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Dissertation Director: Dr. Daniel B. Carr 

 

 This dissertation addresses the visualization of spatio-temporal data for the purposes of 

communication, understanding, discovery, and analysis.  A common approach to spatio-

temporal visualization seeks to convey changes by showing a sequence of maps over time 

that does not address the problem of change blindness.  The dissertation builds upon and 

extends the work of Carr and Pickle [2010] that calls attention to this problem and 

addresses visualization of spatial data patterns with conditioned and comparative 

micromaps. The dissertation adds dynamic interactivity to the comparative maps that 

address change blindness, develops new designs and demonstrates their use. Examples 

use the resulting interactive visualization tool named TCmaps (Temporal Change maps) 

to illustrate the designs and general utility by showing data from a variety of domains 

including health, education, environment, demography, and ecology. The examples show 

that one can see, point at and talk about all the changes designated by interactive 



 

thresholds since the changes are shown explicitly in separate maps sequences. The 

interactive designs address additional issues such as setting thresholds for categories 

whose changes are to be observed and methods for viewing change map sequences that 

are too long to see in one view.    

 

TCmaps is a general visual analytical tool. The dissertation emphasizes displaying results 

for two kinds of simulation models. One is a computational fluid dynamics model that 

simulates the transport and dispersion of toxic releases. The second shows the application 

of TCmaps to understanding the spread of an invasive species, the Eurasian Collared-

Dove (ECD) in the United States. In the last two decades researchers have developed 

many spatio-temporal models to characterize the invasion of ECD. This research 

modifies the hierarchical Bayesian matrix model developed by Hooten et al. [2006a] to 

provide new simulation results that better account for the species’ mysterious 

northwestern expansion. In this case study, TCmaps provides a powerful platform to 

display the spatial context of bird survey routes, observations, estimates, forecasts and 

variances. Since the research and methodology development in this dissertation builds on 

advances in the cognitive, data, statistics, and computing sciences, the results are of 

potential interest for a large domain of application. 
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Chapter 1. Introduction 

 

1.1 Problem Statement 

Spatio-temporal dataset are ubiquitous and important for understanding the world 

we live in. Application domains include agriculture, health, demographics, environment, 

energy and more. While the amount of spatio-temporal data is growing rapidly, 

visualization methodology lags behind and leaves much to be desired. The challenges of 

visualizing spatio-temporal data lies in the amount of information and relationships to be 

conveyed simultaneously: numerous interrelated variables with geospatial structure and 

temporal structure. A minimal setting has one variable, two spatial dimensions and a time 

dimension, which implies four values per case or item represented. Variables can be 

encoded in many ways.  Choropleth maps and colored spatially gridded images convert 

the variables into color classes (a poor encoding) in order to accommodate the 2-D spatial 

context. The map locations for rendering features based on polygons, polylines and points 

are typically represented using the preferred encoding and have two orthogonal scales: 

one for the variable and the other for time. The task of representing all four variables 

together is a challenge that has been addressed in several ways which have their own 

merits and limitations. Approaches include animation, overlaid charts, juxtaposed charts 

and map with or without interactive linking, and comparative micromaps. 
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Animation is a common visualization for spatio-temporal datasets, especially for 

three-dimensional data when the other alternatives fall short. However, human cognitive 

limitations such as inattentional blindness and the attentional blink limit the utility of 

animation for studying the data. The term “inattentional blindness” was first coined in the 

mid 1990s (Mack et al. [1992], Rock et al. [1992]). It is the phenomenon of not being 

able to perceive things when our attention is focused elsewhere or when we are not 

concentrating to a sufficient extent. Without attention we are functionally blind. In 

animation, each frame exists for such a short period that we cannot focus on as much 

detail as we do on a static image. Consequently, we can miss many patterns that are 

present in the data. Inattentional blindness is closely related to the attentional blink. The 

attentional blink is the phenomenon that when our attention is focused on local change 

presented in an image, we will often fail to detect a second change that is presented 

within 200 and 500 milliseconds after the first (Raymond et al. [1992], Nieuwenhuis et 

al. [2005]). Without describing deficiencies of animation in terms of blindness, Tversky 

and Morrison [2002] indicated that “the research on the efficacy of animated over static 

graphics is not encouraging.” They went on to say “animations of events may be 

ineffective because animations violate the second principle of good graphics, the 

Apprehension Principle, according to which graphics should be accurately perceived and 

appropriately conceived. Animations are often too complex or too fast to be accurately 

perceived”. Morrison and Tversky [2001] stated “Although animated graphics use motion 

to show change over time, presenting information about change over time with animated 

graphics did not enhance learning beyond presenting static graphics. This failure to show 
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facilitation of animated over static graphics is consistent with the numerous other 

failures, and not a single clear success, reported by researchers in HCI, psychology, and 

education”. Other issues with animation include its insensitivity to slow changes, the 

difficulty of pointing at all changes due to the motion, and the difficulty of describing 

previously observed patterns in auditory memory while the animation progresses. 

In spatio-temporal context, overlaid charts are small time series charts that are 

placed in a geospatial map based on the matched graphical units. This display presents 

both spatial and the temporal information. Overlaid charts are more useful for 

presentation and communication than for data exploration because while the trend in data 

variation is visible at each location in the time series chart, the geospatial pattern is hard 

to detect across the map regions. In addition, the size of the small time series charts is 

limited by the boundaries of the regions in the map, which normally leads to a poor 

resolution in the overlaid charts. 

Similar to overlaid charts, juxtaposed charts and map are useful to convey the 

spatial context and the temporal change. Dynamic linking is helpful to connect map 

locations with data trends; however it is still hard to detect the geospatial patterns over 

time in this display.  

Comparative micromaps provide a fourth approach. The broad definition of 

micromaps is “Graphics using an organized set of small maps to help in representing 

statistics” (Carr and Pickle [2010]). The primary purpose of micromaps is to explore and 

communicate geospatial patterns and associations among the variables. There are three 

major categories of micromaps: linked, conditioned and comparative. Among the three 
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categories, the comparative micromaps design is the only one specifically designed for 

visualizing spatio-temporal data.  

Linked micromap designs evolved from row-labeled plots that horizontally align 

regions names in a column to corresponding symbols such as dots and box plots in 

additional columns encoding variables or variable summaries. The linked map design 

partitions the regions into small subsets, adds a column of small maps with a map for 

each subset and uses distinct colors to link a region’s location to its values within each 

subset. One statistical graphics column may contain time series for each of the regions, 

but the one column of micromaps only show where each times series is located. The 

linking does not directly show the spatial variation of the time series. The sorting of the 

regions by the values of one variable and the colors enhanced to the maps can show the 

spatial patterns of one variable, such as the average of the each time series, but not the 

whole series of values.  

Conditioned micromaps use three selected continuous or rank order variables.  

The design uses two variables to partition regions into a 3x3 grid of panels, and the third 

variable to color code the regions into classes called low, middle and high. Conditioned 

micromaps design is convenient for exploring the association among the variables while 

incorporating spatial context for a single time period. This research extends the 

conditioning approach to time series with two variables. 

The notion and the design of the comparative micromaps described by Carr and 

Pickle [2010] are fairly new. The comparative maps they describe start as one- and two-

way juxtaposed sequences of small maps indexed by time or other categorical variables. 
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They focus on the comparison of region values across maps and address the issue of 

change blindness by juxtaposing or interleaving additional series of maps that show 

changes explicitly. 

 The term “change blindness” was introduced by Rensink et al. [1997]. It is a 

phenomenon in visual perception in which very large changes occurring in full view in a 

visual scene are not noticed. It occurs because of our visual and cognitive limitations. 

When our eyes jump to a new image, the old retinal image fades away in about 1/5 of a 

second, which is even faster than the shift of focus of attention. As a result, only a small 

focal area is retained in our memory for making comparisons (Simons and Rensink 

[2005], Simons and Levin [1998], Hollingworth [2003]). Without disciplined back and 

forth scrutiny, we can fail to see many changes when comparing small focal areas. When 

a sequence of small maps is used to visualize spatio-temporal data, change blindness can 

be a big problem. As a simple example, see how long it takes to find all 23 changes in the 

following two maps and consider the cognitive effort involved to keep mental track of the 

changes as they are found. 

 

 

 

 Figure 1.1 Find the 23 states that change color from one choropleth map to the next 
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Carr and Pickle [2010] described several variants of comparative micromap 

designs in their book on visualizing data patterns. The simplest example is a sequence of 

3-class choropleth maps accompanied by a juxtaposed series of class change maps that 

highlight just the regions changing classes for each of the adjacent pairs of maps in the 

original series. The change series is staggered so each change map is partly adjacent to 

two original series maps that are being compared. The change maps use color explicitly 

to show the regions that change classes and to convey information about class 

membership. Others have called attention to the importance of showing differences 

explicitly in a variety of settings. For example Cleveland [1994] indicates there is merit 

in explicitly showing the differences between two superposed curves because pattern 

perception for differences based directly on the superposed curves can be exceedingly 

inaccurate. While the comparative micromap designs have not been evaluated via 

usability assessment, seeing all the class changes immediately is persuasive.  

The pioneering comparative map designs described and illustrated in Carr and 

Pickle [2010] can be enhanced, extended and implemented in dynamic software. For 

example, in addition to showing the changes explicitly in the change maps, we can also 

have a design to present what remains unchanged across the maps. This is useful when 

there are many small regions in maps and many changes occur in those regions. In the 

context of juxtaposed map series, the change blindness that occurs during visual saccades 

in comparing adjacent maps leads to focusing on little local areas. This narrow focus 

leaves us inattentional blind to changes in areas that are not assessed via locally paired 

comparisons. The visual query process to establish that all regions have changed is 
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tedious. Without laborious visual queries we are also incapable of seeing the unchanged 

information through the variation. It is the other side of the coin. The result of map 

comparison should include both sides of the story: what changed and what remains 

unchanged. By showing the unchanged information explicitly, we can easily see the 

stable regions through variation that natural draws visual attention. The explicit display 

of what has been stable across the whole series of interest can provide an important 

perspective. 

In data exploration, it is important to study the relationships between variables to 

uncover hidden patterns. Previous comparative micromap designs focused on univariate 

data indexed by one or two categorical variables. They did not address visualizing 

bivariate spatio-temporal data with differing units of measures, nor did they explore the 

relationship between the explanatory variable and the response variable. For instance, 

Unites States maps showed both white female and white male lung cancer comparative 

mortality ratios for a set of time intervals. The ratios were in comparable units, and states 

class memberships were defined by a common criterion. However, there was no ready 

way to look for relationships between lung cancer mortality rates and cigarette smoking 

rates twenty years before (if they were available) beyond the mapping of model residuals, 

not to mention the possible time lag between the two series. New micromap designs can 

enable the visualization of multivariate spatio-temporal variables. 

Since the previous comparative micromaps used a common criterion for defining 

classes for the maps, the maps cannot show the answers to different questions ask of two 

populations. For example, if the data consists of US states yearly percent change of male 
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and female populations, classification using current designs could not call attention to 

states that had an increase percent change for females and decreasing percent change for 

males. The comparative micromap designs can be extended to show similarities and 

differences with respect to different populations.  

Interaction methods in software implementation provide additional ways to 

extend and enhance the previous comparative micromap visualization methodology. 

Cleveland [1993] in his book on visualizing data says “Tool matters”. Carr and Pickle 

[2010] indicate an important principle of data visualization design is to engage the 

analyst, i.e., attract and keep the analysts’ attention. They suggest providing interactive 

methods to engage analysts. Most of the conditioned micromaps in their book were 

produced by CCmaps, a Java implementation that provided a wide range of interactive 

views and options. This dissertation addresses the challenge of developing a dynamic 

interactive environment to expedite the search for patterns and provide a convenient tool 

to present the patterns, in addition to developing new static designs. The range of 

capabilities in such a software tool includes inputting data, focusing based on subset 

selection, saving and resorting intermediate results, printing, editing, zooming, panning, 

coloring, linked brushing, and filtering. Such features can easily engage users, 

encouraging them to delve into the data deeply and with reasonable hope of deeper 

understanding of the statistic summaries in a spatio-temporal context. Such tools can 

stimulate human creativity and imagination, and are helpful for information conveyance, 

insight exaction, hypothesis generation and general problem solving. 
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 1.2 Contributions 

This dissertation focuses on visualizing time series geospatial data and builds on 

the comparative and condition micromaps methodology described in work of Carr and 

Pickle [2010]. The contributions indicated below include useful variants of the original 

designs, new designs, adding the ability to address images as well as polygon rendered 

maps, and the development of a dynamic interactive software tool named TCmaps 

(Temporal Change Maps) whose interactive features can actively engage the analyst. 

TCmaps can be used for pattern discovery, hypothesis generation, model criticism, 

presentation and communication. 

Selected enhancements of the original designs are as follows. The rising and 

falling map design is enhanced by using an extra color to call attention to regions that 

change from the bottom to top classes or vice versa between two successive maps. The 

previous default encoding only showed the color for the new class. The two-difference 

design for showing a series, a series of first difference and a series of second difference 

maps is refined by repositioning the 3 sliders to obtain a more space-efficient display.  

More labeling options are provided. A new color legend is available to explain the colors 

used to characterize the different change classes.  

The research and implementation develop a spinoff of TCmaps call ICmaps 

(Image Comparison) to address interaction with raster images maps indexed by time.  

TCmaps is also adapted to render polylines in addition to polygons in order to produce 

“trail” maps. This opens door to the study of values associated to road, stream or other 

network segments that change over time. Two examples of image map comparison are 
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given in Chapter 4 to show the global vegetation index (Myneni et al. [1995]) and the 

simulation of the transport and dispersion of toxic releases in air, respectively (Camelli et 

al. [2011]). In Chapter 5, a trail map shows the bird survey routes that are predetermined 

by the North American Breeding Bird Survey.  

TCmaps introduce and implement three new views as follows: 

(1) Paired Difference Plot.  The plot promotes detailed pairwise map comparison. 

Three maps are placed on the left to provide a geospatial overview of the data distribution 

and difference distribution. Two arrow plot panels are placed on the right to emphasize 

the change magnitude and change direction. The arrow plot panels bear some 

resemblance to the linked micromaps design, but there are major differences. The rich 

interactive features such as sorting, scaling, color schemes and pair selection make the 

Paired Difference Plot very powerful for data exploration.    

(2) Subset Cross Maps. The plot provides a flexible 2-way comparison across 

categories of a second indexing variable in addition to the time index. Examples of the 

second indexing variable could be race, gender, or age groups. The design comprises two 

subset map series that are controlled by two sliders individually. Each subset series is 

attached to a category and accompanied by a staggered binary map series showing the 

changes. In the middle of the graph, a cross map series combines the subset series based 

on the region class membership.  

An important feature of Subset Cross Maps is that the two sliders can be linked to 

vary together, or detached to work separately. By changing region classification 

simultaneously or respectively, slider threshold manipulation brings different spatial 
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patterns to attention and supports data exploration. In particular, with the linked sliders it 

is very easy to compare data across categories. Federal agencies often focus on 

population disparities when populations are stratified by sex, race, ethnicity, age, or other 

factors. The Subset Cross Maps provides new ways to look for disparity patterns in space 

and time.  

 (3) Conditioned View with Cognostics (computer guided diagnostics) Partitioned 

Maps. Thinking with two variables at a time instead of one and building models often 

lead to a deeper understanding. This view provides a cognitively accessible modeling 

approach to map series when there is a dependent variable and an explanatory variable. 

The dependent variable is partitioned into three classes: low, middle and high, and is 

encoded using color as in the previous designs. The second 3-class slider partition 

operates on the explanatory variable and partitions the regions into low, middle and high 

classes. These regions are distinguished by being highlighted in one of three different 

panels for each map in the series. The purpose is to study the distribution of the 

dependent variable in each of the conditioned classes over time. Fitting the mean of the 

dependent variable to the data in each class allows the calculation of an R-squared value 

separately for the dependent and the explanatory variable. A cognostics algorithm 

proposes slider thresholds to use based on search for thresholds that provide the highest 

R-squared value. The slider thresholds then define class memberships algorithmically. 

Class means appear above each map in the grid of partial maps and overall means appear 

along row and column margins. The Cognostics Partitioned Maps builds on conditioned 

micromaps, and extends conditioning approach to time series maps.  



12 

 

These three new designs have not undergone usability testing, but they are 

thoughtfully designed based on solid data visualization design principles and sound 

human cognitive considerations. The dissertation describes some basic graph elements in 

TCmaps such as colors and sliders, and explains the related principles behind them. So 

far the positive feedback from a small group of users has shown that the new designs are 

useful and powerful for supporting data exploration and revealing patterns. 

In addition to the three new designs, TCmaps includes a supplemental linked view 

called Map with Time Series Line/Box Plot. This was one of the early design 

experiments in TCmaps. The design contains a 3-class choropleth map with class 

membership controlled by a dynamic slider, a menu option to select a time period for the 

map, and a time series line plot. The slider controls the color of both region polygons and 

time series lines. Clicking on map regions or clicking and dragging across lines provides 

linked view focusing. An available option shows box plots for each year instead of time 

series lines, or underlays box plots beneath the interactively selected lines. This view is 

quite different than the other designs described above. It is not intended to make map 

comparisons as there is only one map in the design. No change blindness occurs. Rather, 

the primary goal of this view is to link the map regions and the time series lines, and 

incorporate box plots to provide simple appearing distributional context for each time 

period. The idea and strength of linking elements in a graph was fully explored in the 

linked micromap design. While there are some differences, there are substantial 

similarities to interactive elements in a few other spatio-temporal visualization tools, such 
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as ESTAT. Such interactive views are useful as supplement to TCmaps’ novel 

contributions. 

Apart from the creation and implementation of the new designs and the 

enhancements to the old designs, TCmaps provides many easy-to-use interactive and 

dynamic features to facilitate data exploration. It reads files including comma delimited 

data files and shape files for boundaries. It supports saving and restoring of a project files 

including view-specific slider thresholds, colors, labels, and fonts. All graphs are 

exportable. A mouse click activates direct editing that enables picking of colors, choosing 

of fonts, changing of titles/subtitles, and repositioning of labels. Scroll bars allow 

interactive viewing of long map series or big maps when the screen is limited. An option 

menu controls subset selection, map size, the number of significant data digits, data 

rescaling, and slider scaling. All these rich features serve the same purpose: to engage 

users and support spatio-temporal data exploration for pattern discovery.  

This dissertation also reviews basic data visualization design principles as well as 

general map design practices. Micromap designs are examined and several relevant 

geovisualization resources are discussed briefly, such as ESTAT, CommonGIS and 

GeoDa. 

The dissertation also contributes by demonstrating the application of TCmaps to 

visual analysis of real data sets. The example comes from several domains, such as 

health, education, demography and ecology. One application to emphasize is the Eurasian 

Collared Dove (ECD) invasion in the United States. Application of TCmaps to the ECD 

data and the model results present both the strengths and the limitations of TCmaps.  
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In ecology the growth and dispersal of biotic organisms has long been an 

important subject, especially the spread of invasive species because they pose a potential 

threat to indigenous species. The ECD was first observed in Florida in the early 1980s 

and thereafter quickly spread through North America just as they had spread through 

Europe in the early 1900s (Hengeveld [1993]). Each year the North America Breeding 

Bird Survey records the bird population at over 4100 survey routes across the continental 

United States and Canada. In America, the ECD was found in many states except the 

Northeast in 2010. In the last decade, the bird expansion has shown a strong and 

interesting pattern that it advances westward and northwestward. The species does not 

spread eastward or northeastward. A great amount of research has been done to 

investigate, model and forecast the dynamic invasion of ECD (Bled et al. [2011], Eraud 

et al. [2007], Romagosa and McEneaney [2000], Fujisaki et al. [2010], Hooten and Wikle 

[2008]). While the modeling is helpful to understand the invasion, the visualization hasn’t 

been found satisfactory in support of modeling. 

This dissertation uses various micromaps designs in TCmaps to explore and 

visualize the ECD observations collected at 3188 survey routes in the United States from 

2000 to 2010. The TCmaps display a clear pattern of the dove’s westward and 

northwestward expansion in the last decade. As of today, it still remains a mystery in 

ecology as to what causes the dove’s invasion pattern.  

Hooten et al. [2006a] uses a hierarchical Bayesian model to characterize the ECD 

invasion. We revisit this model, evaluate it with new data, and improve it by 

incorporating a direction in computing the distance of route center locations to account 
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for the spatial pattern in invasion. We present the results in TCmaps to show the posterior 

means, the forecasts, the coefficient of variation, and the improvement of the adjusted 

model in prediction errors. This application serves as a good example to demonstrate the 

strengths of TCmaps in data exploration. On the other hand, we also see the limitation of 

TCmaps when handling 3188 points in long series maps. 

 
 

1.3 Organization 

In this chapter, the problem and goals have been presented. The rest of the 

dissertation is organized as follows. Chapter 2 introduces background and reviews related 

data visualization principles and interfaces. In Chapter 3, new designs and the TCmaps 

visualization tool are presented. Chapter 4 discusses design considerations in TCmaps. 

The application of the new designs and TCmaps are illustrated with the ECD invasion 

data in Chapter 5. Chapter 6 provides conclusions and indicates future work. 
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Chapter 2. Background 

 

This chapter begins with a brief review of data visualization design principles and 

map viewing design practices. It then introduce previous work related to spatio-temporal 

data visualization, including the concept and basic types of micromaps, a description of 

several prominent geovisualization tools, and the basics of a prominent geospatial hotspot 

detection tool. 

 

 

2.1 Visualization Guidance 

2.1.1 Data Visualization Design Principles 

It is often a difficult task to design visual representations of data that effectively 

communicates information, reveals patterns and resolves questions. A good design seeks 

to address the challenges posed by the complexity of the data, the goals of the 

visualization, the problems to be solved, the knowledge and experience of the audience, 

and the limitations of human cognitions and perception. Guidance comes from many 

sources. Carr and Pickle [2010] sought to organize this guidance by suggesting the four 

overarching principals described below. 

(1) Good designs encourage accurate comparisons 

Comparisons provide a foundation for description, discovery and much of human 

reasoning. Human perception and cognition are strongly based on comparisons. The 
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history of data visualization development is filled with examples that make comparison. 

Cleveland [1993] describes basic comparative graphics layouts that include juxtaposed 

layouts, superposed layouts and the direct display of differences. He stresses the theme of 

making accurate comparisons. His research on continuous univariate data encoding 

shows that position-along-scale encodings have the highest perceptual accuracy of 

extraction.  Hence designs use this encoding, such as dot plots, bar plots, box plots, and 

scatter plots are good for accurate comparison. Many factors influence comparison ease 

and accuracy. For example Cleveland [1994] indicates that closer proximity improves 

comparison accuracy for many encodings.   

Visualizations need to support the comparison task being addressed. When the 

task is comparing local densities in a scatter plot, especially with lots of over plotting, it 

is better to look at bivariate density estimates rendered in contour plots and perspective 

surfaces since human are not good at envisioning local densities. When assessing the 

slopes of slides in time series, Cleveland [1994] indicates that adjusting the plot aspect 

ratio so line segment slopes are close to ±1 helps in making comparisons. Tukey [1988] 

recommends providing reference lines, controlling sources of variations, and simplifying 

data by transformation. Data transformations serve a variety of statistical tasks.  For 

example when the same transformation applied to distributions produces symmetric 

distribution, the distributions are easier to compare.  

(2) Good designs present simple appearance 

Einstein [2009] states “Everything should be made as simple as possible, but not 

simpler”. Reynolds [2008] says “[Simplicity] comes from the intelligent desire for clarity 
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that gets to the essence of the issue…Simplicity is not easy, in fact, it is hard”. A simple 

appearance can not only help us to understand the data easily, but also assist us in 

remembering the information conveyed. Nowadays, more and more datasets are 

measured in terabytes, but our working visual memory limitations are still the same.  

Ware [2008] says “A visual object is the momentary nexus of meaning binding a set of 

visual features from the outside world together with the stuff we already know”. Later he 

says “The name psychologists give to the temporary activation of visual objects is visual 

working memory, and visual working memory has capacity of between one and three 

object depending on their complexity”. He states that” visual working memory is one of 

the main bottlenecks in the visual think process. Striving for a simple appearance to help 

people think is more and more challenging.  

There are many good practices to help improve a graph’s appearance. For 

example, Kosslyn [2006] recommends creating perceptual groups of four or fewer items. 

With a small group, comparison is relatively easy. Other helpful methods include putting 

the primary information in the foreground (Tufte [1983]); providing explicit visual 

traversal paths (Carr [1991]); using caricatures and hiding details; avoiding brightness 

noise; avoiding redundant information; avoiding multiple scales on the same axis; using 

easily discriminated symbols and colors; minimizing overplotting; choosing close 

proximity labels rather than linked labels. 

(3) Good designs engage the audience 

Engaging the audience means attracting and keeping his or her attention. A good 

design should be able to draw attention, inspire interest and trigger thoughts. “A well-
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rendered visual model can communicate complex, multidimensional information and can 

engage broad audiences” (Walker D. [2007]). A static plot is inherently limited in terms 

of providing options and supporting feedbacks. However, there are still some guidelines 

to help involve the audience. For instance, provide value added appearance, limit 

memory and calculation burdens, and avoid visual intimidation such as long lists. To 

seriously engage the audience, interactive visualization tool is a better choice than a static 

plot. Interactive tools can provide content and appearance options, add visual analytics, 

incorporate statistical feedback and view selection guidance, and support input/output 

and data analysis management options. 

(4) Good designs provide a rich context for interpretation 

Providing context is an important part of telling a story. The goal of 

communicating through statistical graphic requires addressing contextual questions such 

as who, what, when, where, why and sometimes how and how well. A well-designed 

graphical story should provide answers to such questions and provide a nexus of 

associations to help the audience understand and remember.  

In an exploratory analysis setting a richer context provides more opportunities to 

exploit the power of human associative memory that Kahnamen [2011] calls the 

associative machine. Diaconis [1983] indicates there is a role for such thinking, but 

indicates such needs to be tempered in statistical reasoning. 

Titles and footnotes are common approaches to provide context. Nonetheless, 

long and overcrowded labels can complicate the graph and conflict with the goal of 

presenting simple appearance. Other methods include using multiple panel graphics or 
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providing links to detail. For quantitative plots, distributional summaries can be 

incorporated to provide the overview of data. 

The four principals described above can conflict. For example, a lot of context 

conflict with a simple appearance. Part of the design challenge is to find the suitable 

compromises in view to address the primary tasks. 

 

2.1.2 Map Design Practices 

Maps provide spatial context for statistics and serve many purposes such as 

communication, discovery and hypothesis generation. People like maps because the 

information is organized in terms of locations, and the networks of information facilitate 

memory and provoke thoughts. In statistical modeling, mapping fitted values and 

residuals can also be used for model evaluation.   

Map design follows common data visualization principles, but it has some special 

features. For one thing, the basic element in maps can be polygons (for regions), 

polylines (for networks), or points (for places).  For another, aesthetics such as color or 

transparency are normally used in maps to encode a statistical variable. Built upon the 

basic visualization design principles and learned from experiences, the goals and 

practices for a good map design include (and are not limited to) (Dent et al. [2008]):  

(1) Help communication. Use easily named colors to help communicate and 

remember.  

(2) Reduce cognitive burdens. Limit the number of regions in the foreground of 

map; Limit distractions. 
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(3) Improve map visibility. Enlarge small regions; Use more saturated color for 

encodings. 

(4) Simplify appearance. Use caricatures or smoothed boundaries.  

(5) Facilitate comparison tasks and address change blindness. 

(6) Provide interactive options to engage people in thinking with statistics. 

(7) Provide education pathways toward more sophisticated statistical methods   

 

2.2 Micromaps 

The term “micromaps” was first introduce by Carr [1996a]. A more recent 

definition of micromaps is “graphics that link statistical information to an organized set 

of small maps”. The primary purpose of micromaps is to highlight geographic patterns 

and associations among the variables in the dataset. Micromaps can be designed to 

convey known patterns or to allow audiences to explore data and seek patterns. They 

serve as a visual medium for telling stories and answering the questions who, what, 

when, where, and sometimes why. There are three major categories of micromaps: 

linked, conditioned, and comparative. Each serves different purposes and focuses on 

different themes. In this section, we introduce the conditioned and comparative 

micromaps that are relevant to our research, and explain how they can be used differently 

to support data exploration. 
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2.2.1 Conditioned Micromaps 

The development of conditioned micromaps was motivated by the need to explore 

patterns in an atlas of U.S. mortality published by National Center for Health Statistics in 

1996.  Inspired by the idea of Cleveland’s [1993] conditioned graphs, Tufte’s [1983] 

small multiples, and Tukey’s [1979] guidance to map fully adjusted variables, Carr et al. 

[2000b] introduced conditioned micromaps that display and interact with three variables, 

typically a dependent variable and two explanatory variable, for regions on a map. The 

conditioning does not adjust the dependent variable, but rather partitions the regions into 

groups with less variation in the explanatory variables. The early design portrayed the 

idea of dynamic conditioning sliders but the graphics were generated in Splus script files. 

In 2002, Carr and his students re-implemented conditioned micromaps in Java to provide 

rapid dynamic responses for both maps and statistics. Since then, the conditioned 

micromap has drawn more and more attention, and has been implemented on different 

platforms in different languages. Just to name a few, Friendly [2006] wrote a SAS macro 

that displays a static conditioned micromap given specified slider thresholds. EPA 

(Environmental Protection Agency) has produced several versions of conditioned 

micromaps, including a dynamic web-based system (http: //www.turboperl. com/dcmaps. 

html).  

Conditioned micromaps builds on the choropleth map framework, which is why 

the first maps in the literature were called Conditioned Choropleth maps and the software 

was called CCmap. A choropleth map typically shows one variable. Regions of the map 

are either shaded or patterned in proportion to the measurement of a variable, or shown in 
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colors that represent the class intervals into with the values fall. CCmaps uses two ranked 

variables to partition a single choropleth map into a 3x3 grid of maps. The result is a two-

way layout of micromaps highlighting different subsets of the regions. The rank order of 

one variable determines the row membership, and the rank order of the second variable 

determines the column membership. Two dynamic sliders, one on the right and the other 

at the bottom, control the internal class boundaries of the two variables respectively.  A 

third three-class slider is placed on the top to control the region color based on the study 

or dependent variable.  

 

 

Figure 2.1 Conditioned micromaps of white male lung cancer mortality rate per 100,000, with county stratified 

by the fraction of current male smokers and social economic status.  
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Figure 2.1 maps the white male lung cancer mortality rate, conditioned on the 

county’s social economic status in 1990 (columns) and fraction of current male smokes 

(rows). Color represents the study variable, lung cancer age-adjusted mortality rates.  

Blue, gray and red represent counties with low, middle and high rates respectively. The 

slider at the top controls the boundaries between low and middle and between middle and 

high 

Counties with low economic status are highlighted in the left column, and states 

with low fraction of current male smokes are highlighted in the bottom row. Hence, the 

map in the lower left panel emphasizes the counties with both low social economic status 

and low fraction of current male smokes. In contrast, the map in the upper right panel 

focuses on the states with both high social economic status and high fraction of male 

smoker. Population weighted means of the mortality rates for the counties of each panel 

appear at the top right of the panel. The counties in left column with low socioeconomic 

status tend to have higher mortality rates. The fraction of current smokers showed little 

pattern. Since smoking doses over the twenty years prior to death are relevant, the 

fraction of current smoker data, while available, is of little help in modeling the mortality 

rates 

When the weight group mean is used as a fitted value for the highlighted regions 

in each group, the resulting simple two-way mean model allows the calculation of the R-

squared. In CCmaps, R-squared is provided at the very lower right corner of the display.  

In Figure 2.1, it is 27.7%. Because varying the conditioning sliders changes states’ row 

and column membership, the group means and the R-squared change dynamically with 
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slider manipulation. CCmaps uses a coarse grid search to find the highest R-squared 

slider settings: first a fair number of candidate thresholds pairs are generated for each 

slider, and then the R-squared is computed on all possible pairs of candidates. The pair 

that produces the highest R-squared recommends the best slider settings. 

Apart from the map view introduced above, CCmaps also contains several 

supplementary views to characterize the data quantitatively, help analyze the variation in 

data, and provide further insights into the patterns of the map and of the data distribution. 

The alternative views include a conditioned QQ plot, conditioned scatter plot and an 

ANOVA table. ANOVA table provides a table of two-way means (cell means, grand 

means, row and column marginal means), the table of main effects and interactions, and 

model evaluation. 

To summarize, conditioned micromap provides a flexible and cognitively 

accessible variable modeling approach to map visualization. It addresses the limitations 

of encoding just one variable in choropleth map and provides dynamic statistical 

feedback and alternative views. It facilitates thinking about three variables at a time in a 

spatial context: the study variable and two conditioning variables, and often leads to a 

better understanding about the relationships or lack of relationship among them. It is 

more of an interactive, analytic tool than a static graph. The easy-to-use CCmaps 

software provides a good framework for data exploration, pattern discovery and 

hypotheses generation. The current research builds on selected facets of the design. 

CCmaps is free for download at the website: http://mason.gmu.edu/~dcarr/CCmaps.   
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2.2.2 Comparative Micromaps 

Comparative micromaps design is the newest of the three types of micromaps. 

The first public presentation of comparative micromaps was at 2007 ENAR conference. 

Carr and Pickle [2010] provide a detailed introduction of comparative micromaps, 

including the four prototypes of one- and two-way comparison. The continued work was 

presented at Interface 2011 and JSM 2011. 

Comparative micromaps are one- and two-way sequences of organized small 

maps indexed by a categorical variable such as time, gender, age groups, and education 

levels. The primary purpose of comparative micromaps is to emphasize spatial context, 

facilitate pattern discovery, and address change blindness. As explained in Chapter 1, 

when a series of maps are displayed side-by-side, we are essentially blind to detect the 

changes across maps. This is due to human visual and cognitive limitations. Every time 

when our eyes jump in movements called saccades, we are blind and our change 

detectors are reset. Only about three simple objects can be retained in our visual working 

memory for making comparisons. Typically this is from the small high acuity foveal 

region where we have focus attention. This is why we have to look back and forth so 

often to compare images. Comparative micromaps design addresses this issue by adding 

another series of micromaps that show the changes explicitly, which removes the 

cognitive memory burden of mentally comparing maps.  

The design of comparative micromaps is flexible. The most common variant is a 

sequence of maps of values accompanied by a series of change maps. The change maps 

can display the value differences, or the changes of value class membership. Of course, a 
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precondition for comparative micromaps is that the mapped values must be inherently 

comparable. They can be ratios, differences, percent changes, or transformed values. 

Figure 2.2 is one of comparative micromaps designs called rising and falling 

maps. It consists of three rows of micromaps. Maps in the middle row display the annual 

unemployment rates per 100,000 in the United States from 2007 to 2010. States are 

partitioned to 3 classes by a slider at the bottom based on the unemployment rates. The 

states with unemployment rates above 10 per 100,000 are colored red. Maps in the top 

row and bottom row indicate the changes between the two adjacent maps in the middle 

row when read left to right. The top row highlights the states that have rising rates in the 

next time period in their new class colors, and the bottom row highlights the states that 

have falling rates in their new colors.  

 

 

Figure 2.2 Comparative micromaps of annual unemployment rates from 2007 to 2010, with changes shown 

separately for rising and falling rates 
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As we can see in Figure 2.2, the top row of change maps has quite a few gray or 

red regions in the second map. This tells us that from 2008 to 2009 unemployment rates 

went up in many states, which can be explained as a result of the financial crisis in 2009. 

Then in 2010, unemployment rates dropped in several states as the situation got better. 

This is shown in the third map in the bottom row of change maps. 

Note that in this design, the states highlighted in the rising or falling maps appear 

as their new class color. The old color, e.g., the origin of the change is not clarified in the 

map. We can infer the origin for rising or falling to the middle class, but it requires 

scrutiny to find the original class for those changing into the new low or high class.  

 

 

Figure 2.3 Comparative micromaps of unemployment rates, with changes indicated by bivariate color scheme 
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Figure 2.3 is a variant of the rising and falling maps design called change series 

maps. It only has two rows, therefore requires less space. The first row is the basic time 

series and the same as the middle row in the rising and falling maps, which displays the 

unemployment rates in the example. The second row uses a bivariate color scheme to 

show the changes between two adjacent maps in the first row. The origin of the changes 

is not clarified in the color scheme, but now dark red indicates changes from low or 

middle to high, and light red indicated changes from low to middle, so red is associated 

with rising. Similarly, dark blue indicates changes from high or middle to low, and light 

blue indicates changes from high to middle, therefore blue signifies falling rates.  

 

 

Figure 2.4 Two-way comparison: Lung Cancer mortality rates compared over time and across gender  

 

 



30 

 

Figure 2.4 is a variant of the change series maps design for two-way comparisons. 

It is called interposed change plot. It uses the same bivariate color scheme in change 

series maps to indicate the changes between maps, but the data maps are indexed by time 

and a second categorical variable, so the comparison is made in two ways. In this design, 

a two-way grid is used to show comparable values over time and across the two 

categories, and the change maps are interposed between the adjacent cells of the grid. 

In Figure 2.4, micromaps in the light blue panels are the female and male lung 

cancer mortality rates, and micromaps in the gray panels are change maps that show 

rising and falling colors between two maps in the light blue cells when read left to right 

or top to bottom. As we can see, male lung cancer mortality rates are much higher than 

female rates in the South. 

The interposed change plot provides a creative way to show differences in two-

way comparison, but the layout is not space-efficient. In fact, it uses almost double the 

horizontal space than the other comparatives micromaps designs we introduced before. 

This limits its utility for comparing all the adjacent individual maps in a long time series. 

Figure 2.5 is another type of comparative micromaps design. It is called first and 

second difference maps. As the name suggests, its purpose is to show two kinds of 

differences explicitly: the differences of comparable values, and the differences of 

differences. 
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Figure 2.5 First and second difference Plot: Top row---Hispanic lung cancer mortality rates; middle row---

difference of the rates; bottom row---the second difference (differences of the second row).  

 

 

 

 

The basic layout of first and second difference map is 3 rows of micromaps plus 3 

horizontal sliders that control region partitions in each row respectively. In the example 

shown in Figure 2.5, the first row presents the Hispanic lung cancer mortality rate from 

2003 to 2006. It is followed by the difference maps in the middle row, which shows the 

results of subtracting the state rates from one time period to the next. This is proportional 

to velocity since the time difference is a constant. The third row is maps of difference in 
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the second row maps, which shows the changes in trend, and is proportional to the 

acceleration or deceleration of the mortality rates since the time separation is a constant.  

Note in the design, the change maps present the first and the second differences in 

data, with each having its own slider to control the color. In comparison, the change maps 

in other comparative map designs that we have seen display the changes of region class 

memberships, and have no separate slider.  

The information conveyed in the second difference maps is not as straightforward 

as in other maps. It takes some study to understand. But it can lead to insights that are not 

visible in other layouts. For example, Nevada is colored dark green in the first two 

difference maps in the second row, so we know its rates were dropping during those two 

time periods. In addition, the light green Nevada in the left-hand map of the third row 

informs us that its rates were actually decelerating. 

  

 

2.3 GeoVisualization Tools 

In this section, we review several prominent geovisualization tools to show how 

spatio-temporal data can be visualized and explored in different approaches and settings. 

These tools are based on modern computer technologies and incorporate the legacy from 

conventional visualization techniques. Interactive features such as brushing, linking and 

filtering play an important role in supporting dynamical exploration of spatio-temporal 

data. 

 



33 

 

2.3.1 ESTAT 

ESTAT (http://www.geovista.psu.edu/estat/) is an Exploratory Spatio-Temporal 

Analysis Tool kit developed by Alan MacEachren’s GeoVISTA Center at Penn State 

University to help explore any type of multivariate spatial data. It was initially designed 

and developed to support data exploration at National Cancer Institute, and was rewritten 

later on the open-source GeoVISTA Studio platform to provide more flexibility. It 

features a scatter plot, a bivariate color map, a time series line plot, and a parallel 

coordinate plot. The four plots are linked to one another by color to allow for rich 

dynamic interaction.  

 

 

Figure 2.6 Screen shot of ESTAT  
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2.3.2 NameMapper 

NameMapper (http://www.babynamewizard.com/name-mapper) is a public 

website to show the geospatial history and popularity of human names. It is a sequence of 

micromaps with a continuous color saturation encoding. More saturated colors stand for 

higher ranks of popularity. A mouse click on a micromap brings an enlarged view in the 

main window. Female names and male names are compared separately. Figure 2.7 shows 

that in 2005, Anna is a more popular name in Alabama and Missouri than in other states. 

Although NameMapper is specifically designed for displaying names and is not a general 

geovisualization tool, the idea of using micromaps sequence is the same as we saw in 

comparative micromaps. 

 

 

Figure 2.7 Screen shot of NameMapper 
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2.3.3 CommonGIS 

CommonGIS (http://www.iais.fraunhofer.de/1863.html) is a java based interactive 

software to support visualization and exploratory analysis of geospatial data. It builds on 

another software called the Descartes and was developed through a European 

Commission funded project. It is commercial software, but a demo version is available 

for free download. Starting from version 2.2.0, it supports the display and visual analysis 

of spatio-temporal data. 

CommonGIS provides a display wizard for users to pick variables and choose the 

type of graphs to show. It supports several kinds of maps including classified or 

unclassified choropleth map, pies in map, bars in map, and faceted multiple maps. It can 

also produce parallel coordinates plot, scatter plot, scatter plot matrix, histogram, and dot 

plot (Voss et al. [2002]). 

 

 

Figure 2.8 Screen shot of CommonGIS 
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2.3.4 GeoDa 

GeoDa (http://geodacenter.asu.edu/) is a popular free software package to support 

spatial data analysis. It was initially developed by Luc Anselin and his colleagues in the 

University of Illinois at Urbana-Champaign, and was continued at the GeoDa Center at 

Arizona State University. It reads a shape file for map boundary, or a dbf file for 

variables. Apart from producing maps, it is capable of making histogram, scatter plot, 

box plot, parallel coordinate plot, 3D scatter plot, and conditional plot. Dynamic linking 

and brushing are provided between maps and graphs to support data exploration. 

 

 

Figure 2.9 Screen shot of GeoDa 
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2.3.5 GeoAnalytics 

In Information Visualization 2006, Jern et al. [2006] presented a tool named 

GeoAnalytics to explore spatio-temporal and multivariate data simultaneously. It can be 

used in social sciences to analyze spatio-temporal behavior with long time series. The 

latest version based on Adobe Flash (http://vitagate.itn.liu.se/smartdoc/html/GAV-Flex-

2008-08-04/OECDApplication.html) includes three types of dynamically linked views: a 

choropleth map, a parallel coordinate plot, and a scatter plot. The scatter plot can be 

replaced by a focus map, a data grid, or a view of raw text data. Direct manipulation in 

the choropleth map invokes instantaneous response in other views, which allows the 

analysts to quickly locate features of interest, such as continuous decrease or increase in a 

time period. 

 

 

Figure 2.10 Screen shot of GeoAnalytics 
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2.4 Hotspot Detection over Space and Time 

Hotspot detection over space is the study of detecting and evaluating statistically-

significant spatial clusters. It is also called spatial scan. Spatial scan is commonly used in 

geospatial disease cluster detection and disease surveillance. A likelihood ratio spatial 

scan statistic proposed by Kulldorff [1997] has been widely accepted and applied to a 

wide variety of epidemiology studies and other research fields (Duczmal et al. [2005], 

Kulldorff et al. [2006a], [2006b], Huang et al. [2007], Hoh and Ott [2000]). 

Kulldorff [1997]’s scan method can be summarized as follows: it uses a circular 

scanning window of varying size and moves it across a geospatial region. Each time, 

areas inside the scanning window defines a candidate cluster. For each candidate, a 

likelihood ratio test is performed for the null hypothesis of purely random Poisson 

distribution or Bernoulli distribution. The likelihood ratio is calculated based on the 

observed and expected number of cases inside and outside the scanning window. The 

candidate with the largest likelihood ratio defines the most possible cluster, which is 

unlikely to happen by chance. Time and other categorical variables can be included as 

control variables in the search. 

Based on Kulldorff’s scan method, a software implementation named SaTScan 

(http://www.satscan.org/) was developed to analyze spatial and temporal data. SaTScan is 

primarily designed to detect spatial or space-time disease clusters, and perform geospatial 

surveillance of disease, but it is not limited to health application. Many researchers and 

agencies have used it in other fields for similar problems. 
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From visualization perspective, the results of running SaTScan arehigh likelihood 

regions whose centroids fall in the scanning pattern. The pattern can be circles with 

different centers and sizes or ellipses with different centers, eccentricities, lengths and 

orientations. The generalization to time using circles results in spatio-temporal cyinders. 

The results ban be visualized in different ways. Boscoe et al. [2003] proposed a new 

technique to visualize the results using nested circles. The method considers likelihood 

ratio and relative risk simultaneously, and identifies the possible sub-clusters. The result 

is a map that provides as least visual information as the map from SaTScan.  
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Chapter 3. Visualizing Spatio-Temporal Data with TCmaps 

 

3.1 Introduction to TCmaps 

TCmaps (Temporal Change Maps) is the result of our endeavor to create a useful 

interactive tool for visualizing sequences of maps or images. It is an interactive Java 

implementation of micromaps designs that builds on and extends existing static 

comparative micromaps and incorporates some features from the conditioned micromaps. 

It integrates graphic designs and human computer interface techniques in order to serve 

the tasks of making sequences visually available and showing explicit differences. It has 

a convenient and engaging interface, and addresses the universal issue of change 

blindness.   

The development of core TCmaps last nearly a year and the work still continues 

to incorporate more design features and new views. Basically, TCmaps addresses one- 

and two-way indexed spatial data and calls attention to changes between maps. The data 

can be indexed by any categorical variables, such as time, age group, race, and education 

level. TCmaps can be used for data exploration, pattern discovery, hypothesis generation, 

model evaluation, presentation, and communication. Pattern discovery may involve 

mapping smoothed data to help people see through local noise. Since people normally 

associate knowledge about phenomena with spatial location, the maps of smoothed 
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values or residuals may link to this knowledge, help pattern discovery and trigger 

hypothesis generation.  

TCmaps implements and enhances the four prototypes of comparative micromaps 

designs that we introduced in Chapter 2: rising and falling maps, change series map, 

interposed change plot, and two-difference map. More importantly, TCmaps add three 

new micromaps designs to support visualizing spatio-temporal data, including Paired 

Difference Plot, Subset Cross Maps, and Cognositcs view. These new designs are based 

on solid data visualization design principles and sound human cognition considerations. 

So far the positive feedback from a small group of audiences proves that they are very 

useful. Furthermore, TCmaps contains many interactive features to support dynamic data 

exploration, such as brushing, linking, filtering, zooming, highlighting and direct editing. 

In this chapter, we introduce the new designs of micromaps, the enhancements 

and extension to the old designs, and the interactive interface features provided by 

TCmaps.  

 

3.2 Comparative Micromaps in TCmaps 

 

3.2.1 Paired Difference Plot 

Figure 3.1 is an example of a Paired Difference Plot. It compares the annual wage 

in Virginia counties in 2001 and 2002 in thousands of dollars. The top two maps on the 

left display the annual wage in 2001 and 2002, respectively. The average annual wage 

across all states is shown in the map title. The two maps are controlled by the blue-gray-

red slider. Average wages below 32.4K are colored in blue, and wages above 47.1K 
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appear as red. Adjustment of the slider changes the common class thresholds of the top 

two maps. The mostly orange map below shows the difference of county wages for the 

two time periods. It is controlled by the dark purple-gray-orange slider at the bottom left. 

The slider limits suggests that at least one county’s average wage increases by around 6.4 

thousand dollars, and at least one county’s average wage dropped around 13.6 thousand 

dollars. To find out what county dropped the most in terms of annual wage, the user just 

needs to adjust the lower threshold of the difference map slider to highlight the county in 

dark-purple. By adjusting the upper threshold of the slider, he can also find out what 

county gained most during those two years. 

 

 
 

Figure 3.1 Paired Difference Plot of annual wages in Virginia counties 
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The two light blue panels next to the map column are scrollable row-labeled plots 

that present the differences of average wages from different perspectives. The left 

statistics panel shows the signed magnitude of the difference (2002 wage – 2001 wage). 

It provides focus and greater change resolution by showing change magnitude and 

direction arrows relative to 0. The IDs to the left of the plot are the Fips code of Virginia 

counties. Below the panel are axis ticks. The right statistics panel shows the county pairs 

of average wages with arrows. The arrow tip is on the more recent value. The right panel 

serves a purpose to keep the full context of data variation.   

In both arrow plots, counties are in groups of five, which facilitates the matching 

of the Fips code and regions and avoids an overcrowded graph. Counties are sorted by the 

difference of average wages in descending order, hence the one with the most positive 

difference is on the top, and the one with the most negative difference is at the bottom. In 

Figure 3.1, the scroll bar at the top right indicates that many counties are not shown, and 

scrolling down is required to scan the list. There is a vertical gray line in each plot.  In the 

left plot, the gray line refers to “0” value, which means no difference. In the right plot, it 

refers to the median of the combined annual wages for two years. 

The advantage of Paired Difference Plot is that it focuses on comparison of two 

time periods, and the difference map has its own slider. However, it is not limited to 

comparison for just two years. The GUI options below the second arrow plot provide a 

convenience to step through a map series by one adjacent pair of maps at a time, 

therefore comparisons for more time periods are allowed. In this example we can 
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compare the average wages for 2002 and 2003, 2003 and 2004, 2004 and 2005, … with 

the help of stepping controls. 

 

 

Figure 3.2 Stepping controls in Paired Difference Plot 

 

 

Because of the availability of multiple pairwise comparisons, Paired Difference 

Plot provides two scaling options for the statistics panels to visualize differences locally 

or globally. The scaling options are controlled by the radio buttons below the left 

statistics panel. In Figure 3.1, the local scale is used. Note that the axis minimum value 

matches minimum value of the difference map slider. Both are -13.6 thousand dollars. If 

we change to global scale, we will see that the axis minimum value becomes -14.1 

thousand dollars, which must come from a different pair of consecutive views. By 

stepping through the years, we find that the biggest drop in average wage happened 

between 2005 and 2006 in the county whose Fips code is “075” (Goochland County).  

Another convenient feature in Paired Difference Plot is sorting. It provides 8 sort 

orders to enable users to explore the data flexibly. This feature is especially useful when 

there are many data rows in the statistics panels. In Figure 3.1, the data are sorted in 

descending order in two panels so the positive values appear at the top of the plot. If we 

are interested in which county has the largest drop in average wage from 2001 and 2002, 

we could drag the scroll bar down to scan all the counties, but we can also change the sort 
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order so the county with the largest drop appears at the top. By adjusting the difference 

map slider, we can also see where the county is in the map. Note that the sort orders are 

applied to arrow plots in statistic panels. They don’t affect the appearance of maps in the 

left column. 

 

  

Figure 3.3 Sort orders provided in TCmaps for the example of comparing 2001 and 2001 average wages in 

Virginia counties 

 

Figure 3.3 lists the 8 available sorting orders provided by TCmaps for the 

example shown in Figure 3.1. The orders are summarized in Table 1. 

 

 

Table 1: Summary of eight sorting choices for Figure 3.3 in Paired Difference Plot 

Choice Sort by Memo 

1 
Fips Des Sort the arrow plots by county Fips in descending order 

2 
Fips Asc Sort the arrow plots by county Fips in ascending order 

3 
Difference Des 

Sort the arrow plots by the difference of the average wages in 

descending order 

4 
Difference Asc 

Sort the arrow plots by the difference of the average wages in 

ascending order 

5 
2001 Des 

Sort the arrow plots by the average wages in 2001 in descending 

order 
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6 
2001 Asc 

Sort the arrow plots by the average wages in 2001 in ascending 

order 

7 
2002 Des 

Sort the arrow plots by the average wages in 2002 in descending 

order 

8 
2002 Asc 

Sort the arrow plots by the average wages in 2002 in ascending 

order 

 

 

The different sorting options give users much flexibility to explore the arrow 

plots, and retrieve information quickly. It helps to find the extreme values in differences, 

or in comparable values. The year labels in the sort orders change accordingly when users 

step through the years. 

 

 

Figure 3.4 Difference of annual wages in Virginia counties between 2005 and 2006. Data are sorted in 

descending order  
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As we can see in Figure 3.4, the annual wage drop in county “075” (Goochland 

County) seems peculiar compared to the differences in other counties. This leads us to 

wonder if the data is correct, or if there is an interesting story behind it. 

By now the readers may be confused by the colors in the arrow plots. In fact, 

color scheme is an important distinctive feature in Paired Difference Plot. It connects the 

maps and the statistics panels so that varying the sliders can change the appearance of the 

arrow plots as well as the appearance of the maps. In Paired Difference Plot there are 3 

color schemes available: colored by the first slider, colored by the second slider, or 

colored by both sliders. Before we delve into the details of each scheme, we need to 

introduce how the arrows are interpreted in this design. 

 

      

                            Figure 3.5 Arrow anatomy 

 

As illustrated in Figure 3.5, an arrow consists of a head B, a tail A and a body 

(excluding A and B). The arrow tail is drawn as a point, or a vertical line. In this 

example, each part of arrow has a different color. The head is red, the tail is blue, and the 

body is gray. In the arrow plots of the Paired Difference Plot, we use arrow body to 

represent the magnitude of the difference, arrow tail to represent the data value at the 

base year of the comparison, and arrow head to refer to the more recent data value. The 

direction of the arrow indicates whether it is a positive difference or a negative. 
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Since each part of arrows represents different variable and those variables are 

mapped and colored in the maps on the left, it comes naturally that we can assign the 

same colors to each part of arrows so that the maps and the statistics panels are linked by 

color, and the sliders can control both of them. The three color schemes provided in the 

Paired Difference Plot determines how those colors are linked specifically. 

 

 

Figure 3.6 Three color schemes in Paired Difference Plot 

 

 

The first slider color scheme uses only the colors in the first slider in the map 

section to shade the arrows. In the example shown in Figure 3.1, the first slider is the 

blue-gray-red slider that controls the top two maps which display the average wages in 

2001 and 2002 respectively. It does not control the difference map at the bottom. In this 

color scheme, we shade the arrow tail with the color that indicates a county’s class 

membership in 2001, and shade the arrow head and the arrow body with the color that 

indicates the county’s class membership in 2002. The color scheme is applied to two 

statistical panels in the same way. 

In Figure 3.7, the arrow on the top of the left panel is shaded with two colors: 

arrow tail is blue; arrow head and arrow body are red. It indicates that the annual wage in 

county “075” (Gloucester County) is in the low class in 2003, but rise to high class in 

2006. The red arrow at Fips code “059” implies that the average wage in Fairfax County 
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was high in both 2003 and 2006. Because the arrow points right, the annual wage in 2006 

is higher than in 2003.  

 

 

Figure 3.7 Example of applying the first slider color scheme to the statistics panels in Paired Difference Plot. 

 

 

The second slider color scheme uses the colors in the second slider, the difference 

map slider, to shade the arrows in the panels. Because the slider only assigns colors to 

difference data and it does not convey information on the class memberships of the 

comparable values, we shade each arrow a uniform color that indicates the class 

membership of the difference data. Among the three color schemes, this is the simplest. 
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Similarly, the two-slider color scheme uses the colors in the first slider and the 

second slider to shade the arrows in the panels. It is a combination of the other two color 

schemes. It shades the arrow tail with the previous class color, shades the arrow head 

with the next class color, and the arrow body with the color indicating the class 

membership of the difference of the comparable values. 

Figure 3.8 illustrates the two-slider color scheme with the same data used in 

Figure 3.7. We can see that the average wage of Rappahannock County (157) wasn’t high 

in 2003 or 2006, but the increase between the two time periods was in high class.  

 

 

 

Figure 3.8 Example of applying the two-slider color scheme to the statistics panels in Paired Difference Plot. 
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It is worth mentioning that with the two-slider color scheme, the class 

memberships of the comparable values during two time periods and their differences are 

visible in one chart: either of the arrow plots in the two statistics panels. Manipulating 

either of the sliders in the map section changes the appearances of the arrow plots as well 

as the maps. This is different than the other two color schemes. With the first slider color 

scheme, only the first slider changes the appearance of the arrow plots. Similarly, under 

the second slider color scheme only the second slider changes the appearance of the 

arrow plots. Table 2 summaries the distinctions of three color schemes. 

 

Table 2: Summary of three color schemes in Paired Difference Plot  

Color 

Scheme 

# of colors used 

in arrow plots 
Arrow tail Arrow body Arrow head 

First 

slider 
2 Previous class color Next class color Next class color 

Second 

slider 
1 Difference class color Difference class color Difference class color 

Two 

sliders 
3 Previous class color Difference class color Next class color 

 

 

 

Given the fact that there are 2 scale options, 8 sorting orders and 3 color schemes 

available in Paired Difference Plot, the three GUI controls combined can generate 2x3x8 

= 48 different views for comparisons during each pair of time periods, which makes 

Paired Difference Plot a very useful and powerful tool to support data exploration and 

pattern discovery. Of all the views available in TCmaps, Paired Difference Plot is richest 

in features. 
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3.2.2 Subset Cross Maps 

Subset Cross Maps addresses the comparison of two subsets for spatial data 

indexed by two categorical variables. In Figure 3.9 one categorical variable is year and 

the second is race. Subset Cross Maps focuses attention on two levels of one categorical 

variable. In Figure 3.9 the two levels correspond to black and white populations. Further, 

a slider for each of the two levels defines an indexed subset from each population to be 

compared. The description below sets the stage with the demographic data for Louisiana 

before and after Hurricanes Katrina and Rita and builds up to the subset cross map series 

that appears in the middle panel of Figure 3.9.    

 

 

 

 
 

Figure 3.9 Comparisons of population changes in Louisiana using Subset Cross Maps. The focus is on parishes 

with increases in both black and white populations. 
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The top panel with two rows of maps addresses the year to year percent changes 

in each parish’s black population. The slider on the left is a two-threshold filter slider 

with the selection (inclusion) interval lower and upper bounds set at 0 and 97.75 percent 

change respectively. Parishes with percent changes in this interval appear red in the 

second row of maps. A look at the second row reveals that in 2006 most of the parishes 

had an increase in black population. Hurricanes Katrina and Rita occurred after the 

census in 2005 and caused shifts in the population. While news reports often emphasized 

people leaving Louisiana there was a substantial shift of the population to other Louisiana 

parishes.   

The maps in the first row of the top panel encode the slider interval inclusion 

versus exclusion transitions between the left and right maps in the 2
nd

 row of maps. The 

red filled parishes in the top row made the transitions from being excluded (negative 

percent change) to being included (positive percent change). The red outlined parishes in 

the top maps transitioned from positive percent change to negative percent change. The 

left map of the top row shows both kinds of transitions from 2004 to 2005. The 

Plaquemines parish, the lower right parish, was already losing population before 

hurricane Katrina hit. The second map in the top row shows the transitions from 2005 to 

2006 that maybe in part due to the hurricanes and the movement away from the hard hit 

parishes. While comparison of these first two transition maps is complicated by the 

problem of change blindness, there are clearly more red parishes after the hurricanes. 

This suggests a substantial shift of the population from parishes hard hit by the hurricanes 

to other parishes across Louisiana while shifts to Texas and neighboring parishes drew 
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most of popular media attention. Note the Plaquemines parish does not appear in the 

second transition map because it had a negative percent change in both 2005 and 2006. 

The background regions in the 2
nd

 row show all the parishes that lost population. Also 

note that the outline encoding occasionally has a flawed show which can potentially be 

improved. When a parish does not make a transition but is surrounded by outlined 

parishes it appears to be outlined as well. On the positive side the same panel clearly 

suggests the return of people to the hard hit parishes along the Louisiana coast. This was 

facilitated by federal distribution of rebuilding funds.   

More can be learned by adjusting the slide thresholds. For example adjusting the 

lower slider threshold upward can isolate the parish and time period of the 97.75 percent 

change. St. Bernard almost doubled its population in 2007. The two-threshold slider 

enables right clicking on the selection interval and then dragging the interval while 

watching the maps change.       

The bottom panel with two rows of maps addresses the year to year percent 

changes in each parish’s white population.  The slider on the left is a two-threshold filter 

slider with the selection interval lower and upper bounds set at 0 and 97.75 percent 

change respectively. A menu option will link the sliders and cause them to use the same 

scale. Parishes with white population percent changes in this interval appear as blue in 

the top row of maps in this panel. The bottom row of maps show the inclusion and 

exclusion transitions. Again Plaquemines parish had transitioned to losing population in 

the 2004 to 2005 time frame before the hurricanes hit. The bottom right map shows that 
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in contrast to the black population, the white population did not increase in the hard hit 

parishes in 2007, except for St. Bernard Parish.   

The middle panel of the three rows is specifically designed to compare two 

subsets based on slider intervals inclusions and exclusions for each of two populations. 

This is a bivariate two class map. The two variables are the percent changes for black and 

white populations. Wainer and Francolini [1980] discussed some of the problem with 

general bivariate colors maps. However, bivariate two class maps require only four colors 

so they avoid the visual and cognitive complexities associated with more colors and 

classes. Monmonier [1992] defined the design as a cross map and, in independent work 

appearing in the same journal, Carr et al. [1992] showed an application without giving it 

a label. The dissertation provides a generalization to a sequence of maps, adds dynamic 

selection of intervals, and provides the additional context of original maps series and 

change (transition) maps series. 

In Figure 3.9 the middle panel combines the interval selections for black and 

white population. If a parish is selected by just one population, its color is the binary map 

color. If it is selected by both populations, it is highlighted in yellow. In 2007 the parish 

with the most black and white population increases was St. Bernard. This leads to an 

interesting question: why did both populations choose St. Bernard? Is it because of the 

more generous public services offered as part of the recovery program, or the new 

investment opportunities lurking after the disasters? This data serves as a good example 

of how maps can motivate questions and generate hypothesis. 
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One distinctive feature of the Subset Cross Maps is the flexibility of slider 

manipulation. TCmaps provides two slider options for Subset Cross Maps: the sliders can 

be either locked together to work as one, or detached to work individually. This feature 

provides a convenience for analysts to choose a subset of the regions in each category 

flexibly, and allows the comparisons on different subsets. 

 

 

 

Figure 3.10 Comparisons of population changes in Louisiana using Subset Cross Maps. The focus is on parishes 

with increasing black population and declining white population. 

 

 

In Figure 3.10, the top slider defines a positive interval, and the bottom slider 

defines a negative interval. Therefore, the yellow regions in the middle panel indicate 

parishes where white people moved out and black people moved in. Figure 3.10 shows 
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that this interesting migration pattern happened in many parishes in north Louisiana in 

2006 after the hurricanes hit. 

Subset Cross Maps is designed to support two-way comparisons, but it is not 

limited to comparison of two categorical levels of the second indexing variable, given the 

first indexing variable is time. In fact, TCmaps allows users to pick categories of interest. 

Figure 3.11 shows that three populations are available for comparison in the Louisiana 

example: Black, White and Hispanic. “Category_A” is the population displayed at the top 

panel in Subset Cross Maps, and “Category_B” is the one at the bottom. 

 

 

 

Figure 3.11 Pick categories for two-way comparison in Subset Cross Maps 

 

 

 

So far we have introduced the most important features of the Subset Cross Maps, 

and explained how the design can be used to support two-way comparisons. It is a nice 

tool to compare spatial data over time and across a second categorical variable such as 

race, and gender. We expect that with enough presentation and communication, the 

Subset Cross Maps will attract attention and become fairly popular. 
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3.2.3 Map with Time Series Line/Box Plot 

The primary emphasis of TCmaps is showing spatial patterns and the changes 

over time or over other sequence of order categories.  Other views of spatio-temporal 

data have different strengths and weaknesses.  Utilizing the strengths of different views 

can provide a broader perspective of the data.  For this reason TCmaps includes a linked 

view with a 3-class slider, a map, and a time series plot that can also be switched to time 

ordered box plots. It is called Map with Time Series Line/Box Plot. Technically this view 

does not match with the definition of micromaps because it contains only one map.      

A conventional time series plot uses a position along scale encoding to show the 

variation of data values over at time.  While there can be overplotting issues, the position 

along a scale encoding has the highest perceptual accuracy of extraction of all data 

encoding (Cleveland and McGill [1984]).  The weakness in a spatial context is that a time 

series plot either does not address spatial context or convey the spatial context vaguely 

relative to an explicit map via region names, region shape icons or colors for groups of 

regions.  A weakness of TCmaps spatial views is that the direct 3-class color encoding is 

a poor encoding in terms of perceptual accuracy of extraction. Nonetheless, the loss of 

accuracy can be shored up by 3-class slider manipulation, mouse over and linking 

brushing with a time series plot.   

 As indicated in Chapter 2, linked brushing with a map and other views such as 

time series plots and parallel coordinate plot are available in other visual analytics tools.  

The follows illustrates some feature that are available in TCmaps.    
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Figure 3.12 is an example of Map with Time Series Line/Box Plot in TCmaps. It 

uses the same Virginia wage data we saw in section 3.2.1. It consists of a map controlled 

by a dynamic 3-class slider, and a time series line plot. The line plot can be switched to 

box plot via the radio buttons below the panel. In the lower left corner, a drop down list 

allows the user to select the time period for the map. In this example, the map displays 

the average wages in Virginia counties in 2001, and the time series line plot shows the 

average wages for all time periods. 

 

 
 

Figure 3.12 Map with Time Series Line/Box plot to show the annual wages in Virginia in 2001 

 

 

One benefit of this design is it conveys both the geospatial structure (via map) and 

the temporal trend (via time series plot) in the data. Furthermore, the two are linked 

together by color. In time series line plot, the lines are shaded in regions’ class colors 

assigned by the slider based on the mapped variable. Therefore varying the slider changes 

the appearance of both the map and the line plot. This dynamic linking allows the 
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analysts to view a region’s location and trend at the same time, which is very useful in 

data exploration. For instance, in Figure 3.12 6 counties appear in red in the map, which 

means they had a relative high average wage in 2001. The corresponding 6 red lines in 

the line plot indicate that the average wages of these 6 counties are generally high from 

2001 to 2009. 

The Map with Time Series Plot provides many interactive features to support data 

exploration. One feature is linked brushing as illustrated in Figure 3.13. In the time series 

plot, clicking and dragging the mouse across lines selects those lines. The selected lines 

are thickened and overplotted, and the corresponding counties in the map are highlighted 

as well. CNTL click on the map shows the IDs for the counties. This type of linked 

brushing selects cases in the plot and then links them to the map. It also works in opposite 

direction by clicking a region in the map and highlighting it in both views. 

 

 

 

 
 

Figure 3.13 Linked brushing in Map with Time Series Line plot 
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Figure 3.14 Linked brushing in Map with Time Series Box plot 

 

 

 

Figure 3.13 informs that Goochland County (075) appears anomalous, and Fairfax 

County (059) had been the top 2 highest-paying county in Virginia over a decade. If we 

brush the top line, we will see the best-paying county is Alexandria city. Clicking on the 

“Box Plot” button shows a view in Figure 3.14. 

The distinction of Map with Time Series Line/Box Plot is the interactive features 

it provides to help engage the audience. As we introduced in Chapter 2, engaging the 

audience is an important visualization design principle. Here the linking, brushing, 

highlighting and mouse clicking are all helpful to attain the goal. The design does not 

reveal the differences between maps, but it shows both the spatial information and the 

trend in data, which is not available in other views of TCmaps. In all, this design is a nice 

supplementary view in TCmaps. 
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3.3 Conditioned Micromaps in TCmaps 

 

3.3.1 Cognostics Partitioned Maps 

Cognostics Partitioned Maps is different than other designs we introduced before. 

It does not address change blindness or make comparisons. Instead, it focuses on 

statistics linked to a map series and provides conveniences to study two variables in a 

map context. Generally speaking, Cognostics Partitioned Maps serves three important 

purposes in TCmaps:  

1) It provides means for the classes of regions over time in a map sequence. This 

is based on the fact that normally people think quantitatively and concisely 

about classes in terms of their means, and describe them more precisely with 

statistics. So far the dynamic sliders we have seen in TCmaps simply partition 

regions to three classes. No summaries about each class are provided. 

Cognostics Partitioned Maps addresses this by showing the mean of each class 

over time, and the overall means for each time period. 

2) The one-way conditioning in Cognostics Partitioned Maps provides a simple 

modeling method to help bring out patterns in the graph. It uses the class 

means as fitted values for each class and calculates the R-squared value to 

show how well the model fits. 

3) It provides a way to explore two spatio-temporal variables together and study 

their relationship. This is an important feature because it adds an explanatory 

variable to the TCmaps and allows bivariate exploration, which provides a 

richer context. 
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Figure 3.15 Cognostics Partitioned Maps: 8th grade math scores 

 

 

 

Figure 3.15 is a simple example of Cognostics Partitioned Maps. It shows the 8
th

 

grade math scores in US every other year from 2003 to 2009. Three rows of micromaps 

are controlled by a dynamic slider at the bottom. For each period, the slider partitions 

states into three groups so that states with higher scores are highlighted in the top row; 

and states with lower scores are highlighted in the bottom row. At the left of each row are 

row margin means, and below the map panel are column margin means. The means of the 

states for the rows and periods appear above the micromaps. In Figure 3.15, from 2003 to 

2009 more states appear in the top row and fewer states appear in the bottom row, which 

implies that 8
th

 grade students do better in math over time. This is also indicated by the 

increase of the column margin means from 277 in 2003 to 282 in 2009. 
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When we use the means above each micromap to predict values for the states 

highlighted in the respective maps, we are fitting a simple regression model to the data 

based on the one-way partitioning. The resulting R-Squared value can be used to assess 

the goodness of fit for these means. In Figure 3.15, the R-Squared value is provided next 

to the slider. “78.08%” indicates that the math scores were stable from 2003 to 2009 

relative to the partition. In other words, there were no strong time trends. 

As we can see in Figure 3.15, the one-way conditioning, the three-class coloring, 

and the regression modeling are all performed based on the same mapped variable: 8
th

 

grade math scores. To better understand data and help explore associations between 

variables, TCmaps provides a menu option in Cognostics Partitioned Maps to include an 

explanatory variable in the analysis. Figure 3.16 lists the explanatory variables provided 

to the example in Figure 3.15.  

 

 
 

Figure 3.16 Cognostics Partitioned Maps: Explanatory variables available for the example in Figure 3.15 

 

 

 

Generally, any variable in the data set or an external variable can be used as an 

explanatory variable. If data are indexed by time and another categorical variable, any 
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level of the second categorical variable can be used as an explanatory variable too. This is 

why there is an option “Grade4” in Figure 3.16.  

 

 

Figure 3.17 Cognostics Partitioned Maps: 8th grade math scores in selected years conditioned on the scores in 

2003 

 

 

Figure 3.17 is the result of selecting “2003” as the explanatory variable for the 

example in Figure 3.15. The vertical slider on the left partitions states into rows across all 

years according to the explanatory variable: 8
th

 grade math scores in 2003. The horizontal 

slider at the bottom no longer partitions the data, but instead controls partitioning for 

color assignment. As a result, the maps in the top row highlight the states having high 8
th
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grade math scores in 2003, and the states’ colors represent the 8
th

 grade math scores in 

the selected years. 

Figure 3.18 shows the result of choosing 4
th

 grade math scores as the explanatory 

variable. In this view, the vertical slider partitions states into rows based on 4
th

 grade 

math scores at each time period, and the color slider assigns colors to states based on 8
th

 

grade math scores at the same period. Here we refer to 8
th

 grade math scores as a 

dependent variable. 

 

 
 

Figure 3.18 Cognostics Partitioned Maps: 8th grade math scores conditioned on 4th grade math scores 

 

 

 

 

3.3.2 Search for High R-squared Slider Thresholds 

The one-way mean model in the Cognostics Partitioned Maps is similar to the 

two-way mean model in CCmaps introduced in Chapter 2. CCmaps uses two 
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conditioning sliders to partition regions to a 3X3 grid of maps based on two explanatory 

variables, and the dependent variable is represented by color in each micromap. R-

squared value is provided and changes dynamically with slider manipulations. CCmaps 

use a coarse grid search to find the slider setting that produces the highest R-squared. 

In Cognostics Partitioned Maps, we can use a similar procedure to determine the 

slider settings. However there are two major differences between CCmaps and 

Cognostics Partitioned Maps in TCmaps in terms of partitioning: (1) The partitioning 

variables in CCmaps are two explanatory variables, whereas in TCmaps, the partitioning 

variable can be the explanatory variable or the dependent variable; (2) CCmaps does not 

address time series data; therefore the partition is done on a single column of data. In 

TCmaps, the whole series of data are partitioned. 

Here is how we set the slider thresholds in the Cognostics Partitioned Mapss of 

TCmaps algorithmically: First, we sort the partitioning variable. If it a time series 

explanatory variable, we collect and combine the data from each time period, and sort the 

whole set. Next, we take the midpoints between unique values of the sorted data as 

candidate partitioning thresholds, and try all pairs of midpoints. For each pair, we 

compute the means and the R-squared value. We store the thresholds and the R-squared. 

Last we sort the pairs of thresholds by their corresponding R-squared values. The 6 pairs 

with the largest R-squared are saved and accessible to the user. 

Depending on the size of the partitioning variable, the user can choose either a 

coarse search or a fine search. What we described above is the fine search that uses all 

midpoints between the unique values of the partitioning variable to find the largest R-
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squared value. A coarse search picks N midpoints as candidate thresholds and finds the 

largest R-squared. The value N is less than the size of the partitioning variable. The fine 

search is usually fast. However when the dataset is large and the fine search becomes 

slow, the coarse search can be handy. 

 

 

Figure 3.19 Search options in Cognostics Partitioned Maps to algorithmically set the partitioning slider 

thresholds  

 

 

 

Figure 3.20 Cognostics Partitioned Maps: 8th grade math scores conditioned on 4th grade math scores. Slider 

thresholds are set by a fine search. 
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Figure 3.20 shows the same example as Figure 3.18, but the slider settings are 

found by the fine search. The R-squared value is 74%. For comparison, the largest R-

Squared value found by the coarse search is 73.09%. Note that the search for the high R-

squared slider thresholds is performed on the partitioning slider in the Cognostics 

Partitioned Maps, not on the color slider. In Figure 3.20, varying the color slider does not 

change the R-squared value. 

 

 

 

3.4 Extension and Enhancements 

Not only does TCmaps provide new map designs to visualize spatio-temporal 

data, it also implements and augments the four prototypes of comparative micromaps 

designs we introduced in Chapter 2. It calls attention to the unchanged information as 

well as the changes, refines maps’ appearances, and adds many interactive enhancements. 

Furthermore, TCmaps extends the concept of comparative micromaps to image 

comparison. In this section, we describe the augmented views in TCmaps and explain 

how they can be used to facilitate data exploration.  

 

3.4.1 ICmaps (Image Change Maps) 

So far the comparative micromaps designs we have seen are all polygon maps. 

Another type of map is raster pixel image map where each pixel represents a location and 

change blindness happens too. TCmaps extends and applies the comparative micromap 

designs to image maps, which opens a door to explore image maps in a new way.   
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Figure 3.21 Image change maps of global Normalized Vegetation Index for 1982 and 1992 

 

 

 

Figure 3.21 shows an example of displaying the global Normalized Difference 

Vegetation Index (NDVI) for 1982 and 1992 at 1 degree resolution with the rising and 

falling micromaps design in TCmaps. NDVI is a simple graphical indicator used to 

analyze and assess the live green vegetation at a location (Myneni et al. [1995]). The data 

is produced and distributed by NASA’s Earth Science enterprise (http://earthobservatory. 

nasa.gov/Features/MeasuringVegetation/).  

In Figure 3.21, maps in the middle row display the NDVI for 1982 and 1992. 

They are controlled and partitioned to high, middle and low classes by a dynamic slider. 

Places within the high vegetation class are colored green, and places within the low class 
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are colored red-brown. Gray indicates moderate level of vegetation. The top panel 

highlights those with rising indices between two time periods, and the bottom panel 

emphasizes places with falling vegetation indices. As we can see in Figure 3.21, each 

pixel in the image represents a place and is assigned a color. Without the help of rising 

and falling panels it would be very hard to detect the changes between two images, 

especially the changes in small areas. 

In Figure 3.21, the large red-brown areas in Africa and Western Asia are the 

Sahara Desert and the Arabian Desert, where there is almost no vegetation. The highest 

level of vegetation is found in Amazon rainforest and eastern North America. The green 

area and light gray area in the rising map indicates that those regions gained vegetation 

growth in 1992 compared to 1982. The tiny red-brown dots and light gray area in the 

falling map are regions that lost vegetations. By varying the slider, we can change the 

definition of high, middle and low vegetation classes, and check the sensitivity of the 

patterns to the slight changes in the threshold levels. 

The transport and dispersion of pollutants in urban settings is another scientific 

problem where image change maps with the rising and falling map design can be used, 

see Figure 3.22. In this example, the dispersion in the lower atmosphere of a passive 

tracer in Down Town Oklahoma City is presented. Figure 3.22 displays concentration 

levels of the passive tracer. The concentration levels were calculated using a 

Computational Fluid Dynamics model (CFD). The geometry description of Oklahoma 

City was modeled based on the average building height in the city (Camelli et al. [2011]). 

Camelli et al. [2011] indicated “The transportation and dispersion simulation was 
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performed for a period of 500 seconds. The release type was continuous, and the 

simulated gas was a passive tracer with density close to the air density”. In Figure 3.22, 

the resolution of the terrain data are 10 meters in both X and Y directions, and the data 

represent the concentration of the passive tracer in air at the altitude of 400 meters from 

the ground at 300, 350, and 399 seconds after the release was initiated.  Concentration is 

defined as the mass of the tracer over the mass of air. The dark blue blocks in the graph 

represent buildings in the city. 

 

 

 

Figure 3.22 Rising and falling map of air concentration change in Oklahoma City  



73 

 

Figure 3.23 shows the change of tracer concentration using the Two-Difference 

Map layout. Maps in the top row present the shape of the tracer cloud at five time 

periods. The difference maps in the middle row highlight the areas with increasing tracer 

concentration in brown, and the areas with the decreasing concentration in green. 

 

 

 

Figure 3.23 First and Second Difference Map of air concentration change in Oklahoma City 

 

 

 

The dispersion of a passive tracer in Oklahoma City was simulated with two 

model representations of the geometry buildings. One model was based on the average 

height of buildings in a giving block, average height model, and the other based on the 

actual height of buildings, actual height model. Figure 3.24 displays and compares the 

results of both models at five time periods using a simplified interposed change maps. 

The top and bottom row display the results of both models, and the middle row displays 

the changes between two vertically aligned maps when read top to bottom. Images in the 
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middle row highlight the areas having rising or falling colors using the bivariate color 

scheme. This comparison looks in the influence of building geometry on dispersion 

models at the urban scale (Camelli et al. [2006]). As shown in Figure 3.24, different 

geometry representations in CFD models can lead to quite different dispersion results. 

The class change maps indicate that the actual height model generally creates a bigger 

cloud than the average height model. The less and less blue color in the change maps 

over time informs that average height model tends to yield more conservative results. 

 

 

 

Figure 3.24 Simplified Interposed Change Maps for model comparison: simulation of release using average 

building height vs. using actual building height in Oklahoma City  

 

 

 

Allowing visualization and comparison of geospatial images is an important 

extension and application of TCmaps. There are many software packages to deal with 
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images and provide views of the geospatial changes, such as ERDAS. However TCmaps 

addresses the data value changes between the images, which is, to our knowledge, new 

and maybe ground-breaking because the rich dynamic features in TCmaps can help bring 

out patterns in images and lead to remarkable insights.  

 

3.4.2 Unchanged Information between Views 

An important purpose of comparative micromaps is to address change blindness 

by showing differences explicitly. In fact, not only are we blind to changes, but we are 

also limited to identify what remains unchanged between views, especially when there 

are many differences present. This is caused by the same reasons for change blindness: 

eye movement and the human perception and cognition limitation. The result of 

comparing choropleth maps consists of two pieces of information: what is changed, and 

what remains stable. Assuming a map shows 100 regions, 99 of which are in different 

color classes for the next time period. It goes without saying that finding the one 

remaining unchanged is challenging. On the contrary, if 99 regions stay in the same color 

classes, then finding the one that changes is hard.  

In real life, often researchers are interested in changes over time between maps, 

but there are cases when what remains stable along the time is important. To help find 

stable information over time, TCmaps provides a complementary view in Change Series 

Map for one-way comparison, and a similar complementary view in Interposed Change 

Plot for two-way comparison. 
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Figure 3.25 Change Series Map to highlight counties with changed color classes. 

 

 

 

 

Figure 3.26  A complementary view of Figure 3.25. Counties remaining in the same color classes are highlighted 

in the second row. 
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Figure 3.25 is an example of Change Series Map in TCmaps. It shows the 

unemployment rates in Virginia from 2007 to 2009. Figure 3.26 is the complementary 

view of Figure 3.25 that focuses on unchanged classes. 

Due to the world financial crisis in 2008, the unemployment rates rose in many 

counties of Virginia. The recession continued in 2009. The lack of blue colors in the 

second row of Figure 3.25 indicates that no unemployment rates dropped to a lower level. 

In the meantime, the complementary view shown in Figure 3.26 adds more 

information to the story. In the second row of Figure 3.26, the micromaps at the left side 

of the vertical line highlight the counties staying in the same color class in the next time 

period. The last map at the right side of the vertical line highlights the counties that 

remain in the same class across all time. Therefore, the complementary view tells us that 

in 2008 although the unemployment rate rose in many counties; still there were quite a 

few counties whose unemployment rate remained low, including Fairfax County, 

Arlington County, and Loudoun County. Apparently the crisis didn’t affect those 

counties immediately. The large red region appearing in the rightmost map is Hanover 

County. Its unemployment rate kept high during those three years. 

Providing the viewing of unchanged information is a new feature in TCmaps. It 

extends the concept of change blindness to unchanged information in map comparison 

and completes the result of map comparison by highlighting the regions staying in the 

same color classes over time. It can lead to insights that are not available in other views, 

and therefore is useful to support data exploration and pattern discovery in TCmaps,  
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3.4.3 Appearance and Layout 

TCmaps includes the Java implementation of comparative micromaps designed 

by Carr and Pickle [2010], which we reviewed in Chapter 2. More importantly, to help 

bring out patterns and engage audiences, it enhances the designs in several ways, 

including adding extra labeling function, adding color legend, highlighting extreme 

changes, and improving graph layout for space-efficiency.  

 

 

Figure 3.27 Rising and Falling Map in TCmaps. Yellow indicates changes across two classes. 

 

 

 

Figure 3.27 is an example of rising and falling map in TCmaps. It shows the 

Hispanic lung cancer mortality rates in the United States for selected years. Black 

indicates missing data. Compared to the original design, which uses two colors in the 
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rising and falling panels to indicate a state’ new class membership, this map has a third 

color in the change maps. Yellow indicates the states that change across two classes:  

from low to high or low to high. With this new feature, we know the origin of each color 

change in the rising and falling maps immediately. To make graph self-explaining, a 

color legend is included at the bottom. The yellow arrow indicates rising from blue to red 

or falling from red to blue, which means changes across two classes. Extra labels at the 

top corners explain the data source and related information. 

Another benefit of adding a new color to the rising and falling panels is that it 

calls attention to the extreme class changes immediately. In Figure 3.27, Kentucky was 

highlighted in yellow twice. Its rate dropped from high to low in 2003, but then jumped 

to high again in 2007. This easily arouses interest. In the old design, this information is 

hidden and mixed with other class changes. 

Note that the change maps in Figure 3.27 are offset from the full maps in the 

middle row. Some people may feel it is easier to compare regions in a change map to the 

full map if the change map is directly above the full map. To accommodate this, TCmaps 

provides three offset options to align the change maps: 0, ½ map and 1 map. The default 

is ½ map, which shifts the change maps by a half of map width.  Figure 3.28 shows an 

example of no offset. 
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Figure 3.28  Rising and Falling Map in TCmaps. No offset in the change maps. 

 

 

 

Figure 3.29 is the two-difference map design provided in TCmaps. The main 

improvement in this design is slider positions. Each slider is placed next to the map series 

it controls, whereas in the old design sliders are placed below the map panel horizontally 

one after another. The new placement of the sliders requires less space, and also removes 

the memory burden of linking sliders to map series because they are not close to each 

other.  
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Figure 3.29 First and Second Difference Map in TCmaps. Sliders are next to map panels. 

 

 

 

 

 

3.5 TCmaps Software Features 

 

So far we have introduced the map designs and enhancements in TCmaps. As an 

easy-to-use tool, TCmaps provides many dynamic interactive features to support user 

experience and facilitate data exploration.  

TCmaps includes a dialog to help the user create a new project file which then can 

be edited with a text editor. The dialog is shown in Figure 3.30. The user specifies data 

file, data key, map file, map key and other information in the dialog. TCmaps reads 

comma delimited data files for time series and shape files for map boundaries. 
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Figure 3.30 Dialog for creating a new project file in TCmaps 

 

 

 

Once a new project file is created, it can be saved and restored. The saved project 

contains view-specific settings, including sliders, colors, labels, and fonts. When a user 

creates a new project or opens an existing project, the first view presented in TCmaps is 

the Rising and Falling map. From there the user can open other views through the 

window menus. 

TCmaps also provides an “Options” dialog to allow control over map size, data 

scale, data digits, category selection, and slider scales, as shown in Figure 3.31. The 

settings in the “Options dialog” are applied to all views in TCmaps.  

In addition to the options to set global parameters, TCmaps supports direct editing 

in each view. Double clicking on the slider brings up a color selection window which can 

be used to change the three class colors. Double clicking on text (titles, slider labels, year 

labels and category labels) allows the change of text and font. Clicking a text and 

pressing CTRL arrow keys enable the user to move the text and eliminate overplot.  
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Figure 3.31 Options to set parameters in TCmaps 

 

 

 

To summarize, TCmaps is an interactive, analytical tool to visualize spatio-

temporal data and address change blindness. It serves many purposes such as 

communication, presentation, understanding, discovery, and analysis. In this chapter, we 

illustrated how TCmaps can be very useful to support data exploration. We hope our 

examples can help people understand TCmaps and inspire them to use it for their own 

purpose. TCmaps software is available for free download at our website (http:// mason. 

gmu.edu/~czhang1/).  
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Chapter 4. TCmaps Considerations 

 

TCmaps is a Java application with views designed to serve particular tasks in 

visualizing spatio-temporal data. Each view in TCmaps is carefully designed to address a 

set of tasks serving high level objectives. In this chapter, we go into the details of design 

considerations in TCmaps. We describe some basic graphical elements in the designs and 

explain the related principles behind those designs. We also discuss how the variable 

transformations can be used to make meaningful comparisons, which is the underlying 

task of TCmaps and a key high level objective. 

 

4.1 Three Classes 

In TCmaps, partitioning regions into three classes based on a variable provides a 

framework for making comparisons. The three-class sliders support the partitioning and 

the three distinct colors represent the three classes of regions. We then compare region 

class memberships as the variable’s distribution changes over time using a sequence of 

maps.  This is the foundation of comparative micromaps designs in TCmaps.  But why 

did we choose three?  

An important concept we apply to TCmaps is the partitioning of data into three 

classes, through which we compare regions’ class memberships across maps and extract 
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insights about the changes. Because of the partitioning, we have three-class sliders and 

three colors to represent the classes. As we can see, the three-class partitioning is the 

foundation of comparative micromaps designs in TCmaps. But why did we choose three?  

There are two reasons why we pick three rather than other numbers. The most 

important reason is the limitation of our visual working memory. The term working 

memory refers to the ability to actively hold information in the mind for a brief time to 

perform complex cognitive tasks such as reasoning, learning, and language 

comprehension (Daneman and Carpenter [1980], Hasher and Zacks [1988], Becker and 

Morris [1999]). Ware [2008] explains that visual working memory is the operation of 

high-level attention-guiding mechanisms that activate the link between visual objects and 

the information stored in our brain. According to Ware’s research, our visual working 

memory can only hold between one and three objects depending on their complexity. 

Information in working memory is used to support ongoing cognitive process and they 

only last from one-tenth of a second to a few seconds.  

Visual working memory is closely related to verbal working memory, which is 

also a temporary transitory store (Caplan and Waters [1999]). Verbal working memory is 

mainly composed of two parts in our brain: Broca’s area where speech is produced and 

Wernicke’s area where language is interpreted. Verbal working memory is a limited 

capacity system too. It can hold about two seconds’ worth of speech, which are normally 

three chunks of information. Objects in visual and verbal working memory are often 

bound together temporarily. 
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The capacity of visual working memory is one of the main bottlenecks in visual 

thinking processes. It critically influences how well a design works and therefore 

becomes extremely important in visualization design. The limitation of human working 

memory is the very reason that TCmaps used three classes.  

Working memory is nexus of visual and auditory/linguistic components. While it 

has been said that a good design is worth a thousand words, we still need to use words as 

part of our communication with others. For three-classes partitioning, there are 

commonly used labels for three classes such as “low-middle-high”, “bottom-middle-top”, 

“below-similar-above”, and “small-medium-large”. Such labels help us to think with 

words and remember. The presence and wide use of such labels shows that in real life, 

people tend to put things to three classes and talk about them. If we have more than three 

classes in a map, we lack good words to describe classes except using numbers such as 

“class one”, “class two,”, or “the first class”, “the second class”, which is awkward and 

inconvenient. 

There is a loss of information when recoding a continuous variable into three 

ordered classes.  However, the use of dynamic three-class sliders and searching tools to 

find slider settings is helpful to mitigate the loss. 

 

4.2 Color 

Color choice is a recurrent topic in visualization design, because using color well 

is important and not easy. A common way to define colors is by hue/saturation/value 

(HSV). Hue measures the wavelength of light and is associated with names of colors such 
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as red, blue, and green. Saturation measures the purity of the color. Value measures the 

relative lightness or darkness of a color. 

Various principles and recommendations have been offered to help use color 

wisely in design. One important use of color is to indicate categories of information, 

which is called color-coding. Color-encoding in classed choropleth maps serves the 

purpose of allowing people to read quantitative values from the maps. Research by Pickle 

and Herrmann [1995] to test the effectiveness of color-coding suggests that distinct colors 

are the best for reading values in terms of interval membership directly from the map, 

while a sequential color gradient is the most effective for pattern recognition. Therefore, 

the choice of color sequence depends on the specific task. In TCmaps, the user has 

options to change the three class colors. The default is three distinct colors to represent 

the low, middle and high classes. In Chapter 5, we will see the use of a sequential color 

gradient to characterize the pattern of bird invasion. 

The three class colors we see most often in TCmaps are red, light gray, and blue. 

This is in fact an example of diverging color scheme. A diverging color scheme contains 

two colors diverging from a common light color or gray. ColorBrewer website 

(http://colorbrewer2.org/) provides good examples of diverging colors as well as 

sequential colors. In TCmaps, we use diverging colors to emphasize the low and the high 

class, while leaving the middle class to the background. This is because in three-class 

partitioning, normally the middle class stands for the average level, and people are 

usually interested in the data at two ends.  
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Color perception, or color appearance, is another factor that influences the color 

choice in a design. Color perception is particularly affected by the colors of neighboring 

areas. For example, a brown color on a white background appears as orange on a black 

background (Ware [2008]). This effect can produce visual distortion and affects the 

reading of maps, which is why we don’t use continuous colors in TCmaps. To highlight 

regions in change maps, we uses contrasting colors: high saturation for foreground and 

low saturation for background. This produces a strong pop-out effect and draws attention 

to changing regions immediately. 

 

4.3 Slider 

The three- class slider is a key element in TCmaps. It assigns data to one of three 

classes so that we can describe them as having low, middle and high values and compare 

the class changes. The two basic tasks of the three class sliders are to control the 

rendering of maps and to present statistics for the analyst use in interpreting the maps.  

The specification of class interval thresholds controls the map rendering. Slider 

resolution is an important facet of the slider GUI.  An additional consideration is that for 

interpretation purpose the preferred scale is linear in the data units that the analyst 

understands best. However a linear scale can cause data value separation problems when 

displaying intervals of high density.  For data values that are close together there may be 

no slider pixel value that provides separation.  
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Figure 4.1 Example of slider linear in data. It has a poor resolution at the left end  

 

 

 

Figure 4.1 shows an example of slider for prevalence of HIV in world for persons 

of age 15 to 40 in 2007. Many countries have low HIV rates, with exception of a few 

countries in Africa. The slider has a very low resolution in the interval of 0.1 to 4.5 

because the data is highly skewed. 87% of countries have HIV rates lower than 4.5%, and 

3% haves HIV rates higher than 18.9%.  

There are two common approaches that address the issue of not having enough 

slider pixel values: using data transformations to make the data density more uniform 

over the slider display interval, and increasing the number of pixels in the slider.  

A variety of transforms can be used to make the density more uniform across the 

display interval.  For positive data values analysts sometimes use a log scale to reduce the 

display interval associated with large values and make the data density more uniform.  

Examples of the log scale transformation in interactive setting can be found in 

Gapminder (http://www.gapminder.org/world/). While there can be merit to the log scale 

when a multiplicative model is of interest or the log scale is commonly used in the 

particular context, the common problem with the log transformation is that it changes the 

data units and makes the scale nonlinear in terms of the data units that the analyst 

understands best in the context of other variables and reference values. Another common 
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transformation is the empirical cumulative probability integral transformation that 

provides a uniform resolution for data values with no ties. TCmaps currently provides the 

option to make the slider linear in terms of percent of region-years. This is roughly the 

cumulative probability integral scale.  

Figure 4.2 shows the HIV example with the slider linear in percents. Compared to 

Figure 4.1, the slider resolution in the interval of 0.1 to 4.4 is greatly improved. However 

the cost is the resolution on the right side. Dragging the mouse over the red bar causes the 

threshold values to change very quickly.   

 

 

      

Figure 4.2 Example of slider linear in percent. It has a poor resolution at the right end 

 

 

TCmaps is scheduled to include a variant of the CCmaps slider that is a piecewise 

linear slider as a compromise transformation. By default the common box plot calculation 

identifies the presence or absence of outliers in the distribution tails. If an outlier was 

present in a distribution tail, a piecewise linear tail interval shown as a thinner slider 

region becomes part of slider. If there is a low value outlier, the data endpoints for the tail 

interval are the minimum value and the lower adjacent value from the box plot 

calculation. The display width for the tail in a horizontal slider is the fraction of display 
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width for the interval in the original linear slider. The data vary linearly in the slider tail 

but faster than in original slider due to the decreased width. This provides more width and 

visual resolution for the central body of the data, and the presence of thinner slider bar 

segments signals the presence of long tails.   

 

 

 

 

                     Figure 4.3 Example of piecewise linear slider from CCmaps 

 

 

Figure 4.3 is an example of a piecewise linear slider in CCmaps. It shows 

homicide rates in deaths per 100,000 persons. Extreme values from 17.7 and 21.6 are 

represented by a thinner bar at the right end of the slider so that the resolution in the main 

body of the data is increased.  

The second option for improving slider resolution is to increase the number of 

pixels used in the slider construction. TCmaps supports window resizing and zooming 

that changes the number of pixels in sliders. While increasing the number of pixels in the 

slider can provide increased resolution, the slider resolution variability raises the issue of 

map reproducibility. Simply changing the window size can change the thresholds used in 

producing maps. Furthermore, the data values shown for the slider thresholds are 

approximations used to limit the number of digits displayed, so the exact values are not 

presented to the analyst. Due to these two issues, TCmaps provides direct entry of the 
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data values to be used as thresholds, and provides more digits shown in a special display.  

Hand entered values or cognostic calculated values can be used as the thresholds and be 

verified as well.  

Figure 4.4 shows the type-in entry support in TCmaps. The user enters desired 

thresholds, and TCmaps makes the best possible pixel approximation to the values. The 

approximation is used to draw the thresholds, and the real values are used in calculating 

the percents. 

 

 

 

 

                         Figure 4.4 Type-in entry to set slider thresholds 

 

 

Sliders can provide statistics that are helpful in terms of interpreting the maps. For 

a single map the slider percents are the percents of regions following in the slider 

intervals. This is the percent commonly used in geographic information systems. The 

extension to sequences of maps indexed by years is the percent of region-years associated 

with the slider intervals. Such percents are of limited use when regions are not all equally 

important in an interpretation context. CCmaps supports the use of region importance 

weights. For example, Carr et al. [2005] used population weights when studying 
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mortality rates. This shifts the context from regions to the people in the regions. The 

slider percents are percents of person-years as opposed to region-years.   

In the context of raster images pixels may not be equally important. If earth 

surface area is important and pixels represent latitude and longitude of regions of 

differing areas, then the use of weights would be helpful for interpretation purposes.  

Weights could reflect additional area due to earth surface altitude/depth variations. If an 

equal area projection is used, then re-sampling may be needed to obtain values suitable 

for equal area pixels. Supporting importance weights is the next step for TCmaps.   

 

4.4 Transformations 

TCmaps serves two tasks in terms of map comparison. The surface task is to show 

changes in the context of space or time. The underlying task is to make meaningful 

comparisons so that the user can summarize, learn or raise questions. Researchers often 

use transformations to produce variables that are more comparable. For example, in 

studying cancer mortality rates for different counties, it is common practice to use age-

adjusted rates to control for county differences in population sizes and age distributions. 

Variable transformation is important in comparative graphics because it not only 

addresses comparability issues, but also provides a different perspective that can help in 

obtaining insights. 

TCmaps is primarily designed to address the surface task, so the expectation is 

that variables read into TCmaps are comparable, or have already been transformed if 

necessary. There are many ways to transform variables for meaningful comparison. In 
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this section, we introduce three types of transformation and explain how they can help in 

understanding data and obtaining insights. 

 

 

4.4.1 Standardized Variables 

Standardized variables are often variables that have been transformed by 

subtracting the means and dividing by the standard deviations. Here we use 

standardization to refer to transformation such as subtracting or dividing by reference 

values that may be time period specific. For example we can partially remove the yearly 

temporal trend for states by subtracting the yearly national values. Standardization is 

perhaps the easiest transformation from mathematical view, but it has a very special 

meaning in comparing spatio-temporal data. If the reference value is a time-period-

specific mean, then by removing the grand mean from each time period, we are able to 

check local variation when there are strong time trends in the data.   

Figure 4.5 compares the average wage in the United States from 2007 to 2009 

with the rising and falling map view in TCmaps. No transformation is performed. As we 

can see, no states appear in the falling panel, and the rising states are all in the first 

change map. This pattern is not hard to explain. We don’t see falling states because 

normally average wages go up every year, and the lack of rising states in 2009 is due to 

the world financial crisis in 2008. Figure 4.5 presents a strong time trend, but tells little 

about local variation of wages. 
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                  Figure 4.5 Comparison of state annual wages from 2007 to 2009. Data are not transformed 

 

 

 

               Figure 4.6 Comparison of state annual wages from 2007 to 2009. Data are transformed 
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In Figure 4.6, the data are transformed by subtracting the national average wage 

from the state values at every selected year. Figure 4.6 shows a very different pattern than 

in Figure 4.5. From 2007 to 2008, although most states had rising annual wages; the 

relative wage dropped in Florida, Michigan and Oregon. In 2009 when many states 

struggled with deteriorating economy, the crisis didn’t affect Hawaii, Florida or 

Pennsylvania so badly compared to other states. 

Standardized variables can also be used in two-way comparison, especially for 

comparing populations. Populations such as male and female differ in ways due to 

cultural and environmental differences. Comparing the populations can reveal spatial and 

temporal patterns which indicate local deviations from the broad similarities of the two 

populations. 

In the example of comparing white female and white male cancer mortality rates, 

we can divide the female rate of each state by the national average female rate of each 

time period to obtain the female comparative mortality ratio. We transform the male rates 

in the same way, and then compare two comparative ratios. This allows comparison of 

rates relative to their respective national values (Carr and Pickle [2010]). Alternatively, 

we can subtract national average rate from state values, and use the differences for 

making comparisons. Both transformations remove the national trend from the data so we 

can see and compare the local variations. We could even go one step further and calculate 

the ratio of comparative ratios, i.e., a ratio of ratios, or the differences of comparative 

ratios, and display them in TCmaps, as illustrated in Figure 4.7. 

 



97 

 

 

Figure 4.7 Differences of white female comparative mortality ratios and white male comparative mortality ratios 

 

 

Figure 4.7 shows the difference of two comparative ratios. Two clusters are 

present in the map. The red cluster indicates that white female comparative ratio has been 

consistently higher than the white male ratio on the west coast. The blue cluster in the 

southeastern states tells an opposite story. 

 

 

4.4.2 Percentage Change 

We have seen the comparison based on percentage change in the example of 

Louisiana population data (Figure 3.9 and Figure 3.10). Demographers usually use 

percentage change to study and describe the growth of populations, rather than using the 

raw counts directly. This is true in visualization too. Populations differ substantially 
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across regions. If we display populations directly in comparative micromaps, the wide 

range and the skewness of population data cause two issues. First, we can see the 

difference of populations between regions, but the map doesn’t show the population 

changes in those regions over time. The wide range of population data hides details. The 

second issue is the poor slider resolution caused by the skewness of data.   

In fact, showing the population changes can be more informative than showing 

the populations directly. In the Louisiana migration example, the data are transformed to 

percentage changes, which are then displayed in the Subset Cross Maps. With this 

variable transformation, positive values indicate gaining populations, and negative values 

signify declining populations.  

 

4.4.3 Orthogonal Regression and Principal Curves  

In comparing the populations, apart from standardizing the variables to study the 

local variations, we can go further to seek to understand the similarity of the populations 

and capture the structure discrepancies. This can be done by building a regression model 

and comparing the model fitted values with the original values. A simple standard 

regression model can be summarized as: ( )y f x   . Y is the response variable, x is the 

independent variable, and e is the error term. 

However there are two issues in applying the standard regression model to 

comparing populations. First it is very likely that we don’t have a preferred population 

that we wish to label “response”, and we still would like to study the joint behavior of the 

two populations and treat them symmetrically. Second, the standard regression model 
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only incorporates the errors in response variable; the errors in independent variable are 

ignored. It assumes the measurement of the independent variable is free of error. This 

assumption is impractical in demographical data because it ignores the sampling errors, 

instrument error, and modeling errors in one population, but not in the other. To address 

this, we can use the orthogonal regression model, which is also called the errors-in-

variables model (Van Huffle et al. [2007]), or total least squares method when there is a 

single predictor:  ( )y f x      (Markovsky and Van Huffel [2007]). 

The orthogonal regression model includes errors in both variables, and seeks to 

minimize the sum of squares of the orthogonal distances from the data points to the 

regression line. The difference between standard regression and orthogonal regression is 

shown in Figure 4.8. 

 

 

 

 

Figure 4.8 Standard Regression and Orthogonal Regression 
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When we fit an orthogonal regression model to two populations, because it has 

only one predictor, the model is estimated by the principal component line. The R 

package for orthogonal regression provides a principal curve function (Hastie and 

Stuetzle [1989]) that is a nonparametric generalization of orthogonal regression. It fits a 

smooth curve that passes through the middle of the data in an orthogonal sense. In the 

next example, we use principal curve to study the joint behavior of white female cancer 

mortality rates and white male mortality rates in 2005. 

 

 

 

 
Figure 4.9 Comparison of female cancer mortality rates with fitted rates from principle curve 
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Figure 4.9 compares the female cancer mortality rates with the model fitted 

female rates. The differences of them are displayed in the difference map. As we can see, 

three clusters show up in the difference map. Six states in Southeast have lower female 

cancer rates than the adjusted values, and two clusters in North have higher female cancer 

rates than the adjusted values.  

Figure 4.10 is the rising and falling map of the signed distances of the state points 

to the corresponding project points on the principal curve. Each state point is defined by 

female mortality rate and male mortality rate coordinates. A principal curve is fit for 

every year from 2001 to 2007. The calculated distances are the orthogonal distances of 

the state points to the curve. The sign for the distance is based on whether a point is on 

the left of the curve. If it is on the left side, the distance is negative. Otherwise, it is 

positive.  In the figure, the spatial structure with blue in the south is very suggestive. 

 

 

Figure 4.10 Signed distance of state points to the project points on the principal curve 
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Chapter 5. Application: Modeling and Visualizing the Invasion of 

Eurasian Collared Dove 

 

So far we have introduced the TCmaps in detail and illustrated how each view can 

be used for different purposes.  In this chapter, we apply the TCmaps to an ecological 

example and demonstrate the strengths and limitations of TCmaps in real applications. 

We present an exploration of Eurasian Collared Dove (ECD) data in the United States 

and describe how TCmaps can support both data exploration and statistical modeling. 

 

5.1 The ECD Invasion in the United States 

In ecology, the growth and dispersal of biotic organisms has long been an 

important subject, especially the spread of invasive species because they pose a potential 

threat to native species. In North America, the Eurasian Collared Dove (ECD) is one of 

the most successful invasive birds. It was first observed in south Florida in the early 

1980s and thereafter quickly spread through North America, just as they had spread 

through Europe in the early 1900s (Hengeveld [1993]). By 2010, it has spread throughout 

the continental United States, with the exception of the northeast. Figure 5.1 and 5.2 

present overviews of ECD counts in the last decade. In 2010, the top three states that 

have the largest ECD abundance are Texas, Florida, and California. 
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Figure 5.1 The total of ECD count in the United States for the period of 2000 to 2010 

 

 

 

Figure 5.2 The observed ECD count in 2000 and 2010 

 

 

 

The ECD data is monitored as part of North America Breeding Bird Survey 

(BBS). Each year, BBS collects the bird population data at over 4100 survey routes 

across the continental United States and Canada. Skilled observers are assigned to a 
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number of routes. At each route, they stop 50 times. “Each survey route is 24.5 miles 

long with stops at 0.5-mile intervals. At each stop, a 3-minute point count conducted. 

During the count, every bird seen within a 0.25-mile radius or heard is recorded.” (BBS 

website: www.pwrc.usgs.gov/bbsapps). For our study, we assume the bird count 

collected along each route represents the count at the route center. Figure 5.3 shows 63 

survey routes located in Alabama, Georgia and Florida. Their coordinates are provided by 

BBS. Altogether there are 264 routes in these three states.  As we can see, routes are quite 

small compared to the state size. 

 

 

 

            Figure 5.3 Sixty three survey routes in Al, GA and FL. In all there are 264 routes in these three states. 

 

 

Figure 5.1 and 5.2 provide overviews of ECD count change over time.  No spatial 

context is shown in the bar plots. Across years, researchers have observed a remarkable 

spatial trend in ECD invasion. In the next section, we use TCmaps to visualize the 

observations at different region levels and reveal the interesting invasion pattern. 
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5.2 Visualizing the Observations 

In Figure 5.4, ECD observations are aggregated to state level from 2000 to 2010. 

The middle row displays the observations in 3 colors: red represents frequent ECD 

encounters, light red represents less frequent ECD encounters, and gray represents zero 

observation. The top row highlights the states with rising ECD counts, and the bottom 

row highlights the states with falling counts.  

 

            

 

         

Figure 5.4 ECD observations on state level from 2000 to 2010. Slider is linear in percent 

 

As we see in Figure 5.4, there is a strong spatial pattern in ECD invasion in the 

last decade. The dove population increases rapidly westward and northwestward from 

south. Mysteriously, the bird shows little interest in expanding eastward or 

northeastward. By 2010, ECD has occupied most states, with the exception of a few 

northeastern states.  



106 

 

This directional trend in range expansion has drawn wide attention from 

ecologists. In fact, the species showed the same tendency in Europe (Coombs et al. 

[1981]). Interestingly, the dove’s advance pattern is not new in species invasion history. 

According to a report by Hess [2004], the Great-tailed Grackle shares the same pattern. It 

advanced from Texas around 1900, and spread progressively toward the North and the 

West but with little or no movement toward the East. Research shows that the Grackle’s 

expansion is associated with human activities. However, there is more uncertainty and 

complexity in ECD expansion. A study by Fujisaki et al. [2010] finds that the abundance 

of ECD is “positively related to road density and inversely related to annual precipitation 

and distance to coast”. Furthermore, the range expansion of ECD tends to follow human-

altered landscapes including urban and suburban areas, as well as rural areas such as farm 

fields. The expansion also responds to general geospatial features such as thermal clines. 

Generally, the dove is more abundant in warm climates than in cold regions. 

 The species’ response to coastlines is shown in Figure 5.4. As we can see, there 

are more red regions in coast areas than inland in the map, which suggests that the 

abundance is generally greater in coastal regions. Also note that there are far more rising 

states than falling states, which means the invasion is still ongoing.  

Figure 5.5 provides a finer view of ECD invasion to convey more spatial context. 

We developed a grid layout over the 3188 survey routes. The grid goes from the most 

northwestern point (longitude:-124.3, latitude: 49) to the most southeastern point 

(longitude: -67.4, latitude: 24.6). The overall grid is split to 50 x 50 rectangular cells, and 
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data from the routes in the same cell are merged. Cells corresponding to ocean or having 

no routes are not considered in the map. In all there are 1314 cells in consideration. 

 

 

 

Figure 5.5 ECD invasions on grid level. Slider is linear in percent 

 

 

Compared to Figure 5.4, Figure 5.5 provides more details on ECD distributions. 

Not only is the westward expansion pattern clear in the map, but we also see that actually 

there are almost no ECDs in Nevada even though it is a western state. This result is not 

particularly surprising considering the dry desert and big Rocky Mountains in Nevada.  

The hard environmental conditions make it a poor bird habitat. 

If we don’t aggregate the data at all, but rather display the ECD observations 

directly at 3188 routes, we get Figure 5.6. Recall each survey route is a path of 24.5 miles 

long, and we assume the data collected along the route corresponds to a count at the route 

center. Therefore, 3188 routes are represented by 3188 points in each small map. The 

gray points are routes with zero count. 
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Figure 5.6 ECD Invasions at 3188 survey routes. Gray represents zero count 

 

Compared to the grid cell map, Figure 5.6 reveals more spatial information on 

ECD invasion. Southeastern Oregon shares similar geospatial features with Nevada, so it 

also has few ECD observations. In 2010 there is only one route in Maryland where 

observers detected ECDs. An interesting phenomenon we see in this map is the dove’s 

frequent “jump” to isolated areas, which then starts new local population growth. For 

example, in 2006 there is a sudden appearance of ECD in northwestern Oregon. From 

there, the ECD quickly spread along the coast and advanced to Washington. For 

occasional jumps, we can interpret them as escapes or releases, but the widespread jumps 

in ECD spread seem mysterious and difficult to explain by a natural process. 

So far we have visualized the ECD data at three levels: states, binned grid cells, 

and routes. Each view provides a different level of data summaries. In TCmaps, the more 

detailed view with a finer resolution comes with a cost of slower rendering performance.  

For state map and grid cell map, there is no delay in rendering and responding to slider 

manipulation. However for routes map, the large number of points causes a noticeable 

delay. The delay increases with the number of years picked in visualization. This presents 
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the limitation of TCmaps: while it provides many nice features for data exploration, it is 

not a scalable system. 

 

5.3 Modeling the Invasion 

In the last two decades, there have been various attempts to model the ECD 

invasion and forecast the trend. Given the uncertainties in observations, process dynamics 

and associated parameters, hierarchical Bayesian modes are commonly used for modeling 

ECD invasion. Hooten et al. [2006a] introduced a hierarchical matrix model to 

characterize the growth and dispersal of the species; Fujisaki et al. [2010] described a 

hierarchical zero-inflated Poisson model to account for excess zero observations at the 

majority of survey routes; Bled et al. [2011] developed a hierarchical occupancy state 

model to account for occupancy dynamics; and the list goes on. In this section, we review 

Hooten’s matrix model, evaluate it with new data, and extend it by incorporating a 

directional effect to accommodate the spatial pattern in invasion. We present the results 

in TCmaps to show the posterior means, the forecasts, the coefficient of variation, and the 

improvement of the extended model in terms of reducing prediction errors.    

 

5.3.1 Hierarchical Bayesian Model 

Hierarchical Bayesian models are increasingly used in modern Bayesians 

statistical interference. The foundation is Bayes’ theorem. Suppose we observe a random 

variable y  and we know the distribution of y is P( | )y   given another random 



110 

 

variable . We wish to make inferences about . From the definition of conditional 

probability, we have 

( , ) ( | ) ( )
( | ) ( | ) ( )

( ) ( )

P y P y P
P y P y P

P y P y

  
    　                                      (5.1) 

( )P   is the prior distribution of  , and ( | )P y is the posterior distribution of   

given the observed data y .  

When the prior distribution of   depends on other parameters , we replace 

( )P   with likelihood ( | )P    and the prior of   in (5.1), which results in a hierarchical 

structure: 

( , | ) ( | ) ( | ) ( )P y P y P P                                                                     (5.2) 

In Bayesians modeling, we are interested in updating a prior distribution with 

observed data. Developing a posterior distribution is straightforward theoretically; 

however the challenge is integrating the distribution and deriving the summaries. This 

used to be very hard analytically and almost impossible in most cases. Fortunately recent 

advances in Markov Chain Monte Carlo (MCMC) and statistical software have greatly 

improved computing capacity in simulation and dramatically increased the complexity of 

models that can be considered within the hierarchical Bayesian framework. 

 

5.3.2 Hooten’s Hierarchical Matrix Model for Characterizing ECD Invasion 

Hooten et al. [2006a] developed a hierarchical spatio-temporal matrix model to 

characterize ECD invasions while addressing the non-Gaussian nature of the observations 
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and the uncertainty associated with the probability of detection. The underlying non-

linear dynamics of the invasion are considered within a population model that includes 

density-dependent growth and dispersal processes. The results of the simulation illustrate 

the importance of spatially varying dispersal rates. Overall, the matrix model provides a 

flexible framework for charactering ECD population dynamics in time and space.  

Let 
, i tn represent the observed number of ECD at location i  and time t  for a total 

of S spatial locations and T  times. In this research, the thi  location is the location of the 

BBS survey route center. Let 
, i tN be the true, unknown number of ECD at location i  and 

time t . Suppose the probability of detecting an ECD is , then we have: 

             , i tn |
, i tN  ~ Binomial  (

, i tN , ), i = 1, 2… S; t=1, 2…T                      (5.3) 

Ideally, we wish to let  vary spatially and temporally and estimate it by replicate 

sampling, but such information is not available for BBS sample, and we don’t have prior 

information. In fact, Hooten uses results by Link et al. [1994] where replicate counts 

were taken from a different but related species, the Mourning Dove, which shares similar 

detectability characteristics with ECD to inform  . The posterior probability for 

detecting a mourning dove is a standard beta distribution: ~ ( , )beta     . Since no 

further information about   is available, we treat it as a nuisance parameter in our model 

and integrate it out of (5.3). The result is a beta-binomial distribution: 

            , i tn |
, , ,i tN     ~ Beta Binomial (

, , ,i tN    ), i = 1, 2… S; t=1, 2…T     (5.4)                   
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Assuming the true population tiN ,  follows an independent Poisson distribution, 

conditionally on the true density
, i t : 

, i tN | , i t ~ Poisson  ( , i t ), i = 1,2,…,S; t = 1,2,…T.                                 (5.5) 

A natural progressive model is adopted to make 
, i t  evolve dynamically. Let 

t =
1, 2, , ( , ..., )t t s t   

　
, we have: 

Λ = MGΛt t-1

= M( )G(K, r, Λ )Λ
t 1 t 1


 

                                                                     (5.6)     

In (5.6), M is an S x S movement matrix. It is a function of dispersal parameter . 

G is a diagonal growth matrix. It is a function of growth rate r, carrying capacity K, and 

the population intensity at previous year. The formula allows ECD population intensity to 

evolve in a conventional dynamical system, which provides a convenience to predict t  

for any time once the initial condition is set. 

Cressie and Wikle [2011] point out that even though there is no error term in 

(5.6), the model is still random because it is conditioned on random parameters (r, K,  ) 

and random initial state ( 1 ). Additive errors can be added to the process to account for 

misspecification in the model, but they complicate the analysis and inferences. Hooten et 

al. [2006a] claim that the random nature of the parameters and the initial state alleviate 

such complications and provide sensible flexibility in the latent process. 

Movement matrix M is defined as 
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x

2M( ) [M ] , where M exp{ d / }
i,ji,j i,js s j

                                 (5.7) 

In (5.7), 
,i jd  is the Euclidean distance between location i and location j. 

j  is the 

dispersal parameter at location j. 1 2( , ,..., )s      are spatially varying dispersal 

coefficients. We assume they don’t vary temporally. Each row of M is constrained to sum 

to one, as motivated by discretized diffusion equations. The definition of M indicates the 

dispersal of ECD abundance is characterized by a Gaussian Kernel in a sense that the 

population in a given location at time t is a weighted average of the population at 

neighboring locations at time t-1. 

Growth matrix G is parameterized as a diagonal form where population growth at 

each location is given by Ricker growth equation (Turchin [2003]). 















 ji/K)},
1ti,

λexp{r(1

ji0,

ji,
)

1t
Λr,G(K,                                    (5.8)

 

where r is growth rate and K is carrying capacity.  Due to the lack of prior information, 

we don’t make them vary over space. 

Incorporating the definition of M and G to equation (5.6), we obtain the evolving 

model: 

      
j

2

,

2

i,j j
j

mS i,j
exp{r(1 λ /K)}λ

i,t j,t 1 j,t 1mj 1 i,j

S exp( / )
exp{r(1 λ /K)}λ

j,t 1 j,t 1exp(-d /τ )j 1

i j jd





   


   

                        (5.9) 

where i = 1, 2… S, and t = 1, 2… T. 
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Assuming independent priors of K, r,  , and 1 , we have: 

1 1 1( , , , , | ) ( | ) ( | , , , ) ( , , , )P N k r n P n N P N k r P k r        

Our goal is to estimate and predict the true ECD population over time and space 

given the observations, and estimate the model parameters as well. Let: 

 K~ Gamma (4, 50),  

 r ~ Normal (0.5, 0.25), 

1 2log(Γ ) log(τ ,τ ,..., τ ) ~ N(μ ,Σ )τ τS
  

1,1 2,1 ,1log(Λ ) log(λ ,λ ,...,λ ) ~ N(μ ,Σ )
1 λ λS



 
where Στ and Σ

λ
are covariance of the dispersal and intensity process at the initial time (t 

= 1). ( )i = log (2), ( , )i j =
,log(1.1)exp( 2 )i jd , 

λΣ (i,j) log(1.1)*exp( 2d ), 
i,j

  and 

λμ log(15) in extreme southern Florida in 1986, and zero elsewhere. The posterior 

estimate of detecting a mourning dove is:  

~ (1.7,7.7)beta  

  

5.3.3 Model Evaluation 

Hooten’s matrix model was developed in the mid-2000s. The analysis was 

performed based on data from 1986 through 2003. Maps provided by Cressie and Wikle 

[2011, Figure 9.11 and 9.12] show posterior means of ECD abundance from 1986 to 

2003, and the prediction means from 2003 to 2010. The north United States was not 
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included in the model. The maps present reasonable invasion estimates and forecasts in 

south United States, which indicates it is effective in characterizing the invasion locally.  

However, when we apply the model to broader areas in the United States, it fails 

to capture the directional trend we discussed before. Figure 5.7 and 5.8 (Hooten [2006b]) 

display the posterior means of ECD abundance in a wider range of states, including 

northeast. 

 

Figure 5.7 Posterior means of ECD abundance. From Hooten [2006b] 

 

 

 

Figure 5.8 Posterior means of the ECD abundance forecast. From Hooten [2006b] 

 



116 

 

The model estimates that by 2003 ECD has spread to North Carolina, Virginia, 

Maryland, and even further north to New York. It also shows that ECD is more abundant 

in East than in West. These results contradict the facts we know today. If we compare the 

posterior prediction means in Figure 5.8 with the true observations BBS collected from 

2003 to 2010, we see a systematical error in predictions, and the error increases over the 

years. The model predicts a radius advance from south Florida, rather than a northwest 

spread. Figure 5.8 illustrates that by 2020, ECD will cover all eastern states, which is 

very unlikely according to the data gained over time. 

In fact, if we revisit how the evolving dynamics are defined in the model, it is not 

surprising that the model doesn’t capture the directional trend in either estimates or 

predictions. Recall the dispersal process is a Gaussian kernel which depends on the 

distances between locations, and the dispersal coefficient at each location. The vector of 

dispersal coefficient has a log-Normal distribution whose covariance structure is 

associated with distances too. Because neither the Euclidean distance nor the distribution 

of dispersal coefficient favors northwestern direction, the dispersal process goes on in 

every direction, therefore the resulting posterior means show no sign of northwestern 

trend. 

To address this issue, one solution is to identify the covariates that cause the 

directional tendency in ECD invasion, and incorporate those variables in the dispersal 

dynamics. However as of today it still remains a mystery why the doves show no 

tendency to moving eastward. Research by Fujisaki et al. [2010] investigates many 

environmental variables including road density, temperature, precipitation, distance to 
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coast, distance to river, and distance to the first route in Florida. Although all these 

variables are included in their analysis, they still obtain overall low prediction accuracy. 

They state that either there are other explanatory factors or there is great uncertainty in 

ECD spread process. Some people even guess that maybe it is the dove’s natural 

propensity to move northwest only. One hypothesizes that ECDs take off on journeys in 

the morning, with the sun behind them (Hess [2011]). Of course, these hypotheses are not 

confirmed in ornithology and are subject to further investigation. 

Since we don’t have a clear picture of explanatory factors in this research, we 

choose to simply incorporate a direction in dispersal process to improve the model 

performance. The solution we take is to modify the calculation of distance between 

locations and favor a northwestern direction. Specifically, we make two points in 

northwestern direction closer than those in other direction, even though their Euclidean 

distances may be the same.  

 

5.3.4 An Adjusted Model 

Suppose we have two points in n dimensions: X and Y. Let X = 1 2( , ,..., )nx x x   and 

Y = 1 2( , ,..., )ny y y  . The Euclidean distance between X and Y is calculated as:   

( ) '( )d X Y X Y                                   (5.10) 

In order to favor a direction in calculation, we rewrite (5.10) to 

( ) ' ( )d X Y A X Y                                 (5.11) 

where A is a positive semi-definite matrix. When A = I, (5.11) equals (5.10) 
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In our analysis, n is 2, and A is a 2x2 matrix. We use A to incorporate 

northwestern invasive tendency. The strategy is to find the eigenvector that points to 

northwest, and assign it a small eigenvalue to shrink a vector’s component in that 

direction and therefore favor northwest movement. This eigenvector forms the first 

column of A. The second column of A is the orthogonal eigenvector that refers to a 

perpendicular direction. We assign it a big eigenvalue so that a vector’s northeast 

component is scaled by a large factor and the dispersal in that direction is discouraged. 

Note that this direction-favor strategy not only pushes the ECDs northwestward to 

Washington, but it also pushes them southeastward back to Florida. However we 

disregard this effect because the population density is governed by carrying capacity at 

each location, and ECD abundance has been great in Florida over the years. Another 

concern might be that the push could go beyond the United States and get to ocean or 

Canada. But since we only focus on the invasion in the United States, no routes beyond 

borders are considered in the model.  

Our next task is to find the right angle that most reasonably represents the 

direction pattern shown in ECD expansion. A research by Bled et al. [2011] provides a 

good reference. They developed a hierarchical time-space model to account for ECD 

occupancy dynamics through estimation of site persistence probability, local density, 

initial colonization, recolonization, and spread direction. They take the spatial structure 

into account in their model, and look into the influence of occupancy state in surrounding 

cells on the possibility of colonizing the studied cell.  Based on the data from 1986 and 

2006, they detect a preferential direction of 140.3 14.9  , which approximately matches 
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a spread going from southeast to northeast. Their model can be improved by allowing the 

spread direction to vary temporally and estimate it for each year, which is more practical, 

but that would require tremendous computing time and calculus capacities. Due to 

limited computing resources, in our analysis we take the angle as a known fact, and 

develop the eigenvectors based on the fixed angle 140.3 . Matrix A is: 

                        
0.766 0.6428

0.6428 0.766

 
 
 

 

Let v1, v2 denote the eigenvalue, the modified distance between point (x1, y1) 

and (x2, y2) is: 

   
1 21 2

1 2 1 2

1 2 1 2

0.766 0.6428
( , )

0.6428 0.766

x xv v
x x y y

v v y y

  
    

   
 

2 2

1 1 2 2 1 1 2 1 2 2 1 20.766 ( ) 0.6428( )( )( ) 0.766 ( )v x x v v x x y y v y y         

We use 2008 and 2009 data to estimate v1 and v2 under the restriction that the 

derived distances must be non-negative. Since we don’t have any prior information on 

them, we use flat priors. The model would fit better if we allow v1 and v2 to vary 

temporally, but again that would require huge computing time. To alleviate the 

complications, we estimate them using the data when the directional trend is mostly clear. 

The estimate of v1 and v2 are: 0.5 and 3.5. 
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5.3.5 Simulations and Results 

We implement the model using a free software package OpenBUGS (version 

1.4.3) that performs Bayesian analysis using MCMC methods. The term “BUGS” stands 

for Bayesian inference Using Gibbs Sampling. The simulation code is provided in 

Appendix section. Because of the huge amount of data, we only list the model 

specification part. First, we run the adjusted model to estimate ECD abundance in 2004-

2010 given observations. To evaluate the effect of including direction in dispersal process 

on prediction accuracy, we then forecast the means for the period 2004 to 2010 with and 

without direction adjustment based on the same conditions in 2003. To avoid confusion, 

from now on we use the term “posterior mean” to refer to the estimate, and the term 

“posterior prediction mean” to indicate the forecast. In both settings, the model is iterated 

forward in time to obtain the estimate t at a new year. In each year, the model is run for 

25,000 iterations, the first 20,000 of which is discarded as “burn-in”.  

The simulation is run step by step as follows: 

(1) Let t = 2000 and set up initial conditions. Run the model to obtain the 

posterior distribution of 1 1|N n , and the estimate 1̂ . 

(2) Set t = t +1. In Λ MGΛt t 1



, let Λ

t 1
= 1̂ . Run the model to obtain 2 2|N n , 

and the estimate 2̂ . 

(3) Repeat step 2 until t = 2010. 

 

The raw data are preprocessed before we use them in the model. The original 

3188 survey routes are binned to 900 cells using hexagon binning. Routes in the same 
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hexagon are represented by the center of the hexagon, and their counts are merged. Cells 

that don’t have routes inside are not included in the model. As a result of aggregation, we 

considered a total of 666 points. 

 

 

 

Figure 5.9 Trend comparisons of posterior means of ECD abundance and observations for the period 2004 to 

2010.  

 

Figure 5.9 compares the spatial trend of posterior means (red) with that of 

observations (blue) using Subset Cross Maps in TCmaps. Recall the prior detection rate 

~ (1.7,7.7)beta  with mean 0.18 and standard deviation 0.12. Given the low detection 

rate in the model, the posterior mean of true abundance is much larger than the observed 
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count; therefore it doesn’t make sense to compare them directly. Instead, in Figure 5.9 we 

make sliders for observed counts and poster means of the true abundance linear in percent 

and linked so we can see the shared centroids in one color and the selected but 

mismatched in two other colors. Figure 5.9 shows that the selected 36% subsets of 

estimate and observations have approximately the same spatial pattern. By varying the 

sliders, we can compare different subsets of the two distributions and visually check the 

model performance. 

Figure 5.10 presents the coefficient of variations for the posterior means from 

2004 to 2010 using Time Series Box Plot in TCmaps. Coefficient of variation (CV) is the 

ratio of the standard deviation to the mean of a random variable. In our analysis, we 

choose to use the relative standard deviation rather than the regular standard deviation 

because the abundance at each location differs substantially.  

 

 

 

 

Figure 5.10  Coefficient of Variation of posterior means for the period 2004 to 2010 
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As illustrated in Figure 5.10, the median of CV is about the same level from 2004 

to 2010. In other words, we don’t see a systematical increase in CV over time in the box 

plot. Note that the distribution of CV in each year is quite stretched by the value at upper 

tail. This is because for those locations that have small means, especially when the mean 

is less than 1, the ratio of standard deviation to mean is sensitive and could be very large. 

Figure 5.11 and 5.12 are the overviews of posterior prediction means of ECD 

abundance from the adjusted model and the non-adjusted model at state level. As we can 

see, a northwestern spread trend is clearly visible in the first map, but not in the second. 

 

 

 

Figure 5.11 Posterior prediction mean of ECD abundance from the adjusted model 
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Figure 5.12 Posterior prediction mean of ECD abundance from the non-adjusted model 

 

 

 

 

Figure 5.13 Comparison of CV of posterior prediction means for 2010 from the adjusted model and the non-

adjusted model 
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Figure 5.13 compares the coefficient of variation of posterior prediction means for 

2010 from the adjusted model and the non-adjusted model using the Paired Difference 

Plot in TCmaps. The difference map shows that among the regions where both model 

have predictions, about 75% have a larger CV with the non-adjusted model, and only a 

quarter of them have a larger CV with the adjusted model. This indicates that overall, the 

adjusted-model produces smaller variance than the non-adjusted model. The two arrow 

plots are sorted by the difference of CV. The “Values and Changes” plot shows that the 

adjusted model can make more accurate predictions in many locations where the non-

adjusted model yields a big CV. 

Figure 5.14 displays the CV of posterior prediction means from adjusted model 

for the year 2004, 2007 and 2010 using the Two Difference Map template in TCmaps. In 

this view, we focus on the extreme values at the two ends. In the top row, we highlight 

the regions that have either a large CV (>0.5), or a small CV (< 0.2). In the two other 

rows, we concentrate on the regions that have a significant difference of CV or the 

difference of difference. Here the definition of significant means the absolute value of the 

difference is larger than 0.1. 

As we can see in Figure 5.14, the CVs are normally large in the newly occupied 

areas where the posterior mean is very small (less than 1), which we have discussed 

before. From 2004 to 2010, many regions have a reduced CV because the population size 

has grows in those regions, and the estimation from MCMC is more stable. 



126 

 

 

Figure 5.14 Coefficient of Variation of Posterior Prediction Means from the adjusted model 

 

 

 

So far, we have examined the results from the adjusted model and compared them 

with the original model. The maps we produced demonstrate that by incorporating a 

direction in dispersal dynamics, we can often obtain better estimates. However, it is 

important to understand that our model does not attempt to capture all the uncertainties in 

ECD invasion, nor does our directional factor obviate the need to incorporate additional 

explanatory factors and variations. What we have established is that by incorporating a 

directional factor, Hooten’s model can yield better results under same conditions. 

Research to better model and understand the ECD invasion continues. Our model is just 

one of many efforts to contribute.  

Last, we use a shaded choropleth map to show the forecast of ECD abundance in 

2011 and 2013, respectively, produced from the adjusted model. Figure 5.15 predicts that 

by 2013, Texas will continue to have the greatest ECD abundance, and ECDs will still 

not be found in the northeast. 
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Figure 5.15 Posterior Prediction Means of ECD abundance for 2011 and 2013 from the adjusted model 

 

 

 

 

5.4 Summary 

In this section, we apply TCmaps to the study of Eurasian Collared Dove invasion 

in the United States and demonstrate the strengths and weaknesses of TCmaps. We 

present an exploration of ECD observations, and introduce Hooten’s matrix model for 

characterizing the invasion. We then augment the model and compare the results before 

and after adjustment. TCmaps is used to explore the raw data as well as support model 

evaluation and comparison. The limitation of TCmaps is that it doesn’t handle large scale 

of spatial-temporal data well, especially for long time series maps. The scalability of 

TCmaps can be improved in future releases. However the examples in this section show 

that TCmaps is useful for both exploring data and looking at spatio-temporal statistical 

modeling results. We expect some features of TCmaps to draw much attention and it 

eventually becomes available as additional spatio-temporal data visualization tool. 
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Chapter 6. Conclusions and Future Work 

 

This dissertation addresses the visualization of spatio-temporal data for the 

purposes of communication, understanding, discovery, and analysis. The research falls in 

the domain of visual analytics which is "the science of analytical reasoning facilitated by 

visual interactive interfaces" (Thomas and Cook [2005]). The research builds upon the 

static graphic designs described by Carr and Pickle [2010] that address the problem of 

change blindness which occurs when studying juxtaposed sequence of maps. The 

research upgraded the static graphics to visual analytics tools by replacing the previous 

slider-like legends with a dynamic slider interface. The sliders provide dynamic queries 

that yield numerous statistics represented in maps and summary statistics represented in 

numbers. The research implementation added a variety of options to previous designs 

such as sizable windows with scroll bars that help to accommodate maps of different 

sizes and series of different lengths.    

The research develops three new visual analytics designs that include components 

addressing change blindness: Paired Difference Plot, Subset Cross Maps, and Cognostics 

Partitioned Maps. All the visual analytics designs in this research should be considered 

part of research seeking to establish a new visual analytics paradigm for sequences 

juxtaposed maps or images to be compared. The paradigm expects that simple visual 

queries can easily      
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 identify the set (class) membership of regions to be studied,  

 find quantitative criteria for defining set (class) membership, and     

 identify the regions  and times when regions’ set membership change from 

one set to another.  

A conclusion is the designs in TCmaps meet the standards set in the paradigm as 

well as address the issue of change blindness. For example in the rising and falling design 

with blue, gray and red sets, most people can tune their visions to find the red regions, the 

gray regions, or the blue regions in the central series of maps. The slider thresholds and 

endpoints values that defined criteria for making classes are visible. Finally the change 

map series highlight the regions with changes and class membership is also easily 

identified with visual color queries. Most designs use three colors for three classes and a 

fourth color for missing data. When the colors are chosen to be easily discriminated, this 

is within the scope of simple visual queries.  Data analysts had known for decades that it 

can be important to show difference explicitly. However, the impact of change blindness 

is far from being fully appreciated. This research is important because most juxtaposed 

images sequence presented ostensibly for comparison purposes do not meet all three 

standards set above. Consequently analytical reasoning about the sequence becomes 

complicated.  Reasoning may not occur or may be flawed due to what is not seen. Of 

course many printed presentation of sequences may just seek to convey the rough idea 

that some things have changed. Still, in a visual analytic environment more can be done.   

The research implementation has created two Java products: TCmaps and 

ICmaps.  TCmaps handles polygon, polyline and point layers for maps. ICmaps addresses 
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raster images. These are available for public use which can shape the evolution of visual 

analytics. Two of the visual analytics views in this research that do not have change 

blindness component are Cognostics Partitioned Maps and Map with Time Series 

Line/Box Plot.  The Cognostics Partitioned Maps adapts CCmaps cognostics and 

conditioning to time series and helps study the association of two series. The Map with 

Time Series Line/Box Plot links maps with a time series plot to obtain the benefits of 

both perspectives. It has some desirable features such as linked brushing that is part of the 

related graphics described in Chapter 2.  

TCmaps is very limited in providing the data transformations. Rather, the 

expectation is most transformations and modeling be done externally. The dissertation 

has examples showing some of what can be done with simple transformations. One 

example makes use of principle curve and displays the fitted values and residuals. 

The application of ICmaps to fairly modest NDVI images and model results from 

simulating the dispersion of toxic releases in Oklahoma has been instructive. With large 

regions in a choropleth map, black outlines of lighter colors can make regions pop into 

the foreground for rapid discrimination. Outlining pixels is not practical. This motivates 

class color selection for both easy discrimination and high contrast against the 

background.  In the modeling of chemical releases, the slider-based queries could return 

more information. The thresholds define contours and the number of pixels/voxels 

between contours can provide a rough measure for dose. When comparing two competing 

models, discrepancies between the numbers of pixels/voxels between same contour levels 

are more informative than location discrepancies. These insights may be well known.    
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This dissertation applies TCmaps to active research in ecology on characterizing 

the Eurasian Collard Dove (ECD) invasion in the United States. It evaluates Hooten’s 

hierarchical matrix model with new data, and modifies the model to account for the 

dove’s mysterious northwestern expansion by incorporating a direction in the dispersal 

process. The original and adjusted models are compared in terms of coefficient of 

variations and trend prediction. This case study uses TCmaps to explore the raw data at 

different resolutions, to display and compare the posterior means, forecasts and variances. 

The example shows the TCmaps not only supports data exploration, but also supports 

statistical modeling. 

Future research will address some of the limitations and complications with 

TCmaps and ICmaps. The ECD example reveals a limitation of TCmaps: it doesn’t 

handle large scale of spatial-temporal data well, especially for long time series. The 

dynamic response is not satisfactory. This indicates one area of future work of this 

research: to improve the scalability of TCmaps so that it can deal with large datasets and 

provide fast response for user input. 

The current Cognostics Partitioned Maps only provides means for each group. To 

make TCmaps more statistically sophisticated, future work will add more statistical 

feedback and guidance, including computing the means and standard errors for sliders 

and classes over time in each view of TCmaps. 

Providing focus option is another area of future work. This includes adding focus 

on value intervals so that regions outside of the intervals are put to the background and 

only regions in the intervals are highlighted in the foreground. A second type of focus 
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option is to provide focus on a portion of the map. This option would enable users to 

zoom in to a specific area in a map and look in the area with greater resolution. 

Image map comparison is an important extension and application of TCmaps. Of 

all available views in TCmaps, only the rising and falling map design, the first and 

second difference map design, and interposed change map design allow comparison of 

images. Future work will add image comparison capability to other designs that are 

appropriate, especially the Subset Cross Maps and the Cognostics Partitioned Maps. 

TCmaps is primarily designed for visualizing and comparing spatio-temporal 

data, therefore map sequences are indexed by time in all views. However, with small 

modification, neither of the two way maps indices needs to be time. They can be indexed 

by factors such as race, age group, or income level, and analysts compare maps over 

those categories. TCmaps shouldn’t be limited for only spatio-temporal data. Future work 

will apply TCmaps to spatial data indexed by a non-temporal category and make 

adjustments accordingly. 

Last but not least, this research has not addressed importance weights in 

computing means, percents, or other statistics. The data read into TCmaps are assumed to 

be equally important. This is not necessarily true in some tasks. For contexts such as 

studying birth rates, using population weighted means makes more sense than using equal 

weighted means. Adding support for weights to TCmaps will make it a more 

sophisticated tool. This will be pursued in future work as a high priority. 
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Appendix: Program 
 

 

 

# Simulation code for running the adjusted model in OpenBUGS.  

 

# Model Specification. S = the number of routes in study 

 

model 

{           for (i in 1:S){ 

         for (j in 1:S){ 

m[i,j]<- exp(-d[i,j]*d[i,j] / tau[j]) 

           } 

           } 

  for(i in 1:S){ 

         tau[i]<- exp(trans.tau[i]) 

 } 

 trans.tau[1:S]~dmnorm(mu.tau[1:S], Omega.tau[1:S, 1:S]) 

  

 for (i in 1:S){ 

       for (j in 1:S){ 

             move[i,j] <- m[i,j]/sum(m[i,1:S]) 

       } 

        } 

 

 for(i in 1:S){ 

        y[i]~dbin(theta, N[i]) 

        N[i]~dpois(lambda[i]) 

 }  

  

  for(i in 1:S){ 

         for (j in 1 :S){  

              temp[i,j]<- move[i,j]*exp(r*(1-pre.lambda[j]/K))*pre.lambda[j] 

          } 

          lambda[i]<- sum(temp[i,1:S]) 

   } 

    

 theta~dbeta(1.7,7.7) 

 r~dnorm(0.5,4)I(0,)   

 K~dgamma(200,0.8) 

}
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