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Artificial intelligence (Al) methods are powerful tools for biological image
analysis and processing. High-quality annotated images are key to training
and developing new algorithms, but access to such datais often hindered by
thelack of standards for sharing datasets. We discuss the barriers to sharing

annotated image datasets and suggest specific guidelines toimprove the
reuse of bioimages and annotations for Al applications. These include
standards on data formats, metadata, data presentation and sharing,

and incentives to generate new datasets. We are sure that the Metadata,
Incentives, Formats and Accessibility (MIFA) recommendations will
accelerate the development of Al tools for bioimage analysis by facilitating
access to high-quality training and benchmarking data.

Imagingis an essential toolin molecular, celland developmental biol-
ogy.Advancesin microscopy have endowed scientists with the ability to
investigate biological processes across different scales, fromimaging
molecules at unprecedented resolution'®, to recording whole organ-
isms over time’". Such microscopy experiments can generate image
data amounting to terabytes in size and, in many cases, quantitative
automated analysis must be undertaken to extract meaningful conclu-
sions. Al, machine learning (Supplementary Box1)'* and deep learning
methods have emerged as essential tools for automated bioimage
analysis''®. Deep learning models can identify the most representative
features for specificimage-related tasks (for example, segmentation).
They utilize these features to convertinputimagesinto desired outputs,
such as segmentation masks, while simultaneously learning more com-
plex features”. These features can often be learned on a subset of the
dataandthenshowntogeneralize well to the entire dataset. Therefore,

deep learning is particularly suitable for analyzing large microscopy
datasets while minimizing human interaction.

The two most common paradigms in machine learning are super-
vised and unsupervised learning”. Supervised approaches take advan-
tage of human knowledge in the form of a ground-truth annotated
training set tolearn the relationship betweeninput dataand the desired
output. Examples of annotations include class labels, bounding boxes
or segmentation masks (Box 1 and Fig. 1). On the other hand, unsu-
pervised approaches find underlying patterns in input data without
being trained with exemplary outputs. Given that currently the most
successful machine learning models for bioimage analysis are super-
vised, having access to annotated datasets according to the Findability,
Accessibility, Interoperability and Reusability (FAIR) principles® is
crucial for model development. Furthermore, most deep learning
models are domain specific, and their performance depends on the
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BOX1

Annotation types

Bounding boxes: rectangles or rectangular prisms completely
enclosing a structure of interest within an image.

Class labels: tags that identify specific features, patterns or classes
in images. They can be given for a whole image or for individual
structures within it.

Counts: number of objects, such as cells, found in an image.

Derived annotations: additional analytical data extracted from
the images. For example, the image point spread function, the
signal-to-noise ratio and focus information.

Geometrical annotations: polygons and shapes that follow
the outline of a region of interest in the image. These can be
geometrical primitives, 2D polygons and 3D meshes.

Graphs: graphical representations of the morphology, connectivity
or spatial arrangement of biological structures in an image. Graphs,
such as skeletons or connectivity diagrams, typically consist of
nodes and edges, where nodes represent individual elements

or regions and edges represent the connections or interactions
between them.

Point annotations: X, Y and Z coordinates of a point of interest

in an image (for example, an object’s centroid or biological
landmarks such as particle positions in cryoEM, cryoET or spatial
transcriptomics).

Segmentation masks: an image, the same size as the source image,
with the value of each pixel representing some biological identity or
background region.

Tracks: annotations marking the movement or trajectory of objects
within a sequence of bioimages.

dataonwhich the modelis trained”. A strategy to cover alarger domain
and to make models more reusable and generalizable is to use large,
heterogeneous, annotated datasets for training.

Despite how crucial training sets are for model training, testing,
validation and benchmarking, access to high-quality curated images is
scarce. Generating well-annotated datasets is time consuming, requir-
ing experts to manually annotate on the order of hundreds to thou-
sands of images or to curate machine-created annotations. Therefore,
the quantity of datasets to train Al models, the number of annotated
images and the density of annotations within a dataset can be insuf-
ficient for a model to generalize effectively beyond the training set.
Additionally, due tothe lack of acentral repository for curated Al-ready
annotated datasets, the training sets that are published are scattered
in different storage locations, hindering their findability®>. This also
results in datasets being published using diverse formats, with vary-
ing degrees of metadata and unclear licenses, making reuse difficult.
Asscientists from different fields use different vocabularies to describe
their data, dataset reuse becomes challenging when model developers
lack aproper understanding of the biological domain, highlighting the
importance of clear metadata.

Many community efforts have been put in place to improve
dataset development, annotation, general metadata standardiza-
tion and data findability. Consortia such as QUAREP-LiMi* or the

Open Microscopy Environment (OME) work to provide standards
for bioimage data** and metadata® formats. Furthermore, metadata
standards have emerged such as the REcommended Metadata for
Biological Images (REMBI) guidelines for microscopy images from
multiple modalities®, and the Minimum Information about Highly
Multiplexed Tissue Imaging standard, which provides guidelines for
multiplexed and histology images”. Valuable large annotated datasets
and datasets curated specifically for Al purposes have been recently
made available’® ., In addition, useful datasets have been published
as part of competitions such as the 2018 Data Science Bowl!** or the
Cell Tracking Challenge®**, and in resources like the Broad Bioim-
age Benchmark Collection®®, the Electron Microscopy Public Image
Archive® or the Biolmage Archive®. The ‘papers with code’ initiative
hosts datasets related to machine learning publications (https://
paperswithcode.com/datasets/). Additionally, journals such as Data
in Brief (https://www.sciencedirect.com/journal/data-in-brief/) and
Scientific Data (https://www.nature.com/sdata/) focus on publishing
articles that provide accesstoresearch data, crediting the data owners.
However, to the best of our knowledge, there are no largely adopted
guidelines for bioimage annotation metadata and formatsin the field.
Developers of Almethods for bioimage analysis would strongly benefit
fromaspecialized repository that provides easy access toimages with
the corresponding standardized annotations and metadata.
Toimprove accessibility and reusability of annotated image data-
sets, we describe a series of recommendations on four main topics:
Metadata, Incentives, Formats and Accessibility (MIFA). Metadata are
essential to enable data reuse and search within repositories; in the
first section, we present astandard for metadata for biological image
annotations. Then we discuss ways to incentivize the production of
Al-ready datasets by both crediting annotators and organizing events
focused on data annotation and dataset curation. The third section
considers different annotation file formats that address key accessi-
bility considerations, such as being cloud-ready to support analysis of
large datasets without download, handling multidimensional dataand
being compatible with different community tools. Finally, we examine
ways to improve data presentation and retrieval from repositories.

Thedevil isin the metadata: toward a
recommended metadata standard

Standardizing metadata enhances the findability and reusability of
data. We recommend including four main categories of accompany-
ing metadata to maximize the reuse of an Al dataset (Fig. 2). These
include general study metadata (providing experimental and investi-
gative context), metadata related to the images, metadata related to
the annotations and metadata related to versioning. Supplementary
Table 1 contains metadata entries as well as two examples.

The study-level metadatamustinclude a brief description detail-
ing the biological application of the dataset to facilitate the reuse of
data by researchers from different fields. These metadata must also
identify the authors and publications related to the dataset. Further-
more, toincrease findability and interoperability, persistent identifiers,
ontologies and controlled vocabularies* should be used when possible.
Thelack of clear copyright permissionsis one of the mainimpediments
developers encounter whenreutilizing datasets. Therefore, the type of
license theimages and the annotations are under must be clearly speci-
fied, and openlicenses that encourage reuse, such as CCO (ref. 40) and
CCBY*"arepreferred. Finally, the study-level metadatashould include
pointerstoany Almodels trained using the dataset stored in specialized
repositories such as the Biolmage Model Zoo** and vice versa.

The REMBI guidelines® should be used for the dataset image
metadata, coveringinformation about the biological material usedin
imaging, organisms and sample preparation, together with technical
details ofimaging methods and image analysis among others.

The attributes of the annotation metadata module are summa-
rizedin Table1.
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Fig.1|Diverse annotation types belonging to Al-ready datasets stored at

the Biolmage Archive and EMPIAR. a, Whole-image class labels designating
mosquito genera (accession code: S-BIAD249, http://www.mosquitoalert.com/
en/). Unknownimage size. b, Bounding boxes and class labels indicating high
endothelial venules with different degrees of dilation (accession: S-BIAD463).
Unknownimage size. ¢, Weak manual annotations roughly noting high
endothelial venules (accession: S-BIAD463). Unknown image size. d, Point
annotations noting the coordinates of the centers of ribosomes in Saccharomyces
cerevisiae (Electron Microscopy Public Image Archive accession: EMPIAR-11658)*.

b Source image Bounding boxes + class labels

Not dilated vessel

d Source image Point annotations

Instance segmentation mask

No
additional
annotations

Image size, 444.9 x 444.9 A. e, Semantic segmentation mask of a Caenorhabditis
eleganshead (accession: S-BIAD300)*®, Unknown image size. f, Instance
segmentation mask for all the cells in animage of Utricularia gibba (accession:
S-BSST734)*.Image size, 208.1 x 208.1 um g, Probability map indicating the
likelihood of each pixel belonging to aboundary (accession: S-BIAD531)*°. Image
size, 1.6 x 1.6 mm. h, Pair of images showing the same cells expressing nuclear
(left) and cell cycle progression (right) markers. The association between the
images is aform of annotation, and these pairs of images alone can be used for
supervised training (accession: S-BSST323)". Unknown image size.

The final module is related to versioning metadata. Incremental
versions of the dataset must have accompanying metadata with times-
tamps and a pointer to the previous version. A textual description of the
changesbetween versions should alsobe included and, if anew version
isbased onapreviousone, the new version should preserve the credit
to the original annotators. In all cases, the identity of the creators of
the originalimages, licensing of thoseimages, and alink to the original
images must be maintained.

Credit where creditis due: incentivizing
production and sharing of Al-ready datasets
Encouraging sharing annotated image datasets through open-access
datarepositories requires both practical recognition of those sharing
data by the scientific community, for example, as part of researcher
assessment, and mechanisms to support the attribution of shared
datasets to individuals and groups.

One measure to support recognition of the contribution of annota-
torsisincluding their name or, ideally, aunique researcher identifier,

such as ORCID, as part of annotation metadata. This allows annotation
outputs tobedirectly linked toindividualsina persistent way, to main-
tain credit for initial annotationin subsequent dataset versions and to
track dataset creation as part of contributions to researcher assess-
ment. Furthermore, datarepositories can then use this information to
build mechanisms to support the recognition of frequent contributors,
thoseinvolvedinthe creation of datasets that are frequently accessed
and reused by the scientific community or other objective measures of
the contribution that may be developed in the future.

Widening recognition of the value of open annotated image
data requires participation by the whole community. Routes toward
this include organizing annotation challenges, conducting dataset
workshops and providing training to support the use of annotation
standards. Given theimportance of annotations for the development
of Almethods and, therefore, for the advancement of the bioimaging
community, the involvement of funding agencies and data journals
inthese eventsis key. These efforts could help incentivize and reward
the valuable contributions of annotators, foster a sense of community,
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Study metadata (e.g., license, Al models trained with the dataset)

Image metadata
(e.g., organism, imaging method)

Version metadata
(e.g., version number, link to
previous version)

Annotation and image association

Annotation metadata
(e.g., annotators, transformations)

Version metadata
(e.g., version number, link to
previous version)

Fig.2|Metadata modules for Alimage datasets. To make Al-ready datasets
reusable, metadata must include general information about the study, the
images, the annotations and the version for the image and annotation modules.
Furthermore, the association between the annotations and the corresponding
images must be clear. Images are from a Biolmage Archive study with accession
number S-BIAD634 (ref. 62).

and promote and support the creation of high-quality annotations for
bioimage analysis.

Formats: next stop, next generation

Bioimage annotations that are part of Al-ready datasets comeina
plethora of formats, from widely used CSV tables or TIFF segmenta-
tion masks to specialized formats such as AnnData for annotated data
matrices* or YOLO for two-dimensional (2D) object detection**. An
important distinction to make when choosing a format is between
raster-based and vector/coordinate-based formats. Raster files are
pixel-based images and, therefore, raster formats are better to unam-
biguously assign pixels to objects. Vector files contain mathematically
defined shapes, making vector-based formats the better choice to
handle sparse and overlapping annotations (especially for very large
images, like pathology slides).

Format considerations are one aspect of the overall issue of user
accessibility. Because many imaging modalities, such as light-sheet* or
volume electron microscopy EM*, can create very large datasets, pro-
viding datain cloud-ready formats that support easy online access to
subsets of datawithout the need for very large downloadsisimportant.
To achieve this, formats should also be compatible with community
tools for data visualization and annotation. Some imaging techniques,
like confocal microscopy, can generate image sequences in time and
space. Therefore, formats that can handle multidimensional data will
benecessary.

Althoughitisimportant to give annotators flexibility when creat-
ing their data, there is a need to (a) select a manageably small set of
common formats that both data generators and consumers can eas-
ily read, write and edit and (b) work toward ways to combine images
and annotations into a single container format. For raster-based seg-
mentations, OME-Zarr is a cloud-ready, scalable and interoperable
open format". Importantly, for Al-ready datasets, annotations such
as segmentation masks can be packaged with theimage data, allowing
provenance tracking. Demonstrating its growing role in providing a
common distribution format for the biological imaging community,
thereare several OME-Zarr tools and libraries forimage and annotation
visualization, and tools for format conversion*’; however, work s still
needed for OME-Zarr to support vector-based annotations.

The development of parsers to work with the outputs of com-
mercial platforms for data processing would also improve data acces-
sibility. For example, in the context of spatial omics profiling, the
‘spatialdata-io’ effort (https://spatialdata.scverse.org/projects/io/)
provides an open-source, community-maintained set of readers from
several commercial platforms that enables the conversion of the data
toamodularin-memory representation*, and the subsequent conver-
sion on disk to OME-Zarr. The process ensures that transformations
and spatial information are parsed and saved correctly.

Careful selection of formats for vector-based annotations is rec-
ommended. Awidely used option to store polygons and shapesis Geo)-
SON*, aJavaScript Object Notation (JSON), multi-language format that
supports several well-defined geometrical 2D data primitives such as
‘polygon’ and ‘multipolygon’, alongside ‘linestring’, ‘linearring’, ‘point’
and ‘multipoint’. Furthermore, for applications where performanceis
aconcern, GeoJSON canbereadily converted into other formats, such
as GeoParquet (https://geoparquet.org/). For three-dimensional (3D)

Table 1| Annotation metadata module

Attribute Comments

Authors and contact People involved in creating or curating annotations.
Include contact information, such as email, ORCID,

GitHub account or Google Scholar link.

Annotation overview Short description of the annotation and how it was

generated.

Annotation type, for example, class labels,
segmentation mask or object counts (Box 1).

Annotation type

Annotation method Crowdsourced or expertly annotated. Produced by
a human or software (for example, synthetic data or
silver-standard annotations obtained by combining
the results of benchmarked algorithms®). Software
used and protocols used for consensus and quality

assurance.

Annotation confidence
level

Confidence in annotation accuracy (for example,
self-reported confidence, the variance among
several annotators®, or the number of years of
experience of the annotator generating those
particular annotations). It can also be noted here
if these are weak annotations: rough, imprecise
annotations that are fast to generate. Weak
annotations are used, for example, to detect an
object without providing accurate boundaries.

Annotation criteria Rules used to generate annotations. For example,
when counting cells in an image, at what point a

dividing cell is considered two different cells?

Annotation coverage Which images or regions of interest from the
dataset were annotated, and what percentage of
the data has been annotated from what is available?
If any images or regions of interest have not been

annotated, what are the reasons?

Association between annotations and the
source images from which they originated. If the
annotation refers to a dataset separate from that
containing the annotations, it should include the
unique identifier for that dataset.

Source image
association

Transformations Any coordinate transformation required to
link the images to the annotations in the same
common coordinate system, such as rotations and

translations.

Spatial information Spatial information for non-pixel annotations (for
example, counts of items in a region of interest),
including physical measurements or the region
that has been annotated. If coordinates for
non-rasterized annotations are stored in units other
than pixels (for example, micrometers), the relevant
information must be detailed in this field.

Date and time when the annotation was last
modified.

Last modification time
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Standardize METADATA
Authors and contact
Annotation overview
Annotation type
Annotation method
Confidence level
Annotation criteria

Annotation coverage
Source image
association
Transformations
Spatial information
Last modification time

Reduce number of FORMATS
OME-Zarr

GeoJSON

COCO

EMDB-SFF

Provide data production INCENTIVES
Preserve credit in different

dataset versions

Acknowledge exceptional

contributors

Organize annotation events

Clear contributor credit

Improve data ACCESSIBILITY
API

Data browsing

Versioning support

Linking to community tools
Metadada search

Outreach to journals

Fig. 3| MIFA recommendations for FAIR Al data sharing. Our recommendations can be summarized in four principles: standardizing metadata, incentivizing dataset

production, reducing format diversity and increasing data accessibility.

vector annotations, there are arange of formats describing meshes and
point clouds. For example, the biological domain EMDB-SFF, the Seg-
mentation File Format from the Electron Microscopy Data Bank, allows
the storage of shape primitives (cones, cuboids and cylinders), surface
meshes and 3D segmentation masks while also supporting structured
textual annotation using ontological terms and archive accessions.

Additionally, ‘dataset’ formats can aggregate multiple annota-
tions for aset ofimages. One exampleis the format from the Common
Objects in Context (COCO) dataset®, aJSON format that supports
multiple annotation types such as segmentations and categorical
classes, and is language agnostic. COCO was developed primarily
for 2D computer-vision tasks and has been widely adopted by the
computer-vision community beyond the specific initial dataset for
whichitwas created. This formatisstarting to be used by the bioimag-
ing community. However, changes will be required to address specific
needs in the field, such as handling segmentations of very large 2D
images (for example, those commonly used in histopathology) or data
inthree or higher dimensions.

Improving findability, accessibility and
presentation of Al-ready datasets

Having a central repository for Al-ready bioimage datasets, such as
the Biolmage Archive, will greatly help to make datamore accessible.
Suggestions to increase findability within data repositories include
allowing metadata search, supported by ontologies and enabling users
to find images that are similar to a supplied example. Standardizing
metadata according to the guidelines described above will be key to
enablesearch. More generally,image archives should establish relation-
ships with scientific journals to explore the possibility of including links
to specific datasets in papers. Once shared, making annotated image
data discoverable by a range of different data consumers is critical.
Progressinthe use of Almethods within biological imagingis critically
dependent on being able to mix members of different communities,
including imaging scientists, research biologists and Al specialists.
Presenting Al-ready datainforms that are understandable by all these
groupsis crucial to ensure meaningful interpretation of annotations.
Application programming interface (API) accessisimportant for data
integration use cases, as well as for allowing direct data querying, trans-
formationand model training. A further advantage to thisapproachis
thatit supports standardized access to data across multiple different
storage systems, without requiring homogeneous data storage.

To guarantee robust quality control, it is essential for datasets to
have unique identifiers. Repeated rounds of annotation may be created
with newer models, for larger subsets of the data, for different fea-
tures within the same dataset or to fix problems with the annotations.

Therefore, metadata versioning should be allowed. To ensure that the
quality of the annotations is maintained, a system to indicate when a
dataset needs updates and to submit proposals for annotationimprove-
ments should be implemented. However, for this to work, the com-
munity will need to agree on protocols that allow experts to validate
the annotations and who the reviewing experts would be in each case.
A simpler alternative would be to describe the changes between two
versions on the metadata so users can make aninformed decision when
using a set of annotations.

Discussion

Asfunders and scientific publishers strongly endorse open datashar-
ing, and data deposition in repositories becomes a mandatory part
of the publication process®-*, scientific communities need to create
guidelines to ensure that the archived data are actually useful®>. The
MIFA guidelines aim toimprove FAIR sharing of annotated bioimages by
recommending four guiding principles: standardization of metadata,
incentivizing dataset production, reducing the number of data formats
used in the field and increasing data accessibility (Fig. 3).

These principles present a high-level roadmap toward FAIRer Al
image data. Fullimplementation of the guidelines will require detailed
work on schemas and models (particularly for software developers).
Here we offer some suggestions as to how individual stakeholders can
start adopting the MIFA recommendations:

Data producers can immediately start using the MIFA metadata
model to capture key contextual information about their annota-
tions. Supportingtoolkits, training and high-quality examples will
help with adoption.

Datarepositories should develop deposition pipelines that allow
userstoinclude suchmetadatain their submissions. They canalso
implement changes to their existing presentation mechanisms
according tothe MIFA guidelines, for example, to allow databrows-
ing and provide APIs for direct data access.

Software developers can include support for the recommended
formats in their development of the workflows, tools and pro-
gramming languages used by data producers, annotators and Al
scientists. Additionally, they can support the inclusion of vector
annotation formats in OME-Zarr.

Funders can require that annotated datasets that result from
funded projects are shared according to the MIFA guidelines.
The whole community, including data repositories, journals,
funders, software developers and scientists can participate in
the organization of events to encourage the production of new
high-quality annotated datasets™.
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We hope that the adoption of these guidelines by various stake-
holders will help accelerate the generation and reuse of Almethods for
better analysis of biological images, and all the downstream benefits
to life-sciences research that this will enable. Beyond that, the MIFA
guidelines would benefit any annotated dataset of biological images,
notonly those intended for Al applications. Standardizing annotated
images would also help the development of classical image analysis
algorithms and would permit data aggregation to create larger data-
sets. Many aspects of these guidelines also apply to medical or preclini-
cal imaging. However, given the additional complexity of managing
patient-identifiableinformation, differencesinimaging modalitiesand
existing medical-specific standards, we chose to focus on biological
imaging. Aligning the guidelines with parallel initiatives in diagnostic
imaging would be useful further work.

Paradigms such as self-supervised learning enable algorithms
to learn image features from unannotated training sets, potentially
eliminating the need for image annotation®. However, the progress
of self-supervised methods for bioimage analysis is limited by the lack
oflarge collections of analogous images with consistent, harmonized
metadata, which require substantial human effort to assemble. Curat-
ing such collections, for use in unsupervised/self-supervised learn-
ing could catalyze the growth of these techniques. For this, a unique
metadataset will be required, encompassing the metadataoutlinedin
Supplementary Table 1, excluding the annotations module.

Almodels can performimage analysis tasks that would be difficult
or impossible to achieve using traditional methods. However, the
performance of Al models depends on the quality of the data used to
trainthem. Therefore, providing open, diverse and high-quality anno-
tated datasets will help unlock the potential of Aland push the state of
the artin the bioimage analysis field. To achieve this, it is essential to
strengthen the synergy between life scientists and Al developers. By
incentivizing data producersto openly share expertly annotated data-
sets with the community, we can accelerate the development of new
methods and guide developers toward the new and exciting challenges
scientists encounter when analyzing their images. This way we will
empower researchersindiverse fields with Al tools that will ultimately
lead to new discoveries and improved understanding of living systems.

Data availability

Data availability is not applicable to this article as no new data were
created or analyzed for this work. All used images are already publicly
accessible, permissibly licensed and referenced by identifier.
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