
 
CURATORIAL 
ELEMENT 

DESCRIPTION DOCUMENTATION LEVEL 

Criteria to meet minimum 
standard 

Criteria to meet standard of excellence 

SCOPE 
1 Context, purpose, 

motivation 

This information explains the purpose of dataset 
creation for the specified domain.  

Documentation discusses the 
problem domain, what problems 
the new dataset addresses, the 
relevance of those problems, 
and the need for a new dataset 
in comparison to existing 
datasets. 

Documentation explains how the context of the 
dataset affects possible reuse and includes 
reflection on the dataset creators’ awareness of 
social, political, and historical context. 

2 Requirements  The translation process from a "real-world" problem 
to a "ML problem" for which the dataset is created 
[21, 23] consists of numerous decisions, expertise, 
and worldviews that should be documented in order 
to understand the context in which the problem 
situation was framed.  

Documentation states how the 
problem was formulated and 
how the dataset creation plan 
was generated. 

Documentation includes reflection on how the 
problem formulation introduces intrinsic biases. 

ETHICALITY AND REFLEXIVITY 
3 Ethicality Ethical considerations are critical to the fair and 

accountable creation and (re)use of datasets.  
Documentation discusses how 
the benefits of creating the 
dataset outweigh any harms of 
creating it (see proportionality 
principle), and it discusses 
informed consent if the dataset 
is about humans.  

Documentation goes beyond requirements listed in 
ethics framings like guidelines/policies/checklists. 
For example, documentation discusses alternate 
methods of dataset creation that were not used 
because of potential ethical harm. 

4 Domain knowledge & 
data practices 

Creating a dataset involves, often tacit, expertise 
about one or more domains as well as data 
practices. Articulating both types of nuance required 
in dataset development makes data work more 
transparent [11, 14, 21, 24, 26].  

Documentation states the 
domain-specific expertise and 
data skills required in 
developing the dataset. 

Documentation discusses the required expertise 
needed to understand the intended purpose of the 
dataset and to reuse it.  

5 Context awareness Context awareness demonstrates an understanding 
of the subjective, non-neutral nature, and 
situatedness of data. 

Documentation includes a 
positionality statement. 

Documentation adopts a reflexive approach to 
dataset development. For example, documentation 
discusses how field epistemologies impact 
assumptions, methods, or framings. 

6 Environmental 
footprint  

This element is for dataset creators to reflect and 
quantify the footprint of their dataset creation 
process [1].  

Documentation contains a 
quantitative assessment of 
environmental footprint and 
clearly defined scope of what 
was measured.  

Documentation includes a lifecycle assessment and 
the corresponding environmental footprint, and an 
assessment of design choices and rationale for the 
choices. 

DATA PIPELINE 
7 Data collection Disclosing data sources is essential in the data 

collection process. Further reflection on the process 
of selecting those sources can reveal important 
interpretive assumptions [21] and historical and 
representational biases [14].  

If data was collected, 
documentation states how and 
why data and metadata were 
collected from the data 
source(s).  
 
If data was synthesized, 
documentation discusses: 1) 
how and why the data was 

If data was collected, documentation discusses the 
process of defining criteria for selecting data 
source(s), specifies the criteria, explains why those 
criteria were chosen, and how the selected data 
sources are evaluated against these criteria.  
 
If data was synthesized, documentation includes a 
reflection on potential intrinsic biases of the 
synthesis process, how the synthesis process 
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synthesized and 2) whether the 
data was synthesized to match 
labels, if used.  

shaped the features of the data, the limitations of the 
synthesis process, and how the synthesized data 
relates to the real-world distribution of the data it 
represents.  

8 Data processing Data processing involves cleaning, transforming, 
and wrangling data. Data processing decisions have 
impacts on the ultimate “cleaned” data that is used 
[18, 21]. Detailed documentation of this process 
enables outcomes of the model to be traced back to 
processing decisions.  

Documentation discusses the 
process of cleaning, 
transforming, or wrangling data.  

Documentation goes beyond what is done to 
discuss how the decisions about data processing 
were made and why, and potential impacts of the 
processing decisions. 

9 Data annotation Data annotation or labelling, regardless of the 
guidelines provided to reduce worker bias, can lead 
to disagreements on how data should be annotated 
(either between annotators or between dataset 
creators and annotators).The inclusion of this 
documentation highlights what is considered the 
“ground truth” [4, 21, 22] by the dataset creators 
which impacts how annotation is performed [15].  

Documentation discusses the 
process of annotation. If any 
labels are used, the 
documentation includes the 
following: 
 
If labels are derived from the 
data: documentation discusses 
how data was interpreted to 
generate labels. 
  
If the labels were created first 
and the data was derived from 
the labels: documentation 
discusses how the relationship 
of the data to the labels was 
verified.  
 
If labels are obtained from 
elsewhere: documentation 
discusses where they were 
obtained from, how they were 
reused, and how the collected 
annotations and labels are 
combined with existing ones.  

Documentation discusses the process of annotation 
with depth and reflexivity by including a reflection on 
how annotations (including labels, if used) represent 
differing worldviews and social backgrounds.  
 
Additionally, if labels are derived from the data: 
documentation discusses how the labels are robust, 
i.e., not sensitive to variability and how 
disagreements on annotation were reconciled.  

DATA QUALITY 
10 Suitability Suitability is a measure of a dataset’s quality with 

regards to the purpose defined.  
Documentation discusses how 
the dataset is appropriate for the 
defined purpose.  

Documentation discusses how dimensions such as 
accuracy, completeness, timeliness, and 
consistency contribute to the quality of the dataset in 
being used for the defined purpose. For example, 
timeliness (i.e., age) of data should be appropriate 
for the defined purpose. 

11 Representativeness  Representativeness is a measure of how well a 
sample set of data represents the entire 
population.  Sampling procedures and decisions 
about data sources can introduce extrinsic bias [21]. 
For example, choosing Reddit or Twitter as a data 
source can perpetuate dominant social biases rather 
than being a representative sample of the target 
population [1]. 

Documentation defines the 
population and discusses the 
extent to which the sampling 
procedure is representative of 
the population. 

Documentation includes reflection on how the 
dataset creation process overall, and the sampling 
procedures specifically, affect extrinsic bias.  
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12 Authenticity  Authenticity of a dataset is about whether the 
dataset “is what it purports to be” [5, 7, 8, 12, 25], 
which is a responsibility of dataset creators [17]. 
Authenticity can be established by assessing the 
identity and the integrity of the record [5, 6, 10, 13, 
16, 19]. Integrity of a dataset is about whether “the 
material is complete and unaltered” [2, 3, 9, 12, 20].  

Documentation discusses how 
authenticity has been 
established and maintained, i.e., 
• Has the identity and origin of 

all data been verified?  

• For data that is obtained, 
it is clear how the dataset 
creators have verified the 
identity of the dataset 
they reuse. 

• For data that is 
generated, it is clear how 
they have been created 
and by whom. 

• Has the integrity of all data 
been verified? 

• For data that is processed 
in any way, it is clear how 
processing steps may 
have impacted integrity. 

Documentation states how others can establish the 
authenticity of this dataset, i.e., 
• Documentation provides a persistent identifier 

and provenance information for the dataset in 
order for reusers to establish identity. 

• Documentation provides mechanisms for reusers 
to verify the integrity of their dataset.  

13 Reliability Reliability is about how well the dataset is “capable 
of standing for the facts to which it attests” [5], i.e., 
how certain we can be that its data points reflect 
what they represent. 

Documentation discusses how 
the reliability of the dataset has 
been established and 
maintained, including the 
verification steps taken to 
ensure reliability, where 
necessary, i.e., 
• It is clear for each data 

element what synthetic or 
real-world phenomenon it 
represents. 

Documentation states how others can establish the 
reliability of the dataset, i.e., 
• Documentation provides mechanisms to enable 

verification of what synthetic or real-world 
phenomenon each data element represents.  

14 Structured 
documentation 

Context documents in standardized structures 
provide information on the content of the dataset 
which is critical in establishing its usage in a well 
defined format. 

Documentation includes a 
standardized context document. 
Acceptable formats include 
context documents that follow 
an established structure such as 
datasheets, data statements, 
and nutrition labels. 

The context document addresses all mandatory 
items. 

DATA MANAGEMENT 
15 Findability Ensuring findability is about enabling the dataset to 

be discovered for reuse after its development [27].  
Documentation discusses how 
the dataset is findable by 
providing a globally unique and 
persistent identifier (URLs are 
not persistent). 

Documentation includes metadata and both the 
metadata and data are stored in a searchable 
repository. 

16 Accessibility Accessibility is about enabling the dataset to be 
obtained after its development [27].  

Documentation states all 
information and tools required to 
access the content of the data, 
and the identifier navigates to 
the metadata and data.  

Documentation includes a communications protocol, 
an authentication and authorization procedure, and 
provides metadata that will be available even if data 
access is removed.  
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17 Interoperability  Interoperability ensures that the dataset can be 
integrated with other applications and workflows 
[27].  

Documentation discusses how 
the dataset integrates with other 
data, workflows, applications, 
etc. (i.e., that both the metadata 
and data are readable by 
humans and machines).  

Documentation has metadata and data that both use 
controlled vocabularies and link to other resources 
using qualified references.  

18 Reusability  Ensuring reusability requires providing information 
such as relevant provenance and usage [27].  

For both metadata and data, 
provenance information includes 
at least all of the following: 1) 
where the data came from, 2) 
who collected it, and 3) when it 
was collected. 

Documentation has metadata and data that are both 
described using domain-relevant standards, state 
license and usage information, and provide 
additional provenance documentation as described 
by FAIR best practices. 
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