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SUMMARY

Stem cell-derived models are a powerful tool for studying biology 

and are increasingly paving the way for cell-based therapies. How-

ever, understanding precisely which cell types are present and how 

closely they recapitulate in vivo cells remains challenging. Single-

cell genomics, coupled with annotation methods, provides a 

framework for evaluating the congruence of stem cells with in vivo 

biology. Here, we explore approaches to cell annotation and 

discuss the challenges of implementing these methods in stem 

cell-derived models. We provide recommendations for the applica-

tion of these methods, as well as our vision for the future of stem 

cell annotation using cell manifolds.

INTRODUCTION

Human pluripotent stem cells (hPSCs) have revolutionized 

the study of biology through their ability to model human 

cells in an in vitro experimental setting. For the purposes of 

this perspective, hPSCs encompass embryonic stem cells 

(Thomson et al., 1998) and induced pluripotent stem cells 

(iPSCs) (Zhu and Huangfu, 2013). hPSCs may be differenti-

ated to recapitulate organ systems across the three germ 

layers, yielding ectodermal (e.g., brain and skin), meso-

dermal (e.g., heart, kidney, and blood), and endodermal 

(e.g., lung, intestine, and pancreas) tissue models 

(Biancotti et al., 2010; Haidet-Phillips et al., 2011; 

Nguyen et al., 2011). iPSCs may be reprogrammed from a 

donor’s adult cells (Takahashi and Yamanaka, 2006), 

enabling patient-specific disease modeling. Because of 

this capacity, large-scale development and disease studies 

employing hPSCs are emerging, providing power for popu-

lation genetics research and clinical trials in a dish 

(Carcamo-Orive et al., 2017; DeBoever et al., 2017; 

Kilpinen et al., 2017; Pashos et al., 2017; Warren et al., 

2017). These factors make hPSCs an effective tool for 

in vitro biological research.

Organs consist of a diverse collection of cells, each with a 

unique molecular profile shaped by factors such as spatial 

location, developmental stage, environmental exposure,

and disease state. A cell’s molecular profile governs its iden-

tity and function, and no two cells are identical. hPSC 

models aim to replicate molecular profiles of cell types, tis-

sues, and organ systems in vitro (Park et al., 2023; Revah 

et al., 2022; Shinozawa et al., 2021) by mimicking embry-

onic cell developmental processes. The process of cellular 

differentiation is dynamic, and as stem cells differentiate 

toward terminal cell type(s), they progress through a con-

tinuum of intermediate states with corresponding changes 

in their molecular profile, phenotype, and function. As 

knowledge of the factors that determine the progression 

of a cell down a given differentiation trajectory deepens, 

hPSC-derived models have improved physiological accu-

racy (Yu et al., 2007), better replicating increasingly specific 

cell types.

A cell’s developmental pathway is determined by how 

it responds to microenvironment signals, and thus, 

imperfect differentiation protocols limit the develop-

mental fidelity and subsequent biological relevance of 

hPSC models. By design, hPSC differentiations condense 

developmental processes into days or weeks to balance 

convenience, simplicity, and speed with physiological 

accuracy. Differentiations often deviate from natural bio-

logical pathways due to the challenges of recreating 

spatiotemporally complex microenvironments found 

across development in vitro (Kim et al., 2020a). An inap-

propriate cellular response to developmental signals 

(Yoshimura et al., 2023) can result in off-target or 

in vitro-specific by-products (Figure 1). Despite efforts 

by the stem cell community, differentiation of hPSC-

derived cells often resembles prenatal embryonic tissues, 

hampering their use in modeling diseases found in 

mature contexts (Figure 1).

Challenges with replicating development in vitro are 

further complicated by the inter- and intra-line variability 

inherent to stem cells. Pluripotency and differentiation 

characteristics of a cell may be influenced by tissue origin, 

passage number, cell culture conditions, and unknown 

(stochastic) factors (Laco et al., 2018; Nguyen et al., 2018; 

Yamatani and Nakai, 2022) (Figure 1). Inter-line variability 

of pluripotency may limit the blanket application of
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protocols across large numbers of stem cell lines without 

optimization. Intra-line differences across cells cause differ-

entiating hPSCs to develop at variable rates, resulting in 

diverse populations at mixed states of maturity (Figure 1). 

Failure to fully replicate in vivo cell states in a dish limits 

the relevance and translational potential of stem cell sys-

tems. A deeper understanding of cell states throughout 

in vivo development and optimizing differentiations to bet-

ter replicate these states is essential to improving the utility 

of stem cell models.

CELL-LEVEL ANNOTATION ENHANCES 

APPLICATIONS OF STEM CELL RESEARCH

Cell annotation––the process of assigning biological labels 

to cells––can be deployed to characterize the molecular 

identity, maturity, and physiological fidelity of hPSC-

derived models. One common set of methods uses molecu-

lar features such as gene expression profiles, epigenetic 

modifications, or cell surface markers to distinguish cell 

identity. Alternatively, variations in features across a cell 

population can be used to annotate biological trajectories 

or cell relationships, capturing transitions between states

over time and space. By analyzing changes in features, cells 

can be annotated across dynamic processes such as differ-

entiation, disease progression, or response to perturba-

tions. Here, we use annotation to refer to both of these 

approaches.

Annotation strategies vary in the number of molecular 

features and modality (gene expression, epigenetic mark-

ings, etc.) considered in determining cell type or state. 

Traditional cell-type annotation approaches, which mea-

sure transcriptomic or proteomic expression of a handful 

of cell type-specific markers (Table 1), have insufficient 

granularity to resolve continuous cell states (Figure 2) and 

are biased to our current biological knowledge. The devel-

opment of single-cell technologies that capture molecular 

features at the individual cell level provide higher resolu-

tion and enable the detection of rare cell types, presenting 

an opportunity for more accurate annotation of hPSC 

models. These technologies include single-cell RNA 

sequencing to capture gene expression profiles (Tang 

et al., 2009), single-cell assay for transposase-accessible 

chromatin (ATAC) sequencing to interrogate chromatin 

accessibility (Buenrostro et al., 2015), single-cell DNA 

methylation and single-cell CUT&Tag for epigenetic marks 

(Bartosovic et al., 2021; Lorthongpanich et al., 2013), and
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Figure 1. Heterogeneous cell populations across hPSC differentiation

Inter- and intra-line variability in hPSC pluripotency and differentiation properties lead to heterogeneous cell states as cells progress 
through differentiation at variable rates. Failure of some cells to reach the differentiation target population may yield immature by-

products or in vitro-specific cell types. In almost all cases, final cell types fail to replicate the diversity, complexity, and maturity found in 
in vivo tissues.
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cellular indexing of transcriptomes and epitopes 

sequencing, proximity extension assay, and ATAC with 

select antigen profiling by sequencing to evaluate protein 

expression (Lundberg et al., 2011; Mimitou et al., 2021; 

Stoeckius et al., 2017). More recently, ‘‘single-cell multio-

mic’’ assays have been developed, in which multiple 

genomic modalities are captured for a single cell 

(Dhainaut et al., 2022; Liang et al., 2023; Unterman et al., 

2022). Multiomic technologies provide a detailed picture 

of cellular profiles along several cell state axes, uncover mo-

lecular interactions across different modalities, and 

improve identification of rare or previously undescribed 

cell populations.

As implementation of single-cell technologies increases, 

techniques to annotate cells are evolving as well, with a 

shift toward approaches that consider the continuum of 

cell types and states. For example, in annotation of stem 

cell-derived cardiomyocytes, more features are being used 

to account for continuous cell states (Table 1). Accurately 

placing cells within dynamic landscapes and the broader 

context of in vivo and in vitro molecular signatures is critical 

for utilizing stem cells for biological interrogation.

The broad adoption of stem cell models has resulted in 

the establishment of many differentiation protocols, re-

sulting in inconsistent outcomes across laboratories and 

donor lines and making cross-protocol comparisons diffi-

cult. There is a need for the systematic assessment of a pro-

tocol’s cell type/state proportions, maturity in relation to 

in vivo counterparts, and proportion of off-target by-prod-

ucts. Efforts by individual laboratories (Blümke et al., 

2023; Cheng et al., 2024; Kim et al., 2020b; Lyra-Leite 

et al., 2022; Wilson et al., 2022) and larger initiatives 

(Ramos et al., 2021; Riley and Schekman, 2021) have recog-

nized this need and begun encouraging cross-dataset com-

parisons and advocating for increased standardization.

Selecting an annotation method can be challenging due 

to the breadth of methods available and the fast-paced 

advancement of this field. Here, we review a range of anno-

tation schemes and explore their utility when applied to 

stem cell models. We recommend strategies for improving 

annotation, including implementing a stem cell-relevant 

manifold to foster comprehensive, consensus-based anno-

tation of hPSC-derived models and enhance their predic-

tive ability.

FROM FLOW TO SINGLE-CELL GENOMICS: HOW 

SINGLE-CELL ANNOTATION METHODS HAVE 

BEEN APPLIED IN STEM CELL RESEARCH

There are now a large number of tools that may be used to 

annotate cells (Figure 2). Flow cytometry and marker- and 

reference-based methods classify a cell’s type or state, 

while dynamic methods such as pseudotime and RNA

Table 1. Molecular features used in annotation of hPSC-derived cardiomyocytes

Objective Annotation method Annotation features Examples

Cell identity annotation Flow cytometry 

RT-qPCR 

Western blot

TNNT2, TNNI1, TNNI3, TBX5, 

NKX2.5 MYH6, MYL7, MHC, ACTN2

Balafkan et al., 2020; Lian et al., 2015; 

Osafune et al., 2008; Prondzynski

et al., 2024; Wang et al., 2023

Marker-based methods Cluster markers

TNNI1, TTN, ATP2A2, PLN, MYH7, 

MYL7, NKX2.5, TBX5

Cheng et al., 2023; Churko et al., 2018; 

Friedman et al., 2018; Grancharova

et al., 2021; Wang et al., 2022

Reference-based methods Top 3,000–5,000 most variable genes Litvi�nuková et al., 2020; Roost et al.,

2015; Tyser et al., 2021; Weatherbee 

et al., 2023Reference datasets:

Litvi� nuková et al. (2020)

Roost et al. (2015)

Tyser et al. (2021)

Weatherbee et al. (2023)

HCA: cells of the adult human heart 

HCA: sex-specific control of human 
heart maturation by the 

progesterone receptor

Biological trajectory annotation Pseudotime Top 3,000–5,000 most variable genes Friedman et al., 2018; Lam et al., 

2020; Wang et al., 2022

RNA velocity Unspliced mRNA (introns) vs. 

spliced mRNA (exons)

Kannan et al., 2023; Litvi� nuková 

et al., 2020; Wang et al., 2022

HCA, Human Cell Atlas.

Selected molecular features for annotation of hPSC-derived cardiomyocytes deployed in various annotation methods.
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velocity annotate a cell’s location along a biological 

trajectory.

Flow cytometry-based annotation

Annotation using flow cytometry techniques typically la-

bel cell populations using single-cell protein measure-

ments from a handful of molecular markers (Qiu et al., 

2011). While flow cytometry is a cost-effective tool for 

rapid batch validation or isolation of cellular subsets, 

several barriers to accurate flow cytometry-based annota-

tion remain. Technical limitations in fluorescence detec-

tion constrain the number of antibodies that can be 

used in parallel, and the limited number of proteins acces-

sible for antibody binding restricts the capacity for com-

plex cytometric analyses. The result of these factors is 

the annotation of cell types based on a handful of cellular 

features, masking underlying heterogeneity of cell states 

(Figure 2). Further, proteins marking specific cell states 

must be known a priori, limiting discovery work. While 

flow cytometry remains an important research tool that 

is useful in annotating distinct, well-characterized cell 

states, single-cell genomics methods now provide several 

advantages for interrogating cell identity in stem cell 

models.

Marker-based annotation

Marker-based annotation techniques typically use dimen-

sional reduction (Box 1) to identify highly variable fea-

tures, which are then used to group similar cells into 

clusters for annotation. All cells in a cluster are then anno-

tated with the same cell type label based on the level of 

expression of known molecular features (Pullin and 

McCarthy, 2024) (Figure 2). These annotation methods 

are straightforward, computationally efficient, and syner-

gistic with conventional annotation techniques. New cell 

type markers identified by techniques such as differential 

expression may then be applied to compare cell type iden-

tities across different datasets (Rothová et al., 2022) or 

annotate new cell types (Villani et al., 2017). Marker-based 

annotation may use predefined gene signatures (Foroutan 

et al., 2018) commonly employed in gene set enrichment 

analyses, which are particularly effective for datasets con-

taining distinct cell types with well-established, high-con-

fidence markers. However, when marker-based methods 

are applied to stem cell models, the number of indepen-

dent cell types present across a differentiation is often un-

known and biological conclusions may shift when a popu-

lation is clustered at different resolutions yielding more or 

less cell type clusters (Alquicira-Hernandez et al., 2019;

Figure 2. Tools for cell identity and biological trajectory annotation

Techniques are arranged according to the number of features used to capture biological variation. These methods rely on measuring 
similarities or differences between cells to assign annotations. Using too few features may obscure important biological signals, whereas 
using too many can introduce non-biological technical noise and increase the risk of overfitting.
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Garcia-Alonso et al., 2021; Haniffa et al., 2021; Kiselev 

et al., 2018; Ma and Pellegrini, 2020; Pedregosa et al., 

2011; Tan and Cahan, 2019; Zhang et al., 2019). Tools 

such as clustering trees are increasingly used to help select 

an appropriate resolution and evaluate cell type relation-

ships as the cluster size changes (La Manno et al., 2016). 

Additionally, marker-based methods do not account for 

the influence of donor variability, technical noise, and 

different microenvironments within a cluster (Burkhardt 

et al., 2021; Kang et al., 2018). Transitions between cellular 

states are often gradual in stem cell models, and overlap-

ping patterns of molecular features can render cluster 

boundaries arbitrary (Adler et al., 2019; Burkhardt et al., 

2021; Saunders et al., 2018). While marker-based tools are 

built on decades of knowledge regarding cell types (Patel 

et al., 2014; Ramsköld et al., 2012), these techniques may 

not yield consistent results across research groups 

(Abdelaal et al., 2019) and scale poorly to larger datasets 

(Ianevski et al., 2022; Zhang et al., 2019).

Reference-based annotation

Reference-based methods incorporate thousands of fea-

tures when determining cell identity, better capturing the 

continuous molecular profiles of stem cell systems 

(Figure 2). These techniques project unannotated query 

data into an annotated reference manifold, where identity 

of the query cells is then predicted based on feature similar-

ity to the reference (Abdelaal et al., 2019; Alquicira-

Hernandez et al., 2019; Garcia-Alonso et al., 2021; Kiselev 

et al., 2018; La Manno et al., 2016; Ma and Pellegrini, 

2020; Pedregosa et al.; Tan and Cahan, 2019) (example 

shown in Box 2). The cell type label from the reference 

data with the highest probability is assigned to the query 

cell. A key strength of reference-based methods is a quanti-

tative per-cell confidence score (Salehin et al., 2025) that es-

timates the similarity of a query cell’s features to cell type/ 

state profiles from the reference. This is particularly helpful 

when annotating cells that share overlapping features 

across multiple cell states. Reference-based annotation is 

efficient and allows consistent annotation to be transferred 

across multiple query datasets (Box 2). However, these 

techniques rely upon an accurate, comprehensive, well-an-

notated reference relevant to each specific query (Haniffa 

et al., 2021, 2023). Misannotated references can transfer 

batch effects or bias between reference and query datasets, 

and query cell types absent in the reference may be misan-

notated or left unannotated.

While reference-based annotation traditionally relies on 

small, well-curated reference data, the growth of AI has 

precipitated in the development of powerful models 

trained on massive and diverse single-cell datasets. After 

pre-training, these models can be fine-tuned for different 

research tasks, including cell annotation (Aminzadeh 

et al., 2024; Cui et al., 2024, 2024; De Donno et al., 2023;

Box 1. Dimensional reduction and visualization of single-cell data

In single-cell genomics, the high dimensionality of data, where thousands of molecular features are measured per cell, 

makes accurate and interpretable visualization difficult. Dimensional reduction techniques are often employed to 

identify feature combinations that capture variance structure in the data, resulting in a lower-dimensional represen-

tation known as a manifold (Kharchenko, 2021). A manifold is composed of multiple dimensions, each of which 

contain combinations of features that explain sources of variation in the dataset. A single dimension may capture fea-

tures related to a combination of characteristics such as cell maturity, cell cycle state, differentiation stage, or technical 

factors such as batch effects (Cuomo et al., 2020). Cells that share similar molecular characteristics occupy comparable 

coordinates across the dimensions and are consequently close in the manifold. These coordinates can be used to visu-

alize variation in the data typically using the top two dimensions. However, determining the specific collections of pro-

cesses (biological or technical) represented by a dimension is often challenging and is now an active area of method 

development.

A common approach to exploring the structure of a manifold and understanding the relationships between cells is to 

graph cells in relation to their nearest genomic neighbors. Uniform manifold approximation and projection (UMAP) is 

a popular technique that applies dimensional reduction to visualize data in two- or three-dimensional space (Becht 

et al., 2018; van der Maaten and Hinton, 2008; McInnes et al., 2018). The generated visualizations can then be overlaid 

with information such as cell type labels derived from annotation methods. Visualization techniques such as UMAP 

are commonly used to ensure consistent data integration across batches, validate cell type clusters, and visualize 

changes in cell populations across different conditions (Chari and Pachter, 2023). However, the dimensional reduction 

employed by these techniques may introduce significant data distortion (Chari and Pachter, 2023). Additionally, visu-

alizations may vary based on preprocessing (Chari and Pachter, 2023) and lose relevance in sparse or distantly related 

data (Becht et al., 2018; van der Maaten and Hinton, 2008). While two- or three-dimensional visualization techniques 

can be used to form hypotheses about the structure of the manifold and explore local relationships between cells, bio-

logical conclusions should be validated in the full high-dimensional dataset (Lause et al., 2024).
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Hao et al., 2024; Heimberg et al., 2023; Hou and Ji, 2024; 

Lotfollahi et al., 2019; Pearce et al., 2025; Theodoris et al., 

2023; Yang et al., 2022). AI models can generalize across a 

range of biological questions such as predicting responses 

to drug and disease perturbations (Zhang et al., 2025), 

discovering gene regulatory networks (Fu et al., 2025; 

Pearce et al., 2025; Rosen et al., 2023), identifying candi-

date therapeutic targets (Combes et al., 2019a; 

Deshpande et al., 2023; Lindström et al., 2018; Ransick 

et al., 2019; Wilson et al., 2022), and improving differenti-

ation protocols (Kong et al., 2022). They can integrate data-

sets collected from diverse biological and technical condi-

tions (Boiarsky et al., 2023) to form composite datasets 

encompassing multiple tissues, patients, and disease popu-

lations (Alquicira-Hernandez et al., 2019; Deshpande et al., 

2023), enabling more accurate annotation across diverse 

research scenarios. While AI models already incorporate 

genomic data from tens of millions of cells, they have 

largely ignored using data from hPSC systems, limiting 

their predictive power in these areas. As more single-cell 

hPSC data become available, AI models will achieve 

broader coverage of possible cell states and greater power 

to uncover the molecular patterns that define cell identity. 

This, in turn, will enable the imputation of unmeasured 

cell profiles (Baruzzo et al., 2020; Luo et al., 2024; Marouf 

et al., 2020) or modalities (Hu et al., 2023; Liu et al., 

2025; Song et al., 2024).

Biological trajectory annotation

Cellular genomic measurements are a snapshot of a cell’s 

molecular profile. For cells that change states over time

(e.g., in a differentiation), genomic measurements provide 

incomplete coverage of continuous, transitioning cell 

states across a biological trajectory. Pseudotime annotation 

approaches (Cannoodt et al., 2016; Street et al., 2018; Wolf 

et al., 2019) organize cells along an inferred pseudo-tempo-

ral trajectory based on molecular feature similarities, aim-

ing to capture their progression along a biological pathway 

(Charrout et al., 2020). The pseudo-temporal order does 

not correspond to real time but is determined from the con-

tinuum of feature changes across cell states. It is important 

to remember that pseudotime approaches do not typically 

annotate cells with classical, categorical cell-type labels, but 

instead provide a continuous cell state metric. In some in-

stances, alternative annotation labels can be overlaid with 

the pseudo-temporal position or the coordinates of a cell in 

state space can be used as indirect annotations. 

Pseudotime annotation approaches help characterize dy-

namic cell-state processes such as differentiation (Street 

et al., 2018; Sumanaweera et al., 2023), activation, aging, 

or the cell cycle (Saelens et al., 2019). These annotation 

tools are important in hPSC experiments, as individual 

cells in a differentiation transit across continuous state 

changes over varying time scales, resulting in heteroge-

neous cell populations (Figure 1). Pseudotime approaches 

have been deployed in stem cell models to identify devel-

opmental checkpoints (Fischer et al., 2019) and uncover 

previously unidentified gene-regulatory networks driving 

differentiation (Cuomo et al., 2020; Maulding et al., 

2024; Trapnell et al., 2014).

The choice of pseudotime tool depends on prior knowl-

edge of the sampled cells and the biological system, such

Box 2. Annotation of hPSC-derived kidney organoids using a reference-based method

Here, we illustrate how a reference based annotation tool (Wilson et al., 2022) can be employed to annotate hPSC-

derived kidney organoids and compare cell type proportions across differentiation protocols. Kidney development 

is complex, and cell patterning is driven by reciprocal signaling and self-organization (Wilson et al., 2022). Interme-

diate cell types in the developing tissue often exhibit overlapping transcriptional signatures (Combes et al., 2019a, 

2019b; Lindström et al., 2018; Ransick et al., 2019), confounding annotation of these cells. Kidney organoids modeling 

this development vary significantly in structure and maturity across differentiation batches and protocols, with corre-

sponding changes in cell type composition and gene expression (Little and Combes, 2019; Phipson et al., 2019; Wilson 

et al., 2022), necessitating an unbiased tool to annotate and compare organoid cell products. Using in vivo-derived cell-

type gene signatures, DevKidCC annotates query kidney organoid datasets using a hierarchical framework in which 

cells are annotated at increasingly fine resolutions (Figure 3A). Even with a few cells in a population, accurate annota-

tion of similar but distinct cell types is achieved using this method, which is not possible with marker-based annota-

tion. For example, the tool was able to distinguish a small population (0.5% of total cells) of ureteric epithelium cells 

(Figure 3B). While sharing a similar transcriptomic profile with distal nephron epithelium cells, ureteric epithelium 

cells arise from distinct precursors (Combes et al., 2019a, 2019b; Howden et al., 2021; Lindström et al., 2018; 

Ransick et al., 2019). DevKidCC enables consistent comparison of organoids across differentiation batches and proto-

cols, leading to an understanding of the key differences in nephron patterning between kidney organoid models across 

the field (Figure 3C). While DevKidCC is trained for annotation of kidney organoid datasets, its hierarchical annota-

tion framework can be applied to other tissue systems (Wilson et al., 2022) with customized tiers of subclassification 

where sufficient transcriptomic data are available.
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as known starting points, pre-annotated cell types, or tra-

jectory shape and complexity. Pseudotime trajectories 

range from simple (linear, cyclical, and bifurcating) to 

complex (connected and disconnected graphs) (Saelens 

et al., 2019). Effective pseudotime analysis requires sin-

gle-cell datasets with sufficient transient states (Fang 

et al., 2024) and often involves trialing multiple methods 

to minimize algorithm bias (Charrout et al., 2020) and 

validating trajectory (Saelens et al., 2019) shape using ap-

proaches that rely on fewer assumptions. Historically, 

pseudotime methods have not accounted for cross-biolog-

ical sample variation, limiting comparisons across condi-

tions and increasing sample-specific false discovery rates. 

However, emerging tools now address inter-individual 

variability (Hou et al., 2023) and provide uncertainty met-

rics (Campbell and Yau, 2019), improving interpretability 

and confidence.

While pseudotime approaches place cells along an in-

ferred biological trajectory, RNA velocity techniques predict 

a cell’s near-future transcriptional state on the sub-hour scale 

(Gorin et al., 2022) (Figure 2). By quantifying accumulation 

or depletion of nascent unspliced RNA, these tools deter-

mine the direction of rapid transcriptional changes in pro-

cesses such as embryogenesis or differentiation (Bergen 

et al., 2020; La Manno et al., 2018; Lederer et al., 2024). Pseu-

dotime and RNA velocity tools are complementary, where 

pseudotime reconstructs global cell state trajectories, while 

RNA velocity resolves directionality and short-term dy-

namics of cells. RNA velocity can be used to infer root and 

final cell states in a differentiation and forecast unsampled

A

B C

Figure 3. Hierarchical reference-based cell type annotation using DevKidCC

(A) Lineage tree of cell types used to annotate hPSC-derived kidney organoids. Red boxes represent intermediate annotations that may be 
annotated at finer cell type resolution, while blue boxes represent annotations that are not further subdivided.

(B) DevKidCC successfully identified a small population of ureteric epithelium cells (pink) that would be misannotated as distal nephron 
epithelium cells (teal) using marker-based annotation techniques even after sub-clustering only the epithelial populations. Data from 
Lawlor et al. (2021).

(C) Annotation with DevKidCC demonstrates cell type proportion differences across three commonly used hPSC-derived kidney organoid 
protocols (Freedman et al., 2015; Morizane et al., 2015; Takasato et al., 2015). Error bars represent ±1 standard deviation.
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intermediate populations (Lange et al., 2022) or future cell 

fates (La Manno et al., 2018). RNA velocity is particularly 

useful where single-cell sampling of shorter time frames is 

impossible, especially in cases where rapid cell state changes 

are difficult to predict and measure (Li et al., 2024). When 

applied to stem cell models, RNA velocity has been deployed 

to detect directionality in complex asynchronous differenti-

ations (Setty et al., 2019) and decipher gene expression dy-

namics across cell types in organoids (Antó n-Bolañ os 

et al., 2024). However, RNA velocity models may lack in 

reproducibility (Gorin et al., 2022) or assume constant tran-

scription rates for a given state (Bergen et al., 2021; Setty 

et al., 2019), neglecting genes undergoing multiple rate ki-

netics across a stem cell differentiation (Barile et al., 2021; 

Battich et al., 2015; La Manno et al., 2018) and clouding 

analysis of trajectory dynamics.

A wide range of tools and approaches are available to 

hPSC researchers to annotate cells, as types, states, or across 

biological trajectories. Selecting an annotation approach 

should be dependent on the particular biological question.

EVOLVING CELL MANIFOLDS AND ANNOTATION 

TECHNIQUES TO IMPROVE BIOLOGICAL 

INTERPRETATION OF STEM CELL MODELS

Challenges in annotation specific to stem cells and 

practical strategies for improvement

Current annotation approaches have limitations when 

applied to hPSC models and in many instances can lead 

to misannotation of cells or loss of key information. There 

are a few important factors to consider when thinking 

about improving annotation frameworks for hPSC models. 

First, some cells in a differentiation will stochastically vary 

from a protocol’s desired cell type. Therefore, annotation 

methods need to account for a wide variety of potential 

cell types/states to avoid misannotating these by-products. 

Second, identifying how closely hPSCs resemble in vivo 

counterparts is important, but annotation techniques 

must be applicable across and between a wide range of 

potentially heterogeneous differentiation protocols. 

Finally, dynamic changes in cell types/states define most 

hPSC models. Therefore, methods that accurately quantify 

this variation at the level of cells will improve downstream 

applications of annotated cells.

Improving annotation frameworks for hPSC models 

faces several key challenges. Characterization of the molec-

ular features comprising cell identity remains incomplete, 

and the field lacks consensus cell state markers to use for 

annotation. hPSC-derived cells are immature and may 

contain combinations of molecular features not found 

in vivo. Inter- and intra-line variability of pluripotency leads 

stem cells to progress through development at variable

rates depending on a range of internal and external condi-

tions, making comparisons between laboratories and pro-

tocols challenging. A scarcity of well-annotated reference 

datasets across development limits the application of refer-

ence-based methods.

Given the specific challenges in stem cell annotation out-

lined, we have developed a set of recommendations to 

enhance the accuracy of annotating these models. First, 

we recommend expanding in vivo sample collection across 

development, disease states, and genetic backgrounds. Sec-

ond, we suggest optimizing annotation methods to better 

capture biological diversity, minimize technical noise, 

and establish standardized, quantitative benchmarking 

for annotation performance in hPSC systems. Third, we 

propose integrating stem cells and their derivatives into ex-

isting cell atlases, expanding single-cell multiomic dataset 

collection, and enhancing cross-modality imputation tech-

niques. Last, we advocate for the development of infra-

structure and tools to promote data sharing across research 

groups and incentivize the use of community-driven, bio-

logically relevant annotation techniques. Collectively, we 

believe that achieving these goals would improve the accu-

racy and reliability of stem cell annotation, refining the 

biological fidelity of hPSC models.

A comprehensive stem cell-relevant manifold for 

annotation provides the foundation for effective 

annotation of hPSCs

While sizable single-cell atlases exist (Cao et al., 2017; 

2019; Chen et al., 2024; Han et al., 2018; Hawrylycz 

et al., 2012; Plass et al., 2018; Regev et al., 2017; Schaum 

et al., 2018), these platforms currently do not contain suf-

ficient numbers of in vivo samples across developmental 

time points or stem cells and their derivatives (Heimberg 

et al., 2023) from across the stem cell field (He et al., 

2023; Xu et al., 2023) (Figure 4A). Expanding existing at-

lases to include wider and deeper coverage of these two 

data types will help bridge the biological gap between 

in vivo and hPSC-derived cells.

Our recommendations support the creation of a stem 

cell-relevant manifold that encompasses cell states 

observed both in vivo and in vitro. This manifold would 

include samples spanning diverse disease groups, genetic 

ancestries, and developmental stages, as well as hPSCs 

and their derivatives from multiple laboratories, lines, 

and protocols (Figure 4B). We envision a pan-organ struc-

ture that encompasses all tissues, enabling detection of 

cells differentiating toward adjacent or alternative fates 

and providing insights to refine differentiation protocols. 

In vitro artifacts will also be represented but clearly labeled 

as off-target populations to facilitate their identification in 

query samples. To maximize utility, the manifold should be 

organized hierarchically, from broad organ-level scale to
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specific cell types and states, enabling annotation at multi-

ple resolutions (Figure 4B). Construction would start with 

individual organs and expand continually and incremen-

tally as new datasets are generated by the field. Because 

contributing samples will vary in cell numbers and annota-

tion resolution, standardization of cell types/states labels 

will be critical to ensure consistency. Integrating this exten-

sive corpus will require comprehensive biological (e.g., 

donor, disease state, and age) and technical metadata 

(e.g., methods of cell collection, generation, differentia-

tion, and sequencing) (Haghverdi et al., 2018; Stuart 

et al., 2019). While annotation techniques could leverage 

the entire manifold, researchers may also select organs or 

datasets of interest for annotation of query samples–– 

following approaches similar to those used in the CZI 

CELLxGENE Census (Program et al., 2023).

Application of a stem cell-relevant manifold will 

enhance stem cell research

By integrating diverse populations of input cells across cell 

types, tissues, developmental stages, disease states, intersex 

populations, and genetic ancestries, the manifold would 

establish a broader consensus of cell identity than any sin-

gle dataset alone (Figure 4A). This increases the likelihood 

of accurately annotating cell types observed only under 

specific conditions. Europeans remain overrepresented in 

genomics studies (Ghosh et al., 2022; Nguyen et al., 

2023), and undersampled populations present vast wells 

of unexplored genetic ancestral diversity (The H3Africa 

Consortium et al., 2014) that stem cell researchers could 

leverage (Azeez et al., 2022; Choudhury et al., 2020; Lek 

et al., 2016). Generating a manifold from multiple individ-

uals would allow the consequences of allelic variation to be 

captured and modeled by the manifold. Although its initial 

aim is not to study genetic regulation, expanding the mani-

fold’s scope and depth would facilitate such analyses. How-

ever, two challenges remain: obtaining genotype data from 

single-cell samples and accounting for compounded varia-

tion introduced by different protocols, researchers, and lab-

oratories, which could hinder genetic analyses. To enhance 

functionality, the manifold should contain metadata for 

self-reported ethnicity, sex, tissue, disease state, or source 

publication, as in approaches like CELLxGENE (Program 

et al., 2023).

The manifold would serve as a flexible framework for 

a range of annotation techniques and applications 

(Figure 4C). For example, assessing a drug’s impact on a bio-

logical pathway would involve selecting and annotating 

features specific to that pathway, while investigating ge-

netic influences on cell fate commitment would require 

annotation using features associated with differentiation 

and development. Its broad scope could provide precise 

cell state signatures for marker-based annotation, serve as 

a comprehensive resource for reference-based methods, 

and act as training data for AI approaches. Critically, re-

searchers could also leverage combinations of manifold da-

tasets to benchmark annotation tools.

Beyond annotation, the manifold would inform strate-

gies to enhance differentiation maturity and fidelity and 

encourage the selection of optimal protocols given experi-

mental requirements. For instance, comparing cell compo-

sition and maturity between brain organoids and in vivo 

brain tissue could be used to track adherence to physiolog-

ical development and reveal discrepancies in gene expres-

sion or cellular organization (Figure 4C). Alignment of 

pseudotemporal datasets using dynamic time-warping 

(Cacchiarelli et al., 2018; Sugihara et al., 2022) or other tra-

jectory tools (Alpert et al., 2018; Kong et al., 2022; Laidlaw 

et al., 2024; Sumanaweera et al., 2023) would contexualize 

the identity and maturity of a query sample, informing iter-

ative refinement of differentiation protocols (Kong et al., 

2022) to better recapitulate in vivo environments. Trajec-

tory confidence scores (Campbell and Yau, 2019) could 

further determine how faithfully differentiations replicate 

expected biological trajectories. However, as illustrated by 

DevKidCC, reliable annotation with hPSC-specific refer-

ences depends on ensuring that the manifold adequately 

represents the full range of protocols used across the field. 

By comparing hPSC differentiations with one another, 

the manifold could benchmark protocols or pinpoint sour-

ces of technical variation driving differences between labo-

ratories, donors, and scientists using the same protocol 

(Neavin et al., 2023). Direct comparisons of all protocols 

would reveal which produce rare cell types or off-target 

by-products. These insights would guide the selection of 

protocols that yield the most biologically relevant cell 

types/states for the research question. Comparing po-

pulation-level target cell yields across hPSC lines could 

uncover pluripotency gene programs driving successful

Figure 4. Generation of a stem cell-relevant manifold

(A) Existing atlases contain small numbers of hPSC-derived cells and are substandard in annotating these cell types. Our proposed manifold 
would contain hPSCs combined with in vivo datasets for more effective annotation and downstream analyses of stem cell models.

(B) By integrating single-cell datasets collected from in vivo and hPSC-derived cells, a hierarchical stem cell-relevant manifold could be 
created to annotate increasingly specific organs, cell types, or cell states.

(C) Benefits of this stem cell-relevant manifold include consensus-based query annotation, annotation tool flexibility, cell type identity 
context, and multiomic imputation.
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differentiation and identify lines suitable to be used across 

laboratories (Ellis et al., 2025; Pantazis et al., 2022) for 

direct comparisons of the same line.

The manifold should integrate multiple genomic modal-

ities to provide complementary viewpoints of genomic 

regulation, enabling identification of patterns across mo-

lecular feature types (Figure 4C). By drawing connections 

across analogous cells, the manifold should enable visuali-

zation of equivalent multiomic data and the imputation of 

unmeasured modalities from transcriptomic profiles. 

Notably, while bulk RNA sequencing approaches offer 

lower resolution, they have been widely applied. The mani-

fold can aid in deconvoluting bulk sequencing data (Cho 

et al., 2024; Chu et al., 2022; Tsoucas et al., 2019; Wang 

et al., 2019) by estimating cell type proportions and their 

corresponding gene expression profiles at single-cell reso-

lution. Given the manifold’s size and comprehensiveness, 

this can be done more precisely and in a context-specific 

manner.

Finally, while the manifold represents the forefront of 

our understanding of stem cells and their differentiation 

mechanisms, caution should be taken when applying it 

to clinical decision making or human health. Instead, 

the manifold could be used to select and hone differenti-

ation protocols to use as cell therapies. Pursuing these 

treatments requires two complementary approaches. 

Quantitatively, the manifold can be used to refine differ-

entiation protocols to maximize similarity between 

in vitro and in vivo cell states (Kong et al., 2022) to ensure 

stem cell-derived therapies perform as intended. Qualita-

tively, decisions to pursue stem cell-based treatments 

depend on treatment context, including a patient’s dis-

ease and its severity, injection site, and the potential risks 

and goals of treatment. Together, these approaches can 

inform when and how to deploy stem cell therapies while 

highlighting the improvements that are required before 

clinical translation. Early efforts, such as dopaminergic 

neuronal grafts (Pavan et al., 2025) for Parkinson disease, 

illustrate the potential of these treatments but underscore 

disease context-dependent questions such as immune 

cloaking, long-term graft survival, and controlled prolifer-

ation. As emphasized above, the manifold should be an 

iterative, community-built resource, with predictive po-

wer and clinical relevance increasing as coverage of cell 

states grows. Supporting efforts by atlases such as the Hu-

man Cell Atlas to increase the collection of diseased and 

developmental samples would further inform down-

stream stem cell applications.

Improving single-cell annotation methods will support 

key developments in the stem cell field. Better annotations 

of hPSC-derived cells can guide the refinement of differen-

tiation protocols, aligning in vitro models more closely with 

in vivo states. Continued development and broader adop-

tion of annotation techniques incorporating thousands 

of features will foster consensus on cell identity and reduce 

cross-laboratory reproducibility challenges (Volpato et al., 

2018). Finally, improved annotation will inform a more 

comprehensive understanding of cell relationships and 

the mechanisms driving development or dysregulation 

(MacLean et al., 2018).

Challenges in development of a stem cell-relevant 

manifold

The single-cell community has laid the foundation for 

developing a comprehensive stem cell-relevant manifold 

by ensuring that data are accessible, coordinated, and 

well documented. Nevertheless, some potential challenges 

remain. The scale of samples for which data must be gener-

ated is substantial, and the collection, processing, and 

analysis of these data are a time-intensive and expensive 

undertaking. Historically, single-cell sampling has been 

biased toward cells that are easy to collect and process, 

limiting the downstream annotation accuracy of large 

(Hegenbarth et al., 2022), rare, or fragile cells (Miranda 

et al., 2023). However, advancements in sample collection 

protocols for challenging tissues such as the brain and 

heart along with the continued improvement of single-

cell technologies would ameliorate some of these chal-

lenges moving forward. While synthetic data (Crowell 

et al., 2023; Treppner et al., 2021) can help address gaps 

in the manifold, its use should be approached with caution.

Single-cell datasets are increasing in size and complexity, 

necessitating the development of integration methods 

(Argelaguet et al., 2021) that address complex, nonlinear, 

nested batch effects (Kopp et al., 2022; Luecken et al., 

2022) while preserving biological variation. These methods 

must extend beyond cell types to integrate pseudotime 

metrics (Sugihara et al., 2022) and cell cycle variation, 

and must be both scalable and practical (Luecken et al., 

2022) to implement. Although models incorporating prior 

cell type information best preserve biological variation 

(Andreatta et al., 2024; Luecken et al., 2022; Sikkema 

et al., 2023), hPSC cell identity is often unknown or in-

cludes off-target cell types. Quantitative trajectory or clus-

ter conservation scores will, therefore, be useful to ensure 

proper integration. As AI-based integration methods 

(Aminzadeh et al., 2024; De Donno et al., 2023; Lopez 

et al., 2018; Lotfollahi et al., 2019; Xu et al., 2021) become 

more prevalent, they are expected to surpass traditional 

methods in both scale and accuracy, enabling the integra-

tion of hundreds of datasets at low computational costs 

and even across species (Pearce et al., 2025; Tarashansky 

et al., 2021). However, AI-based methods require ongoing 

monitoring and refinement. In addition to integrating 

new datasets, integration with existing atlases will be
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critical to identify and mitigate gaps in represented cell 

types/states.

As the manifold expands, efficient computational pro-

cessing would be critical and annotation must balance 

run time with accuracy. Established single-cell repositories 

(Program et al., 2023; Rood et al., 2025) and annotation 

models (Heimberg et al., 2023; Program et al., 2023) pro-

vide scalable examples for optimizing annotation effi-

ciency while managing computational demands. Compre-

hensive metadata should accompany the manifold, 

covering information such as disease status, sample collec-

tion and processing, spatial location, and donor ethnicity, 

with personal identifiers anonymized. The immaturity of 

single-cell proteomic, metabolomic, and other emerging 

genomic technologies hampers the expansion of multio-

mic modalities. Additionally, the sparsity of datasets from 

these costly or emerging techniques may limit the ability 

to draw connections across modalities.

Finally, while we have presented challenges in manifold 

development and integration, researchers conducting sin-

gle-cell experiments must take into account and minimize 

factors that can confound downstream biological annota-

tion. Using multiple lines, or commonly shared references 

such as H9 (WiCell Research Institute) or KOLF2.1J (Jack-

son Laboratories), helps mitigate line-specific effects such 

as passage number, donor sex, age at donation, and tissue 

of origin. Thorough metadata collection and sufficient 

coverage of potential confounders are essential to reliably 

detect and correct their effects on annotation. In parallel, 

experiment-specific sources of variation like cell type-spe-

cific loss during processing, reagent lot differences, or the 

researcher handling samples should be minimized across 

cell culture, differentiation, and single-cell workflows. 

Careful control of these factors ensures that the full spec-

trum of cell-type variation is captured and that down-

stream biological discoveries are not distorted by con-

founding effects.

Conclusions

While the manifold concept described above is ambitious 

in size and scope, if realized, it would serve as a valuable 

shared annotation resource for the stem cell field. A single, 

comprehensive manifold generated from in vivo and in vitro 

cells would enhance annotation accuracy and improve the 

fidelity of hPSC differentiations. It would also deepen the 

understanding of intermediate states across development 

(MacLean et al., 2018) and disease progression, and 

improve the predictive power of AI tools. Moreover, under-

standing of dysregulation yielded by more accurate anno-

tation would help identify genetic targets and guide drug 

development.

Comprehensive annotation of hPSC cell states will 

improve our ability to replicate developmental and disease

processes in vitro, advancing insights into cell function. As 

we highlight in this perspective, single-cell annotation of 

stem cell systems remains a challenge. However, imple-

mentation of the described stem cell-relevant manifold 

would improve the annotation of hPSC-derived cells, refine 

differentiation protocols, broaden understanding of cell 

states, and uncover mechanisms underlying cellular devel-

opment and dysregulation. These advancements will accel-

erate transformative improvements in stem cell models, 

uncovering the molecular mechanisms that drive develop-

ment and disease.
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