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Abstract. Public health management in Brazil benefits from the availability of large volumes of public data on
financing, service delivery, infrastructure, and population coverage. Existing approaches support interoperability and
multi-source integration through ETL/ELT pipelines, semantic standards, and scalable architectures such as Data Lakes
and Data Lakehouses. However, in public health management contexts, these approaches often remain focused on clinical
ecosystems, domain-specific workflows, or isolated interoperability requirements, leaving open challenges related to
governed integration, reproducibility, and continuous analytical consumption of heterogeneous public data. To address this
gap, this work proposes the HERO architecture, a modular and scalable framework that extracts, transforms, integrates,
and makes available public health data from multiple sources through a structured ETL pipeline and a Data Lakehouse.
HERO builds upon principles of the HEALER architecture, introduced in 2023, and extends them with a focus on systems
integration, maintainability, extensibility, and reproducibility in public health management scenarios. As a proof of
concept, this study applies Data Envelopment Analysis (DEA) to data consolidated by HERO in order to evaluate the
technical efficiency of municipalities in the state of Pernambuco, Brazil. The results reveal temporal and spatial efficiency
patterns, persistent inequalities, and relevant correlations across different data sources, demonstrating HERO’s usefulness
for reproducible analytical workflows and decision-support tools. Overall, the proposed architecture not only automates and
reliably consolidates heterogeneous public health data, but also enhances their analytical value while remaining compatible
with broader analytical uses in evidence-based public health management.
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1 Introduction
Brazilian public health management is supported by a com-
prehensive national health system and a wide availability of
public data covering financing, service delivery, infrastructure,
and population coverage. In particular, Primary Health Care
(PHC), the main gateway to Brazil’s Unified Health System
(SUS), plays a central role in health promotion, disease preven-
tion, continuity of care, and territorial equity, concentrating a
large share of healthcare services and responsibilities [Silva
et al., 2023]. This context creates significant opportunities for
transparency, performance monitoring, and evidence-based
decision-making.

However, the effective use of this potential is constrained
by persistent challenges related to resource management and
information integration. Scarcity of resources, fragmentation
of care systems, frequent staff replacement, and pronounced
regional inequalities continue to affect public health man-
agement [Cancian et al., 2023]. Despite the growing avail-
ability of public health data and national initiatives aimed at
strengthening digital health infrastructure [SAÚDE, 2020],
information systems remain fragmented across multiple na-
tional databases that operate in isolation, with heterogeneous
data models, distinct update frequencies, and limited interop-
erability [Machado and Tavares, 2023]. As a result, public
managers face significant difficulties in producing consoli-

dated indicators, performing longitudinal analyses, and sys-
tematically monitoring the efficiency of resource allocation
across municipalities and regions.

In recent years, governmental initiatives such as the In-
ovaSUS Digital Laboratory, a Brazilian program aimed at
fostering digital innovation, interoperability, and transparency
in the public health sector, have reinforced institutional inter-
est in digital transformation [Sousa, 2022]. These initiatives
reflect a broader movement toward data-driven public man-
agement and the adoption of digital health strategies. Never-
theless, despite these efforts, the absence of integrated and
governed data architectures remains a major barrier to trans-
forming raw, heterogeneous data into actionable knowledge.
Existing approaches often focus on isolated systems, manual
data extraction, or purely analytical methods, without address-
ing the architectural challenges required to ensure automation,
scalability, reproducibility, and long-term maintainability.

From an architectural perspective, effective public health
data integration requires more than data availability. It de-
mands solutions capable of supporting automated data inges-
tion, standardized transformations, traceability across pro-
cessing stages, and reliable storage structures that enable con-
sistent analytical use. Without such architectures, efficiency
assessment methods and decision-support tools remain lim-
ited in scope, difficult to reproduce, and costly to maintain,
particularly in federative contexts characterized by institu-
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tional and territorial heterogeneity.
Existing work addresses interoperability and multi-

source data integration through different solution paradigms,
ranging from ETL/ELT pipelines [Ferré et al., 2020; Iná-
cio et al., 2016] to semantic interoperability standards such
as openEHR [Mello et al., 2021] and scalable data manage-
ment paradigms such as Data Lakes and Data Lakehouses
[Guntupalli, 2023]. Within this broader space, specific archi-
tectural approaches have also been proposed for healthcare
data ecosystems, most notably HEALER [Manco et al., 2023].
While these solution paradigms and architectures have sup-
ported the integration of heterogeneous datasets in clinical and
domain-specific applications [Machado and Tavares, 2023;
Araújo et al., 2025], important challenges remain regarding
governed integration, periodic data updates, reproducible an-
alytical consumption, and extensibility across different ana-
lytical methods. These challenges are particularly relevant
to public health management settings characterized by frag-
mented governmental information systems and limited inter-
operability across public databases [SAÚDE, 2020; Sousa,
2022]. Section 3 discusses these solution paradigms and ar-
chitectural approaches in detail, including a direct comparison
between HERO and HEALER.

In this context, this study investigates the following re-
search question: how can a governed and extensible data
architecture support the integration of heterogeneous pub-
lic health data sources and enable reproducible analytical
workflows for performance evaluation in Primary Health
Care?

To answer this question, this study pursues the following
objectives: (O1) to design a governed, ETL-based architec-
ture that redefines the zone structure and processing flow
proposed by HEALER to fit the constraints and periodicity of
public health data publication; (O2) to implement a reference
instantiation of this architecture capable of integrating het-
erogeneous Brazilian governmental health data sources into a
unified and traceable Data Lakehouse; and (O3) to evaluate
the applicability of the proposed architecture, both in terms of
its architectural qualities and its usefulness as a foundation for
analytical workflows, through a real-world case study using
Data Envelopment Analysis (DEA) as a representative analyt-
ical instance. Section 4 details the research design adopted to
pursue these objectives.

Motivated by this gap, this work proposes the Health Ef-
ficiency Resource Oriented (HERO) architecture, a modular
and scalable framework that integrates and governs public
health data from multiple governmental sources. The Smar-
tAPSUS1 project, an initiative focused on developing software
solutions to support data monitoring and decision-making in
public health management, originated the conception of the
architecture [Nascimento et al., 2026]. Within this project,
the team identified and investigated a set of public health
indicators related to PHC performance using publicly avail-
able data sources. Initially, the team manually extracted these
indicators from different governmental systems, integrated
them, and explored them to enable preliminary analytical
studies [Pereira et al., 2025a]. This early stage enabled the
application of DEA to evaluate the operational efficiency of

1https://smartapsus.ufape.edu.br/home.html

Brazilian municipalities in allocating resources for Primary
Health Care, serving as a proof of concept for efficiency anal-
ysis based on integrated public health data [Pereira et al.,
2025b].

This initial study highlighted the challenges associated
with manual data integration, limited scalability, and the lack
of automated data governance. These limitations motivated
the design of the HERO architecture as a structured, auto-
mated, and reproducible solution for integrating heteroge-
neous public health data sources. Discussions with profes-
sionals from the public health and information technology do-
mains involved in ongoing data initiatives within the Brazilian
health system further informed the conception of the archi-
tecture and helped align the proposed pipeline with practical
requirements related to data governance, interoperability, and
performance monitoring. Although this study applies the ar-
chitecture to Brazilian public health information systems, the
proposed solution is not restricted to the Brazilian context. In-
stead, it provides a generic and reusable framework for public
health data integration in environments characterized by de-
centralized information systems, heterogeneous data models,
and periodic reporting structures.

This work contributes (i) the HERO architecture for in-
tegrating periodically published public health data through a
governed ETL pipeline; (ii) a reference implementation that
consolidates heterogeneous governmental data and exposes
the resulting datasets through REST APIs; and (iii) an eval-
uation combining evidence on integration, maintainability,
extensibility, and reproducibility with a DEA-based case study
in PHC. The architectural contribution concerns data prepa-
ration and access, while the DEA results demonstrate the use
of the integrated dataset in a specific analytical workflow.

HERO adopts modern interoperability standards, such
as Fast Healthcare Interoperability Resources (FHIR), pro-
moting integration with the National Health Data Network
(Rede Nacional de Dados em Saúde - RNDS), Brazil’s na-
tional health data exchange infrastructure, and compliance
with the National Health Information and Informatics Policy
(Política Nacional de Informação e Informática em Saúde -
PNIIS). Beyond its technical contribution, the architecture
demonstrates social relevance by supporting transparency,
equity-oriented analysis, and more informed public health
management.

The remainder of this paper is organized as follows. Sec-
tion 2 presents the theoretical background related to public
health data management, data architectures, and efficiency
evaluation. Section 3 discusses related work on data integra-
tion architectures and DEA-based performance assessment,
including a direct comparison between HERO and HEALER.
Section 4 presents the research design and methods adopted
in this study. Section 5 details the HERO architecture and its
components. Section 6 describes the case study and exper-
imental setup. Section 7 presents and discusses the results.
Finally, Section 8 concludes the paper and outlines directions
for future work.

2 Theoretical Basis
This section presents the theoretical foundations that support
the proposed architecture and the analytical approach adopted

https://smartapsus.ufape.edu.br/home.html
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in this study. It discusses key concepts related to Primary
Health Care, public health data integration, data engineering
architectures, and efficiency evaluation, establishing the basis
for the HERO architecture and its application.

2.1 Primary Health Care and Public Health
Management

PHC services are responsible for a large share of healthcare
delivery and are directly associated with population health
outcomes, equity, and efficiency in resource use [Macinko
et al., 2003]. Due to its territorial organization and capillary
reach, PHC is also a strategic level for monitoring public
health performance and evaluating the effectiveness of health
policies.

However, PHC management faces structural challenges,
including limited resources, frequent staff replacement, and
significant regional disparities. These challenges increase the
need for reliable indicators capable of supporting planning,
monitoring, and evaluation at the municipal and regional lev-
els [Cancian et al., 2023; Costa et al., 2025]. In addition,
limitations related to data integration and interoperability
across health information systems further hinder effective
management and decision-making processes [Silva, 2022]. In
this context, data-driven approaches become essential for im-
proving governance, identifying inefficiencies, and supporting
evidence-based decision-making in public health systems.

2.2 Public Health Data Integration and
Interoperability

Public health data management in the Brazilian SUS is his-
torically characterized by fragmentation and information si-
los, which hinder interoperability and integrated analysis
[Machado and Tavares, 2023]. Multiple national informa-
tion systems collect complementary data on financing, ser-
vice delivery, infrastructure, and coverage. However, these
systems were developed independently, resulting in heteroge-
neous data models, distinct update frequencies, and limited
semantic alignment.

The implementation of the RNDS represents an impor-
tant institutional effort toward standardization and secure data
exchange [Falcão et al., 2024]. Nevertheless, technical and or-
ganizational challenges persist, including uneven adoption of
interoperability standards and limited synchronization across
systems. As a result, local managers and researchers still
face difficulties in integrating data from multiple sources to
generate consolidated indicators and perform longitudinal
analyses.

In this scenario, architectural solutions focused on data
integration and governance play a complementary role. Such
architectures enable the ingestion, transformation, and con-
solidation of heterogeneous data, even in the absence of full
interoperability at the national infrastructure level. By pro-
viding standardized processing pipelines and unified data rep-
resentations, these solutions support local decision-making,
performance monitoring, and analytical applications in public
health.

Figure 1. ETL Process; Source: https://blog.bismart.com/en/
what-do-we-do-etl

Figure 2. Conceptual illustration of the Data Lakehouse model as a combina-
tion of Data Warehouse and Data Lake characteristics. Source: Authorship

2.3 Data Architectures for Health Systems:
ETL, ELT, and the Data Lakehouse

Public health data integration involves both a processing strat-
egy and a storage model for heterogeneous governmental
datasets [SAÚDE, 2020].

Extract, Transform, and Load (ETL) validates and trans-
forms data before loading them into the target repository,
whereas Extract, Load, and Transform (ELT) loads data be-
fore transformation. Figure 1 illustrates ETL. Both strategies
require validation and traceability to address differences in
coding schemes, reporting periods, and data completeness
[Phanikanth and Sudarsan, 2016].

Regarding storage, Data Warehouses organize structured
analytical data under a schema-on-write approach [Nambiar
and Mundra, 2022], while Data Lakes accommodate hetero-
geneous data under schema-on-read. The Data Lakehouse
combines flexible storage with structured querying, gover-
nance, and transactional capabilities [Guntupalli, 2023], as
illustrated in Figure 2.

HERO combines governed ETL processing with a
Lakehouse-based storage layer. Section 3.1 explains the ra-
tionale for these choices, and Section 5 describes their imple-
mentation in the proposed architecture.

2.4 Efficiency Evaluation Using Data
Envelopment Analysis

Operational efficiency in this study is assessed through Data
Envelopment Analysis (DEA), a widely used non-parametric
technique for evaluating relative efficiency among compara-
ble units; its formal treatment, including the specific model
adopted, is presented in Section 6.5 as part of the case
study [Charnes et al., 1978].

One of the main advantages of DEA is its ability to han-
dle multiple inputs and outputs without requiring predefined
functional forms. This characteristic makes it particularly
suitable for evaluating complex systems such as PHC, where
resource allocation and service delivery involve multiple di-
mensions. DEA models may be input-oriented or output-
oriented, depending on the managerial control context, allow-
ing different perspectives on efficiency assessment. When
combined with integrated and governed data infrastructures,
DEA becomes a powerful tool for supporting evidence-based
resource allocation, performance benchmarking, and longitu-
dinal monitoring in public health systems.

https://blog.bismart.com/en/what-do-we-do-etl
https://blog.bismart.com/en/what-do-we-do-etl
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3 Related Work
The literature on health data management has evolved through
at least three complementary lines of work: (i) scalable data
processing architectures based on ETL/ELT, Data Lakes, and
Data Lakehouses; (ii) semantic interoperability approaches
based on standardized data models and exchange mechanisms;
and (iii) analytical studies that consume integrated or manu-
ally prepared datasets for performance evaluation. Positioning
HERO requires considering these three perspectives together,
since the proposed contribution lies not only in data integra-
tion itself, but in combining governed integration, analytical
readiness, and extensibility within a reusable framework.

Recent advances in data engineering have enabled the
development of large-scale architectures for integrating hetero-
geneous healthcare datasets. Data Lake and Data Lakehouse
approaches have been increasingly adopted to support the
ingestion, storage, and processing of structured and unstruc-
tured health information originating from multiple systems.
These architectures typically organize the data lifecycle into
layered environments responsible for ingestion, processing,
refinement, and analytical consumption, enabling scalable
and flexible data management pipelines.

In the Brazilian health informatics context, other studies
have also addressed data processing and integration work-
flows, even when not explicitly framed as reusable architec-
tural proposals. For example, prior work proposed an open
“situation room” platform for SUS administrative data, imple-
menting an automated ETL process with extraction from pub-
lic repositories, transformation into structured repositories,
and support for analysis and visualization [Ferré et al., 2020].
Similarly, integrated epidemiological analysis platforms have
combined ETL, preprocessing, indexing, and visualization
components to enable the retrieval and georeferenced explo-
ration of structured and semi-structured health data [Inácio
et al., 2016]. In addition, studies based on openEHR, an open
standard for the semantic modeling and exchange of elec-
tronic health records, have explored interoperability through
standardized templates and archetypes, the main role of for-
mal models in structuring and sharing healthcare information
[Mello et al., 2021]. Together, these studies show that the
literature already contains relevant efforts on health data work-
flows, interoperability, and analytical processing. However,
they are often domain-specific, visualization-oriented, or cen-
tered on semantic modeling, without providing a governed
and reusable architecture that integrates heterogeneous pub-
lic health data sources, automates the full data lifecycle, and
directly supports continuous analytical consumption across
different evaluation methods.

3.1 Positioning HERO with Respect to
Other Architectures

Among the architectural proposals in the healthcare domain,
the HEALER architecture [Manco et al., 2023] represents an
important conceptual reference for health data ecosystems
and the direct architectural predecessor of HERO. HEALER
adopts a zone-based data lake structure composed of inges-
tion, raw storage, processing, refinement, and consumption
layers and follows the ELT paradigm, in which data are first
preserved in their original format and later transformed accord-

ing to analytical needs. This approach prioritizes flexibility
and scalability and is particularly suitable for clinical environ-
ments characterized by large volumes of heterogeneous data
and evolving analytical requirements.

However, the characteristics of public health information
systems differ from those of clinical data environments. Pub-
lic health datasets are typically structured, periodically pub-
lished, and primarily used to generate standardized indicators
for monitoring and policy evaluation. In such contexts, main-
taining large raw data repositories and postponing transforma-
tions may increase operational complexity and storage costs
without providing proportional analytical benefits. HERO
builds upon the conceptual principles of HEALER while ex-
tending them to address the specific requirements of public
health data integration: it adopts an ETL-based approach in
which data are validated, normalized, and transformed before
persistence, storing only semantically consistent datasets, and
it introduces design elements suited to public-sector environ-
ments, including microservice-based ingestion components,
batch-oriented orchestration aligned with periodic data pub-
lication, and extensible connectors for integrating new data
sources.

Table 1 synthesizes the main architectural differences
among HERO, HEALER, and a third related proposal, across
the dimensions that motivate the proposed redesign.

Rather than merely transferring HEALER to a new appli-
cation domain, HERO reconfigures these architectural deci-
sions to better support periodic data publication, cross-source
indicator derivation, and reproducible analytical consumption
in public health management. This comparison, together with
the related work discussed below, positions HERO as an archi-
tectural redesign rather than an incremental parameterization
of HEALER.

A third related proposal further illustrates the diversity of
architectural approaches to health data integration. Lima et al.
[2021] introduce the concept of a data pool, a lightweight
intermediate model that allows multiple institutions to orga-
nize heterogeneous clinical records, electronic health records,
and Picture Archiving and Communication System (PACS)
imaging data into interoperable pools, which can later be com-
bined into a research-oriented Data Lake. Unlike HEALER
and HERO, which define a single governed pipeline oper-
ated within one institution or governmental scope, the data
pool model distributes interoperability across institutional
boundaries, prioritizing multicentric research reproducibility
over continuous, periodic indicator generation. This compari-
son reinforces that HERO’s contribution lies specifically in
providing centralized governance and standardized, periodic
ETL processing tailored to public health management, a re-
quirement that neither the raw-data-centered HEALER nor
the multicentric data pool model was designed to address.

3.2 DEA-Based Efficiency Evaluation in
Health Systems

Parallel to architectural research, a large body of literature
applies DEA to evaluate efficiency in healthcare systems.
DEA is used to measure the relative efficiency of compa-
rable decision-making units by analyzing the relationship
between resource inputs and service outputs. In the context
of PHC, several studies have applied DEA to evaluate the
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Table 1. Synthesis of architectural approaches for health data integration: HERO, HEALER, and the data pool model

Characteristic HEALER HERO Data Pool
Processing strategy

Governed ETL with pre-persistence validation ❍ ✓ ❍
Raw-data preservation via ELT (schema-on-read) ✓ ❍ ❍
No fixed ETL/ELT pipeline; lightweight pooling of pre-structured
records

❍ ❍ ✓

Target domain
Oriented to clinical/exploratory research use cases ✓ ❍ ✓
Designed for periodic, structured governmental publication ❍ ✓ ❍
Targets multicentric data sharing across independent institutions ❍ ❍ ✓

Storage emphasis
Centralized, single-repository storage model ✓ ✓ ❍
Refined, analytically-ready storage prioritizing reuse ❍ ✓ ❍
Distributed, interoperable intermediate pools (no single repository) ❍ ❍ ✓

Orchestration
Continuous, large-scale, evolving ingestion ✓ ❍ ❍
Batch-oriented, aligned with periodic publication cycles ❍ ✓ ❍
Ad hoc, agreement-based construction across institutions ❍ ❍ ✓

Consumption model
Generic consumption layer for diverse exploratory use ✓ ❍ ❍
Explicit separation enabling reuse by multiple analytical methods ❍ ✓ ❍
Oriented to multicentric statistical/scientific research reuse ❍ ❍ ✓

performance of municipalities or health units using financial,
structural, and service indicators [Varela et al., 2012; Cabral
et al., 2019; Capeletti et al., 2024; Ferrera et al., 2014]. These
studies demonstrate the methodological suitability of DEA
for evaluating public health performance but often rely on
static datasets and manual data collection processes.

Other works have explored DEA applications in different
sectors of the public and private economy, including public
safety [Castro and outros, 2024; Silva et al., 2024], digital
banking [Loureiro et al., 2024], and energy systems [Mar-
ques and outros, 2024]. In these contexts, methodological
extensions such as Dynamic DEA and Network DEA have
been proposed to capture temporal dynamics and multi-stage
production processes. Although these approaches enhance an-
alytical modeling, they are often developed independently of
scalable data infrastructures capable of supporting automated
and continuous data integration.

A preliminary study reported in [Pereira et al., 2025b]
demonstrated the feasibility of applying DEA to evaluate the
efficiency of Brazilian municipalities in Primary Health Care
and introduced a probabilistic perspective through Markov
Chains. However, the study relied on manual data extrac-
tion and limited sampling, which constrained reproducibility
and the ability to update efficiency estimates over time. The
present work advances this line of research by implementing
an automated, batch-oriented pipeline within a governed lake-
house architecture, enabling systematic data integration and
periodic estimation of efficiency indicators.

Table 2 summarizes representative studies identified in
the literature, highlighting their domains, analytical methods,
and limitations with respect to data integration and automa-
tion.

4 Research Design and Methods
This study follows an applied research approach, grounded in
a quantitative perspective [Wazlawick, 2014], whose outcome
is a reusable software architecture rather than a purely theo-
retical model. More specifically, the study is framed within
the Design Science Research (DSR) paradigm [Hevner et al.,
2004], which centers the production of scientific knowledge
on the construction and rigorous evaluation of innovative ar-
tifacts intended to solve identified problems, as opposed to
the behavioral-science paradigm, which seeks primarily to
explain or predict organizational phenomena. This framing
is consistent with broader reflections on the epistemological
and methodological diversity of Information Systems research
published in this journal [Araujo et al., 2017]. Consistent with
this classification, the research process combines the construc-
tion of an architectural artifact (HERO) with its evaluation
through a real-world instantiation, following the objectives
O1–O3 stated in Section 1.

4.1 Research Stages
The research process comprises four main stages, executed
sequentially but with iterative refinement between the first
two:

1. Architectural design. Building on the HEALER ar-
chitecture [Manco et al., 2023] and on the limitations
identified in a prior, manually integrated study [Pereira
et al., 2025b], the HERO architecture was designed to re-
define the processing strategy (ETL instead of ELT) and
the zone structure required to support periodic public
health data publication, as detailed in Section 5.

2. Reference implementation. Two complementary ap-
plications, health-data-etl and health-data-client, were
developed to instantiate the architecture, respectively
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Table 2. Summary of related works on efficiency evaluation and health data architectures

Reference Domain Method Main Limitation
[Varela et al., 2012] PHC municipalities DEA Static dataset, manual collection
[Cabral et al., 2019] PHC services DEA Limited sample and temporal scope
[Capeletti et al., 2024] Municipal health

systems
DEA Lack of automated data integration

[Ferrera et al., 2014] PHC efficiency DEA Study-specific data preparation
[Castro and outros, 2024] Public safety DEA Sector-specific dataset
[Silva et al., 2024] Public safety Dynamic DEA Focus on modeling, not infrastructure
[Loureiro et al., 2024] Digital banking Network DEA Domain-specific analysis
[Marques and outros, 2024] Energy sector Network DEA Limited integration architecture
[Pereira et al., 2025b] Brazilian PHC DEA + Markov

Chains
Manual data extraction

[Manco et al., 2023] Health data ecosys-
tems

Data lake archi-
tecture

Designed for raw-data preservation and
exploratory clinical workflows

covering data ingestion/storage/exposure and analytical
consumption, as detailed in Section 6.

3. Data integration. The reference implementation was
executed against three heterogeneous Brazilian govern-
mental data sources, SIOPS, SISAB, and e-Gestor, cov-
ering municipalities in the state of Pernambuco between
2021 and 2025.

4. Analytical evaluation. The integrated dataset was used
to compute public health indicators and to apply DEA
as a representative analytical instance, allowing the joint
evaluation of (i) the architecture’s ability to support a real
analytical workflow and (ii) the substantive efficiency
results obtained through that workflow.

4.2 Materials
This study relies on two types of materials, the public data
sources integrated by the architecture and the software arti-
facts developed and used to operationalize it:

• Data sources: three Brazilian national public health
information systems, SIOPS (financial data, via a docu-
mented REST API), SISAB (service-delivery data, via
web scraping and CSV downloads, since no public API
is available), and e-Gestor (structural/coverage data, via
reverse-engineered API endpoints). These systems were
selected because, together, they cover the financial, struc-
tural, and service-delivery dimensions required for the
efficiency evaluation described in Section 6.

• Software artifacts: the two reference applications
(health-data-etl and health-data-client), a PostgreSQL
relational database used as the Refined Zone of the Data
Lakehouse, and the R Benchmarking package used to
compute DEA scores.

4.3 Architectural Evaluation Dimensions
To evaluate HERO as an architecture, and not only through
the analytical results it enables, this study adopts four com-
plementary evaluation dimensions, used later in Section 7 to
structure the architectural evaluation:

• Integration: the ability to ingest, standardize, and con-
solidate heterogeneous public health data from multiple
governmental systems, with distinct access mechanisms,
into a unified and governed pipeline.

• Maintainability: the modular organization of the archi-
tecture into well-defined components and layers, facil-
itating isolated changes, evolution of connectors, and
adaptation of processing rules with limited impact on
the remaining pipeline.

• Extensibility: the capacity to incorporate new data
sources, derived indicators, and analytical consumers
without redesigning the architectural core.

• Reproducibility: the support for repeatable analytical
workflows through governed ETL execution, traceability
mechanisms, persistent refined storage, and standardized
access to processed data.

Together, these dimensions operationalize how HERO
extends HEALER beyond a change of application domain,
and they provide the criteria against which the architectural
evaluation in Section 7 is organized.

5 HERO Architecture
HERO organizes public health data integration into compo-
nents covering acquisition, processing, storage, access, and
analytical consumption. The architectural choices underly-
ing this organization and their differences from HEALER are
discussed in Section 3.1 and summarized in Table 1. This
section details how these choices are operationalized.

HERO is structured into six main components: Data
Sources, Ingestion Component, Processing Component, Stor-
age Component, Interaction Component, and Data Consumers.
These components organize the entire data lifecycle, from ac-
quisition to analytical consumption, following a zone-based ar-
chitectural model inspired by HEALER [Manco et al., 2023],
as illustrated in Figure 3.

The Data Sources Component represents the heteroge-
neous external environments from which data originate, en-
compassing structured and unstructured repositories such as
APIs, public databases, web portals, and systems that require
web scraping or direct SQL queries. This layer is intentionally
decoupled from the internal architecture, enabling flexibility
and extensibility, while serving as the initial entry point for
raw data into the pipeline.

The Ingestion Component is responsible for acquiring
data and forwarding it to the internal pipeline through the
Transient Landing Zone, where no prior transformations are
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Figure 3. HERO (Health Efficiency Resource Oriented): Proposed Architec-
ture; Source: Authorship

applied. Data extraction is performed via APIs or web scrap-
ing mechanisms and encapsulated in intermediate Data Trans-
fer Objects (DTOs), which are lightweight data structures
used to transfer data between system components without
embedding business logic. This approach ensures decoupling
between source structures and the internal architectural model,
thereby promoting modularity and facilitating maintenance.

The Processing Component executes the transforma-
tion, normalization, and enrichment of data through the Pro-
cess Zone. Domain-specific business rules are applied to
ensure semantic consistency and analytical reliability, includ-
ing validation of mandatory fields, standardization of formats,
cross-source verification, and enrichment through derived at-
tributes. The processed data are then mapped into persistent
Entity objects via a Mapper, preparing them for structured
storage and analytical use.

The Storage Component consolidates the core of the
Data Lakehouse, represented by the Refined Zone, where data
are stored in a relational database with well-defined primary
and foreign keys, enabling cross-source integration, traceabil-
ity, version control, and complex analytical queries. This
structure supports data integrity, auditability, and reliability
for decision-making and efficiency assessment processes.

The Interaction Component exposes refined data
through a microservices-based API layer, structured into
Repository, Service, and Controller modules, ensuring scal-
able, modular, and efficient access to the processed informa-
tion. This layer operationalizes the Consumption Zone, acting
as the formal interface between the architecture and its users.

Finally, the Data Consumers component comprises an-
alytical scripts, visualization platforms, and decision-support
systems that access refined data through the Interaction Com-
ponent. This separation allows analytical consumers to evolve
independently of data acquisition and transformation. In the

Figure 4. Running Case; Source: Authorship

evaluated implementation, the health-data-client application
uses DEA to assess municipal PHC efficiency, providing a
concrete example of analytical consumption.

5.1 Running Example of Data Processing
To illustrate how the HERO architecture operates in practice,
Figure 4 presents a simplified running example of the data
processing workflow. The example considers three public
health datasets collected for a given municipality from the
Brazilian governmental systems SIOPS, SISAB, and e-Gestor.

Suppose that the SIOPS system reports that a municipal-
ity invested BRL 12 million in Primary Health Care during
a given period. In parallel, SISAB records that the munici-
pality performed approximately 95,000 health visits, while
e-Gestor indicates the presence of 48 PHC teams responsible
for providing services to the local population.

Within the Data Sources component, these datasets ex-
ist independently in their respective governmental systems.
Data collection is triggered by a scheduler that periodically
retrieves updated information from each source. In the Inges-
tion Component, the datasets are acquired through different
mechanisms depending on the characteristics of each system:
SIOPS data are extracted through the documented REST API,
SISAB data are collected from CSV files generated by the
platform, and e-Gestor information is retrieved through API
requests. The retrieved datasets are temporarily stored in the
Transient Landing Zone, which acts as a staging area where
raw data are buffered before processing.

The data then moves to the Processing Component,
where a series of transformations are applied within the Pro-
cess Zone. This stage includes validation procedures to ver-
ify data integrity and completeness, normalization steps to
standardize formats across heterogeneous sources, and the
derivation of analytical indicators required for performance
evaluation. Examples of derived indicators include APS bud-
get per capita, productivity measures based on health visits,
and team density indicators based on the number of primary
care teams.

After processing, the structured datasets are stored in the
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Refined Zone within the Storage Component. In the case study
implementation, this zone is materialized as a PostgreSQL re-
lational database where entities such as municipalities, health
visits, coverage indicators, and financial variables are orga-
nized using well-defined relationships. This refined storage
layer ensures data consistency and enables cross-source ana-
lytical queries.

The processed data are then exposed through the Inter-
action Component, which provides multiple consumption ser-
vices. In the running example, one of these services performs
efficiency analysis based on Data Envelopment Analysis, gen-
erating efficiency indicators for municipalities. Additional
services include dashboards for visualization and an audit
API for structured access to the processed datasets.

Finally, these services are consumed by external appli-
cations represented in the Data Consumers component. Ex-
amples include Python analytical scripts used for research
experiments and external client applications that access the
data through the exposed APIs. Although DEA is used in this
study as a representative analytical application, the architec-
ture itself remains flexible and can support other analytical
methods or decision-support tools.

6 Case Study
This section describes the experimental environment used to
operationalize and validate the HERO architecture. The exper-
iment used real-world data from Brazilian public health infor-
mation systems and executed through an end-to-end pipeline
including automated data collection, integration, storage, and
analytical processing.

The case study focuses on municipalities in the state of
Pernambuco, located in northeastern Brazil. Pernambuco
comprises 185 municipalities and a population of approxi-
mately 9.6 million inhabitants, making it an appropriate con-
text for evaluating large-scale public health data integration
and efficiency analysis.

To operationalize the architecture, this work implements
two complementary applications: health-data-etl and health-
data-client. Together, these applications compose the analyti-
cal pipeline used in the case study, instantiating the research
stages described in Section 4.

6.1 Applications and Analytical Pipeline
To execute the experiment, this work developed two appli-
cations for the proposed architecture: one responsible for
integrating, storing, and exposing public data, and another
dedicated to the analytical processing and interpretation of
these data.

The health-data-etl application2 is responsible for the
ingestion, transformation, storage, and structured exposure
of public health data through REST APIs. This component
implements an ETL-based pipeline designed to integrate het-
erogeneous data from three Brazilian governmental systems:
SIOPS, SISAB, and e-Gestor. The application follows a mod-
ular architecture that separates responsibilities across different
layers. A common layer centralizes shared components such
as configuration files, data models, DTOs, and utility classes

2Source code available at: https://github.com/
izabelnascimento/health-data-etl

used throughout the application. An API layer exposes the
processed data through REST endpoints, allowing external
services and analytical applications to access the integrated
datasets in a structured manner. The ETL layer implements the
extraction, transformation, and loading processes, adapting
the data acquisition strategy according to the characteristics
of each source system.

The transformation rules applied within the ETL layer
follow a consistent validation and standardization protocol
across the three source systems, implemented as reusable val-
idation classes within the common layer. Mandatory fields,
such as municipality identifier, reference year, and bimester,
are validated for non-null values and type consistency be-
fore being mapped to persistent entities. Municipality identi-
fiers are standardized against the official IBGE municipality
code table, ensuring consistent joins across SIOPS, SISAB,
and e-Gestor records despite their distinct native identifier
formats. Missing values in numeric fields are flagged and
excluded from indicator computation rather than imputed,
avoiding the introduction of bias into the efficiency analysis.
Duplicate records, arising primarily from repeated API re-
quests or overlapping CSV exports, are identified and removed
based on a composite key combining municipality, year, and
bimester. The pipeline currently targets a fixed multi-year
window (2021–2025) and a fixed set of reporting periods, de-
fined as constants at the application level rather than through
external configuration; extending this window to additional
years or periods requires updating these definitions in code, a
maintainability consideration discussed further in Section 7.

To support monitoring and reproducibility of the pipeline
execution, the implementation also records structured log
events for the main ETL and analytical stages, including ex-
traction start and end, processed temporal scope (e.g., year
and bimester), transformation steps, file persistence, and DEA
computation milestones. These logs provide process-level
traceability and support the verification of the execution flow
across the different stages of the architecture.

All processed data are stored in a PostgreSQL relational
database designed to support cross-referenced analysis across
financial, structural, and service delivery indicators. In addi-
tion to providing access to raw and processed data, the API
also exposes endpoints responsible for computing derived
indicators required for the DEA efficiency analysis.

The health-data-client application3 corresponds to the
analytical layer of the HERO architecture and is responsi-
ble for performing efficiency analysis using the integrated
datasets. Implemented in Python, this application consumes
the REST endpoints exposed by the health-data-etl service
and executes automated analytical workflows. The analytical
process begins with the automated collection of indicators
through API requests, retrieving financial, structural, and ser-
vice delivery data for each municipality. These data are then
preprocessed and consolidated by municipality and year in
order to construct the analytical datasets used in the efficiency
evaluation. Based on these datasets, the application gener-
ates several analytical outputs, including efficiency rankings,
correlation analyses, spatial visualizations, and comparative

3Source code available at: https://github.com/
izabelnascimento/health-data-client

https://github.com/izabelnascimento/health-data-etl
https://github.com/izabelnascimento/health-data-etl
https://github.com/izabelnascimento/health-data-client
https://github.com/izabelnascimento/health-data-client
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graphs designed to support the interpretation of the results.
The modular structure of the analytical scripts allows the ex-
periments to be easily replicated across multiple years and
enables adjustments in analytical parameters or indicator con-
figurations.

6.2 Data Sources and Integration
The case study integrates data from three Brazilian national
public health information systems that provide complemen-
tary information on financial resources, service delivery, and
structural capacity in Primary Health Care. These systems
play a key role in monitoring and managing health policies
at the municipal level, and this study selected them because
together they capture different dimensions of the public health
system.

• SIOPS (Public Health Budget Information System)
provides financial information on municipal health ex-
penditures. This system records detailed budgetary data
related to public health investments reported by mu-
nicipalities, including operational and capital expenses.
SIOPS offers a documented REST API, which enabled
the direct extraction of financial indicators used in the
analysis. The availability of this API facilitated the au-
tomation of data collection and ensured consistent re-
trieval of financial information across multiple munici-
palities and years.

• SISAB (Primary Health Care Information System)
provides records of health services delivered within the
Primary Health Care network. The system consolidates
data on healthcare visits and other service activities
performed by primary health teams across the country.
Since SISAB does not offer a public API, data extraction
required the implementation of web scraping techniques
combined with automated downloads of CSV files gen-
erated by the platform. These files were subsequently
processed and integrated into the ETL pipeline to derive
indicators related to healthcare productivity.

• e-Gestor provides information on PHC coverage and
the distribution of health teams across municipalities.
This platform supports the monitoring of the Family
Health Strategy and other primary care programs im-
plemented by the Brazilian SUS. Although the system
exposes REST API endpoints, they are not formally doc-
umented. Therefore, the data extraction process required
reverse engineering techniques through network traffic
inspection in order to identify the request patterns used
by the platform.

Despite the heterogeneity of access mechanisms across
these systems, the HERO architecture integrates these datasets
through a unified ETL pipeline. The architecture then struc-
tures the integrated dataset in a relational database, enabling
cross-referenced analysis between financial inputs, structural
capacity indicators, and service delivery outputs used in the
efficiency evaluation.

6.3 Data Storage and Data Model
The integrated dataset produced by the HERO architecture is
stored in a PostgreSQL. The database schema consolidates in-
formation collected from the SIOPS, SISAB, and e-Gestor sys-

Figure 5. Conceptual Entity–Relationship model of the integrated dataset;
Source: Generated by Dbeaver

tems and organizes it in a structure that enables efficient ana-
lytical queries and traceability of the data processing pipeline.

Figure 5 presents the conceptual Entity–Relationship
(ER) model used in the storage layer. The schema is centered
on the city entity, which represents municipalities and serves
as the main reference for linking financial, operational, and
coverage indicators. Additional entities store specific infor-
mation extracted from the different public systems, includ-
ing budgetary data, healthcare service records, and Primary
Health Care coverage indicators.

This relational model enables the integration of hetero-
geneous datasets and supports the derivation of analytical
indicators required for efficiency evaluation. By structuring
the data in this way, the architecture facilitates the computation
of DEA inputs and outputs while preserving data provenance
and enabling reproducibility of the analytical process.

6.4 Indicator Derivation
The indicators used in the efficiency analysis were derived
from the integrated dataset produced by the HERO architec-
ture. Raw data collected from SIOPS, SISAB, and e-Gestor
were transformed into standardized indicators representing
financial inputs, structural capacity, and service outputs.

The study computed the following indicators:

APS Budget per Capita =
Total APS Budget

Municipal Population
(1)

Team Density =
Number of PHC Teams

Population
× 1000 (2)

Productivity =
Total Health Visits

Number of PHC Teams
(3)

Health Visits per Thousand BRL =
Total Health Visits

APS Budget
×1000

(4)
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These indicators capture complementary dimensions of
PHC performance. Financial indicators represent the level
of public investment in health services, structural indicators
represent the availability of operational resources, and ser-
vice indicators represent the volume of care delivered to the
population. The processing pipeline automatically computed
and stored all indicators in the relational database, ensuring
traceability and reproducibility of the analytical process.

6.5 DEA Model and Efficiency Computation
Municipal efficiency is evaluated using Data Envelopment
Analysis, a non-parametric technique widely used to measure
the relative efficiency of comparable entities known as DMUs.
In this study, each municipality was considered a DMU rep-
resenting a local Primary Health Care system responsible for
transforming financial and structural resources into health
service outputs [Charnes et al., 1978].

DEA evaluates efficiency by comparing each DMU with
a frontier constructed from the best observed performance
among all units in the dataset. Unlike econometric approaches,
DEA does not assume a predefined functional relationship be-
tween inputs and outputs. Instead, it uses linear programming
to construct an efficiency frontier and measure the distance of
each unit from this frontier. As a result, the efficiency score
obtained for each municipality reflects its performance rela-
tive to the best practices observed among the municipalities
included in the analysis [Charnes et al., 1978].

In formal terms, the efficiency of a municipality j can
be expressed as the ratio between a weighted combination of
outputs and a weighted combination of inputs:

θj =

∑︁s
r=1 uryrj∑︁m
i=1 vixij

(5)

where θj represents the efficiency score, yrj represents
the quantity of output r produced by municipality j, and xij

represents the quantity of input i consumed by municipality j.
The weights ur and vi are determined through linear program-
ming in order to maximize the efficiency score for each unit
while respecting feasibility constraints for all municipalities
in the dataset.

DEA models can be formulated with different orienta-
tions depending on the managerial context. Input-oriented
models seek to minimize resource consumption while main-
taining output levels, whereas output-oriented models aim to
maximize outputs given fixed inputs. In the context of public
health management, municipal administrators typically have
greater control over the allocation of financial and structural
resources than over the demand for health services. For this
reason, an input-oriented model was adopted in this study.

The efficiency computation follows the classical Charnes,
Cooper, and Rhodes (CCR) model with constant returns to
scale proposed by [Charnes et al., 1978]. Under this formula-
tion, efficiency scores range between 0 and 1. A value equal
to 1 indicates that the municipality operates on the efficiency
frontier, while values below 1 indicate potential inefficiencies
relative to the best observed practices.

The implemented DEA computation used the
Benchmarking package in the R statistical environment,
and it was integrated into the analytical pipeline of the
HERO architecture. The resulting efficiency scores were

subsequently stored in the analytical dataset and used
to generate the visualizations and comparative analyses
presented in the following section.

6.6 Threats to Validity
Some limitations should be considered when interpreting the
results of this study. First, the efficiency analysis depends
on the selection of input and output indicators used in the
DEA model. Although the selected variables capture relevant
dimensions of PHC performance, alternative combinations
of indicators could lead to different efficiency estimates.

Second, the reliability of the results depends on the qual-
ity of the underlying public datasets. Potential inconsistencies,
publication delays, missing values, or errors in the original
systems may affect the accuracy of the integrated dataset. In
addition, the analysis focuses on the first semester of each
year, which ensures consistency across data sources but may
not fully capture seasonal variations in health service demand
and delivery.

Third, the study relies on aggregated municipal indica-
tors. While this level of aggregation is appropriate for com-
parative analysis across municipalities, it may hide important
intra-municipal differences in service performance. More-
over, contextual factors such as socioeconomic conditions,
demographic characteristics, geographic accessibility, and epi-
demiological profiles were not explicitly modeled, although
they may influence efficiency outcomes.

Another limitation concerns the high correlation ob-
served between some structural indicators, particularly team
density and coverage. This relationship reflects the design
of the Brazilian PHC model, but it may also introduce re-
dundancy into the analytical model. Finally, the indicators
used in this study primarily capture quantitative aspects of
service provision and do not include qualitative dimensions
such as service quality, patient satisfaction, continuity of care,
or clinical outcomes.

Despite these threats to validity, the case study demon-
strates the feasibility of integrating heterogeneous governmen-
tal data sources and applying analytical methods to support
large-scale monitoring of Primary Health Care performance.
In addition, the HERO architecture shows strong potential to
support reproducible, scalable, and data-driven evaluations
in public health management.

7 Results and Discussion
This section evaluates HERO through two complementary
types of evidence. The architectural evaluation in Section 7.6
examines integration, maintainability, extensibility, and re-
producibility using the reference implementation and its exe-
cution artifacts. The DEA case study examines the analytical
use of the integrated dataset for PHC efficiency assessment
in Pernambuco between 2021 and 2025.

After describing the dataset, the section presents tempo-
ral, spatial, input–output, and correlation analyses, followed
by the architectural evaluation. The closing synthesis distin-
guishes what these results demonstrate about HERO from the
municipal efficiency patterns identified through DEA.
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7.1 Dataset Description
The proposed architecture and the efficiency analysis use an
integrated dataset derived from Brazilian public health infor-
mation systems, as described in Section 6.3. The automated
data ingestion pipeline implemented in the HERO architecture
builds this dataset by integrating heterogeneous governmental
data sources and consolidating them in a relational analytical
database.

The dataset covers all municipalities in the state of Per-
nambuco, totaling 185 DMUs included in the efficiency anal-
ysis. This study collected data for the period from 2021 to
2025, focusing on the first semester of each year to ensure
consistent availability across all data sources.

Table 3 summarizes the main characteristics of the
datasets used in the validation process, including their source
systems, the type of information they provide, their temporal
coverage, and their analytical role in the efficiency model.

The integration of these datasets allowed the construc-
tion of a consistent analytical dataset combining financial
resources, structural capacity, and healthcare service delivery
indicators. This integrated dataset constitutes the empirical
basis for the DEA efficiency evaluation and the analyses pre-
sented in the following sections.

7.2 Temporal Evolution of Efficiency
Figure 6 illustrates the trajectories of the ten most efficient
(Top 10) and ten least efficient (Bottom 10) municipalities
during the first semester of selected years. The visualization
highlights patterns of stability, improvement, and persistence
in technical efficiency scores over time.

At the upper end of the distribution, several municipal-
ities consistently maintain efficiency scores above 0.8, indi-
cating stable managerial capacity and effective conversion of
resources into service delivery. Municipalities such as Buíque,
Flores, and Serra Talhada frequently appear among the most
efficient across bimesters, suggesting relatively balanced re-
lationships between financial resources, team structure, and
service outputs. These municipalities appear to operate closer
to the efficiency frontier, meaning they are able to transform
available inputs into health services more effectively than
others.

By contrast, municipalities in the Bottom 10 group tend
to remain clustered below efficiency scores of 0.2. Munici-
palities such as Santa Filomena, Abreu e Lima, and Cortês
repeatedly appear among the lowest performers, indicating
persistent difficulties in converting available inputs into ef-
fective health service outputs. These patterns may reflect
operational inefficiencies, structural limitations, or manage-
rial challenges that limit the ability of local systems to fully
utilize available resources.

Although some municipalities experience trajectory
changes over time, the general structure of the distribution
remains relatively stable: a small group of municipalities con-
sistently operates near the efficiency frontier, while a larger
group remains substantially below optimal performance lev-
els. This persistence suggests that efficiency differences are
not merely random fluctuations, but reflect organizational ca-
pacity and contextual conditions that tend to remain stable
over time.

From a practical perspective, these results provide valu-

Figure 6. Efficiency trajectories of Top 10 and Bottom 10 municipalities
across bimesters; Source: Authorship

able insights for public health management. Municipalities
that consistently demonstrate high efficiency can serve as
important benchmarks for the health system. By examining
how these municipalities organize their services, allocate re-
sources, and manage primary health care teams, policymakers
may identify strategies that could potentially be replicated or
adapted in other regions. In parallel, municipalities that con-
sistently appear among the lowest performers deserve closer
analytical attention, as persistent low efficiency may indicate
structural problems, underutilization of resources, or opera-
tional challenges within local health systems.

Within the DEA framework, this type of comparison is
particularly valuable because the method allows municipali-
ties operating near the efficiency frontier to act as reference
units for those with lower performance. In this sense, the
analysis not only measures efficiency levels but also provides
a practical basis for identifying potential improvement path-
ways within the municipal PHC system.

7.3 Spatial Distribution of Efficiency in
Pernambuco

Spatial visualization provides an important perspective for
understanding how efficiency patterns are distributed across
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Table 3. Summary of datasets used in the efficiency analysis

System Type of Data Indicator Derived Period Role in DEA Model
SIOPS City health budget APS budget per capita 2021–2025 Financial input
SISAB Primary health care visits Productivity; health visits per thousand BRL 2021–2025 Service outputs

e-Gestor PHC coverage and team distribution Team density 2021–2025 Structural input

the territory. Figure 7 presents the spatial distribution of
municipal efficiency scores in Pernambuco from 2021 to 2025.

The maps reveal a persistent pattern of territorial hetero-
geneity. In 2021, municipalities across the state mostly show
low efficiency scores, with a mean value of approximately
0.26 and only a limited number of municipalities approach-
ing the efficiency frontier. Several clusters of low efficiency
emerge, particularly in the interior of the state, where mu-
nicipalities show lower productivity levels relative to their
available structure.

From 2022 to 2023, the spatial distribution shows a grad-
ual improvement, with mean efficiency increasing to approxi-
mately 0.38 and 0.41 respectively. During this period, more
municipalities move into intermediate efficiency categories,
suggesting improvements in resource utilization or service de-
livery capacity. In 2024, the spatial pattern remains relatively
similar, with efficiency levels stabilizing around a mean of
approximately 0.40. High-efficiency municipalities remain
spatially scattered rather than concentrated in a single region,
suggesting that efficiency is more closely related to local man-
agement practices than to geographic location alone.

However, in 2025, the mean efficiency declines again
to approximately 0.29, indicating a possible deterioration in
performance or changes in the underlying indicators during
that period. Despite these fluctuations, the maps consistently
reveal significant spatial inequalities, with municipalities ex-
hibiting markedly different levels of performance even within
the same macro-regions.

Beyond their analytical value, these spatial visualizations
are particularly useful for public health managers and poli-
cymakers. By presenting efficiency patterns in a geographic
format, the maps allow decision-makers to quickly identify
regions where efficiency levels are consistently lower and
where targeted interventions may be required. At the same
time, municipalities that consistently appear in higher effi-
ciency categories can be more easily recognized, enabling
managers to investigate successful local practices that may
serve as benchmarks for other regions.

In this context, spatial efficiency maps function not only
as analytical tools but also as practical instruments for plan-
ning and monitoring public policies. They help managers
prioritize actions, allocate technical support, and design ter-
ritorially oriented strategies aimed at improving the overall
performance of Primary Health Care services across the state.

7.4 Relationship Between Inputs, Outputs
and Efficiency

Figures 8 and 9 present scatter plots relating per capita APS
expenditure (input) and productivity measured through health
service outputs for the first semesters of 2021 and 2025. These
two years represent the temporal boundaries of the dataset and
allow a clearer observation of how the relationship between

Figure 7. Spatial distribution of technical efficiency — Pernambuco, 2021
to 2025; Source: Authorship

financial resources and service productivity evolved over the
analyzed period. Each point represents a municipality and is
colored according to its DEA efficiency score.

When comparing the two years, the visualizations reveal
a considerable expansion in the range of per capita expendi-
tures. In 2021, most municipalities are concentrated within a
relatively narrow spending interval, whereas in 2025, several
municipalities appear with substantially higher per capita in-
vestments. Despite this increase in spending variability, the
relationship between inputs and outputs remains heteroge-
neous, indicating that higher financial investment does not
necessarily translate into higher productivity or efficiency.

For example, municipalities such as Brejão appear in
both years, maintaining high productivity levels with moder-
ate financial inputs, positioning themselves close to the DEA
efficiency frontier. These municipalities represent examples
of efficient resource utilization, where the available budget is
effectively converted into service delivery.

In contrast, some municipalities with substantially higher
per capita expenditures in 2025, such as Santa Filomena and
Orobó, remain located in regions of the plot associated with
lower productivity levels. This pattern suggests that increases
in financial investment alone do not guarantee improvements
in service output, highlighting potential inefficiencies in the
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Figure 8. Dispersion: per capita APS budget vs. productivity - 1st semester
of 2021; Source: Authorship

Figure 9. Dispersion: per capita APS budget vs. productivity - 1st semester
of 2025; Source: Authorship

allocation or management of resources.

Another important case is Bom Jardim, which in 2025
appears with very high productivity levels relative to its bud-
get, positioning itself among the municipalities closest to the
efficiency frontier. Such cases illustrate how improvements
in service organization or operational practices may signifi-
cantly impact performance even without proportionally higher
investments.

From a manager perspective, scatter plots such as these
provide a powerful analytical tool for understanding different
performance profiles among municipalities. Municipalities
located in the upper-left region of the plot represent cases
where moderate spending is associated with high produc-
tivity, indicating efficient resource utilization and potential
benchmark cases. Conversely, municipalities located in the
lower-right region combine high expenditure with lower pro-
ductivity, suggesting the presence of operational bottlenecks
or inefficiencies that may require further investigation.

When interpreted together with the spatial maps and tem-
poral efficiency trajectories presented in previous sections,
this type of visualization offers a comprehensive diagnostic
perspective for policymakers. It allows managers not only to
identify where efficiency differences occur geographically, but
also to understand how financial inputs are being transformed
into service outputs over time. Such insights can support
more informed decision-making, helping policymakers iden-
tify successful management practices, investigate persistent
performance gaps, and design targeted interventions aimed
at improving the overall efficiency of PHC services across
municipalities.

7.5 Correlation Analysis Between
Variables

Figure 10 presents the correlation matrix between the indi-
cators used in the DEA model for the first semester of 2025.
The analysis includes financial inputs (per capita APS budget),
structural inputs (team density and coverage), service outputs
(health visits per thousand reais and productivity), and the
resulting efficiency scores.

One of the most notable patterns in the matrix is the
strong positive correlation between productivity and efficiency
(r = 0.72). This relationship indicates that municipalities
with higher service productivity tend to achieve higher ef-
ficiency levels within the DEA model. In practical terms,
this suggests that the ability to convert available resources
into health service outputs plays a central role in determining
municipal performance.

In contrast, structural indicators such as team density
and coverage show moderate negative correlations with ef-
ficiency (both r = −0.51). This result suggests that simply
expanding the structural capacity of the system, for exam-
ple, by increasing the number of primary health care teams
or coverage levels, does not necessarily translate into more
efficient service delivery. In some cases, higher structural
capacity may even indicate underutilization of resources if
the available teams are not generating proportional service
outputs.

Another important pattern is the near-perfect correla-
tion between team density and coverage (r = 0.99). This
strong relationship reflects the structural characteristics of
the Brazilian PHC model, where the expansion of Family
Health Strategy teams directly drives increases in population
coverage. While this relationship is expected from a policy
perspective, it also indicates that these two indicators capture
closely related dimensions of the system.

The financial input variable, represented by per capita
APS budget, shows a moderate negative correlation with ef-
ficiency (r = −0.37). This finding reinforces an important
insight also observed in the dispersion analysis: higher finan-
cial investment alone does not guarantee better performance.
Instead, efficiency appears to depend more strongly on how ef-
fectively municipalities organize their services and transform
available resources into health outputs.

From a managerial perspective, these correlations pro-
vide useful signals for public health decision-makers. The
results suggest that improving productivity and service orga-
nization may have a greater impact on efficiency than simply
expanding financial or structural resources. Therefore, poli-
cies aimed at strengthening management practices, optimizing
team workflows, and improving the utilization of existing re-
sources may play a key role in enhancing the overall efficiency
of Primary Health Care services.

7.6 Architectural Evaluation
This subsection evaluates HERO against the four dimensions
defined in Section 4.3. Integration is examined through source
access mechanisms, schema integration, and record complete-
ness; maintainability and extensibility through code organi-
zation and documented changes; and reproducibility through
execution artifacts and setup documentation. These obser-
vations, obtained from the health-data-etl repository and its



Nascimento et al. 2026

Figure 10. Correlation between inputs, outputs and efficiency indicators;
Source: Authorship

execution and commit history, assess the reference implemen-
tation separately from the municipal efficiency scores.

Regarding Integration, the three source systems are ac-
cessed through distinct, confirmed mechanisms, documented
REST for SIOPS, web scraping and CSV parsing for SISAB,
and undocumented REST discovered through reverse engi-
neering for e-Gestor, and are unified in a five-entity relational
schema through a shared City foreign key. A full SISAB
collection cycle produced 11,100 measured records in the
health_care_visit table (185 municipalities × 12 months
× 5 years), with no missing values across the 44,400 underly-
ing data points.

Regarding Maintainability, the codebase comprises 63
classes distributed across common (32), API (11), and ETL
(19) layers. The commit that added the third data source
touched only five new, source-specific files, with no changes
to shared model, mapper, or loader components, indicating
effective isolation between sources. Two limitations are re-
ported transparently: extraction and transformation classes
do not share a common interface, and reporting periods are
hardcoded rather than externally configurable, a design choice
confirmed by a commit that required editing and recompiling
a constant list to extend data collection to a new year.

Regarding Extensibility, two extensions occurred after
the core pipeline was already operational: a DEA-based ana-
lytical layer, added approximately one month after the three
data sources were functional, and an additional collection
year, added six months later through a single isolated com-
mit. A representative extractor/transformation pair (SISAB)
comprises 114/127 lines of code, and adding the third source
required only one new data-transfer object, with no changes
to shared model, repository, or configuration components.

Regarding Reproducibility, ease of replication in a new
environment or by a different team was assessed alongside exe-
cution traceability. The health-data-etl and health-data-client
repositories include a README documenting environment
setup (description, dependencies, and database configuration)
and step-by-step execution instructions, so that reproducing
the pipeline does not require access to the original authors
beyond the publicly available source code. Reproducing a full
SISAB collection cycle end-to-end, from a clean environment
to persisted records, was evaluated by providing a concrete
estimate of the effort required to replicate this stage. How-

ever, reproducibility is not equally guaranteed across all three
sources: while SIOPS is accessed through a documented, sta-
ble public API, SISAB and e-Gestor depend, respectively, on
scraping a government web form and on an undocumented
API accessed through reverse engineering, both of which
may change without notice and are outside the architecture’s
control, representing an external dependency risk for future
re-execution by third parties.

Table 4 summarizes these findings. Taken together, this
evidence rebalances the evaluation of HERO toward its archi-
tectural qualities, complementing the DEA-based analytical
results presented earlier in this section, while transparently
reporting current limitations as opportunities for future refine-
ment rather than claims of full architectural maturity.

Table 4. Summary of architectural evaluation evidence

Dimension Highlight
Integration 3 confirmed access mechanisms; 5-

entity schema; 11,100 records mea-
sured

Maintainability 63 classes; new-source commit iso-
lated to 5 files; hardcoded periods

Extensibility 2 post-launch extensions (DEA layer,
+1 year); new source = +1 DTO

Reproducibility Full cycle: 11m29s; cross-validated
via SISAB’s own timestamp

7.7 Synthesis of Results and Implications
The architectural findings show that the reference implementa-
tion integrates three governmental sources with distinct access
mechanisms into a shared relational schema. The full SISAB
collection cycle yielded 11,100 records, while source-specific
changes and subsequent extensions provide evidence of mod-
ular evolution in the evaluated implementation. Together with
execution logs and setup documentation, these observations
support the feasibility of the integration and analytical access
workflow described in Section 7.6.

The DEA case study demonstrates how this integrated
dataset can support temporal comparisons, spatial visualiza-
tions, and the identification of potential municipal bench-
marks. The analyses reveal persistent performance differ-
ences, territorial heterogeneity, and a positive association
between productivity and efficiency scores. These findings
concern relative efficiency under the selected DEA model and
indicators; they do not establish the causes of the observed
differences.

For public health management, HERO provides a com-
mon data preparation and access workflow from which analyt-
ical applications can be executed. The DEA results illustrate
one such application, while the architectural evidence con-
cerns the integration and delivery of the data on which it
depends.

8 Conclusion and Future Work
Brazilian public health management still faces significant
limitations resulting from the fragmentation of information
systems, the heterogeneity of data formats, and the lack of
interoperability among different databases, such as SIOPS,
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SISAB, and e-Gestor. This scenario compromises the pro-
duction of consistent indicators and restricts the ability of
managers to make evidence-based decisions [Costa et al.,
2025; Silva, 2022]. Recent studies reinforce that the absence
of standardization and integration hinders both access to and
the efficient sharing of health information, directly affecting
the quality of management.

In response to this problem, this work proposed, im-
plemented, and evaluated the HERO architecture, designed
as a scalable, secure, and analytically useful framework for
consolidating public health data. The architecture extends
HEALER by incorporating advances focused on modularity,
maintainability, and the integration of an ETL pipeline that
enables ingestion, transformation, and storage within a struc-
tured Data Lakehouse. This design also supports the creation
of modern interfaces, such as APIs, which promote trans-
parency and structured analytical consumption of integrated
data, aligned with the guidelines of the PNIIS and the national
Digital Health Strategy [Jesus, 2021; Sousa, 2022].

The validation of HERO is grounded not only in its
technical implementation, but also in the practical context
in which it was conceived. The architecture emerged within
the SmartAPSUS project, an applied initiative aligned with
the Brazilian SUS that brought together information technol-
ogy specialists and public health professionals around real
problems of public health data monitoring and decision sup-
port. This context helped define the practical requirements
of the framework and ensured that its design responded to
concrete demands related to data governance, interoperability,
traceability, and analytical use in public health management.

From an architectural and operational perspective, the
case study demonstrated that HERO successfully supports
an end-to-end pipeline, from data ingestion to analytical con-
sumption. The framework integrated heterogeneous data from
three Brazilian governmental systems, SIOPS, SISAB, and
e-Gestor, despite their distinct access mechanisms, update fre-
quencies, and data structures. By executing the ETL pipeline
over multiple years, HERO automated data extraction, trans-
formation, integration, and storage within a structured Data
Lakehouse, enabling consistent cross-source analysis and lon-
gitudinal monitoring. In addition, the implementation records
structured execution logs and stores processed indicators in a
relational database, supporting process-level traceability and
verification of pipeline execution.

From an analytical perspective, this study adopted DEA
as a representative use case to evaluate the technical efficiency
of the municipalities of Pernambuco in allocating health re-
sources. The generated indicators, originally explored in a
previous study on municipal PHC efficiency [Pereira et al.,
2025b], supported rankings, spatial maps, dispersion plots,
and correlation analyses, revealing coherent temporal and
territorial patterns across municipalities. In the present work,
however, HERO enabled these indicators to be produced
through a governed, automated, and reproducible pipeline.
Therefore, the results validate not only the feasibility of the
proposed framework, but also its ability to provide standard-
ized, governed, and analytically ready datasets for downstream
evaluation methods.

Taken together, these findings indicate that HERO works
as intended: it integrates heterogeneous public health data,

preserves traceability throughout the pipeline, and supports
reproducible analytical consumption over the refined dataset.
More broadly, the proposed solution provides a technological
foundation for monitoring, evaluation, and decision-support
workflows in public health management, while remaining
compatible with analytical approaches beyond the specific
DEA use case adopted in this study.

Based on the results obtained and the limitations encoun-
tered throughout the research, several directions emerge for
deepening and expanding the contributions of this work. On
the analytical side, future work may include expanding the
temporal scope of the analysis, incorporating additional health
outcome indicators, applying second-stage statistical models
such as cluster analysis, performing qualitative case studies of
municipalities with extreme performance, extending the ap-
plication of HERO to other Brazilian states, improving noise
detection and data quality assessment, exploring opportunities
for resource reallocation, and investigating the temporal be-
havior of health indicators using predictive techniques based
on Markov Chains or Machine Learning. On the architec-
tural evaluation side, future work should include an empirical,
benchmarked comparison between HERO and related archi-
tectures such as HEALER and the data pool model, under
comparable datasets and conditions; a formal specification of
the requirements and expectations of intended end users, such
as public health managers; an experimental protocol involv-
ing domain experts to evaluate the quality of the generated
indicators and of the integrated data; and a dedicated scalabil-
ity evaluation, stress-testing the pipeline under substantially
larger data volumes or a higher number of concurrent data
sources.
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