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Luis P. Carmo3, Katharine R. Dean3, Marco De Nardi   4, Pauline Ezanno5, Jenny Frössling   6,  
Wiktor Gustafsson   6, Miel Hosten7, Anne Meyer8, Saba Noor   7, Victor H. S. Oliveira3, 
Magnus N. Osnes   3, Sebastien Picault   5, Crawford W. Revie9, Javier Sanchez   10, 
Inge Santman-Berends11, Gema Vidal6, Clazien J. de Vos12 & Gerdien van Schaik11,13

Despite the global adoption of the FAIR guiding principles, significant barriers remain in their practical 
implementation due to the lack of domain-specific standards for “rich metadata”. While generic metadata 
schemes provide basic information, they often fail to capture the complexity of data quality and the 
nuances of specialized scientific fields. This gap is particularly evident in veterinary epidemiology, a field 
characterized by complex, multi-scale data spanning various domains where detailed description of data 
analysis and modelling tend to be prioritized over raw data description, leading to inconsistent reporting 
and low data reusability. This paper introduces the first community-developed rich metadata guidelines 
specifically designed for veterinary epidemiology datasets, accompanied by practical templates and real-
world examples. By integrating existing standards with specific guidance on domain-specific attributes 
and data quality, these guidelines provide a comprehensive, single-source framework accessible 
to researchers across academic, public, and private sectors. They aim to support researchers and 
stakeholders in enhancing the reusability of animal health data.

Introduction
Over the last decade, a growing number of governments, funding agencies (e.g., US National Institutes of Health, 
European Commission’s Horizon Europe programme) and individuals have promoted data reusability to max-
imize research investments’ efficiency, enhance reproducibility and transparency, and foster collaboration and 
innovation. Several tools and guidelines have been developed to support these efforts. The most widely adopted 
are the FAIR guiding principles (i.e., Findable, Accessible, Interoperable, Reusable) which are intended to, “act 
as a guideline for those wishing to enhance the reusability of their data”1, and which have become the reference in 
many organizations for good research data management practices. The FAIR guiding principles highlight the 
importance of metadata for supporting data reusability and insist on the importance of having ‘rich metadata’ 
(i.e., Guiding principles ‘F2: Data are described with rich metadata’ and ‘R1: meta(data) are richly described with 
a plurality of accurate and relevant attributes’). The metadata is a set of data that describes and gives information 
about other data. The definition of the term is very broad and the guiding principles stop short of providing 
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detailed information on what metadata or rich metadata should look like in practice. They even push the respon-
sibility of deciding which metadata elements are most relevant to each individual scientific community2.

To help scientists and other stakeholders, several metadata schemes have been developed. These schemes 
often cover, in some detail, general information relating to digital objects (e.g., title, unique identifier, creators, 
etc.) useful to meet several of the FAIR guiding principles. The concept of rich metadata is often simply covered 
by a section entitled, “Description of the data”, where the users are invited to provide additional information 
about the data that did not fit in any of the generic categories they have previously defined (for examples see3–5), 
thus leaving plenty of room for interpretation. In addition, the existing generic metadata standards usually do 
not include consideration of data quality, even though having access to information related to dataset flaws has 
been identified as a critical issue for data (re)usability and interoperability6.

Having generic specifications makes sense when the purpose of the metadata scheme is to cover a broad 
range of datasets. However, it also comes with challenges for users when they try to describe their own datasets 
and associated limitations. The absence of existing specific guidance on dataset flaws has been, for example, 
identified as a major barrier to the reporting of data quality7. It can be daunting to identify what information is 
required or useful for describing a dataset and its quality, often pushing authors to report it inconsistently, or to 
simply overlook this task8. This significantly impairs data reusability as the information needed by the person 
trying to reuse the data is rarely available or sufficiently understandable, especially when datasets are complex. 
The difficulty is that what makes sense in terms of data description and data quality changes, depending on the 
nature of the data involved and the specific domain they are related to. To meet this challenge, a growing number 
of communities are developing their own standards to ensure that the data they generate contain the minimum 
information required to ensure that they can be easily interpreted and therefore reused. For example, there are 
minimum information standards relating to microarray experiments (MIAME – Minimum information about 
a microarray experiment)9, arthropod abundance10, or more recently crops data in agriculture11; but many are 
still pending (see, for example, a call to action for food composition data12 and examples of initiatives in public 
health13,14).

In the field of animal health, and in particular in the veterinary epidemiology, the lack of fit-for-purpose 
standards has been identified as one of the reasons that could explain the overall low level of FAIR-ness of the 
data used in this domain, and likely contributes to limiting data reuse15,16. Animal health is of key importance 
not only to ensure sustainable access to safe animal-sourced food, but also to protect public health as highlighted 
by the emergence of the ‘One Health’ concept17. One of its specificities is that data in veterinary epidemiology 
are often complex, multi-scale, and span diverse research domains, such as genetics, population dynamics, eco-
nomics and biology. While epidemiology can be defined as the study of disease in populations and of factors that 
determine its occurrence, veterinary epidemiology goes beyond and includes the study of other health-related 
factors such as livestock productivity, economics and biosecurity. Veterinary epidemiology is also used in a wide 
range of species and production systems and operates at the interface of ecology when wild animal populations 
or vector-borne diseases are being studied. Therefore, the purposes of the data used in veterinary epidemiology 
and their associated degree of complexity can vary greatly. This diversity comes with additional challenges when 
trying to define standards to support data reuse as these standards must, in this context, meet two competing 
goals: being consistent and flexible. Work conducted by18,19 has tried to partially fill this gap by defining mini-
mum data standards for laboratory data and wildlife disease research and surveillance, respectively. However, 
these standards focus on standard data formats (and not metadata) to be used for a very specific kind of veter-
inary epidemiology data. Guidelines have also been developed to strengthen the reporting of epidemiological 
studies (see for examples20,21). These frameworks focus primarily on describing the analytical framework and 
its bias, offering only a secondary role to the data. Data are frequently assessed exclusively within the context of 
the study that uses them. Therefore, there remain significant gaps in terms of mechanisms to produce compre-
hensive enough information to facilitate the broad reuse of the wide array of veterinary epidemiological data.

The purpose of this work is to propose comprehensive and practical instructions on how to create 
domain-relevant rich metadata in veterinary epidemiology to support data reuse in this field. In these guide-
lines, we mostly focus on elements that are specific to veterinary epidemiology, but, for the sake of completeness, 
we also briefly cover generic aspects of the metadata, by referring to existing standards. Special attention is also 
given to the description of the dataset quality, as it has often been found to be poorly documented in the field of 
animal health15,16,22. These instructions intend to provide guidance to data owners or data holders working with 
these data, whether they are researchers creating data as part of research studies, or public or private stakeholders  
involved in animal health and production and generating data on a routine basis.

Method
Following the work done by23, we initiated a community-centric model that engaged domain scientists to 
develop formats for common veterinary epidemiology data types. The objective was to create formatting guide-
lines and templates that would gather the minimum but sufficient metadata necessary for data interpretation 
and reuse.

The guidelines and associated templates were developed following four rounds of reviews by members of the 
community of veterinary epidemiologists. In total, 25 individuals representing 13 institutions provided sugges-
tions at various stages of the development process. This process is detailed below.

The team leaders first reviewed existing metadata guidelines and used them as a basis to develop a first draft 
of the guidelines. The first version was developed as a simple text document, which was initially shared and dis-
cussed within a small group of researchers. A second version was then developed and discussed with members 
of the community during a workshop focusing on Data Stewardship and organized as part of the annual confer-
ence of the Society for Veterinary Epidemiology and Preventive Medicine in Berlin in March 2025.
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This second round of comments led to a third version of the guidelines and to the development of metadata 
templates. These templates were developed using a tabular strategy to make it easier for others to review and 
document the metadata, and check errors24. The objective was also to avoid a potential lack of engagement of 
contributors because of the eventual lack of knowledge on machine-readable data formats, as it could be an 
issue in this community16. The tabular templates were proposed in.csv and.xlsx formats, which are data for-
mats often used by veterinary epidemiologists. This third version of the guidelines and associated templates 
were shared with the members of the core group and one member of the advisory board of a large Horizon 
2020 European-commissioned research project named DECIDE (i.e., Data-driven control and prioritization of 
non-EU-regulated contagious animal diseases), which gathered 19 partners from the public and private sectors 
across 11 European countries.

A fourth version was developed after including their comments and was then shared with the rest of the 
consortium of the DECIDE project and with interested members of the veterinary epidemiology community 
identified amongst the participants of the workshop organized in Berlin in March 2025. The contributors piloted 
the guidelines and associated templates within their research groups using different datasets to ensure they were 
practical and useful for scientists who collect and reuse data. This last round of reviews gathered only relatively 
minor feedback and led to the version of the guidelines and their associated templates presented in this paper. 
The tabular strategy used to develop the templates had the added benefit of being easily extendable by all sci-
entists in the community, and convertible later to other metadata formats (e.g., geospatial formats such as the 
Keyhole Markup Language (KML)) or to a semantic format such as Resource Description Framework (RDF)25.

Once the guidelines and associated templates were finalized, real life examples were also developed from the 
DECIDE project to better illustrate how the templates could be filled for two different datasets. The first dataset 
was related to Polish poultry production data, which had been aggregated and presented a number of data qual-
ity issues26. The second dataset was related to Norwegian salmonids production data27. These two examples are 
used in the following sections to demonstrate the use of the guidelines.

Results
Data covered by the guidelines.  These guidelines do not cover all types of data used in veterinary epi-
demiology. Specific data, such as those used in statistics or molecular epidemiology research are not considered. 
Indeed, these specific domains have already made significant advances in terms of data sharing, where standards 
exist and are already in widespread use (for example, in molecular epidemiology15,28,29 and in statistics, with the 
SDMX initiative30). The focus of these guidelines is on nonspecific data used in veterinary epidemiology, such as 
data covering animal populations, disease prevalence, antimicrobial usage, presence or absence of risk factors, 
economic data, production performance, sensor data or animal movements.

The datasets described using these guidelines can be made publicly available or simply preserved in private 
repositories. Indeed, creating good metadata should be considered independently from the action of sharing 
the data with external people. Whatever the data sharing status, the data should be thoroughly described with 
rich metadata to facilitate their re-use by the members of the organization owning the data, and by others when 
applicable.

It is also important to highlight the fact that metadata describes a specific digital object. This means that, 
if only parts of the data maintained in private repositories are made publicly available (for example in open 
repositories like Zenodo (https://zenodo.org/) or Dryad (https://datadryad.org/)), and sensitive information, for 
example, is removed before data sharing, then these data should be considered a new digital object with slightly 
different characteristics than the original data. Therefore, they should be associated with different metadata than 
the original data. In practice, their metadata will be largely similar, but will slightly vary in terms of, for example, 
update frequency, and data anonymization.

How and when to use these guidelines.  These guidelines should be consulted before creating metadata 
to have a good understanding of the information that would be required and how it could be structured. The best 
time to create metadata is during or before the dataset creation or collection process. Steps should be taken to 
facilitate data reuse from the very beginning to facilitate the task and save resources. Indeed, even if it is always 
possible to create metadata a posteriori, it will be a lot more time-consuming than if considered from the very 
beginning and integrated into the workflow.

Any metadata created in the context of a data collection process should be stored should be stored together 
with the data they describe in an appropriate repository. Multiplying the repositories where the data and their 
metadata are deposited is of interest to increase data longevity and maximize data discoverability. The appropri-
ate repositories to be used depend on the nature of the data, and the rules set by each organization owning the 
data. However, whatever workflow is decided, it should take into account the evolving services provided by the 
repository, so that all data versions over time are properly linked.

In these guidelines, the metadata are structured around three components, which are further described in 
the following sections:

•	 General information – this section refers to basic information associated with any digital object and includes 
data access rules.

•	 High-level description – this section intends to provide a basic understanding of what the dataset is about, 
defining what should be included in the description of a dataset to make it meaningful for others.

•	 Specific content description – this section intends to provide a specific content description of the data for 
someone else to be able to actually (re)use it in an appropriate way31. It focuses on detailed information, such 
as data models, data dictionaries, and data quality (e.g., completeness and accuracy).
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Note that these guidelines present the items that the metadata cover but also propose metadata templates 
based on files in.csv and.xlsx format (see appendices). Real life examples of datasets described using the tem-
plates are also available in26 and27.

Section: General information.  For the sake of completeness, our guidelines include the key elements usu-
ally reported in the existing metadata schemes, based on the scheme proposed by the DataCite Metadata Working 
Group4. Some of the items highlighted in this section of our guidelines may be found in slightly different versions 
or under different names, depending on the platform where the dataset is published and/or the generic metadata 
scheme used as a reference. The list of generic information to be reported about any dataset is presented below. 
Such information (as well as some elements from Section “General data description”) is generally embedded with 
the data in formal data repositories and online platforms. However, an example of a template to be filled in order 
to provide structured general information about a dataset is provided in the files named “1_GeneralDescription” 
available on Zenodo32 in case the dataset is not stored in such repository.

•	 Title: A name or title by which a resource is known4. A way to identify or refer to the dataset is needed to be 
able to describe it. It can take the form of a plain language name, which may include the organisation creating 
the dataset, the purpose or content, and, in the case of a multi-part collection, an identifier of the specific part 
(e.g., the year or version).

•	 Unique Identifier: the title or name of the dataset should be complemented with a unique identifier in par-
ticular if the dataset is published in a data catalogue or a data repository. The unique identifier can be a num-
ber (e.g., a digital object identifier (DOI®) that is commonly used to reference journal articles) or a unique 
text identifier based on the name such as used in some data catalogues, like OpenDataSoft.

•	 Creators: The main researchers involved in producing the data, and/or the authors of the publication, in 
priority order, including contact details and when relevant their contribution to the data. For instruments 
collecting data this is the manufacturer or developer of the instrument4.

•	 Publisher: The name of the entities that hold, archive, publish, print, distribute, or release the resource4.
•	 Contributors: The institution or person responsible for managing, distributing, or otherwise contributing to 

the development of the resource4.
•	 Publication date: Date when this version of the dataset was made available.
•	 Funding reference: Information about financial support (funding) for the resource being registered ideally 

using URL of the funding reference and grant number4.
•	 Size: Size of the dataset (e.g., bytes, pages, inches) or duration (extent, e.g., hours, minutes, days) of a 

resource4.
•	 Version: the version number of the resource or dataset.
•	 Language: This is the (human) language or languages that the dataset includes. This does not refer to the 

encoding system used in the data (see “Format” below). While many datasets may be highly quantitative 
(containing mostly numbers), interpretation of these values requires data dictionaries with text descriptions. 
Some datasets may also include free text fields recorded in one or more languages.

•	 Keywords or subject: Subject, keyword, classification code, or key phrase describing the resource4.
•	 Format: Technical format of the resource4. This refers to the data format and encoding system used to store 

the data. It could be a simple XML or CSV file, but other formats could be used, such as OWL/RDF, JSON, 
BSON, PDF, SQLite, or DB files.

Special attention should be given to the rights associated with the dataset. The rights of the datasets aim 
at reporting the rules for who can access and reuse the data, for what purposes and under what conditions. It 
should clearly define the roles and responsibilities, as well as the data reuse policy associated with the dataset. 
More specifically, it should include the following items:

•	 Data owner: Data owner means a legal person who, in accordance with applicable law, has the right to grant 
access to or to share certain personal or non-personal data under its control and is concerned with risk and 
appropriate access to data. For example, in a surveillance scheme, a data collector can be a laboratory, which 
stores the surveillance results in a governmental database according to legal framework, and where the data 
owner is the government.

•	 Other key stakeholders: In certain cases, other key stakeholders involved in data governance and access 
should be reported. For example, the data steward (i.e., oversight role of data management within an organ-
ization), the data custodian (i.e., person responsible for the safe custody, transport, storage of the data and 
implementation of business rules), the data processor (i.e., a third party that processes personal data on behalf 
of a data controller) and/or data collector (i.e., natural or legal person responsible for creating or capturing 
data) could be also mentioned there if deemed necessary.

•	 License or agreement: If there is any, the license or data sharing agreement associated with the dataset should 
be mentioned. If the data are open access, it should be also mentioned there.

•	 Access procedures: This item should describe who makes the decision, what is the process, what are the con-
ditions placed on the data reuse, and how the conditions are communicated and enforced. Information about 
embargo, classified information or presence of sensitive personal data should also be included if applicable. If 
the data are classified according to certain security standards, the item should also include a reference to the 
classification model and what class has been assigned to the data according to that model.
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Section: General data description.  The purpose of the high-level overview section is to enable somebody 
interested in data reuse to determine if the dataset is relevant and potentially usable. It provides basic information 
to understand what the data are about, focusing on items meaningful for data in animal health.

An example of a template to be filled in order to provide a structured high-level description of a dataset used 
in veterinary epidemiology is provided in files named “2_GeneralDataDescription” available on Zenodo32. The 
template includes examples of possible answers, which are highlighted in yellow within the document.

Context. 

•	 Domain: the general domain that the data relate to. It may sometimes overlap with the “keywords or subject” 
item reported in the previous section, depending on the platform used to publish the data.

Examples:

•	 A broiler production company may have a production database, and the domain might be ‘Commercial poultry 
production’

•	 A veterinary diagnostic laboratory might have data in the domain of ‘Livestock diagnostic testing’
•	 A government department may maintain a spatial database of aquaculture production leases with the domain of 

‘Registration of aquaculture production sites’

•	 Original purpose: This is the purpose for which the dataset was initially created. Specifying the purpose of a 
dataset is useful to understand why and how the data were collected and therefore their potential values and 
biases. When a dataset has been created based on the integration or analysis of multiple other data sources, it 
is likely that the purpose of the integrated dataset is different from the purpose of the source datasets.

Examples:

•	 Diagnostic, research and regulatory specimen test results generated by a diagnostic laboratory in Poland.
•	 WOAH WAHIS’s primary purpose may be to provide information on national disease status to prevent interna-

tional spread of livestock diseases and facilitate trade in animals and animal products. However, it is based on 
reports from national animal disease surveillance databases, which may have different original purposes such as 
disease control and surveillance.

•	 Scope: This is a definition of what types of data are eligible to be in the dataset, and what types are not. It is 
related to “What” is included or excluded from the data. In this section, any relevant fact about the data could 
be also reported. For example, for longitudinal data, reporting important events, which occurred during the 
time covered by the data and that may have impacted the data could be of interest.

Examples:

•	 Production data from all the Scottish production sites. Please note that the year YYYY was an unusually severe 
season of jellyfish, which has likely affected the fish mortality rate and maybe other variables that year.

•	 Organic farms and conventional farms with less than 10 pigs are not included in the dataset.

•	 Related documents: Any digital object that might be connected to the data and could be useful for data reuse 
could be also mentioned in this section. For example, scientific papers describing or using the data could be 
cited there. Note that some of these objects could be also used as reference in other sections of the metadata.

Data resolution.  This section aims to describe the data dimensionality but focusing only on data in 
low-dimensional spaces (i.e., limited number of variables per record easy to visualize), which remain very com-
mon in veterinary epidemiology. For data in high-dimensional spaces (i.e., number of features, attributes, or 
measurements is very large—and often much larger than the number of observations), the stakeholders would be 
invited to consider the addition of other attributes to properly describe their data to others.

•	 Subject unit identifies the subject unit from which individual data items are drawn. This defines what a row 
is, or in a non-tabular dataset, what defines a unique entry. This definition is essential to properly use the data-
set, count records and understand and identify the duplicates. For flat datasets related to epidemiology, this 
would refer to the epidemiological unit of interest in the dataset such as an individual animal, herd, or region. 
If there are multiple subject units (e.g., relational database) connected by a hierarchical structure, it should 
be carefully highlighted and described there. Detailed information on each subject unit can be also provided 
directly within the data model (see below).

Examples:

•	 A dataset related to poultry production may be structured at the flock level with each flock being associated with 
a specific farm. A dataset focusing on dairy production could have data relating to individuals, which belong to 
specific groups of animals, which are themselves in different farms.
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•	 A dataset on antimicrobial usage may contain data extracted from veterinary clinics, but the data have been 
aggregated by region. In that case, the subject unit would be “all the veterinary clinics in a given region”.

•	 Spatial scope is the geographical area covered by the data. It may be a country, an administrative subdivision 
(state, province, county etc.) or indirectly defined (e.g., the area of activity of the production company and all 
its contracted farms)33.

•	 Spatial resolution identifies the spatial unit from which individual data items are drawn. This item may also 
be thought of as the level of precision used to identify a location33. Sometimes individual data items are not 
linked to any spatial information. In that case, it is important to make clear to future users that there is no 
spatial information available in the data.

Examples:

•	 A dataset on wildlife density may include one estimate for each 5km-by-5km grid cell. The shapefile of reference 
for the grid is available in XXXX.

•	 Georeferenced farm locations may be recorded in latitude and longitude, (degrees-minutes-seconds format) to the 
closest whole second, or alternatively, in decimal degrees to the third decimal place.

•	 A dataset on antimicrobial usage may contain data extracted from veterinary clinics, but the data have been 
aggregated by region. In that case, the spatial unit would be “region defined as NUTS 2 according to the NUTS 
classification released in 2021 https://ec.europa.eu/eurostat/fr/web/nuts/history”.

•	 A dataset on antimicrobial usage may contain the data collected by veterinary clinics, but there is no information 
on the spatial localization of these establishments. In that case the spatial resolution of this dataset could be stated 
as “No spatial information available in the data”.

•	 Period covered is indicated by the start date and the end date. For an operational data set that continues to 
capture data, there is no (currently known) end date33, but an update frequency should be reported in the 
next point.

•	 Temporal resolution refers to the precision used to measure when events occurred. Commonly, an event 
is recorded, giving a temporal resolution of one day. Some systems may use a timestamp to record when an 
event occurred (for example, when data were submitted) with a resolution of milliseconds33. Regulatory data-
bases often summarize data into reporting periods, and therefore have figures aggregated by week, month, 
quarter or year.

•	 Update frequency and mechanisms - For operational, continuously growing datasets, data streams and any 
data receiving regular updates, this item would describe how and when new data are added to the dataset. 
This may be continuous (with no specified interval) when data are added to the dataset as soon as they are 
created, or be based on a regular reporting or data processing cycle (daily, weekly, monthly, quarterly or 
annually (in that case, specifying the period of the year is encouraged))33. If any backwards corrections to the 
previous versions of the data are made during the update, these should be also noted and clearly described in 
the data lineage section.

Examples:

•	 Continuous update: The automatic feeder is recording data every time a cow visits it.
•	 Regular reporting or data processing: New data from production sites are automatically extracted once per 

month. Data from the previous month are also re-extracted at that time as these data could have been modified 
or corrected by the data collectors. Data of the previous month are therefore overwritten every month with the 
most up-to-date data.

Quantity of data. 

•	 Number of unique entries – Number of data points or unique entries present in the dataset ideally for each 
hierarchical level (e.g., number of farms, number of flocks, number of isolates per antibiotic testing and/or 
the number of raw antibiotic test results). For fixed dataset, the number of records in each component (e.g., 
sheet or table) should be documented. For continuously growing operational datasets, indicate the number of 
records present at a specified date instead.

•	 Number of new records added or modified per update - For operational, continuously growing datasets 
and data streams, it is useful to provide an estimate of the number of new records or new inserts added or 
modified per update. This may be exactly known (e.g., one new submission by each of the 27 EU member states 
per month), or estimated (e.g., about 200 new disease outbreak reports per month). Note that changes in the 
number of variables, rather than in the number of records, should be mentioned in the data lineage section.

Data lineage.  Data lineage describes the journey data have taken to arrive at the current data set and includes 
tracking how it moves between formats, software and location, and what processing or changes occur at each 
step3,34. Not only does it explain how the data were captured, but this type of description also provides important 
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information on how to use and interpret the data, as well as any potential quality issues. (e.g., if several data col-
lectors are involved, maybe their data could be handled separately). For a primary dataset, this may be relatively 
simple but it can be more complex for secondary datasets that have been integrated or derived from the primary 
sources.

The description of data lineage can be communicated in writing and/or by a flow diagram. For secondary 
datasets, a description of data lineage may be more complex. In this case, data flow diagrams may be particularly 
useful (see example of data lineage provided with the example dataset from26). In both cases, common consider-
ations to note in the data lineage include:

•	 Data collection agent and method - The data collection and transcription method should be specified to 
ensure that future data users understand the potential biases associated with the data. Indeed, data collec-
tion and transcription can be automated (e.g., with sensors) or performed manually. When done manually 
through human observation, it may be linked to data entry bias and/or inconsistencies (e.g., keying errors 
such as typographical errors, transposed numbers, and misspelt names). In other cases, such as laboratory 
test results, knowing the precise laboratory method used is essential to understand the data. Similarly, when 
the collection agent is a sensor, knowing the actual product and links to the technical description is useful 
to understand potential bias in the data. Note that this section intends to provide high-level information on 
how the data were collected. When relevant, more specific details could be provided in the specific content 
description for each variable.

•	 Data processing steps - The number and nature of processing steps that data undergoes may also impact usa-
bility and quality and should be detailed as thoroughly as possible. For example, data cleaning and strategies 
for handling missing or incorrect data (such as replacing it with interpolated values), duplicated entries, and/
or data anonymisation can alter the original data in ways that may not be useful for certain reuse purposes. 
Similarly, if outliers have been removed, the process used to identify the outliers and reasons for exclusion 
should be documented.

When organizations or people are involved in specific data collection or processing steps, attaching their 
function to the tasks they perform can be useful to allow data users to access additional information in case the 
information provided in the metadata is not sufficient. For long term preservation of the data, providing the 
analysis scripts or processing workflows used for data processing is the best way to share with others how the 
data processing was performed.

In some cases, it may be impossible or impractical to provide full details of original data collection systems. 
For example, the WOAH WAHIS dataset is based on national animal disease surveillance systems from all mem-
ber countries. There is a large variety and complexity within the national systems, and in many cases, the details 
of the internal data lineage may not have been published or analyzed. Even if the process is impossible or imprac-
tical to describe, it does not mean that this item should be just left blank. Explicitly informing future data users 
that the data lineage is particularly complex and cannot be fully described is crucial, as it may impact data quality.

Example. Farm-level production data may go through the following steps:

•	 Collection agent and method - All information is collected via human observation, except for the room tem-
perature and humidity which are measured via the appropriate devices. The data are transcribed twice (from 
whiteboard to form once a day, and from form to spreadsheet once a week).

•	 Processing – Data are aggregated across rooms within a barn and entered into an Excel spreadsheet by office staff. 
No further data cleaning is done after that.

Section: Specific content description.  While the high-level overview helps to determine if the data are 
relevant and potentially useful for a specific purpose, a detailed description is required to reuse the data for the 
desired purpose. Despite its technical nature and the effort required for its development, this metadata com-
ponent remains critical. Indeed, comprehensive knowledge of a dataset’s content and quality is crucial for its 
effective usage.

An example of a template to be filled is provided in the files named “3_SpecificDataDescription” available on 
Zenodo32. It is partially based on the data model developed by the European Food Safety Authority (EFSA) as 
part of the SIGMA project to collect animal population data35. However, we modified this data model to make 
it more generic and therefore suitable for different types of datasets and to add considerations related to data 
quality. The template includes examples of possible answers, which are highlighted in yellow throughout the 
document.

Data model.  The data model proposed in this framework is made of three elements, which are further 
described below.

•	 Components of the data and their relationships
Clearly identifying any distinct components of a dataset is the first necessary step to document its content 
and structure. Each component or table of the dataset should be named so that it can be described after-
wards. For example, if the dataset is made of multiple spreadsheets or multiple pages within a spreadsheet 
file, each of them should have a specific name.
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Examples of components of a dataset include:

•	 multiple spreadsheets or multiple pages within a spreadsheet file
•	 tables within a relational database
•	 separate Word or PDF documents

When there are multiple tables, the relationship between them should be documented, including how they 
are linked (e.g., presence of unique identifiers). A more complex relational database will require a more com-
prehensive description of the relationships between the separate tables, but it will consist of the same essential 
information. For each table, identify which other tables it is related to, and which identifiers are present in both 
tables to allow them to be linked. Entity-relationship diagrams (ERDs) are often used to capture this informa-
tion. A complex integrated database may have dozens or hundreds of tables, making an ERD hard to visualise. 
In this case, it is often more useful to present a series of partial ERDs that include only the relevant tables for a 
particular module.

Example:
A farm may maintain separate spreadsheets for:

•	 daily observations (feed consumption, mortality, environmental conditions)
•	 production cycle figures (start date, end date, number of animals, average weight at sale, sale price).

These sheets are related as they both refer to information about the animals in the barns during a production 
cycle. The link is established by two identifiers that appear in both spreadsheets:

•	 The production cycle identifier (e.g., the 2nd cycle starting in 2023: 2023-02)
•	 The barn identifier (e.g., barn 4).

Using these identifiers, it is possible to link the data between the two spreadsheets to calculate, for example, the 
average feed conversion ratio for each barn over the cycle.

•	 Data elements
�A data element is defined as a unit of data for which the definition, identification, representation (term used 
to represent it), and permissible values are specified using a set of attributes36. Structured data are often 
organized in rows and columns, but other approaches may be used (such as key/value pairs grouped into 
objects or arrays, as used in formats such as JSON or XML). In any case, metadata help to understand and 
use these data elements (columns of a table, or keys of a structured object).
�A common approach is to use a data dictionary, which is often organized as a table listing the attributes in 
each component. The information required includes:

•	 Attribute name – This is the name used in the data, be it the fieldname in a database, the column header in a 
spreadsheet or CSV file, or the key in a key/value pair. For example, “dateOfSampleSubmission” or “totalAn-
imals”. Using a consistent and appropriate naming convention where phrases are written without spaces or 
punctuation and with capitalized words (e.g., camelCase or PascalCase) is strongly recommended to facilitate 
readability of the data.

•	 Attribute label - This is how the Name used in the data could be translated in plain language. For example, the 
label associated with the name “dateOfSampleSubmission” would be “date of sample submission”. Similarly, the 
label associated with the name “totalAnimals” would be “total number of animals”.

•	 Attribute description – This describes the element identified by a Name and a Label. The description should be 
as specific as possible, indicating any relevant reference to be mentioned. For example, in the case of results 
of a diagnostic test, it may include the exact name of the test used and its associated known sensitivity and 
specificity. When dates, times, timestamps and durations are used, the standards used to report them should 
be specified such as the time zone if relevant. Using ISO 8601 standard is usually recommended to report 
these data (e.g., October 31st, 2025 at 6 p.m. should be represented as 2025-10-31 18:00:00.000), but others 
could be used. In case the data contains “NA” or other values used to indicate the presence of missing values, 
the meaning of these special values should be also clearly specified there. In general, it is important to clearly 
distinguish between unknown and zero values.

•	 Examples:

•	 dateOfSampleSubmission: the date upon which a sample submission form was completed by the person 
submitting the sample to the laboratory. The date has a length of ten digits and is presented in the follow-
ing format: DDMMYYYY (D = day, M = month, Y = year).

•	 totalAnimals: the total number of live animals of the specified species, of any age on the specified premises 
at the date of the visit. Missing values are indicated using -1

•	 testResult: results obtained with the diagnostic test X (sensitivity: 80%, specificity: 92%) for further infor-
mation about the diagnostic test, follow link X
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•	 Attribute type – this indicates the data type of the element. The available data types and terminology vary 
slightly according to the software and format used, but the main types (and variants) are:

•	 Number (integer, float, decimal)
•	 Text (string, character, variable-length character)
•	 Date (date-time)
•	 Logical (Boolean, true/false)
•	 Enumerated (a closed list of categorical values nominal or ordinal)
•	 Other special field types. Some software may have dedicated field types for specific types of data, such 

as geographical coordinates, or a universally unique identifier (UUID). When represented in other for-
mats, these values may be represented in one of the main formats listed above (such as text for a UUID, 
or a pair of float values for coordinates).

Additional information is needed for categorical attributes. Indeed, the meaning of each category should 
be properly described in a vocabulary (sometimes also called a glossary or data catalogue). The vocabulary can 
also be linked to an external reference when a standardized vocabulary is used. A standardized vocabulary or 
thesaurus is a vocabulary that has been established as a standard within a specific domain or community. When 
using standardized vocabulary, metadata should include a reference to the existing standard, rather than trying 
to reproduce it. Indeed, several ontologies or standard vocabularies have already been developed in the animal 
health sector, including FAANG for the animal genome37, FoodOn for the food chain38, ICAR the global stand-
ard for livestock data39, ATCvet code for the classification of veterinary medicines40, VetSCT for the veterinary 
extension to SNOMED CT for veterinary health records41, AGROVOC for agricultural concepts42; ATOL, EOL 
and AHOL for livestock traits, environment and health43; AHSO on animal health surveillance44; and DECIDE’s 
ontology initially developed for aquaculture and later extended to LivestockHealthOntology (LHO) for livestock 
diseases45. None of the existing standards is perfect because they only cover certain concepts and their qual-
ity varies (e.g., inconsistent Identifiers or Uniform Resource Identifiers (IDs/URIs), limited mapping to other 
vocabularies, sparse documentation, weak maintenance). However, reusing or extending them when required, 
instead of creating new standards, support data interoperability and improve long-term maintenance and com-
parison across studies. If a new vocabulary / thesaurus must be developed, it should ideally be done using exist-
ing standards to ensure interoperability. The key standards of the domain are the ISO 25964, the international 
standard for thesauri and interoperability with other vocabularies46 and the Simple Knowledge Organisation 
System (SKOS), a common data model for sharing controlled vocabularies via the web in a machine-readable 
format.

Examples:

•	 An element called “language”, could be associated with the label “the language in which the respondent answered 
the questionnaire”, and defined as “language of the respondent based on the ISO 3166-1 two-letter language code 
- https://www.iso.org/iso-3166-country-codes.html”

•	 A spatial unit called “NUTS” could be associated with the label “Nomenclature of territorial units for statistics” 
and defined as “NUTS as defined in the classification published by Eurostat in 2021 - https://ec.europa.eu/
eurostat/web/gisco/geodata/statistical-units/territorial-units-statistics “

•	 History
�Metadata should include a change log documenting the date an alteration was made and any significant 
changes in the data collection, processing, storage, structure, dictionary, or vocabularies that may have an 
impact on the interpretation or analysis of the data. For example, a change in the data dictionary may result 
in a field having a different definition before and after the change date, which might need to be considered 
for the analysis. Any information on the impact of that change for future data analysis should be made as 
explicit as possible.

Examples:

•	 Before the change date, the indices in column XXX started at 1, while after the change date they start at 0. Old 
data have not been recorded meaning that indices 1 before the change date should be considered equivalent to 
indices 0 in the data collected after the change date.

•	 After the change date, the category “Equidae” from the catalogue XXX was divided into two categories: “horse” 
and “donkey”.

•	 Data collected by the farmer association Y were added to the dataset after the change date.

Data quality.  Data quality is an important consideration when deciding whether existing data are suitable for 
reuse for a specific purpose47. The first complexity arises from the fact that the definition of “good data quality” 
depends on the nature of the data being considered and its intended use. Providing an exhaustive description of 
data quality in the case of generic data reuse is likely out of reach. The purpose of this framework is therefore not 
to provide a thorough description of what is meant by good data quality, but rather to ensure that the metadata 
offers at least basic information related to data quality, allowing users to understand the key biases of the data.
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The second issue comes with the wide variations reported in the list of criteria to be used for data quality assess-
ment and in their definitions, making standardized evaluations of data quality very challenging48–51. For example, the 
term “validity” can be used to represent concepts such as “accuracy” or “completeness”, which can also be seen as two 
distinct concepts. To overcome these issues, our framework focuses solely on generic quality criteria, independent of 
the task to be performed with the data, and on information not already covered in other sections of the framework. 
For example, the concept of “Timeliness” was not considered, as it is very specific to the task to be accomplished with 
the data. Moreover, when “timeliness” is understood as the period covered by the data, the concept is already covered 
under the item “Data resolution > period covered” of this framework. When understood as the general update fre-
quency of the dataset, it would be covered by the item “Data resolution > Update frequency and mechanisms”. When 
understood as the time between an event and its actual reporting (e.g., time lag between sampling and analysis by a 
laboratory), it would be often more appropriate to report it under the description of the corresponding attribute (e.g., 
“table.population > Attribute name > Attribute description”). In any case, it does not need to be repeated here.

In this framework, data quality is described based on four key items, which are further described below: 
data completeness, data accuracy, reliability, and quality assurance measures. These categories are not intended 
to support quantitative scoring, but to structure qualitative reporting. However, if additional activities have 
been performed to assess other data quality criteria, documenting them in the metadata would be considered 
of added value and should be encouraged. Such additional information could avoid future users from repeating 
data quality assessments which have already been performed. Moreover, if the quality of the data has changed at 
a certain time point in the dataset, it would be also important to highlight it in the description of the data quality. 
The files named “3_SpecificDataDescription.xslsx” and “3_SpecificDataDescription_DataQuality.csv” available 
on Zenodo32 propose templates to document data quality information in a standardized way.

•	 Completeness
�Data completeness can be defined as the extent to which data are of sufficient breadth, depth and scope for 
the task at hand52. When the task at hand is unknown, completeness can be defined as a measure of the pro-
portion of expected data that is actually present. It can be evaluated in two ways:

•	 Coverage – measures the completeness at the record level. It can also be seen as the sampling fraction of 
the data. For example, if there are known to be x units of interest in the population, but the dataset only 
has data on y units, the coverage is y/x. This may be easy to calculate if reliable data on the population 
exists (e.g., all the farms from a given region were sampled). However, the true size of the population of 
interest may not be known. In that case, the coverage may either be unknown or only estimated especially 
if it changes over time due to the data collection process.

•	 Missing data items – measure the completeness at the column or field level. For these items, the proportion 
of records with missing values should be calculated.

Examples: Registered aquaculture sites may be audited periodically.

•	 Coverage - an audit dataset may contain audit results on only 20% of the true total number of sites before 
01/02/2025, but it reached 70% after that date due to addition of a new data source.

•	 Missing data items – within that audit dataset, information about the person in charge of data collection might 
be missing in 20% of the records.

•	 Accuracy
�Data accuracy or correctness can be defined as the extent to which data are correct and/or certified by a third 
party52. It can be also understood as the inverse of the error rate, which provides an estimate of the propor-
tion of the data that contains errors, including invalid or incorrect values. For the purpose of this framework, 
we restrict the definition of data correctness to invalid and incorrect data that were not removed during the 
initial data cleaning phase.
�Invalid values are data that are not consistent with the others in terms of format or content. They are due to data 
entry errors or system glitches. For example, a capital letter ‘O’ used instead of the digit zero in a field intended 
to store numbers would be considered as an invalid value. A text value that is not a valid member of the defined 
code list or vocabulary in a categorical field would also be considered invalid. Well-designed systems with fields 
proposing pre-typed entries for selection and quality assurance systems (documented in the business rules) 
should contain no invalid data. Systems that allow free-text entry of categorical values are, however, prone to 
typographical, capitalization and punctuation inconsistencies, requiring careful data cleaning before analysis 
starts. In any case, the proportion of invalid present in the shared data should be documented. If invalid data has 
been corrected before data sharing, the correction process should be documented in the data history section.

�Incorrect data are a different type of error where the data may have a valid value, but those values do not 
reflect the true state. Incorrect data may be due to various issues, including data capture and data entry errors 
resulting from typographical mistakes or selection of the incorrect categorical value. Identifying incorrect 
data is more difficult because it often appears to be correct. Quantifying them implies comparing the availa-
ble data with a known point of truth or biological value, which may not always be easily available. Therefore, 
in practice, incorrect data can often be just defined as “unknown values”.
Examples: Registered aquaculture sites may be audited periodically.

•	 Invalid data – the dataset contains no invalid data. However, be aware that the data contains three free-text fields 
to document the evolution of disease events. The content of these fields cannot be validated.
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•	 Incorrect data – The dataset contains data from Belgium; however, 2% of the latitude and longitudes coordinate 
pairs reported are located in Poland. In addition, 1% of the cattle appear to have an age largely above the life 
expectancy of a cow (>50 years) indicating probable incorrect data.

•	 Reliability
Reliability provides an estimate of the confidence we can put in the results. In this framework, it covers the 
concepts of data consistency and data credibility.
Data consistency represents the extent to which data are compatible or coherent with similar data52. This 
refers to internal and external discrepancies present in the data.

•	 Internal discrepancy means that the data present in the dataset are not coherent, but the truth is unknown. 
For example, partial duplicated entries might be present in the data, but there is no way to identify which 
entry should be used for analysis.

•	 External discrepancy focuses on the comparison between the data present in the dataset and those avail-
able elsewhere. In general, external data discrepancy may be difficult to assess in a standardized way, 
especially for users who lack in-depth knowledge of the data context. However, if such information is 
available, it should be reported.

Data credibility refers to the objective and subjective components of the trustworthiness of data. In that case, 
biases are suspected but the truth is unknown. Indeed, a data value may be valid, and it may reflect what the gen-
erator of the data intended, but it still may not reflect the truth. For example, for human input into a database, 
some analysis and judgement bias may be involved.

Examples:
•	 Internal consistency:

•	 10% of the mortality data present internal consistency issues: the percentage of mortality does not align with 
the category of mortality the flock has been assigned to (e.g., Poultry flock mortality was sometimes reported 
as 90%, but was at the same time labelled as “very low” in another column). This is an internal discrepancy 
between these two pieces of information and we are unable to know which one is true.

•	 200.000 fish were reported dead at the end of the month, yet no fish were reported to be present at that location.

•	 External consistency:

•	 Some latitude and longitude of the cases reported in the data do not match with the official description of the 
outbreak location. Similarly, some of the symptoms reported in the data are not aligned with the symptoms 
expected in this production type. In particular, drop in milk production has been reported by 1.2% of the beef 
farms present in the data.

•	 The total volume of slaughtered fish reported by salmon farmers in [Region/Area] for [YYYY–YYYY] is [A] 
tonnes. For the same period, the volume reported to the Norwegian Tax Administration is [B] tonnes. This 
discrepancy ([A–B] tonnes; [(A–B)/A × 100]%) indicates an external inconsistency between data sources. 
Moreover, the dataset contains values that are inconsistent with regulations. For X% of locations, fish are 
reported present within one month of the end of the previous production cycle, whereas the regulations 
require a minimum two-month fallowing period between cycles.

•	 Credibility: A field that provides clinical diagnosis may be considered relatively reliable when a veterinarian 
provides the data, but less so when it is provided by a farmer without veterinary training. Similarly, a diagnostic 
test performed in difficult field conditions could be considered less credible than a test conducted in an accredited 
laboratory.

•	 Quality assurance measures
�This final section describes any measures in place to ensure the quality of the data. Examples include one-off 
(for static datasets) or periodic (for operational datasets) data assessment and cleaning, or elements of sys-
tem design, such as:

•	 Business rules or built-in automated data validation steps which may have been applied to the data. Busi-
ness rules are a set of rules related to data quality that are applied to the data. They are important to docu-
ment how to reuse the data properly. For example, a business rule might be that all values above a certain 
threshold are considered abnormal and are replaced by a constant or set to missing. Whenever possible, 
business rules should be expressed and shared in a machine-actionable format (e.g., script), or at the mini-
mum with a strict formalism using mathematical, statistical or conditional explicit formulas to ensure they 
are univocal.

•	 Feedback systems which provide the data generator with an opportunity to validate the data contained in 
the dataset. For example, within online survey systems, the mechanisms put in place to validate the data 
and ensure internal consistency could be reported here.
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Discussion
This paper presents the first community-developed rich metadata guidelines tailored to veterinary epidemiology 
datasets with ready-to-use templates and real-life examples. Thanks to the large number of stakeholders involved 
in the process, the guidelines should be easily understood by the members of the community (i.e. researchers in 
university but also scientists working in public or private organizations), and target the key information needed 
to support internal and external data reusability in this domain. The guidelines provide a single, comprehensive 
source of information, so researchers do not need to consult the metadata literature, which is often complex and 
overly technical for newcomers to the field.

If having good metadata increases the value of the collected data, creating metadata primarily benefits the 
data-owning organization by ensuring institutional memory, making internal data reuse easier and more cost 
effective, and therefore maximizing the value they get from the data they collect. Therefore, creating rich meta-
data, even if only in a private repository, should be driven by the direct benefits they provide to the data owner, 
and not by the willingness to share data with external stakeholders. In the modern era where data are becoming 
big and complex and essential for running all kinds of operations, relying solely on people’s memory or avail-
ability to be able to work with data are a critical risk that public and private organizations should not be taking 
anymore. Having strong organizational incentives to support the creation of metadata is therefore critical to 
help individuals engage in the process even if they may not have a personal benefit for doing so. For example, 
in the public sector, including Data Management Plans (DMPs) requirements in grant contracts as done by 
numerous funding bodies is a first step, but, this should be associated with a specific allocation of resources to 
not strip them of their meaning and truly achieve data sustainability53. At a smaller scale, it would be also worth 
requiring metadata creation from students as part of their first projects during their studies and internships to 
make metadata creation a habit right from the start. This would be part of the development of their data literacy, 
which must be good enough to allow them later to handle several issues. Developing different career advance-
ment criteria in academia, for example based on a dataset citation index, may also help researchers to dedicate 
time to this activity. In the private sector, the role of data as a valuable resource to better manage production 
processes, identify new opportunities or leverage business partnerships is not new54,55. We can only encourage 
stakeholders in the animal production business to invest more in good data management practices to be able 
to fully embrace this opportunity. In some special cases, researchers may want to reuse non-scholarly data for 
conducting research, but the data owner is not willing to invest in the creation of metadata. In that context, we 
believe the responsibility of generating the best possible metadata is with the researchers, who are intending 
to generate and share scientific knowledge based on this data. It is indeed part of their ethical responsibility 
as scientists to carry out and document their work in a transparent and accurate manner56. In this situation, 
it could be interesting to investigate whether sharing back and cross validating with data owners the metadata 
created during the research process could be considered as an added benefit, and whether this practice could 
help improve the accessibility of non-scholarly data for scientists.

Data sharing is not a prerequisite to the creation of metadata, and metadata can be published even when 
data sharing is restricted. Data sharing is indeed often complex especially in the agriculture domain because 
of privacy and confidentiality issues (see for examples57,58). On the other hand, metadata sharing is easier as it 
is not meant to contain any sensitive information and it still provides a high degree of “FAIRness” even in the 
absence of FAIR publication of the data itself by facilitating data discovery and including clear rules regarding 
the process for accessing the data1. The work conducted by53 presents a number of recommendations on how 
and where to share metadata that can be applied to the case of data in veterinary epidemiology. We emphasize 
their recommendations of a two-stage approach using Git to continuously catalog data and documentation, and 
a well-established research repository like Zenodo to describe the Git repository with the catalog and point at 
its URL.

These guidelines intend to facilitate the process of creating rich metadata in veterinary epidemiology, but it 
is worth noting that it will be always more challenging to use them post-hoc, i.e., after data production, than 
concurrently with the data production53. We therefore cannot stress enough the importance of DMPs to make 
sure the creation of metadata is embedded in the workflow and is not an extra task raised only at the end of a 
project. Moreover, it should be clear that these guidelines will not necessarily help improving metadata quality 
scores as defined by some frameworks such as the one developed by the official portal for European data59. 
Indeed, such frameworks assess the quality of metadata only via a selected list of FAIR guiding principles focus-
ing on concepts that are easy to evaluate in a standardized and domain-agnostic manner. They do not consider 
the “richness” of metadata and how they can be effectively used to support data reuse, as this task is necessarily 
domain dependent and a lot more difficult to achieve. The development of domain-specific guidelines such as 
those proposed in this paper is a step forward to be also able to assess this aspect of metadata quality, but more 
work would be needed to develop a formal evaluation process.

During the development of these guidelines, the researchers often navigated between two competing goals: 
providing detailed enough guidance while remaining flexible to adapt to a large range of datasets. Some authors 
would have preferred to go into even more detailed reporting, while others found the proposed list of items too 
long and overwhelming and may have preferred to prioritize some items. The version presented in this paper 
was deemed to provide a suitable balance between both objectives. It is important to note that these guidelines 
intend to be a first version that may evolve over time to better meet the needs of the professionals working in 
veterinary epidemiology, and stakeholders should feel free to adapt them to their specific or evolving needs. 
Indeed, additional items may need to be added to make specific kinds of data understandable by others and 
prevent potential misuse of the data. In general, when it comes to rich metadata, there is never too much infor-
mation available so adding more should never be considered as an issue. However, to do so, we strongly recom-
mend continuing using a structured approach and building on existing standards to ensure any new information 
added can be easily retrieved from the metadata by any stakeholders. Moreover, some parts of the guidelines 
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could be extended to be handled in a more standardized manner. For example, the guidance provided in this 
study to report data quality is a first step but could be further refined to better support good data quality check 
practices. At this stage, several definitions were kept broad on purpose to cover a large diversity of situations, 
which may lead to different interpretations and therefore different assessments. For example, assessing internal 
data consistency in practice is likely to remain challenging in the absence of more detailed information on how 
to proceed. To allow for such evolution and ensure the sustainability of these guidelines, this version is available 
in a version control platform60, which is associated to a long-term data repository32. New versions developed 
should ensure they refer to these first versions and that differences are clearly highlighted to help stakeholders 
navigate potential multiple versions of the guidelines and associated templates.

For inexperienced professionals in our community, the guidelines may appear complex and lengthy at first. 
However, a more thorough examination will demonstrate that it would be difficult to reuse a dataset without 
having access to the basic information listed in the guidelines. During the development process, several rounds 
of discussions and reviews have led to retaining only the critical elements and removing anything that was 
agreed to be unnecessary. Some compromises had to be made between the authors to lead to these choices. It is 
expected that similar disagreements will also be raised by other professionals in our community. However, we 
expect that the potential barriers to the adoption of these guidelines are less related to their content, but rather 
to the true or perceived lack of resources and incentives to fill the templates. These concerns echo with what 
has been reported elsewhere when considering barriers to data sharing and the adoption of good data manage-
ment practices in related domains8,61–64. First, it is important to highlight the fact that none of the information 
gathered through these guidelines is really new in the sense that anyone who is working with the data should 
be aware of it. Therefore, the information already exists “somewhere”, the only effort required is to document it 
once in a standardized and centralized way. Moreover, not every type of data would require the same amount 
of work to generate metadata. For example, the development of sensor data in modern agricultural systems 
partially solved the question of metadata creation for these data which usually come with robust data schemas 
and quality descriptions. However, information related to the context of use of these technologies remains rarely 
available even if technologies are being developed to fill this gap65. In that context, only an ad-hoc collection of 
contextual metadata would be necessary to ensure proper data reuse as other information should be already 
made available by the manufacturer of the tool. Then, regarding the lack of resources to generate metadata, there 
is likely a biased perception that current practices are not costing resources, which has been shown to be largely 
false at least in the academic world66,67. As said by Mons in 202068: “if data are treated properly, researchers will 
have significantly more time to do research”. There is therefore a need to change the narrative from “the time lost 
by creating metadata” to “the time saved by creating metadata” in this community.

New technologies currently being developed can help address some of the barriers identified to the creation 
of rich metadata such as the lack of resources. In particular, the integration of artificial intelligence (AI) into 
metadata management processes has the potential to address many of the challenges faced by traditional sys-
tems, particularly in the areas of metadata generation, reuse, and lifecycle management69. These technologies 
can be particularly useful when metadata needs to be created post-hoc and many documents describing the 
data already exist and can be used as reference to generate rich metadata. Indeed, AI models can only be of use 
when the information already exists and is accessible in a digital format somewhere. Moreover, if AI models are 
effective at pointing out statistical anomalies, they are still struggling to identify issues of data quality which are 
domain-dependent (e.g., differencing a normal from an abnormal value is difficult without a deep contextual 
understanding of the data). Therefore, our guidelines are unlikely to become obsolete because of AI technolo-
gies, and they would rather be used as a source of information by these tools. AI may also help address the fact 
that rich metadata can probably only be unified up to a certain point. Indeed, our guidelines propose several 
items to be filled, but the content of each of them remain mostly textual and is likely to vary greatly among data-
sets depending for example on their type or structure. AI tools could help turn these partially structured data 
into fully structured data that can be more easily queried while not impairing human usability of the metadata 
collection templates. If AI provides powerful tools to save resources and support metadata creation, the users 
always need to keep in mind that such tools may also lack consistency, validation and may compromise data 
privacy and security69. They should therefore be used with great caution.

We chose to propose the templates associated with these guidelines in.csv and.xlsx files formats to facilitate 
their adoption by a community not yet very engaged in the process of making their data reusable. However, 
these formats are not satisfactory from a machine-readable perspective nor for long-term or large-scale data 
sharing. They should be considered a first but important step towards greater data FAIRness in the domain of 
veterinary epidemiology. Indeed, looking at the FAIR continuum proposed by70, our guidelines mostly focus on 
steps 1 to 3 (i.e., Metadata exist in a human and basic nonproprietary machine readable format), providing a 
stepping stone for our community to reach step 4 (i.e., “linked data framework”) in the future. The future devel-
opment of these guidelines may therefore propose more advanced formats to better support machine-readability 
such as Resource Description Framework (RDF), JSON-LD or ontology-based systems, which can help auto-
mate metadata creation and make them more consistent and reusable. Such a stepwise process has proven suc-
cessful, for example by the Cattle Barometer, a data-driven decision support tool which was initially developed 
based on direct data sharing using spreadsheets and CSV files received by email and manually uploaded and 
cleaned71. Later versions transitioned to an ontology-driven pipeline mapping records to the Livestock Health 
Ontology for creating interoperable and fully automated dashboards72,73. The workflow is documented in the 
DECIDE Cattle barometer tutorial74. Work on more advanced format for the guidelines has already been started 
and the first steps are available on various platforms (see for example GitHub75). Our guidelines are a first step 
in the transition to more advanced data management practices, but to go further, more awareness campaigns 
and fit-for-purpose training will be needed to increase the overall skills of the community on these questions. 
Increasing collaboration and relationships with computer scientists may also help to facilitate this transition.
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