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Abstract
We typically conceptualize patterns in geographic time series in one of two ways: as trends in spatial patterns or as spatial patterns in trends. Chronological map series—either animations or small multiples of chronologically-sequenced maps—have become a standard approach to mapping geographic time series. I propose that this approach is generally effective for visualizing trends in patterns but not for visualizing patterns in trends. On the other hand, trend summary maps (e.g., change maps, time-series glyph maps, trend cluster maps, and trend component maps) are generally effective for visualizing patterns in trends but not trends in patterns. Trend summary map techniques deserve more attention because they can help us identify and illustrate spatio-temporal patterns in ways that chronological map series cannot.
Introduction

Determining how to visualize geographic change effectively is a significant and increasingly common challenge in cartography today. In the large and growing body of research on this subject, map animation techniques have generally received the greatest attention. “Conventional wisdom holds that because animations explicitly depict temporal changes, they should more easily enable individuals to understand dynamic processes” (Griffin et al. 2006, 740). Still, cartographers have become aware of many limitations in the effectiveness of animation for visualizing geographic change. Research assessing animation relative to static graphics has often relied on problematic experimental design and the collective findings have been inconclusive (Tversky et al. 2002). To address such issues, some researchers are undertaking more careful assessments of animation’s effectiveness (e.g., Griffin et al. 2006) while other researchers seek to develop more effective animation designs and visual aids (e.g., Harrower 2002, 2003). At present, it remains unclear under what conditions, if any, we can expect animated maps to be more effective than static techniques for visualizing geographic change. Dorling (1992a, 224) suggests that, “One of the ironies of animation is that often the most effective way of seeing change over time is to not use time to show it.” But what alternatives do we have, and how should we choose among them?

In this paper, I introduce two related conceptual dichotomies that should help us assess the effectiveness of different temporal mapping techniques. The first dichotomy—trends in patterns versus patterns in trends—identifies two ways in which humans tend to conceptualize spatio-temporal variations in geographic time series. The second dichotomy—chronological map series versus trend summary maps—identifies two general categories of temporal mapping techniques, each of which is better suited for visualizing one of the two conceptions of spatio-temporal variation. Chronological map series—either animations or small multiples of chronologically-sequenced maps—are intuitively useful for visualizing trends in patterns but not patterns in trends. On the other hand, trend summary maps—e.g., change maps, time-series glyph maps, trend cluster maps, and trend component maps—are intuitively useful for visualizing patterns in trends but not trends in patterns. This distinction should help cartographers to identify settings in which animation or small multiples should be of little use relative to other strategies. The distinction also underscores the potential value of alternative temporal mapping techniques beyond the typical chronological map series approaches.
Trends in Patterns versus Patterns in Trends

This paper is concerned specifically with time series of geographic attribute data and with mapping applications in which change in attributes is of primary interest. One example of a time series of geographic attributes is a series of aggregate census data, e.g., census tract populations at decadal intervals from 1940 through 2000. Other examples include time series of land cover, traffic rates, or temperature readings. In each case, the dataset contains measures of an attribute for multiple geographic features at multiple observation times. 

There are many ways we can try to make such a multi-dimensional structure more comprehensible, but the peculiar structure of geographic time series usually leads us to conceive of it in one of two general forms. We naturally and appropriately tend to interpret spatial patterns (variations in the two spatial dimensions) and trends (variations in the one temporal dimension) independently. To characterize all attribute variations in a geographic time series in these terms, we therefore describe either the trend in spatial patterns or the spatial pattern in trends. For example, to describe the trend in spatial patterns in the geographic time series illustrated in Fig. 1, we begin by observing the spatial pattern at each time (initially concentrated in the center of the region and skewed to the southeast; later, more evenly distributed and skewed to the west). We then summarize the changes we see in these spatial patterns (a dispersal and westward shift). Alternatively, to describe the spatial pattern in trends, we first identify the trend that occurred in each spatial unit (some places grew in density, some declined, some remained stable, some declined and then re-grew). We then summarize the spatial pattern we see in these trends (general growth in the north and west and general decline in the southeast with a slight re-growth in two southeastern areas).
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Figure 1. Two basic ways of conceptualizing spatio-temporal patterns in area-unit attributes: a) the trend in spatial patterns, and b) the spatial pattern in trends
This distinction between trends in patterns and patterns in trends (where pattern here is shorthand for spatial pattern) is important because it can help us greatly in determining which types of mapping strategies should be helpful or not when analyzing spatio-temporal variations. In general, techniques that work well in revealing one form of spatio-temporal variation tend not to reveal much about the other form—at least not directly. If we seek to identify spatial variations in long-term population trends, for example, then we are looking for patterns in trends and not trends in patterns. In this case, techniques that emphasize trends in patterns and not patterns in trends would be less effective than other techniques. 

Chronological Map Series versus Trend Summary Maps
We can generally divide techniques for mapping geographic time series into two categories—chronological map series and trend summary maps. These two mapping approaches differ fundamentally in how they represent spatio-temporal information and in the forms of spatio-temporal patterns they tend to emphasize. Symbols in trend summary maps represent information about trends while symbols in chronological map series represent information about temporal states or episodes. For example, the symbols on a single trend summary map might represent, for each spatial unit on the map, the absolute or relative change in an attribute between two times, the minimum or maximum value obtained during a particular interval, the date at which the minimum or maximum value was measured, or any other type of information that summarizes attribute trends. A chronological map series, on the other hand, is an assembly of multiple maps, each representing a unique temporal state or episode, displayed in a chronologically-ordered sequence. This category includes both animated maps—when maps are displayed one after another in a temporal sequence—and small multiples or “strip maps” (Kraak and MacEachren 1994)—when maps are displayed simultaneously in a spatial sequence.

The distinction between chronological map series and trend summary maps is a natural corollary to the distinction between trends in patterns and patterns in trends. To interpret the trend in patterns in a geographic time series, we first observe and characterize the spatial pattern that occurred at each measurement time, and we then characterize the overall trend in the observed patterns (Fig. 1(a)). If the patterns are not too complex, we can achieve this task relatively easily by viewing a map of each temporal state in chronological order, as we do when viewing a chronological map series. We are typically able to identify and remember the general pattern that appears in each map frame, which in turn allows us to interpret how the general patterns change throughout the series.
On the other hand, in order to interpret the pattern in trends in a geographic time series, we must first observe and characterize the trend that occurred in each spatial unit, and we then characterize the spatial pattern in the observed trends (Fig. 1(b)). This sort of interpretation tends to be difficult to achieve using a chronological map series. To identify what the long-term trend is in any one place using a map series, we must first observe what symbol appears in that place in each frame of the series and interpret what kind of trend that implies. To compare trends in two places, we must observe, interpret, and compare the symbol changes that occur in both places. It may be possible to compare several places in this manner, but it is difficult, if not impossible, to make holistic judgments about the entire pattern in trends. To do this by viewing a map series, we almost need to construct a new map—entirely in our minds—that summarizes the types of trends we have observed in each place. But of course, a trend summary map does this kind of summary for us, symbolizing directly the types of trends that have occurred in each place, so there is no need to deduce and store the pattern in trends in our minds.
 Trend summary maps should therefore be consistently more helpful than chronological map series when we wish to visualize how trends vary spatially. Conversely, trend summary maps should be less helpful than chronological map series when we wish to explore how patterns vary temporally. In short, this is because trend summary maps present us with a view of the trend at each place, while chronological map series present us with a view of the pattern at each time.
Another distinctive feature of trend summary maps is their ability to summarize the spatio-temporal patterns within one graphic. Many authors have noted how long map sequences can tax our cognitive abilities. In an animation, if mapped patterns are not simple or the duration of the animation is long, it is difficult for our short-term memory to store information observed in early frames long enough for us to be able to compare it with information we observe in later frames (Monmonier 1992, Dorling 1992b). Small multiples are little better than animations in this regard because in either case, interpreting temporal variations requires comparisons of several maps. The only difference is that using small multiples to interpret temporal variations requires “spatial deduction” while using animation requires “memory deduction” (Kraak and MacEachren 1994). The complexity of chronological map series is even more problematic when conducting a multi-region comparative analysis. How can we effectively compare several regions’ change patterns it is already a struggle to identify change patterns occurring in just one region? Trend summary maps, on the other hand, allow us to compare regions using just one graphic for each region.
Trend Summary Map Techniques
Previously developed conceptual frameworks for temporal mapping have included examples of both chronological map series and trend summary maps but have not thoroughly elaborated on the variety of trend summary map techniques that are available (e.g., Monmonier 1990, Dorling 1992b, Kraak and MacEachren 1994, Andrienko et al. 2003). Some of these frameworks seem to suggest that the only notable trend summary map is a simple change map. Change maps are likely the most common and obvious approach to trend summary mapping, but they are only one example of many possibilities, and they have many limitations. Change mapping is a univariate mapping technique, illustrating the spatial distribution of only one variable: the absolute or relative change in a particular attribute between two times. When we have time series data with more than two observation times, however, the trends in the data may be significantly nonlinear and may therefore be poorly described by a single change rate statistic. Two areas could have the same average rate of growth over fifty years and would therefore appear to be the same on a univariate fifty-year change map, but what if the growth in one place ended twenty years before the growth in the other place began (Fig. 2)? These two trends may have significantly different causes and implications, so it would be helpful for a trend map to indicate clearly the way in which the two place’s growth histories differ.
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Figure 2. A time-series graph of population trends in two places. The population in each place grew by 3,000 over this fifty-year period, but the timing of the growth in each place was significantly different.

Many other common types of trend summary maps are also univariate, revealing only one property of trends. Examples include maps of the times at which an attribute reached its highest value, maps of the times at which an attribute first reached a particular threshold, and maps of the minimum or maximum values of an attribute over a period of time. Although none of these univariate techniques could tell us everything we might like to know about how complex trends vary spatially, there are a variety of ways we could map multiple attributes of trends, either through juxtaposing multiple univariate maps or through using any of many possible techniques for multivariate mapping. For example, one bivariate map could reveal both general rates of change and the degree of acceleration or deceleration in change. Such a map would allow us to distinguish the difference between the two places in Fig. 2. Both places had about the same general rate of change, but Place 1’s growth decelerated and Place 2’s growth accelerated. The same map could also reveal places with declining or stable populations as well as places that grew and then declined or declined and then grew.

Time-series glyph maps are perhaps the most well known and widely used type of multivariate trend summary map. This technique is particularly intuitive for spatio-temporal data visualization because it combines the standard spatial-data graphic (maps) with the standard temporal-data graphic (time-series graphs). The basic strategy is to place multiple time-series graphs or glyphs on the map, one for each spatial unit, to illustrate the trends that occurred throughout the mapped region. An example appears in the upper right of Fig. 1. As we can see, it is relatively easy to identify regions of the map that have similar trends. It is also relatively easy to determine whether each trend is steady, accelerating, decelerating, or fluctuating. When the time-series glyphs are “filled” as they are in Fig. 1, it also easy to see which areas have relatively high or relatively low densities through time by observing the height of each glyph, which provides us with yet another useful piece of information about the pattern in trends. Monmonier (1990) provides examples of several types of temporal glyphs in addition to time-series glyphs that could also be useful for illustrating different types of temporal information.

Time-series glyph maps do have a few drawbacks, however. First, if we must map a large number of areas or a long time series, it may be difficult or impossible to translate all of the data into interpretable graphics on the map. The glyphs may become too small or may cover each other. Second, unlike some other multivariate mapping techniques, time-series glyph maps are a purely graphical technique, and do not facilitate any kind of complementary numerical summaries of patterns in trends.

A second multivariate mapping technique that does not have these drawbacks is to use cluster analysis procedures to group areas with similar trends into distinct clusters and then symbolize on the map the cluster to which each area belongs. Examples of this strategy, which we might term trend cluster mapping, include Zelinsky’s (1962) map of U.S. rural population changes by county from 1790 to 1960 and Hammer et al.’s (2004) maps of population trends in the north central U.S. from 1940 to 1990. The utility of this strategy lies not only in our ability to map different types of nonlinear trends on one map, but also in the information about trends that the cluster analysis procedure can provide. Mapping the clusters enables us to see where, to what extent, and in what pattern different trend types occur, but we can also examine the clusters by themselves to investigate whether there are “typical” trend types, and if so, what are they?
Cluster analysis is just one example of many multivariate data reduction techniques that we could use to characterize variations in nonlinear trends in a way that can be mapped on a single graphic. Monmonier (1992), for example, combines techniques of canonical correlation analysis and trend surface analysis to map general spatial patterns in multiple attribute trends. Guo et al. (2006) employ self-organizing maps to achieve a similar end. I present below a novel approach, bivariate trend component mapping, which combines a standard multivariate data analysis technique—principal component analysis—with a standard multivariate mapping technique—bivariate choropleth mapping—to illustrate the spatial patterns of two principal components of complex trends simultaneously.
Case Study: Long-Term Trends in Urban Population Densities

The U.S. National Historical Geographic Information System (NHGIS) now provides aggregate statistics and boundary files for U.S. census tracts stretching back to the 1910 census (Minnesota Population Center 2006). These data are a useful test case for identifying advantages and disadvantages of different temporal mapping techniques. Fig. 3 illustrates a simple chronological map series of census tract population densities for the Minneapolis-Saint Paul metropolitan region from 1940 through 2000. In this series, we can identify general trends in population patterns reasonably well. The population has tended to disperse, growing steadily outward while becoming less concentrated in the center. It is also possible to identify a few general patterns in population trends. Populations have apparently tended to decline in the central cities and grow in the suburbs. We might be curious, however, to determine whether there are areas where population grew and then later declined or where population declined and then later re-grew. With a little effort, we could detect a few such areas, but to make generalizations about where these types of nonlinear trends have occurred would be difficult. It would be even more difficult to make generalizations about how the pattern in nonlinear trends in Minneapolis-Saint Paul differs from patterns in other metropolitan regions if all we used were these types of chronological map series.
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Figure 3. A chronological map series (small multiples) illustrating census tract population densities in the Minneapolis-Saint Paul metropolitan region of Minnesota, USA, from 1940 through 2000 

As explained above, we can expect that trend summary maps should be more effective than chronological map series for identifying patterns in trends. Fig. 4, containing bivariate trend component maps of three metropolitan regions, seems to confirm this expectation. In the upper left corner of Fig. 4, we see a single map of the Minneapolis-Saint Paul area that summarizes the population trends in 1980 census tracts over the period from 1940 through 2000. The colors in the maps correspond to different combinations of component scores from a principal component analysis. The input data for the analysis were from seven different metropolitan areas across the U.S. Areas that did not have tract data in 1940 were excluded. The input variables were changes in the log of population density between each pair of consecutive censuses plus the log of population density in 1980. The first principal component has a positive loading for all change variables, so positive first-component scores indicate general growth over the period and negative scores indicate general decline. The second principal component has a strong positive loading for change in later decades and a weak negative loading for change in early decades, so positive second-component scores generally indicate recent growth and negative scores indicate recent decline. The green-colored tracts have negative first-component scores, indicating general decline, but positive second-component scores, indicating recent growth. These areas, therefore, could be considered “urban renewal success stories”—having experienced recent re-growth after significant post-war decline. We can interpret other colors using similar reasoning.
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Figure 4. Bivariate trend component maps of population density in three U.S. metropolitan regions. The trend lines in the legend matrix indicate the average population densities from 1940 through 2000 for all census tracts in each trend class.

The one map in the upper left corner of Fig. 4 seems to reveal patterns in long-term population trends significantly more effectively than the small multiples in Fig. 3. The bivariate trend component map, once understood, seems both easier to interpret and more informative. Even subtle differences—such as those between the pink and purple tracts—are obvious here and reveal interesting patterns. (Both pink and purple areas grew significantly in the post-war period, but while populations in purple areas have generally declined since the 1970’s, populations in pink areas have remained relatively stable. The distinction highlights differences among post-war suburbs’ abilities to attract new families and maintain population.) The bivariate trend component maps also make it easy to compare the patterns in population trends of different metropolitan regions. The large blue and purple areas in Detroit indicate more general, continued decline than in either the Twin Cities or Boston, while the yellow and green areas in the Twin Cities and Boston accentuate the rebound in population in those cities since the 1970’s. It would be relatively difficult to identify such patterns through a comparison of small multiples or animations.
Conclusion

This research has introduced two conceptual dichotomies that should be useful in assessing which temporal mapping techniques are most appropriate for visualizing different types of spatio-temporal variations in geographic time-series data. On the one hand, chronological map series should generally be effective for visualizing trends in patterns, while on the other hand, trend summary maps should generally be more effective for visualizing patterns in trends. Also, while recent research on map animation and small multiples has been productive and important, cartographers should be aware that there are many other possibly more effective strategies for visualizing spatio-temporal patterns. The examples of the novel technique of bivariate trend component mapping provided here suggest that there remains much space for innovation in the development of effective trend summary maps. 
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� Neither “animated maps” nor “small multiples” need be chronological map series. In either case, the series may or may not portray a series of temporal states. The term “strip map”, on the other hand, seems only to apply to chronological map series.


� Kraak and MacEachren (1994) make a similar observation when noting that single, static temporal maps represent temporal variation graphically using a visual variable, whereas strip maps (i.e., small multiples) and animated maps require deduction for the interpretation of temporal variations. They do not, however, discuss the implications of this distinction on the types of patterns the different mapping techniques will most clearly reveal. Also, the concept of “trend summary maps” I develop here is broader than Kraak and MacEachren’s concept of single, static temporal maps in that trend summary maps need not be “static” if they use animation or interactive controls.
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