(image)
# save final combined image as new image
plt.savefig('FactorTotalVariance1-16.png', bbox_inches='tight'
)
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Appendix H: R code for nFactors to Determine Number of
Factors
FA_DETERMINE_NUMBER_FACTORS.R
# Maximum Likelihood Factor Analysis
# entering raw data and extracting 6 factors,
# with varimax rotation
#install.packages(c("sp", "MASS", "reshape2", "geojsonio", "rgdal",
"downloader", "maptools", "dplyr", "broom", "stplanr", "ggplot2", "
leaflet"))
#library(dplyr); library(tidyr)
#install.packages(c("nFactors"))
mydata = read.csv("C:/Lorraine/OUTPUTS/FINAL_FINAL_OUTPUTS/JOIN_TAB
LES/20kwards01spintg_localproduction_pow_Additional.csv")
# exclude text variable destination
myvars <- names(mydata) %in% c("Destination", "X")
newdata <- mydata[!myvars]
#newdata <- as.matrix(newdata)
# Determine Number of Factors to Extract
library(nFactors)
ev <- eigen(cor(newdata)) # get eigenvalues
ap <- parallel(subject=nrow(newdata),var=ncol(newdata),
rep=100,cent=.05)
nS <- nScree(x=ev$values, aparallel=ap$eigen$qevpea)
plotnScree(nS, main = "Solutions to Scree Test - M4 Production")
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