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ABSTRACT
Objective Structural and social neighbourhood constructs have been developed for
studying a neighbourhood’s influence on a variety of health outcomes; community
surveys are being increasingly used for capturing such information. This paper
has proposed a six-fold approach which integrates existing methodologies (i.e.
multilevel factor analysis, ecometrics, multilevel spatial multiple membership
models and multilevel latent class analysis) for estimating reliable and valid
measurement of neighbourhood conditions.
Methods The proposed approach used seven demographic and socioeconomic variables reported in a community survey by 20,413 individuals
residing in 244 neighbourhoods in Medellin, Colombia, to measure structural
neighbourhood conditions.
Results The set of variables reliably measured one neighbourhood construct: the
deprivation index; this showed significant variation between neighbourhoods as
well as significant spatial clustering across the city.
Conclusions The approach presented here should enable public health
researchers to better estimate neighbourhood indicators and may result in more
accurate assessment of the relationship between neighbourhood characteristics
and individual-level health outcomes.
Key Words: Residence characteristics, data collection, epidemiological method,
psychometrics, multilevel analysis (source: MeSH, NLM).
RESUMEN
Objetivo Múltiples variables que describen las características físicas y sociales
de los barrios han sido desarrolladas para investigar los efectos del barrio sobre
la salud. Las encuestas poblacionales son cada vez más utilizadas para capturar
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dicha información. Este artículo propone una metodología que integra diferentes
técnicas estadísticas, tales como análisis factorial multinivel, ecometría, modelo
espacial multinivel y modelo de clases latentes multinivel, para explorar datos
derivados de encuestas poblacionales y estimar variables que describan las
características de los barrios de manera precisa y confiable.
Métodos Este artículo demuestra la aplicación del método propuesto para
caracterizar condiciones estructurales de los barrios de Medellín-Colombia. Para
esto se analizaron siete variables demográficas y socio-económicas reportadas
por 20 413 individuos residentes de 244 barrios de la ciudad.
Resultados Los resultados mostraron que el conjunto de variables miden de
manera confiable un índice de privación económica para cada barrio, el cual
mostró variaciones significativas entre los barrios, y agrupaciones espaciales en
diferentes áreas de la ciudad.
Conclusiones Se espera que el método propuesto sirva a los investigadores
en salud pública para estimar indicadores del barrio más precisos, lo que ha
de traducirse en estimaciones más confiables de los efectos del barrio sobre la
salud individual.
Palabras Clave: Características geográficas, recolección de datos, métodos
epidemiológicos, psicometría, análisis multinivel (fuente: DeCS, BIREME).

S

patial data regarding an individual’s residential neighbourhood’s
physical, social and economic conditions is becoming increasingly
important in studies investigating how the context is associated with
individual health outcomes (1). Several sources are used for measuring
such neighbourhood constructs; census or local administrative data sets
are most widely used, whilst community surveys represent the second most
common source.
Converting census and administrative-data into neighbourhood
measurements is relatively straight forward; in practice such measurements
are usually available as summaries for geographical units and are
typically used as means or percentages. Regarding survey data, the most
common strategy is simple aggregation using existing geographical units
and calculating indicators, such us means or percentages. Although this
technique may provide a rich summary of the survey data, neighbourhood
researchers have highlighted some methodological constrains which may
affect neighbourhood studies. For example, aggregation techniques typically
assume that the sample mean is a reliable estimate of the neighbourhood
mean, or that the resultant neighbourhood variables are continuous with
a known distribution (2). Such assumptions may be problematic when
there is little information on a neighbourhood’s specific characteristic

90

REVISTA DE SALUD PÚBLICA · Volumen 16 (1), Febrero 2014

(neighbourhoods having few respondents) or when neighbourhood latent
constructs are discrete rather than normal.
An atomistic fallacy may also be committed when using survey data (i.e.
incorrectly assuming that the characteristics observed at individual-level
holds for neighbourhood-level versions of such variables) (3). Empirical
evidence suggests that three different neighbourhood-level constructs may
emerge from survey data: one refers to neighbourhood-level constructs only
having a conceptual meaning at that level (e.g. as social disorganisation
or collective efficacy), another concerns neighbourhood-level constructs
which are meaningful at both individual and neighbourhood-level (although
the variables provide different information at each level, e.g. individual
income and mean neighbourhood income) whilst yet another deals with
neighbourhood-level variables operating at both levels but having a
different factor structure (4). It has also been found that the number of
constructs at neighbourhood-level tends to be smaller than the number of
constructs at individual-level (5).
Failure to properly measure neighbourhood constructs may lead to
bias in estimating the association between neighbourhood predictors and
individual outcomes (1,6). Recent methodological developments have
consequently addressed such issues, showing significant improvement
regarding the proper measurement of survey data-derived neighbourhood
constructs. This would include multilevel factor analysis, multilevel latent
class analysis, ecometrics and multilevel spatial multiple membership
models (5,7-11). Briefly, multilevel factor analysis and multilevel latent
class analysis explores survey-data factor-structure at different levels.
The main difference between the two is based on the nature of estimated
latent variables (12,13); the former creates continuous neighbourhood
variables; while the latter creates categorical neighbourhood variables
(12,13). The ecometric model (i.e. assessing ecological settings, applied
to the systematic social observation of neighbourhoods) allows continuous
neighbourhood scores to be estimated and uses psychometric tools for
assessing their reliability and validity. Spatial models take into account
the spatial structure of the data and calculate precision-weighted estimates
to provide more reliable neighbourhood measurements, especially for
neighbourhoods involving small sample sizes. This paper presents a
combination of such statistical techniques in a novel approach which aims
to create neighbourhood variables which can be used as reliable predictors
in neighbourhood-health research. This combination of approaches has not
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been used previously in measuring neighbourhood constructs; this paper
thus provides a step-by-step illustration of its application which can be
consistently and easily replicated in public health research.
METHODS
Data was taken from a 2007community-survey in Medellin, Colombia
(the Medellin Life Quality Survey) which provided information about
city households’ size and structure. This survey involved 20,409 heads of
households from 244 neighbourhoods. The community-survey collected
a set of individual demographic and socio-economic variables which
are commonly used for assessing two main structural neighbourhood
conditions: deprivation and residential instability (14). Table 1 shows these
binary indicators’ distribution.
Table 1. Individual characteristics regarding heads of household living in
neighbourhoods in Medellin, 2007
Variable
V1. Female head of household
Yes
No
V1. Female head of household
Yes
No
V3. Head of household having received primary education or less
Yes
No
V4. No family members having a professional qualification
Yes
No
V5. One or more family members unemployed
Yes
No
V6. Rented house
Yes
No
V7. Less than 5 years living in the neighbourhood
Yes
No

N

%

8,044
12,365

39.4
60.6

4,577
15,832

22.4
77.6

7,555
12,854

37.0
63.0

11,788
8,621

57.8
42.2

1,576
18,833

7.7
92.3

7,166
13,243

35.1
64.9

4,155
8,853

31.9
681

Analysis: A six-fold scheme for measuring neighbourhood characteristics
using survey data
The proposed scheme used three-level latent models, with responses at
level-1 nested within individuals at level-2 and within neighbourhoods at
level-3. The first three steps followed Muthén’s analytical strategy (5) for
exploring hierarchical data’s factor-structure; this was further extended
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to assess neighbourhood score reliability (step 4), spatial dependency
and distributional assumptions (step 5) and, if necessary, to identify
neighbourhood-latent classes (step 6).
1. The first step determined variation in neighbourhood response
and evaluated whether a multilevel analysis was justified for creating
the constructs. This was done by calculating the intra-class correlation
coefficient (ICC) for each variable which was obtained by using a random
effects model (i.e. the larger the ICC, the higher the variation). An overall
ICC greater than 0.10 indicated enough variability to justify a multilevel
modelling technique.
2. The second step explored the variable factor structure at individual
and neighbourhood-level, as well as defining the least interpretable factors
at each level of analysis, without imposing any restriction on parameter
estimates. This was done by separate exploratory factor analysis into
individual and neighbourhood-level variance-covariance matrices. This
two-level exploratory factor model was defined as:

Where yijk represented response i for individual j in neighbourhood k; β0
was overall intercept, λi(2) and λi(3) were individual and neighbourhood factor
loading parameters. The scores for each individual and neighbourhood
were described by
and
; which were assumed as being normally
distributed with variance Ωv(2) and Ωv(3) and constrained to 1 to make the
model estimable. uijk and vik represented residual random individual and
neighbourhood-effects which were mutually independent and assumed to
have normal distribution with variance
and .
Standardised root mean square residual (SRMR) and root mean square
error of approximation (RMSEA) goodness of fit statistics (15) were used
for choosing the best factor structure. Values lower than 0.08 indicated an
acceptable fit (16).
3. The third step involved multilevel confirmatory factor analysis. Based
on the results of the exploratory analysis, this step investigated how well
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the identified factors fit the sample. This was done by placing constraints
on factor loading, variance, covariance and residual variance in Eq. (1).
SRMR and RMSEA were also used for assessing the models’ goodness-offit, as well as the comparative fit index (CFI) and the Tucker-Lewis index
(TLI) which were expected to have values higher than 0.95 (16).
4. The fourth analysis step specified an ecometric model for estimating
the identified constructs’ continuous neighbourhood scores and evaluating
their reliability. This model was written as:

Where πijk was the estimated probability of saying ‘yes’ to question
i for individual j in neighbourhood k. The xijk terms were a series of
dummy variables representing the i variables reported for individual j in
neighbourhood k. uojk and v0k were individual and neighbourhood-level
scores on the logit scale, having variance
and
. Level-1 variation
was represented
; which was constrained to 1 as it was a Bernoulli
distribution. Estimated model parameters were used for calculating a
reliability index, as follows:

Where Jk was the number of individuals sampled within neighbourhood
k and the average number of neighbourhood indicators per individual in
neighbourhood k was
was variance based on the predicted
average percentage of affirmative responses in neighbourhood k,π
̅_k. This measurement ranged from 0 to 1, higher values indicating the
model’s sensitivity in distinguishing neighbourhood differences regarding
neighbourhood construct scores.
5. The fifth step extended the ecometric model to a spatial multiple
membership model to improve neighbourhood estimates and hence create
more reliable neighbourhood measurements. This spatial model calculated
precision-weighted estimates(i.e. few individuals within a neighbourhood
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would have resulted in the estimate shrinking back towards the mean for
the neighbouring neighbourhoods in a form of spatial smoothing) (9). The
model was specified as:

The above notation followed Browne, Goldstein and Rasbash
(17),only using one subscript i to represent the lowest-level (responses)
and three-classification indicators to represent subscripts for individuals
(classification-2), neighbourhoods (classification-3) and surrounding
neighbours (classification-4) random effects. These three separate random
effects influencing the logit of an affirmative response to the variables
were given by the between-individual-effects, the a spatial betweenneighbourhoods-effects and spatial neighbouring-effects, assumed to be
normally distributed (mean= 0 and variance
,
and
.). The
superscript represented the classification number which started from
2 given that the lowest level (response) was considered classification 1.
The weight assigned to the neighbour random effect for neighbourhood
k for individual j was given by
. In this model the weightings were
constructed to sum up to one. If
referred to the number of adjacent
neighbours in neighbourhood i, then:
neighbourhood i and j
shared a common boundary and,
otherwise.
(
) was
level-1 variance associated with Bernoulli weighting (having a value of 1).
Deviance information criterion (DIC) was used to compare the fit of the
ecometric model in Eq. (3) (no spatial effects) with that in Eq. (4) (having
spatial effects). The model having the smaller DIC was the better (9).
Neighbourhood scores were calculated and their distributional assumptions
evaluated using the chosen model. Similar estimates of neighbourhood
scores’ mean and median would have indicated an approximated normal
distribution and a continuous neighbourhood variable would thus have
been an acceptable specification for the data. Conversely, concerns about
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non-normality may have revealed that a binary or ordered variable would
have better characterised the neighbourhood construct. If this were the
case, then it would have been necessary to proceed to the next step.
6. The sixth step of the analysis involved multilevel latent class analysis
to allow discrete classification of neighbourhood scores into homogeneous
categories. This was provided by a non-parametric latent class model
specified as described by Muthén and Vermunt (18,19). Bayesian
information criterion (BIC) (20) was used for determining the number of
neighbourhood-latent classes, as well as the entropy statistic which ranged
from 0 to 1, higher values indicating better classification (21).
MPLUS version 6.11 (22) (steps 1 to 3 and 6) and MLwiN 2.22 software
with MCMC (steps 4 and 5) were used for estimating the proposed six-fold
scheme (9).
RESULTS
Table 2 gives ICC values from step 1, ranging from 0.0 to 0.3 (mean 0.2
and median 0.2); such values indicated sufficient between-neighbourhood
variability in the responses to warrant an explicit multilevel analysis.
Table 2 also shows the correlation between the variables at individual and
neighbourhood-level (step 2). VariablesV7 and V6 had greater correlation
at individual-level than neighbourhood-level (being negative at the latter
level) (Table 2).
Table 2. Polychoric correlation matrix for structural variables. Matrix
decomposition at individual and neighbourhood-level
Variable
Individual-level correlation
V1
V2
V3
V4
V5
V6
V7
Neighbourhood-level correlation
V1
V2
V3
V4
V5
V6
V7

ICC
0,0
0,3
0,2
0,2
0,1
0,1
0,3

V1

V2

V3

V4

V5

V6

V7

1,0
0,3
0,1
0,1
0,1
0,0
-0,1

1,0
0,1
0,2
0,2
0,1
0,0

1,0
0,3
0,0
-0,1
-0,1

1,0
0,0
-0,1
-0,1

1,0
0,0
0,0

1,0
0,3

1,0

1,0
0,2
0,4
0,6
0,3
0,5
0,0

1,0
0,8
0,8
0,5
0,3
-0,1

1,0
0,9
0,6
0,4
0,0

1,0
0,6
0,6
-0,1

1,0
0,6
0,6
-0,1

1,0
-0,1

1,0
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Model 3 factor loadings derived from the confirmatory factor model (step
3) are shown in Table 4. Variables having≤ 0.30 loadings were constrained
to zero. The factor loadings for each variable were allowed to load onto
one factor, and only one; therefore, the first factor at individual-level was
specified to consist of V1, V2 and V5. Variables V3 and V4 defined the
second factor and variables V6 and V7 constituted the third factor. The
single factor at the neighbourhood-level was specified to consist of all
variables, except for variable V7.
The factor variance of the model at both levels was constrained to 1 to
ensure a unique identifiable solution. The results for this model showed
goodness of fit within the expected range (CFI=0.975, TLI=0.960,
RMSEA=0.010), suggesting that three-latent variables at the individuallevel and one-latent variable at the neighbourhood-level provided the best
factor structure.
Table 3. Two-level exploratory factor analysis model result for
neighbourhood variables
Individual-level
Neighbourhood-level
RMS
RMSEA
Within
Between
factors
factors
EA
1
1
1
0.0
0.1
0.1
2
2
1
0.0
0.1
0.1
3
3
1
0.0
0.0
0.1
4
1
2
0.1
0.1
0.1
5
2
2
0.0
0.1
0.1
6*
3
2
0.0
0.0
0.1
7
1
3
0.1
0.1
0.0
8*
2
3
0.0
0.1
0.0
9*
3
3
0.0
0.0
0.0
*There were no significant factor loadings for the second neighbourhood factor
Model

Regarding the chosen model’s standardised factor loadings (Table 4),
larger loadings values were found at the neighbourhood-level, indicating
the presence of a construct having stronger meaning at this level than
at individual-level. At neighbourhood-level, single factor loadings
were fairly homogeneous, except for variable V7 which had low and
non-significant loading. This neighbourhood dimension can be termed
‘neighbourhood deprivation’.
The ecometric model in step 4 used the six variables found to form the
neighbourhood construct. Results from the random component estimates
showed that deprivation level varied more at the neighbourhood-level
than individual-level (
= 0.27: 0.22-0.3395%CI; = 0.20: 0.17-0.22
95%CI). Regarding the reliability index, this had high reliability (0.95),
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suggesting that mean estimated deprivation was a good estimate of the true
neighbourhood score.
Table 4. Model 3: Standardised factor loadings from the confirmatory model:
three-factors at individual-level and one-factor at neighbourhood-level
Variable
V1
V2
V3
V4
V5
V6
V7

Individual-level factors
Factor 1
Factor 2
Factor 3
0.4
0.1
-0.1
0.9
0.1
0.0
0.1
0.3
-0.1
0.1
0.8
0.0
0.3
0.0
-0.1
0.1
0.0
0.7
0.0
-0.1
0.5

Neighbourhood-level factor
Factor 1
0.5
0.8
0.9
1.0
0.6
0.5
-0.1

Results for the spatial multiple membership ecometric model adjusted
in step 5 showed substantial improvement of the model’s estimates by
including the spatial neighbour terms. The spatial variance term was
highly significant (
=0.98: 0.70-1.41 95 %CI) and even higher than
the a spatial effects (
=0.05: 0.03-0.0795%CI) thereby indicating
considerable spatial clustering regarding deprivation level across the city.
Table 5. Sequential model comparison for the neighbourhood deprivation scale
Model
1

2

3

Specification
Single
BIC
Entropy
Random effects model
parametric
BIC
Entropy
Random effects model
non-parametric (2
neighbourhood classes)
BIC
Entropy

1
141,411

Deprivation index
Individual-level classes
2
3
4
139,198
0.4

138,894
0.4

138,894
0.7

5
138,940
0.7

133,907
0.8

139,218
0.3

138,924
0.4

This result was confirmed in Figure 1 portraying the estimated
neighbourhood scores derived from this spatial ecometric model. The
map shows that the most deprived neighbourhoods in Medellin tended to
be significantly clustered along the periphery of the city, with substantial
clustering located on the north-east side. The differences between the mean
and median for estimated neighbourhood scores indicated a negatively
skewed distribution (mean=0.0046, median=0.14), suggesting that was
worth proceeding to the sixth step. Table 5 gives the multilevel latent class
analysis results. Single-level model (model 1) BIC values showed that a
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model having three classes of individual provided the preferred solution.
Much lower BIC values were observed when the data’s hierarchical
structure was considered (model 2). Model 3 included two neighbourhoodlevel latent classes leading to a slightly higher BIC than the parametric
representation. However, very low entropy values indicated great
uncertainty in classifying the neighbourhoods into two distinct classes.
The results thus demonstrated that the neighbourhood deprivation scale
was better represented by continuous distribution, thereby validating the
spatial ecometric model’s results.
Figure 1. Neighbourhood deprivation score distribution for 244
neighbourhoods in Medellin, 2007

This paper has tried to estimate reliable and valid measurements of
survey data-derived neighbourhood conditions and use novel approaches
integrated with properly measured constructs operating at this level.
This paper was not focused on presenting new statistical approaches’
experimental results; rather it focused on mastery of the existing
methodologies to derive theoretically rich and empirically meaningful
constructs of categorical and continuous neighbourhood conditions. These
have been shown in previous research to contribute towards the differential
distribution of individuals’ health by comparing communities. This paper’s
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contribution was based on a coherent sequence of steps for producing valid
neighbourhood measurement. The important advantages of the approaches
used here consisted of:
1. Allowing the nature of the data to be explored at neighbourhood-level
and therefore focus on obtaining uni-dimensional scales operating
specifically at that level;
2. Applying them to whatever scale of measurement used to define
input variables(whether continuous or categorical), thereby avoiding
subjectivity in defining the scales and arbitrary choices of cut-off points
to discretise the continuous neighbourhood variables; and
3. Providing neighbourhood measurements as precision-weighted estimates
fully exploiting the available data and minimising the effect of small
neighbourhood sample size.
A neighbourhood deprivation construct was developed with the data
which related well to conceptual theories of neighbourhood differences.
The models found significant variation in probability of occurrence as
well as significant spatial clustering across the city. The results confirmed
Muthén’s (5) observation that the number of factors at neighbourhoodlevel are fewer than the number of factors at individual-level. Thus, for
the set of variables measuring structural characteristics, only one construct
was found to be distinguishable at neighbourhood-level (neighbourhood
deprivation) while three were recognised at individual-level.
The approach presented here should enable public health researchers
to better estimate neighbourhood indicators, possibly resulting in
more accurate assessment of the relationship between neighbourhood
characteristics and individual-level health outcomes ●
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