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Abstract: 
This research views both individual-based daily activities and influenza 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 goal of this research is twofold: 
(1) to develop a general visual analytic approach to synthesize very large interaction data sets 
and visually present patterns; and (2) to develop a specific pandemic analysis and decision-
support system that be used to evaluate various response/containment strategies and to 
support decision-makings in emergent situations. 
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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 evaluate the 
effectiveness of different containment strategies before the outbreak happens. Population 
mobility, i.e., the movements of individuals between specific locations and the contacts 
between different groups of people, is one of the essential factors that determine the course of 
disease spread (Eubank et al. 2004; Ferguson et al. 2005; Ferguson et al. 2006; Germann et 
al. 2006). Recently, researchers have begun to use complex simulation systems to generate 
near-realistic (and very large) data sets that depict individual’s daily activities and social 
contacts for an urban area or even the entire nation (Eubank et al. 2004; Barrett et al. 2005; 
Ferguson et al. 2005; Germann et al. 2006). Such data holds a great potential in providing 
unknown information regarding population mobility and assist in pandemic analysis and 
response.  

However, it is a challenging problem to analyze massive interaction data, discover useful 
patterns, and facilitate the decision-making process in time-critical situations. Individual-
based interaction data sets, generated with simulation systems, are often very large, 
containing millions of interaction events that involve millions of people/locations. Few of 
existing methods can deal with data of such a large data volume and complexity. 
Traditionally, movements or interaction data are visualized with flow maps, as used in 
migration studies, epidemiology, and economic analysis of the flow of goods and services 
(Cliff and Ord 1981; Bailey and Gatrell 1995). However, flow maps are limited to small data 
sets and quickly become cluttered and unreadable when the data size increases.   



The data set used in this paper has two parts. The first part is a large collection of 
simulated human activities in an urban setting (the Portland metropolitan area) for a normal 
day, which includes over eight million records, each of which shows a specific activity (e.g., 
the person ID, location ID, activity type, time, duration, etc.). There are altogether over 1.6 
million people and more than 180,000 unique locations. The simulation is configured based 
on social surveys, transportation simulations, census data, and agent-based modeling 
techniques. The second part is a simulated influenza outbreak, which starts with 100 
infectious people and spreads for 100 days. Readers are referred to (Eubank et al. 2004) for 
details about this simulated dataset. 

This research views the individual-based activities and the influenza spread as a 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 twofold: 
(1) to develop a general visual analytic approach to synthesize very large interaction data sets 
and visually present patterns; and (2) to develop a specific pandemic analysis and decision-
support system that can reveal important information in the simulation data, evaluate 
response/containment strategies, and assist decision-makings in emergent situations.  

2 Visual Analytics of Spatial Interactions 
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 (Guo 2003; Guo et al. 2005; Thomas and Cook 2005). This implies 
that a successful visual analytic approach need to satisfy two primary and fundamental 
requirements: (1) being able to synthesize large amounts of unordered data items to discover 
meaningful (and oftentimes unknown) information; and (2) being able transform information 
into forms that allow humans to easily recognize patterns, which are otherwise difficult to 
perceive.   
 

 
Figure 1: A demonstration of using reorderable matrix to visualize interaction patterns.  

 
Figure 1 shows an illustrative example that uses a reorderable matrix (Wilkinson 1979; 

Bertin 2001) to visualize a small interaction data set, which has 10 locations and 10 persons. 
Each location has some visitors and each person visits some places. Thus, people interact 
with each other by visiting same locations and locations interact with each other by sharing 
visitors. The matrix to the left shows the data in its default (or original) order and the matrix 
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to the right shows the reordered locations and persons. In the reordered matrix, locations that 
share the same group of visitors are next to each other and persons that visit the same 
locations are next to each other. However, this approach cannot process and visualize very 
large datasets.  

This research proposes a five-step framework to synthesize large interaction events. First, 
a sampling procedure is used to draw a small subset of locations. Second, all representative 
locations are grouped into a hierarchy of clusters and each non-representative location is 
assigned to a representative location. Third, an interaction measure is defined between two 
clusters of locations. Fourth, location clusters are ordered according to the interaction 
measure values between location clusters. Fifth, an interaction matrix is constructed with the 
ordered location clusters on both columns and rows. Below, each of these five steps is 
explained in detail.  

2.1 Selection of Representative Locations  
The simulated activity data (see Section 1) is transformed to an N × N spatial interaction 
matrix (N = 181,295). Two locations are connected to each other if they share at least one 
visitor. All of these connections among locations form a spatial interaction network. The 
degree of a location in this network is the number of connections it has to other locations. 
Figure 2 shows the distribution of location degrees for all 181,295 locations in the Portland 
data. To reduce the data size for subsequent analysis and visualization while preserve major 
interaction structure represented in the data, high-degree locations are singled out as 
representative locations (or representatives), which are contained in the red box in Figure 2. 
Altogether, there are 4056 representative locations. Figure 3 shows these representative 
locations on top of all locations. As the map shows, most of the representative locations are 
within “dense” areas and/or close to highways.          
                                                                         

 
Figure 2: Distribution of location degrees.    



 
Figure 3: 4056 representative locations (purple points) are plotted on top of all locations 
(gray points) in the Greater Portland area. Major highways are also shown (red lines). 

2.2 Hierarchical Clustering of Locations 
A three-step clustering procedure is used to aggregate all locations (not just representatives) 
into a hierarchy of clusters. First, the complete-linkage hierarchical clustering method is used 
to group the 4056 representative locations into a hierarchy of clusters based on their 
geographic distances to each other. Second, each non-representative location is assigned to its 
nearest representative location based on its straight-line distances to every representative 
location. In other words, each representative location now represents a group of locations. 
However, some representative locations may only represent a very small group of locations if 
there are many other representatives in the neighborhood. Therefore, a third step is taken to 
recursively process the hierarchy of clusters from the bottom up to merge small clusters (see 
Figure 4). 

 

 
 

Figure 4: Merging small clusters in the hierarchy.  



After the merging process, the 4056 groups of locations (each of which is represented by a 
representative location) are aggregated to 248 clusters, each of which may contain one or 
more representatives and all the locations that they represent. The average cluster size (in 
terms of the total number of locations they contain) is 755, with a minimum of 260 and 
maximum of 2002. Most of the 248 clusters are of a size between 500 and 1000. Note that 
locations contained in the same cluster are geographic neighbors (i.e., they form a contiguous 
region) as the hierarchy of clusters are derived based on geographic distances. 

2.3 Measure of interaction strength 
To quantify and visualize interaction patterns, a measure of interaction strength between two 
location clusters is defined as: 

Iab = 10002Cab/(SaSb), 
where Iab is the interaction strength between clusters a and b, Cab is the number of 
connections between the two clusters of locations, and Sa and Sb are the cluster size for a and 
b respectively. This measure is a normalized value that takes into account of cluster sizes. For 
example, a value of 500 for Iab indicates that 500 connections are expected between the two 
location clusters if each of them contains 1000 locations. Note that clusters a and b can be the 
same cluster and in this case the interaction strength measures the internal interactions within 
that cluster. 

2.4 Ordering of Location Clusters 
A one-dimensional ordering of the 248 location clusters can be obtained using a hierarchical 
clustering based ordering method (Bar-Joseph et al. 2001; Bar-Joseph et al. 2003; Guo and 
Gahegan 2006). The purpose of the 1D ordering is twofold. First, to discover spatial 
interaction patterns (i.e., patterns in the N × N space), we have to project location clusters to a 
one-dimensional ordering so that we can look at the interaction between locations in a 2D 
matrix (see Figure 5). Second, a one-dimensional ordering preserves more information than a 
cluster hierarchy does. Location clusters with strong interactions (i.e., higher interaction 
strength values) are placed as close as possible to each other in the ordering.  

2.5 Matrix View of Spatial Interactions  
The matrix view shown in Figure 5 is constructed by placing the one-dimensional ordering of 
the 248 location clusters on the diagonal. Therefore, the size of this interaction matrix is 
248×248 and each grid cell has a value representing the interaction strength between two 
clusters. The color of each cell is assigned according to a 5-class classification, with higher 
interaction strength represented with a darker color. See section 2.3 for the meaning of the 
interaction strength value.  

This matrix is an overview of the major spatial interaction patterns. We can see that there 
are several distinct regions (i.e., a group of location clusters), which have strong interactions 
internally but much less connections to the outside. We can also see that there are several hub 
location clusters, which have strong connections to many other locations clusters. The 
importance and usefulness of these patterns will be explained in next section in relation to 
pandemic analysis and response  



 

 
Figure 5: The spatial interaction matrix (248 × 248). Each cell has a value representing the 
interaction strength between two clusters of locations. The red circle marks a selected pixel 
and a row, which is shown in a map in Figure 7(a). 

3 Visual Analytics for Pandemic Response Decisions 
As mentioned at the beginning, the second part of the simulation data is a simulated influenza 
outbreak and its spread over 100 days. Initially, 100 people (out of 1.6 million) are selected 
and labeled as “infectious”. Through their social contact with other people, the virus is 
transmitted from person to person and from place to place. See the relevant paper (Eubank et 
al. 2004) and its supplement material for details of the simulation configuration. The 
simulation system records every person that is infected during the 100-day period. Each 
record includes the newly infected person ID and the location/time that the infection 
occurred. Such a detailed spread outcome data serves two purposes in this research. First, it 



can help us understand the time course and geographic spread of the influenza outbreak. 
Second, it provides a platform for evaluating various response strategies and containment 
policies.  

3.1 Visualization of Pandemic Spread Patterns 
To reveal patterns regarding the time course and geographic spread of influenza, the above 
influenza outbreak simulation data can be visualized with the five-step framework introduced 
in section 2. Actually, the only step that needs modification is the interaction strength 
measure. Here, two locations interact if at least one person that was infected at one place 
infected another person at the other place. The interaction strength from location A to location 
B is the number of people that were infected at A and then passed the virus to other people at 
B. (Note: (1) this interaction strength measure is not symmetric, i.e., the interaction strength 
from location A to location B is not necessarily the same as that from B to A; (2) this 
interaction strength measure is not normalized with cluster sizes.)  

The location clusters and their ordering derive in section 2 are re-used here with the new 
interaction strength measure. In other words, the measure values in the matrix shown in 
Figure 5 are changed to new measure values to get the pandemic spread matrix shown in 
Figure 6. The 5-class classification is changed accordingly so that the histogram remains the 
same, i.e., each class in Figure 6 represents the same number of matrix cells as its 
corresponding class does in Figure 5. Thus, the two matrices are comparable to each other. 
Figure 6 shows the accumulated pattern for the entire 100-day period. One can also view the 
spread pattern for each day or the accumulated pattern up to a certain day.  

3.2 Insights and Decision Support 
The two matrices (Figures 5 and 6) exhibit a great similarity. For example, the distinct 
regions that have strong internal interactions (Figure 5) match very well with the regions 
observed in the pandemic spread matrix (Figure 6). The hub locations observed in Figure 5 
also stand out clearly in Figure 6. Such a similarity has several important implications; First, 
spatial interaction is an important factor that to some degree determines the course of disease 
spread. Second, spatial interaction patterns can assist in developing containment policies 
(especially for geographically targeted prophylaxis) before the outbreak actually occurs. 
Third, during a disease outbreak the two matrices (with future addition of customized 
functionalities) can facilitate decision-makings in time-critical situations since they can help 
predict the spread course once an infectious person is identified.  

The detection and visualization of both the spatial interaction patterns and the pandemic 
spread patterns are important for planning mitigation strategies before and during a pandemic 
outbreak. For example, the discovered cluster structure can help identify the region of the 
highest priority for immediate action (e.g., distribution of vaccines and/or travel restrictions 
(Germann et al. 2006)) when infectious individuals are detected at a certain place. From the 
matrix view, we can also identify critical locations that are the connection point between 
different clusters. These locations are shown in the matrix as vertical lines and horizontal 
lines. Such critical locations are important places to install sensors for early detection of 
infectious people (Eubank et al. 2004).  

 



 
Figure 6: The pandemic spread patterns for the entire 100-day period. Each pixel value 
represents the number of infections at the column location that were transmitted from the row 
location. The red circle marks a selected row, which is shown in a map in Figure 7(b).  

4 Conclusion and Future Work 
This ongoing research proposes a visual analytical approach to explore spatial interaction 
patterns in very large datasets of individual-based human activities and movements. The 
approach combines clustering, ordering, and visual methods to present overall patterns and is 
intended (with additional future work) to provide an interface for visual data mining and 
decision-support in response to possible pandemic outbreaks. The preliminary result shows 
both promises and future work ahead. Further research and development include: (1) to 
incorporate time in a more effective way for the exploration and presentation of dynamic 
interaction patterns that evolve over time; (2) to be able to allow experts evaluate and 



compare various response strategies and containment policies; (3) to allow user interactions 
to explore data and inquire information from different perspectives. 

 

 (a)   

 (b)  
Figure 6: (a) A map of interactions between a selected location (big red cross) and all other 
locations. (b) A map of disease spread from a selected location (big red cross). Essentially, 
these two maps show a selected row in the interaction matrix (see the red circle in Figure 5) 
and in the spread matrix (see the red circle in Figure 6), respectively. The small red cross 
indicates the column marked by the red circle in Figure 5 and Figure 6, respectively.  
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