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In brief

Niu et al. present scPairing, a deep
learning tool facilitating the integration
and generation of single-cell multiomics
data through cell pairing. Pairing
produces realistic multiomics data that
can be used in downstream analyses to
uncover relationships between cellular
modalities. scPairing also extends to
trimodal data generation.
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MOTIVATION Single-cell multiomics technologies enable the joint profiling of multiple modalities within in-
dividual cells, offering the potential to uncover new cross-modality relationships. However, single-cell mul-
tiomics data remain scarcer than their single-modality counterparts due to higher costs. Furthermore, mul-
tiomics data show poorer data quality for each individual modality. To address these challenges, we present
scPairing, a computational framework for integrating and generating new single-cell multiomics datasets
through pairing separate unimodal datasets. The resulting artificially paired data closely resemble true mul-
tiomics data and can be directly applied to downstream analyses.

SUMMARY

Single-cell multiomics technologies generate paired measurements of different cellular modalities, such as
gene expression and chromatin accessibility. However, multiomics technologies are more expensive than
their unimodal counterparts, resulting in smaller and fewer available multiomics datasets. Here, we present
scPairing, a deep learning model inspired by contrastive language-image pre-training (CLIP), which embeds
different modalities from the same single cells onto a common embedding space. We leverage the common
embedding space to generate novel multiomics data following bridge integration, a method that uses an ex-
isting multiomics bridge to link unimodal data. Through extensive benchmarking, we show that scPairing
constructs an embedding space that fully captures both coarse and fine biological structures. We then
use scPairing to generate new multiomics data from retina, immune, and renal cells. Furthermore, we extend
scPairing to generate trimodal data. The generated multiomics datasets can facilitate the discovery of novel

cross-modality relationships and the validation of existing biological hypotheses.

INTRODUCTION

Recent advances in single-cell sequencing technologies have
enabled the joint profiling of multiple modalities within individual
cells."™ These multiomics technologies jointly profile different
aspects of cell state, such as the transcriptome,>® chromatin
accessibility,” and surface epitopes.” Single-cell multiomics
facilitate a deeper characterization of cell state diversity and
the interplay between different modalities,®° potentially
revealing the complex mechanisms that drive cellular processes.

Single-cell multiomics data integration presents a computa-
tional challenge due to the increased complexity inherent in
such data. Computational methods must integrate the separate
information sources in multiomics data to uncover patterns that
are hard to detect from a single modality alone, such as gene
regulatory relationships or unique cell states jointly defined by
multiple modalities. To address these challenges, a wide range
of single-cell multiomics integration tools has been developed
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to perform multiomics data integration. Some methods are spe-
cific to solely integrating paired data,'®'® while others are flex-
ible in simultaneously integrating multimodal and unimodal
data.””"?? Because of the scalability to handle large datasets
and the effectiveness in capturing the structure in complex
high-dimensional single-cell data, deep learning methods, espe-
cially deep generative models, are applied in multiomics integra-
tion methods.'?'%15718:21:22 These models co-embed the mul-
tiomics data on a shared low-dimensional latent space.
However, these models are typically more time-consuming to
run compared to those for unimodal data analysis, and may
rely on heuristics to combine the modality-specific embeddings
to obtain joint cell-specific embeddings,’’'>'"?° or have diffi-
culties embedding data in the presence of missing modal-
ities.'>'*"% Also, many of these models do not easily adapt to
valuable multiomics data with more than two modalities.?*°
Despite the increasing availability and value of single-cell mul-
tiomics technologies, large, high-quality multiomics datasets
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remain limited due to high cost. A typical joint single-cell tran-
scriptomics and epigenomics experiment usually produces
fewer than 100,000 high-quality cells, whereas unimodal
sequencing using single-cell RNA sequencing (scRNA-seq) or
single-cell assay for transposase-accessible chromatin using
sequencing (scATAC-seq) has produced much larger data,
including cell atlases with over a million cells.”®?” Multiomics
data also have lower data quality compared to single-modality
data, potentially hindering downstream analyses.”®

To alleviate multiomics data quality and scarcity, many
methods propose cross-modality imputation to smooth out
noisy and sparse data and predict unobserved modalities from
unimodal data. Many deep generative models include cross-
modal decoders, which reconstruct expression profiles from
the shared low-dimensional latent space.'”'%222%3% However,
these imputed data may miss fine-grained cell state information
or have distorted characteristics compared to experimentally
generated data. Consequently, these imputed data are seldom
used for downstream analysis for biological discovery.

Here, we introduce scPairing, an efficient and flexible deep
generative model for multiomics data integration and generation
by pairing independently generated experimental unimodal data.
scPairing has a modality-specific encoder to embed each mo-
dality data into a shared latent space. Furthermore, scPairing
uses contrastive learning to encourage the modality-specific
embeddings of the same cell to be nearby, while repelling em-
beddings of different cells. With contrastive learning alongside
other objectives, scPairing prioritizes learning strongly aligned
representations of individual modalities. This formulation en-
ables both multiomics data integration and generation, where
scPairing can produce joint embeddings suitable for biological
investigation and generate artificial multiomics data by pairing
independent experimental unimodal datasets, using a bridge
multiomics dataset.”® By pairing unimodal data, our multiomics
data generation procedure avoids over-smoothing seen by ex-
isting imputation methods. Furthermore, unlike other methods
that all use high-dimensional counts data as input, scPairing ac-
cepts low-dimensional embeddings for each modality, which en-
ables efficient processing of atlas-level data.

We extensively test scPairing on fifteen datasets, demon-
strating scPairing’s superior performance on multimodal integra-
tion and pairing unimodal data. First, we demonstrate scPair-
ing’s integration capabilities on common multiomics integration
tasks. We then use the aligned embedding space learned by
our model to perform cell pairing on human retina data, gener-
ating new multiomics profiles that we show to be more realistic
than those produced by imputation methods. Second, we
demonstrate the robustness of scPairing and the cell pairing pro-
cedure. Third, we apply scPairing to generate multiomics profiles
in two distinct contexts: pairing a rare immune cell type across
tissues, and pairing a clear cell renal carcinoma dataset. We
show how these artificially generated data can facilitate biolog-
ical discovery. Lastly, we extend scPairing to integrate and
generate single-cell trimodal sequencing data. Given its flexi-
bility and scalability in processing large datasets, effectiveness
in multiomics data integration, and its ability to pair large-scale
unimodal data to generate multiomics data for biological discov-
eries, we envision that scPairing will become a valuable tool for
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single-cell multiomics data analysis. scPairing is a publicly avail-
able software tool, available at https://github.com/Ding-Group/
scPairing.

RESULTS

scPairing jointly embeds cells onto a common
hyperspherical space

The scPairing model uses a variational autoencoder (VAE), a
deep generative model augmented with a contrastive loss, to
embed single-cell multiomics data onto a common hyperspher-
ical space (Figure 1A).31 scPairing takes in low-dimensional rep-
resentations of each modality computed from domain-specific
methods such as principal-component analysis (PCA), transcrip-
tomics-specific VAEs,*"*? or single-cell large language models
(LLMs) for scRNA-seq data,**** and latent semantic indexing
(LSI) or PeakVI*® for scATAC-seq data. scPairing’s encoders
then transform these low-dimensional representations onto a
common hyperspherical latent space. Following the contrastive
language image pre-training (CLIP) approach,® scPairing em-
ploys a contrastive objective that encourages transformed em-
beddings of different modalities from the same cell to be prox-
imal, while embeddings from different cells are pushed apart.
Our model adds further alignment objectives to ensure modality
alignment (STAR Methods).

Following the motivations of CLIP, we designed scPairing to
take representations from modality-specific models by default.
Using modality-specific representations provides flexibility in
the final representations learned by scPairing, such as account-
ing for the trade-off between batch correction and biological
conservation.>” Modality alignment becomes easier to learn
with low-dimensional representations, as fewer dimensions
make finding the alignment simpler than if the inputs were
high-dimensional raw counts. Using low-dimensional represen-
tations also makes the application of scPairing computationally
inexpensive, as scPairing has fewer parameters than a model
that directly takes counts as input (Table S1). The embeddings
learned by scPairing can be used for downstream analyses,
such as clustering and visualization.

Following a bridge integration procedure,”® scPairing can
generate new multiomics data from separate unimodal measure-
ments by artificially pairing unimodal cells (STAR Methods and
Figure 1B). First, the individual modalities from the multiomics
bridge data are integrated with the unimodal data. We train
scPairing on only the bridge data to learn a common embedding
space, then use its trained encoders to project the unimodal data
into the same space. We assign pairings between cells of the two
modalities by computing the assignment of cells from one mo-
dality to the other modality such that the total similarity among
all assignments is maximized (STAR Methods).

0

scPairing preserves biological structure while aligning
modalities

We first applied scPairing to a joint scRNA-seq and scATAC-seq
benchmarking dataset of bone marrow mononuclear cells
(BMMCs).*® For the scRNA-seq low-dimensional representa-
tions, we applied embeddings from Harmony-corrected PCA,*°
scVI,*2 scPhere,®' scGPT,*®> and CellPLM,>* while for the
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(A) Schematic of scPairing. Pre-trained encoders compute low-dimension embeddings Y™™ and YATAC that scPairing transforms onto a common hyperspherical
embedding space. The dashed-green box indicates that the low-dimensional representations are assumed to be computed prior to running scPairing. scPairing
applies a contrastive loss that encourages the embeddings of a cell from two different modalities to embed close together, while repelling different cells’ em-
beddings. The two embeddings are merged and decoded back to their low-dimensional representations. Either a pre-trained decoder or a learned decoder

reconstructs the count matrices for each modality.

(B) Training scPairing on a multiomics bridge enables artificial pairing of independent scRNA-seq and scATAC-seq datasets. The scPairing encoders co-embed
the two modalities in the same space. Solving the linear sum assignment problem with the similarities between scRNA-seq and scATAC-seq embeddings

produces artificially paired data.

scATAC-seq low-dimensional representations, we applied em-
beddings from Harmony-corrected LS| and PeakVI.*®

To quantify the preservation of biological structure, we
computed cross-batch k-nearest neighbor cell type classifica-
tion accuracies with scPairing embeddings. We held out cells
from one batch and predicted their types using the cells from
the other batches, which penalizes embeddings that fail to re-
move batch effects. Our results show scPairing preserves the
biological structure just as well as other multiomics methods
that learn the structure from count data, and better than unimo-
dal methods (Figure 2A). We also performed 10-fold cross-vali-

dation of k-nearest neighbors accuracies, where we saw similar
high performance from scPairing (Figure 2A). These results
demonstrate the tradeoff between batch correction and biolog-
ical conservation, as scVI and scPhere scRNA-seq embeddings
for scPairing performed best in cross-batch classification, while
CellPLM scRNA-seq embeddings performed best in 10-fold
cross-validation classification.

Next, we evaluated scPairing’s ability to align the two modal-
ities in the common embedding space using the fraction of
samples closer than true match (FOSCTTM) metric (STAR
Methods).*® We observed that scPairing embeddings derived
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Figure 2. Benchmarking integration of joint scRNA-seq and scATAC-seq data

(A) Comparison of biological structure preservation quantified by k-nearest neighbor cell type classification accuracies. We predicted cell types for one batch
given the cells from the remaining batches (cross-batch k-nn) or predicted cell types across 10-fold cross-validation (10-fold k-nn).

(B) Comparison of modality alignment performance with FOSCTTM and local inverse Simpson’s index (LISI) computed across all cells.

(C) Comparison of bridge integration performance. Cross-site 5-nn classification accuracy assesses cell type classification using the held-out scRNA-seq profiles
as a reference to predict the scATAC-seq cell types. Cross-site FOSCTTM assesses the alignment of the held-out scRNA-seq and scATAC-seq profiles.

The row labels for scPairing in (A-C) are the scRNA-seq modality representation used as input. Each of experiments in (A and B) were repeated for five trials. Each
of the experiments in (C) was repeated for five trials per held-out site. The mean of each metric is labeled and the circle size denotes the standard deviation.

from scVI with PeakVI or Harmony-corrected LS| outperformed
four other methods designed for modality alignment, including
CLUE, Cobolt, GLUE, and LIGER (Figure 2B)."82"-2241
Multiomics alignment is important as it imbues each modal-
ity’s encoder with rich information from other modalities, such
as differentiation patterns or cell types predominantly character-
ized by a specific modality. We observed this transfer of informa-
tion when applying scPairing to data with modality-specific infor-
mation. First, we used a dataset of mouse skin cells sequenced
by SHARE-seq, with Palantir*® used to order the cells in pseu-
dotime. Initially, only the scATAC-seq data showed the correct
differentiation trajectory. (Figures S1A and S1B). After applying
scPairing, both the scRNA-seq and scATAC-seq embeddings
followed the correct differentiation trajectory. (Figures S1C and
S1D). Second, we applied scPairing to a set of joint scRNA-
seq and scATAC-seq cells from the developing human cerebral
cortex.”® In these data, three blood vessel cell subtypes (endo-
thelial cells, pericytes, and vascular smooth muscle cells) share
similar chromatin accessibility profiles, but have distinct tran-
scriptomes (Figures S1E and S1F). After integrating the data,
the embeddings for the scATAC-seq modality show a clearer
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distinction between the three cell subtypes (Figures S1G and
S1H). We confirmed these observations by computing the per-
cell type Local Inverse Simpson’s Index (LISI), which showed
a sharp increase in all cell types in the scATAC-seq modality,
while remaining mostly unchanged in the scRNA-seq modality
(Figures S11 and S1J). Focusing specifically on the separation
of the three blood vessel cell subtypes, we observed a similar
trend (Figures S1K and S1L).

We also investigated modality mixing in scPairing’s represen-
tations, as aligning the modalities does not preclude the possibil-
ity that the modalities are separated in the common embedding
space. We calculated the LISI, which measures the diversity
within the nearest neighborhoods in a k-nearest neighbor graph.
We saw that scPairing embeds modalities with greater mixing
compared to four other modality alignment methods (Figure 2B).

Next, we compared scPairing to other methods in bridge inte-
gration, which is key to achieving high-quality cell pairings. To
simulate bridge integration, we held out one of four sequencing
sites from the benchmarking data, using three sequencing sites
as the bridge data, and the held-out site as two separate unim-
odal data. We trained each method on the bridge data and
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evaluated their ability to classify the held-out scATAC-seq cell
types using the held-out scRNA-seq cell type labels as a refer-
ence, and their alignment of the two modalities from the held-
out data (STAR Methods). In the cell type classification task,
we observed that scPairing is competitive with other methods,
while in the alignment task, scPairing better aligns modalities
than other methods (Figure 2C).

Though we argue for cell pairing for multiomics data genera-
tion, we also tested scPairing in performing cross-modal imputa-
tion since both decoders in scPairing decode from the common
latent space. We performed the same cross-site split of the
benchmarking dataset and used the scATAC-seq embeddings
to impute scRNA-seq profiles and vice-versa. scPairing
with pre-trained or learned decoders achieved comparable
imputations based on the Spearman correlation between true
and imputed gene expression (Figure S2A), and the imputations
accurately reflected the expression of marker genes
(Figures S2B and S2C). The binary cross-entropy between the
true binarized and imputed peak accessibility was lower in three
of four sites when comparing scPairing with pre-trained de-
coders against MultivVl or scButterfly (Figure S2D). When
using learned decoders, the binary cross-entropy drastically
decreased, with performance comparable to BABEL. (Another
method, JAMIE, which also merges embeddings for cross-
modal imputation, was not included in our benchmarking due
to memory constraints.)?®

Lastly, we demonstrate scPairing’s flexibility to learn aligned
representations of CITE-seq data, another multiomics technol-
ogy that jointly measures gene expression and cell surface pro-
teins.” We applied scPairing to two CITE-seq datasets: 90,261
BMMCs from Luecken et al.*® and 161,764 peripheral blood
mononuclear cells (PBMCs) from Hao et al.' First, we evaluated
biological structure preservation with cross-batch k-nearest
neighbor classification accuracies. We observed that scPairing
achieved the best accuracy in the BMMC data and the sec-
ond-best accuracy in the PBMC data (Figures S3A and S3B).
Second, we evaluated modality alignment with FOSCTTM and
LISI, where we observed that scPairing was the only method to
achieve both low FOSCTTM and high LISI in both datasets
(Figure S3C). While CLUE achieved strong FOSCTTM, it failed
at mixing the modalities, and while LIGER achieved strong mix-
ing, it failed to align modalities originating from the same cell.
These results show scPairing’s flexibility in integrating multio-
mics datasets across various modalities and technologies,
achieving superior performance over standard methods.

Bridge integration produces artificial cell pairings
resembling true multiomics data
We evaluated scPairing’s ability to produce realistic artificial
multiomics data by pairing gene expression and chromatin
accessibility profiles from human retinal cells, using another
paired multiomics dataset as a bridge. The unpaired Liang
et al. dataset contains over 250,000 cells sequenced with
snRNA-seq and 137,000 cells sequenced with snATAC-seq.**
The paired Wang et al. bridge dataset contains over 45,835 joint
scRNA-seq and scATAC-seq cells.*®

After harmonizing the unpaired and bridge datasets and
applying scPairing, we obtained 105,613 artificially paired cells
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(Figure 3A). Visualization of our artificial pairings shows that
scPairing correctly separated the discrete major cell types in
the retina. To determine the quality of our pairings, we focused
on 24,446 retinal bipolar cells. Liang et al. annotated 14 retinal bi-
polar cell subtypes, which our pairings also successfully
captured (Figure 3B).

We further assessed whether our artificial pairings are concor-
dant with true paired data by calculating the correlation between
gene expression and chromatin accessibility of peaks within
250 kb of the gene TSS across 12 abundant retinal bipolar cell
subtypes. We compared our pairings against imputations from
CCA between gene activities and the scRNA-seq data,*” impu-
tations solely derived from gene activities,”® and two deep
learning methods, BABEL®° and scButterfly.*° Sparsity presents
a challenge in computing faithful gene-peak correlations. Thus,
we applied the SEACells algorithm“® to aggregate retinal bipolar
cell subtypes into robust metacells (STAR Methods). For each
gene-peak pair, we computed the mean and standard deviation
of the Pearson correlations across the 12 subtypes (Figure 3C).

We found that the gene-peak correlations of the artificial pair-
ings most closely match the correlations from the paired multio-
mics data (Figure 3D). The multiomics data suggest weak corre-
lations between most genes and peaks close to the TSS with
small variance between subtypes. Artificial pairings produced
by scPairing have a distribution of means and standard devia-
tions closest to the paired data. The correlations produced by
gene activities, gene activities followed by CCA, and BABEL all
overestimate the gene-peak correlations and variance of corre-
lations between subtypes. For gene activities, the direct transfor-
mation from gene accessibility likely neglects the variability pre-
sent within cells, while neural networks tend to oversmooth when
making predictions. scButterfly manages to produce a distribu-
tion closer to the paired data, notably by having a substantial
number of uncorrelated gene-peak pairs.

We then re-analyzed the relationship between GNB3 expres-
sion and the peak at chr12:6850801-6853197 (Figure 3E). Using
aggregated metacells, we found that this gene-peak pair has a
strong positive correlation across all subtypes (Figure 3F). This
result aligns with the correlations seen in the paired multiomics
data, which also showed positive correlations (Figure 3G). In
contrast, aggregating cells by donor produced heterogeneous
correlations because cells from different donors were similar
(STAR Methods and Figure S4).

Robustness of scPairing

We performed ablation studies on the scPairing bridge integra-
tion procedure to evaluate its robustness in data integration
and pairing. First, we split the benchmarking BMMC dataset
into a bridge dataset consisting of three of the four sites, and a
test dataset consisting of one site separated into its individual
modalities for alignment and pairing. We downsampled each
cell type in the bridge dataset to 2%, 1%, 0.1%, and 0% of the
total number of cells to investigate how scPairing handles rare
cell types. We observed that most cell type’s FOSCTTM did
not drastically increase as the cell type was downsampled in
the bridge dataset (Figure 4A). We then assessed whether
scPairing could correctly re-pair cells of the downsampled cell
types in the test dataset. We observed that, with the exception
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Figure 3. Artificial pairing of human retinal data

(A) Uniform manifold approximation and projection (UMAP) visualization of the artificially paired human retinal cells produced by scPairing, colored by major cell
type.

(B) UMAP visualization of the retinal bipolar subset from the artificial pairing, colored by cell subtype.

(C) Comparison of density plots of peak-gene correlation means and standard deviations across the retinal bipolar subtypes on the Wang et al. multiomics data®®
(top-left), scPairing artificial pairings of the Liang et al. unpaired data** (top-middle), imputed gene expression of the Liang et al. scATAC-seq data using gene
activities followed by CCA with scRNA-seq data (top-right), using only gene activities (bottom-left), BABEL (bottom-middle), and scButterfly (bottom-right).
Correlations were computed using metacells produced by SEACells.*®.

(D) Earth Mover’s and Sinkhorn distances between the distribution of gene-peak correlation means and standard deviations for the Liang et al. dataset computed
from the different multiomics data generation methods compared to the distribution from the Wang et al. dataset.

(E) Coverage plot of retinal bipolar subtypes at the GNB3 TSS.

(F and G) Correlation of average GNB3 gene expression and chr12:6850801-6853197 accessibility across 12 retinal bipolar subtypes aggregated into metacells
from our artificial pairings (F) and the Wang et al. multiomics data (G).

of pDCs, all cell types retained a similar proportion of cell type- FOSCTTM when the dominant cell type proportion increased
consistent re-paired cells (STAR Methods and Figure 4B). from 90% to 95% (Figures 4C and 4D). Altogether, these results
Next, we downsampled all but one cell type in the bridge data-  suggest that modality alignment and cell pairing with scPairing is
set such that one cell type became dominant, comprising 70%, robust to variations in cell composition in the bridge data,
80%, 90%, or 95% of the cells in the bridge. After applying notably learning good alignments on underrepresented cell
scPairing to embed the test data onto the common embedding types.
space, the FOSCTTM for the dominant cell type remained stable, The scPairing model consists of three additional losses: a mo-
while the rest of the cell types only exhibited a marked increasein  dality discriminative loss, a batch discriminative loss, and a
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bridge data.
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(E-H) Sensitivity of scPairing’s additional losses in multiomics integration (E and F), bridge integration (G), and pairing (H). We assessed scPairing’s learned
embeddings in multiomics integration using cross-batch k-nearest neighbor classification accuracy (E) and alignment using FOSCTTM (F). Bridge integration was
assessed using the FOSCTTM of the held-out site (G). Pairing was assessed using the proportion of cell type-consistent pairings (H).

cosine similarity alignment loss. We evaluated scPairing with
all three combinations of the losses being either enabled or
disabled. While we did not observe drastic differences in the
FOSCTTM across the eight model variations, we noticed that
including the cosine similarity alignment loss increased the num-
ber of paired cells (Table S2). The effects of the three losses
became more apparent in the retinal experiment, where the high-
est proportion of cells were paired when applying scPairing with
all three losses enabled (Table S2).

We also tested the sensitivity of the three additional losses by
increasing or decreasing their weight in the overall scPairing loss
(Figures 4E-4H). We observed that the cosine similarity loss
weight does not affect the performance in multiomics integration
or bridge integration and pairing, while the batch discriminative

and modality discriminative losses only deteriorate performance
at high weights, suggesting that the current loss weights lead to
good performance.

Lastly, we modified the ¢ parameter used during pairing to
observe how the yield of paired cells varies. In both the test dataset
and the retinal experiment, the number of cells paired only drops
drastically when e decreases past 0.05 (Table S3). However, the
effect of this parameter is data-dependent and should be adjusted
according to the desired similarity between paired profiles.

Using a specialized bridge dataset pairs a rare immune
cell type

Ulezko Antonova et al. recently described a new rare cell type
with characteristics of both dendritic cells (DCs) and type 3
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Figure 5. Chromatin accessibility at the RORC, AIRE, and CD4 loci in R-DC-like cells

Accessibility from the RORC locus (left column), AIRE locus (middle column), and CD4 locus (right column) from the paired Ulezko Antonova et al. dataset that
originally described these R-DC-like cells®' (A), paired tonsil cell atlas data® (B), scPairing’s re-pairing of the paired tonsil cell atlas (C), scPairing’s artificial pairing
of the unpaired tonsil cell atlas (D), paired intestine data® (E), and scPairing’s re-pairing of the paired intestine data (F). In the RORC column, the pink box indicates
the RORyt promoter region and the black box indicates the RORy promoter. In the AIRE column, the black box indicates a conserved non-coding sequence of

AIRE. In the CD4 column, the black box indicates a CD4 promoter region.

innate lymphoid cells (ILC3s), which they termed RORyt+-DC
(R-DC-like) cells,*®°" also named PRDM16* cDC2C in another
study.®° In the study, they applied a sorting strategy to yield a
joint scRNA-seq and scATAC-seq dataset of human tonsil cells
enriched for R-DC-like cells. To test the versatility of scPairing,
we attempted to pair scRNA-seq and scATAC-seq data from
two datasets where very few R-DC-like cells have been
captured, using the Ulezko Antonova et al. dataset as a bridge.
To evaluate the quality of our pairings, we identified cells that ex-
press PRDM16, RORC, PIGR, and FOXP2 as candidate R-DC-
like cells. If we successfully paired these cells, the artificially
paired cells should show a chromatin accessibility profile similar
to the R-DC-like cells in the Ulezko Antonova et al. dataset
(Figure 5A). We highlight four regions examined by Ulezko Anto-
nova et al. at the RORC, AIRE, and CD4 loci. They found that
R-DC-like cells have an accessible RORyt promoter region but
not at the RORy promoter region, an inaccessible AIRE non-cod-
ing sequence 1 (CNS1), and an accessible CD4 promoter region.

We first artificially paired data from an atlas of human tonsil
cells.>? These data contain both paired and unpaired scRNA-
seq and scATAC-seq cells. Starting with the paired data, we veri-
fied that scPairing correctly re-pairs the R-DC-like cells. Since
the two modalities were already paired, we checked whether
each scRNA-seq profile of an R-DC-like cell paired with an scA-
TAC-seq profile of an R-DC-like cell. Out of 27 R-DC-like scRNA-
seq profiles, 24 paired with a scATAC-seq profile from an R-DC-
like cell, including 12 perfect matches (Table S4). Comparing the
chromatin accessibility profiles, we found that the profiles of our
re-pairings matched the profiles from the original paired data and
the Ulezko Antonova et al. data at all four key regions (Figures 5B
and 5C).

8 Cell Reports Methods 5, 101211, November 17, 2025

Given the success of scPairing at re-pairing rare R-DC-like
cells, we then applied scPairing to the unpaired cells. Examining
the chromatin accessibility profiles paired to R-DC-like scRNA-
seq profiles, we see that they mirror both the Ulezko Antonova
et al. dataset and the original paired tonsil atlas dataset at the
four regions of interest (Figure 5D).

Next, we applied scPairing to paired human intestine cells® to
show that our pairing procedure works across tissues. The chro-
matin accessibility profiles of the original paired data and our re-
pairings were consistent with each other (Figures 5E and 5F;
Table S5). The RORC and CD4 loci were consistent with the
Ulezko Antonova et al. dataset, but the AIRE CNS1 exhibited
accessibility close to the region in both the paired and re-paired
data. This different accessibility profile with AIRE CNS1 accessi-
bility has been observed in the mouse spleen.®* Aire has also
been shown to be highly expressed in R-DC-like cells in mouse
mesenteric lymph nodes, which supports Aire CNS1 accessi-
bility as the region contains NF-xB binding sites critical for Aire
expression.”>°® scPairing’s success in pairing rare cells both
within the same tissue and across tissues shows its ability to
generate multiomics profiles of underrepresented cells to better
understand their cellular state.

Applying scPairing re-annotates clear cell renal cell
carcinoma data and generates new multiomics profiles
One challenge with applying our pairing framework is the lack of
a single paired multiomics dataset that captures all cell types in
the unpaired data in sufficient numbers. To demonstrate how we
alleviate this challenge, we applied scPairing to integrate and
pair separate scATAC-seq and scRNA-seq cells from ccRCC
samples.”” We first selected a multiomics bridge dataset of
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Figure 6. Re-annotating and generating ccRCC single-cell multiomics data with scPairing
(A) UMAP visualization of the scATAC-seq ccRCC data from Yu et al.,®” colored by re-annotated cell types using bridge integration with scPairing.
(B and C) Comparison of scPairing cell type annotations of the Yu et al. ccRCC scATAC-seq data®’ against the original annotations (B) and CCA annotations (C).

The heatmaps are normalized per row.

(D) UMAP visualization of the artificially paired multiomics data colored by scRNA-seq cell type annotation.

(E) Heatmap of correspondences between ccRCC scRNA-seq subtypes and scATAC-seq subtypes in the artificially paired data, normalized per row.

(F and G) Accessibility around the CA9 locus (F) and COL23A1 locus (G). The gene models for CA9 and COL23A1 are highlighted in a black box. Gene regulatory
elements identified in GeneHancer®® are displayed in red. Regions highlighted in yellow have accessibility correlated with gene expression. Highlighted regions
that are differentially expressed in a ccRCC subtype are annotated with asterisks, according to a t test with adjusted p value after Benjamini-Hochberg correction:

p <0.05 (), p < 0.01 (**), and p < 0.001 ().

23,001 cells sequenced from ten ccRCC samples (Figure S5A).°8
However, this dataset consists primarily of malignant cells, with
different immune cells comprising a small proportion of cells at
11.5%, and other cell types represented by fewer than 50 cells.
Thus, to increase the proportion of immune cells, we incorpo-
rated 10,970 PBMCs from 10x Genomics,*® resulting in a final
bridge dataset of 33,971 cells (Figure S5B).

We first applied scPairing to re-annotate the scATAC-seq data
by integrating the separate scATAC-seq and scRNA-seq modal-

ities onto a common embedding space, followed by transferring
the labels from the scRNA-seq onto the scATAC-seq data with a
5-nearest neighbors classifier (Figures 6A and S5C). The original
annotations of the scATAC-seq data were based upon gene ac-
tivities, differentially expressed peaks, and transcription factor
analysis (Figure S5D), and only captured the major cell types
(ten cell subsets) (Figure 6B).°” We next compared the annota-
tions obtained from scPairing to Seurat CCA (Figure 6C).*’
While CCA also corrects some of the original annotations, it

Cell Reports Methods 5, 101211, November 17, 2025 9
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misclassified plasma cells as B cells and labeled some malignant
cells as plasma cells (Figures S5E and S5F), as supported by
marker gene accessibility (Figure S6). Notably, scPairing cor-
rected many of the misannotations reported in the original study,
including misannotated monocytes as B cells, and misannotated
B and plasma cells as fibroblasts (Figures 6B and S6), high-
lighting the effectiveness of scPairing in cross-modality cell
type annotation.

Next, we generated 56,718 artificially paired multiomics pro-
files with scPairing (Figure 6D). Leveraging the flexibility of
scPairing’s bridge integration formulation, we avoided batch
correction in the low-dimensional representations used as input
to scPairing to preserve inter-patient heterogeneity. Based on
marker genes from Yu et al.,°” we annotated three scRNA-seq
subtypes and 16 scATAC-seq subtypes within the ccRCC malig-
nant cells. Our artificial pairings showed an association between
scRNA-seq subtype 2 and scATAC-seq subtype 11, as reported
in Yu et al.,°” but also showed that scRNA-seq subtype 2 was
associated with scATAC-seq subtype 3, and scRNA-seq sub-
type 3 with scATAC-seq subtype 7 (Figure 6E), which demon-
strates scPairing’s potential to find associations between dis-
ease subtypes.

With our artificially paired data, we applied the SEACells
algorithm*® to identify relationships between key ccRCC genes
and peaks. We first looked at CA9, a ccRCC diagnostic marker
present only in tumor cells®' that is differentially expressed
in scRNA-seq subtype 1 compared to subtypes 2 and 3
(Figure 6F). We identified a number of peaks that were correlated
with CA9 expression, including three peaks that were more high-
ly expressed in scRNA-seq subtype 1. Moreover, many of the
correlated peaks corresponded to known regulatory elements
from GeneHancer.®® We then looked at COL23A1, a potential
prognostic factor for ccRCC,°> where our artificially paired
data revealed many candidate regulatory regions for COL23A1
that also exhibited differential accessibility across the three
scRNA-seq subtypes (Figure 6G). Overall, these results show
that the artificially paired data generated by scPairing can facil-
itate downstream analyses and biological discovery.

scPairing extends to trimodal sequencing data

To demonstrate that scPairing can integrate more than two data
modalities, we applied our model to a TEA-seq dataset, which
contains joint measurements of gene expression, chromatin
accessibility, and cell epitopes.?*

The representations learned by scPairing captures major cell
types and recapitulates known benefits of detecting cell epi-
topes, such as CD56°"9" and CD56%™ natural killer cell sub-
types (Figure 7A).* The representations for each individual mo-
dality also showed separation of cell types (Figure 7B) while
mixing the three modalities in the common embedding space
(Figure 7C). Compared to CLUE and Cobolt, scPairing embeds
each modality closer to its true match across all pairs of the three
modalities (Figure 7D). To investigate whether scPairing can
separate cells with shared profiles in one or two modalities, we
shuffled two cell types’ profiles to generate eight combinations
of sScATAC-seq, scRNA-seq, and epitope data (Figure S7A). Af-
ter applying scPairing, we observed that all eight combinations
were separated (Figures S7B-S7E), suggesting that scPairing
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can distinguish cells with partially shared modality-specific
profiles.

Next, we applied scPairing to re-pair DOGMA-seq data®® us-
ing the TEA-seq data as a bridge. The DOGMA-seq embeddings
produced by scPairing well preserve the matching triplets, as the
true matching ranks very highly in terms of embedding similarity
among all possible matchings (Figure 7E). The true matching
triplets also exhibited high pairwise cosine similarity and low
FOSCTTM, indicating that they co-embed closely (Table S6).
The scRNA-seq and scATAC-seq modality pair showed better
alignment metrics, suggesting that finding the true pairing with
epitope data is harder. This difficulty may stem from fewer over-
lapping features between datasets, with only 39 proteins shared
by the TEA-seq and DOGMA-seq data, while both the scRNA-
seq and scATAC-seq modalities have much greater overlap.

Then, we used a randomized greedy algorithm to generate a
re-pairing of the DOGMA-seq data, as no efficient optimal algo-
rithm exists for this problem (STAR Methods). Next, we evalu-
ated whether our re-pairing reflects the original data. Without
ground-truth cell type labels, we compared the similarity of clus-
ters discovered in the original data versus the re-paired data. The
cells in the re-pairing contain three modalities combined to form
one cell, each of which may originate from different cells. Thus,
we computed the similarity with respect to each modality. We
observed that the clusterings show strong similarities, with sub-
stantial overlap regardless of modality (Figures 7F-7H), with an
average adjusted Rand index of 0.522 and normalized mutual in-
formation of 0.623.

Finally, we synthesized a new trimodal dataset using the joint
scRNA-seq and scATAC-seq Multiome BMMC benchmarking
dataset and the epitopes from the CITE-seq dataset from
Luecken et al.,*® using the TEA-seq data as a bridge. After pro-
jecting all three modalities onto the bridge, we assigned epitope
profiles to the Multiome cells. Out of 69,249 Multiome cells, we
successfully paired 56,569 cells to high-similarity epitope pro-
files (Figure 7F). Despite the TEA-seq bridge missing cell types
present in the BMMC data, we still found pairings for the unob-
served erythroid cell types, which suggests that scPairing could
learn an embedding space that matches out-of-distribution
cells. We also observed that the matched epitope profiles are
consistent with the cell identities through the expression of
marker epitopes, including the separation between CD4 and
CD8 expressing cells, and CD45RA and CD45R0O expressing
cells (Figure 7G).

DISCUSSION

In summary, scPairing builds upon the powerful VAE architecture
by adding contrastive learning to align representations of multio-
mics data together onto a common embedding space. By
learning the alignment between paired multiomics data, scPair-
ing enables the alignment of unpaired data, from which new arti-
ficial multiomics data can be generated by pairing cells together.

Generating artificial pairings with scPairing can be viewed as a
reformulation of bridge integration. As originally defined, bridge
integration expresses unimodal cells in terms of multiomics cells
(the bridge) to harmonize the features for cells from separate mo-
dalities using dictionary learning.”® While both our method and
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Figure 7. Integration of joint scRNA-seq, scATAC-seq, and cell epitope data

(A) UMAP visualization of scPairing joint representations of the TEA-seq data, colored by manually annotated cell types. Each dot represents a cell.

(B and C) UMAP visualization of scPairing representations of each of the three modalities in the embedding space, colored by manual cell type annotation (B) and
modality (C). Each dot represents a profile from one specific modality of a cell.

(D) Comparison of pairwise-modality FOSCTTM on TEA-seq embeddings.

(E) Histogram of percentile rank of true match among all possible pairings for DOGMA-seq cells projected onto the TEA-seq bridge data. The yellow dashed line
denotes the median percentile rank, while the red dashed line denotes the mean percentile rank.

(F-H) Proportion of cells from each original DOGMA-seq Leiden cluster in each re-pairing Leiden cluster. The matrix is normalized by column; each column sums
to one. Since the re-pairings constitute three different sets of cells, one for each modality, we computed the similarity for the selected scRNA-seq cells (F),
scATAC-seq cells (G), and epitope cells (H).

(I) UMAP visualization of the scRNA-seq modality of the artificially generated trimodal BMMCs, colored by cell type.

(J) Marker epitope expression in the artificially paired trimodal BMMCs.

the original bridge integration first harmonize the bridge with the Unlike many other multiomics integration tools taking raw
unimodal data, our method differs by using the bridge data to  counts as input, scPairing can take low-dimensional representa-
find an alignment between the modalities. This procedure is tions of each modality as inputs. This strategy reduces scPair-
more efficient than dictionary learning, which expresses unimo-  ing’s runtime, although computing the modality-specific repre-
dal cells in terms of bridge cells. sentations can be computationally expensive for complex
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deep learning models. However, the availability of pre-trained
models, including pre-trained scVI models® or single-cell
LLMs,*33%63 each trained on millions of cells, helps alleviate
this issue. These pre-trained models can compute embeddings
either after fine-tuning or directly in a zero-shot manner without
any additional training, drastically reducing the time required to
obtain input representations for scPairing. Our benchmarking
with scGPT*® and CellPLM** embeddings demonstrates that
these pre-trained models can be used with scPairing. As large
pre-trained models designed for chromatin accessibility become
available, such as EpiGePT,** we foresee scPairing interfacing
directly with pre-trained models for any modality, allowing for
fast multiomics data integration.

The flexibility in choosing modality-specific integration
methods as input for scPairing opens the door to cross-species
multiomics data generation. Fewer non-human paired multio-
mics data exist due to the high cost of multiomics sequencing.
Given the success in pairing R-DC-like cells using bridge and un-
imodal data from different tissues, one can potentially also apply
scPairing to data from different species. Specialized tools devel-
oped for cross-species integration can assist in integrating the
bridge and unimodal data.®®>™’

We believe that scPairing presents an opportunity to leverage
the wealth of unimodal single-cell data to generate high-quality
artificial multiomics data, including difficult to obtain trimodal
data. These generated datasets can be analyzed through a mul-
tiomics lens using other powerful multiomics tools to identify
novel relationships between modalities.

Limitations of the study

There are some challenges in applying scPairing. First, the linear
sum assignment algorithm used to generate pairings in the com-
mon embedding space does not scale efficiently when pairing
large unimodal data with many similar cells, such as the retina
data. This limitation requires approximation by computing pair-
ings on separate chunks of the data. Approximation algorithms
for linear sum assignment could improve the scalability of pair-
ing.®® Second, our pairing framework requires a multiomics da-
taset to use as a bridge, which may not exist within certain con-
texts. In these cases, methods for diagonal integration may be
more appropriate as they do not require the datasets to have
common features.
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Human PBMC CITE-seq Hao et al.™ GSE164378

Mouse skin SHARE-seq Ma et al.? GSE140203

Human cerebral cortex joint Zhu et al.*® GSE204682

scRNA-seq and scATAC-seq

Human retina joint scRNA-seq and Wang et al.** UCSC Cell Browser: chang-retina-atlas
sCATAC-seq, scRNA-seq raw counts

Human retina joint scRNA-seq and Wang et al.* GSE196235

scATAC-seq, scATAC-seq fragment files

Human retina unpaired snRNA-seq Liang et al.** UCSC Cell Browser: retina-atac

and snATAC-seq

Human tonsil joint scRNA-seq and
scATAC-seq enriched for R-DC-like cells

Paired and unpaired human tonsil cell
atlas scRNA-seq and scATAC-seq

Paired human intestine scRNA-seq
and scATAC-seq

Paired ccRCC scRNA-seq and scATAC-seq
10x Multiome PBMC

Ulezko Antonova et al

Massoni Badosa et al.*?

Hickey et al.”®

Hu et al.>®

10x Genomics®®

GSE247692

Zenodo: https://doi.org/10.5281/zenodo.8373756

Data Dryad: https://doi.org/10.5061/dryad.0zpc8672f

Zenodo: https://doi.org/10.5281/zenodo.8063124

https://www.10xgenomics.com/
datasets/10-k-human-pbm-cs-
multiome-v-1-0-chromium-x-
1-standard-2-0-0

Unpaired ccRCC scRNA-seq and scATAC-seq Yuetal.®” GSE207493

PBMC TEA-seq Swanson et al.”* GSE158013

PBMC DOGMA-seq Mimitou et al.?® GSE156478

Software and algorithms

scPairing This paper https://github.com/Ding-Group/scPairing
Scanpy Wolf et al.®® https://github.com/scverse/scanpy
Muon Bredikhin et al.”® https://muon.scverse.org/

Seurat Hao et al.™ https://satijalab.org/seurat/

Signac Stuart et al.*® https://stuartlab.org/signac/

MACS2 Zhang et al.”’ https://github.com/macs3-project/MACS
scVI Lopez et al.*” https://scvi-tools.org/

PeakVI Ashuach et al.*® https://scvi-tools.org/

scPhere Ding et al.®’ https://github.com/Ding-Group/scPhere
TotalVI Gayoso et al.’® https://scvi-tools.org/

Multiv Ashuach et al."” https://scvi-tools.org/

MoETM Zhou et al.™® https://github.com/mangizhou/moETM
MIRA Lynch et al.'? https://github.com/cistrome/MIRA
scMM Minoura et al." https://github.com/kodaim1115/scMM/
Cobolt Gong et al.'® https://github.com/epurdom/cobolt/
GLUE Cao & Gao®' https://github.com/gao-lab/GLUE
CLUE Tu et al.*? https://github.com/gao-lab/GLUE
LIGER Welch et al.*! https://github.com/welch-lab/pyliger
scib Luecken et al.®” https://github.com/theislab/scib
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

scikit-learn Pedregosa et al.”? https://scikit-learn.org/stable/index.html

Scipy Virtanen et al.”® https://scipy.org/

SEACells Persad et al.*® https://github.com/dpeerlab/SEACells

POT: Python Optimal Transport Flamary et al.” https://pythonot.github.io/

Other

scGPT pre-trained model checkpoint Cui et al.*® https://drive.google.com/drive/folders/
1_GROJTzXiAV8HB4imruOTK6PEGUNOcgB

CellPLM pre-trained model checkpoint Wen et al.** https://www.dropbox.com/scl/fo/

i5rmxgtqzg7iykt2eQugm/h?rlkey=
08hi0xads90l07048jdityzv1&dI=0

METHOD DETAILS

The scPairing framework

Though scPairing applies to any combination of data modalities, we describe the two-modality version of scPairing in terms of joint
SCATAC-seq and scRNA-seq data. The scPairing model takes in a multimodal dataset with gene expression matrix XFNA = [xfNA_
xENA] € NO*9' | and chromatin accessibility matrix XATAC = [x{TAC  xATAC] ¢ NC*% with C cells, di genes, and d,» peaks.
scPairing also takes in a batch-corrected low-dimensional representation of each modality, YRNA = [yfNA | yBNA] ¢ R and

YATAC = [y\TAC _yATAC] € ROz, with ry and r, being the dimensions of the representations.

These representations can be obtained from approaches such as PCA for gene expression data and LS| for chromatin accessibility
data. Alternatively, these representations can also be obtained from deep learning models such as scVI*? for gene expression data
and PeakVI®*® or cisTopic’® for chromatin accessibility data, or from pre-trained models based on transformers.?*:%47¢

In scPairing, we incorporate the CLIP model described by Radford et al.>® designed for joint embedding of image and text repre-
sentations into a VAE model. For each cell i, we assume that the representations y™* and y~TA€ are described by a low-dimensional
latent vector z; € R? that lies on a (d-1)-sphere S~ 7,

Po (V¥ 2)) = p(@)-po (VY ) = (=) - o (v 2) - o, (v |2)

where 6; is the parameter set for each distribution. The prior distribution p(z;) is assumed to be the uniform distribution on the (d-1)-
sphere. Both py, (y™4|z;) and py, (y/\TA°|2;) are assumed to be normally distributed, with parameters specified by neural networks
(decoders).

We use variational inference to approximate the posterior distribution for z;. The variational distribution gq, (z;|yfN, yATAC) is
assumed to be a Power Spherical distribution’” on a (d-1)-sphere. The Power Spherical distribution is an alternative to the vMF dis-
tribution, which is considered the normal distribution on the hypersphere. We chose the Power Spherical distribution because of its
sampling efficiency compared to the vMF distribution. The Power Spherical distribution has two parameters, the direction g € S9
and the concentration k € R.g.

This variational distribution is parameterized by the three neural network encoders frna, farac and £, which compute pgna, BaTac,
and k, respectively. Since frya and fatac both produce a d-dimensional direction, we merge the directions from both encoders using a
method derived from dropout”®” to produce the u for the Power Spherical distribution. For each index ie{1,2, ...,d}, we take the value
corresponding to the i-th index in prna With 0.5 probability. Otherwise, we take the value corresponding to the i-th index in gatac. This
approach allows the model to better generalize to varying emphases on prna OF gatac-

The ELBO objective for training both encoder and decoder neural networks becomes

£ELBO = — DKL (q¢ (z|yRNA, yATAC) ” p(Z)) + [Ez~q¢ (zlyRNAvyATAC) ['09 Peo (yRNA7 yATAC |Z)} .

RNA, yATAC RNA, ATAC)

Here Dy (qe(zly )llp(2)) represents the KL divergence between gq(zly y and p(2). We also remove the cell index i
here for brevity, assuming just one given cell. Given N cells, the final ELBO is the sum of individual ELBO over N cells.

Given a Power Spherical distribution P and a uniform distribution on the sphere Q = 1/(s9~"), the KL divergence has a closed
form solution,

D (P|[Q) = - H(P)+H(Q),

where H is the entropy of the distribution. Since we assumed the prior distribution p(z;) to be a uniform distribution on the hyper-
sphere, we can compute the closed-form solution for the KL divergence between the variational approximation and the prior
distribution.
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To enforce that the two embeddings of a cell are close on the hypersphere, the encoders are learned to minimize the CLIP contras-
tive loss. In each batch of N cells, scPairing maximizes the cosine similarity of the embeddings for the N matching measurements,
while minimizing the cosine similarity of the embeddings for the N>-N non-matching measurements. For each RNA direction puENA we

compute the cross-entropy loss and average over all cells,

Lrna = ZIOQ eXp( (RNAT”:TAC/} ) )
i Z exp (ufNAT piTAC

where tis the learned temperature parameter. For each ATAC direction p/ATAC, we compute the symmetric version of the previous loss
and average over all cells,

.
Latac = — %Zlog Nexp(”’RNA :TAC/ T) .
j ;231 exp(ﬂfNA pATAC / T)

In addition to the contrastive objective, we add an adversarial objective by including a discriminator neural network h : §9 —[0,1]
that takes each direction, pf™A or uATAC, as input and outputs the probability that it originates from an RNA measurement. The RNA
and ATAC encoders are trained to fool the discriminator such that the discriminator cannot determine the difference between the
RNA embeddings and ATAC embeddings. The adversarial loss is given by

= N Z Iog RNA Z Iog( ( ATAC))

Finally, we add an alignment objective to further encourage modalities from the same cell to be similar,
Ly = ZCosmeSmllarlty( TN 1 T0)

In datasets where batch effects are prominent and cannot be sufficiently corrected by the modality-specific encoders, the CLIP
contrastive loss may over-separate cells based on their batch. To counteract this effect, we add another adversarial objective, except
this discriminator predicts the batch each embedding came from. Given a dataset with B batches, the discriminator neural network
b : $9715[0,1]° takes in ™A or uATAC and produces the probabilities of cell i coming from each batch. The RNA and ATAC encoders
are trained to fool this discriminator. The batch adversarial loss is a B-class cross-entropy loss,

B
Ls NZZy,tlog ™) ZZy,tlog #™),),

where y; ; is a binary indicator for cell i belonging to batch t.
The overall objective of scPairing is:

maxLp + Lp
hb

min — £ELBO+£RNA+£ATAC +£D+£A +£B-
Tana FATAG fr IRNA 9ATAC

Extending scPairing to allow for full data reconstruction

While the model described so far works for producing aligned embeddings usable in downstream analyses, the model does not

generate raw count data, unlike other methods.'”'®2? To enable data imputation, we augment the model with two additional de-

coders that take the reconstructed representations y™™* and ¥y~ and reconstruct the count data X"™* and XA™C. We also define

probabilistic models of scRNA-seq and scATAC-seq count data to modify the scPairing ELBO.
We model the scRNA-seq counts with a negative binomial distribution. For each observed count ;g

seq data matrix XANA e N9, we model XM as

BNA of gene g in cell i the scRNA-

X;F,?A ~ NB(/‘/,ga 0-9)7

where the mean y; 4 is specified by a neural network decoder ggna, While the dispersion parameter s, is a gene-specific non-negative
number shared across cells.
ATAC

We model the scATAC-seq counts with a Bernoulli distribution. For each observed count x;;'** of region rin cell i, we binarize the

observation into either zero or one. This binarized count is X’ATAC 0if xATAC 0 and x’ATAC 1 if xA™C > 1. Then, we model this
observation as
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X/ATAC ~ Ber(p,,)
where the probability parameter p; , is specified by a different neural network decoder garac-
The new ELBO formulation becomes

Lego = — DKL Q¢ Z|.VRNA ATAC) ||P(Z)) +

[Ez - %(ZlyRNA-_VATAC) [log Do (yRNA“VATAc |Z) i

ATAC | yATAC) ATAC! yATAC)

log po (x +log pg (x

Leveraging pre-trained decoders for full data reconstruction

Instead of using a decoder that is trained from scratch during the training process, if the low-dimensional representations YANA or
YATAC were computed using a method that allows for reconstruction, we can leverage those decoders for faster training. Methods
such as PCA and VAEs already contain a reconstructor, either by multiplying the representations by the principal axes in PCA, or
passing the latent representations through the VAE decoder. Instead of learning new decoders to reconstruct the counts, we can
pass YANA and YATAC into the reconstructor from the method originally used to compute YRNA or YATAC,

Extension to datasets with more than two modalities

To extend scPairing to M modalities with count matrices X X®, .. X™ and batch-corrected low-dimensional representations Y,
Y@, ... Y™, we add additional encoders and decoders for the extra modalities, and compute the contrastive loss between all pairs of
modalities. There are encodersfy, ...,fy;, where f,,, takes in Y™ as input and produces d-dimension direction ﬂ(”’), and decodersgy, ...,
g, Where g,, takes in the merged d-dimension embedding and reconstructs X™. The process to merge the M d-dimension direc-
tions from each encoder uses the same dropout method, except each encoding has a 1/M chance of being selected at each index.
The pairwise CLIP loss between modality m4 and m,, is given by

(m)T (m2)

oxp (4™ /T)
Zlog = ,

! Z exp (ﬂ, e / T)
where this loss is calculated across all modalities m4,m,, where m#m,. The discriminator h changes from a function h : R?— [0, 1] to

h: Rd—>[0, 1]M, a function that outputs the probabilities that the embedding came from the m-th modality for me{1, ...,M}. The
discriminative loss becomes an M-class cross-entropy loss,

- 3 a(An™),) + gy ool )

The alignment objective becomes a pairwise cosine similarity between all modalities,

Z Z ZCosmeSmllarlty( 7,,,9"!))

i=1 /7/+1

£m1 my =

The batch discriminator objective is modified to calculate the prediction across all modality embeddings,
9 N B (
_ m
-3 Yowieao(n™),) ¢ gy S sion(o(u™))
1 1 =
The new objective becomes:

maxLp+ L
axbo +Le

M M
_EELBO Z Z B'.j+£D+£A+£B

min
fofi g1 € {1....M) .

Model structure and training

All of the neural network components of our model use a single-layer neural network with 128 units, layer normalization, and expo-
nential linear unit activation.®® Training is a two-step process due to the two objectives, training the discriminators to maximize the
adversarial objectives, and then training the encoders and decoders to minimize the augmented VAE objective. We use the Adam
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optimizer®' during training, with an initial learning rate of 0.005 and learning rate decay of 0.00006. We use a minibatch size of either
2000 or 5000 since larger minibatch sizes are better for representation learning tasks.®?

Artificially pairing unpaired multiomics data
Given a joint scRNA-seq and scATAC-seq bridge dataset R with matrices XEVA and X437, scPairing can generate pairings between
unpaired scRNA-seq dataset P and scATAC-seq dataset Q with matrices XEN* and X4™C. As introduced by Hao et al.,** we first
compute a common batch-corrected low-dimensional representation for each modality across datasets. For the scRNA-seq
data, XENA and XENA are processed into YENA and YENA, where batch effects between R and P are resolved. Likewise, X4™AC and
X5TAC are processed into batch-corrected representations YA™C and Y4™C. Then, we train scPairing on the bridge dataset YFNA
and YZ™C. With trained RNA and ATAC encoders, we pass YAV through the RNA encoder and Y5™C through the ATAC encoder
to obtain embeddings gV and u3™C on the common hyperspherical space.

The problem of pairing these cells is treated as a maximum weight matching problem in bipartite graphs, which aims to find a pair-
ing between vertices from one partition to the other such that the sum of edge weights is maximized. We first generate a bipartite
graph between cells i from dataset P and j from dataset Q, with the weight of each edge between cells i and j being

RNA ATAC>

CosineSimiIarity(yPl g, if cosine similarity > 1 — ¢

w(i,j) =
otherwise,

for some cutoff adjustment € > 0. We prune edges between cells with similarity less than 1-¢ to prevent dissimilar cells from being

paired together during matching. The ¢ parameter can be manually tuned in the context of the data. In data with many similar cell

types, choosing a smaller € will prevent similar but distinct cell states from pairing together, such as cells present along a differen-

tiation trajectory.

To solve the maximum weight matching problem, we use the linear sum assignment function from SciPy,”® which uses a modifi-
cation of the Jonker-Volgenant algorithm.®® In large datasets, computing the maximum weight matching is infeasible due to time and
memory constraints. In such cases, we find an approximate solution by dividing the cells in both datasets into random disjoint sub-
sets and computing the maximum weight matching on each subset.

Trimodal artificial pairing
Given a joint sScRNA-seq, sScATAC-seq and epitope dataset bridge dataset R with matrices XEMA, XATAC, and X2°"°P°, and correspond-
ing unpaired data from datasets P, Q, and S with matrices XE™, XATAC, and X5*""°, we can apply scPaifing to embed all three mo-
dalities onto the common hyperspherical space using the trimodal extension of scPairing. This procedure follows from pairing two
modalities, except a tripartite graph is produced, with one partition each for the scRNA-seq, scATAC-seq, and epitope modality cells.
The problem of finding artificial pairings for three modalities is intractable as finding a maximum tripartite graph is NP-hard. In lieu of
finding an optimal pairing, we propose a randomized greedy algorithm to generate a respectable pairing. Our algorithm randomly
selects a cell i from the modality with the fewest cells (without loss of generality, assume the scRNA-seq dataset has the fewest cells)
and finds the cell j from the scATAC-seq dataset and cell k from the epitope dataset that maximizes the pairwise cosine similarity
between pfNA, pATAC, and uePoPe Cells f, j, and k are removed from consideration and the algorithm repeats until all cells are paired
or the pairwise cosine similarity drops below a threshold. The full algorithm pseudocode is provided in Supplementary Note S2.
Alternatively, if we have a joint scRNA-seq and scATAC-seq dataset P with a separate epitope dataset Q, we can also generate
trimodal data. In this case, all three modalities are still embedded on the common hyperspherical space learned by scPairing with
bridge dataset R, except we can make a bipartite graph with one partition being the paired scRNA-seq and scATAC-seq cells,
and the other partition being the epitope cells. The edge weights between cell i and cell j is

CosineSimilarity (pﬁf"*,yg‘f“’pe) if total similarity > 2 — ¢

w(ij) = +CosineSimiIarity<ﬂngAC7 ﬂeopitope)

J
0 otherwise,

for some cutoff adjustment e. With this formulation, we can find optimal pairings using the linear sum assignment algorithm.”® This
pairing method can also be applied if we have a joint sScRNA-seq and epitope dataset with a separate scATAC-seq dataset.

Benchmarking evaluation
We assessed multiomics data integration using different metrics for data integration and alignment on the NeurIPS 2021 datase
The evaluation metrics are described below.

t38

Conservation of biological structure using kNN accuracies
To compare the quality of embeddings produced by each model, we performed both cross-batch validation and 10-fold cross-vali-
dation of cell type prediction. Cross-batch cell type prediction takes batch correction into account, as batches must be integrated
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together for accurate classification. Conversely, 10-fold validation does not account for batch effects. We conducted the k-nearest
neighbor predictions with k equal to 5, 17, 29, 41, 53, and 65. For the human PBMC CITE-seq dataset, we used the second-level
annotations.'*

Cell matching

To evaluate whether the model can correctly embed matching measurements from the same cell, we calculated the FOSCTTM.*° The
FOSCTTM metric indicates the proportion of cells that are closer to the embedding of one modality of a cell than the embedding of the
other modality for that same cell. Since FOSCTTM is not symmetric, the final metric is the average between the two FOSCTTMs. A
lower FOSCTTM indicates better cell matching.

Modality mixing
We check that the embeddings for each modality in the multiomics dataset mixes together using the LISI metric. We use the graph
iLISI implementation from scIB.*’

Cell type classification

We evaluate whether the representations of the unimodal data during bridge integration can enable cell type classification from the
scRNA-seq data onto the scATAC-seq data. We split the benchmarking data into the paired bridge, consisting of three out of four
sequencing sites, and use the separate scRNA-seq and scATAC-seq data from the fourth site as the unimodal data. Each method is
trained on the bridge data and the unimodal data are directly passed into the trained model to obtain separate scRNA-seq and scA-
TAC-seq embeddings. We use a 5-nearest neighbor classifier trained on the unimodal scRNA-seq data embeddings and predict the
cell type using the scATAC-seq data embeddings. We assess the classification accuracy.

Cross-modality imputation

We evaluate the ability of each model to impute across modalities by training the model on three out of four sites and imputing using
the held-out site. We quantified the scRNA-seq imputations using the Spearman correlation between the true and imputed expres-
sion. We quantified the scATAC-seq imputations using the binary cross-entropy between the binarized true accessibility and the
imputed accessibility.

Comparison methods

We compare our method to nine other multiomics tools: GLUE,”" MOFA+,"® Multivl,'” MoETM,"'® MIRA,"? Cobolt,"® CLUE,**
BABEL,*° and scButterfly.*® Of these, Cobolt and CLUE were designed for modality alignment, and BABEL and scButterfly were de-
signed for inter-modality imputation. We ran the methods based on their publicly available tutorials, or if no tutorials exist, based on
their default settings. All tools were installed from publicly available source code, with the exception of BABEL, which was re-imple-
mented to interface with AnnData.

For our experiments benchmarking GLUE using the CITE-seq data, we manually construct a graph, termed the prior regulatory
network. We annotate the Ensembl identifiers of the genes responsible for a given protein to add protein-gene edges. In the case
of protein complexes composed of multiple genes, we connect all of them to the same protein. Further, we add nodes for all genes
and proteins in the dataset, as well as self-loops, to satisfy GLUE’s graph checking criteria. The weight and sign of all edges were set
to1.

Evaluating the quality of retina pairings

With unpaired data, no ground truth pairing exists to evaluate the quality of the computed pairings. One common analysis performed
on joint chromatin accessibility and gene expression data is inferring transcription factor binding by identifying correlated genes and
peaks. Thus, we compare the preservation of gene-peak correlations found in a true multiomics dataset to indicate realistic pairings.

We compare our pairings against four other methods. The first is gene activities computed with Signac,*® which directly transforms
scATAC-seq fragments into gene counts by counting fragments overlapping each gene plus 2kb upstream. The second method uses
CCA implemented in the Seurat*’ FindTransferAnchors function to integrate the gene activities onto the scRNA-seq data. Then, we
use TransferData to impute the gene expression of the scATAC-seq cells using the scRNA-seq data as a reference. This second
method is the strategy applied by Liang et al. in their analysis of gene-peak correlations. The last two methods are both deep learning
methods that impute expression by decoding from a shared latent space: BABEL®® and scButterfly.*® We ran all of these methods on
the same set of sScCATAC-seq cells that were present in our artificial pairings.

We focus on the retinal bipolar cells as they were also analyzed for gene-peak correlations in Liang et al.** In particular, Liang
et al. analyzed the correlation of gene GNB3 expression and peak chr12:6959945-6962406 accessibility across all retina bipolar
cell types. We compare the means and standard deviations of gene-peak correlations in twelve retina bipolar cell subtypes. We
choose to compute correlations for all genes with peaks within 250kb of the gene TSS. Since not all genes are imputed by gene
activities, we only compute gene-peak correlations for genes present in the multiomics data, the artificially paired data, and gene
activities.
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We use metacells, specifically the SEACells algorithm, to compute gene-peak correlations as it has been shown that metacells
more faithfully capture relationships between the two modalities.*® We opt against donor-aggregated metacells as performed in
Liang et al. because donor-aggregation makes the assumption that the population of cells from each donor represents a different
state compared to the other donors. While this assumption may hold for data with high inter-donor heterogeneity, other data
have relatively small differences between donors. In these data, scATAC-seq profiles show relatively high mixing between donors
and for most cell subtypes, the bulk of cells have a diverse set of neighboring donors in the LSI embedding space, with only the
FMB and IMB subtypes showing low donor mixing. Thus, when aggregating cells by donor, the difference between each metacell
is likely noise, which implies that the positive, neutral, or negative correlations seen are derived through randomness between donors,
not biological variation. Altogether, these observations support our choice to use SEACells aggregation.

To obtain a sufficient number of metacells to compute meaningful correlations, we run SEACells using a target of ten cells per
metacell. We modify the maximum iterations of SEACells to 400 to ensure convergence, but use otherwise default parameters.

We quantify the difference between the gene-peak means and standard deviation distributions using optimal transport, which
measures the distance between two distributions. We calculate both the Earth Mover distance and Sinkhorn distance using the Py-
thon Optimal Transport library.”* As the optimal transport is not scalable to the number of gene-peak pairs, we randomly sample 2%
of the gene-peak pairs to perform optimal transport, and repeat for 100 trials.

Evaluating scPairing robustness

In the first two robustness experiments, we used the benchmarking BMMC dataset. The ablated training dataset excluded the data
from the first site, which was instead reserved as the test dataset. We then applied the bridge integration procedure using the ablated
training dataset as the bridge and the test dataset for pairing.

In the first robustness experiment, we downsampled each cell type by reducing a cell type’s proportion to 2%, 1%, 0.1%, or 0% of
the bridge dataset. If a cell type’s original proportion was already below 2%, we skipped that downsampling level for that cell type.
We conducted two evaluations. The first evaluation uses the FOSCTTM metric from the cell matching evaluation. The second eval-
uation computes the proportion of cell type-consistent pairings of the downsampled cells when re-pairing the test data. A cell type-
consistent pairing is one whose scRNA-seq profile and scATAC-seq profile both originated from cells of the same cell type. We
compute the number of cell type-consistent pairings in the re-paired test data divided by the original number of the downsampled
cell type in the test data.

In the second robustness experiment, we selected one cell type in the bridge dataset to be dominant and downsampled all other
cell types such that the selected cell type composed 70%, 80%, 90%, or 95% of the total bridge cells. We repeated this procedure for
the 11 most abundant cell types in the bridge dataset and evaluated the FOSCTTM in the test data separately for the dominant cell
types and for the remaining cell types.

In the third robustness experiment, we evaluated the necessity of the three additional loss components by running scPairing with
each combination of the three losses. In the pairing yield experiments, we used ¢ = 0.05 for the BMMC test dataset and £ = 0.02 for the
retina data.

Trimodal pairing evaluation
We evaluate the similarity of the re-pairings to the original pairings using three methods: FOSCTTM, the percentile rank of the true
pairing among all possible pairings, and the similarity between clusters in the original data and re-paired data. The FOSCTTM is
calculated as the average FOSCTTM of the three pairs of unique modalities.

The percentile rank of the true pairing calculates the cosine similarity rank of the true pairing, scRNA-seq, scATAC-seq, and
epitope data all from cell i, among all possible pairings. Let zZFNA, ZATAC, z8P°P¢ e the embeddings for cell i for each of the three mo-
dalities. We define the triplet similarity for cells i, j, and k to be

Tri-SIM(i,j, k) = d(zI_RNA7z/ATAC) " d(zl_RNAlzpitope) +d(szTAC,z:pitope)7

where d is a similarity measure (in this case, cosine similarity), as the embeddings are located on the unit hypersphere. Then, for cell /,
we calculate the percentile rank of Tri-SIM(,i,i) in

{Tri-SIM(i,j, k)|, k € {1,..., Nceis } }-

A high percentile rank triplet indicates that the true triplet match is very close to the best possible match, meaning the embeddings
closely follow the true pairings.

Cluster similarity is measured using the adjusted Rand index (ARI) and normalized mutual information (NMI) metrics. High ARI and
NMI indicate that clusters formed in the re-pairings and pairings share commonalities, and the structure of the original data is pre-
served in the re-pairings. The ARI and NMI are calculated for each modality in the re-pairing as one artificially paired cell is composed
of three cells, one for each modality.

Data preprocessing and pairing
We detail the preprocessing steps we took for each dataset used and the parameters used for pairing.
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NeurlPS 2021 bone marrow mononuclear cell benchmarking dataset
This dataset contained 69,249 joint scRNA-seq and scATAC-seq cells and 90,261 CITE-seq cells from ten donors across four sites.*®
Due to repeat samples from donors at different sites, there are 13 batches present in the data.

For the scRNA-seq data, we computed five low-dimensional representations: 20D Harmony-corrected PCA,*° 50D scVI,* 10D
scPhere,®' 512D scGPT,*® and 512D CellPLM.** The scGPT representation was computed following their reference mapping tutorial
using the continual pre-trained model checkpoint for zero-shot cell embedding. The CellPLM representation was computed following
their cell embedding tutorial using checkpoint 20230926_85M. For the scATAC-seq data, we computed two representations: 20D
Harmony-corrected LS| and 50D PeakVI.>* The LS| embedding was computed with peaks expressed in at least 1% of cells and
TF-IDF transformed counts. The PeakVIl embedding was computed with peaks expressed in at least 1% of cells. For the epitope
data, we computed a 50D PCA embedding.

SHARE-seq mouse skin dataset

This dataset contained 28,429 cells sequenced by SHARE-seq.” We used a pre-processed and re-annotated version by Lynch
et al.’” We used PCA and LS| embeddings as scRNA-seq and scATAC-seq inputs to scPairing.

Human cerebral cortex dataset

This dataset contained 45,549 joint scRNA-seq and scATAC-seq cells.*® Following the original analysis, we computed 30D PCA and
10D LSI embeddings for the scRNA-seq and scATAC-seq modalities. We excluded the first LSI dimension.

Human PBMC CITE-seq dataset

This dataset contained 161,764 cells profiled by CITE-seq.'* We used both 50D Harmony-corrected PCA and 50D scVI embeddings
for scRNA-seq modality and 50D Harmony-corrected PCA embeddings for the epitope modality.

Human retina datasets

We used two human retina datasets. The first dataset is over 45,835 joint scRNA-seq and scATAC-seq cells, including both left and
right retinas from four donors.*® The second dataset contained over 250,000 cells sequenced using snRNA-seq and 137,000 cells
sequenced using snATAC-seq.” The snRNA-seq samples came from six donors, of which we only use the four donors with the ma-
jority of cells (211,757 cells). The snATAC-seq samples came from 21 donors, which we all use.

We filtered the scRNA-seq data by keeping cells that had between 300 and 25,000 counts and at least 10 unique genes expressed.
The scATAC-seq data were filtered by retaining cells that had total counts between 3,000 and 30,000 and a nucleosome signal below
four. Peaks expressed in fewer than 0.5% of cells were also removed. We merged the scATAC-seq peaks using Signac*® by calling
peaks with MACS2"" on each dataset individually and combined the two peak sets using reduce.

The individual modalities in the paired and unpaired datasets were integrated with scVI and PeakVI for scRNA-seq and scATAC-
seq respectively, using the batch and dataset as categorical covariates. During pairing, we used similarity cutoff ¢ = 0.02.
R-DC-like datasets
We used three datasets containing R-DC-like cells. The bridge dataset contained 10,523 joint scRNA-seq and scATAC-seq human
tonsil cells.®” The bridge dataset is enriched for DC1, DC2, CD34*, and Lin-HLA-DR + CD4~CD1c-cells. The human tonsil dataset we
used for artificial pairing consists of 501 joint scRNA-seq and scATAC-seq cells, 1,536 scATAC-seq cells, and 7,098 scRNA-seq cells
after restriction to DCs and ILC3s. The human intestine dataset we used for artificial pairing consists of 280 joint scRNA-seq and
scATAC-seq cells after restricting the data to DCs. In all experiments, we used scVI as the scRNA-seq embedding and Harmony-
corrected LSI as the scATAC-seq embedding. During pairing, we used similarity cutoff e = 0.05.
ccRCC datasets
We used three datasets: one PBMC dataset and two ccRCC datasets. The bridge 10x PBMCs®® contained 10,970 cells and no addi-
tional pre-processing was performed. The bridge ccRCC dataset contained 23,001 cells from ten donors.”® The scRNA-seq profiles
were already pre-processed, with profiles having fewer than 1000 UMIs or more than 10% mitochondrial counts filtered out. scATAC-
seq profiles were filtered to keep profiles with between 100 and 10,000,000 counts. The cells were retained if both profiles from both
modalities were retained.

The unimodal pairing dataset contained 102,723 scRNA-seq profiles and 60,279 scATAC-seq profiles, obtained from 19 donors.”’
We removed cells with fewer than 500 genes or more than twice the median of detected genes. Cells with more than 10% mitochon-
drial counts were filtered out. For the scATAC-seq profiles, we kept cells with between 1000 and 20,000 peak counts, a blacklist ratio
at most 0.05, a nucleosome signal at most 4, and a TSS enrichment score at most 1.

We integrated the individual modalities in the paired and unpaired datasets using scVI and PeakVI, using only the source dataset as
the categorical covariate. For scVI, we only used highly variable genes. For PeakVI, we used only peaks expressed in 1% of cells. For
pairing the data, we used ¢ = 0.1.

Trimodal data

We used two trimodal datasets, TEA-seq®* and DOGMA-seq,>* with both sequencing PBMCs. The TEA-seq data contained 37,124
cells sequenced in five batches. The DOGMA-seq data consisted of four batches, of which we only used one batch, the control digi-
tonin-permeabilized cells, containing 11,868 cells. We kept cells in the TEA-seq data that had between 500 and 2,750 unique genes,
at least 1000 unique peaks, and were not part of a cluster that expressed the mouse control protein. We kept DOGMA-seq data that
had at least 500 peak counts, between 200 and 30,000 gene counts, 20 and 10,000 epitope counts, and fewer than 50 rat control
epitopes.
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In the TEA-seq integration experiment, we used Harmony-corrected PCA, LSI, and CLR transformed” counts were used as the
embeddings for the scRNA-seq, scATAC-seq, and epitope data, respectively. In the DOGMA-seq re-pairing experiment, we used
scVI, PeakVI, and Harmony-corrected scaled CLR counts as input to scPairing. During pairing, we used similarity cutoff e = 0.1.

The joint scRNA-seq and scATAC-seq dataset used to generate a new trimodal dataset was the NeurlPS 2021 benchmarking data.
The epitope data came from the same NeurlPS 2021 benchmarking data,*® except from the CITE-seq data. We discarded the
scRNA-seq data from the CITE-seq data to retain only the epitope sequencing. For low-dimensional representations, we used
scVI and PeakVI for the scRNA-seq and scATAC-seq data, respectively. For the epitopes, we used Harmony-corrected scaled
CLR transformed counts. During pairing, we used similarity cutoff e = 0.1.

Use of generative Al and Al-assisted technologies

To generate the heatmap comparing scPairing and other methods’ annotations in ccRCC, we prompted ChatGPT to generate code
to plot a heatmap of correspondences between two columns in Pandas, normalized by row. All data underlying the heatmaps were
generated solely by the authors.

QUANTIFICATION AND STATISTICAL ANALYSIS

We determined differentially expressed genes or peaks in our analysis of the ccRCC artificial pairings using Scanpy function scanpy.
tl.rank_genes_groups with default parameters, which uses a Welch’s t-test. Genes or peaks with p-value less than 0.05 after
Benjamini-Hochberg correction were taken to be differentially expressed.

We determined highly correlated gene-peak pairs in the ccRCC artificial pairings using the SEACells function get_gene_peak_cor-
relations. The full details of the calculation can be found in Persad et al.*® We took gene-peak pairs whose p-value was less than 0.05
to be highly correlated.
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