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Abstract

Data quality affects the performance, reliability, and trustworthi-
ness of machine learning (ML)-enabled systems, but empirical evi-
dence on how practitioners treat it as a requirement remains limited.
This paper reports an exploratory survey with 56 ML practition-
ers from seven countries, investigating how they perceive, priori-
tize, evaluate, and manage data quality requirements. We analyzed
closed-ended and Likert-scale questions using descriptive statistics
and bootstrapped confidence intervals, and open-ended responses
through qualitative coding. Our results show that participants as-
sociate data quality mainly with intrinsic characteristics, especially
consistency, completeness, and reliability. They also prioritize ac-
curacy, reliability, consistency, credibility, and completeness, while
governance- and lifecycle-oriented characteristics, such as com-
pliance, traceability, and currentness, receive lower priority. Data
quality is mostly addressed during data collection and preparation
and evaluated indirectly via model performance metrics, whereas
continuous monitoring, centralized documentation, and systematic
discussion are less frequent. Participants also report challenges
with incomplete data, inconsistent sources, outdated data, limited
validation tools, and insufficient organizational support. These find-
ings suggest that data quality is recognized as critical, but is often
managed through fragmented, performance-oriented, and team-
dependent practices. We discuss implications for Requirements
Engineering, including the need to explicitly elicit, specify, validate,
and monitor data quality requirements across the ML lifecycle.
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1 Introduction

Machine Learning (ML)-enabled systems are increasingly deployed
in domains where reliability, robustness, and trustworthiness are
critical. Unlike traditional software, their behavior is strongly shaped
by data, making data quality a central concern for system correct-
ness [35, 36]. Poor data quality can degrade model performance,
introduce bias, and lead to unreliable or unsafe decisions, ultimately
undermining stakeholder trust [25].
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Despite its importance, data quality in ML systems remains diffi-
cult to define, operationalize, and manage. It is commonly described
through attributes such as accuracy, consistency, completeness, and
currentness [12], but these attributes are context-dependent and of-
ten tied to system-level goals. Moreover, data quality issues are not
confined to preprocessing; they may arise across the ML lifecycle,
from data collection and integration to deployment and monitor-
ing [15, 17]. Thus, data quality should be understood as a continuous
engineering concern rather than a one-time preparation task.

Prior work has shown that data-related problems are pervasive
in ML systems and often more difficult to address than model-
related issues [2]. At the same time, studies report that data work
is frequently undervalued, leading teams to handle quality issues
reactively and inconsistently [31]. In parallel, Requirements Engi-
neering (RE) research argues that data-related concerns should be
treated as non-functional requirements (NFRs), enabling systematic
specification, validation, and traceability [11, 37].

This creates a gap between the recognized importance of data
quality and the way it is commonly handled in practice. Decisions
about data quality are often implicit, local, and driven by imme-
diate needs, such as improving model performance, rather than
by explicit quality goals. This gap is relevant because data quality
decisions depend on domain risks, system objectives, and project
constraints. For instance, emphasizing performance metrics may
overlook traceability or compliance, while focusing on complete-
ness may conflict with currentness in dynamic environments. Yet,
we still lack empirical evidence on how practitioners navigate these
decisions in practice, particularly how they perceive, prioritize, and
manage data quality as a requirement.

To address this gap, we conducted an exploratory survey with
56 ML practitioners from seven countries, covering diverse roles
and experience levels. Our analysis examines: (i) how practitioners
perceive and prioritize data quality characteristics; (ii) how data
quality is incorporated and evaluated across the ML lifecycle; and
(iii) the technical and organizational challenges faced in managing
data quality. Our results reveal a systematic gap between perception
and practice in how data quality is handled in ML-enabled systems.
We summarize our main findings as follows:

e Data quality is primarily associated with intrinsic char-
acteristics, in which practitioners prioritize attributes such
as accuracy (92.9%), reliability, consistency, and credibility
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(83.9% each), while governance- and lifecycle-oriented at-
tributes, such as currentness (44.6%), compliance (53.6%), and
traceability (55.4%), receive less emphasis;

e Data quality is addressed early but weakly sustained
across the lifecycle, in which practitioners mainly focus on
collection/preparation and evaluate quality through model
performance metrics, while continuous monitoring and cen-
tralized documentation are less common;

e Evaluation practices are predominantly performance-
driven, in which practitioners rely on model metrics, man-
ual inspection, and validation datasets to assess data quality,
with limited use of explicit data quality metrics or requirement-
driven evaluation approaches; and

e Data quality challenges are persistent, with practitioners
reporting issues such as incomplete data (70%), cross-source
inconsistencies (62%), outdated data (50%), and limited vali-
dation tools and organizational support.

2 Background and Related Work

ML is an approach to learning algorithms (called models) from
data [41]. Unlike deterministic systems, where developers explicitly
define decision logic, ML derives decision-making procedures from
data, often resulting in difficult-to-understand models. This makes
evaluation and accountability more challenging when these sys-
tems behave unexpectedly [5, 16]. When ML models are integrated
into applications, which we refer to as ML-enabled systems in this
paper, humans may be exposed to automated decisions, sometimes
without being aware that ML is used. In turn, data quality refers to
the degree to which data satisfy the requirements of their intended
use. Established standards such as ISO/IEC 25012 [12] conceptualize
data quality as a multidimensional concept, including characteris-
tics such as accuracy, completeness, consistency, currentness, and
traceability. In addition, ISO/IEC 5259 [13] discusses data quality
in analytics and AI/ML contexts, reinforcing the relevance of data
quality as an engineering concern for ML-enabled systems. Table 1
lists the data quality characteristics used in this study [12].

Table 1: Data quality characteristics investigated in this study

Characteristic Description

Accuracy Refers to the extent to which data correctly represent the real-world values, events,
or entities they are intended to describe.

Completeness Refers to the extent to which all necessary data are available and missing values do
not compromise the intended use of the dataset.

Consistency Refers to the extent to which data remain coherent and non-contradictory across
records, datasets, formats, or data sources.

Credibility Refers to the extent to which data can be trusted based on their source, collection
process, and perceived reliability.

Currentness Refers to the extent to which data are up to date and available within a time frame
suitable for the intended ML task.

Accessibility Refers to the extent to which data can be accessed and used by authorized stake-
holders when needed.

Compliance Refers to the extent to which data handling follows applicable rules, standards,
regulations, or organizational policies.

Reliability Refers to the extent to which data can be depended upon to support stable and
trustworthy ML outcomes.

Efficiency Refers to the extent to which data can be processed, stored, and used without
unnecessary computational cost or delay.

Traceability Refers to the extent to which the origin, transformations, versions, and use of data

can be tracked throughout the lifecycle.
Understandability Refers to the extent to which data, their meaning, structure, and context can be
understood by practitioners and stakeholders.

Availability Refers to the extent to which data are available for use when required by develop-
ment, training, testing, or operation activities.
Recoverability Refers to the extent to which data can be restored after loss, corruption, or failure.

Data quality is relevant across the ML development lifecycle.
During data collection, teams need to ensure that data are relevant,
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representative, and collected from reliable sources. During prepara-
tion, practitioners commonly perform cleaning, integration, nor-
malization, transformation, balancing, and outlier handling. During
model training and validation, data quality affects model perfor-
mance metrics, such as accuracy, precision, recall, and F1-score.
After deployment, continuous monitoring may be necessary to de-
tect distribution shifts, inconsistencies, or performance degradation
over time [17, 36]. Therefore, data quality should not be treated
as a one-time concern restricted to preprocessing, but as a con-
tinuous concern from conception to operation. Despite its impor-
tance, managing data quality requirements in ML-enabled systems
remains challenging. Practitioners may face several issues such
as inconsistent data from multiple sources, incomplete datasets,
outdated records, lack of standardization, and difficulty defining
objective metrics for data quality evaluation [8]. They may also face
process-related and organizational challenges, such as insufficient
documentation, limited tool support, lack of continuous validation
practices, and limited collaboration with other teams [14, 24].

Engineering Challenges and Data Issues in ML Systems.
Prior studies identify data as a major source of complexity in ML-
enabled systems. Sculley et al. [32] showed that ML systems accu-
mulate technical debt due to data dependencies and undisciplined
data management. Kalinowski et al. [15], in a large-scale interna-
tional survey, found that data-related problems appear across all
phases of the ML lifecycle, from data collection to model monitor-
ing. Similarly, Amershi et al. [2] report that data quality issues are a
significant class of engineering problems in industrial ML systems,
often requiring more effort than model-related issues. From an RE
perspective, Horkoff [11] and Vogelsang and Borg [37] further ar-
gue that data-related concerns are frequently underspecified and
rarely treated as explicit NFRs in ML projects.

Data Quality Issues and Data Smells. Another line of research
examines low-quality data through data smells, a concept analogous
to code smells in software engineering. Foidl et al. [8] introduced
a catalog of 36 data smells grouped into Believability, Understand-
ability, and Consistency Smells, which may increase technical debt
and data-induced failures in Al-based systems. Similarly, Shome
et al. [34] analyzed 25 public datasets and identified 14 recurring
data smells, showing that these problems also appear in bench-
mark datasets used to train ML models. While these studies help
operationalize observable data quality problems, they focus mainly
on identifying and classifying quality issues, rather than on how
practitioners reason about data quality as a requirement.

Data Quality as Requirements and Development Practices.
The studies most directly related to our work examine data quality
from requirements, governance, and development-process perspec-
tives. Gudivada et al. [10] offered an early characterization of data
quality issues in big data and ML, arguing that traditional data
quality approaches are insufficient for the scale and heterogeneity
of modern ML pipelines. Sambasivan et al. [31] documented the
phenomenon of data cascades, showing that data work is often
undervalued compared with model development, leading teams to
address quality issues reactively. Priestley et al. [28] further argue
that classical data quality frameworks, such as the fitness-for-use
view, are insufficient for contemporary ML contexts and fail to
capture emerging requirements.
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Our contribution. While the importance of data quality for
ML-enabled systems is already well established, we provide ex-
ploratory evidence on how practitioners translate this concern into
requirements-related decisions. We examine which data quality
characteristics they prioritize, how they evaluate, and where gaps
emerge between recognizing data quality as critical and managing
it through explicit requirements practices. This complements prior
work on data quality issues, data smells, and ML engineering chal-
lenges by focusing on practitioners’ perceptions of data quality as
a requirement across the ML lifecycle.

3 Study Design

To define our goal and research questions (RQs), we use the Goal-
Question-Metric (GQM) template [3]. Our goal is: analyze data
quality requirements in ML-enabled systems; for the purpose of
understanding how practitioners perceive, prioritize, evaluate, and
manage data quality throughout the development of ML-enabled
systems; with respect to perceived importance, development prac-
tices, and challenges; from the viewpoint of practitioners in-
volved in the development of ML-enabled systems; in the context
of an international survey spanning seven countries.

RQ;: How do practitioners perceive and prioritize data qual-
ity characteristics in ML-enabled systems? — RQ; investigates
how practitioners understand data quality as a requirement, and
which characteristics they consider more relevant. This helps reveal
how data quality is conceptualized by practitioners and whether
certain quality concerns are systematically prioritized over others.

RQ;: How do practitioners evaluate and incorporate data
quality throughout the ML development lifecycle? - RQ, ex-
amines the practices adopted to evaluate, document, communicate,
and monitor data quality within ML projects. In particular, it investi-
gates at which stages of the lifecycle data quality is addressed, how
its impact on model behavior is measured, and how quality-related
concerns are communicated across teams. By answering RQ,, we
can characterize whether data quality is treated mainly as an up-
front concern during data collection and preparation, or whether it
is continuously managed across the development lifecycle.

RQs3: What challenges do practitioners face when ensur-
ing data quality in ML projects? — RQ; identifies the obstacles
that hinder the effective treatment of data quality requirements in
ML projects. These challenges may include issues related to data
sources, incomplete or outdated datasets, lack of standardization,
difficulty in defining objective metrics, limited tool support, insuffi-
cient documentation, weak version control practices, and limited
cross-team collaboration. By answering RQs, we can shed light on
the practical barriers that prevent data quality from being treated
as a formal requirement in ML-enabled systems.

3.1 Survey Design

To answer our RQs, we chose to use the survey method. To support
the design and execution of the survey, we followed the guidelines
proposed by Linéker et al. [20]. We describe each step as follows.
Step 1: Identifying the target population and sampling,.
Based on our study goal, our target population consists of practi-
tioners with experience in the development of ML-enabled systems,
including developers, data scientists, data engineers, ML engineers,
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and professionals who have worked directly or indirectly with ML
projects. Since we focus on perceptions and practices related to data
quality requirements, we targeted participants with experience in
data processing, data preparation, requirements engineering, or ML
model development. We recruited participants through specialized
groups related to ML, posts on the researchers’ LinkedIn profiles,
and direct contacts previously established by the authors. This re-
cruitment strategy allowed us to reach professionals with different
backgrounds, roles, and levels of experience in ML projects.

Step 2: Designing the survey instrument. We designed and
administered the survey using Google Forms. The survey comprised
22 questions, including closed-ended, multiple-choice, Likert-scale,
and open-ended items, organized into four sections (see Table 2).
These sections progressively collected information on participants’
profiles, experience with data quality, perception of data quality as a
requirement, and implementation of such requirements in practice.
At the beginning of the survey, we presented the study purpose,
the researchers involved, and the Free and Informed Consent Form
(FICF).! Participants were informed that participation was volun-
tary and anonymous, and that they could withdraw at any time
without any penalty. The survey did not request sensitive personal
data. The instrument collected both quantitative and qualitative
evidence through structured responses and open-ended questions
that allowed participants to elaborate on their experiences and
perceptions. We describe the four sections as follows.

The first section comprises seven questions (Q1-Q7) to char-
acterize participants’ demographic and professional profiles, in-
cluding age, location, gender, education level, role in ML-enabled
systems, seniority, and number of ML projects in which they had
been involved. The second section comprises one matrix question
(Q8) designed to assess participants’ familiarity with data process-
ing activities commonly performed in ML projects, such as data
cleaning, normalization, outlier detection, data integration, data
transformation, data validation, automation of data processing,
monitoring of data quality, use of libraries or tools, and dataset
splitting. Participants reported their skill levels using a 5-point Lik-
ert scale [19], ranging from Very high to Very low, with an additional
Not applicable option. This section helped us understand whether
participants’ perceptions were grounded in practical experience
with data quality-related activities.

The third section comprises eight questions (Q9-Q16) designed
to investigate how participants conceptualize and prioritize data
quality in ML-enabled systems. We used ISO/IEC 25012 [12] to se-
lect the survey characteristics because it provides a well-established
data quality vocabulary. Although ISO/IEC 5259 [13] addresses an-
alytics and AI/ML contexts, our instrument focuses on general data
quality characteristics applied to ML-enabled systems, not the full
set of ML-specific requirements. We also limited the set to keep the
survey manageable and reduce ambiguity. For example, we did not
include precision separately because, in ML, the term is commonly
used as a model performance metric; instead, we used accuracy to
refer to data correctness. Other characteristics less aligned with our
research questions, such as portability and confidentiality, were also
left out. First, we asked participants to report the first five words

The study complies with ethical and privacy standards established by the Brazilian
General Data Protection Law (Law No. 13,709/2018).
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Table 2: Survey Questions

Free and Informed Consent Form (FICF)

ID  Question Type
I - General Participant Characterization
Q1 How old are you? C
Q2 In which country or state do you currently reside? (¢}
Q3 What’s your gender? C
Q4  What is your level of education? C
Q5  Which role best describes your current activities in the development of machine C
learning-enabled systems?
Q6 How senior is your role in the team? C
Q7  How many machine learning-based projects have you been involved in? Please O

provide your best estimate.

II - Characterization of Data Quality Experience in ML-enabled Systems

Q8  How would you rate your skill level in relation to the following activities that L
involve the data processing stage in a machine learning-enabled system?

III - Perception of Data Quality as a Requirement for ML-enabled Systems

Q9  What are the first five words that come to mind when you think of data quality O
as a requirement in machine learning projects?

Q10  What experience do you have with Requirements Engineering activities in your O
projects? Have you ever been involved in defining, analyzing or documenting
requirements? If so, can you share a little about what that process was like?

Q11 Based on your experience, how important are the following data quality L
characteristics for machine learning-enabled systems?

Q12 For those characteristics that you considered important, please describe the O
reason for your rating. (Optional)

Q13 Regarding data quality characteristics, how would you characterize the degree L
of priority of each characteristic for machine learning-based system projects?

Q14 For those characteristics that you considered to be a priority, please describe O
the reason for your classification. (Optional)

Q15 Based on your experience, how do you balance different data quality character- O
istics, such as accuracy, understandability and computational efficiency, when
developing machine learning-enabled systems?

Q16 How can data version control impact data quality characteristics in machine C
learning projects?

IV - Implementation of Data Quality Requirements in the Development Process

Q17  Considering the machine learning projects you have participated in, how is M
data quality incorporated into the development process?

Q18 How do you measure the impact of data quality on the performance of the M
machine learning model?

Q19 How often are data quality requirements formally discussed during the devel- C
opment of machine learning projects?

Q20 How do you document and communicate data quality issues within your team M
and with other stakeholders?

Q21  What are the main challenges in guaranteeing data reliability in machine M
learning projects?

Q22 How often do you receive support from other teams (e.g., data team, data C
scientists) to deal with data quality issues?

C: Closed; M: Multiple; O: Open; L: Likert

they associate with data quality as a requirement and to describe
their experience with RE activities. Before the Likert-scale ques-
tions, we provided definitions of the data quality characteristics
listed in Table 1. Participants then assessed these characteristics
along two dimensions: importance, using a 5-point Likert scale [19]
from Not important to Very important; and priority, using a 5-point
Likert scale from Not a priority to Essential. We also asked them to
justify their ratings, describe how they balance trade-offs among
data quality attributes, and indicate how data version control may
impact data quality in ML projects. This section addresses RQj.
The fourth section comprises six questions (Q17-Q22) designed
to investigate how data quality requirements are incorporated into
the development process of ML-enabled systems. We asked partici-
pants how data quality is considered during development, including
assessment during data collection and preparation, continuous mon-
itoring across the model lifecycle, and validation through test sets
before training. We also asked how they measure the impact of
data quality on model performance, considering A/B testing, per-
formance metrics (e.g., precision and recall), and manual review
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of results. In addition, we investigated how often data quality re-
quirements are formally discussed, how data quality issues are doc-
umented and communicated within teams and with stakeholders,
and what challenges practitioners face in ensuring data reliability.
Finally, we asked how often they receive support from other teams,
such as data teams or data scientists. This section addresses RQ,
and RQs, capturing both the practices adopted throughout the ML
lifecycle and the challenges faced by practitioners.

Step 3: Validating and administering the survey. Before ad-
ministering the survey, we conducted a pilot test [21] with two
specialists to evaluate the clarity, consistency, and relevance of
the questions: one data engineer with a master’s degree in Infor-
matics and one Software Engineering graduate pursuing a PhD
in Computer Science. Their feedback led to refinements in the in-
strument, including wording adjustments, removal of redundant
questions, and inclusion of new items to better capture data quality
requirements in ML-enabled systems. The pilot responses were
used only to refine the instrument and were not included in the
main study. After the pilot, we made the survey publicly available
online in Portuguese and English using Google Forms. The survey
targeted professionals with current or previous experience in the
development of ML-enabled systems. We disseminated it through
ML-related groups, the researchers’ LinkedIn profiles, and direct
contacts. The survey remained available from February 13 to March
1, 2025. During this period, we collected 56 valid responses.

Step 4: Conducting data analysis. To address our RQs, we
combined quantitative and qualitative analyses according to the
type of data collected. For closed-ended and Likert-scale questions,
we complemented descriptive statistics with bootstrapped confi-
dence intervals. Since the distribution of professionals involved
in ML-enabled systems is unknown, bootstrapping is suitable for
estimating uncertainty without assuming a specific population
distribution [22, 39]. This strategy has also been used in survey-
based SE research [1, 38]. For each RQ, we considered the number
of valid responses as the empirical sample size n. We generated
S = 1000 bootstrap resamples with replacement, each with size n,
and computed the corresponding statistic for each resample [7]. The
resulting bootstrap distribution was used to estimate confidence
intervals. Responses marked as Not applicable were excluded. We
adopted 1,000 resamples, which has been reported as sufficient for
meaningful estimates in empirical SE contexts [18].

For RQ;, we analyzed Q9-Q16 to examine how participants
conceptualize, evaluate, prioritize, and balance data quality char-
acteristics. We grouped semantically similar terms from Q9, used
Q10 to contextualize participants’ RE experience, and analyzed
Q11-Q14 through response distributions, medians, high-level rat-
ings, and Spearman’s correlation between importance and prior-
ity [40]. We qualitatively analyzed Q15 using Grounded Theory pro-
cedures [4, 6] and examined Q16 through frequency distributions.
For RQ,, we analyzed Q17-Q20 using frequencies and percentages
to characterize how data quality is incorporated, measured, dis-
cussed, documented, and communicated during ML development.
For RQs3, we analyzed Q21-Q22 to identify data quality challenges
and cross-team support. Finally, we grouped participants by role,
seniority, and ML experience to explore differences across profiles.
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4 Results and Discussion

Overview of the participants’ characterization. Participants
were primarily between 25-34 years old (60.7%), followed by 35-44
(16.1%), 18-24 (7.1%), and 45-54 (7.1%). Most of the participants
were male (80.4%), with 19.6% identifying as female. Regarding geo-
graphic distribution, the sample is dominated by participants from
Brazil (42, 75%), followed by the United States (5, 8.9%), Germany (4,
7.1%), and France (2, 3.6%), with limited representation of one partic-
ipant from other countries (Ireland, Colombia, and China). In terms
of experience, participants were mostly junior (37.5%), followed by
mid-level (28.6%), senior (26.8%), and interns (7.1%). On average, par-
ticipants reported experience in 5.48 ML projects. Participants also
showed a high level of academic qualification: Doctorate (21.4%),
Doctoral students (32.1%), Master’s degree holders (8.9%), Master’s
students (12.5%), Specialization (8.9%), Undergraduate (14.3%), and
High School (1.8%). Regarding professional roles, most participants
were Data Scientists (46.4%) or Developers (30.4%), with smaller
representation from Data Engineers (7.1%), ML Engineers (3.6%),
Managers (3.6%), Researchers, and DevOps Engineers (1.8%, each).

Figure 1 shows participants’ self-assessed skills in ten data pro-
cessing activities (Q8). We observed higher proficiency in core
preprocessing tasks, especially data cleaning, train/test split, nor-
malization/standardization, and the use of data processing libraries.
In contrast, lower confidence is reported for production-oriented
activities, especially pipeline automation and production monitor-
ing. This suggests that participants were more familiar with data
preparation than with production-oriented data lifecycle activities.

Less favourable More favourable

Data cleaning - IZ 1%
Normalization/standardization - I o2s%
Outlier detection - Bl 2%
Source integration - BEad 2%
Transformation (PCA, encoding) - o] 73] 11%
Data validation - | 5% 38%
Pipeline automation - o] 15% | 32%
Production monitoring - [N 43%
Libraries (Pandas, etc.) - Bl 5%
Sd% 25;% b 25‘% 56% 75% 106%
% of responses
B Verylow B Below average Average Above average BM Very high 95% CI

Figure 1: Self-assessed data processing skills

4.1 Perception of Data Quality (RQ,)

To answer RQ, we considered five complementary aspects: (i) con-
ceptualization, i.e., the concepts and terms practitioners associate
with data quality (Q9); (ii) experience with RE, i.e., practitioners’
previous experience in analyzing and documenting system require-
ments (Q10); (iii) importance and prioritization, i.e., how practition-
ers evaluate and rank data quality characteristics (Q11-Q14); (iv)
alignment between importance and priority, i.e., the relationship
between perceived relevance and practical prioritization decisions;
and (v) versioning perception, i.e., how practitioners perceive the
impact of data version control on data quality (Q16).

The most frequent words associated with data quality. Par-
ticipants were asked to provide the first five words that came to
mind when thinking of data quality in ML projects (Q9). This ques-
tion aimed to capture the immediate associations and key concepts
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practitioners link to data quality. Figure 2 shows the frequency dis-
tribution of the reported terms. The x-axis represents the position
of the words in the order provided by the participants (from 1 to 5),
corresponding to the sequence in which participants listed them.

Consistency Balance Accuracy Precision Normalization Traceability
Il Completeness [l Cleaning [l Currentness Relevance Compliance M Accessibility
I Reliability Quantity

Frequency
w

3
Words (by rank position)

Figure 2: Top-5 words by rank frequency.

At ranking = 1, Consistency appears as the most frequently
mentioned term (five mentions), followed by Completeness and Re-
liability, both with four mentions. This indicates that participants
primarily associate data quality with the internal coherence and
dependability of data. At ranking = 2, the distribution becomes
more diverse, with Consistency again appearing frequently (five
mentions), followed by Completeness and Quantity (three mentions
each), and Accuracy and Currentness appearing with lower fre-
quencies. This suggests that participants also relate data quality to
correctness, volume, and temporal aspects.

At ranking = 3, Completeness emerges as the most frequent term
(four mentions), followed by Precision and Relevance (three men-
tions each). These terms reflect both intrinsic data properties and
aspects related to usefulness and interpretation. At ranking = 4,
the distribution remains diverse, with relevance and reliability ap-
pearing more frequently (three mentions each), followed by several
other characteristics with lower frequencies. This suggests that
additional contextual and application-dependent aspects of data
quality become more prominent. Finally, at ranking = 5, Current-
ness appears as the most frequent term, although overall mentions
remain sparse and distributed across multiple characteristics.

Finding 1: Participants primarily associate data quality
with intrinsic properties such as Consistency, Completeness,
and Reliability, while other characteristics appear more fre-
quently in later ranking positions.

Experience with Requirements Engineering activities. Q10
asked participants about their experience defining, analyzing, or
documenting requirements. Among those engaged with RE, re-
sponses indicate diverse involvement, including full lifecycle partic-
ipation, stakeholder coordination, and the use of specific techniques
and artifacts. For brevity, the full categorization is available in our
replication package [27]. Participants described active involvement
in RE. P31 reported having “participated in all phases”, while P53
explained that, as a tech lead, the work involves “coordinating with
stakeholders (POs, CPO, etc) to understand business needs”. Others
emphasized artifacts and iterative practices: P9 mentioned “formal
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Importance
Less favourable More favourable
I
Completeness - I
Currentness - I3 2%
Accessibility - II 27%
Compliance - Iz 29;0%
Efficiency - z 1§%
Traceability - 14%
Understandability - | | s
Availability - Il 2%
Recoverability - II 29:%
Sd% 25‘% b 25‘% 56% 75‘% 106%
% of responses
B Not important B Slightly important Neutral Important B Very important 95% Cl

Pontes et al.

Priority
Less favourable More favourable
Completeness - I 16:%
Consistency - f122%
Currentness - IEa 1%
Accessibility - [ [] 32% 25%
Comptance - o QKRR 2%
Efficiency - Ba =%
Traceability - Ig 38%
Understandability - [ [7%] 34%
Availability - 12
Recoverability - II 36:%
50% 25% 0 25% 50% 75% 100%
% of responses
BN Nota priority M Low priority ~ Neutral & High priority BN Essential ~ 95% Cl

Figure 3: Distribution of perceived importance and priority of data quality characteristics.

documentation of requirements in detailed documents”, including
functional and non-functional specifications and use cases, while
P30 noted that “we always hold a meeting with the client where they
identify the scenarios and cases they want to achieve”. Participants
also reflected on RE’s value and challenges. P27 described it as “the
crucial step in defining a good scope, avoiding friction between the
team and the client”, whereas P37 called it “a costly process, but
if done well it’s extremely useful”. Overall, engaged practitioners
portray RE as an adaptive process of aligning stakeholder needs,
technical feasibility, and business context.

Analysis of the perceived importance and priority of data
quality characteristics. We asked participants to evaluate 13 data
quality characteristics in terms of their perceived importance and
priority. Figure 3 overviews the distribution of responses.

Regarding importance (Q11), responses were concentrated in the
important and very important categories. Completeness received the
highest combined positive evaluation (96.4%), followed by Accuracy
and Reliability (94.6% each), Credibility (92.9%), and Consistency
(91.1%). In the very important category, Accuracy stood out (71.4%),
followed by Credibility (67.9%), Reliability (66.1%), and Consistency
(62.5%). These results suggest that participants attribute high impor-
tance to characteristics related to correctness, dependability, and
internal coherence. In contrast, Compliance (64.3%), Understand-
ability (66.1%), and Recoverability (66.1%) received lower positive
evaluations, suggesting a more context-dependent perception.

To complement these results, we asked participants to justify
their importance ratings (Q12). Participants framed Completeness,
Accuracy, Reliability, Credibility, and Consistency as foundational
for trustworthy ML outcomes, often referring to the “garbage in,
garbage out” principle. For instance, P8 stated that “if the data is
a mess, the model will only produce sophisticated garbage”, while
P18 argued that inconsistent, incomplete, or inaccurate data can
compromise “the entire result from your ML pipeline”. At the same
time, participants highlighted that importance is not absolute, but
depends on project context and lifecycle stage. P12 distinguished
characteristics that are “non-negotiable from the initial moment”
from those that can be addressed later, such as documentation and

accessibility. Similarly, P17 noted that importance depends on “the
scope of the project and the learning objective”.

Finding 2: Participants perceive Completeness, Accuracy,
Reliability, Credibility, and Consistency as foundational for
trustworthy ML outcomes, while other characteristics ap-
pear more context-dependent.

Regarding priority (Q13), Accuracy shows the highest combined
proportion of high priority and essential ratings (92.9%), followed by
Reliability, Consistency, and Credibility (83.9% each), and Complete-
ness (82.1%). Conversely, Currentness receives the lowest combined
priority score (44.6%), followed by Compliance (53.6%), Understand-
ability and Traceability (55.4% each), suggesting that governance-
and context-related characteristics are less frequently prioritized in
practice. To provide additional insight, participants described the
reasoning behind their classifications (Q14). The responses show
that highly prioritized characteristics are associated with the re-
liability of results, representativeness of real-world phenomena,
and production readiness. For instance, P31 stated that poor-quality
data makes “all results [...] dubious and unreliable”, while P27 argued
that consistency and completeness indicate how accurately data
represent real-world scenarios. P32 also emphasized that decisions
based on data require information to be “accurate and consistent”.

Participants also described prioritization as constrained by project
needs, domain risks, and available resources. For instance, P20 noted
that several characteristics may be critical, but prioritizing them
“will depend too much on the project in question”. P21 explained that
acceptable precision depends on error tolerance, compliance be-
comes critical in sensitive domains such as healthcare or banking,
and efficiency depends on real-time requirements.

Finding 3: When prioritizing data quality, participants
mainly emphasize correctness- and coherence-related char-
acteristics, while governance- and lifecycle-oriented charac-
teristics are less frequently treated as immediate priorities.




Data Quality Requirements in ML-Enabled Systems

Analysis of correlation between perceived importance and
priority. To examine the relationship between perceived impor-
tance (Q11) and priority (Q13), we computed correlations for each
data quality characteristic. We defined Hj: there is a strong corre-
lation between perceived importance and priority for a given data
quality characteristic. The null hypothesis is Hy: there is no strong
correlation between perceived importance and priority for that
characteristic. We applied the Shapiro-Wilk test [33] to assess data
normality and observed that the data are not normally distributed.
Thus, we used Spearman’s rank correlation coefficient [40] to mea-
sure the association between importance and priority. We consid-
ered a confidence level of 95% (p < 0.05). We categorized the corre-
lation values following Salkind [30]: very strong (0.80 < |p| < 1.00),
strong (0.60 < |p| < 0.80), moderate (0.40 < |p| < 0.60), weak
(0.20 < |p| < 0.40), and weak or no relationship (0.00 < |p| < 0.20).
Table 3 shows the correlation results.

Table 3: Spearman’s p between importance and priority

Data quality characteristic P p-value Strength
Compliance 0.832 < 0.001  Very strong
Currentness 0.714 < 0.001 Strong
Traceability 0.693 < 0.001 Strong
Accuracy 0.637 < 0.001 Strong
Availability 0.633 < 0.001 Strong
Consistency 0.589 < 0.001 Moderate
Completeness 0.585 < 0.001 Moderate
Understandability 0.584 < 0.001 Moderate
Credibility 0573 < 0.001 Moderate
Recoverability 0.571 < 0.001 Moderate
Reliability 0.544 < 0.001 Moderate
Accessibility 0.542 < 0.001 Moderate
Efficiency 0.526 < 0.001 Moderate

We can observe that all data quality characteristics exhibit statis-
tically significant correlations (p < 0.001), ranging from moderate
to very strong. In particular, Compliance shows a very strong corre-
lation (p = 0.832), followed by Currentness (p = 0.714), Traceability
(p =0.693), Accuracy (p = 0.637), and Availability (p = 0.633), indi-
cating that participants tend to prioritize these characteristics when
they perceive them as important. However, the majority of charac-
teristics exhibit only moderate correlations, such as Completeness
(p = 0.585), Consistency (p = 0.589), Credibility (p = 0.573), and
Reliability (p = 0.544). This suggests that, although these charac-
teristics are widely perceived as important, their prioritization is
not as strongly aligned and may depend on contextual constraints,
such as project requirements, cost, or implementation effort.

Interestingly, even characteristics with strong correlations (e.g.,
Compliance) showed gaps between importance and priority levels,
indicating that correlation alone does not capture differences in
absolute ratings. Based on these results, we confirm H; for five
characteristics (Compliance, Currentness, Traceability, Accuracy, and
Availability), which presented strong or very strong correlations.
For the remaining eight characteristics, we reject H; and retain
Hy, since they presented moderate correlations rather than strong
ones. In summary, perceived importance is generally associated
with prioritization, but this association varies across characteristics
and does not eliminate the influence of practical constraints.

Finding 4: Importance and priority are significantly corre-
lated, but this does not imply full alignment in practice, since
prioritization may still depend on constraints and trade-offs.
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Balancing data quality characteristics. We also asked par-
ticipants how they balance different data quality characteristics,
such as accuracy, understandability, and computational efficiency,
in ML-enabled systems (Q15). We report the most prominent cat-
egories here; the full categorization is available in our replication
package [27]. Practitioners describe this balance as a context-driven
decision process, shaped by domain, system constraints, and ex-
pected risks. Decisions may “depend on the problem to be solved”
(P25), on how “the application needs to respond to the user” (P3), or
on “business requirements” (P51). In critical domains, accuracy and
reliability tend to prevail, while in real-time or resource-constrained
systems efficiency becomes more central (P45). Some participants
also express an explicit hierarchy, usually placing accuracy before
understandability and computational efficiency (P2, P14).

A second theme is the recognition of trade-offs and inherent ten-
sions as a structural condition of ML development. Participants
acknowledge that improving one characteristic may require sac-
rificing another, such as “settle for a slightly less precise but much
faster model” (P56) or accepting incomplete but more reliable data
(P16). To handle these tensions, they report balancing strategies
and reconciliation techniques, including model selection (P55), fea-
ture engineering and dimensionality reduction (P6), and iterative
refinement (P20). However, some responses indicate an absence of
systematic consideration, where decisions are driven by available
data rather than explicit trade-off reasoning, as illustrated by P44:
“we simply work on the data we have available”. Overall, balancing
data quality appears to be pragmatic, iterative, and rarely formalized,
despite being widely recognized as essential.

On data version control. We asked participants how data ver-
sion control impacts data quality characteristics (Q16). Most par-
ticipants (91.1%) selected the option stating that version control
ensures data consistency and traceability over time, allowing dataset
changes to be documented and verified. A small share selected that it
eliminates the need to document changes (5.4%), while 1.8% selected
that it increases data availability without requiring consistency checks
between versions. Overall, this suggests strong agreement that ver-
sioning supports data integrity and traceability in ML projects.

Finding 5: Balancing data quality characteristics is mainly
context-dependent and trade-off-driven. Practitioners adapt
priorities to domain risks, system goals, and resource con-
straints, often using accuracy as an anchor, while relying on
practical strategies that are rarely formalized.

4.2 Data Quality in ML Development (RQ;)

To answer RQ;, we analyzed four aspects: (i) adoption of practices,
i.e., how data quality is incorporated into the development process
(Q17); (ii) impact measurement, i.e., how practitioners evaluate the
effect of data quality on model performance (Q18); (iii) formal dis-
cussion, i.e., how often data quality requirements are explicitly dis-
cussed during development (Q19); and (iv) communication practices,
i.e., how data quality issues are documented and communicated
within teams and with stakeholders (Q20). Figure 4 summarizes
practitioners’ responses. Since Q17, Q18, and Q20 allowed multi-
ple selections, we report the number of mentions for each option,
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since participants could select more than one alternative. For Q19,
a single-choice question, we report the proportion of participants.

Q17 — How data quality is incorporated Q18 — How model-quality impact is measured
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Figure 4: Synthesis of responses (Q17-Q20)

The results for Q17-Q20 indicate that data quality is primarily
treated as an upfront concern in ML development, rather than
as a continuously managed process. In Q17, initial assessment in
collection/preparation was the most frequently mentioned practice
(42 mentions), followed by test sets before training (29 mentions)
and continuous monitoring across the lifecycle (28 mentions). Only
9 mentions referred to no formal strategy. The other response, ‘T
did not directly participate in any” (P24), indicates limited direct
experience rather than an additional practice. Overall, data quality
is usually considered, although not always continuously managed.

For Q18, the impact of data quality was mainly assessed through
model performance metrics (52 mentions), followed by manual re-
view of results (29 mentions) and A/B testing (16 mentions). The
other responses reinforce this performance-oriented pattern: P15
emphasized monitoring metrics and confusion matrices, focusing
on “Recall because it is a health-related project”, while P45 combined
performance analysis with “data exploration analysis before training
models”. Overall, practitioners seem to evaluate data quality mostly
through its effects on model behavior, with exploratory analysis
acting as a complementary data-centered practice.

Regarding Q19, formal discussions about data quality require-
ments varied across projects. The most frequent response was at
least once a week (19 participants, 33.9%), followed by once a month
to less than once a week and less than once a month (15 participants,
26.8% each). Only 5 participants reported daily discussions (8.9%),
and only 2 participants indicated that such discussions never occur
(3.6%). Finally, in Q20, communication practices relied mainly on
alignment meetings (41 mentions), followed by structured language
(28 mentions), project management tools (25 mentions), and central-
ized documentation (16 mentions). The other responses complement
this pattern by mentioning informal channels, such as “Slack” (P15),
embedded development spaces, such as “In the same MR” (P21), and
structured environments, such as “Project management tools (fira,
Trello, Asana, and Confluence” (P42). However, they also reveal cases
in which communication was limited or absent, as participants re-
ported “No experience” (P48) and “Only solo projects” (P49). This
suggests that communication about data quality still appears to
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depend largely on team interaction, while persistent documentation
mechanisms are less frequently adopted.

Finding 6: Data quality in ML projects is mainly addressed
early and evaluated via model performance metrics, but re-
mains fragmented, with limited monitoring, documentation,
and systematic discussion across the lifecycle.

To better understand how data quality practices vary across
participants, we combined responses to (Q17-Q20) with profile in-
formation collected at the beginning of the survey. We compared re-
sponses across three profile dimensions: career stage, role type, and
experience with ML projects. We defined the following groups: (a)
early-career practitioners, including trainees and junior participants
(25 respondents); (b) mid-career practitioners, including full-level
participants (16 respondents); (c) senior-level practitioners, including
senior participants (15 respondents); (d) data-oriented practition-
ers, including data scientists, data engineers, and ML engineers
(32 respondents); (e) product-oriented practitioners, including soft-
ware developers, managers, and researchers (24 respondents); (f)
practitioners with up to five ML projects (36 respondents); and (g)
practitioners with more than five ML projects (20 respondents). After
defining these groups, we compared their responses to Q17, Q18,
Q19, and Q20. Figure 5 shows responses by profile.

Data-oriented roles drive continuous practices. Our results
indicate that data-oriented participants are more engaged in activi-
ties that extend beyond the initial stages of development. For in-
stance, continuous monitoring across the lifecycle was more frequent
among data-oriented participants (18%) than product-oriented ones
(7%). Similarly, performance metrics were more often reported by
the former group (32%) than the latter (21%). This suggests that
responsibilities related to data handling tend to persist throughout
the lifecycle and may depend strongly on specialized data roles.

Data quality is still mostly front-loaded. Initial assessment
during collection/preparation was the most recurrent practice across
profiles, especially among data-oriented participants and those
with up to five ML projects (23% each). In contrast, continuous
monitoring across the lifecycle appeared less frequently, suggesting
that data quality is still treated mainly as an upfront concern rather
than as a continuously managed requirement. The assessment
relies mainly on model performance metrics. Performance
metrics were the dominant strategy for measuring the impact of data
quality on model performance, particularly among data-oriented
participants (32%) and those with up to five ML projects (34%).
Manual review of results also appeared as a complementary strategy,
especially in the latter group (20%). This indicates that data quality
is often operationalized indirectly through model behavior rather
than through standalone data quality metrics.

Communication remains informal and weakly standard-
ized. Alignment meetings were the most common mechanism for
communicating data quality issues, especially among data-oriented
participants and those with up to five ML projects (22% each). More
structured mechanisms such as centralized documentation (up to
10%) and periodic reports (up to 6%) were less frequent, suggest-
ing that data quality knowledge is often shared through team-
dependent practices rather than persistent artifacts. Experience
may influence formalization. Participants with up to five ML
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Figure 5: Distribution of responses (Q17-Q20) within each practitioner profile.

projects reported higher use of performance metrics (34%) and align-
ment meetings (22%) than those with more than five projects (19%
and 11%, respectively). One possible interpretation is that less expe-
rienced participants rely more on explicit practices, whereas more
experienced ones may rely more on tacit knowledge.

Finding 7: Data quality practices vary by practitioner pro-
file, but remain mostly front-loaded and informally commu-
nicated. Data-oriented practitioners report more monitoring
and metric-based assessment, while less experienced ones
rely more on explicit practices and alignment meetings.

4.3 Data Quality Challenges (RQ5)

To answer RQj3, we analyzed two complementary aspects: (i) chal-
lenges identification, i.e., the main difficulties in ensuring data relia-
bility in ML projects (Q21); and (ii) organizational support, i.e., how
often practitioners receive support from other teams when dealing
with data quality issues (Q22). Figure 6 summarizes practitioners’
responses. Since Q21 allowed multiple selections, we report the
proportion of participants mentioning each challenge. For Q22, a
single-choice question, we report the proportion of participants
who select each option.

Q22 — Support frequency
from other teams (n=55)

Q21 — Main challenges to ensure
data reliability (n=56)
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Figure 6: Summarization of responses (Q21-Q22)

Main challenges faced by practitioners. Figure 6 shows that
the most frequently reported challenges were incomplete or missing
data (70%, n = 39), inconsistency across data sources (62%, n = 35)

and outdated or unreliable data (50%, n = 28). Practitioners also
reported governance and engineering challenges, such as lack of
format standardization (48%, n = 27), errors in data collection and
processing (45%, n = 25), lack of validation tools (39%, n = 22), and
difficulty in traceability and versioning (25%, n = 14). The only
other response mentioned issues related to data structure and data
nature (P15). These results suggest that data quality challenges span
data collection, integration, validation, and maintenance, requiring
coordination across activities and roles.

Organizational support. We asked participants how often they
receive support from other teams (e.g., data teams or data scientists).
Figure 6 also shows that most participants receive support only
occasionally (36%) or rarely (33%), while fewer reported receiving
support often (18%) or always (9%); one participant did not answer
this question. This suggests that, although data quality challenges
are recurrent, support from specialized teams is not consistently
available, reinforcing the need for more integrated and collaborative
data quality management.

Finding 8: Participants report recurrent data quality chal-
lenges, especially incomplete data, inconsistency across
sources, and outdated data, while organizational support
is often only occasional or rare.

5 Implications for Requirements Engineering

Treating data quality as a requirements problem, not only
a preprocessing concern. Our results show that participants
strongly value intrinsic data quality characteristics, especially Com-
pleteness, Accuracy, Reliability, Credibility, and Consistency. How-
ever, governance- and lifecycle-oriented characteristics, such as
Currentness, Compliance, Traceability, and Understandability, re-
ceived lower priority. This suggests that data quality is recognized
as important, but is not always translated into explicit require-
ments across the ML lifecycle. Requirements Engineering (RE)
should therefore make these characteristics visible during elici-
tation, especially when domain risks, regulations, privacy concerns,
or operational constraints make them critical. This reinforces prior
work arguing that RE for ML-enabled systems must adapt to data-
dependent development settings, where requirements are shaped
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not only by software behavior but also by data properties, privacy
concerns, and organizational practices [1, 23, 37].

Specifying data quality requirements beyond performance
metrics. Participants often reported assessing data quality through
model performance metrics. Although useful, these metrics are
insufficient as requirements evidence: a model may perform well
while relying on data that are outdated, weakly documented, hard to
trace, or difficult to audit. Thus, data quality requirements should be
specified in assessable terms, including acceptance criteria, dataset
assumptions, quality thresholds, validation checks, versioning rules,
and monitoring conditions. For researchers and tool builders, this
points to RE support that connects data quality requirements to ML
pipeline artifacts, such as dataset contracts, quality checks, version
histories, and monitoring dashboards. This aligns with prior work
showing that production ML systems require explicit data validation
and engineering practices beyond model-level evaluation [2, 26].
Dataset documentation approaches, such as datasheets and data
cards, also provide useful starting points for connecting data quality
requirements to concrete artifacts [9, 29].

Managing data quality requirements as lifecycle and or-
ganizational concerns. Our results indicate that data quality
practices remain mostly front-loaded: initial assessment during
collection and preparation was the most frequent practice, while
continuous monitoring, centralized documentation, and structured
communication were less frequent. Participants also reported re-
current challenges related to incomplete data, inconsistency across
sources, and outdated or unreliable data, often with limited orga-
nizational support. These results suggest that data quality require-
ments should not be managed only at the beginning of development.
RE for ML-enabled systems should support continuous validation,
change management, stakeholder communication, and clear respon-
sibility assignment across data, development, and business roles.
This concern is consistent with prior evidence that undervalued
data work can create downstream failures and that data dependen-
cies are a major source of technical debt in ML systems [31, 32].

6 Threats to Validity

We discuss threats to the study validity [40] as follows.
Construct and internal validity. The survey instrument may
not fully capture the intended constructs, such as practitioners’
perceptions of data quality requirements and their implementation
across the ML lifecycle. To mitigate this threat, we designed the
questionnaire based on prior work on data quality and require-
ments engineering [1, 15] and structured it using the GQM [3],
aligning the study goal, RQs, and survey questions. We also pro-
vided definitions of data quality characteristics before Likert-scale
questions and validated the survey through a pilot study with do-
main experts [21], which led to wording refinements, removal of
redundancies, and improved clarity. Moreover, because our instru-
ment was mainly based on ISO/IEC 25012, it may not capture the
full set of AI/ML-specific data quality concerns discussed in ISO/IEC
5259. Regarding internal validity, participants’ responses may have
been influenced by their roles, experience, or organizational context.
To reduce this threat, we collected demographic and professional
data, conducted complementary analyses across participant pro-
files, and used structured questions with predefined options and
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examples to reduce misinterpretation. In addition, the combination
of quantitative (descriptive statistics with bootstrapping) and quali-
tative analysis (Grounded Theory procedures) helped triangulate
findings and reduce interpretation bias [4, 6].

Conclusion and external validity. The generalizability of our
findings is limited by the sample composition. Although partici-
pants came from multiple countries, most responses came from
Brazil, and the sample includes many early- and mid-career practi-
tioners, several of them with strong academic backgrounds. Thus,
our results should be interpreted as exploratory evidence rather
than as representative of the global population of ML practitioners
or mature industrial ML settings. Future studies should adopt more
balanced samples across countries, industry sectors, organizational
contexts, ML maturity levels, and data-oriented roles. Regarding
conclusion validity, the relatively small sample size and response
variability, especially in open-ended questions, may affect the relia-
bility of the results. To mitigate this, we used bootstrapping with
1,000 resamples to estimate confidence intervals without assuming
a specific population distribution [7, 18, 22]. For qualitative data,
we followed Grounded Theory procedures [4], including open and
axial coding, and conducted the analysis collaboratively to reduce
subjectivity and reach consensus. Nevertheless, some nuance may
be lost when aggregating qualitative insights into categories.

7 Conclusion and Future Work

This paper investigated how practitioners perceive, prioritize, eval-
uate, and manage data quality requirements in ML-enabled systems.
Based on an exploratory survey with 56 practitioners from seven
countries, we found that participants mainly associate data quality
with intrinsic characteristics, especially consistency, completeness,
reliability, accuracy, and credibility. By contrast, compliance, trace-
ability, currentness, and understandability received lower priority,
suggesting that governance- and lifecycle-oriented concerns are
often handled according to project context.

The results also show that data quality is frequently recognized
as important, but not always managed as an explicit requirement.
Participants reported addressing data quality mostly during data
collection and preparation, and often evaluating it through model
performance metrics. This practice may overlook requirements-
level concerns such as outdated data, weak traceability, limited doc-
umentation, auditability, and compliance evidence. Thus, data qual-
ity in ML-enabled systems still appears fragmented, performance-
oriented, and dependent on local team practices. Future work should
investigate how to elicit, specify, monitor, and trace data quality
requirements across ML pipelines, as well as replicate this study
with larger and more diverse samples and interviews to better
understand data quality trade-offs in practice.

Artifact Availability

All artifacts from this study, including datasets, analysis scripts,
and documentation, are available in our replication package [27].
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