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Academic Abstract

A transportation system is a critical infrastructure that is key for mobility incanymunity.
Natural hazards can cause failure in transportation infrastructure and intgedautine
performance. Ecological systems are resilient systédrat are very simdr to transportation
systems. Diversity is a fundamental factor in ecologicalieesie, and it is recognized as an
important property of transportation resilience. Howewprantifying transportation diversity
remains challengingwhich makes it difficut to understand the influence of diversity on
transportatiorperformance andesilience.Consequently, three studies are undertaken to remedy
this circumstance. THest studydevelops a novelpproach inspired by biodiversity in ecological
stability theoryi to characterizand measurgransportation diversitiy its richness (avaibility)

and evenness (distribution)his transportation diversitapproach is theapplied to New York
City (NYC) at the zip code level using the GIS data of transportatimades. The results
demonstrate the variation of transportation diversity achwssity. The characterized inherent and
augmented complementaritiestart to uncovethe dynamics ofmodal compensationand to
demonstratéow transportation diversity contrites tahis phenomenarMoreover, he NYC zip
codes with low transportation dirgity are mainly in hurricane evacuation zones that are more
vulnerableConsequently dw transportation diversity in these areas could affect theirdisaster

mobility.

In the second studyhe influence of transportation diversity on pdisaster mbility is examined

by investigatinghe patterns of mobility in New York Cityne month before and after Hurricane
Sandy ugg Twitter dataTo characterize prand posiSardy mobility patterns, the locations that
individuals visited frequently were idéfied and travel distance, the radius of gyration, and
mobility entropy were measured. Individuals were grouped according to the transportation diversity
of their frequentlyvisited locations. The findings reveal that individuals that lived in or visifed z
codes with higher transportation diversity mostly experienced less disturbance in their mobility
patterns after Sandy and the recovery of their mobility patterns was ftsteresults confirm that
transportation diversityffectsthe resilience ofndividual postdisaster mobility.The approach

used in this studis one ofthe firstto examire the root causes of changes in mobility patterns after

extreme eventby linking transportation infrastructuiversityto postdisaster mobility



Finally, the third study employs the transportation diversity approach to investigate modal
accessibility and social exclusiomransportation infrastructure is a sociotechnical sysaioh
transport equity is crucidbr access to opportunities and sergiseich as jaband infrastructure

The social exclusion caused by transport inequity could be intensified after natural disasters that
can cause failure in a transportation syst@me approach to determine transport equity is access
to transportation mode Common cathment area approaches to asghe®quity of access to
transportation modesannotdifferentiate between the equity of access to modes Hresyibns of

an areaThe ransportation diversitgpproachovercoms this shortcomingandit is apgied to all
transportation modes INYC zip codes taneasure the equity of acceZ#p codes were grouped

in quartiles based on their transportation diversitsingthe American Community Survey data,

set of importansocioeconomic and transparsagefactorswere @mparedn the quartile groups

The resultsindicated the relationship between transportation diversity and income, vehicle
ownership, commute time, and commute madkdas relationshigighlightedthatsocial exclusion

is linked with transport inequity. Téresults alsoevealedhat the inequity of the transport system

in zip codes with low transportation diversity affects poor individuals more thapourand the

zip codes with a majorityof black and Hispanic populationare impacted more Further
consderation ofthe impacs of Hurricanes Irene and SandyiNY C showsthatpeoplein areas with

a lower transportation diversityere affected more and tlransport inequityn these areas made

it difficult to cope with thesalisastersand causedpostdisaser social exclusion. Tdrefore,
enhancingtransportation diversityhould supporttransport equityand reduce social exclusion

undernormal situationgnd duringextreme events

Together, these three studies illustrate theigfte of transportation dikgty on the resilience of

this infrastructure.They highlight the importance of the provision and distribution of all
transportation modes, their influence on mobility during normal situations and extreme events and
their contibution toward mitigating saial exclusion. Finally, these studies suggest that
transportation diversity can contribute to more targeted and equitable transportation and
community resilience planningvhich should help decisiemakers allocate scarce resoes more

effectively.
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General Audience Abstract

Transportation systems are very important in every city. Natural disakéshsiiricanes and floods

can destroy roads and inundate metro tunnels that can cause problems for mobility. Ecological
systems like forests are very resilient because they hgperierced disturbances like natural
disasters for millions of years. Ecologl systems and transportation systems are very similar; for
example, both have different components (different species in an ecological system and different
modes in a transportah system). Because of such similarities, we can learn from ecological
resiience to improve transportation resilience. Having a variety of species in an ecological system
makes it diverse. Diversity is the most important factor in ecological resiliancejt is also
recognized as an important factor in transportation resdie@arrent methods cannot effectively
guantify transportation diversitythe variety of modes in a systédnso determining its impact on
transportation resilience remains a chadje. In this dissertation, principles of ecological diversity

are adapted tcharacterize transportation infrastructure to develop a new approach to measure
transportation diversity; metrics include the availability of transportation modes and their
distribution in a community. The developed approach was applied in New YorkNXitg)(at the

Zip code level. Locations with low transportation diversity (fewer modes and/or unequal
distribution) were identified, and most of these zip codes are located irdmgregacuation zones.
Consequently, these zip codes with the least diveamsportation systems are the most vulnerable,
which can cause serious issues during emergency evacuations and the ability of people to access
work or essential services. Therefoia a city hit by a natural disaster, understanding the
relationshipbetwee peopl edbs mobility and a transportation
data was used to find the places that people in NYC visited regularly for one month before and one
month after Hurricane Sandy. Subsequently, using different methods, thendreostdisaster
mobility patterns of these individuals were characterized. The results show that after the disaster,
individuals had a higher chance of maintaining theirgisaster mobility patterns if they were

living in and/or visiting areas withidglh transportation diversity. Based on these findings, we
confirmed the influence of transportation diversity on jbsaster mobility. In addition, the
transportation infrastruate should provide equitable service to all individuals, during normal
operdions and extreme events. One of the ways to determine this equality is equity of access to

transportation modes. Hence, transportation diversity was used as an indicator yoofeapoess



to transportation modes to overcome the limitations of cumesthods like catchment area
approaches. NYC zip codes were grouped based on their transportation diversity and a set of
important socioeconomic and transport related factors wargared among these groups. The
comparison of socioeconomic and transpddtesl factors in zip codes showed that the zip codes
with lower transportation diversity are also more socioeconomically deprived. This highlights the
likely influence of transpoation diversity on social exclusion. Further consideration of the impacts

of Hurricanes Irene and Sandy in NYC shows that people in areas with a lower transportation
diversity were affected more and the transport inequity in these areas made it tiffooyde with

these disasters and caused fuisaster social exclusion. Tldore, enhancing transportation
diversity should support transport equity and reduce social exclusion under normal situations and
during extreme events. The investigations conalicighlight the importance of the provision and
distribution of all transpaation modes, their influence on mobility during normal situations and
extreme events and their contribution toward mitigating social exclusion. Finally, the collective
results sugest that transportation diversity can contribute to more targeted andchbdguit
transportation and community resilience planning, which should help deoisikers allocate

scarce resources more effectively.
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Chapter 1: Introduction

1.1. Transportation Resilience

The transportation system is an important lifeline that connects different parts of an urban community,
enables mobilityand supportshe functionality of communities Extreme eventsugh as natural hazards

can bring about major disruptions in the transportation infrastructure and hinder routine mobility and access
to jobs, food, healthcare facilities, and other infrastmectand services. The Department of Homeland
Security (DHS) hasdentified a list of sixteen critical infrastructures where their failures would have a
debilitating impact on physicéécilities, economiaactivity, security, public healttor safety of thenation.

Since transportation infrastructure is interdependdht @ther critical infrastructures such as energy, food,
water, and emergency services, a major failure in the transportation infrastructure can cause cascading

failure in the interdependenifrastructure systems.

During the past few decades, climate d@®has intensified the frequency and magnitude of natural hazards
all over the world that lecauseddeaths andignificant economic damadéoshi et al., 2019Hurricane
Sandy in New York @y and the New Jersey coastline in 2012, California wildfir@@d5, Hurricane
Harvey in Texas in 2017, Hurricane Maria in Puerto Rico in 2017, West Virginia and Southern California
floods in 2018, and Hurricane Michael in Florida in 2018 are some ofdfwr disasters of the past decade

in the U.S. The impact of shmatural disasters in the U.S. prompted Presidential Policy Directive 21,
Critical Infrastructure Security and Resilience, in 2013 thaed#&tir animproved and updated National
Infrastructire Protection Plan (NIPP). The focus of NIPP is the call fitorato enhance the resilience and

security of the critical infrastructure systems.

1.2. Transportation Resilience Assessment

Since the seminal work of Holling (1973) that introduced resiliencecology, this concept has been
applied in several disciplinefom biological systems, social sciences, and economics to institutions
engineering,and infrastructuresystems In infrastructure systems, one of the very first approaches to
guantify resilience was a framework developedBoyneauet al. (2003). This amework includes four
measures of robustness, rapidity, resourcefujreesd redundncy and quantifies resiliencby a single
metric of the quality of infrastructure that varies over tiffileis framework has been the foundation for
severalnfrastructureresiliencestudies includingransportation system resilieneed.,Adams et al., @12;
Omer et al., 2013; Tangnd Heinimann 2018). The application of this framework provides a general
understanding of the resilience of a transportation system. Howeaesportation infrastructure is a

complex adaptive syste(@AS) (Rinaldi et al., 2001)CAS s a system with a large number of components

1



or agents that interact with each othadadapt or learn (Holland, 200®ue to this complexity, the
resilience ofthis infrastructure depends on several factors that collectively can enhance the athilgy of
infrastructure to resist extreme events and quickly recover from them. Therefore, transportation resilience
cannot be describdi a single measure since sucmeasure is not abie captue different aspects of this
complex infrastructure. A comgrensive transportation resilience assessment should encompass different
resilience factorsA resilient transportation system has ten dimensions: redundancy jtglivefficiency,
autonomous components, strength, adaptability, collaboration, mobiligty sahd the ability of quick
recovery (MurrayTuite, 2006) Quantifying these factors for transportation resilience assessment requires
methods and metrics that rcadescribe this infrastructure, its characteristics, @sdperformance.
Developing metricsfor the transportation resilience factors and quantifying them pave the way to
investigate the influence of these factors on transportation resilience and untlérstavays to improve
them. One of the transportation resilience factorgliv@rsity, which is defined as having multiple
componentghat have distinct function@urray-Tuite, 2006) Despite being recognized as an important
factor for transportation réignce, a measure to quantify transportation diversity to understand how it can
enhance tnasportation resilienceemains underdevelopddark et al., (2011) propose that for complex and
interdependent infrastructure systems a new resilience model isedkqwhich should be based on
ecological system analogs. The concept of diversity in bicdbgystems appears to be a suitable model to
characterizaliversity intransportationnfrastructuredeveloptransportation diversity metrics, and explore

its impact ontransportation and community resilience

1.3. Coupling Biological and Transportation Systems

Biological systems have survivatisturbances such astural hazards over millions of years through an
iterative process of evolution and adaptation. Ecosystre CAS (Levin, 1999; Folke et al., 2004) with a
large number of compemts(e.g., species or groups of speciaigracting at different scales. Infrastructure
systems, social networks, and cities are other examples of CAS. Similar to ecosysterasthhaigh
change after a disturbance, infrastructure systems undergoecisliagyena et al., 2011) and evolve
dynamically (Graham, 2010; Pescaroli and Alexander, 2016). The similarities between ecological systems
and infrastructure systems aleown in Talke 1.1 Both systems have distinct functional groups that are
interdependeat, perform at different scales (e.g., spati@mporal, functional), and face natural hazards.
The parallels between these two systeaggests thatcological resilienceheory caild be used to improve
transportation resiliencémoaningYankson and AmkudziKennedy (2017) described this potential in
their review of resilience in ecological, econon@nd social systems suggesting that ecological concepts

can be translated to infauctures like transportation systems for resilience improvement.



Table 1.1: Similarities Between Ecological and Transportation Systems

Similarities Ecological Systems Transportation Systems

Complexity Complex networks Complex networks

Functionality Functional groups Individual Infrastructures

Interdependency Between functional groups Between infrastructures

Scale Spatial, temporal, functional, Spatial, temporal, functional,
organizational organizatimal

Natural hazards Flood, hurricane, heatwave, snow, etc.  Flood, hurricane, heatwave, snow, etc.

1.4. ResearchApproach

The research in this dissertation consists of three studies focusing on (a) characterizing and developing
metrics for transportation divsity and quantifying it in urban communities, (b) analyzimg impact of
transportation diversity on pedtsaster mobility, and (@ssessing transport equity basedransportation
diversity and investigating the relationship between transportatigargity and socioeconomic and
transport related factofer social exclusion in normal situations and emergendibe New York City

(NYC) transportation system is analyzed in these three studies at the level of zip codes. GIS data of all
transportation mdes is used to measure transportation diversity in NYCades: Then, usingwitter

datg the mobility patterns of one month before and after Hurricane Saedyalyzed to determine the
influence of transportation diversity on p&indy mobility padrns. Lastly, using transportation diversity

to quantifythe equity of access to transportation modes, the relationship between transportation diversity

and socioeconomic and transport related factors in zip codes is analyzed.

Study1: Characterizing andMeasuring Transportation Infrastructure Diversitigrough Linkages with

Ecological Stability Theory

Transportation infrastructure plays an important role in every urban community. Disruptions caused by
natural hazards can affect the routine performant@®infrastructure that can influence the quatityife

and access to other critical infrastructure and services. Ecological systems are resilient systems that have
survivedand adapted toountless disturbances. Ecological systems, in many ways, @reiaglar to
infrastructure systems. Diversity askey factor in ecological resilience. Similarly, diversity is recognized

as an important factor in transportation resilience; however, is Rguantification method. In Study

the concept of ecologit diversity is adapted to characterize transpionadiversity andio developan
approacho measure it in urban communitidgansportation diversity is characterized by two metrics of
richness and evenness. The richness determines the abemdalltransportation modes in an area while

the evennesgjuantifies the distribution of transportation modes in an aremnsportation diversity is

applied in NYC at the zip code levélhe developed appach alloweddentifying thezip codeghat have

3



a low tansportation diversity, the transportation mode each zip code that caused it, and the
transportationdiversity metric that requiresnprovement.This study provides an approach to measure
diversity in transportation systems that hdipsnvestigatenow transportation diversity contributes to the

resilience of this infrastructure.

Study2: Assessing the Impact of Transportation Diversity on#uasaster IntraUrban Mobility

A transportation system connects different parts of an urban community ablésmobility across a
community. A failure caused by an extreme event such as a natural hazard can affect mobility and routine
activities in a city. In Study2, the transportatiordiversity approach developed in Study 1 is used to
investigatethe influerce of transportation diversity on mobility patterns in NYC after Hurricane Sandy to
understand how transportation diversity can support the resilience of mobility patterns sftaeextents.

To do so, Twittedatais analyzed to characterize mobilitytfgmns one month before and after Hurricane
Sandy in NYCFirst, the locationghat individuals visited frequentlyre identified and then using distance,
the radius of gration, andmobility entropy their mobility patterns before and after Hurricane Sanely
characterizedBased on the transportation diversity of the locations an individual visits regularly, people
are categorized to different groups and their prand postSandymobility patterns are studiedhe
comparison ofjroups indicatethatthe mobility patterns ofndividuals that lived in or visited areas with
lower transportation diversity were affected moréese mdividuals had éigher mean change in their
mobility patterns compared to those in higher diversity quartiasther, the remvery time to préSandy
mobility patterns was longer for individuals low transportation diversity quartileShis study provides

an approachto explorethe underlyingcauses of dinges in mobility patterns after extreme events by
couplingtransportatiorinfrastructuredata withpostdisaster mobilitydata. This approaclovercomes the
limitations of social medialata and cail data record in linking changes in mobility patterns the
transportation systenThe results of this study confirthie influenceof transportation diversity on pest

disaster mobility patterrsnd demonstrate the utility of transportation diversity for mobility resilience

Study3: Transportation Diversity and Equity Nexus: A SeEimonomic Analysis for Resilience Planning

Equity of access to transportation modes is crucial for equal acceastitdties and services. All
transportation modes contribute to the performance of this infrastructure; therefore, improving the provision
and accessibility in all modes in the context of éxgstonditions and constraints should be the goal for
transporation planners and designevghen an extreme event causes failuratimnsportation system, the
equal access to transportation modes becomes more critical since the lost service canrisatamripe

the intact modeslhe current methods in assessing dguity of access are mainly based on the catchment

area approaches and analyze transit modes. The broad classification in these methods cannot distinguish



the equity of access of subgionsof an area to identifthosethat need impreement. In additionthey do

not take into account all transportation modes. To overcome the limitations of these metBoasy 3,

the transportation diversitapproach developed in Studyislused to measutbe equity of access ll
transportation modes in NYZp codesZip codes were grouped in quartiles based on their transportation
diversity. Two sets of important indicators were considered for comparison between quartiles. $ée first

of indicatorsis related to transport usage and the second set are socioeconomic factors. The comparison of
these factors between quartile groups indicated that there is a relationship between transportation diversity
and income, vehicle ownership, comte mode, and camute time. The comparison of vehicle ownership

and commute time for poverty and race groups within and between quartiles retheaieldtionship
between transportation diversity and social exclusion in disadvantaged grbepevestigtion of the

impad of Hurricane Irene and Sandy in NYC zip codes on transpeldted social exclusion indicated that

areas with a low transportation diversity faced more difficulty in their mobility after these disasters. This
highlights therelationshp between transptation diversity and poatisaster social exclusion. The results

of this study demonstrated the relationship between transportation diversity and social exclusion in normal
situations and after natural disasters. This suggests that iimgtoansportatiomiversity leads to a more
equitable transportation system and supports mitigating social exclusion in normal situations and after

natural disasters.
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Chapter 2: Characterizing and Measuring Transportation Infrastructure Diversity
Through Linkages with Ecological Stability Theory!

Abstract

Transportation infrastructure is critical to any community. Disturbances such as natural hazards can hinder
transportation infradsucture performnce |1 mpacting a communityods qual.
service and effects on interdependent infrastructure systems. Ecological systems are robust and resilient
and have similarities with infrastructure systems. Diversity iuralamental eleent of ecological
resilience and is recognized as an important factor in transportation resilience. However, measures of
transportation diversity are not weleveloped. Accordingly, this paper adapts the ecological diversity
concepts of thness and evenss to develop an approach to characterize transportation system diversity
and distinguishes the approach from existing methods. Measures of transportation functional richness and
evenness are derived and applied to New York City at theaie level. Theresults facilitatethe
identification of zip codes in New York City with varying levels of diversity. Those zip codes with low
diversity generally have limited availability (low richness) and disproportionate distribution (low evenness)

of alternative trasportation modes. Further, these zip codes are potentially susceptible to system
disturbances as a consequence of routine disruptions or natural hazards. For instance, many low diversity
zip codes are in hurricane evacuation zones. Lintibedplementarityn the transportation system of these

Zip codes will likely impact evacuations during hurricanes and recovery idigitgbance performance

levels. Ultimately, the transportation diversity approach presented should lead to better nuidersiia
transpotation system characteristics such as inherent and augmented complementarity, which will enhance

transportation system performance in urban communities.

Keywords:Infrastructure; Natural Hazard; Multimode; Transportation; Diversity; Resié

! RahimiGolkhandan, A., Garvin, M. J., & Brown, B. L. (2019). Characterizing amsuring transportation
infrastructure diversity through linkages with ecological stability theory. Transportation Research Part A: Policy and
Practice, 128, 134 30.https://doi.org/10.1016/j.tra.2019.07.013
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2.1. Introd uction

The quality of life in urban areas is considerably entangled with infrastructure systems such as
transportation, power, water, and communication. Natural hazards like hurricanes, floods, and earthquakes
can cause failure in infrastture systems ahreduction in the level of service, which may result in
significant loss of life and economic impact (Jonkman et al., 2003; French et al., 2010). Over the last few
decades, climate change has also exacerbated the situation by causimatonalehazardéMal et al.,

2018; Trenberth et al., 2018). The devastating impacts of Hurricanes Harvey, Irma and Maria on Texas,
Florida and Puerto Rico in 2017 as well as Hurricanes Florence and Michael on the Carolinas and Florida

in 2018 are prime exaples of the sueptibility of infrastructure and communities to natural hazards.

Within urban communities, transportation infrastructure provides critical connections for residents and
businesses to essential services (MacHazlin and Goodchild, 2017%ince a transptation system is
interdependent with other infrastructure and services, its failure can trigger cascading impacts on other
infrastructure and services. The performance of an urban transportation system, during normal and extreme
situations, highly dependson the collective performance of all transportation modes and their
complementarity. Thus, it is crucial to characterize the transportation system of an urban community by

considering all modes.

A complex adaptive system (CAS) is a systeith a large nurber of components that are continuously
interacting with each other and adapting to changes (Holland, 2005). Ecosystems, infrastructure systems,
and cities are CAS examples. In particular, ecosystems have experienced numerous disturttfamases s
natural lazards over millions of years. Ecosystems have withstood these, adapted, evolved and become
more resilient to similar subsequent events. Like ecosystems that go through change after a disturbance,
infrastructure systems undergo change (Mgmayet al., 20)1land evolve dynamically (Graham, 2010;
Pescaroli and Alexander, 2016). Amoanivignkson and Amekud#{ennedy (2017) confirmed this
similarity in their review of resilience in ecological, economic and social systems suggesting that&cologic

concepts cabe translated to transportation systems for resilience improvement.

Biodiversity is chief among the factors contributing to the stability and resilience of ecological communities
(Tilman et al., 2014). Similarly, diversity is recognizedaasmportant ppperty of resilient transportation
systems and urban communities (Murigyite, 2006; Godschalk, 2003). Yet, despite the recognized
importance of diversity for the resilience of transportation infrastructure and infrastructure systems in
general, the usefdiversity as a predictor of system resilience remains largely undeveloped. One reason
for this is a lack of concrete and wekfined metrics to characterize and quantify diversity in infrastructure.

Given the similarities in ecologicaind transportatin systems, the concept of diversity in ecological



systems can potentially help in deepening the concept of transportation diversity. Accordingly, this study
further explores ecological diversity and its two measurdaradtional richness rad functional egnness

and translates them to transportation infrastructure to develop an approach for characterizing transportation
diversity. Subsequently, the approach to measure transportation diversity is differentiated from comparable
methods and aflipd to the Newyork City (NYC) transportation system to demonstrate its efficacy and to
identify and discuss implications for transportation planning and management. A principal intent is to
explain how to measure transportation diversity and to illestratv quantifyiig diversity can provide a

basis for assessing transportation systems, particularly in the context of disturbances like natural hazards.
2.2. Linking EcologicalDiversity to Transportation Diversity

2.2.1.EcologicalSystem

2.2.1.1 EcologicalResilience

The deinition of resiience in ecological systemstiege persistence of relationships within a system and the
ability to absorb change and still pers{tolling 1973, 1996)to retain the same functionality, structure,
identity, and feedbaci-olke et al., 2004Walker et al., 2004yvhile learning from and adapting to the
disturbance(Carpenter et al, 2001). Ecological theory on the factors affecting ecosystem resilience tends
to center around the concept of diversity, with the general eattthat resilieng increases as diversity
increases (McNaughton 1977, Tilman 1996). A similar expectation exists for the diversity of functional
groups, i.e. functional diversity (McGra®teed and Morin 2000, Carrara et al. 2015). For the diversity
reslience relationshipthere is also a rich history of investigation into the mechanistic drivers of this
relationship, both from a conceptual (e.g., lves 1995, Johnson et al. 1996, Micheli et al. 1999) and an
empirical perspective (e.g, McNaughton 197 Tmgin 1996, McGradysteed and Morin 2000, Cottingham

et al. 2001).

2.2.1.2 Biodiversity

Diversity can be generally defined as the existence of multiple forms and behaviors (Fiksel 2003). In
biology, diversity is most often defined as the number of entities (pecjes, functional r@ups) in a

community or ecosystem and the evenness of their distribution (Hooper et al., 2005). Tilman et al. (2014)
describe biodiversity as the most important factor in ecosystem dynamics and functionality, which makes

communities opecies more stab(€olke et al., 2004; Downing et al., 2012; Oliver et al., 2015).

Ecosystems are composed of diverse functional groups. A functional group is &paaiés group of

functionally equivalent species (Naeem and Li, 1997). The resilience of biologicahsyisteargely due



to the interactions among different functionabgps (Elmgvist et al., 2003, Maruyama et al., 2014) that
increases (a) the range of responses to a disturbance (Bernhardt and Leslie, 2013) and (b) the capacity for
recovery from a disturlece (Diaz and Cabido, 2001; Bernhardt and Leslie, 2013). Functimeasity is

generally measured by its two key components: functional richness and functional evenness (see Figure 1).

9 Functional richnessis the abundance of functional groups in a camity; or volume of the functional
space occupied by species (Mij&r, 2008; Mason, 2005; Mouillot et al., 2013); and

1 Functional evennessindicates the homogeneity of the distribution of functional groups in the
functional space (Mouillot et al., 2005)23).

In Figure2.1, the horizontal and vertical axes represenfuhetional space and the abundance of species
respectively. Gaussian curves show the distribution of species in the functional space and histograms show
the sum of the abundance of speacigthin the same functional category. For instance, Fidliea

indicates high functional richness and high functional evenness because the functional space is almost fully
occupied by species and their distribution in functional categories is even. étowhile Figure2.1-d has

the same functional richness Z%-a, its functional evenness is lower. Figug&$-b and2.1-c depict the

other two combinations.

Abundance m

Functional Space

(@ ()

(b)

Figure 2.1: Functional Richness and Functiomal Evenness (adapted from Mason et al., 2005)
(a) High richness, high evenness; (b) Low richness, high evenness;
(c) Low richness, low evenness; (d) High richness, low evenness
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2.2.1.3.Mechanistic Underpinnings of Ecological Diversiyability and DiversityResilience

Relationships

All ecological systems vary thugh time (Micheli et al. 1999). This variability is created by endogenous
factors (like the interactions between species) or exogenous variability created by environmental
fluctuations (Hastings 2010)However, variability is almost never random, and tksponses of
communities to variation is often predictable. This variability has two dimensiongoipositional
variability which indicates the change in the component species andg{@egate vaability which
represents changes in the properties predipy the entire community such as total biomass or productivity
(Micheli et al., 1999). Mechanistic theory in community ecology is the analysis of community patterns
(Schoener, 1965). Measurementtloése two types of variability produces a mechanistiméwork that

can describe the behavior of communities and ecosystems in response to disturbances (Micheli et al. 1999).
This framework presents four variability syndromes (Figur®:2(a) stasisis when a community
experiences low compositional and lowgaegate variability (stasis is extremely rare in nature and is
included largely for completeness of the framework); (b) if species have a similar response to a disturbance,
particularly a very poweul disturbance, it results isynchrony (c) in a commuity where species have
different responses to a disturbance, some degragyathronys likely; (d) finally, compensatiommccurs

when species do not respond independently to a disturbance andstlod $ome species is compensated

by another group of ggies to maintain community functionality. The important element in this framework

is how these different variability patterns affda stability and resilience of communities and ecosystems.

L
Q
>

Asynchrony

Synchrony

Abundance

Aggregate Variability

Low

Component Variability

Ve %_- Time-series of the abundance (Species A) /ﬁ\J.Time-series of the abundance (Species B) /\/ Time-series of the total abundance

Figure 2.2: Community Variability Patterns Incorporating Both Component and Aggregate
Variability (adapted from Micheli et al., 1999)
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Several studies have analyzed and confirmed that high diversity increasesnsatopy responses &
community, which results in higher stability (Brown, 2007; Vandermeer, 2006; Gonzalez and De Foe,
2007). Three types of mechanisms form compensatory dynamics (Brown et al., 2016; Gonzalez and Loreau,
2009): (a) fluctuationndependat mechanisms, (b) faiuationdependent endogenous mechanisms, and

(c) fluctuationrdependent exogenous mechanisms. In fluctuatidapendent mechanisms, the difference

in the response of species to disturbances sgsudbmpensation (Loreau and de Mazaurt, 2008; Grman

et al.,, 2010). In fluctuatiomdependent mechanisms, species are subject to fluctuation which can be
endogenous like the interaction of species and resources, or exogenous such as environmental change
(Brown et al., 2016; Gonzalez andrkau, 2009).

How arethese ecological concepts potentially useful to infrastructure systems? Different infrastructure
sectors might have distinmsponses to disturbances such as natural hagrdeacterizinghe diversity

of an infrastructure systera better understand fwits compositional systems interact and what variability
patterns emerge during various types of disturbances would be a major step towards understanding the
impact of infrastructure diversity on resilience. Indeed, the first stégetdify and measureariability

patterns of a transportation system in an urban community is to defirensportation diversity.
2.2.2.Transportation System Diversity
2.2.2.1.0verview

Diversity is considered an important factor for infrastructure resiliencer(line et al.2012; Hudson et
al., 2012).It has been recognized that complex infrastructure networks should incorporate diversity and
heterogeneity in order to be resilient (Pinnaka et al., 2015; Sterbenz et al., 26d4)\er, metrics to
characterize diersity in transportation infrastructure are scardsterature has tended to examine
transportation resilience mrban communitieby focusing ora single mode such as road networks (e.g.,
Duan and Lu, 2014; Jenelius, 2009; Niekslendez and de la Garz2017; Omer et al., 2013) and rail
transit (e.g., De LeSantos et al., 2012; RodriguBlunez ad Garci®alomares, 2014 peveral studies
havelooked at multiple modeand resiliencde.g., Leu et al., 201Gox et al., 2011Jin et al., 2014;
Ouyang et b, 2015)illustrating the benefits of mulinode transportation systems to respond better to
disturbances. For example, Cox et al. (2011) analyfzedesilience of the metro system in London and
concluded that a muithode transportation system can abe® the impact of disturbances. Jin et al. (2014)
also highlighted the influence of multiple modes for improving local transportation resilleocgh the

integration of bus and metro systems. Despite the value of this work, existing studies tend wnfac

single mode or a few modes rather than <characte

considering all available modes.
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2.2.2.2.Defining Transportation Diversity

Transportation diversity is generally defined as a system having multiple compaevitdntdifferent
functionalities (MurrayTuite 2006). Converting biodiversity metrics to transportation first requires
considering infrastructure sgsn characteristics. If transportation modes are considered parallels to

functional groups in ecological sgshs, then functional diversity in transportation can be characterized as:

(a) Transportation functional richnesthe abundance of alternative meansdes) for functionality
(connectivity and mobility) in a community; and
(b) Transportation functional evenne$ise homogeneity of the distribution of transportation modes across
a community.
Functional richness by its biological definition does not justcai@i the number of functional groups, but
it also reflects the amouand typeof functionality that speciegrovide (Mason et al., 2005). Therefore,
based on the proposed definition of transportation functional richness, the abundance of different means
indicates both the number of distifiehctional groups and how they are provided. The functional evenness
of biological systems demonstrates the distribution of species in the functional space (Figure 1), which
indicates functional complementarity (Petch@p03 Mason et al 2005. A balanced distribution of
transportation modes allows people in different paftsa community to have similar access to
transportation mode3his homogenous distribution of different transportation modes across a community

creates the opportunity for mode complementarity in a transportation system.

Therefore,the functional richngs of the transportation system is the sum of the abundance of all
transportation modes in the community while the distribution of all transportatiodes across the
community shows the y s t evemess; combined these characteristics suggest yhe & jgotaritial
complementarityThe abundance and distribution of individual modesnot representative of the overall
transportation systersincemobility and connectivity in a community are achieved through all available
modes.Further, transportation diersity is distinct from redundancwhich is a different property of
transportation resilience. Redundant components serve the same fuf@tdachalk, 2003 and
redundancy is the substitutability of components that serve the same fufititioreau et aJ 2003.
However,diverse components have different functionalif@®dschalk, 2003Murray-Tuite 2006. For
instance, while complementingeh other, a roadway and a metro system are not substitutable since their
functional traitssuch as flexibility oforigin-destination (OD), travel cost and time, energy consumption,

and scheduldiffer, but two roadways that serve tseme function are reddant components.
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2.3. Development of Transportation Diversity Metrics

To apply the translated ecological conceptsattransportation system, diversity measures of functional

richness and evenness need development for transportation modes. First, meiclosdes and evenness

of a communityds: (a) road networ k, wiep, arllfed syst
walkways are derived from relevant existing literature. Next, the approach to combine these metrics to
representthe overallsyt e mdés di versity is described. Finally, 1
to characterize transportati system diversity and other muftiodal approaches is discussed. The
developed metrics are then illustrated through an application to N¥iSegquently, general and specific

implications of transportation diversity in NYC are examined.

2.3.1.Measuring Richness

Each transportation mode has distinct attributes or performance medasgereshness metric determines
the quantityof transportation modgwovided in a given ardathe amount of modal availability. The metric
assumes that the intended level of servicprovided by each available mode; in other words, each mode
performs as expected. Thus, the richness metric needs to capture the gfi@aiity transportation mode

in a community.

For a road network, density has been used for characterizationea¢wlif§patial scales (Liu et al., 2009).

Road network density quantifies the length of a road network in an area. Xie and Levinson (20€9) argu
that road network density in a region determines how developed a road system is. Consequently, network
density & representative of richness for this mode. Density has also been used to characterize walkways
and bicycle routes (e.g., Foda and Osman, 28b8hmair et al. 2015). Hence, it is also proposed for these

modes.

For a transit system, Mishra et al. (2012pwsed the connectivity index at the node, line, transfer center,
and regional levels to characterize the performance of transit systemsnéthis incorporated several
factors such as speed, frequency, and vehicle capacity. However, the focus ofsrisharssystem
guantification. Alternatively, Derrible and Kennedy (2010) used the number of metro lintbe anchber

of stations, the keglements of metro systems, to measure average line length arstétiam spacing in
characterizing metro systanat the community scale. Since these two factors represent the amount of rail
transit provided in an area, they are proposed to charactieeizechness of this mode. These factors are
divided by the total number of lines and stations in the entire cantynrial calculations showed that

the length of metro lines was highly correlated with the number of lines in an area; therefore, theflengt

metro lines is not included in the richness metric. A similar approach is adopted to characterize tlse richnes
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of a bus system. Rail transit and bus system rictaresscaled by the areainterestfor consistencyTable

2.1 depicts the richness mies for each mode.
2.3.2.Measuring Evenness

In addition to the abundance of transportation modes in an area, it istamtpto recognize whether
residents acrosa area have comparable ability to reach or access available modes or their accessibility.
A Adbidhansportation system can only provide the
proportionately dispersein an area; this property is crucial during disturbances when one or multiple
modes fail or experiencgésevere service degradation. Henibe, evenness metric must represent modal
distribution in an areaNetwork measures have been widely used in t@mation researchA
transportation system its very basic form can be represented as a set of nodes and links. The application
of network measures in transportation systéypgcally descrilesthe structural properties of the system

For example, netwirmeasures such as centrality (e.g., degree,ds#tmess, closeness), local and global
efficiency, clustering coefficient, alpha, beta and gamma indices have been used in transportation literature
to characterize the network structure of transportationesi@d the properties of nodes and links (e.g.,
Duan and Lu, 2014; Jenelius, 2009; Kermanshah and Derrible 2016a; Sohn, 2006; Kermanshah and
Derrible 2016b; Chopra et al., 2016; Dorbritz, 2011; Leu et al., 2010; Ouyang et al., 2015; Zhang et al.,
2016). Forinstance, Zhang et al. (2015) illustrateow nework topology influences the resilience of
transportation systems and measured the resilience of a set of network structures through optimization
based frameworks based on pend postdisturbance throughp, OD connectivity, and compactness

(average reprocal distance).

Indeed, network metrics such as centrality and efficiency offer an avenue to capture evenness. For example,
closeness centrality measures the sum of the shortest distances of a no@#worla to other nodes.
However, unlike network ntecs, the focus of evenness is not on the structure of transportation modes or
the properties of nodes and links in a network; rather, evenness measures the accessibility to modes.
Therefore, network metrichave limitations for quantifying the distriboni of a transportation mode in an

area. Thewalking distance catchment area (usually -B00m) around metro stations or bus stopanis
approach that has beased extensively as a metric to analyze whaigoof an area heaccess taransit

modesor the coverage of transit modés.g., Derrible and Kennedy, 200@/elch and Mishra, 2013
Quintero et al., 2013; Brezina and Knoflacher, 2014; Sharav et al.). 2018 approach can generally
determine evenness it distinguishes areas that can accesgasittraode or not. However, catchment area
determines the area considered within reasonable walking distance of a metro station or a bus stop; thus, it

does not distinguish between the accessibility of difieparts of an area to these modesehlity, people
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walk, ride bicycles or drive to use these modes; therefore, the walking distance catchmalsioainea
shortcomings when determinimghich parts of a areacan possibly reach and use these mddeseover,
its applicability to modes other thanrsit is questionable. Consequently, dvennessetric capturethe
distribution of modes acrossregion by finding theshortest distance of subgions toan access point for
eachmode. The standard deti@n of the shortest distance of stdgions to anodeindicateshow well that
mode is distributed in gegion which is scaled by the square root of the area ofdh@nfor consistency
(Table 2.1). This methoallows comparing the evennesdatationswith different areas.

Table2.1 summarizeshe proposedliversity metrics for a road networlbus system, rail transit system,
bicycle routesand walkways.

Table 2.1: Metrics of Diversity in Transportation Infrastructure

Mode Functional Richness Functional Evenness
_Len _8Sean
1. Road Network (RN) RN = & ErN = éﬁﬁ
8 n é N,
@ & d
2. Bus System (BS) Rgg = e —— P Epe =BES |
Teén ol BS [
GO &N VA
4 n, én \ 515
. . _@ng @n _ 9S4
3. Rail Transit (RT) Ret = m :N? : Ert = éﬁﬁ
¢S e L -
; Lgr ds
4. Bicycle Routes (BR) R, = Eop = & BR
BR™ A BR %&; JA
as ‘
5. Walkways (WW - b _Banw
ys (WW) Rvw =—a fww =8
R: richness E: evenness
ns: number of stops (stations) n;: number of bus (metro) lines

Ns": thetotal number of bus (metro) stops (stations) N_": thetotal number of bus (metro) lines
Cq: SD of the shortest distance of sidgions in a region A: area of the region

to transportation modes Lrn: Length of road network

Lgr: Length of bicycle routes Lwwi Length of walkways

2.3.3.Selecting a Scale for Area

Characterizing the diversity of the transportation system in an urban community and identifying locations

with low diversity enables focusing transportation enhancement planning at varying scales. Ziprtodes ca

be used to delineate the area within a conityumip code areas are large enough to represent regions

within a community but small enough to illustrate differences among the transportation modes. Further,
demographic and socieconomic data are availabht the zip code level. Smaller spatial usiich as

census blocks, block groups, and census tracts are not large enough to illustrate differentiation across all
modes. However, census blocks (the US Cedqashes Bur e

considered as sutegions for diversit calculations. While transportation diversity can be measured in
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spatial units larger than zip codes, defining larger standard geographical units would be challenging; these

would need to be considered onase by case basis.
2.3.4.CalculatingRichness and Evenness

Calculating richness in a zip code is relatively straightforward. However, the evenness calculation is
complicated because convenient access to a particular mode for residents of a zip code mige lué outs

their zip code. Consequéytthe evenness calculation must account for access points in adjacent zip codes.
Figure 2.3 helps illustrate the approach to calculate evenness for the metro system in zip code 10312 in
NYC. Figure2.3-a shows the locatioof this zip code in the borougii Staten Island. 12.3-b, squares

show metro stations, and 23-c points show the centers of caadlocks in this zip code. In 288 metro

stations and census block centers are shown together. The standard def/it@oshortest distance of

eachof the census block centers to a metro station determines the metro system evenness in this zip code.
In 2.3-d, it is clear that some census block centers near the zip code border are closer to metro stations
outside of thé zip code. Since residents wikely access the metro from the closest station, the shortest
distance of census block centers to a metro station is found by evaluating stations in the zip code of
residence as well as adjacent zip codes in the everalegkation. A similar approach taken to calculate

the evenness of other modes. For example, for the road network, the distance of census block centers in a
zip code to the closest access points to a primary or secondary road determines evennes®iti®. this

8y - ®)

(c) (d)

Figure 2.3: Metro System Evenness Calculation in a Zip Code
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2.3.5.Integrating Richness and Evenness Values

The combination of richness and evenness of all modes in a zip code representspbgatam diversity

of thatzip code. Since richness and evenness metrics of different modes are not directly comparable, the
combination of these ten metrics in a zip code to determine the diversity of that zip code requires a method
which can take thealues of all of these metri@is each zip code and assign a diversity value to it. Data
Envelopment Analysis (DEA) (Charnes et al., 1978) is a widely useepa@metric multcriteria

decisionmaking method that can be employed to evaluate the divefsignsportation system.

DEA measures the relative efficiency of decisimaking units (DMUs) based on a set of identical inputs

and outputs. In the original DEA model developed by Charnes et al. (1978), the relative efficiency of each
DMU is measured by aximizing the weighted ratiof all outputs over all inputs. Therefore, an increase

in the output indicators and a decrease in the input indicators are desirable. If the efficiency score of a DMU
is 1.0, it is considered as an efficient DMU. Otherwises in inefficient DMU. The DE model of
transportation diversity has ten indicators, the five richness and evenness measures for each mode in Table
1. Higher richness and evenness equate to higher diversity, and higher diversity is desirable. Hence, all te
indicators are considered autputs. Lovell and Pastor (1999) proposed a pure input (output) model without
outputs (inputs). In this study, based on Lovell and Pastor (1999), an artificial input variable is introduced
which is identical in all DMUs. Foa givenn DMUS j = ( In)usimi inp@sx i j = ( 1q 2,
producer outputsy r j = ( ,lthe relative efficiency ycore of a DMican be obtained through the
following outputoriented BCC (Banker, Charnes, and Cooper, 1984) model:

max g
s.t. X, 2 é/jxj \ "= 1m.,
-, ®
qy, ¢§l (Y > r =1,s.
/.2 OJ, 7= A

J
whered is the efficiency of the DMU, a /% and a /¥, are the set of inputs and outputs respectively,
i=1 j=1
anda-is a nonnegative scalar.

2.3.6.Transportation Diversity: Differences with Other Approaches Characterizing -Malle

Transportation Systems

The approach developed here is premised on the concept thattraglportation diversity in a community

will promote modal complementarity, which will improve overall connectivity and mobility. Certainly, the
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importance of modatomplementarity has been recognized in the literature. Relevant work has examined
multi-mode transportation systems from various perspectives. The focus of these studies ranges from
system design (e.g., Lo et al., 2004; van Nes and Bovy, 2004; Miandedlathi2012; Yao et al., 2012)

and optimization (Qu and Chen, 2008; Islam and Said, 20arhne and Aissat, 2015) to performance
assessment during normal situations (e.g., Hadas, 2013, Hong et al., 2017) and extreme events (e.g., Chang,
2003, Leu et al.2010; Udenta et al., 2013, Kermanshah and Derrible, 2016a). Travel time/distance,
througlp u t capacity, accessibility, net work topol ogy
measures such as so@oonomic factors are among the metrics usuaityployed to characterize multi

mode transportation systems. Among these factors, net@pdtogy and accessibility are similar to the

proposed diversity metrics.

Network topology approaches examine the structure of transportation systems and supzorganalt-

mode systems (e.g., Erath et al., 2009; Leu et al., 2010; Huang and Le2@$6nDimitrov and Ceder,

2016). As discussed previously, network metrics can be used to assess system performance and
vulnerability of the entire network or specifiodes to random failures or targeted attacks. Further, network
metrics have been used iavestigate the capacity and performance of transportation systems after
disturbance scenarios (e.g., Zhang et al., 2015; Akbarzadeh et al., 2017; Aydin et al.TR®18dposed
transportation diversity metrics do not consider transportation modesaas keeto find the importance of

nodes within a network or the impacttbe failure of specific nodes on other nodes. Instead, the purpose

of the transportation divsity metrics is to determine the overall prevalence of modes and their accessibility

in agiven area to enable subsequent analyses and degiaking.

Accessibility has been defined as being able to access activities or locations in other areas by a
transportation system (Handy and Niemier, 1997; Levine and Grab, 2002). Characterizing accessibility of
a multkmode transportation system is often basedarsidering the system as a set of OD nodes, which

are mainly road intersections, bus stops, metniosts or zones (e.g., locono et al., 2010; Sarker et al.,
2014; Cheng and Chen, 2015; Ouyang et al., 2015; Xu et al., 2015; Benenson et al., 201@t Shrker
2016). For example, Chang and Nojima (2001) and Chang (2003) consider the distance bes\efoi@D

and after a natural hazard for accessibility. They measured the performance of a rail and bus system after a
natural hazard by coverage and asi#@hty loss and concluded that loss of accessibility was different
across the community. Similarligcono et al. (2010) analyzed the accessibility of walking and bicycling
between different zones of a city based on distance and travel time. The fow©®&f approach in muiti

mode accessibility studies is how accessible are other nodes in-armodésystem, which assumes people

can reach a node within the system. The difference between the proposed diversity metrics and OD
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accessibility approachestisat diversity characterizes regions rather than specific nodes or accessibility of
other regions ta particular region. Hence, it has a more general function.

Alternatively, the catchment area accessibility approach determines the region that rasoaaaesde

(e.g., Derrible and Kennedy, 2009; Welch and Mishra, 2013), so it is comparable topthseprdiversity

metrics. A comparison of the evenness and catchment area approaches for the metro system of two zip
codes in NYC is illustrated in Figur24 and Table2.2 to demonstrate the advantages of the evenness
metric. These two zip codes were stdelchecause they have the same area and number of metro stations,
so their coverage based on catchment area (8008nmi) is the same. However, when considering the
distance of census block centers to metro stations using the evenness metric, zip c@de AT20mes

more even than zip code 11229. Further, a comparison of these approaches in the metro anthbud syste

all zip codes in NYC is shown in Tal®e8 and Figure®.5. Values of coverage and evenness for all 183 zip
codes are normalized betwe@and 1 (miamax normalization) to facilitate comparison and interpretation.

In both metro and bus systems, evamepresents the accessibility of these modes better than coverage.
For instance, while the 90th percentile normalized value of metro sysieemage is 0.140, the 90th
percentile value of evenness is 0.653. Hence, coverage substantially misestimatsibiltycsince
catchment area approaches disregard locations outside the presumed walking distance radius to a transit
station or stop whilevenness considers the distance of all locations in a zip code to a mode, providing a
more accurate depiction o€eessibility. While this might be evident by inspection in a single zip code,

evenness provides an improved method for quantifying accetys#ilioss a community and at varying
scales.

N

oD

11209 11229

Figure 2.4: A Pair of Zip Codes with Comparable Area and Number of Metro Stations
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Table 2.2: Comparison d Coverage and Evenness of the Metro System in Two Zip Codes

Zip Code Area (mi?) # of Metro Stations Coverage Evenness

11209 2.16 3 1.09 7.66

11229 2.17 3 1.09 2.71
&n_p0.5 dsy

Coverage s = genSpT Evenness E 2‘3\/%

Table 2.3: Comparison of Normalized Percentile Values of Coverage artevenness of Metro and
Bus Systems in All Zip Codes

Mode Approach 10th 25th 50th 75th 90th

Metro System Coverage 0.000* 0.000* 0.034 0.073 0.140
Evenness 0.000* 0.000* 0.322 0.505 0.653

Bus System  Coverage 0.083 0.135 0.200 0.268 0.363
Evenness 0.164 0.277 0.392 0.538 0.633

*54 zip codes do not have a metro system; therefore, coverage and evenness are zero in these zip

0.9
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(b)

Figure 2.5: Comparison of Normalized PercentilevValues of Coverage and Evenness of Metro and
Bus Systems in All Zip Codes
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Combining evenness with richness, transportation diversity enables identifying neighborhoods that have
issues in their transportation system regarding availability disttibution. If the issue is availability, the
evenness metric helps detect sabions in a neighborhood that are undersupplied for improvement. If
distribution is the issue, the evenness madentifies which parts of the neighborhood have less atoess

a mode for adjustment of service (e.g., location of bus stops) or improvement of availability. As the
subsequent application to NYC will illustrate, the developed approach can do so atsgdéege

Hence, the transportation diversity approach preseist a unique method to characterize regions of an
urban community based on the availability and distribution of all transportation modes. These metrics
establish a baseline to analyze the commgletarity of modes in each regiandthe potential to exple

the relationship between transportation diversity and system performance under various conditions or other

characteristics of a community.
2.4. Application
2.4.1.New York City

The approach for measurirdjversity is illustrated through an application to NYC. NY&<the most
populous urban area in the US with more than 8.5 million residents (US Census Bureau). The transportation
system in NYC has extensive public transit with 27 metro lines and more @abu3 lines. NYC is a
coastal community that experiencegricanes and flooding. Hurricane Isabel in 2003, the Northeast
flooding in 2005, Hurricane Irene in 2011, and Hurricane Sandy in 2012 are some of the recent examples
of meteorological hazards inWC. Further, sea level rise due to climate change is expéxteause more
hazards in coastal cities (TRB, 2008; Rosenzweig et al., 2014). In 2012, Hurricane Sandy crippled the New
York City transportation system for weeks with an estimated impact oftfilid® on this infrastructure

(Henry et al., 2013). Givethe availability of different modes in NYC, the historical impact of natural
hazards on the NYC transportation system and the likelihood of similar events in the future, NYC is an
ideal communityfor studying transportation diversity at the zip code |elieé data needed to calculate the
diversity metrics for the transportation modes in NYC was collected from nyc.gov, NYC DOT, and the US

Census Bureau.
2.4.2.Results

The DEA model of transportation disgly in this study with one input and ten outputs for 183UBMzip
codes) in NYC would be:
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The results show that zgmdes might be rich in one mode, but the mode may be poorly distributed or vice

versa. For instance, Figure 2a6depcts the richness of the metro system in the zip codes of southwest
Brooklyn, which are generally low; however, the distribution of thislenis highly even in these zip codes

as shown in Figure 2-B. This reveal$hat the availability of a transportatiorode in a region solely cannot

fully describe a transportation systembs ceharacte

accessibility, of the system to users in each area is also important.
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Figure 2.6: Diversity Metrics reveals of Metro System in NYC: (a) Richness (b) Evenness

The results of transportatiaiversty at the zip code level in NY@re illustrated in Figure 2.7.iZcodes

with values closer to one have the most diedransportation infrastructudeow transportation diversity
zip codes are mostly in Staten Island, Queandthe Bronx while zip cods in Manhattan and Brooklyn
have higher diversity. Among all zip codes, 18fve the maximum diversity scoead the average

diversityscore is 0.81 with a standard deviation of 0.15
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2.4.3.Interpreting Diversity Metrics
2.4.3.1.Single ModéAssessment at the Zip Coderéle

Determining transportation diversity across NYC supports pinpointing zip codes that lack complementarity
between transportation modes. For instance, zip code 11001 has a low transportation diversity score with
no rail trang and limited road networkral bus system, which are not evenly distributed. T2lleshows

the characteristics of the bus system in 11001 and zip code 10065 which has a high transportation diversity
score. Analyzing these two areas further shows tleaatailability of bus stopand bus lines in 11001 is
significantly lower than 10065 even though both zip codes are similar in size; while 11001 has a lower
population density, its density is still relatively high with over 27,000 people per squarematidition

to the lack of bustops and bus lines in 11001 compared to 10065, the 14 bus stops in 11001 are not evenly
distributed across the zip code. Consequently, evenness in this zip code could be enhanced by considering

the distance of census blockshius stops to optimize stégrations.
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Figure 2.7: NYC Transportation Infrastructure Diversity

Table 2.4: Comparing Richness and Evenness of Bu&ystem in Zip Codes 11001 and0D65

Zip Bus Richness  Bus Evenness . . Population
Code (Rank) (Rank) Bus Stops  Bus Lines Area (mi?) Density
11001  7.63E6 (179) 6.86 (173) 14 6 0.33 27,298
10065 0.0018 (8) 36.54 (8) 50 69 0.40 40,170
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2.4.3.2.Multi-ModeAssessment Across Zip Codes

Table2.5 summaiies zip codes with the lowest diversity score and their richness and evenness values. The
richness and evenness values of all five modes are below average in most of the zip codes with the lowest
diversity. A cbser look at the diversity scores providedifidnal insights. For the road network, zip code
11040 has the lowest richness (1.244) and zip code 10075 has the lowest evenness (0.935). Neither of these
Zip codes, however, are among the low diversity ooesd in Table 5; while these zip codes arakvia

one of the two diversity metrics, the availability or distribution of other modes compensates, resulting in
higher overall diversity scores compared to zip codes with the lowest diversity. If the roackneas the

only mode analyzed, then zip cad&1040 and 10075 would likely appear more undersupplied than they
actually are. This reinforces the importance of considering all transportation modes and their
complementarity rather than analyzing modes iedepntly. Moreover, the results can become th
foundation for prioritizing transportation system improvements among zip codes by developing modes that
are not available in a neighborhood or improving existing modes. For instance, in low diversity zip codes
(Table 2.5) that do not have a metro systedeyveloping this mode (i.e. richness) can benefit by also

considering evenness to make sure accessibility is as uniform as possible.

Hurricane Evacuation Zones
Zone 6

Zone 5

- Zone 4
- Zone 3
- Zone 2
- Zone 1

Figure 2.8: Low Transportation Diversity Zip Codes in NYC Hurric ane Evacuation Zones
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Table 2.5: Zip Codes with the Lowest Transportation Diversity in NYC

Zip Code Diversity Rank Metro System Bus System Bicycle Routes Walkways Road Network
Score Richness Evenness Richress Evenness Richness Evenness Richness Evenness Richness Evenness
11236 0.649 155 9E-05 5.265 2.33E04 18.473 1.247 8.7018 40.399 21.215 22.302 6.021
11239 0.633 156 0.000 0.000 1.71E04 15.670 8.796* 15.821* 16.988 20.123 21.431  13.845*
10309 0.632 157 3.6E05 5.456* 7.96E05 28.874* 3.935 9.336 14.452 87.374 17.862 7.355
10305 0.629 158 19E05 5.421* 417604 27.461* 1.822 7.829 30.090 42.622 23.366 3.663
10314 0.625 159 0.000 0.000 3.43E04 27.627* 0.678 8.126 19.507 60.506 16.859 8.473*
11360 0.625 160 0.000 0.000 8.10E05 15.771 1.517 6.534 36.508 72.688 23.735 9.845*
10308 0.622 161 4.10E05 5.765* 1.30E04 12.969 1.676 5.017 35.761 87.072 26.584 3.803
11693 0.617 162 3.20E04 2.687 5.30E05 3.908 9.937* 4.010 33.828 4.291 24755 1.937
10312 0.601 163 3.20E05 6.753* 1.80E04 25.158* 0.216 7.298 30.769 95.575 19.265 5.306
11367 0.596 164 0.000 0.000 2.50E04 16.148 4.086 13.850* 33.148 77.843 26.016  7.862*
11691 0.593 165 1.10E04 6.388* 1.70E05 8.606 1.595 7.830 33.479 20.812 23.437 8.578
10471 0.585 166 0.000 0.000 7.40E05 13.762 1.711 7.424 19.343 79.879 21.396  11.338*
11692 0.585 167 1.60E04 5.884* 2.70E05 6.873 2.649 6.495 36.815 20.896 20.902 6.943
11694 0.584 168 2.40E04 1.292 1.30E04 6.092 5.879* 6.724 33.501 10.526 28.532 6.147
11414 0.574 169 7.10E05 4.646 1.30E05 13.924 2.420 11.026 34.446 21.509 25.547  4.985
11356 0.573 170 0.000 0.000 1.10E04 15.805 0.000 0.000 35.625 36.934 20.472 5.243
11224 0.571 171 6.30E04 2.575 2.30E04 13.450 5.100* 12.119* 34.485 72.697 22.527 3.928
10475 0.566 172 0.000 0.000 2.10E04 14.965 2.283 6.984 29.848 21.261 21.362 11.910*
10069 0.544 173 0.000 0.000 1.60E05 5.811 6.548* 6.300 33.928 6.199 21.998 6.201
11251 0.512 174 0.000 0.000 4.40E05 10.142 3.747 9.554 17.081 21.305 23.33 9.391*
10303 0.510 175 0.000 0.000 2.30E04 24.080* 0.000 0.000 19.761 35.285 15.020 5.428
10474 0.502 176 0.000 0.000 7.90E05 17.204 3.532 15.781* 26.685 47.927 20.108 3.533
11005 0.491 177 0.000 0.000 3.00E05 8.122 1.116 4563 31.980 32.096 19.3® 3.088
11234 0.490 178 0.000 0.000 2.40E04 17.024 1.130 13.676* 23.229 32.763 13.923 8.978*
10470 0.487 179 5.70E05 3.341 4.80E05 9.645 1.064 3.612 35.373 23.955 11.974 4.135
10307 0.465 180 8.30E05 3.844 5.20E05 12.462 0.083 5.140 26.293 73.268 18.474  3.217
11359 0.419 181 0.000 0.000 6.90E06 5.131 0.238 5.471 14.440 18.875 25.450 5.030
11697 0.393 182 0.000 0.000 2.70E07 3.837 1.997 4.647 5.290 67.784 16.710 3.843
10464 0.319 183 0.000 0.000 5.80E06 2.743 1.995 3.128 24.271 9.915 7.987 1.704
Values among All Zip Codes
Maximum 0.059 16.850 0.005 49.435 27.649 48.107 76.708 260.073 64.952 22.524
Minimum 0.000 0.000 2.70E07 2.743 0.000 0.000 2.4.16 4.291 1.245 0.935
Average 0.00168 5.304 4.90E04 21.466 4157 11.942 42.240 97.926 29.731 7563
Standard Deviation 0.00523 4.291 7.10E04 8.814 4.096 8.381 10.470 56.118 10.312 3.770

Richness and evenness values above average are marked by *
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2.4.4.Diversity and Resilience

Transportation diversity metrics establish a baseline to investigate tiygéici on the resilience of a
transportation system. Examining NYC hurricane evacuation zones and low diversity zip codes is
conceptually illustrative of the potential links betweliversity and resilience planning and management.
NYC has six hurricane egaation zones; these areas are prone to inundation or isolation by storm surge
(nyc.gov). Figur@.8 superimposes low transportation diversity zip codes onto a map of the NY€&harri
evacuation zones, which are shown in shades of red and orange (nyathosgarker shades depicting
areas with greater risk of storm surge impact. Interestingly, the majority of the low diversity zip codes are
located in higkrisk evacuation zones.dtce, zip codes with the least capacity for mode complementarity

are amongite most vulnerable.

In order to understand the response of a transportation system to a natural hazard, it is important to realize
how individual modes respond (component variability) and how the whole system reacts to it (aggregate
variability). For exam|e, the zip codes fmted south of Jamaica Bay tine Rockaway Peninsula are
surrounded by water and are in the hurricane evacuation zone (EigurBublic transit (metro and bus)

in these zip codes is very sparse, so evacuating them will rely orath@etwork, which iglso not well
developed. Similarly, low diversity zip codes in the southern portion of Brooklyn and Queens (just west
and north of Jamaica Bay) are also in evacuation zones. Likewise, these zip codes lack developed public
transit (meto and bus), dependjnon the road network for evacuation. Hence, the road network will not
only need to support residents from these zip codes during an evacuation, but it will also be impacted by
evacuees of the zip codestie Rockaway Peninsula. Consemtly, the limitedtransportation system
complementarity in this area could pose challenges during an evacuation or emergency response,
particularly during storm surges that inundate roadways (as well as metro system tunnels) and isolate

residents.

In 2012, Hurricane Sandffooded the entire Rockaway Peninsula and severely affected all transportation
modes (Kaufman et al., 2012). For instance, the overall NYC subway system was affected by the hurricane,
and it took three weeks to recover most lines todjpération. Howevelthe impact of the hurricane on the
subway system ithe Rockaway Peninsula was severe. It damaged train tracks in this area, which made
transit by subway unavailable for seven months affecting 35,000 daily commuters (MTA, 2013. Figur
2.9-a schematicafl illustrates the response patterns of transportation modes in the Rockaway Peninsula to

Hurricane Sandy, which shows synchrony for the transportation system.

Compensation in a transportation system occurs \&faiture in one or a f&@ modes is offseby others.

Analyzing the response of the transportation system in different parts of a community which have different
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diversity levels can lead to understanding whether higher transportation diversity results in higher
compensation. Thductuationrindependat mechanism omherent complementarityn a transportation

system occurs when a failure in modes caused by a disturbance is compensated by other modes. In other
words, inherent complementarity exists when the availability of otheresmpdovides the capiy to
counteract the lost services of the failed mode(s). For example, the low diversity zip dcbd&ickaway
Peninsula and the southern part of Queens and Brooklyn experienced a large impact since the existing
modes in these aas provided littlenherent complementarity.

Conversely, the fluctuatiedependent mechanism augmented complementarity a consequence of
system adjustments. Such complementarities are possible in the transportation system, but they require
some formof intervention suclas using the spare capacity of the transit system; adjusting speeds, schedules,
and routes of buses; and opening roadway hard shoulders to traffic and contraflow lane reversal. The
augmented complementarity allows modifications tcaadportation systemo enhance its compensation
capacity to better cope with a disturbance. Figli®eb schematically depicts a compensatory response
pattern through augmented complementarity for the Rockaway Peninsula. Understanding inherent and
augmentd complementarity iat the core of any transportation emergency preparedness plan as well as
more general transportation planning and management. Hence, determining the response patterns and
identifying levels and types of complementarity in a transgortatystem can impk@ understanding of

the root causes of these patterns and the underlying dynamics of compensation. This can result in better

resilience planning and management of this critical infrastructure system.
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Figure 2.9: Variability Patterns of Transportation Modes:
(a) Synchronous response to a hurricane, (b) Compensatory response to a hurricane via augmented
complementarity in road network and bus system
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2.5. Discussion

Faturechi and MilleHooks (2014) suggest that transportation resilience should focus on system level
performance rather than component level performance or the performance of individual modes separately.
The transportation diversity approach facilitates analyzing a4maltie tanspaotation system in an urban
community to find low diversity regions and to examine them for general improvements and to identify
specific strategies for them during disturbances like natural hazards that will likely affect the entire urban
area. Furthe the potential of developing system and component response patterns was examined in the
context of an extreme event and inherent and augmented complementarity was introduced. Future research
can explore these concepts further through empirical studiesmdtance, the types of natural hazards that

an urban community experiences and the intensity and/or the frequency of these disturbances are important
in characterizing the variability patterns of a transportation system since transportation modes might
respand differently in various situations. Future work on variability patterns of a transportation system can

increase understanding of the response of a transportation system to various disturbances.

The proposed transportation diversity method providesysem level perspective of the entire
transportation system as well as analysis at the component level of modes. One major challenge of
infrastructure resilience models is their translation into practical methodologies or their applicability (Gay
and Sina, D13) since there are no detailed guidelines for their implementation (Labaka et al., 2016).
Hence, the concepts of diversity and modal variability offer a new approach to characterize transportation

infrastructure in urban communities to counter stitdllenges.

The application to the NYC transportation system demonstrated the method in a very large urban
transportation system by identifying zip codes with low diversity and whether richness, evenness or both
were the cause. This can facilitate futweark to compare such regions with highly diverse ones to suggest
improvement strategies. If the richness of a transportation mode needs improvement in a zip code, the
calculated distance of each census block to that mode in the evenness metric demahsthapests of

the neighborhood have accessibility issues. The approach can be modified to examine larger scale regions.
For more routine disturbances like congestion, it is likely better to analyze diversity at a larger spatial unit
than zip codes. Thiflexibility of spatial scale in the developed diversity metrics also allows, for example,
comparison of urban communities at the city scale to determine similarities/differences between
transportation systems in different cities. This enables comparis@onamunities, which can help
overcome the lack of methods and metrics to contrast communities, community resilience improvements

and regional resilience (Bruneau et al., 2003; Cimellaro et al., 2013; Sun et al., 2018).
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Additionally, transportation diversitynalyzes the supply side tie transportation infrastructure. Soe€io
economic factors describe the characteristics of the users of the provided service. Focusing swely on
physical aspects of a transportation egstcannot capture the dynamic naturehomaninfrastructure
interaction per se. Amoaningankson and Amekud#{ennedy 2017 state that transportation resilience
studies have predominantly focused on the physical aspect of this infrastructure and sajgest
socioeconomic factors should be lumed. Hence, transportation diversity can be analyzed with-socio
economic factors such as population, number of households, average income, age, number of elderly
residents and vehicle ownership. Such analyses mande an understanding of the likelyroeection
between transportation infrastructure and s@donomic factors to better plan and enhance this
infrastructure for improved mobility and connectivity. In addition, it can pinpoint neighborhoods that might
require more attention during evacuatiperiods based on soegronomic and transportation system
characteristics. For example, the unsuccessful evacuation of New Orleans during Hurricane Katrina in 2005
was largely due to the lack of adequate consideratiotransitdependent residents who didt have

personal vehicles for evacuation (Naghawi and Wolshon, 2012).

Certainly, the approach presented and its application has some limitations. The proposed metrics of richness
and evenness consider the transgt@n system in unperturbed situatiomsere all modes are intact and
complete. In an unperturbexfate, physical systems are not always in a state of good repair; thus, the
estimates of diversity are somewhat inflated, albeit the metrics are intermagigtent. Indeed, Levenberg

et al. (20T) highlighted the importance of considering component condition and deterioration in resilience
analysis and evaluated the resilience of a pavement network under a set of damage scenarios. Their results
show the impct of component conditions on infragtture resilienceDuring an extreme event or
perturbation in transportation modes, richness and evenness values will decrease. A system that can track
the availability and distribution of modes could continuouslyustdjthese metrics to account for
degraddon. Finally, the evenness calculation finds the shortest distance based on algteijktance

(Aas the crow fliesodo), whi ch approximates the act
accuracy ofthe calculated distances could be imya@ by using Google Distance API or Bing Map

Distance API, the associated cost is very high and it is computationally intensive.
2.6. Conclusions

The impact of transportation infrastructure on the functionality of a community and its influence on the
performarme of its interdependent infrastructure has made transportation resilience a critical challenge.
While recognized as an important property tcdnsportation resilience, diversity generally remains

undeveloped. The proposed method to measure transporthtiersity provides a new approach to
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characterize a transportation system at a disaggregate scale to find areas that lack diversity e the so
of this issue, which supports prioritizing enhancements in modal availability and distribution. Moreover,
the transportation diversity approach supports establishing a baseline to study the impact of diversity on

mobility and the variability patterna this infrastructure during disturbances.

Characterizing the diversity of a transportation system in a commeaityalso support analyzing the
impact of transportation diversity on mobility patterns during and after extreme events through empirical
studes using call data records or gegged social media data. Patterns of mobility can be characterized
by identifying the locations individuals frequently visit which can be analyzed along with the transportation
diversity of t he smomparsanaftpicamcpoddistarbapce mobilityepatternsAould
reveal the influence of transportation diversity maintaining prealisturbance mobility patterns and

recovery of these patterns after an extreme event.

Empirical derivation of response patis of transportation modes to natural hazards would also improve
emergency and resilience planning. Identifyioges with higher vulnerability can help to better prioritize
zones and modes for enhancement programs. This, in turn, will enhance comasiligtyae and security

by decreasing the impact of natural hazards on economic activity and residential saddtjitiom, the

time scale could be potentially extended from days and weeks to years and decades to study the evolution
of an urban transpotian system. Indeed, the proposed method for characterizing transportation diversity
provides a unique and flexilbasis for exploring its influence on transportation system performance in

urban communities.
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Chapter 3: Assessing the Impact of Transportation Diversity orPostDisaster Intra-
Urban Mobility 2

Abstract

Transportation infrastructure enables mobility in urban communities and impacts the functionality of other
infrastructwe and services. Natural hazards can cause failures in a transportation system, wtifebtcan a
mobility and other economic activities in a community. Diversity is recognized as an important factor of
resilience in transportation infrastructure, but emplrwork linking the two is limited. In this study, the
impact of transportation diversitgn mobility in New York City after Hurricane Sandy is explored.
Transportation diversity, defined as the availability and distribution of modes in a communigsisred

by employing a recently developed approach at the zip code level using transpayatem GIS data.

The geetagged Twitter data of one month before and after Hurricane Sandy in New York City are used
to understand mobility patterns before anrafhis extreme event. The primary locations of individuals
and mobility patterns are swdrpuently determined by measuring travel distance, the radius of gyration,
and mobility entropy; individuals are grouped in quartiles based on the transportaticsitydioktheir
primary locations, which is determined by two different methods that overtdwgriack of transportation
system information ircall detail records and social media data. The results indicate that after Sandy the
distance, radius, and entropy all individuals were significantly decreased. The comparison of the
significance of chage in mobility metrics by diversity quartiles revealed thatweek distance and radius
metrics in low transportation diversity quartiles weomsiderablychangedand statistically significant.

Thus, individuals with primary locations in zip codes whigher transportation diversity generally had
higher maintained distance and radius one week after Hurricane Sandy. The comparison of diversity
guartiles in the onenonth analysis showed that the radius of low transportation diversity quartiles was
impactel more than high transportation diversity quartiles and was statistically significant. Further, the
comparison of results of one week and one month after the mariiiedicated that distance, the radius of
gyration, and entropy improved after a monthhesttansportation system was recovering. The findings
establish an empirical link between transportation diversity anduntxan mobility in the wake of natural
disasters such as Hurricane Sandy and confirm that transportation diversity influencesiahgiost
disaster mobility. In addition, the results contribute to mobility resilience by deepening our understanding

of the underlying drivers of changes in hunmaability following extreme events. Further, the approach

2RahimiGolkhandan, A., Garvin, M. J.,andaMh g, Q. ( 2 0 thé®linpact &f Aranspersaton Divgrsity on

PostDisaster IntrdJr ban Mobi |l ity, 0 Speci al Col | e-DdtaEoarin Joumaldanagi n.

Management in Engineering. (in review)
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adopted supports pinpointing areagh low transportation diversity, which can enable more targeted

infrastructure and urban resilience management.

Keywords:Infrastructure; Natural Hazard; Hurriea Sandy; Multimode; Twitter; Geosocial Networking;

Urban Computing; Transportation; Diveys Resilience; Mobility.

3.1. Introduction

Critical infrastructure systems such as energy, water, and transportation support and shape urban
communities and collectiveinfluence the functionality of society. Since infrastructure systemsauid
economic activities in a community are interconnected, the impact caused by a failure in infrastructure
systems is not limited to the physical aspect of these lifelines @&a 2017); it can affect safety, security,

public health and economic adty (DHS, 2018). Among these systems, the transportation system is the
physical foundation that affects the movement of people and goods in an urban area and supports the
performance of its interdependent infrastructure systems like food and agriceltergy, communication,

and emergency services. ldentifying the patterns of travel behavior and human mobility is important for
urban transportation planning. Aside from normal aitins, understanding how mobility patterns are
affected by extreme evenssich as a natural hazard is critical for-pped postisaster planning and
response. An extreme event affects infrastructure systems by both reducing serviceability and increasing
demand (Choi et al., 2019). A disruption in the transportation systenectdnysa natural hazard can
significantly impact mobility, community activities, and consequently the function and performance of

other infrastructure systems.

A natural hazard canffact intraurban mobility on multiple levels. Some of the most important factors
influencing intraurban mobility are: (a) purpose or need, (b) urban morphology and land use, (c)
transportation system, (d) transportation mode chaiuwe (e) socieeconomé characteristics (Crane, 2000;
Kwan, 2000; Snellen, et al., 2002; Dieleman, 2002; Kang et al., 2012; Wang et al., 2018a). These factors
are often interdependent and a disaster can cause cascading effects on multiple levels. g ifakamep
inatrasm portation system after a disturbance wil/l I
and mode preferences. Depending on the intensity of the disturbance, the levalisfusbance mobility
patterns that is maintaideand the duration atcovery to these patterns might vary. In this case, the root
cause of variation in postisturbance mobility patterns is likely associated with disruptions or failures in a

transportation system.

Prior to the development of inforitian and communicatiotechnologies (ICT), mobility was generally
studied through travel surveys, which were costly and not quite accurate (Vij and Shankari, 2015; Zhao et

al., 2015; Wang et al., 2018a). Moreover, identifying locations and trajectaiagravel surveys were
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imprecise (Wang and Taylor, 2015). ICT data sources, however, such as loop detectors, taxicab GPS, transit
smartcards, mobile phone data such as call detail records (CDR), social media aridschae& provided

larger, more relialel and accurate mobifidata. ICT data has been used in several studies analyzing general
mobility and travel patterns (e.g., Wang et al., 2015; Zhong et al., 2016; Fang et al., 2017; Gong et al., 2017;
Xu et al., 2017; Gariazzo and Pelliccioni, 2018; V¥&iziet al., 2018, Wanet al., 2018b). ICT data was

also employed to study mobility during extreme events such as emergency preparedness planning (Krisp,
2010), evacuation (Song et al., 2013), mobility patterns identification (Wang and Taylor, 2014) and
situational awarenessl¢ Albuquerque et al., 2015). After an extreme event, a community is in the recovery
phase and individuals attempt to restore theirdisaster mobility patterns. Studies on pdisiaster

mobility indicate the impact of disturbancas mobility patternsugech as changes in mode choice (Zhu et

al., 2010) and travel time (Donovan and Work, 2017), (e.g., Zhu et al., 2010; Carrion and Levinson, 2012;
He and Liu, 2012; Donovan and Work, 2017; Kontou et al., 2017; llbeigi, 2019). Thesesstadfirm
modifications in postdisturbance mobility patterns due to failures in a transportation system caused by
natural hazards. However, it is not clear how a transportation system influencdspobance mobility.

In other words, the significar®f a transportatiosystem in maintaining prdisturbance mobility patterns

and recovery to these patterns is largely unexplored.

A resilient system has the ability to withstand a disturbance, quickly recover from it, and adapt to future
incidents by leming from the distur@ince. The resilience of mobility patterns is intertwined with the
resilience of transportation infrastructure. Further, the performance of a transportation system during

normal and extreme events builds on the collective performdratktmnsportation roades.

Transportation diversity is a property of resilient transportation systems, which is defined as having multiple
components (i.e., transportation modes) with different functionalities (MdJmuég, 2006). Rahimi
Golkhandan etla (2019a) developednaapproach to characterize and measure transportation system
diversity by richness (abundance) and evenness (distribution) of transportation modes in a community. The
approach has been applied to characterize and analyze the infifi¢rasesportation syems diversity on

routine disturbances (e.g., Rahi@olkhandan et al., 2019b, Khaghani et al., 2019) and extreme events
(Wang et al., 2019). Wang et al. (2019) indicated that transportation diversity influenced the ability of

peopleto visit different pats of Houston after Hurricane Harvey.

At a neighborhood scale like zip codes, transportation diversity determines how all transportation modes
are provided in a zip code and how the available modes are accessible across the Hiprcedereme

event cases failure in one or some modes, other modes in a diverse transportation system can compensate
for the lost service. The mode complementarity that diversity provides can potentially mitigate the impact

of failure in a transportatioaystem on mobility. @nsequently, analyzing transportation diversity along
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with postdisaster human mobility can reveal the influence of mode complementarity on maintairing pre

disturbance mobility patterns (i.e., their robustness) and recovery of it p.

In this study the impact of transportation diversity on the paisturbance mobility patterns in NYC in the
aftermath of Hurricane Sandy in 2012 is explored. The approach to measure transportation diversity in
NYC zip codes identifies rangesmbdal complementary INYC, and it is capable of identifying the areas
where transportation modes are undersupplied and/or unevenly distributed. In order to characterize mobility
patterns, geotagged Twitter data is used. Analyzing data of one monthHefocane Sandy, undisrbed

mobility patterns of individuals are found by the number of locations each individual visits, the frequency
of visits to each location, and their travel distance. A similar characterization of mobility patterns after
Hurricane Sandy shows the deviah from predisaster patterns. This is coupled with measures of
transportation diversity at the zip code level to determine how transportation diversity impacts individual
mobility patterns preand postSandy; in particular, a keybgective is to asceriia whether transportation

diversity facilitates maintaining praisturbance mobility patterns and promotes recovery to these patterns.

The remainder of this paper is organized as follows: Se8tbdiscusses the background of t@msation

diversity am the application of social media data in mobility. In Sec8@&) the methods used to measure
transportation diversity and characterize mobility patterns are described. The results and analysis are
presented in Sectiof.4. Discussin of the results antimitations are detailed in Sectior®5 and3.6

respectively. Conclusions are drawn in Sec8ah

3.2. Background
3.2.1.Transportation Diversity

An urban transportation system consists of various modes, which perform jointly and compleshent ea
other. The capacitpf transportation modes for complementarity is critical when modes are affected by
major disturbances such as natural hazards. Thus, transportation resilience assessments should encompass
all transportation modes. However, transpawta resilience analys has focused predominantly on
individual modes, such as road networks (e.g., Omer et al., 2013; Jenelius and Mattsson, 2015; Ganin et
al., 2017) or transit systems (e.g., Han and Liu, 2009; Derrible and Kennedy, 2010; ReNfigerand
GarciaPalomars, 2014; Cats and Jenelius, 2015); these works have not directly examined the contribution
of all modes and their complementarity to the performance and resilience of a transportation system in a
community. Therefore, analyzing the sileence of individual transportation modes does not
comprehensively describe how the entire system responds to perturbations such as natural hazards.
Literature has explored various facets of moltidal transportation systems such as system design (e.g.,
van Nes and Bovy, 2d@0Yao et al., 2012), optimization (Ismail and Said, 2014; Varone and Aissat, 2015),
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performance assessment (Hadas, 2013; Udenta et al., 2013; Hong et al., 2017), accessibility (lacono et al.,
2010; Benenson et al. 2016), and netwohlaracterization (Huanand Levinson, 2015; Dimitrov and

Ceder, 2016). However, far fewer studies have examined-matie transportation resilience (e.g., Leu et

al., 2010; Cox et al., 2011; Jin et al., 2014; Ouyang et al., 2015). For example, thed toxlybal. (2011)

onthe resilience of the London subway system highlighted the significance of amodki transportation

system and how the complementarity it provides can decrease the impact of disturbances. Likewise, Jin et
al. (2014) studied how taegrating bus and metisystems can enhance local transportation resilience.

The developed transportation diversity approach estimates the richness, or availability of transportation
modes, and the evenness, or the distribution of modes in a communitginédirthese metricsdicate
the level of diversity in a given area, indicating mode complementarity. See Rabiktiandan et al.

(2019a) for details of the approach.

3.2.2.Application of Locatiorbased Social Media in Mobility

Different types of ICT data cdre used to investigatand characterize mobility patterns. Each type of data
has advantages and disadvantd@eble3.1). For example, taxicab GPS data can report-pigland drop

off locations, travel time and travel route and transit smartcards can collect data of afigiestination
stations, trip duration and frequency of trips. This data can help analyze the pecwhamad networks

or transit systems for transportation planning and optimization. However, since it cannot capture the actual
activity locationsofind vi dual s, the data is not suitable for
In addition, data sources such as taxicab GPS (e.g., Donovan and Work, 2017; llbeigi, 2019) or loop
detectors (Zhu et al., 2010; He and Liu, 2012; Carrion and Lavji2812) that have been used to analyze
postdisturbance mobility patterns can only capture tbasedmobility and not the entire transportation
system. In order to fully analyze variations in mobility patterns before and after a disturbance, all modes

nead consideration.

Datasets such as CDR or social media geotagged data, like Twitter, are notiiraitéadgle transportation

mode. While CDR and social media data cannot describe a specific transportation mode such as transit
smartcards, loop detectorsr GPS data, it can be used individually or in combination with other-snode
based data sources to delse general mobility. CDR can be used to study the mobility patterns of
individuals. High penetration of cell phones, which provides a large amouait dates and text messages

along with relatively high spatial coverage, has made CDR the most ptypdaof cell phone data used

in mobility studies (Wang et al., 2018a). CDR has been used in several studies to iltlifeeeat
characteristics of mlity patterns such as traffic conditions (Igbal et al., 2014; Colak et al., 2016; Olmos

et al., 2018 finding range of travel (e.g., Yuan et al., 2012; Jiang et al., 2016), social activities (e.g.,
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Calabrese et al., 2011; Yang et al., 2016) and regulaited locations (Xu et al., 2015; Yuan and Rabul,

2016).
Table 3.1: Location-Based ICT Data in Mobility Analysis
ICT Data Description Advantages Disadvantages References
Loop Detectors Loop detectors  § Report information  { Require a large numbe Zhu et al.
are installed in about vehicle such a of detectors for traffic (2010); He and
the pavement count, timestamp, an analysis Liu (2012);
and can record speed fUsually is limited to Carrion and

Taxicab GPS

CDR

Twitter

information
related to traffic.

The GPS of
taxicabs
captures the
trajectory of
operations.

CDR collects
the information
of voice calls
and short
messages of
individuals.

Collects the
information of
userso ¢
on Twitter.

i Can provide
information about pick
up and dropoff
locations, timestamps
distance covered, trave
time, speed, etc.

9 Can be useful for traffic
demand and roadwa
congestion analysis

9 Report information
about timestamp of th
call and the geolocatiol
of users

1 Provides a large amour
of data

1 The spatial coverage c
CDR data is large

fNot limited to any
transportation mode

9 Provides the
geolocation, timestam,
and the content o
tweets.

i Provides large amour
of data

T Not limited to any
transportation mode

9 Reports highresolution
geolocations

highways
I Can aly capture road
based mobility
fCannot  detect
locations of activity
9 Can only capture road

the

based mobility
fUnable to provide
information about

individual s

9 Not easily accesble
1 The cell tower density

can influence the
accuracy of reporte
locations

q Can detect the location
in which usersmake a
call/'send a message

9 The coverage might nc
be as large as CDR

9 Can detect the location
in which users send
tweet

Levinson (2012)

Tang et al.
(2015); Qian
and Ukkusuri
(2015);
Donovan and
Work (2017);
libeigi (2019)

Yuan et al.
(2012);
Calabrese et al.
(2011);
Schneider et al.,
(2013); Yang et
al. (2016); Xu et
al. (2015); Yan
and Rabul
(2016); Jiang et
al., (2016)

Steiger et al.
(2015); Wang
and Taylor
(2014, 2015,
2016); Martin et
al. (2017);
Lloyd and
Cheshire
(2017);
Cvetojevic and
Hochmair
(2018); Kumar
and Ukkusuri
(2018); Wang et
al. (2018b)

An alternative approach is using geotagged data of Twitter, which can reporebahtion locations of

an activity using the butiin GPS of mobile devices. This makes it easier to identify whereidudils visit

43



and their actual locations. The apptioa of Twitter data in mobility studies is substantial. For example,
Steiger et al. (2015) wused Twitter data to ident.i:
demonstrated the rebdity of Twitter data by correlating their analysi$ workplace with census data.

They concluded that Twitter could be an indicator for analysis of workplace activities. Recently, Wang et

al. (2018b) explored urban mobility and neighborhood isolatiaghertop 50 large cities in the US using

Twitter data.Their findings showed that neighborhoods with mainly Hispanic and AfAcaarican

residents travel more, but less to middlass white or nopoor neighborhoods and highlighted the

isolation of poor wkite neighborhoods from negpoor white areas.

Twitter data has also been used to analyze mobility patterns during extreme events. Wang and Taylor (2014,
2015) studied human mobility perturbation in NYC during and after Hurricane Sandy and expanded their
examination to a variety of natural disasters aamug$iple urban areas around the world (Wang and Taylor
2016). They found that while human mobility is governed by the power law during disasters, extreme

weather can break the resilience of human atsyit

In addition, the dynamic of evacuation duringrkitane Matthew was explored by Martin et al. (2017).
They discovered that 50% of the users evacuated from coastal areas, indicating the capability of Twitter
data for assessing compliance with evaamtrders. Similarly, Kumar and Ukkusuri (2018) seati
evacuation of NYC during Hurricane Sandy by analyzing whether people were inside or outside of
evacuation zones and if they evacuated or not. They concluded that decakimg on evacuation highly

depends on peoplebs soci al bonds.

Although these studs uncovered or assessed patterns of mobility during extreme events, they did not fully
consider the underlying dynamics of these patterns. This is mainly because CDR and social media data lack
informaton about transportation systems to determine tinflinénce on mobility patterns after extreme
events. To overcome this limitation, this study examines the pivotal role of a transportation system on
mobility by coupling human mobility and transportatsystem data. In particular, it takes a critical step
further by developing a quantitative approach to evaluate the impact of transportation diversity on
individual mobility in NYC zip codes. We link transportation diversity metrics with gnel postSandy

mobility patterns developed from Twitter data. Tiké&ge allows us to explore the reciprocal influences

between transportation diversity and mobility.

3.3. Methodology

To examine linkages between transportation diversity and mobility patterns, firsia®RS8 ttansportation
modes was used to measure ressand evenness of each mode in NYC zip codes; these measures were

then combined to determine the transportation diversity of each zip code. Subsequently, Twitter data was
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used to identify primary locains of individuals. The identified primary locatiomsere employed to
characterize preand postSandy mobility patterns by measuring radius of gyration, traveled distance, and

mobility entropy.

3.3.1.Measuring Transportation Diversity

Transportation diversitis measured following the approach outlined in Rat@@ulkhandan et al. (2019a).

This approach to determine transportation diversity in a community examines five modes: (1) road network,
(2) bus system, (3) rail transit system, (4) bicycle routes andgfways. Richness, the availability of a

mode in a gyen area, and evenness, the distribution of a mode in a given area, are calculated to determine
the diversity of each mode. Diversity is characterized at the level of zip codes because they can represen
neighborhoods and allow comparisons of transporatiystem characteristics in different parts of a
community at a disaggregate level. The GIS data of transportation modes are derived from NYC DOT and
the data of geographical units are gathered fronuBe&ensus Bureau. For road network, bicycle routes

and walkways, the density of these modes in a zip code determines their richness. The richness of the bus
system and rail transit system is calculated by considering the number of bus (metro) stops)(stadi

the number of bus (metro) lines, which acaled by the total number of lines and stations and the area of

zip codes for consistency (Rahi@oblkhandan et al., 2019a). Several other factors can potentially be
considered in the richness of thesedas (e.g., frequency in transits systems which eanedse due to

failure in transit modes or increase to compensate for the failure in other modes after an extreme event).
However, the focus of the approach is on the physical structure of transpontatitas. Evenness is
determined using census block$iigh represent different parts of a zip code. This enables quantifying the
level of access that different parts of a zip code have to each transportation mode. The standard deviation
of the shortest diahce of census blocks of a zip code to a mode detesntihe evenness of that mode in

that zip code, which is scaled by the square root of the area of the zip code for consistency (Rahimi
Golkhandan et al., 2019a). Data Envelopment Analysis (DEA) (Chazhat, 1978), a widely adopted
nonparametric multicriteria decisiormaking method, is used to measure the overall transportation
diversity based on the richness and evenness values of all modes. Measuring the transportation diversity of
each zip coderables identifying the diversity of a transportatgystem in different locations that each
individual visits. This allows examining relationships between transportation diversity and the patterns of
mobility before and after an extreme event like Hurre&andy. For more details of the characterization

ard quantification of transportation diversity, please refer to Ra@iolkhandan et al. (2019a).

Several approaches have been used in the literature to characterize transportation systems. Network metrics
are widely used approaches to characterize the properties of the network of transportation modes (e.g., Erath

et al., 2009; Dimitrov and Ceder, 2Q18he purpose of network metrics is representing the transportation
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system based on a set of nodes andlio identify vulnerable nodes, their accessibility to other nodes, or
the vulnerability of the entire system (Akbarzadeh et al., 2017; Aydin et2@1.8). By contrast,
transportation diversity approach employed here characterizes areas of an urbanitobasad on the
provision of transportation modes and their distribution. Accessibility metrics usually consider the network
as a set of origidegination (OD) to analyze how the accessibility between OD pairs changes after a
disturbance, which is based the assumption that the transportation modes in each node are accessible.
Conversely, the transportation diversity approach employed scrutithieesccessibility to modes and
determines how the modes in each area are reachable from different ghet aea. Therefore, it is
different from existing network and accessibility approaches. In addition, accessibility approaches such as
catchment am@ methods (e.g., Welch and Mishra, 2013) have some limitations. Since they quantify
accessibility based dhe walking distance to transit stations, they do not distinguish the difference between
accessibility in different parts of an area. Additionaltyyéality, people can walk, ride bikes, or drive to
transit stations, and these distinctions are not cegtim either the network or the catchment area
approaches. Therefore, transportation diversity provides an alternative method to characteripg¢ differe
areas in an urban community based on the provision of all transportation modes and differentiates the
accessibility to all these modes in a specific area. A detailed comparison of transportation diversity and

other metrics characterizing transportatsystems can be found in Rahi@olkhandan et al. (2019a).

3.3.2.Mobility Metrics

Different methods were used ¢haracterize mobility patterns. For each individual, the locations that they
visit frequently were identified. The identification supports measudistance, radius of gyration and
mobility entropy. Since distance and radius of gyration can capture trenmaat of individuals, the length

of their movements, and the relative location of their primary locations from their home regardless of
transportatbtn modes, they were selected to characterize mobility patterns; moreover, these measures are
common metricaised in many studies to depict mobility patterns (Gonzalez et al., 2008; Lu et al., 2012;
Yuan et al., 212; Wang et al., 2018a). Further, entropyastor that can measure predictability of mobility
patterns in timeseries analysis and describe peratidns in mobility patterns (Song et al., 2010; Qin et al.,
2012). Thus, these metrics are used to establish baseline mobility patterns andfyocklanges in these
patterns in NYC after Hurricane Sandy impacted the transportation system. Distancenest¢he total
distance individuals travel between their frequently visited locations; radius of gyration quantifies how far
individuals travel toand from their center of mass (e.g., their home location); and entropy shows the
complexity and predictahiy of mobility patterns. The comparison of pe:d posiSandy distance, radius

of gyration for individuals can help identify how they maintainertmobility patterns after the hurricane
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and the change in the peSandy entropy can suggest how the mtatbility and complexity of their

mobility patterns changed.

3.3.2.1.Primary Locations

Pinpointing where people live, which places they visit and the distdrey travel is necessary to identify
variations in mobility patterns after Sandy. An individual usuaibits a small number of locations
frequently (Csaji et al., 2013; Steenbruggen et al., 2015). Identifying these primary locations is important
for transportation and community planning (Huang et al., 2010). Home location is the most important
primary locaion of an individual. Generally, activities that are in the same location during the night indicate
a home location (Wang et al.,, 2018a). Here, tegkat were sent between 8:00pm and 12:00am are
employed to identify home locations. Dendigsed spatiaklustering of applications with noise
(DBSCAN) (Ester et al., 1996) was used to recognize primary locations. DBSCAN calculates the distance
betweenthe geolocation of tweets and forms clusters (i.e., primary locations). In this study, DBSCAN
parameters off (di st ance between points) and n (mini mum
respectively, which aligns with Wang et al. (2018b); 50 metean isstimate of the size of a house while a
minimum of 5 tweets to form a cluster makes sure that theeclissa place that is visited regularly and it

is not a randomly visited location. Those tweets that are not assigned to a cluster are consgkered noi

Pinpointing primary locations enables measuring radius of gyration, distance, and mobility entropy.
3.3.2.2.Radus of Gyration
Radius of gyration calculates the root mean square distance of all primary locations of an individual from

their center of mass (hereome location). The radius of gyration determines how far the primary locations

of individuals are or hoar they travel. Radius of gyration can be formulated as:

Y -B ¢ &I ©i NEQ: 0 £%o%oi "QE

1)

In Equation(1), nis the number of primary locations of an individuak the radius of the earth, andd

indicate latitude and longitude respectivdiylenotes the home location arshows primary locations.
3.3.2.3.Distance

Individuals might drive, use a transit sst%, bike, walk or choose a combination of these modes to travel
from one primary location to another. Since CDR and Twitter do not differentiate among transportation

mode(s) used to travel between primbogations, it is difficult to determine the exacavelled distance.

Alternatively, haversine distance provides an approximation of the travelled distance, and it has been widely
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used in mobility studies (e.g., Lu et al., 2012; Chen et al., 2014; Wanpghat, 2014, 2016). Therefore,

the distance thatn individual traveled is calculated by haversine distance in (2):

Q o Ol Oi VEQE—— & %%l QE—— )

whered indicates how the distance between two consecutive primary locatomg can be measured.

Here,r is the radius of the earth, is the latitude and is the longitude.

3.3.2.4.Mobility Entropy

Entropy can be used to measure ghedictability of mobility p&erns impacted by a disturbance. A lower
entropy indicates higher predictability in an indi
pre-disaster primary locations is important, random entropy, whichstakto account the number of

primary locations, is calculated for each individual in (3):

Y 17 & 3)

where n is the number of primary locations. Song et al. (2010) employed entropyedatpmobility
patterns; using mobile phone data they concluded that despite differences in the traveled distance of
individuals, human mobility has high predictability. @tlstudies have also used entropy to predict mobility
patterns (e.g., Qin et al.022; Lin et al., 2012; Sinatra and Szell, 2014). For instance, Gallotti et al. (2013)
used entropy to predict patterns of mobility using GPS data. Using different dalRadtet al. (2018)
employed entropy to predict mobility patterns of taxicabs, \grdduates, drifters, and the browsing habits

of Canadian moose and found similarities and differences between these Geig3.2 summarizes the

mobility metrics used ithis study as well as the prior work that has used them to characterize and predic

mobility patterns.

3.3.2.5.Characterizing Preand PostSandy Mobility in NYC

Hurricane Sandy made landfall in NYC on October 29, 2012. To characterize mobility pattBMe€ in
before and after the hurricane, nearly one million geotagged tweets, which wedbetsargn September

30th and December 15th in NYC, were collected. While the data of Twitter does not include demographic
information of users, Wang and Taylor (2015algmed the demographic information of Twitter users in

the US and confirmed that Twitteisers are distributed in various demographic classes and are largely
representative of the general public. Geolocation and timestamp data were extracted, and Ipattential

tweets were excluded based on the frequency of activities and their geolocation.
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Table 3.2: Summary of Mobility Metrics

Measure  Description Measurement References
Radius of Determines how far an individua The root mean square distance of Yuan et al. (2012);
Gyration  travels from their home location. primary locations of an individual ~Wang and Taylor (2014,
from their home location. 2016); Blondel et al.
(2015); Wang et al.
(2018b)
Distance  Determines the total distance th: The haversine distance between a Lu et al. (2012)
an individual travels. primary locations of an individual. Chen et al. (2014);
Wang and Taylor (2014,
2016)
Entropy Determines th@redictability and The logarithm of theatal number of Qin et al. (2012); Lu et

complexity of mobility patterns
by considering the number of

visited primary locations.

primary locations of an individual tt

the base of 2.

al. (2013); Sinatra and
Szell (2038); Jurdak et
al. (2015); Osgood et al.
(2016)

The post hurricane timeframe was extended to DecemBetasSopposed to Noverab 28" to capture

one

analysis. In this study, we analyzed the mobility patterns of 1,435 individuals. To minimize the likelihood

that

(https://botometer.iuni.iu.edu/boepository/). The aggregate of these data sets includes nearly 117,000

mont hods

these Twitter

worth of dat a;

usg are not bots, we

sever al

checked 15 databases of

days aft

Twitter

detected bots. We compared this data set with the Twitter users in our study and confitnmediiks

er

bots

Hur

listed in the data set were present among the Twitter users in this study. Then, the primary locations of these

individuals were found and their radius of gyration, distance, and entropy were measured for one week and

one month before and aftlurricane Sandy.

The transportation system in NYC was severely impacted by Hurricane Sandy and the recovery of this

infrastructure took at least a few weeks (Kaufman et al., 2012). For example, it took three weeks to restore

the functionality of most matrlineswhile in some areas like Rockaway Peninsula it took months to

recover. While transit system and roadways were recovering, people were exploring alternative routes and

increasingly using alternative transportation modes such as walking and bikdofm@het al., 2012).

Therefore, comparing mobility a week and a month after the hurricane can help in distinguishing the impact

of transportation system recovery on the return of mobility tedmtirbance levels. In addition, analyzing

one month beforand afer Sandy provides a larger and richer set of data for a longer period of time to

characterize mobility patterns before and after the hurricane more accurately. A transportation diversity

score is assigned to each primary location, which was thepwaat o n

di

versity

scor e

of

associated zip code. Individuals were then grouped in four quartiles based on the transportation diversity

score of their primary locations.
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We adopted two methods to calculate the transportation diversity, stonweighted and a weighted one.

In the unweighted method, individuals were grouped by the average transportation diversity score of
primary locations. Here, the score assigned to each individual reflects the average transportation diversity
score ofthe places they visited (3). This approach shows the general relationship between the diversity of

the transportation system and primary locations.

3)

In Equation 3, d, denotes the average transportation diversity assigned to indivédudih is the
transportation diversity of primary locatidn andn is the total number of pnary locations of this

individual.

For an individual, the frequency of visits to a primary location can be viewed as the importance of that
primary location for that individual; the higher the number of visits to a primary ¢ocatine more
important thalocation is (i.e., the individual visited that location with a higher frequency or spent more
time there). After an extreme event, peopl e may
t han t he o0 n &nshe weigbted apgproagh),tthe frequency of visits to each primary location
(i.e., the total number of tweets in each primary location) was included to account for the importance of
primary locations, and thus these frequencies were used as the wweidhitst the transportah diversity

score. We multiplied the transportation diversity score of each primary location by its total number of visits

before averaging.

A e— (4)

In (4),A indicates the weighteaveragdransportatin diversity of individuah, dp is the transportation

diversity of primary locatiom, ¥; denotes the number of twisen primary location, andn shows the total

number of primary locations of this individual.

The weighted approach, therefore, givaghbr values to locations that are visited more frequently and
captures the ability of people to visit the places #natmost important to them. Subsequently, individuals

were grouped based on the weighted average transportation diversity score.

3.3.2.6.Statistcal Analysis

We did a paired-test of all individuals to compare the distance, radius of gyration, and entropy-in one
week and onenonth before and after Hurricane Sandy and confirm that the hurricane impacted mobility

patterns. Individuals were then gpmd in quartiles based on the diversity of their primary locations. To

demonstrate that the impact of Hurricane Sandymobility patterns is statistically significant in all
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quartiles, paired-tests on distance, the radius of gyration, and entropy veere fbr oneweek and one

month after the event for both unweighted and weighted approaches. A significant chandmsliip mo
metrics for the individuals studied here can indicate that mobility was impacted by the hurricane. This
would be the baseline tovastigate how this impact was different in groups of individuals with primary
locations of varying transportation dregty. Subsequently, the omeay analysis of variance (ANOVA)

tests were conducted to examine whether the changes in mobility patteersn@rof distance, radius of
gyration, and entropy) are different among four quartiles under weighted and unweightedches.

Tukey post hoc tests were then performed to determine the significance of the change in mobility patterns

among quartiles.

3.4. Reallts and Analysis
3.4.1.NYC Transportation Diversity

Richness and evenness of all transportation modes are measured and combined to characterize
transportation diversity of each zip code. The richness and evenness values of the bus system in NYC are
shown in Fgure3.1. The figure shows that zip codes witlyh richness do not necessarily have high
evenness. This indicates that the availability of a transportation mode in an area per se cannot demonstrate
its efficacy since that mode might not be readily adbls$rom different parts of that area. FiguB2

illustrates overall transportation diversity in NYC in which zip codes with darker shades (values closer to

1) have higher diversity. Diversity varies among zip codes, which indicates that the availadiilitess)

and distribution (evenness) of tsportation modes differ between zip codes. Specifically, zip codes in
Manhattan and Brooklyn generally have higher diversity than the other boroughs of Bronx, Queens and

Staten Island.

Bus System Richness Bus System Evenness
0.0000 - 0.0133 0.0000 - 0.0883
0.0134 - 0.0270 ‘ AI . 0.0884 - 0.1935
0.0271- 0.0403 Y | o . 0.1936 - 0.2767
0.0404 - 0.0562 iF ﬂ 0.2768 - 0.3428
0.0563 - 0.0729 ) 4 0.3429 - 0.3967
0.0730 - 0.0988 0.3968 - 0.4567

N 0.0989 - 0.1479 B 0.4568 - 0.5149

N 0.1480 - 0.2324 B 0.5150 - 0.6025

N 0.2325-0.5393 B 0.6026 - 0.7335

1 0.5394 - 1.0000

",

. 0.7336 - 1.0000

A
(b) o

(a)
Figure 3.1: Bus System in NYC: (a) Richness; (b) Evenness
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0.319 - 0.419
0.420 - 0.543
0.544 - 0.663
0.664 - 0.750
0.751- 0.806

| 0.807 - 0.850

[ 0.851-0.885
B 0.886-0.924
B 0.925-0.966
B 0.967 - 1.000

Staten Island

Figure 3.2 NYC Transportation Infrastructure Diversity

3.4.2.Pre and PostSandy Mobility Patterns

Home Iaations and the primary locations before and after Hurricane Sandy were identified for each
individual. Then, their radius of gyration, total traveled distance and entropy were measured. We conducted
a paired-test on the individual mobility metiggpre ad post hurricane on both the individual level and the
aggregated level by transportation diversity quartile. The results of the pagstd for all individuals,

shown in Table.3, demonstrate that the p&dandy distance, radius of gyrationdasntrgy were lower

and statistically significant (p<0.001) than{8andy values in both oreeek and onenonth analysis. The

results suggest that, regardless of transportation diversity, Hurricane Sandy impacted mobility patterns and
while the patternef mobiity were recovering, the impact on individuals remained until at least a month
after the hurricane. The results of pairdedts in quartiles (Tablg.3), show that the values of the post
Sandy mobility metrics (except ofveeek and weighted ormonth digance in Q4, and unweighted ene

month distance in Q3 which is moderately significant p<0.1) were lower and statistically significant than

the preSandy values suggesting that the mobility patterns of all quartiles were impacted by the hurricane.

Theresuls of ANOVA tests between quartile groups showed no significant difference for entropy (both
oneweek and onenonth), and distance (omaonth), so they were excluded from the between quartile

group analysis. Entropy is directly associated with thalrer ofplaces individuals visit. After Hurricane
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Sandy, the entropy of all quartiles drops which means that their mobility patterns became less complex after
Sandy (Table3.3). Residents in all quartiles likely traveled to their high priority primarytiosa o the

ones they needed to travel to rather than those they wanted to travel to; consequently;Shadyost
mobility patterns of all individuals became more predictable. Therefore, the insignificant difference in the
entropy among quartiles is likebecaise all individuals limited their mobility to their key primary
locations. This result also confirms the limitations of entropy for prediction of mobility patterns when other
factors such as weather are not considered (Ikanovic and Mollgaard&@tofieet al., 2018; Teixeira et

al., 2019).

Statistically significant differences were found between quartiles fornaek distance by oneay
ANOVA tests (unweighted: F(3,1432) = 3.65, p = 0.012; weighted: F(3,1432) = 4.34, p = 0.005). In the
unweigited appoach, a Tukey post hoc test revealed that after Hurricane Sandy, the changes in distance
were lower and statistically significant in Q4 (0.45 £ 10.92) compared to Q1 (4.66 £ 19.47, p = 0.02) and
Q2 (4.88 + 17.69, p = 0.006). Similarly, in the wegghappoach the post hoc analysis indicated that the
postSandy changes in distance were lower and statistically significant in Q4 (0.40 £ 11.85) compared to
Q1 (4.58 + 16.33, p =0.008) and Q2 (5.45 + 20.61, p = 0.007).

Furthermore, the results indieal staistically significant differences between quartiles for-arexk radius
(unweighted: F(3,1432) = 3.63, p = 0.013 ; weighted: F(3,1432) = 4.95, p = 0.002). The post hoc results in
the weighted approach showed that after Hurricane Sandy, the meajegsharadius were lower and
statistically significant in Q4 (1.47 + 5.76) compared to Q1 (3.46 £ 8.75, p = 0.034) and Q2 (3.83 £ 8.49, p

= 0.006). In addition, in the weighted approach the post hoc test revealed that the changes in radius were
lower andstatigically significant in Q4 (0.1.20 £ 5.62) compared to Q1 (3.73 = 9.30, p = 0.005) and Q2
(3.83 £ 8.55, p = 0.002). These results suggest that the mobility patterns of individuals in Q4 were impacted
far less than individuals who had primary locatidgm aeas with a lower transportation diversity (Q1 and

Q2). The higher transportation diversity in the primary locations of individuals in Q4 provided them with

more options for mobility and supported them to maintain theiSaredy mobility patterns kter.

For onemonth radius, differences among quartiles were statistically significant as determinedvigyone
ANOVA tests (unweighted: F(3,1432) = 5.67, p = 0.001 ; weighted: F(3,1432) = 7.38, p = 0.000). A Tukey
post hoc test revealed that in the urgivéd @proach, the mean change in the radius was lower and
statistically significant in Q4 (0.76 + 3.42) compared to Q1 (1.83 £ 6.21, p = 0.022), Q2 (2.16 £5.09, p =
0.000), and Q3 (1.47 £ 3.93, p = 0.05). Likewise, in the weighted approach, theinekcdted lower and
statistically significant changes in radius in Q4 (0.86 + 3.74) compared to Q1 (2.40 £ 6.57, p = 0.001) and
Q2 (1.79 £ 4.79, p = 0.021). In addition, radius differences in Q3 (1.16 + 3.35) were lower and statistically
significant than Q (2.40+ 6.57, p = 0.008).

53



The between quartile comparison results for both unweighted and weighted approaches confirmed the
impact of transportation diversity on maintaining mobility patterns. The mobility patterns of individuals in

high transportatiodiversty quartiles were significantly less perturbed than those in low diversity quartiles.

Figure 3 depicts the comparison of mean change of radius, distance and entropy among quartiles in one
week and onenonth, which illustrates the statistically sificént (solid lines) and insignificant (dashed

lines) changes in the mobility metrics. The aemeek and onenonth results indicate that as the
transportation system was recovering between a we

mobility patternswere rebounding, albeit they still had not fully recovered from the event.

For the first approach to calculate transportation diversity (the average diversity scere0.Q1,
Q25v=0.87, Q31,=0.93, Q4,=0.98), in general, the changes in mapifpaterns in Q1 and Q2 are less

than the changes in mobility patterns in Q3 and Q4 one week before and after Sandy. This indicates that
individuals who were traveling to primary locations with higher transportation diversity were able to better
maintaintheir nobility patterns. The second approach (the weighted diversity score) shows similar results.
Although the maintained radius in Q2 is greater than Q1, in general an increase in the weighted average

diversity score by quartiles shows increases in thimtaired radius.

The results of both approaches reveal that transportation diversity influences mobility patterns and the
ability of people to maintain their patterns of mobility after a natural hazard. Specifically, this implies that
the availability oftranspetation modes and the balanced distribution of these modes across a community
provides the capacity for mode complementarity. The mode complementarity in the primary locations of
individuals in Q3 and Q4 clearly helped them better maintain visitiege paces while low mode

complementarity in Q1 and Q2 hindered them from retaining their mobility patterns.

The results of radius for a month before and after Hurricane Sandy overall follow the same pattern; an
increase in the transportation diversityoge byquartiles in both approaches results in higher ability to
retain mobility patterns (Figurd.3). Notably, almost all the values of change in the radius in all four
guartiles onemonth after Hurricane Sandy are higher than these values a weekrgliteaftermath. This
improvement in the maintained radius suggests that as the transportation system (and overall community)
was recovering during the month after Sandy, individuals were able to regain their mobility patterns;
further, individuals withprimary locations in high transportation diversity zip codes managed to restore

their mobility patterns to prhurricane levels more easily.
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Table 3.3: Paired t-Tests Results of DistanceRadius of Gyration, and Entropy Before and After Hurricane Sandy

Quartiles Distance Radius Entropy
95% CI of Mean 95% ClI of 95% ClI of
Mean (SD) t Difference _ (SD) t Difference Mean (SD) t Difference
Before After Before After Before After
OneWeek
(Al 10.55 (15.12) 7.24 (13.41) 6.15** [2.25,4.36] 7.15(8.03) 4.32(6.72) 10.15%** [2.28,3.38] 1.65(0.70) 1.30(1.00) 11.74** [0.29, 0.41]
Individuals)
OneMonth
(ANl 9.01 (14.07) 7.35(13.00) 4.91** [0.99,2.32] 5.22(5.21) 3.67 (4.26) 12.21*** [1.30,1.80] 1.84(0.81) 1.58(1.05) 10.69*** [0.22, 0.31]
Individuals)
OneWeek
(Unweighted)
Q1 11.59 (16.72) 6.93 (12.47) 3.68*** [2.16,7.16] 8.08 (9.29) 4.33(6.72) 5.86*** [2.49,5.01] 1.63(0.68) 1.29(0.99) 5.74*** [0.22, 0.46]
Q2 13.25 (18.29) 8.37 (16.16) 4.25*** [2.61,7.14] 8.14(8.96) 4.37 (7.21) 6.12*** [2.55,4.98] 1.73(0.78) 1.34(1.08) 6.38*** [0.27, 0.51]
Q3 10.88 (14.01) 7.60 (14.24) 3.02*** [1.14,5.42] 7.01(7.60) 4.75(7.33) 4.50*** [1.27,3.25] 1.66 (0.70) 1.27 (1.00) 6.70*** [0.28 0.51]
Q4 6.66 (9.12) 6.09 (9.99) 0.63 [-0.94,1.84] 5.35(5.45) 3.82(5.46) 3.54*** [0.68,2.38] 1.57(0.64) 1.30(0.94) 4.66*** [0.16, 0.39]
OneWeek
(Weighted)
Q1 11.66(12.64) 7.09 (12.72) 4.32** [2.49,6.67] 8.01(8.53) 4.28(6.24) 5.74*** [2.45,5.01] 1.64 (0.68) 1.29(1.02) 5.83*** [0.23, 0.47]
Q2 13.03 (20.04) 7.59 (14.37) 4.06*** [2.81,8.09] 8.60 (9.65) 4.77 (7.53) 6.41*** [2.65,5.01] 1.69 (0.77) 1.29(1.00) 7.05*** [0.29, 0.51]
Q3 10.66 (15.09) 7.84 (15.32) 2.73**  [0.78,4.85] 6.67 (7.43) 4.12(7.29) 4.73*** [1.39,3.62] 1.69(0.72) 1.32(1.08) 5.91*** [0.25, 0.49]
Q4 6.87 (9.67) 6.45(10.84) 0.52 [-1.19,1.91] 5.30(5.57) 4.10(5.67) 3.06** [0.43,1.98] 1.58(0.64) 1.30(0.91) 4.74** [0.16, 0.39]
OneMonth
(Unweighted)
Q1 10.33 (13.93) 7.90(13.92) 2.80*** [0.72,4.14] 5.76 (6.32) 3.93 (4.96) 5.57*** [1.18,2.47] 1.80(0.81) 1.51(1.09) b5.75*** [0.19, 0.39]
Q2 10.75(18.95) 8.71(16.12) 2.11* [0.13,3.93] 6.02 (5.57) 3.86 (4.43) 8.03*** [1.63,2.69] 1.89(0.82) 1.61(1.08) 5.27*** [0.18, 0.38]
Q3 7.51(10.54) 6.54(12.37) 1.64 [-0.20, 2.15] 5.24 (4.56) 3.77 (3.97) 7.05*** [1.06,1.87] 1.90(0.86) 1.64(1.03) 5.38*** [0.16, 0.35]
Q4 8.60 (14.01) 6.97 (11.11) 3.30** [0.66,2.58] 3.87(3.78) 3.11(3.53) 4.18** [0.40,1.11] 1.79(0.74) 1.56(1.01) 4.98**  [0.14, 0.33]
OneMonth
(Weighted)
Q1 9.00 (12.95) 6.88(11.69) 2.91**  [0.69, 3.54] 6.15(6.50) 3.75(4.79) 6.92*** [1.72,3.08] 1.77 (0.80) 1.50(1.08) 5.39*** [0.18, 0.38]
Q2 10.31 (14.30) 8.41 (15.38) 2.65**  [0.49,3.30] 5.87(5.32) 4.08 (4.68) 7.06*** [1.29,2.29] 1.89(0.81) 1.59(1.07) 5.93**  [0.20, 0.40]
Q3 10.26 (17.98) 7.99(13.89) 3.28** [0.91, 3.63] 4.80(4.35) 3.64 (3.70) 6.54*** [0.81,1.51] 1.95(0.87) 1.64(1.06) 6.25*** [0.21, 041]
Q4 6.48 (9.55) 6.02 (10.26) 0.84 [-0.61, 1.52] 4.07 (4.03) 3.21 (3.73) 4.35*** [0.47,1.25] 1.77(0.74) 1.59(1.01) 3.74*** [0.08, 0.27]

*P<0.05 **p<0.01 ** p<0.001
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3.5. Discussion

Managinginfrastructure systems is critical for the resiliency of lifelines and urban communities. Such
management includes prepéma for extreme events like natural hazards, immediate and effective
emergency response during such events, and quick recovery wrehlesaster performance levels.
Restoring prealisaster functional levels is not a sustainable strategy as it doesdooe rihe impact of

future disasters (Eid and-Bbaway, 2017). Thus, beyond restoration infrastructure management for urban
resiliencemust also include learning from past events. Careful adaptation can reduce the impact of future
events (Ha et al., 2018y improving preparedness, response, and recovery plans. In general, communities
that are more resilient experience less impact fradisturbance (robustness) and more rapid recovery
(Yoon et al., 2016). One of the first steps in analyzing infrastruotsibience and developing strategies to
enhance their resilience is to measure the impact of disasters on infrastructure systiginsn@lihslkina,

2018). Human mobility studies mostly investigate the routine travel behavior and mobility patterns; far
fewer studies have been done on the changes in mobility patterns after natural disasters (e.g., Wang and
Taylor, 2015; Kumar and Ukkusu 2018; Ahmouda et al., 2019). Understanding the impact of a
transportation system in maintaining mobility patterns sawbvery of these patterns is lacking in post
disaster mobility studies making it difficult to determine the root causes of molhiityge after extreme
events. The results of this study demonstrated the influence of a transportation system on ntdaitisy pa
after a natural disaster. The analysis of thegme postdisaster mobility patterns in the quartile groups
confirms our prensiethat improving transportation diversity will likely leade¢ahanced resilience of pest
disaster mobility, such as amemt like Hurricane Sandy and advances our understanding of the dynamics
of changes in postisaster mobility. People in high transfation diversity quartiles (Q3 and Q4) managed

to maintain their prelisaster mobility patterns better (higher robustnass)) their rate of recovery was
generally higher (faster recovery) than low transportation diversity quartiles (Q1 and Q2). Hence,
transportation diversity played a role in maintaining mobility patterns after Hurricane Sandy; this
recognition can aid trapsrtation infrastructure management and resilience planning since it identifies
areas with low transportation diversity for furthesessment and possible subsequent improvement. The
transportation system of the low diversity zip codes can be analyZatlie research to find the root
causes of their low scores; whether low richness, low evenness or both resulted in low divetsign Suc
analysis can help identify whether the low availability of one or more modes and/or whether an unbalanced
distribution of modes was the cause of low diversity. Therefore, it helps shift efforts for enhancing
transportation resilience from the genecdly scale to targeted areas and communities. The approach
enables a potentially more effective and efficient approachrevtiecisioamakers can invest in the

transportation modes most in need of improvements.
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Hurricane Sandy obviously disturbed the muaitbde transportation system, and consequently the mobility

in NYC. Despite the disturbance, this muttbde system helpealleviate the impact of Sandy on mobility.

For instance, the amount of walking and biking increased after Sandy (Kaufman et al.wB8hZhe

transit system and road network experienced failure at different levels. However, most cities in the US do
not have a multimode transportation system as developethe one in NYC; residents in these cities rely

on cars and buses for their tehyKaufman et al., 2012), and such cities may not have either the structure
or infrastructure to realistically support lisg and biking. Natural hazards of similar magnitudes in these
cities will likely have a more significant impact on their transganeasystem and their economy. Indeed,
future research can explore cities with alternative characteristics to assesgpdice of transportation

diversity on human mobility in the wake of natural hazards or routine events.

The average traveled distan@es week and a month before and after the hurricane clearly increase from
Q1 to Q2, but drop from Q2 to Q4 (Talde). While it might be expected that higher diversity in Q3 and

Q4 provides people with the ability to travel longer distances thastiesrsity quartiles, this anomaly is

likely related to the location of high diversity zip codes in NYC. Zip codes with hidjhersity are mainly

located in Manhattan and Brooklyn (Figusd). These boroughs have a more compact built environment
with more irffrastructure and resources than the Bronx, Queens and Staten Island. Kang et al. (2012) studied
mobility patterns in a grp of cities with various morphological characteristics in China. They concluded
that residents in less compact areas travel morectsa services and infrastructure than those in areas with
more compact urban morphology, where such are likely betteridech The richness values of
transportation modes in NYC boroughs reinforces the findings of Kang et al. (2012) since transportation
modes are generally better provided in Manhattan and Brooklyn. Compared to other boroughs, residents in
Manhattan and Brddyn are more likely to travel shorter distances for their needs and activities. Therefore,

the results also confirm the impact of anbstructure and morphology on mobility patterns.

In 2012, NYC had more Twitter users than any other city in the world mvdre than 2.6 million users,

and users were tweeting from all over the city (Kaufman, 2012). The high granularity and represestative

of Twitter makes it a distinctive option to study mobility patterns in high resolution. This study only
considered Tvtter data of one month before and after Hurricane Sandy (last quarter of 2012), a period of
time that could well demonstrate the impaf Sandy on mobility. This short period, however, limited the
number of individuals analyzed in this study. While thismber is relatively low compared to the
population of NYC, the distribution of home and primary locations in the five boroughs oBN)fS with

the population density per square mile in these boroughs (Bd)rd his indicates that the distributioh o

the users is representative of the population within the boroughs and consequently the mobility patterns in

NYC, despite the low nuber of individuals studied.
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3.6. Limitations

We recognize thathis study has limitations. The relationship between transportation diversity and post
disaster mobility is adgzed in one city and for one natural hazard. Future studies could be done in other
communities and for other natural hazards to further utatetshow transportation diversity impacts
mobility in other urban areas or during different natural hazardsdditien, due to the absence of data
indicating transportation modes used to travel between primary locations, the distance calculation is based
on the haversine distance that approximates the actual distance. If we assume that individuals travel by
driving on existing roadways, then the driving distance of a month before and after Sandy was measured
for all individuals in this study using Bing Ma API. The results confirmed that the haversine distance is
less than the roadway distance for all individublience, the results of the haversine distance calculations
were consistent, albeit as expected with less accuracy (80% of driving distanealjtynndividuals might

use any of the transportation modes to travel, so driving distance does not refireaaapartation modes.
Further, the modes considered in this study do not represent all the available modes in NYC; however,
98.5% of the poplation of NYC use the modes examined, so the individuals in the study likely used one
of the five modes assess@dlS Census Bureau). While Twitter data is generally representative of the U.S.
population, demographic information on Twitter users from N¥at available; hence, we cannot
confirm with certainty to what extent the individuals studied are representdtilie NYC population. Yet,

the individuals are dispersed throughout NYCOs
NY Cd6 s mhe and population. As discussed previously, the approach used in this study to measure
transportation diversitis focused on the physical characteristics of this infrastructure; future research can
incorporate other factors such as the frequency ofitrapstems. Further, we used zip codes as the spatial
scale of analysis; a comparison of mobility patternsfégréint spatial scales could provide insights on the
influence of other factors such as urban structure and demographics on mobility paktsrfimitation,
unfortunately, is shared by all data sets in mobility studies, including call detail recoitter, Tamd data

sets from other social media. Lastly, this study considered the data from September 30, 2012 to December
15, 2012 (worth ef dateobeforénaidsafter); this limited the number of individuals studied, and

it included the Thanksgivin@poliday season. Analyzing longer time periods and combining other data
sources such as CDR would increase the number of individuals ancattinacycof their primary locations

as well as mitigate any seasonal impacts; consequently, this would furtherdeustanding of the long

term link between transportation diversity and individual mobility patterns.

3.7. Conclusions

Existing mobility studiegluring and after natural hazards have provided a clearer picture of the mobility

patterns in these situationsoWever, the underlying drivers of these patterns and the root causes of
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deviation from the normal patterns after extreme events have bedwy largeplored. This study examines
the influence of NYC6s transpor ttans afterrHuricgne $aedp on t

by characterizing transportation diversity and-jamed postdisaster mobility patterns.

The contributions of thetsdy are threefold. First, it contributes to the quantification of the impact of
transportation diversity on pedtsaster mobility by developingvo methods. The first method focuses on

the places that individuals visited by taking the average trangpar@iversity score of their primary

locations into account. The second method incorporates the frequencysofovesach primary location to

account for the importance of primary locations. The incorporation of frequency allows us to understand

how theweights of primary locations can change the quantification of impacts. The proposed method can

be applied in futte mobility studies when theeightsof vi sits or fAstay pointso
These developed methods overcome the lack of trandparsgistem information in CDR and social media

data and allow analyzing the influence of a transportation system edigaster mobility.

Second, e findings of the studies directly contribute to understanding the linkage between transportation
diversity and human mobility. Our work provides a quantitative and-daten confirmation that
transportation diversity can significantly impact pdigager mobility, which to our knowledge is one of

the first studies to do so. We demonstrate that individwéls primary locations in zip codes of high
transportation diversity were less affected than those with primary locations in low diversity zip codes;
these outcomes were consistent across the two approaches, indicating diversity impacts where individuals
both want and need to travel. Moreover, transportation diversity is a factor in theigaster recovery of
mobility patterns since high transpoitat diversity quartiles recovered faster than low diversity ones. The
impact of transportation diversity ormbustness and recovery of mobility patterns demonstrates the
importance of a mukimode transportation system that is both available and acce#izibleghout a
community. The mode complementarity in a diverse transportation system helps individugdénntiaéir

mobility patterns even when an extreme event causes failure or loss of service in some modes.

Third, we innovatively applied establishectasures of human mobility to study perturbations caused

by Hurricane Sandy, contributing to the fiefchoobility resilience. Human mobility research has long been

focused on the discovery of systematic behaviors in a certain range of the stablEhstsiiedy takes a

first transformative step of sci ent anfeidagringatng@nce by
disaster as well as the possible underlying causes behind these changes. For example, we demonstrated that
people traveling in p codes with lower transportation diversity travel longer distances. The findings align

with and complemerngrevious research that examines how neighborhood attributes can influence mobility.
People living in compact areas of a city tend to travel far fkas those living in less compact

neighborhoods (Kang et al.,, 2012). Also, seetmnomic factors are impant in mobility patterns
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(Dieleman 2000; Kang et al., 2012; Wang et al., 2018a). For instance, literature has shown that
disadvantaged groups uslyairavel longer distances (Wang et al., 2018b). In particular, future research
could explore if residentwith primary locations in low diversity zip codes are from socially isolated

neighborhoods or whether other seemnomic factors are influential.

The case of NYC after Hurricane Sandy demonstrated the relation between transportation diversity and
mobility. Natural hazards threaten other urban areas in the US. Hence, assessing transportation diversity in
other cities like Houston and Miami, which haggperienced major hurricanes in recent years, could
potentially help identify zip codes with low transgitn diversity. This approach can thus allow city
planners to connect citywide transportation improvement plans with neighborhood level (e.gl&)ip co
transportation diversity and resilience strategies. Additionally, characterizing the mobility paftthiese
communities after a natural hazard would advance our understanding of the similarities/differences between
these patterns in various comnitigs with differing transportation diversity. Our study offers an alternative
approach to quantify mobiit perturbation and transportation diversity, making the comparison of
disturbances caused by different extreme events, such as flood, hurricargtpemownd earthquakes,

with different intensities possible. Ultimately, such analyses on mobility patthririeg and after

disturbances will support building robust transportation systems and achieving urban mobility resilience.
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Chapter 4: Transportation Diversity and Equity Nexus: A SocieEconomic Analysis

for Resilience Planning

Abstract

Equity of access to transportation modesrucial for routine activities and opportunities. If inequality of
access to a transportation system hinders reaching activities and services, social exclusion may result.
Certainly, all transportation modes cobtite to accessibility. Yet, equity of @&ss studies have focused
primarily on transit systems where catchment area approaches were employed; this approach has several
limitations such as failing to distinguish the equity of access to transportatiors moagions within an

area angbotentially inflating/deflatingthe measurement atcessibility. Transportation diversity measures

the provision and distribution of all transportation modes in an area and addresses the shortcomings of other
approaches. He, an approach to measure transportadivarsity is used to quantify the equity of access

to all transportation modes in New York City at the zip code level. The application revealed that
transportation diversity varies across the city. The comparif@@@oeconomic and transport related
factors showed the relationship between transportation diversity and income, vehicle ownership, commute
time, and commute mode and highlighted the social exclusion associated with transport inequity. The
results alsollustrated that the inequity of the traspsystem in zip codes with low transportation diversity
affects poor individuals more than npoor. In addition, zip codes with majority black or Hispanic
populations in areas with low transportation diversityef morehallengess result ofransporinequality.

The transport equity is also critical during extreme evé&usasideringhe impacs of Hurricanes Irene and

Sandy in New York City indicated that transport inequity in areas with lower transpodatosityled to

greater postlisaster sdoeconomicissuesand social exclusion. Thignalysissuggests that improving
transportation diversitwill enhance transport equiyd mitigatesocial exclusion in normal situations and

after natural disasters.

Keywords InfrastructureMultimode; Accessibility; TransportationSustainable Developmerjversity;

ResilienceEquity.
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4.1. Introduction

The transportation network of an urban community connects different parts of the community, enables
mobility, and suppogactivities of the residentsshich are crucial for the development of society. Ideally,

all residents in every part of a city should have equal opportunities to access transportation modes; however,
often an imbalance exists in thepplied transportation infrastructure in differguarts of a city leaving

some areas underserved. This inequality in the transportation system can bring about mobility issues that

can cause social exclusion.

Social exclusions triggered by transport in¢gj@an be classified gshysical geographical ecanomig

space fear-based time-based and exclusion from infrastructure and facilitig€€hurch et al., 2000)
Inequality in the provision of a trampation system usually causes more mobility isfoesieprived

groups in their basic needs and activiflesdoux and @jnovic, 2013) Improving transport equity supps
decreasing social exclusion by reducing the opportunity gap for essential needs, services, and activities such
as employment, grocery shopping, and sch{®iledie and AmekudzKennedy, 2017)

Several studies have explored equity of transportation systems from various perspectives such as access to
opportunitiegFoth et al., 2014; EGeneidy et al., 2016axaccess to transportation modBgarnet et al.,

2017; TiznadeAitken et al., 2018)mode choicgJou and Chen, 2014ravel time(C. Zhao et al., 2018)

and travel coqEliasson and MattssonQ@6; Hensher and Chen, 2010} combination ahese. Transport

equity studies usually divide people in a set of groups to explore how impacts are distributed among
different groups(TRB, 2011; Markovich, 2. Grouping can be based on geographical lonati
economic, demographic, generation, and usage of the transportation (iR@e<011), although it can

be based on more than ofaetor. For exampld)elbosc and Curri€2011)analyzed access to the transit
system in different groups of age, incqrard vehite ownership in various areas in Melbourne, Ausgral

and found that 70% of the people have access to only 19% of the supplied service in this city. In another
study, Brodie and AmekudzikKennedy(2017)evaluated the equality of transit and auto accessibility for
disadvantaged groups of Africekmerican, Hispanic, and loimcome groups by analyzing the
accessibility to opportunities in different areas by car and transit, and found #eagtbeps have unequal

accessibility.

Disadvantaged groups such as {meome households, transiependent individuals, elderlies, children,
and ethnic groups of Hispanics and AfrieAmericans are usually more vulnerable to natural disasters. For
instarce, Hurricane Katrina in 2005 in New Orleans impacted-itts@me and AfricarAmerican
households and individuals the m¢&abeet al., 2005) The unsuccessful evacuation of New Orleans
during Hurricane Katrina, which failed to considegansitdependent residents, prompted the US

Department of Transportation and the Department of Homeland Security to find solutions for tiaievac
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of residents who do not have cars or are unable to @xi@ghawi and Wolshon, 2012pisturbances in a
transportation system after extreme events candre severe for disadvantaged groups causing greater
social exclusion. Therefore, considering vulnerable grasipstical for equitable transportation resilience
planning. Inclusion of socioeconomic factors in transportation resilience assessment$iavhiticused
significantly on technical issues, will likely enhance transportation and urban community resilienc

(AmoaningYankson and Amekud#{ennedy, 2017)

All transportation modeare important to connect different areas of a city and support mobility. Ease of
access to all modes becomes more critical during and aftemexievents when failures in one or more
modes can force people to change their routine mobility plans. Thesgeshaight be in the form of travel
mode, departure time, destination, travel schedule, and dgiidaad and Habib, 2018 may cause trip
cancelation due to the unavailability of alternative transportation systam®ntly, common approaches
analyzing access toansportation modes for equity are mainly focused on transit systems quantifying what
portion of an area is coked by a transit system. Ideally, an equitable transportation system has an equal
supply of all modes and provides uniform access to these nmode®ry part of an urban community;
however, this is not realistic due to various constraints that will infleequal provision and distribution

of transportation modes. Thus, a more pragmatic goal for a transportation system is to enhance provision
and accessibility given the constraints and specific conditions of each area such as the built environment
characeristics, geographic and topographic conditions and population distribution as well as consideration
of capital and operating costs associatétl any improvementsherefore, to analyze the equity of access

to transportation modes, transportation diwgrgRahimiGolkhandan et al., 2019% proposed as an
alternativeapproach Transportation diveity, which is inspired by biodiversityneasures the availability

of all modes in an area and the homogeneity of the distribution of these.mbeegoal is to analyze the
equity of access to all transportation modes, identify areasaiéiss equitabléransportation systesnd
transport related social exclusjand determine how inequality of access to transportation modes could
jeopardize tansportation resiliencavhich couldintensify postdisaster social exclusion. To explore the
relationship betwen transportation diversity and equity, we first characterize the transportation diversity
of all zip codes in New York City. Then, based oms@ortation diversity, we compare factors pertaining
totransportation mode usagedsocioeconomic status amorig codes. Thigpproach permits the analysis

of the relationship between the equity of the transportation system and social exclusion. lida¢idmeg

of the analysis for equitable transportation resilience planning to improve robustness to natudsldmarza

recovery from such events aksodiscussed in detail.

4.2, Background
4.2.1.Transportation Equity
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Transportation equity can be explored from various perspectives since different impacts can be considered,
several groups of individuals can be formed fanparisons, and various approaches can be taken to study
the impacts on these grou@@RB, 2011) Litman (1999)describes equitef transportation infrastructure
asafair distribution of benefits and cosisd categorizes equity types as horizontal or vertical, with vertical
related o social justice or mobility needs. Horizontal equity determines an equal allocation of respurces t
equal groups without favoring any certain group. Vertical equity from a social justice perspective takes into
account income and social class in the dstion of resources, benefits, and costs in order to support
deprived groups. Vertical equity thabncerns mobility needs considers the distribution of benefits and
costs with respect to people that have special needs for their mobility through indesiiye.Church et

al. (2000) classified trasportation equity studies intoategory and spatial approaches. Category
approaches attempt to tackle this problem from the perspective of transport deindisaldvantaged

groups while spatial approaches look into social exclusion from the service pepggctive.

4.2.1.1.Category Approaches

Lotero et al.(2016)studied thespatiotemporal mobility patterns of groups with different socioeconomic
characteristics. The results show that socioeconomic classes have different ipatéitys. In particular,
people with higher socioeconomic status have less morning activitiehartdanged mobility patterns
compared to those in lower socioeconomic clagd®so and L{2016)examined commute time in Bieig,
China, and found that because of transport inequalityil@ame workers have longer commute time than
middle- and highincome commuters. They suggeabthat incorporating mixed land use and housing and
employment development with transportation piag could improve equality.ee et al(2018)examined
inequality of the transportation system in Detroit, Michigan with ragpaaban form, gender, and car/ron

car travel and confirmed the findings of previous research that women in Detroit travel less and shorter
distances whencompared to men. They also reported that women living in socioeconomically
disadvantaged and radiakegregated areas are affected more. In addiMang et al(2018)analyzed
mobility patterns in the fifty largest cities in the US and concluded that while people who live in

disadvantaged areas travel longer and widhey fire socially segregated.

4.2.1.2.Spatial Approaches

Access to Opportunities

Accessibility is a spatiadpproach that has been used as a proxy for transport ésfiaiticovich, 2013)
Accessibility can generally be described as the ability of people in one area to reathnijgm®in other
areas. Several accessibility measures have been deveaBtyadabt al. (2000¢lassified these measures as

(1) graph theory and spatial separation models which are basie distance betwen two zones, (2)
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cumulative opportunities models determine potential accesdiplgortunities within a specific
time/distance threshold, (3) gravity models that account for accessible opportunities and also have an
impedance factor to give less value pportunities as distance/time increases, (4) utility models are based
on the utiity that a traveler would gains in a set of travel options, (5)-8psee models account for the

time constraint for accessibility, and (6) empirical comparisons that engiftarent accessibility

measures.

Accessibility measureis commonly cumulative gportunities, gravitybased models, and utility modéls

have been used in many studies for transportation equity asse¢Gamsas eal., 2009; Nahmia8iran et

al.,, 2014; ElGeneidy et al., 2016d;egrain et al., 2016; Serulle and Cirillo, 2016; Deboosere and El
Geneidy, 2018; Lee and Miller, 2019; Chen et al., 20IBg focus of these studies is usually on analyzing

the accessibiljt of car and transiiacono et al., 2010J-or instancef-oth et al(2014)studied accessibility

to job opportunities in Ontario, Canada, and concluded that transit development increased accessibility,
especially for socially idadvantaged groupEl-Geneidy et al(2016a)analyzed equity of access to jobs

by transit based on commute time in Toronto and Hamilton, Caaaddound that sociallgisadvantaged

groups have equal or bettaccess to jobs compared to other groups. A similar study was da(iig- by
Geneidy Levinson et al., 2016t analyze equity of access to jobs in Montreal, Canada, with commute
time and transifare. The results show that if commuiteé is considered as the only indicator, it inflates

the number of accessible jobs compared to when travel cost is also factored in. The socioeconomic factors
of low-income groups and their access to job opporesitoy car and transit in the Washington
metropolitan area were analyzed®grulle and Cirilld2016) They concluded that investment in the transit
system better supports these individualmpared to strategies to decrease the operation cost of vehicles.
Accessibility to jobs might not be consistent over time. Therefeiteand Downs (2019hcluded terporal
changes in job opportunities andnkers to account for the job supply and worker demand dynamics over
space and time. They analyzed job accessibility in Tampa Bay, Flosidg a modified gravity model and

found that job accessibility varies si§oantly over time and space.

Access to iansportation Modes

The equity of a transit system can be also due to the supply of the transportation system or access to these
modes(Preson and Rajé, 2007 Approaches such asansit coverage and transit supply index attempt to
determine transport equity by analyzing the reachability of people to transit access points within a region
based on the catchment area of transit stops/stafitvescatchment ardaased methods detemmai the

equity of the provided service within an area. However, the accessibility approaches quantify the equity of
access to opportunities by means of the provided transportation system with an assumptiorrtivad&ae p

service is equitable. For exampi¢éamun and Lowne&011)combined three accessibility measures of the
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local index of transit accessibility that includes frequemoyte coverage, and capacity, transiterage

which is based on the catchment area of bus stops; and temporal coverage of the transit system and analyzed
the equity of access of several vulnerable groWsch and Mishrg2013)proposed a method for transit

equity by calculating the zonal connectivity ind@ishra et al., 2012with catchment areas around
housing units and considering the Gini index, applied it to the transit system in WastBadftorore

region and identified areas with a less equitable transit syReciardi et al(2015)analyzed the equity

of public transit systems in three different disadaged groups: households gut a vehicle, lovincome
households, and elderlies in Perth, Austraigng transit supply index and Lorenz Curve. They found that
transit equity in these groups is less than the general population. Specifically, 70%apbukaion only

have 33% othe supplied transit system. The social exclusion caused by the transportation system in areas
of Perth and Sydney, Australigas investigated b)ia et al.(2016)using the Lorenz curve and Gini index.

They calculated the transitipply index, normalized it by the population of each area to account for demand,
and compared socioeconomic factors. The general finding was that while Perth has less provision, its transit
system is more equitable than Sydhiey t r an s i t .ces$ th gansit staps by & 10@0Mm catclement

area and quality of walking paths in SantiaGaile, was explored byiznadcAitken et al., 201§2018)

Their findings indicate that 35% of municipalities in this city suffer from at least one of the two factors

considered.

4.2.2. Transrtation Diversity

Transportation infrastructure is a complex system and its resilience to manmade and anthropogenic
disruptions should be viewed from the lens of several factors. Diversity is one of these influential factors,
which requires a system to\raa set of compomés that are functionally distinéMurray-Tuite, 2006)
RahimiGolkhandan et al. (2019) introduced two measuresiahinessand evennesdo characterize
transportation diversity. The riche® of a transport&n mode quantifies the provision of that mode in an

area and evenness of a mode evaluates how it is distributed throughout an area. A transportation mode
might have high richness in an area; however, this solely cannot enatupeopt from across tharea

have equal accessitoThis notion can be extended across modes. Holistigdtlgn considerinthe equity

of access to a transportation system, all modes should be provided and distributed’ dquakyextent

possible Aggreating the richnesand evenness of all modes determines the diversity of the transportation

infrastructure in an area.

The richness of transit modes in an area takes into account the number of stops/stations and the number of
lines in that area, which amrmalized by theatal number of lines and stops/stations. For roadways,
bicycle routes, and walkways, the extent of these modes in an area determines their richness. Since evenness

intends to capture the homogeneous distribution of each mode in atharastandard deviah of the
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shortest distance of stdveas in an area to each mode is used for this metric. Scaling richness and evenness
values by area adds consistency and allows comparison of different parts of a community. A detailed
description of tansportation divesity, its characterization and quantification are providedRahimi
Golkhandan et a[2019)

Since the spatial unit of analysis in this study is a zip code, the richness and evenness of road network, rail
transit, bus system, bicycle routes, and walkways are measured for each zip code in NYC. Census blocks
in each zip code are csidered as a represtation of sukareas and the shortest distance of census block
centroids to transportation modes is calculated. Spatial boundaries such as a zip code are hypothetical
boundaries; so, people in one zip code can use the transportatem 8yadjacent zipodes, especially if

the distance is shorter. Thlstancds more important specifically for those that are closer to the boundaries

of azip codewhichis considered in the evenness calculation. Subsequently, these measureggateatygr

by a Data Emelopment Analysis mod€éCharnes et al., 1978) determine the transportation diversity of

each zip code.

4.2.3.Equity of Access to Transportation Modes: Comparing Transportation Diversity with Other Methods

Research on access to transportation modes tends to focus on transit systems and analyzegiccess to
transit stations and bus stops. Travel surveys that collect twmredvior data and socioeconomic
information have been used in a few studiesaserubpakij and Nitivattananon, 2012; Hess, 20tt2)

determine access tmnsit stops/stations or understand the perception of accessibility to these modes. The
main limitation of such analyses is that the subjective nature of the collected data ursldrenaweuracy

of the data and t he ab sdata makes d diffictlithoausetsurvays forpagetiablat i o n

transportation equity assessment.

As described previously, catchment area methods such as transit coverage and transit supEply thee
principal methods for assessing access to modes. Bablsunmarizes these methods and lists their
advantages and disadvantages. Transit coverage determines what parts of an area are covered in the
catchment area of a transit mode that is uguaR5 mi for bus stops and 0.5 mi for metro stations. The
transit suppl index uses the same approach and includes the frequency of the transit service in each
stop/station to account for the supplied service in each area. These methods are usefulaes they
computationally very efficient and the obtained results are easdypretable. Moreover, these methods

are suitable for larger spatial scales and for applications where the density of the transit system is low.
However, these methods have limitago The main drawback is that the catchment area approaches cannot
distinguish between the accessibility of saeas in an area to a transit stop/station. The places that are
outside of a catchment area are treated the same (having no access), arathioss that are in the

catchment area are considered equal (havingsagcin other words, an area is classified as either with
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access or without access, but a detailed examination of the difference in access among locations-is not well
understood. Foexample, Figurel.la illustrates how the catchment area/supply indgxagehes treat

points in a region as having either access or no access; onhAgwstaccess to the mode whereas points

B-F do not. However, it is clear that the accessibility @s#points varies. Since transportation diversity
guantifies the accedsliity of all subareas in an area to transportation modes, it distinguishes between the
access of all points based on the shortest distance of each point to that transportation mode.

Additionally, some parts of an area might be covered by the trangitstiigns outside of that area (Figure

4.1Db) or conversely parts of a catchment area of a stop/station might be outside of the area of analysis
(Figure4.1c). Since catchment area madls depend on the number of transit stops/stations within an area,
theseissues can inflate/deflate the covered area; depending on the spatial unit of analysis, the magnitude of
error can vary. For instance, in Figdréb, based on the catchment areay @alint A has access; however,
pointsC, F, andG have access to stat®woutside of the area of analysis. The accessibility of other points

in Figure4.1b differ and these points are closer to stations outside of the area of analysis.

Figure 4.1: Limitations of the Catchment Area Approaches

Since evenness in transportation diversity is based on the shortest distance of a point to a transportation
mode regardless of the area bourgaito better reflect realitythe transportation diversity approach
considers the access of poiBt$o D in Figure4.1b to the stations outside of the area that these points are
located in. Conversely, in Figudelc, the coverage of stations within thaga is deflated while theyeer

points @A to C) outside of that area. As mentioned earlier, the residents living near the boundaries of an area
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Table 4.1: Comparison of Methods for Equity of Access to Trasportation Modes

Method

Description

Advantages

Disadvantages

Travel Survey

Conducting a survey to collect travel behavior and
socioeconomic data. The analyses on trartapon equity
are in the form of descriptive statisti¢sess,2012;
Prasertsubpakij and Nitivattananon, 20@2using
regression methods.

1 Little compustional labor

1 General assessment of transportation service fr
usersod perspectives,
strengths and weaknesses of the service

9 No/limitedtrars por t ati on mode

1 Difficult to use the results for transportation
planning/development

1 Responses are subjective that can affect the
quality of the collected data

1 Sample size influences the responses.

1 Collecting sufficient number of responses can b
challenging.

Transit Coverage

Walking distance catchment area oh# stops/stations

1 Computationally efficient

1 Cannot distinguish the difference in the access

€l (Mamun and Lownes, 2011; Zakowska and Pulawska, { Results are easily interpretable transit stops/stations
" ) 2014; Welch and Mishra, 2013) 1 Suitable for comparison of large spatialtsni 1 Relies on the number of stops/stations inside at
1 Suitabk for areas with low density of transit area
stops/stations 1 Parts ofa catchment area of a stop/station migh:
1 Determines the walking distance area covered |  be outside of the boundaries of the spatial unit «
transit systems analysis or some parts of the spatial unit of
analysis might be covered by stops/stations
outside of it. The magnitude of error in the
coverage can vayependingn the scale of the
spatial unit of analysis.

1 Does not account for access to stops/stations
outside of an area, which might be more realisti
options for residents closer to the boundaries of
area.

1 Catchment areas sfops/stations might overlap
which can inflate the covered area.

1 Catchment area generally only considers walkir
distance; transit users might use other modes tc
reach a stop/station.

1 Limited to transit systems

Supply Index Consicers transit stops/stans as the points of interestin  { Improved Catchment Area to include the 9 Similar to Catchment Area
an area and determines transit supply based on: (a) the  frequency of service
YO ,Q frequency of transit service in all stops/stations, (b) the
walking distance catchment area of all stops/stations.
Combined with socioeconomi@th, supply index
detemines transit equit{Ricciardi et al.2015; Xia et al.,
2016; Chen et al., 2019)
Transportation Considers the avability of all transportation modes and  { Distinguishes between the accessibility of-sub 1 Computationally intensive compared to other
Diversity their distribution in an area regions in an area approaches

9 Accounts for accessibility to modes outsidenf
area

1 Not limited to transit systems, applicable to all
modes.

1 Consicers both the availability and distribution o
modes for equity assessment.

1 Only considers the physical infrastructure of
transporation modes

9 Evenness calculation is based on Euclidian
distance

{: transit coverage ns number of transit stops/stations': radius of a stops/stations catchment are& area Sl: supply index fi: frequency of transit service at stopfita i
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likely use the transportation modes in adjacent arettweiflistance is shorter which is a condition that
cannot be captured with catchment area approaches, but transportation diversity overcomes it by
considering the shortest distance (access of pdinta station outside of the area in Figdrkd). Furthe,

since access to transit systems can be by walking, biking, or driving, the common walking distance
catchments, which is the basis for the calculation of the transit coverage, neglects accessshytmeod

than walking. Another major limitation of theseethods is that they are only able to analyze the equity of
access to transit systems that can hardly be generalized for equity assessment of other modes.

Catchment area approaches are useful torrdéte the equity of access to transit modes in a broad
perspective, especially in larger spatial units. Transportation diversity offers an alternative approach that
can distinguish the equity of access to modes at a morgHaeed scale that allows idifging sub-areas

that require improvement (Tabdel). In addition, transportation diversity is not limited to transit systems.
Since both the provision of all transportation systems and their distribution are important for equity of
access to transporiah modes, transportation diversity considers both facto addition, the evenness
metric in transportation diversity determines the shortest distance of aliresad in an area to a
transportation mode, making it easy to compare differentiseds ad distinguish those that have a longer
distance to trarismodes for improvement. Further, the evenness calculation is not bounding access of sub
areas to modes that are within an area, so it is a more realistic approach to determine the equity of access
to transportation modes. Hence, the transportation diyempproach provides an alternative way to
investigate the equity of access to transportation modes more comprehensively. Here, transportation
diversity is characterized New York City zip codes tht allows comparing them based on transport equity

and he relationship between transport equity and transport usage and socioeconomic factors.

4.3. Methodology
4.3.1.Socioeconomic Investigation

The transportation diversity approach delineates equity of accésmgportation modes from a spatial
viewpoint by comparig different areas. To explore the relationship between transportation diversity and
other factors and analyze if areas with similar transportation diversity have comparable socioeconomic and
transpot usage characteristics, zip codes will be grouped amtifes based on transportation diversity. To
investigate the equity of access for specific groups for a categorical equity at@hgish et al.2000)

two sets of important indicators commonlyedsin transportation equity assessments are examined. The
first set of indicators are transport related factorsooimute modandcommute timéhat help to analyze

the relationship between transport equity and transportation system usage. Commutechuotenauie

time will be compared in quartile groups by descriptive statistics to understand the distribution modes in
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each quatrtile and the difience in the commute time between quartildse second set of indicators are
socioeconomic factors @verage lbusehold incomevehicle ownershifgat least one car), povertand
ethnicity. These factors describe the socioeconomic status of people @amdradbstigating the relationship
between transport equity and socioeconomic st&tusilarly, these factors arcompared among quartile
groups to determine the relationship between socioeconomic factors and transportation diversity by
descriptive statigts.

We consideredransport usage factors along with socioeconomic factors to explore the likely social
exclusbn caused by transport inequifjhereforewe analyzedhe relationship between income, vehicle
ownership and drive/carpool commute mode taetenine if transportation diversity and transport equity
influencethese factors. Studies on equity of the tpamkation system among disadvantaged groups often
contrast the equity of these groups with the rest of the population in an urban area. Hpaaplerthat

are socioeconomically deprived might have morefesgstable access ta transportation system
depending on their home location, as shown in some studies silElFGeneidy et al(2016a) Hence, an
alternative approach is to group individuals based on the level mdpwat equity and compare the
socioeconomic factors within and between groups for a more detailed analysis. Therefore, forweverty,
classifia zip codes as poor and npoor andcomparedheir vehicle ownership and commute time within

their quartile grap and between quatrtile groups. These comparisons help identify the differences between
poor and nofpoor groups that have a similar transpauity and allows differentiating between poor and
nonpoor groups that have different transport equity. Sinyilafbr ethnicity, vehicle ownership,
transportation mode usage and commute time are contrasted among transportation diversity quartiles and

ethric groups to understand the differences among ethnic groups within and between quartiles.

4.3.2.Transportation Diversy and ModeSplit

Limited access to transportation modes leaves residents with fewer options for mobilitynitédsaccess

could perhaps lead to longer travel time for those living in areas with less access to transportation modes.
For workers, thidimited accesgould cause a longer commute time. Additionally, drive/carpool is an
unsustainable commute mo@&m and Ulfarsson, 2008; Ibraeva et @020)that can have several social,
economic, and environmental impacts, especially if it is imposed on residents due tquatade
development of other transportation modes. To explore the relationship betweah shadeand
transportation diversityral how this relationship can influence factors such as commute time and vehicle
ownership, we use therkeans clustering methoRegardless of transportation diversity, zip codes are
clustered based on commute modes. If zip codes with a similar distnilmfittommute modes also have a
comparable transportation diversity, perhaps it is an indirect influence of the equity of axcess t

transportation modes on mode choice, commute time, and vehicle ownership. Subsequently, the inequitable
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access to transportah modes can be explored from social exclusion and sustainable development

perspectives.

k-means is an unsupervised clustenmgthod that groups data points oX (x;, i =1, )adnfok 3, é,
discrete clusters df. EachC; cluster in the cluster set hgsdata points and every cluster is described by

€,] = 1 ,which is the centroid of data points@ The kmeans algdthm takes a random centroid
and minimizes the distance between data points within a clustehewtuster centroid by:

bQd B B & ° (1)

To determine the optimum number of clust&#) Jis quantified for a range of k values that shape to an
elbow curve. The rate of dispersion between k values on the elbow curve determines the optimal number

of clusters.

In addtion to clustering zip codes, the data of hewmrk distance of zip codes ®so analyzed to
investigate the relationship between the identified clusters and the distance to the workplace as a

representation of access to opportunities.

4.3.3.Study Area: New Yk City

The approach of transportation diversity for assessing the equitce$sato transit modes is applied to
NYC. With 8.6 million residents, NYC has the highest population among cities in the US. The
transportation system of NYC has multiple modest imake this city a practical case for the analysis of
transportation equitpy considering different modes. Further, NYC is a coastal city that has gone through
natural disasters such as Hurricane Irene and Hurricane Sandy in recent years. The Hit@cal the
empirical evidence of the impact of these disasters on theptidagon system and mobility in NYC
provide a means to investigate the influence of equity/inequity of access to transportation modes on the
mobility and connectivity of peoplefter an extreme event. The linkage between transportation diversity,
socioecmomic and transport related factors, as well as the impact of natural disasters on mobility, could
potentially provide implications for adaptation of the transportation infretsiiei to natural disasters while
incorporating equity of access to transpaot@tmodes in resilience planning. The data of transportation
infrastructure is obtained from the NYC Department of Transportafitancollected thesocioeconomic
factors from theAmerican Community Survey anderivedthe data of homavork distance from the

Longitudinal EmployetHousehold Dynamics of the US Census Bureau.

4.4. Results

4.4.1. Transportation Diversity in NYC
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The richness and evenness of transportation modes are measuredpircadles following the approach
(RahimiGolkhandan et al., 2019). Figuré2a and b demonstrate these values for the bus system. It is
clear that the bus system is not equally provided throughout the city and people do not have equal access
to this moden different zip codes. The richness and evenness of all modes are aggreddtadsportation
diversity is characterized (Figude2c), which indicates that the transportation system is not equitable across
the community. While zip codes in Manhattarda@rooklyn have higher transportation diversity, the zip
codes in Staten Igta, Queens, and Bronx experience a lower transportation diversity. Identifying zip codes
with lower transportation diversity assists in analyzing how the transportation sysigatiadly equitable.

The richness and evenness values of each mode in gaotdz show which modes require enhancement.

In zip codes with a low transportation diversity, the underdeveloped modes that caused a low transportation
diversity can be furtheanalyzed to identify whether the richness, the evenness, or both shouldbeezhh

to improve the equity of access to that mode.

Bus Richness £ Bus Evenness

0.0000 - 0.0133 0.0000 - 0.0883
0.0134 - 0.0270 0.0884 - 0.1935
C0.0271-0.0403 0.1936 - 0.2767
0.0404 - 0.0562 0.2768 - 0.3428
0.0563 - 0.0729 | 0.3429 - 0.3967
I 0.0730 - 0.0988 [0 0.3968 - 0.4568
[ 0.0989 - 0.1479 I 0.4569 - 0.5149
I 0.1480 - 0.2324 I 0.5150 - 0.6025
I 0.2325-0.5393 I 0.6026 - 0.7335
I 0.5394 - 1.0000 I 0.7336 - 1.0000

¥

(a) (b)
Transportation Diversity Quartiles
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[ 0.807 - 0.850
[ 0.851 - 0.885
I 0.886 - 0.924
I 0.925 - 0.966
I 0.967 - 1.000
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(© (d)

Figure 4.2: (a) Bus System Richness, (b) Bus System Evennesg Tfansportation Diversity, (d) Zip
Code Quatrtiles
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4.4.2.Socioeconomi@nalysis
4.4.2.1.Income and Vehicle Ownership

Based on transportation diversitye groupedip codes into four quartiles of log), ML (mediumlow),

MH (mediumhigh), and H bigh) (Figure 4.2d). Comparing quartiles based on their average household
income (Figue 4.3a) indicates that quartiles with lower transportation diversity (L and ML) generally have
lower income. Commonly, income is expected to increase vehicle ownd/iey et al., 2006)
However, there is a weak correlation 0.15,p<0.05) between income and vehicle ownership in zip codes
(Table4.2). When vehicle ownership is compared between quatrtiles, there is a negative correlation between
transportation divergitand vehicle ownership#£ -0.56,p<0.05) (Table4.2). As ransportation diversity
increases from L to H, vehicle ownership decreases (FiguBesc). This decreasing trend suggests that
although people in low transportation diversity quartiles havevarlincome, they need to have personal
vehicles for their mbility needs to compensate for the limited transportation optfusie and Delbosc
(2009) studied vehicle ownership in leimcome groups and argued that while not having a car causes

mobility issues, vehicle ownership in lemcome groups nght be imposed on them.
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Figure 4.3: (a) Income in Zip Code Quartiles, (b) Vehicle Ownership in Zip Code Quatrtiles, (c)
Vehicle Ownership in Zip Codes
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Thus, the higher vehicle ownership in L and ML can bevetk as an imposed ownership. On the other
hand, sincéransprtation diversity is higher in MH and H, it reduces the necessity to own a car for mobility;

therefore, vehicle ownership in these groups is likely for convenience.

Table 4.2; Pearson Correlationbetween Factors

Factor a and Factor b r p-value
Income and Vehicle Ownership 0.15 0.00
Vehicle Ownership and Drive/Carpool 0.96 0.00
Transportation Diversity and Vehicle Ownership -0.56 0.00
Transpaotation Diversity and Average Commute Tin -0.45 0.00
"p<0.05.

4.4.2.2.Commute Mode

Transportation diversity indicates the provision and distribution of transportation modes. In each mode,
these factors determine the equitability of that mode is in an ackanaht influence its usage. The
distribution of commute modes in zip codes ¢talartiles (Figuret.4a-€) reveals that drive/carpool is the
dominant mode of commute among zip codes of L and ML, while for MH and H metro is the main commute
mode. As tragportation diversity increases from L to H, drive/carpool and bus usage dechdasesage

of the metro, biking, and walking increases. The high level of drive/carpool in L and ML along with higher
vehicle ownership in these quartiles suggests thatvéhgle ownership is need for routine activities

such as commuting. The strongrielation (= 0.96,p<0.05) between vehicle ownership and drive/carpool
supports that vehicle ownership in quartiles with low transportation diversity is likely imposééron t
(Table4.2). The lower volume of drive/carpool and higher use of the metri&jngaand biking in MH

and H demonstrate that access to these modes decreases the need for vehicle ownership for daily basis
activities. The radar chart of Figudelf demorstrates the distribution of all commute modes in each quartile
group except bicyel that has a lower usage in all quartiles. It indicates that drive/carpool and metro are the
dominant modes of commute and as transportation diversity increases from lthi tdain commute

mode shifts from drive/carpool to metro. In addition, while bod walk are not the main modes of
commute in any of the quartile groups, as transportation diversity increases, the usage of bus decreases

from L to H while walk increases.

4.4.2.3.Commute Time

Commute time is a factor that can be directly influenced by the wemsipn system. Although the
transportation system is not the only factor that can impact commute time, a negative correlabidib(

p<0.05) between transportation digity and commute time (Tab#e2) reveals the effect of an equitable

multimodal tansportation system on commute time. Figlsa-b demonstrates commute time in quartiles.
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This comparison shows that L has the highest commute time and as transportatisitydncreases in
quartiles, commute time declines. The relationship betwessgprtation diversity, vehicle ownership,
drive/carpool as a commute mode, and commute time is illustrated in Bi§uardt can be seen than zip
codes with higher vehiclewnership and drive/carpool are mainly in L and ML with longer commute time
than zp codes in MH and H. The distribution of jobs across the city and consequently, theviedme
distance could be an important factor in commute time. However, vehicle ovpnénsicommuting in
households with lower income in zip codes that have low toatespon diversity highlights the

consequences of an inequitable transportation system.
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Figure 4.4: Commute Mode in Quartiles
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4.4.2.4.Poor and NorPoor

Preston and Rajé (2007ifferentiate between social exclusion and incdrased deprivation. They
highlight that the transportation system influences the redistribution of indnogeashighincome person

can be socially excluded due to limited access to opportunities, infrastructure, and activities. Therefore,
comparing people based on the equity of the transportation system can better identify the ones that
experience transpoméquality and theocial exclusion associated with the transportation system. In each
guartile, zip codes are classified as poor andpumr based on the ratio of the residents under poverty.
Similar to previous resear¢Wang et al., 2018)f at least 30% of the population of a zip code is under the
poverty line, it is considered as agpaip code. A comparison of vehicle ownership in poor andpumr

groups in quartiles (Figurd.6a) shows that as transportation diversity increasescleebwnership
decreases among n@oor groups. However, there is not a significant difference betwedhicle

ownership in poor groups in all quartiles. Moreover, the difference in the vehicle ownership of poor and
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nonpoor groups in L and ML is significdwith norrpoor being higher; this difference becomes smaller in

MH and H, but still, nofpoor groug have higher vehicle ownership in these quartiles. Despite lower
transportation diversity in L and ML, the ngoor group afford to own a vehicle to flilfiheir mobility

needs. However, poor groups in these quartiles likely suffer more thgyooograips from an inequitable
transportation system and a lower rate of having a personal vehicle. Although poor groups across all
guartiles probably have diffidty with the expenses of owning a vehicle, the ones that are in MH and MH
likely have fewer problemis their mobility compared to the poor groups in L and ML.

The comparison of commute time in poor and-poor groups (Figurd.6b) demonstrates that esqt in
ML that the average commute time is very close for both poor angoamngroups, in other qttiles poor
groups have a higher commute time than-poar groups. In addition, commute time for both poor and
nonpoor groups declines as transportatiorersity improves. Demonstrating that in low diversity quartiles
nonpoor groups have longer commtutme than similar groups in other quartiles and likely imposed
vehicle ownership, confirm that social exclusion and inctwased deprivation differ. Howey, the
comparison of poor and ngoor groups within and between quartiles underlines the greapacinof

lower transportation diversity on poor groups.
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Figure 4.6: Vehicle Ownership in Poor and NorPoor Groups, (b) Commute Time in Poor and Non
Poor Groups

4.4.2.5.Comparison oRace and Hispani©rigins

Similarly, zip codes are classified by the majority of their population (at leastifa#tee groups afior
Hispanicblack,nonHispanicwhite, and Hispaniorigins; only zip codes with the majority of one of these
groups are analyzed and other zip codes are excluded. In addition, very few zip codes had a majority of the
Asian populationtherefore, these zip codes are also excluded. The relationship betwisds awhership

and commute time in théhree groups and their corresponding transportation diversity quartiles are

illustrated in Figurest.7a and b. In general, zip codes with lewhicle ownership and high average
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commute time are mainly the ones with a majority Hispanic and black population that are distributed among
all transportation diversity quartiles. However, zip codes that have tigkth vehicle ownership and
commute time rostly have a majority back or white population, which are predominantly from L and ML.
Among these zip codes, the ones with higher commute time and vehicle ownership are the zip codes with
the mostly black populatio This analysissuggests that the lowatmsportation diversity in L and ML
impacts the zip codes with the majority black populations more than other groups. A similar pattern can be
seen in the relationship between drive/carpool and commute time (Higiard). In general, black and
Hispanic zp codes have higher commute time. The majority black or white zip codes have the highest
commute time and drive/carpool; however, black zip codes have higher commute time when the
drive/carpool is the same. Similarvehicle ownership, these zip codesfawen L and ML, indicating that

the inequity of access to transportation modes in L and ML affects zip codes with the majority black
population the most. Again, the majority of white zip codes with high commuteatichdrive/carpool are

predominantly fronl and ML.

In the bus system (Figure 4-flewhite zip codes mainly have a lower usage and lower commute time than
other groups. Zip codes with majority black and Hispanic populations overall have a high commaute t
Furthermore, zip codes of majoritiabk and Hispanic populations are mostly the ones with high bus usage
and a high commute time with black zip codes having a higher commute time. Quartile diagram of the bus
system shows that zip codes in L and Mkeha have low commute time and the toght side of the
diagram (Figurel.7f) is dominated by zip codes in L and ML. Figdr&g that shows metro system usage

in race groups indicates that commuters in black and Hispanic zip codes have a higher camgnute ti
Again, black zip codes have a higltemmute time compared to other groups. Further, Fidligereveals

that zip codes that have high metro usage and commute time are generally Hispanic and black zip codes
regardless of their transportation diversiiyartile. Figure4.7h also shows that sia the metro transit is

not well developed in L and ML, these zip codes are mostly in the low usage half of the diagram. In general,
diagrams in Figurd.7 indicate that zip codes with a majority black and Hispppjaulation have higher
commute time andra mostly in L and ML. In addition, whehesegroups within L and ML are compared,

white zip codes have a shorter commute time than black and Hispanic zip codes.

4.4.2.6.Commute Mode Distribution and Transportation Divefrsi
The clustering of zip codes based beit commute mode and the optimal number of clusters are illustrated
in Figure4.8. The map of zip code clusters shows that in general, the cluster groups are very similar to

transportation diversity quartileggarding their spatial distribution. Zip cadm Staten Island, Queens,

Bronx, and the southern part of Brooklyn which are in zone A and B are mostly in L and ML of

88



°
o
o o 1l
I
e o
. 1
°
° [
o © ®
° °® . n
. ® 1
||||| 5 e R
. o !
o7y
° oOo-“o
° °
% c.' K
] ]
o, °
- ) ®e0
1o @ °e
| ot.‘.o .‘h
! .
“ 2 < s “ 2 & =]
(upwr) dwigy, ynwwo)) I8esdAy
._
1
o N
o o L4
° o
oo °
° 1
“a
P
° o
i o
¢, S
o1
|||||||||| R T
°
o8, “o
e 0% el
o 1
oc‘ _oo
»
o Yo
® L ]
oh.ﬂ ®oe,
“o oo’.oo Q“u
! °
w = w < w < w o
b @ < s & B & ]
(unw) dwir L, AnwWuwo) IZeIIAY
° ! -
o b a4 ==
%y oo e
. ste :
o, o."
o°y o °
. |
° 9
° 1
. 1
1
o o1
° ® g0 °
ol
e v e
*
b,
o’ et "o
Ld
. 1 °
L] e o o
° o3 “ g &
® eoo® o .0
® e e (4
1® e L 2K
“ o0 o
b b ¢ s “ 2 & =]
(upur) dwipy, ynwwo)) I8esdAy
1 Py ] 2
L] o » 8 £
. nL 2 M
L g §
op! 2 e B
o [ T8I
e 1 § 2 5
‘- z I z
[ ] “ 1 o o
° 1
° 1
° 1
93° “o
UL, {3 PO
"
° L%
... “ L]
L]
T I .
2. o o @ e
83 e L.t
3_ e0® o .o
e )
! °® [ 2K}
" o0 o
0 ™ v e w e w o
@ @ < s & B & R

60

(upw) sy, Anwwo)) afesory

0.6 0.7 0.8

0.5

0.3

0.2

0.0 0.1

0.7 0.8

0.6

0.5

0.3

0.2

0.0 0.1

0.7 0.8 0.9 1.0

0.6

0.4

0.3

0.1 0.2

09 1.0

0.8

0.3

0.1 0.2

Drive/Carpool (%)

Drive/Carpool (%)

Vehicle Ownership (%)

Vehicle Ownership (%)

(@

(©

(b)

()

(upw) dwyy, AINWWo)) AFeIdAY

1% o

S Y
ALRL
St
e0e ® oﬂc °

° 1 L

(upw) swy g, Anwwo) afesory

30

25

20

0.7

0.5

0.4

03

0.2

0.0

0.6 0.7

0.4 0.5

0.3

0.1

0.0

0.10 0.15 0.20 0.25 0.30

0.05

0.00

0.10 0.15 0.20 0.25 0.30

0.05

0.00

Metro (%)
(h)

Metro (%)

Bus (%)

Bus (%)

(e)

(©)

®
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Ownership and Commute Time, (ed) Drive/Carpool and Commute Time, (ef) Bus and Commute Time, (gh) Metro and Commute Time

89



transportation diversity, while zip codes in zones C and D which are landttahhattan and the northern

part of Brooklyn are mainly grouped in MH and H of transportation diversity. A comparison of the four
clusters based onatnsportation diversity, vehicle ownership and commute time is shown in Fgure
Thisresulthighlights the similarity between the clusters and quartiles. Higher access to other modes reduces
the use of personal vehicl@apaioanou and Martinez, 2015Xip codes in zones A and B have lower
transportation diversity and in turn, limited equitable access to other transportati@s.nThisanalysis
illustrates the relationship between transportation diversity and commute mode. ¢hather, given the
importance of the transportation system in the travel behavior of individuals, it can be implied that
transportation diversity ildienced commute mode choice and consequently vehicle ownership and
commute time. Albeit, clearly othdactors such as land use, population, and availability of jobs are

influential too.

Zones The Elbow Method for Optimal k

000

O 0w

6000

£
,_1\' 4000

2000

(@) (b)

Figure 4.8: (a) Zip Code Clusters, (b) Optimal Number of Clusters

4.5, Discussion
4.5.1.Transport Inequality and Social Exslan

The results showed the relationship between the equity of access to transportation modes and
socioeconomic and transqiation related factors. They also suggest that transportation diversity is likely
an important element that governs factors sucimade choice and consequently vehicle ownership and
commute time. The transportation system has been shown to hindeblegadeess to opportunities and
services such as jobs, grocery stores, and hospitals. Higher mobility is often associated with higher
accessibility. However, imposed vehicle ownerstepg., Currie and Delbosc, 2008) low-income
households that have limited access to infrastructure and facilitiemaae a higher level of mobility due

to transport inequityMarkovich, 2013) The shorrange activity of higkincome individuals was shown in
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Lotero et al.(2016) The comparison of vehicle ownership and incomeansportation diversity quartiles
suggests that the lower income and higher vehicle ownership in L and ML groupsyisahkighposed

vehicle ownership.
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Figure 4.9: (a) Transportation Diversity in Clusters, (b) Vehicle Ownership in Clusters,
(c) Commute Time in Clusters

The commute distance of residents in zip codes dEd¥shown in Figurd.10 in three classes of less than

10 miles, between 124 miles and between 2B miles from the U.S. Census Bureau Longitudinal
EmployerHousehold Dynamics OrigiBestination Employment Statistics. These maps indicate the
percentage of the workers of a zipde in each class. The workers wive in Manhattan and Brooklyn

have shorter commute distance. Conversely, workers in Staten Island, Queens, and Bronx commute longer
distances. The longer commute distance of workers living in these areas is intengitieel lower
transportation diversi of these areas. Thislationshipshows the higher level of mobility in lcimmcome

workers compared to higihcome workers living in areas with a higher transportation diversity. In addition,

it confirms that a highdevel of mobility of workers livingn areas with a lower transportation diversity is

due to transport inequality and limited access to infrastructure and opportunities. The hidden burden of this

transport inequity and its negative compounding impactsbeaseen in the cost of vehicle owslgp,
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longer commute time, and the cost of time for residents in these zip codes. In other words, due to transit
inequity, residents in L and MH zip codes are forced to bear the expenses of owning a car despite their
lower income. These expenses aggrattadinancial situation of these residents. Additionally, the longer
commute time of these residents decreases their available time for other activities compared to those in MH
and H and the cost of time lost in longemmutes is higher for residentdimnd ML groups. These factors

linked with transport inequity contribute to the social exclusion of residents in L and ML zip codes and
make it difficult to decreaspovertyandinequalitythat are two key goals adoptby the United Nations

for sustainald development (UN, 2015). This inequality of access to transportation modes not only can
cause social exclusion in normal situations, but it could also potentially pose more difficulties in emergency

situations when thaccess to transportation modesksli reduced by failures in the transportation system.
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Figure 4.10. Commute Distance Classes: (a) Less than 10 Miles, (b) Between 10 and 24 Miles,
(c) Between 25 and 4Miles
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4.5.2.PostDisaster Transport Equyit

If a natural hazard causes disruptions in the transportation system, transport inequity would have a greater
impact on the mobility of people living in low diversity zip cod&ahimiGolkhandan et al(2020)
analyzed the impact of transportation diversity on mobility patterns in NYC after Hurricanty &nd
showed that residents whwd or have activities in zip codes with lower transportation diversity struggled

to maintain their mobility patterns and their recovery teaady mobility patterns took longer. The reason

for the less robustness inolility patterns and longer recovetiyne can be attributed to little transport
options. Specifically, commuting as a routine mobility need is likely to be impacted in low diversity zip
codes due to limited alternative transportation modes and their looigenute distance. The disruption in
commute patterns and the difficulty of reaching the workplace after an extreme event can affect
employmeni{Kontou et al. 2017a) Public transit accessiity has been shown to decrease unemployment
(Sanchez, 1999 yndall (2017)studied the effect of public transit accessibility in NYC after Hurricane
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