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ABSTRACT19

Community resilience assessment under a given hazard scenario is commonly performed by20

representing the building inventory through archetypes and assigning fragility functions for multi-21

ple limit states to each archetype. However, because these archetypes and fragility functions may22

be developed from design provisions, mechanics-based analyses, expert judgment, or historical23

event data, their transferability to other risk contexts remains uncertain, and the errors introduced24

by such generalization are not yet well understood. This paper presents a framework for quantifying25

modeling error and evaluating the transferability limitations of archetype-based fragility models26

when applied beyond their original risk contexts. The framework integrates exposure data, hazard27

characterization, fragility-based damage analysis, post-event reconnaissance observations, and risk28

quantification to compare predicted and observed damage states. The framework is demonstrated29

across five tornado-affected communities from three tornado events, exposure conditions, and30

community contexts. Model performance is assessed at both community and building scales by31

characterizing discrepancies between field observations and model predictions. Statistical associ-32

ations within the examined testbed conditions are evaluated to assess how effectively the models33

reproduce observed damage patterns. The resulting community testbeds provide quantitative ev-34

idence regarding modeling error, uncertainty, and transferability limitations under the examined35
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event conditions, while supporting greater consistency between post-event reconnaissance and36

community model development. The findings demonstrate that current fragility frameworks, in37

their existing form and without systematic multi-event calibration, are not yet ready for generalized38

operational prediction and deployment across heterogeneous tornado environments.39

Keywords: Community Resilience; Tornado Damage Assessment; Field Reconnaissance; Uncer-40

tainty Quantification; Model Transferability41

INTRODUCTION42

Community resilience assessment under natural hazards commonly relies on archetype-based43

representations of the built environment, where fragility functions are assigned to building classes44

to estimate physical damage, losses, and recovery outcomes (Crowley et al. 2004; Schneider45

and Schauer 2006; Padgett and DesRoches 2007; Cimellaro et al. 2010; Cimellaro et al. 2016;46

Bai et al. 2013; Gardoni 2018; Memari et al. 2018). Such approaches have been widely ap-47

plied to earthquakes, hurricanes, tornadoes, and other hazards because they enable regional- and48

community-scale analyses while maintaining computational tractability (Hill and Levitan 2005;49

Vickery et al. 2006a; Kameshwar and Padgett 2014; Pita et al. 2015; Gidaris et al. 2017; Nofal50

et al. 2021; Ghasemi et al. 2026). Scientific and practical gaps remain in validated assessment51

tools, recovery-cost estimation, resilience metrics, multi-hazard criteria, system-level performance52

standards, and planning guidance for communities (McAllister 2018; Roohi et al. 2020).53

Currently, the transferability of risk and resilience models remains insufficiently understood.54

In particular, the archetypes and fragility functions underlying these assessments may be devel-55

oped from design provisions, mechanics-based analyses, experimental studies, expert judgment,56

or observations of historical events (Rossetto et al. 2013; Silva et al. 2019; Porter et al. 2007).57

Their applicability to communities, exposure conditions, and hazard events beyond their original58

development or validation contexts requires further investigation (Saeednejad and Padgett 2026;59

Kalakonas et al. 2020). This investigation will enhance our understanding of limitations, discrepan-60

cies between model predictions and real-world impacts, and uncertainty quantification. Ultimately,61

it will establish a systematic workflow for resilience assessment, particularly for natural hazards62
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that have been historically underinvestigated.63

Tornadoes represent a particularly challenging hazard for community-level risk and resilience64

assessment due to their highly localized, transient, and spatially variable nature. In the United States65

alone, approximately 1,200 tornadoes occur annually, causing substantial physical, social, and66

economic losses, including casualties and billions of dollars in damage (NCEI 2025; NOAA 2024).67

These impacts have motivated extensive research on probabilistic tornado hazard characterization68

(Standohar-Alfano and van de Lindt 2015), tornado fragility development (Roueche et al. 2017;69

Memari et al. 2018), community-level damage and resilience modeling (Attary et al. 2018; Wang70

et al. 2021; Adhikari et al. 2021), and post-event recovery assessment (Pilkington et al. 2021;71

Aghababaei et al. 2020a). Collectively, these efforts have advanced the ability to estimate tornado-72

induced consequences and support risk-informed decision-making at the community scale.73

The Enhanced Fujita (EF) scale provides a primary framework for characterizing tornado74

intensity based on observed damage to 28 damage indicators and associated degrees of damage75

(McDonald and Mehta 2006), although direct in-situ wind measurements and remote-sensing76

observations are also used where available. Because direct measurements of near-surface tornado77

wind fields are limited, post-event damage observations serve as a critical source of information for78

estimating tornado intensity and understanding hazard impacts. Consequently, damage assessments79

play a central role in both operational tornado characterization and the development of vulnerability80

and fragility models used in community-level risk analyses.81

To support post-event damage assessment, numerous reconnaissance and remote-sensing tech-82

niques have been developed to document and quantify tornado-induced damage. These include83

satellite and Uncrewed Aerial System (UAS) imagery (Myint et al. 2008; Chen et al. 2021; Brown84

2010), LiDAR and photogrammetric techniques (Wakimoto et al. 2011), forensic damage inves-85

tigations (Graettinger et al. 2012), tree-fall analysis (Nasimi and Wood 2024), and coordinated86

reconnaissance efforts such as those conducted through Structural Extreme Events Reconnaissance87

(StEER) (Kijewski-Correa et al. 2021; Roueche et al. 2024a; Wood et al. 2024). These datasets pro-88

vide increasingly detailed observations of building performance and community impacts following89
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tornado events. However, due to the localized and short-lived nature of tornadoes, the perishable90

nature of post-event evidence, and the limited availability of high-resolution observations during the91

event itself, accurately reconstructing tornado hazards and their consequences remains challenging.92

As a result, many tornado risk assessment frameworks rely on reverse-engineering approaches that93

infer hazard characteristics from observed damage patterns and reconnaissance data.94

Several virtual and real-world testbeds have been developed to implement, verify, and improve95

community resilience models under natural hazards (Ellingwood et al. 2016; Attary et al. 2018;96

Aghababaei et al. 2020b; Wang and van de Lindt 2021b; Roueche et al. 2024b; Roohi et al.97

2020; Roohi et al. 2024). Among these, the 2011 Joplin EF5 tornado has become one of the98

most extensively studied community-scale testbeds. Through detailed investigations conducted by99

the National Institute of Standards and Technology (NIST), during which they gathered extensive100

data, developed a model of the tornado windfield, and subsequent research efforts, comprehensive101

datasets describing tornado hazards, building performance, infrastructure disruptions, emergency102

response, and recovery processes were assembled (Kuligowski et al. 2014). These datasets enabled103

the development and validation of community resilience frameworks that have subsequently been104

adopted in numerous community-scale assessments (Attary et al. 2018; Wang et al. 2021; Pilkington105

et al. 2021). The fragility functions used in these frameworks, however, should not be interpreted106

as event-fitted empirical fragilities from the Joplin tornado record. Rather, the 19 archetype-107

based fragilities implemented in the Interdependent Networked Community Resilience Modeling108

Environment (IN-CORE) are synthesized from mechanics-based component-to-system analyses,109

design provisions, and ASCE 7 standard-informed structural assumptions (Wang and van de Lindt110

2021b; Wang and van de Lindt 2022; Memari et al. 2018). In particular, many community-111

level tornado resilience studies continue to rely on the these fragility relationships, despite limited112

evidence of their applicability to other tornado environments and community contexts.113

While many resilience metrics and community-level outcomes have been evaluated using the114

Joplin testbed, the transferability of the underlying fragility models to other communities and tor-115

nado events remains largely unexplored. In particular, prior IN-CORE applications report favorable116
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performance for Joplin: Attary et al. (Attary et al. 2018) conclude that hindcasting the 2011 Joplin117

tornado shows "very good correlation with observed damage" at the aggregate community scale,118

and Wang and van de Lindt (Wang and van de Lindt 2021b; Wang et al. 2021; Wang and van de119

Lindt 2021a) report that damage, functionality, and recovery outcomes derived from the Joplin120

testbed are close to field investigation data. By contrast, the present study finds through a more121

granular, multi-event evaluation that the associated mechanics/code-based fragility functions do122

not consistently maintain predictive accuracy or transferability when applied to other community123

contexts or at the individual building scale. Furthermore, agreement between model predictions124

and observations at the community scale does not necessarily imply predictive accuracy at the125

individual building scale. Differences in building practices, code requirements, construction ma-126

terials, socioeconomic conditions, recovery resources, urban development patterns, and hazard127

characteristics may all influence the applicability of fragility models outside their original devel-128

opment and validation context. Consequently, questions remain about whether tornado damage129

models developed and evaluated on a limited set of historical events can reliably predict damage130

across heterogeneous communities, and whether validation at the community scale translates into131

predictive capability at the asset scale.132

To address these questions, this paper presents a framework for quantifying modeling error in133

community-level tornado damage assessment by integrating post-event reconnaissance observations134

with fragility-based damage modeling. The framework does not assume that existing fragility135

models are broadly generalizable; rather, it uses their application to multiple tornado-affected136

communities as a test case to evaluate discrepancies between predicted and observed damage. By137

combining exposure information, tornado hazard characterization, fragility-based damage analysis,138

and empirical damage observations, the framework assesses model performance at both individual-139

building and community scales across five communities. This work extends prior aggregate-scale140

validations in two respects. First, it refines the validation standard, whereas earlier IN-CORE studies141

established correlation at the community scale, a step that Attary et al. (Attary et al. 2018) show142

requires high spatial resolution, we evaluate predictive accuracy at the individual building scale and143
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demonstrate that aggregate agreement can mask substantial discrepancies in individual predictions.144

Second, rather than treating the fragility functions as fixed inputs, as in studies that employ the145

19 archetypes(Memari et al. 2018), we examine the foundational fragility functions themselves146

and show that their construction assumptions, including inadequate dispersion constraints and the147

potential for limit-state crossover, are direct contributors to predictive error at the asset scale. The148

resulting testbeds provide quantitative evidence on modeling error, uncertainty, and transferability149

limitations under the examined event conditions, while identifying opportunities to improve future150

community resilience assessments.151

The paper is organized as follows: first, it introduces community-level tornado resilience analy-152

sis, focusing on the role of open-access exposure and hazard datasets in damage quantification. This153

is followed by a detailed introduction to the proposed methodology. Next, a section demonstrates154

the implications of the proposed method using community resilience models and field investigation155

data collected by StEER in the aftermath of three tornado events spanning five affected communities156

(Davidson, Wilson, and Putnam Counties from the Nashville–Cookeville event; St. Bernard Parish157

from the Arabi event; and Dallas County from the Dallas event). The paper subsequently presents158

an in-depth examination of these case studies, together with the extensively studied 2011 Joplin159

testbed as a baseline, and concludes with insights learned from real-world validation.160

COMMUNITY-LEVEL TORNADO RESILIENCE ANALYSIS: THE ROLE OF161

OPEN-ACCESS EXPOSURE AND HAZARD DATASETS IN DAMAGE162

QUANTIFICATION163

Uncertainties in community-level tornado resilience analysis arise from various components164

of the modeling framework, including hazard characterization, exposure assessment, vulnerability165

analysis, and recovery dynamics. These components introduce inherent complexities due to the166

stochastic nature of tornado events, variability in structural and social vulnerabilities, and limita-167

tions in available data and modeling techniques. These uncertainties can be characterized as two168

fundamental types: aleatory and epistemic. Epistemic uncertainties arise from a lack of knowledge.169

These include inaccuracies in wind load calculations due to a lack of data on building materials,170
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configurations, aerodynamic properties, and the behavior of components or building systems. They171

can be minimized with additional knowledge as supplementary data becomes available to refine172

the model. On the other hand, aleatory uncertainties are the inherent randomness or variability in173

those elements that cannot be improved even with new data. The uncertainties can be reduced by174

improving our understanding of windfield characteristics and properties.175

The uncertainties in quantifying the wind hazard and associated damage include intensity mea-176

sure estimates, damage classifications, finite-sample data from a population of damaged datasets,177

and fragility fitting. These uncertainties associated with tornado hazard intensity and demands178

at both the component- and system-level introduce an additional layer of complexity to resilience179

analysis. This will result in either underestimation or overestimation of tornado hazard, cascading180

those errors into inaccurate damage predictions, which could lead to misinformation in decision-181

making for developing effective mitigation and recovery strategies. The paper focuses on damage182

prediction subsets within the larger resilience modeling framework. Fig. 1 presents the model183

elements that embody these uncertainties and the relationship that drives the analysis.184

Open-access data, including exposure datasets, geospatial information, and hazard character-185

istics, supports detailed risk assessments by enabling modelers to assess the accuracy and com-186

pleteness of data for future predictions. The integration of open-access data with open-source GIS187

tools and libraries can facilitate spatial analyses of tornado impacts within a community, thereby188

improving the reliability of hazard and exposure mapping. Community-level building inventories189

are available from various non-proprietary datasets.190

Open-access data sources for building inventory development include the National Structures191

Inventory (NSI) (NSI 2022), Google Earth, OpenStreetMap (OSM), Bing Maps from Microsoft,192

and county-level Tax Assessor databases. Tornado hazard data are available from the National193

Weather Service (NWS) Damage Assessment Toolbox (DAT), the NWS Storm Prediction Center194

(SPC), and the Iowa State University (ISU) mesonet. Fragility functions for low-rise wood-framed195

structures exposed to wind loads are accessible from various analytical models (Rosowsky and196

Ellingwood 2002; Ellingwood et al. 2004). There have been efforts to develop empirical fragility197
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functions for residential structures under tornado-induced and straight-line wind loads (Roueche198

et al. 2017; Cremen and Baker 2019), which could result in higher-fidelity loss predictions than the199

damage observed in past events. Roueche et al. (Roueche et al. 2018) evaluated the uncertainties200

associated with intensity measure, damage measure classification, finite sampling, fitting fragility201

functions, and a combination of these and identified intensity measure uncertainties to be the202

most significant contributor to developing empirical fragility functions. Tornado damage analysis203

incorporates these uncertainties to a reasonable extent through uncertainty quantification within204

fragility and hazard modeling.205

In the following section, the authors present a generalized methodology for achieving consistent,206

comparable results across various scales and community testbeds by incorporating open-access207

datasets, accounting for sparse or inaccurate data, and using post-event reconnaissance data to208

identify limitations and opportunities for future refinements.209

Community-level Tornado Damage Analysis

Epistemic Uncertainty Aleatory Uncertainty

Comparative Investigation

Model DSField DS

Damage Analysis Damage QuantificationExposure and Hazard Modeling

Post-event Reconnaissance Data

Modeling and Data Collection Insights

Error 

Measure 

Fragility Modeling

Wind Field

Building Inventory

Damage Measures Damage Distribution

Tornado Damage

Field Assessment

StEER Survey

PHASE 1: Virtual 

Reconnaissance

PHASE 2: Field 

Reconnaissance

PHASE 3: Data Enrichment 

& Quality Control

Fig. 1. The components integrating community-level damage modeling with post-event recon-
naissance records for V&V of tornado damage model outcomes and evaluating the sources of
uncertainty.
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PROPOSED METHODOLOGICAL APPROACH210

This section proposes a method to investigate current generalization and transferability limi-211

tations of the prior fragility framework by utilizing publicly accessible datasets and open-source212

computational modeling, and demonstrates its implementation through diverse testbed communi-213

ties. The aim is to juxtapose the building damage classification from the reconnaissance 𝑘 ∈ 1, ..., 𝑛214

after implementing the state-of-the-art community resilience models to evaluate their predictive215

accuracy. A general methodology is developed for conducting a community-level tornado damage216

analysis and quantitative validation using the outcomes from computational modeling and recon-217

naissance surveys. Fig. 2 presents an overview of the proposed multi-stage methodology, which218

begins with the community and the tornado event and damage abstraction. This abstraction in-219

volves conceptual simplification of the real-world community structures, tornado characteristics,220

and damage mechanisms into model representations that capture the essential patterns and out-221

comes. This enables computational models to efficiently evaluate potential or actual damage across222

a community, especially when combined with geospatial data, fragility functions, and building223

archetypes. This is followed by a sequence of three general steps, including 1) reconnaissance224

process, 2) open-access data and modeling process, and 3) computational model development and225

validation. In each stage, the computational model provides damage outcomes for a community226

𝑘 ∈ 1, ..., 𝑛 after the implementation of the computational community models, juxtaposed with227

field outcomes from data collection records and findings. The outcomes are analyzed to quantify228

discrepancies, identify areas where model predictions deviate from empirical data, validate the229

model, determine the factors that influence model predictions, and suggest improvements to im-230

prove prediction frameworks. In particular, statistical measures are recorded to support an iterative231

learning loop in which, as more events occur and diverse community contexts and tornado intensi-232

ties are encountered, the community models’ reliability and transferability are characterized using233

statistical performance measures and newly collected data. The process workflow depicted in Fig. 2234

refers to an ongoing, cross-event process in which each newly surveyed community is processed235

through the same three stages and contributes additional evidence on model performance; it does236
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not denote a within-study optimization in which the fragility functions were calibrated against the237

field data before reporting the results. The models, archetypes, and fragility parameters used in this238

paper are applied as available, without community-specific parameter updating, so that the reported239

discrepancies reflect the as-is transferability of the existing framework rather than the performance240

of a model that has been adjusted to the test communities. The systematic field-informed updating241

that this learning loop would enable is identified as future work and could be leveraged to enhance242

the predictive accuracy and generalizability of tornado risk and resilience models, which is beyond243

the scope of this paper. The following discusses the three phases of the proposed methodology in244

detail.245

Open-Access Exposure Data

Tornado Hazard Characterization

Tornado EventCommunity Description: 𝑘 = 1: 𝑛

Community, Tornado and Damage Abstraction

Building/Community-level Damage

Computational Modeling and Validation

Computational Community Model

Quantitative Comparison

Building Geolocation Mapping Building Archetypes Mapping

Fragility Assignment

Reconnaissance Data Collection

Damage Assessment Outcomes

Virtual Evaluation

Sampling Methods and Cluster Selection

DS and DoD Mapping Damage Quantification Outcomes

𝑘 + 1

Record 

Statistical 

measures

𝑘

Reconnaissance Process Open-Source Data and Modeling Process

Fig. 2. The proposed methodological approach for multi-community evaluation for the transferabil-
ity of a generalized community-level tornado damage assessment methodology utilizing publicly
accessible datasets and open-source computational modeling.

3.1 Reconnaissance Process246

Following a tornado event, the first stage consists of a reconnaissance process that includes247

virtual evaluation, development of sampling methods, field data collection, and damage assessment.248

A structured reconnaissance process is initiated to assess the extent and nature of the damage, using249

virtual evaluation tools such as satellite imagery and drone footage, which are often employed in250
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the initial stages to remotely identify affected areas and prioritize ground investigations. Sampling251

methods and cluster selection strategies ensure representative coverage, enabling efficient allocation252

of survey resources across varied impact areas. During reconnaissance data collection, a field253

damage assessment is conducted where Degree of Damage (𝐷𝑜𝐷) and Damage State (𝐷𝑆) are254

classified for several Damage Indicators (𝐷𝐼s). These damages are associated with the wind speeds255

believed to have caused the corresponding level of damage. Associating these wind speeds with256

the damage profiles provides the tornado wind speeds and EF-scale ratings, aiding in constructing257

EF-contours. The highest level of observed damage determines the EF-scale assignment for the258

tornado, and the contours are mapped based on the spatial distribution of the observed damage259

and its severity. Direct field studies and evaluations of wind damage, correlated with radar data,260

provide approximate predictions of tornado contours and damage swaths. However, the rapidity of261

the damage assessment yields low-resolution data, which limits the ability to capture the ground262

truths accurately. Meteorological agencies (such as the NWS in the US) conduct rapid surveys with263

meteorologists and damage assessment teams deployed to affected areas to inspect and evaluate264

the type and extent of wind damage to infrastructure and the natural environment. These field265

assessments are correlated and validated with the radar data, helping to reconstruct the tornado266

touchdown, take-off, trajectory, and intensity fields. This is done rapidly to obtain the EF scale267

for the tornado and its contours at different scales. The windfield typically does not align with a268

comprehensive field study and data collection (as demonstrated later in Section 5). The resulting269

damage assessments improve the classification of damage severity and strengthen the validation of270

computational resilience models. They also enable comprehensive quantification of community-271

wide impacts, supporting evidence-based recovery planning and targeted mitigation strategies.272

3.2 Open-Source Data and Modeling Process273

The second stage comprises an open-access data and modeling process that characterizes274

tornado hazards, utilizes open-access exposure data, and maps building locations and archetypes,275

leading to fragility assignment. The following subsections elaborate on each step.276

12 Pramodit Adhikari, July 20, 2026



3.2.1 Tornado Hazard Characterization277

Tornadoes present exceptional challenges for physics-based mathematical simulation due to278

their complex, nonlinear dynamics and rapidly changing behavior. However, there have been279

efforts to simplify the tornado windfield. The gradient method of tornado simulation, as suggested280

by Standohar-Alfano and van de Lindt (Standohar-Alfano and van de Lindt 2015) and implemented281

by Masoomi and van de Lindt (Masoomi and van de Lindt 2017), has been utilized to simulate282

restoration and functionality of a model community in many different studies as well as implemented283

in various platforms for tornado hazard modeling. These methods of tornado windfield idealization284

are defined by gradients that represent a change in velocity or pressure with distance from the285

tornado center. This method enables straightforward tornado velocity estimation from building286

profiles and damage estimates based on wind speeds. However, wind intensity is a variable within287

the storm that results in stochastic interactions with the natural and built environments. There288

is both transverse (across the width) and longitudinal (along the length) spatial variability in the289

intensity along the tornado path. For a simplified model, it is assumed that in the transverse290

direction, the highest wind speeds occur at the tornado’s center and gradually diminish outward,291

indicating the tornado’s radial structure. Along its length, the tornado’s intensity undergoes cycles292

or pulses, intensifying and weakening over its lifetime.293

Careful consideration must be given to the setup of the tornado hazard layer. Two different294

approaches can be used to formulate tornado profile contours: 1) overlay different contours above295

each other, or 2) create a discretized set of layers for each EF-scale to combine and obtain a296

full tornado profile. For a simplified windfield, both are depicted at the top of Fig. 3 for an297

EF2 tornado. The choice between these two profile constructions yields varied and pronounced298

differences in the model’s damage analysis. The deaggregated profile assigns each building a single299

intensity corresponding to its actual position within the band structure and produces results more300

consistent with observed field damage. The deaggregated profile is therefore adopted in this study301

and should be carefully considered when representing tornado hazards for damage analysis. An302

accurate representation of tornado profiles ensures that damage assessment models closely align303
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with field observations, facilitating their validation and further improvement. Bottom of Fig. 3304

provides a section of the Nashville-Cookeville tornado profile available from the NWS DAT for305

Wilson County, which will be investigated later in this paper. Thus, once the tornado profile306

and its continuous wind speed contours across a tornado’s path are obtained, the next step is to307

determine the locations of buildings exposed to spatially map wind speeds or intensity measures308

(im) to individual buildings given by 𝑖𝑚𝑖 (where 𝑖 represents building index) and support detailed309

computational damage analysis.310

Tornado EF-Scales

EF0 EF1 EF2

Representative Tornado Contour

Layered deaggregation with overlap Layered deaggregation without overlap

EF0 EF1 EF2 EF3 EF4

Fig. 3. (Top) Deaggregation of conceptualized gradient-based tornado profile with and without
overlap of contours, and (Bottom) NWS tornado profile from Wilson County with EF contours
highlighted.

3.2.2 Geolocation Mapping311

There is typically a spatial mismatch between the geolocations from the open-access datasets312

and the field-collected data points. There are buildings for which the field survey lacks complete 𝐷𝑆313

classification, while others have classifications recorded for locations situated beyond the available314

tornado windfield model. The objective is to leverage open-source data for community modeling315

as-is, without altering the original data sources or the tornado windfield model. The field and model316

data are matched using the geolocation from field data points to enable comparison and damage317

correlation analysis. While open-access data often contain duplicates and spatial discrepancies, the318

StEER data undergo rigorous post-processing to ensure high geospatial accuracy. Consequently,319
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after appropriate filtering and deduplication, the NSI dataset is aligned with the StEER geolocation320

data using the BallTree algorithm via spatial indexing and nearest-neighbor searches. The disparities321

in geolocation between the exposure data and field data are mapped through this approach. This322

provides geospatial consistency between the datasets and facilitates accurate comparison between323

field and model data. As a representative example, Fig. 4 provides a schematic of the spatial324

mapping process linking exposure data from the NSI data and field geolocations, and the computed325

distances between each NSI point and its nearest field data neighbor. To minimize mapping errors,326

the NSI records with a spatial displacement exceeding 10 m from verified field locations were327

excluded. This threshold was determined through a sensitivity analysis in QGIS and Python, which328

revealed that distances beyond 10 m consistently introduced misalignments comparable to those329

illustrated in Fig. 4 with (a) and (b) highlighting the errors. The reduction in the building dataset330

after applying such filtering criteria is illustrated in Fig. 11.331

(a) (b)

N

300 m
36.185°N

36.186°N

36.187°N

36.188°N

36.189°N

36.190°N

36.191°N

36.192°N

86.385°W 86.380°W 86.375°W 86.370°W

Field Data NSI Data Nearest NSI Data Distance

Fig. 4. Field data points mapped to the NSI dataset for an area in Wilson county to facilitate
one-to-one comparison for damage analysis. (a) Illustrates location where the NSI data is absent
at the ground-truth field locations; field data points are mapped to the NSI structure located at a
distance exceeding 10 meters. (b) Demonstrates an erroneous mapping due to structural omission
from the NSI database. A field data point is incorrectly associated with the NSI structure, which
already possesses a correct mapping with another field data point.
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3.2.3 Building Archetypes Mapping332

Archetypes of buildings are simplified, standardized models for buildings grouped and defined333

under a single model when they recur and share common patterns and features, such as square334

footage, roof types, number of stories, occupancy type, and construction material. These features335

for a particular building 𝐵𝑖, where 𝑖 ∈ 1, 2, ..., 𝑛, obtained from publicly available datasets for 𝑛336

buildings, are represented by a feature vector 𝑏𝑖 = [𝑏𝑖1, 𝑏𝑖2, ..., 𝑏𝑖𝑐] for each key attribute 𝑐. A337

predefined set of archetypes, 𝐴ℎ, is available from open-source community resilience models for338

𝑙 archetypes, where ℎ ∈ 1, 2, ..., 𝑙, have their own feature set 𝑎ℎ = [𝑎ℎ1, 𝑎ℎ2, ..., 𝑎ℎ𝑑] for each key339

attribute 𝑑. For each building, 𝑖, feature set 𝑏𝑖 is compared to feature sets 𝑎ℎ of all 𝑙 archetypes,340

and the closest matching archetype 𝐴ℎ is assigned to each building through a mapping function341

M : 𝐵𝑖 −→ 𝐴ℎ which maximizes the number of similar features.342

Accurate building archetype mapping in this step is vital to preventing errors in computational343

community model development. However, applying building archetypes introduces limitations344

for tornado damage modeling in the next step. One significant challenge lies in the variability345

of structural performance among buildings that may share similar archetype features but differ in346

subtle yet critical ways, such as construction quality, maintenance condition, or retrofits—factors not347

captured by standard feature sets. Tornado damage models often rely on damage functions whose348

availability and granularity for each archetype are a controlling factor in the model’s accuracy.349

In many cases, damage functions may be derived from sparse empirical data or expert judgment,350

introducing uncertainty. This is a key source of error in hindcasting tornado events, as mismatches351

between real-world building performance and archetype-based assumptions can lead to under- or352

overestimation of damage. Consequently, ensuring that representative damage functions are both353

available and appropriate for each archetype is critical to improving the fidelity of community-level354

tornado impact simulations.355

3.3 Computational Community Model Development356

Once the tornado hazard is characterized and building geolocations and archetypes are mapped,357

these elements feed into a computational model to simulate expected damage based on the relative358

16 Pramodit Adhikari, July 20, 2026



wind speeds buildings experience at their locations along the tornado path. These provide insight359

into the accuracy of existing community resilience models when juxtaposed with field assessments.360

Finally, accurate archetype mapping enables an understanding of the specific risks and vulnerabili-361

ties of buildings and building groups, aiding decision-makers in planning for enhanced mitigation,362

preparedness, and recovery strategies targeted to the group of building archetypes and communities363

that predominantly consist of such groups.364

The computational model typically relies on probabilistic analysis using fragility functions that365

describe the probability of a component or structure reaching or exceeding a specific 𝐿𝑆 or𝐷𝑆 under366

exposure to a particular hazard intensity measure, commonly wind velocity for tornado hazards.367

The component-level fragilities provide the probability of a component 𝑗 ∈ 1, ..., 𝑚 exceeding a368

certain limit state 𝑘 , represented by 𝑙𝑠 𝑗 𝑘 ∈ 0, ..., 𝑞, for a given hazard intensity measure 𝑖𝑚 𝑗 . The369

probability of exceedance can be written as370

𝑃
(
𝐿𝑆 ≥ 𝑙𝑠 𝑗 𝑘 | 𝐼𝑀 = 𝑖𝑚 𝑗

)
= 𝑓𝐷

(
𝑖𝑚 𝑗 ,Θ 𝑗 𝑘

)
(1)371

where, Θ 𝑗 𝑘 = {𝜇 𝑗 𝑘 , 𝜎𝑗 𝑘 } is the set of parameters representing mean and standard deviation of372

the natural logarithm of the intensity measure, ln(𝑖𝑚 𝑗 ), respectively, and can be determined using373

empirical and computational approaches to fragility analysis. The fragility function 𝑓𝐷 is described374

by the lognormal cumulative distribution function (CDF) of the following form375

𝑓𝐷
(
𝑖𝑚 𝑗 ,Θ 𝑗 𝑘

)
= Φ

( ln(𝑖𝑚 𝑗 ) − 𝜇 𝑗 𝑘
𝜎𝑗 𝑘

)
(2)376

whereΦ is the standard normal CDF. To aggregate component-level limit states into a building-level377

limit state, we define a global mapping function 𝐺 (·)378

𝐿𝑆𝑖𝑘 = 𝐺

({
𝐿𝑆 𝑗 𝑘

}
𝑗∈J𝑖

)
(3)379

where 𝑗 = 1, ..., 𝑚 refers to all possible components within a building and J𝑖 refers to a specific380

subset of components that are part of building 𝑖. This function determines how the failure of381
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individual components translates into building failure. Then, fragility function for building 𝑖 given382

by 𝑓𝐷 (𝑖𝑚𝑖,Θ𝑖𝑘 ) can be written as383

𝑓𝐷 (𝑖𝑚𝑖,Θ𝑖𝑘 ) = 𝑃(𝐿𝑆 ≥ 𝑙𝑠𝑖𝑘 | 𝐼𝑀 = 𝑖𝑚𝑖) = 𝑃
(
𝐺

(
{𝐿𝑆 𝑗 𝑘 } 𝑗∈J𝑖

)
≥ 𝑙𝑠𝑖 | 𝐼𝑀 = 𝑖𝑚𝑖

)
(4)384

Similar to component level, building fragility 𝑓𝐷 is described by the lognormal CDF with parameter385

set Θ𝑖𝑘 = {𝜇𝑖𝑘 , 𝜎𝑖𝑘 } as follows386

𝑓𝐷 (𝑖𝑚𝑖,Θ𝑖𝑘 ) = Φ

(
ln(𝑖𝑚𝑖) − 𝜇𝑖𝑘

𝜎𝑖𝑘

)
(5)387

The mapping function 𝐺 (·) is established to determine the overall building fragility through388

one of the two approaches: 1) a system failure model which assumes structural failure when389

any critical component fails (series or parallel failure path), and 2) a probabilistic failure model390

using Monte-Carlo simulation (MCS), which incorporates the interactions, dependencies, and391

correlations between all the components.392

This facilitates calculation of the exact probability that a building is in a specific 𝐷𝑆𝑘 (Eq.393

6), for the occurrence of any of the shaded extent of component 𝑗’s damage provided in Fig. 7.394

Considering three limit states for building level fragility will yield four damage states, 𝐷𝑆0, 𝐷𝑆1,395

𝐷𝑆2, and 𝐷𝑆3, representing insignificant, moderate, extensive, and complete damage, respectively,396

and calculated as follows397

𝐷𝑆𝑘 =



1 − 𝐿𝑆0, 𝑘 = 0

𝐿𝑆𝑘−1 − 𝐿𝑆𝑘 , 1 ≤ 𝑘 ≤ 𝑞

𝐿𝑆𝑞, 𝑘 = 𝑞 + 1

(6)398

In Eq. 6, the lowest damage state (𝑘 = 0) is the probability of not exceeding the first limit state,399

1 − 𝐿𝑆0; each intermediate damage state (1 ≤ 𝑘 ≤ 𝑞) is the probability mass captured between400

two adjacent limit-state exceedance curves, 𝐿𝑆𝑘−1 − 𝐿𝑆𝑘 ; and the highest damage state (𝑘 = 𝑞 + 1)401

equals the probability of exceeding the last limit state, 𝐿𝑆𝑞. This construction ensures that the402

resulting damage-state probabilities partition the full probability space and sum to unity. Then, the403
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most probable damage state of each building, 𝐷𝑆𝑀𝑃, can be obtained as follows404

𝐷𝑆𝑀𝑃 = arg max
0≤𝑘≤𝑞+1

𝑃(𝐷𝑆𝑘 ) (7)405

𝑃(·) represents an exact probability value for the building being in a particular 𝐷𝑆𝑘 . Unlike the406

𝐿𝑆, 𝐷𝑆 probabilities sum to one:
∑𝑞+1
𝑘=1 𝐷𝑆𝑘 = 1. Then, the total number of buildings in each 𝐷𝑆407

is calculated by summing the total number of buildings with 𝐷𝑆𝑀𝑃 in each 𝐷𝑆 category.408

3.3.1 𝐷𝑆 and 𝐷𝑜𝐷 Mapping409

The EF scale estimates 3-second gust speeds at the point of damage using engineering judgment410

of observed field damage, combined with weather and radar data. McDonald and Mehta (McDonald411

and Mehta 2006) classified damage across 3 to 12 levels for 28 indicators/built environments. One412

such damage classification for one- and two-family residences is presented in Table 1. Studies have413

highlighted the advantages of using the higher-resolution structural damage assessment scale, such414

as 𝐷𝑜𝐷, over lower-resolution classifications, such as Hazards U.S. Multi-Hazard (HAZUS-MH)415

𝐷𝑆s (Nevill and Lombardo 2021), for functionality and resilience models. Field investigations416

can identify damage at high resolution and provide more detailed feedback to inform and update417

lower-resolution models. One of the cases evaluated in this study assessed building damage using418

𝐷𝑜𝐷 rather than classifying them into 𝐷𝑆s. Based on these degrees of damage and mean wind419

speed within the 𝐷𝑜𝐷 level classification, these have been mapped to the six degrees of 𝐷𝑆s by420

Adhikari et al. (Adhikari et al. 2021). However, for consistency across all case studies, the 𝐷𝑜𝐷421

is mapped to the five 𝐷𝑆s in the present study and presented in Table 2.422
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TABLE 1. 𝐷𝑜𝐷 for 𝐷𝐼2 (one- or two-family residences)

Wind Speed in 𝑚/𝑠 (𝑚𝑝ℎ)
𝐷𝑜𝐷 Damage Description Expected Lower Bound Upper Bound

0 Threshold of visible damage 29 (65) 24 (53) 36 (80)
1 Loss of roof covering material (<20%), gutters and/or

awning; loss of vinyl or metal siding
35 (79) 28 (63) 43 (97)

2 Broken glass in doors and windows 43 (96) 35 (79) 51 (114)
3 Uplift of the roof deck and loss of significant roof covering

material (>20%); the collapse of the chimney; garage
doors collapse inward; failure of porch or carport

43 (97) 36 (81) 52 (116)

4 Entire house shifts off foundation 54 (121) 46 (103) 63 (141)
5 Large sections of roof structure removed; most walls re-

main standing
55 (122) 47 (104) 64 (142)

6 Exterior walls collapsed 59 (132) 50 (113) 68 (153)
7 Most walls collapsed, except small interior rooms 68 (152) 57 (127) 80 (178)
8 All walls collapsed 76 (170) 64 (142) 89 (198)
9 Destruction of engineered and/or well-constructed resi-

dence; slab swept clean
89 (200) 74 (165) 98 (220)

The HAZUS Hurricane Model Technical Manual (FEMA 2022), developed by the Federal423

Emergency Management Agency (FEMA), has standardized a methodology that provides qualita-424

tive damage descriptions associated with the five 𝐷𝑆s, ranging from no damage (𝐷𝑆0) to complete425

damage (𝐷𝑆4). Full descriptions of damage related to the 𝐷𝑆s for various construction classes can426

be found in the technical manual.427

TABLE 2. 𝐷𝑜𝐷s mapped to 𝐷𝑆s based on damage descriptions from field.

𝐷𝑜𝐷 𝐷𝑆 Description
0–1 0 (None to Minor) Minimal visible damage or no damage at all.
2–3 1 (Minor) Minor damage to roof or siding, slight structural damage that does

not compromise building’s structural integrity.
4–5 2 (Moderate) More substantial damage, such as partial roof loss and broken

windows, may affect the building’s usability but not functionality.
6–7 3 (Extensive) Major structural damage, such as large roof sections being blown

off, wall collapse, and load path disruptions that compromise life
safety and building functionality.

8–9 4 (Complete) Significant portions of the building collapsed or destroyed.

3.3.2 Model Evaluation Metrics428

To evaluate the predictive performance of the model against field-observed data, we utilized429

metrics specifically suited for ordinal categorical data.430
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Agreement Table: To evaluate the performance of a classification model by comparing the431

prediction outputs against actual values, an agreement table similar to confusion matrix in computer432

engineering is envisioned and tailored for tornado damage assessment. This illustrates how well the433

model-predicted 𝐷𝑆 align with field-observed 𝐷𝑆. Diagonal entries in the matrix indicate correct434

classification, while off-diagonal entries represent misclassifications. In this study, each cell (𝑢, 𝑣) in435

the matrix represents percentage of field observations (𝐹𝑖) in damage state 𝑘 , where 𝑘 ∈ 0, 1, ..., 𝑞+1,436

for 𝑥 number of testbeds. Hence, the agreement table of dimension (𝑞 + 1) · 𝑥 × (𝑞 + 1) · 𝑥 is437

constructed, showcasing 𝑞 + 1 damage state classifications for 𝑥 testbeds at once, allowing for joint438

evaluation across both damage classification and testbeds. This facilitates comparison of damage439

state classification performance both within a testbed and across various testbeds, and enables440

identification of under- or overestimation of 𝐷𝑆s, offering insights into the model performances441

and highlighting potential biases, and areas for improvement.442

Quadratic Weighted Kappa (𝜅𝑤): This metric is used to evaluate the agreement between the443

predicted model 𝐷𝑆 and the observed field 𝐷𝑆 while accounting for the ordinal nature of the 𝐷𝑆s.444

While unweighted kappa treats all misclassifications equally, 𝜅𝑤 accounts for the inherent ordering445

of the data by assigning weights to the degree of disagreement (Vanbelle 2016). It is calculated as:446

𝜅𝑤 = 1 −
∑
𝑖, 𝑗 𝑤𝑖, 𝑗𝐺𝑖, 𝑗∑
𝑖, 𝑗 𝑤𝑖, 𝑗𝐸𝑖, 𝑗

(8)447

where 𝐺𝑖, 𝑗 represents the observed number of buildings in the 𝑖th field category and 𝑗 th model448

category, 𝐸𝑖, 𝑗 is the expected number of buildings under chance agreement, and 𝑤𝑖, 𝑗 = (𝑖− 𝑗)2
(𝐾−1)2 is the449

quadratic weight for a 𝐾-category system. A 𝜅𝑤 value of 1 indicates perfect agreement, 0 indicates450

agreement no better than chance, and negative values indicate agreement worse than chance. This451

measure provides a robust indicator of how well the model reproduces the field-observed categorical452

distribution of damage. This also ensures that the penalty disagreement increases according to the453

square of the distance between the categories. This provides a better “stress test” than a linear454

regression metric.455
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Chi-squared test: To assess the statistical significance of association between predicted and456

observed outcomes, the Chi-square test was utilized as a supporting diagnostic. The test should457

be interpreted as an association test rather than as a direct measure of agreement, calibration, or458

predictive accuracy. Because the field and model 𝐷𝑆 labels are paired at the building level, the Chi-459

square test of independence does not directly test whether the model systematically overpredicts460

or underpredicts damage for the same structures. Instead, it evaluates whether the cross-tabulated461

model and field classifications exhibit a non-random association. Assuming independence between462

the prediction and the field observation, the Chi-square test quantifies the extent of deviation463

from randomness. It indicates whether the prediction has some meaningful association with the464

field-observed outcomes. As a result, the Chi-square results are interpreted here alongside paired465

descriptive measures, including exact agreement, overprediction, underprediction, and average466

ordinal error, rather than as standalone evidence of predictive accuracy. A Chi-square test of467

independence can be performed for each testbed individually, as well as for the total, as follows:468

𝜒2 =

𝑅∑︁
𝑟=1

𝑆∑︁
𝑠=1

(𝑂𝑟𝑠 − 𝐸𝑟𝑠)2

𝐸𝑟𝑠
(9)469

where 𝑟 denotes the model 𝐷𝑆, and 𝑠 indicates the field 𝐷𝑆 with both 𝑟, 𝑠 ∈ 𝑘 , 𝑂𝑟𝑠 is the470

observed frequency in model 𝑟 and field 𝑠, 𝐸𝑟𝑠 is the expected frequency under independence, 𝑅 is471

the total 𝐷𝑆 count from model, and 𝑆 is the total 𝐷𝑆 count from the field.472

The null hypothesis (𝐻0) assumes the predicted 𝐷𝑆 classifications are independent of the473

observed field 𝐷𝑆 classifications, meaning any association is by chance or randomness. Then, it474

follows that the alternative hypothesis (𝐻1) indicates a statistically significant association between475

model and field 𝐷𝑆 classification, indicating that the model captures underlying, non-random476

patterns in the observed data. A low 𝑝-value (here 𝑝 < 0.05 ) will lead to rejection of (𝐻0) in477

favor of (𝐻1), which supports the presence of statistical association but does not, by itself, establish478

predictive accuracy or transferability. If the 𝑝-value is high, there is insufficient evidence to reject479

(𝐻0), which suggests that the model’s predictions may be independent of, or weakly associated480

with, field conditions.481
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IMPLEMENTATION OF PROPOSED APPROACH IN US COMMUNITIES482

This section presents the implementation of the proposed approach for US communities, fo-483

cusing on its integration within the IN-CORE framework. It begins by outlining how field 𝐷𝑆 is484

systematically mapped to IN-CORE’s existing 𝐷𝑆 definitions to ensure interoperability and consis-485

tency. Following this, the implementation of fragility models is described, highlighting how these486

models are incorporated into the IN-CORE environment to support hazard analysis and resilience487

assessment.488

IN-CORE (IN-CORE 2024a) is an open-source platform for community testbeds modeling that489

integrates community data, physics-based models of systems with socio-economic interdependen-490

cies to provide quantitative resilience metrics for community-level decision-making (Roohi et al.491

2020). IN-CORE enables community data integration into the platform to produce an accurate492

community model, support the projection of various resilience strategies, and optimize disaster493

resilience planning and post-disaster recovery. These testbed models must be transferable across494

communities to facilitate easy integration with decision- and policymaking frameworks. By uti-495

lizing structured building inventories and hazard datasets aligned with platform-specific semantics496

(IN-CORE 2024b), the framework enables users to assign archetypes and execute damage analyses.497

For tornado hazards, IN-CORE currently estimates damage by assuming a uniform wind speed498

distribution within discrete EF-scale contours. While this approach effectively captures expected499

damage values at the community scale, it doesn’t fully reflect field observations, and localized500

under- or overestimation may occur depending on the building’s geospatial position relative to EF501

intensity boundaries.502

4.1 The NSI exposure dataset mapping to IN-CORE archetypes503

To support exposure modeling, building archetypes are mapped using publicly available data504

sources to ensure consistency with the standardized archetype definitions in the open-source com-505

munity resilience model. (Memari et al. 2018) proposed and employed a multitude of them for506

the Joplin testbed, as detailed in Table 3. Such an approximate representation of diverse structural507

types in the community ensures that the unique vulnerabilities of each structure type are accounted508
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for in the damage assessment. The exposure layer is modeled on the county-level building inventory509

dataset obtained from the NSI, with mapping via Table 4, despite the buildings observed in the field510

being mostly single-family residential (SFR), to achieve consistent, comparable outcomes across511

communities. 19 distinct archetypes were developed by various authors, and Memari et al.512

TABLE 3. 19 archetypes from Joplin testbed and their descriptions.

Archetype Building Description
1 Residential wood building, small rectangular plan gable roof, 1 story
2 Residential wood building, small square plan, gable roof, 2 stories
3 Residential wood building, medium rectangular plan, gable roof, 1 story
4 Residential wood building, medium rectangular plan, hip roof, 2 stories
5 Residential wood building, large rectangular plan, gable roof, 2 stories
6 Business and retail building (strip mall)
7 Light industrial building
8 Heavy industrial building
9 Elementary/middle school (unreinforced masonry)
10 High school (reinforced masonry)
11 Fire/police station
12 Hospital
13 Community center/church
14 Government building
15 Large big-box
16 Small big-box
17 Mobile home
18 Shopping center
19 Office building

Individual buildings are mapped to the 19 archetypes from the Joplin testbed (Memari et al.513

2018) as presented in Table 4. The mapping is based on various characteristics such as the number514

of stories, square footage, and building features. The table presents the codes and descriptions515

of various building types from the NSI dataset and maps them as closely as possible to the 19516

archetypes numbered 1-19. RES-1SNB and the following 5 building types are separated into517

residential archetypes according to the number of stories and floor area. In contrast, RES1-3*,518

which are 3-story archetypes, are mapped to archetype 5 from Joplin due to a lack of archetype519

availability for accurate mapping. No multi-family residential structures with more than 2 units were520

identified within the tornado damage path considered in this study; RES3A which is the multifamily521
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building with 2 units is the only building type within the tornado map and hence is mapped to522

the largest available residential archetype (Archetype 5). The 19 standard IN-CORE archetypes523

do not include dedicated representations of multi-family residential buildings. Consequently, the524

exclusion of multi-family buildings with more than 2 units reflects the availability of building525

inventory within the affected area. Other buildings are categorized and mapped by their specific526

use, such as banks, hospitals, schools, and strip malls. It facilitates applying the available fragilities527

to other similar communities comprising various building types by assigning appropriate archetypes528

based on structural characteristics.529

Future applications of the proposed framework to inventories containing multi-family residential530

buildings as well as other under-represented archetypes in the available fragility sets would require531

the development of dedicated fragility models and archetype mappings. Multi-family structures are532

distinct structural systems than single-family residential buildings, and their response to tornado-533

induced loads cannot be reliably represented using existing single-family archetypes. Developing534

and calibrating tornado fragilities for these building classes remains an important area for future535

research.536
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TABLE 4. Mapping of building types from the NSI to the 19 Joplin archetypes.

Building Type Code Description Archetype Code(s)
RES1-1SNB Single Family Residential, 1 story, no basement 1, 3
RES1-1SWB Single Family Residential, 1 story, with basement 1, 3
RES1-2SNB Single Family Residential, 2 story, no basement 2, 4, 5
RES1-2SWB Single Family Residential, 2 story, with basement 2, 4, 5
RES1-3SNB Single Family Residential, 3 story, no basement 5
RES1-3SWB Single Family Residential, 3 story, with basement 5
RES2 Manufactured Home 17
RES3A Multi-Family housing 2 units 5
COM1 Average Retail 18
COM2 Average Wholesale 7
COM3 Average Personal & Repair Services 18
COM4 Average Professional Technical Services 19
COM5 Bank 19
COM7 Average Medical Office 19
COM8 Average Entertainment/Recreation 16
IND1 Average Heavy Industrial 8
IND2 Average Light Industrial 7
IND5 Average High Technology 8
AGR1 Average Agricultural 1
REL1 Church 13
GOV1 Average Government Services 19
EDU1 Average School 9

The mapping provides essential information for comprehensive risk assessment, resilience537

analysis, and damage experienced by each building. Buildings exposed to the tornado along the538

defined paths in the tornado profile will have their 𝐷𝑆s determined by the fragility functions539

based on the wind speeds they experience. This setup streamlines damage analysis by enabling540

efficient dataset retrieval, ensuring accurate analysis. Fig. 5 illustrates the mapping between the541

NSI occupancy types and the IN-CORE archetypes.542

Fig. 6 presents an overview of all case study areas and depicts the distribution of the cleaned and543

post-processed archetypes within each case study area across the three tornado paths (see Section544

5).545
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Fig. 5. Heat map of the building archetypes matched to the NSI occupancy types according to
Table 4.

4.2 Field 𝐷𝑆 mapping to IN-CORE 𝐷𝑆 definitions546

The definitions of the 𝐷𝑆 in the IN-CORE model include 𝐷𝑆0, 𝐷𝑆1, 𝐷𝑆2, and 𝐷𝑆3, repre-547

senting insignificant, moderate, extensive, and complete damage, respectively. In contrast, field548

observations define 𝐷𝑆0 to 𝐷𝑆4 as no damage, minor damage, moderate damage, severe damage,549

and destroyed. For consistency in the analysis of 𝐷𝑆 definitions from the model, the field 𝐷𝑆s are550

adjusted so that the combined field 𝐷𝑆0 and 𝐷𝑆1 match 𝐷𝑆0 from the model; and other 𝐷𝑆s from551

the field, 𝐷𝑆2, 𝐷𝑆3, and 𝐷𝑆4, are shifted down to 𝐷𝑆1, 𝐷𝑆2, and 𝐷𝑆3, respectively. These are552

summarized in Fig. 7. We will adhere to the four 𝐷𝑆 classifications from IN-CORE in subsequent553

analysis and discussion sections. This adjustment enables a more accurate comparison between the554

field data and the model output.555
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Fig. 6. Distribution of the 19 building archetypes mapped across all the investigated areas.

This remapping is a pragmatic necessity for reconciling the five-state field scale with the four-556

state model scale, but it carries implications that should be acknowledged as a source of epistemic557

uncertainty. Collapsing the field “no damage” (𝐷𝑆0) and “minor damage” (𝐷𝑆1) categories into558

a single model 𝐷𝑆0 removes the ability to distinguish truly undamaged buildings from lightly559

damaged ones, and can therefore mask subtle model performance issues at the lowest damage560

levels. For example, a model that have similar probabilities for buildings being in no-damage and561

minor-damage categories would appear to perform correctly under the merged category. Because562

the quadratic weighting of 𝜅𝑤 penalizes disagreements by the square of the ordinal distance, single-563

level boundary effects introduced by the remapping have a bounded influence on the reported564

statistics. The merged lowest category should be interpreted with this limitation in mind, and565

quantifying the sensitivity of the results to alternative remapping schemes is identified as future566

work.567

4.3 Fragility Assignment568

The state-of-the-art fragility function datasets from the IN-CORE platform are utilized to569

investigate tornado damage. The fragilities are engineering-derived functions assembled from570
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Model 
Damage 

Sates 
Field Damage States Illustrative 

Examples 

Presence or Extent of Failure 

Roof or Wall 
Cover Window or Door 

Roof or Wall 
Substrate Roof Structure Wall Structure 

0 
Minor 

0 None or Very 
Minor 

No Visible Exterior 
Damage 0% 

4 
Destroyed 

Total Loss, Structural 
Load Path 

Compromised beyond 
Repair 

No No No No 

1 
Minor 

Damage Confined to 
Envelope 

>2% and 
≤15% 1 No No No 

1 
Moderate 

2  
Moderate 

Load Path Preserved, 
but Significant Repairs 

Required 
> 15% and 

< 50% 

> 1 and ≤ the 
larger of 3 
and 20% 

1 to 3 panels No No 

2  
Extensive 

3 
Severe 

Major Impacts to 
Structural Load Path > 50% 

> the larger of 
3 and 20% 
and ≤ 50% 

>3 and ≤ 25% ≤ 15% No 

3 
Complete > 50% > 50% > 25% > 15% Yes 

Notes:       Shaded cells are buildings considered to be in the higher damage state. 

Fig. 7. 𝐷𝑆 classifications from model and field assessment [adapted from (Vickery et al. 2006b)]
and their mapping based on their respective model and field 𝐷𝑆 definitions.

mechanics-based analyses, component-to-system simulations, design provisions, and ASCE 7571

standard-based structural assumptions (Wang and van de Lindt 2021b; Wang and van de Lindt572

2022; Memari et al. 2018). The fragility functions are mapped to individual buildings within the573

community by developing mapping rules that identify specific archetypes. Mapping according to574

Table 4 is used to examine whether the IN-CORE damage assessment framework, whose credibility575

has been extensively supported through the 2011 Joplin testbed, remains applicable to other com-576

munities. Limit-state fragility parameters for 19 archetypes are synthesized from various works577

(Wang and van de Lindt 2021b; Wang and van de Lindt 2022; Memari et al. 2018) and implemented578

in IN-CORE for tornado damage analysis.579

A damage assessment model is developed in IN-CORE to simulate and analyze the impact of580

tornadoes on three different communities. Tornado profiles obtained from NWS DAT are processed581

by discretizing the EF contours into a structure compatible with the platform. The geolocation of582

building inventories from the NSI data is mapped to the field data geolocation using spatial indexing583

and nearest-neighbor search techniques for accurate comparison. The 𝐷𝑆 definitions of the field584
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observations from the STEER team are adjusted to align closely with the model definitions. 𝐷𝑆s are585

juxtaposed, and correlations between the field-observed and model-predicted states are analyzed586

using Quadratic Weighted Kappa, 𝜅𝑤 and agreement table. Three case studies are conducted to587

highlight the model’s performance across different communities, identify discrepancies between588

the model and field data, and suggest areas for improvement.589

4.4 Design level mapping590

To account for structural variability, buildings were mapped to fragility functions based on the591

design levels (𝐷𝐿s) defined in Table 5 (Wang and van de Lindt 2022). 𝐷𝐿s represent the hierarchy592

reinforcements for key structural elements applied to residential archetypes, ranging from basic to593

advanced configurations. The associated fragility identifiers and parameters were sourced directly594

from the IN-CORE platform. The fragility parameters are summarized in Table 12 of Appendix I,595

while the associated fragility identifiers for the 𝐷𝐿 are as follows:596

• 𝐷𝐿1: 5e4ca44f9e2c59000178984d597

• 𝐷𝐿2: 5e4ca5299e2c590001789854598

• 𝐷𝐿3: 5e4ca5f89578290001e5905b599

TABLE 5. Retrofit strategies of residential buildings in different 𝐷𝐿s.

Structural elements Description 𝐷𝐿1 𝐷𝐿2 𝐷𝐿3
Roof covering Asphalt shingles X X –

Clay tiles – – X

Roof sheathing nailing pattern 8d C6/12 X – –
8d C6/6 – X X

Roof-to-wall connection type Two 16d toenails X – –
Two H2.5 clips – X X

CASE STUDIES AND RECONNAISSANCE SURVEY600

This study evaluates building resilience and damage states by analyzing three significant tornado601

events across the South-Central United States: the 2020 Nashville-Cookeville tornado, the 2022602

Arabi tornado, and the 2015 Dallas tornado. These cases were selected to represent two higher-603
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intensity tornado classes (EF3 and EF4) and to capture the structural variation and construction604

practices, as well as leveraging the authors’ direct involvement in post-event field investigations605

and prior modeling efforts in these regions, ensuring the use of validated, high-fidelity data. The606

absence of an EF5 event in the additional testbeds (beyond the original Joplin EF5 tornado case607

study) is attributed to (1) the rarity of EF5 tornado occurrences and (2) the lack of direct author608

involvement in a recent EF5 event. This limitation is not expected to materially affect the analysis,609

as EF5 tornadoes are exceedingly rare, and even in such events, only a small number of structures610

typically experience EF5-level damage. The majority of the damage path is generally subjected to611

EF4 or lower wind intensities.612

This selection enables an initial cross-community comparison and provides valuable insights613

into framework performance across these diverse event conditions and community characteristics,614

while establishing a foundation for future validation using a broader range of tornado environ-615

ments. The interpretations of generalization and transferability should be understood within these616

constraints before additional datasets are integrated.617

The Nashville-Cookeville event provides a large-scale data set across multiple counties (David-618

son, Wilson, and Putnam). In contrast, the Arabi event offers a unique perspective on modern619

construction performance, as many structures in the area were rebuilt in accordance with the 2006620

IRC codes following Hurricane Katrina (Roueche et al. 2023). Finally, the 2015 Dallas event serves621

as a high-intensity benchmark, with peak winds reaching 180 mph. Together, these events allow for622

a robust comparative analysis of structural fragility. Table 6 provides a comprehensive summary623

of the spatial characteristics, peak wind speeds, and the resulting human and economic impacts for624

each event (NCEI 2024; NOAA 2020; Maas et al. 2024).625

Fig. 8 illustrates the trajectories and intensity profiles of the three selected tornado events. This626

illustrates the directionality, geographic extent, and varying damage swaths for each case study,627

providing the foundation for the subsequent vulnerability analyses.628

To accurately categorize the structural variability of the building stock across the three study629

regions, 𝐷𝐿s were assigned based on the local building code adoption. The study utilized the630
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TABLE 6. Summary of Tornado Events and Impacts

Event Date EF (mph) Tornado Path (𝐿,𝑊, Di-
rection)

Economic
Loss

Human Impact

Nashville-
Cookeville

2020 4 (165) (96.56 km, 1.45 km,
Eastward)

~$1.6 Billion 25 Deaths, 300+
Injuries

Arabi 2022 3 (160) (18.51 km, 0.30 km,
Northeastward)

~$30 Million 1 Death, 2+ In-
juries

Dallas 2015 4 (180) (20.99 km, 0.50 km,
Northeastward)

~$3 Billion 10 Deaths, 468
Injuries

specific adoption history of the International Building Code (IBC) and the International Residential631

Code (IRC) within the target jurisdictions. For example, improvements in construction practices632

in Arabi are reflected in the assignment of 𝐷𝐿2 fragilities to buildings constructed using the IRC633

2006 code and later (construction era 2007-present). Key structural parameters investigated for634

demarcating included roof-to-wall connections (RWC) and roof deck attachment (RDA). Table 7635

synthesizes the code adoption history and the recommended 𝐷𝐿 mapping.636

TABLE 7. 𝐷𝐿 Assignments Based on Regional Building Code Adoption and Key Structural
Parameters

Jurisdiction(s) Construction Code Reference Structural Features 𝐷𝐿

Era

Coastal 2007 – Present IRC 2006 & later RWC: 1; RDA: 8d; Shutters: 1 2
St. Bernard Parish Pre-2007 Unknown / Legacy RWC: 0; RDA: 6d; Shutters: 0 1

Interior Post-2018 2018 IRC RWC:1; RDA: 8d Ring-Shank Nails 2
Wilson, Davidson, 2014/15 – 2018 IRC 2012 RWC: 1; RDA: 8d 1
Putnam, Dallas Pre-2014 IRC 2006 & earlier RWC: 0; RDA: 8d/6d 1

5.1 Reconnaissance Process: Preliminary National Weather Service (NWS) Survey637

The left figure in Fig. 9 illustrates the discrepancy between field data and NWS tornado638

windfield, and depicts the damage identified from a detailed survey of the Arabi tornado, which639

extends beyond the tornado contour established by a preliminary NWS survey. The detailed field640

survey provided more extensive damage information, including damage to some buildings outside641

the NWS tornado profile. The right figure shows misalignment between 𝐷𝑆 classification and the642
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36.30°N
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Tornado EF−Scales
EF0

EF1

EF2

EF3

EF4

(a) Nashville-Cookeville tornado path with county boundaries: Davidson ( ), Wilson ( ), and Putnam
( ).

N

300 m

29.95°N

29.96°N

29.97°N

90.005°W 90.000°W 89.995°W

(b) Arabi tornado path

N

1 km32.80°N

32.85°N

32.90°N

32.95°N

96.58°W 96.56°W 96.54°W 96.52°W 96.50°W

(c) Dallas tornado path

Fig. 8. Tornado path with EF-profiles and associated case study locations. The figure highlights
differences in path length and intensity measure to contextualize variations in tornado impact. Case
study locations are labeled to correspond with detailed descriptions in the main text.

EF-wind speed expectation. Buildings are classified as higher 𝐷𝑆 even though they lie within643

lower EF-scale contours. An uncalibrated hazard layer significantly affects the model’s damage644
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output. This underscores the importance of a detailed field investigation. The high-resolution data645

obtained from door-to-door field assessments and UASs, as well as public input and recordings in646

the aftermath of the event, provide greater accuracy for damage assessment. The contours could be647

refined with comprehensive information.648
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Field data (inside)
Field data (outside)
NSI data (inside)

N

400 m
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Field Damage States
0
1
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3
4

Tornado EF−Scales
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EF1
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Fig. 9. Disparity in StEER field data and NWS tornado contours: (left) NSI and StEER collected
field data points for St. Bernard NWS tornado windfield, and (right) buildings with field 𝐷𝑆

classification within the tornado windfield in an area of Wilson county.

5.1.1 Comprehensive Post-Event Reconnaissance by StEER649

The field reconnaissance team carefully selected clusters of buildings along the tornado’s path650

to assess and capture the tornado’s intensity gradient in both the transverse and longitudinal direc-651

tions. For all the tornado events considered in the study, the StEER Field Assessment Structural652

Team (FAST) yielded various findings, including 𝐷𝑆 and 𝐷𝑜𝐷 information. For example, for653

the Tennessee-based tornadoes, the field investigation included door-to-door assessments leveraged654

with UAS for clusters of buildings in Nashville, Mount Juliet, Lebanon, and Cookeville, along655

with street view imagery along the entire track of the tornado (Wood et al. 2024). The recon-656

naissance sampled pre-selected building clusters along the tornado path to capture variations in657

both the transverse and longitudinal directions. A recent study examining surveyor agreement and658

discrepancies found that agreement between evaluators was low for less severe damage but wors-659

ened with increasing damage severity (Merhi et al. 2026). While the damage state categorization660

was obtained from a single surveyor, the individual criteria for damage rating (e.g., % roof cover661
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damage, % window/door damage, etc) was later separately quantified by a team of data librarians662

using all available imagery (aerial, street-level panoramic, and StEER photos), and the original663

damage rating was verified against the component level damage percentages to ensure consistency.664

However, an important consideration is that the final post-processed dataset comprised a single665

damage categorization. A formal inter-coder reliability assessment was not feasible in the present666

study due to the lack of overlapping observations.667

Right panel of Fig. 9 highlights inconsistencies in EF-contours derived from the field damage668

investigation by NWS and the field data from the StEER survey. The StEER survey classifies669

several buildings as 𝐷𝑆4 that lie outside the damage contours, representing the most intense EF-670

scale, which in this case is EF-3, as identified by NWS from its preliminary survey. This implies that671

the tornado model used for analysis may underestimate or overestimate damage, depending on the672

accuracy of the EF contours used to drive it. These findings provide an opportunity to continuously673

update the database as new information becomes available, thereby enhancing resilience models674

and informing accurate, effective decision-making.675

In recent construction practices, reconnaissance identified several concerns regarding the dispar-676

ity in the strength of building components along vertical load paths (straps and anchors are used at677

some connections, and toenails at others). Poor structural performance was observed in reinforced,678

unreinforced, and precast concrete construction, while mobile/manufactured homes, whose tornado679

vulnerability is assumed to be sufficiently high, were less affected. A lack of tornado shelters was680

observed even for critical infrastructures such as schools and government facilities, which suffered681

significant structural and non-structural damage. This observation also raised significant concerns682

about code-compliant housing units, including ineffective transfer of load from the structure to the683

foundation, with only the structure’s gravity load resisting the uplift force. This variability is not684

captured within the fragility-based models. This section examines the disparity between field and685

model data and whether the model captures these uncertainties.686

The model’s damage assessment categorizes building damage into 4 𝐷𝑆 categories, while field687

damage for 4 counties is categorized into 5 𝐷𝑆s and for 1 county into 10 𝐷𝑜𝐷s. Both 𝐷𝑆 and688
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𝐷𝑜𝐷 classification information are available for the three communities investigated, while only689

one classification is available for the other two. The number of field investigated buildings are690

274, 200, 558, 210, and 718 for Wilson, Putnam, and Davidson Counties, St. Bernard Parish, and691

Dallas County, respectively. A summary of the total 𝐷𝑜𝐷 and 𝐷𝑆 classification for the buildings692

is visualized in Fig. 10.693
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Fig. 10. Number of buildings classified into (left) 𝐷𝑜𝐷, and (right) 𝐷𝑆 categories from field ob-
servation for the case study areas. St. Bernard field investigation did not provide 𝐷𝑆 classification,
while Dallas field investigation provided only 𝐷𝑜𝐷 classification. For the other three counties,
both the 𝐷𝑆 and 𝐷𝑜𝐷 values are available.

After filtering for data points within the tornado path only, and geolocation mapping with the694

NSI dataset, the number of samples considered for model analysis reduced to 232, 186, 481, 116,695

and 621 observations, respectively. The reduction in sample space is illustrated in 11. The data is696

then processed to conduct archetype mapping and 𝐷𝑜𝐷 to 𝐷𝑆 mapping.697
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Fig. 11. Sample size pre- and post-processing.

Fig. 12 presents the distribution of archetypes across damage states, together with the average698

EF-scale rating experienced by each archetype within the corresponding damage state. The results699

indicate that buildings frequently reach higher damage states without necessarily being subjected700

to peak EF-scale wind speeds, underscoring the variability in structural performance across the701

community’s building stock.702
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Fig. 12. Heat map showing damage state experienced by the buildings representing each archetype.
The cells include the total count of the buildings, and colors show the average EF-scale experienced
by each archetype in that damage state.
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5.2 Spatial Scale Effects in the 2011 Joplin Tornado Case Study703

The May 22, 2011, Joplin tornado represents one of the most devastating tornado disasters in704

U.S. history. Hence, the Joplin tornado has been the most extensively studied testbed for tornado705

hazard assessment. For tornado damage analysis and resilience planning through hindcasting, the706

Joplin testbed has been extensively used in the literature. While previous studies (Attary et al.707

2018; Wang and van de Lindt 2021a) have reported good correlation between IN-CORE models708

calibrated for Joplin and aggregate observed damage, our more granular, multi-event validation709

reveals that these Joplin-calibrated models do not consistently maintain predictive accuracy or710

transferability when applied to other contexts or at the individual building scale.711

6,893 unique buildings are obtained after extracting the buildings from the NSI dataset that lie712

inside the given Joplin tornado contour (Fig. 13). The results in Table 8 are obtained from damage713

analysis for these exposure inventory using 𝐷𝐿1 fragilities.714

TABLE 8. Number of buildings in each damage state (DS) for 𝐷𝐿1 fragilities.

DS Building Counts, N (%)
𝐷𝑆0 38 (0.56%)
𝐷𝑆1 531 (7.7%)
𝐷𝑆2 521 (7.56%)
𝐷𝑆3 5,803 (84.19%)

The number of buildings that are completely damaged and destroyed (5,803) using 𝐷𝐿1 fragili-715

ties is substantially overestimated compared to field observations (43% of total buildings were716

destroyed (Aghababaei et al. 2020a)), while remaining comparable to estimates reported by other717

similar models (88.9% of total buildings were completely damaged (Wang and van de Lindt 2021a)).718

This comparison indicates that community-scale model outputs can appear similar across modeling719

studies while still differing substantially from field-observed damage. For the same general Joplin720

testbed context, the fraction of buildings predicted to be completely damaged ranges from roughly721

43% in field-based estimates to 84% under 𝐷𝐿1 fragilities here and 88.9% in the model of Wang722

and van de Lindt (Wang and van de Lindt 2021a). The spread between field observation and model723

estimates is consistent with the fragility set and design-level assumption being major contributors724
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to aggregate damage estimates within the IN-CORE framework, while not isolating them from725

uncertainties in hazard and exposure representation. However, investigation into two independent726

sets of field-observed datasets, Dataset 1 with 488 buildings, Joplin-A, (Fig. 14a) and Dataset 2727

with 74 buildings, Joplin-B (Fig. 14b), illustrates that a more granular, and sparse building selection728

for 𝐷𝑆 classification will have field investigation biases and variability that model will not be able729

to capture. Following geolocation mapping of the field data to the NSI dataset, 352 buildings730

were successfully matched and retained for subsequent analysis. Damage classifications for these731

buildings in the Joplin tornado path are obtained from (Roueche et al. 2024c).732

TABLE 9. Transposed marginal sensitivity analysis for Joplin-A showing 𝐷𝑆 classifications
by row and assumed structural 𝐷𝐿 by column, compared with the observed field-data marginal
distribution (Lombardo et al. 2015). Each of the columns summarize the Joplin-A records used for
the design-level sensitivity analysis (𝑁 = 352) compared with actual Field Data. This table is a
marginal sensitivity summary rather than a paired agreement matrix.

Damage
State

Assumed 𝐷𝐿 Field
Data

1 2 3
DS0 0 17 54 99
DS1 2 13 3 54
DS2 2 108 148 144
DS3 348 214 147 55
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Fig. 13. Joplin tornado profiles with EF-Scale contours

Implementing all three design-level fragilities for the wind speed estimations by Lombardo et733

al. (Lombardo et al. 2015) to obtain exact 𝐷𝑆 classification according to Eq. 7, the sensitivity734
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results are gathered for Joplin-A (Table 9). This demonstrates that with a constant hazard field, the735

assumed fragilities play a significant role in predicting the damage states of the buildings. Under the736

assumption that buildings are at 𝐷𝐿1, the model yields only higher-order 𝐷𝑆 classifications. Given737

𝐷𝐿2 and𝐷𝐿3 fragilities, a broader distribution of𝐷𝑆 is observed, reflecting more dispersed𝐷𝑆 and738

closer alignment with field investigation. These results demonstrate that the integration of archetype739

mapping and hazard fields yields statistically significant predictive outcomes at the community740

scale. However, damage state (𝐷𝑆) predictions fail to capture empirical field observations at high741

resolution scale, regardless of the design-level fragility assumptions applied to the building stock.742

𝐷𝐿1 and 𝐷𝐿2 overestimated the damage to the buildings, while 𝐷𝐿3 underestimated the higher743

𝐷𝑆. The results demonstrate the limitations of fragility models, uncertainties in building capacity744

assumptions, and shortcomings of simplified 𝐷𝑆 classification based on maximum likelihood745

estimation.746
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(b) Joplin-B

Fig. 14. Dataset for Joplin at two levels of resolutions from the field observation.

Fig. 15 presents a field and model comparison matrix where the colored boxes represent the747

count of geolocationally matched model and field buildings that fall within the respective 𝐷𝑆748

classification. It illustrates a large uncertainty in damage prediction when the two cases are749

considered. The model, which performs relatively well at scale, does not seem suitable for a750

more granular analysis. The model’s large-scale hindcasting and prediction performance does not751

translate well to a more granular, randomized, and sparse analysis. The results indicate that the752
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model predominantly predicts 𝐷𝑆3 across both datasets. As the sample size increases, the model753

exhibits greater dispersion (Table 8), highlighting the inherent discrepancies in its output due to754

variations in field assessment resolution.755
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Fig. 15. Comparison of field-observed and model-predicted 𝐷𝑆 for two spatial resolutions in
Joplin. For both resolutions, the model predictions exhibit systematic overprediction.

Similarly, the presented case studies have varying levels of granularity - the number of investi-756

gated buildings ranges from 43 to 621. These generate highly uncertain predictions, as explained757

in the subsequent section. This internal consistency among models that nonetheless diverge from758

field data reinforces the need for the rigorous, field-anchored transferability and validation analysis759

pursued in this study.760

RESULTS AND DISCUSSION761

Table 10 provides all 𝐷𝑆 counts from field data and model output, specifically for building762

inventories geolocally mapped to field inventories. This approach allows a pairwise comparison763

between field-observed and model-predicted data and provides more intuitive insight into the764

model’s improvement. Fig. 16 provides a graphical color-map comparison of the 𝐷𝑆s from the765

field data and the model output. As the figure shows, the model 𝐷𝑆s do not accurately represent766

the ground truth. Some buildings were cataloged in the field as 𝐷𝑆1, whereas the model identifies767

them as 𝐷𝑆0. The model tends to overestimate the number of buildings with no damage compared768

to field data across all areas, even with the earlier mapping.769
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ical field observations with model predictions.

Further investigation of 𝐷𝑆 probabilities and spatial configuration of buildings reveals critical770

insights into the performance and limitations of current fragility-based predictive frameworks.771

Although global discrepancies are evident, localized discrepancies in which the difference in772

𝐷𝑆 assignments between field-observed and model-predicted states exceeds 2 ordinal 𝐷𝑆 levels,773

|𝐷𝑆 𝑓 𝑖𝑒𝑙𝑑 −𝐷𝑆𝑚𝑜𝑑𝑒𝑙 | ≥ 2, suggest systematic errors attributable to fragility functions. In Fig. 17(b),774

a building mapped to archetype 5 is highlighted, for which the crossover in 𝐿𝑆 fragilities between775

𝐿𝑆0 and 𝐿𝑆3 demonstrates the inconsistency, resulting in the probability of being in 𝐷𝑆2 being776

negative. This is further compounded by a near identical probability values for two of the maximum777

𝐷𝑆s within a probability margin of less than 10%, |Δ𝑃(𝐷𝑆)𝑚𝑎𝑥1,2 | < 0.1, where 1 and 2 denote the778

first and second maximum probability of being in any of the four 𝐷𝑆 for a building. This forces779

a 𝐷𝑆3 prediction via Equation 7’s maximum probability criterion, resulting in a deviation of three780

levels from ground truth. The absence of appropriate dispersion constraints across limit states781
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prevents consistent separation among fragilities, thereby allowing overcrossing and probabilistic782

ambiguity between neighboring damage states (𝑃 (𝐷𝑆0) ≈ 𝑃 (𝐷𝑆3)). The maximum-likelihood783

decision, therefore, assigns an erroneously higher damage level, despite the secondary probability784

better matching field evidence. Fig. 17(c) demonstrates another case of classification error due785

to near identical probabilities (𝑃 (𝐷𝑆0) ≈ 𝑃 (𝐷𝑆1)), |𝐷𝑆0 − 𝐷𝑆1 | = 0.04, resulting in 𝐷𝑆𝑚𝑜𝑑𝑒𝑙786

prediction 1 state higher than 𝐷𝑆 𝑓 𝑖𝑒𝑙𝑑 . And Fig. 17(d) illustrates a dominant case where the model787

predicts 𝐷𝑆0 with P(𝐷𝑆0) = 0.65 with higher certainty yet systematically underestimates 𝐷𝑆 by788

two states (𝐷𝑆 𝑓 𝑖𝑒𝑙𝑑 = 2). This highlights how even predictions with high probability of being in789

𝐷𝑆 are erroneous due to deficiencies in the fragility models.790
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Fig. 17. Comparative analysis of model-predicted vs field-observed damage states. (a) Spatial
distribution of significant discrepancies (|𝐷𝑆 𝑓 𝑖𝑒𝑙𝑑 −𝐷𝑆𝑚𝑜𝑑𝑒𝑙 | ≥ 2) and small probability difference
between two maximum probable 𝐷𝑆. (b) Archetype 5 with model error (𝐷𝑆𝑚𝑜𝑑𝑒𝑙 = 3 vs 𝐷𝑆 𝑓 𝑖𝑒𝑙𝑑 =
0) caused by improper dispersion parameters of the adjacent limit states and resulting in crossover.
(c) Misclassification due to a narrow margin (<10%) between the two most probable damage states.
(d) High confidence model misprediction where model predicts 𝐷𝑆𝑚𝑜𝑑𝑒𝑙 = 0, 𝑃(𝐷𝑆0) = 0.65, yet
underestimates 𝐷𝑆 𝑓 𝑖𝑒𝑙𝑑 by two states.
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TABLE 10. Number of buildings in particular 𝐷𝑆 for the case study areas

Damage Davidson Wilson Putnam Arabi Dallas
State Field Model Field Model Field Model Field Model Field Model
𝐷𝑆0 157 97 58 46 68 45 28 9 322 90
𝐷𝑆1 125 47 58 16 35 7 31 13 170 1
𝐷𝑆2 97 66 45 49 10 29 14 32 107 78
𝐷𝑆3 102 271 71 121 73 105 43 62 22 452

Table 11 illustrates the model’s predictive performance using quadratically weighted Kappa791

(𝜅𝑤) and shows that it varies significantly across the studied communities. The highest agreement792

was observed for Putnam and Wilson, where the model effectively captured the distribution of793

observed damage states. Using the Landis and Koch scale (Landis and Koch 1977), the model’s794

performance was categorized into perfect (0.81-1.00), substantial (0.61-0.80), moderate (0.41-795

0.60), fair (0.21-0.40), and slight/poor (0.00-0.20). The model exhibited moderate agreement796

in Putnam and Wilson (𝜅𝑤 ≈ 0.59 and 0.43, respectively), fair agreement in Davidson and St.797

Bernard (𝜅𝑤 ≈ 0.37 and 0.22, respectively), and slight to poor agreement in Dallas and Joplin798

(𝜅𝑤 ≈ 0.12 and 0.01, respectively), where systematic overprediction was most prevalent. The799

statistical outcome highlights uncertainties inherent in the event with the influence of local factors,800

including variations in construction practices, building age and code adoption, housing stock801

characteristics, maintenance conditions, terrain and topographic effects, vegetation and surrounding802

exposure conditions, as well as differences in tornado intensity distributions and damage assessment803

practices. The low 𝑝-values and the quadratic weighted kappa indicate a statistically significant,804

non-random association between model predictions and field-observed damage, but they do not, by805

themselves, constitute evidence of operational readiness; transferability to heterogeneous tornado806

environments requires further multi-event validation before operational deployment.807

A percent agreement table in Fig. 18 demonstrates a direct one-to-one comparison between808

field-observed and model-predicted 𝐷𝑆 across different communities. This facilitates descriptive809

evaluation of building-level model performance relative to field data, including exact matches and810

directional misclassifications. Each cell in the matrix quantifies the percentage of buildings in the811

given category for both the model prediction and field observation. Higher values (percentages)812
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TABLE 11. Weighted Kappa and Error Analysis by Community

Community N 𝜅𝑤 Agreement p-value Exact % Under % Over % Average
Strength Error

Wilson 232 0.43 Moderate < 0.001 42.67 14.66 42.67 0.50
Putnam 186 0.59 Moderate < 0.001 59.14 6.99 33.87 0.57
Davidson 481 0.37 Fair < 0.001 38.46 10.60 50.94 0.76
StBernard 116 0.22 Fair < 0.001 36.21 17.24 46.55 0.65
Dallas 621 0.12 Slight < 0.001 15.30 2.58 82.13 1.71
Joplin-A 352 0.01 Poor 0.10 15.91 0.00 84.09 1.55
Joplin-B 43 0.03 Poor 0.24 60.47 0.00 39.53 0.74

Note: Agreement strength for 𝜅𝑤 value - perfect (0.81-1.00); substantial (0.61-0.80); moderate (0.41-0.60); fair

(0.21-0.40); and slight/poor(0.00-0.20). Average Error denotes the mean signed ordinal error, calculated as
𝐷𝑆𝑚𝑜𝑑𝑒𝑙 − 𝐷𝑆 𝑓 𝑖𝑒𝑙𝑑; positive values indicate net overprediction. Reported 𝜅𝑤 values are point estimates and should
be interpreted cautiously, especially for smaller samples such as Joplin-B.

along the diagonal indicate strong agreement between field observations and model predictions,813

while off-diagonal elements indicate misclassifications. The figure also reveals a substantial number814

of buildings above the diagonal, indicating overestimation, where the model predicts higher damage815

states than observed. From the figure, it can be observed that when the field classification is 𝐷𝑆0816

or 𝐷𝑆1, the model classification varies across buildings from 𝐷𝑆0 to 𝐷𝑆3. In contrast, for 𝐷𝑆2 and817

𝐷𝑆3 field classifications, the model-predicted 𝐷𝑆 is mostly concentrated at 𝐷𝑆3.818

The model also shows greater certainty in classifying low (𝐷𝑆0) and high (𝐷𝑆3) damage levels819

than intermediate damage levels. As evident in the results, all model-predicted𝐷𝑆2 values are nearly820

negligible across communities, indicating the model’s uncertainty in classifying mid-range building821

damage. The matrix also shows that the model prediction, compared to the field 𝐷𝑆, is within ±2822

𝐷𝑆. A ±1 has also been reported as the variability in the field 𝐷𝑆 classification. Accordingly,823

exact-agreement percentages should be interpreted as a strict and conservative measure of building-824

level agreement because single-level field-label variability can shift observations across adjacent825

𝐷𝑆 boundaries. The present analysis summarizes exact matches and directional errors, but it does826

not propagate this field-label uncertainty through a formal tolerance-based metric. This shows827

potential biases and inconsistencies across different communities.828

The model’s tendency to concentrate predictions at the extreme states, and in particular its829
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predominant assignment of 𝐷𝑆3 at the wind speeds characteristic of these EF3–EF4 events, can be830

traced to the way the underlying fragilities are constructed rather than to the exposure or hazard831

inputs. Three mechanisms contribute. First, the damage states are derived as differences between832

adjacent limit-state curves (Eq. 6); when the three limit-state curves are closely spaced and steep833

over the relevant wind-speed range, the intermediate-state probability bands (𝐷𝑆1, 𝐷𝑆2) become834

narrow and rarely dominate, so the most-probable-state criterion (Eq. 7) collapses onto 𝐷𝑆0 below835
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the cluster and 𝐷𝑆3 above it. Second, several archetypes exhibit limited or no dispersion separation836

between limit states, and in some cases crossover, which produces near-degenerate probabilities837

between non-adjacent states and forces the argmax toward 𝐷𝑆3 even when intermediate damage838

is more physically plausible (illustrated in Fig. 17). Third, the 𝐷𝐿1 design level assigns weak839

vertical-load-path connections, so that once wind speeds exceed the steep portion of the fragilities,840

exceedance of the highest limit state becomes overwhelmingly likely. Together these factors841

indicate that the 𝐷𝑆3 bias is primarily an artifact of fragility-curve shape and limit-state spacing,842

compounded by the design-level assumption, rather than of how wind speeds are mapped to843

buildings. This points to constraining limit-state dispersion and enforcing monotonic separation844

between curves as concrete avenues for model improvement.845

A key source of epistemic uncertainty in the damage analysis stems from potential misassign-846

ment of both the archetypes as well as 𝐷𝐿 to the testbed building inventories. Hence, a sensitivity847

analysis was conducted on archetype assignments. The sensitivity analysis presented herein pro-848

vides an initial quantification of the uncertainty introduced by archetype assignment decisions. Due849

to a limited number of available archetypes from IN-CORE, classification inconsistencies were en-850

countered during multi-family archetype mapping, where post-hoc filtering was required to resolve851

ambiguous assignments. Fig. 19 demonstrates the percentage of buildings in any given 𝐷𝑆 assigned852

for three cases - (a) when all buildings within the tornado path are assigned a single archetype, (b)853

when actual mapping is considered, and (c) actual field 𝐷𝑆 data. The largest percentage point (pp)854

difference shows the most divergent 𝐷𝑆 for each state. Putnam model predictions behaves relatively855

well compared to others with Dallas showing the largest deviations from field data. This suggests856

that the uncertainties associated with archetype mapping have only a minor influence on overall 𝐷𝑆857

classification, and the existing fragility functions do not fully capture variability in vulnerability858

across archetypes, reducing the influence of archetype-specific assignments on the predictions.859

The “minor influence” of archetype assignment should be interpreted carefully and is not in860

tension with the larger discrepancies observed in overall model performance. Fig. 19 does show861

visible variation between the single-archetype and actual-mapping cases (most noticeably for 𝐷𝑆0862
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and 𝐷𝑆3), but this variation is small relative to the gap between either model configuration and863

the field data. In other words, switching archetypes moves the predicted distribution far less than864

the amount by which the predictions already deviate from observations. The reason is that the865

available archetype fragilities are clustered in vulnerability over the EF3–EF4 wind-speed range866

considered here, so that reassigning a building from one archetype to another rarely changes its867

most-probable damage state. These results are consistent with the fragility functions themselves868

and the design-level assumption being major contributors to the observed error, while archetype869

misassignment appears to be a secondary, though non-negligible, contributor.870

Dallas warrants specific attention because it exhibits the largest deviations from field data871

(𝜅𝑤 ≈ 0.12, 82% overprediction) and because design-level misassignment could not be ruled872

out. Several characteristics of this testbed plausibly compound the general fragility limitations.873

The 2015 Garland–Dallas event struck a heterogeneous, largely pre-2000 metropolitan building874

stock whose construction practices, roof-to-wall connection details, and code vintage may not be875

well represented by the residential archetypes and design-level assumptions used in deriving the876

available fragilities. The field inventory for Dallas is also dominated by lower observed damage877

states (Table 10: 322 field 𝐷𝑆0 and 170 field 𝐷𝑆1 of 621 buildings), so the model’s systematic878

concentration at 𝐷𝑆3 produces especially large overprediction precisely where most buildings879

sustained little damage. Finally, the design-level sensitivity analysis indicates that assigning a880

higher 𝐷𝐿 fits the observed Dallas distribution more closely, but this should be interpreted as a881

design-level identifiability limitation rather than proof that a higher 𝐷𝐿 is known to represent the882

building stock. These factors, heterogeneous construction, a low-damage-dominated inventory, and883

possible 𝐷𝐿 underassignment, together explain why Dallas is a particularly challenging case.884

A sensitivity analysis was conducted by considering the building stock in all the communities885

to be in either of the 𝐷𝐿s. Figs. 24 - 26 in the Appendix illustrate these points. The transition886

from overestimation to underestimation of 𝐷𝑆s between 𝐷𝐿1 and 𝐷𝐿2 highlights a fragility-based887

sensitivity threshold within the model. This shift indicates that the effective wind resistance of the888

building inventory’s structural elements cannot be accurately represented by a single, discrete 𝐷𝐿.889
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Fig. 19. Sensitivity analysis of archetype fragility assignments for residential archetypes, the
dominant building inventory class, across five representative counties.

Rather, the building stock exhibits an intermediate structural capacity that exceeds the baseline890

𝐷𝐿1, but lacks the enhanced structural modification of 𝐷𝐿2. Hence, applying both the rule-891

based 𝐷𝐿 classification (see Table 7) and the homogeneous 𝐷𝐿 results in either overestimation or892

underestimation of the systems’ physical vulnerability.893

Fig. 20 indicates rejection of 𝐻0 in five communities, providing evidence of statistical depen-894

dence between the model and field classifications. This result suggests that the model classifications895

are not random with respect to field observations. However, the Chi-square statistic is an associ-896

ation measure and does not account for the paired building-level structure of the data, the ordinal897

distance between damage states, or the direction of prediction error. Davidson County, for exam-898

ple, has a large 𝜒2 value indicating strong statistical association, but only fair agreement from the899

weighted-kappa result (𝜅𝑤 = 0.37). Thus, the Chi-square result is treated as a supporting indication900

of non-random association, whereas predictive performance is evaluated primarily using 𝜅𝑤, exact901

agreement, underprediction, overprediction, and average ordinal error.902

Overall, the model-predicted damage states do not fully reproduce the field observations; the903

magnitude and probable sources of these discrepancies are examined in the following section.904
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DISCUSSION ON MODEL PERFORMANCE, TRANSFERABILITY, AND905

REAL-WORLD IMPLICATIONS906

The comparison of field observations with model predictions across multiple tornado-affected907

communities reveals both the capabilities and limitations of archetype-based fragility models in908

community-level damage assessment. The model consistently over-predicts higher damage states,909

indicating that the current predictions are not fully transferable without significant revision. Several910

potential contributors require further exploration to identify their relative importance: 1) the911

epistemic and aleatory uncertainties in the analytical framework for obtaining the fragility functions912

for various archetypes (e.g., assumptions about tornado loads), 2) imprecise information from the913

open-access dataset on both exposure (building inventory) and hazard (tornado), 3) uncertainty914

in field damage assessment, 4) geographic coverage of field investigation (samples may not be915

perfectly representative of the true distribution of damage states), and 5) secondary damage sources916

such as debris impact and missile penetration not considered in the model. Prediction mismatches917

at spatial resolution are also observed, showing the model’s uncertainty at a granular level.918
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More broadly, design-level identifiability, most evident in the Dallas testbed, compounds these919

limitations. The Dallas results show that a design level can fit the observed field distribution more920

closely without proving that the same design level is the correct physical representation of the921

building stock; consequently, design-level misassignment cannot be ruled out as a contributing922

factor.923

For practice, these findings imply that archetype-based tornado fragility models are best used924

as community-scale screening tools accompanied by explicit uncertainty bounds, rather than as925

building-level predictors, until they are validated and updated against local field data. Establishing926

reliable building-level prediction is a prerequisite for using such models to guide mitigation,927

preparedness, and code-related decisions for individual communities.928

CONCLUSION929

This paper presented an iterative, multi-stage framework for quantifying modeling error and930

evaluating the transferability limitations of archetype-based fragility models when applied beyond931

their original risk contexts, coupling post-event reconnaissance, open-access exposure and hazard932

modeling, computational damage analysis, and one-to-one comparison of predicted and observed933

damage states. Existing fragility functions, archetypes, and design levels are applied as-is, without934

community-specific calibration, so that each newly surveyed community contributes additional, as-935

is evidence on model performance. Five tornado-affected new community testbeds spanning three936

EF3–EF4 events (Davidson, Wilson, and Putnam Counties from the Nashville–Cookeville event;937

St. Bernard Parish from the Arabi event; and Dallas County from the Dallas event) were developed938

to assess predictive accuracy across distinct regional, community, and tornado-intensity conditions.939

Rather than assuming broad transferability, the framework applied existing archetype-based fragility940

models. Model performance was evaluated at both the community and individual-building scales941

by integrating open-access exposure (NSI) and hazard (NWS DAT) data with StEER post-event942

reconnaissance, and by quantifying discrepancies between predicted and observed damage states943

using agreement tables, the quadratic weighted kappa, exact agreement, directional overprediction944

and underprediction, and average ordinal error.945
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Three principal conclusions emerge. First, the existing fragility models, in their current form,946

are not transferable across heterogeneous tornado environments without significant, field-informed947

revision. Building-scale agreement proved highly inconsistent; the quadratic weighted kappa948

ranged from moderate (𝜅𝑤 ≈ 0.59 for Putnam) to negligible (𝜅𝑤 ≈ 0.01 for Joplin), and was accom-949

panied by systematic overprediction concentrated in the highest damage state. Second, aggregate950

community-scale agreement, on which prior Joplin validations have predominantly relied, masked951

substantial individual-building errors; non-random association between predicted and observed952

damage does not, by itself, establish predictive accuracy or operational transferability. Third, a953

meaningful share of the discrepancy appears consistent with limitations in the construction and ap-954

plication of the fragility functions, including insufficient dispersion separation, limit-state crossover,955

instability of the most-probable-state assignment, and the discrete design-level assumption, while956

remaining subject to additional uncertainties in hazard and exposure representation. Collectively,957

these findings extend prior validation work by demonstrating that high-resolution, building-level958

validation is a prerequisite for, rather than a corollary of, community-scale correlation, and they de-959

lineate the specific limitations that must be resolved before archetype-based models can be deployed960

operationally across diverse communities.961

The stronger implication is that applying archetype-based models beyond their original devel-962

opment and validation context should be treated as requiring either the development of community-963

specific fragility functions or, at minimum, a rigorous field-informed updating process anchored964

to local evidence before the predictions are used for decision-making. Concretely, achieving full965

transferability requires a structured multi-event updating architecture that revises fragility func-966

tions across diverse building inventories and geographic regions through Bayesian updating or967

other statistically grounded approaches as new StEER and NSI reconnaissance datasets become968

available.969

Future work should target the deficiencies identified here along three fronts. Methodologically,970

limit-state dispersion should be constrained and monotonic separation enforced between adjacent971

fragility curves to eliminate crossover and resolve the higher-𝐷𝑆 classification bias, ideally sup-972
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ported by physics-based wind-field modeling and quantification of the 𝐷𝑜𝐷-to-𝐷𝑆 remapping973

trade-offs. From a data perspective, higher-resolution field investigations and finer design-level,974

archetype, and damage-state definitions are needed to enable accurate exposure modeling and reli-975

able fragility assignment, combined with Bayesian, field-informed updating of fragility parameters976

using locally collected reconnaissance data. Finally, broadening the evaluation to additional events,977

inventories, and intensity ranges, including EF5 events and under-represented building classes such978

as multi-family residential, together with the integration of socio-economic, demographic, and979

infrastructure interdependencies, is essential to deliver a generalized, decision-ready framework for980

community resilience and mitigation policy.981
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APPENDIX I. FRAGILITIES PARAMETERS FOR DESIGN LEVELS 1 AND 2998

Table 12 presents a comprehensive summary of the fragility parameters (𝜇 and 𝜎) for 19999

building archetypes considered under Design Levels 1 and 2, providing a comparative view of1000

damage susceptibility across design categories.1001

TABLE 12. Comprehensive summary of fragility parameters (𝜇 and 𝜎) for 19 building archetypes
across Design Levels 1 and 2.

Design Level 1 Design Level 2

Archetype 𝐿𝑆0 𝐿𝑆1 𝐿𝑆2 𝐿𝑆0 𝐿𝑆1 𝐿𝑆2

𝜇 𝜎 𝜇 𝜎 𝜇 𝜎 𝜇 𝜎 𝜇 𝜎 𝜇 𝜎

1 3.560 0.14 3.630 0.13 3.680 0.14 3.850 0.12 3.980 0.11 4.160 0.13
2 3.530 0.13 3.590 0.13 3.680 0.13 3.760 0.12 3.910 0.11 4.170 0.12
3 3.510 0.13 3.570 0.13 3.740 0.12 3.770 0.12 3.920 0.11 4.230 0.12
4 3.650 0.13 3.710 0.13 3.760 0.13 3.870 0.12 4.000 0.11 4.280 0.12
5 3.650 0.13 3.700 0.13 3.640 0.15 3.880 0.12 3.980 0.11 4.060 0.14
6 3.625 0.11 3.895 0.11 4.075 0.21 3.625 0.11 3.895 0.11 4.075 0.21
7 3.695 0.10 3.785 0.10 3.865 0.10 3.695 0.10 3.785 0.10 3.865 0.10
8 3.565 0.14 3.965 0.15 4.135 0.19 3.565 0.14 3.965 0.15 4.135 0.19
9 3.745 0.11 3.895 0.10 4.175 0.12 3.745 0.11 3.895 0.10 4.175 0.12
10 3.735 0.11 3.895 0.11 4.265 0.12 3.735 0.11 3.895 0.11 4.265 0.12
11 3.895 0.12 4.045 0.12 4.185 0.19 3.895 0.12 4.045 0.12 4.185 0.19
12 3.785 0.09 4.165 0.09 4.355 0.09 3.785 0.09 4.165 0.09 4.355 0.09
13 3.655 0.11 3.875 0.11 4.145 0.17 3.655 0.11 3.875 0.11 4.145 0.17
14 3.555 0.11 3.815 0.11 4.035 0.13 3.555 0.11 3.815 0.11 4.035 0.13
15 3.560 0.12 4.020 0.12 4.250 0.12 3.560 0.12 4.020 0.12 4.250 0.12
16 3.460 0.12 4.090 0.12 4.240 0.12 3.460 0.12 4.090 0.12 4.240 0.12
17 3.665 0.12 3.795 0.11 3.895 0.12 3.665 0.12 3.795 0.11 3.895 0.12
18 3.635 0.12 3.875 0.10 4.055 0.17 3.635 0.12 3.875 0.10 4.055 0.17
19 3.675 0.12 3.905 0.11 4.165 0.17 3.675 0.12 3.905 0.11 4.165 0.17
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APPENDIX II. LIMIT STATES AND DAMAGE STATES1002

Fig. 21 shows the 𝐿𝑆 fragilities for the first five archetypes (residential wood-frame buildings).1003

Fig. 21 presents the 𝐷𝑆 curves that are constructed from the provided 𝐿𝑆 curves in Fig. 21. Fig. 221004

demonstrates (for Archetype 1) visually how the 𝐿𝑆s are translated into the probability of a building1005

being in a given 𝐷𝑆 for a given wind speed.1006
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Fig. 21. Fragility curves (𝐷𝐿2) for five residential archetypes from IN-CORE, showcasing proba-
bility of exceedance for three limit states. The color profiles representing EF-scales are consistent
with the tornado contour plots within the paper.
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Fig. 22. Probability of building being in a specific 𝐷𝑆 for the five residential archetypes in Fig. 21.
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Fig. 23. Relationship between LS (left) and DS (right) for Archetype 1. 𝐿𝑆 curves are transformed
to 𝐷𝑆 curves according to Eq. 6 and a building being a particular damage state is estimated
according to Eq. 7.
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APPENDIX III. SENSITIVITY ANALYSIS: AGREEMENT TABLE1007

The agreement matrices for all 𝐷𝐿1 buildings indicate an overestimation of damage states;1008

however, the model prediction shifts toward underestimation when transitioning to 𝐷𝐿2 and 𝐷𝐿3.1009

Given that higher 𝐷𝐿s correspond to increased structural resistance to wind loads, these results1010

suggest that the optimal 𝐷𝐿 for accurate damage state prediction lies between 𝐷𝐿1 and 𝐷𝐿2—the1011

point at which the transition from overestimation to underestimation occurs.1012
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Fig. 24. A percent agreement table showing field-observed and model-estimated classification
across four DS classes for the case study areas where 𝐷𝐿1 is assigned to all the buildings.
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Fig. 25. A percent agreement table showing field-observed and model-estimated classification
across four DS classes for the case study areas where 𝐷𝐿2 is assigned to all the buildings.
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Fig. 26. A percent agreement table showing field-observed and model-estimated classification
across four DS classes for the case study areas where 𝐷𝐿3 is assigned to all the buildings.
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