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On the Readiness of Scientific Data 
Papers for a Fair and Transparent 
Use in Machine Learning
Joan Giner-Miguelez   1,2 ✉, Abel Gómez1 & Jordi Cabot3,4

To ensure the fairness and trustworthiness of machine learning (ML) systems, recent legislative 
initiatives and relevant research in the ML community have pointed out the need to document 
the data used to train ML models. Besides, data-sharing practices in many scientific domains have 
evolved in recent years for reproducibility purposes. In this sense, academic institutions’ adoption 
of these practices has encouraged researchers to publish their data and technical documentation in 
peer-reviewed publications such as data papers. In this study, we analyze how this broader scientific 
data documentation meets the needs of the ML community and regulatory bodies for its use in 
ML technologies. We examine a sample of 4041 data papers of different domains, assessing their 
coverage and trends in the requested dimensions and comparing them to those from an ML-focused 
venue (NeurIPS D&B), which publishes papers describing datasets. As a result, we propose a set of 
recommendation guidelines for data creators and scientific data publishers to increase their data’s 
preparedness for its transparent and fairer use in ML technologies.

Background & Summary
The growing influence of machine learning (ML) technologies in our society raises scientific and political con-
cerns about the potential harms they may cause. Datasets are critical in these systems, and recent research 
has highlighted them as one of the root causes of unexpected and harmful consequences in ML applications. 
Recent studies, for example, observed gender-biased classifiers for computer-aided diagnosis due to imbalances 
in training data1,2, or ML models for pneumonia detection failing to generalize to other hospitals due to specific 
conditions during the collection of the images used to train them3. This situation has prompted the interest of 
regulatory agencies and the ML community in general in developing data best practices, such as building proper 
dataset documentation. Public regulatory initiatives, such as the European AI Act and the AI Right of Bills, as 
well as relevant scientific works4,5, have proposed general guidelines for developing standard dataset documenta-
tion. Such proposals identify a number of dimensions, such as the dataset’s provenance or potential social issues, 
that could influence how the dataset is used and the quality and generalization of the ML models trained with it.

Interest in data-sharing practices was already widespread in many scientific fields, determined, among oth-
ers, by the need to reproduce scientific experiments6. The adoption of FAIR principles7 and data management 
plans8 by research institutions has encouraged researchers to publish their data with technical and scientific 
documentation, such as data papers. Recent research has focused on how to improve data-sharing practices 
through this type of documents, working on specific aspects such as the peer-review process for data papers9, 
data citation practices10, data publishers’ guidelines11, and data reuse12.

The use of scientific data published through data papers for the training of ML models is making good 
data practices even more important. However, research has yet to be conducted on the suitability of these 
data-sharing practices of the broader scientific community and the data dimensions required by the ML com-
munity. In that sense, this paper aims to study the presence (and evolution) of such dimensions in current data 
papers published by the scientific community. To do so, we analyzed 4041 open access data papers published in 
two interdisciplinary data journals: Nature’s Scientific Data and Elsevier’s Data in Brief. We examined the full 
manuscripts regarding the demanded dimensions, which are detailed in Section 2, and we compared the results 
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with an ML-focused venue (NeurIPS Datasets and Benchmarks track) publishing papers describing datasets. 
The analysis was aided by an ML pipeline that included a Large Language Model (LLM) at its core, designed to 
extract specific dimensions from the manuscripts.

Using the extracted data, we aimed to answer the following research question: 

•	 RQ1: To what extent are data papers documented with the dimension demanded by the recent ML documen-
tation frameworks?
With this question, we aim to see to what extent the data documentation practices outside the ML field 
already answer the needs stated by the recent ML documentation frameworks.

•	 RQ2: How have documentation practices evolved in the last few years regarding the dimension the ML com-
munity demands?
With this question, we aim to see how the recent application of documentation frameworks in the ML com-
munity has influenced broader data publishing venues.

As we detail in our results—cf. Section 3—we noticed a significant contrast in the presence of the required 
dimensions. Those already explicitly requested in the publisher submission guidelines, such as the data recom-
mended uses or a general description of the collection process, are consistently present. In contrast, details about 
the data generalization limits and its social concerns, the profiles of the team collecting and annotating the data, 
and the data maintenance policies need to be much better documented if we want to ensure ML models trained 
on trustworthy and reliable data. To help with this, in Section 4, we propose a set of recommendation guidelines 
for data creators and scientific data publishers to increase the presence of the least documented dimensions as a 
way to improve their data for its transparent and fair use in machine learning. The ML extraction pipeline and 
the entire dataset used in the analysis are openly available13.

Background
The need for proper documentation for datasets in the ML field is well defined in the well-known publication 
Datasheets for Datasets4, a work inspired by datasheets in the electronics industry. In this work (among oth-
ers3,14–17), the authors identify data aspects for each phase of the data creation process—design, gathering, and 
annotations—that could affect how the dataset should be used or the quality of ML models trained. Table 1 
summarizes the dimensions covered by recent documentation frameworks, representing a common ground 
between them. This list of dimensions is based on the previous author’s work5 and the Responsible AI extension 
of Croissant18, a metadata language for describing ML datasets promoted by the MLCommons consortium.

The Uses dimensions of the data refer to how this data should or should not be used and its potential social 
effects. In terms of Recommended uses, Datasheets for Datasets, among other works14–16, propose to document 
the purposes and gaps the dataset intends to fill. Also, they demand rationales about the Generalization limits of 
the data and the potential Social concerns if the data represents people. For instance, data gathered from patients 
of a single hospital may have generalization limits for various reasons. The most obvious is data distribution, 
where, for instance, a cohort of patients is not representative of the whole population3. Also, some of the ML 
community works17 express concerns about the Maintenance of the data. Setting an erratum to inform potential 
errors, an updating timeframe, or deprecation policies are remarked as useful practices while releasing data.

Data provenance is also the focus of these works. Documenting specific details about the Collection and 
Annotation process is stated as a need to evaluate properly the suitability of the data for specific applications. 
For instance, recent studies3 have shown that the use of specific devices and practices during the collection of 
chest lung cancer images could raise a biases in data, leading to spurious correlations19 of the ML model, and 
providing incorrect accuracy metrics. These examples illustrate the usefulness of knowing information about 
the Sources & Infrastructure, such as the scanners used to get MRI images, and other contextual attributes of the 
data. As another example, the annotation Infrastructure used, such as a labeling software, and the Validation 

Dimensions Subdimensions Target explanation

Uses

Recommended uses Recommended uses and gaps the dataset intends to fill

Generalization limits Non-recommended uses and data generalization limits

Social concerns If represent people: biases, sensitivity and privacy issues

Maintenance Policies Maintainers & policies (erratum, updates, deprecation)

Tested using an ML approach Models and metrics the dataset have been tested on

Collection

Description Description of the process and its categorization

Profile of the collection team Profile of the gathering team

Profile of the collection target If represent people, their demographic profile

Speech context in language datasets If language datasets, contextual information of the spoken language

Collection sources & infrastructure The source of the data and the infrastructure used to collect it

Annotation

Description Description of the process and its categorization

Profile of the annotator team Profile of annotation the team

Annotation infrastructure The tools used to annotate the data

Annotation validation Validation methods applied over the annotations

Table 1.  Dimensions analyzed from the sample of scientific data papers.
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methods applied over the labels could reduce the potential bias of the data and could give us clues about the 
data generalization limits. In that sense, a data user may provide more confidence to a record of data labeled by a 
group of people together with the inter-annotator agreement between them than labeled by a single one.

Also, there is a demand to characterize the people who have participated in the provenance steps of the 
data, as they add subjectivity to it20. For instance, a dataset curated by a team of experts in the field or curated 
by a crowdsourcing service, such as Amazon Mechanical Turk, could not assign the same values. Therefore 
standalone data without information about the team involved in its creation may not be useful to evaluate the 
suitability of the data for an application. As creating data involves more people every time, there is a need to go 
beyond “the authors” of the dataset and Profile the collection team and the annotation team of the data. Beyond 
those who actively created the data, recent works21 also stress the need to profile passive participants of the data-
set creation. For instance, if the data is collected by or represents people, a profile of these people should also be 
required (Profile of the collection target). This practise is widely integrated in health data where the profile of the 
cohort of patients is highly relevant. Finally, for natural language data, which has gained relevance to the recent 
emergence of large language models, recent works15 also stress the need to document contextual information 
about the speech (Speech Context) such as the specific dialect or the modality of the text. For instance, a natural 
language dataset gathered from Australian speakers may reduce the accuracy of models trained to support users 
in the United States due to different accents and language communication styles.

Results
This section reports on the results of our analysis. We first provide some information on the representativeness 
of the sample, describing the size and diversity of the data papers, and second, we report on the presence or 
absence of the information dimensions that characterize a good dataset for ML training purposes. In this report, 
we provide an overall picture of the presence of the dimensions, a temporal evolution of such data to see whether 
the situation is improving, and a comparison between the two analyzed data journals. Then, we present the 
results of analyzing the data papers of an ML-focused venue (the NeurIPS track on datasets and benchmarks) to 
draw a picture of the current documentation practices in the ML community and to compare it with the results 
obtained.

Fig. 1  Number of data papers published between 2015 and 2023 evaluated in the sample. 2023 has been 
evaluated until June.

Topic
Related data papers 
(Sample’s percentage) Example

RNA sequencing for gene analysis 371 (9,1%) “Quality control and data analysis in RNA-seq experiments, including quality analysis of raw 
sequencing data…”57

Medical Imaging 330 (8,1%) “MRI image processing procedures and constructing breast models for studying the effects of 
chemotherapy on breast cancer patients.”58

Chemistry and physics 232 (5,7%) “Soil chemistry analysis, soil classification, and land use analysis in New Zealand’s major agricultural 
regions.”59

Material properties 202 (4,9%) “Analyze and study solubility data, perform high throughput DFT calculations…”60

Climate and hydrological analysis 189 (4,6%) “Preprocessing of functional MRI data, including motion correction, slice-timing correction, non-
brain removal…”61

Biological conservation 160 (3,9%) To study the biodiversity and distribution of fish species, and assess the conservation status of fish 
species.”62

Agricultura and cropland 87 (2,1%) “Optimizing agricultural production strategies and water resources management, as well as 
validating crop yield…”63

Drug development 72 (1,8%) “Analyze drug-indication pairs and to study the relationship between drugs and diseases…”64

Geological and Seismic analysis 54 (1,4%) reconstructions of paleoclimate data and to analyze the variables of interest for..65

Human movement recognition 53 (1,3%) analyzing locomotor trials and standing trials in healthy subjects and persons with motor 
disturbances…66

Table 2.  Uses: Extract of the 10 most popular topics in data uses of the analyzed data papers.
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Size and diversity of the sample.  The analyzed sample comprises 4041 data papers extracted from two 
interdisciplinary scientific journals. In Fig. 1, we can see an apparent growing trend in the number of papers pub-
lished between 2015 and 2023, with 2021 being an exception due to the effect of COVID-19 on general scientific 
production. Note also that the absolute value for 2023 is smaller as we only collected data until June of 2023. The 
16,5% of the sample’s data papers are related to people, and this is the subsample we used to calculate the presence 
of the Social concerns and the Profile of the collection targets dimensions in the next section as these metrics are 
only relevant for people-related datasets.

As an indication of the diversity of our dataset, Table 2 shows the 10 most popular topics of the uses of the 
data in the analyzed sample, showing the sample diversity. The topics related to the Conservation of biodiversity, 
RNA sequencing for gene analysis, and Chemistry and Physics are the most common ones. Other topics, such as 
Breast Cancer and Magnetic Resonance Imaging (MRI), are very interrelated, where most of the datasets around 
Breast Cancer are composed of MRI images. On the other hand, topics such as COVID-19 have appeared 
quickly in 2021 and are decreasing over time, as they are strongly correlated with a temporal event such as the 
coronavirus pandemic. The full results of the topic analysis can be found in our open repository13.

Our sample shows diversity in terms of the annotation and collection processes types as well. For instance, 
Fig. 3 depicts the distribution of the most common data collection types with Physical data collection, Direct 
measurements, Document analysis, Manual human curator, and Software collection (all above 10%) being the 
most common ones. Moreover, Fig. 2 shows that nearly 88,05% of the teams who participated in data collection 
were internal teams (authors of the study or close collaborators), 11,20% were external teams, and only 0,74% 
used crowdsourcing practices to collect the data. Regarding the annotation process, only 42,28% of the analyzed 
data papers employ an annotation process involving humans. Figure 4 shows that the most common type of 
annotation is Text Entity Annotation, followed by Semantic segmentation, Polygonal segmentation and Bounding 
boxes. Compared to the collection processes, 29% of the processes were classified as Others. The results for team 
type are similar to the results for the collection process, with a high percentage of external teams (11,27%) and 
crowdsourcing teams (1,90%).

Dimensions presence in scientific data documentation.  In this section, we go across the dimension 
presented in Section 2, analyzing its presence in the data papers. Figure 5 depicts the overall results. We can see 
that dimensions such as the Recommended uses (97,2%), Collection description (97,4%), Collection sources & infra-
structure (96,1%), and the Annotation description (97,1%) have a very high presence This is a sharp contrast with 

Fig. 3  Collection: Diversity of types of collection processes.

Fig. 2  Diversity in the collection and annotation teams type of the analyzed data papers.
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several other dimensions that are much less documented. For these less-documented dimensions, we depict their 
evolution between 2015 and 2023 in Fig. 6, and in the remainder of this section, we will take a closer look at them. 
Some of these show an encouraging improvement over the last years but still remain at very low level. Note that 
our analysis focuses on whether a given metric is present or not in the dataset. We do not penalize data papers if 
the metric is present but with a low-level detail or incomplete.

Generalization limits.  Only 8,14% of the data papers report on the Generalization limits of the data. Despite 
the low results in Fig. 6a we can see an increasing tendency over the years where the limits informed in 2022 
(12,35%) are higher than in 2016 (3,3%). Looking closer at those data papers that disclose generalization limits, 
we observed that the informed limits relate to different aspects of the dataset. For instance, some of them point 
to specific non-recommended uses such as a climate dataset that states: “data presented here are not suitable for 
trend analysis –(at the US-Mexico and Canadian borders)–, since they use many stations that do not span the full 
temporal period 1950-2013”22. On the other hand, some data papers point to specific procedures to use the data 
properly. For instance, a dataset for climate forecasting in East Africa states: “Users should take into account 
CenTrends’ spatial error information when evaluating inter-seasonal and multi-annual rainfall anomalies. This 
type of information is poorly conveyed by cross-validation”23. Also, we found data papers discussing the limits 
of the theoretical approach of the data, such as a dataset about human footprint in environments stating: “Our 

Fig. 4  Annotation: Diversity of types of annotation processes.

Fig. 5  Overall results of informed dimensions. Social concerns and Profile of the collection targets dimension 
have been evaluated only on datasets gathered from or describing people (16,5% of the sample). Speech context 
in language datasets has only been assessed on datasets representing natural language (5,15% of the sample). 
Annotation dimensions have been assessed only on datasets created through an annotation process (42,28% of 
the sample). In these cases, the percentage reflects the occurrence of those dimensions relative to the number  
of papers that should declare them.
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work is subject to… limitations. First, like all attempts to map cumulative pressures, we did not fully account for all 
human pressures…”24.

We also found disclosed limits linked to the gathering processes. For instance, a dataset to develop and test 
movement recognition points to specific issues during the collection process: “In any use involving the amputated 
subjects (database 3), the users should keep in mind that in two amputated subjects (subjects 7 and 8) the number 
of electrodes was reduced to ten due to insufficient space and that three amputated subjects (subjects 1, 3 and 10) 
asked to interrupt the experiment before its end due to fatigue or pain”25. Finally, there are also limitations in terms 
of the annotation process. For instance, a genome dataset points at the use of an automatic algorithm to annotate 
the data: “the TOBG genomes have been generated using an automated process without manual assessment, and 
therefore, all downstream research should independently assess the accuracy of genes, contigs, and phylogenetic 
assignments for organisms of interest”26.

Social concerns.  Out of the data papers representing people (16,5% of the total sample), only 12,35% are dis-
closing Social Concerns of the data. Curiously enough, datasets involving people do not tend to be better docu-
mented than the average, at least in terms of data limitations. Looking closer at the data papers disclosing social 
concerns, we observed that mentions to social biases are the most common, followed by privacy and sensitivity 
issues. As an example of a social bias, the Columbia Open Health Data states: “clinical databases contain a base 
population biased towards people with higher levels of existing conditions, thus biasing the measurements to over-
estimate the prevalence relative to the general population”27.

Maintenance policies and ML tested dimensions.  Data paper almost never discuss recommended Maintenance 
policies; we only detected a 0,42% (17). Looking at the few data papers that do cover this aspect, policies are basi-
cally restricted to the the updating timeframe for the data28 and the maintenance of the sensor and instruments 
gathering the data29,30. In terms of papers documenting ML models that have already been tested on the data, 
only the 8,81% report this information. However, looking at Fig. 6c we can see a clear growing tendency proba-
bly due to the popularization of ML technologies.

Profile of the collection team and the collection targets.  In terms of collection processes, the Profiles of the col-
lection team is present only in 3,91% of the data papers, and looking at Fig. 6d, we can observe that the tendency 
over the years tends to be flat. Beyond the low presence, if we look closer at those data papers profiling the 
team, they often do it in the author’s information section, disclosing only basic information such as affiliation, 
provenance, and job level. In addition, we also detected a subset of them being false positives as, instead of pro-
filing the collection team, they were actually profiling the target of the collection process, much more common 
(64,15%) in data papers that are about people. The high presence of this dimension could be explained as profil-
ing targets’ demographics is a mature practice in the healthcare field (e.g., the demographics of patient cohorts 

Fig. 6  Evolution of the least informed dimensions from 2015 to 2023 (June). Figure (b) is evaluated only on 
datasets gathered from or describing people (16,5% of the sample). Figure (e) and Figure (f) are evaluated only 
on datasets collected from or representing people. Figure (f) is evaluated only on natural language datasets. 
Finally, Figures (g), (h), and (i) are evaluated only on datasets created trough an annotation process.
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are crucial to include them or not in experiments or treatments). However, we also found complete profiles of 
the targets in data from other field such as analyzing factors influencing trading on pedestrian31, or exploring the 
time perspective of Swedish citizens32.

Speech context in language datasets.  This dimension was only present in 17,82% of the relevant subsample 
though with a slight uptake in recent years (Fig. 6f). The need for documenting the speech context was firmly 
stated by Bender et al.15 in 2018, being one of the potential causes of this change in the tendency. Some exam-
ples of datasets disclosing proper speech context are Arabic diversified audio datasets33, or a speech corpus for 
Quechua Collao34, however, the information is mixed along the data papers and no structured form is provided 
as Bender et al.15 initially states.

Profile of the annotation team and annotation infrastructure and validation.  Finally, regarding the annotation 
process, we can see that the Profiles of the annotation team is present only in 3,56% of the data papers (more 
informed than the collection team), but looking at Fig. 6g, an contrasting to the collection process, it is improv-
ing (1,5% in 2015 to 9,8% in 2023). On the other hand, the Annotation Infrastructure is present in 73,66% of the 
sample, and information about Annotation Validation methods is present only in 45,80% in the analyzed sample. 
In both cases, the tendency across years is flat, without any relevant changes.

Variation across topics.  Looking at the presence of the dimension across the different topics presented in the 
last section, we see that the reporting of specific dimensions varies depending on the topic. For instance, the 
dimensions regarding the profiling of the teams behind the annotation and the data collection are more com-
monly reported in Medical imaging data papers. In this topic, 8,64% of the data papers report the annotator’s 
profile versus 3,56% of the entire sample, and 8,79% report the collector’s profile versus 3,91% of the entire 
sample. On the other side, regarding data paper that reports tests with ML systems, we have seen that Human 
movement recognition, 30,11%, and Medical imaging, 19,22% data papers are those that most commonly report 
them, closely followed by Agriculture & Cropland, 16,15% and Climate and hydrological analysis, 15,81% data 
papers. In contrast, more commonly reported dimensions, such as the sources and the infrastructure or the 
description of the collection process, remain equivalent across topics. The data accompanying this study share 
the complete results and analysis regarding the dimensions’ presence across topics.

Dimension’s presence across journals.  In this section, we compare the two analyzed venues, Data in 
Brief and Scientific Data, comparing the dimension’s presence in each of them. Figure 7 shows an overview of the 
dimension’s presence for each venue. In that sense, we have seen clear differences in the documentation practices 
of both journals. While the most common documented dimensions remain similar between venues, the less 
documented dimensions show clear differences between them. For instance, Generalization limits is present in 
12,37% of data papers in Scientific Data, while is practically non-informed (0,68%) in Data in Brief. A similar ten-
dency is shown in the Social Concerns dimensions where Scientific Data is informed 17,11% while Data in Brief 
is just 4,29%. On the other hand, looking at Fig. 7, we can see a clear difference between the number of papers 
tested using ML approaches between both venues; while in Scientific Data is 11,98%, Data in Brief is only 3,2%. 
However, looking at this dimension between years, we see a clear increasing tendency from both in the last years.

Regarding the collection and annotation of the data, we see that the dimensions of the collection process 
remain similar between both venues. Specifically, the dimensions related to the data collection, such as the 
profile of the collection team, the collection target, or the speech context, show a similar presence between 
both venues. In contrast, the dimensions related to the annotation process show notable differences. While the 
description of the process and the infrastructure share a similar presence, the validation methods show a clear 
difference (39% and 9,75%), and the profile annotation team seems to be slightly more present in Scientific Data 
than Data in Brief.

Fig. 7  Overall results of informed dimensions for Data in Brief and Scientific Data.
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To gain deep insight into the similarities and differences between the analyzed journals, we examined the 
role of the venue’s recommended sections35 for the dimensions under study. To do so, we analyzed the results 
of the retriever model for those data papers that were informed with each specific dimension, looking at which 
sections corresponded to the most relevant retrieved paragraphs. Figure 8 shows which venue’s sections are 
more likely to contain relevant information about each dimension. For instance, in Scientific Data’s manuscripts 
where the Generalization limits dimension was informed, 61,12% of the manuscripts have relevant paragraphs 
retrieved from the Usage notes section. The first thing to note is that the recommended sections differ between 
the venues, and the recommended structure’s follow-up level is higher in Scientific Data than in Data in Brief, 
however the follow-up level in Data in Brief is enough to get insights about the sections’ usage.

Looking at the role of the sections across dimensions (vertically in Fig. 8), we can see that in Scientific Data, 
the Methods and Data records sections usually contain relevant information about all the analyzed dimensions. 
Besides, the Technical validation and Usage notes sections tend to contain more relevant information about the 
data’s uses, limits, ML tests, and social concerns. Similarly, the Data in Brief ’s Specification Table and Value of the 
Data sections are common across all dimensions. On the other hand, sections such as Background & Summary 
or Data description are less likely to contain relevant information about the demanded dimensions. Looking at 
each specific dimension (horizontally in Fig. 8), we can see that some reported dimensions are very frequently 
reported in particular sections. For example, in the case of Generalization limits, the Scientific Data’s Usage Notes 
and the Data in Brief ’s Specification Table and Value of data sections typically contain more relevant information. 
The Annotation profile is typically reported in the Data in Brief ’s Specification Table section. Finally, the anno-
tation validation methods reported in Scientific Datra are always practical in the Technical Validation sections.

Comparing the dimension’s presence with ML-focused venues.  To compare the analyzed sam-
ple with an ML-focused venue, we analyzed the publication describing datasets of the NeurIps Datasets and 
Benchmark track, corresponding to 232 data papers (paper presenting a dataset exclusively from 2021 (year of 
track’s creation) to 2023 (2024 still not published). The Dataset and Benchmark track is the answer for the ML 
community to build data-centric ML practices. It is intended to publish datasets and data-practice papers focused 
on improving the state-of-the-art of ML models. The track encourages authors to present a manuscript similar to 
that of data journals and an attachment documenting the dataset. An interesting point is that the NeurIps D&B 
encourages authors to include dataset documentation following the frameworks presented in the background, 
which has served as a basis for our work. 90.95% of the analyzed publication contains an attachment corre-
sponding to this documentation assets, and these attachments has been merged into the original manuscript for 

Data in BriefScientific Data

Fig. 8  Role of the recommended sections of the analyzed journals in relation with the dimension’s presence. For 
each dimension (horizontal), each cell shows the percentage of manuscripts that contain relevant paragraphs 
retrieved from each recommended section.
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its analysis. In Fig. 9, we show the presence of the least documented dimension in our sample together with the 
results we got in our analysis.

The results show notable differences between the dataset published in the NeurIps Datasets and Benchmark 
track and the data journals. While in data journals, generalization limits stay at 8.14% and social concerns stay 
at 12.35%, in NeurIps Datasets and Benchmark track, we see that generalization limits rise to 65.08%, and social 
concerns rise to 58.36%. This difference is even more significant in the case of maintenance policies, where 
in data journals, this dimension is practically missing (0.42%), while in Neurips, this rises to 53.88%. Similar 
things happen with language datasets documenting the speech context: In journals, it is 17.21%, and in NeurIps 
Datasets and Benchmark track, it is 72.22%. Finally, and as an evident outcome, the number of publications 
tested with an ML technique is very high (93.53%).

In addition, we can observe that the annotation process solidifies and is much more documented in the 
ml-focused track. In that sense, the documentation of the infrastructure goes from 73.66% in the data journals 
to 95.59% in the Neurips Datasets and Benchmark track. On the other hand, the annotation validation methods 
also experience an apparent rise, going from 30.46% in the journals to 61.23% in the Neurips publication. In 
general terms, we have observed that the annotation process has more relevance in ML-focused venues, where 
practically all the data papers (98.28% in contrast to the 42.28%) present some sort of annotation process.

However, the dimensions regarding the profile of those involved in the creation of the dataset are similar 
and even less present than in scientific data journals. In that sense, the scarce presence of the profile of the col-
lection team (2.59% vs. 3.91%) or the annotation team (3.56% vs. 2.20%) shows that these dimensions are still a 
challenge, and the recommended documentation frameworks are not enough to encourage the community to 
document it. On the other hand, the profile of target people of the collection process (64.15% vs. 37.6%) is less 
present in ML-focused venues, probably due to this practice being significantly extended in healthcare datasets, 
that represent a small proportion of manuscripts in the analyzed venue.

Discussion
This section discusses additional conclusions from our analysis and presents a set of recommendations to 
increase the presence of the demanded dimension in scientific data documentation. We also discuss current 
metadata infrastructure challenges and future trends in scientific data discoverability.

Improving submission guidelines.  One of the first insights from the results presented in the last section 
is the contrast between the most and least documented dimensions. We have observed that the most documented 
dimensions are explicitly mentioned in the authors’ submission guidelines of the data journals. For instance, 
Scientific Data points the following regarding Data uses; “[…] briefly outline the broader goals that motivated the 
creation of this dataset and the potential reuse value…36”. As another example, in disclosing information about data 
sources, Data-in-Brief states “Please mention where the data were collected (e.g., geographical coordinates) or where 
the data are stored (typically your affiliation)…37”. In conclusion, we observed that the publisher’s guidelines are 
a strong tool to ensure the documentation quality of datasets as the research community follows them strongly.

Another clear indication that submission guidelines are beneficial comes from a comparison with the 
NeurIps Dataset and Benchmark track, where the recommendation to follow the documentation frameworks 
supplied in the background has significantly increased some of the dimension’s presence. However, we observed 
that most of the published documentation is sparse and follows distinct frameworks; even when following the 
same frameworks, the dimensions reported vary. In that regard, given the distinct nature of data journals in 
comparison to an ML-focused venue, as well as the fact that they target a broader spectrum of scientific fields, 
we see improving the already existing and mature submission rules as the most effective approach of enhancing 
data documentation.

Fig. 9  Comparison between the obtained results and the dataset published in Neurips Dataset & Benchmark 
track (2021-2023).
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Therefore, we present a set of specific suggestions for data journals, some based on the frameworks, to 
improve the current guidelines aimed at strengthening the presence and completeness of the less documented 
dimensions.

Guidelines for data generalization limits and social concerns.  As we observed in the last section, the data gen-
eralization limits affect all stages of the data creation process. We propose asking authors about the generali-
zation limits of their data using a structured report highlighting the various aspects we observed in this study. 
Furthermore, in the case of datasets gathered or representing people, we propose adding specific aspects point-
ing to social group biases as well as sensitivity and privacy issues. Table 3 summarizes the recommendations for 
the dimensions of data generalization limits and social concerns. In addition, beyond the limitations aspects 
identified in this study, a consistent taxonomy of the data limitation aspects would be a useful tool for data 
creators to reason about the generalization limits of their data. In that sense, building this taxonomy seems a 
promising research line with a potential impact on improving data-sharing practices.

Guidelines for profiling the teams behind the data creation process.  Recent works in the ML community state that 
profiling the teams involved in the dataset creation in its documentation is essential. The main reason to do that 
is transparency, but also, having information about who is behind the data creation gives users more confidence 
and trust in the system38. Also, as a particular case of the team’s type, the labor work behind the data has raised 
concerns in the ML community21,39 about the quality of the data and the worker’s labor conditions. Despite this, 
we observed that the teams involved in the different provenance processes are scarcely documented, also in 
the ML-focused venue, and there is a need to find solutions to this situation. In that sense, to engage authors to 
profile the different teams participating in the dataset creation, we propose to provide a generic Data participant 
profile, shown in Table 3, for every provenance process (annotation, collection, preprocessing) that involved 
people, along with the submission guidelines.

Guidelines for annotation processes.  We observed that annotation processes are worse informed than gathering 
processes. For instance, at least 26,34% annotated datasets do not mention the infrastructure they use to anno-
tate them, where gathering processes are practically always informed in that sense. The same occurs with the 
label validation methods, where practically 41% of data papers with an annotation process do not mention any. 
To improve this situation, we propose to add specific statements, shown in Table 3 inside the methods section 
of the submissions guidelines. With these statements, we aim to encourage authors to disclose the infrastruc-
ture and the validation methods applied over the labels, as well as the annotations guidelines given to the 
annotator team.

Explicitly covering new dimensions for the future use of scientific data, especially in ML set-
tings.  To better prepare for the long-term use of the published datasets we suggest two specific improvements 
in the data papers documentation guidelines.

Data generalization limits and social concerns

Recommendations: How to use the data properly and specific non-recommended uses.

Design limitations: Data limits regarding data distribution and composition, and the theoretical approaches behind data design.

Provenance & source limitations: Limits generated by the collection/annotation or inherited from the data sources

Maintenance policies (To be released in every version)

Maintainers & updating timeframes: Who are the current maintainers of the dataset and how can be contacted. Is there a plan to update the dataset with new 
data or with corrections.

Erratum & contribution guidelines: How errors can be reported, and how people can contribute to the dataset

Deprecation policies: Which are the current plans for deprecating the dataset

ML approaches using tested with the dataset

Machine learning task: Specific task description (character recognition, pose estimation, classification, etc.).

Machine-learning model & metrics: The ML model name trained with the data and metrics (F1, accuracy, precision, recall).

References: The reference to source code and relevant leadebords.

Data participants profile (For each provenance process involving people)

Participants: Number of the team members and high-level description of the team.

Demographics information: Age, gender, country/region, race/ethnicity, native language, socioeconomic status, etc.

Team type and labour information: Internal, external, crowd-sourcing or citizen science (volunteers) teams. If team is crowd-sourcing authors should 
disclose labour information, such as range salary, country of the contractor, labour union policies, etc.

Qualifications: Members training and qualifications in relevant disciplines regarding the specific task applied over the dataset.

Annotation guidelines, infrastructure and validation

Annotation guidelines: The guidelines shared with the annotator team and how the annotation can be reproduced.

Infrastructure: Which infrastructure (software, or physical) have been used to label the data.

Validation methods: Validation methods applied over the labels (e.g., inter-annotation agreements).

Table 3.  Overview of the recommendation guidelines for each dimension.
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Maintenance policies for evolving the data.  Data has an evolving nature, as the reality it aims to represent. 
Despite this, we found a few papers outlining data maintenance policies. Data papers rarely contain informa-
tion about how often the data will be updated, how users can contribute and report errors found in it, and 
how authors will fix them. The most common informed updating policies are an informal commitment of the 
authors, such as Mahood et al.40 “Will be actively maintained and updated yearly and upon request… by the 
authors”. This situation contrast with the results we obtained when analyzing the NeurIps D&B publications, 
when nearly 53,88& contains information about the maintenance policies. Also, it contrasts with the recent ML 
community works, such as Luccioni et al.17 and Gebru et al.4, which states the importance of documenting these 
practices. In these works, the authors stated that datasets could be updated or even deprecated for many reasons, 
such as legal enforcement or the apparition of ethical issues in the data (such as the case of ImageNet41).

In our view, one of the main reasons this situation happens is the inherent static form of scientific publica-
tion. The data papers’ static form may be limited to represent the nature of the dataset. However, other types 
of scientific publications, such as the Original Software Publication, have adopted an evolving nature, encour-
aging authors to update and evolve their published artifacts. We propose a similar approach for scientific data 
papers where authors can state the current status of the data artifact and guidelines for their future evolution.

In Table 3 we outlined the main concepts of the Maintenance policies dimensions.

Adding data licenses and structured ML experiments results.  Even if the number of data papers, as shown in 
Fig. 6c, that are designed with ML in mind is still low, we can be sure that most (if not all) of those datasets will 
be part of some ML pipeline in the future due to the data-hungry tendency of ML. So, we need methods to let 
authors think about the potential use of their data in ML approaches and methods to protect their rights.

In this sense, we propose the integration of the Montreal Data License42template in the submission form. 
This license template helps authors to decide how to disclose the data’s rights towards its use in ML technologies 
in a structured way. It also helps to disclose the authors intentions in the use of the data in ML. Data could not 
be suited for ML for many reasons, and potential ML practitioners need to be aware of authors’ thoughts on this. 
We would also like to encourage authors to test themselves their data using ML approaches. For this, we propose 
to annotate the results of ML experiments in a structured form as shown in Table 3. A structured form can be 
later included in the publishers metadata, enhancing the discoverability of the data through search engines (as 
Google Dataset Search via Croissant18 format), and facilitating the inclusion of the data in popular ML platforms 
such as HuggingFace or Kaggle.

Metadata is not enough, text analysis tools are still needed.  Unfortunately, metadata may be wrong 
or incomplete, even for the most common fields. For instance, one of the dimensions typically found in metadata 
is the funding information. Funding agencies often request this information as proof of the research to justify the 
grants, and authors are motivated to disclose this information within the submission process. But if we compare 
the percentage of papers disclosing funding information (Fig. 10) we see that this number is smaller than the 
number we can detect by running a text analysis on the Acknowledgments section. Indeed, although metadata for 
annotating funders has been implemented over the years, and it is supposed to be mandatory to justify research 
funding, we found that this does not consistently match the ones in the text manuscript. Recent works43 have 
pointed to metadata quality issues with scholarly catalogs (as OpenAlex) as one potential cause of these inconsist-
encies. Moreover, these issues show the need to complement all the existing and future initiatives to put in place 
better guidelines for authors with text analysis methods such as the one we used in this same paper to automati-
cally enrich the paper metadata.

Machine-readable description of the dimensions to improve data discoverability.  Searching 
and evaluating the suitability of a dataset for a particular use case is a difficult task. As stated in Section 2, many 
aspects could influence the quality of the ML models trained with it, such as the demographics of the collection 
and annotation team or the particular generalization limits of the data. In that sense, search queries for datasets 
with annotators of the same geographic zone or gathered from a specific kind of patient are still complex to 
resolve using the current data search engines and data repositories.

Fig. 10  Funding information in publishers metadata, and extracted using text analysis over the paper’s 
acknowledge section.
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In response to this situation, recent initiatives such as DescribeML5 and Croissant18 are proposing structured 
ways for documenting datasets for machine learning. These structured formats are built on top of the works we 
presented in Section 2 and facilitate the automatic search and analysis of the presented dimensions. Moreover, 
popular data search engines, such as the Google Dataset Search44, are starting to integrate these initiatives, 
showing their potential in the future of the data discoverability. Therefore, and beyond improving the publisher’s 
submission guidelines, we propose capturing the recommended dimensions in a structured format (compliant 
with some of the standards and initiatives mentioned before), for instance, during the data paper’s submission 
process.

Methods
Sample Selection.  The efforts for improving data-sharing practices in the scientific field has trigger the 
creation of research data journals and tracks, e.g. see these compilations of data journals45–47, devoted to publish 
mainly data papers (more than 50% of their total publication volume). To build our data sample, we selected from 
this list the journals meeting the following criteria: 1) Journal is active at July of 2023 and publish data papers 
regularly, 2) it publishes data papers from different scientific fields (inter-disciplinary scope), 3) it publishes data 
papers written in English. Filtering by this criteria, we have selected Scientific Data and Data in Brief as candi-
dates. Scientific Data published by Nature was funded in 2014, with 3100 data descriptors published so far and 
covering the whole range of natural sciences disciplines. Data-in-Brief is published by Elsevier, also funded in 
2014 and with 9315 data notes published from all the scientific disciplines.

Collecting the sample of data papers.  For this study we analyzed the full manuscripts of the data papers. 
To collect such manuscripts we relied on OpenAlex API48, a major database commonly used in large-scale biblio-
graphic analysis, which, recent studies (Jiao et al.45), has pointed as one of the most complete databases in index-
ing data papers. To separate the data papers from other regular papers, and given that the own paper classification 
was not reliable (data papers are often indexed as regular papers), we develop an in-house python script (also 
available in our repository) to check one by one the type of the paper in the publisher’s website. The specific page 
for each paper was derived from its DOI. From the obtained list of data papers (3100 in Scientific Data and 9315 
in Data-in-Brief) we selected a random sample, of data papers published between 2015 and July 2023, ending up 
with a sample of 4041 data papers, (2549 from Scientific Data and 1492 from Data-in-brief). Finally, we got the 
full manuscripts in PDF format using the DOI and accessing again the publisher’s website.

In terms of the publication of Neurips Dataset and Benchmark track, we got all the publications from the 
venue from the OpenReview API together with the supplementary material attaches. An in-house script has fil-
tered those that do not present a data papers, and has attached the potential dataset documentation (if existing) 
as an annex to the main manuscript. From this steps both kind of manuscripts, those from data journals and 
form Neurips have followed the same steps.

Collection of all the publication of the selected journals via OpenAlex API

Filter data paper publication via web scrapping

Sample of 4041 papers and manuscripts collection via publisher's website

Scrapping of the PDF manuscripts, transform tables, and create texts chunks

Encoding the text chunks in dense vector representation

Extract the dimensions using DataDoc Analyzer

OpenAlex API

All publications of�
the sample journals

Data papers PDF of the 
sample' s manuscripts

Text chunks of the 
sample's manuscripts

In-house script

Dataset used in the study

SciPDF

DataDoc Analyzer

Data journals sample selection

Fig. 11  Data collection and preparation workflow.
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Manuscripts and text preparation.  To prepare the texts for the automatic extraction of dimensions data, 
we have parsed each manuscript using the SciPDF library49, that employs the GROBID50 service under the hood. 
From the parsed documents we excluded the headers, footers, and the references section. Then we divided each 
section in different chunks composed of the title and text of the sections with a maximum of 1000 words (600-700 
tokens). For longer sections, we created a new chunk of the section with an overlap of 300 characters with the 
previous chunk and also starting with the section title to provide context to the chunks. We have implemented 
this chunking strategy because we observed that the rhetoric structure in scientific articles provides good context 
and improves the performance of language models in retrieving relevant passages regarding to specific questions.

For the figures and tables present in each data paper we used Tabula.py51 to extract the data together with its 
caption. Figures caption has been added as another chunk to the ones created previously. Then, we parsed the 
tables to HTML, and along with the caption and the paragraphs referencing the table, we used a Language Model 
(text-davinci-003) from the OpenAI API service to generate an explanation of the tables content using the table. 
This explanation then was added as yet another chunk. It has been useful to detect if some dimensions, such as 
the demographics of the team, where maybe present in the tables content.

Dimensions extraction and analysis.  To extract the dimensions presented in Section 2 we applied the 
method presented in52, which implements a Retrieval Augmented Generation (RAG) approach specifically tar-
geting these dimensions. It works by combining a retrieval model and a chain of prompts on top of the retrieved 
paragraphs. Both, the identification of the candidate paragraphs and the type and concrete verbalization of the 
prompts, are tailored to each individual dimension to maximize the chances of detecting it. As a final step, a 
zero-shot classification strategy, also presented in the previous work, using a fine-tuned version of BART53 on the 
MultiNLI (MNLI) dataset54 is used to determine whether the result of the chain includes the target dimension. 
For assessing the type of team and the type of annotation or collection process, the method performs a last step in 
the chain’s prompt, asking to classify the obtained answer within a set of predefined values. The predefined types 
of annotation and collection processes were heuristically designed by the authors, looking at a subsample, and is 
intended to evaluate the diversity of the sample in terms of type of process. This whole process has been applied to 
each preprocessed manuscript to generate the data points used in our analysis. Figure 11 summarizes these steps.

In addition, we made a topic analysis of the generated uses explanations using BERTopic55. In that sense, 
we did a semi-supervised analysis, generating the topics from the data, and then reducing it and cleaning 
non-relevant ones. The representation of the topics shown in Table 1 has been generated with a fine-tune layer 
using a language models (flan-t5-large). The full results are published together with the data.

In conclusion, the data used to perform this study is composed of a list of the 4041 data papers, enriched with 
the dimension extracted and with the results of the topic analysis. As Giner et al.52 reports in their approach, 
language models have a tendency to hallucinate, and despite the different strategies implemented to reduce this 
issue, we need to keep this in mind when looking the data. In that sense, the report of his study have reported 
preliminary accuracy metrics for each dimensions, being of 88,26% for the uses, 70% of the collection, and 
81,25% for the annotation dimension.

Extraction validation.  The extraction approach is powered by large language models (GPT3.5) to extract 
the demanded dimensions. Despite the different strategies implemented to reduce this issue, we should point 
out that these models tend to hallucinate when looking at the data. In this regard, the authors of the method give 
preliminary accuracy metrics for the demanded dimension, assessing the quality of the answers: 88.26% for the 
uses, 70% for the collection, and 81.25% for the annotation dimension56. Furthermore, the authors stated that 
regardless of the quality of the answer, the models performed well in recognizing whether or not the information 
was contained in the paper, being this the specific task used in our study.

To thoroughly understand the method’s accuracy in the specific task used in this study, we performed a 
manual evaluation of a subsample of our data (about 1%). In that sense, we annotated whether the demanded 
dimensions were present or not in the data paper, and then we compared the results of the extraction with the 
manual annotations. The sample have been random extracted from the data and the results shows comparable 
distribution of dimension presence to the overall data.

The validation results demonstrate good performance in detecting the presence of the required dimensions. 
For example, data limits and social concerns (94.59%), data tested using an ML technique (97.30%), and the 
demographic profile of the collection team (97.10%) and target (83.33%) were practically always detected. 
However, the method faced more difficulty recognizing whether the paper had an annotation process (83.78% 
accuracy). Some errors were caused by misinterpreting aspects of the collecting process as annotations (e.g, 
“biological agents were counted using a Sedgewick Rafter cell and a microscope”) or data management operations 
as annotations (e.g, “all recordings were segmented and labeled with an id”). Also, in line with Giner et al.56, the 
identification of validation techniques had the lowest accuracy (72.22%) because label validations were often 
confused with validation methods during data collection. In resume, while the method’s accuracy is far from 
perfect, we consider it enough for the analysis presented in this paper. The data and the complete analysis of the 
detected errors during the validation are published together with the data.

Data availability
The data used in this study is published in an online repository and archived in Zenodo with a permanent 
identifier to facilitate its findability13. The data maintainer is Giner-Miguelez, co-author of this work, and can 
be contacted for reporting issues (errata) or further contributions to the data. Issues and contributions can also 
be reported through Zenodo’s open repository link. There is no set timeframe for data updates, and any data 
deprecation will be announced in the Zenodo-linked repository. As data does not represent people directly, we 
cannot infer potential social concerns directly from it. Aside from the topic analysis, we did not test the data with 
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any machine learning approach. However, because data can be used to train ML models, practitioners should be 
aware of the limitations presented before using it.

The data extracted using the Giner et al.52 approach cannot be understood as a gold truth because the under-
lying models are limited in accuracy and may suffer from hallucinations. Because of these issues, we only rec-
ommend using the data for statistical analysis of its trends. The data sources were the OpenAlex API48, the 
OpenReview API service, and the data publishers’ website (Nature’s Scientific Data and Elsevier’s Data in Brief), 
and we have not detected any explicit bias inherited from them. The data collection and curation were done by the 
three authors of the paper (internal team), who are based in Spain and Luxembourg, during 2023. The method 
section explains the provenance processes carried out by the authors, and the archived repository contains the 
calculus and charts generated from the data.

Code availability
The code used to perform the analysis of this work has been published in the same public repository as the data 
along with the instructions to reproduce the extraction process of the data.
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