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Abstract.    The growth in Open Government Data (OGD) availability over the last decade offers 

significant potential for promoting transparency and improving operational efficiency in govern-

ment. OGD can support the identification of inefficiencies and the extraction of process models 

through Process Mining (PM) applied to public service tasks. Various OGD portals, maintained 

by federal and subnational governments, provide access to diverse public datasets that can be ex-

plored for these purposes. Applying PM to OGD, however, requires addressing key aspects such as 

the tabular nature of data, variability in quality and standardization, and the frequent lack of pro-

cess context. This study proposes a method to classify and evaluate OGD datasets based on their 

relevance and potential for process discovery. The method was applied to data from the Brazilian 

Federal OGD portal (dados.gov.br) to investigate whether OGD can be effectively used in PM tasks 

to identify processes and bottlenecks. The research involved steps of data collection, selection, 

and evaluation. Datasets were classified based on their potential utility and suitability for trans-

formation into event logs. The results showed that 24% of the sampled datasets were considered 

relevant for PM, with 23% in dated tabular format and 1% already in event log structure. Moreover, 

52% of the datasets addressed public policies, suggesting the potential of PM to reveal inefficien-

cies in processes that affect citizens. These findings demonstrate that, with structured evaluation 

criteria, PM can be effectively applied to public data. This research contributes by presenting an 

empirical and replicable method to support the evaluation and preparation of OGD for PM appli-

cations in digital government. The results reinforce the importance of adopting clear assessment 

protocols to broaden the use of OGD in understanding and improving public processes.
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1. Introduction

In the context of digital government, OpenGovernmentData (OGD) is a transparency policy that enables broad

dissemination of information on public services such as hiring, document issuance, and certifications (Jetzek

et al., 2019). This dissemination seeks to enhance transparency and support external analyses that contribute

to optimizing these services. Despite its potential, studies applying Process Mining (PM) to OGD remain lim-

ited and are considered rare (Rawiro et al., 2023), revealing a gap in the literature and the need for method-

ologies that leverage OGD to discover and improve public service processes. PM plays a key role in public

administration by enabling process discovery and operational analysis based on real activity data. Its open-

ness and adaptability present valuable opportunities to expand its application in the public sector.

Another challenge involves citizen engagement in data analysis (Barcellos et al., 2024). Improved methods

are essential to facilitate access and interpretation of OGD, enabling more meaningful participation and con-
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tributing to better public service processes (Lanoue, 2020). Accessible metadata can democratize analysis

and promote broader involvement, helping to harness OGD’s potential to identify and address service bot-

tlenecks. In this context, bottlenecks refer to delays, rework, or inefficiencies in public service operations

revealed through the process execution flow.

Recent research has explored the application of PM in various public contexts, such as improving processing

times in birth registration in Indonesia (Febrianti, 2024), and in Brazil, analyzing judicial data to enhance the

efficiency of the justice system (Unger et al., 2021). It has also been used to identify gaps, bottlenecks, and

redundancies in regulatory processes proposed by the Federal Executive Branch (da Costa et al., 2020). How-

ever, the application of PM on OGD faces significant challenges due to availability, data quality and suitability

for such analyses, like the lack of specific context that accompanies the data.

This study aims to assess these challenges by proposing a method for evaluating OGD datasets, available on

OGD portals, in order to identify which datasets can be effectively used in PM tools, particularly to discover

processes and address bottlenecks in public service operations. OurmainResearchQuestion (RQ) in thiswork

is to verify whether OGD can be used to identify processes and their bottlenecks, which we divided into two

Research Questions (RQs): (RQ1) “How to evaluate the application of OGD in PM tools to discover processes

and bottlenecks in the public service?”, and (RQ2) “What criteria are needed to select and prepare OGD for

process mining?”.

Ourmethodwas applied on the Brazilian Federal Government’s open data platform. We observed a significant

and varied data source indicating that our method offers an approach tailored to the complexities of govern-

ment data (da Costa et al., 2020; Macedo & da Silva Lemos, 2024). In this context, the researchwas structured

into three main phases: data collection, selection, and evaluation. During the collection phase, the open data

portal to be used was mapped and defined, followed by the determination of the sample, collecting datasets,

organization, and classification based on relevance. In the selection phase, a preliminary selection of datasets

was carried out, where ranking criteria were established, calculated, and normalized for standardized com-

parison, leading to the selection of the highest-ranked datasets for testing in PM tools. In the final phase, the

tests were executed, and the final evaluation was conducted.

Our work contributes by proposing a categorization for the data available on Brazilian government open

data portals and to the practices of PM on OGD datasets, providing steps for the evaluation and prepara-

tion of datasets that facilitate the identification of processes and operational bottlenecks. From this work,

researchers and professionals can evaluate and prepare OGD for PM analyses, to identify the inherent pro-

cesses within the data and detect bottlenecks, thereby enhancing the understanding of the data and the effi-

ciency of governmental processes. This paper has been structured as follows: a background of PM to process

discovery and bottlenecks identification has been presented in Section 2. Literature review in Section 3. Our

Method in Section 4. In Section 5 the analysis of dados.gov.br. Finally, the conclusions and future work in

Section 6. Supplementary sections such as acknowledgments and appendix follow the main content.

2. Process mining to process discovery and bottlenecks identification on OGD

PM is considered themissing link between process science and data science, bringing process perspective and

behavioral insights tomachine learning and datamining (der Aalst, 2016). It can be applied across domains to

identify processes andbottlenecks, supporting improvement efforts. By 2025, 80%of companies are expected

to use PM in at least 10% of their operations (Kerremans et al., 2023), and by 2026, 25% of global companies

should adopt PM tools (Kerremans et al., 2024). Google Trends data shows increased interest in “process

mining” since 2019, especially in Brazil (Google LLC, 2024).

Event data, which provide details onwhen, where, and under what context specific activities occur, are crucial

for PM. Despite the varied sources and forms of these data—from event logs to tabular datasets—aligning

them with a process perspective remains a challenge (de Murillas et al., 2019; der Aalst, 2016). This is espe-

cially true for OGD, which often lacks detailed process context. The term “data without context” refers to the

absence of crucial information about data origin, collectionmethods, and purpose, making analysismore com-

plex. This is a specific challenge in PMonOGD, as there is usually no access to data originators for clarifications

that could enrich interpretation.

From a digital government perspective, as PM continues to advance, its application in the public sector be-

Page 2 of 15



comes increasingly strategic. Since the 1950s, digital government efforts have aimed to enhance transparency,

efficiency, and citizen engagement. Parks (1957) emphasized that open government and access to informa-

tion should be the norm in public administration worldwide. These initiatives sought greater accountability,

driven by the goal of democratizing knowledge and increasing transparency (Barcellos et al., 2022; Corrêa

et al., 2017). Supported by Freedom of Information (FOI) laws, OGD portals serve as key platforms to promote

transparency, improve service quality, and enable citizen participation in democratic processes (de Oliveira

et al., 2024).

To enable citizen participation throughOGD, datamust be accessible and interpretable (Barcellos et al., 2022).

Challenges such as complexity, lack of standardization, availability, and format (Rajabi et al., 2023; Vascon-

celos et al., 2020) hinder the effective use of OGD. Rajabi et al. (2023) note that most OGD portals do not

adhere to Linked Data standards (Berners-Lee, 2006), while Vasconcelos et al. (2020) highlight inconsisten-

cies that make preprocessing essential. Furthermore, public data is often statistical, such as census or de-

mographic tables (Rajabi et al., 2023). Although standardized data improves understanding and decision-

making (Heumann et al., 2024), PM requires more specific characteristics to be feasible: sequential event

data with case identifiers, timestamps, and activity labels (Burke et al., 2024; der Aalst, 2016; Elkoumy et al.,

2023).

These structural elements (caseid, timestamp, andactivity) aremandatory fordatasets tobeused inPM. In this

work, to test the datasets identified through our method, we selected ProM, Disco, and Celonis, three widely

used tools in academia and industry (de Vasconcelos et al., 2024a). ProM, an open-source tool, is known for its

flexibility and rich plugin ecosystem (derAalst, 2016); Disco, developedby Fluxicon, stands out for its intuitive

interface; Celonis leads the market with support for automated data entry and complex analytics (Kerremans

et al., 2024). Despite the opportunities OGD offers for process discovery, applying PM techniques remains

challenging, particularly due to data inconsistency and absence of context. The next section explores how

these limitations are addressed in the literature.

3. Literature Review

Recent publications indicate a growing interest in digital government topics, including OGD. This trend was

verified by a search in the Scopus database using queries related to broader themes connected to this study:

digital government or open data (egov), digital government in computing (egov-comp), and process min-

ing (pm)1. According to the retrieved data, publications in the egov category reached 5,851 in 2024, an in-

crease of 7% compared to 2023, reinforcing the relevance of initiatives exploring the reuse of public data

to improve government processes. Among the motivations found in the literature, we highlight the need

for transparency (Corrêa et al., 2017), democratization of knowledge (Barcellos et al., 2022), reuse of pub-

lic data (Rawiro et al., 2023), and the availability and interpretability of information (Barcellos et al., 2022).

To answer research questions RQ1 and RQ2, on identifying processes, bottlenecks, and assessing the qual-

ity of public data available on OGD portals, a literature review was conducted to identify exploratory stud-

ies and methodologies supporting the understanding, treatment, and standardization of OGD for PM. The

search string used was: (“exploratory” OR “analysis” OR “categorization” OR “investigation” OR “application”

OR “methodology” OR “process mining tools” OR “open data”) AND (“process mining” AND “government”).

Following structured steps inspired by Rapid Review principles (Cartaxo et al., 2020), studies were selected

through mapping, filtering, and data extraction. Searches were performed in Scopus (Elsevier B.V., 2025), for

its peer-reviewed content, and Google Scholar (Google LLC, 2025), due to its broad coverage. In Scopus, 45

articles were retrieved. In Google Scholar, with filters (2020–2024, peer-reviewed, excluding citations), 401

results were found. After reviewing titles, abstracts, and keywords, 47 articles mentioning “process mining”

and “government data” were selected and fully read to ensure relevance. These studies supported the identi-

fication of research gaps and definition of this study’s scope.

The review revealed significant gaps in applying PM to OGD. One major challenge is the lack of methods for

processing and selecting OGD for PM tools, especially when contextual information ismissing (de Vasconcelos

1The data was retrieved from Scopus using the following queries to egov, egov-comp and pm, respectively: (i) TITLE-ABS-KEY(( digital

AND government ) OR ( open AND government AND data )); (ii) same as (i) but filtered by subject area “COMP”; (iii) TITLE-ABS-KEY(pro-

cess ANDmining). These strings represent broader research themes connected to this work andwere not limited exclusively to OGD. The

intention is to illustrate general trends relevant to the study.
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et al., 2024a; Rawiro et al., 2023). Although some publications apply PM in public sectors, such as health,

administrative workflows, resource optimization, compliance, and citizen services (Chen et al., 2023, 2024;

da Costa et al., 2020; de Murillas et al., 2019; Dilmegani, 2024; Drakoulogkonas & Apostolou, 2021; Erdem &

Demirörs, 2017; Ito et al., 2020; Rawiro et al., 2023; Unger et al., 2021; Zerbato et al., 2021), there is still a

lack ofmethodologies for categorizing and evaluating data attributes required for PM (deMurillas et al., 2019;

Zerbato et al., 2021).

Although PM requires event data, few studies address the transformation of OGD into event logs, an essential

step for process discovery (de Murillas et al., 2019). The use of AI techniques to process event logs in the

public sector also remains underexplored (Seeliger et al., 2019), and no study was found that comprehen-

sively defines selection criteria or maps key data attributes for PM. Most public data originates from varied

sources (databases, ERP systems, transaction logs, spreadsheets, or CSV files der Aalst, 2016) and is typically

tabular, requiring transformation into event logs, a complex yet crucial process. Despite these challenges, PM

techniques have shown value in the public sector. In Brazil, PM was used to analyze judicial data, improving

justice system efficiency (Unger et al., 2021); to identify bottlenecks in regulatory processes within the Fed-

eral Executive Branch (da Costa et al., 2020); and to reduce processing times in birth registration (Febrianti,

2024). Still, limitations in infrastructure, trained personnel, and data quality remain critical barriers.

Therefore, some gaps were identified in literature review, like: (i) methods for processing and selecting OGD

for PM tools, spatially handling data without context knowledge, (ii) methods for categorizing and evaluating

data attributes for process analysis, (iii) studies focused on transforming data into event logs from govern-

mental data, and (iv) the use of artificial intelligence techniques to process existing event logs, adapted to the

objectives or needs of governmental organizations. However, in thisworkwe focus is on these gaps (i) and (ii).

Given this gaps identified, this study aims to address these challenges by proposing a method for evaluating

OGD datasets to process discovery and bottleneck identification, contributing to the broader application of

PM techniques in digital government.

Complementary to this, a previous study conducted a comparative analysis of the PM tools most commonly

used in academia and the market (de Vasconcelos et al., 2024a). This study, based on a qualitative and quan-

titative evaluation of tool functionalities and various criteria, served as the foundation for selecting the tools

applied here. Building on these findings, an empirically based study was conducted, starting with the choice

of the OGD portal, followed by data collection, selection, and evaluation.

Although PM techniques have gained attention in various domains, their application to OGD remains limited,

as discussed in Section 2. As identified in the literature review (Section 3), few studies address how to select

and assess OGD for use in PM tools, particularly when the data lacks context or is inconsistently structured.

These gaps motivated the formulation of this study’s Research Questions, as presented in the introduction.

The following section presents the methodological approach developed to address them, focusing on the col-

lection, classification, and evaluation of OGDdatasets, with particular emphasis on their suitability for process

discovery and bottleneck identification.

4. Our Method

For the development of the research, Brazilian OGD was chosen as the source of the case study. The research

was organized in steps to collect OGD from the Brazilian open data portal, to evaluate the datasets available on

OGD portals: may these datasets can be used to identify processes and bottlenecks? This is ourmain Research

Question (RQ). OGD-PM Evaluation Method (Open Government Data Process Mining Evaluation Method) was

divided in steps into collection, selection and evaluation (Figure 1), with the aim of proposing a method for

processingOGDdatasets, aswell as categorizing and selecting thedatasets according to the attributes required

for PM, covering gaps (i) and (ii). A visual overview of all these stages (Steps 1 to 3) is available online2.

The choice of Brazilian data stems from the size and diversity of the country, which has a vast population,

varied regional interests and numerous public institutions. Despite its potential, many Brazilian cities face

limitations that hinder investment in information technology, as well as challenges in the knowledge and ap-

plication of new technologies for themanagement and standardized availability of public data (Barcellos et al.,

2Visual summary of the OGD-PM Evaluation Method steps, provided in a mind map “Evaluating datasets of open government data for

identifying processes”.
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Fig. 1 – OGD-PM Evaluation Method (Open Government Data Process Mining Evaluation Method): Steps of

evaluating datasets of open government data for identifying processes and bottlenecks.

2022). This scenario of large scale and diversitymakes Brazil an ideal environment for investigating solutions

that can improve the transparency and efficiency to population and government institutions. This diversity,

combined with the frequent lack of structure in public datasets, makes Brazilian OGD a suitable field for em-

pirical investigation. These characteristics justify its selection for the application of the proposed method, as

presented in the Section 5.

4.1. Defining the portal and the sample

To clarify the development of our OGD-PM Evaluation Method (Figure 1), it is important to note that the ap-

proach was built empirically, based on exploratory testing and refinement. Initial tests were conducted using

publicly available datasets already structured for processmining, allowing the authors to explore initial evalu-

ation parameters and classification strategies. Subsequently, some OGD fromANEEL (the Brazilian Electricity

Regulatory Agency) was analyzed3, selected based on domain familiarity but without knowledge of the inter-

nal processes involved. These preliminary experiments are documented in de Vasconcelos, 2024. This enabled

the identification of challenges typical of OGD, such as data without process context. The method was gradu-

ally refined throughout the experimentation conducted on datasets from the Brazilian open data portal.

Therefore, we need to analyze the extent to which the data made available on open data portals can be used

in PM tools, to achieve the objective which is possible to apply discovery techniques of PM to OGD, to iden-

tify possible bottlenecks and propose improvements. To begin the study, the main Brazilian data repository

portals were mapped for potential research. To do this, a search was carried out for articles in the Scopus

database (Elsevier B.V., 2025) and the Google Scholar database (Google LLC, 2025) to find publications listing

the main portals, in the same manner as the literature review (Section 3). At this point, the aim is to select a

portal as the starting point for the Brazilian case study, based on the following search string: “brazilian” AND

“open data portals” AND “government”.

The search returned a total of 508 papers, considering the results from 2018 to 2024. The abstracts were ana-

lyzed and those that mentioned “Brazilian open data portals” was selected. The research identified that there

are independent Brazilian open data portals, but it was identified that dados.gov.br4 and the Transparency

Portal5 are the main open data portals of the Brazilian Federal Government (Brazil, 2024a, 2024b; Macedo &

da Silva Lemos, 2024), published by the Federal Government, various State and Municipal bodies. The Trans-

parency Portal focuses on financial and budgetary data, providing transparency in the use of public resources.

3TheRALIEdataset (Report onMonitoring theExpansion of Electricity Generation Supply -Relatório de Acompanhamento daExpansão

da Oferta de Geração de Energia Elétrica) is composed of four open datasets available for download on the ANEEL open data portal here,

with an interactive dashboard available here. All materials are in Portuguese.
4 Open Data Portal (content in Portuguese): https://dados.gov.br/home
5Transparency Portal (content in Portuguese): https://portaldatransparencia.gov.br/
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The dados.gov.br portal brings together a variety of datasetswith diverse content, promoting the reuse of data

for different purposes. Given the range of information and the aim of the research, dados.gov.br was chosen

as the data source for this study.

Based on this, the information available on theBrazilian Federal Government’s OpenData Portal - dados.gov.br

(Brazil, 2024a) was analyzed, which provided 12,789 datasets verified on 14March 2024. For statistical anal-

ysis of the data, a systematic representative sample of the population was carried out, with size calculated

based in equation Eq.1, where n represents the selected sample size, N the population size referring to the

dataset available on the portal, Z the standardized z-score value corresponding to a 95% confidence level

(which in this case was 1.96), p the standard deviation of 50% to ensure the sample is sufficiently large, and e
the margin of error set at 0.05, determining the maximum permissible error. Based on these parameters, the

calculated sample size was 373 datasets to be collected from the portal.

n =
N · Z2 · p · (1− p)

Z2 · p · (1− p) + e2 · (N − 1)
(1)

4.2. Cataloging the data obtained

The collection stage primarily involves defining the OGD portal, the sample, and the organization of the

datasets, involving steps of mapping the OGD portals, defining the chosen portal, defining the sample, col-

lecting the datasets, organizing the datasets and classifying them according to relevance, prioritizing event

logs and tables with temporal data, ensuring a structured collection in line with the study’s objectives. The

datawas organizedwithmetadata information obtained from the OGD portal such as the “originating agency”,

“links” and “file names”. As an important part of the proposedmethod, anothermetadata definedwas the “cat-

egorization”, established on the type of data collected.

Therefore, the datasets has been organized and categorized for the analysis and selection of data that are rel-

evant to the objectives of this research. This information were created from the data collected to standardize

information and not from a pattern defined on the portal. The description as shown in Table 1, according to

the datasets available on the dados.gov.br open data portal: assimilating the title (i), the body responsible for

the data (ii), the download link (iii), the name of the file (iv) and its categorization (v) in order to identify if

the file refers to an event log (1), if there is a complete date that can be used as a Timestamp (2), if it consists

a list of data or an information table (3), documents (4), if there is no file at all (5) or just a link to another

portal (6). The full list of categorizing datasets can be found in online repository (de Vasconcelos et al., 2024c)

of datasets and more information.

Tab. 1 – Description of the categorized datasets obtained from the Brazilian Federal Government’s Open Data

Portal - dados.gov.br4

Column Name Description Domain of collected data

(i) Dataset Title of the dataset Text

(ii) Organization Originating organization Text

(iii) Link Link to the data on dados.gov.br Text

(iv) File Name of the file Text

(v) Categorization Categorization of the obtained dataset (1) Event logs

(2) Data table with date

(3) Data table (list)

(4) Documents

(5) Nonexistent file

(6) Nonexistent file - external link

Based on the categories defined in item (v), Table 1, in order to verify whether the datasets could be used in

PM tools, the data obtained from the dados.gov.br portal was analyzed and classified as “Relevant” or “Not

Relevant” for this research. Among these, only categories (1) and (2) were considered “Relevant” for this

research, as they met the necessary conditions for process mining. The remaining categories were classified

as “Not Relevant” due to lack of required structure or accessibility. The complete table with all the datasets

and their relevance classification is available at the online repository6 (de Vasconcelos et al., 2024b).

6Link for the complete table with the results of the analysis the data obtained from the dados.gov.br portal, classifying them as “Rele-

vant” and “Not Relevant” for the research: open_data_sample.xlsx
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Although categories (3), (4) and (6) could be more deeply analyzed andmethods for transforming and adapt-

ing the data studied, we didn’t go into this merit in the study, opting for more objective resources for the

preliminary development of the research, choosing categories (1) and (2) as relevant. These decisions are

grounded in the core requirements for PM, which include the presence of identifiable case identifiers, times-

tamps, and activities. Only datasets categorized as (1) Event logs and (2) Data tables with date were found to

potentially satisfy these conditions, justifying their classification as “Relevant”.

4.3. Definition of ranking criteria

In order to make a ranking of the selected datasets to classify them according to their score, criteria to assess-

ment metadata from datasets were created according to the information (In), importance (I), difficulty (D)

and ease (E) of manipulation. These criteria were developed empirically, based on the practical challenges

faced during the development of the research, based on tests carried out with various datasets. In this way,

the information contained in each dataset was qualified according to these criteria. The focus was to create

criteria that reflect specific demands of process mining applications, and their structure was refined itera-

tively as the analysis progressed. Table 2 shows all the evaluation criteria and their domains used to carry

out the study. In items 6, 7 and 8, the integer domain from 1 to 5 corresponds to 1 minimum and 5 maximum

values. The criteria were refined iteratively as the study progressed andwere specifically designed to support

the identification of datasets most suitable for PM. Further information on this research can be found in an

online repository (de Vasconcelos et al., 2024b).

Tab. 2 – Evaluation and qualification criteria for the selected datasets

Item # In/I/D/E Criteria Domain

1 In Number of records Integer

2 In Number of columns Integer

3 In Number of columns with dates Integer

4 I Part of the 17 Goals Yes or No (1 or 0)

5 I Public Policies prioritized by the PPA Yes or No (1 or 0)

6 D Difficulty based on the number of records Integer from 1 to 5

7 D Difficulty based on the number of columns Integer from 1 to 5

8 D Difficulty in identifying processes Integer from 1 to 5

9 D Records with perceptible issues Yes or No (1 or 0)

10 D Need to transform the data (columns to rows) Yes or No (1 or 0)

11 E Event log Yes or No (1 or 0)

12 E Data standardization Yes or No (1 or 0)

The information criteria (In), which deal with the number of records (rows/instances), number of columns

(features) and columns with dates (items 1, 2 and 3), received their nominal values identified in each dataset.

Importance (I) was assessed on the basis of its significance for public policies (items 4 and 5), difficulty (D)

on the basis of the complexity of manipulating the data (items 6 to 10) and ease (E) on the simplicity of using

the data in mining tools (items 11 and 12). The importance of the data, as it is a subjective criterion, was

measured based on belonging or not (Yes or No) to the 17 UN Sustainable Development Goals (ONU, 2015)

and the public administration’s priority public policies in the Multi-Year Plan (PPA) (Brasil et al., 2023). The

numbered list of priorities can be found in the online repository (de Vasconcelos et al., 2024b).

Thedifficulty related to thenumberof records and columns (items6and7)was calculatedusing the rawvalues

previously stored as informational criteria (items 1 and 2). These values were sorted in ascending order, and

a frequency distribution analysis was performed. Based on this, the values were grouped into five classes

using a class interval method, which divides the full range of values into equal-width intervals (Montgomery

& Runger, 2018). This approach facilitates transforming continuous variables into discrete difficulty levels.

The difficulty rating for items 6, 7 and 8 ranged from 1 (least difficulty) to 5 (greatest difficulty). For the

number of records, the classes were defined as follows: Class 1 for 1 to 300 records, Class 2 for 301 to 2,000,

Class 3 for 2,001 to 4,000, Class 4 for 4,001 to 100,000, and Class 5 for more than 100,000 records. For the

number of columns, Class 1 included datasets with 6 to 13 columns, Class 2 with 14 to 20, Class 3 with 21 to

27, Class 4 with 28 to 34, and Class 5 with 35 to 38 columns.

The criteria that identify the presence of noticeable problems in the records (item 9), the need to transform

data from columns to rows (item 10), whether the file is an event log (item 11) and the existence of standard-
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ization in the data (item 12)were evaluated individually, each receiving a “Yes” or “No” answer as appropriate.

In order to properly rank the datasets, the results were normalized to standardize the results, the calculations

used for normalization are described in Appendix A.

5. Analysis of dados.gov.br

The Brazilian OGDPortal – dados.gov.br(Brazil, 2024a), launched in 2012, is the central platform for accessing

public datapublishedbyBrazilian government agencies. Eachorganization is responsible for its owndata. The

portal currently hosts around 14k datasets across diverse areas such as supply, administration, agriculture,

fishing, communications, and national defense. Due to its volume, heterogeneity, and lack of standardization,

dados.gov.br was chosen as the case study for this research, representing a realistic scenario to test the ap-

plicability of PM techniques to OGD in complex and large-scale environments. Based on the sampling method

described in the methodology, 373 datasets were collected by selecting every 20th item from the portal’s un-

ordered list. All collected datasets are available in an online repository (de Vasconcelos et al., 2024c).

Basedon the categories defined inTable 1, thedatasets fromdados.gov.brwere analyzed and classifiedby their

relevance to PM tools. The analysis presented practical challenges: each file had to be manually examined to

identify potential processes, which was particularly time-consuming when dealing with large datasets with

many instances and features (columns and records). Long files made it harder to detect distinct activities,

requiring an iterative approach to narrow the focus. Additionally, the lack of standardization across datasets

demanded constant transformations, increasing the workload in this phase.

As a result, most of the data was found unsuitable for PM tools, often due to corrupted files, empty links, or

redirections to other portals. Some datasets consisted only of documents (e.g., PDF, DOC) or simple lists with-

out timestamps. Although redirected portals may offer usable data, analyzing external sources was beyond

the scope of this study. The proposedmethod focuses on evaluating data directly from themain OGD platform.

Consequently, 24% of the sample (89 datasets) was deemed relevant, 23% in dated table format and 1% as

event logs. The remainder was excluded. Details of this methodology are in Section 4.2, and the full relevance

classification is available in de Vasconcelos et al., 2024b.

5.1. Preliminary selection of datasets

In the previous step, 89 datasets were identified as relevant to this research. However, analyzing all of them in

depthwould require considerable time and effort. Since this study represents an exploratory effort to demon-

strate the feasibility and applicability of the proposed evaluation method, we opted to apply the method to a

representative subset of this data. To select this subset, we used the Pareto principle (Koch, 1999), which sug-

gests that a small portion of data can often yield most of the valuable insights7. We then selected 24 datasets

for this analysis (just over 20% of the data considered relevant) as follows: all the “Event Logs” identified in

the sample (4 datasets) and 20 categorized as “Data table with date”. The selected datasets are listed in Table

3. The titles have been translated but the originals are in Portuguese.

Of the sets categorized as “Data table with date”, the topic, update date (from 2020 to 2024) and origin of the

data were taken into account, so that a maximum of three data sets from the same government agency were

selected to ensure data variability. We then selected data from 16 different government organizations, such

as: ANAC, ANATEL, ANEEL, ANVISA, BCB, CGU, FURG, IBAMA, IFBA, IFCE, INPI, MGI, PBH, TSE, UFG and UFRB.

Therefore, the 24 selected datasets were organized, analyzed individually according to each criterion defined

in this section and the information obtained was recorded, as shown in Table 4. Table 2 shows all the eval-

uation criteria and their domains used to carry out the study. As part of the difficulty criterion (D), item 8,

“Difficulty in identifying processes”, the data from each dataset was analyzed in order to identify which pro-

cess should be analyzed first. In addition, the key attributes were identified (mapping of “caseid”, “times-

tamps” and “activities”) which served as the starting point for each dataset. The time spent on this analysis

was recorded. Finally, the average time for the initial analysis and mapping was 77 minutes, used to calculate

the total analysis time.

7The Pareto Principle (Koch, 1999), also known as the 80/20 rule, states that 80% of relevant information can be obtained from 20%

of the available data
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Tab. 3 – Datasets selected for preliminary analysis

ID Dataset Agency Update Cat.

002 R&D Projects in Electric Energy ANEEL 02/01/2024 2

003 SIGA - ANEEL Generation Information System ANEEL 02/01/2024 2

040 Last Day Contracts MGI 02/10/2024 2

061 Aeronautical Safety Recommendations ANAC 02/11/2024 2

096 CNEP - National Registry of Punished Companies CGU 02/10/2024 2

128 COVID-19 Spreadsheet 07-27-2020 PBH 07/28/2020 2

133 Industrial Design Registration Requests (2018) INPI 01/14/2021 2

137 Computer Program Registration Requests (2020) INPI 02/16/2021 2

138 Public Commitments Agenda of the Director of INPI 02/17/2021 2

Patents, Computer Programs, and Integrated Circuit

Topographies at INPI (2017)

166 Aircraft - Registered Drones ANAC 09/09/2021 2

186 Money in Circulation - Detailed Daily Information BCB 02/13/2024 2

195 Offered Courses IFBA 05/17/2022 2

205 Spectrum and Orbit - Satellites ANATEL 06/10/2022 2

206 Competition - Infrastructure Sharing Contracts ANATEL 10/23/2020 2

247 Periodicals UFRB 10/19/2022 1

251 Results - 2016 - Expected and Actual Correspondences - 1st Round TSE 10/25/2022 1

253 Extension Actions IFCE 10/26/2022 2

258 Registered Diplomas UFG 11/08/2022 2

270 Post-Market Hemovigilance ANVISA 01/12/2023 2

284 Results - 2008 TSE 03/04/2023 1

307 Fala.BR - Access to Information Module CGU 06/14/2023 2

316 Sinaflor - POA Amazon Legal Ibama 07/08/2023 2

356 FURG - Registration of Fiscal Officers for Public Tenders FURG 10/02/2023 1

357 ANEEL Consumer Satisfaction Index (IASC) ANEEL 11/22/2023 2

Tab. 4 – Result of comparative analysis of datasets based on Informative Data (In), Importance (I), Difficulty

(D), and Ease of Use (E). Table 2 shows details relating number 1 until 12 evaluation criteria.

# Informative Data (In) Importance (I) Difficulty (D) Ease of use (E)

Dataset 1 2 3 4 5 6 7 8 9 10 11 12

002 3718 17 3 Yes Yes 3 2 5 Yes No No Yes

003 25909 23 4 Yes Yes 4 3 1 Yes Yes No Yes

002 3718 17 3 Yes Yes 3 2 5 Yes No No Yes

003 25909 23 4 Yes Yes 4 3 1 Yes Yes No Yes

040 1 34 4 No No 1 4 5 Yes Yes No No

061 3090 14 4 No Yes 3 2 1 Yes Yes No Yes

096 906 21 4 Yes No 2 3 1 Yes Yes No Yes

128 130 29 3 Yes Yes 1 4 2 Yes Yes No No

133 80161 21 6 Yes No 4 3 1 Yes No No No

137 3122 17 4 Yes No 3 2 1 No No No Yes

138 213 12 1 No No 1 1 5 Yes Yes No No

166 135287 10 1 No No 5 1 5 Yes Yes No No

186 198195 6 1 No No 5 1 5 No Yes No Yes

195 50525 23 2 Yes Yes 4 3 5 Yes Yes No Yes

205 723 26 3 No No 2 3 1 No No No Yes

206 8207 11 3 Yes Yes 4 1 5 Yes Yes No No

247 12 13 1 Yes Yes 1 1 5 Yes Yes Yes No

251 1780 13 2 No No 2 1 5 Yes No Yes Yes

253 2104 11 2 Yes Yes 3 1 3 No Yes No Yes

258 79 15 5 Yes Yes 1 2 1 No Yes No Yes

270 189403 16 2 Yes Yes 5 2 2 No Yes No Yes

284 646942 38 2 No No 5 5 3 No No Yes Yes

307 1756 18 3 No No 2 2 3 No Yes No Yes

316 57573 50 5 Yes Yes 4 5 5 Yes No No Yes

356 2517 6 2 No Yes 3 1 2 Yes No Yes Yes

357 1185 159 1 No No 2 5 5 Yes Yes No Yes
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Althoughno specificweightwas applied to the criteria, it is recognized that an event log or certain information,

such as “caseid”, “timestamps” and “activities” identified, are crucial to the study of the data. In addition, the

data was selected from an initial sample of 373 datasets and subjected to various filtering steps in order to

ensure a choice of themost up-to-date and relevant data possible. The normalizationwas calculated as shown

in Appendix A.

5.2. Ranking of datasets

With the computed values, it was possible to identify that 52% of the selected datasets were classified as im-

portant for society because they are part of public policies, 55%present a degree of difficulty formanipulation

in the mining tools and 44% show no apparent difficulty for use in the PM tools. Based on the criteria pre-

sented, the final classification of the data sets was reached. It was possible to identify that the 80th percentile

is less than 6 (six), i.e. 80% of the data achieved a score of less than 6 (six) and 50% of the cases achieved a

score of less than 5 (five). The normalized values and complete ranking data can be found in online repository

(de Vasconcelos et al., 2024b). The result of ranking by normalized criteria (Appendix A) of selected datasets

are described in Table 5.

Tab. 5 – Result of ranking by normalized criteria of selected datasets based on Informative Data (In), Impor-

tance (I), Difficulty (D), andEase ofUse (E). Table 2 showsdetails relatingnumber3until 12 evaluation

criteria.

# Inf. (In) Importance (I) Difficulty (D) Ease of use (E) Classification

Dataset 3 4 5 6 7 8 9 10 11 12 Score Rank

258 1.00 1.00 1.00 1.00 0.75 1.00 1.00 0.00 0.00 1.00 7.75 1st

137 0.80 1.00 0.00 0.50 0.75 1.00 1.00 1.00 0.00 1.00 7.05 2nd

356 0.40 0.00 1.00 0.50 1.00 0.75 0.00 1.00 1.00 1.00 6.65 3rd

253 0.40 1.00 1.00 0.50 1.00 0.50 1.00 0.00 0.00 1.00 6.40 4th

270 0.40 1.00 1.00 0.00 0.75 0.75 1.00 0.00 0.00 1.00 5.90 5th

002 0.60 1.00 1.00 0.50 0.75 0.00 0.00 1.00 0.00 1.00 5.85 6th

205 0.60 0.00 0.00 0.75 0.50 1.00 1.00 1.00 0.00 1.00 5.85 7th

003 0.80 1.00 1.00 0.25 0.50 1.00 0.00 0.00 0.00 1.00 5.55 8th

316 1.00 1.00 1.00 0.25 0.00 0.00 0.00 1.00 0.00 1.00 5.25 9th

247 0.20 1.00 1.00 1.00 1.00 0.00 0.00 0.00 1.00 0.00 5.20 10th

061 0.80 0.00 1.00 0.50 0.75 1.00 0.00 0.00 0.00 1.00 5.05 11th

096 0.80 1.00 0.00 0.75 0.50 1.00 0.00 0.00 0.00 1.00 5.05 12th

284 0.40 0.00 0.00 0.00 0.00 0.50 1.00 1.00 1.00 1.00 4.90 13th

133 1.00 1.00 0.00 0.25 0.50 1.00 0.00 1.00 0.00 0.00 4.75 14th

128 0.60 1.00 1.00 1.00 0.25 0.75 0.00 0.00 0.00 0.00 4.60 15th

307 0.60 0.00 0.00 0.75 0.75 0.50 1.00 0.00 0.00 1.00 4.60 16th

195 0.40 1.00 1.00 0.25 0.50 0.00 0.00 0.00 0.00 1.00 4.15 17th

251 0.40 0.00 0.00 0.75 1.00 0.00 0.00 0.00 1.00 1.00 4.15 18th

206 0.60 1.00 1.00 0.25 1.00 0.00 0.00 0.00 0.00 0.00 3.85 19th

186 0.20 0.00 0.00 0.00 1.00 0.00 1.00 0.00 0.00 1.00 3.20 20th

138 0.20 0.00 0.00 1.00 1.00 0.00 0.00 0.00 0.00 0.00 2.20 21st

040 0.80 0.00 0.00 1.00 0.25 0.00 0.00 0.00 0.00 0.00 2.05 22nd

357 0.20 0.00 0.00 0.75 0.00 0.00 0.00 0.00 0.00 1.00 1.95 23rd

166 0.20 0.00 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 1.20 24th

With this in mind, the three best-scoring datasets were selected for testing in the tools, namely: (i) 258 -

RegisteredDiplomas, (ii) 137 - Computer ProgramRegistrationRequests (2020) and356 - FURG -Registration

of civil servants for Public Tenders, two fromuniversities (UFG and FURG) and one from the INPI. 258 requires

columns to be transformed into rows, the others don’t, and only 356 is an event log. The other event logs did

not score well due to various problems found in the data. Although they are event logs, some did not have

complete information, making it difficult to define a process to be analyzed (characterized only as a poorly

identified event log with a lack of documentation). Another problem was the excess of instances (records),

making these the main reasons for the low score of such datasets.

5.3. Evaluating the datasets and preliminary tests

Given the nature of OGD, which often lacks explicit processes, a preliminary evaluation was conducted to

identify datasets with attributes (features) essential for process discovery and bottleneck identification. Al-
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though the evaluation began early in the research, further analysis was needed before applying datasets to PM

tools—such as verifying the presence of minimum required attributes and assessing whether the processes

discovered made sense for each dataset. As this study focuses on evaluating datasets for process discovery,

these initial tests helped confirm the potential use of the selected datasets.

To guide this assessment, datasets were examined based on their structural adequacy for PM, and availabil-

ity of key attributes such as event identifiers, timestamps, and activity descriptions. These attributes play a

fundamental role in enabling the reconstruction of process flows and the identification of inefficiencies. As

a result of this evaluation, a subset of datasets was selected for preliminary testing using the PM tools Disco,

ProM and Celonis, chosen to carry out the tests. In order to choose the most suitable PM tools for comparing

the results proposed in this study, a previous studywas used to evaluate the PM tools used in academia and the

market (de Vasconcelos et al., 2024a). This study evaluated the tools using qualitative and quantitative criteria

and ranked them, among other criteria, based on user adherence, relevance to the market and academia and

objectivity in generating results. Another study that also served as a reference carried out an analysis, based

on a structuredmethodology that allows the analyst to compare any number of PM tools using any number of

comparative analysis criteria (Drakoulogkonas & Apostolou, 2021).

As for the content of the first dataset selected for testing, dataset 258, the results indicate that the data is

clean, i.e. there are no records of bottlenecks or process deviations, only data that has been successfully com-

pleted. In addition, a comparative analysis between the tools shows that there is no significant difference in

the tests, with the variation in average time between activities showing little difference between the discovery

algorithms of each tool. In terms of use, it was found that loading data into the tools was considerably faster

in the Disco and ProM tools. Dataset 137 was more complex, requiring re-analysis of the mapping; however,

the process graph was successfully generated, and the information was clear. It was found that the process

occurs relatively quickly, but with some deviations that increase the completion of cases. As for the compara-

tive analysis of the content, the results showed a significant difference when calculating the average duration

of the cases. As for the usage analysis, the data loading time varied greatly and required advanced analysis in

the ProM tool. Figure 2 shows the process discovered and its bottlenecks in the three tools tested.

Fig. 2 – Process map discovered with dataset 137 - Computer Program Registration Requests (2020) in (a) in

Disco, (b) Celonis and (c) ProM. These process maps highlight the issuance of registration certificates as the

main activity, with variations in visualization and process details across tools. ProM emphasizes execution

times, revealing a bottleneck in data correction (67 days), while Disco and Celonis focus on process flows and

frequencies.
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In the last experiment, dataset 356, the level of complexity increased considerably, marked by difficulties in

understanding the data, lack of standardization, and re-analysis of the mapping. Analyzing the content, the

data was only similar when an advanced analysis was carried out on the tools, and even then, with differences

in themain activities and the longest average time. As for the use of the tools, ProMwas the one that responded

best to the complexity of this dataset. From these experiments, it was possible to see the difficulty in prepar-

ing this data, made available on open data portals, for testing in the PM tools. This is evident from the lack of

reference documentation (hindering understanding) and the increased complexity given the amount of data

found in the datasets (quantities of records and columns to be analyzed). Although challenging, the difficulty

in pre-processing the data can be measured by ranking the datasets. In addition, despite the difficulties men-

tioned, it was possible to analyze the data, establish processes, identify bottlenecks, points of attention in the

datasets and recommendations.

6. Conclusions and Future Work

This study addressed the challenges in evaluating OGD for PM applications, focusing on the collection, se-

lection, and assessment of datasets. The findings highlight the difficulties in handling datasets without pre-

defined context, a common characteristic of OGD, which requires structured evaluation criteria to determine

their relevance and suitability for process discovery. It was possible to identify datasets with the necessary at-

tributes for PM, demonstrating that, despite inconsistencies in data representation and quality, these datasets

can be adapted for meaningful analysis. The study reinforces the importance of well-defined methodologies

for assessing data structure, selecting relevant datasets, and verifying their adequacy for PM, ensuring that

public data can be effectively used to understand and improve government processes.

Thiswork contributes to the literature by addressing twogaps identified in the field: the lack of (i)methods for

processing and selecting OGD for PM tools, especially when dealingwith datawithout context knowledge, and

also (ii) ofmethods for categorizing andevaluatingdata attributes toprocess analysis. TheOGD-PMEvaluation

Method responds to these gaps by offering a transparent and replicable procedure for assessing OGDdatasets.

While many existing studies apply PM to predefined event logs or within specific domains, this work offers

a generalizable approach that can be adapted to varied OGD, including those without structured metadata or

contextual information. This flexibility makes the method particularly valuable for advancing future research

on OGD, supporting broader adoption of PM in digital government contexts.

The findings of this study provide a direct response to the proposed research questions. Regarding RQ1, the

results demonstrate that OGD can be evaluated and applied in PM tools to discover processes and identify bot-

tlenecks in public services. Despite the challenges of data inconsistencies and the lack of contextual metadata,

the approach used in dataset selection and evaluation made it possible to identify relevant datasets and suc-

cessfully apply them to PM analyses. In response to RQ2, the study established key criteria for selecting and

preparing OGD, emphasizing the need for evaluation based on data suitability for PM. The research reveals

that even in the absence of a predefined context, it is possible to extract meaningful insights from OGD when

applying PM. These contributions reinforce the importance of methodologies for OGD analysis, ensuring its

effective use in understanding and optimizing government processes.

Our work contributes to PM practices on OGD, providing steps for the evaluation and preparation of datasets

that facilitate the identification of processes and operational bottlenecks. From this work, researchers and

professionals can evaluate andprepareOGD for PManalyses, to identify the inherent processeswithin the data

and detect bottlenecks, thereby enhancing the understanding of the data and the efficiency of governmental

processes. The limitations of this research are primarily associated with the generalization of the results due

to the diversity of the OGD and the categorization method applied, which may not capture all the nuances

of the varied datasets. Moreover, the results may vary according to the quality and specific structure of the

available data. Future research could extend the application of the proposedmethod to the full set of relevant

datasets, allowing for broader validation and refinement of the evaluation framework. Additional studiesmay

also explore datasets currently classified as not relevant, to assess the boundaries of their applicability to PM

and further test the evaluation criteria. Expanding the method to include datasets accessed via external links

anddeveloping automated tools to support large-scale assessment and selection are alsopromisingdirections.

These extensions may support more analyses, promoting a deeper understanding of how PM can be applied

to improve governmental processes.
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Appendix A

Calculations for normalization

As each criterion for the selected datasets (Table 2) had its own way of scoring due to its characteristics, in

order to make it easier to compare them and standardize them, it was decided to normalize the scores on

a scale of 0 to 1. The overall score, which enabled the final classification of the data sets, ranged from 0 to

10, where 0 (zero) corresponds to a minimum value and 10 to a maximum value. For the criteria that assess

difficulty, the score was 0 (zero) for the greatest difficulty, and 1 for minimum difficulty. Criteria 1 and 2

were used to generate 6 and 7 respectively, as seen in the previous section, so normalizationwas applied from

criteria 3 to 12. Calculations for normalizationwere based on the following conversions, described in the table

6 and details can be found at de Vasconcelos et al. (2024b).

Tab. 6 – Normalization rules for criteria 3 to 12 items in Table 2 used to calculate final dataset scores.

Item

#

Description and Normalization Rule

3 Number of columnswith dates: normalized from1 to 5 usingNumCol = V alo
V Maxo

, where

V alo is the original value to be normalized and VMaxo = 5.
4 Data aligned with the 17 UN Sustainable Development Goals: 1 if yes, 0 otherwise.

5 Data aligned with priority public policies (Multi-Year Plan): 1 if yes, 0 otherwise.

6–8 Difficulty due to number of records, columns, and process identification: normalized as

Diff = 1− V alo−V Mino
V Maxo−V Mino

.

9 Data with no noticeable problems: 1 if clean, 0 if problems are found.

10 No transformation needed from column to row: 1 if not needed, 0 otherwise.

11 File is an event log: 1 if yes, 0 otherwise.

12 Standardized data structure: 1 if yes, 0 otherwise.
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