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Population mobility, i.e. the movement and contact of individuals across
geographic space, is one of the essential factors that determine the course of a
pandemic disease spread. This research views both individual-based daily
activities and a pandemic spread as spatial interaction problems, where locations
interact with each other via the visitors that they share or the virus that is
transmitted from one place to another. The research proposes a general visual
analytic approach to synthesize very large spatial interaction data and discover
interesting (and unknown) patterns. The proposed approach involves a suite of
visual and computational techniques, including (1) a new graph partitioning
method to segment a very large interaction graph into a moderate number of
spatially contiguous subgraphs (regions); (2) a reorderable matrix, with regions
‘optimally’ ordered on the diagonal, to effectively present a holistic view of major
spatial interaction patterns; and (3) a modified flow map, interactively linked to
the reorderable matrix, to enable pattern interpretation in a geographical
context. The implemented system is able to visualize both people’s daily
movements and a disease spread over space in a similar way. The discovered
spatial interaction patterns provide valuable insight for designing effective
pandemic mitigation strategies and supporting decision-making in time-critical
situations.
Keywords: Spatial data mining; Visual analytics; Spatial interaction; Graph
partitioning; Pandemic; Decision support

1.

Introduction

To prepare for possible outbreaks of pandemic diseases (e.g. influenza), it is critical
to understand the time course and geographic spread of the outbreak and be able to
design/plan effective containment strategies before it happens. Population mobility,
i.e. the movement of individuals between specific locations and the contact between
different groups of people, is one of the essential factors that determine the course of
disease spread. Recently, researchers have begun to use complex simulation systems
to generate near-realistic (and very large) data sets that depict individuals’ daily
activities and social contacts for an urban area or even the entire nation (Eubank
et al. 2004, Ferguson et al. 2005, 2006, Germann et al. 2006). Such data hold great
potential in providing unknown information regarding population mobility to assist
decision-making in pandemic preparedness and response.
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However, it is a challenging problem to analyse massive spatial interaction data,
discover useful patterns, and facilitate the pandemic decision-making process.
Individual-level movement data sets are often very large, containing millions of
events that involve millions of people and locations. Few existing methods can deal
with data of such a large volume and complexity. Traditionally, movement or
interaction data are visualized with flow maps, as used in migration studies,
epidemiology, and economic analysis of the flow of goods and services (Tobler 1976,
Cliff and Ord 1981, Bailey and Gatrell 1995). However, flow maps are limited to
relatively small data sets, e.g. migration among 50 US states (Tobler 1987).
The data analysed in this research include two parts: (1) a very large collection of
human activities in the Portland metropolitan area for a normal day (simulated
based on surveys and census data); and (2) a simulated pandemic outbreak for a
100-day period (Barrett et al. 2001, Eubank et al. 2004). The daily activity data set
involves over 1.6 million people and more than 180 000 locations. Each record
contains information for a specific activity event, including the person ID, location
ID, activity type, time, duration, etc. The activities are simulated with agent-based
modelling techniques, which are configured with social surveys, transportation
simulations, and census data. The pandemic outbreak data set is generated via
coupling epidemiological models with the above urban social contact information to
simulate the time course and geographic spread of a pandemic disease over 100 days.
Readers are referred to Barrett et al. (2001) and Eubank et al. (2004) for details
about these datasets. (Synthetic Data Products for Societal Infrastructures and
Proto-Populations: Data Set 1.0, NDSSL-TR-06-006, Network Dynamics and
Simulation Science Laboratory, Virginia Polytechnic Institute and State University,
1880 Pratt Dr, Building XV, Blacksburg, VA, 24061, ndssl.vbi.vt.edu/Publications/
ndssl-tr-06-006.pdf)
This research views both individual-level daily movements and the pandemic
spread as spatial interaction problem, where locations interact with each other via
the visitors that they share or the virus that is transmitted from one place to another.
The goal of this research is to develop a general visual analytic approach to
synthesize very large spatial interaction data and discover interesting (and
unknown) patterns. The proposed visual analytical approach involves several
visual/computational techniques: (1) a new graph partitioning method to segment a
spatial interaction graph into a moderate number of spatially contiguous regions in
such a way that locations in the same region interact more with each other than with
locations in different regions; (2) a reorderable matrix, with regions ‘optimally’
ordered on the diagonal, to effectively present a holistic view of major interaction
patterns/structures; and (3) a modified flow map, interactively linked to the
reorderable matrix, to enable pattern interpretation in a geographic context. The
proposed approach can help decision-makers understand how humans move or a
pandemic spreads across space and time. The discovered patterns can then assist in
designing effective mitigation strategies prior to a pandemic strike and responding to
time-critical situations during an outbreak.
The remainder of the paper is organized as follows. Related work is reviewed in
the next section. Section 3 provides an overview of the data and the proposed
methodology. Section 4 presents the spatially contiguous graph partitioning
method. The matrix-based visualization and its integration with a modified flow
map are presented in section 5. Section 6 discusses the insights derived from spatial
interaction visual analytics and their implications for designing effective pandemic
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mitigation strategies. The paper is concluded with a summary and a discussion on
future work.
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2.

Related work

Pandemic diseases (e.g. smallpox and influenza) are highly infectious and can spread
across a large region or even worldwide (Potter 2001). Mitigation strategies for
pandemic outbreaks can be classified into three categories (Ferguson et al. 2006):
antiviral, vaccine, and non-pharmaceutical measures. Antiviral measures seek to
promptly treat clinical cases and reduce their severity and infectiousness. Usually,
cases are most infectious soon after symptoms develop, which requires very rapid
reaction to new clinical cases. Therefore, early detection is critical for the
containment of pandemic spread (Eubank et al. 2004). Vaccination protects people
from being infected or from becoming a clinical case (and thus infectious). However,
the effectiveness of vaccination depends on a stockpile of pre-prepared vaccine
against the virus. The limited availability of vaccines and the time-consuming
process to vaccinate the population require effective targeting and prioritizing to
achieve maximum impact (Eubank et al. 2004, Ferguson et al. 2006). Nonpharmaceutical strategies include case isolation, household quarantine, school
closure, border control, travel restriction, and other reactive responses (Ferguson
et al. 2005, 2006).
The implementation and effectiveness of pandemic mitigation strategies depend
heavily on the correct understanding of the time course and geographic spread of
pandemic diseases. Population mobility in a highly fabricated urban (or even
national and international), social, and spatial network is essential in determining
how people contact each other and therefore how the disease spreads over time and
space (Eubank et al. 2004, Ferguson et al. 2005, 2006). Various data sources,
including simulation data, transportation (e.g. data from the Bureau of
Transportation Statistics—BTS; Bureau of Transportation Statistics, http://
www.bts.gov), and surrogate data sets (e.g. dollar-bill tracking) have been used
to study the human travel patterns at different geographic scales (urban, national,
and international) (Eubank et al. 2004, Brockmann et al. 2006). However, these
studies have so far only focused on examining general characteristics (e.g. degree
distribution) of human travels with summary statistics. Despite their vital role in
shaping the pandemic spread process, spatial interaction patterns have not been
examined and used adequately in designing mitigation strategies. For example, the
travel restriction strategies (in combination with other strategies) evaluated by
Ferguson et al. (2006) simply apply a certain distance threshold (e.g. 5 km) to
prohibit long-range trips, attempting to contain or delay the pandemic spread.
The lack of consideration of specific spatial interaction patterns in current
pandemic studies is, in part, because it is a challenging problem to synthesize,
visualize, and discover patterns from very large spatial interaction data sets. Spatial
interaction data are traditionally visualized with flow maps (Tobler 1976, 1981,
1987, Phan et al. 2005) or 3D views if the temporal dimension is included (Kwan
2000). (Tobler’s Flow Mapper is freely available at http://www.csiss.org/
clearinghouse/FlowMapper) However, a flow map (or its 3D version) has limited
capability in visualizing very large data sets. Tobler (1987) discussed a variety of
strategies to reduce the complexity of flow patterns and thus render legible
flow maps. One approach is to show only the interaction or movement to a place
or from a place. This, of course, can only present a small portion of the entire
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data. Another option is to remove the links that are below a certain threshold
and only map the strong links or movements. A third approach is to
aggregate adjacent places to reduce the data size. The fourth option is to allow
flows take place only between geographical neighbours (and therefore introduce
distortion in the data) to achieve cartographic neatness. In general, even with these
various strategies, flow maps can only deal with relatively small data sets (e.g. 50 US
states). Phan et al. (2005) uses multiple layers, each showing flows from (or to) a
single place, which is still not capable of generating an overview of all flows in a
large data set.
A matrix-based visualization and a graph-based view (with nodes and links) are
two alternatives to visualize interaction data. Graphs and matrices are often used as
parallel representations of the same data, and one can easily transform from one to
another (Wong et al. 2006). However, studies show that when the number of vertices
is larger than 20, a matrix-based visualization performs better than node-link graphs
on most tasks (Ghoniem et al. 2004). To reduce visual clutter and simplify graphs,
partitioning techniques have been designed to segment large graphs via aggregating
nodes (vertices) that are strongly connected with each other (Karypis and Kumar
2000, Abou-rjeili and Karypis 2005). However, when used to partition a spatial
interaction graph (with locations as nodes and interactions as links), existing graphpartitioning methods cannot guarantee that each sub-graph is spatially contiguous.
There are parallel efforts in geographical research that seek to build regions from
detailed geographic data (Haggett et al. 1977). A recent regionalization method is
based on tree-partitioning (Assunção et al. 2006), which is similar to a graph
partitioning approach but cannot handle very large data sets.
To render a matrix view, the ordering of rows (and columns) is critical (see
figure 1 for an example). Originally introduced by Bertin in French in 1967
(translated in 1983), reorderable matrix is widely used in information visualization
(Wilkinson 1979, Bertin 1983, Mäkinen and Siirtola 2000, Friendly 2002, Siirtola
and Makinen 2005). It is an NP-hard problem to derive an optimal ordering of the
rows (and/or columns) in a matrix, and so heuristic-based or approximate
approaches are often used. Friendly and Kwan present a general framework for
ordering information in visual displays (tables and graphs) according to the
effects or trends (Friendly and Kwan 2003). An ordering can also be obtained
from a hierarchical clustering result (Bar-Joseph et al. 2001, 2003, Guo et al. 2003,

Figure 1. Illustration of the use of a reorderable matrix to visualize spatial interaction
patterns among 10 locations. The two matrices show the same data, with dark colours
representing strong interactions. The right matrix has columns and rows reordered according
to interactions among locations.
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Guo and Gahegan 2006). Guo and Gahegan (2006) present an evaluation result
for nine different ordering techniques, and this shows that the optimal ordering
derived from a complete-linkage clustering result outperforms others in preserving
patterns.
Visual analytics is an emerging research area that seeks to leverage the power of
information visualization and computational analysis in the process of turning
massive data into meaningful information and knowledge (Thomas and Cook 2005,
Guo et al. 2006). Visual analytics tools and techniques are used to synthesize
massive data, detect the expected and discover the unexpected, provide timely and
understandable assessments, and communicate assessment effectively for action
(Thomas and Cook 2006). This implies that a successful visual analytic approach
should satisfy two primary requirements: (1) being able to synthesize a very large
amount of data items, generate a holistic view of major structures in the data, and
facilitate the discovery of meaningful (and oftentimes unknown) information; and
(2) being able to transform the discovered information into forms that human users
can easily recognize, interact, interpret, and ultimately integrate with domain
knowledge in assisting real-world decision-making processes.
3.
3.1

Visual analytics of spatial interactions—an overview
Data generation and transformation

The data used in this paper consist of two main data files. One contains the
simulated daily activities for a normal day in the Portland metropolitan area, and
the other contains the outcome of a simulated pandemic spread over 100 days
(Barrett et al. 2001, Eubank et al. 2004). (The data set is available at http://
ndssl.vbi.vt.edu/opendata/)
The daily activity data involve over 1.6 million synthetic individual persons and
181 267 synthetic locations. The synthetic individuals carry with them a variety of
demographic attributes collected from census data, including variables such as
income level and age. Each of the synthetic locations, two per roadway link in the
city, has an (x, y) UTM coordinate. Each individual person is associated with a
location as home. Although persons and locations are synthetic due to privacy
concerns, they are consistent with census data at the block group level. For example,
the total population or the average income for a block in the synthetic data is the
same as in the census data. Each activity event includes the person ID, location
(where the activity is performed), activity type, time, and duration. The simulation is
based on agent-based modelling and configured with social surveys, transportation
simulations, and census data.
The pandemic outbreak simulation integrates epidemiological models, urban
social contact data, and agent-based techniques to simulate the time course and
geographic spread of a pandemic disease over 100 days. The outcome keeps track of
the path of a disease that is transmitted from person to person, including when,
where, and from whom a person became infected. When a person is infected during
the simulation at a specific location, the identification numbers of other infected
people at the same location are recorded, and a generation number (which is one
more than the minimum generation number among the infectious people present at
that location) is assigned to the newly infected person.
Both individual-based daily activities and the pandemic spread can be modelled
with a spatial interaction graph, where locations are linked with each other if they
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share visitors or a virus is transmitted from one location to another. Two different
but similar spatial interaction graphs can be extracted from the above two data files,
respectively. Hereafter, they are referred to as the activity graph and the spread
graph. In the activity graph, two locations are linked if they share at least one visitor.
The activity graph has 181 267 locations and about 9 million links. The links in the
activity graph have no direction. In the spread graph, location A is connected to
location B if a person is first infected at location A and later infects another person
at location B. Thus, the links in the spread graph have a direction and a weight,
which is the total number of people that are infected at A and then spread the
disease at B.
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3.2

Proposed visual analytic approach

This research proposes a visual analytical approach for synthesizing spatial
interaction data and discovering useful patterns for pandemic decision support.
The approach consists of three phases: (1) graph partitioning and data reduction; (2)
matrix rendering and map linking; and (3) pattern interpretation and decisionmaking support. Sections 4, 5, and 6 elaborate on these three phases, respectively.
Below is a brief overview.
Given the large data size (i.e. 181 267 locations) and complexity (i.e. 9 million
links) of the activity graph, it is not practical (or useful) to visualize the entire graph
with either a node-link graph or row–column matrix view. For example, a normal
screen space is about 1600 by 1200 pixels, which are several magnitudes smaller than
the matrix size if each individual node (location) occupies a row (and column).
Moreover, the discovery of major patterns in such a large data set often requires that
the data be synthesized first to allow salient structures to emerge and be easily
recognized. To reduce the graph (or matrix) while preserving major interaction
patterns, this research develops a new graph partitioning method to segment the
activity graph into a moderate number of subgraphs in such a way that strongly
connected locations will be ideally in the same subgraph. The partitioning method
guarantees that each of the subgraphs is spatially contiguous and that subgraphs are
of similar sizes.
A normalized interaction strength value is calculated for each pair of subgraphs
(i.e. regions) based on the total links connecting the two regions. Pairwise
interaction strength values among all regions are visualized with a reorderable
matrix, where regions are placed on the diagonal and ordered so that strongly
connected regions are next to each other. This matrix view effectively presents a
holistic image of the major patterns/structures in the activity graph. The matrix is
interactively linked to a modified flow map. Through selection and brushing, users
can understand and interpret patterns in a geographic context. The spread graph
can also be visualized in a similar way except that it will use the regions derived with
the activity graph and keep the same ordering of those regions. Therefore, the
matrix (and map) view for the spread graph is directly comparable to that for the
activity graph.
The discovered spatial interaction patterns and pandemic spread patterns provide
valuable insight for designing effective pandemic mitigation strategies. Specifically,
the discovered patterns can support informed decision-making on: (1) identifying
critical locations and regions for a future pandemic outbreak, which are important
factors for early detection and efficient targeting; (2) designing more effective travel
restriction policies to delay or contain the spread while minimizing the consequent
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inconvenience or economic cost; (3) allocating limited resources (e.g. vaccines,
personnel, facilities, etc.) geographically to effectively prepare for an imminent
outbreak; and (4) facilitating decision-making in time critical situations during an
outbreak, e.g. taking actions upon a new clinical case, or adjusting strategies
according to updated spread information.
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4.

Partitioning very large spatial interaction graph

This section introduces the new graph partitioning method that segments the
activity graph into subgraphs while preserving major interaction patterns.
Specifically, the partitioning method satisfies the following four requirements: (1)
clusters in the graph (i.e. sets of strongly connected locations) are preserved as much
as possible; (2) each partitioned subgraph is spatially contiguous; (3) subgraphs are
of similar sizes; and (4) the method is efficient to deal with the large data size. The
proposed method is based on a spatially constrained minimum spanning tree
clustering approach, using a unique similarity measure to quantify the inherent
relationship between two locations in the activity graph. The tree is then partitioned
from the top down under a size constraint to produce spatially contiguous
subgraphs of similar sizes.
4.1

General properties of the activity graph

It is important to understand the general properties of the activity graph before
trying to partition and visualize it. Figure 2 shows two important characteristic
distributions of the activity graph. One is the degree distribution for all locations in
the graph. The degree of a location is the number of links incident to that location in
the graph (i.e. the number of neighbours of that location in the graph). The degree
distribution follows a power-law curve (figure 2(a)), which means that most
locations only have a few links while a small number of high-degree locations are
linked to many other locations. This type of graph is also called a scale-free network
(Barabási and Albert 1999), which is usually made of hub nodes (i.e. high-degree
nodes) and many small nodes (i.e. low-degree nodes).
The distance distribution for all the links in the activity graph is shown in
figure 2(b). Since each node is a geographical location, this distribution summarizes
how the activity graph spans across the geographical space. It shows that most links

Figure 2. (a) Degree distribution of the activity graph. Note that both axes use a logarithmic
scale. (b) Distance distribution of all links in the activity graph.
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are connecting locations that are geographically close (in terms of the straight-line
Euclidean distance). The degree and distance distributions indicate that it is possible
to partition the activity graph into spatially contiguous subgraphs while preserving
the major structure of the original graph.
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4.2

Shared neighbours as similarity measure

The similarity between two locations in the activity graph is defined as the number
of neighbours that they share. This is similar to the shared nearest-neighbour (SNN)
clustering approaches (Jarvis and Patrick 1973, Ertoz et al. 2003). The neighbours of
a location in the graph are those locations that have direct links to it. A location is
also a neighbour of itself. Figure 3 shows a simple scenario to demonstrate the
shared-neighbour (SN) similarity measure. Location D has eight neighbours
(including itself): B, C, D, E, F, G, H, and I. Location H has five neighbours: C,
D, G, H, and I. The intersection of the two sets contains five locations, which are the
shared neighbours of D and H. Therefore, the weight for the link between D and H
is set as five.
4.3

Graph partitioning via spatially constrained clustering

The proposed graph partitioning method consists of three steps. First, a Delaunay
triangulation (DT) is constructed for all locations (figure 4(b)), using the Guibas–
Stolfi algorithm (Guibas and Stolfi 1985), which is of O(nlog n) complexity. The
triangulation captures the spatial neighbourhood for each location since every DT
link connects two spatial neighbours. The weight for each DT link (labelled in
figure 4(b)) is the number of shared neighbours in the interaction graph for the two
locations (as defined above; see figure 3).
Second, a minimum spanning tree (MST) is constructed from the DT (Guo et al.
2003), which is also of O(nlog n) complexity. To derive the MST, the length for each
DT link is set as 1/(weight + 1). If two links have the same weight (and length), their
geographic distances are used to break the tie. Note that removing any link in the

Figure 3. Illustration of the five neighbours {C, D, G, H, I} shared by two selected locations
(D and H) in the activity graph.
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Figure 4. (a) Example of a spatial interaction graph. (b) Each link in the Delaunay
triangulation (DT) is labelled with its weight, which is the number of shared neighbours (in
the interaction graph) of the two incident locations. An MST is derived from the DT. (c) The
MST is partitioned under a size constraint (figure 5). (d ) Regionalized graph, with subgraphs
(i.e. spatially contiguous regions) highlighted (see text for details).

MST will generate two subtrees, each of which is spatially contiguous (Assunção
et al. 2006). The DT and MST are shown in figure 4(b).
Third, the MST is partitioned from the top down, starting from the least weighted
link (figure 5). During this partition, a size constraint is enforced, which requires

Figure 5. Top-down partitioning of the MST (see figure 4(c)) under a size constraint of 5,
i.e. each subgraph should have at least five locations. See text for details.
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that each subgraph cannot be smaller than the size limit. For the example shown in
figure 5, the size limit is 5, and so it is not permissible to remove either KL, EF, CI,
AK, ED, or DG. The first successful partition is to remove edge BC and generate
two subtrees {A, B, J, K, L} and {C, D, E, F, G, H, I} (figures 4(c) and 5). After a
successful partition, the remaining (i.e. unvisited) MST links are separated into two
sets, one for each subtree. Each subtree is then recursively processed until no subtree
can be further partitioned under the size constraint. According to the tree
partitioning result, the input graph is partitioned into a set of spatially contiguous
subgraphs (figure 4(d)).
The complexity analysis of the proposed graph partitioning method is as follows.
Let n be the total number of locations. The total number of links in the MST is n21.
The partitioning method essentially visits each MST link once and obtains the sizes
for the two subtrees if that link is cut (which takes O(|T|) time, with |T| being the
subtree size). The worst-case complexity of the partitioning method is O(n2).
IsIdeally, |T| is reduced by a half after each partitioning, in which case the method is
much more efficient. The actual running time for partitioning the activity graph
(which has 181 267 locations) is about 10 min on a desktop computer with 2 GB of
RAM memory and a 3.60-GHz Pentium 4 CPU.
The activity graph is partitioned into 258 subgraphs (regions) with a size
constraint of 500. Region sizes range from 500 to 1252, while most regions are of a
size between 500 and 800. The 258 regions are shown in figure 6, which are used for
subsequent analysis and visualization. One can also try a different size constraint

Figure 6. The partitioning result of the activity graph. 181267 locations in Portland are
partitioned into 258 regions based on the activity graph. Locations of the same region are in
the same colour. Major highways are also shown. Due to the limited number of different
colours, it is possible that two nearby regions are in the same colour.
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and produce more or less regions to examine patterns at different granularity
levels. However, since a minimum spanning tree has a well-known ‘chain effect’
problem (Hastie et al. 2001, Guo et al. 2003), the graph partitioning method
cannot guarantee that all locations within a region are strongly connected if the
region is large. The primary advantage of this partitioning method is that it is fast
and works reasonably well to derive small regions. Therefore, this research
synthesizes very large spatial interaction datasets with two steps. The first step is
to segment the interaction graph into a moderate number of small regions with the
proposed graph partitioning method. The second step further synthesizes and
visualizes the interactions among regions with a better (but more time-consuming)
clustering and ordering method, which is used to construct a reorderable matrix and
present a holistic view of interaction patterns at various hierarchical levels (see
section 5).
5.
5.1

Visualizing spatial interactions
A measure of interaction strength

Now, the original interaction data (i.e. the activity graph) is reduced to a 258 by 258
matrix. A normalized interaction strength measure for a pair of regions is defined as:


Iab ~Cab 10002 ðSa Sb Þ
ð1Þ
where Iab is the interaction strength between region a and b, Cab is the number of
links (in the original activity graph) that connect the two regions, and Sa and Sb are
the region size for a and b, respectively. This measure is a normalized value that
takes into account region sizes. For example, a value of 500 for Iab indicates that 500
links are expected between the two regions if each of them contains 1000 locations.
Note that a and b can be the same region, in which case the interaction strength
measures the internal interactions within that region.
5.2

Linear ordering of regions

As introduced in section 2 and demonstrated in figure 1, a linear ordering of the
rows (and columns) is critical for a matrix-based visualization to accentuate
patterns. Given the matrix of pairwise interaction strength values for all regions, a
one-dimensional ordering of the 258 regions is derived using an ordering method
that is based on the complete-linkage hierarchical clustering (Guo and Gahegan
2006).
The clustering-based ordering method first groups regions into a hierarchy of
clusters according to the interaction strength matrix (which can be viewed as a
similarity matrix in the clustering context). However, a cluster hierarchy cannot
determine a unique ordering—there are as many as 2n21 (n is the number of regions)
different orderings that are consistent with the same cluster hierarchy (i.e. regions in
the same cluster are also contiguous in the ordering) (Bar-Joseph et al. 2001). The
ordering method seeks to find an ‘optimal’ ordering by placing strongly connected
regions as close as possible to each other while maintaining the cluster hierarchy
(Guo and Gahegan 2006). Therefore, the ordering encodes more information and
preserves more patterns than a cluster hierarchy does.
Figure 7 shows the linear ordering of the 258 regions based on their mutual
interaction strengths. Note that geographic distances are not involved in the
derivation of the ordering. However, the ordering largely follows a geographic
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Figure 7. Linear ordering of the 258 regions (represented by their centroids). According to
the patterns shown in the matrix view (figure 8), three top-level clusters of regions are
highlighted and labelled. Note that these three clusters (A, B, and C) can be further
decomposed into smaller (and more strongly connected) regions, which are obvious in the
matrix (figure 8) but not recognizable in the maps (figures 6–7 and 10).

order, i.e. the ordering tends to connect spatial neighbours. This indicates
(or verifies) that strong interactions are mostly local. This spatially dominated
ordering helps the user understand and interpret patterns in the matrix view (see
section 5.3).
5.3

Visualization and user interactions

Given the linear ordering of regions derived above, it is rather straightforward to
visualize the matrix of pairwise interaction strengths for all regions. The matrix view
shown in figure 8 is constructed by placing the 258 location clusters on the diagonal,
following the one-dimensional ordering, with the start region (figure 7) at the topleft corner of the matrix and the end region in the bottom-right corner. Each grid
cell, representing the interaction strength between the row region and the column
region, is assigned a colour according to a five-class classification. Higher
interaction strengths are represented with a darker colour.
This matrix is an overview of the major spatial interaction patterns. One can see
that there are distinct clusters of regions that have strong interactions internally but
far fewer connections to the outside. For example, each of the top three clusters
(marked in both figures 7 and 8) forms a dark rectangular area along the diagonal in
the matrix. Specifically, such an ordered matrix view can help human users
recognize two important types of interaction patterns that may be difficult to see
otherwise (e.g. with a flow map alone). First, one can recognize the hierarchical
structure of interactions among regions—smaller clusters of regions are often
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Figure 8. Matrix view of the activity graph, with locations aggregated into 258 regions. The
circle in the matrix marks a selected region, which is shown in a flow map in figure 10(a).
Three obvious top-level clusters of regions are labelled with A, B, and C, each of which
contains a hierarchy of internal clusters. Note that the matrix ordering is consistent with the
hierarchical clustering structure, and strongly connected regions are close to each other on the
diagonal.

embedded inside a larger cluster of regions. Second, one can also recognize hub
regions that have strong connections to many other regions across different clusters.
The importance and usefulness of these patterns will be explained in section 6 in
relation to pandemic response.
To reveal patterns regarding the geographic spread of pandemic disease, the
spread graph can be visualized in a similar way. Note that a link in the spread graph
has a direction and weight (section 3.1). The regions derived with the activity graph
and the linear ordering of the regions are reused here. According to the spread
graph, the interaction strength from region A to region B is the total number of
people that are infected at locations in region A and later spread the disease at
locations in region B. This measure quantifies how severely region B is affected by
Region A during the pandemic spread. The interaction strength measure is then
normalized in the same way as shown in equation (1) (section 5.1). Note that the
spread interaction strength is not symmetrical, i.e. the interaction strength from A to
B may not the same as that from B to A.
Figure 9 shows the spread graph for the entire 100-day period (aggregated to a
2586258 matrix). Although the matrix is not symmetrical, it is very close to a
symmetrical matrix. Despite the difference in the interaction strength measure and
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Figure 9. Pandemic spread patterns for the entire 100-day period. Each pixel represents
the normalized spread interaction strength, i.e. the normalized number of infections (see text
for explanation). The circle marks a selected location, which is shown in a flow map
(figure 10(b)).

the classification scheme, the spread matrix (figure 9) and the activity matrix
(figures 8) exhibit a great similarity. For example, the distinct clusters of regions that
have strong internal interactions (figure 8) match very well with the regions observed
in the pandemic spread matrix (figure 9). The hub locations observed in figure 8 also
stand out clearly in figure 9. Given the unlikely availability of timely and realistic
pandemic spread information, daily population movement patterns are among the
most important information that can be used to predict the pandemic spread process
and thus help design effective containment policies (especially for geographically
targeted prophylaxis) before the outbreak and make response decisions during the
break.
However, a matrix view (as shown in figures 8 and 9) alone cannot effectively
present interaction patterns within a geographic context. On the other hand, as
reviewed in section 2, flow maps are generally effective for visualizing one-to-many
flows but not many-to-many flows. Therefore, this research links a matrix view to a
flow map and allows user interactions to select part of the matrix to visualize in
maps. Specifically, user interactions can be supported at three levels: cell selection,
row/column selection, and window selection.
At the cell level, the user can mouse-click an individual cell in the matrix, which
represents the interaction between an origin region (O) and a destination region (D),
to highlight the two in the flow map (with a large cross representing O and a small
cross for D). The colour of O in the map indicates the internal interaction strength
within O, while the colour of D indicates the flow (or interaction) from O to D.
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Figure 10. (a) Flow map of daily population movement from a selected location (marked
with a cross) to other locations. (b) Disease spread from the same location to all other
locations.

Instead of using colours, an alternative approach is to draw a directional edge from
O to D, with the edge width proportionally configured using the interaction
strength.
At the row/column level, the user may select a row (i.e. an origin) or a column (i.e.
a destination) to visualize interactions between the selected region and all other
regions. For example, a region is selected in the activity matrix (figure 8), and its
corresponding colour-based flow map (figure 10(a)) shows interactions from that
location to all other locations, using the same classification and colour scheme as
used in the matrix. The same location is also selected in the spread matrix (figure 9),
and its corresponding flow map is shown in figure 10(b), which shows how the
disease spreads from the selected location to other regions. Similarly, directional
edges (instead of colours) may be used to create a traditional flow map to show
flows from one location to all other locations.
The user can also select a rectangular area in the matrix to show flows from one
group of regions to another group of regions. However, to map flows for such a
window selection, only the traditional flow map (with edges and arrows) can be
used. Note that, if the selection window is too large, the resulting flow map can be
too cluttered to convey any useful information. To summarize, user interactions
with both the matrix and the flow map can help the user understand the spatial
context of the information shown in the matrix and thus facilitate a comprehensive
interpretation of the discovered patterns.
The spread graph can be broken down to each day for the 100-day period. One
can animate the spread matrix day by day or view the accumulated patterns up to a
certain day. Figure 11 shows the cumulative spread patterns for the first 2 weeks and
for the first month. It is clear that similar patterns emerge at a very early stage
during the spread. Note that the classification scheme in figure 11 is proportionally
reduced from that used in figure 9 (which is for the entire 100-day period) due to the
small number of infections at the early stage. One may also notice that most of the
infections early in the spread occurred locally (i.e. within the same region).
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Figure 11. Cumulative spread patterns for the first two weeks (left panel) and for the first
month (right panel). Note that the classification scheme used here is proportionally smaller
than that used in figure 9 owing to a small number of infections at the early stage.

6.

Implications for pandemic preparedness and decision support

As reviewed in section 2, mitigation strategies for pandemic outbreaks can be
classified into three categories: antiviral, vaccine, and non-pharmaceutical measures.
Due to limited resources and time constraints, the success of any of these measures
depends on efficient targeting, early detection, and proper response in a timely
manner. The discovered spatial interaction patterns and their relationship to
pandemic spread patterns provide a valuable insight for designing effective
pandemic mitigation strategies and helping meet the above challenges.
Specifically, the discovered patterns can support an informed decision-making
process in four major areas (in addition to other possible uses).
First, spatial interaction patterns can help identify critical locations, regions, and/
or clusters of regions, for controlling a pandemic outbreak. For example, the hub
locations/regions identified in the matrix view (figure 8) are important places to
install sensors for early detection of infectious people (Eubank et al. 2004) and to
reduce infections that can initiate infection in previously unaffected regions.
Strongly connected clusters shown in the matrix view suggest that each of them
should be treated as a unit, since it is very difficult to separate the locations inside a
cluster.
Second, the discovered patterns can help decision-makers design more effective
travel restriction policies to delay or contain the spread while minimizing the
consequent inconvenience or economic cost. Existing travel restriction policies, e.g.
those suggested by Ferguson et al. (2006), often use a simple distance threshold (e.g.
5 km) to prohibit long-range trips. However, the spatial interaction patterns
(figure 8) and the spread patterns (figure 9) indicate that the most dangerous trips
are those involving different regions (or clusters of regions). For example, a trip
from cluster B to cluster C (figure 8) is more dangerous than any trip within B or C,
regardless of the trip distance. It is also practically easier to implement a policy that
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prohibits trips between well-defined geographic regions than to prohibit trips longer
than a certain distance. Moreover, since there are significantly fewer population
movements between clusters than within each cluster, prohibiting or reducing trips
across clusters can cause relatively less inconvenience than other restrictions do.
Third, the interaction patterns can help geographically optimize the allocation of
limited resources to prepare for an imminent pandemic outbreak. For example, the
coverage of each emergence centre should be assigned according to the discovered
hierarchical structure of regions. In other words, a strongly connected region should
be covered by the same centre. Vaccines and human resources can also be allocated
according to the size and priority of each region (or cluster of regions) to reduce
response time and achieve maximum impact.
Fourth, they can help achieve effective targeting in time critical situations during
an outbreak. For example, when an infectious individual is reported at a certain
place, the discovered cluster structure of spatial interactions can help identify the
region(s) of the highest priority for immediate action, e.g. distribution of vaccines,
vaccinating the population of that area, and/or travel restrictions to that area.
7.

Conclusion and future work

This research proposes a visual analytical approach to explore spatial interaction
patterns in very large datasets of individual-based population movements and
simulated pandemic spreads. The approach combines graph partitioning, linear
ordering, matrix-based visualization, and flow maps to synthesize, visualize, and
interpret spatial interaction patterns. The discovered spatial interaction patterns
provide valuable insights and can potentially improve pandemic mitigation
strategies and support decision-making in time-critical situations. The proposed
approach is efficient in processing very large data sets and effective in presenting a
holistic view of all major patterns, which can then guide more focused and detailed
exploration.
Results are promising and yet reveal a need for future work. Further research is
needed to develop an effective approach for the exploration and presentation of
dynamic interaction patterns that evolve over time. The research reported here relies
on a user-controlled animation to visualize the pandemic spread day by day but is
not able to present an overview of patterns over time (and space). It will also be
useful to examine interaction and spread patterns in relation to other attribute
information (e.g. age, income, activity type, etc.)
It remains an interesting and challenging research problem to design a
comprehensive and systematic user interaction strategy to support the discovery
and understanding of various spatial interaction patterns. There are two major
challenges. One is that spatial interaction patterns are diverse, complex, difficult to
visualize, and oftentimes non-intuitive to recognize. Another challenge is that
related computational and visual approaches are still in their forming stage. The
proposed visual analytic approach needs improvements to facilitate more intuitive
linking and interaction between the matrix view and the flow map. How can the
matrix incorporate spatial information so that users can easily recognize spatial
patterns from the matrix? What is the most intuitive way to link a flow map and a
matrix to facilitate the understanding of the overall spatial interaction patterns?
Another important area that calls for future attention and research efforts is to
develop a visual analytic platform for designing, testing, and evaluating mitigation
or containment strategies in a highly interactive and iterative manner, through
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dynamic integration of simulation models, newly discovered patterns, and domain
expert knowledge.
Acknowledgement
This research was partially supported by the United States Department of
Homeland Security through the National Consortium for the Study of Terrorism
and Responses to Terrorism (START), grant number N00140510629. However, any
opinions, findings, and conclusions or recommendations in this document are those
of the authors and do not necessarily reflect views of the US Department of
Homeland Security.

Downloaded by [Arizona State University] at 13:28 12 January 2012

References
ABOU-RJEILI A. and KARYPIS, G., 2005, Multilevel algorithms for partitioning power-law
graphs. Technical Report (TR 05-034). Minneapolis, MN, Department of Computer
Science and Engineering, University of Minnesota.
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