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Abstract [Context] In Brazil, 41% of companies use machine learning (ML) to some extent. However, several
challenges have been reported when engineering ML-enabled systems, including unrealistic customer expectations
and vagueness in ML problem specifications. Literature suggests that Requirements Engineering (RE) practices
and tools may help to alleviate these issues, yet there is insufficient understanding of RE’s practical application
and its perception among practitioners. [Goal] This study aims to investigate the application of RE in developing
ML-enabled systems in Brazil, creating an overview of current practices, perceptions, and problems in the Brazilian
industry. [Method] To this end, we extracted and analyzed data from an international survey focused onML-enabled
systems, concentrating specifically on responses from practitioners based in Brazil. We analyzed the cluster of
RE-related answers gathered from 72 practitioners involved in data-driven projects. We conducted quantitative
statistical analyses on contemporary practices using bootstrapping with confidence intervals and qualitative studies
on the reported problems involving open and axial coding procedures. [Results] Our findings highlight distinct RE
implementation aspects in Brazil’s ML projects. For instance, (i) RE-related tasks are predominantly conducted by
data scientists; (ii) the most common techniques for eliciting requirements are interviews and workshop meetings;
(iii) there is a prevalence of interactive notebooks in requirements documentation; (iv) practitioners report problems
that include a poor understanding of the problem to solve and the business domain, low customer engagement,
and difficulties managing stakeholders expectations. Our analysis suggests that development methodology plays
a role in these challenges. Agile methods appear to facilitate the management of customer expectations compared
to traditional approaches; however, they also appear to introduce greater difficulties in problem understanding and
customer involvement. [Conclusion] These results provide an understanding of RE-related practices and challenges
in the Brazilian ML industry, helping to guide research and initiatives toward improving the maturity of RE for ML-
enabled system projects.
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1 Introduction

Machine Learning (ML) has increasingly gained prominence
in the global industry. Systems whereML components are in-
tegral parts of larger systems are known as ML-enabled sys-
tems. Their behavior is based on explicitly defined rules and
data used by theML component tomake predictions (Sharma
and Garg, 2021).
Transitioning from traditional software to ML-enabled

systems poses various challenges from the viewpoint of Soft-
ware Engineering (SE) (Martínez-Fernández et al., 2022).
Some examples include covering additional quality proper-
ties such as fairness and explainability, dealing with a high
degree of iterative experimentation, andmismatched assump-
tions in customers and multidisciplinary teams (Lewis et al.,
2021a; Nahar et al., 2022). Such challenges typically demand
extra effort to successfully developML-enabled systems and
may contribute to the statistic that 87% of ML projects never
reach production (Gartner, 2020).

Due to the communication and collaboration-intensive na-
ture, as well as inherent interaction with most other devel-
opment processes, the literature suggests that Requirements
Engineering (RE) can help address several challenges when
engineering ML-enabled systems (Ahmad et al., 2021; Vil-
lamizar et al., 2021; Vogelsang and Borg, 2019). However,
establishing effective RE practices in ML projects may be
difficult mainly due to (i) the lack of practitioners involved
in formal RE activities (Alves et al., 2023), and (ii) the ab-
sence of tailored techniques and tools for data-driven projects
since research on this intersection focuses mainly on using
ML techniques to support RE activities rather than explor-
ing how RE can improve the development of ML-enabled
systems (Dalpiaz and Niu, 2020). Therefore, it is not surpris-
ing that recent studies emphasize that practitioners find RE
the most difficult activity of ML projects (Alves et al., 2023;
Ishikawa and Yoshioka, 2019; Kuwajima et al., 2020; Nahar
et al., 2023).

To strengthen empirical evidence on current Brazilian in-
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dustrial RE practices, perceptions, and challenges when de-
veloping ML-enabled systems, we extracted and analyzed
data from an international survey focused on current prac-
tices and challenges for ML-enabled systems (Kalinowski
et al., 2025). We concentrated specifically on the RE-related
survey questions and on responses provided by 72 practi-
tioners involved in ML projects that were based in Brazil.
We conducted quantitative and qualitative analyses to objec-
tively provide information on (i) what role is typically in
charge of requirements; (ii) how requirements are typically
elicited and documented; (iii) which non-functional require-
ments typically play a major role; (iv) which RE activities
are perceived as most difficult; and (v) what RE-related chal-
lenges ML practitioners face. We described these results in
our previous study presented at SBES 2024 (Alves et al.,
2024).
This paper extends and refines our previous study (Alves

et al., 2024), providing much more detail on the survey re-
sults. We provide a deeper understanding of the projects by
characterizing them regarding company size, management
frameworks, agility, application domains, programming lan-
guages,MLpurpose, andML algorithms.We also provide ad-
ditional information, such as the ML lifecycle effort distribu-
tion. Furthermore, we refine our investigation of RE-related
challenges by unfolding a new research question to examine
how project agility influences these challenges. Finally, we
provide amore comprehensive discussion of the implications
of our findings, strengthening the connections between em-
pirical insights and opportunities for improving RE practices
for ML-enabled systems.
The remainder of this paper is organized as follows. Sec-

tion II provides the background and related work. Section
III describes the research method. Section IV presents the re-
sults. Sections V and VI discuss the results and threats to va-
lidity. Finally, Section VII presents our concluding remarks.

2 Background and Related Work
Machine Learning (ML) is a subfield of artificial intelligence
that involves the study of algorithms and statistical mod-
els that allow software systems to learn and make predic-
tions based on data (Jordan and Mitchell, 2015). By recog-
nizing patterns in the data on which they are trained, ML al-
gorithms are developed to improve automatically over time
on unseen data (Mitchell, 1997). Consequently, the develop-
ment of ML-enabled systems differs significantly from con-
ventional software systems due to several key factors.
There is a high level of experimentation and uncertain out-

comes when developing ML-enabled systems (Aho et al.,
2020), and a multidisciplinary team is essential, comprising
domain experts, software developers, data science, and en-
gineering professionals (Nahar et al., 2022). Data scientists,
who typically take the rein when developing ML projects
(Kim et al., 2017), experiment with various data, algorithms,
and models to determine the most effective approach for
achieving their objectives, which means that setting up goals
and requirements at the beginning of the process would de-
mand an estimate of different metrics (e.g., accuracy) in ad-
vance (Ishikawa and Yoshioka, 2019).

Uncertainty and experimentation are expected for this sce-
nario, as ML projects often begin as small Proof-of-Concept
(PoC) initiatives, and 87% of them never reach produc-
tion (Gartner, 2020). The complexity of transitioning from
laboratory-level models to production architectures brings
several challenges (Lewis et al., 2021b; Zimelewicz et al.,
2024). Although ML-enabled systems are hugely popular
and in demand, multiple ML projects that have overcome
the first barrier of reaching production have failed in recent
years, leading to severe repercussions for the organizations
involved and the society at large (Beede et al., 2020; Fry,
2018). The reason for this is often the same: systems that
incorporate ML components tend to put stakeholder needs
in the background and oversimplify important scenarios and
trade-offs. This leads to a problem that the RE discipline can
tackle.

RE constitutes approaches to understanding the problem
space and specifies requirements that all stakeholders agree
upon (Damian, 2007). As such, it concentrates on understand-
ing the actual problem, what is needed towards a system re-
sult, and how to resolve potential conflicts, and it is thus
characterized by the involvement of interdisciplinary stake-
holders and often results in uncertainty (Wagner et al., 2019).
The large degree of uncertainty in developing ML-enabled
systems introduces new challenges and heavily affects RE
(Challa et al., 2020; Martínez-Fernández et al., 2022). Agile
methods aim at better coping with uncertainties and changes
throughout the project, and it is known that RE is being
treated differently in agile contexts (Wagner et al., 2018),
raising additional interest in understanding how agility af-
fects the RE-related challenges of developing ML-enabled
systems.

To overcome such difficulties, some studies have pro-
posed new methods or adapted existing ones to handle re-
quirements on such systems (Ishikawa and Matsuno, 2020;
Villamizar et al., 2024). However, gathering empirical evi-
dence from the industry is essential to identify real-world
challenges, perceptions, and current practices accurately. For
instance, several studies have surveyed practitioners and
found that unpredictability makes it difficult to define any
criteria or requirements regarding the output of ML compo-
nents (Alves et al., 2023; Correia et al., 2021; Vogelsang
and Borg, 2019). This introduces a challenge in collaboration
with stakeholders, who may perceive what ML is capable of
wrongly (Giray, 2021).

We advocate that insights from practitioners can guide
the development of new RE techniques for ML, thereby in-
creasing the likelihood of designing and developing ML-
enabled systems that meet customer needs and potentially
avoid costly problems later on. To complement the already
discussed research, we present additional empirical evidence
from Brazil on the current practices, perceptions, and chal-
lenges regarding RE for ML-enabled systems obtained from
our previous study, an international survey (Alves et al.,
2023). We understand that bridging the gap between theory
and practice is essential for RE maturity in such systems.
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3 Research Method
In this section, we present the methodology adopted in our
study.We begin by outlining the overall goal and the research
questions that guided our investigation. We then describe the
survey design, followed by the data collection and analysis
procedures.

3.1 Goal and Research Questions
This paper aims to characterize the current practices, percep-
tions, and challenges regarding RE for ML-enabled system
projects in the Brazilian industry. From this goal, we estab-
lished the following research questions:

• RQ1. What are the contemporary practices adopted
in Brazil regarding RE for ML-enabled systems?
This question aims to reveal how practitioners are cur-
rently approaching RE for ML in Brazilian companies
by identifying trends, main methods, and the extent to
which the degree of alignment with established industry
practices. We refined RQ1 into the following questions:

– RQ1.1: Who is addressing the requirements of
Brazilian ML-enabled system projects?

– RQ1.2: How are requirements typically elicited in
Brazilian ML-enabled system projects?

– RQ1.3: How are requirements typically docu-
mented in Brazilian ML-enabled system projects?

– RQ1.4: Which NFRs do typically play a major
role in Brazilian ML-enabled system projects?

– RQ1.5: Which activities are considered to be most
difficult when defining requirements for Brazilian
ML-enabled system projects?

• RQ2. What are the main RE-related challenges
faced by practitioners working on ML-enabled sys-
tem projects in Brazil? Identifying these challenges
in Brazil reflects the current maturity of these systems
in the country. At the same time, it also informs the
development of strategies to mitigate difficulties, help-
ing to steer future research on the topic in a problem-
driven manner. We divided this research question into
two other questions. One that provides a wider view,
and another that considers the development agility, as
follows:

– RQ2.1:What are the overall main RE-related chal-
lenges?

– RQ2.2: How do the RE-related challenges mani-
fest in agile and traditional project contexts?

For this research question, we applied open and ax-
ial coding procedures to allow the problems to emerge
from the open-text responses provided by the practition-
ers.

3.2 Survey Design
We extracted and analyzed data from our previous study,
which presented an international survey (Alves et al., 2023;
Kalinowski et al., 2025) that was conducted based on best

practices of survey research (Wagner et al., 2020), carefully
conducting the steps below:

• Step 1. Initial Survey Design. We conducted a liter-
ature review on RE for ML (Villamizar et al., 2021)
and combined our findings with previous results on RE
problems (Fernández et al., 2017) and the RE status quo
(Wagner et al., 2019) to provide the theoretical founda-
tions for questions and answer options. Therefrom, the
initial survey was drafted by software engineering and
machine learning researchers of PUC-Rio (Brazil) with
experience in R&D projects involving ML-enabled sys-
tems.

• Step 2. Survey Design Review. The survey was re-
viewed and adjusted based on online discussions and
annotated feedback from software engineering and ma-
chine learning researchers of BTH (Sweden). There-
after, the survey was also reviewed by the other co-
authors.

• Step 3. Pilot Face Validity Evaluation. This evalua-
tion involves a lightweight review by randomly chosen
respondents. It was conducted with 18 Ph.D. students
taking a Survey Research Methods course. They were
asked to provide feedback on the clarity of the ques-
tions and to record their response time. This phase re-
sulted in minor adjustments related to usability aspects
and unclear wording. The answers were discarded be-
fore launching the survey.

• Step 4. Pilot Content Validity Evaluation. This eval-
uation involves subject experts from the target popula-
tion. Therefore, we selected five experienced data scien-
tists developingML-enabled systems, asked them to an-
swer the survey, and gathered their feedback. The partic-
ipants had no difficulties answering the survey, which
took an average of 20 minutes. After this step, the sur-
vey was considered ready to be launched.

The final survey started with a consent form describing the
purpose of the study and stating that it was conducted anony-
mously. The remainder was divided into 15 demographic
questions (D1 to D15) and three specific parts with 17 sub-
stantive questions (Q1 to Q17): seven on the ML life cycle
and problems, five on requirements, and five on deployment
and monitoring. This paper focuses on the demographics, the
Problem Understanding and Requirements stage of the ML
life cycle, and specific questions regarding requirements. Ex-
cerpts of the substantive questions related to this paper are
shown in Table 1. The survey was implemented using the
Unipark Enterprise Feedback Suite 1.

3.3 Data Collection
Our target population concerns professionals involved in
building ML-enabled systems, including different activities,
such as management, design, and development. Therefore,
it includes practitioners in positions such as project lead-
ers, requirements engineers, data scientists, and developers.
We used convenience sampling, sending the survey link to

1https://www.unipark.com/en/survey-software/
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Table 1. Research questions and survey questions
RQ Survey

No.
Description Type

- ... ... ...

RQ1.1 Q8 Who is actively addressing the requirements of ML-enabled system projects in your organization? Closed (MC)

RQ1.2 Q9 How were requirements typically elicited in the ML-enabled system projects you participated in? Closed (MC)

RQ1.3 Q10 How were requirements typically documented in the ML-enabled system projects you participated in? Closed (MC)

RQ1.4 Q11 Which Non-Functional Requirements (NFRs) typically play a major role in terms of criticality in the ML-enabled system projects
you participated in?

Closed (MC)

RQ1.5 Q12 Based on your experience, what activities do you consider most difficult when defining requirements for ML-enabled systems? Closed (MC)

- ... ... ...

RQ2.1 Q4 According to your personal experience, please outline the main problems or difficulties (up to three) faced during the Problem Un-
derstanding and Requirements ML life cycle stage.

Open

RQ2.2 D11 Considering the ML-enabled system projects in which you participated, how agile do you rate your development? Closed (SC)

- ... ... ...

- - MC = Multiple Choice SC = Single Choice -

professionals active in our partner companies, and also dis-
tributed it openly on social media.
In this paper, we excluded participants who indicated in

the survey that they had no experience with ML-enabled
system projects and those working in countries other than
Brazil. Data collection was open from January 2022 to April
2022. We received responses from 276 professionals; 188
completed all four sections of the survey, and of these, 72
were working in Brazil, constituting our total sample. The
average time to complete the survey was 20 minutes. We
conservatively considered only the 72 fully completed sur-
vey responses from professionals working in Brazil.

3.4 Data Analysis Procedures
For data analysis purposes, given that all questions were
optional, the number of responses varies across the survey
questions. Therefore, we explicitly indicate the number of
responses when analyzing each question.
Research questions RQ1.1 - RQ1.5 concern closed ques-

tions, so we decided to use inferential statistics to analyze
them. Our population has an unknown theoretical distribu-
tion (i.e., the distribution of ML-enabled system profession-
als is unknown). In such cases, resampling methods - like
bootstrapping - have been reported to be more reliable and
accurate than inference statistics from samples (Lunneborg,
2001; Wagner et al., 2020). Hence, we use bootstrapping to
calculate confidence intervals for our results, similar as done
in Wagner et al. (2019). In short, bootstrapping involves re-
peatedly taking samples with replacement and then calculat-
ing the statistics based on these samples. For each question,
we take the sample of n responses for that question and boot-
strap S resample (with replacements) of the same size n. We
assume n as the total valid answers of each question (Efron
and Tibshirani, 1993), and we set 1000 for S, which is a
value that is reported to allow meaningful statistics (Lei and
Smith, 2003). Figure 1 summarizes the adopted bootstrap-
ping method.
For research question RQ2, which seeks to identify the

main challenges faced by practitioners involved in engineer-
ing ML-enabled systems related to problem understanding
and requirements, the corresponding survey question is de-

signed to be open text. We conducted a qualitative analy-
sis using open and axial coding procedures from grounded
theory (Stol et al., 2016) to allow the challenges to emerge
from the open-text responses reflecting the experience of the
practitioners. The primary author performed the qualitative
coding procedures and subsequently reviewed them with the
secondary author. Additionally, three researchers from aca-
demic and industry partners reviewed the resulting codes in-
dependently.
The questionnaire, the collected data, and the quantita-

tive and qualitative data analysis artifacts, including Python
scripts for the bootstrapping statistics, charts, and peer-
reviewed qualitative coding spreadsheets, are available in
our open science repository (Alves et al., 2025).

4 Results

This section describes the context and results of our study.
We begin by characterizing the study population and the
types of projects represented. Next, we explore how partici-
pants face the requirements-relatedML life cycle stage when
compared to others. Finally, we go into detail to answer our
research questions regarding current RE practices adopted
in ML-enabled system development and challenges faced in
this context.

4.1 Study Population

We focus specifically on the data obtained from Brazil as
part of our previous study, which provided a larger inter-
national survey on ML-enabled systems engineering (Kali-
nowski et al., 2025). The study population consisted of 72
practitioners involved in data-driven projects across vari-
ous industries in Brazil. These respondents held various
roles, backgrounds, and professional experiences. This di-
verse group provides a comprehensive view of the current
practices, perceptions, and challenges related to RE for ML
within the Brazilian context.
Figure 2 provides insights into the characteristics of the

Brazilian participants involved in the survey. Regarding
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Figure 1. Bootstrapping technique

company size, the majority of participants (58.3%) are em-
ployed by companies with over 2000 employees and only
11.2% of them are employed by small companies as pre-
sented Figure 2 (a). In Figure 2 (b), we present participants’
main roles. Data Scientists, Business Analysts, and Project
Leads/Project Managers are the most common roles repre-
sented. Notably, the least assessed positions were Tester and
Requirements Engineer, with one professional each. In the
’Others’ field, some isolated positions were mentioned, in-
cluding ML engineer, Data Analyst, and C-level positions,
but they were less representative.
RegardingML-enabled system experience, in Figure 2 (c),

most participants reported having 1 to 2 years of working ex-
perience. Closely, another significant portion of respondents
indicated a higher experience range of 3 to 6 years. This pro-
portion emphasizes a balanced population of beginner and
experienced professionals. It is noteworthy that regarding
participants’ educational background, 87.5%mentioned hav-
ing a bachelor’s degree in computer science, information sys-
tems, statistics, or electrical engineering. Moreover, 45.83%
held master’s degrees in computer science, data science, or
electrical engineering. Lastly, 19.44% completed Ph.D. pro-
grams in computer science, physics, or computer engineer-
ing.

4.2 Project Characterization

When looking at our population, an important view is the
characteristics of the ML-enabled system projects. The man-
agement framework that guides development, development
agility, and the application domain are some characteriza-
tion examples that help us to understand the context of ML-
enabled systems development.

4.2.1 Project Management Framework

As shown in Figure 3, the most used project manage-
ment frameworks rely on agile management, such as Scrum
(38.94%) and Kanban (28.32%). It is also worth mention-
ing that 15.04% of the participants reported that no project
management framework was used.

Scrum
(38.94 %)

Kanban
(28.32 %)

Lean
(6.19 %)

None
(15.04 %)

Others
(2.65 %)

SAFe
(2.65 %)

CRISP-DM
(5.31 %)

RUP
(0.88 %)

Figure 3. Project management framework

4.2.2 Agility

Regarding development agility (Figure 4), most participants
consider their projects agile, with 12.5% of them consider-
ing ’Totally agile’, and 27.8% ’Mostly agile’. A significant
proportion feel that their projects are balanced between ag-
ile and traditional styles (34.7%). 13.8% of participants in-
formed working under a traditional methodology (6.9% in
’Totally traditional’ and 6.9% in ’Mostly traditional’ method-
ologies). Only 11.1% answered ”I don’t know”.
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(a) Participants' Company Size (N = 72) (b) Participants' Main Role (N = 72) (c) Participants' ML Experience (N = 72)

Figure 2. Practitioners’ demographics: company size, roles, and ML experience
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Figure 4. Development agility

4.2.3 Application Domain

ML-enabled systems are being developed in Brazil for sev-
eral different application domains (Figure 5). Within the re-
sponses, the predominant domain is Oil, with 16.30% of the
projects within this domain, followed by Logistics (13.33%),
Banking (11.11%), Healthcare (8.89%), Sales (8.15%), Ed-
ucation (7.41%), Telecom (7.41%), Entertainment (5.19%),
Insurance (3.70%), Defense (2.96%), and Embedded sys-
tems (2.22%). Furthermore, several additional domains were
informed on the ’Others’ field, such as Human Resources,
Meteorology, Law, Compliance, and Agriculture, summing
up 18.33% of the answers.

4.2.4 Programming Language

The most used programming language in Brazilian ML-
enabled systems projects is Python (52.8%). Another signif-
icant technology is R and C, which are respectively used in
15.2% and 8% of projects. Javascript (6.4%), Java (5.6%),
Matlab (5.6%), and SQL (4%) have been less frequently used
in the context of ML-enabled system projects. Furthermore,
a very small number of projects were reported using Julia,
C#, and Scala, each with 0.8% adoption.
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Figure 5. Project application domain
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4.2.5 Main Purpose

The main purposes of ML-enabled system projects in Brazil
(Figure 7) concern Classification and Prediction, with 32.5%
and 31.8% of the answers, respectively. Participants could
specify the usage in an open-text format. Examples cited
for classification projects included classifying churned users,
hand gestures, and equipment anomaly detection. In terms of
prediction, examples included profit and cost prediction, oil
production estimation, and banking fraud prediction.
Clustering also appeared as an important ML usage pur-

pose, representing 21.7% of projects. The examples pro-
vided included clustering personas to improve telemarket-
ing services, geographic store segmentation, and separating
users given their behaviors (e.g., recommendation systems).
Finally, the purpose of Association appears in 7% of the
projects. For this purpose, the main reported examples in-
volved cause-and-effect association. Computer vision topics,
such as denoising and pose estimation, were discussed in the
Others’ field but were less representative.

Classification
32.5%

Prediction
31.8%

Clustering

21.7%

Association
7%

Others
7%

Figure 7.ML main purpose

4.2.6 ML-enabled system Main Algorithms

The most common algorithms in use for Brazilian ML-
enabled system projects (Figure 8) are Neural Networks (e.g.,
CNN, LSTM)with 13.4%, followed by Ensembles (e.g., XG-
Boost, Random Forests) with 12.71 %, Decision Trees with
12.03 %, and KMeans with 12.03 % of the answers. Another
significant proportion uses Logistic Regression (10.31 %),
SVM (9.28 %), KNN (8.59 %), and Linear Regression (7.22
%). The least used algorithms are Naive Bayes (3.44 %), DB-
SCAN (2.75 %), Apriori (1.72 %), Gaussian Mixture (1.37
%), andBayesianNetworks (1.03%). Some options provided
in the ’Others’ field are just other examples of one of the pre-
vious options, such as LGBM and Catboosting, that could be
informed in Ensembles or GNN and RNN, which are also
types of neural networks. Other informed options were Time
Series algorithms (ARIMA), dimensionality reduction tech-
niques (PCA), and statistical decision processes (Markov De-
cision Process).
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Figure 8.ML main algorithms

4.3 Problem Understanding and Require-
ments ML Life Cycle Stage

In the survey, based on the nine ML life cycle stages pre-
sented by Amershi et al. (2019) and the CRISP-DM industry-
independent process model phases (Schröer et al., 2021), we
abstracted seven generic life cycle stages (Kalinowski et al.,
2023) and asked about their perceived relevance and diffi-
culty. The answers presented in Figure 9 and 10 revealed
that ML practitioners are extremely worried about require-
ments, given that the Problem Understanding and Require-
ments stage is clearly perceived as themost relevant andmost
complex life cycle stage.
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Figure 9. Perceived relevance of each ML life cycle stage

Figure 11 shows the median estimated effort of each ML
life cycle stage. The Problem Understanding and Require-
ments stage is, again, the stage with more effort involved.
Hence, it could be summarized as being perceived as the
most relevant, complex, and effort-demanding ML life cycle
phase.
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Figure 11. Estimated effort of each ML life cycle stage

4.4 Contemporary RE practices for ML-
enabled Systems

In this subsection, we provide the results and analysis regard-
ing contemporary RE practices for ML-enabled systems. In
summary, we detail who is addressing requirements, how
they are elicited and documented, the typical NFRs, and
which activities are considered the most difficult ones.

4.4.1 [RQ1.1] Who is addressing the requirements of
ML-enabled system projects?

The proportion of positions reported to address the re-
quirements of ML-enabled system projects within the boot-
strapped samples is shown in Figure 12 together with the
95% confidence interval. The N in each figure caption is the
number of participants who answered this question. We re-
port the proportion P of the participants that checked the cor-
responding answer and its 95% confidence interval in square
brackets.
It is possible to observe that Data Scientists were most

associated with requirements in ML-enabled systems with
P = 61.389 [60.955, 61.822], followed by Project Leaders
(P = 49.6 [49.219, 49.981]), Business Analysts (P = 28.339

[28.024, 28.653]), and Developers (P = 21.386 [21.061,
21.71]). The less associated roles within requirements ad-
dressing were Solution Architects (P = 11.563 [11.353,
11.773]), Requirements Engineers (P = 8.46 [8.281, 8.639]),
and Testers (P = 1.481 [1.397, 1.566]). Several isolated op-
tions were mentioned in the “Others” field (e.g., Machine
Learning Engineer, Data Lead, and Tech Lead), altogether
summing up 14% and not significantly influencing the over-
all distribution (P = 14.303 [14.032, 14.573]).
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Figure 12. Roles addressing requirements of ML-enabled systems (N = 70)

4.4.2 [RQ1.2] How are requirements typically elicited
in ML-enabled system projects?

As presented in Figure 13, practitioners reported interviews
as the most commonly used technique (P = 69.399 [69.062,
69.735]), followed (or complemented) by workshops (P =
47.296 [46.958, 47.634]), prototyping (P = 41.638 [41.292,
41.983]), and scenarios (P = 40.221 [39.841, 40.6]). The
least used elicitation technique was observation, with P =
35.896 [35.535, 36.257]. In the “Others” field, the Objective
and Key Results (OKRs) system and informal meetings were
mentioned, but with a much lower proportion (P = 8.357
[8.156, 8.558]).
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Figure 13. Requirements elicitation techniques of ML-enabled systems (N
= 72)
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4.4.3 [RQ1.3] How are requirements typically docu-
mented in the ML-enabled system projects?

Figure 14 shows Notebooks as the most frequently used doc-
umentation format with P = 46.504 [46.129, 46.879], fol-
lowed by User Stories (P = 30.715 [30.374, 31.057]), Vi-
sion Documents (P = 21.304 [21.008, 21.6]), Prototypes (P
= 21.182 [20.895, 21.468]), Requirements Lists (P = 19.713
[19.431, 19.994]), and Data Models (P = 19.669 [19.352,
19.986]). Surprisingly, almost 17% mentioned that require-
ments are not documented at all with P = 16.917 [16.632,
17.201]. Some isolated options were mentioned in the “Oth-
ers” field (e.g., Notion, Github, and Confluence) with P =
12.668 [12.429, 12.906].
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Figure 14. Requirements documentation of ML-enabled systems (N = 71)

4.4.4 [RQ1.4] Which Non-Functional Requirements
(NFRs) do typically play a major role in terms of
criticality in the ML-enabled system projects?

Regarding NFRs (Figure 15), practitioners show a signif-
icant concern with some ML-related NFRs, such as data
quality (P = 69.103 [68.75, 69.456]), model explainability
(P = 37.825 [37.464, 38.187]), and model reliability (P =
36.721 [36.341, 37.101]). Some NFRs regarding the whole
system were also considered important, such as system per-
formance (P = 35.2 [34.874, 35.526]), system maintainabil-
ity (P = 25.441 [25.122, 25.76]), and system usability (P =
25.175 [24.828, 25.521]). A significant number of partici-
pants informed that NFRs were not considered within their
ML-enabled system projects (P = 12.623 [12.376, 12.869]).

4.4.5 [RQ1.5]Which activities are consideredmost diffi-
cult when defining requirements for ML-enabled
systems?

The answer options to this question were based on the liter-
ature regarding requirements (Wagner et al., 2019) and re-
quirements for ML (Villamizar et al., 2021). Furthermore,
we left the “Others” option to allow new activities to be
added, but nothing new was informed. In this context, we
show in Figure 16 that the respondents considered managing
customer expectations is the most difficult task (P = 71.554
[71.191, 71.916]), followed by aligning requirements with
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Figure 15. Critical non-functional requirements of ML-enabled systems (N
= 71)

data (P = 53.556 [53.197, 53.915]), resolving conflicts (P =
42.346 [41.987, 42.706]), managing changing requirements
(P = 40.915 [40.574, 41.257]), selecting metrics (P = 32.079
[31.738, 32.42]), and elicitation and analysis task (P = 26.72
[26.418, 27.021]).
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Figure 16.Most difficult RE activities in ML-enabled systems (N = 71)

4.5 Main RE-related challenges in ML-
enabled System Projects

In this subsection, we provide the results and analysis re-
garding RE-related challenges for ML-enabled systems. We
detail the overall RE-related challenges and how these chal-
lenges vary in agile and traditional project contexts.

4.5.1 [RQ2.1] What are the overall main RE-related
challenges?

Regarding the main concerns during each ML life cycle
stage, we asked participants to inform up to three challenges
related to each ML life cycle stage in an open-text answer.
The main challenges related to the Problem Understanding
and Requirements stage emerged from open coding applied
to all of the 109 open-text answers provided for this stage.
We incorporated axial coding procedures to provide an eas-

ily understandable overview, relating the emerging codes to
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categories. We started with the sub-categories Input,Method,
Organization, People, and Tools, as suggested for problems
in previous work on defect causal analysis (Kalinowski et al.,
2012). Based on the collected data, we merged the Input and
People categories, as it was difficult to separate between the
two, given the concise and short answers provided by the par-
ticipants.We also renamed the Tools category into Infrastruc-
ture and identified the need to add a new category related to
Data. It is noteworthy that these categories were identified
considering the overall coding for the seven ML life cycle
stages. At the same time, this paper focuses on the Problem
Understanding and Requirements stage.
In Figure 17, we present an overview of the resulting

codes’ frequencies using a probabilistic cause-effect diagram
(e.g., fishbone diagram), which provides a comprehensive
overview and it was introduced for causal analysis purposes
in previous work (Kalinowski et al., 2010, 2011). The per-
centages are just frequencies of occurrence of the codes, then
the sum of all code frequencies is 100%. It is important to
notice that the highest frequencies within each category are
organized closer to the middle.
It is possible to observe that most of the reported chal-

lenges are related to the Input category, followed byMethod
and Organization. The main challenges within the Input cat-
egory report difficulties in understanding the problem, the
business domain, and unclear goals and requirements. In the
Method category, the prevailing reported challenges concern
difficulties in managing expectations, experienced data sci-
ence knowledge, and establishing effective communication.
Finally, in theOrganization category, the lack of customer or
domain expert availability and engagement, and the lack of
time dedicated to requirements-related activities were men-
tioned. Our summary focuses on the most frequently men-
tioned challenges, although less frequent ones may still be
relevant in practice. For instance, computational constraints
or lack of data quality and preprocessing can directly affect
ML-related possibilities and requirements.

4.5.2 [RQ2.2] How do the RE-related challenges mani-
fest in agile and traditional project contexts?

The previous research question [RQ2.1] provided an
overview of the challenges practitioners face in ML-enabled
systems. However, adopting an agile methodology affects
the requirements engineering tasks when compared to tra-
ditional software development (Wagner et al., 2018). In or-
der to better understand the reported RE-related challenges,
we decided to look at the previous findings through different
lenses, one for agile and one for traditional methodologies.
To analyze the RE-related challenges in agile teams, we

filtered the responses from practitioners who informed us
that their project followed a ”Totally agile” or ”Mostly ag-
ile” methodology (Question D11). On the other hand, for
the RE-related challenges in traditional teams, we filtered
the responses from practitioners who informed ”Totally tradi-
tional” or ”Mostly traditional”. It is noteworthy that for this
research question, we didn’t consider the responses from par-
ticipants who characterized their project agility as ”Balanced
between agile and traditional” or ”I don’t know”.
Figure 18 shows the main problems reported within the

context of agile projects. The Input category is the most
challenging category for Brazilian practitioners. Within this
category, understanding the problem is still the most repre-
sentative challenge, followed by understanding the business
domain and unclear goals. The most significant challenge
within the Organization category still relies on low client
and domain expert engagement or availability, followed by
lack of time. Furthermore, in theMethod category managing
expectations remains as the most mentioned challenge. It is
noteworthy that the two categories that did not appear within
agile projects (infrastructure and data) were mentioned by
only one participant of the overall sample (working in a tra-
ditional project context) and were also not representative of
the overall scenario.
While the most frequently reported challenges within each

category are basically the same, some subtle differences can
be observed. Based on the frequencies, challenges related to
problem understanding and customer engagement seem to be
more frequent in agile projects, while challenges managing
expectations are less frequent.
Figure 19 presents the challenges reported by practition-

ers working in a traditional project context. While the sam-
ple is much smaller (N=16), the results are consistent. In
ML-enabled system projects, agile methods seem to improve
the management of customer expectations compared to tradi-
tional approaches, but also make problem understanding and
customer involvement more challenging.

5 Discussion
Our previous results reflected an international perspective
regarding RE for ML-enabled systems (Alves et al., 2023).
Given the importance of Brazil in this previous study and
the growing interest of Brazilian companies in terms of ML,
we bring a deeper and focused analysis of Brazil’s prac-
tices, problems, and perceptions in this paper. We provide a
comprehensive overview of Brazilian ML-enabled systems
project characteristics.
We found that most ML-enabled system projects are con-

ducted within agile contexts, with Scrum and Kanban being
the most adopted management frameworks. Notably, CRISP-
DM, which aims to support data-driven projects, such as ML
projects, is one of the least used frameworks. We also ob-
served that ML-enabled systems are being developed for a
variety of application domains and for different purposes.
Python is the main programming language in use to develop
these solutions, and the most used ML algorithms are Neu-
ral Networks (e.g., RNN, CNN, LSTM), Ensembles (e.g.,
XGBoost, RandomForest, LightGBM), Decision Trees, and
KMeans.
In terms of contemporary RE practices, we identified an

intriguing distribution of roles that address requirements; in
particular, we have data scientists taking the reins. It is less
common to have a RE position in charge of requirements ac-
tivities in companies (Wang et al., 2018). Instead, we have
software engineers, business analysts, or project managers
in charge of them (Herrmann, 2013). Unlike our previous
findings (Alves et al., 2023), where we had project leaders
mainly responsible for handling requirements, in Brazil, we
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Figure 17.Main problems faced related to problem understanding and requirements (N=109)

have data scientists as the majority, which reassures their im-
portance beyond coding in companies (Correia et al., 2021;
Kim et al., 2017). The nature ofML-enabled systems is based
on data-driven insights, which may explain the importance
of addressing activity in this role. However, lacking well-
established methods and practices in this domain may lead
to project failure (Fernández et al., 2017).
Regarding elicitation techniques, our survey revealed

again that practitioners don’t escape from traditional require-
ments elicitation techniques (interviews, prototyping, sce-
narios, workshops, and observation), even with a free-text
option available. Unlike our previous results where Work-
shops were less used (Alves et al., 2023), in Brazil, our re-
sults for the elicitation techniques are comparable to tradi-
tional RE (Wagner et al., 2019). This could be related to the
fact that most practitioners work in large companies, which
typically have professionals experienced in conducting such
workshops for traditional software systems and have now ex-
tended these practices to ML-enabled systems.
In terms of requirements documentation, computational

notebooks, which are interactive programming environments
that can be used to process data and create ML models, ap-
pear, as reported previously (Alves et al., 2023), as the most
used tool for documenting requirements. Its rapid way of pro-
ducing and generating code turned notebooks into an impor-
tant tool for data scientists; however, like a hammer, it could
be misused (Perkel, 2018) as a symptom of the lack of aware-
ness of RE specification practices and tools. Moreover, a pro-
portion of almost 16%mentioned that requirements were not
documented at all, which may cause overall software project

failure (Fernández et al., 2017). In Brazil, we have reported
that Vision Documents are more prominent than in other
parts of the world, and despite being closely related to Pro-
totypes, our previous finding had Requirements Lists as the
third most used method, and now it appears as the sixth op-
tion. ML Canvas, which was designed to tackle this activity,
is one of the least used methods, along with BDD Scenarios.
With respect to NFRs, there are slight differences between

how worldwide practitioners face NFR (Alves et al., 2023)
and how Brazilians do. In general, the most considered con-
cerns are ML-related NFR, such as data quality, model reli-
ability, and model explainability, as previously reported in
(Habibullah et al., 2023; Vogelsang and Borg, 2019). How-
ever, we also observed system-related concerns like sys-
tem performance, usability, and maintainability. In conven-
tional software systems, there are several negative impacts of
missing NFRs on software-related projects (Fernández et al.,
2017). However, again, the same proportion of practitioners
(more than 10%) do not even consider NFRs in their ML-
enabled system projects, which can be seen as another indi-
cator of the lack of overall attention to the importance of RE
in the industrial ML-enabled systems engineering context.
The survey also revealed the most difficult activities per-

ceived by practitioners in Brazil when defining requirements
for ML-enabled systems. The difficulties reported by Brazil-
ian practitioners are comparable to the ones reported previ-
ously (Alves et al., 2023) and with previous literature, but
now it appears in a wider industrial scope. Managing cus-
tomer expectations (Ishikawa and Yoshioka, 2019), aligning
requirements with data (Nahar et al., 2023; Villamizar et al.,
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Figure 18.Main Problems faced during Problem Understanding and Requirements in Agile Project Context (N=43)
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Figure 19.Main Problems faced during Problem Understanding and Requirements in Traditional Project Context (N = 16)

2021), changing requirements (Khalajzadeh et al., 2018), and
selecting proper metrics (Vogelsang and Borg, 2019) were
previously reported as difficulties, which emphasizes the im-
portance of effective communication and technical expertise
to bridge the gap between aspirations and technological fea-
sibility.
Finally, we contributed to the RE-related problems faced

by practitioners in ML-enabled system projects in Brazil.
The main issues relate to difficulties in problem and busi-
ness understanding, managing expectations, and low cus-
tomer/domain expert availability/engagement. Literature has
shown that agility affects RE-related practices and chal-
lenges (Wagner et al., 2017). Therefore, we decided to an-
alyze the challenges faced by practitioners working in ag-
ile and traditional contexts. The results present intriguing
insights. Given the sample size and the inherent threats to
qualitative research, we cannot assert conclusion validity.
However, in ML-enabled system projects, agile methods
seem to improve the management of customer expectations
compared to traditional approaches, while also introducing

greater challenges in problem understanding and customer in-
volvement. One possible explanation is that the expectation
of rapid, iterative value delivery in agile projects may com-
plicate the overall problem-understanding process. Addition-
ally, the absence of more formal, plan-driven responsibilities
could make it harder to ensure proper customer involvement.
On the other hand, frequent deliveries provide opportunities
for continuous feedback, which can help align customer ex-
pectations more effectively.
The reported challenges in Brazilian ML-enabled systems

projects have comparable counterparts in the conventional
RE problems (Fernández et al., 2017). Table 2 shows the
strong relationship between problems in ML-enabled sys-
tem projects and conventional software contexts. As com-
parable problems may have comparable solutions, adopting
established RE practices (or adaptations of such practices)
may help improve ML-enabled system engineering. How-
ever, proposing adapted practices, guidelines, or solutions
will demand further empirical evaluations that are not in the
scope of this paper.
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Table 2. Comparison between problems on ML-enabled and conventional software systems

Traditional RE Problem ML RE Problem

Incomplete and/or hidden requirements [Input] Incomplete/incorrect requirements

Communication flaws between project team and
customer

[Method] Communication

Moving targets (changing goals, business pro-
cesses, and/or requirements)

[Input] Unclear goals

Underspecified requirements that are too abstract [Input] Unclear requirements

Timeboxing/Not enough time in general [Organization] Lack of time

Stakeholders with difficulties in separating re-
quirements from known solution designs

[Organization] Lack of analytical thinking

Insufficient support by customer [Organization] Low client/domain expert availability/engagement

Weak access to customer needs and/or business in-
formation

[Organization] Lack of resources and references

6 Threats to Validity
We identified some threats while planning, conducting, and
analyzing the survey results. Henceforward, we list these
potential threats organized by the survey validity types pre-
sented in Linaker et al. (2015).
Face and Content Validity. Face and content validity

threats include bad instrumentation and inadequate explana-
tion of constructs. To mitigate these threats, we involved sev-
eral researchers in reviewing and evaluating the question-
naire regarding the format and formulation of the questions,
piloting it with 18 Ph.D. students for face validity and five
experienced data scientists for content validity.
Criterion Validity. Threats to criterion validity include

not surveying the target population. We clarified the target
population in the consent form (before starting the survey).
We also considered only complete answers (i.e., answers of
participants who answered all four survey sections) and ex-
cluded participants who reported having no experience with
ML-enabled system projects. Moreover, an important aspect
is a possible bias in our results, given that only one require-
ments engineer answered our survey. We explain that the ex-
plicit Requirements Engineer position is uncommon even in
conventional software engineering contexts and that mainly
other positions, like Business Analysts, are responsible for
RE-related tasks (Wang et al., 2018). Hence, we believe that
not having many requirements engineers in our sample is ex-
pected and positive in terms of representativeness. It just re-
flects that they are typically not part of ML-enabled system
projects.
Construct Validity. We ground our survey’s questions

and answer options on theoretical background from previous
studies on RE (Fernández et al., 2017; Wagner et al., 2019)
and a literature review onRE forML (Villamizar et al., 2021).
A threat to construct validity is inadequate measurement pro-
cedures and unreliable results. To mitigate this threat, we fol-
low recommended data collection and analysis procedures
(Wagner et al., 2020).
Reliability. One aspect of reliability is statistical general-

izability. We could not construct a random sample that sys-

tematically covers all types of professionals involved in de-
velopingML-enabled systems, as there is still no generalized
understanding of what such a population looks like. Never-
theless, the experience and background profiles of the sub-
jects are comparable to the profiles of ML teams, as shown
in Microsoft’s study (Kim et al., 2017). We used bootstrap-
ping to deal with the random sampling limitation and only
employed confidence intervals, conservatively avoiding null
hypothesis testing. Another reliability aspect concerns inter-
observer reliability, which we improved by including inde-
pendent peer review in all our qualitative analysis procedures
and making all the data and analyses openly available online
Alves et al. (2025).

7 Conclusion
Literature suggests that RE can help to tackle challenges in
ML-enabled system engineering (Villamizar et al., 2021). Re-
cent literature studies (e.g., (Ahmad et al., 2021; Nahar et al.,
2023; Villamizar et al., 2021)) and industrial studies (e.g.,
(Correia et al., 2021; Vogelsang and Borg, 2019)) on RE for
ML-enabled systems have been important to help understand
the literature focus and industry needs. However, the study
of industrial practices, perceptions, and challenges is still iso-
lated and not yet representative.
We build upon prior research to enhance the empirical ev-

idence on current practices, perceptions, and challenges in
the field of RE for ML. This study analyzes a subset of data
from our previous study, which presented an international
survey (Alves et al., 2023), focusing on responses from 72
practitioners involved in the development of ML-enabled
systems in Brazil. We applied bootstrapping with confidence
intervals for quantitative statistical analysis and open and ax-
ial coding for qualitative analysis of RE challenges. The re-
sults reinforce the findings of previous studies (Habibullah
et al., 2023; Vogelsang and Borg, 2019), emphasizing the im-
portance of non-functional requirements, such as data qual-
ity, model reliability, and explainability. They also highlight
challenges, including managing customer expectations and
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addressing ambiguities in requirements specifications (Na-
har et al., 2023; Villamizar et al., 2021).
In addition, the analysis of data uncovered several new and

noteworthy aspects. Notably, data scientists are leading RE
activities in the development of ML-enabled systems, with
interactive notebooks serving as a primary method for doc-
umenting requirements. The survey also highlighted several
challenges faced by practitioners, such as difficulties in prob-
lem and business understanding, difficulties in managing ex-
pectations, unclear requirements, and a lack of domain expert
availability and engagement.
These challenges are further influenced by the develop-

ment approach. Agile methods, while beneficial in improv-
ing the management of customer expectations through fre-
quent feedback loops and iterative delivery, also present new
obstacles. The fast-paced nature of agile projects can make
it harder to establish a clear and shared understanding of the
problem, particularly in ML-enabled systems where require-
ments are often uncertain or evolving. Moreover, the reduced
emphasis on formal, plan-driven processes may contribute
to difficulties in engaging domain experts and ensuring their
sustained involvement throughout the project.
Overall, when comparing RE practices and challenges

within ML-enabled systems with conventional RE practices
(Wagner et al., 2019) and challenges (Fernández et al., 2017),
we identified significant variations in the practices but com-
parable underlying problems. Proposing solutions for these
problems is part of future research and is not in the scope of
this paper, as it would require proper empirical evaluations
through different empirical strategies (e.g., action research,
case studies, controlled experiments). However, we truly be-
lieve that comparable challenges may have comparable so-
lutions. In this sense, we advocate for adapting and dissemi-
nating RE-related practices for engineering ML-enabled sys-
tems.
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