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Abstract. This paper presents a framework developed by Pernambuco’s Strategic Monitoring 

Data Science Team to design and implement data-driven solutions for monitoring public policies. 

Using an action research methodology, the study integrates data science, iterative development, 

and stakeholder engagement. Despite being major producers and consumers of data, 

governments still face significant challenges in applying data science for policy monitoring, 

including data quality issues, legal constraints, and institutional silos. Existing frameworks such 

as CRISP-DM, Scrum, and Kanban are either too technical or primarily focused on software 

development rather than the policy-driven decision-making required in government settings. 

The Strategic Monitoring Team was established within Pernambuco’s Secretariat of Strategic 

Projects, comprising a Chief Data Scientist as team leader, a Project Manager, three Data Scientists 

specializing in modeling, engineering, and visualization, and a Trainee. The team operates 

through an iterative five-step process: Diagnose, which involves meetings with stakeholders to 

identify policy issues; Plan, where internal discussions define solutions; Act, which includes the 

development of dashboards, reports, and applications; Evaluate, to review whether the solutions 

address policy needs; and learn, focusing on documenting findings and improving tools. To 

enhance their workflow, the team adapted Scrum methodology by incorporating policy research 

alongside software development, tracking projects via Notion, and deploying solutions using R 

and Shiny Proxy. The study highlights that traditional frameworks such as Scrum and CRISP-DM 

require adaptations to effectively integrate research aspects and government governance 

structures. By bridging data insights with decision-making processes, the team successfully 

balances software development, policy research, and institutional needs. The findings emphasize 

the necessity of specialized data science frameworks tailored for government applications, 

ensuring a structured yet flexible approach to strategic policy monitoring through data-driven 

solutions. 
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1. Introduction

This paper aims to report the construction of the framework used by Pernambuco’s Strategic Monitoring Data 
Science Team (SMT) to develop and implement data solutions to monitor strategic public policies. The structure of 
the paper follows a variation of the proposition in Young and Quinn (2002), with introduction, methodology, 
results, and conclusion.  

The introduction discusses the problem situation and the available alternatives and describes the Pernambuco’s 
Strategic Monitoring Data Science Team. The methodology presents the problem statement, the method and the 
materials used by the team to create the solution. The results present the framework itself, and the products 
created by the team. The conclusion summarizes main points into recommendations for those who want no use 
the framework, discusses limitations and suggests follow-up steps.  

1.1 The Problem 

First, we must address the question concerning terminology and concepts. Analyzing the question, Saltz and Grady 

(2017) emphasize the absence of concepts and terms to describe data science and its process, team roles, etc. Aho 

et al (2021) indicates that there is also a confusion between data science and related concepts (like big data, data 

science, analytics, machine learning, artificial intelligence, etc.) due to a shared space. Provost and Fawcett (2013) 

emphasize that these other concepts tend to have a clearer connection with daily practice, resulting, many times, in 

a confusion between data science and its materials (like big data) or goals (like data-driven decision making).  

One good summary of the question is offered by Brady (2019): big data and data science have different meanings 

but are frequently related to a new volume of data that comes with new methods, new questions, new ethical issues 

and societal change. Specifically, the author says that Data Science comprehends any process of gathering, 

representing, preparing, transforming, exploring, modeling, visualizing or presenting data, either using big or small 

data. Thus, even if big data and data science are different aspects, whit their own elements, the practical use and 

discussion about any type of data, especially in government, needs to be done along with the debate of data science, 

since the last governs the use of first to generate value.   

Although Data Science is already producing societal changes and increasingly being used as an important tool for 
business and science (Klievink et al, 2016), according to Nielsen, Persson and Madsen (2019), there are still some 
barriers to a more complete implementation, which we can classify as technical barriers (like quality, storage and 
availability) and management barriers (like culture, perception and training).  

The government is still starting to utilize data to make better decisions, improve efficiency or better understand 
social demands to solve public problems. This is a relevant issue, since in the landscape of data, governments are 
a major player in terms of owning and distributing data, and changes in public sector use of data have the potential 
to generate even greater impact (Filgueiras and Lui, 2023; Giest, 2017; Nielsen, Persson and Madsen, 2019). 

When we think about public sector, all previous barriers also apply and we can add some others like data and 
information silos (Scott and Gong, 2021), lack of study reports (Nielsen, Persson and Madsen, 2019) and legislation 
about the use per si (Giest, 2017), and more compelling concerns about ethics, fairness and equality, which 
generates uncertainties and holds back a more complete use (Klievink et al, 2017).  

One key element to promote and institute data science as a value approach is the construction of data science 
teams. Kim et al (2016) states that data scientists are an emerging role on traditional software development teams, 
but other authors like Aho et al (2021) contribute to show that data science teams multidisciplinary with data 

scientists coming from different backgrounds, with a recent trend to train data scientists on specific skills.  

Both lines agree that, whilst there are some homogeneous aspects like experimentation and iterative development, 

the practical use of data science presents a large variation in variables like team composition, organization, roles 

and size; position in organization (internal / external); management framework and process; use of big or small data; 

project scope (from simply organizing data to advanced uses of machine learning). 

Another common ground is that education and lack of definition about roles in data science teams are a key 
component. Saltz and Grady (2017) argue that in this context the formation of a data science team is still an issue, 
since it is difficult not only to train people, but to attribute team roles and to create team framework. Considering 



the Brazilian case, De Toni and Dorneles (2022) say that the efforts to train public servants on data science is still 
recent and that there is a large variability on the use.  Kim et al (2016) reinforces that, in many situations, unlike 
traditional development teams, Data Science teams focus more on skills than on roles and static attributions.  

However, another relevant point, however, is that, even with different backgrounds and skill sets on Data Science 

Teams, the available frameworks are still focused or emerge from software engineering backgrounds, resulting on 

a lack of orientations regarding other Data Science tasks, such as research and study reports.  

This scenario of low definition, high variability, and few specific studies on government data science teams leads 
to a problem-situation in which government data science teams need to create their own framework, 
comprehending team roles, scope of projects and development process, expanding the available ones to include 
missing parts, like research and study reports.  

1.2 Alternatives 

Saltz and Grady (2017) produced an interesting cross section study about different cases of frameworks for data 
science team organization, skills and roles, compared with the types of data scientists job positions on dice.com. 
The findings showed that the main roles are researcher, scientist, architect, analyst, programmer and engineer.  

Expanding the first study, Saltz and Hotz (2020) conducted a new survey-based study, this time focused on projects 
frameworks. They found out that CRISP-DM was still the most used, reaching 49% of the respondents, followed by 
scrum (18%), kanban (12%), TDSP (4%) and SEMMA (1%). Customized frameworks (12%), others (3%) and none 
(2%) were also mentioned.  

Resuming the two studies, we may say that: (i) available project frameworks focus more on methods / steps 
(CRISP-DM, TDSP, SEMMA) or governance / coordination (Scrum, Agile, Kanban) (i) the main framework, CRISP-
DM was built in the late 1990s, before some of the actual technologies were even available; and (iii) of the 
organization frameworks only EDISON focused on researches data scientists.  

Considering that available frameworks (i) comprehend only the methods or the management, (ii) are not suited 
for government, (iii) don’t address the role of research on data science projects and teams, and that (iv) is common 
that data science teams feel the need to develop their own frameworks because of the range of skills, tasks and 
data need to develop their projects, after the research for alternatives, we reinforced our belief on needing to 
develop our own framework. 

1.3 Problem Statement 

The problem statement was done using the How Might We? – HWE (Brown, 2020) to produce a statement capable 
of solving and opened enough to allow innovative solutions: How might we create a data science framework 
comprehending team roles, scope of projects and development process, to increase the efficiency of data projects 
for strategic monitoring?  

1.4 The Strategic Monitoring Team 

The Strategic Monitoring is a Data Science Team focused on creating data solutions to extract value from data, In 
Pernambuco State (a Brazilian subnational government), the team is a Sub-secretariat of the State Secretariat of 
Strategic Projects, responsible for the implementation and monitoring of strategic public investments.  

The team is composed of five public servants and one trainee, who gives support for different activities. Three 
members are data scientists that divide the tasks according to project thematic; one member is the project 
manager; and the other is the chief data scientist, also occupying the position of sub-secretary of strategic 
monitoring. Except for the project manager, who has a strong background in business and government, the 
members have strong academic backgrounds, with three PhDs.  

Different tasks are performed according to specific project needs, but the main are data engineering and wrangling, 
exploratory data analysis, data modeling to predict and classify, DataViz, optimization to create prescription 
alternatives, construction of study reports, dashboards and presentations. In some cases, the team also develops 
data input software.  

The team uses R as its main technology. R is used to tasks from data engineering to data modelling, and to create 
the templates used to develop apps with shiny framework, and study reports in .pdf or .html or presentations using 
reveal.js through quarto framework. The deploy is done using shiny proxy, which offers better load balance, routing 
and access control.  



 

It is important no say that, since the team is responsible for strategic monitoring, the portfolio construction and 
project selection criteria is mainly top-down. The team receives demands from the secretary of strategic projects, 
the secretary of mobility and infrastructure or directly from the center of government.  

The figure resumes the team’s organization and tasks.  

 

Fig 1 – Strategic Monitoring Team. 

2. Methodology 

2.1 Method 

The Strategic Monitoring Team framework was created considering the literature of alternatives to manage data 
science team, the analysis of the team’s empirical practice and the elements (artifacts, ceremonies and products) 
of scrum (Schwaber and Sutherland, 2020), using action research methodology as the conductor. The results are 
the framework design and details, a table comparing the artifacts, ceremonies and products of scrum with those 
used by the team, and a summary of the data products build so far. The discussion resumes the alternatives 
limitations to government data science teams and the learned lessons from the Strategic Monitoring Team. 

For example, during the development of one of the products, the app Hortensias, it was always important to focus 
on problem-solving and practitioners' involvement, but also to document the innovation process and the software 
development. So, the leading methodology used was action research, which can be defined as a cycle process of 
diagnosis, plan, act, evaluate and document to improve practice or solve a problem, combining acting and inquiring 
about it (Tripp, 2005).  

As argument by Ollila and Yström (2020), action research is an important method to conduct innovations because 
it is more capable to get practitioners involved, which tends to approximate solutions and problems, while 
generating richer insights and more significant knowledge.  

Some authors as Saarikallio and Tyrväinen (2022) and Natarajan and Pichai (2024) have achieved success on 
utilizing action research to inquire about agile software development process, since the cycle nature of agile has 
an adequate fit to also cycle perspective of action research. But Action Research can offer contributions to Data 
Science Teams because it has a more robust approach to dealing with the research aspects of Data Science tasks.  

Regarding data science specific techniques, the data engineering process uses the extract, transform and load – 
ETL framework (Kimball, and Ross, 2013), storing the final data with proper dimensions and metrics in a corporate 
GreenPlum distribution; the monitoring process uses exploratory analysis statistics and data visualization such as 
time series, key performance indicators, and data summaries (Tukey, 1980; Wickham, and Wickham, 2016; 
Staniak, and Biecek, 2019). Finally, in some cases the team uses machine learning and optimization techniques.  

Thus, our methodology uses action research to review team roles, artifacts and ceremonies, considering integrating 



research. 

2.2 Materials 

The team uses materials to perform its action research cycle the notion platform with a custom workspace, divided 
in: 

• Projects. Page with data and information linked to current projects, including backlog, reunions,
project chartet, etc.

• Reunions. Page with data and information linked to reunions, with focus on calendar, tasks and follow-
up taks.

• Notes. Page with annotation and miscelania information that is note directly linked to any of the other
pages.

• Cerimonies. Page with description of the cerimonies adopted by the team.
• Databases. Page with the databases used on other pages.

Other relevant material is the team landpage, called box (https://box.pe.gov.br/), in honor of George E. P. Box. 
The landpage concentrates the products developed by the team, offering a summary, a point of access and the 
link to the team repository on github, which has the codes and proof of concepts (POC) of all products.  

3. Results

3.1 Action Research Cycle 

Following literature indications, we created our own action research cycle, adapted to our DS team routines. But, 
before the cycle enters operation, it is necessary that a project be presented by the secretary or prospected by the 
team, and the project charter being written in general lines.  

• Step 1 – Diagnose. Meetings with practitioners that live and understand the problem context, the pain
points and the reasons why their occurs. The meetings were translated into high level requirements and
follow-up tasks using notion. After the meeting, the team also concudcts research tasks (simple
literature revision and bechmarking) to get a more general understand of the problem and to prospect
what are the possible solutions or best practices. The meetings usualy take 2h to 3h, and is scheduled by
the team’s project manager.

• Step 2 – Plan. Meetings with the DS team to define discuss research findings, to define products design
and features, to estimate time and to build the backlog. Notion is used to register and monitor tasks.

• Step 3 – Act. Hands-on, effectively developing the products based on the diagnoses and the research
findings. The development is done using the templates available on the team package called vialactea. At 
this moment, the data scientist have individual daily meetings with the chief data scientist and the
project manager.

• Step 4 – Evalute. Meetings with the same practitioners in step 1 with the goal to evaluate if the
producuts solve the pain points. This steps gets a little confused with step 1, in the sense that
practitioners tend to address new pain points continuasly as the previsou are solved. Once the project is
deployed and delivered, it enters on a continuous process of strategic monitoring, being used in
decision-making. At this point, the evauation is incorpored in monitoring reunions.

• Step 5 – Learn. Document the findings and lessons during the DS team meetings. Github repo is updated
and the main lessons go to the R package vialactea to become default features in further projects and to
be back implemented in previous solutions. Also, the products are deployed and their information is
made available in the team landapge. This is a team moment, lead by the chief data scientist and the
project manager.

https://box.pe.gov.br/


 

 

Fig 2 – Summary of the DS Team Action Research Cycle.  

3.2 Artifacts, ceremonies and roles 

Project management is done using a variation of scrum, in which the project manager acts as scrum master, and 
the data scientists act like product owners and development team. As POs, data scientists are responsible for 
interactions with demandant practitioners and business teams, and also for performing academic research to 
better perform data tasks. The chief data scientist deals with administrative demands but also as leader developer, 
being responsible for establishing the software developing standards, study report guides and research methods.   

Thinking about the artifacts and the ceremonies, we may say that product backlog and sprint backlog are used, as 
also product increment. These artifacts are adapted to be used not only for software products, but also for research 
products, resulting, in this case in shorter backlogs with topics to be explored. The team has a weekly sprint, with 
planning and revision meetings occurring on the same day. Retrospective meetings are done once per month for 
software, and, for research, when the first summary of findings is done and when the presentation and report are 
done.  

The following table compares scrum elements and the ones used by the team, detaching with * those that do not 
exist on Scrum. 

Tab. 1 – Comparison of artifacts, ceremonies and roles on scrum and on Strategic Monitoring Team. 

ELEMENT TYPE SCRUM STRATEGIC MONITORING TEAM 

ARTIFACT Product Backlog, Sprint Backlog, 
Product Increment 

Used in software and research 
products 

CEREMONIES Backlog Refinement, Planning and 
Revision 

Weekly in the same day  

CEREMONIES Daily The same 

CEREMONIES Retrospective Once per month 

ROLE Scrum Master Project Manager 

ROLE Product Owner Data Scientist 

ROLE Team member Data Scientist and Chief Data 



 

Scientist 

ROLE Administration* Chief Data Scientist 

 

3.3 Products 

The team products are divided into two main different axes: software products (apps, chatbot and packages) and 
research products (presentations and study reports).  

Apps. Data Science Softwares that offer dynamic dashboards to interacte with data and automate analytics tasks 
like prediction and optimization. The apps have acces control and collect usage statistics. Some exemples are: (i) 
Amparo, an app to monitor highways construnction, focused on data engineering of 4 different data silos and 
dataviz; and (ii) Hortensias, an app to monitor public spendings, that also has a heavy use of data engineering 
and dataviz, but also focus on more complex tasks such as spending predictions and budget optimization.  

 

Fig 3 – Amparo App.  



 

 
Fig 4 – Hortensia App. 

Argos. Argos is our WhatsApp chatbot that offers just in time information to strategic users via text messages. 
Currently, Argos is capable of reading most of the databases used on apps and has commands to summarize and 
present data in text format. 



 

 

Fig 5 – Argos chatbot. 

Packages. When the data science team creates solutions that may be used in other contexts, they are delivered in 
the form of a R package. The example is the BigDataPE an R package that provides a secure and intuitive way to 
access datasets from the BigDataPE platform.  



 

 

Fig 6 – Maternity study report. 

Presentations. Data Science presentations based on research and data analysis. Less dynamic but with defined 
storytelling.  One example is REDIPE presentation, which focuses on present the research and benchmarking of 
alternatives to manager data of public investments. 

 

Fig 7 – REDIPE presentation. 

Study Reports. Data science study reports based on research and data analysis. Less dynamic and with defined 
storytelling like the presentations. The description is denser and aimed at detailing all research aspects and data 
analysis. An example is maternity location analysis, which focuses on present the research and data analysis of 
early childhood education. 



 

 

Fig 8 – Maternity study report. 

4. Conclusion 

The first point to address is that, as highlighted in the literature about data science teams, data science is a broad 
and complex field, deeply connected to other disciplines in science, technology, and innovation. During our 
research, we found no specific frameworks that fully aligned with our team’s primary goal: creating data-driven 
monitoring solutions. Existing frameworks were either too generic—such as Scrum and Kanban—or too focused 
on technical data science workflows, often neglecting the research phase and the structured development of 
necessary products. This gap led us to develop our own tailored framework. 

Action research proved to be a highly effective methodological approach for customizing our artifacts, ceremonies, 
and roles, as it integrates both the research and iterative development aspects of data science, providing structured 
guidance for inquiry and reflection on practice. This dual focus allows for continuous adaptation and improvement, 
making it particularly well-suited for governmental contexts, where rigid bureaucratic structures often clash with 
the need for flexibility and responsiveness.  

One relevant limitation of such approaches as action research is the selection and confirmation bias, because the 
researches are very close to the problems they are investigating. Thus, adaptations of the framework must consider 
this limitation, and procced an adaptation to the context of each organization, since aspects like regulation, time 
size, governance, and number and resistance of data-silos vary from institution to institution.  

Also, the adaptations of traditional agile framework are necessary due to public sector constraints, like a more rigid 
organizational structure, strong hierarchization and segmentation of activities, as well as severe restrictions 
regarding resource availability and staff training. One of the most challenging points is to balance the roles, since 
in original Scrum framework the Scrum Master and the Product Owner have framed activities and responsibilities, 
which need to be done by the development team. For this to work, it was very important to have a senior team, and 
to focus every data scientist on a theme portfolio. Nevertheless, those aspects have been experienced in other 
similar implementations in Brazil, as documented by different authors, like Vacari (2015), Rosa and Pereira (2021), 
and Guimarães et al (2025).  

All things considered, and beyond the specific needs of our team, we believe that our framework addresses 
fundamental challenges faced by government data science teams. These include the difficulty of coordinating 
traditional hierarchical structures with matrix management approaches, as well as the broader struggle to balance 
agility with institutional requirements. Our framework offers a foundation upon which public sector organizations 
can customize agile elements while ensuring alignment with governance protocols. 

When considering the public sector, additional challenges further complicate the implementation of data-driven 
approaches. Issues such as data and information silos, the scarcity of comprehensive study reports, and legal 
constraints regarding data usage create structural barriers to effective data science initiatives. Furthermore, 
ethical concerns related to fairness, transparency, and equality add layers of complexity, fostering uncertainties 
that can hinder the full adoption of data-driven methodologies. Addressing these barriers will require not only 



 

technical solutions but also institutional and regulatory adaptations to create an environment where data science 
can thrive in the public sector. 

At the moment we don’t have a method to evaluate impact of the solutions regarding efficiency, efficacy, influence 
in decision-making or comprehension about social problems. Nevertheless, we understand that this is a general 
limitation of evaluating the impact of monitoring and business intelligence solutions.  

As a continuous agenda, with more products being created, we aim to develop mechanisms for systematically 
collecting organic and structured feedback, ensuring a deeper understanding of user needs and experiences. 
Another pending issue is the transformation of our landing page into a more informative and user-friendly 
platform, enhancing transparency and accessibility. Finally, we recognize the need for a sustainable workflow for 
technological retrofitting, enabling the incorporation of lessons learned from previous projects into future 
iterations. These steps will contribute to the long-term sustainability and effectiveness of our data-driven 
monitoring solutions in the public sector. 
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