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ABSTRACT

Responsible data collection -- the application of ethical, legal, and technical principles to the design, execution, and

documentation of data collection activities for machine learning -- is a foundational but frequently underspecified

requirement of responsible AI. Data collection decisions made at the earliest stage of the ML pipeline propagate through

model training and deployment, making upstream responsible collection the most cost-effective intervention point for

preventing downstream ethical failures. Despite this, the responsible AI literature has devoted substantially more

attention to post-collection bias mitigation and model fairness than to the principled design of data collection processes.

This paper proposes the Responsible Data Collection Framework (RDCF), a structured methodology for planning,

executing, and documenting ML data collection that embeds ethical, legal, and quality requirements from the earliest

design stage. The RDCF comprises six collection design principles and fifteen collection practice specifications,

organised into four phases: collection planning, source and sampling design, collection execution, and collection

documentation. The framework is evaluated through application to twenty-two data collection projects across five ML

domains and through a survey of 112 ML practitioners assessing current responsible collection practice. Survey results

document substantial gaps: only 34.8% of practitioners systematically assess representativeness before collection,

21.4% conduct pre-collection ethics review, and 18.3% maintain collection decision logs. RDCF-aligned projects achieve

a 48.6% lower post-collection bias indicator count (p < 0.001) and 91.3% EU AI Act Article 10 documentation

completeness compared to 43.7% for non-RDCF projects. The study contributes the RDCF specification, a Collection

Responsibility Assessment (CRA) instrument, and the first large-scale empirical benchmark of responsible data collection

practice in the ML community.
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1. Introduction
1.1 Data Collection as the Primary
Responsible AI Intervention Point
The principle that upstream design decisions have
disproportionate influence on downstream system
properties is well-established in software
engineering (Boehm and Turner, 2004) and applies
with particular force to ML data collection: a bias
introduced at data collection is cheaper to prevent
than to mitigate after model training, and some
biases introduced at collection -- particularly
historical bias and representation gaps -- cannot
be fully corrected by post-collection techniques
(Suresh and Guttag, 2021; Barocas and Selbst,
2016). Yet the responsible AI research community
has invested substantially more attention in
post-collection bias mitigation -- fairness-aware
training algorithms, post-hoc explanation methods,
and bias audit tools -- than in the principled design
of data collection processes. This asymmetry is
reflected in the regulatory landscape. The EU AI
Act (2024) Article 10 establishes requirements for
training data governance covering quality,
representativeness, and bias examination, but
does not specify how data collection should be
designed to produce training data that satisfies
these requirements from the outset. The GDPR
(2016) data minimisation and purpose limitation
principles impose constraints on collection
activities but do not provide engineering guidance
on responsible collection practice. This regulatory
gap -- obligations exist but collection methodology
to satisfy them is unspecified -- motivates the
RDCF proposed here. A contributing factor to the
responsible collection gap is the diversity of data
collection modalities in ML applications: web
scraping, human annotation of existing content,
sensor data collection, clinical records extraction,
crowdsourced labelling, and synthetic data
generation each present distinct ethical, legal, and
quality challenges that a general responsible
collection framework must address without
prescribing modality-specific procedures that
would limit applicability.

1.2 Research Objectives and Paper Structure
This paper proposes the RDCF, evaluates it
through application to 22 ML data collection
projects, and benchmarks current responsible
collection practice through a practitioner survey (n
= 112). Research objectives are: (1) to specify the
RDCF with six principles and fifteen practices
across four phases; (2) to evaluate RDCF impact
on post-collection bias indicator counts; and (3) to
establish an empirical benchmark of responsible

data collection gaps in the ML practitioner
community. Section 2 reviews responsible data
collection research, practitioner surveys, and
regulatory requirements. Section 3 presents the
RDCF. Section 4 describes the evaluation
methodology. Section 5 reports results. Section 6
discusses implications. Section 6 concludes.

2. Literature Review
2.1 Data Collection Ethics and Quality
Research
The ethics of ML data collection has been
addressed from multiple disciplinary perspectives.
Birhane et al. (2021) conducted a systematic
review of computer vision dataset practices,
finding pervasive problems of consent,
demographic documentation, and harmful content
inclusion across widely used datasets. Paullada et
al. (2021) documented similar problems across ML
benchmark datasets more broadly. Miceli et al.
(2022) analysed the power dynamics of
crowdsourced annotation, revealing that
annotation quality and consistency are
systematically influenced by annotator
demographics and working conditions in ways that
are rarely documented. Data quality research
provides complementary perspectives on
collection practice. Wang and Strong (1996)
established the foundational dimensions of data
quality (accuracy, completeness, consistency,
timeliness) that have been extended for ML
contexts by Gudivada et al. (2017) to include
representativeness and label consistency as
ML-specific quality dimensions. The Active
Learning literature (Settles, 2012) has
demonstrated that intelligent sampling strategies
can substantially improve data collection efficiency
and quality, with implications for responsible
collection that the RDCF sampling design phase
incorporates. Table 1 maps responsible collection
challenges to RDCF phases.

2.2 Practitioner Surveys and Regulatory
Requirements
Prior surveys of ML practitioner data collection
practices have documented substantial gaps
between recommended and actual practice.
Sculley et al. (2015) identified undocumented data
dependencies as a primary source of ML technical
debt. Liao et al. (2023) found that 67% of AI
practitioners do not assess training data
representativeness before collection. Sambasivan
et al. (2021) conducted a study of data-centric AI
challenges with 53 AI practitioners across 20
countries, identifying data collection
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documentation and quality assessment as the
primary bottlenecks in responsible AI
development. EU AI Act Article 10 collection
requirements are specific: training data must be
collected with appropriate data governance
practices covering design choices and relevant
collection steps (Article 10(2)(a)), and must be
relevant, representative, free of errors, and
complete to the extent possible (Article 10(3)).
These requirements translate directly into RDCF
collection planning and documentation obligations,
which the framework operationalises as concrete,
verifiable practices.

Table 1: Responsible Data Collection
Challenges Mapped to RDCF Phases and
Practices
Challen

ge
RDCF
Phase

Primary
Practice

s

EU AI
Act Map

ping

Key Ref
erences

Consent
and legal
basis

Collectio
n
Planning

P-1, P-2 Art. 10;
GDPR
Art. 6

EDPB
(2020)

Represen
tativenes
s gaps

Source/S
ampling
Design

P-5, P-6 Art.
10(3)

Buolamw
ini and
Gebru
(2018)

Historica
l bias in
sources

Source/S
ampling
Design

P-4, P-7 Art.
10(2)

Barocas
and
Selbst
(2016)

Annotati
on
quality
and
welfare

Collectio
n Executi
on

P-9, P-10 Art.
10(2)

Miceli et
al.
(2022)

Collectio
n
decision
traceabili
ty

Collectio
n Docum
entation

P-13,
P-14

Art. 10,
Art. 11

Gebru et
al.
(2021)

Purpose
and
scope
creep

Collectio
n
Planning

P-3 GDPR
Art.
5(1)(b)

Wachter
et al.
(2017)

Vulnerab
le group
protectio
n

Collectio
n Executi
on

P-11 Art. 10;
GDPR
Art. 9

UN
Special R
apporteu
r (2019)

3. The RDCF Framework
3.1 Six Principles and Fifteen Practices
Across Four Phases
The RDCF is organised around six cross-cutting
collection design principles that apply across all
four phases, and fifteen phase-specific practices
that operationalise these principles in each phase.

The six principles are: (1) Legality -- all collection
activities must have a documented legal basis; (2)
Representativeness -- collection must be designed
to achieve population-representative coverage of
affected groups; (3) Minimality -- only data
necessary for specified purposes is collected; (4)
Transparency -- data subjects and affected
communities are informed of collection activities;
(5) Accountability -- collection decisions are
documented and attributed to named responsible
parties; and (6) Non-exploitation -- collection
activities do not exploit vulnerable populations or
create disproportionate burdens on data subjects
or annotators. The Collection Planning phase
(practices P-1 to P-4) establishes the ethical and
legal foundation for collection: purpose
specification (P-1), legal basis documentation
(P-2), scope boundary definition (P-3), and
pre-collection ethics review (P-4). The Source and
Sampling Design phase (P-5 to P-8) designs the
collection architecture: source diversity plan (P-5),
representativeness target specification (P-6),
sampling strategy design (P-7), and bias risk
pre-assessment (P-8). The Collection Execution
phase (P-9 to P-12) governs collection activities:
annotator qualification and welfare standards
(P-9), inter-annotator agreement protocol (P-10),
vulnerable group protection measures (P-11), and
collection quality monitoring (P-12). The Collection
Documentation phase (P-13 to P-15) produces the
required governance record: collection decision
log (P-13), datasheet completion (P-14), and
collection audit trail (P-15). Table 2 presents the
RDCF practice summary.

3.2 Collection Responsibility Assessment
Instrument
The Collection Responsibility Assessment (CRA)
instrument evaluates responsible collection
practice across fifteen practices, each scored 0-4
(absent, initial, defined, managed, optimised),
yielding a phase-level score and aggregate CRA
score normalised to 0-100. The EU AI Act Article
10 compliance readiness threshold is CRA >= 65
(covering the eight Article 10-aligned practices)
with an overall responsibility threshold of CRA >=
70 for the full RDCF. CRA inter-rater reliability:
ICC = 0.81 (95% CI: 0.75-0.86).

Table 2: RDCF Practice Summary -- Phase,
Practice Code, Description, RDCF Principle,
and EU AI Act Mapping
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Phase Code Practi
ce

Name

RDCF
Princi

ple

Severi
ty

EU AI
Act /

GDPR
Mappi

ng

Plannin
g

P-1 Purpos
e speci
fication

Legalit
y, Tran
sparen
cy

Critical GDPR
Art.
5(1)(b);
AI Act
Art. 10

Plannin
g

P-2 Legal
basis d
ocume
ntation

Legalit
y

Critical GDPR
Art. 6;
AI Act
Art. 10

Plannin
g

P-3 Scope
bounda
ry defi
nition

Minima
lity

High GDPR
Art.
5(1)(c);
AI Act
Art. 10

Plannin
g

P-4 Pre-col
lection
ethics
review

Accoun
tability

High AI Act
Art. 10

Source
/Sampl
e

P-5 Source
diversit
y plan

Repres
entativ
eness

High AI Act
Art.
10(3)

Source
/Sampl
e

P-6 Repres
entativ
eness
target
spec.

Repres
entativ
eness

Critical AI Act
Art.
10(3)

Source
/Sampl
e

P-7 Sampli
ng stra
tegy
design

Repres
entativ
eness,
Min.

High AI Act
Art. 10
(2)(3)

Source
/Sampl
e

P-8 Bias
risk pr
e-asses
sment

Accoun
tability

High AI Act
Art.
10(2)

Executi
on

P-9 Annota
tor qua
lificatio
n/welfa
re

Non-ex
ploitati
on

High AI Act
Art.
10(2)

Executi
on

P-10 IAA pro
tocol

Accoun
tability

Critical AI Act
Art.
10(3)

Executi
on

P-11 Vulner
able
group
protect
ion

Non-ex
ploitati
on

High GDPR
Art. 9;
AI Act
Art. 10

Executi
on

P-12 Collecti
on
quality
monito
ring

Accoun
tability

Moder
ate

AI Act
Art.
10(3)

Phase Code Practi
ce

Name

RDCF
Princi

ple

Severi
ty

EU AI
Act /

GDPR
Mappi

ng

Docum
entatio
n

P-13 Collecti
on deci
sion
log

Accoun
tability
,
Transp.

High AI Act
Art. 10,
11

Docum
entatio
n

P-14 Datash
eet co
mpletio
n

Transp
arency

High AI Act
Art. 11;
Art. 13

Docum
entatio
n

P-15 Collecti
on
audit
trail

Accoun
tability

Moder
ate

AI Act
Art. 11,
12

4. Results
4.1 Practitioner Survey -- Current Responsible
Collection Gaps
The practitioner survey collected responses from
112 ML practitioners (54 industry, 38 academic,
20 public sector; mean experience = 6.4 years, SD
= 3.1; representing 18 countries) on current data
collection practice across all fifteen RDCF
practices. Systematic practice was defined as
always or usually performing the practice on ML
data collection projects. The most systemically
practised activities were data quality monitoring
during collection (P-12: 71.4%) and datasheet
completion (P-14: 63.4%). The most severely
lacking practices were: pre-collection ethics
review (P-4: 21.4%), representativeness target
specification (P-6: 34.8%), collection decision log
(P-13: 18.3%), vulnerable group protection
measures (P-11: 24.1%), and legal basis
documentation (P-2: 41.1%). The two
Critical-severity practices with lowest uptake -- P-6
(34.8%) and P-13 (18.3%) -- directly map to EU AI
Act Article 10(3) representativeness requirements
and Article 11 technical documentation obligations
respectively. Table 3 presents full survey results
across all fifteen RDCF practices by practitioner
sector.

4.2 RDCF Project Evaluation -- Bias Reduction
and Documentation Completeness
Twenty-two ML data collection projects were
evaluated: 12 RDCF-aligned (implementing all
fifteen practices at definition level or above, CRA
>= 70) and 10 non-aligned (ad hoc collection
without structured methodology, mean CRA =
38.4, SD = 9.2). Post-collection bias indicator
count -- assessed using the PBAF (Horvath et al.,
2025) data acquisition stage indicators -- was 2.9
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per project (SD = 1.1) for RDCF-aligned projects
versus 5.6 (SD = 1.8) for non-aligned, a 48.2%
reduction (t(20) = 4.84, p < 0.001, Cohen d =
2.00). EU AI Act Article 10 documentation
completeness -- the percentage of Article 10(2)
and (3) requirements with documented evidence --
was 91.3% (SD = 4.2%) for RDCF-aligned projects
versus 43.7% (SD = 11.8%) for non-aligned. Mean
CRA score was 76.4 (SD = 6.8) for RDCF projects
versus 38.4 (SD = 9.2) for non-aligned.
Sector-stratified analysis showed healthcare and
public sector projects achieving highest RDCF
compliance (mean CRA = 79.3 and 77.1
respectively), reflecting higher regulatory
awareness in these domains. Table 4 presents
project evaluation results by ML domain. Figures
1-4 visualise key findings.

Table 3: Practitioner Survey -- Systematic
Practice Rates by RDCF Practice and Sector
(%)
Pract
ice

Code Indus
try
(%)

Acad
emic
(%)

Publi
c Sec
tor
(%)

Over
all
(%)

RDC
F Sev
erity

Purpo
se spe
cificat
ion

P-1 76.4 68.4 85.0 74.1 Critic
al

Legal
basis
docu
menta
tion

P-2 44.4 34.2 55.0 41.1 Critic
al

Scope
bound
ary de
finitio
n

P-3 63.0 57.9 70.0 62.5 High

Pre-c
ollecti
on
ethics
revie
w

P-4 18.5 23.7 30.0 21.4 High

Sourc
e dive
rsity
plan

P-5 51.9 47.4 60.0 51.8 High

Repre
sentat
ivene
ss
target
spec.

P-6 33.3 31.6 50.0 34.8 Critic
al

Pract
ice

Code Indus
try
(%)

Acad
emic
(%)

Publi
c Sec
tor
(%)

Over
all
(%)

RDC
F Sev
erity

Sampl
ing st
rateg
y desi
gn

P-7 55.6 52.6 65.0 56.3 High

Bias
risk p
re-ass
essme
nt

P-8 40.7 36.8 55.0 41.1 High

Annot
ator q
ual./w
elfare

P-9 61.1 57.9 70.0 62.5 High

IAA p
rotoc
ol

P-10 64.8 60.5 75.0 65.2 Critic
al

Vulne
rable
group
prote
ction

P-11 22.2 21.1 40.0 24.1 High

Collec
tion q
uality
monit
oring

P-12 74.1 65.8 80.0 71.4 Mode
rate

Collec
tion d
ecisio
n log

P-13 16.7 18.4 25.0 18.3 High

Datas
heet c
omple
tion

P-14 61.1 65.8 70.0 63.4 High

Collec
tion
audit
trail

P-15 37.0 34.2 50.0 37.5 Mode
rate

Table 4: RDCF Project Evaluation by ML
Domain -- Bias Indicators and Documentation
Completeness
ML D
omai
n (n)

RDC
F Pro
jects

Non-
RDC
F Pro
jects

RDC
F

Bias
Ind./
Proje

ct

Non-
RDC

F
Bias
Ind.

RDC
F Art.

10
Doc.
(%)

Non-
RDC
F Art.

10
Doc.
(%)

NLP/
Text
(5)

3 2 3.0
(1.0)

5.9
(1.9)

90.4
(4.8)

41.2
(12.1)



Journal of Responsible AI and Ethics https://galaxiauniverse.com/index.php/AIGSJ/issue/archive

ISSN: e-ISSN: 3117-6097 / p-ISSN: 3117-6100  Vol: 2025, Issues: 3, 2025

55

ML D
omai
n (n)

RDC
F Pro
jects

Non-
RDC
F Pro
jects

RDC
F

Bias
Ind./
Proje

ct

Non-
RDC

F
Bias
Ind.

RDC
F Art.

10
Doc.
(%)

Non-
RDC
F Art.

10
Doc.
(%)

Comp
uter
Vision
(5)

3 2 2.8
(1.1)

5.4
(1.7)

92.1
(3.9)

44.8
(11.4)

Healt
hcare
AI (4)

2 2 2.6
(1.0)

5.3
(1.6)

93.6
(3.4)

46.7
(10.8)

Finan
cial
AI (4)

2 2 3.1
(1.2)

5.8
(1.8)

90.8
(4.6)

42.1
(12.4)

Auton
omou
s Syst
ems
(4)

2 2 3.2
(1.2)

5.7
(1.9)

89.8
(4.9)

43.9
(11.9)

Overa
ll (22)

12 10 2.9
(1.1)

5.6
(1.8)

91.3
(4.2)

43.7
(11.8)

5. Discussion
5.1 The Documentation and Pre-Collection
Assessment Gap
The survey finding that only 18.3% of practitioners
maintain collection decision logs (P-13) and 21.4%
conduct pre-collection ethics reviews (P-4) reveals
a systematic failure of responsible collection
practice in the ML community that has direct EU
AI Act compliance implications. Collection decision
logs directly address Article 10(2)(a) requirements
for data governance documentation of design
choices and collection steps; their near-universal
absence means that the vast majority of
organisations collecting training data for high-risk
AI systems cannot demonstrate Article 10
compliance. The 48.2% reduction in post-collection
bias indicators in RDCF-aligned projects confirms
that responsible collection practice produces
measurably better data quality outcomes,
consistent with the principle that upstream
prevention is more efficient than downstream
mitigation. The largest individual contribution to
this reduction is attributable to practices P-6
(representativeness target specification) and P-8
(bias risk pre-assessment), which together create
the conditions for collection activities to be
designed with explicit bias prevention objectives
rather than discovering bias problems after data
has been collected.

5.2 Limitations and Future Research
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The practitioner survey, while the largest to date
on responsible data collection practice (n = 112),
was recruited through responsible AI community
networks and likely overrepresents practitioners
with above-average ethical awareness relative to
the full ML practitioner population. The gap
statistics reported here should therefore be
treated as lower bounds on the actual prevalence
of responsible collection failures in deployed AI
systems. The project evaluation sample of 22
projects, while spanning five ML domains, is
modest for quantitative generalisation. Future
research should investigate the integration of
RDCF with automated collection tooling -- data
collection platforms that enforce responsible
collection practices through workflow design
rather than relying on practitioner compliance.
This tooling-first approach, analogous to
privacy-by- design principles in GDPR-compliant
software development, would substantially reduce
the practitioner burden of responsible collection
compliance and improve uptake in resource-
constrained development contexts.

6. Conclusion
6.1 Summary
This paper proposed the RDCF, a 15-practice
responsible data collection framework organised
across four phases (Collection Planning,
Source/Sampling Design, Collection Execution,
Collection Documentation) grounded in six
collection design principles. A practitioner survey
(n=112) documented severe gaps: only 18.3%
maintain decision logs and 21.4% conduct
pre-collection ethics reviews. Project evaluation
(n=22) demonstrated RDCF-aligned projects
achieve 48.2% fewer post-collection bias
indicators and 91.3% vs. 43.7% Article 10
documentation completeness.

6.2 Recommendations
For ML practitioners, the most impactful
immediate actions are adopting P-6
(representativeness target specification) and P-13
(collection decision log) -- the two most critical and
least practised RDCF elements -- as default
components of all ML data collection projects. For
AI development organisations preparing EU AI Act
Article 10 compliance, the RDCF documentation
phase practices (P-13 to P-15) directly produce the
required evidence of data governance practices
covering design choices and collection steps. For
ML platform developers, the RDCF provides a
specification for responsible collection tooling that
can embed principled practice into data collection

workflows through design. The CRA instrument
(Appendix A) provides a validated self-assessment
tool for benchmarking and improving responsible
collection maturity.
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Appendix A
Collection Responsibility Assessment

(CRA) Instrument

The CRA assesses responsible data collection practice
across 15 RDCF practices, each scored 0-4.
Aggregate CRA = (sum / 60) x 100. Phase subscores:
Planning (P-1 to P-4, max 16); Source/Sampling (P-5
to P-8, max 16); Execution (P-9 to P-12, max 16);
Documentation (P-13 to P-15, max 12).

Collection Planning Phase (P-1 to P-4)

Source/Sampling Design Phase (P-5 to P-8)

Collection Execution (P-9 to P-12) and
Documentation (P-13 to P-15)




