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ABSTRACT 

The present study conducts a nationwide study of the association of toxic industrial pollution and 
the facilities that produce it on trust and civic engagement. Data on pollution exposure come 
from the Risk-Screening Environmental Indicators Geographic Microdata (RSEI-GM) and Toxic 
Release Inventory (TRI) datasets for the years 1995 to 1999. Data on trust and civic engagement 
come from the 2000 restricted-access Social Capital Community Benchmark Survey (SCCBS). 
Statistical analyses indicate that exposures to more toxic air pollution associate negatively with 
various measures of trust and that increased numbers of TRI facilities associate negatively with 
various measures of civic engagement. The implication is that exposures to toxic industrial air 
pollution and the facilities that produce it not only adversely affect the physical health of nearby 
communities but also their social wellbeing, including underlying capacities for collective action.  
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Toxic Industrial Air Pollution’s Links to Trust and Civic Engagement: 

A Nationwide Study of the Socioenvironmental Nature of Social Capital 

 

A long line of research has documented the importance of social movements for bringing 

attention to and remedying environmental injustices. On the more progressive side, work for 

environmental justice (EJ) scholars has used case studies to highlight how coalitions — 

especially those born from communities that have endured systemic oppression — have fought 

against environmental racism. An early, notable example is the 1982 Warren County protest by 

its majority-African American residents against the siting of a toxic landfill (Taylor 2014; U.S. 

Department of Energy n.d.). After the court ruled in favor of the state of North Carolina and 

allowed for toxic waste to be dumped in their neighborhood, community activists formed the 

Warren County Citizens Concerned about PCBs. To that end, while residents were concerned 

with threats of groundwater contamination and losses to their local economy, their disruptive 

protests focused mainly on environmental racism (McGurty 1997). While their initial protests 

failed to stymie dumping, residents remained undeterred and eventually provided enough 

evidence through meticulous monitoring and recording for the court to hold the state liable for all 

subsequent cleanup costs (Taylor 2014; U.S. Department of Energy n.d.). 

 On the more regressive side, “Not In My Backyard” (NIMBY) movements, or what 

Thomas Rudel (2013) terms “defensive environmentalism,” also serve as pertinent cases of 

collective resistance against environmental threats. NIMBYism resembles EJMs as a form of 

collective resistance to threats but departs from it through its wider application outside of 

environmental hazards and the focus of only opposing local developments seen as threats for 

one’s own community (Heiman 1990; Rudel 2013). For instance, Futrell’s (2003) ethnography 
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found that residents in Madison County, Kentucky — who initially protested the U.S. Army’s 

plans to incinerate chemical weapons nearby — became increasingly supportive of the army’s 

plans as long as the waste byproducts were not buried in their “backyard” but instead transported 

elsewhere. 

Together, both lines of research have illuminated the power of environmental threats to 

affect social dynamics, especially people’s capacity to bond and engage in civic action. In the 

same vein, these case studies also illustrate the importance of social capital for successful 

collective actions. Yet, as valuable as these insights remain, the case-study approach from which 

they emerge leaves important questions unresolved. First and in general, does the degradation of 

one’s immediate residential environment — especially from industrial pollution — promote 

social capital, whether progressively or regressively, by presenting a common threat? Or, are the 

cases commonly highlighted in environmental justice research exceptions rather than examples 

of what typically occurs? Could it be that, in general, environmental degradation actually erodes 

residents’ social capital, making it more difficult to act collectively on their own behalf? 

Keeping in mind that not all forms of social capital tend to promote collective action, the 

present study will answer these questions through examining how increases in toxic industrial air 

pollution and the facilities that produce them are associated with nearby levels of trust and civic 

engagement — specific dimensions of social capital that are seen as integral for successful 

collective action, when it does occur (Ostrom and Ahn 2007; Siisiäinen 2000; Veenstra 2002). 

Data on trust and civic engagement come from the 2000 Social Capital Community Benchmark 

Survey (SCCBS) collected by the Saguaro Seminar at the John F. Kennedy School of 

Government, Harvard University (Roper Centre 2000). Data on toxic exposures and facilities 

come from the Environmental Protection Agency (EPA); specifically, the Risk-Screening 

Environmental Indicators Geographic Microdata (RSEI-GM) and the Toxic Release Inventory 
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(TRI) — data from the years 1995 to 1999 were employed for both, prior to data collected on 

social capital. Broadly, results indicate strong negative effects of toxic pollution and facilities on 

trust and civic engagement across an array of measures, raising questions about the social 

impacts of pollution on communities not commonly highlighted in environmental justice 

research. 

 

SOCIAL CAPITAL: TRUST AND CIVIC ENGAGEMENT 

The concepts of trust and civic engagement as dimensions of social capital essential for 

collective action1 are most prominently linked to Putnam’s network perspective on social capital 

(2000). According to Putnam (2000:19), social capital refers to “connections among individuals 

— social networks and the norms of reciprocity and trustworthiness that arise from them.” This 

network perspective of social capital broadly centers around interpersonal connections and 

relationships that allow for broader access to resources and information, power, and most 

importantly, environments that encourage the attainment of shared goals through collective 

action (Adler and Kwon 2002; Putnam 2000). In this sense, social capital is the precondition for 

effective collective action, which then leads to the fulfillment of social goals, including rallying 

against culpable government bodies and polluting industries to amelioration of the negative 

impacts of nearby pollution. 

According to Putnam (2000), social capital commonly consists of accepted moral 

obligations and norms, trust, and social networks formed through civic engagement, all of which 

 
1 While trust and civic engagement are seen as foundational to the concepts of collective efficacy and collective 
action, the former is defined mostly as a psychological state of perceived collective capacity, and the latter is a 
tangible outcome that may arise from that capacity (Collins, Neal, and Neal 2014). From this perspective, social 
trust and civic engagement lead to collective efficacy, which is a necessary but insufficient condition for subsequent 
collective action. In this way, one can assume that associations between social capital and collective efficacy will be 
substantively aligned to those found between social capital and collective actions. As such, this study will only focus 
on the concept of collective action to reduce theoretical complexity.  
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support collective problem solving. First, trust is pertinent in situations where one is unable to 

predict the reactions of another in the absence of generalized role expectations and prior 

interactions (Siisiäinen 2000). In addition, Suh and Reynolds-Stenson (2016) further explain that 

trust in others is integral for collective action such as political participation for a few key 

reasons: i) trust reduces complexity of relationships while instilling a sense of security; ii) trust 

reduces perceptions of risk and uncertainty when participating in collective movements; iii) trust 

facilitates information distribution; and iv) trust increases individual’s sense of control. 

In addition to trust, civic engagement is also an integral dimension of social capital for 

successful collective actions (Ostrom and Ahn 2007; Putnam 2000; Siisiäinen 2000; Veenstra 

2002). This is the case because when individuals are tightly woven in civic networks, their close 

interactions can enhance reciprocity-based trust as well as enable individuals to discern and 

punish opportunistic behaviors, should they arise (Ostrom and Ahn 2007; Siisiäinen 2000; 

Torsvik 2000). Moreover, civic participation in voluntary associations also helps to facilitate 

communications on the trustworthiness of individual members, lowering overall risk for the 

collective (Ostrom and Ahn 2007; Siisiäinen 2000; Suh and Reynolds-Stenson 2016). 

Additionally, some scholars posit that networks and coalitions that are racially and economically 

heterogeneous are more likely to succeed because of their ability to bridge and leverage differing 

forms of social capital that varying members have access to (Ard and Fairbrother 2017; Ostrom 

2010).  

In these ways, trust and civic engagement share a symbiotic and overlapping relationship 

that is generally understood to be productive for collective capacity and action. Generalized trust 

facilitates the notion of “brave reciprocity” (Siisiäinen 2000:3) as well as the formation of social 

networks and civic associations, which in turn promote more trust (Siisiäinen 2000; Veenstra 

2002), each helping to feed the other. 
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Social Capital and the Environment 

The integration of social capital into environmental sociology has gained traction in recent 

decades especially within disaster-related literature due to its efficacy for the development and 

maintenance of community resilience. Social capital is important for community resilience as 

social relationships, or ties in a community, provide for communal insurance, or capital, that 

members can freely use to exchange pertinent resources and hold those with power accountable 

(Brisson and Usher 2005; Mix 2011; Tierney 2014). 

         In the case of disaster relief, when a community is able to build resilience through the use 

of social capital, it increases their overall communication effectiveness, physical and mental 

health, stake in local governance, community-based activism, and overall preparedness as well as 

recovery from major environmental events (Aldrich, Page-Tan and Fraser 2018; Kim 2018; 

Shimada 2015). After Hurricane Katrina, for example, Vietnamese Americans were quick to 

return to their heavily flooded homes outside New Orleans despite their relatively disadvantaged 

financial and educational positions. This return was enabled by their strong personal ties and 

organizational connections through the local Mary Queen of Vietnam (MQVN) Catholic Church, 

which helped residents evacuate and then return to rebuild not as isolated individuals but as 

members of a connected community (Chamless-Wright and Storr 2009; VanLandingham 2017). 

Similarly, the Path of Least Resistance (POLR) hypothesis in environmental justice 

scholarship also signals the importance of existing social capital as a defense mechanism against 

potential exposures to toxic pollution. POLR’s central argument is that poor and minority 

communities are frequently targeted as sites for toxic industrial facilities because they are less 

likely or not empowered enough to resist such incursions (Bullard 1983; Taylor 2014). While 

empirical validation of the POLR hypothesis remains mixed to date, many scholars still agree 

that companies seek out communities that have little to no social capital and collective efficacy 
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in order to avoid social resistance to environmental harms they bring (Pastor, Sadd, and Hipp 

2001; Taylor 2014). 

  Additionally, scholars such as Adger (2003) have also discussed social capital’s efficacy 

in enhancing a community’s adaptation capacities from climate change; arguing that when 

adaptation processes are materialized locally through social capital and not from top-down 

institutions, the onus of addressing issues of climate change shift from the “global others” to 

themselves, inciting collective action through shared ownership and responsibility. Adger (2003) 

further posits that social capital can be a very powerful resource for communities that do not 

possess much economic capital or governmental support, especially in a time where natural 

disasters stemming from climate change such as floods, hurricanes, and earthquakes get 

increasingly unpredictable, intense, and costly. 

 

Industrial Pollution Increases Social Capital 

While there is an abundance of literature that addresses the benefits and disadvantages of 

possessing and not possessing different forms of social capital and how that in turn impacts a 

community’s ability to recover from catastrophic disasters or resist the siting of a new industrial 

facility, very little research exists on how social capital relates to less visible and more quotidian 

forms of environmental threats that are already present — such as toxic air pollution and the 

facilities that produce it. The sociological concept of environmental justice movements (EJMs), 

however, helps to illuminate that blind spot. Born from the systemic, disproportionate siting of 

hazardous sites in poor and minority communities, scholarship on EJMs describes “community-

based resistance to facility siting” (Pellow, Weinberg, and Schnaiberg 2002:426) and is grounded 

in the principle that “all people and communities are entitled to equal protection of 

environmental and public health laws and regulations” (Bullard 1996:495). 
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EJMs can be seen as a form of collective action that emerges when communities lose 

trust in the state and perceive that its environmental regulatory processes have failed to bring 

attention to- and sanction illegal and hazardous industrial polluters despite prior appeals for help 

(Cable and Benson 1993). To that end, Mix (2011:190) finds that local-EJ coalition building 

focuses on “personal connections and interactions to align organizational goals and build trust 

and communication among groups.” In other words, EJ coalitions — like all forms of collective 

action — rely on trust and civic engagement for their proliferation and success. Furthermore, 

Mix (2011) suggests that inter-group network building and coalition formation for fulfilment of 

community-shared goals may also in turn help to increase levels of social capital. In this way, 

while working-class groups may not possess as much experience with civic and political 

organizations or collective organizing routines, they may nonetheless possess trust and 

familiarity with one another that allows them to mobilize and remain committed to their cause. 

Brulle and Pellow (2006) posit that the rise of such local, community EJMs in recent 

decades have had powerful impacts on litigation and state as well as national politics. In heavily 

industrialized cities such as Houston, Texas, for example, otherwise marginalized communities 

have formed local community EJMs that have pushed lawmakers not only to acknowledge 

persistent environmental inequalities using state resources, but also to impose more sanctions 

and accountability onto polluting facilities (Houston Chronicle 2019). 

         In April 2019, for example, residents of Kashmere Gardens collectively resisted after 

discovering Union Pacific’s prolonged efforts of discreetly contaminating their neighborhood 

with creosote, a known cancer-causing chemical. The majority-African American residents first 

sought the help of a free legal aid provider to force the government’s hand in imposing more 

regulations on the railroad company. Their efforts then led the Texas Commission on 

Environmental Quality (TCEQ) to formally request that Pacific Union either conduct air quality 
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tests in the neighborhood or propose more effective cleanup efforts. The state then sent health 

officials to conduct a cancer-cluster study to better investigate the cancerous health risks 

involved with the chemical contamination (Houston Chronicle 2019). Kashmere Gardens’ fight 

against Union Pacific serves as a pertinent illustration that low-income and/or minority 

communities do not necessarily lack the forms of social capital needed for successful self-

organized collective action, and that they too, are able to create avenues in the political process 

that can help ameliorate, or even mitigate discriminatory environmental threats.  

Overall, this research on EJMs suggests that when communities are polluted and become 

distrustful and disillusioned by the state’s unwillingness to sanction local emitters, it pushes them 

to cultivate and promote social capital as a form of collective resistance and adaptation — 

increasing trust and civic engagement on the local level. From this perspective, it is possible that 

environmental threats actually promote social capital, as members of local communities come to 

see themselves as just that: communities. 

 

Industrial Pollution Decreases Social Capital 

While inferences from research on EJMs suggest that social trust and civic engagement is likely 

to increase in the face of heightened industrial pollution and the facilities that produce it, 

research on industrial and natural-technological (natech) disasters suggests otherwise. To that 

end, scholars have rightfully pointed out that while the distinctions between natural and natech 

disasters have been increasingly muddied — citing incidents such as the breaching of levees in 

New Orleans which further exacerbated Hurricane Katrina’s destruction — natech disasters 

diverge from natural ones in that they involve some level of “recreancy” that can lead to the 

fragmentation of existing social structures and relationships (Freudenburg and Jones 1991; 

Ritchie, Gill, and Farnham 2012). Contrastingly, when communities have broad consensus with 
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regards to the disaster agent responsible for damages and are in agreement that the event was 

unpreventable — such as those from natural disasters — “therapeutic communities” tend to form 

(Cuthbertson and Nigg 1987). According to Cuthbertson and Nigg (1987:463), therapeutic 

communities describe post-natural disaster environments that “creates within the stricken 

community an ambience of solidarity and unity of purpose essential for beginning the process of 

disaster recovery.” 

 According to Freudenburg and Jones (1991), when there is evidence of recreancy — or 

an actor’s failure to enact responsibility for their operations and actions — the social fabric of a 

community tends to break down; creating what scholars now call “corrosive communities.” 

Corrosive communities describe “post-disaster environments in which relationships are 

negatively altered and social support is diminished” through social and institutional processes 

that lessen trust and civic engagement amongst residents (Richie, Gill, and Long 2018:1657). To 

that end, scholars further elaborate that institutional processes such as litigations against 

corporate offenders that follow industrial and/or natech catastrophes are immense sources of 

stress and distrust towards institutions both amongst individuals and social groups; citing issues 

such as the absence of accountability, transparency, fair compensation, and clear indications of 

final settlements from offending companies as key contributors (Richie, Gill, and Long 2018; 

Thomas, Elliott, and Chavez 2019). 

Perhaps what is most disconcerting is that the increase in distrust towards institutions 

within corrosive communities will also inadvertently spill over to others within the community. 

Through their research on post-traumatic stressors from the 2010 BP Deepwater Horizon oil 

spill, Ritchie, Gill and Long (2018) found that besides bureaucratic idiosyncrasies, resource loss 

and threats of resource loss are also significant contributors to intrusive stress and avoidance 
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behaviors. The precarity of resources that emerge from natech catastrophes, they argue, can 

contribute to post-traumatic stress disorders, reduce collective trust, and the strength of social 

connections amongst residents. Additionally, other stressors such as disagreements over 

ambiguous scientific reporting on the actual scope of harm and resentment from the non-

victimized residents in light of potential economic repercussions and unwanted media attention 

can also further exacerbate the fragmentation of the community’s collective trust and civic 

engagement (Dawson 1993; Freudenburg and Jones 1991). 

 In addition, Freudenburg and Jones (1991) contend that these adverse effects of 

environmental threats on social trust and engagement are not limited to catastrophic events — 

arguing that disproportionate exposures to pollutants and their polluters are still able to induce 

social and psychological stress due to the uncertainty of the physical harms that toxic emissions 

can cause, and who is actually to blame for it. These forms of uncertainty will also be further 

exacerbated as people do not interpret hazards in the same way — further sowing distrust and 

isolation within communities (Freudenburg and Jones 1991).  

 Such divisions amongst community members can also be further intensified through 

corporate manipulation; with Taylor (2014:51) finding that in cases of strong collective 

resistance towards corporate exploitation of native lands, “handpicked locals or “tribal 

representatives” are installed by decision makers and spokespersons for the target community.” 

The formation of such “tribal councils” further pits indigenous peoples against one another, 

silences views from traditional tribal leaders, and promotes the exploitation of tribal lands and 

peoples (Taylor 2014). 

Overall, the literature on “corrosive communities” suggest that disproportionate 

exposures to toxic pollutants and their polluters — when compounded by factors such as 

bureaucratic idiosyncrasies and recreancy — can fragment the social fabric of a community 
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through inducing intrusive stress, avoidance behaviors, and resentment amongst residents. From 

this perspective, it is possible that environmental threats dilute collective social capital, eroding 

not just the physical, but also the social health of a community. 

 

Summary and Hypotheses 

In summary, a review of pertinent literature presents two competing perspectives on the general 

relationship between exposures to environmental threats — especially industrial pollution and its 

producers — and social capital. These distinct schools of thought and accompanying hypotheses 

are presented schematically in Figure 1. Specifically, Hypothesis 1 posits that such 

environmental hazards spur collective capacity through increases in trust and civic engagement 

that can then eventually manifest into progressive or regressive forms of collective action. By 

contrast, Hypothesis 2 posits that human-made environmental hazards erode collective capacity 

and social capital, which in turn contributes to collective inaction and forms of corrosive 

communities. The empirical aim of this study is to assess these divergent hypotheses and, in the 

process, improve understandings of how environmental dynamics affect social life, rather than 

simply vice versa. 

  

[Figure 1 about here] 
 
 
DATA & MEASURES 

Data on individual levels of trust and civic engagement come from the 2000 Restricted-access 

Social Capital Community Benchmark Survey (SCCBS) conducted by the John F. Kennedy 

School of Government at Harvard University (Roper Center 2000). The advantages of this 

dataset for the present study are multiple. First, the SCCBS is by far the most comprehensive 
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survey conducted on social capital and civic engagement in the United States, asking many 

questions on multiple dimensions of social capital. Second, relevant measures and indices in the 

dataset have been extensively validated by Putnam, the Principal Investigator, as well as a 

myriad of other scholars quantitatively studying various aspects of social capital (Ard and 

Fairbrother 2017; Putnam 2000; Weil, Lee and Shihadeh 2011). Third, the restricted-access 

version of the dataset provides geographic identifiers for respective respondents at the level of 

1990 census block group, which is critical for linking respondents to data on local environmental 

exposures (described below).  

While census block groups are nested within counties and census tracts and form the 

smallest geographical unit of which respondents in the SCCBS are linked to, this study’s main 

unit of analysis will be aggregated to the level of census tracts. Although block group analyses 

more closely resemble “neighborhoods” — generally encompassing only 600 to 3000 people — 

employing a geographically larger unit of analysis such as the census tract increases the 

reliability of my analysis and reduce chances for random error as estimates tabulated from small 

spatial units such as block groups are based on very few observations (United States Census 

Bureau n.d.). 

 The SCCBS was fielded in 41 communities2 and also nationwide from July through 

November, 2000. Within the sample, respondents are recruited using random-digit-dialing (RR), 

 
2 Communities in the 2000 SCCBS include: Atlanta Metro (GA), Baton Rouge (LA), Birmingham Metro (AL), 
Bismarck (ND), Boston City (MA), Boulder County (CO), Central Oregon, Charlotte (NC), Chicago Metro (IL), 
Cincinnati Metro (OH), Cleveland / Cuyahoga County (OH), Delaware, Denver City and County (CO), Detroit 
(MI), East Tennessee, Fremont/Newaygo County (MI), Grand Rapids City (MI), Greensboro/Guilford County (NC), 
Houston/Harris County (TX), Indiana, Kalamazoo County (MI), Kanawha Valley (WV), Lewiston-Auburn (ME), 
Los Angeles County (CA), Minneapolis (MN), Montana, New Hampshire, North Minneapolis (MN), 
Peninsula/Silicon Valley (CA), Phoenix/Maricopa County (AZ), Rochester Metro (NY), San Diego County (CA), 
San Francisco City (CA), South Dakota (Rural), Seattle (WA), St Paul Metro (MN), Syracuse/Onondaga County 
(NY), Winston-Salem/Forsyth County (NC), Yakima (WA), York (PA). These 41 communities were selected by 
participating community organization sponsors. The nationwide sample, on the other hand, was sponsored by the 
Ford Foundation. 
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with completed interviews averaging approximately 26 minutes. The final sample consists of a 

total of 29,233 adults in as many households; with 3003 adults from the nationwide sample. To 

that end, a comparison of key demographic characteristics such as race, gender, and educational 

attainment between the 2000 SCCBS and 2000 census indicate an overrepresentation (not within 

a +/- 5% range) of females (58.82% in SCCBS vs. 50.9% in census) and those with graduate or 

professional degrees (16.65% in SCCBS vs. 8.9% in census), a bias that I account for during 

statistical analyses by means of control variables. Relatedly, respondents were also sampled from 

an expansive array of counties and census tracts. From that total sample, preliminary analyses 

reveal that n=368 respondents lack valid state and county codes, and another n=718 lack valid 

census tract codes. The n=368 respondents with no recorded state and county codes are all 

recorded as Native Americans living in rural, southeast South Dakota, which may reflect 

confidentiality issues. The other n=718 respondents with invalid census tract codes have 

comparable demographics with the main analytic sample with valid geographic identifiers in 

terms of census divisions, metropolitan status, and age. The deletion of cases with missing 

geographic identifiers brought the analytic sample to n=28,147 individuals residing within 9,610 

unique census tracts (or 96.3% of the original 29,233 respondents). 

 

Measures of Trust   

Analyses focus on two major dimensions of social capital that have been identified in prior 

research as being integral to collective action: trust and civic engagement. Consistent with 

Newton’s (2001) view that different forms of trust are developed through different types of 

social interactions, the present study measures trust along three distinct dimensions: trust in 

neighbors; trust in racial groups other than your own; and trust in local government. Trust in 
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neighbors (variable “trnei” in the SCCBS) is coded as a four-category likert scale: 1= trust them 

not at all; 2= trust them only a little; 3= trust them some; and 4= trust them a lot. Inter-racial 

trust is measured using a composite index (variable “racetrst” in the SCCBS) that approximates 

the mean level of trust that respondent has in racial groups other than the respondent’s own. It 

ranges from 0 to 3, with higher values denoting higher levels of trust in other racial groups in 

general. Trust in local government is measured using a four-category likert scale (variable 

“tgloc” in the SCCBS): 1= hardly ever; 2= some of the time; 3= most of the time; and 4= just 

about always. Descriptive statistics for these and other variables appear in Table 1. 

  

[Table 1 about here] 

  

To that end, the 2000 SCCBS codes “does not apply”, “refused”, and “don’t know” 

responses as missing, yielding n=751 (or 2.6% of total analytic sample) missing cases for trust 

towards neighbors and n=542 (or 1.9% of total analytic sample) missing cases for trust towards 

local governments. Additionally, in constructing the interracial trust composite index, the 

SCCBS only takes into consideration respondents that answer at least two out of the three 

interracial trust questions, yielding n=4739 (or 16.8% of total analytic sample) missing cases. 

  

Measures of Civic Engagement 

Likewise, civic engagement is measured along three distinct dimensions: electoral political 

participation, non-electoral political participation, and organizational activism. Specifically, 

electoral political participation (variable “elecpol2” in the SCCBS) is created using the mean 

score of five different types of actions: (a) past voting, (b) voter registration, (c) interest in 

politics and national affairs, (d) political knowledge of U.S. senators, and (e) frequency of 
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newspaper reading; to which yields a continuous index that ranges from 0 to 5, with higher 

values denoting more participation. 

         Similarly, non-electoral political participation (variable “protest” in the SCCBS) is 

created using the mean score of seven different types of action: (a) belonging to any group that 

took local action for reform, (b) attending a political meeting or rally in the past 12 months, (c) 

signing a petition in the past 12 months, (d) participation in a political group, (e) participating in 

demonstrations, boycotts, or marches in the last 12 months, (f) participating in ethnic, 

nationality, or civil rights organization, and (g) participating in a labor union; to which yields a 

continuous index that ranges from 0 to 7, with higher values denoting more participation. 

Finally, organizational activism (variable “macher” in the SCCBS) is a continuous index 

consisting of the factor score resulting from a principal components analysis of four components: 

(a) number of formal group involvements (excluding church membership), (b) serving as an 

officer or on a committee, (c) number of public meetings attended, and (d) number of public 

meetings attended discussing school or town affairs. This measure has a range of -.89 to 6.66, 

with higher positive values denoting more participation.  

Like the trust covariates, the 2000 SCCBS codes “does not apply”, “refused, “don’t 

know” responses as missing; yielding n=7 (or .02% of total analytic sample) missing responses 

for electoral political participation and n=6 (or .02% of total analytic sample) missing responses 

for non-electoral political participation. Finally, in constructing the organizational activism 

index, the SCCBS only takes into consideration those respondents that answer at least two out of 

three of the following questions: frequency of attending public meetings, club meetings, and 

local community events, yielding n=127 (0.45% of total analytic sample) missing responses. 
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Measures of Environmental Hazards 

Like social capital, exposure to environmental hazards is measured along two key dimensions: 

polluting facilities that comprise visible parts of the local built environment; and toxic 

uncertainties that pose more invisible, though nonetheless real, threats to human health. Both are 

aggregated to the level of census tracts using data from the 1995-1999 period for two reasons. 

First, measuring environmental hazards temporally prior to observed measures of social capital 

in 2000 (described above) is consistent with the overriding proposition that such hazards 

influence social capital. Second, annual data are aggregated over a span of five years to increase 

measurement reliability and to reduce random error that can result from annual fluctuations in 

pollution reporting, especially in areas with few industrial facilities.  

To that end, this study follows the working assumption that awareness of toxic pollution 

can stem from two distinct but overlapping sources: its toxicity, which is linked to diminished 

health; and its physical presence, which is linked to the number of visible facilities nearby. While 

the assumption that residents are aware of exposures to air pollution through the visibility of 

facilities is well-justified, there have also been studies that empirically support the assumption 

that perceptions of exposure to anthropogenic pollution are higher in geographical areas that are 

more polluted (Ard and Fairbrother 2017; Coi, Minichilli, Bustaffa, Carone, Santoro, Bianci, and 

Cori 2016). Other scholars also find that the sitting of toxic industrial facilities not only 

significantly devalue the properties around it economically, but also risks the fragmentation of a 

community’s social fabric and capital as those who can afford to move, will move (McClelland, 

Schulze, and Hurd 1990; Taylor 2014).  

  

 



 17 

Measures of Environmental Hazards: Numbers of Large Polluting Facilities 

Data on the presence of large polluting facilities come from the Environmental Protection 

Agency’s (EPA) 1995 – 1999 Toxic Release Inventory (TRI). The TRI contains annually 

collected data on more than 20,000 large industrial facilities in the U.S. that are (a) involved in 

manufacturing, metal mining, electric power generation, chemical manufacturing, and hazardous 

waste treatment, (b) has ten or more full-time employees, and (c) involved in the manufacturing 

and processing of more than 25,000 pounds of a TRI-listed chemical, or usage of more than 

10,000 pounds of a TRI-listed chemical in a given year (EPA 2019). With these data, I first 

geocode each unique TRI facility observed during the 1995-99 period into its respective 1990 

census tract geographic identifier using the shapefiles made available by the National Historical 

Geographic Information System (NHGIS) on ArcGIS Pro, a geographic information system 

(GIS) program. The result is a total of n=25,187 unique facilities that were in operation for at 

least a year during the years 1995 to 1999, nested within n=14,147 unique census tracts.             

I then merge the 2000 SCCBS and TRI datasets using the 1990 census tract identifiers in 

each file. Analysis indicates that n=7,391 respondents in the SCCCBS live in census tracts that 

have TRI facilities (26.25% of the total of N=28,616 respondents in the analytic sample). For all 

other n=20,770 respondents that do not have TRI facilities within their census tracts, missing 

data was recoded to zero and kept for analysis. This brings the number of TRI facilities within a 

respondent’s census tract to a mean of .58, standard deviation of 21.07, and a range of 0 to 30 

facilities. 

Measures of Environmental Hazards: Toxicity of Local Industrial Air Pollution 

Data on the toxicity of local industrial air pollution is derived from the EPA’s 1995 – 1999 Risk-

Screening Environmental Indicators Geographic Microdata (RSEI-GM) aggregated Version 
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2.3.4. While the TRI is helpful at identifying the location and net quantity of different types of 

industrial releases, it does not take into account how those emissions — especially in the air —

disperse to impact nearby communities, nor does it assess the toxicity, or harm to human health, 

of particular chemicals. The RSEI-GM rectifies both shortcomings. Specifically, the RSEI-GM 

builds on the TRI’s data on hazardous emissions to model localized exposures from toxic 

industrial air emissions by taking into account the processing, emission, and mobility of more 

than 600 chemicals within the environment. 

Additionally, the relative toxicity, or expected effect on public health of each chemical is 

also assessed through peer-reviewed studies conducted by the EPA and external scientists; taking 

into consideration the chronic health effects along with the severity and potency of those effects 

for each chemical (EPA 2015). This information is used to create toxicity weights for each 

chemical that can then be applied to their respective estimated concentrations within a 

geographical area. RSEI results are also designed for comparability, enabling aggregation and/or 

disaggregation by chemical, facility, and region. To that end, the toxicity weights are then 

combined to create an overall toxic concentration value that has no intrinsic meaning, but is 

meaningful when interpreted in relation to other RSEI-toxic concentration values; with higher 

values indicating increased pollution and public health risk. 

Next, the EPA spatializes the data through employing plume modeling techniques that 

take into account the pounds of each chemical emitted, mode of emission (for example, via stack 

or fugitive release), and process by which each chemical moves through space to generate 

estimates on the flow of each chemical from each TRI facility over a 49-kilometer radius (EPA 

2015). Finally, GIS is then employed to overlay and aggregate those estimates to create 

estimated toxicity-weighted concentration values for each 810 meter by 810 meter grid cell in the 

United States, providing more accurate measures for potential harms to public health. 
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For data processing, I rely on the crosswalk file provided by the EPA to translate the 

geographical coordinates of each 810m by 810m grid cell into their appropriate 1990 census 

block group and tract boundaries for analytic consistency on ArcGIS Pro. In addition, I also take 

into account the proportion of each grid cell within individual block groups, yielding area-

weighted toxicity-weighted concentrations for increased spatial validity. I then sum the census 

block group area-weighted toxic concentration scores up to aggregate measurements on the 

census tract level. Similar to the TRI, RSEI datasets from the years 1995 to 1999 are then 

merged, yielding a total of n=60,273 unique census tracts that have recorded toxicity 

concentrations for at least a year during the years 1995 to 1999. 

Through merging the 2000 SCCBS and RSEI-GM datasets by their census tracts, I find 

that nearly all individuals (99.5%) lived in tracts that had some levels of recorded toxic 

concentration caused by polluting industries. For all other n=195 respondents that do not have 

any recorded toxicity concentrations within their tracts, toxicity concentrations are recoded to 

zero and kept for analysis. In addition, to simplify interpretations, I also divide toxic 

concentrations by a billion — leaving me with a continuous variable with a mean of 30.49 and 

standard deviation of 129.09 units. Toxic concentrations range from a minimum value of 0 to a 

maximum value of 4916.67; with higher values indicating greater exposures and potential health 

impacts to toxic industrial air pollution. Descriptive statistics on both measures of exposure can 

also be found in Table 1. 

 

Controls 

To better isolate the statistical correlations of environmental hazards with different forms of 

social capital, regression analyses below include two sets of control variables. At the individual 

level, I include controls for factors demonstrated by prior research to correlate generally with 



 20 

social capital. These factors include one’s age, gender, and educational attainment, as well as 

length of residence in one’s neighborhood and religious attendance. In addition, accounting for 

these demographic covariates reduces the overrepresentation bias generated through SCCBS’ 

sampling. Then in subsequent analyses, I add a second set of control variables at the tract level. 

These include the proportion of non-Hispanic blacks and the proportion of residents living in 

poverty, given their importance in studies of environmental injustice and activism more 

generally. 

 

Analytical Approach 

To answer my research question, a series of OLS regression models3 will be employed during 

statistical analyses. Broadly, Model 1 will predict the bivariate associations that toxic industrial 

air pollution and their polluters have with various forms of trust and civic engagement. Model 2 

will then be employed to account for individual-level covariates before tract-level covariates are 

additionally controlled for in Model 3. Figure 2 illustrates this analytical approach.  

 

[Figure 2 about here] 

 

RESULTS  

Pollution Exposure and Trust  

 
3 Notably, while the dependent variables “trust in neighbors” and “trust in local governments” are categorical 
variables and generally seen as problematic for OLS regression models, I conducted a sensitivity analysis via means 
of running parallel ordered logistic regression models. Since results from the sensitivity analysis reveal substantively 
similar associations, all analyses will be standardized to employ OLS regression models for ease of interpretation 
and comparison. Results from the sensitivity analyses can be found in Table 4 of the appendix.  
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To examine the associations of toxic air pollution and the number of polluting facilities with 

different forms of trust, I employ OLS regression models with standard errors adjusted for 

respondent clustering in respective census tracts. Results appear in Table 2. I first discuss those 

for air toxicity, then those for TRI facilities.  

  
[Table 2 about here] 

 

 First, baseline (bivariate) results from Model 1A indicate that increases in exposures to 

RSEI-Toxic concentration are associated with decreases in predicted levels of trust in one’s 

neighbors. This negative association remains statistically significant at the p<.001 level, net of 

individual-level controls in Model 2A, and net of both individual- and tract-level controls in 

Model 3A. To see these results graphically, Figure 3 presents results from Model 3A, holding all 

other variables in Model 3A constant at their means. Here, we see that a shift in air toxicity from 

its minimum observed value of 0 to its maximum observed value4 of 4916 reduces a 

respondent’s predicted levels of trusting their neighbors from 3.27 to 1.41, or approximately 57% 

[(3.27 - 1.41)/3.27*100]. 

 

[Figure 3 about here] 

 

Similarly, OLS regression models are used to examine the association between air 

toxicity and interracial trust, which ranges 0 to 3, with higher values denoting higher levels of 

trust in racial groups other than one’s own. Here, results reveal a similar pattern to that for trust 

 
4 In calculating the differences of predictability between those who are not exposed to RSEI-Toxic 
concentration/TRI facilities and those that are exposed to it most disproportionately, I am able to illustrate the social 
impacts that result at the extremes, where most of the empirical and theoretical action occurs.  
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in neighbors. Models 1C and 2C show that with and without statistical controls, increases in 

RSEI-Toxic concentration are associated with decreases in predicted levels of interracial trust at 

the p<.001 level. These associations remain significant when tract-level controls are accounted 

for in Model 3C. To see these results graphically, Figure 4 presents results from Model 3C, 

holding all other variables constant at their means. Here, we see that as air toxicity increases 

from its minimum observed value of 0 to its maximum value of 4916, a respondent’s predicted 

interracial trust score declines from 2.09 to 1.57, or approximately 25% [(2.09 - 1.57)/2.09 * 

100]. 

  

[Figure 4 about here]  

 

Similarly, bivariate results in Model 1E indicate that increases in RSEI-Toxic 

concentration are associated with decreased predicted levels of trust in local government at the 

p<.001 level. This statistically significant association persists when individual-level controls are 

accounted for in Model 2E for but not after tract-level controls are added in Model 3E — an 

indication that the proportion of non-Hispanic Blacks and those in poverty in a given census tract 

also associates with lower levels of trust towards local governments.  

Turning next to associations of trust with the presence of local TRI facilities, results from 

Table 2 indicate that with the exception of interracial trust — which is statistically significant 

only in the baseline model (without controls) — the number of TRI facilities within a 

respondent’s census tract does not significantly associate with trust. While coefficients generally 

indicate that each additional facility within a census tract associates with decreases in predicted 

levels of all three forms of trust under investigation, p-values above .05 indicate that those 

associations may be due to chance.  
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Overall, then, findings from Table 2 seem clear: air toxicity from industrial sources 

negatively associates with multiple forms of trust — with neighbors, people of other races, and 

local governments — in ways that the number of polluting facilities nearby does not.  

 

Pollution Exposure and Civic Engagement  

To examine the associations that toxic air pollution and polluting facilities have with different 

forms of civic engagement, I use OLS regression models, again with all standard errors adjusted 

for respondent clustering in respective census tracts. Results appear in Table 3. As above, I first 

discuss those for air toxicity, then those for TRI facilities.  

  
[Table 3 about here] 

  
First, baseline (bivariate) results from Model 1A indicate that increases in exposures to 

RSEI-Toxic concentration decreases predicted levels of electoral political participation (ranging 

0 to 5, with higher values denoting higher levels of electoral political participation). This 

negative association remains statistically significant at the p<.001 level net of individual-level 

controls in Model 2A and likewise, remain significant when tract-level controls are accounted for 

in Model 3A. To illustrate, Figure 5 shows that holding all other variables in Model 3A constant 

at their means, a shift in air  toxicity from its minimum observed value of 0 to its maximum 

observed value of 4916 reduces a respondent’s predicted levels of electoral political participation 

from 3.07 to 2.08, or approximately 32% [(3.07-2.08)/3.07 * 100]. 

  
[Figure 5 about here] 
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However, results from Table 3 also indicate that the strong negative associations found 

between RSEI-Toxic concentration and Electoral Political Participation are not generalizable to 

non-electoral political participation (e.g., engaging in protest) and organizational activism (e.g., 

attending public meetings and forums). 

Turning next to associations of civic engagement with numbers of local TRI facilities, 

bivariate results from Model 1B indicate that increases in the number of TRI facilities are 

negatively associated with predicted levels of electoral political participation at the p<.001 level.  

These associations remain significant when individual-level and tract-level controls are 

accounted for in Models 2B and 3B. For example, in Model 3B, calculations (not shown) 

indicate that holding all other variables constant at their means, a shift in the number of TRI 

facilities within a respondent’s census tract from its minimum observed number of 0 to its 

maximum observed number of 30 sites reduces a respondent’s predicted level of electoral 

political participation from 3.07 to 2.54, or approximately 17% [(3.07-2.54)/3.07 * 100]. 

Next, bivariate results from Table 3, Model 1D also indicate that increases in the number 

of TRI facilities are negatively associated with non-electoral political participation at the p<.001 

level (ranging 0 to 7, with higher values denoting higher levels of non-electoral political 

participation). These strong associations also hold when individual-level controls are added in 

Model 2D, and then when tract-level controls are added in Model 3D. For example, in Model 

3D, calculations (not shown) indicate that holding all other variables constant at their means, a 

shift in the number of TRI facilities within a respondent’s census tract from its minimum 

observed number of 0 to its maximum observed number of 30 sites reduces a respondent’s 

predicted level of non-electoral political participation from 1.14 to .26, or approximately 77% 

[(1.14-.26)/1.14 * 100]. 
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Finally, bivariate results from Model 1F also indicate that local increases in the number 

of TRI facilities are negatively associated with organizational activism at the p<.001 level 

(ranging -.89 to 6.66, with higher values denoting higher levels of organizational activism). 

These associations remain significant when individual-level and tract-level controls are 

accounted for in Models 2F and 3F. For example, calculations (not shown) in Model 3F show 

that holding all other variables constant at their means, a shift in the number of TRI facilities 

within a respondent’s census tract from its minimum observed number of 0 to its maximum 

observed number of 30 reduces a respondent’s predicted level of organizational activism from 

.07 to -.22, or more than 400% [[.07-(-.22)]/.07 * 100]. 

         Thus, overall, findings from Table 3 also seem clear: the number of TRI facilities within 

a respondent’s census tract negatively associates with multiple dimensions of civic engagement 

— spanning electoral and non-electoral forms of political participation and organizational 

activism — in ways that air toxicity from the same producers do not. To help visualize these 

associations and better discern which form of civic engagement is most negatively impacted by 

the presence of local TRI facilities, I standardized results from Model 3 for all three civic 

engagement outcomes and graphed them in Figure 6. Here, we can see that all else is equal, the 

presence of higher numbers of TRI facilities has the greatest negative impact on non-electoral 

political participation, followed by electoral political participation, and finally organizational 

activism. This finding is important because an abundance of case studies — reviewed earlier — 

have documented that non-electoral forms of political participation such as protests are vital for 

collectively resisting and remedying ongoing environmental injustices. 

  

[Figure 6 about here] 
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DISCUSSION & CONCLUSION  

The present study set out to investigate how increased exposures to toxic industrial air pollution 

and the facilities that release it relate to different types of social capital that scholars have 

deemed central to the fulfillment of shared goals, such as ensuring safe environments for oneself 

and others. Through statistical analyses of trust and civic engagement measures derived from the 

2000 restricted-access SCCBS dataset and exposure measures from the EPA’s 1995 - 1999 

RSEI-GM and TRI datasets, the overarching aim was to advance understanding of the links 

between environmental degradation and social life, especially foundations for collective efficacy 

central to social action, including environmental protection. 

Results broadly indicate that air toxicity negatively associates with trust in neighbors and 

people of other races, net of other factors. It also associates negatively with trust in local 

government but not after controlling for proportions of non-Hispanic Blacks and those living in 

poverty in one’s residential tract. The latter pattern occurs because these types of environments 

tend to have greater air toxicity and lower levels of trust in local government already, making it 

difficult to distinguish independent effects statistically. Similarly, the number of local TRI 

facilities associates negatively with all three forms of civic engagement under investigation, net 

of other factors. This is especially true for non-electoral political participation. In other words 

and overall, the presence of pollution and large polluters in one’s neighborhood is strongly and 

non-randomly tied to suppressed social capital in overlapping ways: Invisible toxicity is linked to 

reduced levels of trust; and, visible polluters are linked to different types of reduced civic 

engagement. Both findings are novel and point to how the degradation of local physical 

environments and the degradation of local social environments are entwined. Why might this be 

the case? And, why might invisible toxicities and visible polluters link to different forms of 

social capital?  
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Here we enter more speculative terrain. In doing so, it is first imperative to acknowledge 

that while the present study lends empirical support to the hypothesis that polluted environments 

suppress social capital, prior research has found that individuals with limited social (and 

economic) capital are also more likely to move into more polluted environments (Taylor 2014).  

Thus, without longitudinal data on social capital measures, it is difficult to definitively determine 

causal direction. Yet, it is equally important to recognize that either way — through pollution’s 

direct impacts on residents or indirect selection effects on who moves in — the end result is the 

same. Areas with more pollution and polluters end up with lower levels of trust and civic 

engagement, degrading local qualities of life and disempowering future grassroots efforts for 

environmental justice in the most troubled areas.  These results are consistent with Freudenburg 

and Jones’ (1991) concept of “corrosive community,” which argues that the uncertainty and 

disagreement of harms from toxic pollutants and their producers can sow distrust and isolation 

within a community, fracturing social life. 

With that general dynamic in mind, we might still ask why invisible toxicities and visible 

polluters link differently to different forms of social capital, as the present study demonstrates.  

Here again, we are on speculative ground, but we might first consider the properties of invisible 

toxicities. Prior research on environmental toxicity highlights prevailing senses of uncertainty 

and suffering its elevated presence generates, which has the potential to turn individuals inward, 

presenting them with fewer opportunities to build, maintain, and experience trust (Aureyo and 

Swistun 2008). In addition, uncertainty especially about one’s health and general well-being can 

exacerbate feelings of distrust and isolation within a community, especially if others hold 

divergent interpretations of the harms that such human-made environmental threats can induce 

(Freudenburg and Jones 1991) — feelings that can also extend to heightened distrust in local 
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governments if residents perceive inaction and complicity to such environmental harms (Gong, 

Yang and Zhang 2017).  

By contrast, greater counts of visible polluters might signify highly industrialized areas 

where the interests of polluting companies rather than individuals prevail. In such settings, civic 

engagement may seem futile, leading residents not only to normalize health risks but also their 

own sense of collective disempowerment, or what Gaventa terms “quiescence” (1980). Finally, it 

is also imperative to acknowledge that spatial dependence is an inherent characteristic of the 

RSEI-Toxic concentration measure but not for the TRI. For example, a tract with no TRI 

facilities within it and many facilities in its surrounding tracts will look quantitatively similar to a 

tract with no TRI facilities within and around it. Future research could investigate this further.  

As future research continues to engage these issues, it is important to note some of the 

present study’s additional limitations. First, while the EPA’s RSEI-GM and TRI datasets are 

robust, widely used by environmental scholars, and greatly validated through prior research, they 

rely on self-reported data and do not include smaller sources of pollution or those from moving 

vehicles. Second, the present study treated individual traits such as race, gender, and class as 

control variables to enhance assessments of generalizability. Future research would benefit from 

moving these traits to the fore and investigating intersectional variabilities among different race, 

gender, and class groups that have been exposed to higher levels of pollution and polluters. 

Greater attention to the intersectionality of marginalized groups confronted by environmental 

harms coupled with the availability of longitudinal social capital data could help to advance not 

only causal assessments but also more effective outreach and policy frameworks to help 

empower communities facing disproportionate exposures to toxic pollutants and their producers.  

         In closing, these findings have important implications for understanding links between 

environmental degradation and social life. First, they suggest that well-documented cases of 
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environmental justice movements, as important as they are, are the exception rather than the rule. 

That is, EJM case studies such as the Warren County protest emerge despite and not because of 

environmental hazards’ links to social capital, which are generally negative rather than 

generative. One can then hypothesize that had the pollution continued to compound in Warren 

County, it may have eroded the social fabric of the community and undermined social capacities 

for future protests. Second, the distinct associations that different dimensions of industrial 

pollution have with different dimensions of social capital signal a need to recognize that 

“exposure to pollution” can take many forms with distinct, overlapping impacts. Future research 

should endeavor to investigate how other forms of exposure to pollution (e.g., water 

contamination, toxic dumping) may impact other, related forms of social capital. I look forward 

to these future efforts as well as to ongoing efforts to abandon the human-exemptionalist 

paradigm still pervasive within sociology — a philosophy that views the natural environment as 

distinct and disconnected from social life. 
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Table 1. Descriptive Statistics on Study Variables for Analytic Sample   
Variables M / % SD Range n of items 
Trust in Neighbors    27,396 
   Not At All 5.31   1,456 
   Only a Little 11.61   3,182 
   Some 35.10   9,615 
   A lot 47.97   13,143 
Interracial Trust Index  2.087 .66 0 – 3  23,408 
Trust Local Government    27,605 
   Hardly Ever 10.30   2,842 
   Some of The Time  45.93   12,679 
   Most of The Time 38.40   10,599 
   Just About Always  5.38   1,485 
Electoral Pol Participation Index 3.06 1.32 0 – 5  28,140 
Non-electoral Pol Part Index 1.12 1.38 0 – 7  28,141 
Org Activism Index .06 1.03 -.89 – 6.66  28,020 
Gender     28,147 
   Male 41.07   11,559 
   Female 58.93   16,588 
Age      
   18 – 35  31.32   8,654 
   35 – 49  33.44   9,239 
   50 – 64  20.61   5,694 
   65+ 14.62   4,040 
Educational attainment     27,921 
   High school or less  33.48   9,348 
   Some college  32.59   9,100 
   College degree(s) 33.93   9,473 
Length of residence     28,122 
   Less than five years 32.53   9,148 
   At least five years   67.47   18,974 
Religious Attendance    28,122 
   Less than weekly 32.53   9,148 
   At least once/week 18.974   18,974 
RSEI-Toxic Concentration + 30.49 129.09 0 – 4916.67  28,147 
TRI Facility .58 1.47 0 – 30  28,147 
% non-Hispanic Black 11.19 21.07 0 – 100  28,147 
% Poverty    28,147 
   Less than 10%  58.45   16,452 
   10% - less than 20%   24.49   6,893 
   20% +  17.06   4,802 
Note: +Toxic concentration units divided by a billion 
Sources: 2000 Social Capital Community Benchmark Survey (Restricted Use Dataset), 1995 – 1999 RSEI-GM 
datasets  
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Table 2. Abridged Ordinary Least Squares (OLS) Regression Results Predicting 
Different Types of Trust (with Robust Standard Error in Parentheses) 
 Model 1 Model 2 Model 3  

 No Controls[1] Individual-level 

Controls[2] 
Tract-level 
Controls[3] 

Trust in neighbors 1    
A. RSEI-Toxic Concentration -.00084*** 

(.00011) 
-.00072*** 

(.00010) 
-.00038*** 
(.000069) 

B. Number of TRI-Facilities -.0032 
(.0045) 

.0022 
(.0045) 

.00015 
(.0040) 

Interracial Trust Index 2    
C. RSEI-Toxic Concentration -.00032*** 

(.000065) 
-.00025*** 

(.00006) 
-.00011* 
(.000052) 

D. Number of TRI-Facilities -.0075**  
(.0033) 

-.0039 
(.0031) 

-.0047  
(.0029) 

Trust in local government 3     
E. RSEI-Toxic Concentration -.00021***  

(.000034) 
-.00017*** 
(.000031) 

-.000048 
(.000029) 

F. Number of TRI-Facilities .0012 
(.0034) 

.0027 
(.0035) 

.0023 
(.0033) 

    
***p<0.001, **p<0.01, *p<0.05 
 
Notes: 
1 Trust in Neighbors predicted using OLS regression, Std. Err. adjusted for clusters in census tracts (n=26,522) 
2Interracial Trust Index predicted using OLS regression, Std. Err. adjusted for clusters in census tracts 
(n=22,876) 
3Trust in Local Government predicted using OLS, Std. Err. adjusted for clusters in census tracts (n=26,715) 
[1] Baseline Model with no controls. 
[2] Controls for the following individual-level characteristics: gender,  age, education, years lived in 
neighborhood, and religious participation 
[3] Controls for individual-level characteristics listed above and  tract-level characteristics that include: % non-
Hispanic black, and % poverty 
 
Sources:  
RSEI-Toxic Concentration: Average Tract Air Toxicity Concentration data retrieved from RSEI-GM 1995-
1999 datasets  
Number of TRI facilities: Average number of TRI facilities in Tract data retrieved from TRI 1995-1999 
datasets 
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Table 3. Abridged Ordinary Least Squares (OLS) Regression Results Predicting Different 
Types of Civic Engagement (with Robust Standard Errors in Parentheses) 
 Model 1 Model 2 Model 3 

 No Controls[1] Individual-level 

Controls[2] 
Tract-level 
Controls[3] 

Electoral Participation Index 1    
A. RSEI-Toxic Concentration -.00066*** 

 (.00012)  
-.00030***  
(.000078) 

-.00020**  
(.000073) 

B. Number of TRI-Facilities -.031*** 
(.0066) 

-.016**  
(.0051) 

-.018** 
(.0051) 

Non-electoral Participation Index 2    
C. RSEI-Toxic Concentration .0001  

(.000071) 
.00024***  
(.000065) 

.00012  
(.000064) 

D. Number of TRI-Facilities -.041*** 
 (.0063) 

-.030*** 
(.0051) 

-.029***  
(.0051) 

Organizational Activism Index 3    
E. RSEI-Toxic Concentration -.00015**  

(.000048) 
-.000021  
(.000041) 

-.000056  
(.000042) 

F. Number of TRI-Facilities -.017*** 
 (.0044) 

  -.0094*  
(.0040) 

-.0096*  
(.0040) 

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

Notes: 
 1 Electoral Political Participation Index predicted using OLS regression, Std. Err. adjusted for clusters in census 
tracts (n=27,200) 

2 Non-electoral Political Participation predicted using OLS regression, Std. Err. adjusted for clusters in census 
tracts (n=27,206) 
3 Organizational Activism Index predicted using OLS regression, Std. Err. adjusted for clusters in census tracts to 
show homoscedasticity (n=27,125) 
[1] Baseline Model with no controls. 
[2] Controls for the following individual-level characteristics: gender,  age, education, years lived in neighborhood, 
and religious participation 
[3] Controls for individual-level characteristics listed above and tract-level characteristics that include: % non-
Hispanic black, and % poverty  

 
Sources:  
RSEI-Toxic Concentration: Average Tract Air Toxicity Concentration data retrieved from RSEI-GM 1995-1999 
datasets  
Number of TRI facilities: Average number of TRI facilities in Tract data retrieved from TRI 1995-1999 datasets 
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Figure 1. Summary of Conceptual Framework and Hypotheses 

 
 
 
Note: In Figure 1, concepts enclosed in solid-lined borders indicate distinct outcomes while those enclosed in 
dashed borders indicate examples of collective action/inaction. 
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Figure 2. Summary of Analytical Approach  
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Figure 3. OLS Regression Results on the associations between RSEI-Toxic Concentration 
and Trust in Neighbors  
 

 
***p<0.001, **p<0.01, *p<0.05 
 
Source: Model 3A of Table 2; with all variables held at their sample means  
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Figure 4. OLS Regression Results on the associations between RSEI-Toxic Concentration 
and Interracial Trust Index 
 

 
***p<0.001, **p<0.01, *p<0.05 
 
Source: Model 3C of Table 2; with all variables held at their sample means  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

0

0.5

1

1.5

2

2.5

0 5000

In
te

rr
ac

ia
l T

ru
st

 In
de

x

Interracial Trust

RSEI-Toxic Concentration (Units)  

* 
4916 

Maximum observed RSEI-Toxic Concentration value  



 41 

 
Figure 5. OLS Regression Results on the associations between RSEI-Toxic Concentration 
and Electoral Political Participation Index 
 

 
***p<0.001, **p<0.01, *p<0.05 
 
Source: Model 3A of Table 3; with all variables held at their sample means  
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Figure 6. OLS Regression Results on the associations between number of TRI facilities and 
Civic Engagement: Electoral Political Participation, Non-Electoral Political Participation, 
and Organizational Activism Indexes 
 

 
***p<0.001, **p<0.01, *p<0.05 
Note: Variables standardized to SD=1 for comparison 
Source: Model 3B, 3D and 3E of Table 3; with all variables held at their sample means 
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APPENDIX  
 
Table 4. Abridged Ordered Logistic Regression Results Predicting Different Types of 
Trust (with Robust Standard Error in Parentheses) 
 Model 1 Model 2 Model 3  

 No Controls[1] Individual-level 

Controls[2] 
Tract-level 
Controls[3] 

Trust in neighbors 1    
RSEI-Toxic Concentration -.0020*** 

(.00027) 
-.0018*** 
(.00024) 

-.00085*** 
(.00017) 

Number of TRI-Facilities -.0076  
(.0097) 

.0021  
(.011) 

-.0031 
(.0099) 

Trust in local government 2     
RSEI-Toxic Concentration -.00053*** 

(.000092) 
-.00043*** 
(.000088) 

-.00012 
(.000075) 

Number of TRI-Facilities -.0024 
(.0086) 

-.0069 
(.0089) 

-.0064 
 (.0086) 

    
***p<0.001, **p<0.01, *p<0.05 
 
Notes: 
1 Trust in Neighbors predicted using Ordered logistic regression, Std. Err. adjusted for clusters in census tracts 
(n=26,522) 
2Trust in Local Government predicted using Ordered logistic regression, Std. Err. adjusted for clusters in 
census tracts (n=26,715) 
[1] Baseline Model with no controls. 
[2] Controls for the following individual-level characteristics: gender,  age, education, years lived in 
neighborhood, and religious participation 
[3] Controls for individual-level characteristics listed above and  tract-level characteristics that include: % non-
Hispanic black, and % poverty 
 
Sources:  
RSEI-Toxic Concentration: Average Tract Air Toxicity Concentration data retrieved from RSEI-GM 1995-
1999 datasets  
Number of TRI facilities: Average number of TRI facilities in Tract data retrieved from TRI 1995-1999 
datasets 
 

 

 


