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predictors.12
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Abstract18

Tornadoes are frequent and widespread events that often account for hun-

dreds of injuries and fatalities, and millions of dollars in damages. Multiple

studies have analyzed tornado climatology and associated exposure; however,

fewer have focused on predicting fatalities and injuries by coupling geospatial

data on tornado characteristics and underlying social and economic vulner-

ability. In this study, we test the ability of negative binomial regression

models to predict tornado-induced injuries and fatalities by coupling data

on physical characteristics of tornadoes, exposure of populations, and un-

derlying social vulnerability. We also present a modified spatially weighted

social vulnerability index SV I∗wt. We used 10-year (2005-2014) tornado data

over the continental United States for this analysis. The results of this study

indicate that the tornado length, magnitude and nocturnality seem to be the
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major hazard-related indicators of fatalities (McFadden’s Pseudo-R2 ranged

from 0.01-0.12). Population exposure and SV I∗wt are positive and statisti-

cally significant in predicting tornado related fatalities and injuries (Pseudo

R2 of 0.11-0.18). Although combining SV I∗wt with hazard variables does not

substantially improve model fit when compared to adding population expo-

sure, combining SV I∗wt, hazard and exposure results in better predictions of

both injuries and fatalities (Pseudo R2 of 0.17) and is also an improvement

on previous similar studies.

Keywords: Disaster, Vulnerability, Tornado, Natural Hazard, SVI19

1. Introduction20

Tornadoes are frequent and widespread hazards in the United States.21

Nearly 800-1400 tornadoes are reported annually, which resulted in a mean22

fatality count of more than 350 per year between 1880-2005 (Ashley, 2007). A23

total of 60,114 tornado events have been officially recorded between 1950 and24

2015 by the National Centers for Environmental Information (NCEI, formally25

known as National Climatic Data Center) in the U.S. This has resulted in26

more than 5,800 fatalities and nearly 94,000 injuries in addition to billions27

of dollars of losses in terms of property and crop damage. Over the years,28

tornado related fatalities and personal injuries have witnessed a decreasing29

trend (Platt, 1999) which could be attributed to the advancement in detection30

technologies, systematic warnings, with increased public awareness. Since31

1950, overall tornado related fatalities in the U.S. have decreased (1415 in32

the 1950s compared to 603 in the 2000s). However, such trends may not be33

consistent across space and time (Ashley & Strader, 2016). For instance, the34
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tornado events of 27 April 2011 over the southeastern U.S. caused more than35

500 fatalities and several hundred injuries. Despite advances such as state-36

of-the-art detection and warning dissemination technology, tornado related37

casualties cannot be prevented entirely. Recent tornado events also show38

that not only the intensity of such extreme events varies by region and time39

(Strader & Ashley, 2018; Nouri et al., 2021) but also by people’s responses40

to the risk (Fricker, 2020).41

Significant research on tornadoes has been focused on aspects of climato-42

logical and meteorological hazards (Doswell & Burgess, 1988; Bluestein, 1999;43

Grazulis, 2001; Boruff et al., 2003; Brooks et al., 2003; Feuerstein et al., 2005;44

Verbout et al., 2006). Further, impact-based research has focused on human45

casualties [e.g., Ashley (2007); Ashley et al. (2008)] and on combined human46

and economic losses [e.g., Brooks & Doswell (2001); Boruff et al. (2003); Diaz47

& Joseph (2019)]. Factors such as tornado magnitude, length, and width,48

in association with the natural and built environment have been found to49

be directly related to most of the fatalities and injuries caused by torna-50

does (Ashley et al., 2014; Wurman et al., 2007; Simmons & Sutter, 2011;51

Paul & Stimers, 2014; Elsner et al., 2016; Gensini & Brooks, 2018; Strader52

& Ashley, 2018; Grieser & Haines, 2020). Studies such as Paul (2003); Sim-53

mons & Sutter (2005); Ashley (2007); Ashley et al. (2008) etc. found that54

nocturnal tornadoes tend to be relatively more lethal to humans, whereas tor-55

nado timing has little impact on the extent of economic losses. Mobile and56

manufactured homes are another factor that is commonly associated with a57

higher percentage of fatalities and has been extensively investigated over the58

years (Eidson et al., 1990; Schmidlin & King, 1995; Simmons & Sutter, 2011;59
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Strader & Ashley, 2018; Ash, 2017). Small differences between mobile and60

manufactured notwithstanding, much of the tornado literature suggests that61

the two terms can be used interchangeably and refer to housing structures62

that tend to be poorly anchored and can be more susceptible to sustaining63

damage from strong winds Strader & Ashley (2018); Strader et al. (2021);64

Simmons & Sutter (2011); Fricker (2020); Sutter & Simmons (2010). Ash-65

ley (2007) reported that nearly 44% of total tornado fatalities are associated66

with manufactured homes. Further, Simmons & Sutter (2011) reported that67

there is almost 15 times greater probability of tornado related fatalities in68

manufactured homes. More recently, Strader & Ashley (2018) argue that the69

impact of tornadoes on manufactured homes varies across regions, and other70

complementary socioeconomic factors also play a significant role. The find-71

ings were in line with the observations by Schmidlin & King (1995), which72

suggest that in addition to tornado physical characteristics and population73

exposure, several demographic and socioeconomic conditions of communities74

also influence the likelihood of sustaining loss. Demographic variables such75

as higher percentages of disabled, elderly, or child populations, contribute76

towards vulnerability to natural hazards at a location (Kilijanek & Drabek,77

1979; Carter et al., 1989; Eidson et al., 1990; Cutter et al., 2003; Flanagan78

et al., 2011; Cutter et al., 2014; Strader et al., 2021). In the context of this79

study, vulnerability to tornadoes can be described as intrinsic characteristics80

of the socioeconomic ecosystem that create the potential for harm during a81

tornado event (Cutter & Finch, 2008).82

Over the years, researchers have tried to assess social vulnerability to ex-83

ternal stresses by constructing indices using combinations of socioeconomic84
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variables. Examples of such indices with a limited number of variables in-85

clude Cutter et al. (2000); Wu et al. (2002); Wood & Good (2004); Rygel86

et al. (2006); Dixon & Moore (2012) etc. Petit et al. (2012) developed in-87

dices to assess the vulnerability of critical infrastructure to disasters. Cutter88

et al. (2003) and later Flanagan et al. (2011) developed an index of social89

vulnerability (SoVI) to environmental hazards. SoVI has been replicated90

and used in multiple geographical settings (Boruff & Cutter, 2007) and at91

various spatial and temporal scales (Cutter, 2006; Borden et al., 2007; Cut-92

ter & Finch, 2008; Gottlieb et al., 2008). Flanagan’s vulnerability index has93

been adopted as the official social vulnerability index (SVI) used by the U.S.94

Centers for Disease Control and Prevention (CDC). It should be noted that95

vulnerability indices alone do not depict the potential impact of events such96

as tornadoes. Disaster risk research points to the need to combine knowl-97

edge on hazard, exposure, and vulnerability, when understanding overall risk98

(Shah et al., 2020; Alexander, 2002; Amendola et al., 2008) and to better99

prioritize disaster mitigation and prevention strategies (Marin et al., 2021).100

Targeted reduction of social vulnerability and improved risk coverage in the101

most exposed regions and census tracts may go further to reduce nation-102

wide tornado-induced casualties, versus allocating disaster relief funds solely103

based on economic damages. While there are multiple studies that have104

addressed tornado risk assessments, most go as far as linking hazard and ex-105

posure aspects (Shen & Hwang, 2015; Fricker et al., 2017; Elsner et al., 2018;106

Masoomi & van de Lindt, 2018), leaving comprehensive studies that connect107

hazard, exposure, and vulnerability to tornadoes relatively unexplored. More108

recently, Strader et al. (2021) assessed tornado risk, vulnerability and expo-109
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sure at a county warning area scale, and Fricker (2020) argued for the need of110

tornado-level social vulnerability to better predict the number of causalities111

and fill in the gaps in current prediction.112

Thus, it is imperative to improve our understanding of the interactions113

between the physical characteristics of tornadoes and the underlying socioe-114

conomic conditions of exposed populations, and at finer spatial scales com-115

mensurate with the small hazard footprints of tornadoes. This could allow116

for better prediction of related casualties and enhance mitigation, prepared-117

ness, response and recovery efforts to ultimately reduce future casualties.118

Therefore, the aim of this study is to identify and evaluate potential pre-119

dictors of tornado injuries and fatalities. We approach this by testing the120

explanatory value of data on population exposure and a modified spatially-121

weighted social vulnerability index (SVI), versus considering hazard-related122

variables alone. More broadly, this will allow us to test to what extent the123

generally-held theory that defining disaster risk by its determinants (haz-124

ard, exposure, and vulnerability) holds for the specific context of tornado125

casualties. This study utilizes multi-year (2005-2014) tornado data over the126

continental United States (CONUS). We used negative binomial regression127

models with tornadoes as the unit of analysis, building models to test four128

hypotheses to estimate tornado related casualties: hazard only (HO); hazard129

and exposure variables (H1); hazard with vulnerability variables (H2); and130

finally, a combination of hazard, exposure and vulnerability variables (H3;131

see the Modeling Strategy section for the framework of statistical models).132
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2. Data Sources and Pre-Processing133

2.1. Tornado hazard variables134

The tornado data utilized in this study was obtained from the Storm Pre-135

diction Center (SPC) severe weather database files. Despite having certain136

shortcomings particularly in the estimation of economic losses (Gall et al.,137

2009), casualty counts in terms of location, timings of the incident and di-138

rect vs indirect impact (Ashley, 2007; Ashley et al., 2008) and issues pertain-139

ing to biases and trends as studied by Doswell & Burgess (1988); Verbout140

et al. (2006) etc., the database is the official national tornado archive con-141

structed from National Weather Services (NWS) storm reports since 1950.142

The database contains several important tornado related information such143

as the start and end locations, timings, magnitude, losses, etc., and has been144

the primary source of information. Tornado data from 2005 to 2014 were145

used in this study for the CONUS. A total of 11,970 tornado events were146

reported in the database during the study period.147

For a comprehensive tornado risk assessment, tornado occurrences with148

all of the associated physical attributes are considered. Tornado records with149

both start and end coordinates can be mapped, therefore only 11,940 tornado150

events can be used in this analysis. These tornado events resulted in 9,940 in-151

juries and 1,103 fatalities for the CONUS. Tornado events are not uniformly152

distributed either annually or monthly and may play into distinct vulnera-153

bilities during different years and months (Figure 1a and 1b). As expected,154

low damage rating tornadoes (F/EF0) hardly caused fatalities and injuries,155

whereas each of the highest damage rating tornadoes (F/EF5) accounted for156

nearly 90 injuries and 37 fatalities on average during the study period (Figure157
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1c). Although a recent studies by Edwards et al. (2021) show slight differ-158

ences in tornado climatology (track width and length in particular) between159

the F and EF scales, both methods are subjective and susceptible to sys-160

tematic biases. Additionally, since the scale is derived using damages rather161

than wind speed, F and EF scale can be considered in the same category.162

Therefore, in this study F and EF scale ratings are assumed to represent163

same damage category.164

Characteristic tornado attributes such as date and time of occurrence;165

location; damage rating (F/EF-scale); length and widths were recorded for166

each tornado event in the database. Information on the location, length,167

width and damage rating, were directly used to map the spatial extent of168

the tornado event over census tracts. Tornado frequencies and associated fa-169

talities and injuries are known to vary regionally (Ashley, 2007; Simmons &170

Sutter, 2012; Long et al., 2018; Ashley & Strader, 2016), resulting in distinct171

tornado seasons per region. For this study, the CONUS is broadly divided172

into four major regions, and region-specific seasonality is determined using a173

long-term (1950-2012) regional monthly tornado frequency distribution (Fig-174

ure 2). Months with tornado activities above the long-term annual average175

tornado frequency (shown in bold) are considered to be the regional tornado176

season. Tornado season in the Southern US lasts from March – June; East-177

ern tornado season lasts longest from April – September; whereas Central178

tornado season extends from April – July; and the Western region’s season179

extends from May - August.180

Responses and attitudes towards tornadoes differ per season, location,181

and timing Simmons & Sutter (2008). Studies by Paul (2003); Simmons &182
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Figure 1: Frequency distribution along with total injury and fatality at (a) Annual, (b)

Monthly scales and with respect to magnitude from 2005-2014 over CONUS
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Figure 2: Regional tornado seasonality based on long-term tornado monthly frequency

(1950-2013). Bold lines denote the months identified as regional tornado season based on

annual regional means.

Sutter (2005); Ashley et al. (2008) showed that tornado timing also affects183

the rate of potential fatalities and injuries to such events. Nocturnal (be-184

tween local sunset to sunrise) tornado events were relatively more fatal and185

accounted for nearly 2.5 times more fatalities than daytime tornadoes (Ash-186

ley et al., 2008). It is assumed that during a tornado season, in the daytime187

or on a workday, people are more likely to be alert and reactive to tornado188

alerts and recovery actions as opposed to non-seasonal, weekend nighttime.189

Therefore, tornadoes as a function of factors such as weekend vs. weekdays;190

nocturnal vs. daytime; and tornado season vs. non-seasonal were evaluated.191

Nocturnal in this study is defined as tornadoes occurring between local 12:00192

am to 6:00 am.193
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2.2. Socioeconomic and Demographic Factors: a Social Vulnerability Index194

The vulnerability index by CDC is created using decadal census data,195

but our study period of 2005-2014 spans across two decades. To remedy196

this mismatch, the vulnerability index from the Agency for Toxic Substances197

and Disease Registry (ATSDR) was recreated using data from the U.S. Cen-198

sus Bureau and American Community Survey (ACS) following the original199

method by Flanagan et al. (2011). The recreated index is referred to as SVI*200

to distinguish it from CDC’s official SVI. Both 2010 decadal data from the201

Census Bureau and 2006-2010 survey data from ACS were used in this study.202

The census data mainly provided the social counts, whereas household and203

economic counts were available from ACS data. In this study the vulner-204

ability was computed at the census tract level since it is a typical unit to205

collect and analyze data for policy and management practices. Census tracts206

are designed to be as demographically homogeneous as possible with popu-207

lations ranging from 1500 to 8000. The SVI* was constructed with a total208

of 14 census variables consisting of indicators such as social and economic209

status; housing and household composition; disability and minority status;210

language barrier; and access to transportation and basic amenities as a mea-211

sure of vulnerability. All variables were grouped into four basic SVI themes:212

(a) socioeconomic factors; (b) household composition; (c) minority/language213

and (d) housing/transportation (Table 1).214

Socioeconomic variables215

Economically disadvantaged sections of society are more likely to be the216

least prepared for, worst hit, and generally lacking in resources necessary217

to recover from a disaster (Cutter et al., 2003; Schmidtlein et al., 2008).218
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Further, such sections are also less likely to have access to either the health219

or property insurances needed to help recover from disasters, increasing their220

vulnerability to such events (Fothergill & Peek, 2004). Therefore, people221

with less education, unemployed people, and those living under poverty or222

with less per capita income are seen as more socioeconomically vulnerable.223

Another section consisting of the elderly and young people are known224

to be vulnerable to natural hazards (Cutter et al., 2003; Ngo, 2001) due to225

insufficient life experience or knowledge; limited access to resources; having226

physical, sensory or cognitive challenges; and are relatively more susceptible227

to injuries and fatalities (Schmidlin & King, 1995; Kar, 2009; Anderson,228

2005). Hence, people aged over 65 or less than 17, households with single229

parents, and children under 18, were considered as vulnerable. Language230

barrier, poverty and social discrimination also increase vulnerability. This231

places many racial and ethnic minorities in more vulnerable positions to232

disasters (Fothergill et al., 1999; Bolin, 2006; Elliott & Pais, 2006).233

Manufactured homes have been proven to account for a disproportionately234

high rate of injuries and fatalities during tornadoes (Eidson et al., 1990; Don-235

ner, 2007; Simmons & Sutter, 2009). Similarly, multi-unit housing in densely236

populated areas, people living in group quarters such as hospitals, dormi-237

tories, prisons, etc., also possess additional risks during a disaster (Cutter238

et al., 2003). Finally, inaccessibility to transportation during a disaster can239

also increase social vulnerability.240
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Variables SVI Themes

Proportion of persons aged 65 and above

Household CompositionProportion of persons aged below 17

Proportion of single parent household with children<18

Proportion of people with minority status
Minority/Language

Proportion of persons (5+) who speak English less than well

Proportion of persons below poverty level

Socioeconomic
Per capita Income

Proportion of civilians (16+) unemployed

Persons 25+ with no high school diploma

Proportion of manufactured homes

Housing/Transportation

Proportion of people living in group quarters

Proportion of household with no access to vehicle

Proportion of housing structures with 10 or more units

Proportion of households with more people than room

Table 1: Socioeconomic and demographic variables used to construct SVI* using data

from Census data 2010 (SF1) (italicized data fields are obtained from ACS 2006-2010)

2.3. Data Processing241

2.3.1. SV I∗ Calculation242

All demographic variables (except for per capita income) were first ar-243

ranged in decreasing order and ranked from highest to lowest for all census244

tracts across CONUS. A higher value indicates a higher vulnerability. The245

per capita income on the other hand was ranked from lowest (most vulnera-246

ble) to highest. A percentile ranking was then computed for each variable:247

PR =
(Rank − 1)

(N − 1)
(1)

Where PR is the percentile rank, and N is the total number of census248
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tracts. The method is consistent with the approach in Flanagan et al. (2011);249

the variable PR(s) were summed first across themes, and the process was re-250

peated to construct a composite index for all variables. In this study errors251

in either census or ACS were considered inherent, and the data is used as252

is. A total of 14 states had 30% or more tracts with SV I∗ > 0.75, indicat-253

ing higher vulnerability, with Mississippi and Alabama being the states with254

the highest percentages (52.8% and 42.44%) of tracts in vulnerable condi-255

tion. Incidentally, of these 14 states with highly vulnerable census tracts, 9256

are in well-known tornado prone locations (such as Texas, Alabama, Missis-257

sippi, West Virginia, Kentucky, Louisiana, South Carolina, Georgia and Ten-258

nessee). Seven of those are in the southeastern US, making them extremely259

susceptible to natural hazards and subsequent recovery efforts (Figure 3).260

Figure 3: A map showing the computed social vulnerability index (SVI*) for 2010 at the

census tract level for the CONUS
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2.3.2. GIS Analysis: a Spatially Modified Social Vulnerability Index261

Spatially collocated tornado tracks and their underlying SVI* data at a262

census tract level were joined using a geospatial platform. Multiple spatial263

transformations were performed such as buffering, splitting, spatial joining,264

summary statistics, etc., to allow for the integration of tornado tracks (lines)265

with census tract SVI* data (polygons).266

Many tornadoes cross several census tracts, each tract having its unique267

SVI* value. To account for the varying degrees of social vulnerability within268

each tornado path, the weighted average of the SVI* data were calculated269

for each tornado. Tornado tracks (Figure 4) completely contained within a270

census tract boundary were assigned the respective tract’s vulnerability in-271

dices. Whereas, for tornado tracks across multiple tracts, a weighted average272

vulnerability index was used to account for each census tract based upon the273

fraction of area affected by a buffered tornado track. Using the number of274

tracts through which a particular tornado passes as n and farea as the frac-275

tion of total tornado area that falls in a given census tract, then the weighted276

average social vulnerability index SV I∗wt was computed as:277

SV I∗wt =
∑

farea
∑

SV I∗ (2)

To calculate the population exposed to each tornado event, a similar frac-278

tional area-based approach was later applied to estimate the total population279

expected to be under a tornado path. A uniform population density across280

the census tract was assumed, then the total population expected to be un-281

der the tornado’s area of influence was estimated based on the fraction of the282

tornado path area within a census tract as:283
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POPTor =
∑

farea
∑

POPden (3)

The spatial distribution of tornadoes by magnitude is uneven across the284

CONUS (Figure 4). Table 2 summarizes all tornado hazard characteristic285

variables used in this study: F/EF-scale, seasonality, nocturnality, and week-286

day. Counts are given per each characteristic along with the total number of287

associated fatalities and injuries.288

It should be noted that the tornado width data is estimated at the widest289

portion across the tornado path and may contain uncertainties (Masoomi &290

van de Lindt, 2018). In this study, a constant maximum width is assumed291

across tornado tracks, which may result in some overestimation of the actual292

area under tornado path. Moreover, not all tornado paths are straight (such293

as the 2011 Joplin, Missouri tornado). In the absence any data on the varying294

widths of tornado paths along their tracks, this is the closest approximation295

to tornado impact area Fricker (2020).296

3. Modeling Strategy297

The aim of this study is to assess the how well data on tornado hazard298

characteristics and underlying socioeconomic conditions can predict injuries299

and fatalities. Earlier studies on related topics have shown the value of using300

Poisson and Negative Binomial Regression in predicting dependent variables301

of a count data (Donner, 2007; Elsner et al., 2018; Fricker et al., 2017; Ma-302

soomi & van de Lindt, 2018; Potvin et al., 2019; Refan et al., 2020; Schroder303

& Elsner, 2021; Simmons & Sutter, 2005, 2009; Zahran et al., 2013; Lim304

et al., 2017). Simmons & Sutter (2008) suggested that the Poisson model is305
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Tornado Description Frequency Injury Fatality

Characteristics

Magnitude

F0 6912 130 (0.02) 2 (0.00)

F1 3584 758 (0.21) 38 (0.01)

F2 1066 1770 (1.66) 109 (0.10)

F3 302 3926 (13.0) 308 (1.02)

F4 67 2542 (37.9) 312 (4.66)

F5 9 814 (90.4) 334 (37.1)

Seasonality
Seasonal 8148 6895 (0.85) 832 (0.10)

Non-seasonal 3792 3045 (0.80) 271 (0.07)

Nocturnality
Daytime 11089 8901 (0.80) 1008 (0.09)

Nocturnal 851 1039 (1.23) 95 (0.11)

Weekday
Weekday 8758 6759 (0.77) 745 (0.09)

Weekend 3182 3181 (1.00) 358 (0.11)

Table 2: Tornado hazard characteristics with summary statistics used in the model (2005-

2014). Values in parentheses denote average fatalities and injuries per tornado event.

preferable for fatalities while the negative binomial is optimum for injuries.306

However, recent studies by Elsner et al. (2018); Masoomi & van de Lindt307

(2018) argued that negative binomial regression is more appropriate than308

Poisson regression when modeling count variables such as tornado related309

injuries and fatalities that exhibit overdispersion [i.e. the condition where310

variance is greater than the mean (Long & Freese, 2001)]. If the dispersion311

parameter (α) is zero (or closer to zero), then the negative binomial distribu-312

tion approaches the Poisson distribution. Consistent with the earlier studies,313

the dispersion parameter is found to be both significant and greater than314

zero (> 0.6) indicating that both injuries and fatalities exhibit overdisper-315
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Figure 4: Tornado distribution map by magnitude (2005-2014)

sion. To test for multicollinearity, we created a correlation matrix with all316

independent variables and excluded any combinations of variables with high317

correlations (r2 > 0.7) (such as length in combination with width or area)318

in any model. Moreover, the variable inflation factor (VIF) for all of the319

variables was less than 1.5, so we expect that multicollinearity is not a fac-320

tor and will have no negative impact on the model and statistical outcomes.321

Therefore, negative binomial regression was used in this study to predict the322

independent variables. The negative binomial regression model for an ith323

observation can be expressed as:324

f(Y = yi|µi, α) =
Γ(yi + α−1)

Γ(α−1)Γ(yi + 1)

( 1

1 + αµi

)α−1( αµi
1 + αµi

)yi
(4)
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µi = exp(β0 + β1x1i + β2x2i....+ βnxni) (5)

Where y is the dependent variable (fatality or injury); x is the explana-325

tory variable; n refers to the number of explanatory variables in the model,326

whereas µ is the link parameter and β are the unknown regressor coefficients.327

β0 is the intercept.328

The Akaike information criteria (AIC) and McFadden’s pseudo R2 were329

used as metrics to quantify model performances. Models with lower AIC330

values are preferred. McFadden’s pseudo R2 values range from 0-1, where331

0 refers to no model fit, and 1 represents the best fit model. McFadden’s332

pseudo R2 are not 1:1 mapped to typical coefficient of determination (R2).333

In fact, a model with pseudo R2 in the range of 0.2-0.4 represents an excellent334

fit (McFadden, 1977).335

A framework of statistical models allowed for a comparative assessment336

of the predictive capability of models that included various combinations of337

tornado hazard characteristics, exposure, and underlying social vulnerability:338

• H0: hazard-only variables (i.e., those corresponding to physical at-339

tributes of the tornado)340

• H1: H0 with exposure data (total population exposed to the tornado’s341

path)342

• H2: H0 with vulnerability data (weighted average SVI*)343

• H3: a combination of H0, H1 & H2 (hazard, exposure and vulnerability)344
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Each set of tests considered both dependent variables (i.e. fatality and345

injury). The independent variables representing hazard included: the tor-346

nado damage rating as indicated by F-scale (prior to 2007) and EF-scale347

since 2007; tornado length; and Boolean variables to represent weekdays vs348

weekend, seasonality, and nocturnal vs daytime. The natural log of vari-349

ables with large magnitudes (such as population and tornado length) was350

used. The vulnerability variable considered was the spatially weighted social351

vulnerability index produced in this study SV I∗wt.352

For this study, data from all years except 2011 were used to develop the353

model whereas the year 2011 was used to validate the model performance.354

The main motivation of selecting 2011 as the validation year was since it was355

an anomalous year in terms of tornado event frequency and damages in the356

US, with some extreme tornado events that caused major devastation. This357

will be critical to test the robustness of the model, especially considering that358

the model was developed using relatively normal years. Each of these models359

were tested in multiple combinations of variables, and the top five models for360

each case with the lowest AIC and highest pseudo R2 were identified. Since361

the differences in pseudo R2 and AIC among the top five set of variables were362

insignificant, a model consistently present in all the cases was selected to363

represent all hypothesis. The use of a single set of variables across all models364

allows for a consistent basis to compare the results. Our analysis revealed365

that the variable set consisting of tornado length; nocturnality, seasonality;366

weekend and magnitude consistently appeared in top five sets, although some367

of the variables may exhibit non-significant contributions in more than one368

model.369
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Considering the tornado events of all magnitudes simultaneously, the vi-370

olent tornado events tend to be underrepresented in the model due to their371

relatively lower frequency. Therefore, rare but extreme events may not be372

predicted effectively. To adequately represent and distinguish violent torna-373

does from relatively moderate ones, the dataset was sub-divided into three374

categories: Weak (F/EF: 0 & 1), Moderate (F/EF: 2 & 3) and Violent torna-375

does (F/EF: 4 & 5), and separate models were developed and evaluated for376

each case. Similar to Elsner et al. (2018) we only used a subset of tornado377

events with non-zero casualties to develop and evaluate the model.378

4. Results and Discussion379

Given these inputs, we developed a series of models that considered haz-380

ard, exposure, social vulnerability, or combinations thereof, and assessed381

their abilities to predict injuries and fatalities. To test the robustness of382

the results, we withheld the year 2011 from the training set, allowing for a383

validation and intercomparison with previous studies.384

4.1. Injury Prediction385

Considering all magnitude tornado events (N=778) together, the tornado386

hazard characteristic only model (H0) had an AIC of 4571.1 with Pseudo-387

R2 of 0.08. The model was able to predict a total of 68.5% of injuries for388

year 2011 with 14.6 MAE and an absolute relative error of 227.5%. Com-389

bining hazard variables with population exposure (H1) reduced the AIC to390

4342.6 and nearly doubled the Pseudo-R2 to 0.15. The H1 model predicted391

∼65% of injuries but with relatively less errors (MAE of 12.8 and 164.8%392
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relative error). The H2 model combined hazard variables with social vulner-393

ability (excluding exposure), caused the AIC to jump to 4573.5 (and dropped394

Pseudo-R2 to 0.08). The MAE and relative errors were similar to those of395

H0 model (Table 3), indicating that the inclusion of SV I∗wt did not improve396

the model performance compared to the hazard only (H0) model. In fact, in397

some instances, including SV I∗wt made the model slightly worse with higher398

relative error. The H3 model that combined hazard, exposure and vulnera-399

bility yielded the lowest AIC of all models (4337.1) and same Pseudo-R2 as400

H1 (0.15). When compared to 2011 data, the MAE and relative errors of the401

H3 model were again lowest of all the models (12.7 and 162.9%, respectively).402

Therefore, although both H1 and H3 models performed very similarly, but403

the slightly lower AIC and absolute relative errors of the combined hazard,404

exposure and vulnerability (H3) model makes it a better candidate than the405

exposure only (H1) model.406

In terms of weak tornadoes (N=300), the H0 model had an AIC of 1266.3407

with Pseudo-R2 of 0.01. Compared to 2011 data, the MAE was 2.4 with408

95.2% absolute relative error. The inclusion of exposure information in H1409

reduced the AIC to 1261.4 but did not improve Pseudo-R2 or MAE values. In410

fact, there was a slight increase in absolute relative error (97.6% from 95.2%)411

compared to H0 model. Replacing exposure with SV I∗wt information in H2412

again resulted in a higher AIC, although there was a slight improvement in413

terms of MAE and relative error (2.3 and 94.3%) compared to both H0 and414

H1 models. The H3 model reduced AIC back to H1 levels with a slightly415

better Pseudo-R2 of all other models (0.012) and produced one of the lowest416

MAE values for weak tornadoes.417
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For moderate magnitude tornadoes (N=439), the addition of exposure418

information in H1 reduced the AIC compared to the H0 model and nearly419

tripled the Pseudo-R2 while reducing the MAE and relative error. However,420

with the H2 model, the AIC did decline compared to H0 but only slightly421

(2769.4 against 2779.1) and produced higher error statistics, indicating that422

the inclusion of SV I∗wt made the model even worse than the hazard only423

model for moderate intensity tornadoes. The H3 model on the other hand,424

had the lowest AIC (2609.5) of all the models and highest Pseudo-R2 value425

(0.13). Although the error statistics are slightly higher than the H1 model,426

they are significantly lower than the H0 or H2 models. Based on AIC and427

Pseudo-R2 values, the H3 model would be preferred over others where the428

exposure information seems to offer the most significant positive impact on429

overall model performance. Together, exposure and SV I∗wt were able to fur-430

ther reduce the model AIC and improve the Pseudo-R2. This shows that431

both of these datasets convey more information and can improve model per-432

formance for moderate intensity tornadoes than any individual dataset can.433

Considering only violent tornadoes (N=39), the inclusion of exposure in434

H1 made the model slightly better compared to hazard only in H0, whereby435

AIC decreased from 391.1 to 367.6. Furthermore, the H1 model was better436

able to predict injuries with a lower MAE (41.7 vs 48.2) and lower relative437

errors (96.0% vs 120.2%). The inclusion of SV I∗wt instead of exposure in H2438

seems to have negative impact compared to including exposure data. The439

AIC was increased to 389.6 (although still slightly lower than the H0 model)440

and Pseudo-R2 was reduced to 0.08. The H2 model also saw an increase in441

MAE (46.5) compared to the H1 model. With the H3 model, the AIC was442

23



369.7 (lower than H0 & H2 but higher than H1) and produced a Pseudo-R2
443

of 0.18. The MAE and absolute relative errors were the lowest of all models444

(40.67 and 95.4%, respectively). Based on AIC and Pseudo-R2 values, the H1445

model seems more appropriate to predict violent tornado injuries; however,446

validation results show that for the 2011 tornadoes, model H3 was slightly447

better able to predict injuries than H1. Most of the errors in the H0 and H2448

models are due to a single tornado event that resulted in over 300 injuries,449

which the model was not able to predict. The H0 model predicted only450

56 injuries whereas with the inclusion of SV I∗wt, the prediction was further451

reduced to 53 injuries. On the other hand, including exposure data improved452

the prediction, although still underestimating, from 50s to 186.453

4.2. Fatality Prediction454

Taking all fatality-causing tornado events of all magnitudes (N=181),455

the H0 model resulted in an AIC of 746.7 with a Pseudo-R2 of 0.1 (Table456

4). Except for weekday/weekend variable and nocturnality, all other vari-457

ables were significant contributors with P < 0.001. When compared to the458

2011 tornado-induced fatalities, the model underestimated overall fatalities459

by nearly 54%. The total fatalities caused in 2011 was 553, but the model460

predicted only 255 fatalities. The MAE of the model was 7.46, whereas the461

mean relative error was found to be 101.4%462

By including the exposure parameter (H1 model), the AIC was reduced463

to 735.9 and also resulted in a slight increase in Pseudo-R2 to 0.12. With the464

addition of the exposure parameter, the total count of fatalities increased to465

264. The MAE and mean absolute relative errors were improved slightly with466

the inclusion of exposure data to 7.41 and 101.3%, respectively. However,467
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H0 H1 H2 H3

All AIC 4571.1 4342.6 4573.5 4337.1

Tornadoes R2 0.08 0.15 0.08 0.15

(N=778) MAE 14.6 12.8 14.6 12.7

Abs. Rel Error (%) 227.5 164.8 228.1 162.9

Weak AIC 1266.3 1261.4 1267.8 1261.8

Tornadoes R2 0.01 0.01 0.01 0.012

(N=300) MAE 2.4 2.4 2.3 2.3

Abs. Rel Error (%) 95.2 97.6 94.3 95.7

Moderate. AIC 2779.1 2619.9 2769.4 2609.5

Tornadoes R2 0.04 0.11 0.05 0.13

(N=439) MAE 11.8 10.0 11.7 10.2

Abs. Rel Error (%) 232.1 147.5 225.7 148.9

Violent AIC 391.1 367.6 389.6 369.7

Tornadoes R2 0.07 0.18 0.08 0.18

(N=39) MAE 48.2 41.7 46.5 40.7

Abs. Rel Error (%) 120.2 96.0 117.9 95.4

Table 3: Statistical comparison of the injury prediction models. The model parameters

(AIC and Pseudo-R2) and the evaluation matrices (MAE and percent absolute relative

error)

the model was still significantly underpredicting the high end of large-fatality468

events.469

Using the underlying social vulnerability instead of the exposure (H2),470

caused the model AIC to increase relative to H1 to 748.3 and a reduction471

in Pseudo-R2 (0.11, but still higher than H0). Furthermore, the MAE and472

mean absolute relative errors for the H2 model was higher than both H0 and473

H1 at 7.49 and 102.6%. Although error statistics increased, the total fatality474

25



prediction was slightly better at 277 fatalities for the year 2011. The results475

indicate that, despite improving the overall predictability, the inclusion of476

SV I∗wt data into the model made it relatively less accurate for individual477

tornado events. The H3 model produced the lowest AIC (737.1) of all the478

models, and the total fatality prediction jumped to 283 (403 at the upper479

limits). The H3 model outperformed any of the individual models with the480

lowest MAE and mean absolute relative errors (7.23 and 95.6%, respectively).481

The majority of the errors were due to the underprediction of three major482

tornado events each causing fatalities in excess of 50 for all the models (the483

maximum being 158 on 22 May 2011; see table 5). Moreover, the models484

tend to overpredict fatalities for more common but less devastating tornado485

events (fatality <= 10 and lower F/EF scales). If we only consider tornado486

events with less than 50 fatalities (n=56), the H3 model was able to predict487

244 out of 259 fatalities (∼94%) with an MAE <2.5.488

There were a total of 97 fatality-causing tornado events of F/EF scale 0 or489

1 during the study period. The H0 model had the lowest AIC (93.9) compared490

to other models whereas H3 model had the highest AIC of 97.8. Pseudo-R2
491

was almost negligible for all the models, ranging from 0.005 – 0.007. When492

compared to the 2011 tornadoes, all models performed the same with 5 out493

of 6 fatality predictions producing an MAE of 0.2 and absolute relative error494

of 10%.495

Considering moderate tornado events (N=48), the H0 model had an AIC496

of 469.3 and predicted 102 fatalities, compared to 92 observed for the year497

2011. The mean absolute difference in predicated tornado fatalities was a498

little over 1 per tornado event with an absolute relative error of 68.6%. The499
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addition of exposure data (H1 model) reduced the AIC to 465.8 (from 469.3500

of H0 model), and total fatalities predicated for moderate tornado was 99501

(against 94 observed) with a >94% success rate. Using underlying social502

vulnerability as an independent variable instead of exposure (H2 model),503

the AIC was further reduced to 465.5; however, total the fatality prediction504

jumped to 104, indicating overprediction by the model compared to both H0505

and H1, despite having the lowest AIC. This also resulted in the highest MAE506

of 1.22. In line with the aforementioned results, the H3 model produced the507

lowest AIC of all (461.9) and the lowest absolute relative error of 64.4%. The508

total fatality prediction was 101 with a Pseudo-R2 of 0.16. The maximum509

overprediction was observed for tornado events with less than 4 fatalities.510

Tornado events with higher fatalities were predicted with relatively greater511

accuracy, with absolute error of 25.4% against 80.9%.512

The H0 model for violent tornadoes (N=36) produced an AIC of 176.3,513

where only tornado length and magnitude were significant contributors (P <514

0.05). The model was able to predict only 47.5% of the total fatalities with515

MAE of 16.8. With the addition of population exposure information (H1),516

the model AIC was reduced to 172.3, and predictive capabilities increased517

to 51.2% and reduced the MAE to 15.7. With H2 model, the AIC increased518

to 177.6, but the total fatality predictability was increased to nearly 56%519

with 14.7 MAE. Finally, the H3 model had the lowest AIC of 172.2 and the520

highest Pseudo-R2 of 0.16 of all models. The model was able to predict more521

than 68.8% of the total fatality estimation (312 out of total 453) with lowest522

MAE of 10.9 and absolute relative error of 73.9%.523

Similar to all tornado scenarios, most of the underpredictions in the pre-524
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diction model for violent tornadoes is due to three extreme events with fa-525

talities in excess of 50 (Table 5) that all models were unable to fully capture.526

Excluding those three events, the H0 model MAE is reduced from 16.8 to 5.4.527

Similarly, for the H1 and H2 models the MAE was also reduced to 5.8 and528

4.6. Likewise, for the H3 model, the MAE was reduced to less than half from529

10.9 to 4.5 considering only tornado events causing fewer than 50 fatalities.530

The results clearly indicate that the model was able to predict fatalities with531

reasonable success for non-anomalous tornado events. However, a limitation532

of the method presents itself when attempting to predict fatalities of the533

highest-impact events.534

4.3. Fatality Intercomparisons535

We used violent tornado estimates of 2011 from two earlier studies Ma-536

soomi & van de Lindt (2018) and Simmons & Sutter (2014) to intercompare537

the regression results. There were a total of 18 violent tornado events for538

2011. The overall absolute relative error for the Simon and Sutter (SS) model539

was 110 whereas the Masoomi & van de Lindt (MH) model published an error540

of 78.2%. The results from the best performing model H3 model constrained541

to violent tornadoes from the current study is used for the intercomparison.542

Overall, the H3 model in this study was better able to predict tornado fa-543

talities for the year 2011 with an absolute relative error of 73.9% (Figure 5).544

Interestingly, both the SS and MH models significantly over predicted the 27545

Apr 2011 tornado in Alabama (3rd in table 5) at 174 and 185, respectively,546

compared to the observed 72 fatalities. Conversely, the EF5 tornado in Mis-547

souri with 158 fatalities was underpredicted with only 48 (SS) and 12 (MH)548

fatalities, respectively. Both tornado events are similar in many aspects since549
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H0 H1 H2 H3

All AIC 746.7 735.9 748.3 737.1

Tornadoes R2 0.10 0.12 0.11 0.12

(N=181) MAE 7.46 7.41 7.49 7.23

Abs. Rel Error (%) 101.4 101.3 102.6 95.6

Weak AIC 93.9 95.9 95.9 97.8

Tornadoes R2 0.005 0.006 0.006 0.007

(N=97) MAE 0.2 0.2 0.2 0.2

Abs. Rel Error (%) 10.0 10.0 10.0 10.0

Moderate. AIC 469.3 465.8 465.5 461.9

Tornadoes R2 0.12 0.14 0.13 0.16

(N=48) MAE 1.16 1.19 1.22 1.16

Abs. Rel Error (%) 68.6 63.5 68.6 64.6

Violent AIC 176.3 172.3 177.6 172.2

Tornadoes R2 0.09 0.15 0.09 0.16

(N=36) MAE 16.8 15.7 14.7 10.9

Abs. Rel Error (%) 102.2 100.0 93.9 73.9

Table 4: Statistical comparison of the fatality prediction models including the model

parameters (AIC and Pseudo-R2) and the evaluation measures (MAE and percent absolute

relative error)

both are EF5 tornadoes with paths in the range of 122-132 miles, both oc-550

curring during the tornado season and during the day. The populations that551

were directly in the path of the tornado track were also similar with nearly552

3700 in Alabama and ∼4500 in Missouri. The only difference was in weekend553

vs weekday. The Alabama tornado occurred on a weekday, whereas the Mis-554

souri tornado occurred on a weekend. The H1 model predicted only 35 and555

25 tornado fatalities for the Alabama and Missouri tornadoes, respectively.556
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The H1 model results are in line with the SS and MH models at least in557

terms of trends (35 out of 72 and 14 out of 158). The current H3 model558

underpredicted both tornado fatalities, but the trends were in the right di-559

rection (47 out of 72 and 91 out of 158). The major distinction that the H3560

model has compared to the earlier studies (or the H1 model) is the inclusion561

of vulnerability information. The underlying weighted social vulnerability562

for the Alabama tornado was 0.63, whereas the MO tornado had 0.88. These563

values are reflected in the fatality count of the model. Despite an underesti-564

mation, the use of social vulnerability information seems to further improve565

predictive capabilities of a casualty model.566

Figure 5: Percent absolute relative errors for each of the models [SS - Simmons and Sutter;

MH - Masoomi and van de Lindt; H3 - current study; serial number refers to tornado events

described in Table 5]

4.4. Limitations and error characterization567

In this study, the tornado paths are assumed to be straight despite the568

fact that not all tornado paths are straight (Masoomi & van de Lindt, 2018;569
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S. Date State EF Fatality Predicted Abs. Error H3 Model Info.

No. H3 SS MH H3 SS MH SE 95% CI

LB UP

1 4/27/11 MS 5 3 6 13 10 3 10 7 0.7 4 7

2 4/27/11 AL 4 6 8 4 4 2 2 2 1.7 6 13

3 4/27/11 AL 5 72 47 174 185 25 102 113 14.3 14 77

4 4/27/11 MS 5 23 16 13 12 7 10 11 3.5 8 39

5 4/27/11 AL 4 13 10 2 11 23 11 2 7.2 8 24

6 4/27/11 AL 4 14 9 14 4 5 0 10 2.3 7 16

7 4/27/11 AL 4 64 24 10 63 40 54 1 10.2 13 57

8 4/27/11 AL 4 1 4 4 2 3 3 1 1.1 3 7

9 4/27/11 MS 4 7 7 4 8 0 3 1 2.5 5 15

10 4/27/11 AL 5 25 25 28 14 0 3 11 11.8 10 63

11 4/27/11 AL 4 22 10 5 9 12 17 13 3.2 8 21

12 4/27/11 GA* 4 20 12 9 5 8 11 15 7.6 9 42

13 4/27/11 AL 4 7 5 5 3 2 2 4 0.9 4 8

14 4/27/11 TN 4 4 7 10 3 3 6 1 1.8 5 12

15 5/22/11 MO 5 158 91 48 12 67 110 146 41.7 23 224

16 5/24/11 OK 5 9 22 36 23 13 27 14 5.8 10 35

17 5/24/11 OK 4 1 4 3 3 3 2 2 1.4 3 10

18 5/24/11 AR 4 4 5 5 3 1 1 1 0.9 4 8

Mean 10.9 20.8 19.7

Table 5: An intercomparison of 2011 violent tornado fatalities as predicted in this study

vs. observed data and previous studies. [SS – Simon and Sutter model; MH – Masoomi

and van de Lindt model; H3 - current study; * cross state Tornado passing through GA

and TN; SE refers to standard error; LB and UB refers to the lower and upper bounds on

the 95% confidence interval]
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Fricker et al., 2017). The findings from Fricker (2020) show that the differ-570

ences in actual vs assumed path only resulted in differences of 700 in the total571

population count. They also argued that only a handful of the tornadoes sig-572

nificantly deviate from the straight-line path and that such instances can be573

considered outliers. Furthermore, the assumption of the tornado path as a574

straight line is consistent with recent studies such as Fricker et al. (2017);575

Masoomi & van de Lindt (2018); Fricker (2020); Elsner et al. (2018).576

Furthermore, the modified spatially weighted social vulnerability index577

SV I∗wt introduced in this study attempts to separate and quantify the popu-578

lations exposed to tornadoes from those that were not affected within a census579

tract. The geospatial subsetting approach used to determine SV I∗wt is prone580

to the modifiable unit problem (MAUP). The limitations due to MAUP on581

using coarser, county-level demographic data to estimate finer-scale impacts582

of tornadoes as been discussed earlier by Schlossberg (2003) and Ashley et al.583

(2014) and partially motivated this study. To mitigate the MAUP challenges584

and to some extent and to leverage more detailed vulnerability information,585

we used fine scale census tract data in this study. However, the results still586

rely on the assumption of demographic homogeneity within census tracts,587

an assumption that we inherit from the delineation of census tracts and the588

creation of the SVI themselves (Flanagan et al., 2011).589

Finally, for simplicity, we used same set of predictor variables for all of the590

models in this study, despite the fact that not all of the predicting variables591

were significant (p-value >0.1) for every model. Inclusion of non-significant592

variable(s) in the model may reduce model performance in some instances.593

When compared with models that only including significant variables, the594
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difference in pseudo-R2 was less than 0.015, and the difference in AIC was595

< 1% for all the models. This resulted in a MAE difference of 3% or less596

when compared to 2011 tornado fatality/injury data. Therefore, although597

in some instances non-significant variables were included, analysis show that598

the impact is usually modest.599

5. Conclusions600

This paper focused on developing a modeling framework to investigate601

possible relationships between casualties and the physical characteristics of602

tornadoes in combination with population exposure and/or social vulnerabil-603

ity. The developed model was evaluated against 2011 tornado season. This604

study presented a method to create a tornado track customized to a spatial605

weighting of the commonly used social vulnerability index (SVI). Although606

including population exposure data (H1) resulted in a significant positive607

impact on the model performance over the basic hazard (H0) model, the re-608

sults suggest that the SV I∗wt also has a positive effect on predicting tornado609

fatalities and injuries (H3). Still, the inclusion of SV I∗wt appears to add rela-610

tively little value in comparison to exposure data. Models that include both611

population exposure and underlying SV I∗wt seem to be better at predicting612

both injuries and fatalities than any other model in terms of MAE and rel-613

ative errors for 2011 tornado events, despite not producing the best AIC or614

Pseudo-R2 values in all instances. Furthermore, developing separate models615

for different intensities of tornadoes demonstrated better predictive ability,616

compared to the models that considered scales of tornadoes all together.617

These models can inform decisions on prioritizing and targeting disaster618
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risk reduction and resilience building initiatives. Simulation exercises could619

further explore the operationalization of such modeling frameworks and how620

they might improve response and relief efforts. Such a setup could provide621

probabilistic casualty estimates as soon as a tornado damage swath or track622

(e.g., from the field, airborne, or satellite-based), is available. This type of623

information could complement field reports during the crisis response phase624

to help efficient and optimal allocation of relief resources.625

The predictive capability of the model can be further improved with bet-626

ter information of the casualty count, accurate tornado path, etc. such as627

one being provided by the NWS Damage Assessment Toolkit’s maps of sub-628

tornado track level. Further studies could expand the time period selected629

and test against high casualty causing events. Inclusion of more tornado630

events of varying magnitudes and characteristics would make the model more631

robust, especially to extreme events such as those in 2011. Advances in both632

remote sensing and socioeconomic studies will likely improve estimates of tor-633

nado damage areas and the underlying vulnerability of exposed populations,634

both of which will lead to greater understanding of tornado impacts. We635

recognize that these models may be sensitive to changes in the populations636

and social vulnerability. Therefore a thorough analysis of factors involved in637

the estimation of SVI tailored towards a disaster specific vulnerability index638

may be needed.639
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