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Abstract

Resilience is a term used in natural hazards
to recover after a damaging hazard event occurs. It is within this context that resilience is often
measured using composite indicators (or indices), pedhaps the composite index most
commonly applied for measuring resilience is the Baseline Resilience Index for Communities (or
BRIC). Although applied to compare the relative resilience of one place to arfethestudies

have utilized resilience indiaats to understand how changes in the spatial extent of a hazard and
the scale at which resilience is measured affect the results within a given study area. The purpose
of this study was to address this research gap by using the BRIC composite indeyze anal
changes in the measured resilience of populations along the Mississippi, Alabama, and Florida
coasts resulting from increased Sesvel Rise (SLR). To address the issue of scale, the BRIC
scores from different spatial extentsSiR were calculated anahalyzed at th&).S. Gensus tract

and block group levsl of geographyAn Analysis of Variance (ANOVA) was performed to
statistically conclude if there were any differences between sea level rise scenarios, which were
followed by aPosthoctest and Prinpal Component Analysis tonderstandhow different the

observations were within the study area, and why the differences were observed.
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1.0Introduction

Resilience i1 s fdan ability to recover fron
according to the MerriafdVebster Dictionary, which holds true in academic reseamdhe topic
even thoughhe definitionhas slight alterationsn the field of ecology, resilience is the idea that
ecologicalsystems absorb chan@® adap)to maintain their relationships (Matthews et al 2014
Holling 1973) Engineering focuse®n buildings andinfrastructure and thebility of this
infrastructureto be restored to a previous state of functionalftgxposed to stress or damage
(Matthews et al 2014 Cutter, Burton,Emrich2010).From anatural hazardand disasters research
perspective resilience has m¢rnpPRBad HdedmnTit moar M n @s
absorb and recover from damagimatural hazaré v e nt s t oto Jurviveend &dpe With t y
a disaster with minimum i mpacts and damageo (
similar to the dictiongy definition since they all focus on ability to recovieom some sort of
perturbation The definitions frondifferent scientific fielddiffer in terms of focus, sucas m
ecologicalsystens, a community within a cityor individual buildings, and how recoveirfyom

damaging natural hazard eveanhddisastes take placevithin such systems

In order to gauge how resiliepopulationsareto natural hazards and disastenslicators
are typically used to createhat isreferred to as a composite indext which there are currently
27 compositeindices of resilience andsocial vulnerability which is an overlapping concept
(Bakkensen 2017)An indicator is a measure (either quantitative or qualitative) derived from
observe facts that communicate the reality of a complex situation (Cutter, Burton, and Emrich
2010). From a natural hazards and disaster resilience perspective, indicators nodésumet
preexisting characteristiegthin populationghat show how resiliertheymight be. For example,

a high percent of population n@lderly within a communitycould mean tht populatios at risk



from an adverse hazard impaonsistmainly of younger residents thebuld have an easier time
evacuating since thayay have less mobility constraini&here are many indicatotisat are used
as proxy measurde determinea ¢ 0 mmuesiliencyg, ansl when the indicators are combined
to quantitatively measure and map riesite a compositeindex of resilience(also known as
composite indicator)s formed One of the most citeddompositeindices for measuringthe
resilience of communitie® natural hazards and disasteyghe Baseline Resilience Index for
Communities (BRC) by Cutter, Burton, and Emrich (2010) (Bakkensen 204/hen calculated,
the BRICresults in a final numeric scotbat considers data collected and compiled within six
thematic areasf resilience social, economic, institutional, infrastructure, comithuoapital, and

environmental (CutteBurton, Emrici2010).

Although utilized in a number of studies to measure resilieiege analyseshaveused
indices such athe BRIC to understand how changeshiascaleof analysisaffects the measured
resilience of a given study arda other wordsthe results of the resilience indbase not been
adequatelytested from one scale to the ngBurton 2015)to better understand how the
representation of the resilience pdpulationswithin a study area changes from one scale to the
next The BRIC was designed to be used at diffesgodtial resolutionsyet changes in the
measuredesilience ofpopulationsdrom one scale to the nextndhow thesechanges could lead
to different andcontradictory results) a study areds relativelyunknown. The Modifiable Areal
Unit Problem (MAUP) would be the most likely cause for differing results as scale changes due
to aggregation (Dark and Bram 2007). As the scale gets largdrom U.S. GensusBlock Groups

to CensusTracs, details are lost to generalization.

An additional area of opportunitypertaining to the use of composite indicators for

resilience measurementtsbetter understankdow the measured resilience of populations might



change as the spatial exterita hazardwithin a particular study aremh an g e s . A commu
increased coastal flood rigkue to Sea Level Rise (SLIRjovides just one poignant example of

how potential changes hazard extent couldffect differing parts of the populatioas more

inhabited land area will be at risk of inundation given increasing sea.leMelthods applied to
understand the effects of the spatial extent of a hazard on resilience can betcusedip
emergency managers withirazard zonéo better understand how populatsomight respond to

and recover from a damaging event considering different hazard extents (e.g. looglaetdto
widespreadlamagg The latter igarticularlyimportart when considering the effects of climate

change on a giveconastahazardsuch as a tropical cyclones, floods, and coastal erosion.

1.1 Objectives

Given the areas of opportunity outlined above, the main goal of this researghapdee
a series of methods to examinew the measured disaster resilience of populations at particular
places changes with respect to variations in sohknalysisandthe spatial extent o hazard
zone In other wordsthis research is intended poovide a series of methodshetter understand
how characteristics that affect the resilience within commuradashangewvhen consideringhe
spatial extent gbotential hazard impacts and the scale of analgsishich the resilience concept
is measuredTo address changesarhazard s s exeertt and scalaifferent Sea Level Rise
(SLR) scenariosvere utilized since higher sea levels may result in largpatial extents of
populationsbeing exposed to damagirggjorm surge and floodingSince losses from natural
hazards (and the ability to recover from them) vary geographically, and over time, as well as among
different social groups, it is expected tha tiesilience of populations exposedhese climate
related hazardwill also vary over time and space (Cutter et al. 2008; Burton 2015). The second

key aspect of this research is to better understand how changes in the characteristics that affect the



reslience of populations are likely to vary in different parts of Bmitheastertnited States
under different SLR scenariddsingcoastal areas within tf&outheasterbnited States as a case

study, bur research questions form the basis of this work:

1) Is there any difference ithe measuretksilience oftoastalpopulationgyiven projected

changes irbeal evelRise?

2) If there is a differencm the resilience of populations due to changes irsplagialextent of a

SLR hazard zon¢o what extent does the overall resilience of populations di?erge

3) Given the possibility that changes in the resilience of populations are likely to occur from one
SLR zone to the next, lvat characteristicare most pronawed as driving the resilience of

population®
4) How do the answers to the previous three questions change with leratisnal@

Research to answer these questiamas applied to two study areaslong the
MississippiAlabama Gulf Coastand in coastal Southern FloridaThe reason forsuch a
comparison is that there are vastly different groups of people thailtug the U.S. coastlines
that would be impacted by SLR. For example, coastal Mississippi has an averag®e medi
household income of $44,289 while the southern tip of Florida masdian household income of
$59,307 United StatesCensus20142017. Additionally, Florida is apopular retirement
destination causing the average age to be hipherthat of the naihal averageue to increased
elderly populatios. Such ahigher average age is not expected to be observed in Mississippi, which
would be another difference that would impact resilience in the two locations. Another expected
difference is a higher percage of African American population in Mississippi than Florida,

where a more Hispanic population is expeaed to immigration from countries such as Cuba



(United States Census 202817) Researchers have shown thate plays aole in resilience
because not all racémve an equal capacity poepae for, respond to, and recover from natural
hazard impact@utter, Mitchell, and Scot2010; Cutter 2009. If a group of people imarginalized

andput at a disadvantageior to a tazard impacbr the recovery process, it will take them longer

to recover than other populations without the same disadvantage. Since resilience looks at the
ability to bounce back, if a population takes longer to recover that would intheatbey could

have a lower resilience.



2.0 Review of the literature:

There are two major components of this theSise first is amodeledaccounting of
potential changeim seal level ris€SLR) for the Mississippi/Alabama Gulf Coast and the Florida
coast The second is the use of the BRIC for measuring the resilience of populations exposed to
flooding from potential SLRAs such, literatures pertaining the modelling of SLR, theoretical
frameworls of resilience, and quantified metric$ resilience were reviewed to justify the

modelling components used in this thesis.

2.1 The modelling of SLR

According to Rahmstorf (2012) and Doyle, ChivandEnwright (2015), there are three
approaches to sea level rise modelliay accounting forthermal expansignb) measuring
changing ocean floor deptlandc) adding water mast inundation aredgbathtub) Thermal
expansion basgsredictionsof SLR on how warm andold sea waterigplacesurrounding sea
water differently Warmwater displaces more water than cold water does, and as the atmosphere
heats up due ta warming climatéhe water will warm up and increase in volume. The method of
changing the depth of the ocean flpoovides the second approach athased on the idea that
t he ear t lhéanarawaygsmoviagnAd suchthis approach iarguablybetter forlong
term predictions due to how slowly the Eartho
(or Amodi f iapprdachb Bhe eéaubbhind this approach is that iceandpglacial

meltwater will return the ocean, causereased watatisplacemet) and raise sea levels.

The modifiedbathtubapproach for SLRnodellingis themost commonly appliethethod
within a GIS since theSLR outputs are amenable to coupling with other GIS data such as land

use/landcover data, U.S. Census polygons, aitgd boundariegDoyle, Chivoiu, and Enwright



2015. The USGS Sed_evel Rise Animatior{Usery, Choi, and Finn 2009yovides an example
of the modified bathtub approachhis SealLevel Rise Animationrmodel points out lowying
areas that are at risk of éding from sedevel riseusing compiled elevation, land cover, and
population data. To simulate SLRcurrent sea level elevatisrare increasedby onemeter
increments If the land elevatiorin a given areas less than or equal to tircreased sea level
elevation,it simulated asnundatedand input into the model as a conditional overl@pe
conditional overlayare applied to testthe land elevatioim the SLR areasiless than or equal to
the sea level presemnteand f the elewation mets the requiremenfor inundation the valueof the
population in the respective inundation zone iigput into the mapping frameworkThis
methodology however,only accounts for elevationssing an elevation modelhich leaves out
factors such as tal influxes hydroconnectivity, or shorelirdynamicsthatthatcould drastically

impact the resultef the simulationgDoyle, Chivoiu, and Enwright 2015).

Surging Seass an additional modelsing the bathtub apprda andthis frameworktakes
tide and hydroconnectivity into account (Climate Central 20Z0)create this model, global
temperatures changasecalculated, a global sea level rise modalsed, and data from 55 tide
gauges in the United Stataeutilized. The results of the global temperature changes can be input
into the globalSLR model to see what sea level rise could be globally. The tide gauges are used
to interpolate what the mean maximum sea level is for the United States to usbasetftr sea

level rise prediction in the United Sta{@®baldi, Strauss, and Zervas 2012).

The NOAA Digital CoastSea e vel Vi ewer uses apprbaef{iNOANO di f i e
2010).Here,NOAA uses tidal gaugeutputsand VDatumto create theiSLR forecastgDoyle,
Chivoiu, and Enwright 2015)YDatum is a tool that takes a grid of points that have a value of zero

and puts them in the chosen tidatuta (NOAA 20173). A tidal datum is a baseline elevation



derived from water leveheasurements (Scherer et al. 200hg Florida tides differ from the east

to west coast due to each coast having a different amphidpminits (Brown et al 1989)An
amphidromic point is a point of origin of tides for a specific area (Hicks 2006). Ahtp&idromic

point, there is no tide that occurs and the tides radiate out in a circular fashion from that point.

FIl oridads west coast Gukhd MaxicocheasthetyYhcatan Penmsulg,i nat e
while the east coast has an amphidromic poitihe Atlantic OceariBrown et al. 1989). Having

two different amphidromic points on Florida causes the east and west coast to have different tides.

To compensate for this, FIl oridads SLR was cal

Another importanpoint to consider is that NOAA based their SLR calculations on mean
higher high water (MHHW) data (NOAA 2017a). Tide levels at any particular location (i.e., water
level at the coast) vary throughout the day due to the gravitational pull of the sun ammbthen
the oceans. This gravitational pull is greatest when the sun and moon align with the earth (i.e., full
moon and new moon) resulting in the greatest variations betweetidegind lowtide during a
monthly lunar cycle, which is known as a spriiaig (Pethick 1984). Hightide levels during spring
tides vary throughout the year, with the highest High data used to compute the MHHW
elevation at the location where the tidal data were collected. By using MHHW as the base line, all
areas that codlpossibly be inundated are accounted for in the NOAA model since the baseline is
the highest sea level that the area experiences nornigllysing the springightide average as
a base lingall areas that could possibly be inundated are accountadtfte NOAA modekince
the baseline is the highest sea level that the area experiencesno@maley. poi nt t hat s et
Sealevel Viewer apart is that it takes hydroconnectivity into account, including unconnected
areas over one ac(é43,560 squareeket) (NOAA 20179) (NOAA 2017). This means that when

an area is connected to the ocaad below a specified elevation it is considered inunddned



also if flooding happens inland that is not connected to the ocean, as long as it is more than an acre
(43,560 square feet)The NOAA model addresses MHHW, different gmdromic points, and
hydroconnectivity which deemed it more robust than other available models, and was thereby

chosen for the SLR portions of this thesis.

2.2 Theoreticalframeworks of resilience

The disaster resilience concept provides the means to better understand how social
characteristics of risk from SLR may charaggmsideringspaceand scalelt is within this context
that here are multiple theoretical frameworkglanodelghat can be utilizetb explain resilience.
The major ones include the Rislazard modele.g, Hewitt 1983) the Pressure and Release
Model (PAR) (Blaikie et al. 1994)the Hazards of Place model (Hofutter 1996) and the
DisasterResilience of Place Model (DRORJutter et al. 2008)rhese conceptual models help to
guide the indicators that are chosen to measure disaster resilience and the application of metrics to
answerdifferent types ofesearch questions within a given studgaaThe RiskHazard model
and PAR are technically modelsed to explain socialulnerability, but are includeth this
research becausecialvulnerability and resilience share many connecti@gter et al2008).
For this reasonsocial vulnerability modelsare considereduseful and meaningfubols to help

guideresiliencemeasurement

The RiskHazardtheoreticalmodelis perhaps the most bai€ the social vulnerability
related frameworksind states that risk is a function of hazards &ntherability (Burton et al
2018). With this model, the focus is on the hazard and physical expafsureastructure as

opposed to sociatharacteristics that increase decreaseulnerability or resilience to hazard



events(Burton et al 2018; Turnerd®3). The skewed focuswardsphysical and environmental
variables meamthat solutionsto reduce natural hazard risipically leaned toward physical
changeso the constructed environmestich agonstructingdlamsand levee¢Burton et al 2018).
Gilbet White, lan Burton, and Robert Kat@d/hite 1986 noticed this disconnect and began
examining how humangrepared for andesponded tchazard events, rather than taking a
technocratic approach to reduce riSlome humamnvironmental solutions were sugtgel such

as building codes to create buildings more equipped for hagadtsfloods and attempted to
understand the complex relationsbigtween humans and their environmdnit there were still
flaws (White 1945). The Risklazard model still did notdalress the impact humahad on the
vulnerability or resilience of a community from hazardsmans, and the systems they use, can
make the impacts of the hazard more extreme, or lessen them (Turner 2003). The next model aimed

to resolve these issues.

ThePressure and Release Model (PABRpkie et al. 1994is perhaps the most cited social
vulnerability framework. The PARbosits thatrisk is a function of hazards multiplied by
vulnerability, but hazards and vulnerability arensiderecbpposing forcesBlakie et al 1994).

The i dea behind the t er ntanbethoaghtoiasballbengpmishede | e a s ¢
on at each end bthese two opposing forces, and the pressure is created by the amount of
vulnerabilityto hazards within a populatigBlakie et al1994). If vulnerability is higher, then the

pressure on risk will be higher and the amount of pressure needed from the hazard to break the ball

is lower. The release aspect is that if vulnerability is lower, the pressure on risk will be lower.
Vulnerability in the PAR model is shown at different levels, or severity, and how the different
aspects of vulnerability can stack on one another, as seen in EiJire different components of

vulnerability listed in Figurd also show a focus on mosecial, or societal, variables, as opposed

10



to physical. While the PAR model is more realistic in some aspects, it does still have flaws.
Physical attributes are nobnsidered byhe PAR model, and the model does not take the cyclical
cycle of these evenisto account (Turner 2003Yloreover, many components of the model, such
as political ideologies, do not lend well to the development of composite indicators such as the

ones used for the BRIC.

THE PROGRESSION OF VULNERABILITY
1 2 3

DYNAMIC UNSAFE DISASTER HAZARDS
PRESSURES CONDITIONS

This area magnified
i the Focus of the
Access Model in Ch.3

!

Figure 1:The PAR model fronBlakie et al1994 Thepressure of vulnerability is seen on the

left, and pressure from hazards on the right.

The Hazards of Place model (Hofutter 1996)akes the physical and social variables,
and combines thenat a specificgeographic locationThe HoP modelwas developedo
demonstrate theyclical nature of hazardous events (Fig2ireHere, rsk and mitigation lead into

potential hazard, which then branches off into geograpbmtextand social fabricThe ®cial

11



fabric of a placdeads tathe social vulnerabilityof populations that inhabit that plac¥.ariables
applied within the social vulnerability portion of the HoP framework could include measurements
of how prepared a community is, training for hazard events, populatiowers building code
applications or building aggopulationage, or raceGeographiccontextleads to biophysical
vulnerability, which would be similar to the Riskazard modehs itis a measure of hazard
severity The hophysical and sociabulnerability portionsare combined into respectiveub
indicators and these afieally combined to give a place vulnerability, which circles back around
to risk and mitigatioms these affect étotal vulnerability of a plac& he geographic aspesithin

this modelis important because vulnerability changes based on location. Florida is more
vulnerable to hurricanes than Oklahoma dutstgeographic locatigrior instanceWithin Florida

there is still variability however Some areas might me more prone to flooding due to soil types,
or having an urban area with a largenberof impervious surfaces, for example. The HoP model
incorporates more to make the model more accurately represepatheorld, buthe model is

still not without shortcomingg-or instance, thenodel does not have a tempoaal building

exposurecomponentgCutter et al 2008).

Harard

tunthl

Social
ulnerabili

Mitigation

Figure 2: The HoP model from Cutter 1996.
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All the models up to this point have dealth vulnerabilityfrom a social perspective. They
are the predecessors to conceptual models developed explicitly to better understand resilience.
Resilience is not to be confused with vulnerabiliipwever Resilience focuses on the ability to
recover, while vulnerability is potential for harm (Cuttext al 2008). Vulnerability is a
characteristic that represents a snapshot in time, or at one specific momentregandeghow
much potential for harm there is if a hazargre to occurThe resilienceof populationss linked
to processes thédcilitate change over time, or how much a system will recover and how quickly.
The literature shows different opinions on how resilience and vulnerability are related to one
another. Some view resilience as a poment of vulnerability, others see vulnerability as a
component of resilience, while some see the two as separate entities that have some overlap (Cutter

et al2008). The next model views the two as sepamateeptsvith overlap.

The Disaster Resiliena# Place (DROP) moddCutter et al. 2008fpcuses on resilience
and incorporates a temporal aspect. The model (FiBubegins with baseline, or antecedent,
conditions. There is inherent vulnerability and resilience in any community, but there are also
social systems, built environment, and natural systems at play that contribute to how vulnerable
and resilience the community is. The hazard, or event, is added to these conditions which results
in immediate effects based on the antecedent conditionseamdéhr d 6 s severi ty. Co|
evacuation or shelters for example, will bfected bythe antecedent conditionsithin a
communityandthehazard based on if the coping respong&sn a community are preserithese
three aspects combin@htecedent conditions, hazard, and coping responses) create an absorptive
capacity, which indicates how much a community can withstand, or absorb, the damage from a
hazardmpact If the absorptive capacityf a communityis not exceeded, then there vii# a high

degree of recovergotential within that communityif the absorptive capacityf a communityis
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exceeded, the recovery depends on the contmyn® s a d a p t Ii the eommunisyiexhibite n c e .
adaptive resilience, theahe communitywill still experience high recovery, but if the community

does notjt will experiencea low recoveryrate Thedegree ofecoveryof a community is also

directly relatedto mitigation and preparedness that leads back to antecedent conditions, which
represents if a ecomunity changes after a hazardous event to better prepare for another event.
Cutter mentions that the next step is to measure the inherent resilience mentioned in the model,
which was accomplished with the creation of ttres@ineResiliencelndicators fotCommunities

(BRIC) (Cutteret al 2008)that forms the basis for the quantitative indicators development for this

thesis
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Figure 3: The DROP model from Cutter et al 2008

2.3 Indicators for measuring disaster resilience

All of the indices follow the same general steps, which mimic what is depicted in the Nardo
etal(00fi Handbook for Composite Indicators Devel
the data, and aggregating the data are stepw/érattaken to develop curremsilience indicator

frameworks. ®me resilience indices alsincluded theoretical frameworklevelopmentand
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multivariate analysis as welDne of themost well citedresilience indices is the Community
Disaster Resilience Index (CDRI). The COREacock et aR010 that is based off the researchers
Community Disaster Resilience Framework (CDRF), consists of four disaster phases and four
capitals. The disaster phasesdk down into hazard mitigation (actions prior to the event), disaster
preparedness (p@npact actions to provide resources), disaster response (executing evacuations,
and plans), and disaster recovery (pogtact actions to rebuild). The other portiointhe index

is thecapitals: social, economic, physical, and huntla@ variables for the index were picked from
these four capitals. Social capital is meant to examine how interconnected, and trusting, a
community is, which were d¢pacied with variablessuch as participation is voluntary
organizations, involvement in social groups, and religious participation for examples. Economic
capitalis designed to analyze the financial ability of a population through income, employment,
and property value. Physiceapitalis the built environment measured by looking at components
such as construction, environmeand land use planning. All of the 120 variabtbat were
collected for this indewere matched to their respective capital, as well as the disassessphat

they applied to. If a variable applied to multiple phases, then the variable was repeated. A
Cr o n b a@phdabadysis was conducted to increase internal consistency, which reduced the 120
variables to 75To calculate the final scorethe varialbes are turned into comparable forms, for
example percentages, before being transformed istmes. An average value is calculated for
each capital, regardless of disaster phase, and the capitals scores averaged tagetiedirfalr

CDRI scoreqFigure 4). Since the variables are categorized by phase as well, the process can be
done to calculate a score for each phase. After calculatsagres, the steps are the same, but
done for the phase instead of the capifBBsacock et al 2010pPneissueis that zscores attempt

to make the data fit a normal distribution. Making the data fit a normal distribution can be helpful,
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but with demographic data, for example, this is not ideal. Demographic data is not normal, and by
forcing the data to be normal something like an index tlmutcome of the normalization can be
deceiving. Another issue withscores is outliers having a greater impact on the operation they are
used in. Unfortunately, outliers are always an issue in data, but there are other nmethods

normalizing data that can have a more desirable outcome (Nardo et al. 2008).

Legend

Low resiience

i00 50 0 100 200 300 D0

L —_—

High resilience

Figure 4: Final CDRI scores from Peacock et al. 2010

Another resilience index is the Resilience Capacity Index (RCI) createdtbyyn Fosters
(2012).The RCI was originally designed for metro areas, as opposed to larger areas like the CDRI.
The 10 variables for the index are divided into three categories: regional economic capacity,
sociodemographic capacity, and community connection cap&diyional economic capacity
deals with income and employment of the metro aseaneasuring economic diversity, madia
household income, and income distribution with the Gini coefficteatiodemographic capacity

targetsthe demographic characteristics such as education, age, and disabilities. Finally, the
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community connection capacity looks at how familiar the ressdard with the community and

area To calculate RCI, the variables must be made into comparable forms, transformed into z
scores, and then all the variables are averagkeedre are multiple reasons this index was not
selected for this study. First, it iesigned for metro areas, which are not the scale of this study.
Second, there are very few variables, which would make it difficult to get arouelited
understanding of what is going on. This is especially true when the study will be at a larger scale

that will have more data available than at the metro level.

The BRIC(Figure 5 measures baseline resilience with six subcomponents, and is based
on the DROP model (Cutter, Burton, Emr®i0). The six subcomponents are: social, economic,
institutional, infrastructural, community, and environmental, and each subcomponent has multiple
indicators, or variables within it. The social subcomponent contains indicators dealing with age,
language and education level to capture the social capacity of comiesinit withstand hazard
impacts The Economiccomponentontains housing capital, income, and employment as some
examplego measureconomicand livelihoodstability within communities Institutional looks at
mitigation and planning from a government stand point to see how prepared the community is.
Infrastructural analyzes recoveagd evacuationapacity with number of police, number of vacant
homes, and health care facilitiesad densityand railroad milefor example. Community capital
captures residentsd involvement with their <co
city organizations (Burton 2015; Cutter, Burton, Emrich 20I®e Environmentalcomponent
looks at what kindf protection the environment gives such as:-aopdible soils, areas not in
inundation zones, and landcoyvend wetland/forest reductigiBurton 2015).The process of
creating BRIC consists of making the variables into a comparable form, usiAg&#inrescaling,

correlation analysis, averaging the subcomponent values, and adding the subcomponent scores
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together to get a final BRIC score. These steps provide a more robust index that avesi®the z
issues that the CDRI had. The Mifaex rescaling is atsimpacted by outliers, but has the benefit
thatit shows the spread of variables that might have a small interval. Demographic data is unlikely
to see values from zero to one hundred percent, but instead values that are much clddax Min
rescaling is god for this reason, whilescores would not show small intervals well (Nardo et al.
2008). The correlation analysis is done to remove varmbbat are highly correlated to one
anotherThe BRIC is a robust index that implements rescaling that workdavedmall intervals

that will most likely be witnessed in the data, which is why this index was used for this study.

Disaster Resilience

I o i< 15 S Dew)
Mllimmi

Mldarate 0.5 - 0.5 Skd. Dew)

I Hch =15 Sid. Dev) " 24

Figure 5: Final BRIC scores from Cutter, Burton, and Emrich 2010
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3.0 Methods

3.1 Study Area

There were two major study areas from the southeastern United States selected for this
thesis: 1) Coastal Mississippi and Alabama (MS/flken together as a regi@nd 2) the southern
tip of Florida (Figures). Hancock, Harrison, and Jackson Counties constitute the Mississippi study
area, and Mobile and Baldwin counties make up the Alabama study area. The particular Gulf Coast
counties were chosen because of their likelihood for storm surge inundation atadl ftmading
based on past adverse natural hazard impacts such as the destruction from Hurricane Katrina
(Burton, 2015). The counties within the MS/AL study were also being used at the time of this
writing for a study funded by the NOAA MS/AL Sea Grant €owtium in which the work
conducted for this thesis will contribute to. Palm Beach, Broward, Mizedie, and Collier
County make up the Florida study area. The notion behind these two study areas is that they are
likely divergent from one another in terntd characteristics that affect the resilience of
populations Coastal Mississippi has a population that is poorer along the coast, comparatively,
while Florida has a multitude of large wealthy areas along its coast with higher per capita incomes
(U.S. Cenas 2014). Miami and Palm Beach are some examples that come to mind when imagining

large expensive homes along the coast.
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Figure6: The study area is shown in purple.

Within the study area counties, the analysis for this thesis was conducted aeddts.th
Census Tract and Block Group levels of geography. Block groups are the smallest unit that can be
used in this analysis because a multitude of
concerns. Since blocks are so small, the census fieat releasing data at that level could be
tracked back to individuals, so block groups were used to make sure all of the data would be

available. Tracts were also analyzed to examine the differences between the two spatial extents.
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3.2 Overview

The nodelling and methodology for this thesis consisted of three major components in
order to better understand how the resilience of populations may or may not change within the
study ar eads B.IARa smaning pant, thedirsigcomp@nent was used to define the
different hazard scenarios that change in extent. Here, newly published NOAA SLR scenarios
(Sweet et al. 2017, NOAA) that were culled from the NOAA Sea Level Rise Viewer (see section
2)wasused to better understand the study areaos
As a subsequent step and component, a resilience compositevesleanstructedsing the BRIC
approach of Cutter et al. (2010; 2014) to analyze the resilienke sfitdy areas under the different
SLR scenariod. t 6 s i tomoethat theN@AA SLR datarepresents projecton of SLR for
the year2100andtherebydoes not represent current conditions (NOAAb 20TRg resilience
data, however, was culled forettyear2014.1n the absence of a robust method to forecast all of
the BRIC data to 2100, the 2014 data is simply considered a baseline representing how SLR could
affect the current population. It is within this context thatfinal component entailed tbgerlay
of the resilience results with the SLR layers to extract the tract and block group resilience results
for a difference analysis. An Analysis of Variance (ANOVA) téxisthoc test, and Principal
Components analysis were run on the different etitlas of enumeration units based on the
exposure to the different hazard scenarios using the SLR layers to see if the populations are
different, how different, and why they are different in terms of their final resilience scores and
factors driving theiresilience. The results of these tests and analyses were then compared between
Mississippi, Alabama, and Florida to see if location had any impact on measured resilience

outcomes. The results were also analyzed between the block group and tract seafevia 9@
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had any impact on resilience measurement. Each modelling component is discussed in detail in

the subsections below.

} Tract and
[Vﬂ riables H BRIC Block Groups
i -
| T Variables PCA
L Values
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SLR

e

Figure7: Process diagram for analysis

3.2.1 Sealevel Rise (SLR)

Understanding and preparing the SLR layers was the dtext. The different SLR
predictions were mapped out in a raster file format created by the NOf#fiée of Coastal
Management. They show Apotential flooding fro
starting at current mean sea level and coirignto 10 feet of sea level rise. All eleven scenarios
came in a geodatabase with raster files atrinater resolution. There are files that indicate depth,
whil e others indicate NOAAOGs <confidence that
confidence NOAA had to create a hybrid method for calculating and mapping error. NOAA
calculatedstandardscores using the root mean squared error to find the percentile rank of the error

at different elevations. The equation used is:

VL 0EQWO Q¢ ¢ Oa Qo oo@98€s
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By creating thesstandardscores, and mapping them, different percentile ranks could be selected.
The process was done using a-teited approaclhecause twaailed would have the uncertainty

on the high and low side. One of those would actual be under water,-tailedevas used. The
criteriafor the selection of flood inundated zowess using the 88 percentilerank meaning that

that 80% othe time the area would be flooded at the specified inundation level (Schmid, Hadley,
and Waters 2014). The final files were mapped based on their percentile. For example, if a pixel
was flooded nine times out of ten runs, then that pixel would be gv@&n@of 2Zme ani ng fdAwet .
| f the pixel was dry at | east eight times out
et al 2017). The value of 1 was given to pixels that did not fall into either category meaning the
model could not determineitlr confidence flooding will occur. For the purposes of this study, the
confidence files were used to determine the spatial extent of potentially inundated areas because
depth is not a factor in this analysis. There were four SLR files used, which wa&ré,Gnd 9

feet. The three feet interval offered enough change in SLR that new census units could be selected,
but small enough to have multiple opportunities to see change. The SLR files overlaid on the
census units for coastal Mississippi (Fig8jeprovides an example of the overlay process. The

southern Florida overlay map has been made available in Appendix A.
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Figure8: The SLR layers over the MS/AL Block groups. Re@ift SLR, Yellowi 3 ft SLR,
Light Greeni 6 ft SLR, Dark Greeii 9 ft SLR

3.2.2 Resilience Modeling

To analyze the resilience of the study area at both the census tract and block group level of
geography, the BRIC composite index (Cutter, Burton, Emrich 2010) was used. The BRIC was
chosen because it is the only resilience inti@x has had its input variables validated to date (see
Burton 2015). The BRIC index is composed of six-sudexes: social, economic, institutional,
infrastructure, community capital, and environmental. Each of these subcomponents is made up of
a numbeiof variables (Table 1) from the set of variables from Burton 2015. Due to availability,

not all of the variables from the original index could be found or calculated, which results in the
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final variables in the table. The Institutional subcomponent hgsoomel variable because the other
variables within this subcomponent were equally distributed across all study areas, which would
not impact thefinal score, so they were not included. It is important to note that a correlation
analysis was not conductedléwing the variable selection for this study. The variables used in

this study were chosen from the final listed of variables from Burton 2015, which means a
correlation had already been conducted to render the variables parsimonious. The raw data was
collected from the U.S. Census Bureau at the block group and tract level and converted to
comparable values, such as percentages and per capita indicators. The Environmental data was
taken from US Geol ogi cal Sur veyo6s tolpercerdagesv er d
or land area. Once all the variables were in a comparable form, they were rescaled using a Min
Max rescaling (Cutter, Burton, Emrich 2010; Burton 2015; Cutter et al 2016)Mdirescaling

takes all the values from one variable and givesiighest value for that variable a new value of

one, while the lowest gets a new value of zero and everything in between is rescaled accordingly
between zero and one. Due to the values depending on all other values within the variable, Min
Max rescalingwas done separately for study areas and scale. The subcomponents received an
average score between zero and one based on the variables within it. Averages were used to
account for an unequal number of variables in each subcomponent. The averages from the
stbcomponents were then added together resulting in a final BRIC score between zero and six.

Zero being the lowest resilience score and six being the highest resilience score possible.
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Table 1: Variables for BRIC analysis. Direction refers to the variables effect on resilience.

Subcomponent Variable Variable Direction
Name
PNF100/500 | % land area not in 100/56¢ear flood (+)
PerFor % forested land cover (+)
PerNH %land area not hydric soils (+)
0 : . .
PerNESS % land area in not flood and storm surge inundatio )
zones
Land area of protective resources (wetlands, swan
LAW marsh, mangroves, sartdiines, and natural barriers) (+)
(Wetland Used)
Environmental | | AnwD Land areavith no wetland decline (+)
LANFRD Land area with no forest and rangeland decline (+)
LADOS Land area of developed open space (public parks, )
urban gardens, lawngtc.)
LACul Area of arable cultivated land (+)
RivMiles Number of rivemiles )
PerUrban % land area urban (general) )
PNE %non-elderly (+)
PWV % with vehicle (+)
PT % with telephone (+)
Social
PNESL %non-ESL (+)
PWOD % pop without disabilities (+)
PNM % norn-minorities (+)
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PPHHD2 Percentpopulation with high school diploma (+)
0 . . o
PopOUtL5KM % population not living in coastal areas (within 15 | +)
of the coast)
Racial Equity (ratio % white to % nonwhite
RE : ()
population)
Educational equality (ratio % college degree to % 1
EE : : O]
highschool diploma)
PerHIU % high intensity urban form (high intensity urban) (+)
PHO % homeownership (+)
PE % employed (+)
PNEPI % not employed in primary industries (+)
Economic
PFLFP % female labor force participation (+)
PerCap Percapita household income (+)
Ratio of % white owneoccupied housing to %
HE : . : ()
nonwhite owner-occupiedhousing
Institutional | CRS Yo !oopulatlon in county participating in community )
rating system for flood
PNMH % no mobile homes (+)
PVRU % vacant rental units (+)
RoadMiles Principal arterial miles (+)
Infrastructure
RailMiles Rail miles (+)
PBB79 % structures not built before 1970; after 1990 (+)
HHDams High hazard dams per sg. mile )
Community . S
. PBSRS % born in state andesiding in state (+)
Capacity
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PEPO % employed in professional occupations (+)

PNIM % population not international migrants (+)

3.2.3 Overlay Analysis to Delineate Drivers of Resilience

The previous steps provided two datasets, different sea leveteasarios and composite
indices of resilience for the study areas. The final steps in this methodology provide the
comparative analysithat was conducted using this datée comparative analysis was used to
answer each of the research questions. Here, the final resilience scores and the SLR layers were
overlaid for a selection process that entailed selecting the census units that intersected each of the
different SLR zoes. Each of these selections was coded within GIS so that they distinctly
represented the SLR zone that they were culled from. In other words, census units intersecting
each of the four SLR scenarios (0ft, 3ft, 6ft, 9ft) were selected, and each censussisuted to
match itds respective SLR zone (i .e., 0, 3,
selected, but not if they were in the last selection. For example, the block groups that intersect Oft
zonewere selected, but when 3 ft of SmRs overlaid those same bock groups were not selected
even though they still technically intersect the layer. The selection was done in this fashion to get
a better idea of how resilience changes as SLR increases without double counting selected census
units. If all intersecting units from each scenario were included, an average of all the census units
would be analyzed as opposed to the different sample groups as the spatial extent moves inland
and outward. An example of what units in MS and AL were sadiefir each SLR layer can be

seen in Figure8. The southern Florida overlay can be viewed from Appendix A.
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Figure9: The MS/AL Block groups colored based on which SLR layer they intersected.Red
ft SLR, Yellowi 3 ft SLR, Light Green 6 ft SLR, Dark Greeri 9 ft SLR

With the BRIC data selected and corresponding census units census coded to match the
respective levels of SLR the units intersect, a series of statistical analyses were conducted to better
understand the drivers of resiliengghin each zone and hgwnd to what extenthey differ. As
a first step, a Principal Component Analysis (PCA) was conducted to see what variables are
distinguished by the PCA as being potential drivers of the resilience of populations in the study
area A Principal Components is a data reduction technique that can be utilized to highlight which
variables best describe the phenomenon being measured (Cutter, Boruff, and Shirley 2003). A
PCA aims at reducing a large number of variables to a small settilhabntains most of the
information in the original data. The reduced dataset consists of a numbetanirnelated factors

that are the linear combinations of the input variables, each variable having a corresponding factor
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score that shows the stggh of the association between each variable and its respective factor.

These major phenomena that the PCA captures are the driving factors of resilience for that dataset.

3.2.4 Difference of Means Testing

The PCA provides a means to better understanchheacteristics that are driving the
resilience within each of the selected hazard zones and across scales. To distinguish whether the
drivers of resilience are different within each zone and across scales, an Analysis of Variance
(ANOVA) was utilized. Ore the selection process was accomplished, an ANOVA was done to
determine if the SLR zones were statistically different. An ANOVA is a difference of means test
for three or more samples, which is similar to-&ést, but a ITest can only compare the means
of two samples. The ANOVA was conducted on the study areas and scales separatelyo
bias the results3NVhat this means is that the ANOVA was conducted four times: 1) MS/AL tracts,

2) Florida tracts, 3) MS/AL block groups, and 4) Florida block grolipge reason the ANOVA

had to be conducted four separate times was due to the fact that Florida and MS/AL are different
areaf the USwith differentsocial and economic characteristibereforethey are comprised of
different BRIC scores. Combining tBRIC score of the O ft SLR zone from MS/AL and Florida

to calculate a mean for O ft SLR would be similar to combining personal income and household
income to calculate a mean income. Personal and household income are calculated differently, so
it is inaccuwate to combine them. This principal is why the study areas and scales cannot be
combined. Florida and MS/AL are two different areas with different variables, so they cannot be
added together in order to preserve accuracy. The results of the ANVOA wouldf she BRIC

scores between the SLR zones were statistically different, which would imply that resilience

changes as SLR increases.
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Foll owed by t hePoghbvEdsAwas periokned an ghe four different
ANOVA results. Tukeyds Test is perhaps the mo
different sample means to determine how different the groups are. The procedure is similar to the
ANOVA, howe v etrdeteFmireshpvd dfferdnetise samples are. The results show how
much difference there is between each SLR zone, and would help explain how resilience was

changing as SLR increased.
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4.0 Results and Discussion

4.1 Study Aredisaster Resilience

Figures 10 and 11 are the mapped BRIC scores for the study areas. The maps are
symbolized using a manual classification with five classes that divide the range of resilience values
into equally sized subranges from low resilience syiméd in red to high resilience symbolized
in green. For both the MS/AL and Florida study areas, the mean BRIC scores were around 2.8,
resulting in the 2.50 2.99 class being in the middle to represent the mean. The break points were
picked for ease of eeling and had to work across all the scales ad study atea® dre some
general patterns to point out on the coasts. First, the MS/AL Gulf Coast has generally high BRIC
scores comparatively, with the exception of Mobile, AL (FiglOe There is a distinct area where
resilience scores are below 2.5 that coincides with the Mobile area, and there is no block group
outside of Mobile that has a score below 2.5. In contrast, the Florida study area has a relatively
low resilience as a wholghen the Florida indicators are aggregated (FigdyeThere are pockets
of low resilience in Palm Beach and Miami, while Kendall, FL. has a higher resilience. The
MS/AL study area does not have large block groups in the lowest category, while Flatda do
Additionally, MS/AL does have large block groups in the highest category, while Florida only has
a few small block groups in the same category. Something they have in common is that the

clustering of BRIC scores in taking place in the urban areas.
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Figure10: MS/AL block groups BRIC scores
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Figurell: Florida block groups BRIC scores
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4.2 Drivers of Disaster Resilience

The maps in Section 4.1 demonstrateomparativeassessment oesilience of the MS,
AL, and FL coastal areapatially. Thismappingdoes not yield insight into what characteristics
within communities are driving the differential resilience across spacgeen in the figures,
though.In order to better understand what is driving the resilienp@pfilationswvithin the study
area, a PCA was conducted first at the tract level of geography for the MS/AL and Florida study
areas respectively, then at the ddogroup level. As outlined in Section 3.2.3, a PCA was
conducted for the two study areas at the different scales of analysis to see how location and scale

impact the drivers of resilience.

4.2.1 PCA Results: MS/AL Census Tract Level

The MS/AL tracts redted in a total of 12 factors that explained 77.207% of the variance
in the data (Table 2), but only the first 5 factors are discussed in detail below since these were
deemed the most significant. Determining the significance of each factor was accoinysisioe
scree plots (e.g., Figur?) which demonstrates how impactful each factor is. According to a
Screeplot, the elbow of the graph where it appears to level off is found and factors, or components,

to the left of this point should be retained angigant.

Table 2: MS/AL tracts factors variance explained

Factor % of Variance| Cumulative %
1 18.57 18.57
2 13.99 32.56
3 8.93 41.49
4 6.84 48.33
5 5.92 54.25
6 4.30 58.54
7 3.79 62.33
8 3.44 65.77
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9 3.19 68.96
10 2.97 71.93
11 2.66 74.59
12 2.62 77.21
Scree Plot
i.%
1 38 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39

Component Number

Figure 2: MS/AL tracts Scree Plot

The first factor, which is the biggest driver in terms of variance explained (% of variance
= 18.57), could be described as environmental. Variables loading high within this first factor
include the prevalence of high hydric soils, no wetland declinepmestf rangeland decline, high
road miles, high developed open space, high river miles, high cultivated area, and high wetland
area (Table 3). No wetland decline, no forest rangeland decline, and high wetland area are
characteristics that are protectiveaon area experiencing a hazard (Burton 2015). The second
factor (% variance explained = 13.99) consists of high loadings on people not born in that state,
per capita income, and Caucasians. A factor with these variables is most likely explaining middle
clas to wealthy Caucasians that have moved to the southern Gulf Coast. Here, income plays a
factor where higher levels of income provide the ability for communities to absorb losses and to

become more resilient (Cutter, Boruff, and Shirley 2003). The taatif (% variance explained

36



= 8.93) contains high loadings on variables that pertain to female participation in the labor force,
high employment, high employment not in the primary industry, and gopulation with
disability. All of these variables commigate employment or ability to work, so the third factor

is employment. High employment characteristics are a sign of stability of livelihoods, which in
turn show an increase in resilience (Cutter, Burton, Emrich 2010). The fourth factor (% variance
explaned = 6.84) consists of high loading from low mobile homes, pagiulation withvehicles,

high population withtelephoneccessand high amount of high school diplomas. This factor could

be described as education and accessibility. Education wouldthe&f gz factor due to the high

rate of high school diplomas, while vehicle and phone access helps people communicate and move
around. The ability to communicate and use transportation give people accessibility to evacuate
and gain information, which woulcbntribute to an increase in resilienEer these reasons, this
factor represents educations and accessibility. The fifth factor (% variance explained = 5.92) is
focused on flooding because there is high loading both variables that show areas nt0th the

and 500year flood plain. Areas that do not have a high risk of flooding in turn have increased
resilience (Burton 2015). To recap the factors are environmental, new Caucasian residents,

employment, education/accessibility, and flooding.

Table 3:MS/AL tract factor break down

1 2 3 4 5 6 7 8 9 10 11 12
PerNH -0.456
LANWD 0.642
LANFRD 0.708
RoadMiles 0.741
LADOS 0.804
RivMiles 0.912
LACul 0.931
LAW 0.932
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PBSRS -0.718
CRST14_1 0.439
PerCap 0.667
RE 0.67

PNM 0.822
PFLFP 0.504
PWODHH 0.587
PE 0.769
PNEPI 0.895
PWOD 0.914
PNMH 0.606
PWV 0.669
PT 0.689
PPHSD2 0.81
PerNF100 0.913
PerNF500 0.922
PNESL 0.912
PNIM 0.926
PHO -0.513
PerHIU 0.407
PVRU 0.546
EE 0.703
RailMiles 0.425
PerFor 0.523
PopOut15KM 0.8

PNE -0.529
PEPO 0.754
HE 0.652
PerUrban 0.851
PBB79 0.532
PerNFSS 0.807
HHDamSgMi 0.888

4.2.2 PCA Results: Florida Census Tract Level

The PCA conducted considering the Florida census tracts had a total of 11 factors with
73.756% of variance explained by 11 factors (Table 4). According to the Screé€igloe 1),
the most impactful factors are the first four, but the first seven factors will be discussed here. The

reason for discussing seven factors is that the first four explain less than 50% of the variance. The
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next logical point in the ScreRlot isthe next peak, which is the first seven factors that end up

explaining 62.451% of the variance

Table 4: Florida tracts factors variance explained

Factor % of Variance| Cumulative %
1 20.471 20.471
2 13.428 33.900
3 10.059 43.959
4 5.905 49.864
5 4.747 54.611
6 4.029 58.640
7 3.812 62.451
8 3.105 65.557
9 2.915 68.472
10 2.742 71.214
11 2.541 73.756
Scree Plot
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39

Component Number

Figure B: Florida tracts factors Scree Plot
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The first factor (% variance explained = 20.471) for the Florida tracts consists the variables loading
highly that include percent neglderly, percent female labor force, percpapulation withhigh

school diploma, percent no mobile homes, perpeptildion with vehicle, percent with telephone
access percent not employed in primary industry, percent employed, and percent without
disability. All of these variables have a positive correlation, which means as these values go up so
doesthe potentialresilienceof populations The variables also seem to be describing working
middle class communities. The percent +abeerly variable indicates that it is a younger
population. Many of the variables are related to employment, but they track toward middle class.
The population in question does not work in the primary industry according to the variables which
leaves the secondary, tertiary, and quaternary sectors. The Quaternary sector consists of jobs that
are research based, or that require upper level educakiervariable for high school diploma has

a high loading in this factor, but income is not. This indicates the phenomenon that this factor is
describing is educatgmbpulationsbut without high income. Jobs that could require education and
have low incomre would be secondary and tertiary jobs. Secondary and tertiary jobs are both job
sectorghat the middle class will hold. Therefore, since income is not present and two out of the
three types of jobs left are middle class jobs, this is most likely a rithle populationin
addition there is highoadings foremployment overall and high female participation. These
variables indicate that, in general, this population is working. The population also owns vehicles,
which is one of theostlieritems an individual can have, indicating there is some level of wealth.
Therefore, this population is working and educated, and most likely middle class. Education can
increase resilience, as well as employment (Cutter, Burton, Emrich). The second(%&actor

variance explained = 13.428) consists of high loadings on road miles, river miles, cultivated land
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area no wetland decline, and wetland area. These are mostly environmental variables, but they
indicate areas that are not inhabited and have not beamtlsedhese areas have high amounts of
wetlandarea and they have not declined, according to the variables, which means they have been
wetlands for some time. The high number of river miles makes sense with a wetland area, but there
is alsoa high loadig on theroad milesndicator. The high amount of wetland is not necessary one
large area. The wetlands could possibly be spread out in smaller pockets, and have population
surrounding or near, which would increase roads. There is also high cultivatéddagh, which

could indicate farming and increase road miles as well. The best name for this factor would be

environmental. Wetland areas serve as a protetinger, thereby increasing resilience.

The third factor (% variance explained = 10.059) hgh lbadings of people born in the
state, Caucasian, racial equality, and housing equality. These factors are describing the Caucasian
population that was born and raised in the area that are greater than other races and own more
homes than other races,@aucasian dominated areas. The fourth factor (% variance explained =
5.905) consists of high loadings of percent not international migrant arRESlorThe population
for this factor is people born in the U.S that speak English as their first languagey Bldigher
amount of native English speakers increases resilience (Cutter, Burton, and Emrich 2010). The
fifth factor (% variance explained = 4.747) has high loadings of percent vacant rental unit, high
intensity urbararea buildings built between 197@nd 1990, and home ownership. Vacant rental
units and high intensity urban are negative which means the population is experiencing the
opposite. In this case, the population would be experiencing low vacant rentals and low urban area.
Low urban area inceses resilience, but low vacant rentals and buildings built between 1970 and
1990 decrease resilience (Burton 20I1%)e other two variables, built year and home ownership,

show older homes that are in fact owned. The fifth factor could be represengihgpidatleclass
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home owners because the population is not in an urban setting, the homes are owned, and older
which means they homes would be cheaper. Factor six (% variance explained dr@2i)s

high loadings of population near the coast, not hysdoits, and urban. These variables could
represent cities on the coast. Not hydric soils decrease risk because they are not erodible, and
thereby increase resilience (Burton 2015). Factor seven consists of areas not in #mel BB

year flood plain ad storm surge, which can be called flooding. Areas located outside of potential

flooding have decreased risk resulting in increased resilience (Burton 2015).

Table 5: Florida tract factor break down

PNE 0.553
PFLFP 0.666
PPHSD2 0.699
PNMH 0.769
PWV 0.862
PWODHH 0.864
PT 0.924
PNEPI 0.926
PE 0.935
PWOD 0.944
RoadMiles 0.595
RivMiles 0.881
LACul 0.979
LANWD 0.979
LAW 0.979
PBSRS -0.585
PNM 0.564
RE 0.741
HE 0.769
PNIM 0.884
PNESL 0.912
PVRU -0.568
PerHIU -0.541
PBB79 0.419
PHO 0.684
PopOut15KM -0.46
PerNH 0.708
PerUrban 0.75
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PerNFSS -0.609
PerNF500 0.826
PerNF100 0.873
PEPO 0.522
EE 0.651
PerCap 0.719
LADOS 0.495
LANFRD 0.679
PerFor 0.776
RailMiles 0.879
HHDamSqgMi 0.375
CRST14_1 0.796

4.2.3 PCA Results: MS/AL Census Block Group Level

The MS/AL block groups had a total of fdttors that explained 69.996% of the variance
(Table 6). The Scree Plot (Figurd)ishows that the most impactful factors are the first four.
However, the first eight will be analyzed for the same reason as the Florida Tract. The first eight

factors explan 58.389% of the variance (Table 6).

Table 6: MS/AL block groups factors variance explained

Factor % of Variance| Cumulative %
1 17.432 17.432
2 10.820 28.252
3 6.943 35.195
4 6.664 41.859
5 4.797 46.656
6 4.343 50.999
7 3.835 54.894
8 3.555 58.389
9 3.047 61.437
10 2.978 64.414
11 2.873 67.288
12 2.709 69.996
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Figure ¥: MS/AL block groups Scree Plot

The first factor (% variance explained = 17.432) has high loadings on environmental based
variables with foresareg noforest/rangeland decline, developed open spaeg cultivatediand
area wetlandarea river miles, but also road miles and population away from the coast. Due to the
cultivated, no rangeland decline, and roads, this could be a rural area with faratirg dtso
combined with wetland. Cultivated and rangeland indicate farming, but access is required to get
to these farms, which could explain the roads. Most of the high loaded variables revolve around
an environmental theme which makes the first fadotoe alsenvironmental. Wetlands and forest
provide barriers that in turn increase resilience, while roads allow evacuation that increases
resilience (Burton 2015). The second factor (% variance explained = 10.820) has high loadings in
percent employed, peentpopulationwith vehicle, percenpopulationwithout disability, percent
not employed in primary industry, and percgapulation withphone access Three of the

variables deal with employment, so a major part of this factor is working. The othearables
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deal with accessibility. The second factor could represent employment and accessibility.
Employment is a sign of secure livelihood, which increases resilience (Cutter, Burton, and Emrich
2010). The third factor (% variance explained = 6.943)umhe$ high loadings of professional
occupation,population withhigh school diploma, education equality, and per capitame
Professional occupation, high school diploma, and per capita indicate a highly educated-and well
off population. The high schodliploma variable indicates that the population is educated, but
there is evidence that the population obtained a higher educated as well. Professional jobs are part
of the quaternary job sector which requires higher education typically. These types afgobs
better paying as well, which explains the high loading per capita. For these reasons, the third factor
is educated and wealthy. Education is a main driver according to this factor, and education
increases resilience (Cutter, Burton, and Emrich 20 .fourth factor (% variance explained =
6.664) involves all the flooding variables: not in 1@@d 500 year flood plain and not in storm
surge. Areas that are not at risk of flooding have increased resilience (Burton 2015). The fifth
factor (% variancexplained = 4.797) includes high loadings of high intensity urbanetdanly,

and home ownership, but high intensity urban andeiderly are negative. These variables being
negative means that this population is not in an urban area, elderly, blabrhasownership.
Variables that describe urban to rural living in homes owned by elderly would indicate the factor
could be representingetired communies Elderly population actually decreases resilience
(Burton 2015). The sixth factor (% variance expéal = 4.343) includes nelBSL speakers and

non international migrants, which means U.S. born English speakers, thereby increasing resilience
(Cutter, Burton, and Emrich 2010). The seventh factor (% variance explained = 3.835) contains
hydric soils, due tdeing negative, and no wetland decline, which means this factor is simply

wetlands. Wetlands create a barrier to hazards which increases resilience (Burton 2015). The
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eighth and final factor (% variance explained = 3.555) contains high loadings oaratiausing
equality which could represent equality. Inequality, racial and housing, can decrease resilience
(Cutter, Burton, and Emrich 2010). To recap, the factors are rural farming/wetland,
employment/accessibility, educated/wealthy, flooding, retirdds. born English speakers,

wetlands, and equality.

Table 7: MS/AL block groups factor break down

PopOutl5KM | 0.466
PerFor 0.551
RoadMiles 0.711
LANFRD 0.74

LADOS 0.798
LACul 0.82

LAW 0.82

RivMiles 0.864
PE 0.662
PWV 0.679
PWOD 0.701
PNEPI 0.742
PT 0.756
PEPO 0.403
PPHSD2 0.651
EE 0.735
PerCap 0.806
PerNFSS -0.679
PerNF500 0.882
PerNF100 0.908
PerHIU -0.626
PNE -0.397
PHO 0.763
PNESL 0.923
PNIM 0.93

PerNH -0.706
LANWD 0.71

RE 0.779
HE 0.811
PNMH -0.535
PNM 0.587
CRSBG14_1 0.718
PVRU 0.529
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PBB79 0.812

RailMiles 0.578
PerUrban 0.682
HHDamSqgMi 0.904

4.2.4 PCA Results: Florida Census Block Group Level

Florida block groups had a total of 11 factors that explain 66.178% of the variance (Table
8). The Scree Plot (Figuré)shows that the first six factors are the mogiactful, and explain

50.253% of the variance (Table 8).

Table 8: Florida Block groups factors variance explained

Factor % of Variance| Cumulative %
1 14.341 14.341
2 12.882 27.223
3 7.809 35.033
4 5.437 40.470
5 4.921 45.390
6 4.863 50.253
7 3.865 54.118
8 3.384 57.502
9 3.020 60.552
10 2.918 66.440
11 2.737 66.178

47



Scree Plot

Eigenvalue
w

1t 3 5 7 9 M1 13 15 17 19 21 23 25 27 29 31 33 35 37

Component Number

Figure B: Florida block groups Scree Plot

The first factor (% variance explained = 14.341) is once again high loading environmental
variables with river miles, no wetland decline, cultivated, and wetland. The best name for this
factor would be environmental. The second factor (% variance expRih2d@82) containkigh
loadings on variabkesuch as populations with at leagtigh school diploma, no mobile homes,
populationswvithout disability,householdsvith vehicle populationemployed, angopulationsiot
employed in the primary industry. Téevariables are similar to some seen in the Florida Tracts
which showed a working middle class. The population is not in the primary industry, but not in
professional jobs either, which means they are holding middle class jobs. Employment is two of
the vaiables which could also indicate they are a working population. The population is educated,
working, and has enough money to own a vehicle (or depends on it for work), which indicates this
factor is working middle class. Without disability and vehicleskenavacuation easier,
employment indicates stable livelihood, and imoobile homes can sustain more damage making

all of these increase resilience (Burton 2015). The third factor (% variance explained = 7.809) has
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high loadingsthat pertain toU.S. born kglish speakers with the variables non international
migrant and notESL speakers, and these characteristics increase resilience (Cutter, Burton, and
Emrich 2010). The fourth factor has high loadings of low uré@a low high intensity urban

area highamountshydric soils,populationsaway from the coast, and developed open speez

Hydric soil can indicate wetlands since that kind of soil is capable of holding water. Low urban,
high intensity urban, and developed open space indicate a rural aethsige are indicating the
opposite of an urban area. The fourth factor could represent rural away from the coast. Areas away
from the coast will most likely be at less risk for flooding, which will increase their resilience
(Cutter, Burton, and Emrich 20} The fifth factor (% variance explained = 4.921) contains high
loadingsof high elderly, housing equality, racial equality, and fimmorities. Housing/racial
equality and nomminorities are showing a Caucasian dominated population, which means factor
five is elderly Caucasian. Elderly will actually decrease resilience since it is harder for elderly to
evacuate and bounce back after a hazard (Burton 2015). Factor six (% variance explained = 4.863)
has high loadings for flooding in areas not in the-Ed@ 500 year flood plain and storm surge,

which will increase resilience since the areas are at less risk (Burton 2015). To recap, the factors
are environmental, working middle class, U.S. Born English speakers, rural area away from coast,

elderly Caucasia and flooding.

Table 9: Florida block groups factor break down

1 2 3 4 5 6 7 8 9 10 11
RivMiles 0.873
LANWD 0.978
LACul 0.98
LAW 0.98
PPHSD2 0.654
PNMH 0.665
PWOD 0.739
PWV 0.79
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PE

0.828

PNEPI

0.845

PNIM

0.867

PNESL

0.929

PerUrban

-0.8

PerNH

-0.731

PerHIU

-0.424

PopOut15KM

0.497

LADOS

0.504

PNE

-0.574

HE

0.553

RE

0.609

PNM

0.709

PerNFSS

-0.582

PerNF500

0.833

PerNF100

0.882

PVRU

-0.621

PT

-0.609

PHO

0.459

RoadMiles

0.528

RailMiles

0.816

PBB79

-0.469

PerCap

0.597

EE

0.611

LANFRD

0.593

PerFor

0.776

CRSBG14_1

0.393

PEPO

0.414

HHDamSqgMi

0.779

4.2.5 BetweerstudyArea and Scald®CA Comparison

Table 10 shows that all, but Florida tracts, have environmental as the first factor. This
means that across both study areas and scales that the environmental charaexpiaticthe
greatest percentage wariance when considering whatrigdles may be the most important
contributing factors to theesilienceconcept considering this particular study atanversely, k
of the PCA runs with the exception of tMS/AL tract level have a variation of working and

employment as one of theptdwo factors. Overall, this shows that location aedessarilyscale
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is associated with what may be the nmuesttinentdrivers of resilience within the study arddne

first two factors are nearly the same across all study areas and scales, whileishalsejuite

similar but in a different order. Environmental, employment, and flooding appear in every study
area and scal&/ariables measuring neminorities education, andonforeign residentsippear

in three of the four study areas and scales. This further proves that the samedatddyedriving
resilience, but the impact of the factors changes with location and scale. ThaeR(©Astrated

that the biggest drivers of resilienicetermsof variability explained that differ according to scale

are environmental and employment/working, and the remaining drivers are the same between

locations and scales with a different order of impact.

Table 10: The final factor names for each scale ardy sttea together

Tract Block Group
MS/AL FL MS/AL FL
1 Environmental Working/Educated Environmental Environmental
2 New Caucasian Resident Environmental Employment/Accessibility Working Middle Class
3 Employment Native Caucasian Educated/Wealthy U.S. Born English
Dominant Speaking
4 Education/Accessibility | U.S. Born English Speakit Flooding Rural Area Away from
Coast
5 Flooding Rural MiddleClass Home | Retired Elderly Caucasian
Owners
6 Coastal Cities U.S. Born English Flooding
Speaking
7 Flooding Wetlands
8 Equality

4.3 Results of Statistical Analyses to Understand the Differences Between Groups

4.3.1 ANOVA

The PCA resultg subsectioa4.2only go so far in thaheydemonstratéhat the variables

that explain the most variability in the resilience assessment are relatively constantreeross
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scalexhosen for this analysis. Gaining an improved understanding of how the measured resilience
of populations changes with the spatial extent of the SLR hazard was the subsequdrmt step.
accomplish this step, aNOVA was conductedn thecompositeBRIC scors selected via their
intersection with the four SLR zones identified for this resedrhls is to understanid thereis

any statistical difference between theerallresilience opopulationsvithin eachSLR zone(0ft.,

3ft., 6ft., 9ft.),andat the twadifferent scales of analysis explored for this work. The results of the
ANOVA (Table 11) show that there is no statistically significant difference in the resilience of
populationsconsidering the different SLR zones at the census block group leveatidraabplies

to both study regions (i.e. the Mississippi/Alabama coastal counties and the Southern Florida
coast). However, there is a statistically significant difference between the two study areas at the
census tract levalf geographyThe typical leel of significance for the ANOVA anBosthoc

tests ard® <=0.05 where the null hypothesis that the samples are the same is rejected, and MS/AL
tracts and Florida tracts show that the statistical significance between groups was .002 and .003
respectively (see Table 11). This shows that there is a significanediffebetween the resilience

of populationsas per the composite index withhe differentSLR zones at the census tract level

This significance wagsot demonstrated at the block group lefegl Florida, howeverTable 11

shows levels of significance ftiie tract level comparison at 0.06 and 0.657 respectively.

Table 11: ANOVA Significance Results

Tract Block Group
MS/AL FL | MS/AL| FL
Significance | 0.002 | 0.003 | 0.066 | 0.657

Thedifferences in statistical significance across the SLR groups that were signaled by the

ANOVA have demonstrated that the MAUP is likely occurring and impacting the results of the
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ANOVA. Here, a statistical bias may be resulting when the block group lemslus data is
aggregated into tracts. The result is that the values, and any corresponding indicators derived from
them, areébeinginfluenced byaggregation anthe scale and shape of the aggregation unit. In this
case, lhe aggregatiorof census datanay have led to distinct zones distinguishable within the
ANOVA, but not recognized at higher resolutions. This result demonstrates that scale matters and
that a onesizefits-all approach for measuring resilience may not be fully beneficial. It is within
this context that the MS/AL study area does not experience MAUP to the same degree that the
Florida study area does. The MS/AL census units still exhibited statistical significance at the tract
level, and not at the block group lev@his change, although tolesser degree, still shows MAUP

is at play since once again the only variable changed was scale.

Unfortunately, the ANOVA is limited because it only tests to see if groups are difterent
the same considering data meass the result is globand fals to demonstrate the extent of
differences between groups, if arijor this reasonPosthoc testswere developedo see how
different groups are, and which groups are different. To explore the relationship betw8keR the
groupsand resiliencéurther, Tu r k dPgsthactest was conducted for ti®sthocportion of the
anal ysi $osthdctestomrmppareshe means of the different groups to show how different
the groups were from each other. Surprisingly, the resulisatedthat there was almosto
statistical significance between the groups. TaBldemonstratethat for MS/AL tracts there is
only significance between 0 ft and 9 ft of SLR of 0.025. In the previous ANOVA there was
significance for the MS/AL tracts, but the ANOVA test was most likely picking up the relationship
between O ft and 9 ft SLR. This showsat the ANOVA can be misleading since it showed
promising results, which is why the ANOVA was followed byPasthoc test. When the

relationships were analyzed moredapth through th@osthoctest, itbecomeglear that theres
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little difference betwen the measured resilience between the 4 SLR zones unless the extremes are
considered (i.e., Oft. and 9ftYheseparadoxicakesultsarereflectedwhenthe Florida tractgare
consideredas well. Florida tracts had a statistical significance in the ANOMA, only had
significance between SLR of O feet and 6 feet of 0.011 (TaR)leVihile a value of 0.011 is
statistically significant, it is the same as the MS/AL tracts where only having significance between

two groupsmightnot equate to statistical difience within the entire study area at that scale.

Both Tables 4 and b are at the block group level and show no significance, which was
expected based on the previous ANOVA. The best significance for the MBIAy. area occurred
between the O ft and 98LR Zones at both scaldslorida did not show the same relationship
between scales. The best significance for Florida block groups was between 0 ft and 3 fPSLR at
<= 0.678 (Table &), while the best significance at the tract level was between 0 f &f8LR.

MS/AL study area shows that scale did not stop the same general trends from coming through in
the Posthoc tests since the same zones had the best significance for both scales, while in the

Florida study area the scale change impacted thestrend

Table 2; Tukeyods Test results for MS/ AL trac
0 ft 3 ft 6 ft 9 ft
0 ft 0.115 0.181 0.025
3ft 0.115 0.997 0.734
6 ft 0.181 0.997 0.878
9 ft 0.025 0.734 0.878
Table B: Tukeyds Te s ttractsevishsignifisancé s 0.05F1 or i d a
0 ft 3ft 6 ft 9 ft
0 ft 0.249 0.011 0.158
3ft 0.249 0.695 0.685
6 ft 0.011 0.695 0.971
9 ft 0.158 0.685 0.971
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Table¥: Tukeyds Test results for MS/ AL bl ock
0 ft 3 ft 6 ft 9ft
0 ft 0.470 0.578 0.133
3 ft 0.470 1.000 0.848
6 ft 0.578 1.000 0.817
9 ft 0.133 0.848 0.817
Tableb: Tukeyds Test r es uWwithsignificanceoF0.0br i da bl o«
0 ft 3 ft 6 ft 9 ft
0 ft 0.678 0.999 0.891
3 ft 0.678 0.844 1.000
6 ft 0.999 0.844 0.933
9 ft 0.891 1.000 0.933
4. 3. 2 Moranods |

Since the ANOVA andPosthoctests offered inconclusive results, methods utilizing the
concept of spatial autocorrelation were employed to better understand the underlying patterning of
resilience within thalifferent SLRzones Spatial autocorrelation tsased on théasic principal
thatdatavalues measured at a given spatial location @gepenénton the values around it. The
most common examplef spatial autocorrelatiois clustering, wherebjects in the same group
are more similar to each other than those in other gradupgxanple of this wouldoe positive
spatial autocorrelation imigh-end neighborhoods. Typicallygostly homes in an exclusive
neighborhoods will be located in proximity to other costly horoes|ustered. It is unusual to see
a largeaffluenthome in acommurity consisting of predominantly mobile and modular horfars,
example. The other example of autocorrelation is when values are dispersed, or repelled by one
another(i.e., negative spatial autocorrelatiompe same values want to be as far from one anothe
The final random,

as possible. possibility is
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statisticused to measure spatial autocorrelatttat analyzes the data and determines if the same
values are spatially near each other (clusterepgllirg each other (dispersed), or randoltnis
within this contextthad g | o b al Mor ands | weaesiliencaiohpopulatiodsr ¢ GI S

is clusteredvithin the SLR zones

Figures 5-19 demonstrate that the resilience data is clustered into very distinct geographic
zones. The Mor an-d®1withdngthing bedow @ leeing dispesaed, above zero
clustered, and 0 being completely random. All of these results are betweend dnaading they
are clustered, but the closer to 1 the Morano
the closer to O the Moran6s I ndex the closer t
it is above 0, but it is not highlglustered. FiguresGland B shows that MS/AL tracts and block
groups are highly clustered with a Morandés 1| n
grouplevel. Since the same values are clustering together, there is little statisticavasitte
different SLR zones. The reason being that when SLR increases from O ft to 3 ft, for example, the
census units that are included in the 3 ft SLR are still of the same cluster frdk@vise, since
the data is clustered, there are multiplesters being captured in one SLR zone, which is
essentially averaging all the values. The Florida study asailarly clustered, but not nearly as
much as the MS/AL study areas. Figufeahd ® s hows t hat at the Tract |
Indexd 0. 09, while at the block group | evel Mo r
show clustering. Anotheroteworthyr e sul t is t hat Morands | ndex i
that census block group Level as opposed to the tract levéleHitustering, or autoorrelation,
at the block group level is once again showing that scale $iaaldeimpact on the results of this
studyand should be considered when choosing the appropriate spatial resolution for measuring

resilience Every analgis thus far has shown that the block groups between the two study areas
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show similar results relative to their study areas, and this occurs with the tracts as well. This

Morandés I ndex analysis was done at talyautogl obal
correlatedor the studyareas a whol e. A series of Morands |
local level to show the relationships between clustdrso ¢ a | Mor anods I i's a

autocorrelation st at i sltstatistic wHera eachiobsenmios gvesao n t h
indication of the extent of significant spatial clustering of similar values around that observation

(Anselin L 1995).
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Spatial Autocorrelation Report

Significance Lewel
{p-walue)
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p-value: 0,000000
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Given the z-score of 33.85084026, there is a less than 1% likelihood that this clustered pattern

could be the result of random chance.

Figure 2 MS/ AL tracts Gl obal Moranos
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Spatial Autocorrelation Report

Significance Lewel
[p-value)

0.01

0.05

0.10

Moran's Index: 0.093953
Z-score; 38.432637
p-value: 0.000000

0.10
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0.01

fgoooon

|
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Significant Significant

Critical Value
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= -2.58
-2.58 - -1.96
-1.96 - -1.65
-1.65 — 1.65
1.65 - 1.96
1.96 - 2.58
= 2.58

Given the z-score of 38.4326374174, there is a less than 1% likelihood that this clustered

pattern could be the result of random chance.
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Spatial Autocorrelation Report

Significance Lewvel
(p-walue)

0.01

0.05

010

0.10
0.05
0.01

Moran's Index: 0.992648
Z-5C0re; 65.725052
p-value: 0.000000

1e00oon
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Significant

|

{Random)

Significant

Clustered

Critical Value
(z-score)

= -2.58
-2,58 --1.96
-1.96 - -1.65
-1.65 - 1.65
1.65-1.96
1.96- 2.58
= 2,58

Given the z-score of 86.7250521358, there is a less than 1% likelihood that this custered

pattern could be the result of random chance.

Figure B. MS/ AL bl ock groups Gl obal
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Spatial Autocorrelation Report

Moran's Index: 0.139600 Significance Lewvel Critical Value
z-score: 139.729285 (pvalue) (z-score)
0.01 mmm <=-2.58
p-value: 0,000000 0.05 B -2.58--1.96
0.10 [ -1.96--1.65
— [ -1.65-1.65
0.10 [ 1.65-1.96
0.05 @ 1.96-2.58
0.01 B >258

—

Significant

[Random)

Significant

Clustered

Given the z-score of 139.720287941, there is a less than 1% likelihood that this clusterad
pattern could be the result of random chance.

Figure ®: MS/ AL bl ock groups GIl obal Mor anoés
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Theress |l ts of the | ocal Morands | sdomposite wher e
scores of resilience are in relation to each other. If there are two census units next to each other
with high BRIC Scores, then it will have a Higrhigh relationship. The o#r possible relationships
are HighLow (a high next to a low), Lovtigh (low next to high), LowLow (low next to low),
and not statistically significant. FiguréZd and 21 show MS/AL tracts and block groups

respectively with the Moranés | results.

The area of LowLow resilience in botlrigures 20 and 2éncompass the city dfiobile.
High-High resilience areasncompas®i a mond he ad aG@uifporDahd goianyaf | | e
Biloxi seem to be in areas that dondt have ste:
within the greateMobile area have Highow block groups. This means that those block groups
in the Mobile arednave high resiéncescores and are juxtaposed nexblock group with low
resilience scoresThereare also block group in the Gulfport area tha low-high resilience

relationshipwittDi amondhead and D6l berville communitie
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Spatial Correlation

I High-High

[ High-Low

P Low-High

- Low-Low

’— Not Statistically Significant]
| No SLR Zone

Figure 20: MS / A Lalysist Hatchted arelybodid aomh idteysedt anyAafi the SLR
layers. Grey were not statistically significant.
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Spatial Correlation

I High-High

[ High-Low

[ Low-High

- Low-Low

’7 Not Statistically Significant]
| No SLR Zone

Figure 21: MS/ AL bl ock groups Morandés | Analy
SLR layers. Grey were not statistically significant.
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Figures 2 and B show all of the Florida study area, but due to the high population along
the eascoast it is difficult to see what is actually occurring. A majority of the Florida study area
is actually very |l arge census units that do nc¢
| analysis for Florida will be directed at Figuresdéhd25 that are zoomed in to the populated east
coast. The top portion of the study area is mostly Higih resilience with some low high
scattered throughout, while the bottom portion is the opposite withLlaawresilience and some
high low scattered throbgut. There is a clear division between these two sections where there is
a strip of units that are not statistically significant. This divide is most likely the area between Fort
Lauderdale to the north and Hollywood to the south, which is Dania BeaokheXkninteresting
finding clearly seen in Figure52is a bullseye type ofeffect of clustering within block groups
Miami is an area of Lovli.ow resilience, but instead of the entire area being-Low there is a
pocket of highLow resilience which appeats be the Kendall area surrounding Zoo Miami. This
makes sense because the Zoo Miami is not statistically significant because there was most likely

no demographic data for this area meaning the values were null instead of zero.
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Spatial Correlation

B High-High
____ | High-Low
] Low-High
- Low-Low

Not Statistically Significant
77/ No SLR Zone

Anal ysi s.

Fl orida tracts Moranos

Figure 22:
layers. Grey were not statistically significant.
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Spatial Correlation

B High-High
| High-Low
[ Low-High
- Low-Low
: Not Statistically Significant
/777 No SLR Zone

ock

groups

SLR layers. Grey were not statistically significant.
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ort Lauderdale

Hollywood

Spatial Correlation
B High-High
High-Low
Low-High

Low-Low

Zoo Miami Not Statistically Significant
'i 7 No SLR Zone

Figure 24: Fl orida tracts Mor aldatclsed dreasddidadty si s .
intersect any of the SLR layers. Grey were not statistically significant
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Spatial Correlation

Z00 Miami

ock

B High-High
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Low-High
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Not Statistically Significant
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groups Morands | An a

did not intersect any of the SLURyers. Grey were not statistically significant
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The 1|1 ocal Morands | anal ysis g &gsthocestsme i
showed low statistical relationship results. A good example would be the Florida coast which
showedinconclusivestatistical results. The SLR layers would be along the entire coast, which
means the Higlidigh resilience and Lovi.ow resilience areasould be grouped together because
they bother intersect one of the SLR layers. There is clearly a pattern with this data as seen in the
Mor anods | 2 & 25)t but(wWhen ghase eluster@ are aggregated the patterns cannot be

discerned.
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5.0 Conclusions

5.1 Overview

The results of this analysis have demonstrated gpatial units with similar resilience
(considering the selected study areas along the Alabama, Florida, and Mississippie@odh$ts)
clusterleading to a degree of homogeneity when consideheagesilience opopulationswithin
different SLR zoneslt is within this context thathie reldionship between resilience and spatial
location is more complex than what could be ascertained by the SLR zones propotesl|sdtent
illustrated thathe measuredesilienceof a given places dependent on location and scale. The
cluster patternef similar resilience scorediffered from MS/AL to Florida, but had similarities as
well, such as clusters occurring in urban asrakspatial dispersion occurring in rural arddeese

patterns would be intensified or depressed depending on what scaleeglas

5.2 Is there any difference in the measured resilience of coastal populations given projected

changes in Sea Level Rise?

In order to answethe first research questiob.S. @nsusenumeratiorunits (tracts and
block groups) were selected based on if they intersected doar@LR zones. The SLR zones
consisted of 0 ft, 3 ft, 6 ft, and 9 ft of predicted SLRa tfensus unit intersected one of the SLR
zones, it was coded to reflect which zdnatersected, and could only be selected once. After the
selection process was complete ANOVA was conductetb compare thenears of all the BRIC
values in each SLR zoneh@ results of the ANOVA demonstrated tha¢re was no statistical
differencelevels of resiliencat the block group level at either study area. Figsifiesthat the
ANOVA did not detect any statistical differences between the mean BRIC scores in any of the

SLR zones. There wasatisticalsignificance, however, in both study aseat thecensustract
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level. In short, thee arestatistically significantifferencesn the resilience of populatiohetween

the zones at the tract level, but not the block group level.

5.31If there is a difference in the resilience of populations dtechanges in the spatial extent

of a SLR hazard zone, to what extent does the overall resilience of populations diverge?

In order to answer the second research questi®osthoctest was conducted, specifically
T u k e Roétsoctess reveal how much difference there is between multiple group means, and
typically follows an ANOVA. It was deemed that there was no difference at the block group level
consideringhe ANOVA, so the focus was at the tract level to see how much differemeenths
between each SLR Zone. The results illustrated that there was a significant difference between 0
ft and 9 ft SLR at the MS/AL study area, but there was no difference between any of the other
zones. The same occurradhen consideringhe Florida stug area where there was only one
instance of significant differencatO ft and 6 ft SLRwhereasthere was no difference between
the rest of the zones. In short, there was minimal difference between the SLR zones at either study

area at the tract levelnd no differences at the block group level.

In order to find out why the results from the ANOVA aRdsthoc were occurring, a
Mor anods | anal ysi s wapatiacstatistithatdetermiines iVdata, anrthiss | [
case composite resilienceoses, has spatial autocorrelation. Spatial autocorrelation means that the
data values of one point depend on the values around it, which can result in a dispersed or clustered
pattern, or random i f there is thatthargpwagspatidl aut c
autocorrelation in all study areas and scales that resulted in a clustered pattern, which results in
similar values being near one another. Once t|
why the ANOVA andPosthocrendeed little to no differences. In urban areas, the BRIC scores

would cluster resulting in pockets of high or low resilience along the coast. The ANOWWoahd
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hocare executed by comparing means of groups, but within each SLR zone there were very high
andlow values due to the pockets of high and low resilience created by clustering. When there are
very high and low values, the average is typically in the middle, which is what happened for every
SLR Zone, resulting in little to no statistical differencelshdugh the answers to research question

one and two show there is little to no differencendy bebecausehe statisticatests (ANOVA

and T uPosthpd) were not designed to measure the phenomenon which is occurring:

clustering.

5.4 Given the pos4ility that changes in the resilience of populations are likely to occur from
one SLR zone to the next, what characteristics are most pronounced as driving the resilience of

populations?

In order to answer the third research question, a PCA was conducted. All the variables that
make up the compositeBRIC score were analyzed to see which variablegplain the most
variability and best describe the phenomena being measured (i.e. dissibégce) The factors
of the PCAcan be consideretie most significandriversof resilienceaccording to the PCAThe
main driver of resilience, across both study araesenvironmentafactors The Environmental
Components the factoexplaining thanost variancéor MS/AL tracts, block groups, and Florida
block groups, and the secowtien considering thElorida tracts. For three of the four study areas
and scales, the second factors revolved around the same theme of employment. Florida tracts had
employment as the first factor and environmental as the second factor. This means that across all
study areas and scajése environmental and employmefaictors can be consideréue biggest
drivers of resilience. Having the same two factors that expktineen 27 and 33% of all variance
within the resilience scores indicates thavironmentaand employment are the most pronounced

drivers of resilience.
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5.5How do the answers to the previous three questions change with location and scale?

An interesting portion of this study demonstrates évai thoughhe compositeesilience
measurement gdfopulationdid not change with SLRheresiliencescoreglid change with scale.
In the ANOVA andPosthoctests, the block group and tracts typicalstedin ao parallelway
within their given study aee Thisbecamanost obvioudollowing the ANOVA, where theensus
tracts had statistically significant results, while the block groups did not. Also, when comparing
the drivers of resilience, the blockogips had similar drimg characteristigswhile the tracts
changed slightly. The statistical measures showed a distinct difference with the different scales.
Thisdistinct difference held true givéanh e Mo r a n {Here, loth atudy drepassexpsriestt
increased clustering from the tract to the bl c
| score aboth block group and tratdvels whi | e Fl orida had a rel at]
both scales. There were also far differlavels ofclusteing for both. Florida showethe full
range of spatiatlustering typeslong the cosfLow-Low, High-High, LowHigh, High-Low),
while MS/AL only showed HigiHigh and LowLow. Seeing such vasthjifferentialclustering in
the study areas makes flaet that théwo study areasharehe samerimarydriversof resilience

evenmore interesting.

5.6 Future Study Suggestions

This gudy was limited to two relatively small study areas, one year, and one hazard. The
restrictions were made in order to coo®l ete
nuanced understanding of what resilience looksdpedially. These limitationseave many things
that can be expanded on in the future. Only two study areas were focused on in this study, MS/AL
and Florida. Although the results of this study showed little statistically differences, in other parts

of the U.S this may not be true. Thevas also a total of only ten counties in between the study
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areas. By looking at different parts of the Uaghgdcomparing more study areas, more insigan

be gained regarding how quantified measurements of resillegtt@vespatially across scales
Another future study suggestion is to look at how resilience is changing over time. This study only
looked at 2014, but the variables that make up the BRIC are constantly changing. How different
areas change over time, how different scales change overdintew resilience in general
changes are all avenues for future research. Finally, the variables used in the BRIC and the
locations were focused on SLR, but there are many natural hadéedsng both or coasts and
inland areasResilience incommunities that experience tornados could be completely different
than those at risk of hurricanes and SLR. Difference in how resilien@nigestedpatidly could

be analyzed in different town across the U.S. that experience different hazards.

5.7 Research Contributions

The significance of this studyas the developmeiff a methodology that can be used to
analyze what effects scale and hazaxtentcan have omeasuredesilience. The methodology
proposed can be modified for any area that has available Mataover, the BRIC, which
provided the resilience measurement method for this study, is amenable to being modified to fit
any hazardThere were variables in tlegiginal BRIC index pertaining to earthquakes that were
not used since this studfor instancelf a future study wished to analyze earthquake resilience,
variables pertaining to SLR could be removed. The results of this study illustrated that scale, or
MAUP, can have an impact on the results, and the methodology proposed can help illsucimate

impacs.
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Appendix A

Appendix A containshe MS/AL figures regarding SLR zoneghat SLR zone the census
unit intersectsand census un@i8RIC scoresThese figures correspond to section 3.2.kS»=eel

Rise (SLR), 3.2.3 Overlay Analysis to Delineate Drivers of Resilience, and 4.1 Study Area Disaster
Resilience.

Al: The SLR layers over the MS/AL tracts. Red ft SLR, Yellowi 3 ft SLR, LightGreeni 6
ft SLR, Dark Greeri 9 ft SLR
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in a SLR Zone|

A2: The MS/AL tracts colored based on which SLR layer they intersected. REESLR,
Yellow i 3 ft SLR, Light Green 6 ft SLR, Dark Greeii 9 ft SLR
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BRIC Score

A3: MS/AL tracts BRIC Scores
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Appendix B

Appendix B contains the Florida figures regarding SLR zonkat SLR zone the census
unitintersects and census unitsé BRI C scores.- These f

Level Rise (SLR), 3.2.3 Overlay Analysis to Delineate DriveiRe&silience, and 4.1 Study Area
Disaster Resilience.

B1: The SLR layers over the Florida block groups. Rédt SLR, Yellowi 3 ft SLR, Light
Greeni 6 ft SLR, Dark Greein 9 ft SLR
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B2: The SLR layers over the Floridlacts. Red O ft SLR, Yellowi 3 ft SLR, Light Green 6
ft SLR, Dark Greeri 9 ft SLR
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Units Intersecting

Not in a SLR Zone

B3: The Florida block group&oomed outrolored based on which SLR layer they intersected.
Redi O ft SLR, Yellowi 3 ft SLR, Light Green 6 ft SLR, DarkGreeni 9 ft SLR
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Units Intersecting

Not in a SLR Zone

B4: TheFlorida block groups (Zoomed into north easijored based on which SLR layer they
intersected. Redl O ft SLR, Yellowi 3 ft SLR, Light Green 6 ft SLR, Dark Greein 9 ft SLR
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Units Intersecting

Not in a SLR Zone

B5: The Florida block groups (zoomed into south east) colored based on which SLR layer they
intersected. Red O ft SLR, Yellow1 3 ft SLR, Light Green 6 ft SLR, Dark Greein 9 ft SLR
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Units Intersecting

Not in a SLR Zone

B6: The Florida tracts (zoomed out) colored based on which SLR layer they intersectéedl Red
ft SLR, Yellowi 3 ft SLR, Light Green 6 ft SLR, Dark Greeii 9 ft SLR
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B7: The Florida trac (zoomed into east coast) colored based on which SLR layer they
intersected. Red O ft SLR, Yellowi 3 ft SLR, Light Green 6 ft SLR, Dark Greein 9 ft SLR
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