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The relationship between social cohesion and health has been studied for decades. Yet, due to the contextual
nature of this concept, measuring social cohesion remains challenging. Using a meta-analytical framework, this
review’s goal was to study the ecometric measurement properties of social cohesion in order to describe dis
similarities in its measurement as well as bring a new perspective on the empirical usefulness of the concept
itself. To this end, we analysed if, and to what extent, contextual-level reliability and intersubjective agreement
of 78 social cohesion measurements varied under different measurement conditions like measurement instru
ment, spatial unit, ecometric model specification, or region. We found consistent evidence for the contextual
nature of social cohesion, however, most variation existed between individuals, not contexts. While contextual
dependence in response behaviour was fairly insensitive to item choices, population size within chosen spatial
units of social cohesion measurements mattered. Somewhat counterintuitively, using spatial units with, on
average, fewer residents did not yield systematically superior ecometric properties. Instead, our results underline
that precise theory about the relevant contextual units of causal relationships between social cohesion and health
is vital and cannot be replaced by empirical analysis. Although adjustment for respondent’s characteristics had
only small effects on ecometric properties, potential pitfalls of this analytic strategy are discussed in this paper.
Finally, acknowledging the sensitivity of measuring social cohesion, we derived recommendations for future
studies investigating the effects of contextual-level social characteristics on health.

1. Introduction
1.1. Social cohesion and public health in brief
Originating from Émile Durkheim’s ideas on social dynamics and
suicide rates (Durkheim, 2006) in the late 19th century and most
prominently revived by a “neo-Durkheimian” research agenda in the
1990s (Muntaner & Lynch, 1999; Wilkinson, 1997), the concept of social
cohesion aims to describe aspects of the social environments we live in.
Social cohesion is explicitly conceived as an attribute of a contextual
unit – e.g. a community, a neighbourhood, a district, a state, or a nation

state – and thus, although related, distinguishable from other social
determinants of health that operate on the individual level.
Developing coherent and testable multilevel theories of contextual
effects on health presents a long-known challenge to public health re
searchers (Macintyre et al., 2002; Oakes, 2004), with several mecha
nisms being proposed so far.
Social cohesion is hypothesised to reduce and buffer stress (Chuang
et al., 2013; Roux & Mair, 2010) which, when chronic, can induce im
mune dysregulation through sustained inflammatory responses (Glaser
& Kiecolt-Glaser, 2005). Apart from providing access to resources like
social support, close social relations may protect from loneliness
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(Holt-Lunstad, 2018), transmit positive health behaviours through
established social norms (Smith & Christakis, 2008), and support the
diffusion of relevant health information (Chuang et al., 2013). However,
living in a tight-knit community can also negatively affect health
through the potential spreading of infectious diseases or social trans
mission of adverse health behaviours (Christakis & Fowler, 2011; Vil
lalonga-Olives & Kawachi, 2017). Further, social entities in which
people share close relationships may adversely affect health through
excessive group conformity, high demands to provide support to others,
feelings of restricted individual freedom, exclusion of outsiders and
inter-group conflicts (Portes, 1998, 2014; Villalonga-Olives & Kawachi,
2017). Moreover, social cohesion is related to a sense of belonging
(Pérez et al., 2020), which has been connected to reduced suicidality
and depression (Durkheim, 2006; Fisher et al., 2015; Hagerty et al.,
1992; Hatcher & Stubbersfield, 2013). Another feature of social cohe
sion, orientation towards the common good, may facilitate collective
cooperative behaviour through which communities achieve social order
and safety (Sampson et al., 1997), or even influence public health policy
(Villalonga-Olives & Kawachi, 2017) as well as modify the built envi
ronment in their spatial context (Duncan and Kawachi, 2018).

Interestingly, a citation-network path analysis of the public health
literature on social capital in 2006 (Moore et al., 2006) showed that, at
that time, studies on social capital were mostly using the social cohesion
approach while collectively citing Durkheim’s work on suicide as a their
foundation – much like the social cohesion literature (Muntaner &
Lynch, 1999; Wilkinson, 1997). This genealogy of social capital provides
another explanation for why social cohesion and this specific approach
to social capital are hardly, if at all, distinguishable: both concepts were
initially introduced to public health research to meet the same explan
atory demand of data on income inequality and its relationship to health
in the 1990s (Moore et al., 2006). Additionally, the explanation in
vestigators were looking for, had to be psychosocial in character
(because income inequality is proposed to affect health in affluent so
cieties) and operate at the ecological, not individual, level (Moore et al.,
2006).
While the multidisciplinary and prominent use of social cohesion in
the scientific discourse is welcomed, the obtained breadth of the term
“social cohesion” might dilute its explanatory power for empirical an
alyses (Bernard, 2000, p. 26). Consequently, we argue that after “rede
fining”, “revisiting”, and “reconsidering” social cohesion has left a
legacy of confusion and an abundance of empirical studies investigating
the effects of social cohesion on health (-behaviour) (Glonti et al., 2016;
Mair et al., 2008; Samuel et al., 2013; Sawyer et al., 2017), this field of
research deserves a methodological review. As a contextual-level char
acteristic, the measurement and empirical analysis of social cohesion
requires a specific set of research methods labelled “ecometrics”. Eco
metrics is described as a “theory of method“ insisting “(…) that neigh
bourhood, community and other collective phenomena demand their own
measurement logic and are not stand-ins for individual-level traits” (Samp
son, 2012, p. 360). For readers unfamiliar with ecometrics, we provide a
brief explanation of the ecometric properties central to our analyses in
the following section. This section should not be understood as a
comprehensive introduction to ecometrics, but facilitate a common
ground for the interpretation of our data.

1.2. “Redefining”, “revisiting”, “reconsidering” social cohesion
Continuously, studying the effects of social cohesion has been
accompanied by a multidisciplinary discussion of the concept itself
(Bernard, 2000, p. 26; Chan et al., 2006; Fonseca et al., 2019; Schiefer &
van der Noll, 2017). Along with a struggle for unified definitions,
different measurements inevitably emerged (Chan et al., 2006; Dickes &
Valentova, 2013; Fonseca et al., 2019). Following this debate, a recent
literature review on the definition of social cohesion provided an
“essentialist” definition. The authors of this review concluded that a
cohesive social environment “is characterized by close social relations,
pronounced emotional connectedness to the social entity, and a strong
orientation towards the common good.” (Schiefer & van der Noll, 2017).
Although social cohesion is unanimously considered as a character
istic of a collective, the scientific literature about the influence of social
environments on health has additionally evolved around different
related concepts, such as social capital, or social networks (Berkman
et al., 2000; Kawachi et al., 2014; Kawachi & Subramanian, 2018;
Lochner et al., 1999; Marmot and Wilkinson, 2006; Moore & Kawachi,
2017). (see Lochner et al., 1999) for a detailed comparison of social
capital as an ecological variable and its closely related concepts).
Especially the relationship between social cohesion and social capital
can be complex because the concept of social capital itself is coined by a
persistent multidisciplinary discussion about definition and measure
ment (Kawachi et al., 2014; Moore & Kawachi, 2017).
Due to the conceptualisation of social capital as a social resource that
both individuals and groups have access to, there is a varying degree of
overlap between social capital and social cohesion which further de
pends on the varying definitions of each concept. Following the argu
mentation of Ichiro Kawachi and other leading figures in social capital
research, social cohesion can be seen as an approach to social capital
which itself can be further divided into several subcategories (cognitive,
structural, bonding, bridging, and linking social capital) (Kawachi et al.,
2014; Moore & Kawachi, 2017). At the same time social cohesion is
considered as an even broader concept than social capital (Kawachi
et al., 2014; Moore & Kawachi, 2017). In this view, social cohesion
emphasizes social capital as a collective attribute, whereas the social
network approach to social capital focuses on resources that are acces
sible to individuals through their (egocentric) social networks. Although
social capital did not comprise the concept of social cohesion when
developed by Pierre Bourdieu in the 1980s and thus still allowed for a
conceptual dichotomy of having (social capital) and being (social
cohesion), the translation of social capital into public health research
inspired by James Coleman’s and Robert Putnam’s conceptualisations
led to a conflation of these concepts (Carrasco & Bilal, 2016).

1.3. Ecometrics – “the science of assessing ecological settings”
Much like psychometrics, ecometrics is interested in traits that are
not directly observable, however, its unit of analysis are contexts, not
individuals. Ecometrics is a measurement theory and method that aims
to assess characteristics of contexts by combining psychometric princi
ples with multi-level modelling. Data sources are often surveys, but the
ecometric approach is also well equipped to deal with data generated by
systematic social observation. Generally, whenever individual item re
sponses or observations are used to assess characteristics of the contexts
to which they belong, ecometrics offer a powerful analytical framework.
Using the ecometric toolbox when studying the effects of social or
physical contexts on individual-level variables, like health outcomes,
researchers are enabled to deal with two main analytical challenges of
contextual effects: perception and same source bias. Both of these biases
would distort inferences if contextual characteristics like social cohesion
were measured on the individual level via survey responses. As such,
given the measurement instrument has acceptable validity, these item
responses merely reflect individual perception of social cohesion and do
not measure a contextual characteristic. Naturally, it is plausible that
these individual perceptions are a function of observable as well as
unobservable individual-level traits and do not capture the “true” level
of social cohesion within a context (perception bias). Moreover, and
especially relevant in public health research, estimating the effect of
individual perception of social cohesion on the level of health and wellbeing reported by the same individual may very well be confounded by
individual level traits that drive both perception of the quality of social
environments as well as the perception and actual level of health and
well-being (same source bias).
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1.3.1. The ecometric measurement model
Even though other approaches to mitigate these biases are conceiv
able, an ecometric measurement model is geared towards such chal
lenges. It conceptualises individuals as informants of the context they
belong to. Thus, individuals are nested within contexts while their item
responses are nested within individuals. This conceptualisation leads to
a three-level measurement model that lies at the core of ecometrics (all
equations and their explanation are drawn from Sampson et al. (1997):
Wherein, on level 1 (equation (1)), Yijk is the ith response of individual j
in context k and πjk is the “true” perception of individual j of the focal
contextual trait. Similar to item response modelling, Dpijk indicates
response i to its respective item p of the measurement instrument by
individual j in context k. Therefore, the coefficient αp can be understood
as the “difficulty” of item p for which “true” individual perception is
adjusted. The measurement error eijk is assumed to be normally
distributed with a variance σ 2 .
pn
∑

Yijk = πjk +

αp Dpijk + eijk ,

(
)
eijk ∼ N 0, σ2

contexts.
ICC =

(1)

On level 2, the individual-level, an individual’s “true” perception π jk
is modelled as a function of the “true” level of the contextual trait ηk in
context k (equation (2)). Additionally, this perception may be adjusted
for characteristics q of respondent j that make up the composition of
context k. Thus, Х qjk represents the level of variable q for individual j
nested within context k while its coefficient δq is the effect of variable q
on individual perception πjk of respondent j in context k. The random
effect rjk is assumed to be normally distributed with the “within-context
variance” τπ .
qn
∑

δq Х qjk + rjk ,

rjk ∼ N(0, τπ )

(2)

q=1

Finally, on the contextual-level 3, the “true” level of the contextuallevel trait ηk of context k – our quantity of interest – is a function of the
grand mean of the contextual characteristic of interest γ and the random
effect uk which is again assumed to be normally distributed with vari
ance τη . The variance of the random effect, τη , is the variance in the
contextual trait that exists between contexts - the so-called “betweencontext variance”.

ηk = γ + uk ,

uk ∼ N(0, τη )

(4)

An ICC of 1 would indicate that, within different contexts, every
respondent agrees with every other respondent about the level of the
contextual characteristic of interest, while, at the same time, different
contexts have different levels of this characteristic (Fig. 1). This case
would indicate that all of the variation in individual perception is due to
contextual level variation. Essentially, for an ICC of 1, the contextual
level latent trait that we assume to give rise to item responses has to
influence response behaviour strongly enough to eliminate any doubt
about its true level among respondents. In this case, it is fair to assume
the existence of a latent contextual characteristic that decisively drives
individual perception of what we purport to measure. Obviously, such a
scenario will most likely never be observed when studying latent traits
like social cohesion.
On the contrary, an ICC of 0 indicates that all of the variation in
individual perception of the contextual characteristic lies between re
spondents nested within contexts (Fig. 2). If this is the case, response
behaviour of individuals is entirely independent of the chosen contex
tual level, which violates a central assumption of the ecometric mea
surement model: observations are not independent from each other, but
nested within contexts.
However, an ICC of 0 does not necessarily mean that there is no
between-context variation at all. In fact, it solely tells the observer that
individual perception is not dependent on the particular contextual level
that was chosen for data collection and analysis. Altering the definition
of context by changing the spatial unit on which the contextual trait in
question is hypothesised to operate could yield entirely different vari
ance components and thus another ICC. Such a scenario is depicted in
Fig. 3, wherein we exemplarily rearranged individuals within contexts.
It illustrates the extreme case in which the same data can yield an ICC of
0 or an ICC of 1 merely by changing the definition of context itself. This
issue in ecometrics is similar to the well-known Modifiable Areal Unit
Problem (MAUP) in human geography.

p=1

π jk = ηk +

τη
τη + τπ

1.3.3. The contextual-level reliability
The contextual-level reliability, often denoted by λ (lambda), does
not only depend on the within-context and between-context variance of
the contextual characteristic, but also includes information about the
underlying data structure of the measurement. Like the ICC, it takes
values between 0 and 1. Contrary to the ICC, multiple different ap
proaches to estimate the contextual-level reliability can be found in the
literature. Despite differences, to our knowledge, all approaches take the
number of respondents per context njk into account. The more re
spondents are informing the contextual-level measurement, the more
reliable the measurement gets. While Raudenbush and colleagues
(Raudenbush & Sampson, 1999; Raudenbush et al., 1991, 2003) as well
as Hox (Hox, 2010) and Leyland & Groenewegen (Leyland & Groene
wegen, 2020) (who refer to Raudenbush’s work) also include the item
inconsistency σ 2 and number of items np that are included in the in
strument - as shown in equation (5) -, some approaches omit these
quantities (Mujahid et al., 2007; Stafford et al., 2003). Interestingly,
back in 1990, O’Brien discussed the estimation of the reliability of
“aggregate-level variables” under different scenarios (O’Brien, 1990).
For one scenario, in which multiple respondents rate one context, he
proposed a method that omits the number of items and their inconsis
tency (eq. 7 in O’Brien, 1990). Seemingly coincidental, another method
he proposed, for the scenario wherein aggregate scores are based on
multiple respondents nested within different interviewers (eq. 11 in
O’Brien, 1990), is identical to equation (5) if one exchanges respondents
nested within interviewers with item responses nested within
respondents.

(3)

Note that this is the ecometric measurement model described by
Sampson et al. (1997) and that other authors sometimes use different
model specifications and notation. In addition, also dependent on the
scales of item responses, different estimators have been suggested (Fone
et al., 2006; Raudenbush & Sampson, 1999). However, while there
might be an argument against the assumptions of the random effects
described above (see Hipp & Steenbeek, 2016), the three-level structure
does not only attempt to tackle the issues of perception and same source
bias outlined above, but also yields estimates of the “within-context
variance” and “between-context variance” that allow investigators to
study informative qualities of their measurement. The obtained variance
components, together with other information about the data structure,
can be used to calculate the contextual-level reliability of the mea
surement and the inter-subjective agreement (ICC) among respondents
nested within contexts.
1.3.2. The intracluster correlation coefficient (ICC)
In ecometrics, the ICC uses the variance components obtained by
estimating an ecometric measurement model in order to calculate the
proportion of the total variance in individual perception that is due to
contextual and not individual differences (equation (4)). Thus, it takes
values between 0 and 1 and gives us information about the extent of
dependence on context in item responses of individuals. The closer to 1,
the more variance exists between contexts in relation to variation within
3
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Fig. 1. A scenario in which the ICC would be 1. Within each context, all respondents agree on the level of a contextual characteristic (values within each box), thus,
the within-variance equals 0. However, contexts vary in their level of this characteristic (values above each box). In the case illustrated above, the between-variance
equals 0.3125. Following equation (4) the ICC equals 0.3125/(0.3125 + 0) = 1.

Fig. 2. A scenario in which the ICC would be 0. Respondents answer differently within contexts (values next to individuals) but the level of the contextual char
acteristic (value above each box) does not vary across contexts. Thus, item responses of individuals are independent of the chosen contextual level and there is no
variation between contexts, only within contexts.

Fig. 3. The between-context variation is also dependent on the chosen contextual level. Redefining the contextual level chosen in Fig. 2 (black dashed lines instead of
grey lines) yields an entirely different ICC compared to the ICC in the scenario illustrated in Fig. 2.

λk =

τη
2
τη + nτjkπ + njkσ np

of a study to investigate contextual characteristics. Obviously, a
contextual characteristic cannot be reliably measured by only asking a
very small number of individuals per context. Depending on the method
chosen, λk also accounts for the fact that more items can increase the
reliability of the measurement. However, as illustrated by previous work
(Raudenbush et al., 2003; Raudenbush & Sampson, 1999), increasing
the number of respondents per context or items included in the mea
surement yields diminishing returns for the contextual-level reliability.
The contextual-level reliability can also be used to tackle measure
ment error that arises if the data includes only a small number of re
spondents in some of the analysed contexts. For a discussion and
application of this and other advanced topics of ecometrics, the reader is
referred to prior work (Mujahid et al., 2008; Savitz & Raudenbush,

(5)

Note that equation (5) estimates the reliability of each context k and
thus can also inform the analyst about the relationship between aspects
of study design njk , np , and the reliability λk . Because, often, the average
reliability across all contexts will be of higher interest, Raudenbush
et al., Hox and Leyland & Groenewegen suggest to exchange number of
respondents njk in context k with the average number of respondents per
context in equation (5) (Hox, 2010; Leyland & Groenewegen, 2020;
Raudenbush et al., 1991).
Therefore, irrespective of which method is used to calculate the
contextual-level reliability, it contains information about the suitability
4
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2009). For an accessible and detailed explanation of ecometrics in
general, we suggest Raudenbush & Sampson, 1999, Raudenbush, 2003,
and Leyland & Groenewegen, 2020; and Fone et al., 2006, Mujahid
et al., 2007, and Mujahid et al., 2008 for thoughtful applications of
ecometrics in public health research.

1.4. From ecometrics to meta-ecometrics
By estimating an ecometric measurement model of the contextuallevel trait of interest, researchers can not only overcome some of the
analytical challenges of contextual effects, but also obtain valuable
empirical information about their measurement, much like in the related
field of psychometrics.
Given that researchers have now utilised these methodological

Fig. 4. Study selection process.
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advances for over two decades, we aimed to systematically review and
meta-analyse the ecometric properties of social cohesion measurements
estimated by previous studies. We believe that a meta-analytical
approach to ecometrics can provide answers to conceptual questions
about contextual characteristics like social cohesion that can hardly be
dealt with in a single study. By combining the available ecometric
properties of social cohesion measurements, especially the intracluster
correlation coefficient (ICC), we are able to gain new insights into the
usefulness of the concept “social cohesion” in empirical analysis. More
precisely, we investigate to what extent the ecometric properties of so
cial cohesion are dependent on study characteristics like measurement
instrument, spatial unit, ecometric model specification, and study pop
ulation. After the presentation of our findings and their careful in
terpretations, we discuss theoretical as well as methodological
considerations that result from our review. Finally, we derive recom
mendations for future studies investigating the effects of contextuallevel social characteristics.

2.2. Ecometric meta-analysis
The following information was extracted from included studies: how
social cohesion was measured (measurement instrument), data source of
the measurement (dataset, location, and date), average number of res
idents in each context, number of contexts included, sample size, eco
metric properties of the measurement (intracluster correlation,
contextual-level reliability), internal consistency of the measurement
(Cronbach’s alpha), perception bias correction, study population. In
case the authors were not able to extract some of the information listed
above, we contacted the corresponding author of the respective study
asking for the missing information.
The main goal of our quantitative analysis was to study the variation
in ecometric properties of social cohesion measurements and their po
tential sources. Although we are aware that estimating measures of
uncertainty for the ICC is possible, the vast majority of included studies
were lacking the necessary information. Therefore, we have decided to
weigh every included study equally, but did not provide pooled esti
mates. Rather, we analysed the distribution of these properties across
studies by means of data tabulation and visualisation.
Both ecometric properties – the contextual-level reliability (lambda)
and the inter-subjective agreement (ICC) – although related, convey
separate information about social cohesion and its respective measure
ment. The ICC estimated by the ecometric measurement model tells us
how much of the variance in individual perception of social cohesion is
attributable to the chosen contextual level. In other words, the ICC of a
contextual-level trait informs us to what extent individual response
behaviour is dependent on the chosen context of respondents. The
estimated reliability, on the other hand, additionally includes informa
tion about the data structure and measurement instrument. Thus, the
contextual-level reliability informs us about the suitability of the data to
measure contextual characteristics, whereas the ICC holds subtle,
though fundamental, cues for the concept itself. Because metaecometrics is meant to uncover new aspects of contextual-level traits
themselves instead of just reviewing the data quality of previous studies,
our analysis mainly focuses on the ICC of social cohesion measurements.
First and foremost, comparisons of measurement properties become
more valid when instruments used to measure social cohesion are
identical or sufficiently similar. We assigned ICCs to their respective
instrument and thereby created different subgroups of studies. If studies
referred to a specific instrument but did not use the exact same items and
response scales, they were coded as a ‘modified version’ of the instru
ment used in the respective study (measurement instruments and used
items are presented in the supplement). Once we established groups of
sufficiently similar measurements, we assessed the internal consistency
and ecometric reliability of included social cohesion measurements by
inspecting their distribution across studies visualised by box plots
alongside the observed values. This was done in order to evaluate the
quality of the data underlying our meta-ecometric inferences. After this
initial analysis, we aimed to study whether there were systematic dif
ferences in the ICC due to study characteristics. More specifically,
because there is still no conclusion about the spatial units on which
social cohesion operates, we investigated to what extent the intersubjective agreement (ICC) in item responses is dependent on the
average number of residents within the spatial units for which social
cohesion was measured. As illustrated in Fig. 3, the chosen spatial unit
can affect the ecometric properties of a contextual characteristic sub
stantially. We explore this relationship by plotting the observed ICCs
against the average number of residents of respective spatial units.
While questioning which contexts matter for contextual social traits
is certainly in the focus of the meta-ecometric perspective, other issues
cannot be left untouched. One of which is the notion of adjusting for
perception bias in the ecometric measurement model. Its goal is to
“correct” individual perception of the contextual trait for individual
characteristics that might alter perception. In doing so, this approach
controls for the different, e.g. demographic, compositional features of

2. Methods
2.1. Search strategy and selection criteria
Three investigators searched for eligible publications in Web of
Science, Embase, Medline, PsychInfo, Psyndex, Cochrane Database of
Systematic Reviews, Cochrane Central Register for Controlled Trials,
and EconLit. The search strategy was generated in close collaboration
with an information retrieval specialist of the Medical University of
Vienna. Our search strategy was designed using an iterative process. We
started by using the most important search terms (“social cohesion”,
“measurement”) and screened random samples of 25–50 publications in
each database for eligibility. When our first searches were too broad and
mostly failed to identify eligible studies, we further increased their
precision by adding additional terms that hint towards some kind of
statistical analysis of social cohesion. Our final search strategy included
the search terms “social cohesion”, “neighbourhood social cohesion”,
and “neighbourhood cohesion” (in title, abstract, or key words) in
combination with various terms (statistic*, psychometric*, ecometric*,
econometric*) which indicate that social cohesion was measured and
quantitative analysis was carried out.
The results of these searches were screened by three contributors
independently. Title and abstract were first screened simultaneously. In
a second step, the method section of those studies with disagreement
were screened in order to identify whether these studies included a
measure of social cohesion. Any discrepancies were discussed among all
three contributors until a decision was reached.
In the course of the screening process, we had to adjust our selection
criteria. First, we screened the literature for peer-reviewed studies in
which explicitly “social cohesion” or “neighbourhood (social) cohesion”
was measured in any population. No limitations for quantitative study
designs nor geographical limitations applied, but only publications
written in English or German were eligible. Due to an overwhelming
number of studies that measured social cohesion (Fig. 4), we focused on
those, which measured social cohesion as a contextual level character
istic and thereby engaged in multilevel modelling or applied ecometrics.
Narrowing the inclusion criteria, as stated in a contingency statement
written in our study protocol, we were able to conduct quantitative
analyses on the ecometric measurement properties. In order to increase
the sample size of studies that estimated ecometric properties of their
measurement, we decided to also include eligible published peerreviewed dissertations. After arriving at our final set of publications,
we hand-searched the reference lists for any further studies that met the
inclusion criteria.
Studies published between 01.01.1990 and 15.07.2020 were
considered for this review.
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contexts. The specification of this part of the ecometric measurement
model can detect whether the between-context variation in social
cohesion could just be explained by differences in the composition of
individuals within each context. Trying to correct for this potential bias
is common practice in the application of ecometrics. However, while it is
likely that including variables in the individual level equation (eq. (2))
will reduce the between-context variance in social cohesion, and thus
affect the ecometric properties of its measurement, less attention has
been given to the theoretical legitimacy of the variables usually used for
‘perception bias correction’. Therefore, we will review to what extent
model specification matters empirically by comparing the ICC from
adjusted and unadjusted measurement models and discuss potential
pitfalls of this analytic strategy.
Finally, for the same reasons that the concept of social cohesion
might be unequally meaningful for different study populations, cultural
settings, or points in time, the ecometric properties of its measurement
are expected to vary accordingly. Thus, systematic differences in the
ecometric properties of social cohesion between study populations, re
gions, or time points are realistic but only testable in multivariable
analysis that can draw from enough cases to control for differences in
measurement instrument, spatial unit, and ecometric model
specification.

Table 1
Descriptive overview of included cases.
n (%a)
Availability of measurement properties across cases
ICC
Contextual-level reliability
Cronbach’s alpha
Both ICC & contextual-level reliability
Neither ICC nor contextual-level reliability
ICC & contextual-level reliability & Cronbach’s alpha
None
Measurement instrument
Sampson et al., 1997
Modified version of Sampson et al., 1997
At least 3 item categories in common with Sampson et al., 1997
Buckner, 1988
Modified Buckner, 1988
Others
Average number of residents per context
<1000 residents per context
1001 to, 5000 residents per context
5001 to 10,000 residents per context
>10,000 residents per context
not reported
Region
Europe
North America
Australia & New Zealand
Brazil
South Africa
Adjustment for perception bias
Yes
No

3. Results
After title and abstract screening, our search strategy yielded 1173
articles that have either measured social cohesion and conducted
quantitative analysis, or needed additional screening of methods sec
tions (Fig. 4). Due to this overwhelming number of studies, the focus of
our review shifted towards a meta-ecometric approach using more
restrictive inclusion criteria as recorded in our study protocol. To this
end, we screened abstracts and, if needed, the methods sections of these
1173 articles to identify those studies, that explicitly reported ecometric
properties, the use of ecometrics, or multilevel modelling. Applying
these criteria, 81 studies were included. Additionally, we hand-searched
the reference lists of included studies, which led to an inclusion of 5
additional studies. However, on the basis of full-text screening we
excluded 8 studies that used the same data source and also reported
identical ecometric properties and a further 12 studies which reported
ecometric properties for measurements other than social cohesion (e.g.
collective efficacy). Finally, because some of the 66 included studies
reported more than one ICC or contextual-level reliability, we were able
to extract a total of 78 cases.
Table 1 describes the frequencies of main study characteristics across
our included cases. A complete description of all included studies is
provided in Supplementary Table S1. Out of all 78 cases, we extracted
from the included 66 publications, the ICC was available for slightly
more than half of the cases (55.13%). The contextual-level reliability
was reported for 38 (48.72%) cases and 21 (26.92%) of all cases re
ported both ecometric properties of their social cohesion measurement.
On the other hand, in 18 (23.08%) cases neither the ICC nor the
contextual-level reliability was available (Table 1).
Inspecting the measurement of social cohesion among this selection
of studies, we found that measurements were fairly homogenous
(Table 1). Out of all cases, 13 (16.67%) used identical items and
respective response scales proposed by Sampson et al. (1997) (items and
response scales are shown in Table S2). Another 22 (28.21%) cases
measured social cohesion with slightly modified versions of this in
strument. We categorised the measurement as “modified version”
whenever the instruments only differed by one item (e.g. 4 instead of 5
items) or had the same number of items but with different response
scales (e.g. 4-point instead of 5-point response scale). Moreover, 12
(15.38%) cases used instruments that were more heterogeneous but had
at least 3 item categories in common with the Sampson et al., 1997 in
strument (see Table S3 for a full description of item categories). Seven
cases stemmed from measurements with the instrument proposed by

a

43 (55%)
38 (49%)
46 (59%)
21 (27%)
18 (23%)
17 (22%)
9 (12%)
13 (17%)
22 (28%)
12 (15%)
1 (1%)
6 (8%)
24 (31%)
18 (23%)
36 (46%)
14 (18%)
5 (6%)
5 (6%)
33 (42%)
31 (40%)
8 (10%)
3 (4%)
3 (4%)
37 (47%)
41 (53%)

Percentages are rounded.

Buckner in 1988 (Buckner, 1988) (items and response scales are shown
in Table S2) or a modified version thereof. As Buckner’s original in
strument contained 18 items, we used a more flexible definition of what
counts as a “modified version” (Table S1). The remaining 24 (30.77%)
cases could not be assigned to either of the two instruments above. They
were not sufficiently similar to either of these instruments, nor suffi
ciently similar to each other to allow further groupings. Thus, these
measurements were categorised as “other measurements” and consist of
heterogeneous measurements whose ecometric properties are hardly
comparable. We, however, included this category in our analyses for
completeness but caution against comparisons within this group of
observations.
Most measurements of social cohesion (46.15%) referred to spatial
units with 1001 to 5000 residents while only 5 measurements referred to
spatial units that, on average, contained more than 10,000 residents. But
social cohesion was also measured for spatial units with a small number
of residents. In 18 (23.08%) cases, measurements referred to spatial
units with on average less than 1001 residents (Table 1). Reporting of
average population size per spatial unit was occasionally vague as au
thors described their spatial unit with statements like “on average about
X residents”. To prevent misclassification, we created categories instead
of using the average number of residents per spatial unit. However, due
to the lack of theoretical arguments for this categorisation, we also used
this variable in its raw form, which is imprecise and thus prone to
misclassification.
The vast majority of included data were collected in Europe (33
cases) and North America (31 cases). It follows, that 82.05% of extracted
ecometric social cohesion measurement properties came from a North
American or European context, while only 10.26% and 7.7% came from
Australia & New Zealand and Brazil & South Africa respectively
(Table 1). Moreover, 47.44% of our cases aimed to adjust for perception
bias by including individual characteristics into the measurement
model, whereas only 2 studies (Araya et al., 2006; Fone et al., 2006)
provided adjusted as well as unadjusted variance components.
Generally, internal consistencies of most included social cohesion
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measurements for which this property was reported ranged between
acceptable values of 0.7 and 0.9 (Fig. 5). Along the reported internal
consistencies of included social cohesion measurements, Fig. 5 also
shows the estimated contextual-level reliabilities (lambda) across mea
surement categories. According to the contextual-level reliability, most
studies were reasonably well suited to assess latent contextual traits like
social cohesion. Compared to reported internal consistencies, the
contextual-level reliabilities showed higher variation within and be
tween different measurement categories (Fig. 5). However, wide and
overlapping confidence intervals between measurement instruments as
well as differences in the methods used to calculate the reliability pre
clude judgments about the superior suitability of a specific instrument.
Complementary to Table S1, Fig. 6 gives an overview of all 43 cases
for which the ICC was available and groups them by measurement in
strument. It contains the ICC and its graphical illustration alongside vital
information about the studies’ characteristics that are behind these ICCs.
As shown in Fig. 6, the ICCs lay within a range from 0.01 in Fone et al.
(2006) to 0.345 in Stafford et al. (2003). Yet, both of these studies were
well suited to assess contextual level traits: Fone et al. included 325
contexts with on average 37 respondents, while Stafford et al. (2003)
included 259 contexts with an average of 42 respondents per context.
First, these two ICCs stemmed from very different measurement in
struments – Fone et al. used 8 items from the Buckner, 1988 instrument
and Stafford et al. used 19 items that reflected the sub dimensions
“trust”, “attachment”, “practical help”, and “tolerance” – which show
cases the potential impact of the instrument used. Second, while the data
used by Fone et al. measured social cohesion in Caerphilly County
Borough’s (Wales, UK) enumeration districts with on average 406 adult
residents in 2001, Stafford et al. measured social cohesion for electoral
wards in England and postcode sectors in Scotland using multiple waves

of data between 1994 and 1998. Stafford et al. have not reported the
average population size for their chosen spatial units, but the Office for
National Statistics reports that, in 1991, postcode sectors had an average
population size of 5584.6 (ISD services, 2021) and electoral wards a
mean of 5945 residents in 2001 (Ward-level population est, 2021).
While the estimated inter-subjective agreement (ICC) on the level of
social cohesion within a context may vary due to differences in the
underlying usefulness of the contextual-level concept itself within a
specific temporal or geographical context (Caerphilly County Borough
in Wales of 2001 versus England and Scotland in the 90s), a closer in
spection of extreme values in our sample highlights the sensitivity of
measuring social cohesion. As ecometric properties should only be
compared within groups of sufficiently similar measurement in
struments, we present the distribution of ICCs by measurement in
struments in Fig. 7. Studies that used the instrument proposed by
Sampson et al. (1997) or a modified version thereof found that usually
10%–20% of the variation in perception of social cohesion exists be
tween contexts. Thus, individual perceptions of social cohesion were
only modestly dependent on the chosen contexts of respondents.
Inter-subjective agreement (ICC) among respondents tended to be lower
in studies that used the instrument proposed by Buckner, 1988, how
ever, the sparse data did not allow for conclusions about systematic
differences in the ICC between instruments. Confirming this observa
tion, Pauwels & Hardyns (2009) provides ecometric properties for two
different measurements of social cohesion from two Belgian cities
(Antwerp, Ghent) about 60 km apart. Even though social cohesion was
measured by different instruments in each city (Ghent: Sampson et al.,
1997; Antwerp: other measurement – see Table S1), the ICC barely
varied: 0.123 in Ghent and 0.124 in Antwerp.
We found no evidence that choosing spatial units with a lower

Fig. 5. Internal consistencies of social cohesion instruments measured by Cronbach’s alpha (alpha) and contextual-level reliabilities (lambda) of social cohesion
instruments. Modified versions include measurements that did not use the same items and/or response scales but only differed marginally compared to the original
measurement instrument. See supplementary material for explanations of item categories. Contextual-level reliabilities were obtained by slightly different methods –
see Fig. S1 or Table S1 for method-specific reliabilities.
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Fig. 6. An overview of observations for which the ICC was available.

average number of residents yield higher inter-subjective agreement
between respondents. In Fig. 8, we used the average number of residents
per chosen context extracted from studies as a continuous variable to
display its relationship with the ICC without imposing categories. In
some cases, we were not able to retrieve precise values for the mean
population size or the median instead of the mean, which biases the
position of data points on the x-axis. To mitigate this potential bias due
to misclassification, we also present the extracted ICCs within categories
of average population size that are less prone to misclassification
(Fig. S2). However, this did not change our results. If anything, a visual
inspection of our data shows that the inter-subjective agreement in
response behaviour was highest when spatial units contained, on
average, 4000 to 10,000 residents. To maximise the validity of these
comparisons, we also looked for single studies who reported ecometric
properties for more than one spatial level. Taking this conservative
approach, our initial findings were confirmed. Mujahid et al. (2007)
provided ecometric properties of their social cohesion measurement
(“modified version of Sampson et al., 1997”) for 576 census tracts as
well as 161 neighbourhood clusters in the US. They reported that census

tracts contained an average of 4000 residents and neighbourhood
clusters 8000 to 12,000 residents. While the ICC of social cohesion for
census tracts was 0.333, inter-subjective agreement among the same
respondents nested within neighbourhood clusters was slightly higher:
0.341 (Fig. 6, Table S1). That said, the construction of neighbourhood
clusters in this study was not entirely dependent on administrative
borders but takes information into account (demographic, socioeco
nomic and housing characteristics) (Mujahid et al., 2007). Ecometric
properties for different spatial units were also estimated by Zock et al.
(2018) for Dutch neighbourhoods. They estimated the ecometric prop
erties of their social cohesion measurement for 181 five-digit postal code
areas as well as for the 41 municipalities they belong to. Most five-digit
postal codes have an area of less than 1 km2 with an average population
size of 500 residents whereas municipalities, at the beginning of 2006,
contained a mean of 35,664 residents (median: 21,918) (StatLine.
https://opendat, 2021). Social cohesion was measured with 10 items
(Table S1) out of which 3 items belonged to the same item categories as
3 of the 5 items included in the instrument used by Sampson et al.
(1997). In this study, inter-subjective agreement among respondents
9
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Fig. 7. Distribution of estimated inter-subjective agreement (ICC) across different measurement instruments of social cohesion.

within the same municipality was almost twice as high (ICC: 0.160) as
the agreement on the level of social cohesion within the much smaller
five-digit postal code areas (ICC:0.087, see Fig. 6).
Regarding perception bias correction, two of the included studies
reported ICCs that stemmed from adjusted as well as unadjusted vari
ance components. Data from both studies were collected for spatial units
with less than 1000 residents in Wales, UK in 2001 and measured social
cohesion similarly (modified version of Buckner, 1988; see Table S1).
The unadjusted ICC in Araya et al., 2006 and Fone et al., 2006 had a
value of 0.145 and 0.016 respectively. Using the same data but a
different specification of their individual-level model, these ICCs only
marginally changed. By adjusting for age, gender, unaffordable items,
financial, and employment status, the variance attributable to postcode
areas reduced from 0.145 to 0.122 in Araya et al., 2006. Similarly, Fone
et al., 2006 adjusted for age, gender, social class, council tax band,
employment status, gross income, and tenancy, which reduced the ICC
from 0.016 to 0.01.
Although any further analysis on the effect of study characteristics,
like region, on ecometric properties requires multivariable methods that
hold important study characteristics constant, one of the included
studies is particularly informative about the possible relation between
region and the ICC. Ruijsbroek et al. (2017) measured social cohesion
using the Sampson et al., 1997 instrument for four different European
cities (Stoke-on-Trent, UK; Doetinchem, NL; Barcelona, ES; Kaunas, LT).
In three of these cities, social cohesion was measured for similar spatial
units that, on average, contained 1,508, 1,538, and 3400 residents.
Further strengthening comparability, the data included a similar num
ber of contexts as well as a similar number of respondents per context
(Table S1). Despite these similar measurement conditions, the
contextual-level reliability of their social cohesion measurements
showed high variation: 0.8 in Stoke-on-Trent, 0.84 in Barcelona, 0.49 in

Doetinchem, but only 0.11 in Kaunas. Unfortunately, neither the vari
ance components nor the ICCs estimated by their measurement models
were available, but, because the similar data structure across cities and
Ruijsbroek et al.’s comment on this finding, the considerable difference
in contextual-level reliability was due to the low between-context
variance in response behaviour in Kaunas.
4. Discussion
Improving the measurement of contextual social characteristics re
mains a prerequisite for the identification of causal effects in research
linking social environments to health and other outcomes (Roux, 2008).
By now, researchers have collected an enormous amount of data on
social cohesion. Despite its explicitly contextual definition, only a small
proportion of studies which measured social cohesion eventually used it
as the contextual-level characteristic it is and estimated its ecometric
properties – the contextual-level reliability and inter-subjective agree
ment (ICC). Focusing on those which did, we analysed ecometric prop
erties of 78 social cohesion measurements and how they varied under
different measurement conditions.
Overall, the internal consistency and contextual-level reliability re
ported by included studies mostly ranged within acceptable values,
which strengthened the basis for meta-ecometric inferences. Large
variation in the contextual-level reliability between studies was not
surprising, as this ecometric property is sensitive to the respective study
design and we would expect that studies are differently suited to mea
sure contextual traits.
Earlier, we stated that the intersubjective-agreement (ICC) on the
level of social cohesion among respondents within contexts is not only a
property of the measurement, but also reveals information about the
empirical usefulness of the contextual-level concept itself. After all, if,
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Fig. 8. Inter-subjective agreement (ICC) against average number of residents within chosen spatial units by comparable measurements of social cohesion. The scale
of the x-axis is logarithmic and the y-axis only ranges from 0 to 0.4 as there were no ICCs greater than 0.4 in our data.

under a variety of different measurement conditions, individual
response behaviour is entirely independent of the contexts to which
respondents belong, researchers should be very sceptical about the
usefulness of the respective concept in empirical research or might even
be tempted to question its very existence as a contextual trait. Although
we believe in the informative potential of this quantity for the investi
gation of all contextual social characteristics, there are some assump
tions that must not be ignored in order to get the interpretation of the
ICC right.
First, a precondition of ecometrics is that individual response
behaviour is not independent of the contexts respondents belong to. For
social cohesion, this assumption can be confirmed with our data as social
cohesion measurements consistently showed that individual response
behaviour was indeed dependent on the context of respondents. Even
though included studies used a wide range of instruments to measure
social cohesion, most approaches were similar to the instrument pro
posed by Buckner in 1988 or Sampson et al., in 1997. Further
strengthening the evidence for the concept’s ability to measure aspects
of the social environment, no group of measurement instruments was
convincingly more successful in detecting contextual dependence in
response behaviour. Thus, it appears that the contextual nature of social
cohesion is not too sensitive to deviations in item choices. However, as
has been noted previously, most of the variation in social cohesion
measurements exists between individuals, not between contexts (Fone
et al., 2006; Friche et al., 2013; Mujahid et al., 2007; Raudenbush &
Sampson, 1999). To render contextual characteristics useful in empirical
analyses, it is implicitly assumed that the contextual trait of interest does
indeed vary between contexts. But, given that the “true”
between-context variance was estimated, a low value can occur for two
reasons. One reason could be that the concept under study really does
not vary much between contexts in which case the empirical usefulness
of this concept as a contextual characteristic is questionable. The other

reason for a low between-context variance refers to the second point we
want to highlight: the relevance of the chosen spatial unit.
Second, the ICC and its interpretation can be heavily reliant on the
spatial unit for which the contextual characteristic was measured. In one
study, the ICC almost doubled when researchers merely changed the
spatial unit of their measurement (Zock et al., 2018). Counterintuitively,
measuring social cohesion in potentially more homogeneous spatial
units with a smaller number of residents did not yield systematically
higher intersubjective agreement between respondents within one
context. This result may reveal a salient quality of the concept “social
cohesion” itself: Inferring from our data, there may not be ‘a correct’
spatial unit on which social cohesion operates that researchers should be
looking for. Instead, our data suggest that the relevant spatial unit for
social cohesion is neither fixed in time nor space. Admittedly, it should
be doubted whether the ICC alone is capable of leading us to the “cor
rect” spatial unit of contextual social characteristics at all. Even if a very
low between-context variance severely limits empirical analysis,
data-driven approaches are not sufficient to identify the relevant spatial
units of causal mechanisms linking social environments to health out
comes. Additionally, although “context” mostly refers to spatial units,
the essentialist definition of social cohesion (Schiefer & van der Noll,
2017) also permits its use for contexts that are not necessarily spatial in
character. While we doubt that neither meta-ecometrics, nor any other
empirical approach can give a conclusive answer on which spatial units
or contexts matters for causation, we firmly believe it is essential that
researchers who seek to identify the effects of social environments on
health outcomes have to specify the spatial unit in the very formulation
of their hypotheses. At least, the choice of spatial units should be
informed by the mechanism that is assumed to underlie the association
between social environments and health outcomes. This is by far not the
first time theoretical precision in multilevel research has been called for
(Diez Roux, 2001; Diez Roux, Mujahid, Morenoff, & Raghunathan,
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2007; Macintyre et al., 2002). Whenever possible, we recommend that
researchers should provide ecometric properties and effect estimates for
different spatial units and discuss the multiple potential spatial units for
their contextual trait under study irrespective of data availability. When
the different spatial units under consideration are hierarchical – smaller
areas are always strictly nested within larger areas – a single multilevel
model can be used to estimate the variance associated with each of the
spatial units. Researchers may also choose to fit a series of multilevel
models to estimate the variance associated with each spatial unit in
isolation (especially, if considered spatial units do not form hierarchies).
Third, an interpretation of both the measurement and its ecometric
properties assumes that the ecometric measurement model was correctly
specified. The model asserts that individual perception is driven by the
true level of social cohesion within a context as well as individual
characteristics that bias perception of social cohesion. In almost half of
included studies, researchers chose to adjust their social cohesion
measurement for perception bias by including sociodemographic or
socioeconomic characteristics in their ecometric measurement model,
which decreased the between-context variance component. Among
studies wherein unadjusted and adjusted variance components were
reported (Araya et al., 2006; Fone et al., 2006), the extent of this
decrease was only moderate in absolute terms. While the possibility to
adjust for individual characteristics that could bias perception of social
cohesion is a methodological advantage, previous literature has paid
little attention to the subtle challenges of the ecometric model specifi
cation. Naturally, contexts may not only differ in their level of social
cohesion, but also by compositional characteristics that could bias how
it is perceived. It is, for example, quite possible that individuals who
have lived in a context for many years have a more accurate but also
more positive perception of the level of social cohesion in their context
than individuals who have just moved to a place. Perhaps following this
argument, several studies included length of residence in their ecometric
measurement model. However, length of residence within a context
might influence perception of social cohesion for the simple fact that
residential turnover may actually affect the true level of social cohesion
itself. Assuming unconstrained opportunities to move, the relationship
between individually perceived social cohesion and length of residence
could also be framed as a selection problem: Individuals might be less
likely to move, the more positive their perception of the social envi
ronment within their residential context becomes. Therefore, adjusting
for length of residence is correct if and only if one can make the case that
length of residence affects individual perception directly and not via
changing the true level of social cohesion within a context itself.
Adjusting for any individual characteristics that do not only affect
perception, but also the true level of social cohesion within a context will
yield an underestimated between-context variance component and thus
a biased ecometric measurement and related ecometric properties. On
the other hand, an unconditional measurement model will overestimate
the between-context variance and underestimate the within-context
variance as long as contexts have a different composition of individual
characteristics that influence perception of social cohesion but not social
cohesion itself. It follows that accurate theory about which individual
characteristics drive social cohesion and which merely bias its percep
tion is critical. Contrary to the notion of perception bias correction, re
searchers could also make the case that any systematic differences in
individual perception of social cohesion are a legitimate reflection of the
level of social cohesion that is relevant to the sociodemographic
make-up of a context. In this view, controlling for such differences
would be conceptually wrong as it would impose the same composi
tional features on all contexts compared. After all, the distinction be
tween context and composition is not always clear and might even be a
“false dichotomy” to begin with (Diez Roux, 2001; Macintyre et al.,
2002).
This review has some limitations. Above all, we are aware that some
studies which measured related contextual-level concepts like (one
approach to) social capital might have been missed by our search

strategy but ought to be included due to the similarity of items used for
their measurement. Unfortunately, it was beyond the scope of this study
to conduct an additional review of explicitly contextual-level social
capital measures. However, note that we have also included some
measurements of social capital in case these measurements used iden
tical or similar items to social cohesion measurements and applied
ecometrics (Mackenbach et al., 2016; Mohnen et al., 2011, 2012; Prins
et al., 2012; Rodrigues et al., 2018; Zock et al., 2018). Moreover, we
focused on studies which measured social cohesion using survey ques
tionnaires. This is the most common way of assessing social cohesion in
the literature, but other methods aiming to measure aspects of the social
environment
should
be
explored.
Although
even
more
resource-intensive, comparisons with data from large scale field exper
iments, like lost letter experiments, could provide a new perspective on
conventional survey data on social environments. Probably less costly,
but equally interesting, computational social science has already shown
its usefulness for linking latent traits to health outcomes by using twitter
data (Eichstaedt et al., 2015). But, so far, researchers interested in the
effects of social environments on health have only started to harness the
potential of social media data (Schootman et al., 2016).
It is worth mentioning that we were not able to explore how the
average area size of the chosen spatial unit affects the ICC. Given that
physical distance between (agglomeration of) residents within a spatial
unit could influence the level of intersubjective agreement, reporting
area size in addition to population size of a chosen spatial unit is
necessary. Also, not only average population and area size of spatial
units could impact ecometric properties, but also the variation in these
traits among included areal units.
Further, over 80% of eligible studies measured social cohesion in
Europe or North America which limits the generalizability of our in
ferences beyond these geographic contexts. Finally, it is not clear what
renders ecometric measurements sufficiently comparable. While we are
confident that our sample allowed us to gain new insights regarding
measurement instruments and spatial units, more observations are
needed to engage in multivariable analysis and employ meta-regressions
to further study how ecometric properties vary across time and cultural
settings.
Notwithstanding these limitations, two main findings emerge from
our review. First, reviewing the inter-subjective agreement (ICC) of 43
social cohesion measurements, we found consistent evidence for the
contextual nature of the concept and its measurement. However, we also
found that the ecometric properties of social cohesion can be quite
sensitive to the conditions under which it has been measured.
Acknowledging this sensitivity of measuring social cohesion, we
recommend that researchers report both ecometric properties – the ICC
and the contextual-level reliability - as well as accurately describe and
discuss measurement conditions (measurement instrument, spatial unit,
region, data structure, time point of data collection, study population).
Unfortunately, contrary to other quantities that describe measurement
quality in psychometrics, we are not able to define a meaningful rule of
thumb when it comes to the interpretation of the ICC. Such a guidance
for the interpretation of the ICC would be inappropriate because it
would not only cloud the assumptions behind the ICC, but also conceal
the shown sensitivity of measuring social cohesion. Additionally, little
variation between contexts does not necessarily preclude the predictive
validity of the concept (Raudenbush & Sampson, 1999).
Next, as data alone will not reveal the relevant spatial units of social
cohesion, we follow previous calls (Diez Roux, 2001; Macintyre et al.,
2002) in reminding that the theoretical specification of the contextual
unit is an integral part of formulating hypotheses which link social en
vironments to health outcomes. Finally, we recommend not correcting
for perception bias correction, unless a convincing argument can be
made that either the correction acts on perception alone without
affecting the true level of social cohesion itself or that the potential bias
reduction due to correction is higher than the bias this correction could
introduce.
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Despite its underlying challenges, the inter-subjective agreement
(ICC) remains a vital quantity for researchers interested in contextual
social characteristics. It may even be tempting to use it as a cue for the
very existence of concepts that try to describe what is between, not
within individuals. However, attempting to answer whether concepts
like social cohesion do or do not exist may not be useful question to start
with. While the existence of such concepts cannot be proven, their
explanatory power in public health research can, in fact, be evaluated
and should ultimately decide whether a concept is useful and not
whether it exists. In the end, the question about the usefulness of a
theoretical concept like social cohesion in empirical research is one that
can only be answered by empirical research itself.
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in developing countries: Saúde em Beagá Study, Belo Horizonte, Brazil, 2008-2009.
Journal of Urban Health, 90(2), 246–261. https://doi.org/10.1007/s11524-0129737-z
Glaser, R., & Kiecolt-Glaser, J. K. (2005). Stress-induced immune dysfunction:
Implications for health. Nature Reviews Immunology, 5(3), 243–251. https://doi.org/
10.1038/nri1571
Glonti, K., Mackenbach, J. D., Ng, J., Lakerveld, J., Oppert, J.-M., Bárdos, H., …
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