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Theresilience of neighborhood social processes:

A case study of the 2011 Brisbane Flood



Abstract

Social disorganization theories position neighborheocial capital and collective efficacy as
key social processes that should facilitate comtgueisilience in the aftermath of disaster.
Yet limited evidence demonstrates that these s@r@iesses are themselves resilient with
some studies showing that disaster can fractura emee cohesive neighborhoods. In this
paper we assess the stability of neighborhood lewdéctive efficacy and social capital
before and after a disaster. We use multilevelctairal equation modeling and draw on
census and longitudinal survey data collected fromer 4000 residents living in 148
neighborhoods in Brisbane, Australia before andraitsignificant flood event. We examine
what happens to social capital and collective affic in flooded and non-flooded
neighborhoods and assess whether demographic sindtassociated with change and/or
stability in these processes. We find strong ewdetiat these processes operate similarly
across flooded and not flooded communities. Outifigs also reveal significant stability for
our measures of social capital across time, whilkective efficacy increases post flood
across all neighborhoods, but more so in floodedghtwrhoods. Neighborhood
demographics have limited effect on patterns dibtg or change in these social processes.
We discuss the theoretical and practical implicetiof these findings for our understanding

of neighborhood resilience in the wake of disaster.
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1.0 Introduction

With increases in the number and intensity of eaxie weather events predicted for
the coming decades (Huppert and Sparks, 2006, \Ast,2006), there is a pressing need to
ensure that vulnerable areas are prepared forsbaci@ated short- and long- term effects of
these disasters. Scholarship highlights the keg ofla community’s social and structural
resources and their association with disasterieast. Geographic communities with high
levels of social capital, collective efficacy andcess to socio-economic resources are
hypothesized to fare significantly better in thestpdisaster context (Norris et al., 2008).
Policy makers and practitioners have taken notéhist Implementation plans for disaster
preparedness often aim to build community resikeimcthe pre-disaster context in an effort
to minimize disaster vulnerability and promote efiee collective responses should disaster
hit (Cutter et al., 2010). In fact, building or amgnting ‘collective readiness’ in disaster
guiescence has become a major policy initiativeiadahe globe. But will this work? Even if
local social processes can be enhanced beforeaatelis how resilient are these social
resources in the context of an actual disaster? éheence in support of strategies to

augment the social processes associated with telleeadiness is far from conclusive.

Though levels of neighborhood poverty are relayivstable over time, most residents
living in persistently disadvantaged neighborhoatil prioritize community safety and
security and can work together to solve local moid (Sampson, 2012; Sampson,
Raudenbush and Earls, 1997). Thus while the ressunecessary to reduce neighborhood
disadvantage are vast and part of a long-term grognhancing neighborhood social
processes by increasing available community s@apital or strengthening a community’s
collective efficacy, is potentially achievable thgh shorter-term initiatives. However, we
know little about the conditions that promote, austor deteriorate neighborhood social

processes. Certainly cross-sectional research |seetiea communities with high levels of
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social capital and collective efficacy have fewelf-seported health issues, higher levels of
well-being and experience less crime and disorBesvning and Cagney, 2002; Drucker et
al., 2003; Hendryx and Ahern, 2001; Israel, Beaukbed Hartless, 2001; Kawachi et al.,
1997; Mazerolle, Wickes and McBroom, 2010; Nogu@&@)1; Sampson, Raudenbush, and
Earls, 1997). But few studies consider the durgbdf these neighborhood processes over
time under normal conditions (for exceptions sealdaitz et al., 2001; Sampson, 2012;
Steenbeek and Hipp, 2011). No study has examirediuhability of these processes across
communities after a significant shock, despiterttte@orized importance to well-being in the
post disaster context (Breton, 2001; Kimhi and Sar2004; Magis, 2010; Norris et al.,
2008). Thus social processes remain the “black baix'the social sciences (Sampson,
2012:46) and we simply do not know if the sociadgasses deemed necessary for disaster

recovery and resilience can stand up to exogervaats.

To better understand how local neighborhoods ocaccessfully navigate their
recovery from natural disasters and to provide \ademce base for policy and practice, we
need to first assess the stability of key neighbodhprocesses over time and their durability
in response to neighborhood stressors like natlisalsters. This is the central aim of the
current research. Drawing on census and longitldmaey data collected from over 4000
residents before and after a significant flood ¢vaenBrisbane, Australia, we consider the
sustained impact of the flood on neighborhood $a@eaipital and collective efficacy processes

across 148 neighborhoods.

Our novel study addresses a significant lacuna dighiborhood effects research.
Although there is a strong association between htdhood social capital, collective
efficacy and a range of social outcomes, our unaeding of how these social processes
evolveover time remains limited (Sampson, 2012). Actegse- and post-disaster measures

of neighborhood social processes therefore offetmigue opportunity to examine their
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stability and assess the degree to which they tpldnder considerable stress. Importantly,
our study provides an evidence base for disastepgoedness policy. Disaster policy
initiatives cannot readily impact intractable ndaghhood poverty, however, if neighborhood
social processes can be augmented to withstansisstsg policy initiatives to build these
processes may assist even structurally disadvahtagenmunities to more effectively
respond to the local problems and challenges ttwtnapany disaster. Further, by identifying
the neighborhood demographic changes that weakstnemgthen these social processes over
time, we can consider ways to mitigate the impdgpapulation shifts (that occur after a

disaster) on levels of social capital and collextficacy in the post disaster context.

In what follows we provide a brief review of theigtgorhood processes central to
our study: social capital and collective effica@ye discuss the limited scholarship that has
considered stability and change in these neighlmarippocesses in the broader social science
literature and in the disaster literature. As we iaterested in the resilience of neighborhood
social processes over time, we focus our discugsiedominantly on those studies that have
investigated these processes at the level of tighinerhood or local geographic community.
We then provide further information on the Brisbdlmmd event and describe the ACCS
survey, our variables of interest and our analstiategy. We conclude with an overview of
our results and the implications of our study forderstanding stability and change in

community social processes both prior to disastdria its aftermath.

2.0 Literature Review

The geographic concentration of social problemsal documented in the literature.
Since the mid-1800’s, scholarship has demonstrdtedclustering of crime, delinquency,
child health, well-being and disease (Brooks-Guhrale 1993; Diez-Roux et al., 1997;

Lochner et al., 2003; Sampson et al., 1997; Shasdv MoKay, 1942). Several consistent



findings characterize this body of work (Sampsdil,2 Sampson et al., 2002). To begin, we
know neither poverty nor wealth is randomly distitdd across a city’s landscape. In many
cities there is significant socio-economic clustgralongside racial/ethnic segregation, with
disproportionate numbers of minority residentsngiin poorer areas (Krivo and Peterson,
2000; Peterson and Krivo, 1999; Peterson, Krival Blagan, 2010). Further, a range of
social problems characterizing these poor and gatgd communities serve to reinforce their
disadvantage (Krivo and Peterson, 2000; PetersdrKarmo, 1999). At the same time, more
affluent areas enjoy substantial educational angl@ment opportunities that facilitate

continued prosperity (Sampson et al., 2002).

Natural disasters are also geographically cludterg they impact all neighborhoods
in an ecologically vulnerable area irrespective of socio-economiousss (Beck, 1992).
Sociological definitions of disaster suggest tHagyt are discrete events observable in a
specific time and place and characterized by physiamages and losses coupled with
disruptions in routine community functioning (Kred®84:312). They are also events that
require “unplanned courses of action” in orderaspond to the crisis (Quarantelli, 2000:682;
see also Quarantelli, 1989). At the same time, laclnip recognizes that natural disasters are
not just singular events, but are social procestes reflect social resources and
vulnerabilities (Cope et al., 2013; Perry and Qunotaifi, 2005; Quarantelli, 1989). Thus the
extent to which a geographical area can demonsteaikence following a disaster largely
depends on the local context in which a disasteursc As Browning and his colleagues
(2006: 662) argue, disasters “must be understoodhén context of socially produced
conditions of vulnerability” (see also Gill, Picaand Ritchie, 2012). While affluent and
disadvantaged communities may be equally likelyexperience a disaster, the long term
effects of a disaster vary greatly across place targlvariation is largely due to the pre-

disaster characteristics of the local area or #grek of social vulnerability in the pre flood



context (Cutter, 1996, Cutter et al., 2003, Nilsb®35; Perry and Lindell, 2003). Simply put,

the more socially vulnerable an area is, the gréheeimpact of a disaster will be.

Social vulnerability is often determined by the qmece or absence of a range of
demographic characteristics that typically relatéphysical location and social class” (Gill,
Picou and Ritchie, 2012:7). As Gotham and Greenli2dd4) suggest, spatially structured
racial and economic inequalities are particulangportant for understanding disaster
recovery and resilience. For example, disastersasdst on spectrum where “the more
socially disadvantaged (i.e. vulnerable) can bedrested with the more socially advantaged
(i.e. resilient)” (Cope et al., 2013:873). Certgitthe structural advantages that characterize
affluent communities may reduce their vulnerability disaster (Cutter et al., 2003, 2010;
Norris et al., 2008; Norris, Sherrieb and Galeda ®Pbut alone they cannot explain disaster
resilience. Indeed, some poor neighborhoods maylfatter than others post-disaster and the
same can be said of wealthier neighborhoods (Ald2612; Norris et al., 2008). As disaster
scholars note, this implicates neighborhood sogi@icesses as central to community
resilience (Gill, Picou and Ritchie, 2012; Norrisak, 2008; Richie, 2004; Ritchie and Gill,

2007).

21  TheSocial Processes Central to Community Well-being

In the community resilience literature, neighborthogocial capital and collective
efficacy are strongly linked to neighborhood fuontng in a post-disaster context (Breton,
2001; Kimhi and Shamai, 2004; Magis, 2010; Nortisale, 2008; Patterson, 2002). In the
broader sociological scholarship, they are stromgl§ociated with collective well-being and
the absence of social problems (Coleman, 1988,aRutr2000; Putnam, 2007; Sampson,

Raudenbush and Earls, 1997; Sampson, 2012).



Social capital is a central feature of social orgation, and is often described as a
social good, though this is not always the caBeoadly, neighborhood level social capital
refers to the social networks that characterizeivengneighborhood and the norms and
benefits that emerge from these networks. The pyinfianctions of social capital are to
facilitate strong social networks and develop sthamerms and a working trust of local
institutions and people (Coleman, 1988, 1990; Ruin&000). Social networks are
particularly important for neighborhood resilien@reton, 2001; Kimhi and Shamai, 2004;
Magis, 2010; Norris et al., 2008; Patterson, 2062jschenbaum (2004:101) suggests that
social networks allow for the sharing of informatiabout past survival behavior, provide the
resources necessary to cope post-disaster, ancsa@ “crucial bridge in a complex
communication link affecting disaster behaviorségsalso Hurlbert et al., 2001). Further,
social networks are important for perceptions afiaocohesion, coordination, support and
care, and thus enable communities to respond togehar adversity while retaining core
functions (Barrera, 1986; Paton and Johnston, 200hen social networks are damaged or
weakened as a result of external shock or disasierconsequences can be significant. This
is clearly illustrated in the longitudinal study Gbrdova, Alaska after the Exxon Valdez oil
spill. Ritchie and her colleagues found that theslof social networks and the norms and
benefits that come from living in a socially colmesicommunity hindered community
resilience (Gill, Picou and Ritchie, 2012; Ritch2904). As Richie and Gill (2010:75) argue,
the “social capital loss spiral” that occurred maftee oil spill led to greater levels of

“individual stress and collective trauma”.

! We note that social capital can also have a dak $ior example, for some communities strong kiith a
kinship ties may impede the ability to stem disor@adttillo, 1998); serve to exclude those who dblelong
or foster a parochial culture that does little $sumge the effects of poverty (Wilson, 1987). Addilly, the
advance of social capital is not without its cstiSome argue the conceptualization of social @kigit
ambiguous and often tautological (see Portes, 1B68gs and Vickstrom, 2011).



Collective efficacy is linked to social capital anefers to the agentic capacity of
communities to respond to and learn from challerayethreats to the neighborhood. Albert
Bandura (1986/1997) first defined collective eftigaas ‘a group’s shared belief in its
conjoint capabilities to organize and execute tharses of action required to produce given
levels of attainment§Bandura, 1997, p. 477: emphasis in original)tha late 1990s, Robert
Sampson and his colleagues demonstrated the relewdrcollective efficacy for explaining
the differential ability of neighborhoods to prevenme and disorder (Sampson et al., 1997).
In contemporary cities, where neighbors are acdaiages at best, Sampson (1999) argued
that the village model of strong ties underpinningch of the social capital literature needed
revision. While not dismissing the importance ofiabcapital, Sampson (2001) argued that
social networks need to be activated to reducehbeidnood problems.

In the disaster literature, there is some evidéhaeperceptions of collective efficacy
enhance disaster responses and disaster mitigatroimdividuals, though only one study
examines neighborhood collective efficacy in a gisaster environment. Benight (2004)
examined the degree to which an individual’'s owncegtion of neighborhood collective
efficacy influenced the impact of resource losserath flooding event. Individuals who
perceived low collective efficacy were more advirsdfected by resource loss than those
with a high perception of collective efficacy. Aidy in Taiwan examined the relationship of
collective efficacy with preparedness for a medicasis and victim support. Individuals
reporting higher collective efficacy were more likeo report that the neighborhood was
prepared for the SARS outbreak and were also nilaky lto report satisfaction with the care
of SARS victims (Fong and Chang, 2011). Paton asddileagues (2010, p. 194) also found
collective efficacy to be significantly and posdly related to both the “formulation of risk
beliefs and mitigation strategies” across threentoes (Indonesia, New Zealand and Japan).

In Australia, individuals with lower expectationsepdisaster reported lower collective



efficacy post-disaster (Fay-Ramirez, Antrobus armpi€ro, 2015). In the only neighborhood
level study with access to survey data on socatgsses in a pre-disaster context, Browning
et al. (2006) found that prior levels of collectigfficacy did not exert protective effects on
mortality rates after the 1995 Chicago heat wavas Thay reflect damages to collective
efficacy in the wake of the flood, but the data didt include post-flood measures of
collective efficacy with which to assess this, ¢they temporally-based explanations for the

findings.

2.2 Stability and Changein Neighborhood Social Processes

From the above discussion, the links between koajaital, collective efficacy and
neighborhood resilience are important. Yet our wstd@ding of this relationship relies
primarily on studies undertaken in the post-digasbatext. We know little about the stability
of these neighborhood level processes over timeicpkarly in the wake of a significant
shock. Without this information we are unable tgecbvely assess the extent to which
changes in these social processes occur as aduaradtia disaster. Thus while social capital
and collective efficacy may be limited in some coanmities post disaster, we are cannot say
that these apparent deficiencies in resiliency gsses are quantitatively distinct from pre-

disaster levels.

Further, neighborhood social processes are stroimglyenced by the structural
characteristics of the neighborhood like povertyd aacial composition. Under regular
conditions these structural characteristics exlsigihificant consistency over time (Sampson,
2012). Even in micro places like street segmefhistet is notable stability in place-based
socio-demographic characteristics (Weisburd, Gesffl Yang, 2012). To the degree that
neighborhood social processes are related to neigbbd level socio-demographics, we

might expect similar levels of stability, howevthere is scant empirical evidence to confirm

10



this assumption. As a result of the limited avaligbof neighborhood level panel data, only
three studies examine the stability and changeoofakprocesses across two or more time
points. This research indicates that social colmesiod collective efficacy are stable over
time, but are sensitive to changes in socio-denpbgcastructures of neighborhoods.
Drawing on panel and census data from 74 neighlooihan the Netherlands over six time
periods, covering 10 years, Steenbeek and Hippl(2fdid that while there was considerable
variation between neighborhoods, within neighbotha@riation in social cohesion was
limited. Correlations for social cohesion over tinagged from 0.876 to 0.962 thus showing
significant consistency. In the U.K., Markowitz ah$ colleagues (2001) also find stability
in social cohesion over time. Similarly, lookingregs 80 neighborhoods in Chicago, there
was limited change in collective efficacy acros® ttime periods (Sampson, 2012). Yet
change does occur in both social-structural cheristics and social processes. When
disadvantage increases, there may be a concondiggnéase in social processes important
for social organization. For example, Steenbeek Higp (2011) find a significant and
negative relationship between ethnic heterogeneihd social cohesion: as ethnic

heterogeneity increases, social cohesion decreases.

These results provide some support that changeshéo socio-demographic
composition of the neighborhood can trigger charigeseighborhood processes, however,
these changes are likely to be gradual and cumaldaiiisasters, on the other hand, can bring
about swift and significant changes in affectechardhe population composition can change
dramatically in the days, weeks and months follgvin disaster: residents may perish or
leave the neighborhood, housing prices and propeatyes diminish in disaster affected
areas, and infrastructure damage and job lossgztiticular communities may become

permanent (Bin and Polasky, 2004; Elliott and P2@&)6; Zottarelli, 2008). Compositional

2 At the time of writing, there are no studies tbansider the stability of social networks acroegetand place.
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changes may have deleterious consequences foretgeborhood processes important for
engendering resilience, and those changes may beedmte and consequential for the
affected population. Moreover, these changes maprhe endemic, leading to long term
changes in neighborhood capacity that have sustamplications for neighborhood health

and well-being.

Few studies have examined the impact of disrupgiwents like a disaster or other
exogenous shocks on levels of social capital dectwve efficacy. The unexpected nature of
disasters renders pre- and post- disaster compariegceptionally difficult, limiting the
availability of data on neighborhood functioningfdre and after a disruptive event. Those
studies that position social capital or collectefécacy as central to neighborhood resilience
in the wake of such an event rely on a) proxy cengariables to assess changes to social
processes pre- and post-disaster; b) data documgehi impact of networks, social cohesion
and trust on preparedness behaviors or risk assessnfas opposed to actual disaster
response); c) post event recollections of pre-thsaseighborhood capacity (Hawkins and
Maurer, 2010; Kim and Kang, 2010; LaLone, 2012; Ivisl and Soetanto, 2013; Murphy,
2007; Richie, 2004; Richie and Gill, 2007); or drdis on individual level assessments of

collective efficacy (Fay-Ramirez, Antrobus and Rigy 2015).

Case studies of disaster-affected communities geowixed evidence regarding the
stability or mutability of social processes followia disaster event. Early studies of disasters
suggest they have a largely negative influence acall connections and a sense of
neighborhood. The 1972 Buffalo Creek flooding the¢urred in West Virginia destroyed the
local communities living along the creek. With ovw&)000 of the 5,000 residents left
homeless and evacuated elsewhere, the “old bonkmsiiip and neighborhood, which had
always depended on physical proximity, were efi@tyi severed” (Erikson, 1976, p.. 303).

This fracturing of the neighborhood was associatéti the emergence of various social
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problems like alcoholism, increased drug taking godth delinquency. Others find that the
majority of people behave in rational, constructivays following a disaster (Goltz, Russell
and Bourque, 1992; James and Wegner, 1980; Johismnberg and Johnston, 1994;
Quarantelli and Dynes, 1977; Lindell, Tierney, d&walry, 2001). At least in the immediate
period following a natural disaster, what emerges/hat some have called an altruistic or
therapeutic neighborhood (Barton, 1970; Fritz, 196@t the persistence of the altruistic
neighborhood beyond the immediate disaster respo@sed is unlikely, especially in areas
with lower levels of trust and connections priortte disaster (Nilson, 1985; Perry and

Lindell, 2003).

To date, only two studies have pre- and post- thsaseasures of social capital and
collective efficacy at the level of the neighbordo8weet (1998) examined changes in social
relations and social cohesion before and aftecaistorm in a rural neighborhood in northern
New York State. Respondents reported that friemdsneighbors extended a great amount of
help immediately following the storm. Further, SwéE998) found that the mobilization of
neighborhood networks increased levels of socibesion in the immediate aftermath of the
disaster, though he reported few lasting effeces time. Another study examined the impact
of the 2007 Virginia Tech shooting. Hawdon and eadjues (2010) found a surge of social
solidarity among students and academic staff attilege after the shooting, however, over

subsequent waves of the survey, solidarity decdeasd returned to pre-disaster levels.

23  ThePresent Study

The Brisbane flood event serves as a natural ewpat with which to test the
durability of social processes in the wake of asigant disaster. In January 2011, Brisbane,
the state capital of Queensland, Australia, expead significant flooding. This was

triggered by torrential rainfall across most of 8tate of Queensland in the days and weeks

13



leading up to the event. Many areas in the Brislzatehment, like Toowoomba and Lockyer
Valley, experienced what some have referred tondand tsunamis, occurring without

warning and killing 23 people (ABC News, 2011). &tlareas further downstream had some
time to evacuate, though many were unable to uakieractivities to preserve homes and

belongings in time.

The flood waters peaked on thé"i& January, 2011. In the worst affected areas, few
homes or streets escaped inundation and numeroosshwere flooded to the roofline. The
central business district, as well as local shoppenters and businesses were badly affected
in Brisbane and Ipswich (two major cities in thesBane Statistical Division). Infrastructure
such as the commuter ferry system, major artecads, riverside pedestrian facilities and
sporting and recreational amenities were lost. Aaoldally, tens of thousands of residents
were without power for several days and many conitiesnwere completely inaccessible by

road (Wickes et al., 2015).

Media accounts before and after the flood disesiggested that Brisbane not only
maintained a strong sense of neighborhood, butalbbesto mobilize quickly and efficiently
to redress the damage caused by flooding. Howewer,know that social capital and
collective efficacy are unequally distributed asragighborhoods in this city (Mazerolle,
Wickes and McBroom, 2010; Wickes, Zahnow, White avdzerolle, 2013). In some
neighborhoods, residents may have banded togetkeharnessed the necessary resources to
respond to the flood. In others, networks may hiagen weak to start with, limiting the
neighborhood’s ability respond to the challengesught about by the flood. Alternatively,
the flood itself may have generated neighborhoaellshifts in socio-demographics and

social functioning that reduced or enhanced neigidommd flood responses.
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Using multilevel structural equation modeling, weaw on pre- and post- disaster
census and survey data from over 4,000 residestg) lacross 148 communities and examine
the extent to which the Brisbane flood had susthieigects on social capital and collective
efficacy. Further, we assess the stability of thecicsdemographic composition of
neighborhoods and how stability or change in thes®ictural characteristics affect

neighborhood social processes over time.

Specifically, we ask:

RQ1 How stable are measures of neighborhood s@imwdraphics preceding and following

the flood? Are there differences in flood affectad! non-flood affected communities?

RQ2 How stable are measures of neighborhood lesldative efficacy and social capital

precedingthe flood?

RQ3 How stable are measures of collective efficagygial cohesion and trust, and
reciprocated exchange in thmost flood environment and are there differences in flood

affected and non-flood affected communities?

RQ4 What is the relationship between neighborhoedell socio-demographics and
neighborhood level collective efficacy, social celea and trust, and reciprocated exchange?

Do these relationships vary by flood affected aod-flood affected communities?

3.0 Materialsand Methods

3.1 TheAustralian Community Capacity Study

The data we analyze come from the Australian ComitypCapacity Study (ACCS),
which was designed to complement the Project fomblu Development in Chicago

Neighborhoods (PHDCN) and other international nreugl studies of urban neighborhoods.
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It is a multi-million dollar longitudinal projecuhded exclusively by the Australian Research
Council (ARC) that includes four waves of data ediion in Brisbane, one wave of data
collection in Melbourne, seven in-depth case stidé Brisbane neighborhoods and an
ethnic neighborhood sample of residents from Indiietnamese and Arabic speaking
backgrounds in both Brisbane and Melbourne (see
http://www.ug.edu.au/accs/index.html).The primaogalgof the ACCS is to better understand
the spatial and temporal dynamics of neighborhoesllience, crime and disorder. The
theoretical underpinnings of social capital, sodiabrganization and collective efficacy — the

primary focus of our paper — are also central @ARCS.

The current study employs three waves of dateecdtl in 2008, 2010 and 2012
representing the second, third and fourth waveshef ACCS survey conducted in the
Brisbane Statistical Division (BSB)Brisbane is the state capital of Queensland edhird
largest city in Australia with a population of appimately 1.9 million people. The ACCS
sample comprises 148 randomly drawn neighbortowith a residential population ranging
from 245 to 20,999 (total neighborhoods in the BS[@29 with a residential population
ranging from 15 to 21,002)The ACCS neighborhoods include those that arecadjao the
central business district and those located in-ydyan areas that have experienced

significant population growth.

3.2 TheACCS Survey Participants
The participant sample for Waves 2, 3 and 4 indutlgo distinct groups: the

longitudinal sample and the top up sample. In Wayehe full sample included 4,324

* We focus on waves 2, 3 and 4 of the Brisbane AQ@@ey as wave 1 used neighborhood units of analysis
that are not comparable to those in the later waves

*In Australia, the term “suburb” is used to refemtéeature that in the U.S. would be referred ta as
“neighborhood”. Suburbs are similar to censust$racthe U.S. context, though in some cases Bmisba
suburbs may be larger than census tracts as teayoadetermined by population. We use the concept
‘neighborhood’ throughout this paper.

> The ACCS suburbs are randomly selected from ti& potpulation of state suburbs and many suburbisein
sample are not contiguous.
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respondents comprising 1,077 participants from Wavand a total up sample of 3,247
individuals. The Wave 3 sample included 4,403 pgrdints, of whom 2,248 were included in
prior waves and 2,155 were a top-up sample. TheeMawample size included 4,132
respondents of whom 2,473 were longitudinal pgréiots and 1,659 top up participants.
Participants were randomly selected using randan dialing. The consent and completion
rate for the ACCS was 52.50 percent for Wave 558ercent for Wave 3 and 46.27 percent
for Wave 4. This rate represents the number ofriree/s completed proportional to the

number of in-scope  contacts. For  further informatio please  see

http://www.uqg.edu.au/accs/index.html.

The ACCS surveys were conducted by the Instituté&tcial Science Research at the
University of Queensland. Trained interviewers usedmputer-assisted telephone
interviewing to administer the survey. The in-scauevey population included all people
aged 18 years or over who were usually resideptiirate dwellings with telephones in the
selected communitié&sWave 2 of the ACCS survey was conducted betwegeSber 2007
to May 2008 and Wave 3 was conducted between AunustDecember, 2010. Wave 4 of
the ACCS survey was conducted from mid-May to miggast, 2012, approximately 15
months after the Brisbane flood event. This is ing@ since it allows us to examine
whether there are sustained (as opposed to immeediadl potentially short-term) changes in
neighborhood characteristics and processes follpwia flood.

Of the 148 communities comprising the ACCS samgBewere directly impacted by
rising floodwaters (see Figure 1). The socio-ecaegrofile of these areas ranged from very
low (AUD727 (approximately USD523) median weeklyulehold income) to very high

(AUD2716 (approximately USD1852) median weekly hehsd income). The median

® The number of mobile phone only users is signifigalower in Australia compared to the US. In 2008%

of the population was covered by landline phonesiar2011 (a period that aligns with the last wafeur
sample) the number of mobile phone-only users wtmated at 19% (Australian Communications and edi
Authority, 2012).
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weekly household income for the flooded neighbodsodid not statistically differ from that
of non-flooded neighborhoods (AUD 1584 (approxirat®)SD1080) and AUD1524
(approximately USD1039)), respectively. An indepamidsamples t-test (t=0.0237, df=146,
ns) showed the attrition rate was not statisticdliifferent in the flooded or non-flooded
neighborhoods in the Wave 4 sample. Further, 46epé (total n=1,915) of Wave 4 ACCS

participants reported that they had been impacyatidoflood event.

3.3 Administrative Data

In addition to the ACCS survey data, we use datamf the Queensland
Reconstruction Authority (QRA) to assess flood ictpat the neighborhood level. We also
use census data from the Australian Bureau ofséiti(ABS) for 2006 and 2011 to examine
the impact of socio-demographic variables acrosstlinee waves of data, with the 2006
census data being collected just prior to the Wandata (collected in 2007-2008) and the
2011 census data just prior to the Wave 4 datdefted in 2012). In our analyses, we
examine a variety of neighborhood socio-structwf@racteristics, which we describe in

further detail below.
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Brisbane Statistical Division
[ non Accs Neighborhoods

[ non Flooded ACCS Neighborhoods
[ Fio0ded Accs Neighborhoods

Figure 1. Map of flooded and non-flooded ACCS nbigthoods

34 Variable I nformation

The key goal of this paper is to assess the extenhich the Brisbane Flood Disaster
influenced neighborhood social processes in floodad non-flooded communities. We
examine two indicators of social capital: socialhesion and trust, and reciprocated
exchange. In addition to our measures of socialtalapyve examine the durability of
collective efficacy in a pre- and post-flood cortewe describe these measures and the

related social structural context variables weinsmir analyses below.

Social Cohesion and Trust: Social cohesion is goontant indicator of social capital as it

represents a sense of belonging and attachmengyamblolizes a working trust of residents
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(Markus and Dharmalingam, 2009; Sampson, Moreraoiff Gannon-Rowley, 2002). In our
analyses, we use a scale comprising 4 items debigneapture social cohesion and trust.
These items are listed in Appendix 1 and the itgmceic univariate statistics appear in
Appendix 2, where we note the overall item mealydsr, as well as the item mean by flood
status of the community the respondent lived ire if@&m means for social cohesion and trust
do not change much over time or differ much acftssd status of the community, with
most differences being less than 0.10 units. Oafests identical to the one used in the
PHDCN and represents the norms of trust and redigroentral to any definition of social
capital in the literature (see Coleman, 1988, 1¥afinam, 2000; Sampson, Raudenbush and
Earls, 1997). Approximately 12 percent of the Mawia in social cohesion and trust is

attributable to differences across communities.

Reciprocated Exchange: In our analyses we alsass$ise durability of social networks. We
employ a scale of items that represent ‘activateefworks derived from the PHDCN
(Sampson, 2013; Sampson et al., 1999). The 3 itiais comprise this scale assess the
frequency with which neighborhood residents providaterial and social support to each
other (again, see Appendix 1 for items and Apperdior univariate statistics). Similar to
social cohesion and trust, the item means for recgied exchange tend to be stable over
time and to show small differences across flootustaf the community. Approximately 5

percent of the variation in this scale is attriltalgato differences across communities.

Collective Efficacy: In order to capture the williness of residents to work together to solve

local problems and assess the durability of thight®rhood property over time, we use 8
collective efficacy items employed in each wavetledé ACCS. Again these items were
derived from the PHDCN and are widely used inteomaily (Mazerolle, Wickes and

McBroom, 2010; Sampson, Raudenbush and Earls, 198&se items are noted in Appendix

1 and the univariate statistics in Appendix 2, amech like the patterns for social cohesion
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and trust as well as reciprocated exchange, time mteans are stable over time and show
small differences across flood status of the comtyuipproximately 12 percent of the

variation in this scale is attributable to diffeces across communities.

Socio-Structural Variables

In the disaster literature, and the neighborhofidces literature more broadly a
number of socio-economic characteristics may imftge the durability of neighborhood
processes over time - these variables are also inséx creation of disaster vulnerability

indices (Cutter et al., 2003; Cutter et al., 208&8mnpson et al., 1997; Sampson et al., 2002).

Concentrated Disadvantage: To capture concentthsedvantage, we followed the work of

Sampson and others (Sampson et al., 1997) andousetpal components analysis to create
a single factor for both 2006 and 2011 comprisetheffollowing variables from the 2006
and 2011 ABS Census data: percentage of familidgsamie parent, percentage of households
classified as low income, percentage of the popmratlassified as Aboriginal or Torres

Straight Islanders, and the percentage of the jptipnlunemployed.

Ethnic Diversity: To measure the relationship betwesthnic diversity and neighborhood

processes over time, we include a Blau (1977) irafdanguage diversity from the 2006 and
2011 ABS census data to calculate neighborhood lamguage diversity Recognizing that

ethnic diversity encompasses more than just largyupigevious research in the Australian
context shows that language diversity is more ogusetial than ancestral diversity for

neighborhood social processes (Benier and WickEsh;2 eigh, 2006; Wickes et al., 2013).

" To create the language diversity measure we terkgional language categories from the censuthéor
following regions: Northern Europe, Southern Eurdpastern Europe, South West Central Asia, Southsia,
South East Asia, Eastern Asia, Australian Indigenocanguages and English only.
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Residential Instability: To assess the effectasfidential instability on neighborhood social

processes, we use the same single item measuretlilo®BS 2006 and 2011 Census: the

percentage of people living at a different addfessyears ago.

Median Income: To assess the effect of overalllm@ghood economic resources, we use the

same single item from the ABS 2006 and 2011 Cemsadian household income.

Flood Impact: We were not able to access a reliatalex of flood severity. We therefore
used data collected by a government agency changéd overseeing the rebuilding of
disaster areas. The Queensland Reconstruction AiytlifQRA) provided data that allowed
us to identify the neighborhoods that experiendedding. Neighborhoods in the ACCS

sample are coded as 0 if they were not floodedaahdf they were flooded.

3.5 Analytic Approach

Our primary interest is in testing whether levelscial cohesion and trust,
reciprocated exchange, and collective efficacysamglarly stable over time across flooded
and non-flooded communities. We also test whettadsilgy or change in these processes is
related to the relative stability of neighborhooumustural characteristics. While these
guestions appear simple, testing them requiresnastig complex multilevel structural
equation models with latent variables. In gendlad,analytic approach we take to analyzing
these data is consistent with standard recommendagéind begins by allowing for maximum
variability in the unstandardized coefficients asrccommunities (Bollen, 1989). As we
explain below, with each successive step, we immeater restrictions on the estimated

model to test for similarities and differences asroommunities by flood status.

As a first step, we estimated a confirmatory fa@aoalysis (CFA) for our social

cohesion and trust, reciprocated exchange andctiobeefficacy factors that ignored the
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multilevel nature of the data. We used the sanmestior Waves 2, 3 and 4 of the ACCS data,
so that we had latent factors for all three meastoe each of the three waves of data. Our
aim for this first step was to establish the caesisy of these measures across waves.
Although preliminary analyses suggested the datéddoe modeled as a second-order factor
model (i.e., a higher-order single factor wouldaod for the correlation among the three

wave-specific factors), this modeling strategy vaobiéve precluded a more direct test of the
stability and change processes we are interesti$iimg, since it would involve statistically

controlling the longitudinal correlations we waatrhode.

Following the estimation of the CFA, we then addedhe multilevel component,
which is modeled as another latent variable (Muthgd Muthén, 1998-2015). Consistent
with the terminology of other multilevel models, wan think of this latent variable as a
random intercept for the latent factors social sodre and trust, reciprocated exchange and
collective efficacy. This gives us an estimatehaf &mount of variation across neighborhoods
— in the multilevel modeling approach, this is thetween” estimate of variance of the latent
factors across the neighborhoods included in th€8.d-ollowing convention, we estimate a
single between factor for the latent factor at eafcthe three waves, instead of three separate
between factors that represent between variatiothenlatent factor at each wave of data
(Muthén and Asparouhov, 2015). Muthén and AspareB015) note that it is common for
the between factor in a multilevel CFA to be repreéed by a smaller number of factors, as is

the case here.

With this multilevel factor included, we then splihe sample by whether the
neighborhood experienced flooding or not, constngitthe between factor to be equal across

the two sets of communities. This constraint isessary to enable model convergence, and

¥ We do not report the results from the three CFA elmdut these results are available from the asthpon
request.
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in practice, does not affect the substance of aongaihwe estimate. We then tested for
measurement invariance across flooded and nondbtbatbmmunities to assess whether
social cohesion and trust, reciprocated exchandecaltective efficacy operated in the same
way across the two sets of neighborhoods. Thisféesheasurement invariance also gets at
one of our key questions: How stable are sociaksmm and trust, reciprocated exchange
and collective efficacy in communities that havegemenced external shocks, such as a

natural disaster?

Following the test for measurement invariance, mpadsed structural constraints on
the effects of each factor — social cohesion aust tireciprocated exchange and collective
efficacy — from Wave 2 to Wave 3, and then from Wa&sto Wave 4. The test of these
constraints indicates whether the effect of sopralcesses changes over time or varies by
flood status of the neighborhood. To the extentdtfiects are stable over time, there will be
evidence of durability. If the effects increase rovene, then it provides evidence of
increasing social cohesion, while a decreasingcefi®uld indicate a weakening of social
cohesion. In particular, our interest is in whdeef the flooding had on these communities’
social capital and collective efficacy: did theseqesses weaken, strengthen, or stay the
same? And how does this pattern compare to thahéocommunities that did not experience

any flooding?

We then test whether the overall pattern set @tiaships linking social cohesion
and trust, reciprocated exchange and collectivecagly over time are affected by
neighborhood level structural characteristics. &itiee census data were collected in years
that did not line up directly with the ACCS datae wmodelled the effects of the structural
covariates in four different ways: (1) the 2006 stenvalue only, (2) the 2011 census value
only, (3) the difference (change) score from 2a9@Q11 (i.e., the 2006 value was subtracted

from the 2011 value), and (4) the mean of the 20062011 values.
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The demographic covariates included in our analggeshe means of concentrated
disadvantage, residential instability, ethnic déigr, and median income. Each covariate is

measured as described above.

For all models we use a full-information maximurkelihood estimator with robust
standard errors that uses all available data foin eaalysi In addition, all of the models we
estimated assume the observed variables — theystgsponses for social cohesion and trust,
reciprocated exchange and collective efficacy —cargtinuous. In some of the initial CFA
models, we estimated models treating the survgyoreses as ordinal. The computing time
increased significantly at the same time there wereneaningful differences between the
models assuming continuous measures and those iagsardinal measures. Consequently,

we report only those results assuming continuoussones.

Summary of Analytic Approach

In light of the relatively complicated series ofafyses that we will be presenting

below, we want to highlight the key steps in oupraach as follows:

1. Estimation of a confirmatory factor analysis (CH8)) the three social process
latent variables.

2. Estimation of a confirmatory factor analysis foe tthree social process latent
variables with the addition of the multilevel ercmponent.

3. Split the sample by flood status of the communitg &est for measurement
invariance in the CFAs for the three social prodassnt variables by flood
status.

4. Test for structural effects of the three socialcess latent variables:

° Since data were missing on only about 2 to 4%ewfitesponses, with no systematic pattern of mississ
no special actions were viewed as necessary totenalues for the missing responses
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a. Stability and/or change over time within the sarmmmunities.
b. Invariance across communities by flood status.
5. Test for invariance in neighborhood level structwaaracteristics by flood

status.

4.0 Results

41 Research Question 1. How stable are measures of neighborhood socio-
demographics preceding and following the flood?

Prior to presenting the results for the threeaqmiocesses that are the primary focus
of our paper, we address our first research questyoexamining the degree of change and
stability across the 148 neighborhoods in four kegial and demographic characteristics:
concentrated disadvantage, residential instabdgitlynic diversity, and median income. Panel
A of Table 1 presents the means for each of the dbaracteristics for 2006 and 2011 split
by flood status. The last column provides a t-testifference in the characteristic between
flooded and not flooded neighborhoods. In 2006, tthe groups of neighborhoods differed
little by flood status, with only ethnic diversigjhowing a statistically significant difference —
those neighborhoods that were later flooded hackater level of ethnic diversity than those
neighborhoods not flooded. The differences acresghborhoods were more pronounced in
2011 - the post-flood period. Flooded neighborhooad fewer new residents and higher
levels of ethnic diversity than non-flooded neighitmods. Important to the natural design
element of our study, these results suggest thattwlo groups of neighborhoods were
generally similar to each other prior to the flobdt start to look different from each other

after the flood.

Change within neighborhoods is presented in P&nelf Table 1. The far right
column again compares neighborhoods that were didad those not flooded. Flooded and

non-flooded neighborhoods experienced significaminge between 2006 and 2011, yet

26



when we compare change within neighborhoods bydflstatus, we see that flooded
neighborhoods showed significantly greater increaseer time in residential stability and
median income than that observed in non-floodedhimrhoods. This suggests that lower
income renters, who were likely renting their pnmaperelocated to other areas with few new

people coming into the neighborhood to replace them

Table 1: Means of Socio-Demographic Characteristies Changes by Neighborhood Flood
Status and Year

Panel A: Means Socio-Demographic CharacteristiBstween Neighborhood Differences

2006

Variable Not Flooded Flooded Difference
Residential -0.053 0.118 -0.171
Instability

Concentrated -0.067 0.148 -0.215
Disadvantage

Ethnic Diversity 0.230 0.317 -0.087***
Median Income 1218.539 1238.043 -19.504
2011

Variable Not Flooded Flooded Difference
Residential -0.152 0.338 -0.491*
Instability

Concentrated -0.053 0.117 -0.170
Disadvantage

Ethnic Diversity 0.255 0.339 -0.084**
Median Income 1534.510 1614.761 -8.251
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Panel B: Means of Changes in Socio-Demographic&aienistics (2011 — 2006) — Within
Neighborhood Differences Comparison

Variable Not Flooded Flooded Difference
Residential -0.099 0.220* -0.319**
Instability

Concentrated 0.014 -0.031 0.045
Disadvantage

Ethnic Diversity 0.025*** 0.023** 0.002
Median Income 315.971%** 376.717*** -60.747*

***p <0.001, ** p<0.01, * p<0.05

The results in Table 1 show that in 2006 (predioperiod) the two sets of
neighborhoods were generally similar on these fday social and demographic
characteristics, but show evidence of greater miffees in 2011 (post-flood period). All
neighborhoods show evidence of change over timethiese neighborhoods that experienced
flooding appear to have experienced greater ineeeasmpared to those neighborhoods that

did not experience flooding.

42  How stable are measures of social capital and collective efficacy before and after
theflood in flooded and non-flooded neighbor hoods?

For each of our two indicators of social capitalsecial cohesion and trust,
reciprocated exchange — and our measure of coMedfficacy, we estimate multilevel
structural equation models using the process destrabove to locate the best model to
assess how stable or variable each process issabtw448 ACCS neighborhoods. Due to the

complexity and variability in the findings, we adds each process separately.

Social Cohesion and Trust

We begin by assessing the stability of our meastismcial cohesion and trust across
flooded and non-flooded neighborhoods — a testieasurement invariance. Here our aim is
to establish how similar these processes are ansghborhoods irrespective of flood status.

We then examine the stability of social cohesiod tinst measures over time within flooded
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and non-flooded communities to test whether soopdlesion and trust is impervious to a
sudden and unpredictable exogenous shock. Toaesti$ structural invariance, we estimate
the structural equation model with latent varialftassocial cohesion and trust, starting with
a model that only constrained the between levedaaneffect to be the same across the two
sets of communities (i.e., the equivalent of thedoam intercept for the latent variable). We
then sequentially introduce constraints on the fmefts to the model that allow for the
testing of both measurement invariance and straktuwariance. We used the Satorra-
Bentler scaled chi-square test to assess whetteeradiulitional constraints significantly
deteriorated the fit of the model (Satorra-Bentk901). Table 2 presents the model tests in
two parts. Panel A presents the model estimatedvalue of the log-likelihood function, the
correction factor, the number of coefficients estied, the Root Mean Squared Error of
Approximation (RMSEA), and the Tucker Lewis Indéi_(). Panel B presents the test for
differences in the nested (and increasingly comms&tc) models: the scaled Satorra-Bentler
chi-square statistic, degrees of freedom, and pevdr that chi-square test. Larger values of
the chi-square that appear as statistically sicgmii (i.e., p < 0.05) indicate a statistically
significant loss of fit to the model, while p-vatugreater than 0.05 indicate no statistically

significant loss of fit as a consequence of indrgasonstraints imposed on the model.

Table 2: Test of Equality Constraints for Sociah€sion and Trust (SCT) by Neighborhood
Flood Status

Panel A: Model Statistics

Model | Coefficients Log- Correction Number of | RMSEA | TLI
Constrained to likelihood Factor coefficients
Equality across
Flood Status
1 Factor Loadings -60101.798 1.647 64 0.037 0.891
2 Variance of SCT 0.037 0.891
at Wave 2 -60102.77 1.646 63
3 Variance of 0.037 0.892
random effect -60103.003 1.651 62
4 Variances of -60109.074 1.561 50 0.035 901

29



survey items

5 SCT effects (t-1) 0.035 | 0.902
on SCT (1) -60110.963 1.573 48

»

All SCT effects -60111.613 1.587 47 0.035 0.902

Effects of 0.035 0.903
demographic
covariates -60114.914 1.652 43

\‘

Panel B: Model Comparisons

Models Compared Chi-square Df P

1v.2 1.137 1 0.286
2v.3 0.349 1 0.555
3v.4 5.993 12 0.916
4v.5 2.968 2 0.227
5v.6 1.421 1 0.233
6v.7 7.437 4 0.115

The results in Panel B of Table 2 show that nonehef additional coefficient
constraints negatively affect the fit of the modelone of the chi-square tests are statistically
significant. This set of findings suggests that s/e both measurement and structural
invariance across the two groups of neighborhodts.unstandardized coefficient estimates
from Model 7 appear in Figure 2 — since they areniital across the two groups of
neighborhoods, only one path diagram is shown. Agpe3, Panel A, contains all of the
coefficient estimates for Model 7, including thdimsites of the random variation across

communities (i.e., the “Between Level” estimatesdach measurement model).

0.774 PN 0.774
»( SCT-Wave 3

SCT-Wave 2 SCT-Wave 4

w2sct-2 w2sct-1 w2sct-3 w2sct-4 w3sct-2 w3sct-1 w3sct-3 w3sct-4 wésct-2 w4sct-1 wésct-3 wdsct-4

Figure 2: Social Cohesion and Trust
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The evidence in support of measurement invariamadstdys our confidence in the
measurement of social cohesion and trust as thesune does not vary by neighborhood
flood status. Had there been evidence of variandbe measurement model, it would have
raised questions about the generality of the itegesl to assess this process and implied that
the construct itself is sensitive to flood status-ether words, that social cohesion and trust
actually means something different to individuats flooded compared to non-flooded
communities. This, however, does not appear tchbecase. We find that of the four items
used to measure social cohesion and trust, thesigmking about whether the neighborhood
was close-knit, would be willing to help each oth&nd trusted each other all had similar
strong relationships with the social cohesion amdttlatent variable, while the item that
asked about a lack of similar values (a negativebtyded item, while the others were all
positive) had a much weaker relationship with theia cohesion and trust latent variable.
This pattern is consistent across waves of dateiging further support for the use of these

items to measure social cohesion and trust.

Having established measurement invariance acressvih sets of neighborhoods, the
evidence of structural invariance in the effectsadial cohesion and trust from one wave to
the next allows us to answer our Research Questi@ml 3. In the pre-flood period (Waves
2 and 3), we might expect the effect to be statle,for the effect to change following the
flood (Wave 4). Our results suggest a very stroogitive relationship over time that is
statistically indistinguishable by flood status thle neighborhood (coefficient = 0.774).
Regardless of whether we look at the effect ofalamhesion and trust at Wave 2 on Wave 3
or the effect from Wave 3 on Wave 4, it is the sameie over time and across neighborhood
flood status. Our results show a high degree dfilgtain the effect of social cohesion and

trust over time that suggests this process isikergscharacteristic of communities and that a

31



natural disaster — an external “shock” to neighboth social processes — does not harm

neighborhood-level cohesion and trust.

Reciprocated Exchange

To test for change and stability in reciprocatgdhange we use an identical process
of testing for measurement and structural invaeaoeer time and across the flood status of
the ACCS neighborhoods. The tests for measuremext structural invariance in
reciprocated exchange appear in Table 3, PanelsdMaThere is again evidence for strong
measurement invariance — the factor loadings amidnees are equal across two groups of
neighborhoods. There are two model comparisonsatiealborderline ambiguous. The first of
these appears when the variances for all of theithdhl items are constrained to be equal
across flood status (Model 3 v. 4, p=0.088). Theosd appears when the effects of
reciprocated exchange are held constant acrosg #itatus (Model 4 v. Model 5, p=0.057).
The other model indices do not change much asafigesting there was no major negative

impact on the overall fit of the model.

Table 3: Test of Equality Constraints for ReciptedaExchange (RE) by Neighborhood
Flood Status

Panel A: Model Statistics

Model | Coefficients Log- Correction Number of | RMSEA | TLI
Constrained to likelihood Factor coefficients
Equality across
Flood Status

1 Factor Loadings -45631.497 1.204 52 0.034 0.942

2 Variance of RE at 0.033 0.943
Wave 2 -45632.403| 1.206 51

3 Variance of 0.033 0.943
random effect -45634.0571 1.194 50

4 Variances of 0.032 0.946
survey items -45643.505 1.182 41

5 RE effects (t-1) 0.032 0.947
on RE (1) -45646.957| 1.180 39

6 All RE effects -45648.126| 1.176 38 0.032 0.947

7 Effects of 0.032 0.948
demographic -45652.716 1.220 34
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| covariates \

Panel B: Model Comparisons

Models Compared Chi-square df p
1v.2 1.644 1 0.200
2Vv.3 1.832 1 0.176
3v.4 15.133 9 0.087
4v.5 5.654 2 0.059
4v.6 7.347 3 0.061
5v.6 1.755 1 0.185
6v.7 11.446 4 0.022*

***p <0.001, ** p<0.01, *p<0.05

The unstandardized effects from Modé? &re displayed in Figure*3 Again, since
all of the coefficients have been constrained tedpgal across flood status of neighborhoods,
there is only one figure. Similar to the pattermedults we observed with social cohesion and
trust, reciprocated exchange has a strong posffeet that is the same over time and across
flood status (coefficient = 0.815). In light of oResearch Questions 2 and 3 that focus on
change and stability of neighborhood social proeegse- and post-flood, we find a pattern
of stability in the effect of reciprocated excharigat holds over time and across flood status
of the neighborhoods. Once again, the evidenceestigghat an external shock in the form of

a natural disaster does not appear to negatividgtateciprocated exchange among residents.

' We discuss the difference between Models 6 aneldih explaining that the demographic covariatesioa
be constrained across communities.

M The full set of coefficient estimates, includitig testimates of random variation across commuagtgear in
Appendix 3, Panel B.
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0.815 0.815

RE-Wave 2 RE-Wave 3 RE-Wave 4

0.845 \1.044 1.000 |0.838 \0.851 1.000 |0.818 \0.824

w2re-2 w2re-1 w2re-3 w3re-2 w3re-1 w3re-3 wére-2 w4re-1 w4re-3

Figure 3: Reciprocated Exchange

Collective Efficacy

Our test for change and stability of collectiveietty over time follows the same
analytical strategy. Table 4, Panels A and B, pelrtiose in Tables 2 and 3, where Panel A
presents the model fit statistttsand Panel B presents the tests for differencesested
models. As we found in the analyses of social doineand trust and reciprocated exchange,
there is again evidence of strong measurementian@ (Models 1 through 4), indicating
that the items used to assess collective efficagy @nsistent across neighborhoods,
regardless of flood status. As we have claimed apthe measurement invariance helps to
assure us that we are, in fact, assessing the geouess in the different neighborhoods and
that collective efficacy does not mean somethirfiedint in neighborhoods that vary by

whether or not the neighborhood experienced flapdin

The results for collective efficacy depart from gbdfor social cohesion and trust as
well as reciprocated exchange in the test for tratinvariance. We find evidence that the
effect of collective efficacy varies by flood stataf the neighborhood (Model 4 v. Model 5:
chi-square=6.701, df=2, p = 0.035) and over timed®l 4 v. Model 6: chi-square=8.664,

df=3, p = 0.034).

2 We note that the value of the TLI is slightly lowfer the collective efficacy models, but this ist eatirely
unexpected, since there were twice as many iteohsdad in the analysis and the value of the Tldessitive
to the number of items included in a model and [iemmodels with larger numbers of items (Bentl&90).
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Table 4: Test of Equality Constraints for Colleetifficacy (CE) by Neighborhood Flood
Status

Panel A: Model Statistics

Model | Coefficients Log- Correction Number of | RMSEA | TLI
Constrained to | likelihood Factor coefficients
Equality across
Flood Status

1 Factor Loadings | -145505.533 1.358 112 0.03y 0.7Y80

2 Variance of CE at 0.037 0.780
Wave 2 -145505.738 1.356 111

3 Variance of 0.037 0.781
random effect -145507.06] 1.355 110

4 Variances of 0.037 0.788
survey items -145527.612 1.331 86

5 CE effects (t-1) 0.037 0.788
on CE (t) -145532.122 1.331 84

6 All CE effects -145532.671 1.337 83 0.037 0.788

7 Effects of 0.037 0.788
demographic
covariates -145532.378 1.355 82

Panel B: Model Comparisons

Models Compared Chi-square df p
1v.2 0.259 1 0.610
2Vv.3 1.804 1 0.179
3v. 4 28.525 24 0.239
4v.5 6.777 2 0.034*
4v.6 8.685 3 0.034*
4v.7 11.361 4 0.023*

***p <0.001, * p<0.01, * p<0.05

Figure 3 presents the unstandardized coefficiemtshie effects of collective efficacy
from one wave to the next by flood status of thiginigorhood based on Modet®4The effect
of collective efficacy from one wave to the nextheth larger and more stable in the
communities that experienced the flood than inishe communities that did not experience
any flooding. For example, the effect of collecteficacy at wave 2 on collective efficacy at

wave 3 is 0.844 for the communities that experidrft@oding, compared to 0.730 for those

 The full set of coefficient estimates, including thstimates of random variation across communiyear in
Appendix 3, Panel C
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communities that did not experience flooding. Tlffeat for wave 3 on wave 4 increased
slightly in both communities — to 0.854 in thosegh&orhoods that had been flooded and to
0.824 for those neighborhoods that had not beexdéd. Similar to our observations on the
other two neighborhood social processes, thesdtseare suggestive of a high level of
resilience that only increased following the flotateresting, too, is the apparent increase in
the effect of collective efficacy over time in bogmoups, hinting at the possibility that
community-based responses to the flooding helpeentance existing levels of collective

efficacy.

4.3 Research Question 4: What are the effects of socio-demographic characteristics
on social capital and collective efficacy over time and by flooded and non-flooded

neighborhoods?

Concentrated disadvantage, residential instabilgthnic diversity, and median
income have the same effect on social cohesion tamst, regardless of whether the
neighborhood was flooded or not (Model 6 v. Modetfii-square = 7.437, df=4, p=0.115).
Figure 5 presents the unstandardized coefficierds fthe multilevel structural equation
model that illustrates the effects of the socio-dgraphic covariates on social cohesion and
trust. All of the specific effects are statistigadignificant and consistent with prior research,
showing that increased levels of concentrated daatdge (-0.079), residential instability (-
0.018), and ethnic diversity (-0.129) are assodiatéh lower levels of social cohesion and
trust across neighborhoods. Conversely, higherldewé median incomes (0.030) are

associated with increased levels of social cohesimmhtrust.
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Panel A: Not Flooded
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Figure 4: Collective Efficacy



ConcDis Reslnstab EthnicDiv MedIncome

-0.079 \-0.018 /-0.129 /0.030

Between SCT

Figure 5: Effects of Socio-Demographic Charactessbn Social Cohesion and Trust

For reciprocated exchange, the socio-demographaracteristics could not be
constrained across the flood status of neighborhd®bdel 6 v. Model 7: chi-square =
11.446, df=4, p=0.022), suggesting the effects h@sé social structural characteristics
differed by flood status of the neighborhood. Feyu8 presents the unstandardized
coefficients for the effects of the socio-demogiamaracteristics on reciprocated exchange
for neighborhoods not flooded (Panel A) and forghborhoods flooded (Panel B). Ethnic
diversity has a negative effect on reciprocatecharge regardless of flood status, but the
magnitude of the effect is greater in those neighboads not flooded (-0.584) compared to
those neighborhoods that were flooded (-0.364). idMethcome had positive effects in both
sets of neighborhoods, but again with the gredtectein those neighborhoods not flooded
(0.095) compared to those neighborhoods that weoeldéd (0.077). Residential instability
had a negative effect (-0.039) in those neighbadkooot flooded, but no effect in
neighborhoods experiencing the flood. Concentrdisddvantage does not have statistically
significant effect on reciprocated exchange in eiththe flooded or not flooded

neighborhoods.



The results for collective efficacy are similarthmse for reciprocated exchange — the
socio-demographic characteristics of the neighbmikocould not be constrained to be the
same across flood status (Model 4 v. Model 7: goiase=11.361, df=4, p = 0.023). The
unstandardized effects of the socio-demographicacteristics appear in Figure 7 for those
neighborhoods not flooded (Panel A) and those fdodPanel B). Increased levels of
concentrated disadvantage were associated witlr llewels of collective efficacy, but again,
the magnitude of the effect was greater in the himghoods not flooded (-0.137) when
compared to those flooded (-0.092). Higher levélgtbnic diversity were associated with
lower levels of collective efficacy, but the maguié of the effect was greater in those
neighborhoods flooded (-0.808) compared to thodeflooded (-0.611). Higher levels of
median incomes are associated with increased |®fatsllective efficacy in both flooded
(0.188) and not flooded (0.104) communities. Readidéinstability does not affect level of

collective efficacy in either group of neighborhsod

Finally, we note that the inclusion of the neighimod socio-demographic
characteristics does not statistically explain thigerent patterns of effects of collective
efficacy over time and by flood status of the néigthood. In light of the many other
demographic covariates that could possibly expthe differences in the effects, and as a
check on the robustness of our statistical modetsestimated a series of other models that
included a wide range of additional demographicat@tes, such as age composition,
alternative measures of race-ethnicity, residenstbility (owners, renters, etc.), and
economic indicators. In no case did the inclusibore or more of these additional measures
help to statistically explain the differences asrammmunities — virtually none of the
additional demographic covariates were statisicalpnificant if added to a model that

already included the four measures displayed inrei§.
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Panel A: Not Flooded
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Panel B: Flooded
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Figure 6: Effects of Socio-Demographic Charactessbn Reciprocated Exchange
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5.0 Discussion

The overarching aim of this research was to betteterstand the influence of a
disaster on the social processes associated withmaomity resilience. Specifically, we
wanted to know if neighborhood social capital arallective efficacy could endure a
significant exogenous shock. To do this we utilizedovel data set to explore stability and
change in social capital and collective efficacfobe and after a significant flooding event in
Brisbane, Australia. We considered the stabilitpeighborhood level collective efficacy and
social capital preceding and following the flooddavhether stability and/or change differed
in flooded areas compared to non-flooded areasalste assessed the relationship between
neighborhood level socio-demographics, collectifiecacy and social capital before and
after the flood and whether these relationshipsedaracross flooded and non-flooded

neighborhoods.

Our paper makes three significant contributionsstRve find that three different
measures of social capital and collective efficamynmonly used in the sociological
literature display significant measurement invac@nacross flooded and non-flooded
communities. Despite calling for a greater focustlo@ ecometric rigor of neighborhood
assessments (Sampson and Raudenbush, 2004), tinetecgoroperties of neighborhood
constructs has received limited attention. Our ifigd provide strong evidence that the
measurement of social cohesion and trust, recipedoaxchange and collective efficacy are
virtually indistinguishable across flooded and rlmeded neighborhoods in the ACCS

sample and for each wave of the ACCS survey.

Related to this, but perhaps more importantly, mesults also indicate that our
neighborhood measures demonstrate remarkableitstadiloss time, in flooded and non-
flooded neighborhoods. This is especially truedocial cohesion and trust, which remained

virtually unchanged. Yet there were interestingdedénces in theeffect of these measures
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across time, particularly for collective efficacplthough levels of collective efficacy
increased across the sample between waves 3 ahdiemonstrated greater stability over
time in flooded neighborhoods compared to non-febanes. Further, collective efficacy
after the flood event was slightly stronger in fied neighborhoods when compared to non-

flooded neighborhoods.

Collective efficacy is a situated neighborhood psxcthat relates to “specific tasks
such as maintaining public order” (Morenoff et 2001, p. 521). Collective efficacy is not
necessarily a product of neighborhood networks,isidra key element of a neighborhood’s
culture - people from diverse backgrounds, with kvescial ties, who live in poor
neighborhoods can and do agree on important codieobrms (Sampson, 1999). Instead, it
represents that capacity of a community to resgortdsk specific issues. When there is no
need to respond collectively, collective efficamsldormant. For many neighborhoods, there
are few opportunities to ‘see’ collective efficaay action. Although even collectively
efficacious communities experience challenges actose, for the most part, collective
efficacy is assumed from what residents expectretiveuld do in a crisis. In a case study of
collective efficacy, Wickes (2010) found that resits in collectively efficacious
communities had limited experience of neighborskivay together to solve local problems,
but residents knew there was substantial humaneaadomic capital in the neighborhood.
From that, they assumed that residents could canfigthandle problems when and if they

arose.

This assumption was tested with the Brisbane fldigdster. We argue that the flood
provided an opportunity for residents to gain fliahd knowledge of what others would do
in times of a crisis. In the lead-up and the recpvyeeriod of the flood event, residents’
actions were highly visible. Thus residents couddify and update their assumptions about

the collective capacity of the neighborhood. Inumef this could enhance perceptions of
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collective efficacy. Not only could individuals duate collective efficacy in their own
communities, but also as it played out across ityésdandscape. The Brisbane flood was a
heavily televised event. All networks covered thaysdleading up to the flood, the flood
event and the clean-up. Key agencies across Besbaok to Facebook and Twitter to
provide updates to followers. Radio stations reggbunfolding events and providing advice
on the location of shelters and where residentddcgo for help. The coverage of the
Brisbane flood was, for the most part, positive.éMaluation of flood-related media revealed
a focus on community resilience, community spinid ahe importance of sharing experiences
and providing support to others in the days andk&dellowing the flood event (Bohensky
and Leitch, 2014). Thus the city, in its time oS, was framed as collectively efficacious.
This, at least in part, explains why collectiveiety increased in both flooded and non-

flooded neighborhoods.

Our third contribution sheds important light on tbagitudinal relationship between
neighborhood socio-demographic structure and neigidmnd process. In 2006, the flooded
and non-flooded neighborhoods comprising the AC@8 e were similar in terms of
median income, residential stability and conceattatisadvantage. Yet in the post flood
period, flooded neighborhoods had fewer new ressdand higher levels of ethnic diversity
than non-flooded neighborhoods. Not surprisinghgré were also within neighborhood
changes: flooded neighborhoods showed significamgtgater increases over time in
residential stability and median income than whaaswobserved in non-flooded
neighborhoods. These changes had differential tsfime neighborhood processes in flooded
and non-flooded areas, particularly for reciprodaechange. Ethnic diversity and residential
instability, for example, negatively influenced iprocated exchange over time across the
sample, but the magnitude of these effects wastagréa non-flooded neighborhoods. As

other scholars note, renters, minority residentd Ew incomes residents are likely to
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relocate after a disaster period (Cutter et al032®eacock, Dash and Zhang, 2006). In our
study we find that non-flooded neighborhoods resgivmore new residents, and more
residents speaking a language other than Engligin tlooded areas. In flooded

neighborhoods, the median income increased. Thggesis a loss of more economically
vulnerable residents to other areas. We know tiafptesence of minority group members
and poverty has an influence on social capitalinme$ of disaster quiescence (Sampson,
Raudenbush and Earls, 1997; Wickes et al., 2013),fiadings suggest that this effect

becomes magnified in areas with many newcomergpstadisaster context.

Our research sheds important light on the resiiesfcneighborhood processes, yet it
is not without limitations. Pre- and post-flood alatlow us to examine how neighborhood
processes change over time, but we are limitechtp three observation points that may or
may not represent the true causal process (Ta30dr5). Unlike developmental trajectories
for individuals, it is nearly impossible to effaaiy track neighborhoods from birth across
the life course. Even longitudinal research proside mere snapshot into the life of a
neighborhood. As Sampson (2012, p. 369) argueslgoocesses are “shaped by context,
history and prior expectations” thus they can b Bsimultaneously an outcome itself and a
potential causal force.” As such, we make no claiegarding causality in this paper. The
second limitation relates to our unit of analygiggrowing body of research focuses on street
segments (Groff, Weisburd and Yang, 2010), the A@@®loys a unit of analysis more akin
to those in the PHDCN. As some specific aredthin a neighborhood likely experienced
greater levels of inundation and consequently niaimage than others, differences at the
micro level of analysis are possible, but thesea dabuld not detect them. Finally, the
stability we find pre and post flood may also béaator of the type of disaster we are
examining. Natural disasters are more likely tongprabout altruistic behaviors, whereas

human made disasters lead to what some scholas teefas corrosive communities (see
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Freudenburg, 1997; Freudenburg and Jones, 1991; Rigou and Richie, 2012; Richie,
2004; Richie and Gill, 2010). While social cohesioeciprocated exchange and collective
efficacy demonstrated significant resilience after Brisbane flood, they may be less able to
withstand a disaster that results from governmenindustry negligence. Drawing on a
significant body of research following the Exxonld oil spill (Gill, Picou and Richie,
2012; Ritchie, 2004; Richie and Gill, 2010), it entirely possible that had Brisbane
experienced a disaster owing to human error, oglirigs may be very different. Thus we do

not assume that the ability to withstand one oétgpdisaster would be true of others.

In summary, our research suggests that the somakgses most strongly associated
with the concentration of neighborhood social peald are not only ecometrically robust in
terms of their measurement, but they show a higjnedeof stability across time, even in the
face of a disaster. We argue that in Brisbane whevernments were responsive and media
reporting remained focused on community resilieace spirit, the flood provided residents
with an opportunity to update their view on the aafy of their neighborhood. Moreover, we
find that the changes in the structural featureshefneighborhood influence the effect of
these social processes longitudinally. In areasdkperience greater affluence, stability and
ethnic homogeneity over time, these processesgitren. Conversely, neighborhoods in
economic decline demonstrate weakening over tinspe@ally for measures of social
cohesion and trust and collective efficacy. Busstheelationships are uneven across flooded
and non-flooded neighborhoods with non-flooded srparhaps at greater risk for social
fracture. This leads us to argue that disastecpaind preparedness initiatives must consider
ways to strengthen neighborhood processes in disgatescence. However, we also stress
the importance of preparing non-disaster affectethsa with strategies to effectively and
swiftly incorporate new residents in order to avtid erosion of social capital and collective

efficacy in the post-disaster context.
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7.0 Appendices

7.1 ACCSSurvey ItemsWaves2, 3and 4

Collective efficacy

Reciprocated Exchange Socidh€3on Scale

How likely is it that people in
your neighborhood would do
something if:

1. How often do you and 1. People around here are
people in your neighborhood willing to help their

do favors for each other? neighbors.

1. ...a group of neighborhood 2. How often do you and 2. This is a close-knit

children were skipping school

people in your neighborhood neighborhood.

visit in each other’'s homes or

2. ...some children were spray on the street? 3. People in this

painting graffiti

neighborhood can be

3. How often do you and trusted.

3. ...there was a fight in front of people in your neighborhood

your house

4. ...a child was showing
disrespect

5. ...someone was publicly
dealing drugs in your
neighborhood

6. ...someone was drunk in
public in your neighborhood

7. ...people were speeding in
cars along the streets in your
neighborhood

8. ...somebody was getting
mugged

ask each other for advice abou#. People in this

personal things such as child neighborhood do not
rearing or job openings? share the same values.




1.2

Univariate Statistics

Appendix 2: Descriptive Statisticsfor Survey Items: Means (Standard Deviations)

Wave 2 Wave 3 Wave 4
Flooded Flooded Flooded

Item Total No Yes Total No Yes Total No Yes
Social Cohesion
Item 1 4.10 (0.83) 4.13(0.82) 4.06 (0.85) 4.08@). 4.07 (0.79) 4.03 (0.81) 4.12(0.75) 4.10 (0.7/8)14 (0.74)
Item 2 3.55(1.11) 3.59(1.11) 3.47(1.13) 3.603). 3.62 (1.03) 3.55(1.03) 3.64 (1.00) 3.63 (1.03)66 (0.98)
Item 3 3.87 (0.86) 3.87 (0.86) 3.87(0.86) 3.88%). 3.82 (0.84) 3.76(0.86) 3.83(0.84) 3.82(0.88)84 (0.83)
Item 4 3.49 (1.01) 3.49(1.00) 3.48(1.01) 3.1p4). 3.18(1.04) 3.16(1.08) 3.18(1.06) 3.17 (1.08)19 (1.06)
N 4,084 2,830 1,254 4,319 2,942 1,377 4,084 2,824 | ,2601
Reciprocated Exchange
ltem 1 3.13(0.85) 3.14(0.84) 3.11(0.85) 3.18@). 3.20(0.89) 3.14 (0.90) 3.17(0.87) 3.16 (0.89)21 (0.84)
Item 2 2.96 (0.96) 2.98(0.94) 2.92(1.00) 2.984D. 3.00 (0.95) 2.96 (0.97) 2.99(0.94) 2.97 (0.98)01 (0.93)
Item 3 2.51(1.08) 2.52(1.09) 2.48(1.08) 2.30%). 2.32 (1.06) 2.26 (1.03) 2.24(1.05) 2.25(1.08)22 (1.02)
N 4,025 2,788 1,237 4,314 2,935 1,379 4,075 2,825 | ,2501
Coallective Efficacy
Item 1 3.25(1.36) 3.22(1.36) 3.30(1.36) 3.282). 3.27 (1.32) 3.29(1.32) 3.43(1.30) 3.40 (1.833)48 (1.27)
Item 2 422 (1.01) 4.22(1.01) 4.23(1.02) 4.103). 4.16 (1.02) 4.11(1.06) 4.24 (0.99) 4.22 (1.04)29 (0.94)
Item 3 3.88 (1.21) 3.89(1.20) 3.84(1.22) 3.847)., 3.92(1.16) 3.81(1.20) 3.93(1.15) 3.95(1.18)89 (1.17)
ltem 4 2.96 (1.24) 2.98(1.23) 2.90(1.26) 2.919). 2.93 (1.20) 2.87 (1.17) 2.98(1.20) 2.98 (1.22)89 (1.17)
ltem 5 4.09 (1.11) 4.10(1.09) 4.07 (1.14) 4.02Q). 4.03 (1.10)) 4.00(1.12) 4.05(1.09) 4.04 (1.1@)08 (1.07)
Item 6 2.91(1.22) 2.92(1.21) 2.88(1.22) 2.98%). 2.98 (1.18) 2.99(1.17) 3.07 (1.17) 3.08 (1.13)05 (1.17)
ltem 7 3.76 (1.24) 3.77 (1.24) 3.72(1.25) 3.72Q)., 3.76 (1.21) 3.67 (1.20) 3.85(1.15) 3.84(1.18)87 (1.10)
Item 8 4.07 (0.95) 4.07 (0.95) 4.07 (0.94) 4.09%p. 4.03 (0.93) 3.97 (0.99) 4.09 (0.93) 4.08 (0.93)09 (0.93)
N 4,081 2,825 1,256 4,225 2,875 1,350 4,014 2,772 | 2421




7.3  Coefficientsfrom analyses

Appendix 3. Coefficient Estimates and Standard Errorsfor Best Fitting Models

Panel A: Social Cohesion and Trust (SCT)

Within Level

Measurement Model Estimate | S.E.
Wave 2

This is a close-knit neighborhood. 1.600

People around here are willing to help their neagbb 0.702*** | 0.026
People in this neighborhood can be trusted. 0.594%10.027
People in this neighborhood do not share the sahes. 0.460*** | 0.024
Wave 3

This is a close-knit neighborhood. 1.000

People around here are willing to help their neagbb 0.707** | 0.018
People in this neighborhood can be trusted. 0.601710.019
People in this neighborhood do not share the satuey. 0.310*** | 0.022
Wave 4

This is a close-knit neighborhood. 1.600

People around here are willing to help their neagkb 0.681*** | 0.021
People in this neighborhood can be trusted. 0.626%10.024
People in this neighborhood do not share the sahes. 0.330*** | 0.029
Structural Model

Covariate

SCT Wave 3 ON SCT Wave 2 0.774*%  0.018
SCT Wave 4 ON SCT Wave 3 0.774*4 0.018
Between Level

Measurement Model

This is a close-knit neighborhood. (Wave 2) 1000

People around here are willing to help their neagsb(Wave 2) 1.440%* | 0.118
People in this neighborhood can be trusted. (Wave 2 1.453*** | 0.133
People in this neighborhood do not share the saues. (Wave 2) | 1.186***| 0.132
This is a close-knit neighborhood. (Wave 3) 0.880*1 0.077
People around here are willing to help their negsb(Wave 3) 1.231** | 0.104
People in this neighborhood can be trusted. (Wave 3 1.631*** | 0.155
People in this neighborhood do not share the saues. (Wave 3) | 1.282***| 0.157
This is a close-knit neighborhood. (Wave 4) 0.886*1 0.092
People around here are willing to help their neagsb(Wave 4) 1.232** | 0.110
People in this neighborhood can be trusted. (Wave 4 1.544*** 10.132
People in this neighborhood do not share the safues. (Wave 4) | 1.434***| 0.132
Structural Model

Social Cohesion and Trust ON:

Concentrated Disadvantage -0.079*** | 0.008




Median Income 0.030* 0.013
Residential Stability -0.018* 0.007
Ethnic Diversity -0.129* 0.060

Notes: # Coefficient estimate fixed at 1.000 totketscale for the latent variable; €{@.05,

**p < 0.01, **p < 0.001
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Panel B: Reciprocated Exchange (RE)

Within Level

Measurement Model Estimate S.E.
Wave 2

How often do you and people in your neighborhogit vin 1.000

each other’s homes or on the street?

How often do you and people in your neighborhoodadors | 0.845*** 0.025
for each other?

How often do you and people in your neighborhoddesch | 1.044*** 0.023
other for advice about personal things such asl cbdring or

job openings?

Wave 3

How often do you and people in your neighborhoasit vin 1.000

each other’s homes or on the street?

How often do you and people in your neighborhoodadors | 0.838*** 0.018
for each other?

How often do you and people in your neighborhoddessh | 0.851*** 0.021
other for advice about personal things such asl cbdring or

job openings?

Wave 4

How often do you and people in your neighborhoait vin 1.000

each other’s homes or on the street?

How often do you and people in your neighborhoodadors | 0.818*** 0.022
for each other?

How often do you and people in your neighborhoddessch | 0.824*** 0.022
other for advice about personal things such asl cbdring or

job openings?

Structural Model

Covariate

RE Wave 3 ON RE Wave 2 0.815*** 0.018
RE Wave 4 ON RE Wave 3 0.815*** 0.018
Between L evel

Measurement Model

How often do you and people in your neighborhoodadors | 1.000

for each other? (Wave 2)

How often do you and people in your neighborhoaik ¥ 1.075%** 0.110
each other’s homes or on the street? (Wave 2)

How often do you and people in your neighborhoddesch | 0.966*** 0.081
other for advice about personal things such asl c¢bdring or

job openings? (Wave 2)

How often do you and people in your neighborhoodadors | 1.263*** 0.110
for each other? (Wave 3)

How often do you and people in your neighborhogsit vin 1.112%** 0.112

each other’s homes or on the street? (Wave 3)
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How often do you and people in your neighborhoddesch | 0.899*** 0.175
other for advice about personal things such asl ¢bdring or

job openings? (Wave 3)

How often do you and people in your neighborhoodadors | 1.212*** 0.106
for each other? (Wave 4)

How often do you and people in your neighborhogsit vin 1.034*** 0.111
each other’s homes or on the street? (Wave 4)

How often do you and people in your neighborhoddesch | 0.884*** 0.159
other for advice about personal things such asl c¢bdring or

job openings? (Wave 4)

Structural Model

Reciprocated Exchange ON:

Not Flooded

Concentrated Disadvantage 0.000 0.013
Median Income -0.039 0.017*
Residential Stability -0.584 0.107***
Ethnic Diversity 0.095 0.024***
Flooded

Concentrated Disadvantage -0.012 0.013
Median Income 0.005 0.018
Residential Stability -0.364 0.112%**
Ethnic Diversity 0.077 0.025**

Notes: # Coefficient estimate fixed at 1.000 totketscale for the latent variable; €@.05,

**p < 0.01, **p < 0.001
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Panel C: Collective Efficacy (CE)

Within Level

Measurement Model

How likely is it that people in your neighborhoodwd do
something if:

Wave 2 Estimate S.E.

a group of neighborhood children were skipping stho 1.000

some children were spray painting graffiti 0.882*** 0.035
there was a fight in front of your house 0.757** .008

a child was showing disrespect 0.753*** 0.041
someone was publicly dealing drugs in your neighbod 0.864*** 0.042
someone was drunk in public in your neighborhood 87D+ 0.038
people were speeding in cars along the streetsun y 0.857*** 0.038
neighborhood

somebody was getting mugged 0.751*** 0.038
Wave 3

a group of neighborhood children were skipping stho 1.000

some children were spray painting graffiti 0.880***| 0.031
there was a fight in front of your house 0.820*** 082

a child was showing disrespect 0.820*** 0.032
someone was publicly dealing drugs in your neighbod 0.896*** 0.036
someone was drunk in public in your neighborhood 920 0.038
people were speeding in cars along the streetsun y 0.908*** 0.039
neighborhood

somebody was getting mugged 0.763*** 0.036
Wave 4

a group of neighborhood children were skipping stho 1.000

some children were spray painting graffiti 0.840***| 0.030
there was a fight in front of your house 0.726*** .001

a child was showing disrespect 0.787*** 0.033
someone was publicly dealing drugs in your neighbod 0.908*** 0.038
someone was drunk in public in your neighborhood 880+ 0.041
people were speeding in cars along the streetsun y 0.893*** 0.043
neighborhood

somebody was getting mugged 0.714*** 0.035
Structural Model

Covariate

Not Flooded

CE Wave 3 ON CE Wave 2 0.730*** 0.038
CE Wave 4 ON CE Wave 3 0.824*** 0.041
Flooded

CE Wave 3 ON CE Wave 2 0.844*** 0.050
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CE Wave 4 ON CE Wave 3 0.855*** 0.054
Between L evel

Measurement Model

How likely is it that people in your neighborhoodwd do

something if:

a group of neighborhood children were skipping stif¢/ave | 1.000

2)

some children were spray painting graffiti (Wave 2) 0.703*** 0.049
there was a fight in front of your house (Wave 2) 51Q*** 0.062

a child was showing disrespect (Wave 2) 0.289**t 0Fh
someone was publicly dealing drugs in your neighbod 0.568*** 0.069
(Wave 2)

someone was drunk in public in your neighborhoo@vyeé/2) 0.338*** 0.056
people were speeding in cars along the streetsun y 0.393*** 0.058
neighborhood (Wave 2)

somebody was getting mugged (Wave 2) 0.457**F 0.049
a group of neighborhood children were skipping stifé¢/ave | 1.065*** 0.068
3)

some children were spray painting graffiti (Wave 3) 0.821*** 0.059
there was a fight in front of your house (Wave 3) S40*** 0.073

a child was showing disrespect (Wave 3) 0.414*r 0853
someone was publicly dealing drugs in your neighbod 0.675*** 0.097
(Wave 3)

someone was drunk in public in your neighborhoo@vyé/3) 0.348*** 0.055
people were speeding in cars along the streetsun y 0.528*** 0.072
neighborhood (Wave 3)

somebody was getting mugged (Wave 3) 0.531**F 0.055
a group of neighborhood children were skipping stifé¢/ave | 1.049*** 0.070
4)

some children were spray painting graffiti (Wave 4) 0.780*** 0.061
there was a fight in front of your house (Wave 4) S1gr** 0.063

a child was showing disrespect (Wave 4) 0.524** 04l
someone was publicly dealing drugs in your neighbod 0.697*** 0.081
(Wave 4)

someone was drunk in public in your neighborhooc¢&/4) 0.431*** 0.061
people were speeding in cars along the streetsun y 0.449*** 0.065
neighborhood (Wave 4)

somebody was getting mugged (Wave 4) 0.448**F 0.044
Structural Model

Collective Efficacy ON:

Not Flooded

Concentrated Disadvantage -0.137**f  0.019
Median Income -0.054 0.031
Residential Stability -0.611** | 0.154
Ethnic Diversity 0.104** 0.039

|
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Flooded

Concentrated Disadvantage -0.092**f  0.026
Median Income 0.028 0.032
Residential Stability -0.808*** | 0.206
Ethnic Diversity 0.188*** 0.048

Notes: # Coefficient estimate fixed at 1.000 totketscale for the latent variable; €@.05,

**p < 0.01, **p < 0.001
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