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Abstract: The FAIR Data Principles aim to enable interoperability and reuse of 
research data across disciplinary boundaries. In practice, FAIRness is often as-
sessed using (semi)automated and manual tools that translate the principles into 
operational scores using assessment metrics. This paper examines whether these 
metrics adequately account for disciplinary contexts. A qualitative criteria cata-
logue, serving as the study's coding framework, was developed to systematically 
compare FAIR assessment tools regarding their operational logic, assessment 
scope, and referenced standards. A structured survey of the FAIR assessment 
landscape identified 34 tools, 14 of which were analyzed in detail. The results 
show that most tools rely on discipline-agnostic characteristics that primarily 
evaluate the infrastructural and machine-readable attributes of digital objects, 
while discipline-specific practices are rarely addressed.  
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1 Introduction 

Data-driven academia has resulted in a variety of concepts of data, knowledge infra-
structures and domain-specific research practices as Borgman [6], amongst others, al-
ready stated in the mid-2010s [15, 30]. In the same decade a diverse group of stake-
holders suggested the FAIR Data Principles: a set of 15 indicators for “scholarly digital 
objects of all kinds to become ‘first class citizens’ in the scientific publication ecosys-
tem” to turn research data into contextualized information objects [32]. Consequently, 
a key motivation of FAIR—and the primary motivation for this study—is the possibil-
ity of aggregating data across disciplinary boundaries. Interdisciplinary research ques-
tions require linking heterogeneous datasets at a semantic level, such as environmental 
and regional statistics. Interconnected data enable efficient interdisciplinary research. 

However, the challenge lies in the tension between generic, discipline-agnostic in-
frastructures and the highly specialized communities of practice1 that produce and con-
sume the research data [8, 11, 34]. 

 
1 For analytical purposes, disciplinary contexts are treated as institutionalized proxies for com-

munities of practice. While communities of practice may transcend disciplinary boundaries, 
disciplinary metadata standards provide the most visible manifestation of community-specific 
information practices in FAIR assessment tools. 

https://orcid.org/my-orcid?orcid=0000-0002-5739-4472


2  A. Lehmann-Gnirck 

FAIR assessment tools are used to measure the FAIRness of scholarly digital objects. 
The credibility and adoption in actual usage of scientific data infrastructure are strongly 
intertwined with the FAIRness of digital objects stored in those services [11]. Prior 
works analyzed FAIR assessment tools for usability or technical implementation [3, 4, 
11, 24]. Less attention has been paid to how the tools operationalize the FAIR Data 
Principles and whether their assessment metrics reflect discipline-specific practices. 
This study argues that unless assessment tools account for these discipline-specific 
characteristics, they will continue to certify data as FAIR in isolation, while the data 
remains interoperable only within its own community of practice. By making the dis-
cipline-agnostic design choices visible, this work provides a structured framework that 
can support researchers, data stewards, and infrastructure operators in selecting and 
combining tools for interdisciplinary data environments. 

The approach is grounded in the idea that evaluation instruments themselves produce 
information [10]. Assessment tools therefore do not only measure FAIRness; they also 
shape how FAIR is comprehended in research infrastructures and associated commu-
nities of practice. Therefore, this study addresses two research questions: 

1. Which criteria allow for a qualitative comparison of FAIR assessment tools 
and their metrics regarding their suitability for interdisciplinary data aggrega-
tion? 

2. How do FAIR assessment tools operationalize the FAIR principles, and to 
what extent are their metrics linked to discipline-specific practices? 

To address these questions, the study employs an analytical design: a criteria catalogue 
is developed to compare FAIR assessment tools qualitatively. The resulting comparison 
provides the empirical basis for identifying tool-inherent discipline-specific character-
istics and discussing their implications for FAIR operationalization across research 
communities. This paper contributes by: 

1. proposing a systematic qualitative criteria catalogue for FAIR assessment 
tools, 

2. providing a reproducible comparison of 14 existing tools, 
3. conceptualizing discipline awareness as a missing dimension of FAIR assess-

ment. 

Following the introduction, section 2 presents the theoretical background on the FAIR 
Data Principles as an information model and outlines the operational modes and target 
audiences of FAIR assessment tools. Section 3 describes the methodological approach, 
including the criteria catalogue, tool selection, and methodological limitations. Section 
4 presents the results. Section 5 discusses the findings, and 6 concludes the paper. 
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2 Theoretical Background 

The transition toward data-driven academia has necessitated a fundamental shift in how 
digital research objects are managed, shared, and integrated. This section establishes 
the conceptual framework for the study by distinguishing between (i) FAIR as an ab-
stract information model, (ii) frameworks that operationalize the FAIR Data Principles, 
and (iii) FAIR assessment tools that implement these operationalizations in practice. 

2.1 The FAIR Data Principles as Information Model 

In this study, the FAIR Data Principles (Findable, Accessible, Interoperable, Reusable) 
are understood as an abstract information model that defines the conditions under which 
digital research objects can be discovered, accessed, combined, and reused. Rather than 
prescribing technical implementations, FAIR specifies what should be achieved while 
remaining intentionally independent of disciplinary domains and technological infra-
structures [5, 32]. 

Accordingly, FAIR focuses on the relationship between digital objects, metadata, 
and infrastructures. Digital objects should be interpretable by computational systems 
that can automatically discover, access, and process them across heterogeneous infra-
structures [26, 31, 32]. At the same time, FAIR acknowledges that meaningful reuse 
depends heavily on metadata, documentation, and the technical environment in which 
data are embedded [13, 23]. Consequently, although FAIR itself is domain-independ-
ent, its implementation inevitably reflects community-specific research practices. 

Unlike previous paradigms centered on openness and accessibility, FAIR empha-
sizes machine-actionability alongside intellectual reusability. As Hellmann and Forberg 
[14] argue, FAIR extends earlier open-data concepts by recognizing that data quality 
cannot be reduced to binary open/closed distinctions but instead requires a multidimen-
sional assessment of findability, accessibility, interoperability, and reusability [3]. 

2.2 Operational Modes and Target Audiences of FAIR Assessment Tools 

FAIR assessment tools assess the FAIRness score of examined units such as datasets, 
research software or publications. They are frequently presented as neutral instruments 
for evaluating data quality [25]. In practice, however, they mediate between research-
ers, data stewards, repositories, and research data management workflows, thereby 
shaping scholarly information spaces [16]. Bates [5] describes such information spaces 
as dynamic environments in which technological infrastructures and human interpreta-
tion influence information practices. Applied to FAIR, this perspective suggests that 
although infrastructures enable standardized assessment, meaningful evaluation and re-
use remain dependent on community-specific knowledge and disciplinary conventions. 

Because the FAIR Data Principles intentionally remain abstract, several initiatives 
have proposed measurable indicators to operationalize them. Early work by Wilkinson 
et al. [33] introduced FAIR Metrics as a first attempt to translate the principles into 
assessable criteria. Building on this foundation, subsequent frameworks such as the 
FAIRsFAIR Data Object Assessment Metrics, the RDA FAIR Data Maturity Model, 
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FAIRmetrics.org, and repository-specific approaches such as the DANS FAIR Metrics 
further refined these indicators for practical assessment. While these frameworks share 
the common objective of evaluating FAIRness, they differ in emphasis, granularity, and 
target communities. In addition to established frameworks, many tools rely on custom 
metrics derived from existing standards but adapted by developers or infrastructure pro-
viders. Since these adaptations are often insufficiently documented, it is not always 
transparent which assumptions, standards, or community-specific requirements guide 
the assessment logic. As previous studies have demonstrated, both of these aspects lead 
to divergent FAIRness scores of identical digital objects when evaluated by different 
assessment tools [34]. 

Existing tools generally follow two complementary assessment strategies. Auto-
mated assessment tools evaluate machine-readable characteristics, such as persistent 
identifier resolution, metadata availability, or schema compliance, thereby prioritizing 
scalability and reproducibility [24]. In contrast, self-assessment frameworks rely on 
manual questionnaires that enable contextual interpretation, particularly for Reusability 
(R), which requires human judgement regarding community standards and domain-spe-
cific requirements [1, 9]. FAIR acknowledges this dependency through Principle R1.3, 
which explicitly requires compliance with community standards [12, 32]. 

Rather than analyzing communities of practice directly, this study therefore exam-
ines how community-specific information practices become embedded in FAIR assess-
ment tools. Scientific disciplines serve as an analytical proxy because these practices 
are commonly institutionalized through disciplinary standards and metadata conven-
tions. 

3 Methodology 

This study employs a criteria catalogue for a qualitative comparative analysis of FAIR 
assessment tools, identifying their tool-inherent, discipline-specific characteristics 
through systematic evaluation. While Wilkinson et al. [32] define universal principles, 
this catalogue reconstructs their discipline-specific operationalization. 

Following the introduction of the criteria catalogue, the tool selection is outlined. 

3.1 Criteria catalogue 

The criteria catalogue serves as the central data collection and structured analytical 
coding instrument of this study. Rather than functioning as a mere descriptive checklist, 
it provides a structured analytical framework that operationalizes qualitative compari-
son of FAIR assessment tools through predefined criteria, controlled vocabularies, and 
interpretation rules. Methodologically, the criteria catalogue is organized into three 
complementary layers: 

- criteria define which characteristics are documented, 
- predefined values ensure consistent coding wherever possible, 
- and interpretation rules specify the analytical relevance of each criterion for 

identifying tool-inherent discipline-specific characteristics. 
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Rather than merely listing observable tool characteristics, the criteria catalogue op-
erationalizes the comparative analysis by linking data collection (criteria), standardized 
coding (values), and analytical interpretation (interpretation rules). The criteria cata-
logue was developed iteratively. The process began with the collection of basic data on 
the tools, including purpose and technical characteristics. This initial step combined an 
analysis of tool usage with relevant publications describing their development. The next 
step focused on the assessment scope and metrics applied by the tools to analyze the 
resulting FAIRness scores qualitatively. 

Lastly, the impact of FAIR assessment tools was considered as an additional dimen-
sion. However, because measuring impact presents substantial methodological chal-
lenges, it was discussed with several data experts at the Helmholtz Metadata Collabo-
ration Conference (April 2026, Heidelberg, Germany) as part of a poster presentation 
[20]. The discussion highlighted that impact should be understood as a contextual and 
multidimensional concept rather than a directly measurable property of FAIR assess-
ment tools. Impact measurement strongly depends on the specific dimension being con-
sidered and on the availability of reliable indicators [29]. In the context of FAIR as-
sessment, potential signals of impact include dissemination and adoption within re-
search practices, recommendations by (inter)national research data initiatives such as 
NFDI consortia, as well as references in project infrastructures or scholarly publica-
tions. However, several commonly used indicators were considered unsuitable for sys-
tematic comparison. For example, user statistics may be influenced by technical factors 
such as automated requests or infrastructure monitoring, which limits their reliability. 
More fundamentally, impact measurement in this context represents a form of value 
analysis, as the scientific and infrastructural value of FAIR assessment tools remains 
an ongoing topic of discussion within the research data community [8, 9, 11, 33, 34]. 

The finalized catalogue comprises four main categories to describe FAIR assessment 
tools: basic data, purpose & objectives, technical features, assessment scope & metrics. 

Basic data captures a contextual description of the tool and functions as comparable 
metadata. Purpose & objectives summon information provided by the tool regarding its 
target audience and usage restrictions, drawn exclusively from the developer or pub-
lishing organization. Technical features describe the technical functionality for a prac-
tical overview of the tool. Assessment scope & metrics address the number and type of 
FAIR aspects assessed. All criteria, organized by those four main categories, are dis-
played in Figure 1. 

Basic data and technical properties served to classify tools according to their oper-
ation mode. To reveal tool-inherent discipline-specific characteristics the main catego-
ries purpose & objectives and assessment scope & metrics were prioritized, placing 
special emphasis on the following criteria: tools operation methods, examined unit and 
granularity, degree of automation and scoring system, publishing organization, com-
munity of practices as targeted audiences, and referenced standards & schemas. 

Each criterion consists of three components: (i) a criterion description defining the 
information to be collected, (ii) where applicable, a predefined set of values (controlled 
vocabulary), and (iii) an interpretation specifying the analytical relevance of the crite-
rion for identifying tool-inherent, discipline-specific characteristics. Together, these 
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components form a rule-based coding scheme that guided the qualitative comparison 
of all analyzed tools. 

 
Figure 1: Criteria catalogue for qualitative comparison of FAIR assessment tools. Criteria or-

ganized by main category, * denotes controlled vocabulary. 

Controlled vocabulary was used wherever possible to reduce interpretative ambigu-
ity during coding and to ensure consistent assignment of observed tool characteristics. 
Free-text responses were restricted to criteria for which no meaningful standardized set 
of values could be defined. Overall, 59 values are either developed through iterative 
data collection or follow Boolean logic (yes/no). 48 values are grounded in peer-re-
viewed articles or in information published by research data infrastructures and funding 
agencies (such as re3data2 or DFG3). While 26 criteria utilize controlled vocabulary 
values, fourteen criteria require free-text responses. 
 To enhance transparency and reproducibility, the complete criteria catalogue, includ-
ing definitions of criteria, controlled vocabularies, interpretation rules, and raw coding 
data, has been published as an openly accessible research dataset4 [21]. This dataset 
includes a detailed README to ensure full reproducibility and reusability of this com-
parative analysis. 

Specifically, the classification of tools as discipline-specific, tending towards disci-
pline-specific, discipline-agnostic, or neither was not based on subjective overall im-
pressions. Rather, it followed the predefined interpretation logic of the criteria cata-
logue [21]. Classifications derived from evidence regarding discipline-specific 
metadata standards, supported data types, configurable assessment logic, and refer-
ences to community-specific information models. Tools were assigned to the respective 
category only when these indicators were explicitly documented. The criteria catalogue 

 
2 https://www.re3data.org/browse/by-subject/ 
3 German Research Funding Agency: https://www.dfg.de/resource/blob/331944/fachsystematik-

2024-2028-de.pdf 
4 For quick access use: https://doi.org/10.5281/zenodo.19943297.  Detailed information is pro-

vided in the reference section. 

https://doi.org/10.5281/zenodo.19943297
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operationalizes the concept of tool-inherent discipline-specificity by translating ab-
stract characteristics into observable coding categories and predefined interpretation 
rules. For analytical purposes, discipline-specificity is treated as an interpretative cate-
gory derived from observable tool characteristics documented in the criteria catalogue. 
 The catalogue was not only used to document tool characteristics but also to trans-
form heterogeneous tool descriptions into comparable analytical observations. By as-
signing standardized values to predefined criteria, qualitative information from docu-
mentation, interfaces, and publications became systematically codable across all tools. 
This coding process enabled subsequent interpretation of discipline-specific character-
istics based on explicit evidence rather than overall impressions. 

3.2 Tool selection 

Through structured investigation, all available FAIR assessment tools were identified 
in March 20265. The search began with international FAIR information infrastructures 
such as FAIRassist.org6 and FAIR-IMPACT7. While both initiatives are related to the 
European Open Science Cloud (EOSC), FAIRassist.org serves as a specialized registry 
for community-specific FAIR tools. In contrast, FAIR-IMPACT represents a major 
EU-funded Horizon Europe project expanding FAIR solutions across EOSC. Both plat-
forms provide comprehensive overviews of FAIR assessment tools. The search was 
supplemented by reviewing additional tool collections such as FAIR Metroline8, Lang 
et al. [19]9, FAIRsFAIR Tools & Software10 and concluded with targeted web searches 
using combinations of keywords such as “FAIR assessment tool”, “FAIR evaluation” 
and “FAIR metrics”. 

In total, 34 FAIR assessment tools were identified [21]. Initial screening excluded 
tools that were no longer accessible, discontinued or did not fully implement or center 
FAIR principles into the assessment. Those “out-of-scope” tools were deemed unsuit-
able for qualitative comparison. For instance, KGHeartBeat evaluates Knowledge 
Graphs for representation, accessibility, and trust rather than FAIRness of digital ob-
jects. Similarly, the Data Stewardship Wizard/FAIR Wizard assesses Data Manage-
ment Plan (DMP) FAIRness rather than digital object compliance. 

The remaining 16 tools received unique IDs and entered the initial data collection. 
The coding followed the operationalization defined in Section 3.1. Subsequently, two 
additional tools (FAIR enough and Fair EVA) were excluded due to unavailable service, 
despite partial documentation. Both tools appear highlighted in red in figure 2. This 
color coding depends on the level of analysis the tools enable: Priority 1 (green: quali-
tative analysis + quantitative analysis are possible), Priority 2 (yellow: qualitative only), 
Priority 3 (red: unsuitable for analysis). 

 
5 FAIR assessment tools released after the 19th of March 2026 could not be included in analysis. 
6 https://fairassist.org/tools 
7 https://fair-impact.eu/fair-assessment-tools 
8 https://fairmetroline.org/metroline_steps/pre_fair_assessment 
9 https://zenodo.org/records/7701941 
10 https://www.fairsfair.eu/tools-software 
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Quantitative, FAIRness score-based comparison of these tools represents future re-
search beyond this paper's scope. Such analysis requires automated assessment capa-
bilities and standardized input formats. Accordingly, quantitative-capable tools must 
satisfy all catalogue criteria plus specific values for criterion {3-2} (degree of automa-
tion: semi-automated or automated) and criterion {4-6} (granularity of examined unit: 
digital object). 

 
Figure 2: Analyzed FAIR assessment tools and associated tool IDs used during data collection. 

Priorities indicate the feasibility of qualitative and/or quantitative comparison. 

The following section presents results for the remaining 14 FAIR assessment tools 
meeting priority 1 and 2 (listed in green and yellow boxes). 

3.3 Limitations of the approach 

This study does not measure the empirical FAIRness scores generated by the tools, nor 
does it assess their performance on specific datasets. Instead, it analyzes how tools are 
designed to operationalize FAIRness. 

As the coding was conducted by a single researcher, explicit decision rules are pro-
vided to enhance transparency and reproducibility [21]. The resulting classifications 
should therefore be understood as analytically grounded rather than statistically vali-
dated. Although the criteria catalogue was iteratively refined and discussed with do-
main experts, interpretative bias cannot be fully excluded. 

The analysis relies on publicly available documentation and observable tool behav-
ior. Undocumented characteristics may therefore not be fully represented. 

The FAIR assessment ecosystem is evolving rapidly, and the results reflect the state 
of the landscape at the time of the study (March 2026). 

While some tools rely on manual self-assessment and may allow discipline-specific 
interpretations during use, this study focuses on discipline-agnostic characteristics em-
bedded in tool design. 



 It´s FAIR and generic?! A systematic analysis of FAIR Assessment Tools 9 

4 Results 

This section presents findings from the qualitative analysis of 14 FAIR assessment tools 
conducted using a systematic criteria catalogue. The structure mirrors the criteria cata-
logue described in Section 3.1: basic data and purpose (4.1), technical properties (4.2), 
assessment scope and metrics (4.3), and communities of practice (4.4). 

Key findings reveal the prevalence of custom metrics over established standards dur-
ing (semi-)automated assessment, and manual questionnaires as the predominant oper-
ation mode. Comparing targeted communities of practice with referenced standards and 
schemas provide initial indicators of discipline-specific characteristics, even though 
most tools assess digital objects in a discipline-agnostic manner. Detailed variations in 
automation, metrics, and standards highlight divergent operationalizations of the FAIR 
Data Principles. Two tools (FAIR Data Assessment, FAIR Check) exhibit discipline-
specific requirements, two tools (F-UJI, FAIR-Checker) show tendencies toward disci-
pline-specific characteristics, nine tools are discipline agnostic, and one tool 
(FAIRshake) operates outside this dichotomy, meaning it is neither discipline specific 
nor discipline agnostic (see section 4.2, paragraph 2). 

These findings address both research questions concerning criteria for tool compar-
ison and discipline-specific characteristics. 

4.1 Basic data and purpose of tool 

FAIR assessment tools development appears predominantly European, with only two 
tools (FAIRshake, ARDC FAIR Data Self-assessment Tool) originating in non-Euro-
pean regions. No tools predate 2017, demonstrating the immediate impact of the FAIR 
Data Principles. 

Tool purpose generally falls into four categories: monitoring, optimization, quality 
assurance, and data aggregation. Monitoring and optimization of datasets and software 
(examined unit {4-01}) predominate. Four tools emphasize quality assurance as one of 
the main purposes thus aligning recommendations in the initial FAIR Data Principles. 
Three tools (FAIR Data Assessment, The FAIR Evaluator, FAIRshake) target data ag-
gregation without detailed specification of associated expectations. 
Publishing institutions (criterion {1-3}) provide deeper insights. Infrastructure projects 
{1-3A}, funding organizations {1-3B}, universities {1-3D} and (inter)national re-
search data initiatives {1-3E, 1-3F} typically indicate discipline-agnostic approaches. 
Conversely, community- and network-driven developments {1-3C} suggest potential 
discipline-specific needs. For non-university research institutions {1-3G} and research 
infrastructure/repository operators {1-3H}, closer examination of development motiva-
tions is required. Figure 3 illustrates organizational distribution among FAIR assess-
ment tool development. Blue organizations indicate discipline-specific tool require-
ments, orange and yellow organizations represent discipline-agnostic approaches, and 
green organizations do not fall into this classification. Publishing organizations alone 
do not constitute sufficient evidence of tool-inherent discipline-specific characteristics 
but provide initial indications of target disciplines during development. 
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Figure 3: Distribution of publishing organizations developing FAIR assessment tools (numbers 

specify tools per organizational cluster). 

4.2 Technical properties 

Technical properties of the 14 analyzed FAIR assessment tools reveal no tool-inherent 
discipline-specific characteristics. However, notable peculiarities emerge from data and 
merit discussion. 

Only one tool (FAIRshake) requires login-restricted access {3-1}, tracing back to its 
operation mode: FAIRshake mandates user-defined “rubrics” containing arbitrary met-
ric criteria linked to user profiles. While predefined rubrics exist, user-created rubrics 
render FAIR assessment fully customizable, creating a tool which is neither discipline 
specific nor discipline agnostic but depends on the user 's FAIR expertise. 

FAIRshake uniquely offers semi-automated assessment, combining automated eval-
uation with manual questionnaire. Four tools provide full automation, while most tools 
(9 of 14) rely entirely on manual questionnaires. Self-assessment inherently depends 
on user interpretations of the FAIR Data Principles, introducing user-generated disci-
pline-specific characteristics. Crucially, these characteristics are not tool-inherent even 
though the tool 's degree of automation {3-2} enhances that effect. 

Automated tools universally require some sort of identifier input format {3-3} such 
as a PID or URL, while only one self-assessment tool (FAIRdat) mandates URLs – 
likely for tracking tool usage. This corresponds to additional parameters (name of re-
viewer, name of repository and date of assessment) collected by FAIRdat, despite no 
technical necessity. 

Five tools (5 of 14) offer result export {3-4} in either JSON, PDF, CSV, or DOCX 
formats. Six tools present assessment explanations {3-6}; only two tools (FAIR-
Checker, FOOPS!) provide result-tailored recommendations for action {3-7}. 

All analyzed tools operate exclusively in English, underscoring dominance of 
Englisch in scientific communication and natural language processing infrastructure 
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[18, 22]. Notably, FAIRshake supports multilingualism based on underlying metrics 
and rubrics. 

Ten tools (10 of 14) can be run as a local version {3-11} (e.g. private device) via 
GitHub-hosted open-source code and/or downloadable questionnaires. 

4.3 Assessment Scope and Metrics 

Ten tools (10 of 14) assess digital objects such as datasets, software or publications. 
Two tools evaluate organizational FAIRness (Do I-pass for FAIR?, FAIREST), one tar-
gets ontologies and vocabularies (FOOPS!) and one tool (FAIR-Aware) tests user’s 
FAIR knowledge. Minimum requirements for examined unit {4-1} reveal no tool-in-
herent discipline-specific characteristics. 

Remarkably, 12 of 14 tools implemented a custom metric {4-7} rather than adopting 
established frameworks. Although most custom metrics are built on established stand-
ards, the reasons for creating a custom metric, as well as the adjustments made, remain 
largely non-transparent. Both issues merit further investigation. 

Established frameworks, which act as base metrics and underlying custom imple-
mentations, are detailed in section 2.2. Figure 4 reveals metric preferences among cus-
tom metric developers. 

 
Figure 4: Implementation of FAIR assessment logic across the analyzed tools. While most 

tools adapt established FAIR metrics through tool-specific assessment logic, TFE and F-UJI di-
rectly implement established FAIR frameworks. One tool does not explicitly reference estab-

lished FAIR assessment frameworks. 

Six of 14 tools base assessments on the initial FAIR Data Principles, all utilizing 
self-assessment (online/offline). Only one tool (FAIR Check) associated itself with dis-
cipline-specific characteristics. 

FAIRshake and The FAIR Evaluator employ FAIRmetrics.org for its assessment. 
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Two tools utilize RDA´s FAIR Data Maturity Model: FAIR-Checker employ RDA 
indicators exclusively, while FOOPS! combines them with FAIRsFAIR Data Object 
Assessment Metrics. Both tools use the same number of FAIR compliant tests: 24. 
FAIR-Checker is anchored in life science; FOOPS! appears to be discipline agnostic. 

FAIR Data Assessment and FAIRdat both employ DANS metrics for FAIR compli-
ance but differ in criteria and indicator count. 

Do I-pass for FAIR? uniquely developed a metric from scratch, assessing organiza-
tional maturity rather than FAIR compliance of digital objects [7]. 

F-UJI employs FAIRsFAIR Data Object Assessment Metrics. Notably, F-UJI and 
The FAIR Evaluator publishing institutions not only developed the associated auto-
mated FAIR assessment tool but also the metric those tools are operated on. Although 
twelve of the fourteen analyzed tools rely on custom metrics, these are not independent 
assessment frameworks. Instead, they represent tool-specific adaptations of established 
FAIR metrics and indicators. Only The FAIR Evaluator (TFE) and F-UJI (FUJ) imple-
ment established assessment frameworks without adjusting them. 

Additionally, a significant gap exists between the number of compliance tests {3-
10} for (semi-)automated tools and the number of metric criteria {3-9} for self-assess-
ment questionnaires. These numbers vary from 10 to 24 FAIR criteria for self-assess-
ment up to over 100 indicators when it comes to (semi-)automated assessment. This 
disparity reflects operational differences: (semi-)automated tools efficiently process 
100+ tests rapidly, whereas self-assessments become impractical at scale.  

Three of six (semi-)automated tools (F-UJI, FAIR-Checker, FOOPS!) operate on a 
static, metric-based method {4-12}. Despite differences (e.g., community-specific 
standards & schemas, base for automated assessment, no. of metric criteria, compliance 
tests), all these tools share the base metrics (RDA, FAIRsFAIR) explaining their static 
operation. The other half of the (semi-)automated tools (The FAIR Evaluator, 
FAIRshake, FAIRdat) use the dynamic, indicator-based method. The FAIR Evaluator 
and FAIRshake allow users to adjust indicators and compliance tests before or during 
the FAIR assessment. Therefore, both tools are neither discipline specific nor discipline 
agnostic since they can be adapted to the discipline the assessment is needed for. 

(Semi-)automated assessments use two sources: (i) the landing page a PID links to 
or (ii) structured metadata the examined unit provides. F-UJI combines the landing 
page information with associated repository API; FOOPS! uses APIs only which makes 
it efficient for repository FAIRness. 

Even though some FAIR assessment tools share base metrics and similar test counts, 
they differ in operation mode and referenced standards and schemas. 

4.4 Community of practices as stated by the tool developers and by standards 
and schemas suggested 

Along with each assessment tool, most publishing institutions or developers docu-
mented purpose, metrics, target audience, etc. in accompanying publications {1-6}. 
These publications differ in level of detail. Three tools provide no specific paper but 
background information at the tool´s URL. Overall, purpose & objectives were sum-
marized for all tools, focusing on developer-stated information. 
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As noted in section 2.2, all FAIR assessments incorporate standards and schemas. 
Some tools reference discipline-specific standards and schemas, despite appearing dis-
cipline agnostic. 
Here, stated community of practices ({2-3}, {2-4}) were compared to referenced stand-
ards and schemas ({4-3}, {4-4}). Currently, no automated assessment tool tests for spe-
cific standards and schemas; instead, they refer to them in either technical or user doc-
umentation. 

Notably, 7 of 14 tools self-identify as discipline agnostic, yet two of these tools ref-
erenced discipline-specific standards and/or schemas: F-UJI refers to TEI, which is a 
widespread standard for any kind of text but developed for cultural heritage texts and 
above all located in Humanities and Social Science. F-UJI refers to many more disci-
pline-agnostic standards and schemas and does not test automatically for TEI standards. 

FAIR-Checker explicitly references Life Science standards (Bioportal, Bioschemas) 
and is developed by an interoperability working group of the French Institute for Bio-
informatics. Yet again: these are referenced to, not automatically tested. 

Five tools omit community specification and therefore do not provide background 
information whether a tool is developed discipline specific or discipline agnostic. This 
could not be (dis)proven by referenced standards and schemas. 

Two tools explicitly target specific disciplines. FAIR Data Assessment belongs to 
Life Sciences, more precisely: agricultural science. The tool references standards such 
as Agrovoc and AgriMetaMaker, while still welcoming cross-disciplinary use, without 
noted limitations. FAIR Check, developed by NFDI4Culture, optimizes Humanities and 
Social Science assessment, without referenced standards and schemas. 

5 Discussion 

This study's core finding, derived from qualitative analysis of 14 FAIR assessment tools 
using the systematic criteria catalogue described in Section 3.1, points to a strong ten-
dency toward discipline agnosticism and with it a significant discrepancy between the 
universal aspirations of the FAIR Data Principles and their practical operationalization. 
12 of 14 tools employ custom metrics rather than established frameworks {4-7}, con-
firming Wilkinson et al.'s observation of inconsistent assessment outcomes as techni-
cally driven rather than discipline specifics [34]. The predominance of discipline-ag-
nostic assessment logic suggests a potential limitation for interdisciplinary data aggre-
gation, particularly where successful reuse depends on discipline-specific metadata and 
semantic context. While developers create custom metrics to better align with specific 
project goals or perceived community needs, the lack of transparency regarding these 
modifications (as identified in section 4.3) creates a "black box" effect. This is further 
underscored by requirements regarding what constitutes "good" metadata. From an in-
formation science perspective, custom metrics function as local benchmarks, not global 
interoperability indicators for interdisciplinary data aggregation. This prevents the 
standardization and, ultimately, reusability of FAIRness scores across different assess-
ment tools, without a deep dive into the underlying metric logic. 
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FAIR assessment tools favour machine-readable structures ({4-6}: digital objects 
dominate), meaning that tools effectively measure "infrastructural readiness" rather 
than "scientific reusability”. This leads to a situation where data can be technically 
FAIR according to an automated tool yet remain practically useless for researchers due 
to the lack of deep semantic contextualization [17, 28]. Automated tools (4 of 14) verify 
100+ indicators efficiently but check "only [...] name and type of […] standards, but 
not its structure or formulation unless these are 'hard-coded' into the tool" [33, 34]. This 
observation highlights the need for a continuous balancing between discipline-specific 
data practices, which may rely on community-driven and less standardized metadata 
structures, and the goal of enabling reuse across disciplinary boundaries. 

The results indicate an ongoing trend toward discipline agnosticism. This pattern has 
also been observed in previous studies [8] and can interpreted as "lowest common de-
nominator" approach. While this facilitates the movement of data into large-scale in-
frastructures like the EOSC, it risks stripping data of the granular metadata required for 
complex, cross-domain queries. As Appe [2] states, aggregation often leads to trade-
offs regarding context-specific phenomena. If discipline-specific metadata require-
ments remain excluded from automated assessment, FAIRness scores may insuffi-
ciently reflect the semantic context required for interdisciplinary reuse. 

These findings indicate that future FAIR assessment approaches could benefit from 
complementing metadata presence checks with mechanisms that evaluate the compati-
bility of underlying information models. 

One possible implication of these findings is that funding agencies and infrastructure 
operators could consider complementing universal FAIR assessments with configura-
ble, community-oriented assessment components. This could lead to a two-step assess-
ment strategy: 

• First Agnostic Step: Use automated tools (e.g., F-UJI) for baseline infra-
structural compliance (PIDs, Licenses, standard APIs). 

• Second Disciplinary Step: Use community-validated, indicator-based tools 
(e.g., FAIRshake) that can configured with discipline-specific "rubrics". 

In general, FAIR assessment is most successful if the metric used is defined or at 
least selected by users to tailor down FAIR assessment to community of practice in 
question. Furthermore, following Poveda et al. [27], a strategic portion of research 
funding should be dedicated not just to data production, but to the maintenance of the 
semantic infrastructures (standard registries and disciplinary FAIR metrics) that make 
these assessment tools meaningful. 

From the outset, it must be acknowledged that the FAIR Data Principles were de-
signed primarily to improve machine-readability, not necessarily to resolve the com-
plexities of semantic aggregation. This leads to what may be described as a potential 
"Checklist Paradox": a digital object may achieve a perfect FAIRness score through 
technical compliance (syntactic interoperability) while remaining semantically opaque 
to interdisciplinary or even disciplinary researchers. The present comparative study 
provides empirical evidence of such tensions. 

9 of 14 tools rely on manual self-assessments dependent on user interpretation of 
FAIR Data Principles, introducing non-tool-inherent discipline-specific characteristics 
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enhanced by tool design [8]. As identified in the results section, the burden of disci-
pline-specifics is carried by the user rather than being tool-inherent. This highlights the 
need for assessment workflows that combine the efficiency of automated metadata 
checking (as seen in F-UJI or FOOPS!) with the nuanced, context-aware validation that 
only a human-in-the-loop or a discipline-specific knowledge graph can provide [3]. A 
(semi-)automated assessment tool like FAIRshake can counteract this phenomenon. 

Result-driven heterogeneity reflects Bates' [5] dynamic information spaces: Auto-
mated tools appear domain-neutral through machine-readable focus; manual assess-
ments carry "the burden of discipline-specifics created by the user" – not tool-inherent, 
though design-amplified. Custom metrics (12 of 14) create implicit discipline bias: F-
UJI references TEI (Humanities-associated) without automated testing; FAIR-Checker 
cites Bioportal/Bioschemas (Life Sciences) only in its documentation. 

The prevalence of discipline-agnostic tools suggests that in striving for universal 
applicability, the current FAIR ecosystem has sacrificed the granular, domain-specific 
metadata required for true knowledge integration. Therefore, this comparison is not just 
a tool evaluation; it is a fundamental critique of a "checklist culture" that mistakes struc-
tural metadata presence for meaningful scientific communication. Without addressing 
this gap, FAIR remains a measure of archival readiness rather than a facilitator of cross-
disciplinary discovery. 

6 Conclusion 

By developing a qualitative criteria catalogue, this study provides a systematic recon-
struction of the disciplinary suitability of FAIR assessment tools and their potential for 
interdisciplinary data aggregation. Developed iteratively, the catalogue enables a struc-
tured analysis of how FAIR assessment tools operationalize the FAIR Data Principles 
and which requirements about research data practices they embed. 

Applying this catalogue to the analysis of 14 tools reveals that discipline-agnosticism 
appears to reflect a deliberate design choice. Their metrics primarily evaluate infra-
structural and machine-readable characteristics of digital objects, while discipline-spe-
cific metadata practices and semantic contexts are rarely addressed explicitly. The tech-
nical foundations for FAIR assessment are maturing; the semantic layer remains under-
developed. The widespread use of custom metrics (86% of the analyzed tools) further 
contributes to heterogeneous interpretations of FAIRness across tools. 

By uncovering the characteristics embedded in FAIR assessment tools, this study 
contributes a structured analytical framework. The proposed criteria catalogue helps 
researchers, data stewards, and infrastructure operators better understand how different 
tools operationalize FAIR. 

The results indicate that effective FAIR evaluation in interdisciplinary environments 
may require combining automated infrastructure checks with discipline-aware assess-
ment approaches, ensuring that research data becomes a true "first-class citizen" in the 
global scientific publication ecosystem. 
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