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Therapid adoption of single-cell technologies has created an opportunity
to build single-cell ‘atlases’ integrating diverse datasets across many
laboratories. Such atlases can serve as a reference for analyzing and
interpreting current and future data. However, it has become apparent
that atlasing approaches differ, and the impact of these differences are
often unclear. Here we review the current atlasing literature and present
considerations for building and using atlases. Importantly, we find that

no one-size-fits-all protocol for atlas building exists, but rather we discuss
context-specific considerations and workflows, including atlas conceptua-
lization, data collection, curation and integration, atlas evaluation and atlas
sharing. We further highlight the benefits of integrated atlases for analyses
of new datasets and deriving biological insights beyond what is possible
fromindividual datasets. Our overview of current practices and associated
recommendations willimprove the quality of atlases to come, facilitating
the shift to a unified, reference-based understanding of single-cell biology.

Understanding the cellular composition of tissues and its variability
across individuals is critical for understanding health and disease.
Single-celltechnologies have spurredimportant progressinour under-
standing of cellular heterogeneity by enabling researchers to study
tissues atunprecedented scale and resolution'*. However, while the num-
ber of single-cell datasets and the number of cells sequenced per study
steadily increase, currently the median number of individuals sampled
per study still does not exceed 14 (Fig. 1). Moreover, individual studies

have study-specific biases related to, for example, cohort characteristics,
sample handling and choice of single-cell technology. Integrating many
studiesintoasingle resource, here termed ‘atlas’,enables researchersto
overcomethese study-specific biases aswell asto capture alarger num-
ber ofindividuals and more comprehensively profile cellular diversity.

A number of research initiatives, including the Human Cell Atlas
(HCA)* and the Human Biomolecular Atlas Program (HuBMAP), aim to
create such single-cell atlases of the human body. Currently available
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Fig.1|Single-cell dataset size trends over time. Left, total number of papers with
single-cell data published in each year; middle, number of cells per dataset over
time; right, number of individuals included per single-cell paper (Supplementary
Methods). The list of publications was obtained from a curated database of

single-cell studies'*. Data after 2021 (asterisks) are likely not comprehensive;

thus, the number of papersis likely underestimated. For both box plots, the boxes
indicate the median and interquartile range. Whiskers extend to the furthest non-
outlier data point. Individual data points are shown as dots.

BOX1

Key quality standards for
atlases

e Represent consensus cell-type nomenclature across the field

e Findings should be based on observations that hold true across
datasets

o Availability of high-quality data and metadata

o Reliability ensured by stringent quality assessment

single-cell atlases®** cover various tissues from mice, humans or
both, and are almost exclusively composed of transcriptomic data
(see Supplementary Table 1 for an overview of available atlases and
their characteristics). These atlases have been used to address arange
of biological questions and research challenges. For example, they
serve as a consensus on cell-type definitions and disease-specific cell
states” ", reveal heterogeneity in the population at alarge scale™""*,
aid in the analysis of new datasets*>" and give guidance in study
design®'*", Existing single-cell atlases thus already show their promise
ofadvancingour understanding of human tissue in health and disease’®.

To serveasacommunity resource, integrated single-cell reference
atlases should adhere to specific criteria. First, an atlasis meant to serve
as a basis for community discussion on cell-type nomenclature and
should, therefore, represent the current cell-type definition consensus
aswellas possible. Second, findings derived from the atlas need to be
generalizable and should represent a consensus across studies, which
requirestheinclusion of numerous and diverse datasets encompassing
alarge set of individuals. Thus, recent large-scale efforts based onindi-
vidual datasets® * willin the future present a great basis for building
multi-dataset atlases. Generalizability also requires that dataset-related
or sample-related biases, such as data generation location and proto-
cols, are documented and if possible, removed from the atlas. Third,
atlases need to include extensive cell annotations and sample and
subject metadata for future studies and analyses. Finally, atlases should
bereliable, such that findings derived from the atlas are not based on
artifacts in the data or mistakes in annotations, mandating stringent
quality assessment. Such atlases could thus, similarly to reference
genomes and other omics references*®*, serve as the ‘normal’ basis
against which new datasets are compared to address central questions
inmolecular biology and medicine (Box 1).

Despite the complexity and demands of the atlas building process,
aclear overview of atlas building steps and associated considerations
iscurrently lacking. Moreover, the potential applications of atlasesin
researcharejust starting to be explored. Here we review how previous
reference atlases have been built and lay out guiding principles for the
construction and sharing of future atlases to ensure quality and broad

opportunities for application. We also provide a perspective on how
atlases may be extended and updated in the future to stay up to date
with new discoveries. Finally, we present acomprehensive overview of
atlas use cases. Together, we envision this work will advance the pro-
gress of atlas-focused initiatives such asthe HCA, HubMAP and others,
thus contributing to moving the single-cell field toward cross-dataset,
population-level reference atlases.

Building anintegrated reference atlas

Building an integrated atlas requires biological and computational
domain expertise and iterative optimization of the atlas. This process
canbe categorizedinto the following steps (Fig. 2), which are discussed
indetail below: preparation, including choosing the focus and selecting
datasets; data preprocessing, including metadata harmonization and
quality control; data integration; atlas evaluation and reannotation;
and atlas sharing and extension.

Atlas preparation

The envisioned downstream use of an atlas determines what technical
decisions should be made whenbuildingit, and the atlas’ goals should
therefore already be taken into account during the preparation. For
example, if one wants to build anatlas that enables modeling the effects
of age on molecular phenotypes, it should ideally include pediatric
samples. It is thus critical to determine the focus of the atlas before
starting the building. Similarly, the included datasets should be selected
carefully to align with the atlas focus and to maximize its quality. Below,
we discuss important considerations in both of these processes.

Defining the focus. It might be desirable to make an atlas as general
as possible, integrating data across technologies, organs or species.
However, this may ultimately reduce its utility, as the removal of strong
batch effects often also leads to excessive loss of biological variation*.
Instead, the focus of the atlas must be chosen at the beginning to ensure
that the final atlas will best be suited for the envisioned downstream
applications. Whereas most atlases aim for a holistic understand-
ing of a single organ, cell-type-specific atlases provide insights into
cell-type-specific diseases affecting multiple tissues®. Moreover, while
some atlases are focused only on healthy adult samples (Supplemen-
tary Table 1), the inclusion of multiple conditions, such as diseases or
developmental stages, is crucial for cross-condition comparison. Simi-
larly, atlases thatinclude animal or in vitro model systems are vital for
evaluating model utility, and can additionally be used to complement
scarce human data. Finally, multi-omic atlases may increase resolu-
tion and reliability viaabroader set of molecular features. We provide
further guidance on defining atlas focus in Supplementary Note 1.

Selecting datasets. Once the goal of the atlas is clear, the datasets to
beincluded mustbe selected, whichimportantly determine the atlas’
quality and utility. For some atlases, datascarcity necessitates leniency
during dataset selection, while in other cases, not all datasets that fit
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Fig. 2| Workflow for building reference atlases. The atlas building process consists of constructing an atlas from individual datasets (top; including data preparation,
preprocessing and integration), and atlas curation and sharing once the atlas is constructed (bottom; including atlas annotation and evaluation, sharing, and updating

and extending the data captured within the atlas).

the goal of the atlas are suitable for inclusion. Here we discuss key
considerations for selecting datasets.

Number and technical diversity of datasets. Including a large number
of datasetsisimportant not only to capture the variability in cell types
andintissue phenotypes, but also to cover a diverse range of technical
variability, such as sample handling protocols and sequencing tech-
nologies. This will likely broaden the range of cell types covered, as dif-
ferent technologies better capture different cell types™**, will provide
integration methods with more training data to distinguish between
biological and batch effects and will enable assessing reproducibility
of findings across studies during downstream analysis. A large number
of datasets also allows for the removal of datasets that later on turn
outnottointegrate well without substantially reducing the size of the
atlas. However, increasing the number of datasets will lead to longer
data curation and preprocessing times and might eventually lead to
prohibitive computational resource requirements.

Metadata availability. Sample-level metadata (such as the age or health
status ofindividuals) and cell-level metadata (such as cell-type labels)
areimportant for many stepsin the atlas building process, as well as for
its use. Metadatarelated to technical variables such as tissue sampling
technique (for example, samples from autopsy and biopsy) will help
distinguish experimental bias from biologically driven signal during
atlas building and evaluation. Moreover, detailed donor metadata
(for example, age, sex, body mass index, smoking history or disease
stage and treatment history) will make the atlas more widely usable,
particularly for understanding interindividual differences. Similarly,
the availability of cell-level metadata, mainly cell-type labels, can aid
in the atlas building process in several ways, including during quality
control (for example, labels of doublets), integration (for methods
using cell-type labels"***%*¢) and atlas evaluation and use.

Demographic diversity. For a truly comprehensive representation of a
giventissue, anatlas should cover the diversity of the human population
interms of age, sex, genetic ancestry and other demographic variables.

The same holds for other types of biological variation, such as multiple
mouse models or strains and various environmental conditions. Increas-
ingthe diversity of samples makes atlas-based findings more generaliz-
able,and might enable stratificationinto, forexample, patient groups.

Cell-type coverage. An atlas ideally represents the full diversity of cell
types that are part of the organ or cellular compartment of interest,
which canbe achieved by diversifying the selected datasets in several
ways. When cell-type composition differs widely in different parts of
anorgan, different anatomical locations should be covered. Similarly,
the way a tissue is sampled (for example, with a brushing, biopsy or
surgical resection) affects the cell types that are capturedinasample,
asdodissociation protocols, with certain celltypes only being detected
using specific protocols™”*, Spatial assays, not biased by tissue dis-
sociation protocols, can be used to determine which cell types should
be detected inatissue.

Studydesign. Whenbuilding an atlas, untangling batch-related variables
frombiological signals ofinterest is key to fruitful downstream analyses.
However, without proper study design, batch correctionmethods can
unintentionally remove biological signals along with batch effects. For
example, if one dataset is made up only of samples from donorswitha
disease not seen in any other dataset, integration could inadvertently
mistake this disease-specific biology for adataset-specific batch effect
and remove this signal from the integration. Therefore, ideally each
biological group of interest is represented in multiple datasets, and
eachdatasetincludes multiple conditions so that dataset-specific batch
effects can be separated from effects of interest.

Data quality.Including datasets of high quality in the atlas willenhance
thereliability of downstream analyses and will moreover ease the data
integration process. Datasets can differ substantially in quality, for
example,interms of sequencing depth, fraction of mitochondrial reads
per celland detail of cell-type annotation. Datasets with lower cellular
resolution, forexample, due to low sequencing depth, have beenshown
tointegrate more poorly with other datasets*® (Box 2).
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BOX2
Key takeaways

o A specific atlas focus should be defined, such as a selected
tissue and selected biological conditions. The broader the focus
of an atlas, the more complex the integration process is likely
to be, which can result in increased loss of information during
integration.

e The datasets to be included in the atlas should be selected

according to its focus.

Biological conditions of interest should ideally be represented

in multiple datasets, to untangle biological from batch effects

during atlas integration and evaluation. Similarly, datasets
should ideally span multiple conditions (for example, disease
and control).

Sample-level and cell-level metadata availability should be

considered for each dataset as it is key for atlas building,

evaluation and use.

Data harmonization and preprocessing

For datasets to be jointly analyzed, the metadata of subjects, sam-
ples and cells that are provided with each dataset must be encoded
consistently across datasets and count data should be computation-
ally preprocessed in similar or identical ways. Individual datasets are
typically preprocessed in different ways and use different metadata
nomenclature, contributing to batch effects and hampering down-
stream interpretation, respectively. While metadata must always be
unified, it is not yet clear how specific differences in preprocessing
affect the final atlas. Below we discuss considerations in prioritizing
different atlas building steps for harmonization.

Data preprocessing. Preprocessing of FASTQ sequencing data into
count matricesis thefirst step in preprocessing single-cell sequencing
data. Atlases are often built from count matrices rather than raw FASTQ
files, as these are easier to share and combine, but inconsistencies
in how the count matrices were generated can lead to batch effects
in the data*’. Whereas realignment of all data might not always be
feasible, using gene identifiers rather than gene names could already
mitigate batch effects. Once count matrices have been generated,
low-quality droplets need to be removed from the data. Insome cases,
this will already have been done by dataset generators, and the exact
method by which low-quality droplets have been removed from the
datamightresultin differences between datasets. Moreover, the deci-
sion to instead only annotate but not remove low-quality droplets
from the atlas can enable quality-control transfer to new datasets,
although it may also affect the integration. Finally, counts should be
normalized and corrected for, forexample, ambient RNA, inthe same
way across datasets, taking into account suitability and scalability of
the normalization methods. Preprocessing-related considerations are
further detailed in Supplementary Note 2.

Harmonizing sample and subject metadata. Sample and subject
metadata are essential for both the atlas building process and for down-
stream analyses on the atlas. However, often inconsistent nomencla-
tures across datasets can make them challenging to use. Therefore, all
metadata fromindividual datasets should be mapped to standardized
categories. For many forms of metadata, standardized nomenclature
already existsin the form of ontologies, such as for disease*’, ancestry*'
orsingle-cell protocols™. As these existing ontologies have been con-
structed by specialists, adhering to them willin most cases give abetter
classification and naming system than amanually set-up categorization
would. Moreover, it will ease future communication and comparison

within the field. Single-cell data platforms such as CELLXGENE™ and the
HCA Data Repository** already conform to these ontologies.

For human metadata, one should ideally also trackif these dataare
based on self-report, assignment by physicians or genomic informa-
tion. As standards regarding ethnicity and genetic ancestry categori-
zation are still evolving, it is useful to collect these data in ‘raw’ form
before harmonizing them into predefined, possibly broader groups.
Alternatively, data-driven methods for sex or ancestry inference from
raw sequencing data* can complement the reported metadata.

Harmonizing cell-type annotations and annotating unlabeled
datasets. Preliminary, author-provided, cell-type annotations can
be beneficial in many ways. Firstly, they can help with the data inte-
gration itself, as some data integration methods allow for the use of
cell-type labels to guide the integration*****¢, Secondly, these labels
aid in evaluating the quality of the atlas once the data are integrated,
althoughit must be ensured that the same labels are not used for both
integration and its evaluation to prevent evaluation biases. Thirdly,
the comparison with original labels enables evaluating the impact
of the consensus reannotation in an atlas (see section ‘Exploring the
information within the atlas’).

Fortheabovetasks, itis crucial to have a consistent set of cell-type
labels. As studies are ofteninconsistentin cell-type nomenclature and
annotation resolution'®", it is helpful to map all annotations to acom-
mon, cell-type nomenclature reference 57. When original annotations
are of sufficient resolution, this may already result in a good-quality
preliminary atlas annotation''*", The cell-type reference can be ‘hier-
archical’, thus accommodating annotations from different datasets
at different resolutions. As manual harmonization of cell-type labels
is laborious, automated construction of such cell-type hierarchies
could aid in the process, for example, using CellHint*®, Furthermore,
community resources such as the Cell Annotation Platform (CAP*°)
are being developed to facilitate author-guided, consensus-based
cellannotation and to define label synonyms for cell types and states.

If author-provided, cell-type annotations are unavailable or of
insufficient quality, one can annotate the data specifically for the
atlas®®®!, Because manual annotation of each dataset individually is
very time-consuming, it can instead be done for only arepresentative
dataset subset”. Alternatively, automated annotation®*** combined
with manual curation can be used to annotate individual datasets
before integration®*®*, which can be combined with preexisting anno-
tations* (Box 3).

Dataintegration

The core of any atlas building project is the integration of the data,
involvingthe computational removal of batch-related variation, which
canbe attempted witha variety of methods®. Integration enables joint
analysis of all datain ashared space, based on biological signals rather
than batch-specific transcriptomic artifacts. Below we describe several
important aspects of atlas-level data integration.

Determining the level of integration by setting the batch
covariate. All data integration methods aim to identify and subse-
quently remove batch-specific transcriptomic shifts based on a prede-
fined batch covariate. The choice of batch covariate will greatly affect
whichvariationis removed from the atlasand how the integrated atlas
will look. It should be noted that the variation determined as ‘batch
effect’ is inherently subjective and is a reflection of what the atlas
builder deems unwanted. Thus, the choice of batch covariate should
beinline with the scope of the atlas.

Batch effects can occur at the level of the dataset, subject or
evensample. Many experimental and preprocessing factors vary pre-
dominantly at the dataset level, such as tissue dissociation protocol,
single-cell chemistry or reference genome. Therefore, batch correction
at the dataset level can already remove a large part of the variation
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BOX3
Key takeaways

o Differences in dataset preprocessing could lead to batch
effects and may be mitigated by preprocessing harmonization.
Furthermore, some preprocessing steps may differ for atlases
compared to standard analysis protocols, such as preservation
of low-quality droplets for annotation transfer.

¢ As high-quality metadata are key for atlas use, the metadata
should be harmonized across datasets and aligned with standard
ontologies.

e Preliminary cell-type annotation is an important source of
prior knowledge in atlas building as it can guide integration
and is often required for atlas evaluation. It can be obtained by
harmonizing available annotations across datasets, transferring
annotations from individual datasets, or de novo manual or
automated annotation.

caused by technicalfactors. Even whenall dataset-level batch effects are
removed fromthe data, additional sources of transcriptomic variation
duetoartifacts canexist at the sample and subject levels. For example,
samples might have undergone different sample handling causing
distinct transcriptomic changes, and cells that are sequenced on the
same lane, which can originate froma single tissue sample or multiple
tissue samples (for example, when multiplexing), may have specific
technical effects. Moreover, individuals might display subject-specific
batcheffects, for example, due to different postmortemintervals®®. To
remove these sources of batch effects, sample and/or subject would
need to be set as the batch covariate. Notably, some methods enable
the use of multiple batch covariates at once, thus enabling nested (data-
set-sample) or combinatorial (dataset-assay) batch effect designs*®*".

The extent to which technical covariates contribute to batch
effects canvary. Forexample, ifa study has samples generated in mul-
tiple institutes, they might or might not show institute-specific batch
effects. Similarly, batch covariates may affectindividual cell types with
different strengths®®. The covariate contribution to batch effects can
be approximated quantitatively by computing the percentage of vari-
ance explained by a particular technical covariate'”*’. Alternatively, one
can check which sample groups are easily distinguished from the rest
of the dataset using a classifier, thus determining whether and how a
dataset should be split up into separate batches'. Recent efforts have
also attempted to automate the batch selection procedure®.

Pitfalls in the choice of batch covariate arise predominantly due
tothe possibility of removing biological signals during the integration
process, asthey can covary with the chosen batch covariate. A particu-
lar challenge arises when batches directly correspond to biological
variables of interest. This is the case when integrating datasets of, for
example, different organoid protocols, species or organ locations, or
samples of patients with different diseases. Here, removing dataset-level
or sample-level variation could remove the related variance of interest
(forexample, protocol-specific states) from the integrated atlas, ham-
pering downstream analyses. In such cases, one may select a coarser
batch covariatethatis not directly confounded by the covariate of inter-
est, such as datasetinstead of sample. Itisimportant to note, however,
thatsome existing atlases show biological preservation of sample-level
variation even when using sample as the batch covariate™".

Selection of genes for data integration. Similar to other single-cell
RNA-sequencing (scRNA-seq) dimensionality reduction techniques,
data integration can benefit from being performed on a subset of
genes. Benefits range from improving the signal-to-noise ratio, remov-
ing non-informative signals given the atlas scope, and improved

computational efficiency, resulting in improved integration*’. How-
ever, when removing genes, one has to keep in mind that existing
integration models cannot be adapted to add features (genes) later
on, such as featuresthat may beimportant to future samples mapped
totheatlas.

Currently, the most common practice for gene selectionis select-
ing ‘highly variable genes’, that is, genes that show higher variance
than would be expected based on their mean expression levels in the
data’®”'. Most atlases select 2,000 to 5,000 genes'*">'***, with higher
numbers preferred for atlases with broader scope®. Often, genes are
selected astheintersection of genes that vary within individual batches
toavoid selecting genes varying due to batch effects’>”*. Several meth-
ods that aim to improve the robustness or biological meaningfulness
of gene selection have also been proposed’>”. These include remov-
ing batch-affected or quality-metric-associated genes and selecting
genesrelated to signals of interest such asindividual cell lineages, rare
cell types or diseases (Supplementary Note 3). Given the diversity of
proposed approaches, there is likely a large potential for optimizing
atlasbuilding in this step.

Selecting an optimal data integration strategy. The choice of inte-
gration method and its parameters will have asubstantial effect on the
outcome of the integration*>’8, As different integration methods
workbestin different scenarios®, it isimportant to select the optimal
method and parameter settings for the dataat hand, for example, using
existing integration benchmarking platforms*’. The methods scANVI*,
Scanorama’® and scVI® have been shown to perform well on complex
integration tasks* and could thus be prioritized if time constraints do
notallow for extensive method benchmarking. Moreover, integration
strategies for multimodal dataare discussed in Supplementary Note 4.

The integration process also involves a decision on which of the
available datatoincludeinasingleintegrated representation.Insome
cases, batch effects aretoo strong to be removed while still preserving
the desired level of biological information. In this case, the atlas may
be split into multiple parts, for example, to create one sub-atlas per
species®’, per lineage®® or for cells versus nuclei’®. Notably, recent
efforts have been devoted toward facilitating the integration of more
biologically and technically diverse datasets®*, It is yet to be deter-
mined how globalintegration strategies compare to asplitapproach.
While atlases consisting of multiple integrated representations could
provide better resolution, they areless user-friendly, requiring separate
analyses and comparisons for each sub-atlas.

Several atlases have taken the approach of separating their data
into core datasets thatare normally integrated, and extension datasets
thatare mapped onto the core®"">" using query-to-reference mapping
methods®~*, These methods make it possible to project new dataonto
an existing reference while removing batch effects from the resulting
representation. Insome cases, it may be desirable to separate core and
extension datasets based on biology, for example, by using only healthy
adult datain the reference to ease the learning of batch effects during
integration with minimal biological confounding". The core-extension
approachalsoallows more flexibility inadapting and extending an atlas.
Given a fixed core reference, datasets can be independently mapped
onto the core. However, as the atlas model core is never updated with
the newly mapped data, new biological variationin these datasets may
not be sufficiently captured, or the model might not be able to suffi-
ciently remove new batch effects. Additionally, most currently available
query-to-reference mapping methods are designed to work only with
selected integration methods or models (for example, Symphony with
Harmony®¢, scArches with conditional autoencoder-based methods®).
These compatibilities should be keptinmind whenselecting adatainte-
grationmethod to ease mappingto the atlas by future users (‘Projecting
new single-cell datainto anatlas space’).

Integration method performance can differ widely and thus the
best integration should be selected for a given collection of datasets.
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BOX4

Key takeaways

o Data integration is the key step of any atlas building project.

e The choice of batch covariate importantly affects the integration
outcome. Confounding of batch and biological covariates may
lead to the removal of relevant variation from the data during
integration.

e Gene selection helps to reduce noise in the data and limits
the computational resources required for integration. Several
gene selection approaches exist to improve the outcome of the
integration.

¢ Gene selection must be performed with future query datasets in
mind, as these might contain unique condition-specific genes.

o Atlases can exist as a single integration of all datasets, multiple
partial atlases from datasets that are easier to integrate
separately or a core integrated atlas from selected datasets
extended with additional data via reference mapping.

¢ Integration approaches should be compared using metrics
that assess both batch effect removal and the preservation of
biological variation.

Importantly, visualinspection of the result of integration (for example,
using uniform manifold approximation and projection (UMAP)) to
assess performance can be misleading** and hard to apply to large
amounts of integration outputs. Therefore, one should combine visual
inspection with quantitative metrics to assess the integration quality.
Several metrics aim to quantify either how well batch effects were
removed or how well biological variation was retained during data
integration®. As different metrics measure different aspects and reso-
lutions of theintegrated representation and have their specific benefits
and limitations*>**%>%8 it is important to consider which metrics to
use. Forexample, both metrics thatrely on prior biological knowledge
(for example, cell labels) and those that are independent of it should
be included. Notably, performing a benchmark on data integration
methods for an individual atlas is resource intensive. Therefore, for
atlases with a large number of cells, a subset of the data may be used
for theintegration method benchmark. We provide further details on
integrationbenchmark metrics and on data subsetting in Supplemen-
tary Note 5 (Box 4).

Atlas evaluation and reannotation

The quality of an atlas is critical for its utility as a reference. Because
automated evaluation of integration methods, as described above,
provides no guarantees on the top-performing method being of suf-
ficient quality for atlas use, it should be complemented with manual
atlas evaluation. This also includes atlas-level cell-type reannotation,
whichservesboth for the evaluation of the integrated representation
quality and as a basis for downstream analyses.

Evaluation of overall atlas representation quality. The final atlas
evaluation must be done on the basis of prior biological knowledge.
Thisensuresthat the atlas correctly represents biological information
from the data and that batch effects have been sufficiently removed,
as discussed below. The evaluation step serves as the last checkpoint
in the optimization of the atlas representation (Fig. 3a-d) and may
lead torevisitingand adjusting earlier atlas building steps (Fig. 3e-k).

To derive new insights from the atlas, one must ensure that the
integration did not remove key biological information from the data
(Fig. 3a). This can be evaluated based on the co-occurrence or sepa-
ration of cells in the integrated representation in relation to known

biological factors, such as cell type, age or disease. As the first step,
the expected biological effects within the representation should be
evaluated based on the presence of clusters corresponding to known
cell types. For example, rare and transitioning cell clusters are com-
monly merged with other populations due to over-integration”*>. The
integration benchmarking metrics described above can be further
used here to highlight cell subsets that show poor integration quality,
necessitating further manual exploration.

When analyzingthe presence of biology-driven cell states and sub-
types within cell-type clusters, caution must be taken not to interpret
batch effect-driven separation as biological differences. The separation
of cell representations based on specific covariates, such as disease,
should therefore be supported across replicate samples and datasets
and the cell populations should also be distinguishable by the expres-
sion of specific markers.

Toensurethatdownstream analyses are driven by biological rather
than residual batch effect variation, it is necessary to evaluate how
well batch effects have been removed from the atlas (Fig. 3b). For a
detailed and thorough evaluation of the remaining batch effects in
the atlas, the integrated representation needs to be checked for cell
separation driven by technical effects. These include sample-specific or
dataset-specific clusters that cannot be explained biologically. One way
ofidentifying batch-driven separation of cellsis using the correlation of
cluster assignment with the expression of known technical effect genes,
which will often be sample specific. This includes ambient genes®*°,
genes associated with tissue handling, such as stress genesinduced by
dissociation and extended processing time”~**, or, when integrating
single-cell and single-nucleus data, genes known to be differentially
expressed between the two assays, such as mitochondrial genes”.
However, it should be noted that these genes can also beinvolved in bio-
logically relevant processes, such as disease-related cellular changes.

Itis possible that the overall quality of anatlas integration is excel-
lent, despite asmall subset of samples or subjects, or asingle datasetin
theatlasnotbeing well integrated, due to stronger batch effectsin that
datasubset. Visualinspection can sometimes already highlight poorly
integrated subsets of the atlas. Furthermore, metrics assessing the
mixing of batches" within cell populations should be used to identify
outliers.Itisimportant to pinpoint the reason for reduced integration
asitmayresult from past disease or outlier demographics that warrant
distinct localization in the atlas. Several steps can be considered if
finding outlier datasets. First, areintegration without the outlier data-
set, subject or sample can be considered, depending on their relative
importance to the focus of the atlas (Fig. 3e). Second, reintegrating
with a tailored batch covariate (Fig. 3h), method or parameter setting
(Fig. 3i) can be considered, such that more emphasis is placed on the
removal of outlier batch effects. Third, if the source of the batch effect
isclear,adding more datasets of the same type and datareintegration
might help mitigate batch imbalance®.

Even after the removal of outliers and tuning of the integration
approach, some batch effects will always remain. The residual batch
effects determine how fine the cell annotation resolution can be before
cells separate into clusters based on technical rather than biological
effects. Therefore, it is essential to keep in mind how this affects the
representation and thereby the downstream analyses.

Evaluation of reference quality for mapping new data. As one of the
main uses of atlasesis the analysis of new datasets with the atlas serving
asareference, the atlas must be suitable for high-quality alignment of
the new datato the atlas via‘query-to-reference mapping’ (Fig.3c). This
mapping projects any unseen single-cell dataset into the preexisting
low-dimensional space of the integrated atlas, thus allowing joint
analysis of the atlas and the new data. Poor reference mapping perfor-
mance can result in faulty interpretation of the mapped query data.
Resolving poor performance may require adapting the integration
itself, and caninclude revisiting previous steps, from dataset selection

Nature Methods | Volume 22 | January 2025 | 41-57

46


http://www.nature.com/naturemethods

Review article

https://doi.org/10.1038/s41592-024-02532-y

tointegration hyperparameters (Fig. 3e-i), to better capture the range
of potential technical and biological effects in the integration itself
already. Reference mapping also largely depends on both the used
mapping algorithm and the underlying integration method (‘Select-
ing an optimal dataintegration strategy’), and a different integration
method that enables better mapping may be required.

Determining whether an atlas is suited for reference mapping
involves considering what kind of datasets may be mapped in the
future, with potential differences in technical factors (for example,
sequencing protocols, genome versions) as well as biological differ-
ences (forexample, tissue from donors with diseases, different devel-
opmental stages). Importantly, data from very different biological
contexts might complicate mapping (Fig. 3k), just as widely different
datasets can complicate the initial atlas building (as discussed in ‘Defin-
ingthefocus’). To evaluate the atlas’ reference mapping potential, the
conceptsdescribedin‘Selecting an optimal data integration strategy’
and ‘Evaluation of overall atlas representation quality’ canbe applied:
assessing biological preservation and batch correction on the com-
bined atlasand mapped query dataset. Several dedicated metrics and
approaches can be used to estimate the quality of amapping, such as
an estimate of the preservation of neighborhoods or clusters before
compared to after mapping, the confidence and accuracy of cell-type
label transfer fromreference to query via metrics that measure uncer-
tainty, and the distance from query cells to reference cells®* ™,

Annotating the integrated atlas. Once the data have been successfully
integrated, areannotation of the cells should be performed toimprove
the quality and resolution of the annotations. Theincrease in total cell
number enables the detection of rare cell types and states that might
not have been annotated in the individual datasets, including groups
of low-quality droplets'>">*>", Furthermore, the joint representation
enables resolving contradictory annotations of the same cell type,
as is often observed between datasets”. If parts of the cells were not
labeled before integration, they can now be labeled on the basis of their
similarity to labeled cells in the integrated representation. Importantly,
if the reannotation is based on the original annotations of individual
datasets or multiple independent expert opinions, the reannotated
atlas constitutes a first step toward a consensus-based annotation of
agiven tissue".

Low-quality droplets (for example, empty droplets and doublets)
will likely still be present in the data at this stage and should be identi-
fied to be separated from viable cells before annotation (Fig. 3d,j and
Supplementary Note 6). As previously discussed (‘Data harmonization
and preprocessing’), it is still unclear to what extent quality control
canbe done entirely after integration, rather than before per dataset
or sample. The former not only saves time during preprocessing, but
annotating rather thanremoving low-quality droplets could also enable
automated quality control of new datasets mapped onto the atlas via
label transfer”.

Atlas reannotation can be done manually, automatically or by a
community-based crowdsourcing approach. The classical and most
labor-intensive approach is to manually annotate all cells of the atlas
based ontheir clusteringin theintegrated representation and marker
gene expression®®*">, Alternatively, preexisting cell-type labels from
different datasets can be harmonized to a cell-type hierarchy manually
orautomatically’®***°, Cells can also be automatically annotated using
marker genes'>** or via label transfer'®**%, Finally, crowdsourcing
approaches enable the collection of annotations from larger groups
or networks of experts®. These approaches are further discussed in
Supplementary Note 7.

To ensure the quality of cell annotations, they must be evaluated
from different perspectives. The grouping of cellsinto cell types should
notbedrivenby technical effects (see section ‘Evaluation of overall atlas
representation quality’), avoiding, for example, annotating clusters
that do not have cells from multiple donors and datasets. Furthermore,

Atlas evaluation
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Fig. 3| Workflow for evaluating and improving the atlas. a-k, The quality
ofthe integrated atlas must be evaluated from different perspectives before
proceeding to downstream tasks. This evaluation should assess biological
preservation (a), batch correction (b), reference mapping (c) and cell contents
ofthe atlas (d). If necessary, atlas quality can then be improved by modifying
individual steps (e-k) of the atlas building workflow (Fig. 2).

annotation labels should be robust, confirmed by the expression of
known markers and in broad concordance with prior annotation of
individual datasets, including coverage of cell types expected to be
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BOX5
Key takeaways

e Atlas evaluation is key to avoid low-quality integrations
that might lead to false interpretations. If the atlas quality
is insufficient, individual steps of the atlas building must be
adapted and reconducted.
e Manual inspection of the atlas is required to assess that prior
knowledge is sufficiently preserved and that batch effects do not
bias conclusions drawn from the atlas.
As reference mapping is one of the key use cases of atlases, it
should be evaluated how well new data can be mapped to the
atlas.
Query datasets may be too different from the reference atlas
to be successfully mapped. Thus, determining the dataset
characteristics required for reliable mapping will improve atlas
usability.
Atlas cell-type reannotation, including the annotation of
residual low-quality droplets, is part of atlas evaluation. It is also
necessary for ensuring final label quality and for establishing
annotation consensus.

present'>". Involving multiple biological experts, as is the aim for the
CAP*, will likewise increase the reliability of the annotations (Box 5).

When the atlas is completed: sharing and extending the atlas
Thefinalized atlas will represent acommunity reference that will serve
as aresource and that will continue to evolve with new discoveries in
the field. To that end, the atlas needs to be made available to diverse
user groups upon publication. Moreover, in the long term, the atlas
will need to be extended with newly available data and information
to stay up to date.

Making the atlas available to different user groups. To ensure that
atlases can serve their primary role as acommunity resource, it is cru-
cial that they are easily accessible and reusable (Table 1). This involves
two mainrequirements. First, the published data should be well docu-
mented. Thisincludes the description of allatlas components, including
metadata covariates, and the sharing of all atlas-related code. Metadata
covariates should moreover adhere to existing ontology nomenclature
where possible. Second, while count matrices are commonly shared
on portals such as the Gene Expression Omnibus (GEO)'°, BioStud-
ies'” and the HCA data portal®, the data should also be made easily
accessible to different user groups. For this purpose, specialized tools
and frameworks have been developed. For simple queries, such as the
visualization of gene expression levels or metadata categories across
cells, interactive platforms can be used**'°>'%, For more specialized
analyses, the datashould be easy to download, and should be formatted
such that it is compatible with standard data analysis platforms'*®1%¢,
Finally, atlas-related models (for example, for query-to-reference map-
ping) should be shared publicly’®*""°, and a framework for automated
mapping can be made available®"""">, Notably, it is not yet clear how
toshareresults from downstream atlas analyses in astandardized way,
suchasfor custom marker lists. Further considerations on atlas sharing
areelaborated onin Supplementary Note 8.

Extending and updating the atlas. Atlases can be living resources that
evolve as new datasets become available’. Theinclusion of new datasets
astheyarereleased adds more individuals or conditions, thus enhanc-
ing the statistical power of metadata covariate analyses and improving
coverage of cell types and states across biological conditions. Similarly,
cell annotations or metadata descriptors canbe updated to adhere to

Table 1| Different databases and platforms enable sharing
of atlas data for different purposes

Type of tool/ Examples

platform

Atlas sharing purpose

Interactive platform  CELLxGENE®®, Single
Cell Portal'™, UCSC Cell

Fast and easy access to
atlas for simple queries

Browser'®, Vitessce'”®, and
Scope+'®
Downloadability of atlas Single-cell GEQ', HCA data portal™,
for detailed analysis database CELLXGENE®>®
Reference model sharing  Model database Zenodo'?, HuggingFace™

for query-to-reference

mapping

Automated Online mapping Azimuth®'?, ArchMap™"
query-to-reference platform

mapping

Access to detailed No dedicated Paper supplements,
downstream results databases Figshare'®®
Reproducibility of Public code GitHub

analyses and results repository

For each sharing aspect, the type of tool or platform needed is specified, as well as examples
of those tools and platforms.

evolving ontologies™ or to include newly discovered cell types from
recentstudies™. Importantly, keeping reference atlases up to date will
require considerable community-wide and consortia-wide efforts™
asisthecaseinthe genomicsfield, where standard genomebuilds are
iteratively refined and used by the whole scientific community.

New data canbe added to the atlas by mapping the new data onto
the old atlas using query-to-reference mapping algorithms® >, When
more new data accumulates, the reintegration by retraining of the atlas
model, rather than atlas extension by query-to-reference mapping,
will be necessary to capture or correct for new biological and techni-
cal variation. Additionally, reference atlases can be extended with
new modalities, such as single-cell assay for transposase-accessible
chromatin using sequencing (ATAC-seq) and cellular indexing of tran-
scriptomes and epitopes by sequencing (CITE-seq)"°. Therefore, using
anintegration model that enables the mapping of different modalities
may soonbecome of greatimportance due to theincreased number of
single-cell datasets of non-transcriptomic modalities'”.

An intriguing possibility for upscaling and streamlining atlas
extension would be to let users, who map their new data to the refer-
ence for analysis of their own data, also share the representation of
their mapped data on a reference portal. Each mapping, even if not
intended for atlas extension, would thus further expand the atlas for
allusers. Sucha continuous community effort would greatly increase
theamount of data capturedinthe atlasatarate thatis notachievable
for asingle atlas curation team (Box 6).

Using integrated atlases

Thevalue of anatlas derives fromthebiological insightsit offersanditsrole
asaconsensusreference (Fig.4). Atlases have the potential to answer press-
ingbiomedical questions, aidinginunderstanding disease mechanisms,
developing new treatments, improving model systems and advancing
disease prognosis or diagnosis®. Furthermore, atlases can be used to
study organism-wide cell function*"%, development', organoid protocol
design'* and evolution across species'’. Projecting new datasets to the
atlasmoreover enables atlas-guided analysis of new data. Topromote the
adoption of atlases across different fields, we here provide an overview of
domain-agnosticbiological and technical questions that canbe answered
using integrated atlases alone or as acomplement to new data.

Exploring the information within the atlas
Marker genes, gene programs and the effects of biological and technical
factors on cell types are routinely investigated in single-cell datasets.
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BOX6
Key takeaways

o Atlases should be publicly accessible both computationally and
interactively. However, standards for atlas sharing are not yet
fully established and data are currently often scattered across
databases.

o Community efforts will be needed to keep atlases up to date
with new datasets and associated discoveries, such as newly
identified cell types. Atlas updates can be based either on
mapping new data onto the atlas or on rebuilding the atlas.

Atlases provide auniquely comprehensive resource for these analyses
dueto their greater coverage of biological and technical factors.

Cell identities and their markers. Cell-type annotations across
single-cell datasets rarely agree. This is partly due to biological dif-
ferences in cellular states, but also due to the lack of standardization
in cell-type nomenclature and resolution’. By combining multiple
annotated datasets fromdifferentlaboratories, conditions, anatomical
regions or sample handling protocols'®'*">' as well as different expert
opinions on cell-type labels, cell atlases present an opportunity for
establishing consensus cell-type annotation®"*'¢",

Cell-type markersidentified via an atlas are likely to be more spe-
cific, sensitive and robust as they are consistent across datasets and
thus across protocols'®'*. Moreover, as atlases pool data across multi-
ple studies, they can reveal rare cell types that are often missed when
analyzing individual datasets®*'*'*"%, Thus, atlas-based markers are
particularly valuable for cell-type annotation in new datasets'?? and
evaluation of newly identified or previously proposed markers™ ¢,
as well as the selection of markers used for tissue staining””, cell
sorting®'* and probe design for spatial transcriptomics'*. While
common marker identification strategies (benchmarked in ref. 125)
can be applied to atlases, additional considerations are required
due to the large number of relevant clusters and their relative hierar-
chy, as well as the large number of datasets and related batch effects
(Supplementary Note 9).

Description of gene function and regulation. The gene regulatory
landscape and molecular pathways withinindividual cell types are often
inferred via coexpression analyses>">**'*'”’, These analyses benefit
from large heterogeneous data collections with many samples. Thus,
atlases can be used to robustly identify gene-gene relationships'**'’
and multicellular programs, which are groups of genes co-regulated
across different cell types™°. To better model regulatory relationships
between genes, measurements from multiple omics layers can be
used”. Multi-omic atlases that cover the full omic landscape of emerg-
ing multi-omic data types™>'** could thus serve as a bridge between

different omics layers'.

Molecular and cellular changes across conditions. To understand
the molecular characteristics of phenotypes, such as disease, age or sex,
onemust analyze associated changes in gene expression and cell-type
composition®®"1?2 (called ‘covariate analysis” henceforth). Atlases
improve covariate analysis for multiple reasons. They capture alarge
number of subjects and datasets, which results in better generalization
and higher power to detect associations between phenotypes and gene
expression””. These associations can also serve as an additional layer
of gene functional information beyond the commonly used pathway
databases”. The large subject number also results in better coverage
of continuous clinical or demographic trajectories, such as aging
or disease progression'*. Likewise, increased patient coverage may

reveal heterogeneity between patients with the same disease, ena-
bling patient stratification for personalized medicine”". Moreover,
as atlases combine data from multiple studies, they bring together
biological conditions that could not be compared within individual
datasets®"*">*>122_For example, shared molecular characteristics across
conditions may beinformative for drug repositioning across diseases
or tissues””"*’, Similarly, cross-condition differences may aid in select-
ing preclinical models®”. In the future, atlases may even be used to build
predictive models for the clinical classification of patients based on
their single-cell profile®™ %%,

There are multiple challenges of covariate analyses within atlases.
The datasets in an atlas were not generated with a single question in
mind and thus do not follow a single optimal experimental design to
answer any specific question'. Furthermore, when building an atlas,
batch effects are often only corrected in anintegrated representation,
while the gene expression counts are left uncorrected®”**"**°, This ren-
ders gene expression valuesincomparable across batches'. Similarly,
cell proportion analysis may be affected by batch-related differences
insampling protocols (for example, dissociation technique) and tissue
sampling locations™". For these reasons, atlas-level covariate analyses
require the incorporation of confounders in statistical models''*,
Thisbecomes particularly challengingin the case of partial confound-
ing between biological and technical factors, such as when a cellular
trajectoryis divided across datasets. Alternatively, one may consider
performing the analysis per dataset and afterwards combining the
results'. Furthermore, modeling assumptions established based on
individual datasets are not always metin atlases. For example, cell-cell
communication tools assume that all cells were located together in the
tissue, whichis not true for anatlas asawhole. Thus, standard analysis
approaches need to be adjusted with atlas-specific considerations.

Guiding future experimental design. Atlases offer several opportuni-
ties to improve the design of future experiments. For example, while
individual datasets arerarely generated to assess how different techni-
cal parameters affect the data, atlases bring together multiple datasets
that enable such analyses™'*'*", This can reveal which technical fac-
tors should be optimized to prevent cell stress, doublets or ambient
contamination, or to better capture specific cell types”. Furthermore,
atlases can be used for power analyses, that s, to estimate the number
of cells, samples or donors that need to be profiled to answer specific
questions. This can be useful when studying rare cell types or when
determining the optimal combination of counts per cell and number
of profiled cells for differential gene expression analysis™>'**, Finally,
atlases highlight which cell types, diseases, demographics or other
categories are understudied in the current data*"”'* and need to be
better capturedinthe future (Box 7).

Developing new single-cell methods and machine-learning
models

The development of new single-cell methods heavily depends on
the availability of high-quality datasets for method testing and
benchmarking®', Highly curated reference atlases are particularly
suitable for this for several reasons. First, they contain high-quality data
inastandardized format, reducing the need for datawrangling. Thisis
of particular interest for the development of large-scale generalizable
‘foundation’ models for single-cell biology (Supplementary Note 10).
Second, they contain diverse large-scale data and thereby present
realistic challenges (for example, batch effects) for methods, revealing
potential method limitations. Third, they contain diverse dataappro-
priate for various benchmarking tasks. This covers different analysis
types, including trajectory inference across continuous covariates,
differential analysis across conditions and integration across batches.
Fourth, due to their size, atlases can easily be splitatrandomorina
stratified manner (for example, by datasets and lineages) to conduct
benchmarks for time efficiency and data complexity. Fifth, atlases are
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BOX7

BOX8

Key takeaways

Key takeaways

o Atlases will play a key role in establishing cell annotation
standards within tissues and across conditions. The number
and diversity of datasets improve marker robustness and ease
identifying rare cell populations.

o Atlases will improve our understanding of gene regulation,
especially when multi-omic atlases become more widely
available.

o Atlases can enable the association of demographic, clinical
and other biological covariates with gene expression changes,
due to large sample numbers and multi-condition coverage.
However, batch effects may need to be explicitly modeled.

o Atlases can reveal how experimental protocol characteristics
affect data quality and cell population capture.

o Atlases provide insights into under-sampled conditions and cell
populations.

often well explored, thereby providing a reliable approximation of
ground truthinterms of biological and technical effects presentin the
data. Thus, atlases have the potential to serve as standard benchmark-
ing datasets, which are common in the machine-learning field"*%, but
still rare in single-cell data science'’"'(Box 8).

Analyzing new single-cell, spatial or bulk data with atlases as
references

Analysis of new data provides many challenges, such as data integration
and denovo cell-type annotation, and may in some cases be limited due
toalownumber of cells and samples. These and many other challenges
canbealleviated by leveraging atlases as abasis for the analysis of new
data. Atlases can also supplement new data with additional biological
information, such asin cross-modal expression prediction, expansion
of the control sample pool and contextualization of bulk data with
single-cell information.

Projecting new single-cell data into an atlas space. One of the central
goals of scRNA-seq analysis is obtaining a high-quality, low-dimensional
representation that enables theidentification of cell types, states and
trajectories. Atlases provide such high-quality representation and by

e The quality and diversity of the data within atlases make them
especially well suited for the development and comparison of
new methods and models.

using query-to-reference mapping methods, new datasets (queries) can
be positioned within the atlas (reference) representation space. This
has multiple advantages over analyzing query data alone'>"**">? First,
rare cell populations are better represented in the atlas and canthus be
betteridentified in the mapped query dataset as well. Second, the atlas
representation was optimized to distinguish biological from technical
variation using many training datasets. Mapping to this representation
canimprove batch correctioninquery data, in particularif query batch
effects are directly confounded with biological variation and can thus
not be disentangled using the query alone. Third, mapping into the
atlas representation space enables a rapid, joint analysis of the new
datasetand the atlas, for example, for cellidentity annotation transfer
and comparison (more details in ‘Annotating cellular identities’ and
‘Comparisons witha control population’). Atlas-based representations
arethuslikely tobecome astandard step in future scRNA-seq analyses.

Successfulmappingofaquerytoareference depends onanumber
of factors, including the sample characteristics, data preprocessing
and the mapping method. The mapped samples should be sufficiently
similar to the reference, both in terms of sample biology as well as the
measured features and preprocessing choices. For example, a human
reference may not work optimally for mapping animal data or datafrom
other preclinical models, such as organoids. Such mapping can result
in either too much separation of the query and reference in the result-
ing representation due to under-correction or merging of distinct cell
populations dueto overcorrectionwhen attempting toincrease integra-
tionstrength. Inboth cases, theintegration failure hampers the correct
interpretation oftheresults. Furthermore, while the reference mapping
method that can be used with a given atlas is in many cases dependent
onthe model used for atlas building, some of the methods allow tuning
of the mapping parameters to tailor the mapping to a given context.
This includes modifying integration strength and adding biologically
relevant features (genes) missing from the ref. 97.Finally, while reference
mappingshould be always evaluated, tools enabling this are still lacking.

Nature Methods | Volume 22 | January 2025 | 41-57

50


http://www.nature.com/naturemethods

Review article

https://doi.org/10.1038/s41592-024-02532-y

BOX9
Key takeaways

e Mapping new datasets onto an atlas can improve their
data representation. Successful mapping depends on the
correspondence between the atlas and the new data in terms of
biological, technical and data preprocessing characteristics.

e Data quality issues can be revealed by unexpected localization
of new data points in the atlas representation space after
mapping.

o New datasets can be rapidly annotated based on automated
cell label transfer from the reference.

¢ Atlas-guided case-control comparisons in new data can improve
population and condition coverage. However, atlases cannot
fully replace matched control populations for new data.

e Multimodal atlases may in the future enrich unimodal datasets
via cross-modal imputation.

o Atlases can help to infer cell-type proportions in bulk and spatial
data.

o Atlases can be used to identify cell populations expressing
genes of interest, such as drug targets or genes with
disease-associated polymorphisms.

With theincreased number of datasets capturing different omics
layers, it willbe of interest to use references consisting of one modality
(currently this is usually the transcriptome) to analyze queries from
different modalities. This enables various downstream analyses, such
as cross-modality annotation transfer and identification of cross-omic
feature correlations. While different strategies for cross-omic map-
ping were proposed”®"**, they have not yet been widely applied in the
atlasing field.

Annotating cellular identities. While manual cell annotationis cum-
bersome and prone to mistakes'’*, atlases enable automated transfer
of high-quality reference annotations to new datasets. This is com-
monly done by transferring annotations from reference cells that are
close by in the representation to mapped query cells®'%6383-85155156
Furthermore, annotation of low-quality or doublet droplets is often
cumbersome, unreliable and inconsistent due to manually set thresh-
olds"’. Atlases that have annotated such populations may be used to
automatically annotate low-quality droplets in the new datasets”.
Finally, uncertainty metrics™® can be used to identify annotations
transferred with high uncertainty and, therefore, with a higher likeli-
hood to be incorrect. Cells with high uncertainty labels have been
shown to represent unseen cell identities in the new data (that s, cell
identities not presentin the reference atlas), such as new cell types or
disease-related cell states”. Atlases are thus expected to serve as the
firststepinthe annotation and analysis of future datasets, guiding the
manual fine-tuning of the annotation'”.

Comparisons with a control population. Identifying the difference
between healthy cellular phenotypes and those specific to a disease
based on a single dataset can be complicated by within-cohort batch
effects, incomplete coverage of healthy cell populations and small
samplesizes. Using atlases as a basis for the analysis of new query data
can mitigate these limitations. For example, mapping query samples
from disease conditions on top of a healthy reference can directly
identify cell types that have an altered, non-healthy phenotype'*'"*%,
The atlas size reduces the chance for falsely interpreting healthy vari-
ation as disease effects due to the lack of comprehensive controls.
Nevertheless, atlases alone cannot yet fully replace control samples
for new datasets'. Furthermore, using an atlas as a reference enables

comparing cellsacross awiderange of conditions included in the atlas.
This has been used to optimize organoid protocols®’ or compare model
systems'®’. However, one must stay cautiousinjointly analyzing atlases
and mapped data, as atlases and mappings never perfectly remove all
batch effects, which may lead to biases in the interpretation™>.
Reference atlases may also serve as a control to assess sample
quality and thus prevent mistaking unanticipated technical variation
forbiological differences. For example, if cells from a new sample map
to an unexpected location in the atlas representation, away from the
reference cells of the corresponding cell-type and biological condi-
tion, thismay indicate low sample quality or strong technical artifacts.

Cross-modal imputation. To improve the understanding of cellular
states and regulation across modalities, dataimputation across modali-
ties can enrich unimodal datasets. Multimodal atlases can be useful
for imputation due to the large number of contained datasets, thus
increasing the reliability ofimputation models''*>, Imputation can be
used inmany different settings, such as denoising, cross-omic predic-
tion, prediction of non-measured genes inspatial data orimputation of
spatiallocation in nonspatial data'>"*>'*'"'*, However, special care needs
to betaken to assess the reliability of the imputation, especially when
imputing conditions that are not closely related to the training data'®’.

Analysis of non-single-cell data. Many bulk datasets are available
across modalities and individuals™, but they lack cell-type informa-
tion that is crucial for understanding tissue function and disease.
Similarly, spatial data often do not reach single-cell resolution. To
enable interpretation at the level of cell populations, these datasets
canbe deconvolved based on single-cell data'®* """, Atlases are uniquely
suited for bulk®™"17217 and spatial®*** data deconvolution due to their
comprehensive coverage of the cell types presentinatissue or organ,
and their robust multi-batch cell-type profiles.

Atlases can also help to better understand data that are neither
single-cell nor transcriptomic. For example, they can help identify cell
types that may be affected by perturbations, suchas disease-associated
genomic variants in genome-wide association studies**"**"7*1”> and cell
types that may be targeted by specific drugs'”. Eventually, when suffi-
cient matched single-cell and clinical dataare collected, it may become
possible to develop models that could infer cell-level features, such as
cell proportions, fromimages or other clinical measurements'’ (Box 9).

Conclusion and outlook
With the maturation of data integration methods and the wide avail-
ability of single-cell datasets, atlasing studies are becoming increasingly
common. Atlas resources promise to build consensus across communi-
tiesand impact biomedical research®®. However, standards for building
atlases are lacking and atlas use cases are still being explored. In this
Review, we discussed considerations and opportunities for building
and using atlases toinitiate a discussion on standards in the field.
There are still many open questions in the field of atlas building
that would benefit from benchmarks and that call for new datasets,
technologies and methods. First, asystematic comparison of different
atlas building pipelines is lacking. Second, as atlases become more
comprehensive and complex, including cross-species, longitudinal,
whole-organism and multimodal data, the need for integration meth-
ods that can accommodate such complex scenarios will grow. Recent
developmentsinthe machine-learning community, such as foundation
models that are able to generate broadly usable representations for
large and diverse datasets, may thus also be useful in the single-cell
community”®"”°, Third, cost and labor reduction of single-cell profiling
technologies willbe needed to enable population-wide and cross-omic
atlases as well as to popularize their usein clinics. These open questions
and potential solutions are further discussed in Supplementary Note 11.
Similarly, given thatatlases are designed as community resources
and their usability is of crucial importance, we identify key areas for
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usability enhancement. First, the performance of interactive interfaces
and standard analysis pipelines diminishes with the size of data-
sets. To overcome this, wider adoption of graphics processing unit
(GPU)-accelerated tools™°, developing more compact data repre-
sentations, such as compressing cells into meta cells, encoding data
into foundation models or simpler generative models, or providing
standardized, human or machine-readable descriptions of cell and
gene landscapes, would be beneficial. Second, as atlases increase in
complexity, their visualization and interpretation also do so. Workflows
should, therefore, be adopted to ease interpretation and visualization
of atlases spanning tissue resolutions and omics layers. Third, existing
workflows for analyzing new data based on mapping onto reference
atlases are still in prototype stages and require further development
and testing. Fourth, single-cell datasets covering underrepresented
donor populations, such as specific ancestries, are needed to make
atlases more generalizable and robust. Fifth, although atlases hold
great potential for various fields including molecular biology, medi-
cine and computational sciences, current access interfaces are mainly
tailored to the bioinformatics community'®’. Therefore, itis necessary
tofurther develop data-access options tailored to different user needs,
includinginteractive platforms and application programming interface
access points.

Asnewsingle-cell datasets are generated, atlases will also growin
size and complexity. This will bring with it questions regarding optimal
atlas size and the pointat which an atlas canbe considered ‘complete’.
Future studies will need to systematically assess at what point adding
more datano longerimproves the coverage of biological information
(forexample, cell states and ancestries) or the quality of the integration.
Currently, itisstillunclear how the optimal atlas size can be determined
in practice'®. In part, this is due to the diversity of goals of atlas studies.
Healthy cell-type variation, including rare cell states, may be compre-
hensively retrievable with currently available datasets. In contrast,
comprehensive coverage of genetic and phenotypic diversity across
populations and conditions will require a large number of samples,
which s unlikely to be achieved in the near future®.

Despite the promises of reference atlases, they also come with
limitations. First, atlases rely on integration to remove batch effects
between datasets. However, this rarely works perfectly and, especially
when batch effects are strong, also removes biological variation.
This can limit the resolution of retrievable cell populations. Second,
just like any individual single-cell dataset, atlases are designed with
particular goalsin mind and thus may be unsuitable to answer certain
biological questions. For example, if atlas-builders focus on provid-
ing a healthy reference, this may limit atlas-based analysis of data
from other conditions. Third, atlas building demands substantial
human and computational resources, which is likely to increase as
atlases grow in size. Thus, recent work has proposed to complement
high-quality reference atlases with automated pipelines that enable
more modular and rapid data integrations tailored to a specific bio-
logical question at hand®®***'®*, Fourth, the quality of atlases and their
long-term maintenance vary as best practice standards are currently
lacking. Inthis Review, we aim to make a first step toward establishing
these standards.

While atlases are expected to have a profound effect onmedicine,
ranging from disease target identification and toxicity prediction to
direct applications in clinics**, medicine is not the only field that is
anticipated to be transformed by atlases. For example, cross-species
atlases may provide insights into phylogeny'?**>'% and environmental
niches™”'*°, Similarly, ecology and agriculture atlases'*"' could inte-
grate cross-areal datasets to reveal the interactions between environ-
ment and organism'®*'°2, However, before such atlases canbe created,
more single-cell datasets must be generated in these domains. In the
near future, atlases outside the biomedical field will, therefore, likely
be focused on model organisms, for which sufficient data and com-
munity interest are present.

In this Review, we outlined current considerations and recom-
mendations in building, using and sharing atlases, and highlighted
aspects of these processes that merit further research and develop-
ment. We envision that the insights collected here will aid in setting
common standards for atlas building and will fuel the broad use of
atlases in single-cell research. Together, this will pave the way to a
consensus-based approach for describing cellular biology, increasing
theimpact of atlases on molecular biology and medicine.

Data availability

The final results of the analysis of the published scRNA-seq datasets are
collected in Supplementary Table 2 and the intermediate results are
available at https://github.com/lueckenlab/single-cell-papers-trends/.

Code availability

The code for the analysis of the published scRNA-seq datasets depicted
in Fig. 1is available at https://github.com/lueckenlab/single-cell-
papers-trends/.
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