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Abstract: A challenge in regional inequality is to identify the relative influence of objective neighborhood
context on subjective citizens’ attitudes and experiences of place. This paper first presents six groups
of hierarchal neighborhoods in optimizing public service inequality (PSI) indicators based on census
blocks collected in Quito, Ecuador. Multilevel models were then applied to understand the relative
influence of neighborhood-level PSI on citizens’ perceptions of place, including individual-level
perceptions of neighborhood social cohesion and neighborhood safety, and self-perceived health
status. Our results show that the internal variability of the individual perceptions that is explained by
neighborhood context is strongly influenced by the scale of neighborhood units. A spatial consistency
between objective neighborhood context and subjective individual perception of place plays a crucial
role in propagating mixed-methods approaches (qualitative-quantitative) and improves the spatial
interpretation of public services inequality. Neighborhood context and citizens’ perception of place
should be integrated to investigate urban segregation, thereby providing insights into the underlying
societal inequality phenomenon and quality of life.

Keywords: public services inequality; clustering algorithms; neighborhood; citizen perception;
perceptions of neighborhood safety; perceptions of neighborhood social cohesion; self-perceive
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1. Introduction

The diversity of individual socioeconomic characteristics related to urban segregation phenomena
has brought about a paradigm shift from the individual-level analysis to novel multilevel place-based
perspectives [1–3]. Urban segregation is commonly used to characterize the social inequalities within
the territory of cities, and reflects the unequal appropriation of land, goods, and services by different
social classes [4,5]. Place-based urban segregation analyses often refer to the spatial definitions
of the neighborhood, to identify a form of segregation that ‘sours population groups into various
neighborhood contexts and shapes the living environment at the neighborhood level’ [6,7].

Neighborhood often refers to the geographic boundaries defined by the Census Bureau or other
administrative agencies [8] and dissects space into segments, technically speaking, into polygons.
Most administrative units are not necessarily suited to delineate place, which is more of a social
construct. For example, the U.S. Census Bureau defines census blocks as the smallest place-based units
of census areas that contain a minimum of 250 housing units and a maximum of 550 housing units,
with an average of 1000 individuals (U.S. Census Bureau, 2010). Nevertheless, with the advantages
of facilitating data collection and analysis in a uniform manner over well-defined boundaries,
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census blocks are the most common proxies for neighborhood definition in health and demographic
research [9]. Yet, some scholars have questioned the ability of census blocks to capture a real functional
neighborhood, because the census blocks are not designed to capture the notion of neighborhood.
Several studies have used other parameters, such as the zip code areas or the clustering of housing
units [10,11], to identify neighborhood. Still, this “one-size fits all” approach may be too simplistic [12]
and may limit the analysis of multidimensional social phenomena. The appropriate neighborhood
definition should be specific to the epidemiological outcome of interest in a transferable and conducting
way. To better understand functional neighborhood definitions, we review and discuss below a
collection of approaches for defining the term ‘neighborhood’ in terms of a social inequality analysis.
Social inequality in neighborhood analysis most commonly seeks to identify social groups who
differentially occupy socioeconomic standing in society [13].

In fact, many previous studies have highlighted the need for a definition of neighborhoods in
urban segregation analysis. For instance, the establishment of a framework that enables a characterization
of public services inequality on a suitable neighborhood scale becomes an essential prerequisite
for the implementation of public health policy [14]. Some studies also analyzed place effects on
citizens’ well-being through the construction of functional neighborhoods characterized by socially
homogeneous areas [3,15,16]. Neighborhood definition for urban segregation and social equity
research, however, is still in its theoretical infancy. There is still a need for well-developed “theories
of the middle-range” that can systematically delineate the spatial unit combining different social,
geopolitical, and other contextual characteristics. Therefore, this research proposes a framework to
semi-automatically aggregate census blocks based on the combinations of multiple accessibility-related
indicators. The results are called aggregated zoning units and they represent the multidimensional
characteristics of public services inequality (PSI) in a neighborhood.

Many previous studies have defined PSI as a composite index of several accessibility-related
indicators to different types of public service resources (e.g., access to clean water, electricity, education,
healthcare) [8,17], to further identify the spatial and social inequality with important implications for
urban planning [18–20]. This kind of accessibility represents the multidimensional phenomena of
accessing a variety of urban services and resources. For instance, neighborhood units with a specified
distance to public infrastructure (e.g., public health facility, supermarket, and sidewalks) are closely
related to a series of social health status issues [21,22] and physical activities [23–25]. Therefore,
integrating several multidimensional accessibility-related indicators, based on their spatial correlations
and spatial heterogeneities, becomes an increasingly important manner of identifying neighborhoods
in urban segregation analyses [26,27]. The discrepancies between neighborhood context and citizens’
perceptions of place are emphasized.

Although census blocks are homogenous areas in terms of population density, they may not be
suitable for demonstrating the urban segregation in terms of socioeconomic conditions. Clustering
methods, which are data exploration tools for dividing multidimensional indicators into clusters,
are therefore useful and efficient for aggregating census blocks to create neighborhood units. For
instance, the hierarchical classification [28–30], the k-nearest neighbor collaborative technique [31,32],
the automatic zoning procedure [33,34], the minimum spanning tree [35,36], the fuzzy c-means
clustering [37], Moran’s I [38], and the ward’s minimum variance method [39] have been used to
examine neighborhood effects on measuring social capital, public health, mortality, deprivation,
economic capability, and so on. Nevertheless, the empirical knowledge on neighborhood derivation
remains quite limited, and different clustering procedures involving various principles could differ
significantly depending on the modeling scale [1]. The uncertainty of the modeling scale refers to the
well-known modifiable areal unit problem (MAUP) [33,40,41], and there is no decisive way to define
the most suitable scale of neighborhoods.

Ideally, neighborhood units should have a strong sense of social and place identity, and a strong
identity that helps to enhance citizens’ awareness and perception of place [42]. The concept of perception
of place was proposed in behavioural geography analyses to measure the residential understanding
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and feeling about human place attachment and place meaning [43]. It describes human relationships
with places, expressed in different dimensions of human life and personal experiences [44]. In cities,
the perception of place reflects the symbolic meaning people ascribe to places [45,46]. This awareness
and perception of place are determined by citizens’ social activities [47,48]. In this sense, neighborhood
context can also be interpreted by citizens’ social behaviors and self-perception of place [49–51].
Previous research has also demonstrated significant associations between objective neighborhood
and individuals’ perceptions of health and quality of life [20,52–55]. This point of neighborhood
identification thus provides a possibility to validate the meaning of a neighborhood; it also leads to
the requirement of multilevel modeling to examine the feasibility of newly designed neighborhoods
versus original census blocks for understanding citizens’ attitudes and experiences of neighborhood
identity [47,55]. Therefore, in this study, we aim to explore the uncertainty of MAUP in neighborhood
interpretations by comparing the discrepancies between objective neighborhood context and subjective
citizens’ perceptions of place across multiple scales [56,57].

The objectives of this research are twofold. First, different clustering algorithms were proposed to
aggregate census blocks into multiple neighborhood scales based on multidimensional characteristics
of public services inequality. Second, the variability of spatial consistency between objective
neighborhood context and subjective individual perception of place was explored across multiple
neighborhood scales.

2. Study Area

Latin America can be considered as the region of the world with the highest inequality in terms
of access to services and other socioeconomic variables [58]. The selected study area is the capital city
of Quito, Ecuador (Figure 1). Quito has 4037 census blocks, averaging about 398 persons per block.
These standard census blocks are recognized by administrative agencies and local decision-makers,
and can easily be linked to census-based information. Thus, census blocks can be treated as convenient
geographic designations on which to base neighborhood measures.
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3. Data Collection and Methodology

This research is based on aggregated zones that were designed to maximize the external
(between-area) variation of the PSI attribute while minimizing its internal (within-area) variation
within each geographical unit. The workflow used in this study is fully illustrated in Figure 2 and
summarized in the following paragraphs.
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3.1. Step 1: Measuring PSI Indicators at the Census Block Level

The first step of PSI estimation is to identify a set of accessibility-related indicators. A rights-based
approach [59,60] was used to identify multidimension socioeconomic indicators to estimate the PSI
composite index. The renowned Ecuadorian Buen Vivir concept was proposed to create a framework
of Good Living analysis in Ecuador based on human rights and nature rights [60]. In this framework,
the basic needs of the human beings, such as access to good education, a proper healthcare system,
and other desirable services, ensure conditions of dignity and well-being of citizens, and supports the
development of capabilities that create equal opportunities for all. Therefore, based on a thorough
literature review of PSI analysis [18,30,61–63], we integrated the Buen Vivir concept and selected
different accessibility variables that appropriately represent the public services and which were
available from statistical records.

The following seven indicators were collected to estimate neighborhood context: (1) number
of households without access to drinking water (NonDri), (2) number of households without access
to the sewerage system (NonSew), (3) number of households without access to the public electricity
grid (NonEle), (4) number of households without access to the garbage collection service (NonCol),
(5) limited access to healthcare services (Dist_H), (6) limited access to educational services (Dist_E),
and (7) limited access to green areas (Green).

The information used to calculate NonDri, NonSew, NonEle, and NonCol was extracted from the
2010 Ecuadorian Population and Housing Census. The indicators Dist_H and Dist_E were calculated
as the Euclidean distance to the nearest healthcare service (or educational service) from the centroid
of each of the census blocks. The Green indicator was calculated as the ratio of greenspace per unit
area (census block). The indicators NonDri, NonSew, NonEle, and NonCol were transformed into
ratios (number of households without access to a specific public service versus the total number
of households). The indicators above were chosen based on a thorough literature review [59,60].
The chosen indicators were applied to evaluate the social dimensions of public services inequalities,
and are fundamental to understanding PSI disadvantages. After normalizing the indicators using a
min-max normalization, these indicators were used as inputs for the neighborhood aggregations using
six different clustering methods, as explained in Step 2.

These indicators were further used to construct a PSI composite index to represent neighborhood
context at census block and the different aggregated neighborhood levels which were produced in
Step 2. The PSI composite index was built by aggregating the weighted indicators. Multicollinearities
in the data were evaluated based on variance inflation factors. Indicator weights were calculated
by means of principal component analysis, following guidelines published by the Organization for
Economic Co-operation and Development [64].

3.2. Step 2: Classifying Census Blocks Into Hierarchical Categories of Neighborhoods Using Six
Clustering Methods

The clustering methods applied in this research were selected after a thorough literature review.
All methods have been applied to define neighborhoods in previous studies. The focus of this
research is by no means to exhaustively explore the various capabilities of the clustering algorithms,
but rather to explore the MAUP when formulating functional neighborhoods. Therefore, we first
assumed that households sharing similar quality of life characteristics will have similar access to
public services. Six unsupervised clustering methods were thus separately applied to homogenize the
census blocks into different groups of hierarchically aggregated neighborhood units based on seven
accessibility-related indicators. These seven indicators are related to health, education, employment,
and housing conditions. All indicators were proved to be correlated with health-related variables.

Six clustering methods were applied separately to aggregate the original census blocks into
six hierarchies. Each hierarchy contains 47 zoning levels, whereby the cluster numbers ranged from
3 to 50. More specifically, each cluster contains the different number of census blocks based on the
homogeneity characteristics of the accessibility-related dataset. Each cluster was used to identify the
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spatial pattern and geographical boundary of the respective neighborhood units. The six clustering
methods used are described below:

(1) K-means clustering (Kmeans) is a simple algorithm that uses the unsupervised learning method.
We used the K-means algorithm to minimize the average squared distance (absolute distance
in K-means) from each data point to the cluster center [65]. The K-means is well explained by
Hartigan and Wong [65].

(2) Hierarchical clustering (HAC) builds a hierarchy from the bottom-up until all the data points
are in a single cluster, whereby the number of clusters does not have to be defined beforehand.
We thus chose the “average linkage clustering” method to find the maximum possible distance
between points belonging to different clusters. This methodology has been well explained by
Murtagh and Legendre [66].

(3) The self-organization maps (SOM) method, which is one of the most popular neural network
models, can provide a topology preserving mapping from the high dimensional space to map
units [67]. We thus used the SOM to convert complex, nonlinear statistical relationships between
high-dimensional original objects into simple geometric relationships on a two-dimensional
display medium. This method has been fully described by Kohonen [67].

(4) Spatial “K”luster Analysis by Tree Edge Removal (SKATER) is an efficient regionalization
technique that uses minimum spanning trees (MST) [68]. It transforms the regionalization
problem into an optimal graph partitioning problem [35]. In this research, the seven PSI indicators
represent unequal attributes to measure the dissimilarity between data points. This procedure
has been fully described by Assunção et al. [35].

(5) Fuzzy clustering (Fuzzy) has the advantage over other methods that the data points possess a
membership function, which ranges from 0 to 1, to indicate the strength of membership of all the
clusters. We thus used the probabilistic membership to configuration the original census blocks
into a multilevel zoning group. Fuzzy clustering is well explained by Rousseeuw et al. [69].

(6) Gaussian Mixture Modelling for Model-Based Clustering (Mcluster) is useful to establish a
statistical model consisting of a finite mixture of Gaussian distributions to fit the data. This
algorithm offers a flexible way of inferentially learning the patterns/rules of reality from the
original data points, and clusters maximize the similarity between the points. This procedure has
been fully described by Fraley et al. [70].

Among these six clustering algorithms, SKATER is the connectivity model that groups census
blocks over a variety of scales by using a minimum spanning tree. The SKATER-based clusters are
thus spatially connected. The other five clustering algorithms are based on multivariate normal
distributions of seven accessibility-related indicators, and the resulting aggregated clusters were
therefore not spatially connected. Different prototypical clustering algorithms were used in this study
to demonstrate the potential spatial patterns of the functional neighborhood in a hierarchical way.
The resulting multiscale clusters were then used as basic neighborhood unit to further explore the
spatial connectivity between neighborhood context and individual perception of place.

3.3. Step 3: Multilevel Modeling Between Residents’ Perceptions of Neighborhood and Context Information of
Cluster-Defined Neighborhood

Individualist or collective interpretations of place are useful to study contextual effects of
neighborhoods [71]. Multilevel models (also known as random effects models or hierarchical linear
models) have been used to evaluate neighborhood effects on individual outcomes, and can be applied
to explore the best choice of area size when area-level measures are used as proxies of individual
measures [56,72,73].
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3.3.1. Collection the Citizens’ Perceptions

Citizens’ perceptions were obtained from the survey about health and quality of life carried out
in the city of Quito in 2014 [63]. In this survey, a two-stage sampling approach was used to collect
the data of citizens’ perception. First of all, the study area was divided evenly into hexagons by
using GIS tools. Eighteen hexagons were randomly chosen based on the time and financial resources
available for the survey. Then, pseudo-random interviews were carried out in each sample area using
a door-to-door interview petition to collect the citizens’ perception data. Finally, depending on the
geographical location, 489 responses to this survey including the variables perception of neighborhood
safety, self-perceived health status, and perception of neighborhood cohesion and integrated with
the multiscale neighborhood context to apply the multilevel modeling analysis, as explained in
Section 3.3.2.

The self-perceived health status is a subjective assessment that represents individuals’
integrated health perceptions [20,74]. Self-perceived neighborhood cohesion is the key aspect of
neighborhood-based social capital [75,76] and beyond the analogy of “capital”. Self-perceived
cohesion is related to trust, cooperation, and the links between individuals and human groups [77].
Neighbourhood safety is defined as the individual subjective perception of the degree of safety in the
surroundings area [78,79], which includes the measurements on traffic, noise, crime rate, etc. [80,81].
The survey used had a response rate of 61% and a sampling error of ±4 [63].

3.3.2. Multilevel Modeling

As we are explicitly interested in variation within and between neighborhoods, the random
intercepts and slopes were specified to covary in the multilevel modeling [73]. The individual-level
citizens’ perceptions were treated as dependent variables, and the PSI contextual value of each
neighborhood unit was treated as the independent variable. The multilevel model was carried out by
using the lme4 library in R. It is expressed by the formula [82]:

Yij = β0 + β10PSIij + u0j + u1jPSIij + eij (1)

where Yij is the perception (self-perceived health status/neighborhood cohesion/neighborhood safety)
of individual i in cluster j, PSIij is the PSI index representing the contextual information of cluster j, β0

is the overall mean across the whole clustering layers, u0j, u1j represents the effects of cluster j on Yij,
and eij is an individual-level residual.

The variance partition coefficient (VPC) and the log-likelihood value (LR) were used to explore
the multiscale variances of the neighborhood PSI contextual characteristics in relation to citizens’
perception of place. The VPC can be expressed as:

VPC =
δ2

µ

δ2
e + δ2

µ
(2)

where δ2
u is the external variance between groups and δ2

e is the internal variance within groups.
The VPC measures the percentage of the variance in Yij that can be attributed to differences between
clusters. The higher the VPC, the higher the external variance of Yij and the lower the internal variances
of Yij, which means more homogeneity of citizens’ perceptions within a neighborhood.

The LR statistic was used to test the significance of the effects of the cluster or neighborhoods
on Yij. If LR is larger than 3.84, it means that there are significant neighborhood effects on citizens’
perceptions. The LR statistic is calculated as follows:

LR = −2 log L1 − (−2 log L2) (3)
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where L1 is the likelihood value of the multilevel model, and L2 is the likelihood value of a null
single-level model.

4. Results

In the case of census blocks, the LR values for perceptions of neighborhood social cohesion,
self-perceived health status, and perceptions of neighborhood safety were 0.608, 0.865, and 0.245
respectively; all values were lower than the threshold of 3.83. These results suggest that there are
not significant internal similarities of individual perceptions of place in the corresponding census
blocks. Moreover, the census blocks could not significantly represent the external variability of the PSI
values in relation to self-perceived health status, perceptions of neighborhood safety, or perceptions of
neighborhood social cohesion.

As shown in Figure 3, when we used the perceptions of neighborhood safety to validate the
PSI contextual values, 35 to 80% of clustering layers in each clustering algorithm could effectively
explain the internal variability of perceptions of neighborhood safety. In the case of models using the
self-perceived health status, excepting the HAC clustering algorithm (96% of clustering layers with
LR larger than 3.84), the proportion of clustering layers that can explain the internal variability of
self-perceived health status dramatically declined from 8 to 26%. Additionally, there are practically
no clustering layers in all the six clustering algorithms that can effectively demonstrate the internal
variability of perceptions of neighborhood social cohesion. In conclusion, the neighborhood context in
relation to the PSI index influences the variances of self-perceived health status and perceptions of
neighborhood safety, but not variances of perceptions of neighborhood social cohesion.

Table 1 shows the averages of the VPCs with an LR higher than 3.84. The higher the VPC, the
lower the internal (neighborhood) heterogeneities and the higher the external heterogeneities. In the
case of the perceptions of neighborhood safety and self-perceived health status, results show that
neighborhoods constructed using the different cluster algorithms are places where citizens share
similar perceptions (VPCs averages higher than 0.50). Especially in the case of self-perceived health
status, citizens living in different kinds of neighborhoods share practically equivalent perceptions
(VPCs closer or equal to 1). By contrast, in the case of the perceptions of neighborhood social cohesion,
only the neighborhoods created with the SKATER algorithm are places where people share similar
perceptions of social cohesion. In general, the SKATER-based neighborhood units which account
for the spatial connectivity features demonstrate higher spatial efficacy than the other five clustering
results in terms of connecting objective neighborhood context information and subjective individual
perceptions of place.

Table 1. The average variance partition coefficients (VPCs) of the multilevel models in
relation to the citizens’ perceptions and the neighborhood PSI context based on six clustering
algorithms. (Fuzzy = Fuzzy clustering, HAC = Hierarchical clustering, Kmeans = K-means clustering,
Mcluster = Gaussian Mixture Modelling for Model-Based Clustering, SKATER = Spatial “K”luster
Analysis by Tree Edge Removal, SOM = Self-organization maps).

Fuzzy HAC Kmeans Mcluster SKATER SOM

Neighborhood
safety

Avg VPCs (LR > 3.84) 0.815 1 0.773 0.572 0.530 0.732

Variance (LR > 3.84) 0.340 0.446 0.366 0.270 0.322 0.260

Neighborhood
social cohesion

Avg VPCs (LR > 3.84) 0 0 0.078 0.060 0.65 0

Variance (LR > 3.84) 0 0 0 0 0.303 0

Health status
Avg VPCs (LR > 3.84) 0.948 1 0.985 0.985 0.916 0.991

Variance (LR > 3.84) 0.249 0.143 0.433 0.433 0.398 0.272
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In conclusion, all six clustering methods are successful in generating alternative neighborhoods
that represent PSI and influence perceptions of neighborhood safety and self-perceived health status.
The VPCs reported above also suggest that citizens’ perceptions are tied to “socially meaningful”
neighborhoods, for instance, neighborhoods in relation to PSI. Our results also support the claim
that the socio-physical elements of the environment can reinforce the relationships between citizens’
attitudes and their physical space, as well as the relationships between citizens and their sense of place.

5. Discussion

In this research, we (1) aggregated census blocks to generate meaningful neighborhood (cluster)
units in relation to public services inequality using six clustering algorithms, and (2) examined the



ISPRS Int. J. Geo-Inf. 2017, 6, 200 10 of 15

internal neighborhood differences of citizens’ perceptions related to health status, neighborhood safety,
and neighborhood social cohesion.

Regarding the question of whether the internal variability of individual perceptions can be
explained by the neighborhood context, our results suggest that this is strongly influenced by the
zoning scale. Furthermore, there is no decisive way to identify the meaningful neighborhoods that
are consistent representations of place in relation to citizens’ perceptions. Our findings show that
different types of clustering methods allow us to aggregate the neighborhood units that effectively
reflect the internal heterogeneities of citizens’ perceptions. Therefore, it is worthwhile to test the
efficiency and sensitivity of these clustering algorithms in a hierarchical way when they are selected
for the neighborhood analysis.

Previous studies [83,84] have showed that if clustering algorithms generate highly similar
partitions, it is a good indicator that the actual structure of the dataset has been discovered. In this
study, although six different clustering algorithms have served to explore new spatial delineations
of neighborhoods in a hierarchical way, our findings also imply that the seven census-based
accessibility indicators selected to represent PSI are reasonable for interpreting and understanding
public services inequalities in Quito. Particularly, these indicators are related to the fundamental
human rights that a population should have: access to clean water, electricity, education, healthcare,
environmental protection, and so on [20,85]. They can be linked to the measure of social deprivation
and health-related social dimensions [20,60], as well as to enhance the understanding of a variety of
place interpretations [86,87]. The applied methods on indicators collection and processing are available
and transferable to other cities since they are conceptually similar [61].

We should note that there is not one ideal dataset to represent socially meaningful neighborhoods.
The combinations of different social indicators may lead to different alternative neighborhoods and
different relations of these neighborhoods with citizens’ perceptions. Therefore, it is crucial to integrate
different socioeconomic variables to study neighborhoods and social perceptions of place in the
future. The framework presented in this study converts the static statistical data into a graphic
diagram in a transferable and feasible way. Therefore, different kinds of composite indicators based on
multiple dimensions of socioeconomic-environmental features should be further applied to examine
the uncertainty and sensitivity of indicators in neighborhood identifications.

Our results also suggest that neighborhood contexts do not strongly influence variances in
perceptions of neighborhood social cohesion. Thus, it can be said that, in this study area, the perceptions
of neighborhood social cohesion are deeply dependent on social cooperation and the conditions of
other neighborhoods. However, within each neighborhood, there are marked differences in perceptions
of neighborhood social cohesion between citizens. This statement is consistent with the idea that social
cohesion is an indicator of inequality at the individual level, but not at the neighborhood level [88,89].

Unlike the case of perceptions of neighborhood social cohesion, external heterogeneities of
neighborhood contexts strongly influence internal variances of self-perceived health status and
perceptions of neighborhood safety. This result also suggests that limitations of public services
accessibility in a neighborhood have a similar impact on perceptions of the health and neighborhood
safety of the residents living in the neighborhood. Therefore, data obtained from the census and
surveys support individualist or collective interpretations of neighborhood identification [7,72].

However, individual perceptions cannot fully reflect all the individuals’ experiences in differential
types of places or neighborhoods. This limitation is related to the “atomistic fallacy” [16]. The obtained
results of the multilevel models show that the atomistic fallacy may decrease when the associations
between variables at the neighborhood level and the perception at the individual level are explored.
Nevertheless, some neighborhood-level PSI values were to some extent biased in relation to the citizens’
perceptions. The uncertainty of individual perceptions of place identification needs to be addressed
and further discussed in future research.

This study is an example of aggregating census blocks in neighborhoods with homogenous PSI
index values. The study also contributes to the understanding of how inequalities in neighborhoods
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impact perceptions of health, neighborhood cohesion, and neighborhood safety. Our findings show
that it does matter how the neighborhoods’ boundaries are delineated (scale of aggregation), and
they reveal how mapping functional neighborhoods is heavily dependent on social indicators (e.g.,
the indicators used to construct the PSI index) and the perceptions of citizens. At the same time,
spatial connectivity is an essential factor in determining the significance of neighborhood identification,
because human activities related to place perception may demonstrate higher similarity in the form of
neighborhoods with spatial extent rather than isolated sites. Therefore, different types of functional
connectivity analyses, such as the modified SOM algorithm [90], spatial non-stationarity model [91],
or spatial autoregressive model [92], should be implemented to extend the applications of clustering
methods in urban segregation analysis.

6. Conclusions

This research combines two ways to assess urban segregations: objectively, via neighborhood
contexts aggregation from census data sources, and subjectively, according to perceptions that can
be considered individuals’ identifications with their neighborhoods. Different hierarchical groups of
neighborhoods based on six types of clustering algorithms have illustrated how well these two ways of
urban segregation measurement agree with each other. In particular, the multilevel modeling applied
in this study deals with the spatial mis-match issue between objective PSI estimates and subjective
citizens’ perceptions across multiple neighborhood scales.

Unravelling the internal variability of the individual perceptions explained by a neighborhood
context across multiscale neighborhoods allowed a better understanding and interpretation of public
services inequality in Quito, Ecuador. Our methodology tackles the well-recognized difficulty of
functional neighborhood delineation, both at the objective and the subjective levels. At the same time,
we also realize that there is no decisive way to define the most suitable neighborhood scale in public
services inequality analysis. The proposed multilevel modeling analysis enables planners to explain
the internal/external heterogeneities of individual perceptions within each neighborhood unit, yet
these variabilities can only offer suggestions but not the solutions of MAUP effect in different kinds of
neighborhoods obtained.

This research is a first step to explore the multiscale relationships between objective and subjective
indicators with regard to combinations of public services. The workflow proposed in this study
plays a crucial role in propagating mixed-methods approaches (qualitative-quantitative). Our results
can support decision-makers in developing and applying specific policies regarding health and
social equity across multiple scales. Because cities are complex urban systems that encompass
phenomena that work across different scales, the explanations of different functional neighborhoods
and their spatial consistencies with the subjective individual perceptions of place require differentiated
qualitative and quantitative approaches, such as the models applied in the present study.
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