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Abstract
Tornadoes are among the most violent hazards in the world capable of producing mass 
casualties. Much of what is known about the relationship between tornadoes and casual-
ties—injuries and fatalities—is driven by quantitative methods that often omit individual 
community factors. In response, here we present a place-based analysis of tornado activ-
ity and casualties in Shreveport, Louisiana. Results show that tornado casualties are more 
likely in smooth and lower topography and in formally redlined neighborhoods. Results 
also indicate that areas around the local Barksdale Air Force Base have experienced fewer 
casualties than other parts of the city since the installation of a Doppler Radar in 1995 
and that Shreveport has a greatly reduced casualty rate since the Super Outbreak of 2011. 
We argue that continued place-based approaches are necessary for an understanding of the 
multi-dimensional, structural, and historical legacies that produce disproportionate impacts 
to environmental hazards and that when combined with quantitative methods, place-based 
approaches have the potential to create regional-or-local intervention strategies that can 
reduce the loss of life.
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1  Introduction

Tornadoes are intensively violent atmospheric hazards that pose an almost constant risk to 
human health and property in the United States. Nowhere in the world experiences more 
tornadoes than the United States, and as a result of this fact, no other country is faced with 
as intimate a relationship between humans and tornadoes. Physically, a tornado is little 
more than unstable air and water vapor in a rotating vortex. Weak tornadoes are powerful 
enough to cause damage to buildings and automobiles, while strong tornadoes have the 
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ability to cause widespread damage, causing numerous injuries and fatalities. For example, 
in the April 25–28, 2011 tornado outbreak there were 324 death and 2906 injuries from 349 
tornadoes according to data from the National Oceanic and Atmospheric Administration.

Much of what we know about the relationship between tornadoes and casualties—inju-
ries and fatalities—is driven by quantifiable variables, often found through data from the 
decennial Census and the use of multiple regression models. Wind energy and popula-
tion density explain a large portion of tornado casualties rates (Ashley et al. 2014; Fricker 
et al. 2017a; Elsner et al. 2018a), but so, too, do socioeconomic and demographic factors 
(Bohonos and Hogan 1999; Simmons and Sutter 2005, 2008, 2009; Ashley 2007; Donner 
2007; Dixon and Moore 2012; Lim et al. 2017). For example, Fricker et al. (2017a) find 
that a doubling of energy dissipation (i.e., wind energy) leads to a 33% increase in tornado 
casualty rates, while a doubling of population density leads to a 21% increase in tornado 
casualty rates. Simmons and Sutter (2005, 2008, 2009) find that casualties increase with 
an increase in the percentage of mobile homes and Lim et al. (2017) find that casualties 
increase with an increase in the number of female-headed households.

Other knowledge about the relationship between tornadoes and casualties is driven 
by alternative methods, including mapping techniques and the creation of vulnerability 
indexes. Mapping the location of tornado casualties (Ashley 2007; Fricker et al. 2017b) has 
provided insight into the spatial patterns of high casualty counts, which, historically, have 
occurred at the highest rates in the Mid-South and Southeast United States, while creation 
of vulnerability indexes like the Social Vulnerability Index (SoVI; (Cutter et  al. 2003)) 
and the Socioeconomic and Demographic Vulnerability Index (SEDVI; (Strader and Ash-
ley 2018)) have provided broad-level understanding of factors that influence casualty rates. 
Both of these methods, however, can break down at finer scales (i.e., city- or town-level), 
leading Fricker and Elsner (2019) to suggest place-based or bespoken approaches to the 
tornado casualty problem. They argue that if the goal is to intervene—reduce the number 
of tornado casualties—in the tornado casualty problem, more care has to be taken to inves-
tigate individual community factors (e.g., labor displacements, history of mobile homes, 
redlining, etc.) that might explain why tornadoes are producing more casualties than we 
would otherwise expect (Fricker and Elsner 2019).

One potential factor that is difficult to quantify in tornado casualty events is the belief in 
disaster-relate myths (Alexander 2007) that may impact protective action decision making 
and sheltering practices. Prior research has found a large difference in the understanding of 
tornado risk between meteorologists and the general public (Hoekstra et al. 2011). More 
recently, Klockow et al. (2014) evaluates local place-based knowledge of “tornado myths” 
and misconceptions through an identification of “folk science” in the wake of the Super 
Outbreak of 2011 in Alabama and Mississippi. They find that local residents in tornado 
affected areas believe in the protective power of local waterways (e.g., Tennessee-Tombig-
bee Waterway), an increased vulnerability created by new roadway systems that flatten and 
lower elevation, and the protective power of hills. They also find that local residents believe 
in the power of near misses, where tornadoes impact people “there” but not “here.” And 
while empirically it may be easy to assume that the local residents are simply misinformed, 
it is also likely that this “folk science” is built out of a place-based and culturally situated 
environmental knowledge that comes from living in one place for a long time (Klockow 
et al. 2014).

At the community level, there is a dearth of studies that focus on race/ethnicity and 
tornado casualties even in the face of a growing awareness related to tornado activ-
ity and impacts in the Mid-South and Southeast United States. The dearth presents an 
opportunity, however, to intervene before such studies perpetuate racial deficit model so 
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common in many fields of research, such as education (Smit 2012; McKay and Devlin 
2015; Davis and Museus 2019). Deficit-thinking assumes historically marginalized com-
munities lack or deficiency is the result of inequalities found facing their community. It 
is an academic version of “blaming the victim” by trying to figure out what they are 
doing wrong rather than interrogating what structural barriers/oppressions may exist. 
Rather than assuming resident lack of knowledge—whether in understanding warnings 
or the severity of tornadic activity in the region—or lack of preparedness, there is an 
opportunity for scholars to investigate structural issues that could explain the increased 
vulnerability of racially marginalized neighborhoods to casualty-producing tornadoes.

Environmental justice scholarship has shown how race and class are key factors in 
who suffers—and who benefits—from environmental hazards (Bullard 1990; Smith 
2006; Bolin 2007; Pulido 2015). For example, Smith (2006) shows how Hurricane Kat-
rina’s impact on New Orleans, Louisiana was a product of social and political processes 
that occurred before and after the storm itself. Bullard (1990) argues that structural dis-
crimination has “locked millions of people of color in polluted neighborhoods and haz-
ardous low-paying jobs, making it difficult for them to...escape these health-threatening 
environments” (p.139).

Scholars have, more specifically, shown that formerly redlined areas—areas that 
experienced suppressed mortgage financing for people of marginalized racial, ethnic, 
and economic standing—in cities face increased environmental hazards risks. Hoffman 
et  al. (2020) show that redlined areas across the United States have increased expo-
sure to intra-urban heat impacts, Namin et al. (2020) show how tree canopy distribution 
and levels of air pollution within cities are connected to Home Owners’ Loan Corpora-
tion’s (HOLC) 1930s redlining map, and Grove et al. (2017) demonstrate that historical 
legacies of racial marginalization—segregation and redlining—have produced various 
environmental hazards for racially marginalized communities in Baltimore (e.g.,  envi-
ronmental pollution, urban heat island effects, and vulnerability to flooding). These 
studies link historical legacies of discrimination to contemporary environmental bur-
dens imposed upon racially and economically marginalized communities.

With this in mind, here we present a placed-based analysis of tornado activity and 
casualties in Shreveport, Louisiana. Our goal is to provide a detailed investigation of the 
tornado casualty landscape in Shreveport that can be used as a launching pad for more 
extensive regional analyses of tornado casualties. Furthermore, we seek to broaden the 
scope of data-driven statistical models for tornado casualties toward more theory-driven 
statistical models (Neyman 1939; Box et al. 2005; Shmueli 2010) in order to make them 
more responsible (Hand 2019) by showing the importance of including local, place-
based data to address causality rather than predictive power—or variance.

We provide a climatology of tornado frequency and tornado casualties in the city of 
Shreveport and compare tornado casualty rates across multiple physical and social sys-
tems with the hope of moving beyond relationships between quantifiable variables into 
more descriptive relationships that exist across space and time. More specifically, we 
evaluate tornado casualty rates in Shreveport over the underlying terrain, between the 
number and percentage of mobile homes, within the context of a colloquial understand-
ing of “Dixie Alley” and the Barksdale Bubble—a weather-related myth known to local 
residents—and among HOLC residential security designations. Our work looks to add 
tornado casualties to the growing list of disparate impacts connected to historical prac-
tices of discrimination and aims to serve as a call for future research that interrogates 
the relationship between long-standing structural inequities and vulnerability to envi-
ronmental hazards—particularly tornado casualties.
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2 � Study Area and Data

Shreveport is a city in northwest Louisiana (Fig.  1). It is the third largest city in the 
state—behind Baton Rouge and New Orleans—and is the most populous in the Shreve-
port-Bossier City Metropolitan area. As of 2019, Shreveport had an estimated popula-
tion of 186,815 people, including 75,620 households (U.S. Census Bureau 2019a). The 
demographic and socioeconomic profile of Shreveport suggests that the city is predom-
inately black, female, and lesser-educated, with a low household median income and 
high rates of poverty across all age groups (Table 1).

Tornado reports are obtained from the Storm Prediction Center’s (SPC) historical 
tornado database (https://​www.​spc.​noaa.​gov/​gis/​svrgis/), which is compiled by the 
National Weather Service (NWS) Storm Data and reviewed by the National Centers for 
Environmental Information (NCEI) (Verbout et al. 2006). Reports include information 
on the date, time, location, damage characteristics, and maximum damage rating from 
0 to 5 (Fujita (F) Scale prior to February 2007 and EF Scale thereafter), as well as the 
number of injuries and deaths directly attributed to each tornado. Only those tornadoes 
intersecting the immediate area of Shreveport—here, 30 km—are considered (Fig. 1). 
Population and mobile home data are collected from the U.S. Census Bureau and Amer-
ican Community Survey at the census tract level. Elevation is obtained from a digital 
elevation model as a georeferenced tagged image file (TIF; http://​www.​viewf​inder​panor​

Fig. 1   Study area: Shreveport, Louisiana. The red circle is representative of a 30 km ( ∼ 20 mile) radius 
around the city Centroid

https://www.spc.noaa.gov/gis/svrgis/
http://www.viewfinderpanoramas.org/DEM/TIF15/
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amas.​org/​DEM/​TIF15/) at 3 arc second resolution ( ∼ 80 m) with an accuracy of ±7 m 
per pixel.

3 � Shreveport Tornado Climatology

Over the period 1950–2019, Shreveport has been impacted by 108 tornadoes, correspond-
ing to an annual rate of 1.5 tornadoes per year. Like many Mid-South and Southeast cities, 
Shreveport has been impacted by a wide range of tornadoes with individual damage path 
dimensions and intensities (Table 2). The February 12, 1950 tornado had a length of 132 
km, which is the 92nd longest tornado in the historical record and in the 99th percentile 
of the same record. The May 16, 2013 tornado had a width of 1 km, which is in the 99th 
percentile of the historical record. The March 10, 1952 tornado had an estimated tornado 
power of 4.2 terawatts (TW), which is among the most powerful tornadoes in the histori-
cal record (99th percentile) and one of the top 5 most powerful tornadoes to impact the 
state of Louisiana. Only three tornadoes (02-12-1950, 04-03-1999, and 12-03-1978) were 
determined to be a violent tornado (EF-rating ≥ 4), with no EF-5 tornadoes on record. Still, 

Table 1   Demographic and socioeconomic profile of Shreveport, Louisiana

 Data are collected from the American Community Survey (U.S. Census Bureau 2019a, b). Demographic 
and socioeconomic categories are highlighted in italics

Total Percentage (%)

Age
Under 18 44,259 23.7
18–44 67,127 35.9
45–64 44,443 23.8
65 and Over 30,986 16.6
Sex
Male 87,394 46.8
Female 99,421 53.2
Race
White 71,194 38.1
Black or African American 108,150 57.9
American Indian and Alaska Native 787 .40
Asian 2,633 1.4
Other (including two or more races) 4,051 2.2
Educational attainment (25 Years and Over)
High School Graduate or Higher 107,335 86
Bachelor’s Degree or Higher 31,434 25.2
Graduate or Professional Degree 12,364 9.9
Income
Household Median Income $45,013
Per-Capita Median Income $25,255
Poverty
Total population 42,775 22.9
Children (under 18) 17,954 40.5

http://www.viewfinderpanoramas.org/DEM/TIF15/
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when compared to the national average, tornadoes impacting Shreveport are over twice 
(2.2) as long, 1.5 times as wide, and 2.6 times as powerful.

Due to the quality of the historical record, further evaluation of the tornado climatol-
ogy of Shreveport can be made by year, month, and hour of occurrence. By year, 1990 
stands out as the most active tornado season to impact Shreveport with 14 recorded torna-
does. The next closest year is 2009 with 7, followed by 1965 and 2019 with 6 tornadoes, 
each. Unsurprisingly, then, the 1990s were the most active decade with respect to tornado 
impacts in Shreveport with 26 total tornadoes, followed by the 2010s with 22, the 1980s 
with 20, and the 1960s with 14. When subset by decade, there appears to be an increasing 
trend in the number of tornadoes with the last three decades averaging 10 more tornadoes 
(20) than the first three decades (10). April produced the highest number of tornadoes with 
37, followed by May with 18, and February with 13. June (3), July (2), and August (1) 
produced the fewest tornadoes. This shift in seasonality of tornado occurrence in Shreve-
port can largely be explained by the migrating low-level jet, proximity to the Gulf of Mex-
ico, and the yearly change in physical environments conducive to tornadoes (Brooks et al. 
2003; Weaver et al. 2012; Bluestein 2013; Molina et al. 2016). Most tornadoes (57) that 
impact Shreveport occur during the day (6:00am–5:59pm Central Standard Time (CST)), 
though the evening hours (6:00pm–11:59pm CST) also produce many tornadoes (43). 
Given its geographic location, Shreveport is less likely to be impacted by tornadoes (8) 
at night (12:00am–5:59am CST) than other Mid-South cities (e.g., Memphis, Tennessee).

Of specific interest to this work is the tornado casualty climatology of Shreveport. Over 
the same 70-year period, Shreveport has been impacted by 22 casualty-producing torna-
does resulting in 683 casualties with 29 fatalities and 654 injuries. When considering all 
casualty-producing tornadoes, the per-tornado casualty rate is 31, with a per-tornado fatal-
ity rate of 1.3, and a per-tornado injury rate of 30. This per-tornado casualty rate is 2.4 
times the national average, while this per-tornado fatality rate and per-tornado injury rate 
is 1.7 and 2.4 times the national average, respectively. When considering all tornadoes, the 
per-tornado casualty rate is 6.3, with a per-tornado fatality rate of .27 and a per-tornado 
injury rate of 6.1. This per-tornado casualty rate is nearly 4 times national average, while 
this per-tornado fatality rate and per-tornado injury rate is 3 and 4 times the national aver-
age, respectively. Thus, under any definition of the tornado casualty rate, Shreveport is well 
above the national average with respect to the number of casualties per tornado.

As a means of investigating whether tornado casualties follow the same patterns as 
tornado frequency in Shreveport, we evaluate the number of casualties by year, month, 
and hour of occurrence. By year, 1978 has the highest number of casualties with 282, 
followed by 1987 with 117 casualties, 1999 with 110 casualties, and 1950 with 95. 
Only six of the 70 years resulted in 10 or more casualties, with a yearly average of 9.8 
casualties. When broken down by decade, it is clear that the number of casualties is 
decreasing with time. From 1950–1979, the average decadal (10-year) casualty rate was 

Table 2   Statistical summary of Shreveport tornado characteristics

Variable Minimum 25th Percentile Median Mean 75th Percentile Maximum

Path width (m) 1 30 72 134 144 1000
Path length (km) .02 .69 3.44 12.3 12.9 132
Tornado power (GW) .01 .94 1.02 24.5 9.6 4210
EF scale (maximum rating) 0 1 1 1.3 2 4
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130, while from 1990–2019, the average decadal casualty rate was 55. Reasons for this 
decline are likely some combination of improved severe weather detection and warning 
and luck—tornadoes not impacting densely populated areas of the city (Ashley 2007; 
Simmons and Sutter 2011; Fricker et  al. 2017a). Cold-season tornadoes are the most 
destructive—from a human perspective—in Shreveport with December resulting in the 
highest number of tornado casualties at 268, followed by April (141), November (117), 
and February (105). By time of day, nighttime tornadoes result in the highest number 
of casualties with 270, followed by daytime and evening tornadoes with 261 and 152, 
respectively. At the per-tornado level (when considering all tornadoes), tornadoes at 
night have an extremely high casualty rate of 34—driven primarily by one tornado that 
caused 268 casualties—followed by tornadoes during the day with a casualty rate of 4.6 
and tornadoes during the evening with a casualty rate of 3.5. As a relative proportion of 
all tornadoes, those impacting Shreveport at night (25%) are more likely to result in a 
casualty than those during the day (21%) or those during evening (19%). Reasons for the 
high casualty rate and the larger proportion of casualty-producing tornadoes at night is 
almost assuredly a combination of factors, including difficulty in visually identifying a 
tornado on the ground, difficulty in warning individuals of a tornado, the daily patterns 
of people—who are often sleeping at night—and public risk perception (Ashley et al. 
2008; Mason et al. 2018; Ellis et al. 2020; Krocak et al. 2021; Fricker and Friesenhahn 
2021).

To situate the tornado landscape of Shreveport to other cities in the Mid-South or 
Southeast, tornado frequency and tornado casualties are compared to seven other nearby 
cities: (1) Baton Rouge, Louisiana, (2) Dallas, Texas, (3) Houston, Texas, (4) Jackson, 
Mississippi, (5) Little Rock, Arkansas, (6) Memphis, Tennessee, and (7) Monroe, Loui-
siana. When evaluated alongside these other cities, Shreveport stands out amongst the 
most active and casualty prone areas in the region (Table 3). Combined with informa-
tion on tornado occurrence and casualty rates throughout the country, it is clear that 
while Shreveport may not be the most impacted city in the Mid-South or Southeast with 
respect to tornadoes and their destructive potential, it is still amongst the most vulner-
able cities in the country to devastating tornado events.

Table 3   Tornado frequency and casualties in Mid-South and Southeast cities ranked by casualty rate. 
Shreveport, Louisiana statistics are highlighted in bold

City Number of Torna-
does

Annual frequency 
rate

Number of casual-
ties

Casualty rate

Dallas, TX 114 1.62 1017 8.92
Little Rock, AR 114 1.62 885 7.76
Jackson, MS 150 2.14 1103 7.35
Shreveport, LA 108 2.54 683 6.32
Memphis, TN 71 1.01 381 5.37
Houston, TX 157 2.24 315 2.00
Baton Rouge, LA 73 1.04 120 1.64
Monroe, LA 62 .89 82 1.32
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4 � Potential Factors Related to Tornado Casualties

4.1 � Terrain

Tornado frequency is often driven, in some part, by the underlying landscape (Bluestein 
2000; Dunn and Vasiloff 2001; Prociv 2012). Previous work shows a decrease in the num-
ber of tornadoes with an increase in topographic variability across much of the Eastern 
United States (Karpman et al. 2013), fewer tornadoes in Kansas counties with greater eleva-
tion variation (Jagger et al. 2015), and more tornadoes in areas with uniform elevation rela-
tive to areas with variable elevation (Elsner et al. 2016). The physical explanation for these 
results is most likely connected to inflow, where smoother and lower topography allows 
for increased tangential velocity, while rougher and higher topography reduces the tangen-
tial velocity (Lewellen 1962; Davies-Jones 1973; Leslie 1977). Simply put, smoother and 
lower topography is more conducive to air inflow that produces tornadoes than rougher and 
higher topography. To evaluate whether terrain influences the frequency of tornadoes—or 
more importantly for this work, casualty-producing tornadoes—in Shreveport, we compare 
tornado counts to values of elevation and terrain roughness.

We begin with a domain 92◦ and 95◦ W longitude and 31◦ and 33◦ N latitude (Fig. 2). 
Next, a grid at a spatial resolution of .15◦ latitude and longitude is applied, resulting in 13 
cells in the north-south direction and 20 cells in the east-west direction (260 total cells). 
This resolution was chosen as a compromise between too fine and too course, and to allow 
for several tornado paths to intersect the majority of cells. Tornado paths are placed onto 
the grid and the number of paths that intersect each cell are counted (Fig. 3). There are 
779 tornadoes—up from 108 Shreveport-area tornadoes—that intersect the domain, 
which results in an average of 2.99 tornadoes per cell. The maximum number of tornadoes 
impacting any one cell is 26 and the minimum number of tornadoes impacting any one cell 
is 0 (2 cells).

In addition to the number of tornadoes, we calculate elevation and elevation roughness 
per cell in the domain (Fig. 3). The 80-m-pixel elevation raster is cropped to the extent of 

31.5°N

32°N

32.5°N

94.5°W 93.5°W 92.5°W

31.5°N

32°N

32.5°N

94.5°W 93.5°W 92.5°W

Fig. 2   Satellite imagery of the domain. Tornado paths are shown in gray. Shreveport is highlighted as a 
black point. The black line represents the political boundary between Louisiana and Texas
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the domain, and elevation roughness is computed as the largest difference in elevation in a 
pixel relative to the elevation in the eight neighboring pixels (Elsner et al. 2016). The aver-
age elevation of a cell in the domain is 68.7 m with a maximum of 149 m and a minimum 
of 12.6 m. The average elevation roughness of a cell in the domain is 12.6 m with a maxi-
mum of 25.4 m and a minimum of 1.10 m.

When considering all cells in the domain, the relationship between tornado counts and 
elevation differs from the relationship between tornado counts and elevation roughness. 
The Pearson’s correlation coefficient between the number of tornadoes and elevation per 
cell is .11 [(−.01, .23), 95% confidence interval (CI), p-value = .07] which suggests that, 
generally, the number of tornadoes slightly increases with elevation. Conversely, the Pear-
son’s correlation coefficient between the number of tornadoes and elevation roughness per 
cell is −.05 [(−.17, .07) 95% CI, p-value < .05], which suggests that, generally, the number 
of tornadoes slightly decreases with elevation roughness.

As a means of investigating the relationship between elevation, elevation roughness, and 
tornado casualties, we calculate the number of casualties per cell using areal interpolation 
of the path area of each tornado and the area of the tornado path that was contained in each 
cell (Fig. 3). When considering all cells in the domain, the Pearson’s correlation coefficient 
between the number of tornado casualties and elevation per cell is −.08[(−.19, .05), 95% 
CI, p-value = .22] and the Pearson’s correlation coefficient between the number of tor-
nado casualties and elevation roughness per cell is −.18 [(−.30, −.06), 95% CI, p-value < 
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Fig. 3   Tornado counts (top-left), tornado casualties (top-right), elevation (bottom-left), and elevation 
roughness (bottom-right) of the domain. Elevation is height measured in meters. Elevation roughness is 
the largest difference elevation between a cell and the elevation in neighboring cells measured in meters. 
Shreveport is highlighted as a black point. The black line represents the political boundary between Louisi-
ana and Texas
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.05]. These values indicate that the number of tornado casualties decreases with both eleva-
tion and elevation roughness, suggesting that smoother and lower topography increases the 
chance of a tornado casualty, but not necessarily the chance of a tornado—given the posi-
tive relationship between the number of tornadoes and elevation.

To evaluate whether or not the relationship between tornado counts, tornado casualties, 
elevation, and elevation roughness is more or less pronounced in Shreveport, we limit our 
analysis to only those grid cells near the city. When considering the cells in the immedi-
ate vicinity of Shreveport (93◦ and 94.5◦ W longitude and 32◦ and 33◦ N latitude), the 
relationship between tornado counts and elevation mirrors the relationship seen across the 
larger domain. The Pearson’s correlation coefficient between the number of tornadoes and 
elevation per cell is .02[(−.22, .25), 95% CI, p-value < .05] and the Pearson’s correlation 
coefficient between the number of tornadoes and elevation roughness is −.35[(−.54, −.13), 
95% CI, p-value < .05], which suggests that that the number of tornadoes near Shreveport 
slightly increases with elevation and decreases with elevation roughness.

Similar to the larger domain, the number of tornado casualties near Shreveport increases 
as elevation and elevation roughness decreases with a Pearson’s correlation coefficient 
between the number of tornado casualties and elevation per cell at −.26[(−.47, −.03), 95% 
CI, p-value < .05] and the Pearson’s correlation coefficient between the number of tornado 
casualties and elevation roughness at −.35[(−.54, −.13), 95% CI, p-value < .05]. Given the 
magnitude of the Pearson’s correlation coefficients, it is somewhat clear that the relation-
ships between tornado counts, tornado casualties, elevation and elevation roughness are 
stronger in the immediate vicinity of Shreveport than they are in the larger domain.

4.2 � Mobile Homes

Mobile homes are an established vulnerability metric in tornado casualty events (Boruff 
et  al. 2003; Ashley 2007; Strader and Ashley 2018; Fricker and Elsner 2019; Ash et  al. 
2020). Owing to the quality of building materials and low wind load requirements, mobile 
homes are the site of many tornado casualties throughout the Mid-South and Southeast 
U.S. With this in mind, we investigate whether the presence of mobile homes in and around 
Shreveport is a main driver of tornado casualty events using data from the 1990, 2000, and 
2010 decennial Census at the tract-level (Fig. 4).

From 1950–2019, 159 Shreveport-area census tracts were impacted by a tornado. The 
average number of mobile homes in these tracts is 290 with a median number of mobile of 
mobile homes at 59 and an inter-quartile range between 4 and 545. The average percent-
age of mobile homes in these tracts is 12% with a median percentage of mobile homes 
at 3% and an inter-quartile range between .2% and 24%. When compared to the state of 
Louisiana, it is clear that Shreveport-area census tracts, on average, have both a higher total 
number of mobile homes and a lower total percentage of mobile homes relative to the rest 
of the state. For example, in 1990, the average number of mobile homes in the Shreveport 
area was 196, while the state average was 181. In 2000, the average number of mobile 
homes in the Shreveport area was 231, while the state average was 218 and in 2010, the 
average number of mobile homes in the Shreveport area was 257, while the state average 
was 224. The average percentage of mobile homes in the Shreveport area tracts in 1990 
was 7.8%, while the state average was 11%. In 2000, the average percentage of mobile 
homes in the Shreveport area tracts was 10%, while the state average was 12%, and in 
2010, the average percentage of mobile homes in the Shreveport area tracts was 11%, while 
the state average was 12%. This relationship suggests that while Shreveport may have a 
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relatively high number of mobile homes, this housing stock does not make up a relatively 
large percentage of total homes (i.e., Shreveport has a lower built vulnerability to torna-
does than the state average).

Discourse on the proper use of mobile home variables in reference to tornadoes is typi-
cally divided between research concerning the prediction and understanding of the rela-
tionship between tornadoes and casualties (Simmons and Sutter 2011; Fricker and Elsner 
2019) and research concerning the description and identification of risk and vulnerabili-
ties related to tornadoes and mobile homes (Ashley 2007; Strader and Ashley 2018). To 
test which mobile home variable (i.e., number of mobile homes and percentage of mobile 
homes) is the most useful in advancing knowledge of tornado casualties in Shreveport, 
we compare the correlation coefficients of each mobile home variable and the number of 
casualties.

When considering all census tracts that were impacted by a tornado in Shreveport over 
the period, the relationship between the number of casualties and the number of mobile 
homes or the percentage of mobile homes per tract is weak. For all tracts impacted by 
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Fig. 4   Number and percentage of mobile homes of census tracts within 30 km of Shreveport. Data from the 
1990, 2000, and 2010 decennial Census
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tornadoes, the Pearson’s correlation coefficient between the number of casualties and 
the number of mobile homes per tract is .16 [(−.10, 0.41), 95% confidence interval (CI), 
p-value = .26] and the Pearson’s correlation coefficient between the number of casualties 
and the percentage of mobile homes per tract is .15 [(−.03, .32), 95% CI, p-value = .11]. 
For all tracts impacted by casualty-producing tornadoes, the Pearson’s correlation coeffi-
cient between the number of casualties and the number of mobile homes per tract is .16 
[(−.10, .41), 95% CI, p-value = .22] and the Pearson’s correlation coefficient between the 
number of casualties and the percentage of mobile homes per tract is .15 [(−.11, .26), 95% 
CI, p-value = .26]. As such, while it is well-known that the presence of mobile homes 
increases the probability of a casualty in a tornado, it does not appear that mobile homes 
are a large driver of tornado casualties around Shreveport—though this finding is not sta-
tistically significant.

4.3 � Barksdale Bubble

The Barksdale Bubble—the presence of a weather manipulation force that protects the 
Barksdale Air Force Base (Barksdale AFB) from the impacts of extreme weather—is one 
of the most widely talked-about urban legends in the Shreveport area (Whatley 2017). 
While the origins of the legend are not completely known, it is assumed that the Barksdale 
Bubble became part of the area’s vernacular after the installation of a Doppler Radar at the 
Barksdale AFB airport in 1995. The legend has grown as screenshots of radar reflectively 
images show rain around the Shreveport area and while Barksdale AFB appeared clear 
(Brightman 2021). Theories about the radar images of the Barksdale Bubble range from 
an urban micro-climate to a military artificial power eliminating rain and storms. In reality, 
the Barksdale Bubble can be explained through radar limitations, which captures rain in 
the upper atmosphere, which may—or may not—be reaching the surface, ultimately lead-
ing to radar images of rain around Barksdale AFB, but not in its immediate vicinity.

To test whether or not the Barksdale Bubble exists in any invisible manner—as there is 
no physical buffer around the Barksdale AFB—we investigate tornado casualty rates for 
those that impact the Barksdale AFB (6 km radius) and those that impact the rest of the 
Shreveport area (30 km radius). From 1950–2019, there were 8 tornadoes that impacted 
the Barksdale AFB for an annual rate of .11 tornadoes per year. The 8 tornadoes resulted 
in 101 casualties, with 19 fatalities and 82 injuries, which corresponds to a casualty rate of 
12.6, a fatality rate of 2.38, and an injury rate of 10.2 per tornado. Over the same period, 
the Shreveport area was impacted by 108 tornadoes resulting in 683 casualties, 29 fatali-
ties, and 654 injuries, which corresponds to a casualty rate of 6.3, a fatality rate of .26, and 
an injury rate of 6.1. This means that, historically, tornadoes impacting the Barksdale AFB 
cause twice as many casualties, nine times as many fatalities, and 1.7 times as many inju-
ries as those impacting the city.

The historical context of tornado casualty rates for those tornadoes impacting the Barks-
dale AFB is a compelling argument suggesting that those around the Barksdale AFB might 
be at higher risk to being a tornado casualty than those in other Shreveport areas. However, 
the Barksdale Bubble is a newer urban legend likely originating around the installation of 
a Doppler Radar in 1995. To test whether or not the Barksdale Bubble exists in any invis-
ible manner since 1995, we investigate tornado casualty rates for those that impacted the 
Barksdale AFB and those that impacted the rest of the Shreveport area over the period 
1995–2019. From 1995–2019, there were only 2 tornadoes that impacted the Barksdale 
AFB for an annual rate of .02 tornadoes per year. The 2 tornadoes resulted in 3 casualties, 
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with 1 fatality and 2 injuries, which corresponds to a casualty rate of 1.5, a fatality rate 
of .5, and an injury rate of 1 per tornado. Over the same period, the Shreveport area was 
impacted by 38 tornadoes resulting in 167 casualties, 8 fatalities, and 159 injuries, which 
corresponds to a casualty rate of 4.4, a fatality rate of .21, and an injury rate of 4.2. So, 
since the installation of the Doppler Radar at the Barksdale AFB, tornado occurrence and 
casualty rates are lower than other Shreveport areas. This reduction in tornado impacts may 
be helping to fuel the narrative that the Barksdale AFB has some artificial power in reduc-
ing rain and storms.

4.4 � Dixie Alley

One of the most active regions of the U.S. with respect to tornado occurrence is the Great 
Plains—known colloquially as “Tornado Alley.” The creation of the term “Tornado Alley” 
dates back to the 1950s and its popularity is likely the result of Great Plains-centered tor-
nado research and the picturesque nature of Great Plains tornadoes moving across the land-
scape in movies like the Wizard of Oz. The Plains, however, are not the only high-risk areas 
of the country when considering tornadoes. Much of the Mid-South and Southeast U.S. is 
at nearly constant threat to the negative impacts of tornadoes in a region known colloqui-
ally as “Dixie Alley.” While the term “Dixie Alley” is problematic for a number of rea-
sons, its impact on how people understand and respond to tornadoes in the Mid-South and 
Southeast might be useful for making sense of casualty rates in the region.

To test whether or not an understanding of “Dixie Alley” plays a role in the tornado 
casualty landscape of Shreveport, we investigate tornado casualty rates for those that 
occurred before and after 1971—the year National Severe Storms Forecast Center Director 
Allen Pearson—coined the term (Gagan et al. 2010). From 1950–1971, there were 23 tor-
nadoes that resulted in 108 casualties, with 18 fatalities and 90 injuries. This corresponds 
to a casualty rate of 4.7, a fatality rate of .78, and an injury rate of 3.9 per tornado. From 
1972–2019, there were 85 tornadoes that resulted in 575 casualties, with 11 fatalities and 
564 injuries, which corresponds to a casualty rate of 6.8, a fatality rate of .13, and an injury 
rate of 6.63 per tornado. This means the casualty rate of tornadoes impacting Shreveport is 
higher for tornadoes occurring after the creation of the term “Dixie Alley” than for torna-
does occurring before the creation of the term.

It is possible, however, that the influence knowledge of “Dixie Alley” has on tornado 
casualties in Shreveport can be linked to more modern interpretations and uses of the term. 
One such modern use of “Dixie Alley” can be seen in the aftermath of the Super Out-
break of 2011—a tornado outbreak occurring primarily in the Mid-South and Southeast 
U.S. that resulted in over 300 casualties. When considering tornado casualty rates for those 
occurring before and after 2011, it is clear that the people of Shreveport have fared far bet-
ter in tornado casualty events taking place after the devastating 2011 season than tornado 
casualty events taking place before. In fact, the casualty rate of tornadoes before the Super 
Outbreak of 2011 is over 68 times higher at 7.5 than the casualty rate of tornadoes after the 
Super Outbreak of 2011 at .12.

Regression analysis was performed on these data to establish whether or not the dif-
ference in casualty rates before and after the creation of the term “Dixie Alley” (1971) 
and before and after the Super Outbreak of 2011 (2011) is statistically significant. When 
accounting for improvements in detection and warning—done so with the inclusion of a 
yearly trend term—we found a slightly significant difference (p-value = .09) in casualty 
rates before and after 1971, but no significant difference in casualty rates before and after 
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2011. In both regressions, we found a magnitude effect on our coefficient consistent with 
the empirical results, which we believe provides some support for statistical inference to be 
taken—without absolute scientific truth identified.

4.5 � Redlining

Facing a housing shortage during the Great Depression, President Franklin Delano 
Roosevelt created an agency as part of the New Deal stimulus efforts, called the Home 
Owners’ Loan Corporation (HOLC)—housed under the Federal Home Loan Bank Board—
to increase the U.S. housing stock (Harriss 1951). The HOLC—in conjunction with local 
real estate leaders—assigned grades to residential neighborhoods to reflect “mortgage 
security,” that would become visible in color-coded maps. These neighborhood grades 
ranged from A—minimal risk for banks and other mortgage lenders—to D—hazardous 
risk for banks and other mortgage lenders.

Along with the graded maps, the HOLC provided area descriptions to help to organize 
the data they used to assign the grades. These descriptions and data included the neighbor-
hood’s quality of housing, the recent history of sale and rent values, and the racial and 
ethnic identity and class of local residents. Together, the created maps and documentation 
provided the foundation for the set of rules that dominated real estate practice for nearly a 
century. Perhaps, unsurprisingly, the process of identifying and grading neighborhoods was 
largely carried out by middle-to-upper-class white men, which resulted in a segregation of 
housing opportunity, where affluent and mostly white neighborhoods were graded more 
favorable than working-class—or poor—and mostly minority neighborhoods. The result of 
this grading process was redlining—or the suppression of mortgage financing for people of 
marginalized racial, ethnic, and economic standing (Nelson et al. 2022).

The historical connection between redlining and natural hazard impacts are obvious. 
Without the ability to secure mortgage financing, many neighborhoods described as haz-
ardous continue to exist with inadequate housing stock relative to the impacts of hazards, 
including floods, heat waves, and wind storms. Beyond the built environment, many neigh-
borhoods described as hazardous continue to be inhabited by racially, ethnically, and eco-
nomically marginalized communities. This drives further hazard vulnerability.

To test if any relationship between redlining and tornado casualties exists in Shreve-
port, we compare the casualty rates for different graded neighborhoods in the city (Fig. 5). 
Using areal interpolation, the path area of each tornado segment—the area of the tornado 
path that was contained in a HOLC grade neighborhoods—was combined with data on the 
number of casualties to distribute casualty numbers across each neighborhood. For exam-
ple, if 40% of the total tornado path area impacted a designated A neighborhood, while the 
other 60% impacted a designated C neighborhood, 40% of the casualties were attributed 
to the A neighborhood and 60% of the casualties were attributed to the C neighborhood. 
These attributed casualties were then summed and evaluated by each neighborhood desig-
nation, resulting in a total number of casualties per neighborhood.

Over the period 1950–2019, there were 11 tornadoes and 10 casualty-producing torna-
does (45% of the total casualty-producing tornadoes) that impacted at least one designated 
neighborhood, resulting in 446 casualties with 4 fatalities and 442 injuries. When broken 
down by neighborhood designation, the lowest ranking neighborhoods (e.g.,  C and D) 
experienced far higher casualty rates than the higher ranking neighborhoods (e.g., A and 
B). In fact, over the period, neighborhoods designated as D had, by far, the highest tornado 
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Fig. 5   Home Owners’ Loan Corporation map of Shreveport-area neighborhoods. Redrafted from the Map-
ping Inequality Project (https://​dsl.​richm​ond.​edu/​panor​ama/​redli​ning/)

https://dsl.richmond.edu/panorama/redlining/
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casualty rate at 23.9, followed by neighborhoods designated as C at 12.7, neighborhoods 
designated as B at 7, and neighborhoods designated as A at 4.6 (Fig. 6).

5 � Discussion and Conclusions

Risk factors associated with tornado casualties at the national—or regional—level are gen-
erally well established. For example, tornado casualties in the United States often increase 
with an increase in the strength of the tornado, the number of people within the damage 
path, the number or percentage of mobile homes, and the number of elderly individu-
als within the damage path (Bohonos and Hogan 1999; Simmons and Sutter 2005, 2008, 
2009; Ashley 2007; Donner 2007; Dixon and Moore 2012; Ashley et  al. 2014; Fricker 
et al. 2017a; Lim et al. 2017; Elsner et al. 2018b). Less known are risk factors associated 
with tornado casualties at the community level. In response to this fact, here we present a 
placed-based analysis of tornado casualties in Shreveport, Louisiana as a means of evaluat-
ing the potential impact several physical and social systems have on tornado casualty rates 
in the area.

This work is limited by the quality of the tornado reports. That said, because Shreve-
port has been a populated city for the entirety of the modern record—since 1950—we do 
not feel the data are susceptible to the population bias found in the literature (Anderson 
et al. 2007; Elsner et al. 2013). We also do not feel the use of a straight line path has any 
quantifiable influence on our results, as Fricker (2020b) has shown individual tornado char-
acteristics are similar between modeled paths and actual paths—those found in the NWS 
Damage Assessment Toolkit.

Shreveport is an area identified as highly vulnerable and susceptible to large tornado 
casualty events in recent research (Fricker and Elsner 2019; Fricker 2020a). Tornadoes 
impacting the city are 2.2 times as long, 1.5 times as wide, and 2.6 times as powerful as the 
national average, which is likely a driving force behind a per-tornado casualty rate that is 
well above the national average under any definition—whether all tornadoes or only casu-
alty-producing tornadoes—of the tornado casualty rate. But, we know the tornado casualty 
landscape of any place is more complex than the physical intensity of the tornadoes that 

Fig. 6   Tornado casualty rates by Home Owners’ Loan Corporation neighborhood designations
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impact it. Other factors—both physical and social, in nature—will play a role in how many 
casualties are seen in each tornado casualty event.

One potential factor related to tornado casualties in Shreveport is the underlying terrain. 
Tornado frequency and intensity is often affected by the physical landscape it traverses 
(Karpman et al. 2013; Jagger et al. 2015; Elsner et al. 2016). Smoother and lower topog-
raphy is more conducive to increased air inflow that produces tornadoes than rougher and 
higher topography. When comparing tornado counts and casualties to both elevation and 
elevation roughness, it appears that the number of tornadoes or tornado casualties increases 
with a decrease in elevation and elevation roughness. Thus, the smoother and lower ter-
rain—areas to the south and east of the city—are more prone to tornadoes and tornado 
casualties than the rougher and higher terrain—areas to the west of the city.

Mobile homes are another potential factor related to tornado casualties in Shreveport. 
All else being equal, residents of mobile homes are at a higher risk and vulnerability to 
being a tornado casualty than residents of permanent homes (Boruff et al. 2003; Ashley 
2007; Strader and Ashley 2018; Fricker and Friesenhahn 2021). In Shreveport, however, 
mobile homes do not appear to be a large driving force behind the rate of tornado casual-
ties, as the Pearson’s correlation coefficient between the number or tornado casualties and 
the number or percentage of mobile homes per tract does not exceed .15. This is notable, 
because it means the high per-tornado casualty rate in Shreveport is likely due to some 
other combination of factors that may—or may not—be prevalent in other regions of the 
country.

Thinking beyond widely used and countable variables—those that can be found in 
the decennial census or similar survey programs—Shreveport is home to an urban leg-
end known as the Barksdale Bubble—the presence of a weather manipulation force that 
protects the Barksdale AFB from the impacts of extreme weather. Historically, tornadoes 
impacting the Barksdale AFB cause twice as many casualties as those impacting the city of 
Shreveport. And although the difference in size between the Barksdale Bubble and Shreve-
port area—which is roughly five times as large—explains the difference in annual rates 
of tornadoes, it does not explain the difference in casualty rates. Since the installation of 
the Doppler Radar at the Barksdale AFB in 1995, casualty rates of tornadoes impacting 
the base are lower than other Shreveport areas, which may help fuel the narrative that the 
Barksdale AFB is protected from rain and storms.

While the Barksdale Bubble narrative obviously cannot be explained by some non-exist-
ent weather altering machine, the story itself can speak to a geographic understanding of 
the area’s weather effects and how powerful institutions and wealthy, empowered individu-
als within society can locate themselves in prime geographic locations while relegating 
marginalized communities to less desirable, more hazardous locations. What if these sto-
ries were analyzed not as comical episodes of impossible conspiracy theories and instead 
analyzed as local knowledge of how unevenly our populations are distributed across local 
landscapes? In short, the Barksdale Bubble may speak to the uneven vulnerability to risk 
that marginalized populations are positioned with due to their geographic location in the 
region and how the powerful and privileged have historically resided on less vulnerable 
land.

Given its geographic location, Shreveport is associated with a region of the country 
known colloquially as “Dixie Alley.” Unlike the traditionally understood “Tornado Alley,” 
which includes much of the Great Plains, “Dixie Alley” includes areas of the Mid-South 
and Southeast U.S. Similar to the Barksdale Bubble, historically, tornadoes impacting 
Shreveport after the creation of the term “Dixie Alley” resulted in higher casualty rates 
than tornadoes impacting Shreveport before the creation of the term. However, when 
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considering more modern and widespread use of the term—in the aftermath of Super Out-
break of 2011—casualty rates of tornadoes impacting the city before the Super Outbreak 
of 2011 are much higher than the casualty rates of tornadoes impacting the city after the 
Super Outbreak of 2011.

Like many cities in the United States, Shreveport was surveyed and graded by the 
HOLC during the 1930s, ultimately resulting in redlining. When broken down by neigh-
borhood designation, the lowest ranking neighborhoods experienced far higher casualty 
rates than the higher ranking neighborhoods. Indeed, neighborhoods designated as D expe-
rienced a casualty rate over five times (5.2) higher than neighborhoods designated as A. 
This indicates that formerly redlined neighborhoods are significantly more vulnerable to 
tornadoes than other neighborhoods in the same place.

Taking seriously Smith’s (2006) analysis that “there’s no such thing as a natural dis-
aster” helps frame an approach that questions why formerly redlined areas of Shreveport 
suffer from higher casualties that the rest of the city. Taking such socio-environmental 
research and theory seriously ask us to go beyond conventional wisdom in explaining such 
disparate impacts and encourages scholars, instead, to look toward structural, socio-politi-
cal explanations for why particular communities are positioned with more risk with regards 
to environmental hazards. Understanding these structural disparities are foundational to 
providing meaningful interventions that avoid deficit-thinking and center the lives of those 
most impacted.

It seems reasonable to assume that one explanation for the disparities in Shreveport-
area tornado casualties are the historical inequalities that led to geographically positioning 
marginalized communities in the most vulnerable location for tornado events. For exam-
ple, tornadoes in the area have been known since the early 20th century to move from the 
Southwest to the Northeast (Fig. 7)—meaning that people located along these paths will 
most likely encounter more of these storms and, particularly for those west of the city, will 
have less warning time to react as they are often the first populations to be impacted. The 
positioning of communities in Shreveport is most likely a legacy of white supremacy as the 
region’s plantations were in the west of the parish. Following the end of slavery, many for-
merly enslaved persons were pressed back into a quasi-enslaved position of sharecropping 
(Reid 1975; Riddle 1995), where enslaved persons worked the same land they worked dur-
ing slavery—living on or close to the plantations—which might explain how Black com-
munities became concentrated within the areas most vulnerable to tornadoes and tornado 
casualties.

Furthermore, the obvious knowledge that locals had and demonstrated through repeated 
warnings in the newspapers about the path of tornadoes through the region could indi-
cate that those with power and wealth would avoid areas known to have been frequently 
impacted by severe storms and tornadoes. While much of this is speculation, it is the 
kind of historical, structural elements that must be investigated further using place-based 
approaches. Such place-based approaches are necessary to understanding the multi-dimen-
sional, structural and historical legacies that produce our uneven society.

When combined with quantitative methods, these place-based approaches have the 
ability to create regional-or-local intervention strategies that can reduce the loss of life 
to tornadoes—or more broadly, all hazards. Including place-based data can provide 
context to statistical models that controls for local knowledge and histories of those 
most impacted by the destruction we are trying to predict and mitigate. By taking these 
knowledges and histories seriously, we can work towards creating more effective and 
nuanced models that account for and address structural factors often overlooked like 
redlining, racial histories of development, and socio-environmental knowledges. And 
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though many statistical models are made with the goal of maximizing the variance 
explained, we believe that if done properly, the making of responsible theory-driven 
models—those looking to explain causality or the mechanism underlying the data rather 
than variance—will be possible.
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