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Abstract

Primary Health Care (PHC) in Brazil’s Unified Health System (SUS) requires territorial
planning tools capable of addressing social inequalities and supporting the Family Health Strat-
egy (ESF). This study proposes a spatial decision-support framework that integrates a mul-
tidimensional Health Vulnerability Index (HVI) with spatially constrained clustering at the
census-sector level. The HVI is constructed from variables in the 2022 Brazilian Demographic
Census across the domains of Urban Infrastructure, Human Capital, Income and Employment,
and Demographic Vulnerability. The resulting HVI was then used in a spatially constrained
hierarchical clustering algorithm incorporating queen contiguity and ESF-aligned population
thresholds to generate homogeneous and contiguous PHC planning regions. Results showed a
77.8% reduction in the number of planning units nationally while preserving spatial coherence
and internal homogeneity. The proposed framework transforms fine-grained vulnerability data
into operationally meaningful planning geographies, providing a scalable and reproducible basis
for PHC needs-based territorial planning and future allocation models within SUS.

Keywords: Health vulnerability, Primary health care, Spatial clustering, Census data.
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1 Introduction

Primary Health Care (PHC) is the foundational element of Brazil’s Unified Health System (SUS),
serving as the main entry point to healthcare and the primary mechanism for addressing population
healthcare needs through a territorial and community-oriented approach [1]. The Family Health
Strategy (ESF), organized around multidisciplinary teams assigned to defined geographic catchment
areas, operationalizes this territorial logic. Effective PHC planning therefore depends on accurately
identifying local healthcare needs and defining coherent planning units that align service provision
with local health demands and vulnerabilities [2-5].

In a context marked by profound territorial inequalities, rapid urbanization, and heterogeneous
living conditions, supporting need-based PHC resource allocation remains a major challenge. This
challenge stems primarily from the persistent mismatch between population need, defined as the
expected volume of patient visits derived from demographic structure, clinical protocols, and so-
cial determinants of health, and observed demand, which corresponds to actual service utilization
recorded in health facilities [6-8].

This mismatch is exacerbated by the limited ability of conventional spatial and analytical frame-
works to represent intra-urban heterogeneity. Traditional administrative boundaries and aggregated
vulnerability indices often obscure localized concentrations of deprivation, leading to ecological fal-
lacies in which highly heterogeneous populations are treated as homogeneous units. As a result,
the spatial “territory of governance” frequently diverges from the actual “territory of health needs”
[9-11]. Many spatial planning approaches rely on arbitrary or non-contiguous territorial aggrega-
tions and are susceptible to the Modifiable Areal Unit Problem (MAUP) [12], particularly within
SUS planning, where municipalities are commonly adopted as analytical units. Despite advances
in vulnerability mapping, existing indices remain insufficiently granular for micro-level PHC plan-
ning, and spatial methods rarely integrate fine-scale vulnerability measurement with operationally
coherent territorial design.

To address these limitations, we propose a territorial planning framework that integrates vulner-
ability assessment with spatially constrained regionalization to support operational public-sector
planning. The framework first constructs a Health Vulnerability Index (HVI) from nationwide IBGE
census data [13], combining indicators of urban infrastructure, human capital, income and employ-
ment, and demographic vulnerability following the methodological principles of the IPEA Social
Vulnerability Index (IVS) [14]. It then applies spatially constrained clustering based on max-P-
regions principles to generate contiguous, homogeneous, and population-balanced territorial units
aligned with ESF operational requirements. Unlike previous studies, which typically address either
vulnerability assessment or spatial regionalization in isolation, the proposed framework integrates
both into a unified planning methodology. The resulting territorial units constitute an intermediate
planning layer that can be directly incorporated into facility-location, workforce allocation, referral
optimization, and health network design models [15-17]. By transforming fine-grained census infor-
mation into operational planning geographies, the framework provides a scalable and reproducible
decision-support tool for evidence-based PHC planning.

The remainder of this article is organized as follows. Section 2 reviews the literature on health
vulnerability indices and spatial clustering in PHC planning. Section 3 presents the data and
methodological framework, including the construction of the HVI and clustering procedures. Sec-
tion 4 reports the empirical results and characterizes the territorial units obtained by the proposed
framework. Section 5 discusses implications for PHC planning, limitations, and future research
directions. Section 6 concludes the study.
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2 Literature review

Vulnerability-based approaches have become central to territorial health planning by providing
quantitative tools to represent spatial heterogeneity in population risk and need. The Social Vul-
nerability Index (SoVI), originally developed by Cutter et al. [18, 19], established a foundational
framework for measuring place-based susceptibility using census-derived socioeconomic and demo-
graphic indicators. This formulation has been widely extended as a general approach for translating
structural inequalities into spatially explicit metrics for planning and risk assessment [20)].

In health systems, the SoVI framework has evolved into various Health Vulnerability Indices,
which integrate socioeconomic, demographic, environmental, and health-related dimensions to sup-
port priority-setting in public health. In Brazil, SoVI-inspired approaches have been adapted for
health planning at different spatial scales. Luiz et al. [9] proposed a municipal-level composite index
combining demographic, economic, environmental, educational, and health variables, while Peixoto
et al. [21] developed a census-tract-based HVI for intra-municipal analysis. Empirical studies have
further linked vulnerability measures to PHC-related outcomes, including service coverage, disease
prevalence, screening access, and oral health performance [10, 22].

Spatial analytical methods have been increasingly combined with vulnerability indices to im-
prove their operational value in health planning. Geographic information systems, spatial scan
statistics, and cluster detection techniques have been used to identify localized concentrations of
risk and misalignments between service provision and population needs [23, 24]. Recent studies
have further advanced spatial approaches to healthcare demand—supply analysis and primary care
network redesign [15, 25], as well as patient clustering for resource allocation [26]. These approaches
underscore the importance of spatial structure in interpreting vulnerability patterns. However, re-
sults remain sensitive to spatial aggregation choices, as highlighted by the Modifiable Areal Unit
Problem (MAUP) [12].

To address these limitations, constrained spatial clustering methods have emerged to generate
contiguous and internally homogeneous territorial units suitable for planning. Among these, the
Max-P-Regions problem formalized by Duque et al. [27] partitions geographic space into the maxi-
mum number of regions that satisfy population and contiguity constraints while optimizing internal
homogeneity. Such methods are particularly relevant for PHC, as they enable the construction of
operational planning zones aligned with service allocation requirements [27].

A broader perspective on vulnerability measurement in Brazil is provided by [28], who con-
ducted a scoping review of area-based deprivation measures used in health research. The review
classified indices developed at different spatial scales, including municipalities, districts, neighbor-
hoods, and census tracts, and synthesized their methodological characteristics, applications, and
data sources. More importantly, it identified the absence of a nationwide, small-area, reproducible
deprivation index suitable for supporting health research and public policy, highlighting an impor-
tant methodological gap in the Brazilian literature.

Building upon this research agenda, GeoSES [29] represented an important advance by propos-
ing a nationwide socioeconomic index for health research in Brazil. By combining multiple socioeco-
nomic dimensions through principal component analysis, it provides a transparent and standardized
measure for epidemiological studies at the municipal level. Nevertheless, because it was designed
primarily to characterize socioeconomic context rather than support territorial health planning,
it neither captures intra-urban heterogeneity at the census-tract scale nor generates operational
planning regions for PHC.

Despite these advances, existing vulnerability-based approaches remain limited. We propose
a reproducible nationwide Health Vulnerability Index at the census-tract level integrated with
spatially constrained clustering. The resulting framework generates contiguous and operational
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planning territories, overcoming the limited geographic scope and lack of planning-oriented region-
alization found in existing vulnerability-based approaches.

3 Materials and Methods

This study employs two main methodological components: (i) the construction of a multidimen-
sional Health Vulnerability Index and (ii) spatially constrained clustering, both using data from
the 2022 Brazilian Demographic Census [13].

3.1 Health Vulnerability Index (HVI)

The HVI was developed as a composite index to support PHC planning, relying exclusively on
variables from the 2022 Brazilian Census [13]. It is computed at the census-tract level across all
458,772 tracts in Brazil, providing a transparent and reproducible measure of health vulnerability.

Data preprocessing comprised the selection and harmonization of census-tract variables, as
illustrated in Figure 1. Variables were selected based on their theoretical relevance to the social
determinants of health and PHC needs. The resulting dataset was organized into four dimensions,
whose indicators are presented in Tables 2, 4, 6, 8, while the corresponding Census variables are
listed in Tables 3, 5, 7, 9.

IVSaude (HVI) construction from the 2022 Census

2022 Brazilian Census: census-tract aggregates (~458k tracts)

18 variables — national percentile [0—1] (higher = more vulnerable)

v

Simple mean per dimension — HVI = mean of the 4 dimensions

v

Territorial clustering (contiguity + ESF threshold ~3,000 pop.)

Figure 1: Methodological workflow for HVI construction and subsequent territorial clustering.
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Urban Infrastructure (UI) comprises five indicators derived from IBGE Census variables re-
lated to inadequate water supply, sanitation, garbage collection, bathroom availability, and house-
hold overcrowding (more than two residents per bedroom). These indicators capture environmental
conditions associated with higher health vulnerability, including increased risks of Aedes aegypti
transmission, waterborne diseases, and other adverse urban health outcomes [30-32].

Human Capital (HC) includes five indicators reflecting educational attainment and family
structure: illiteracy rates (among those aged 15+ and 15-29), female-headed households without a
spouse, and illiteracy among household heads (overall and female). Low literacy levels limit health
literacy and access to services, while female-headed single-parent households often face greater
socioeconomic barriers [33-35].

Income and Employment (IE) is represented by three indicators: low household-head income
(below half the minimum wage), adolescent household heads, and substandard housing. These
capture socioeconomic deprivation linked to reduced healthcare access and inter-generational vul-
nerability [36-38].

Demographic Vulnerability (DV) constitutes an additional dimension relative to the IPEA
Social Vulnerability Index (IVS), which has only three dimensions [14]. This dimension comprises
five indicators: proportion of population aged 65+, aged 04, households headed by older adults,
the demographic dependency ratio, and premature mortality (30-69 years). These reflect age-
related healthcare needs and underlying health inequalities [39, 40].

To avoid arbitrary weighting, the following standardization procedure was adopted:

1. Each variable was transformed into a national percentile rank (P; € [0,100]), with higher
values indicating greater vulnerability.

2. The average percentile was calculated for each dimension.

3. The final HVI was obtained as the simple average of the four dimension scores:

Ul +HC +1E + DV
4

HVI =

3.2 Spatially Constrained Clustering

The most distinctive component of this methodology is the transformation of the HVI into opera-
tional planning geographies through spatially constrained clustering. A regionalization algorithm
inspired by the Max-p Regions problem [27] was applied. The procedure partitions census tracts
into the maximum number of regions that are (i) internally homogeneous with respect to the HVI
and its sub-indices, (ii) spatially contiguous (using queen contiguity), and (iii) respect minimum
population thresholds aligned with ESF operational requirements (&~ 3,000 inhabitants).

Contiguity was enforced via a spatial weights matrix based on queen contiguity. The algo-
rithm balances internal homogeneity, measured by within-region HVI variance, with the creation
of operationally viable planning units.



158

159

160

161

162

163

164

165

167

168

169

170

171

172

173

174

175

176

177

180

181

182

183

184

185

186

187

188

189

SciELO Preprints - This document is a preprint and its current status is available at: https://doi.org/10.1590/SciELOPreprints.18395

3.3 Validation and Experimental Design

The proposed methodology was validated through internal consistency of the HVI (Cronbach’s
alpha [41] and correlation with IPEA’s IVS); spatial autocorrelation analysis (Moran’s I [42, 43]);
sensitivity tests on normalization thresholds and clustering parameters; and comparative perfor-
mance across algorithms and geographic scales. Following, the notation, the statistics used in each
procedure, and the resulting territories evaluation criteria are described.

Notation. Let S = {1,...,n} be the set of census tracts, v; the HVI of tract i, and p; its res-
ident population. Let G = (S, E) be the queen contiguity graph, in which (i,7') € E whenever
the polygons of tracts i and i’ share at least one boundary point, and let w; denote the corre-

sponding spatial weights. A territorial partition returned by the clustering procedure is written
R ={Ry,..., Rk} and satisfies

U, R.=8, Ry,NR =0 Vk#I, (1)
G[Ry] is connected, E=1,...,K, (2)
Py=3icp pi < T or |Rgl=1, k=1,...,K, (3)

where G[Ry] is the subgraph of G induced by Ry and 7 = 3,000 inhabitants is the reference
catchment of one ESF team. Condition (2) states that every planning unit is a single connected
territory. Condition (3) states that no unit exceeds the caseload of a single team, with the unavoid-
able exception of census tracts whose own population already exceeds 7 and which an aggregation
procedure cannot split. Stating the population requirement as an upper bound, rather than as the
lower bound of the canonical max-p formulation, follows the regionalization literature that admits
either direction of the constraint [44, 45]. Constrained regionalizations of this family have been
used to delineate health enumeration areas from census tracts under an explicit population require-
ment [46]. Among the partitions satisfying (1)—(3), the procedure favors those that are internally
homogeneous with respect to the HVI and its sub-indices, in the sense made precise by (8) below.

Internal consistency. The coherence of the index was assessed with Cronbach’s alpha,

q 1_ 02
_ J=1"7J A_§ .
a_Q—1<1_ O'% >7 T,—' Yij, )

Jj=1

where Y;; is the value of component j in tract i, ¢ the number of components, 0]2- the variance of
component j across tracts and o*% the variance of their sum [41]. The statistic was computed within
each dimension, over its indicators, and over the four dimension scores. Values above 0.70 were
read as evidence that the components of a dimension measure a common construct, while values
approaching unity were read as redundancy rather than merit, since they indicate that indicators
duplicate one another instead of contributing distinct information [47]. The same reliability check
is standard practice in the construction of census-based vulnerability indices [48, 49].

Convergent validity. The HVI was compared with the IPEA Social Vulnerability Index [14],
which is published at the municipal scale. Tract scores were therefore aggregated to that scale by
population weighting,

D ie Sy, Pi Vi

HVI,, =
" ZiESm Di

: ()
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where Sy, is the set of tracts of municipality m, and the two orderings were compared through the
Spearman rank correlation [50], that is, the Pearson coefficient computed on the ranks of the M
municipalities. In the absence of ties this is equivalent to

M 2
S T )

with d,,, the difference between the ranks assigned to municipality m by the two indices. Ranks were
used rather than raw values because the two indices are expressed on different scales, so only their
ordering of territories is comparable; the same rank-based comparison is used to assess agreement
among established indices of social determinants of health [51]. Agreement supports convergent va-
lidity; divergence is expected and informative, since the HVI incorporates a demographic dimension
that the IVS does not contain.

Spatial autocorrelation. Whether the index describes organized geographic variation rather
than noise was examined with the global Moran’s I statistic,

" . ZiES Zi’ES Wiy (Ui — 77)(7)2‘/ — 17)
Dies 2ires Wi >ies(vi — 0)? ’

computed on the same contiguity weights that constrain the clustering and compared with its
expectation under spatial randomness, E[I] = —1/(n — 1). The statistic originates in Moran [42]
for regular lattices and is used here in the general weighted form of Cliff and Ord [43]; significance
was assessed by conditional permutation of the observed values across tracts. The same statistic
has been applied to health vulnerability at the census-tract scale in Belo Horizonte [52]. A positive
and significant [ is a precondition for the approach as a whole: were vulnerability spatially random,
aggregating contiguous tracts could only destroy information, and administrative boundaries would
be as defensible as any alternative.

I= (7)

Criteria for the resulting territories. Three quantities were used to evaluate a partition.
Internal homogeneity was measured by the within-region sum of squares of the HVI relative to its
total dispersion,

2 _ Ek 121513%( URk)2 .
(A S e T )

ZERk

which equals one when the aggregation preserves all information on vulnerability and zero when
the units are internally as heterogeneous as the country as a whole. The numerator is the within-
cluster sum of squares minimized by Ward-type agglomeration [53], and the ratio is the proportion
of explained inertia used to assess partitions under spatial constraints [54], and measures of within-
region variance of this kind also support the choice of the number of regions in regionalization
[55]. Operational adequacy was measured by the proportion of regions satisfying (3) and by the
dispersion of their populations,

1 1 &

K
CV(R) = 5 K_lkz_l(Pk ~-P)?,  P= Il(;Pk, (9)

balance being one of the three classical criteria of territory design, alongside contiguity and com-
pactness [56]. The gain in managerial parsimony was measured by the reduction in the number of
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planning units,
K
AR)=1-—. (10)

n
These criteria are in tension by construction and are therefore reported jointly: any partition can
be made more homogeneous by producing more units, and more parsimonious by producing fewer.

Sensitivity and experimental design. The sensitivity tests varied the normalization thresh-
olds adopted in the construction of the index and the parameters of the clustering procedure, in
particular the population threshold 7, recomputing (8), (9) and (10) in each scenario and com-
paring the resulting orderings through (6). Experiments were run at two scales: nationally, over
the 458,772 census tracts of the 2022 Census, to assess scalability and to quantify the reduction
in planning units; and at the municipal scale, taking Belo Horizonte and its 5,113 census tracts
as a case in which the resulting units can be confronted with the territorial structure in opera-
tion [57, 58]. The scenario analyses on 7 characterize the planning configurations available under
alternative ESF caseload assumptions.

Results of the validation. Three findings from these procedures shaped the specification re-
ported above. First, the population requirement in (3) is rarely binding at the tract level: of
the 450,088 tracts with valid population records, covering 202,561,627 residents, the median tract
holds 428 inhabitants and only 21 tracts, or 0.005% of the total, exceed 7 = 3,000 on their own, the
largest reaching 4,804 residents. Those tracts account for 0.04% of the national population, so the
singleton exception in (3) is a formal safeguard rather than a practical limitation. Second, (4) was
decisive in discarding an earlier specification of the index, which carried a health dimension proved
to be constant across every tract of each of the 5,570 municipalities, carrying no intra-municipal res-
olution, and was virtually uncorrelated with the remaining dimensions (Pearson —0.08 and —0.04),
driving the composite to a negative alpha that rose to 0.56 once the dimension was removed and
substituted by the census-only demographic block described in Section 3. Third, vulnerability is
spatially structured at the tract scale: in Belo Horizonte (7) yields I = 0.15 under queen contiguity,
against E[I] = —0.0002, with p = 0.001 over 999 permutations, and remains positive and signifi-
cant under k-nearest-neighbor weights, which confirms the precondition for contiguity-constrained
aggregation. Evaluated on the partition currently distributed with the study, (8), (9) and (10)
give n2 = 0.83, CV = 0.48 and A = 77.5% nationally, against n?> = 0.23 for a random partition
with identical cluster sizes; in Belo Horizonte the 5,113 tracts are reduced to 1,063 units, with
A = 78.8%, CV = 0.40, n? = 0.57 and 95.6% of the units within the ESF caseload reference.

4 Results

This section presents the main findings from the application of the proposed methodology, in-
cluding the construction of the HVI and the spatially constrained territorial clustering. Analyses,
conducted primarily on 2022 Brazilian Census tracts nationwide, were implemented in Python.
Tabular processing and geoprocessing relied on pandas, geopandas and shapely, the last supply-
ing the boundary predicates from which queen contiguity is derived, and the spatial statistics were
computed with 1ibpysal and esda. The regionalization itself was implemented directly, using a
disjoint-set structure to merge clusters, rather than through an existing clustering package. With
the edges of G sorted once by attribute dissimilarity, the procedure is near-linear in the number
of adjacencies and therefore feasible over the whole country. Given the input data, the contiguity
graph and 7, the sequence of merges is fully determined, so the reported partitions are exactly
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reproducible. The code for index construction, contiguity, and clustering is available upon accep-
tance/publication , and the resulting clusters with HVI scores for every Brazilian municipality can
be accessed at http://ivs-cluster-na-aps.s3-website-sa-east-1.amazonaws.com/.

4.1 Health Vulnerability Index (HVI)

The HVI was successfully constructed for all 458,772 census tracts by integrating the four domains
(Urban Infrastructure, Human Capital, Income & Employment, and Demographic Vulnerability)
using harmonized census variables. The index is scaled from 0 (lowest vulnerability) to 1 (highest
vulnerability). Nationally, the mean HVI was 0.50, revealing clear regional disparities. As shown in
Figure 2, the South region exhibited the lowest average vulnerability, while the North and Northeast
presented both higher means and greater variability.

Mean VSalde (HV1) by municipality, Brazil (2022 Census) Distribution of the HVI across Brazilian regions
N = 450,088 tracts === Overall mean: 0.500

_ o8
=
I—D 7 %07
[+
= B
T ;0_6
—0ET@ =
o O
o §o5 e
25
-05 = i 0.4
g 5
= fo3
-0.4
0.2
North Northeast Central-West Southeast South
Region

Figure 2: Distribution of the Health Vulnerability Index (IVS) across Brazilian regions.

4.2 Spatial Analysis and Territorial Clustering

The core innovation of this study is a spatial aggregation framework that converts high-resolution
HVI data into operationally viable planning units for the ESF. By combining the HVI with a
spatially constrained greedy hierarchical clustering algorithm based on queen contiguity, the method
produces contiguous and socioeconomically homogeneous clusters while enforcing a population
threshold of approximately 3,000 inhabitants per ESF team, as recommended by the Brazilian
Ministry of Health (Figure 3).

Nationally, the framework reduced the number of territorial units by 77.1% without compromis-
ing spatial contiguity or vulnerability representation. In Belo Horizonte, the original 5,113 census
tracts were aggregated into 1,063 clusters (a 78.8% reduction; Figure 4). Of the resulting clusters,
95.6% fall within the ESF caseload reference of 3,000 inhabitants, with a median of 2,411 residents
and a maximum of 4,495. Since no census tract in the municipality exceeds the reference on its
own, the residual excess is produced by the aggregation itself rather than by indivisible tracts.
For comparison, the current municipal structure relies on approximately 3,800—4,000 micro-areas,
which is the smallest SUS planning unit, each typically covering 150-200 families (roughly 450-750
inhabitants) under one Community Health Agent (ACS) and grouped under the 639 existing ESF
teams [57, 58].

These results demonstrate the practical value of the approach: it substantially reduces oper-
ational planning complexity while preserving spatial coherence, internal homogeneity, and direct
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Cluster population distribution (PHC)

10000 1 — - ESF threshold ~3,000
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Reduction of planning units by clustering
Brazil: 450,088 tracts — 100,143 clusters (-78%)
-79%
Tracts (before)
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150000
6000

125000

4000 100000

0 ||II|| il

1000 2000 3000
Cluster population (residents)

Number of clusters

75000 -4

Southeast South

Number of planning units

50000
-76%

25000
0 |
North

Northeast

I
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Figure 3: Population distribution of the clusters (ESF threshold ~3,000 residents) and the reduction
in the number of planning units through clustering (—77.8%).

Territorial clustering in Belo Horizonte

(a) Before: 5,113 census tracts

(b) After: 1,063 clusters (-79%)
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Figure 4: Visual comparison of spatial clustering in Belo Horizonte: (a) individual census tracts
before grouping; (b) clusters formed after the grouping process based on IVS similarity, spatial
contiguity, and a population limit of 3,000 inhabitants.

compatibility with ESF allocation. By generating larger yet still manageable units that are more
homogeneous than both raw census tracts and existing micro-areas, the framework provides a scal-
able middle ground between excessive fragmentation and overly aggregated municipal districts,
thereby supporting evidence-based microplanning and resource allocation within the SUS.
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5 Discussion

5.1 Advancing Territorial Clustering for PHC Planning

The principal methodological contribution of this work is the empirical demonstration that spatially
constrained clustering can reduce the number of planning units by approximately 77% while gener-
ating homogeneous, contiguous, and operationally relevant territories. This directly addresses two
key limitations identified in the literature: the fragmentation introduced by administrative bound-
aries (the Modifiable Areal Unit Problem) and the difficulty of translating highly disaggregated
vulnerability indicators into actionable PHC geographies [10, 12, 27]. By producing clusters that
satisfy population thresholds compatible with ESF teams while preserving internal homogeneity in
vulnerability conditions, the proposed methodology bridges the gap between diagnostic precision
and managerial feasibility.

Beyond the territorial aggregation procedure itself, the proposed HVI advances existing Brazil-
ian vulnerability frameworks. The Social Vulnerability Index (IVS) developed by IPEA constitutes
an important milestone by combining indicators of urban infrastructure, human capital, and income
and labour conditions into a composite measure [14]. However, the IVS was designed primarily to
capture social vulnerability rather than health needs; it is typically disseminated at municipal or
higher scales and does not explicitly incorporate demographic characteristics strongly associated
with PHC needs, such as population ageing and dependency structures.

More recently, the Ministry of Health introduced the Equity and Sizing Index (IED) as part of
the new federal PHC financing model [59, 60]. The IED combines municipal population size with
categorical vulnerability classes to support equitable resource allocation. While suitable for financ-
ing purposes, it is not intended as a health-vulnerability measure, relies on ordinal categories that
discard continuous information, and operates exclusively at the municipal level, thereby obscuring
intra-urban inequalities that are often decisive for PHC planning.

The proposed HVI builds upon previous Brazilian vulnerability measures by addressing the
gaps highlighted by [28] and extending nationwide indices such as the IVS, IED, and GeoSES. It
combines census-tract resolution, an explicit demographic-health dimension, continuous indicators,
transparent and reproducible computation, and spatially constrained clustering to produce con-
tiguous and operational PHC planning territories. Table 1 compares the main characteristics of
these approaches.

Table 1: Comparison of Brazilian vulnerability measures.

Feature IVS [14] IED [60] GeoSES [29] Review [28] HVI
Census-tract data No No No Gap Yes
Health-oriented No No Partial No Yes
Continuous index Yes No Yes - Yes
Transparent & reproducible Yes Partial Yes High Yes
Arbitrary weights Partial Yes No (PCA) - No
Spatial clustering No No No No Yes
Operational PHC planning No Limited No No Yes
Purpose Social Financing Health research Literature Health + PHC

Rather than replacing existing indices, the proposed HVI complements them by addressing a
different planning objective. The IVS measures social vulnerability, the IED supports equitable
federal PHC financing, and GeoSES provides a multidimensional socioeconomic index for health
research. By contrast, the HVI combines health-oriented vulnerability assessment with spatially
constrained clustering to generate contiguous and operational planning territories, providing a
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suitable analytical basis for ESF territorialization, workforce allocation, and service organization.

5.2 Decision-support layer for PHC allocation

The resulting spatial units function as a decision-support layer for PHC, providing operationally
coherent and population-balanced territorial structures. Although this study does not implement fa-
cility location-allocation models, the derived regions are directly compatible with such optimization
approaches to reduce inequities [61]. They can serve as structured inputs for workforce allocation,
service localization, and catchment-area design in subsequent planning stages.

These findings have direct, practical implications for the Brazilian Unified Health System. By
integrating a PHC-specific HVI with spatially constrained clustering, the framework generates
actionable planning zones that support a better definition of ESF catchment areas and of team
allocation. The framework’s scalability and replicability across municipal, state, and national
levels bridge the gap between generic national indices and local micro-planning needs, substantially
reducing planning complexity while preserving vulnerability patterns and strengthening equity-
oriented territorial planning [3, 4].

Furthermore, the framework provides a practical mechanism for implementing current Brazil-
ian PHC policies. It translates Ministry of Health recommendations for ESF territorial organiza-
tion into transparent, reproducible planning units, enabling more consistent, needs-based planning
across different administrative levels. While this study does not evaluate the impact of these poli-
cies on health service utilization, it offers a decision-support methodology that can facilitate their
implementation and optimize PHC resource allocation.

6 Conclusion

The spatially constrained clustering approach applied to the proposed Health Vulnerability Index
achieved a substantial reduction of approximately 77% in the number of health planning territo-
ries nationally, while generating contiguous, homogeneous, and population-balanced units aligned
with Family Health Strategy requirements. In doing so, the framework overcomes key limita-
tions associated with generic vulnerability indices and administrative boundaries that have long
constrained evidence-based PHC planning [9, 10, 12]. More broadly, this work contributes a re-
producible methodological framework for translating high-resolution population vulnerability into
operational health planning regions, thereby connecting spatial epidemiology with evidence-based
health system design.

From a practical standpoint, the methodology offers a transparent and scalable tool for identi-
fying priority areas, reorganizing ESF coverage, and supporting more equitable resource allocation.
By reducing operational complexity without sacrificing spatial coherence or vulnerability represen-
tation, it facilitates genuine microplanning within the SUS.

Theoretically, the study contributes to the literature on health vulnerability and territorial
health planning by demonstrating how a purpose-built composite index, combined with spatially
constrained clustering, can operationalize the social determinants of health paradigm at a scale
relevant for service delivery [18, 21, 27].

The main limitation of the present work stems from the periodicity and static nature of de-
mographic censuses, which are typically updated only once per decade. Rapid urban dynamics,
migration, informal settlement growth, and socioeconomic transitions may outpace census updates.
Continuous enrichment with more dynamic data sources will therefore be essential for sustained
operational use.
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Future research should incorporate annually updated service utilization data to better capture
health demand alongside need, explore optimization-based PHC planning formulations aimed at
maximizing accessibility and equity, and rigorously evaluate the impact of the newly defined plan-
ning units on actual PHC performance through prospective studies. Taken together, these advances
would further strengthen the role of spatially explicit, needs-based approaches in the continuous
improvement of primary health care systems.
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Appendix — Variables Used in the Health Vulnerability Index (HVI)

The proposed Health Vulnerability Index (HVI) was constructed exclusively from variables of the
2022 Brazilian Demographic Census (IBGE). This appendix describes every indicator used in the
four dimensions of the HVI together with the corresponding IBGE variables, allowing complete
reproducibility of the index. The HVI is composed of four dimensions: Urban Infrastructure
(UI); Human Capital (HC); Income and Employment (IE); and Demographic Vulnerability (DV).
All indicators were computed at the census-sector level. Variables expressed as proportions were
normalized to national percentile ranks before aggregation, as described in Section 3.2.

Urban Infrastructure (UI)
The Urban Infrastructure dimension measures deficiencies in basic sanitation, housing condi-
tions, and environmental services that directly affect population health.

Indicator Definition

1) Inadequate water supply (V00112+V00113+...4V00118)/V00001

2) Inadequate sewage system (V00311+V00312+...4V00316) /V00001

3) No garbage collection (V00399+V00400+V00401+V00402)/V00001

4) Households without bathroom V00495,/V00001

5) Overcrowded households (V00023+V00024+V00025+V00026)/V00001
Table 2: Indicators composing the Urban Infrastructure dimension.

Code Description

V00001 Occupied permanent private households (denominator)
V00112 Water supplied by deep or artesian well

V00113 Water supplied by shallow well, groundwater well or cistern
V00114 Water supplied by spring, fountain or natural source
V00115 Water supplied by water truck

V00116 Water supplied by stored rainwater

V00117 Water supplied by rivers, lakes, streams or reservoirs
V00118 Other water supply source
V00311 Sewage disposed into septic tank (not connected to sewer)

V00312 Sewage disposed into rudimentary pit

V00313 Sewage disposed into ditch

V00314 Sewage discharged into river, lake or sea
V00315 Other sewage disposal method

V00316 No sewage disposal facility

V00399 Garbage burned on the property

V00400 Garbage buried on the property

V00401 Garbage dumped on vacant lots or public areas
V00402 Other garbage disposal method

V00495 Household without private bathroom with shower and toilet
V00023 Household with 7 residents

V00024 Household with 8 residents

V00025 Household with 9 residents

V00026 Household with 10 or more residents

Table 3: IBGE Census 2022 variables used in the Urban Infrastructure dimension.
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s Human Capital (HC)
615 This dimension captures educational attainment and family characteristics associated with
616 health literacy and social vulnerability.

Indicator Definition

1) Illiteracy rate (15+) V00901/(V00900+V00901)
2) Youth illiteracy (15-29) V00853/(V00852+V00853)
3) Female-headed households with- V01204/V00001

out spouse

4) Tlliterate household heads V00985 /(V00984+V00985)

5) Illiterate female household heads  V00989/(V00988+V00989)

Table 4: Indicators composing the Human Capital dimension.

Code Description

V00900 Literate residents aged 15 years or older

V00901 Illiterate residents aged 15 years or older

V00852 Literate residents aged 1529 years

V00853 Illiterate residents aged 15-29 years

V01204 Female household head without spouse, living with child(ren) and/or stepchild(ren)
V00984 Literate household head aged 15 years or older

V00985 Illiterate household head aged 15 years or older

V00988 Literate female household head aged 15 years or older

V00989 Illiterate female household head aged 15 years or older

Table 5: IBGE Census 2022 variables used in the Human Capital dimension.

si7 Income and Employment (IE)
618 The Income and Employment dimension captures socioeconomic deprivation affecting access to
619 health services.

Indicator Definition

1) Low household-head income Median income of household heads below one-half of the Brazil-
ian minimum wage (variable V06006).

2) Adolescent household heads V01064,/V00001

3) Substandard housing (V00050+...4-V00053+V00055+...+-V00057) /(V00001+V00002)

Table 6: Indicators composing the Income and Employment dimension.

s Demographic Vulnerability (DV)
621 The Demographic Vulnerability dimension captures age structure and dependency characteris-
622 tics associated with higher Primary Health Care needs.
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Code Description

V00001 Occupied permanent private households

V00002 Occupied makeshift private dwellings

V01064 Household head aged 12-17 years

V06006 Household head monthly income

V00050 Room-for-rent housing or tenement

V00052 Dilapidated or unfinished permanent residential structure
V00053 Tent or temporary shelter

V00055 Natural shelter or other makeshift structure

V00056 Makeshift structure on public land

V00057 Dilapidated or unfinished permanent non-residential structure

Table 7: IBGE Census 2022 variables used in the Income and Employment dimension.

Indicator

Definition

1) Population aged 65 years or older (V00654+V00655+V00656)/ V01006

2) Population aged 04 years V01031/V01006

)
3) Households headed by older adults ~ V01068/V00001
)

4) Demographic dependency ratio V01031+...4+V01033+V01040+V01041/(V01034+...4+V01039)

5) Premature mortality (3069 years)

Table 8: Indicators composing the Demographic Vulnerability dimension.

Code Description

V00001 Occupied permanent private households
V01006 Total resident population

V00654 Population aged 65-69 years
V00655 Population aged 70-79 years
V00656 Population aged 80 years or older
V01031 Population aged 0-4 years
V01032 Population aged 5-9 years
V01033 Population aged 10-14 years
V01034 Population aged 15-19 years
V01035 Population aged 20-24 years
V01036 Population aged 25-29 years
V01037 Population aged 30-39 years
V01038 Population aged 40-49 years
V01039 Population aged 50-59 years
V01040 Population aged 60—69 years
V01041 Population aged 70 years or older
V01068 Household head aged 60 years or older
V01234 Male deaths aged 30-39 years
V01235 Male deaths aged 40-49 years
V01236 Male deaths aged 50-59 years
V01237 Male deaths aged 60—69 years
V01245 Female deaths aged 30-39 years
V01246 Female deaths aged 40-49 years
V01247 Female deaths aged 50-59 years
V01248 Female deaths aged 60-69 years

Table 9: IBGE Census 2022 variables used in the Demographic Vulnerability dimension.
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