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In brief

Guo et al. introduce ProtoCloud, a deep
learning model for cell type annotation of
individual cells. By embedding cells
around prototypes, the model enables
transparent classification, identifies
genes driving cell type decisions, and
quantifies prediction uncertainty.
ProtoCloud accurately detects rare cell
states and corrects annotation errors,
helping construct reliable cellular atlases.
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SUMMARY

Cell type annotation is a fundamental task in single-cell genomics. Although various methods have been
developed for automatic annotation, they often function as black-box models lacking explainability, proper
uncertainty estimation, and robustness for rare cell types. We introduce ProtoCloud, a self-explanatory deep
generative model that embeds cells into a structured, low-dimensional space organized around cell-type-
specific prototypes. ProtoCloud matches or outperforms existing methods across 11 large-scale datasets,
particularly for rare cell types. Its built-in uncertainty quantification mechanism, based on cell-prototype sim-
ilarity, identifies and re-annotates misannotated training cells. By backpropagating cell prototype similarities
to the gene space, ProtoCloud identifies key genes driving its classifications, facilitating the discovery of both
known and novel marker genes. Applied to a time-course dataset of post-injury retinal neurons, ProtoCloud
successfully annotates previously unassigned cells; in an esophageal cell atlas, it identifies rare but poten-

tially important cell populations and their marker genes associated with esophageal inflammation.

INTRODUCTION

In recent years, technological advancements in single-cell
genomics, especially single-cell and single-nucleus RNA
sequencing (scRNA-seq and snRNA-seq),’”” have enabled
the construction of comprehensive tissue atlases,® " each en-
compassing hundreds of thousands to millions of cells. These
atlases provide detailed insights into tissue cellular composi-
tion and intercellular interactions,’?”'* cell-type-specific and
shared biological processes,'®'” in development,'®*° homeo-
stasis,”! aging,”® inflammation, and disease.'******* Computa-
tional methods have been developed to map newly sequenced
cells to these reference atlases, facilitating rapid cell type
annotation and accelerating biological discoveries.?*°2® This
supervised, reference mapping approach contrasts with
unsupervised clustering strategies that rely on either manual
annotation®® or automated marker gene scoring®° for cell type
assignment and remain indispensable in settings where anno-
tated reference datasets are unavailable.

Among the reference-mapping approach, deep learning
models have emerged as powerful tools for analyzing single-
cell datasets.?®*'~*° Because of their scalability in processing
large-scale datasets, flexibility in handling different data modal-
ities with potential experiment-specific nuisance factors, and
effectiveness in analyzing complex, high-dimensional data,
deep learning models are well-suited for modeling scRNA-
seq datasets. Despite these successes, these models often
function as black boxes, excelling at predictions but offering
limited interpretability regarding their decision-making pro-
cess.”! For large-scale cell type annotation, an ideal deep
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learning model should be self-explanatory, offering not only
accurate predictions but also clear insights into its decision-
making process.*? For example, if a cell is predicted to be a
B cell, a self-explaining model should provide dual explain-
ability: (1) gene-level features highlighting key expressed
genes driving the decision and (2) cell-level similarities to refer-
ence B cell populations or B cell prototypes. Such transparency
is crucial for assessing prediction uncertainties and building
reliable cell atlases.

Single-cell data presents additional challenges that compli-
cate accurate cell type annotation, even with deep learning
methods. First, tissues typically consist of dominant and rare
cell types, complicating the identification of rare cell popula-
tions.?*** The origins of these rare cell types may be biological
or technical. For instance, basophils play essential roles in al-
lergy, but they account for less than 1% of circulating blood
cells.** Conversely, eosinophils are enriched in the diseased
human esophagus, yet these cells are frequently undetected in
single-cell studies due to technical limitations in conventional
scRNA-seq pipelines.”*™" Second, cell-type-irrelevant nuisance
factors introduce another layer of complexity, further hindering
accurate cell type annotation and interpretation.*®*® While
specialized tools have been developed to mitigate these
nuisance factors,***° identifying which specific factors require
correction in a given dataset remains challenging.

Motivated by these gaps, we introduce ProtoCloud, a self-
explanatory deep learning model that achieves state-of-the-art
performance in single-cell cell type annotation with both cell-
level and gene-level explainability. The model embeds cells
around cell-type-specific prototypes in a low-dimensional latent
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space, quantifying prediction uncertainty through distance-
based similarities between cell embeddings and the closest
prototypes of the predicted cell types. By backpropagating
cell-prototype similarities in the latent space to the observed
gene space, it highlights the most relevant genes that drive the
model’s decisions. Furthermore, ProtoCloud partitions its latent
space into two components that isolate cell type information
from cell-type-irrelevant factors.”"? To improve performance
on rare cell types, the model employs a unique data augmen-
tation technique that models gene counts using multinomial
distribution-based sampling. Through its model architecture,
loss functions, and training strategy, ProtoCloud effectively
captures the structures of complex high-dimensional scRNA-
seq data in the latent space, resulting in accurate and robust
predictions with meaningful biological insights.

Across multiple datasets, ProtoCloud performs favorably
compared to several widely used scRNA-seq annotation tools.
It also successfully disentangles cell types from technical batch
effects in the latent embeddings. We further demonstrate its
effectiveness by re-annotating potentially misannotated cells in
a widely used peripheral blood mononuclear cell dataset.>* In
a time-course study of retinal ganglion cells (RGCs) following
acute injury,>® ProtoCloud successfully annotates previously
unassigned cells and outperforms competing methods. Addi-
tionally, when trained on an esophageal mucosal cell atlas®®
(421,312 cells, 72 cell types) to annotate cells from two additional
studies, ProtoCloud identifies disease-associated rare cell
populations, including the novel PRDM16* dendritic cells in
both test cohorts. Collectively, these results highlight
ProtoCloud’s versatility in refining reference cell type annota-
tions, identifying rare cell populations, and supporting the
construction of comprehensive cell atlases, thereby establishing
it as a valuable tool for single-cell data analysis.

DESIGN

ProtoCloud (Figure 1A) is a self-explanatory deep generative
model that embeds high-dimensional gene expression profiles
of individual cells into a structured, low-dimensional latent
space organized around cell-type-specific prototypes. Specif-
ically, each cell type is associated with a set of prototypes (six
by default) that also reside in the latent space. These proto-
types are designed to capture (1) inter-cell type variation,
ensuring that prototypes of the same cell type are proximal to
each other while those of different types are well separated,
and (2) intra-cell type variation, enabling the prototypes of a
given cell type to capture its inherent heterogeneity. For cell
type annotation, ProtoCloud achieves interpretability at two
levels. To achieve cell-level interpretability of a prediction, cell
type classification is based on the similarity of a cell’s embed-
ding to these prototypes (see STAR Methods). For gene-level
interpretability of a prediction, ProtoCloud applies prototypical
relevance propagation (PRP)M’56 to the trained prototypes
of the predicted class to identify decision-driving genes. For
each cell, it assigns a relevance score to each gene by back-
propagating the initial relevance, which is positive for the
prototypes of the cell type to which it is assigned and nega-
tive for other prototypes, through the encoder network to the
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input space (Figure 1B and STAR Methods). Unlike other post
hoc explanation methods, such as Shapley additive explana-
tions (SHAP)®’ that rely on computationally expensive external
perturbations, PRP is a model-inherent approach that directly
backpropagates cell-to-prototype similarity scores through
the encoder network. Importantly, this design requires only a
single backward pass after training to compute the gene rele-
vance used for classification across all cell types.

ProtoCloud is built upon a variational autoencoder (VAE)
architecture trained end-to-end for single-cell genomics data
analysis.®®° Designed for ease of use with minimal prepro-
cessing requirements, ProtoCloud operates directly on raw
unique molecular identifier (UMI) counts. During the supervised
training phase, the model utilizes a dataset D = {(x,-,y,')},'-\’:1
consisting of N individual cells. In this formulation, x; is the
gene expression vector of G genes in cell /i, and y; denotes
the corresponding cell type label. Unlike existing annotation
methods, which typically function as black-box classifiers,
ProtoCloud classifies each cell based on its similarity to learned
prototypes in the latent space, providing intuitive cell-level
interpretability. Importantly, the maximum similarity between
a cell embedding and its corresponding prototypes provides
a robust measure of prediction uncertainty, unlike softmax
probabilities commonly output by classifiers, which tend to
saturate near extreme values regardless of the actual reliability
of the prediction.

A key design choice in ProtoCloud is the partitioning of the
latent space of each cell into two components with distinct
roles. The first half is dedicated to encoding cell type identity,
on which the prototypes and classifier operate exclusively.
The second half captures cell-type-irrelevant variations, such
as batch effects, and is regularized toward a standard normal
prior. This architectural separation ensures that the prototypes
represent biological cell type identity rather than technical arti-
facts, without requiring explicit batch information. However,
training this architecture with a standard VAE objective may
lead to latent space fragmentation, where cells of the same
type are scattered into disconnected regions due to batch ef-
fects. To address this issue, ProtoCloud employs a two-stage
training curriculum. In the first stage, only the VAE negative ev-
idence lower bound loss and the classifier cross-entropy loss
are used, allowing embeddings within each class to converge
into cohesive regions while channeling batch information into
the second latent half. In the second stage, an orthogonal
loss and an atomic loss are introduced to encourage prototype
diversity. To mitigate class imbalance, which is common in
single-cell datasets, ProtoCloud augments rare populations
by sampling from a multinomial distribution parameterized
by each cell’s count profile. Full algorithmic and mathematical
details are provided in the STAR Methods section.

By using consistent hyperparameters across all datasets,
we demonstrate the robustness and versatility of ProtoCloud
across diverse biological contexts. We highlight three major
applications of ProtoCloud in scRNA-seq data analysis: (1) reli-
able label transfer between datasets (Figure 1C), (2) detection
and correction of annotation anomalies to improve data quality
(Figure 1D), and (3) identification of candidate cell type marker
genes (Figure 1E).
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Figure 1. ProtoCloud overview

(A) An illustration of the ProtoCloud model. The model has four major components: a probabilistic encoder, a probabilistic decoder, a prototype matrix, and a
linear classifier. The model takes only raw UMI counts (cell-by-gene count matrix) as input during inference. Cell inputs are encoded into a low-dimensional latent
space (d = 20 by default), with different colors indicating cell types. Larger points in the latent space represent prototypes, which are pre-initialized (six per cell
type) and share the same latent space as the cell embeddings. Cell type information (brighter color) is encoded in the first half of the latent dimensions. The latent
embeddings are used for both cell type prediction, based on similarity to the prototypes, and for reconstructing the gene expression through the decoder.

(B) ProtoCloud provides inherent interpretability through prototypical relevance propagation (PRP), which automatically generates gene-level relevant scores
once the model is trained. Each prototype undergoes PRP to produce gene-level relevance scores. Genes with higher relevance scores are the decision-relevant
genes of the corresponding cell type.

(C-E) Applications of ProtoCloud. (C) The model enables accurate and robust transfer of cell type annotations across datasets. Shapes denote ground truth cell
types, and colors indicate predicted labels. Symbols with black edges represent prototypes, while those without edges are cell embeddings. Crosses mark newly
added query cells predicted to belong to the corresponding cell types (indicated by color). (D) ProtoCloud’s similarity-based classification process enables the
detection of anomalous annotations, improving the quality of the ground truth annotations. A cell with ground truth type 1 (diamond shape) was initially mislabeled
as type 2. ProtoCloud corrects this annotation by assigning the cell to type 1 based on a higher similarity score. (E) The identified cell-type-relevant genes can act
as candidate markers and provide molecular insights into cell identities.

RESULTS the-art methods, including two probabilistic machine learning

approaches (Seurat’” and CellTypist®), four deep learning

Accurate and robust cell type annotation
To evaluate ProtoCloud’s performance in cell type annotation,
we performed a comparative analysis against eight state-of-

models (scANVI,?® TOSICA,*® scPoli,°" and SIMS®?), and two
NLP-inspired foundation models (scGPT*® and scBERT®"). We
benchmarked these methods across eight diverse datasets
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Figure 2. Performance of ProtoCloud on cell type classification

Training ratio

(A-C) Benchmarking of cell type annotation performance. We compared ProtoCloud against Seurat V4,%” scANVI,?® CellTypist,® scPoli,°' TOSICA,° SIMS,*?
scGPT,*® and scBERT®’ for cell type annotation across eight datasets, ranging from approximately 10,000 to 400,000 cells. The x axis represents datasets,
with the numbers in the parentheses indicating the number of rare cell types in each dataset. Downward-pointing arrows indicate values below 0.5. Error bars:
standard error of the mean. (A) Evaluation metrics include accuracy, (B) macro F1 score, (C) and Cohen’s kappa coefficient. The metrics were averaged over five
random seed experiments, with 80% of the data used for training and 20% for validation in each run.
(D) Macro F1 score rank distributions across methods and datasets over all experimental repetitions.

(E and F) Model performance analysis under varying conditions using the PBMC10K dataset.®

(E) Validation accuracy as the proportion of label perturbation in the

training set increases from 0% to 20%. (F) Validation accuracy as training data ratios decrease, ranging from 0.8 to 0.1.

spanning multiple species, organs, and sequencing technol-
ogies®8:25:53.6364 (STAR Methods). Model performance was
assessed across multiple random seeds, with average accuracy,
macro F1 score, and Cohen’s kappa coefficient® reported as
summary metrics (STAR Methods). Using default hyperpara-
meters across all datasets, ProtoCloud exhibited strong and
consistent performance, often matching or surpassing the base-
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lines across datasets and evaluation metrics (Figures 2A-2C;
Table S1; STAR Methods). Other state-of-the-art methods,
such as scANVI, also showed high accuracy but require batch
information as input. Importantly, ProtoCloud demonstrated
notably higher accuracy for low-abundance cell types, as re-
flected in the macro F1 score (Figure 2D; Table S2). These results
underscore ProtoCloud’s ability to achieve robust and reliable
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Figure 3. Latent space organization and HRG verification in ProtoCloud
(A) Evaluation of latent space disentanglement using the PBMC30K®® dataset. Comparison of single-cell integration benchmarking (sclB) metrics for the bio-
logical subspace (first-half latent space, z') and the batch subspace (second-half latent space, z2). Metrics are grouped into biological conservation and batch
correction categories. A score closer to 1 indicates better performance.
(B) Visualization of ProtoCloud latent representations of PBMC30K. UMAP projections show cell-type-specific clustering in 2" (left) and batch effects in 2 (right) of
the latent space. Prototypes are represented by dots with black outlines.
(C) Visualization of ProtoCloud latent representations of PBMC30K. UMAP projections show the representation using all 3,000 HVGs (left) compared to the
representation using the union of the top 30 HRGs of each cell type (right), resulting in 184 unique genes in total.

(D) Gene Ontology (GO) biological process enrichment analysis of HRGs across cell types in PBMC30K. The dot plot displays the top enriched pathways for each
cell type. Dot size represents the number of HRGs associated with the pathway, and color indicates statistical significance.

(E) Cell type specificity of HRGs in PBMC30K. Heatmaps comparing row-normalized gene signature scores based on the top 15 HRGs across nine cell
types. Diagonal elements (matching cell types) represent on-target specificity, where high values indicate relatively high expression in the respective cell type,
while off-diagonal elements represent off-target expression.
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classification performance, even for rare cell types. As a deep
learning model trained with mini-batches, ProtoCloud is scalable
to process large datasets (Figure S1A; STAR Methods).

To evaluate ProtoCloud’s robustness, we assessed its perfor-
mance under varying conditions using the peripheral blood mono-
nuclear cell (PBMC) dataset.>** We introduced perturbations by
randomly shuffling different proportions of the training labels
(i.e., 10%, 15%, and 20%). Even under these label perturbations,
the model maintained high validation accuracies above 93.18%
(Figure 2E), demonstrating its resilience to label noise. We further
investigated ProtoCloud’s performance under limited training
data scenarios by varying the training data ratio from 0.10 to
0.80. The model maintained stable performance across these
training set sizes, with accuracy ranging from 95.34% to 97.64%
(Figure 2F). Notably, even when trained on only 10% of the data,
the macro F1 score remained high at 0.87, indicating robust perfor-
mance even with limited training data. The consistently strong per-
formance and robustness demonstrated by ProtoCloud in cell
type classification tasks underscore its reliability in scRNA-seq
analysis and form the basis for its robust explainability.

Batch-separated informative latent space

Despite not requiring batch information as input, ProtoCloud’s
two-stage curriculum and structured latent space design
(STAR Methods) effectively separate and capture batch-related
variability in its latent subspace. To assess this separation in
the latent space, we used two datasets with known batch anno-
tations: PBMC30K®® and AtlasRGC.>*

We assessed the information content of the separated latent
spaces by calculating biological conservation and batch mixing
metrics (Figure 3A; STAR Methods). Consistent with our design,
the first component, z', is highly enriched for biological informa-
tion, as evidenced by a near-perfect cell type local inverse Simp-
son’s index (cLISI) of 1.00 and high clustering evaluation metrics
(e.g., the normalized mutual information metric NMI = 0.95).
Conversely, the second half of the latent embedding (z%) shows
substantially lower biological conservation (e.g., cLISI=0.78 and
NMI = 0.06) but preserves batch effects, with an integration local
inverse Simpson’s index (iLISI) of zero, compared to 0.44 from
z'. These trends are consistent across additional evaluation met-
rics (e.g., the k-nearest-neighbor batch-effect test [kBET] and
Graph connectivity), with the exception of the silhouette batch
metric, which is known to be unreliable for assessing batch
correction.®®

To visualize the separation of information encoded in different
segments of the latent space, we used uniform manifold approx-
imation and projection (UMAP)®” to project both the first and the
second halves of the latent space into two dimensions. Similarly,

Cell Genomics

the UMAP of the first half of the latent space (z') shows clear
separation by cell types (Figure 3B), but no apparent clustering
by batch (Figure S1B), whereas the UMAP of the second half
of the latent space (z2) reveals predominant grouping of cells
by batch, with mixed cell type composition within these batch
groups. Direct visualization of the latent space reveals that
batch effects are confined to specific dimensions of the latent
space (Figure S1C). The consistent pattern is also observed in
the AtlasRGC dataset, with cells grouped by type in the first
half of the latent space and by batch in the second half of the
latent space (Figures S1D-S1F). This clear dimensional disen-
tanglement suggests that different components of the latent
space effectively encode distinct technical (batch) and biological
(cell type) sources of variation.

We performed ablation studies to evaluate the impact of
different training strategies on latent space organization (STAR
Methods). On the UMAP of the latent representation obtained
from the model with a non-separated latent space, marked
batch effects were observed with a low batch entropy score
(BES) of 0.014 (Figure S2A; STAR Methods). We then evaluated
the impact of our two-stage curriculum training strategy
compared to a single-stage end-to-end approach. While both
strategies maintained high biological conservation in z', the
two-stage approach demonstrated superior disentanglement
capabilities (Figure S2B). Specifically, the two-stage training
yielded a significantly higher aggregate batch correction score
of 0.78 for z', compared to 0.67 for the single-stage model.
Next, we dissected the contribution of each loss component
(Figure S2C). The baseline VAE configuration (without the atomic
and orthogonal losses; STAR Methods) resulted in collapsed
prototypes with intra-class similarities approaching 1.0, indi-
cating insufficient within-class diversity. Adding only the atomic
loss improved cell type separation (decreased inter-class simi-
larity), although prototypes remained overly compact (high
intra-class similarity). Incorporating only the orthogonal loss
improved (reduced) intra-class similarity to 0.953 but increased
inter-class similarity to 0.218, compared to 0.130 in the standard
configuration. These results confirm that the complete loss
formulation in our standard setting learns prototypes that
better capture both between-cell type separation and within-
cell type diversity (Figure S2D). Together, these ablation studies
demonstrate that each auxiliary component contributes to
ProtoCloud’s overall performance.

Gene-level explainability of cell predictions

ProtoCloud employs PRP (STAR Methods)**°° to identify the key
genes driving its classification decisions. This approach provides
a direct, data-driven justification for the model’s predictions.

(F) Quantitative comparison of gene specificity across three gene sets in PBMC30K. Violin plots display the distributions of Tau specificity scores for HRGs (top 20
per cell type, n = 120), canonical marker genes (n = 69), and randomly selected genes (n = 100). HRGs exhibit cell type specificity comparable to known markers,
achieving a median Tau score of 0.828, while randomly selected genes show significantly lower specificity. Statistical significance was assessed using two-sided

Mann-Whitney U test (ns, non-significant with p > 0.05 and ***p < 0.0001).

(G) Expression profiles of the top ten B cell-specific HRGs in PBMC30K. The y axis lists the top ten B cell-specific HRGs in descending rank of relevance.
Expression distributions of these top ten B cell-specific HRGs across cell types are shown. High expression in B cells (left column) contrasted with low expression

in other cell types demonstrates strong cell type specificity.

(H) Expression profiles of the top differentially ranked HRGs between mature and naive B cells in the TSCA lung®* dataset. Differential expression significance was
assessed using the Wilcoxon rank-sum test with Benjamini-Hochberg correction, denoted by asterisks (*p < 0.05 and ***p < 0.001).
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Figure 4. Certainty-based annotation refinement in ProtoCloud

(A) The relationship between per-cell-type accuracy and similarity scores across eight experimental datasets. The x axis denotes the similarity score of each cell

type, and the y axis denotes its prediction accuracy. Each point represents a distinct cell type from one of the experimental datasets. Point size and color intensity

jointly encode the variance of similarity scores for each cell type. The black curve represents an isotonic regression fit, demonstrating the positive correlation

between similarity score and accuracy.

(B and C) Workflow for annotation refinement in ProtoCloud. (B) Step 1: assign a confidence score by classifying each cell prediction as “certain” (blue) or

“ambiguous” (orange) using class-specific thresholds derived from the training data. Cells with a similarity score above the threshold are classified as “certain,”

while those below the threshold are categorized as “ambiguous.” (C) Step 2: if the original annotations are available, we can re-annotate confidently predicted

cells by comparing predictions with the original annotations. Type 1 cells are cells with high prediction confidence that do not match the original labels (green) and

are therefore re-annotated. Type 2 cells (red) are ambiguous cells and have unaligned labels that will not be re-annotated.

(D-F) Expression patterns of major type 1 annotation pairs in PBMC30K, comparing original annotations (first row), predicted types (second row), type 1, and type

2 cells. Type 1 cells should align more closely with the predicted cell type than with the original annotation. Type 2 cells remain ambiguous, showing limited
(legend continued on next page)
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Genes assigned high relevance scores are referred to as highly
relevant genes (HRGs). Users can leverage HRGs for downstream
analyses instead of relying only on prior knowledge of established
cell type markers,®®~"° ensuring broad applicability across diverse
biological contexts (Figure S3A).

To validate the representational power of HRGs, we visualized
the UMAP using only the union of the top 30 HRGs of each cell
type and compared it against the baseline constructed from the
top 3,000 highly variable genes (HVGs; Figure 3C). Despite utiliz-
ing approximately 16-fold fewer genes, the HRG-based embed-
ding successfully preserved the global topology of the data (e.g.,
the continuum arrangement of CD4™ T cells to cytotoxic T cells,
and then to natural killer [NK] cells in the UMAP; similarly,
CD14* monocytes and CD16* monocytes are close to each
other). We next assessed the biological validity of these signa-
tures through Gene Ontology (GO) enrichment analysis
(Figure 3D). The enriched pathways exhibited high lineage spec-
ificity, strictly aligning with known cellular functions. For instance,
CD14* monocytes were enriched for inflammatory response and
defense response to bacteria, consistent with their primary
phagocytic role. In contrast, CD16* monocytes were distinctively
characterized by immune regulation and antigen presentation
pathways. These results align with the established roles of clas-
sical monocytes as first responders to bacterial infection and
non-classical monocytes as patrolling immune modulators.

To quantify the cell type specificity of the selected HRGs,
we calculated the gene scores’' using the top 15 HRGs
of each cell type (Figure 3E). The resulting correlation matrix
revealed a sharp diagonal structure, indicating that HRGs are
mainly relevant to their respective cell identities, with little off-
target assignment. We systematically compared ProtoCloud
HRGs against curated lists of known cell type markers from
ScType.*° The top cell-type-specific HRGs also overlap with
differentially expressed genes specific to cell types (Figure
S3B). As expected, the specificity index (Tau score’?) of
HRGs (r = 0.801) was significantly higher than that of random
background genes and comparable to the curated markers
(Figure 3F). Furthermore, HRGs showed elevated expression
levels in their own cell types and distinctive expression profiles
across other populations (Figure 3G; Figure S3C).

The relevance of HRGs highlighted subtle biological differ-
ences between closely related cell subtypes. For example, dif-
ferential HRGs between mature and naive B cells identified
key distinguishing genes (Figure 3H; STAR Methods). Highly
relevant genes such as CD79B, BANK1, and MHC class Il genes
were more highly expressed in naive B cells, while LY9 was more
specific to mature B cells.

Cell Genomics

We further investigated the consistency of HRGs across
different organs using three datasets (lung, esophagus, and
spleen) from the Tissue Stability Cell Atlas (TSCA).®* Shared
cell types exhibited a remarkable overlap in HRGs. For
example, the top ten HRGs of mature B cells in the lung and
spleen datasets had a Jaccard index of 0.5, and the top ten
HRGs of lung mature B cells and esophageal CD27* B cells
had a Jaccard index of 0.75 (Table S3). The HRGs of mature
B cells in both the lung and the spleen datasets included canon-
ical markers such as IGKC, CD79A, and MS4A1, and
this consistency extended to CD27* B cells in the esophagus
dataset. These results highlight ProtoCloud’s ability to uncover
key features of individual cell types, demonstrating the robust-
ness of its explainability across diverse tissue contexts.

Similarity-guided annotation correction with
justification
Reliability is a key aspect of model interpretability, reflecting how
trustworthy cell type annotations are. ProtoCloud assesses pre-
diction confidence through multiple complementary ap-
proaches. For each cell, our model calculates its similarity score
to the closest prototype of the assigned class, enabling quality
control of the annotation. These similarity scores between cells
and their prototypes exhibit a strong positive correlation with
prediction accuracy (Figure 4A; STAR Methods). We evaluated
similarity scores using two calibration metrics (STAR Methods),
yielding a Brier score’® of 0.092 and an expected calibration er-
ror (ECE)’* of 0.198, indicating that the similarity scores them-
selves are informative measures of prediction confidence.
From these observations, ProtoCloud categorizes its predic-
tions based on the similarity score into two classes: certain
and ambiguous (Figure 4B). The similarity threshold used
for this classification is automatically calculated and tailored
to individual cell types (STAR Methods). Predictions with
scores exceeding their respective thresholds are classified as
“certain,” indicating high confidence in these predictions.
Conversely, predictions falling below the threshold are marked
as “ambiguous,” signaling the need for cautious interpre-
tation. Given ground truth annotations, ProtoCloud further
identifies two distinct types of annotation discrepancies, char-
acterized by prediction confidence and inconsistencies be-
tween the model’s prediction and the original annotation
(Figure 4C). We illustrate each scenario with explanatory exam-
ples from the PBMC30K dataset (Figures 4D—4F).
Type 1: Misannotated
ProtoCloud confidently predicts a cell type that differs from the
dataset’s original annotation. In these cases, the cells are likely

separation between the original and predicted labels. The shared region contains genes that are top-ranked HRGs or known markers in both cell types. Asterisks
denote marker genes that are also present in the respective HRG set. (D) CD4* T cells versus cytotoxic T cells. Type 1 cells were originally labeled as CD4* T cells
and re-annotated as cytotoxic T cells. (E) Cytotoxic T cells versus CD4* T cells. (F) Cytotoxic T cells versus natural killer cells. HRGs, highly relevant genes and M,

Marker.

(G) Reliability diagram of similarity scores and calibrated similarities of benchmarking datasets. The x axis of each triangle represents the average similarity score
of a dataset, while that of a circle represents the average calibrated probability. The diagonal dashed line indicates perfect calibration, where predicted un-

certainty precisely matches observed accuracy rates.

(H) Reliability diagram of calibrated probability between dichotomous confidence groups of benchmarking datasets. Each point represents one dataset, stratified
into “certain” (circles) and “ambiguous” (diamonds) subsets. The dashed diagonal indicates perfect calibration, where predicted certainty matches the empirical

accuracy.
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misannotated in the original dataset and should be re-anno-
tated according to ProtoCloud’s prediction. The gene expres-
sion of HRGs for type 1 cells aligns closely with the predicted
cell type rather than the original annotation, providing strong
evidence for annotation errors in the dataset. For example, in
the PBMC30K dataset, cells originally annotated as CD4"
T cells but reclassified by ProtoCloud as cytotoxic T cells
exhibited an average NKG7 expression of 3.248, compared
to only 0.932 in the originally annotated CD4" T cells and
3.809 in cytotoxic T cells (Figure 4D). This substantial increase
in NKG7 expression supports the reclassification. Furthermore,
the average Pearson correlation of gene expression between
the re-annotated cells and originally annotated CD4* T cells
was 0.695, while the correlation with cytotoxic T cells was
0.831, further supporting ProtoCloud’s reclassification.

Type 2: Ambiguous misprediction

This category includes ambiguous cells whose predicted labels
do not align with the original annotations. The expression pat-
terns of the top HRGs for these cells do not distinctly charac-
terize specific cell types. Although the similarity scores may
favor one cell type, our model lacks sufficient evidence from
key decision-making genes to support a confident prediction.
Given their potential to introduce noise into downstream ana-
lyses, these cells are excluded from re-annotation.

To provide granular, per-cell uncertainty estimates, we map
the similarity scores to calibrated probability scores using
isotonic regression’® (STAR Methods). These calibrated scores
achieved substantially improved performance on both cali-
bration metrics, with the Brier score reduced to 0.048 (from
0.092) and ECE to 0.031 (from 0.198) (Figure 4G). Consistent
with our dichotomous confidence categorization, cells desig-
nated as ‘“certain” exhibited a markedly higher average
calibrated score (0.960) compared to those classified as
“ambiguous” (0.779). Importantly, observed accuracy aligned
with these confidence estimates (0.960 and 0.783), demon-
strating that the calibrated probability scores reliably reflect
true classification performance (Figure 4H).

ProtoCloud supports time-course data annotation
To further demonstrate ProtoCloud’s ability to assess prediction
uncertainty and leverage this functionality for downstream data
analysis, we used ProtoCloud to analyze a challenging time-
course dataset of mouse RGCs following optic nerve crush
(ONC).>® The cells were collected at seven time points: 0, 0.5,
1,2, 4, 7, and 14 days post-crush (dpc). The initial model was
trained on the control group (0 dpc, Figure 5A). The trained
model was then applied to the data from the subsequent time
point (0.5 dpc), generating predictions categorized as “certain”
or “ambiguous.” Cells with “certain” predictions constituted
the new training set, using their predicted labels for subsequent
training iterations, while ambiguous cases were temporarily held
out for validation and re-annotation by the updated model. The
initial ProtoCloud model was subsequently trained for 30 epochs
on these cells and applied to cells from 1 dpc to obtain “certain”
and “ambiguous” cells. This iterative training and annotation
process was repeated for each subsequent time point.

By capturing temporal dynamics in gene expression patterns,
ProtoCloud demonstrated its ability to track changes in cellular

¢? CellPress

OPEN ACCESS

states throughout the course of injury progression. For confi-
dently annotated cells, the model achieved over 94% accuracy
at time points before 4 dpc and maintained accuracy above
68% even at 14 dpc (Figure 5B; Table S4). Notably, the iterative
training strategy improved ProtoCloud prediction accuracy
for the initially ambiguous cells by 2%-10% (Figure 5C). In
contrast, both scANVI and CellTypist’s performance declined
substantially when using the same limited set of annotated cells
for training (Table S4).

The proportion of “unassigned” cells increased over time in
the original annotations, particularly after 4 dpc, where it
increased sharply to approximately 23%. ProtoCloud confidently
reclassified 30%-70% of these previously unassigned cells
(Figure 5D; Table S5). For example, cluster 1 (C1) RGCs, a T5
RGC subtype characterized by marker gene Tusc5,>® constituted
the largest portion of these re-annotated cells. As a result, the
estimated survival rate of this subtype increased from 1.2% to
5.6% based on our re-annotations, compared to the original
labels. Multiple lines of evidence support the validity of these
classifications. The UMAP visualization shows a strong alignment
of newly predicted C1 cells with C1 prototypes (Figure 5D), and a
comparative analysis according to T5 RGC markers and HRGs
confirmed that the predicted and reference C1 cells shared highly
similar expression patterns (Figures 5E and 5F; Figures S4A
and S4B). These predicted C1 cells can be distinguished
from other closely related T5 RGCs by HRGs. For example, for
the cells at 4 dpc (Figure 5E), C1 and predicted C1 cells did not
express Nirk1 (mainly expressed by C13 RGCs), Chrm2 (mainly
expressed by C23 RGCs), Gabrg3, Cpne4, and Pcdh7 (expressed
highly in other T5 RGCs compared to C1 RGCs). The top C1 HRGs
showed a systematic but moderate downregulation pattern in
predicted C1 cells compared to reference C1 cells, consistent
with an injury-responsive state rather than a distinct cell type
(Figures S4C and S4D).

The next largest portion of re-assigned cells belonged to
cluster 10 (C10) RGCs, an ON-OFF direction-selective ganglion
cell (0oDSGC) subtype distinctly marked by Gpr88 expression
(Figures 5G and 5H; Figures S4E and S4F). Although the marker
gene exhibited distinct expression in the control group, this signal
diminished at later time points. The identified HRGs effectively
track these molecular changes, providing reliable references for
cell classification throughout the damage progression. At 7
dpc, C10 and predicted C10 cells did not express Fam19a4 (ex-
pressed by C24 RGCs), Ccer2, and Mmp17 (mainly expressed by
C12 RGCs) but expressed Col25a1 and Sparcl1 at a lower level
compared to C16 RGCs (Figure 5H). At other time points (i.e., 4
dpc and 14 dpc), C10 and predicted C10 cells were highly similar
to each other yet clearly distinct from other 0oDSGCs
(Figures S4E and S4F). Again, we showed that the predicted
C10 cells were close to C10 cells in the UMAP (Figure 5D).

We further validated ProtoCloud’s robust transferability
across different techniques by applying the model trained on
AtlasRGC to an RGC dataset,”® generated using the Patch-
seq technology. ProtoCloud confidently classified 52% of the
cells with an accuracy of 97.6%. We then applied the calibrator
trained on AtlasRGC to the Patch-seq RGC predictions.
Notably, the calibrated scores remained well aligned with the
empirical accuracy on this new dataset (Figures S4G-S4l).
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Figure 5. Continue training on the time-course RGC ONC dataset

(A) UMAP visualization of the control group (0 dpc) RGCs.

(B) Initial prediction accuracy at different time points when applying models trained on the previous time point data. For each time point, accuracies are shown for
overall predictions (yellow), certain predictions (green), and ambiguous predictions (orange).

(C) Comparison of prediction accuracy for ambiguous cells only, before and after continued training. “First Apply” shows the accuracy of ambiguous predictions
from the initial model application (orange bars in [B]). “Cont. Training” shows improved accuracy for these same ambiguous cells after training the model for an
additional 30 epochs on cells with certain predictions.

(D) UMAP visualization of later time points at 4 dpc (left), 7 dpc (middle), and 14 dpc (right). Cells with certain predictions from both the initial application and after
continued training are plotted to visualize the results. The prototypes are represented by dots with black edges. Cell types are ordered by injury survival, from the
most resilient (C43) to the most susceptible (C28), with an increasing proportion of unassigned cells after 4 dpc.

(E and F) (E) HRG expression of T5-RGCs at 4 dpc and (F) 7 dpc. Comparison of top-ranked HRGs and differentially ranked HRGs between C1 RGCs and other T5
RGCs. “C1 specific” are highly ranked HRGs within C1 (rank < 30) with low relevance in other types (mean rank > 200). “C1 diff HRG” represents genes with the
opposite pattern. Re-assigned “unassigned” cells predicted as C1 are included with “Pred_C1.” “Marker” refers to known canonical markers for each cell type
based on established literature.> Genes include known markers (Tusc5 shared by all T5 RGCs, Serpine2 and Amigo2, and C1 RGC marker genes), HRGs shared
by all T5 RGCs, and differentially ranked HRGs between C1 and other T5 RGCs.

(G and H) (G) HRG expression of 0oDSGCs at 0 dpc and (H) 7 dpc, including predicted C10 cells (Pred_C10). Shared and distinct HRGs are compared between
C10 and other 0oDSGCs, with known markers Gpr88 (a C10 RGC marker) and Fam19a4 (a C24 RGC marker).

10 Cell Genomics 6, 101217, June 10, 2026



Cell Genomics

ProtoCloud transfers labels from the esophageal
mucosal cell atlas

We applied ProtoCloud to a recently published esophageal
mucosal cell atlas (AtlasEoE>®), which comprises cells from
37 patient biopsies taken from 22 donors across three condi-
tions: healthy, remission eosinophilic esophagitis (EoE), and
active EoE. ProtoCloud achieved an overall validation accu-
racy of 94.5% and a macro F1 score of 0.877 on this large
dataset, which comprises 60 prevalent cell types (n =
393,763) and 12 additional rare cell types exhibiting patient-
specific bias®® (n = 1,215). In particular, the model achieved
97% accuracy specifically for the 12 rare cell states (Figure
S5A). In contrast, scANVI and CellTypist exhibited frequent
misclassifications, particularly confusing cells related to
epithelial populations (Figures S5B and S5C).

As expected, ProtoCloud identified cell-type-specific HRGs,
with known cell type marker genes ranked highly in terms of
their prototypical relevance scores (Figure S5D). Notably, for
ALOX15% macrophages, PRDM16"* dendritic cells (cDC2Cs),
and group 2 innate lymphoid cells (ILC2s)—three rare cell types
of potential importance for EOE pathogenesis—their top HRGs
included their respective known marker genes. ProtoCloud
accurately identified MMP12 and ALOX15 as key relevant genes
for ALOX15* macrophages (with relevance scores of 0.615 and
0.267, respectively) but not for other macrophages (relevance
score < 0.03) (Figure 6A). PRDM16* cDC2Cs can be distin-
guished from cDC2Bs based on PRDM16, TGM2, and PIGR
(Figure 6B). ILC2, a rare population enriched in active EoE
patients,”” can be distinguished from other IL-13 and IL-5
expressing immune cells (e.g., T helper 2 cells [Th2]) by its
upregulation of prostaglandin-related genes PTGDR2, PTGS2,
and HPGD?® (Figure 6C; Table S6). We also identified shared
HRGs associated with cell cycle activity (TUBA1B, HMGB2,
TUBB, H2AFZ, and KIAA0101) across proliferating cell popula-
tions (Figure 6D).

We transferred this granular annotation (72 cell states) to
two independent EoE datasets*®’® (Figure S6A), produced by
the 10x Chromium?® and the SeqWell® platforms, respectively.
In the Clevenger et al. dataset,*® ProtoCloud classified 88.7%
of cells as epithelial populations (including quiescent basal,
cycling basal, suprabasal, and apical cells), closely aligning
with the published proportion of 86.83%. The eight major cell
populations identified by Morgan et al.”® provided broader
categories under which our more granular subcategory anno-
tations were mapped (Figure 6E).

Importantly, the three rare but potentially important cell types
in the esophagus of EoE patients were clearly identified in the
two test datasets, despite their absence in the original annota-
tions.*®"® As expected, ALOX15% macrophages expressed the
marker genes ALOX75 and MMP12; PRDM16* dendritic cells
expressed PRDM16, PIGR, and TGM2; and ILC2s expressed
IL13, PTGS2, and IL17RB (Figures S6B and S6C). Moreover,
we observed a notable increase in the proportion of these cells
annotated by ProtoCloud in active EoE patients compared to
healthy or remission individuals (Figures 6F and 6G), consistent
with previous findings.?®

We compared this complex label-transfer scenario to the
top two benchmark methods: CellTypist and scANVI (Table S7).
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While CellTypist also identified major immune cell subsets, it
underrepresented rare populations, such as ILC2s and cycling
DCs. Although scANVI also identified these rare cell states and,
in some cases, assigned more cells to these rare cell states, the
cells specifically identified by scANVI had lower marker gene
signature scores compared to those identified by ProtoCloud
(Figures S6D and S6E), indicating low-specificity predictions.

DISCUSSION

We present ProtoCloud, a self-explanatory model that augments
the variational autoencoder architecture with cell-type-specific
prototypes to annotate and analyze scRNA-seq data with
enhanced transparency. While a trade-off between performance
and explainability is often observed in machine learning,”*°
ProtoCloud demonstrates that these objectives can be achieved
simultaneously, matching or exceeding the performance of
state-of-the-art methods. To achieve both explainability and
high accuracy, ProtoCloud incorporates a carefully designed
architecture, including a decomposed latent space to disen-
tangle cell type information from cell-type-irrelevant nuisance
factors, specialized loss functions (e.g., the atomic loss), and
a two-stage training strategy tailored to this architecture.
ProtoCloud’s latent space effectively captures both inter-cell
type and intra-cell type variations while disentangling additional
biological or technical variations without requiring prior knowl-
edge of these cell-type-irrelevant factors.

While current deep learning methods achieve impressive
accuracy in cell type annotation, ProtoCloud addresses their
intrinsic lack of transparency by incorporating cell-type-specific
prototypes and PRP. To the best of our knowledge, ProtoCloud
is the first approach to achieve both cell-level and gene-level inter-
pretability in this context. While the granularity of PRP** is often
considered a limitation in computer vision applications,> this
fine-grained gene-level resolution is particularly advantageous
for scRNA-seq analysis. The input (gene)-level resolution of PRP
aligns with the functions of individual genes and directly reveals
genes critical for model decisions. By identifying the genes that
strongly activate specific prototypes, ProtoCloud implements a
genomic version of the “this looks like that” decision process.®’

ProtoCloud achieves explainability in terms of three essential
criteria: explicitness, faithfulness, and stability.**** The model
demonstrates explicitness through its ability to capture HRGs
that correspond to both established and novel cell type markers,
enabling the distinction between closely related cell types. Faith-
fulness is evidenced by the confidence score assigned to each
prediction, which enables the identification of annotation dis-
crepancies, further supported by the HRG expression patterns
in disputed cases. Finally, the stability of the learned prototypes
is validated across different sequencing techniques, organs,
and disease states. Independent analyses identified highly over-
lapping sets of HRGs for similar cell types in diverse datasets,
spanning different technologies and tissues. These capabilities
facilitate practical applications in complex biological contexts,
helping uncover key molecular features of cell identities.

The practical utility of ProtoCloud was validated through
two challenging disease applications. In a time-course analysis
of RGCs, ProtoCloud successfully tracked cellular transitions
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Figure 6. Annotation transfer across EoE datasets and disease conditions

(A) Expression profiles of differentially ranked HRGs that distinguish ALOX715*

from SPP1* macrophages. “ALOX15 specific” denotes highly ranked HRGs in

ALOX15" macrophages (rank < 30) and low relevance in others (mean rank > 200). “ALOX15 diff HRG” represents HRGs that are highly ranked in contrasting cell

types but not ALOX75* macrophages.
(B) Expression profiles of differentially ranked HRGs between PRDM16* dendri

tic cells and CD7C + cDC2B cells.

(C) Expression patterns of top ILC2-specific HRGs across immune cell populations. Genes were compared between ILC2s and Th2 cells.
(D) Expression patterns of cycling-associated HRGs across proliferating cell populations.

(E) Annotation transfer correspondence between the AtlasEoE>° dataset (72 cell
proportion.

types) and the Morgan et al. dataset’® (eight cell types). Color bar: column-wise

(F and G) (F) Cell type composition across disease conditions in the Clevenger et al. dataset*® and (G) the Morgan et al. dataset. EoE, eosinophilic esophagitis;

GERD, gastroesophageal reflux disease; and HC, healthy.

despite limited reference data. In the EoE analysis, it accurately
identified and tracked rare disease-specific cell populations
across three datasets with varying disease conditions. In both
cases, ProtoCloud’s explainability provided molecular-level
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evidence for disease-specific cellular dynamics, demonstrating
its utility in complex, real-world scenarios.

In summary, ProtoCloud transforms single-cell annotation from
a black-box prediction process into an evidence-based analytical
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framework, providing researchers with actionable insights into
cellular identity. The model’s ability to identify cell-type-specific
genes helps bridge the gap between computational predictions
and biological understanding. While ProtoCloud effectively iden-
tifies genes crucial for cell type classification, it does not directly
elucidate the underlying biological mechanisms or environmental
interactions. The causal relationships between HRGs and cell
types warrant further systematic investigation. By advancing
explainable approaches to cell type annotation, ProtoCloud repre-
sents a significant step toward more comprehensive and trans-
parent single-cell analysis.

Limitations of the study

Currently, ProtoCloud requires an annotated reference dataset
for training. This means that in the absence of such data,
ProtoCloud cannot be directly applied; however, as technology
advances, the availability of high-quality reference datasets con-
tinues to increase.'’ Second, in this study, we focused on
scRNA-seq data analysis. Extending ProtoCloud to other
modalities, such as single-cell assay for transposase-accessible
chromatin using sequencing (SCATAC-seq) data,®® should be
straightforward. Applications of ProtoCloud to multimodal data
for learning gene regulatory relationships have not yet been
explored and represent a promising direction for future research.
Finally, although ProtoCloud can identify novel cell types not
present in the training data through its built-in uncertainty esti-
mation, how to incrementally update a pretrained ProtoCloud
model to incorporate new cell types remains nontrivial and war-
rants further investigation.
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REAGENT or RESOURCE

SOURCE

IDENTIFIER

Deposited data

GO_Biological_Process_2025
ScType markers
PBMC10K
PBMC30K
AtlasRGC/ONC
Patch-seq RGC
TSCA Datasets
ICA

AtlasEoE
Morgan EoE
Clevenger EoE

Gene Ontology Consortium®*

lanevski et al.*®

Zheng et al.®
Ding et al.®®

Tran et al.”®

Huang et al.”®

Madissoon et al.®*

Dominguez et al.®

Ding et al.>®

Morgan et al.”®

Clevenger et al.*®

http://www.geneontology.org/
https://github.com/lanevskiAleksandr/sc-type
https://scvi-tools.org/
https://singlecell.broadinstitute.org/single_cell/study/SCP424/
https://singlecell.broadinstitute.org/single_cell/study/SCP509
GSE211038

https://www.tissuestabilitycellatlas.org/
https://www.tissueimmunecellatlas.org/
https://singlecell.broadinstitute.org/single_cell/study/SCP1242/
GSE175930

GSE218607

Software and algorithms

ProtoCloud
Scanpy (v1.10.2)
scib-metrics (v1.1.6)
Seurat (v4.4.0)
CellTypist (v1.6.3)
sCcANVI (v1.1.5)
TOSICA (v1.0.0)
SIMS (v3.0.6)
scPoli (v0.6.1)
scGPT (v0.2.4)
scBERT (v1.0.0)

This paper
Wolf et al.?®

Luecken et a
| 27

|_86

Hao et al
Dominguez et al.®
Xu et al.”®

Chen et al.®”

Gonzalez-Ferrer et al
| 61

|.62

De Donno et a
Cui et al.*®

Yang et al.®’

https://github.com/Ding-Group/ProtoCloud
https://github.com/scverse/scanpy
https://github.com/theislab/scib
https://satijalab.org/seurat/
https://github.com/Teichlab/celltypist
https://scvi-tools.org/
https://github.com/JackieHanLab/TOSICA
https://github.com/braingeneers/SIMS
https://github.com/theislab/scPoli_reproduce
https://github.com/bowang-lab/scGPT
https://github.com/TencentAlLabHealthcare/scBERT

METHOD DETAILS

The ProtoCloud model

We present the implementation details of ProtoCloud, a self-explaining generative model for cell type annotation. ProtoCloud em-
beds high-dimensional gene expression profiles of individual cells into a low-dimensional latent space and subsequently classifies
cells based on their positions in that space. The model comprises four main components: a probabilistic encoder g : R€—R?, a prob-
abilistic decoder f : R7—RC, a prototype matrix P ¢ R¥M*9 and a single-layer linear classifier without the bias term h : REM - R,
Here, G denotes the number of genes, d the dimensionality of the latent space, K the number of cell types, and M the number of
prototypes per type (M > 1). The prototype matrix P contains K-M prototypes. For each cell type k, Py € RM*9 represents its
set of M prototypes, with its jth prototype vector denoted by p, ;, where j indexes the prototypes within cell type k. The prototypes
reside in the same latent space as the cell embeddings, and are randomly initialized and optimized during training to serve as
learnable representations of cell types.

ProtoCloud takes raw Unique Molecular Identifier (UMI) counts of cells and cell type annotations as input, in the form of D =
{(x,-,y,'),("= 1 } consisting of N cell-label pairs, during model training. Each cell i is represented by a vector x; € R® of G genes assigned
to cell type yi{1, ...,K}. We use y; € {0, 1}K to denote the one-hot encoding of the cell type label y;. The probabilistic encoder g re-
ceives log-transformed x; (specifically, log(1+xy) as input, and outputs the parameters g; ¢ R? and log(s;) € RY for a normal distri-

bution. The low-dimensional representation z; for cell j is then sampled from this distribution:
2 ~ qq(zi[x) = N(z|;, diag(si) ) (Equation 1)

Each low-dimensional embedding z; serves two purposes: it is used for cell type classification by comparing it with the prototype
matrix P and feed into classifier h, and it is also passed to the probabilistic decoder f to reconstruct the UMI counts X;.
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Single-cell data are noisy, containing both cell type information and frequently capturing cell type-irrelevant nuisance factors such
as experimental batches. We thus partition the latent embedding z; into two parts: the first half, zf = [z,-_1 1 Zi2, -~~,z,3d/2}T, is designed

to specifically capture cell type information, while the second half, z? = [z,-ﬁd/zﬂ 1Zjdj2+25 ~--.,z,-_,d}T, is designed to capture cell type-
irrelevant factors. Consequently, only z;' is used for cell type classification, while both z} and z? are used by the decoder f to recon-
struct the gene expression profile X;.

The classifier h takes a vector of similarities between cell i and the K-M prototypes in P, and produces a probability distribution
over the K cell types. We compute the similarity between cell i and the j-th prototype of cell type k using a scaled Cauchy distribution
density function:

1

R

where « is a learnable, positive scalar parameter and pk € RY?is the first half of Px;- This formulation assigns a maximum similarity
score si(k,j) of 1 when the embedding z1 exactly matches prototype pkj, and the similarity smoothly decreases as the Euclidean
distance increases. The similarity si(k,j) indicates the influence of prototype j of cell type k on the classifier prediction, and
the maximum similarity can serve as a prediction certainty measurement (see section “Reliability and uncertainty estimation”).
The classifier h takes the vector of similarity scores

si(k,j) = sim (z,-‘,p,‘q-) =

S; = [31(1,1)78,'(172),...7S,*(K7M)}T € R(KM)

as input and is trained via cross-entropy (CE) loss:
N
ZCE(h (s1),¥i) (Equation 2)

The probabilistic decoder fis essential for providing cell-level interpretations by reconstructing the gene expression profiles from the
latent embeddings. For scRNA-seq data, the UMI count distribution for a gene g in celliis generally assumed to follow a negative binomial
(NB) distribution.?” Accordingly, the decoder outputs the mean m; >0 and the dispersion ry ;>0 parameters. Given the training data D
with cell type labels, we thus use a cell type-specific dispersion parameter ry , for gene g, to capture cell type-specific variability in gene
expression. The mean parameter m; , for gene g remains cell-specific. Specifically, the probabilistic decoder outputs a G-dimensional
probability vector (non-negative and summing to 1), which is multiplied by the total UMI count n; for celli to obtain the mean vector m;. The
cell type-specific dispersion ry 4 is learned for each gene g and cell type k. Thus, the ProtoCloud model likelihood can be written as

G
X:\Zuyf H le|mi,i7ry,vj)

ProtoCloud has a variational autoencoder (VAE) architecture backbone, and we need to calculate the evidence lower bound
(ELBO) to optimize the probabilistic encoder (g) and decoder (f). The ELBO includes a Kullback-Leibler (KL) divergence term between
the variational distribution g4(z;|x;) (Equation 1) and a latent prior p(z;). Conventionally, p(z)) is a standard multivariate normal distribu-
tion. In our case, it becomes complicated because we want cells to be close to their cell-type prototypes. Moreover, we decompose
the latent embedding into two components: z; for cell type-specific information and z? for cell type-irrelevant factors. To achieve
these goals, we consider a mixture of VAEs with shared encoder and decoder networks. Each VAE mixture component has a prior
centered on one of the M prototypes for each cell type k. Only the training cells with label k are used to calculate the KL-divergences
for these M VAEs. The KL divergence for each prototype is weighted by its relative similarity within that class, §;(y;,j).>°

s,(y,, )
Z si(yi.1)

Sii) =

The overall KL divergence is then calculated as the weighted sum of the KL divergences for the cell type-specific and cell type-
irrelevant components:

Dus = S-8(01d) - KL(N () ciag(al)) | N (] e

=

+KL(N(/¢,(2)7dlag(0',(2))) H ./\/.(07 Id/Z))

where KL(g||p) denotes the KL divergence between probability distributions g and p, p(z) and 0' ) are the second halves of the mean
and standard deviation parameters of the latent normal distribution for z;, and 1, is the identity matrix with a dimensionality of d/2.
Combining these elements, we formulate the VAE objective function to maximize the ELBO:
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N

EELBO = Z [ qg(zi[x;) |°g Pf(X:|Z:7yI ] - DKLI (Equation 3)

As both the encoder (g) and the decoder (f) networks are shared across all cell types and prototypes, ProtoCloud remains compu-
tationally efficient, comparable to conventional VAEs.

The orthogonal loss to help learn diverse prototypes for each class

Training ProtoCloud using the sum of the cross-entropy loss (Equation 2) and the negative ELBO (Equation 3) frequently encounters
the prototype collapse problem, in which the M prototypes of cell type k converge to a single point, often near the center of the
embeddings of class k cells. This collapse prevents the model from learning diverse representative cell prototypes that capture
the intra-class diversity. To help mitigate this problem, we introduce an extra orthogonal loss

an = ¢ 32 [P —

here ||-||= denotes the Frobenius norm and P} € RMx(d/2)

compute the mean of the M prototypes for class k

is the first half of the centered prototype matrix for class k. Specifically, we

1 1 & 1
ﬁk:_ Py
Ve

and subtract this mean from each prototype p, ; Within that class to obtain a centered matrix. By encouraging the rows of 5,1 to be
orthogonal, this loss helps maintain multiple, distinct prototype directions within each class.

The atomic loss to help learn diverse and accurate prototypes

To further encourage cell embedding to be close to cell type-specific prototypes, we introduce an attractive force. Let mask;
be a binary vector of length K-M where mask;[M-(k-1)+j] = 1 if the prototype j of cell type k belongs to the same cell type as cell i,
and 0 otherwise. The attractive force is defined as:

N
Fattractive = — Z S, © mask)

where © denotes element-wise multiplication. This force encourages each cell embedding z/ to be close to at least one of its M
prototypes in its own class. However, a trivial solution could minimize this force by collapsing all cells to the same point, overlapping
with all K-M prototypes.

To counteract such collapse and address potential issues arising from multiple prototypes per class and rare cell types, we add arepul-
sive force. As ProtoCloud uses multiple prototypes for each class, it’s possible that some prototypes of cell type k are close to the em-
beddings of cells from other classes. Furthermore, in the presence of rare cell types, both their prototypes and the encoder may not be
well trained to embed these cells effectively,®' leading to misplaced prototypes. Such misplacements make it challenging to draw reliable
cell-level interpretations. The repulsive force pushes away prototypes of other classes from the cell embeddings of class k cells

N
repuls:ve = N Z max(s,- (O] ﬂmask,-)

where -mask; is the negation of the binary mask vector mask;. Together, the dynamics of attractive force and repulsive force—anal-
ogous to inter-molecular forces between atoms—are combined into the atomic loss

Eatomic =F, attractive +F, repulsive

Shaping latent spaces through a two-stage curriculum and latent decomposition

Latent embeddings learned by variational autoencoders can also fluctuate, similar to the latent embeddings learned by conventional
autoencoders, as observed by pioneers in deep learning such as Geoffrey Hinton, resulting in latent space fragmentation, where
cell embeddings of the same type are widely separated and partitioned into disjoint regions by embeddings of other cell types.
This fragmentation is primarily driven by technical factors such as batch effects, donor-specific variation, and sequencing depth,
which can artificially separate otherwise biologically homogeneous cell populations. To learn more compact embeddings in which
cells of the same cell type form a unified and cohesive region, we employ a two-stage training strategy, along with latent space
decomposition, in ProtoCloud.

In the first stage, we train ProtoCloud by minimizing the loss function
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gTil,hh( — Lego+Lce)

During this stage of training, the prototypes of the same class are encouraged to collapse toward a single vector, thereby drawing
the corresponding cell embeddings together to form a unified, compact region around their prototypes. Notably, as classification
utilizes only the first half of the latent dimensions, batch-related information is encouraged to be captured within the second half
of the dimensions, effectively disentangling batch effects from cell type information.

In the second stage of training, we reintroduce prototype diversity through the orthogonality and atomic loss terms. The orthogonal
and atomic losses are designed to generate repulsive forces among embeddings, promoting separation in the latent space and
increasing the diversity of learned prototypes. The updated loss function in this stage then becomes

QTLTL( — Lapo+Lce+ Lonn + £.atomic)

To facilitate feature (gene)-level interpretation of cell type annotation in the second stage, we add a penalty term L4 to the weights of
the first layer of the encoder. This penalty encourages sparsity by driving the weights of unimportant genes for cell type annotation
toward zero. The strength of the L, regularization is set to the inverse of the number of elements in the first layer weight matrix.

By decoupling the training process into two stages, ProtoCloud progressively refines its representations: the first stage prioritizes
inter-class diversity, while the second stage enhances intra-class diversity. After a ProtoCloud model has been trained, it can be used
to annotate cells, taking only raw UMI count data of cells as input.

Prototypical relevance propagation for gene-level interpretation

To obtain gene (feature)-level interpretation and identify which genes drive ProtoCloud’s predictions, we use prototypical relevance
propagation (PRP).® For each cell type k and one of its associated prototypes p, Jj» e first calculate the cell-prototype similarity for a
given cell n assigned to cell type k:

1

\/(H pllj = p ll2 'K>2+1~0

where p} is the first half of the mean vector of the variational normal latent distribution gg(z,|x,,). The similarity vector y, € e RKM s
backpropagated through the encoder following the layer-wise relevance propagation (LRP) rules. The initial relevance R“*" is a
(K-M)-dimensional vector, with each element set to —1, except for the M elements corresponding to the prototypes of cell type k,
which are set to either 1 (the prototype closest to cell n) or 1/M (the other prototypes). The number of hidden layers in the encoder
network is L.

More specifically, let o; represent the jth output of a fully connected layer /, before the layer’s rectified linear unit (RelLU)
activation, then

Ynkj =

O/ = Za,‘ - Wi,
i

where w;; is the weight connecting the ith input neuron with activation a; at layer /, to the output neuron j at layer /+1. Thus, the

(1) g propagated to its input Rf'), according to the following equation:

a;- Wu /+1)
Z R =L
Eat Wej+e

relevance from the layer’s output R

N _ + .
R’ = Z (af'Wu) " el (Equation 4)
- Z(at'wf.f)+ ! ’

/
t

The parameter € = 16~ is used by default. For convenience, we use the notation (-)* = max(0,-). We only consider positive contri-
butions to the relevance for the encoder layers because the input gene expression values are non-negative, and we want to
find genes that positively contribute to the prediction of cell types. The rules in Equation 4 are called the e-rule (when / = L) and

z*-rule (when /<L), or equivalently the af-rule with « = 1 and g = 0.>*

The final relevance scores R( . ;. forall the G genes are normalized to the range [0,1] to facilitate direct comparison of relevance
scores across different prototypes. To obtain a gene-level relevance score for cell type k, we weighted the relevance scores across
all M prototypes associated with cell type k and all training cells with label k.
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Data augmentation for training robust ProtoCloud models
Single-cell RNA-Seq data often exhibit class imbalance, with some cell types being extremely rare (e.g., accounting for <0.005% of
the recovered cells) and dominant cell types.”® This disparity is prevalent in data from various biological contexts, such as develop-
ment, homeostasis, and cancer, posing significant challenges for machine learning algorithms.®® A common approach to address
this imbalance is oversampling, where rare class populations are duplicated to create more balanced training data. However, this
simple approach can lead to overfitting of the rare populations, as it does not capture the underlying data distribution of a rare class.
To mitigate this class imbalance problem, we generate artificial cells for rare populations using statistical modeling of the gene
count distribution for each gene in each rare cell type. Specifically, for each rare cell type (defined as having a proportion less
than 0.5/K, where K is the number of cell types), we generate artificial samples to ensure that the total number of cells from each
rare population reaches 0.5xN/K, where N is the total number of cells in the original dataset. We sample an artificial cell whose
UMI count vector X € R€ is drawn from a multinomial distribution. The distribution’s rate probability vector parameter r is estimated
from a randomly drawn UMI count vector x from a cell of the rare population:

_ (x+0.1)

G
> (xg+0.1)
g=1

Adding 0.1 to each element of x ensures that r is a dense probability vector that sums to 1. By sampling from this multinomial
distribution with probability vector r, we can generate non-zero counts for genes that had zero counts in the original sample x.
The size parameter (number of trials) for the multinomial distribution is sampled uniformly from the interval:

G

G
05x > (X+0.1), > (xg+0.1)
g=1 g=1
This data augmentation step ensures a more balanced representation of all cell types in the training data, thereby reducing the risk
of overfitting to rare cell types.

Model architecture and training

By default, ProtoCloud employs an encoder with three hidden layers (1,024, 512, and 256 neurons, respectively) and a decoder with two
layers (512 and 1,024 neurons, respectively). Each layer consists of a bias-free linear transformation followed by batch normalization®
and Rel.U activation.’® The model uses a 20-dimensional latent space and maintains six prototypes per class. Training is performed for
100 epochs using the AdamW optimizer”’ with a learning rate of 1 x 103, The mini-batch size is 128 for datasets with fewer than 100,000
cells and 1,024 for larger datasets. These hyperparameters remain constant across experiments unless otherwise specified.

To estimate the time required to train ProtoCloud for 100 epochs, we down-sampled one dataset to various numbers of cells
(10,000, 50,000, 100,000, 200,000, and 300,000 cells). All experiments were conducted on a server with an NVIDIA Tesla V100
16GB GPU on a single node. Training ProtoCloud is efficient, even for relatively large datasets with 300,000 cells when using adaptive
batch sizes (128 for smaller datasets with fewer than 100,000 cells and 1,024 for datasets exceeding 100,000 cells). The training times
across the different dataset sizes are shown in Figure S1A. For large datasets, the training time can be further decreased by reducing
the training epochs (default: 100 epochs).

Ablation study

To systematically assess the contribution of each component in ProtoCloud, we conducted an ablation study examining three key
design choices: the disentangled latent space, the two-stage curriculum, and the inclusion of two auxiliary losses (orthogonal and
atomic losses). These studies evaluate model performance through multiple complementary perspectives, including batch effect
separation, prototype embedding distributions, and similarity score ranges.

We evaluate the quality of prototype embeddings using Euclidean distances in the first half of the embedding space. Our evaluation
differs from conventional clustering metrics such as the silhouette coefficient, which prefer large inter-class distances and small intra-
class distances. Instead, we require both distances to be substantial to effectively capture cell-type distinctions while preserving
within-type biological variation.

Disentangled vs. unified latent space

Our standard architecture models the first half of the latent dimensions of a cell with a multivariate normal distribution that is con-
strained to be close to its prototypes and uses these dimensions for similarity score computation, while the remaining dimensions
are encouraged to follow a standard multivariate normal distribution. The unified variant removes this architectural separation in
the KL divergence, encouraging all latent dimensions of a cell to follow a multivariate normal distribution that is constrained to be
close to its prototypes and using all latent dimensions for the similarity calculation.

Two-stage vs. single-stage curriculum

In the standard two-stage curriculum, ProtoCloud is initialized and trained with only the baseline VAE losses, Lg g0 and L¢g, for the
first 30 epochs. The model then enters the second stage after 30 epochs, where the atomic loss and orthogonal loss are added. The
single-stage training baseline incorporates all loss components from initialization, training end-to-end for 100 epochs.
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Loss function component ablation

We evaluated three loss configurations against our standard formulation. The baseline VAE configuration uses only Lg go and Lcg;
the atomic-only version adds the atomic loss, Lawmic, t0 the baseline VAE losses; and the orthogonal-only version adds the atomic
loss, Lonh, instead.

Reliability and uncertainty estimation

ProtoCloud uses similarity scores as a more interpretable and robust measure of uncertainty than softmax probabilities, which
often saturate toward extreme values.®> We quantify prediction confidence using the maximum similarity score between each cell’s
first-half latent embedding and the prototypes.

Dichotomous certainty thresholds are determined at the end of training based on the training data. These thresholds are computed
separately for each cell type, set at the 10th percentile of similarity scores between training cells and their corresponding class
prototypes. Predictions with similarity scores exceeding their respective cell type thresholds are marked as “certain”, indicating
strong confidence in the assigned annotation. Certain predictions that disagree with the original labels are categorized as Type 1
classifications. Conversely, predictions below this threshold are marked as “ambiguous”. Ambiguous predictions that disagree
with the original labels are categorized as Type 2 classifications. As we adopt conservative thresholds, “ambiguous” reflects
insufficient confidence for re-annotation rather than incorrect predictions.

To further improve reliability and interpretability, we transformed similarity scores into calibrated certainty scores through
an adaptive calibration approach. The test data were randomly partitioned into two subsets: 25% were used to fit a calibrator
using ProtoCloud predictions, similarity scores, and corresponding cell type labels, while the remaining 75% were used to
validate the resulting calibrated scores. First, we trained a global isotonic regression’” calibrator on the entire dataset to estab-
lish a baseline certainty mapping, which outputs a calibrated probability for each prediction. For rare cell types (see the “Data
augmentation for training robust ProtoCloud models” section), the global calibration model was employed to prevent overfitting
and ensure stable certainty estimates. For cell types with sufficient samples, we further trained cell type-specific calibrators to
map similarity scores to calibrated certainty values.

Differentially ranked highly relevant genes

The genes for each cell type are ranked according to their relevance scores from high to low. Differentially ranked HRGs between
two cell types are identified using two criteria: (1) ranked top t (default 20) in exactly one of the interested cell types, or (2) showing
a ranking difference greater than u (default 200) between the two cell types.

Baselines for comparison

Seurat v4.>” We used its reference-based label transfer functionality, following the workflow described in the Seurat integration
tutorial (https://satijalab.org/seurat/articles/integration_mapping). Specifically, we employed the FindTransferAnchors() function
with the projected PCA option to identify correspondences between reference and query datasets, followed by the TransferData()
function to propagate cell type labels to the query dataset.

scANVI.?® We utilized the scvi.model.scANVI API from the Python package scvi-tools (v1.1.5). Following best practices, we first
trained an scVI model on the dataset for a maximum of 400 epochs. The resulting pre-trained scVI model was then used to initialize
the scANVI model, which was subsequently trained for an additional 20 epochs to refine the annotations. For the time-course RGC
ONC data analysis, the initial model was trained on labeled control data and used to predict labels for the cells from the subsequent
time point. These predictions were then incorporated into the previous training set to train the next version of the model. All
predictions were added to the training set as the model lacks a confidence output. This process was repeated sequentially through
all time point data.

CellTypist.® CellTypist models were trained using the SGD algorithm with a maximum of 500 iterations. For the time-course
RGC ONC data analysis, we used CellTypist with an iterative training approach: the initial model was trained on labeled control
data and used to predict labels for the cells from the subsequent time point. Predictions with corresponding confidence scores
greater than 0.5 were then incorporated into the previous training set to train the next version of the model (the fraction of confident
predictions was small; Table S4). This process was repeated until the cells from every time point had been predicted.

TOSICA.®° We implemented TOSICA using its standard workflow. For all datasets involving human cells, the pre-prepared human
GO (‘human_gobp’) mask was used. For the AtlasRGC dataset, the corresponding mouse GO mask (‘mouse_gobp’) was used.

SIMS.®? Following the recommendation for typical convergence, the model was trained for 10 epochs on each dataset. All other
parameters were maintained at their default values.

scPoli.°" The method requires batch information as input data. The model was trained for a total of 100 epochs, which included
an initial 40 epochs of pre-training, as specified.

scGPT.* Due to the significant computational complexity associated with fine-tuning large foundation models, we employed
scGPT in a zero-shot inference setting. This approach leverages the pre-trained whole-human scGPT model to generate cell embed-
dings and annotations for our query datasets without any additional training. For the AtlasRGC dataset, genes were first mapped to
human orthologs prior to analysis.
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scBERT.®” We utilized the pre-trained scBERT model and fine-tuned it on our labeled reference data for 10 epochs, following the
standard pre-train and fine-tune paradigm of the method. Due to scBERT’s computational complexity and gene constraints from its
pretrained model, we obtained results only for the PBMC10K, PBMC30K, AtlasRGC, TSCA lung, and TSCA esophagus datasets.

Evaluation metrics
We evaluated the performance of cell type classification using three standard metrics: accuracy, macro F1 score, and Cohen’s
Kappa coefficient.®® Accuracy offers an overall view of model performance, macro F1 score is more sensitive to minority classes
by treating each class equally, and Cohen’s Kappa coefficient (k) quantifies the agreement between predicted and true labels.
More specifically, x corrects for chance agreement:

_ Po — Pe 1_ 1-po

K = =

17pe 17pe

where p,, is the classification accuracy, or the empirical probability of agreement on the label assigned to a cell, and p, is the expected
classification accuracy when both true labels and predicted labels are randomly assigned to cells. Thus, Cohen’s Kappa coefficient is
a function of the classification accuracy. The advantage of x over accuracy is that « is sensitive to rare classes. We used scikit-learn
(v1.5.1)% to calculate k. Together, these three metrics (with higher values indicating better performance) ensure reliable and fair
assessment across all cell types, including rare populations.

To assess batch separation in the latent space, we used the batch entropy score (BES) and the scib-metrics framework (v0.5.1).2° BES
quantifies batch mixing based on the composition of k-nearest neighbors (k-NN). Let B be the total number of batches, p; , represent the
proportion of the neighbors of cell i belonging to batch b. We then averaged the entropy across all cells to obtain the overall metric:

B
=1

BES = — XN; (;pf,b log(p,,b)>

where N is the total number of cells. A BES value close to log(B) indicates greater batch mixing and weaker batch effects, whereas a
lower value (with a minimum of 0) suggests stronger batch separation within the latent space.

Additionally, we applied the scIB metrics to evaluate biological conservation and batch correction in the latent space. Biological
conservation was evaluated using five complementary metrics: Normalized Mutual Information (NMI) and Adjusted Rand Index (ARI)
(computed using K-means clustering) to measure cluster agreement; the isolated label F1 score to assess the preservation of rare cell
types; and cell-type Adjusted Silhouette Width (ASW) along with cell-type LISI (cLISI) to quantify neighborhood purity. Batch correc-
tion performance was assessed using batch ASW, integration LISI (iLISI), and the k-nearest neighbor batch effect test (kBET) to
measure local mixing; graph connectivity to evaluate the structural integrity of the neighbor graph; and principal component regres-
sion (PCR) comparison to quantify the variance explained by batch covariates.

To assess the biological relevance of the top-ranked HRGs, we employed three complementary metrics: gene signature scoring,
cell type specificity quantification, and pathway enrichment analysis. To show whether the HRGs identified by ProtoCloud capture
cell type-specific transcriptional patterns, we calculated the gene signature score for each cell type’s top HRGs across all cells. This
analysis was performed using the sc.tl.score_genes function from the Scanpy Python library.® To further investigate the gene-level
specificity of HRGs, we compared the top-ranked HRGs against a curated set of known markers from scType.*° We used the Tau
index (z), a widely adopted metric for measuring tissue or cell type specificity in transcriptomic studies.”” The Tau index is defined as:

2|
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where K denotes the number of cell types, and X represents the average expression level of a gene in cell type k, normalized by the
maximum average expression across all cell types. The Tau index ranges from 0 to 1, where 7 = 0 indicates ubiquitous expression
across all cell types, and 7 = 1 indicates highly specific expression that the gene is strongly expressed in only one cell type and is
nearly absent from all others. To show the biological functions associated with HRGs, we performed Gene Ontology (GO) enrichment
analysis® targeting biological processes (BP). Specifically, we utilized the GO_Biological_Process_2025 library®* to query the HRGs
identified for each cell type. Enrichment significance was assessed using Fisher’s exact test, followed by the Benjamini-Hochberg®®
procedure to adjust the p-values for multiple comparisons (False Discovery Rate, FDR). We reported the top enriched biological
processes for each cell type to characterize the functional relevance of identified HRGs.

To evaluate the extent to which the certainty estimates are calibrated, we employed two metrics: the Brier score’® and the
expected calibration error (ECE).”* The Brier score quantifies the overall probabilistic accuracy by calculating the mean squared
error between the predicted certainties and the actual outcomes:
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where o; is the outcome of the prediction at instance i (1 if the prediction is correct, otherwise 0), and p; is the predicted probability.
To specifically measure the discrepancy between the predicted confidence and empirical accuracy, we utilized the ECE. This
metric partitions the predictions into a number of bins (B = 20 by default) based on their confidence scores. The goal is to calculate
the weighted average of the absolute difference between the mean predicted confidence and the fraction of positive outcomes
within each bin:

B
ECE = Z”N‘wacc(b) — conf(b)|

b=1

where B is the number of bins, n, is the number of samples in bin b, acc(b) is the accuracy, and conf(b) is the average model
confidence (e.g., predicted similarities) within the bin. While both metrics assess calibration, they capture distinct aspects: the
Brier score emphasizes the accuracy of probability estimates, whereas the ECE emphasizes the alignment between confidence
and correctness. Both metrics range from 0 to 1, where a value of 0 indicates perfect calibration.

Data collection and processing

For data preprocessing, mitochondrial and ribosomal protein-coding genes are removed from all datasets. When applying the trained
ProtoCloud models to unseen data (EoE studies; see below) or continuing training with a new dataset (RGC ONC studies; see below),
only the genes shared with the data used for training the pre-trained ProtoCloud models are utilized. Missing genes in the test data
are filled with zeros.

PBMC10K

We used the preprocessed PBMC dataset® downloaded from scvi-tools.?® This dataset includes 12,039 cells, 3,346 genes, and two
batch groups, spanning nine annotated cell types. No filtering was applied except for removing the cells labeled as “unknown”.
PBMC30K

This PBMC dataset was derived from two experiments, each employing multiple scRNA-seq methods.®® The original dataset
consisted of 30,495 cells across ten cell types. We filtered out cells with fewer than 1,000 counts and genes with fewer than 200
total counts. The “unassigned” cells were removed from the data, resulting in 14,978 cells that passed filtering, with the top
3,000 HVGs selected for analysis.®®

AtlasRGC

An atlas of mouse retinal ganglion cells (RGCs) in the adult retina.>® The dataset comprises three batches and a total of 45 RGC
subtypes, with cell proportions ranging from 8.4% (C1) to 0.15% (C45). We excluded cells with fewer than 1,000 total counts and
cells labeled as “unknown”, resulting in 35,699 cells. Genes with a total count below 500 were removed, and the top 3,000 HVGs
were selected for analysis.

Time-course RGC datasets

The time-course RGC dataset, profiling retinal ganglion cells following optic nerve crush, was obtained from the same study®®
as AtlasRGC. This dataset includes varying numbers of cells at each time point (Table S4), with “unassigned” cells after 0 days
post-crush (0 dpc). In our experiment, only cells from 0 dpc were used to train the initial model, based on the top 3,000 HVGs
identified from the 0 dpc data. Cells from subsequent time points were then incorporated using the same set of 3,000 HVGs.
Patch-seq RGC

The raw single cell RNA-Seq data collected from Patch-seq technology, featuring 472 cells and 55,542 genes.”® We applied the
ProtoCloud model trained on AtlasRGC to this dataset. The top 3,000 HVGs from AtlasRGC were used, of which 2,924 were present
in the Patch-seq RGC dataset.

TSCA datasets—Lung, esophagus, and spleen

These datasets® are from three human primary tissues, each exhibiting distinct levels of sensitivity to ischemia. The spleen, consid-
ered the most stable, contains 94,257 immune cells spanning 30 cell types. The esophageal mucosa includes 87,947 cells from 19
cell types, while the lung, identified as the least stable, comprises 57,020 cells across 28 cell types. For all three datasets, we filtered
out cells with fewer than 1,000 counts and removed genes with fewer than 500 total counts. The top 3,000 HVGs were selected
for analysis for each dataset. For comparative models requiring batch information, patient identity was used as the batch variable,
resulting in five, six, and five batches for the spleen, esophageal mucosa, and lung datasets, respectively.

ICA

The cross-tissue Immune Cell Atlas dataset is part of the Human Cell Atlas project.® It includes over 300,000 immune cells, isolated
from 16 different tissues obtained from 12 deceased adult donors. Organ origins are used when batch information is needed by
comparative models. Cell identities were annotated using CellTypist, resulting in 43 cell subtypes. The top 3,000 HVGs were selected
for analysis.

AtlasEoE

The esophageal cell atlas® consists of 421,312 scRNA-seq profiles. These samples were taken from 15 EoE patients (eight in active
disease state and seven in remission) and seven healthy participants. The dataset includes 60 prevalent cell types grouped into major
categories (e.g., epithelial cells, stromal cells, monocytes/mac/DC cells, B cells, T/NK/ILC cells). Additionally, the atlas has 12 rare
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cell subsets, comprising 1,215 cells in total. For methods requiring batch information, donor identifiers were treated as batch labels,
resulting in 22 batches. For this dataset, we used the highly variable genes (G = 2,956) provided by the authors.

Clevenger et al. dataset

This dataset’® comprises 151,519 esophageal cells from six healthy donors, six patients with EoE, and four patients with gastro-
esophageal reflux disease (GERD). The authors identified eight major cell populations and focused on epithelial cells in their study.
We applied the ProtoCloud model, trained on the AtlasEoE data, to this dataset.

Morgan et al. dataset

This dataset’® comprises 14,242 esophageal cells collected from pediatric EOE patients in active or remission EoE, encompassing
eight major cell types. We applied the ProtoCloud model, trained on the AtlasEoE data, to this dataset.
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