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Exploratory Bivariate and Multivariate Geovisualizations of 
a Social Vulnerability Index

In the United States, the Centers for Disease Control and Prevention (CDC) is the national agency that conducts and 
supports public health research and practice. Among the CDC’s many achievements is the development of a social vulner-
ability index (SVI) to aid planners and emergency responders when identifying vulnerable segments of the population, 
especially during natural hazard events. The index includes an overall social vulnerability ranking as well as four indi-
vidual themes: socioeconomic, household composition & disability, ethnicity & language, and housing & transportation. 
This makes the SVI dataset multivariate, but it is typically viewed via maps that show one theme at a time. This paper 
explores a suite of cartographic techniques that can represent the SVI beyond the univariate view. Specifically, we recom-
mend three techniques: (1) bivariate mapping to illustrate overall vulnerability and population density, (2) multivariate 
mapping using cartographic glyphs to disaggregate levels of the four vulnerability themes, and (3) visual analytics using 
Euler diagrams to depict overlap between the vulnerability themes. The CDC’s SVI, and by extension, vulnerability in-
dices in other countries, can be viewed in a variety of cartographic forms that illustrate the location of vulnerable groups 
of society. Viewing data from various perspectives can facilitate the understanding and analysis of the growing amount 
and complexity of data.
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I N T R O D U C T I O N
The motivation for this project was a request from 
the Sustainability Institute at Florida Agricultural and 
Mechanical University (FAMU) to locate vulnerable pop-
ulations within the Florida panhandle. The Sustainability 
Institute planned to work with pockets of vulnerable pop-
ulations to strengthen their capacity to anticipate and re-
spond to weather-related hazards. While previous efforts 
at disaster planning preparedness had been top-down and 
county-centered, the Institute wanted to identify specif-
ic populations of vulnerable residents to select pilot com-
munities for a project to strengthen capacity at the neigh-
borhood scale. At the project’s onset, the Institute used 
social vulnerability index (SVI) data from the Centers 
for Disease Control and Prevention (CDC) to identify 

vulnerable populations, but found the volume of data diffi-
cult to interpret. They requested custom maps to aid in the 
visualization of locations of vulnerable residents, leading 
to the project we describe in this paper.

Social vulnerability can be broadly defined as the risk 
and potential loss to society as a result of both natural-
ly occurring and human-induced disasters (Cutter 1996). 
In the United States, the CDC describes social vulnera-
bility as referring to “the resilience of communities when 
confronted by external stresses on human health” (CDC 
2018). When a disaster strikes, socially vulnerable people 
are more likely to be adversely affected, require more time 
to recover, and are at a greater risk of injury and death 
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(Wright et al. 1979; Cutter, Boruff, and Shirley 2003; 
Peacock et al. 2008). Social vulnerability can be effectively 
addressed by providing public services in a timely man-
ner to reduce human suffering and to minimize economic 
losses (Flanagan et al. 2011). Information on social vul-
nerability can aid in resource planning and social equity 
decisions and, when used in conjunction with other data, 
can highlight transportation, housing, recreation, educa-
tional, nutritional, medical, and other needs.

The CDC has compiled social vulnerability data using 
information from the 2012–2016 American Community 
Survey (ACS). Their SVI is freely available to the public 
in a digital format, which makes for easy input into a GIS. 
Typically these data are utilized for univariate mapping, 
where each vulnerability theme is represented by a single 
map. However, maps illustrating two or more variables 
can be employed to convey more complex relationships. 
The SVI data are multivariate in nature and as such are 
amenable to the use of more complex geovisualization 
techniques to illustrate patterns of social vulnerability.

Our objectives in this project were threefold. One, to 
demonstrate how bivariate maps can combine SVI with 
population density in order to allow readers to distinguish 
between urban and rural areas. Two, to employ multivar-
iate maps when illustrating multiple types of vulnerabili-
ty simultaneously, using graduated glyphs. And three, to 
show how Euler diagrams can reveal overlaps between 
the four themes of vulnerability. These three geovisu-
alization methods provide a broader perspective on data 

interrelationships and can identify pockets of specific vul-
nerability types.

While mapping more than one variable simultaneously al-
lows the representation of composite trends and relation-
ships, this complexity can come at the cost of visual clut-
ter. To address this, we employ multivariate symbols called 
glyphs to help us fulfill our second objective. Glyphs are 
commonly used to simultaneously represent several piec-
es of data for the same location, using one or more visual 
marks and visual variables. For example, the height of a 
rectangular symbol might represent one variable, its width 
another, and its color a third (Ward 2008). One of the 
better-known types of glyphs is the Chernoff face, where 
facial features such as nose length or eyebrow orientation 
indicate data values (Chernoff 1973).

This challenge of making non-spatial multivariate infor-
mation readable using visual analytics was our third objec-
tive. Univariate maps often use analytics such as bar charts 
to complement the map and further explain spatial data. 
Much of the data we work with is multivariate, originating 
from matrices, spreadsheets, sensors, and mathematical 
computations (Ward 2002). The larger the number of vari-
ables, the more difficult it becomes to detect, classify, or 
measure features and relationships. To work through these 
difficulties, we explore a more complex visual analytics 
technique, the Euler diagram, which complements the 
simple methods for spatial and temporal representation of 
data that are typically available through GIS.

S O C I A L  V U L N E R A B I L I T Y
In 2018, the Federal Emergency Management Agency 
(FEMA) reported 124 major disasters in the United 
States, far more than the 16 reported in 1988 (FEMA, 
n.d.). Some have linked this increase with climate change, 
as extreme weather events become more frequent and in-
tense (Haines et al. 2006; Wolkin et al. 2015). Research 
by the National Center for Environmental Health and 
the CDC has indicated that emergencies stemming from 
storms would be handled more effectively if accurate in-
formation on vulnerable populations were available. Of 
particular importance is defining which vulnerable groups 
are at risk, where they live and work, and the fastest ways 
to communicate with them (CDC 2015).

The risk posed by some environmental threats, such as 
tornadoes, hurricanes, and floods, is a function of their 
frequency and of societal exposure, determined by an as-
sessment of the number of people and properties located 
along storm tracks or floodplains. Vulnerability to these 
threats is also linked with socio-economic indicators, such 
as the area’s proportion of non-English speakers, house-
holds earning incomes below the poverty line, and mobile 
homes, as well as its property values. Indeed, the likeli-
hood of a fatality is 20 times greater for mobile homes than 
for fixed structures (Brooks and Doswell 2001). While the 
elderly population of coastal Sarasota County, Florida, 
faces a considerable threat to property from hurricanes, 
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their overall risk is low because they tend to be affluent 
retirees, and are therefore less socially vulnerable. In con-
trast, elderly populations living further inland in Florida 
may face fewer environmental threats but tend to be more 
economically vulnerable (Wang and Yarnal 2012).

Understanding where socially vulnerable populations 
exist, via SVI data, can help with allocating resourc-
es more effectively during the four phases of the disaster 
cycle: preparedness, mitigation, response, and recovery. 
For example, mitigation planning requires that officials 
identify socially vulnerable populations in order to provide 
increased assistance during a disaster. Effective mitiga-
tion decreases human and economic losses by providing 
social services after a disaster (Flanagan et al. 2011). SVI 
data can be used to help estimate the volume of supplies 
needed to sustain victims, the number of emergency per-
sonnel needed, the areas where emergency shelters are to 
be located, and the communities that will need continued 
post-disaster support. It can also be used to plan evacua-
tion strategies, particularly for people with special needs 
(CDC 2018).

There are many vulnerability indices, each developed for 
various purposes using different types of data. For exam-
ple, Cutter, Boruff, and Shirley’s (2003) social vulnera-
bility index (SoVI®), which was originally designed at the 
county level, is used to quantify old-age social vulnerabil-
ity, as well as environmental hazards (Tarling 2017). In 
contrast, the CDC developed its SVI as a public tool to 
identify populations requiring more resources, for improv-
ing the effectiveness of disaster preparedness (Flanagan 
et al. 2011). Both indices are publicly available and can 
be used with basic GIS tools. We chose to work with the 
CDC’s SVI data, although our methods would work with 
any index with a limited number of dimensions (in this 
case fewer or equal to 4).

The CDC’s SVI consists of 15 variables, extracted from 
the 2012–2016 ACS organized into four themes: socio-
economic status (4 variables), household composition & 
disability (4 variables), ethnicity status & language (2 vari-
ables), and housing & transportation (5 variables). Variable 
descriptions are listed in Table 1. The 15 census variables 
are grouped into four themes. Each census tract receives a 
ranking for each of the four themes and an overall ranking 

Census Variable
Description 
(all variables are estimates)

Socioeconomic Status

Below poverty
Persons below the poverty 
line

Unemployment
Civilian (age 16+) 
unemployed

Income Per capita income

No high school diploma
Persons (age 25+) with no 
high school diploma

Household Composition & Disability

Aged 65 or older Persons aged 65 or older

Aged 17 or younger
Persons aged 17 and 
younger

Older than Age 5 with 
disability

Civilian noninstitutionalized 
population with a disability

Single-parent households
Single-parent households 
with children under 18

Ethnicity Status & Language

Minority
All persons except white, 
non-Hispanic

Speaks English “less than 
well”

Persons (age 5+) who speak 
English “less than well” (i.e., 
“not well” or “not at all”)

Housing & Transportation

Multi-unit structures
Housing in structures with 10 
or more units

Mobile homes Mobile homes

Crowding
At household level (occupied 
housing units), more people 
than rooms

No vehicle
Households with no vehicle 
available

Group quarters
Persons in institutionalized 
group quarters

Table 1. The census variables and themes of the CDC SVI.
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from highest to lowest in terms of their applicability for 
measuring vulnerability.

Socioeconomic status includes income, employment, 
poverty, and education variables. The poor are less likely to 
have the income or assets needed to prepare for or recover 
from a disaster (Morrow 2002). They may potentially lack 
homeowner’s or renter’s insurance, thus making property 
replacement more expensive (Tierney 2006). Unemployed 
persons may lack health or life insurance (Brodie et al. 
2006). Those with higher education are more likely to ac-
cess and heed information related to disaster preparation 
and recovery (Tierney 2006).

The household composition and disability theme con-
siders the population of those who are at an at-risk age 
(under 18 or over 65), are single parents, or have a disabil-
ity. Children often cannot protect themselves in a disaster, 
and elders living alone or with physical or cognitive chal-
lenges are also more vulnerable (Morrow 2002). Single-
parent families have more risk, as the caretaker responsi-
bilities cannot be shared between two parents (Flanagan 
et al. 2011).

The ethnicity and language theme considers race, ethnic-
ity, and English-language proficiency. Social and econom-
ic marginalization, including real estate discrimination, 
has left certain populations more vulnerable in all stages 
of a disaster. Lack of English proficiency can hinder disas-
ter-preparedness communication (Morrow 2002).

The housing and transportation theme includes hous-
ing structure, crowding, and access to vehicles. Housing 
is tied to personal wealth, and lower-income persons are 
more likely to live in poorly constructed homes (Tierney 
2006). Mobile homes are not designed to withstand severe 
weather or flooding, and are frequently located away from 
interstate highways or public transportation (Flanagan 
et al. 2011). In more densely populated areas, multi-unit 
housing poses risks for tenants as emergency exits and 
stairwells can become overcrowded, and large numbers 
of people exiting buildings into the streets can compli-
cate safe and orderly evacuation plans (Cutter, Boruff, 
and Shirley 2003; Tierney 2006). Automobile ownership 
is lower in urban and less wealthy areas, causing difficul-
ties with evacuation plans (Morrow 1997). Meanwhile, 

those who do own vehicles can face severe traffic con-
gestion (Flanagan et al. 2011). Persons residing in group 
quarters (college dormitories, prisons, and nursing homes) 
face evacuation challenges due to facility understaffing 
during emergencies and the need for specialized vehicles 
(Flanagan et al. 2011).

To construct the SVI data, every census tract with non-ze-
ro population is ranked, from highest to lowest vulnera-
bility, according to each of the 15 variables. For example, 
each census tract in a state (or in the United States, if a 
national assessment is being conducted) is ranked accord-
ing to its per capita income. For each variable, the tract is 
then assigned a percentile rank, reflecting the proportion 
of tracts that its particular score is greater than or equal to. 
For example, a census tract receiving a percentile ranking 
of 0.237 (or 23.7%) is more vulnerable than 23.7% of cen-
sus tracts with regard to that particular census variable.

Next, the percentile ranks for every variable in a theme 
are summed together for each tract. The tracts are then 
ranked according to those sums, and given new percen-
tile ranks reflecting their vulnerability according to the 
theme. Finally, the overall index is calculated by sum-
ming the percentile ranks for each of the 15 variables, 
and then ranking those sums. Each of the five summary 
datasets (the percentile ranks for the four themes and the 
overall index) is then classified into quartiles (Flanagan et 
al. 2011; Flanagan et al. 2018). The CDC’s SVI data are 
provided in three formats: an online viewer on the CDC 
website, downloadable GIS data at the census tract scale, 
and premade county maps in PDF format.

There are limitations to this method of calculation. 
Ranking census tracts according to their vulnerability 
achieves a sequential order but does not account for the 
size of gaps in data values. As a result, there is no distinc-
tion between large or small data gaps. The four vulnerabil-
ity themes are calculated from different numbers of census 
variables, meaning each of those variables has a differ-
ent level of influence on the outcome. The two variables 
of the Ethnicity Status & Language theme, for example, 
each carry more weight than the five of the Housing & 
Transportation theme. Finally, the quartile classification 
system cannot adequately distinguish between data values 
close to the breakpoints. Consequently, data values of .249 
and .25 will be placed in two different classes.
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M U LT I VA R I AT E  R E P R ES E N TAT I O N
One of our objectives was to represent vulnerability 
data using multivariate methods. To do this, we employed 
multidimensional glyphs to convey several datasets simul-
taneously. Typical attributes of glyphs include shape, size, 
orientation, position, direction, and magnitude, as well as 
color, texture, and transparency (Ward 2002). Color and 
size are more dominant than other attributes and can help 
direct the user’s attention (Borgo et al. 2013). Glyph place-
ment within the represented geographic area is important, 
as glyphs should not overlap (Ward 2002; McNabb and 
Laramee 2019). Glyphs, as compared to other symbols, 
allow patterns involving two or three data dimensions to 
be visualized clearly, as long as they fall within the ca-
pabilities of human visual perception. However, glyphs 
are constrained by the number of data records that can 
be visualized, as large data sets may require small glyphs 
in order to fit them all on the page or screen, which will 
make pattern recognition more diff icult (Ward 2008; 
Fuchs et al. 2017).

VISUAL ANALYTICS AND EULER DIAGRAMS

Most of the data we work with are multivariate, wheth-
er they originate from matrices, spreadsheets, sensors, or 
mathematical computations. The larger the number of 
variables, the more difficult it becomes to detect, classi-
fy, or measure features and relationships. Meeting this 
challenge of making non-spatial multivariate informa-
tion more accessible and understandable was our third 
objective.

Geovisualization relies upon the human perceptual system 
to guide analysis. Ward’s (2002) mantra “I’ll know it when 
I see it” reflects the idea that we often do not know what 
we are looking for when presented with a large data set 
(Shneiderman 1996). Geovisualization techniques facili-
tate exploratory data analysis, including the identification 
of visual trends, which may lead to explanatory data anal-
ysis if trends are confirmed with statistical relationships 
(Ward 2002). To aid in geovisual exploration, GIS has 
incorporated visual analytics as a complement to the sim-
ple spatial and temporal representation of data. Common 
visual analytics such as pie and bar charts are often used 
to provide a quantitative overview of the data to comple-
ment the spatial distributions shown on maps. Some other 
examples of visual analytics include the analysis of tweets 

(Andrienko et al. 2013), box plots (Willmott, Robeson, 
and Matsuura 2013), and custom isolines (Collins, Penn, 
and Carpendale 2009). Many of these analytics work well 
for univariate data but cannot show relationships between 
two or more types of data. Visual analytics using bivar-
iate or multivariate data have been used in GIS, such as 
Sankey charts to visualize the relationships between land 
use and land cover (Strode et al. 2019) and Euler diagrams 
(Lemon and Pratt 1997).

The visual analytic concept of set membership is of key in-
terest to us in our project. We can group data items into 
sets based on their specific properties and, since members 
can belong to more than one set, sets can potentially over-
lap (Alsallakh et al. 2013). Three relationships between 
sets are possible: containment (one set falls entirely with-
in another), exclusion (sets have no members in common), 
and intersection (sets have some members in common). 
Organizing information into sets lets us ask questions 
about the relationships between members. For example, 
by sorting persons into sets representing their club mem-
bership, we may ask whether certain clubs are exclusive 
of each other; by sorting products into sets based on their 
features, we may ask whether a product feature is always 
in combination with another product feature (Alsallakh et 
al. 2013).

The Euler diagram is a traditional, and easily understood, 
method for visualizing set membership. It is a variation of 
the Venn diagram. While the Venn diagram maintains its 
size and shape regardless of data quantity, the Euler di-
agram is more fluid, adjusting the size and shape of the 
graphic to match data quantities. Euler diagrams quan-
tify areas of overlap using proportional boundaries, with 
empty data overlaps removed to give a more intuitive un-
derstanding of multiple data relationships. Euler diagrams 
are the most common representation of set-type data, 
but are limited in the number of sets they can represent 
(Alsallakh et al. 2013).

In this study, we were interested in using Euler diagrams 
to model set membership in order to see the relationships 
between the four vulnerability themes. Do certain vul-
nerability themes always occur together? Is one theme ex-
cluded from the others? Geospatial representation of the 
four vulnerability themes reveals their spatial locations but 
cannot reveal the relationships between them.
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M E T H O D O LO GY  A N D  R ES U LT S
We began to explore the CDC SVI data by making 
basic maps of our study area. Figure 1 shows the CDC’s 
overall SVI ranking for each census tract in Alabama, 
Georgia, and Florida, while Figure 2 shows each of the 
four SVI themes separately for the city of Tallahassee, 
Florida. Univariate maps like these are the typical way 
that the CDC currently represents the SVI. However, 
they do not account for population density, which is key to 
identifying concentrated groups of vulnerable populations. 
Two areas of equal vulnerability and equal size could have 
varying population densities; in a disaster, too many or—
more importantly—too few emergency responders may be 
directed to risk areas.

BIVARIATE METHOD SHOWING SVI AND 
POPULATION DENSITY

To create maps that conveyed both vulnerability level and 
population density, we decided to create a grid of 1km vec-
tor cells, with each cell containing both density and SVI 
data (Zhou et al. 2017). We would then be able to vary the 
color of the cells to indicate the level of vulnerability, and 
their size to indicate population density; Figure 3 features 
an example. This grid-based representation 
would alleviate some of the well-document-
ed problems of choropleth maps, such as in-
consistently sized areal units and “data cliffs” 
where values abruptly change at an area’s bor-
der (Langford 2013; Mennis 2003; Martin, 
Lloyd, and Shuttleworth 2011; Jia, Qiu, and 
Gaughan 2014).

To prepare the data for this representation, 
we began with a grid system. We chose to use 
the US National Grid (USNG) because it is 
a recognized standard (Federal Geographic 
Data Committee 2001; FEMA, n.d.; US 
Fire Administration 2015), usable anywhere 
on Earth (despite its name), scalable at mul-
tiples of ten, and a vector system, thereby 
allowing multiple data values to be associat-
ed with each grid cell. The gridded GIS files 
(US National Grid Information Center, n.d.) 
include population counts aggregated from 
cadastral-based dasymetric methods (Strode, 
Mesev, and Maantay et al. 2018) where pos-
sible, and from WorldPop (worldpop.org) 

Figure 1. Univariate social vulnerability data, by census tract, for 
Alabama, Georgia, and Florida.

Figure 2. Univariate maps representing the risk quartiles of each of the four 
themes of social vulnerability (see Table 1) for Tallahassee, Florida.

https://www.worldpop.org/
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raster data otherwise. The 1km population grid cells were 
then overlaid with the census tracts holding SVI data. For 
cells that intersected more than one census tract, the val-
ues were areally interpolated by the amount of land area 
that falls within each cell. The resulting dataset was a 1km 
grid, containing values for the overall vulnerability index, 
for each of the four vulnerability themes, and for the total 
population. Figure 4 illustrates the results of this process 
for the Tallahassee area.

The conventional univariate representation in Figure 1 can 
be contrasted with the bivariate representation in Figure 
3. The univariate representation only displays the overall 
SVI, while the bivariate representation displays the SVI 
and population density. From a visual perspective, the 
bivariate map eliminates unpopulated areas and produc-
es clusters of high population density to represent urban 
areas.

MULTIVARIATE MAPS OF THE FOUR CDC SVI 
THEMES USING GLYPHS

While bivariate maps allowed us to visualize both pop-
ulation density and SVI, the SVI index is made of four 
vulnerability themes, and we wanted to represent each 
of these simultaneously. To do this, we turned to glyphs. 
The key characteristic of glyphs is that they encode sever-
al dimensions of a single data point using 
one or more visual marks and visual vari-
ables. While the Chernoff face is perhaps 
the best-known example, Fuchs et al. 
(2017), in their overview of 64 papers that 
performed controlled studies on different 
glyph designs, point out that the possibil-
ities for designing glyphs are endless. We 
adapted our glyph design from Bleisch 
and Hollenstein (2018), who used square 
glyphs to simultaneously represent up to 
four walkability indices in a regular grid.

Each of the four vulnerability indices is 
represented by a colored square. In making 
color choices, we sought four contrasting 
colors similar to Brewer’s (1994) diverging/
diverging scheme. We chose highly satu-
rated versions of pink, green, blue, and or-
ange, to enhance their contrast with under-
lying map colors. Pink and orange squares 
were placed diagonally to each other, as 

Figure 3. Bivariate map of Alabama, Georgia, and Florida 
showing the social vulnerability index and population density. 
Contrast with Figure 1.

Figure 4. Bivariate map showing the social vulnerability index (represented by 
symbol color) and population density (represented by symbol size) for Leon County, 
Florida. The city of Tallahassee is represented by larger cells, while rural areas 
have smaller cells and unpopulated areas have no cells.
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were blue and green squares, to increase the contrast with 
neighboring glyph cells. We then represent vulnerability 
scores for each of the four themes by resizing the squares 
(Figure 5). The lowest risk is represented by the smallest 
glyph and the highest risk by the largest glyph.

To ensure that the glyphs never overlap, and that they dis-
play at any scale, we used a 100m grid system within the 
1km grid to construct the glyphs, as shown in Figure 5. 
Glyphs were drawn by adding color to some of the 100m 
grid cells according to the vulnerability theme and quar-
tile. For example, 1km grid cells with a vulnerability 
theme ranked in quartile 1 (lowest) would add color to one 
100m grid cell (1×1). If the theme was ranked in the sec-
ond quartile, four cells would be required (2×2). Themes 
ranked in the third quartile require nine cells (3×3), and 
the highest quartile uses 16 cells (4×4).

Placement of the glyph colors, and thus themes, need-
ed to be consistent. Starting from the center of the 1km 
grid cell, socioeconomic data are shown in the upper left, 
household composition/disability in the upper right, eth-
nicity & language in the lower left, and housing & trans-
portation in the lower right. Multiple small cells of the 
same color appear as one unified square symbol. The final 
glyphs are composed of four contiguous squares with con-
sistent colors and varying square sizes. Figures 6 through 
10 illustrate examples of our glyph system. Figure 6 shows 
an overview of the variety of combinations of vulnerability 
levels that can be represented. Figure 7 depicts variation 
across a larger, hypothetical area. Figure 8 illustrates the 
four vulnerability themes in Leon County, while Figure 9 
combines the glyphs with a population density basemap. 

Unpopulated areas are removed from all maps to reduce 
clutter. Finally, Figure 10 juxtaposes the four univariate 
maps of Figure 2 with a multivariate glyph map of the 
same data.

DATA FI LTERING

The CDC publishes SVI maps using a quartile classifica-
tion, where data are divided into four categories according 

Figure 5. 1km grid (pink outline) over a 100m grid (gray). 
CDC SVI theme with the lowest vulnerability is represented by 
thesmallest glyph (pink), and highest vulnerability by largest glyph 
(orange).

Figure 6. Glyphs of combinations of vulnerability themes (color) and their degrees of risk (classed square sizes).
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Figure 7. Multivariate representation of the four themes using glyphs to show type (color) and degree (classed square size) of vulnerability.

Figure 8. Multivariate map of social vulnerability for Leon County, Florida.
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Figure 9. SVI data with population density of Tallahassee area.

Figure 10. Left: Univariate maps of the four vulnerability themes. Right: Multivariate map of the same area using glyphs to depict the same data.
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to the vulnerability score. While our maps above also use 
the quartile classification, we decided, additionally, to ex-
amine the value of filtering our data. By removing some 
data from the map, we could highlight areas with the 
highest vulnerabilities. Such a map would be useful to, 
for example, emergency planners, who may wish to view a 
map in which data below a threshold (e.g., 95th percentile) 
are removed, thereby focusing their attention on areas of 
interest. The maps in Figure 11 show 1km grid cells fil-
tered by percentile: at least one of the cell’s four vulnera-
bility indices must meet the percentile threshold to remain 
on the map. The maps illustrate areas of high vulnerability, 
ranging from the 95th vulnerability percentile (top 5%) to 
the 70th percentile (top 30%).

VISUAL ANALYTICS USING EULER 
DIAGRAMS

As we have only four CDC SVI vulnerability themes, 
we can use Euler diagrams to represent them. Figure 12 
demonstrates how, in the highest areas of vulnerability in 
Leon County, populations overlap across multiple themes. 

We can see that the highest number of persons are vulner-
able due to socioeconomic factors, and that this population 
partially overlaps with those vulnerable due to housing & 
transportation. At the 85th percentile, vulnerability due 
to household composition & disability becomes apparent, 
but has no overlap with the socioeconomic or housing & 
transportation themes until the 80th percentile. The 85th 
percentile diagram reveals a second group of vulnera-
ble people separate from the previous groups. The fourth 
theme, ethnicity & language, is not evident until the 
75th percentile and overlaps with the other three themes. 
Ethnicity & language does not occur in isolation from 
other themes. Figures 13 through 15 show the pairing of 
the maps and Euler diagrams to fully convey information 
on higher vulnerabilities.

INSIGHTS ENABLED USING MULTIVARIATE 
VISUALIZATION

These methods were developed and adapted using feed-
back from the Florida Agricultural and Mechanical 
University’s Sustainability Institute and planners at the 

Figure 11. Leon County data filtered by percentile. At least one vulnerability index must be above the threshold indicated next to the map. 
Figures 13, 14, and 15 show larger images.
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Figure 12. Euler diagrams of population counts within CDC social vulnerability themes at varying degrees of vulnerability for Leon County.

Figure 13. Euler diagram and filtered glyphs of areas with at least 
one social vulnerability theme ranking in the 95th percentile.

Figure 14. Euler diagram and filtered glyphs of areas with at least 
one social vulnerability theme ranking in the 85th percentile.
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City of Tallahassee. After this project’s completion, we so-
licited additional feedback from experts in other fields as 
well as final feedback from the original planning group.

Visual Design

“This multivariate mapping technique for the 
visual display of social vulnerability index indi-
cators is a brilliant display of design techniques 
to simplify a very complex issue. By combining 
color and size as indicators of type of vulnera-
bility and degree of risk (respectively), it is pos-
sible to look at just one map and easily interpret 
the SVI for a particular area. The combination 
of these design elements makes the overall map 
easier to interpret than looking at the four uni-
variate vulnerability indicator maps. The mul-
tivariate mapping technique is a wonderful ex-
ample of how design techniques can simplify 
and aid data visualization.” (Professor of Visual 
Communication)

Planning

The SVI data can be used in all phases of disaster manage-
ment, including mitigation and planning. The following 
statements are from planners at the City of Tallahassee:

“The [multivariate] map draws my attention 
to the west side of the city. In particular, the 
southwest part of the city appears to have mul-
tiple layers of vulnerability confirming what we 
know about the socio-economic demographics 
of that area. As practitioners, it alerts me about 
the complexity of building resilience for vul-
nerable people and clues me in to the custom-
ized approach necessary, from neighborhood to 
neighborhood.” (City Planner 1; see Figure 16)

“I can see where we need to locate our next re-
source center. This [multivariate] map makes 
the location stand out.” (City Planner 2)

Figure 15. Euler diagram and filtered glyphs of areas with at least one social vulnerability theme ranking in the 75th percentile.
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Emergency Management

Puerto Rico has experienced several 
disasters in recent years: Hurricane 
Maria in 2017 and earthquakes in 
2019, presenting challenges for the 
recovery process. The following com-
ments relate to Figures 17, 18, and 
19, which show both univariate and 
multivariate views of vulnerability 
indices for Puerto Rico.

“As an emergency re-
sponder, I use SVI data 
almost daily in a univar-
iate form. If I had been 
support ing the recent 
earthquakes in Puerto 
Rico, I would be alert-
ed to the poverty in the 
southwest .  The h igh 
housing & transportation vulnerabilities in-
dicate pre-existing resource limitations. High 
percentages of household composition & dis-
ability would cause me to question if there is 
a high elder population. Those factors would 
lead me to believe that those municipalities 
are going to have very few resources to recover 
quickly from this latest disaster. The univariate 
maps show single vulnerabilities, but assess-
ment of multiple vulnerabilities requires much 
flipping between maps, taking time and men-
tal capacity. In my opinion, a multivariate SVI 
map would be a valuable complement to the 
univariates.”  (Disaster Recovery Specialist work-
ing for a government agency)

D I S C U S S I O N
Social statistics, including the CDC’s SVI, are 
typically mapped using univariate graphic representations, 
without population counts, and with no supporting charts 
or graphs to aid in the understanding of social trends, 
including areas of social risk and vulnerability. They do 
not convey the number of people who are predisposed 
to higher risks from social and environmental hazards 
through pre-existing vulnerabilities. On the other hand, 
bivariate and multivariate geovisualizations facilitate the 

Figure 17. Univariate maps showing the four themes of 2016 
social vulnerability for Puerto Rico. Darker colors represent 
higher vulnerability. a. Socioeconomic Status; b. Household 
Composition & Disability; c. Ethnicity & Language; d. Housing & 
Transportation.

Figure 16. Vulnerability data for Leon County, Florida. The purple circle identifies the most 
vulnerable areas.
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comparison of more than one social variable, and enable 
the correlation of overall vulnerability with population 
density. Using the designs we have demonstrated above, 
maps featuring as many as four variables (the CDC’s SVI 
vulnerability themes) can be produced, showing their 
quartile rankings. The glyphs illustrate the magnitude of 
the four vulnerability themes within a single point symbol, 
while Euler diagrams convey relationships across multiple 
themes and their associated population counts. Further, 
data filtering can be applied to focus on areas or themes 
of interest and to remove potentially distracting data (i.e., 
highlighting areas of higher vulnerability and removing 
areas of low vulnerability). These maps and visual analytics 
can be combined as needed to convey a fuller picture of an 
area’s social vulnerabilities in future planning projects.

For policy makers, planners, public health researchers, and 
public officials who use maps to develop and implement 
hazard response or resilience-building strategies, the bi- 
and multivariate techniques offer several advantages over 
univariate mapping. First, by distributing population to 
grid cells and removing those cells in unpopulated areas, 
the inaccurate impression that population characteris-
tics are spread evenly over a census tract is replaced by a 

more nuanced and accurate representation. Combined 
with use of glyphs that simultaneously assess various vul-
nerability themes, the resulting maps convey a wealth of 
information in one representation. Euler diagrams pro-
vide at-a-glance population estimates, while the ability to 

Figure 18. Multivariate 2016 social vulnerability map of Puerto Rico.

Figure 19. Multivariate map of 2016 Puerto Rico, southwest 
corner, at close zoom.
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filter vulnerability to various percentiles allows for well-in-
formed planning to meet the needs of the most vulnerable 
people. For example, officials seeking to create “resilience 
hubs” in new or existing civic structures could readily see 
where resources are most needed. Local officials, even 
those who believe they have deep familiarity with the lo-
cality’s population, may see patterns and pockets of vul-
nerability they were unaware of. By communicating infor-
mation precisely and succinctly these maps will be critical 
for emergency response teams, which can be composed 
of personnel unfamiliar with the areas they are assisting. 
The methods described and illustrated here together form 
a promising platform for use in better understanding and 
responding to the geographically uneven characteristics of 
social vulnerability.

LIMITATIONS

While our method can be considered an innovative 
demonstration of multivariate mapping, it is not without 
limitations. Data collected at the census tract level can 
mask patterns within the tract; it is possible that isolat-
ed or rural populations may be overlooked and these may 
sometimes contain crucial minority enclaves. When census 
tracts are resampled to a 1km grid system, the finer scale 
can falsely imply that the data are collected or analyzed 
at this higher-resolution scale. The quartile classification 

system classifies data at a class border without providing 
any indication that data may be very close to another class. 
Finally, the data size of the 100-meter vector grids can be 
challenging, but this can be resolved by removing any un-
shaded grids or converting to a raster layer.

FUTURE WORK

This method can be easily adapted in a number of differ-
ent ways. The data can be included in an online interactive 
environment that could benefit those needing information 
quickly, such as emergency management and response 
teams. The Euler diagrams and maps could be hyper-
linked, so that clicking on a segment of the Euler diagram 
could highlight the relevant glyphs, and vice versa. The 
data itself could be modified for specific purposes, with 
CDC SVI data being replaced by other relevant indices. 
For example, groups focused on elderly populations could 
remove SVI data not pertinent to the elderly and replace 
them with more relevant measures from external sources, 
such as whether food or medical resources are available 
within the community. Users could be given the ability to 
filter data on the fly, reducing map clutter and showing 
only targeted areas of interest. Rather than showing the 
glyphs, cells could be filled with bar charts or other cre-
ative designs to convey data meaning.

CO N C L U S I O N S
Risk managers require an integrated understanding 
of vulnerability data, which are multidimensional. Yet vi-
sualization of this particular type of data has not yet been 
thoroughly discussed in the cartographic literature. In this 
paper, we have demonstrated a useful method of present-
ing social vulnerability data via quadrant glyphs on a map, 
to better represent multiple variables along with popula-
tion size and geographical location. The bivariate and mul-
tivariate mapping strategies, as well as the visual analytics 
shown here, offer an improvement over traditional univar-
iate mapping. A member of an emergency response team 
told us that she used SVI data daily when her team was 
deployed to unfamiliar areas. She stated that “This meth-
od would clearly be easier than looking through four sep-
arate maps.”

With this method, the viewer can target a specific area 
and immediately see the extent to which vulnerability 

types vary. The resulting maps are more complex but also 
less cluttered, as unpopulated areas are removed, and, in 
the case of the bivariate maps, populated areas are scaled 
to distinguish between sparsely and densely populated 
areas. The multivariate glyphs convey the four vulnera-
bility themes and their quartile categories simultaneously, 
and eliminate the need for four separate univariate maps. 
Euler diagrams complement the spatial data by convey-
ing the quantity of population affected by multiple types 
of vulnerability and show the overlap between multiple 
themes as an area can be affected by more than one type of 
vulnerability. Furthermore, a data filtering method can be 
combined with these techniques to isolate and highlight 
the areas with the highest vulnerabilities.

In addition to being helpful for planners and responders, 
these maps and diagrams can be a useful means for engag-
ing the community. They can be shared at neighborhood 
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meetings and residents asked for their input on the 
strengths of the neighborhood as well as its vulnerabilities. 
Discussions could be held on causes of vulnerability and 
means to address or mitigate them. The maps and other 
visuals can aid advocacy and provide political leverage for 
neighborhoods with fewer resources. From a planning 
perspective, these maps and diagrams can be useful in 
identifying areas in need of resources and infrastructure 
improvements. They can provide data for decision makers 
to allocate resources more objectively based on need.

In this article we have presented and described a meth-
od for mapping bivariate and multivariate data using the 
CDC’s social vulnerability data. The next step is the eval-
uation of this method for policy, planning, emergency 
response, and research beyond ease of viewing and bet-
ter understanding interrelationships of the variables. We 
invite readers to apply these techniques to their areas of 
interest and report on the outcomes.
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