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Abstract. The exponential growth of data and the advancement of computational tools have made
Data Science (DS) an essential discipline for addressing complex societal challenges. In the pub-
lic sector, Evidence-Based Public Policies (EBPP) leverage data-driven insights to enhance gover-
nance transparency, efficiency, and effectiveness. However, the integration of Data Science into
policymaking presents challenges, including data quality, interdisciplinary collaboration, and in-
stitutional resistance. This paper introduces BEPP-DS, a structured methodology for develop-
ing EBPP using DS principles, emphasizing transparency, reproducibility, and scalability. The
methodology is informed by real-world applications such as Big Data Social and Big Data For-
taleza, which illustrate how data-driven strategies improve policy design, implementation, and
monitoring. BEPP-DS defines a structured framework, from problem identification to policy eval-
uation, ensuring data-driven decision-making in governance. The methodology provides a repli-
cable model for governments seeking to harness Data Science in policy formulation. Future work
includes expanding Al-driven analytics and strengthening citizen engagement in data governance.
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1. Introduction

The exponential growth of data and developments in computational tools made Data Science (DS) a key field to
tackle multidimensional societal challenges (Silva et al.,[2022)). Helping to derive actionable insights from data,
DS has established itself as a vital force in many fields, such as medicine, education, and urban administration
(Santos et al,,[2023). Lately, applications of DS in governance have been exemplary, especially in the framing
and implementation of Evidence-Based Public Policies (EBPP) (Anderson et al.,[2005)).

There is an increasing need for governments worldwide to make policies effective, equitable, and more trans-
parent, with full involvement of relevant stakeholders (Saltelli et al.,[2020)). Evidence-based approaches allow
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the systematic use of data within policy-making to ensure decisions are evidence-based, as opposed to intu-
ition or tradition. However, for developing DS into public policy-making, there are related challenges —issues
of data availability and quality, an interdisciplinary way of collaboration, and ethical, systematic methodolo-
gies guiding how knowledge is extracted within the government institutions’ peculiarities (MacArthur et al,
2022).

Such is the demand for data-driven solutions in Brazil, whose socio-economic setting has also entrenched
regional disparities. Despite all challenges, there is an emerging consensus on the need to structure and for-
malize DS use in government to work toward more effective public policies ultimately. This work describes a
methodology for constructing EBPP using DS based on principles of transparency and non-discrimination.

Given this context, the question that guides this research is: how to structure a replicable methodology for
building evidence-based public policies, using Data Science principles, that is applicable in different govern-
mental contexts and capable of promoting more informed and effective decisions?

This paper describes the methodology that profited from the lessons learned while implementing large-scale
data platforms such as Big Data Social (Sucupira Furtado et al.,[2023a) and Big Data Fortaleza (Batista et al.,
2024). Both examples give evidence of the potential of Data Science for developing governance that is efficient
in processes, reproducible in decisions, and scalable in policies.

The rest of the paper is organized as follows: Section 2 gives an overview of the theoretical underpinning of
Evidence-Based Public Policies and Data Science, showing their meeting point in governance. Section 3 re-
views the related methodologies and pinpoints the literature gaps. Section 4 describes the proposed method-
ology, core components, and activities in depth. Section 5 demonstrates how the methodology works in real
applications and discusses its impact. Finally, Sections 6, 7 and 8 discuss lessons learned and future opportu-
nities, especially integrating Artificial Intelligence into data-driven policy-making.

2. Background

This section provides the basics necessary to understand the conjunction of Evidence-based Public Policies
and Data Science, considering e-government. Understanding these domains allows us to comprehend better
the opportunities and challenges of leveraging data science into governance practices, particularly in a context
such as Brazil.

2.1. Evidence-based Public Policies

Evidence-based Public Policies are strategies and interventions designed and implemented based on empiri-
cal data and scientific research (Anderson et al.,,2005). This approach ensures that rigorous evidence, rather
than intuition or tradition, is the primary determinant of whether a policy is effective, efficient, and equitable.
Itis based on the central premise that structured methodologies that critically appraise and synthesize sound
data substantially aid public decision-making and thus enable governments to handle societal challenges sys-
tematically and transparently.

EBPP adoption is rapidly expanding as the data and analytical tools base improve. Globally, the call for gov-
ernments to account for their actions and deliver increased public service has grown. However, embedding
evidence in policy faces several challenges: problems related to the quality of the data, resistance at the in-
stitutional level, and requirements for collaboration across disciplines. These hurdles notwithstanding, with
increased calls for transparency and accountability, EBPP has become an indispensable framework for mod-
ern governance.

2.2. Data Science For Governments

Data Science (DS) is an interdisciplinary field that deals with methods and processes for extracting meaning-
ful insights from data, combining statistical analysis, computational techniques, and domain expertise (Van
Der Aalst and van der Aalst,|2016). It is pivotal in addressing complex societal challenges; it offers tools and
methodologies to help uncover patterns, predict outcomes, and support decision-making processes.
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The data science life cycle consists of five phases: data collection, cleaning, analysis, interpretation, and dis-
semination (Rahul and Banyal,[2020). Data collection involves aggregating information from diverse sources,
while preprocessing ensures the data is clean and structured. In the analysis phase, analytical techniques like
machine learning and statistical modeling are applied to derive actionable insights. These insights are then
interpreted in the context of the problem domain and disseminated to stakeholders to inform decisions. This
iterative cycle allows continuous improvement and adaptation, particularly suited for dynamic environments
like governance.

2.3. e-Government in Bratzil

e-Government is the use of digital technologies to improve the delivery of government services, enhance citi-
zen engagement, and streamline administrative processes (Silcock,2001)). In Brazil, e-Government initiatives
represent a unique opportunity to reduce persistent regional disparities and enhance public sector efficiency
(Musafir, |2018). With more than 200 million people and a growing internet penetration rate, Brazil has the
potential to use digital platforms to expand access to public services and enhance transparency.

However, adopting e-Government in Brazil is still dogged by various factors: deficiencies in rural digital in-
frastructure, socioeconomic disparities, and bureaucratic resistance. Nevertheless, projects like “Big Data
Fortaleza” (Batista et al.,|2024) and “Big Data Social”(Sucupira Furtado et al.,|2023a) represent the trans-
formational use of data science integrated into governance. These projects show how data-driven strategies
could improve decision-making, resource allocation, and citizen outcomes.

3. Related Works

This section presents the related works studied to understand models and their respective results presented
by Evidence-Based Public Policies and Data Science. Understanding these works allows us to better under-
stand the challenges of leveraging data science in governance practices, especially in social contexts present
in Brazil.

(Sucupira Furtado et al.,[2023b) demonstrated how Ceara’s digital transformation integrated technological
innovation into public policy cycles to address social challenges and promote sustainable development. Tools
like big data platforms and mobile apps enabled data-driven policymaking, improving efficiency, transparency,
and responsiveness. Collaboration among public, academic, and private sectors (e.g., the IRIS Lab) enhanced
institutional capacity and policy legitimacy. Focus on vulnerable populations aligned with SDGs, reducing
inequalities through targeted interventions.

(Pereira et al.,|2021)) highlighted the role of standardized information structures in creating efficient and ac-
cessible policies. Interoperability between government systems improved evidence-based decision-making
and digital inclusion by simplifying access to services. Standardized taxonomies enabled better policy moni-
toring and evaluation, ensuring adaptive and inclusive governance.

(Furtado et al.,[2023)) presented the importance of integrating data and advanced analytics to support the
creation of more effective and targeted public policies. By consolidating information on social vulnerabilities,
such as income, housing, and nutrition, the system made it possible to identify populations at greatest risk
and prioritize government actions in a well-founded manner. This approach demonstrates how digital tools
can strengthen the diagnosis of social problems, offering an empirical basis for the formulation of policies that
are more aligned with the real needs of the population. A central feature of this work is its ability to person-
alize public policy recommendations based on detailed analyses of specific conditions. Through interactive
dashboards, public managers can access solutions adapted to meet particular demands, such as the provision
of financial aid, housing policies, or access to government programs to support society. This personalization
reflects a more human and strategic approach to policymaking, by focusing on practical results and immedi-
ate impacts for the most vulnerable populations, maximizing the efficiency and social impact of government
interventions.

(Schroer et al.,2021) presents CRISP-DM (Cross-Industry Standard Process for Data Mining) highlighting its
relevance as a methodological framework capable of guiding the creation of evidence-based public policies.
Divided into six phases — business understanding, data understanding, data preparation, modeling, evaluation,
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and implementation -, this model offers a systematic approach to analyze large volumes of data, transform in-
formation into useful knowledge, and translate analytical insights into concrete actions. This methodology
has a strong potential for application in the public sector, where data analysis can improve the formulation of
policies aimed at complex social problems. The initial phase of business understanding is essential to align
the data analysis objectives with public policy priorities. It allows managers to identify critical issues, such
as social inequality or low coverage of health services, and define clear goals for interventions. By establish-
ing these connections between data and objectives, the model enables the creation of more strategic policies
aligned with the real needs of the population. This approach highlights how structuring data in analytical
projects can improve the diagnosis of problems and direct resources to areas of greatest impact. The data
preparation and modeling phases are equally important to the policymaking process, as they ensure the qual-
ity and usability of the analyzed data. By consolidating information from different sources, such as government
databases or sectoral statistics, CRISP-DM helps to create a comprehensive overview of the challenges faced
by society. In addition, the analytical models developed at this stage allow for scenario simulations and pre-
dictions of the effects of policies before their implementation, reducing uncertainty and optimizing expected
results. This is especially relevant in contexts such as health, education and public safety, where well-planned
interventions can generate significant transformations.

The analysis of the presented studies reveals a convergence around the strategic use of digital technologies
and structured methodologies to strengthen the process of creating and implementing public policies. How-
ever, they also highlight significant gaps that need to be addressed to ensure a comprehensive and sustainable
implementation. These studies underscore both the central role of technology in modernizing public gover-
nance and the challenges associated with inter-institutional integration, data privacy, continuous monitoring,
and social participation.

The use of structured frameworks demonstrates the importance of well-defined analytical processes to guide
data-driven decision-making. This approach allows for the identification of critical problems, the definition of
clear goals, and the evaluation of the potential impact of policies before their implementation. However, inter-
institutional integration, necessary to consolidate data and promote a holistic view of social demands, still
faces challenges such as standardizing information and defining responsibilities among government agencies.
Overcoming these challenges is crucial to maximize the effectiveness of public interventions.

Furthermore, the application of digital transformation in specific contexts reinforces the need to align tech-
nology and governance with strategic planning that prioritizes inclusion, sustainability, and data privacy pro-
tection. However, the studies leave open questions about how to ensure the financial and operational sustain-
ability of these solutions and how to balance the use of data with guarantees of security and ethical treatment.
They also highlight gaps in post-implementation monitoring. Time is needed to assess the long-term impacts
of these strategies derived from public policies. These studies emphasize that achieving modern and sustain-
able public governance requires the integration of technology, ethics, inter-institutional collaboration, and
citizen participation. This integration is essential to ensure efficiency, equity, and significant social impact.

4. BEEP-DS

Given our experience in government Big Data projects, it was possible to observe and extract good practices
to compose a methodology for Building Evidence-Based Public Policies from Data Science (BEEP-DS). The
construction of the BEPP-DS methodology followed a set of guiding requirements, derived from the analysis
of real cases and the limitations observed in previous projects. The main requirements include: (i) clarity
and traceability of decisions; (ii) minimization of rework and data reprocessing; (iii) integration of different
professional profiles with defined roles; (iv) feasibility of replication in different institutional contexts; and
(v) support for impact assessment. Based on these requirements, it was possible to design the workflow
represented in Figure

Based on the experiences of the Federal University of Ceara and the resources provided by the Fundo Nacional
de Desenvolvimento da Educacéo (FNDE), the data product creation process is structured into six main roles:

the requester, the data scientist, the business analyst, the data engineer, the developer, and the data manager.

The requester is the FNDE representative responsible for submitting a data product request. They present a
strategic question already approved by FNDE, meaning that the business need has been previously analyzed
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Fig. 1 - BPM Diagram for data product creation.

before the process has been started. Consequently, the submitted question would be structured and ready to
be addressed.

The data scientist, in charge of the next step, is an information technology professional experienced in data
analysis. Their role is to assess whether the strategic question meets essential criteria such as objectivity,
well-defined scope, and feasibility within a reasonable timeframe. If necessary, the data scientist collaborates
with the requester to refine the question. The data scientist is also supposed to accompany the whole data
product creation process, trying to keep the efforts aligned with the goals of the requester. Once the question
is sufficiently clear and viable, it is passed on to the business analyst. At this point, the process aligns with
Business Understanding in CRISP-DM (Figure|2)), where the objectives are identified, and the success criteria
are established. Although the analysis of predictions is carried out by the data scientist, it will be clear that
decisions about the development of data products for public policies require a broader vision. The technique
envisaged, although essential, may not fully capture the social or strategic value of an initiative. Therefore,
it is proposed that this stage evolve into a collegiate assessment, also involving experts from the business
area and representatives of public management, allowing for the consideration of not only computational or
technical effort aspects, but also the potential impact of the policy to be strengthened — for example, in terms
of urgency, population coverage or mitigation of social risks.

The business analyst identifies data sources needed to address the strategic question, leveraging institutional
knowledge. If data is unavailable or costly, they return the request with feedback; otherwise, they forward
it (with documentation) to the data engineer. This aligns with CRISP-DM’s Data Understanding phase. The
data engineer handles technical infrastructure (connection strings, queries, access tokens). If obstacles arise
(e.g., external data ownership), they escalate to the analyst and data scientist. Successfully sourced data is
documented, mirroring CRISP-DM’s Data Preparation.

The data scientist then evaluates feasibility (strategic fit, technical viability, cost-benefit) with the requester. If
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approved, they jointly define the product (dashboard, chart, etc.), initiating development (Modeling in CRISP-
DM). The developer builds the product using a sample dataset (provided by the data manager), while the
manager prepares the final dataset. The data scientist validates the product with real data, requesting adjust-
ments if needed (Evaluation phase).

Finally, the requester reviews the product. If approved, the team deploys it, and the data manager catalogs it
for use (Deployment in CRISP-DM). Rejection triggers reevaluation by the data scientist.

5. Usage Scenarios

This section describes two projects in which we obtained the necessary experiences to propose the method
discussed in this paper. Big Data Social and Big Data Fortaleza are platforms built to help public managers
make decisions based on analytical data. Although created in different scenarios, both faced challenges, such
as the lack of a data culture in government sectors and the absence of processes to ensure the continuity of
the platforms based on the management of the construction of new analytics.

5.1. Big Data Social

Big Data Social platform is a centralized hub for consolidating, managing, and analyzing diverse government
databases related to low-income families enrolled in the “Mais Infancia” welfare program. By integrating mul-
tiple sources, the system improves governance by generating key indicators and highlighting the social poli-
cies that directly benefit these families. These households are a priority for state agencies, as they often face
significant socioeconomic hardships, predominantly living in rural areas and including one child under six.

To build the database, a state-led survey was conducted, gathering data from more than 150,000 families on
topics such as food security, health, child welfare, housing conditions, income, and education. The Big Data
Social platform not only stores this vast dataset but also provides advanced tools for data analysis, including
analytics, data mining, and interactive dashboards. The platform maps the geographic locations of these fam-
ilies, providing decision-makers with valuable insights into how current policies impact families’ quality of
life.

The execution of this project gave us experience with the challenges inherent in constructing evidence-based
public policies. Although several data science processes can be applied to address such challenges, the lessons
learned in this type of project are valuable for avoiding future mistakes and optimizing the results achieved.

5.2. Big Data Fortaleza

The Big Data Fortaleza platform was designed to create a robust data ecosystem that supports evidence-based
public policy formulation, implementation, and monitoring. By centralizing and processing large volumes of
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data from diverse governmental and institutional sources, the platform enables in-depth analysis and pattern
recognition, optimizing public management. Its methodology is grounded in Data Science principles tailored
for the public sector, with a strong emphasis on the BEPP-DS framework.

Aligned with e-Government initiatives and international data-driven policy standards, the platform adopts a
modular approach encompassing data collection, preprocessing, exploratory analysis, predictive modeling,
and interactive visualization. Machine learning and artificial intelligence enhance its capabilities, allowing for
scenario forecasting and strategic recommendations that improve resource allocation and impact assessment.
Built with interoperability and data governance best practices, the platform facilitates seamless integration
across agencies, preventing data silos and promoting collaboration.

Validation across key public administration areas—such as urban mobility, health, education, and secu-
rity—demonstrated the platform’s effectiveness in integrating and cross-referencing previously fragmented
databases, offering a comprehensive view of urban and social challenges. However, implementation faced
hurdles, including institutional resistance to data technologies, the need for technical upskilling among public
managers, and constraints in data quality and availability. To overcome these challenges, a participatory ap-
proach was adopted, engaging stakeholders and fostering a data-driven governance culture. The application
of BEPP-DS proved instrumental in standardizing processes for extracting actionable insights from heteroge-
neous data sources, ensuring reliable and replicable outcomes.

The platform’s deployment significantly enhanced municipal analytical capabilities, leading to optimized re-
source allocation, reduced administrative redundancies, and stronger policy monitoring and evaluation mech-
anisms. Interactive dashboards and automated reports improved data accessibility for both public managers
and civil society, while increased transparency allowed citizens to track government actions more closely,
promoting accountability. These advancements reinforced the shift toward responsive, data-informed gover-
nance.

The insights derived from Big Data Fortaleza contributed to refining the BEPP-DS methodology, establishing
best practices for data science in public policy. The project highlighted the importance of robust data gover-
nance, including standardized processes, clear institutional responsibilities, and continuous data validation.
As the methodology evolved, the platform incorporated advanced predictive models and expanded interop-
erability with national and international databases. Equally critical was the emphasis on continuous training
for public officials, ensuring effective tool utilization to drive tangible societal benefits.

Looking ahead, Big Data Fortaleza aims to broaden its impact by leveraging open data and artificial intelligence
to refine public policy formulation on a national scale, further cementing its role as a catalyst for data-driven
governance.

6. Discussion

The BEPP-DS methodology was designed to address gaps observed in applying traditional data science frame-
works to public policy contexts. While CRISP-DM is widely recognized for its six-phase structure—from busi-
ness understanding to deployment—its direct application in government settings can be challenging due to in-
sufficient emphasis on public-sector specifics, such as institutional complexity and the need for transparency
and accountability. In comparison, BEPP-DS adapts and expands CRISP-DM principles by incorporating stages
tailored to public-sector realities. For instance, while CRISP-DM focuses on business understanding, BEPP-DS
emphasizes strategic questions aligned with political and social priorities. Additionally, BEPP-DS introduces
a data governance framework addressing privacy, ethics, and responsible data use—aspects often overlooked
in more generalized frameworks.

Although it has been applied in projects like Big Data Social and Big Data Fortaleza, a systematic evaluation
of its effectiveness and adaptability across different government contexts is still needed. This includes fur-
ther case studies, comparative analyses with other methodologies, and performance metrics to demonstrate
its benefits and limitations. Moreover, implementing BEPP-DS requires significant institutional maturity and
technical capacity. Public organizations with less developed structures may struggle with full adoption. There-
fore, adaptations and ongoing support are crucial to ensure long-term effectiveness and sustainability.

BEPP-DS represents progress in integrating data science into public policy, offering a more contextualized and
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sensitive approach to public-sector needs. However, its consolidation as a standard methodology will depend
on furthervalidation, adaptations to diverse institutional realities, and strengthening the technical capabilities
of involved organizations.

7. Lessons Learned

Based on the BEPP-DS and the usage scenarios described in section 5, it was possible to systematize a set of
lessons learned. This section discusses these lessons using the following structure: Each lesson has a title, a
description of the context, the challenge faced, and the actions taken to overcome it.

Identifying the Real Problems of Each Institution: Understanding the unique challenges institutions face
is crucial to implementing data-driven solutions effectively. In many cases, institutions can not clearly under-
stand their operational hurdles, leading to poorly defined goals and misallocated resources. To address this,
it is recommended that in-depth diagnostic assessments be conducted before initiating any project. These
assessments should focus on understanding institutional workflows, key performance indicators, and stake-
holder expectations.

Collaboratively Constructing Strategic Questions to Be Addressed: One of the most significant challenges
in evidence-based policy-making is defining actionable and strategic questions. These questions must be rele-
vant, measurable, and aligned with the institution’s goals. A collaborative approach involving all stakeholders,
including policymakers, data scientists, and end-users, ensures that the questions address real needs. Facili-
tation workshops and iterative refinement processes are recommended to align these diverse perspectives.

Establishing a Pilot to Validate the Methodology Quickly: Large-scale projects often face risks associated
with untested methodologies. Pilots serve as controlled environments to test assumptions, refine processes,
and gather feedback. By implementing a pilot phase, organizations can identify potential bottlenecks or risks.
It is advised to select a small, representative sample for the pilot to maximize its relevance and scalability.

Systematizing the Recording of New Strategic Questions: In dynamic environments, new challenges and
opportunities continuously emerge. Without a systematic approach, these new strategic needs might go un-
noticed or be poorly documented. Implementing a structured repository or a formal process for capturing
and reviewing new strategic questions ensures that the organization can adapt its policies and strategies ef-
fectively over time.

Creating Automated Flows to Keep Data Products Updated: Data products often lose relevance if not up-
dated regularly. Many institutions rely on manual processes, which are prone to delays and errors. Automating
data Extraction, Transformation, and Loading (ETL) processes ensures that data products remain current and
accurate. Institutions should invest in robust automation tools and ensure adequate training for their techni-
cal teams.

Promoting a Data Culture Within Institutions: Adopting data-driven methodologies requires more than
technical tools; it demands a cultural shift. Many public institutions encounter resistance to change due to
their lack of familiarity with data practices. Building a data culture involves continuous education, transparent
communication, and promoting data-driven decision-making at all organizational levels.

Establishing Standards for System Integration: Fragmented systems often lead to inefficiencies and missed
opportunities for holistic insights. Integration challenges are particularly acute in multi-agency environments
where data interoperability is essential. Developing and enforcing standards for system integration can ad-
dress these challenges. Such standards should include data formats, APIs, and security protocols to ensure
seamless collaboration.

Defining Data Architectures Independent of Business Domains: Rigid architectures tied to specific busi-
ness domains often limit scalability and adaptability. Designing modular and domain-agnostic data architec-
tures enables institutions to reuse data and infrastructure for various applications. This approach facilitates
integration with external systems and future-proofing against evolving organizational needs.
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8. Final Remarks

The BEPP-DS methodology introduced in this paper integrates Data Science into creating Evidence-Based Pub-
lic Policies, focusing on transparency, scalability, and efficiency. Drawing from real-world initiatives like Big
Data Social and Big Data Fortaleza, the methodology tackles the distinct challenges of implementing data-
driven solutions within the public sector. It provides a structured framework that guides every stage of de-
veloping data products—from identifying key strategic questions to delivering actionable insights—helping
improve decision-making in governance.

The study’s findings underscore the importance of collaborative problem definition, systematic testing
through pilot projects, and embedding data-driven practices within institutions. Applying the BEPP-DS
methodology demonstrated its effectiveness in overcoming common challenges public organizations face,
such as fragmented data, limited data culture, and a lack of automated processes. It also enabled policymak-
ers to prioritize and implement targeted interventions, promoting evidence-based solutions to address critical
societal issues.

Future work should aim to enhance the BEPP-DS methodology by incorporating Artificial Intelligence and
Machine Learning for predictive analytics and real-time decision-making. Another valuable direction is de-
veloping approaches to increase citizen participation, enabling stakeholders to contribute to data collection,
validation, and policy evaluation. Additionally, efforts must address ethical and privacy concerns to ensure
that data-driven governance adheres to fairness, accountability, and inclusive principles.
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