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Abstract
Background—In multilevel studies, strong correlations of neighbourhood exposures with
individual and neighbourhood confounders may generate problems with non-positivity (ie,
inferences that are `off-support'). The authors used propensity restriction and matching to (1)
assess the utility of propensity restriction to ensure analyses are `on-support' and (2) examine the
relation between collective efficacy and violence in a previously unstudied city.

Methods—Associations between neighbourhood collective efficacy and violent victimisation
were estimated in data from New York City in 2005 (n=4000) using marginal models and
propensity matching.

Results—In marginal models adjusted for individual confounders and limited to observations
`on-support', under conditions of high collective efficacy, the estimated prevalence of violent
victimisation was 3.5/100, while under conditions of low collective efficacy, it was 7.5/100,
resulting in a difference of 4.0/100 (95% CI 2.6 to 5.8). In propensity-matched analysis, the
comparable difference was 4.0/100 (95% CI 2.1 to 5.9). In analyses adjusted for individual and
neighbourhood confounders and limited to observations 'on-support', the difference in violent
victimisation associated with collective efficacy was 3.1/100 (95% CI 1.2 to 5.2) in marginal
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models and 2.4/100 (95% CI 0.2 to 4.5) in propensity-matched analysis. Analyses without support
restrictions produced surprisingly similar results.

Conclusions—Under conditions of high collective efficacy, there was about half the prevalence
of violence compared with low collective efficacy. The results contribute to a growing body of
evidence that suggests collective efficacy may shape violence, and illustrate how careful
techniques can be used to disentangle exposures from highly correlated confounders without
relying on model extrapolation.

INTRODUCTION
Multilevel studies allow assessment of the relations between neighbourhood exposures and
individual outcomes while accounting for individual and neighbourhood confounders and
are thus commonly used in social epidemiology.12 However, when neighbourhood
exposures have strong correlations with individual and neighbourhood confounders, some
population subgroups (defined by combinations of confounders) may only experience one
level of the exposure. This strong confounding due to social stratification has been described
as structural confounding, and the population subgroups that only experience one level of
exposure are described as `off-support' or non-positive.3–5 For example, in a multilevel
study examining the relation of neighbourhood collective efficacy with violence, it might be
that young men, who have low income, live in high-poverty neighbourhoods and share a set
of other covariates, only experience low collective efficacy. Analyses of data with
subgroups that are `off-support' rely on model extrapolation and are thus of questionable
interpretability.3–5 To estimate the relation between collective efficacy and violence for the
young men (described above), who only experience low collective efficacy, it is necessary to
extrapolate based on the relation estimated among subgroups that do experience both low
and high collective efficacy.

Propensity score restriction is one approach that can be used to assure inferences are `on-
support' when non-positivity is a problem;6 analyses can be restricted to propensity score
values for which there are different levels of exposure.78 For example, the young men
described above would have propensity of 1.0 for low collective efficacy (none experienced
high collective efficacy). If the highest propensity value in the high collective efficacy group
were 0.95, then those in the low collective efficacy group with propensities above 0.95
(including the aforementioned young men) would be excluded from analysis. In this paper,
we use propensity restriction in an analysis of a classic problem in social epidemiology: the
relation between neighbourhood collective efficacy and violence. Our goals were to assess
the utility of propensity restriction as applied to an important question and to assess the
relation between collective efficacy and violence in a previously unstudied city. While
propensity score matching applications are on the rise in social epidemiology, few
illustrations have been published on the ways that propensity restriction can be used to
ensure inferences from neighbourhood analyses are `on-support'.9–12 Propensity restriction
combined with analysis approaches that account for clustering by neighbourhood offer an
alternative to propensity stratification or matching for multilevel studies; there are some
propensity score approaches that accommodate multilevel clustering, but they are not widely
or easily implemented.13–15

Based on foundational sociological work on violence in urban communities,16–21 collective
efficacy captures the social capacity that deteriorates in communities that have been
marginalised and isolated by conditions of structural disadvantage.22 Communities suffering
conditions of structural disadvantage no longer possess what WJ Wilson called “…social
organization—a sense of community, positive neighborhood identification, and explicit
norms and sanctions against aberrant behavior”.16 Collective efficacy has been
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conceptualised as encompassing the two components of social cohesion, defined as mutual
trust and shared values, and informal social control, defined as willingness to intervene for
the common good.22 This combination of mutual trust and willingness to intervene has been
hypothesised to be a critical capacity for controlling violent behaviour.22 Collective efficacy
may be a key link between structural disadvantage and rates of violent crime in urban
areas,22 and it has been inversely associated with youth carrying firearms,23 dating violence
victimisation24 and adolescent suicide attempts.25 Building on this work in Chicago,222627

studies have documented relations between collective efficacy and community violent
victimisation in Stockholm, Sweden,28 and Brisbane, Australia.29

There have been notable efforts in collective efficacy research to separate the associations of
collective efficacy with violence from those of structural disadvantage measures that are
markers of the historical processes that deteriorated collective efficacy.22263031 Supporting
these efforts, recent work suggests that there are a variety of plausible causal structures that
interrelate a neighbourhood exposure such as collective efficacy with neighbourhood
structural disadvantage and an outcome such as violence; in some situations, neighbourhood
structural disadvantage indicators are confounders so control is appropriate, while in others,
they are colliders or on the causal pathway, and in those cases, control in a regression model
is inappropriate.32 Since we cannot know which causal structure is `true', the best approach
(when measurements over time are not available to disentangle causal inter-relations) is to
present analyses of neighbourhood exposures with and without adjustment for
neighbourhood structural disadvantage.

However, the documented strong correlations of collective efficacy with individual
characteristics and neighbourhood structural disadvantage can generate problems with non-
positivity.2226 Therefore, in this paper, we examined the relation between neighbourhood
collective efficacy and community violent victimisation in New York City (NYC) using
propensity score approaches to assess positivity. Marginal models and propensity-matched
analyses were conducted with restrictions based on the propensity score to assure inferences
were `on-support', and results were compared. Marginal models without restrictions were
also implemented to examine the impact that extrapolation may have on study conclusions.

METHODS
Data

Analyses were conducted with data from the New York Social Environment Study
(NYSES), a multilevel study designed to examine neighbourhood-level exposures and
mental and behavioural health outcomes. We used random-digit-dial methods to contact and
interview 4000 residents of NYC in 2005. One adult 18 years or older was interviewed by
telephone in each household. Fifty-four per cent of those contacted agreed to participate in
the study. The study protocol received human subjects approval. Further study details are
available elsewhere.33–36

Neighbourhoods—Respondents were geocoded and linked to their neighbourhoods of
residence.34 The neighbourhoods were the 59 community districts in NYC. Community
districts are recognisable neighbourhood areas, and many characteristics of these
neighbourhoods have been associated with health indicators.333436

Measures—Respondents were interviewed with a structured questionnaire that included
questions on potential confounders including age, race/ethnicity, sex, marital status, place of
birth, education, income, years lived in the current neighbourhood and interview language.
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Neighbourhood collective efficacy was measured using the standard scale that includes
social cohesion and informal social control subscales.22 The social cohesion subscale
assesses residents' perceptions of the extent to which their neighbours are close-knit, are
helpful, get along, share values and are trustworthy. The informal social control subscale
measures perceptions of the likelihood that neighbours would intervene if children skipped
school, sprayed graffiti or disrespected an adult; if there were a fight or if the city was
closing a firehouse. The neighbourhood-level measure of collective efficacy was the average
of all respondents in each neighbourhood. Results of analyses replicated with a measure of
collective efficacy calculated with individuals who reported violent victimisation removed
were similar. Cronbach's α for the collective efficacy scale was 0.77, consistent with
previous reports.2237 Neighbourhood collective efficacy was dichotomised above and below
the median for all analyses because most propensity score approaches are based on binary
exposure; extensions to categorical and continuous exposures have been developed but are
not widely used.38–41 Results were similar with collective efficacy dichotomisation shifted
by five neighbourhoods higher and lower. Individual perception of collective efficacy
reported by each resident was adjusted in all analyses to distinguish the effect of the
neighbourhood-level measure from that of individual perception of that characteristic.

Violent victimisation in the neighbourhood was assessed with the question `In the past 12
months, has anyone used violence, such as in a mugging, fight, or sexual assault, against you
or any member of your household anywhere in your neighbourhood?'.2242 This is the same
violence question used in the Chicago research, with the modification to query the past 12
months rather than `ever' to capture violence in a recent timeframe.

Neighbourhood structural disadvantage measures were developed based on 2000 US census
data. Indicators of racial/ethnic composition, poverty, residential stability and immigrant
composition were included in a factor analysis to estimate composite measures of
dimensions of neighbourhood structure that would not be highly correlated (see online
appendix A for details). Four factors were indicated: concentrated poverty, black non-
immigrant, immigrant and residential stability.

Analysis
Individual demographic and socioeconomic characteristics that were conceptually
considered confounders (listed in measures) as well as individual perception of collective
efficacy were controlled in all analyses. Multiple imputation and a missingness indicator
approach were applied to variables where some respondents declined to answer, and results
of analyses that applied these two approaches were compared; differences in results between
the approaches were negligible, so the missingness indicator approach was used in all
analyses for simplicity. Analyses were conducted with Stata V.12, and the psmatch2
package was used for propensity matching.

Propensities for living in low as compared with high collective efficacy neighbourhoods
were estimated as a function of confounders using logistic regression; they were estimated
first based on individual confounders and next based on individual and neighbourhood
confounders. Observations were determined to be `off-support' if they had propensity values
higher than the maximum or lower than the minimum in the other exposure group.

Marginal models and propensity-matched analyses were conducted with propensity
restrictions to assure inferences were `on-support' first for individual confounders (model
1A) and then for individual and neighbourhood confounders (model 2A). Marginal models
without restrictions were also implemented to examine the impact that extrapolation may
have on study conclusions (models 1B and 2B).
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Marginal models' estimation started with logistic generalised estimating equation regression
models that account for potential clustering by neighbourhood and estimate population-
averaged parameter estimates with robust SEs.43 These regression models were then used to
estimate marginal associations on the additive scale comparable to the `average treatment
effect' estimated in propensity-matched analyses (see below).3536 We estimated the
difference in the prevalence of violent victimisation if all residents had lived in
neighbourhoods with high compared with low collective efficacy. We estimated the
following parameters: θ (low) = EW{E[Y|A = low,W]}, θ(high) = EW{E[Y|A = high,W]},
where A is collective efficacy, W is the vector of confounders and Y is violent victimisation.
We then compared low with high to estimate the marginal association between collective
efficacy and violent victimisation: θ(low − high) = EW{E[Y|A = low,W] − E[Y|A =
high,W]}. CIs were bootstrapped.44

In the propensity-matched analyses, one-to-one matching was employed because it has been
shown to best minimise bias in simulations,45 and the calliper was set at 0.01 based on
simulations that indicated an optimal width of 0.2 SD of the propensity score logit.46

Callipers 0.005 and 0.02 produced equivalent results. The `average treatment effect' (ie,
marginal association in the whole population) was estimated, and CIs were bootstrapped.44

Results were not sensitive to the order of the observations.

RESULTS
The NYSES respondents are described in table 1. Violent victimisation was reported by
5.6% of the respondents. Neighbourhood collective efficacy had a median of 3.6 and a range
of 2.7–4.0; a value of 3 means on average respondents `neither agree nor disagree' that the
neighbourhood is cohesive and a value of 4 means on average respondents `somewhat agree'
that the neighbourhood is cohesive. Collective efficacy was strongly correlated with
neighbourhood concentrated disadvantage (r=−0.82) and had weak correlations with the
other neighbourhood measures (black non-immigrant (r=−0.18), immigrant (r=−0.06) and
residential stability (r=0.13)).

Examination of propensity distributions based on individual confounders suggested no
problems with positivity; only 0.5% of observations were `off-support' (table 2, see online
appendix B for propensity plots). In contrast, the propensity distributions based on
individual and neighbourhood confounders suggested substantial problems with positivity;
30.7% of observations were `off-support'. Those `off-support' included more people who
were older, of white and African–American race/ethnicity, born in NYC, and higher income
earners (table 3).

Estimates of the relations between collective efficacy and violent victmisation based on
marginal models and propensity-matched analyses are presented in table 4 (see online
appendix C for logistic generalised estimating equation model results). Overall, marginal
model and propensity-matched results were similar.

In the analyses that adjusted for individual confounders (models 1A and 1B), results were
similar regardless of support restrictions; this was not surprising because <1% of data were
`off-support'. In model 1A marginal models, under conditions of high collective efficacy
(above the median), the estimated prevalence of community violent victimisation would

have been 3.5/100 (estimated by (high)). Under conditions of low collective efficacy
(below the median), the violent victimisation prevalence would have been 7.5/100

(estimated by  (low)). This results in a difference of 4.0/100 in violent victimisation

prevalence associated with low compared with high collective efficacy (estimated by (low
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− high), 95% CI 2.6 to 5.8). In the propensity-matched analysis, the comparable `average
treatment effect' was 4.0/100 (95% CI 2.1 to 5.9).

In the analyses that adjusted for individual and neighbourhood confounders (models 2A and
2B), results were also similar regardless of support restrictions; this was surprising given
that 30% of data were off-support. In model 2A that includes data `on-support' for individual
and neighbourhood confounders, the marginal models estimated a difference of 3.1/100 in
violent victimisation prevalence for low compared with high collective efficacy (95% CI 1.2
to 5.2). In model 2B that did not have support restriction, the difference in violent

victimisation associated with collective efficacy was almost equivalent ( (low − high):
3.2/100, 95% CI to 1.3, 5.2). In the propensity-matched analysis, the comparable `average
treatment effect' was slightly smaller than the marginal model estimates, but the CI still
excluded the null value of 0 (`average treatment effect': 2.4/100, 95% CI 0.2 to 4.5).

DISCUSSION
In an analysis of neighbourhood collective efficacy and violence in NYC, we found that
under conditions of high collective efficacy, there was about half the prevalence of violence
compared with low collective efficacy in analyses that controlled for individual
confounders. The strength of the association was reduced in analyses that additionally
controlled for neighbourhood structural disadvantage, but associations were still substantial
and CIs excluded the null. Notably, analyses were adjusted for individual perception of
collective efficacy (in addition to many other confounders) and thus represent conservative
estimates. The analysis populations for the marginal models and propensity-matched
analyses were restricted using the propensity score to assure all inferences were `on-support'.
The magnitudes of the associations estimated in marginal models were similar to propensity-
matched analyses; this suggests that marginal models with propensity restriction were a
valid alternative for this analysis. Furthermore, the marginal models accounted for clustering
by neighbourhood and thus provide more appropriate inference than matched analyses that
did not account for clustered data. Surprisingly, models without the support restriction
estimated associations between neighbourhood collective efficacy and violence that were
similar to the restricted analyses; we would not expect that this would typically be the case
and caution against any conclusion that problems of positivity can be ignored.

While the positivity restriction assures inferences are `on-support', it also changes the
parameter that is estimated. Unrestricted marginal analyses estimate the association in the
total study population, while analyses of those `on-support' are only applicable to the
population subset for whom there was experimentation in the exposure. Nonetheless, this
parameter is informative because it tells us that for population subgroups (defined by the
confounders in the model), who experienced high and low levels of collective efficacy, there
is an association of meaningful magnitude.

The assumptions necessary for causal interpretation of associations in observational research
generally and observational neighbourhood research specifically have been well elaborated
elsewhere4748; we address each assumption below. Temporal ordering: given the cross-
sectional design of our study, we cannot establish temporal ordering between the exposure
and outcome. For a causal interpretation, we must assume that collective efficacy precedes
violence; this is a reasonable assumption, but the reverse is also likely true to some extent.
Longitudinal consideration of these relations will be necessary to establish temporality.
Ignorability: although we controlled many confounders, notably individual perception of
collective efficacy, the assumption of no unmeasured confounding cannot be assessed
empirically and can only ever be approximated with observational data. Neighbourhood-
level stability assumption: the assumption that exposures in one neighbourhood cannot
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affect the potential outcomes of individuals in another is not unreasonable because collective
efficacy in one area does not seem likely to alter the effects of collective efficacy on
potential outcomes in another area.

There are several limitations to this study. The NYSES had a cooperation percentage of
54%, which is consistent with many other recent telephone-based studies49 but does raise
concern about potential differences between respondents and non-respondents. The
neighbourhood collective efficacy measure captures aggregate perception of the potential for
collective efficacy.22 Perceptions are affected by individual characteristics including
experience of violence in the neighbourhood. It is reassuring in that regard that our findings
were similar when we used a measure of collective efficacy calculated with individuals who
reported violent victimisation removed.

Among several strengths, the NYSES includes a large population-based sample. Analyses
were adjusted for individual perception of collective efficacy, allowing documentation of an
association of neighbourhood collective efficacy with violent victimisation that was
independent of individual perceptions; this approach provides a conservative estimate. In
addition, we found associations of similar magnitude using both marginal models and
propensity-matched analyses and used restriction to assure analyses did not rely on
extrapolation.

The findings indicate several directions for future methodological investigation. A general
assessment of the performance of marginal models restricted by the propensity score versus
propensity matching would be informative. It is easier to account for clustering in marginal
models (and other regression-based approaches) than in propensity matching, and marginal
models thus offer strengths for multilevel studies. Furthermore, marginal models would
accommodate complex sampling designs. The surprising finding here that non-positivity did
not produce substantial bias suggests that it would be informative to examine the conditions
under which non-positivity does and does not lead to bias more generally.

Overall, our findings in NYC are consistent with research in Chicago and major cities in
other high-income countries (Sweden and Australia) that have found relations between
collective efficacy and violence.22–252829 Hence, our results contribute to a growing body of
evidence that suggests collective efficacy may be a generalisable social mechanism that
serves a protective function against violent victimisation. Our work also illustrates the utility
of propensity score-related methods to assess the question of positivity and assure that
inferences are `on-support'.
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What is already known on this subject

In neighbourhood studies, strong correlations of neighbourhood exposures with
individual and neighbourhood confounders can create problems with non-positivity (ie,
data that are `off-support'), defined as the situation in which some population subgroups
experience only one level of the exposure. Analyses with data that are `off-support' rely
on extrapolation to estimate associations. Propensity restriction to assure inferences are
`on-support', combined with analysis approaches that account for clustering by
neighbourhood, offer an alternative to propensity stratification or matching for multilevel
studies.
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What this study adds

We assessed the potential utility of propensity restriction to examine the relation between
collective efficacy and violence in NYC where it has not yet been assessed. Propensity-
restricted marginal model and propensity-matched parameters were similar in magnitude,
suggesting that in this analysis, the marginal modelling with propensity restriction was a
viable alternative to propensity matching. We found strong associations between
collective efficacy and violence in analyses that controlled for individual confounders;
the strength of the association was reduced but still substantial after additional control for
neigh-bourhood structural disadvantage. The results contribute to a growing body of
evidence that suggests collective efficacy may shape violence, and illustrate how the
utility of propensity score-related methods to assess the question of positivity and assure
that inferences are `on-support'.
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