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Current single-cell profiling technologies enable the capture of multiple cellular
modalities, providing valuable insights into complex biological systems. While a
substantial amount of single-cell multimodal data has been generated and accumulated,
most of these datasets are unpaired, characterized by distinct feature spaces and a
lack of cell-wise correspondence. The absence of explicit linkages between modalities
poses a fundamental challenge for data integration and interpretation. To address
this, we introduce SuperMap, a statistical learning method designed for the integrative
analyses of unpaired multimodal data. SuperMap directly learns cross-modal mappings
from unpaired data to effectively bridge and link different modalities, facilitating a
variety of downstream analysis tasks. Comprehensive benchmarking and real-world
applications demonstrate the superior performance of SuperMap in enhancing cell-
type identification, improving diagonal integration, enabling regulatory analysis, and
revealing epigenomic priming events to specify cell differentiation directions for
trajectory inference.

cross-modality data integration | gene activity score | regression with unlinked data

Single-cell sequencing technologies have emerged as powerful tools across diverse areas
of biomedical research, providing unprecedented insights into cellular heterogeneity
and function. Recent technological advancements have enabled the profiling of various
cellular modalities at single-cell resolution, including chromatin accessibility (scATAC-
seq) (1, 2), DNA methylation (snmC-seq) (3), RNA expression (scRNA-seq) (4, 5),
and protein abundance (SCoPE-MS) (6). Integrative analyses of these multimodal data
are increasingly important for achieving a comprehensive view of cellular systems and
uncovering cross-modal regulatory mechanisms contributing to disease and development.

Several single-cell joint profiling protocols have been developed to simultaneously
measure multiple modalities within the same cell (7-10), generating paired multimodal
data. Notable examples include 10X Genomics Multiome platform and SHARE-seq (8),
which concurrently measure gene expression and chromatin accessibility in a single cell.
While multimodal profiling holds great promise, paired data remain relatively scarce
and often criticized for their noise, low-throughput, and high cost, which limit their
broad applicability (11). Consequently, in most scenarios, single-modality profiling
techniques are employed to measure different modalities in biologically similar samples,
resulting in the extensive generation and accumulation of unpaired multimodal data.
These unpaired data are more accessible and widely available across various species, tissue
types, developmental stages, and disease contexts (12, 13). This has driven growing
interest in their integrative analyses for various biological applications.

Integrative analyses on unpaired data offer significant advantages but present
substantial computational challenges. Since unpaired data are collected in different
feature spaces (e.g., chromatin regions in scATAC-seq versus genes in scRNA-seq) and
lack cell-wise correspondence, the absence of explicit linkages (or anchors) between
modalities poses a critical impediment to downstream biological analyses. For instance,
regulatory analysis, which associates features across modalities to uncover regulatory
interactions, become infeasible due to the lack of cell-wise pairing (14, 15). The same
is true for diagonal integration, which aims to integrate unpaired multimodal data
with distinct feature spaces into a unified latent space (16, 17). Existing diagonal
integration methods use biological prior knowledge or additional paired multimodal
data to establish linkages. For example, popular methods such as Seurat (18), BindSC
(19), and scJoint (20) calculate the gene activity score from ATAC data—based on
genomic coordinates—to serve as the linkage for aligning RNA and ATAC modalities.
Similarly, GLUE (21) employs a prior knowledge-based guidance graph that leverages
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genomic proximity information to serve as cross-modal linkages.
However, such linkages derived from biological priors, rather
than being adaptively learned from the data itself, are inherently
inaccurate and may introduce biases into the integration results.
Other methods, such as Coupled NMF (22), SeuratV5 (23),
and StapMap (24), adopt a “mosaic integration” approach by
incorporating paired multimodal data from similar biological
contexts to serve as linkages. Nevertheless, obtaining suitable
paired data is often prohibitively difficult and expensive, limiting
the applicability of these methods in real-world scenarios. Conse-
quently, constructing effective cross-modal linkages is crucial and
remains a major bottleneck in the integrative analysis of unpaired
multimodal data.

To address this, we propose SuperMap, a statistical learning
method for the integrative analyses of unpaired multimodal data.
SuperMap directly learns cross-modal feature mappings from
unpaired data. Compared with existing methods for learning such
mappings, which require paired data for training and are therefore
inapplicable to unpaired settings (25, 26), our framework
represents a substantive methodological advancement. The cross-
modal mappings learned by SuperMap serve as effective linkages
to bridge unpaired data, facilitating a variety of downstream
analyses. Specifically, the learned mappings enable us to impute
the missing-modality profiles in unpaired datasets, thereby en-
hancing cell-type identification and enabling regulatory analysis.
Additionally, we develop a diagonal integration scheme that uti-
lizes these mappings to construct high-quality alignment anchors,
thereby improving integration performance. Furthermore, we
apply SuperMap to datasets with continuous cell differentiation,
where it reveals epigenomic priming events during the cell
differentiation process, through which we identify a population
of EOMES+ neuron progenitor cells. Systematic benchmarks
and real-world applications demonstrate SuperMap’s superior
accuracy, robustness, and capacity to yield meaningful biological
insights.

Results

The SuperMap Framework. SuperMap is a statistical learning
method designed for the integrative analyses of unpaired single-
cell multimodal measurements. The input multimodal datasets,
which originate from different but biologically similar samples,
are each generated through distinct sequencing techniques (e.g.,
scRNA-seq, scATAC-seq, and snmC-seq), resulting in a lack of
cell-wise and feature-wise correspondences (Fig. 1A4). SuperMap
aims to learn cross-modal feature mappings directly from
unpaired data. The learned mappings effectively bridge different
modalities, filling inherent data gaps and facilitating downstream
integrative analyses. Notably, SuperMap operates without the
need for suitable paired data, which is often unavailable and
costly, thus enhancing its practicality in real-world applications.

The fundamental concept behind SuperMap involves match-
ing the joint distributions of multimodal data to learn cross-
modal mappings from unpaired observations. Here we take
unpaired scRNA-seq and scATAC-seq data integration as an ex-
ample for illustration (Fig. 1B), though SuperMap is broadly ap-
plicable beyond this modality pair. Let Y = (y1,y2,...,y,)! €
R”*? denote the normalized scRNA-seq expression data and
X = (x,%x2,...,%p,) T ¢ R™*4 denote the normalized
scATAC-seq accessibility data, where each row corresponds to a
cell and each column to a feature. Here, 7, and 7; are the numbers
of cells in the two datasets, and p and g are the numbers of features.
The two datasets have distinct feature sets (genes and chromatin
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regions, respectively) and lack cell-wise correspondence. Given
that both datasets are derived from similar biological systems, they
are expected to share an underlying biological structure related
to the cell population, such as similar cell-type compositions
and cellular state distributions. Let Y* € R™*? denote the
unmeasured RNA profiles for cells in X. Since Y and Y*
describe biological systems with similar structure within the same
modality, we assume they follow analogous patterns or joint
distributions:

d s

Y=Y, (1]

where £ signifies equality in joint distribution. Furthermore, it
is well established that different modalities are not independent,
but are linked through cross-modal regulations (27, 28), such
as chromatin accessibility influencing transcription. This justifies
modeling their association via a regression:

y*=Bx+e [2]

where B € R?*7 is the coefficient matrix, and € € R? is the error
term. Combining [1 and 2], we proposed a statistical learning
model for unpaired y and x, formulated as:

yin+€.

Given the high dimensionality of y and x, we fitted the
model by considering the marginal distributions and pairwise
interactions of variables, while incorporating prior knowledge
about the regulatory potential of the two modalities to regularize
or constrain the model. Furthermore, we designed an efficient
and robust optimization algorithm based on the Alternating
Direction Method of Multipliers (ADMM) framework (29).
Detailed descriptions of the model and algorithm are provided
in Materials and Methods.

SuperMap can facilitate extensive downstream integrative
analyses of unpaired multimodal data, as illustrated in Fig. 1C.
These include: 1) enhancing cell-type identification by im-
puting missing-modality profiles through learned mappings—
for example, predicting marker genes expression patterns in
ATAC cells where such information is absent yet crucial for
cell annotation; 2) providing high-quality alignment anchors
for diagonal integration, thereby improving modality alignment;
3) enabling regulatory analysis on unpaired data by estimating
cross-modal regulatory strengths; and 4) revealing epigenomic
priming events that specify cell differentiation directions along
the trajectory. Collectively, these capabilities demonstrate the
power of SuperMap in analyzing and interpreting unpaired
multimodal data, unlocking its full potential for biological
discovery.

SuperMap Accurately Learns Cross-Modal Mappings and Im-
putes Missing-Modality Profiles in Unpaired Data. We evaluated
the efficacy of SuperMap in learning cross-modal mappings
by assessing its performance in imputing missing-modality
profiles (Materials and Methods). We employed datasets generated
through simultaneous multimodal profiling techniques, which
provide the cell pairing information serving as a gold-standard
for assessment. In order to assess the generalization capabilities
of SuperMap, we used five publicly available datasets derived
from various tissues, species, and protocols, which have been
extensively used for benchmarking purposes in previous studies

(14, 21, 23, 30, 31). These datasets include the 10X Multiome
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Fig. 1. Overview of SuperMap. (A) The input for SuperMap consists of unpaired single-cell multimodal measurements derived from biologically similar samples.
SuperMap learns cross-modal feature mappings, which serve as linkages to bridge unpaired data. (B) Schematic representation of the SuperMap model. Given

unpaired multimodal data (Y) and (X), a regression-like framework is proposed, formulated as y 9 Bx + €. The model is fitted by considering the marginal
distributions and pairwise interactions of variables with prior knowledge constraints. An ADMM algorithm is designed for optimization. (C) Downstream

integrative analyses enabled by SuperMap.

dataset of human peripheral blood mononuclear cells (10X
Multiome PBMC), the 10X Multiome dataset of human bone
marrow mononuclear cells (10X Multiome BMMC) (32), the
SHARE-seq dataset of mouse skin (8), the sceNMT-seq dataset of
mouse embryos (33), and the ASAP-seq dataset of PBMC (34)
(Fig. 24 and SI Appendix, Fig. S14). Detailed information on
the benchmarking datasets is provided in S/ Appendix, Text. Of
note, in our analysis, we intentionally disregarded the inherent
pairing between modalities, treating them as unpaired to simulate
real-world scenarios, with the cell pairing information used solely
for performance evaluation.

We first evaluated the performance of SuperMap in imputing
RNA expression from ATAC accessibility. We benchmarked Su-
perMap against existing gene activity score calculation methods,
including Signac (35), MAESTRO (36), and UnpairReg (30), on
10X Multiome PBMC, 10X Multiome BMMC, and SHARE-
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seq mouse skin datasets. We employed a paired regression model
that utilizes paired information as the gold standard reference for
performance comparison. To evaluate the imputation accuracy,
we used three metrics: Pearson’s correlation, Spearman’s correla-
tion, and mean squared error (MSE). Across all three datasets, Su-
perMap demonstrated performance metrics closely aligned with
those of paired regression and significantly outperformed existing
methods (Fig. 2B). For the SHARE-seq mouse skin dataset,
the shallower sequencing depth resulted in lower imputation
accuracy for all methods; however, the improvement achieved
by SuperMap remained evident. Moreover, we identified a
set of marker genes for each cell type in the PBMC dataset
(SI Appendix, Table S1), following Seurat pipeline. We found
that all methods generally performed better on the marker
genes than on nonmarker genes (Fig. 2C), indicating that
marker-related signals are reliably captured. Notably, SuperMap
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Fig. 2. Benchmarking the performance of SuperMap in learning cross-modal mappings. (A) UMAP visualization of benchmark datasets (10X Multiome PBMC,
10X Multiome BMMC, SHARE-seq mouse skin and ASAP-seq PBMC), colored by cell types. (B) Evaluation of imputation accuracy for predicting RNA expression
from ATAC accessibility across different methods on benchmarking datasets. Each dot in the violin plot corresponds to one gene. (C) Comparison of the
imputation performance of different methods on marker versus nonmarker genes. (D) Imputation accuracy of SuperMap in predicting protein abundance from
chromatin accessibility on ASAP-seq PBMC data. () Imputation accuracy achieved by SuperMap on imbalanced datasets. (F) Imputation accuracy of SuperMap

under varying modality feature dimensions and cell sizes.

exhibited superior imputation performance compared with the
other methods, highlighting its potential to enhance cell-type
identification. For many marker genes, SuperMap successfully
recovered the expected expression patterns where the other
methods failed (S7 Appendix, Fig. S2). For several highly specific
markers, the baseline methods generally performed reasonably
well; nevertheless, SuperMap also exhibited strong cell-type
specificity. Collectively, these results demonstrate that SuperMap
accurately learns RNA-ATAC mappings from unpaired data and
enhances cell-type identification.

While RNA-ATAC integration is one of the most common
and widely applied scenarios in biomedical research, the under-
lying concept of SuperMap—matching joint distributions—is
broadly applicable to other modality pairs. To assess its generaliz-
ability, we applied SuperMap to integrate protein measurements
with chromatin accessibility data using the ASAP-seq PBMC
dataset, which contains antibody-derived tag measurements for
227 proteins along with genome-wide chromatin accessibility
profiles. We treated protein levels as the response variable y
and chromatin accessibility as the predictor variable x. We
evaluated SuperMap’s performance in imputation accuracy. As
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shown in Fig. 2D, SuperMap achieved satisfactory performance,
with accuracy comparable to that observed in the RNA-ATAC
integration tasks. To our knowledge, no methods currently exist
for directly imputing protein abundance from ATAC data in
unpaired context, so we did not include baseline comparisons
for this. Furthermore, since many of the measured proteins are
classic cell surface markers (e.g., CD4, CD14, and CXCRS5),
we visualized the imputed values of these markers. We found
that SuperMap accurately captured expected expression patterns
(SI Appendix, Fig. S1C). These findings demonstrate that
SuperMap can be effectively applied to the protein—ATAC
modality pair to learn their cross-modal mappings.

To further investigate SuperMap’s performance in predicting
RNA expression from DNA methylation, we applied it to
the scNMT-seq dataset of mouse embryos. Unlike chromatin
accessibility, DNA methylation levels typically exhibit an inverse
relationship with gene expression (37, 38). Therefore, SuperMap
utilized demethylation data for this analysis. The mean demethy-
lation rate (MDR), defined as the proportion of unmethylated
CpGs to the total CpGs in the promoter region (extending 2 kb
upstream and downstream of the transcription start sites) (39),

pnas.org
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served as the baseline method. We evaluated the imputation
accuracy using Pearson’s correlation between the predicted RNA
expression and the ground truth for each gene. As shown in 7 A4p-
pendix, Fig. S1B, SuperMap exhibited more accurate imputation
for the majority of genes, demonstrating its superiority.

Robustness of SuperMap to Data Imbalance and Varying Data
Conditions. In the above evaluations, cell types were consistent
and cell-type proportions were balanced between two modalities.
However, this balance is not always guaranteed. In practice, even
when two modalities are biologically matched, technical factors
like sampling variation or sequencing bias can introduce mild
discrepancies in cell-type proportions. Since SuperMap learns
cross-modal mappings adaptively from the data, its sensitivity
to data imbalance warrants further investigation. Therefore, we
conducted data corruption studies to evaluate how SuperMap
performs when cell types are unmatched or cell-type proportions
are imbalanced. We constructed two additional datasets based
on the 10X Multiome PBMC dataset: 1) downsampling the
three most prevalent cell types (CD14_Mono, CD4 naive
T-cell, and CD8 naive T-cell) in the scATAC-seq data by
removing 50% of the cells while keeping the scRNA-seq data
unchanged; 2) removing the three least common cell types
(pDC, plasma cell, and platelet) from the scATAC-seq data
while maintaining all the scRNA-seq data. To aid interpretation,
we included UMAP visualizations of the corrupted ATAC
data, which clearly show the absence of the removed cells, as
indicated by the red arrows (SI Appendix, Fig. S3A). These
artificially generated datasets were used to fit the model. Despite
the induced imbalance, the imputation accuracy of SuperMap
remains comparable to that achieved from the original complete
data (Fig. 2F), demonstrating SuperMap’s robustness to cell-
type proportion imbalance. We also evaluated the cell-type-
specific imputation accuracy. As shown in S/ Appendix, Fig.
S3B, SuperMap consistently maintained stable performance
across all cell types. The key to this robustness lies in that
SuperMap learns cross-modal mappings by fitting the marginal
distributions and pairwise interactions of features. Under above
mild data imbalance conditions, while the marginal distributions
exhibited slight shifts, the covariance structure of the data is
largely preserved which provides critical information for accurate
mapping estimation (S/ Appendix, Fig. S4 A and B). Additional
experiments show that as severe imbalance increasingly distorts
the data distribution, imputation accuracy progressively declines
(81 Appendix, Fig. S4C); see SI Appendix, Text for details.

We also investigated how modality-specific feature dimensions
and cell size affect SuperMap’s performance. The results show
that when the number of response features is small, imputation
accuracy decreases markedly (Fig. 2F and SI Appendix, Fig. S5A),
indicating that an adequate number of features is required to
reliably learn cross-modal mappings. A similar trend is observed
for predictor modality (Fig. 2F and SI Appendix, Fig. S5B).
Regarding cell size, SuperMap’s imputation accuracy significantly
declines when the number of cells used for model fitting is small
(Fig. 2F and SI Appendix, Fig. S5C). Detailed explanations
are provided in S/ Appendix, Text. Finally, we compared the
runtime performance of SuperMap and the baseline methods
across varying data sizes. SuperMap’s runtime scales linearly with
sample size (S Appendix, Fig. S5D); further details can be found
in 81 Appendix, Text.

SuperMap Facilitates Diagonal Integration by Providing
Effective Alignment Anchors. While several methods have been
developed for diagonal integration, they primarily focus on

PNAS 2026 Vol.123 No.6 2505182123

aligning modalities by removing modality-specific effects. Rather
than proposing yet another alignment algorithm, we focus on
constructing high-quality anchors—the major bottleneck in
this field. To operationalize this idea, we designed a diagonal
integration scheme (Materials and Methods), which offers a per-
spective and conceptual innovation for addressing the diagonal
integration problem.

We conducted a systematic comparative evaluation of Su-
perMap against several state-of-the-art integration methods,
including Seurat, MAESTRO, BindSC, GLUE, and scjoint,
all of which have demonstrated strong performance in bench-
marking studies (31). The benchmarking datasets employed
in the preceding section were utilized for this evaluation. The
UMARP visualization of the integrated embeddings showed that
SuperMap effectively aligned the two modalities, with cell
groupings closely corresponding to cell-type labels (Fig. 34 and
SI Appendix, Figs. S6 A and B and S7A).

To quantitatively assess integration performance, we com-
puted several evaluation metrics across three key aspects: cell
alignment error, label transfer accuracy, and biological conserva-
tion. Cell alignment error was quantified using the FOSCTTM
metric (21, 40), with lower values indicating better modality
alignment. Label transfer accuracy was evaluated using four
commonly adopted metrics: cell annotation accuracy (ACC),
adjusted rand index (ARI), normalized mutual information
(NMI), and average F1 score (F1) (41). To assess biological
conservation—specifically, how effectively an integration method
preserves biological signals—we employed the KNN purity score
(KNN_score) (23) and mean average precision (MAP) (21)
metrics. These six metrics range from 0 to 1, with higher values
indicating better performance (see S/ Appendix, Text for details).
As shown in Fig. 3 B and C, on the PBMC and BMMC
benchmarking datasets, SuperMap consistently outperformed
competing methods across all evaluation metrics. However, on
the SHARE-seq mouse-skin dataset, SuperMap achieved the
second-best performance, likely due to the dataset’s lower per-
cell sequencing depth (Fig. 3D). Such low-depth data make it
difficult for SuperMap to perform reliable imputation at single-
cell resolution, leading to degraded integration performance.
Additionally, the consistently superior performance of SuperMap
over Seurat demonstrates that, when provided with reliable
alignment anchors, even previously less effective integration
methods can achieve satisfactory performance (Fig. 3 B and C).

Furthermore, as an add-on module, SuperMap can also be
incorporated into other integration methods by providing ef-
fective alignment anchors. We combine it with BindSC, another
integration approach that, like Seurat, uses the gene activity score
as linkage. SuperMap augmented BindSC showed substantially
improved performance compared to its original implementation
(Fig. 3E). This further highlights the effectiveness of SuperMap-
derived anchors and underscores the crucial role of anchor quality
in diagonal integration.

As described in Materials and Methods, we performed impu-
tation for diagonal integration at single-cell resolution; however,
we used meta-cell data for model fitting, in which the choice of
meta-cell graining level is an important factor to investigate. The
graining level refers to the degree of size reduction from single-
cell to meta-cell data (i.e., single-cell number/meta-cell number).
A graining level of 50 corresponds to a 50-fold reduction.
Following previous studies (42), we set the graining level to
around 60 to 70. To further examine its effect, we systematically
evaluated the impact of graining level on model fitting. Using
the 10X Multiome PBMC dataset, we constructed meta-cell data
with varying graining levels (from 25 to 105), fitted the model for
each, and evaluated downstream integration quality. The results
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show that SuperMap performs very consistently across varying
graining levels (Fig. 3F and SI Appendix, Fig. S7 B and C).
This is expected, as meta-cell data with different graining levels
contain the same information about feature mappings, allowing
SuperMap to learn these mappings and yield similar downstream
results. These findings suggest that SuperMap is robust to the
choice of graining level, and values within a reasonable range (25
to 105) are feasible. The specific choice can be adjusted according
to data characteristics—for example, a higher graining level for
large or low-depth datasets.

SuperMap Enables Regulatory Analysis on Unpaired Multi-
modal Data. In the study of development and disease, dissect-
ing regulatory interactions is fundamental for understanding
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key biological processes. Traditional approaches for regulatory
analysis predominantly rely on paired data (14, 15), which is
often unavailable and costly to obtain. In contrast, benefiting
from its ability to learn cross-modal mappings, SuperMap
enables regulatory analysis using unpaired data (Materials and
Methods). To demonstrate this, we applied SuperMap to the
10X Multiome PBMC dataset, treating it as unpaired scRNA-
seq and scATAC-seq data. SuperMap successfully identified
several significant peak-gene linkages. As shown in Fig. 44, the
linked peak and gene exhibited strong concordant patterns in
chromatin accessibility and gene expression levels. Furthermore,
a negative correlation was observed between the regulatory score
and genomic distance of the peak-gene pairs, as expected, with
regulatory elements predominantly enriched in proximity to the
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Fig. 4. Regulatory analysis with SuperMap. (A) Heatmaps of chromatin accessibility (Left) and measured gene expression (Right) for significant peak-gene
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estimated regulatory scores for peak-gene pairs across varying genomic distance ranges. (C) Comparison of SuperMap'’s imputation accuracy with and without
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associations involving CCL4. Each arc connects an eQTL locus (the distal end of the arc) to the TSS of CCL4 (the common anchor point). The color intensity in
the ATAC peaks track reflects the magnitude of the estimated regulatory scores. (G) TF footprints for RUNX1 motif.

transcription start site (0 to 25 kb) (Fig. 4B). However, since
our model incorporates genomic proximity priors, it is critical to
assess its impact on regulatory analysis. To this end, we removed
the prior from SuperMap and reevaluated its performance. We
observe a decline in imputation accuracy when the prior was
omitted (Fig. 4C and SI Appendix, Fig. S8A4), indicating that
the prior plays a beneficial role in model. Notably, the negative
correlation between regulatory scores and genomic distance
persist (S Appendix, Fig. S8B).

To further validate the predicted cis-regulatory interactions,
we incorporated external validation using expression quantitative
trait loci (eQTL) data derived from whole blood, obtained
from the GTEx database (43). We assessed the concordance
between the SuperMap regulatory scores calculated from the
PBMC dataset and the eQTLs, considering a peak-gene pair as
eQTL-supported if 1) the peak overlapped with an eQTL locus
and 2) the eQTL locus exhibited a significant association with
the corresponding gene. Across all genomic distances, regulatory
scores for eQTL-supported pairs were consistently higher com-
pared to those without such support (Fig. 4D). When considering
eQTLs as a benchmark, SuperMap achieved a higher area under
the curve (AUC) compared to Lasso regression, indicating that
the regulatory score accurately reflects cis-regulatory interactions

PNAS 2026 Vol.123 No.6 2505182123

(Fig. 4E). For example, CCL4 (C-C motif chemokine ligand
4), encoded by the CCL4 gene (located at chr17:36103827-
36105621), is a well-known chemokine that functions as a
potent chemoattractant for various immune cells, including
NK cells, macrophages, and T cells (44), and plays a critical
role in both inflammatory and immune responses (45, 46).
The eQTLs significantly associated with CCL4 expression are
predominantly located within the 0 to 25 kb upstream region
of the gene body (Fig. 4F). Notably, peaks overlapping these
eQTLs had relatively higher regulatory scores, highlighting the
effectiveness of SuperMap in identifying cis-regulatory interac-
tions. Furthermore, we conducted motif enrichment analysis
based on significant peaks linked to CCL4 using ArchR (47)
with motif database CISBP(v2) (48). The transcription factor
(TF) RUNXI motif emerged as the most highly enriched,
suggesting that RUNX1 may regulate CCL4 expression by
binding to these cis-regulatory regions. TF footprinting analysis
further confirmed the binding of RUNXI to these regions
(Fig. 4G).

SuperMap Reveals Epigenomic Priming Events and Delineates

Cell Differentiation Direction. To investigate the utility of
SuperMap in integrating single-cell multimodal datasets with
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continuous cell state changes, we applied it to neurogenesis-
related sciRNA-seq3 data (49) and sciATAC-seq3 data (50)
derived from the human fetal cerebrum (87 Appendix, Fig. S9A).
The datasets comprise samples from human fetuses aged 89
to 122 d postconception, with gene expression and chromatin
accessibility data generated separately.

Using SuperMap, the two modalities were successfully inte-
grated into a unified latent space and the aligned cell groupings
were largely consistent with the original annotations (Fig. 54).
This integration further facilitated the refinement of cell anno-
tations. For instance, a group of ATAC cells that were originally
annotated ambiguously as “Astrocytes/Oligodendrocytes” was
partitioned into two distinct populations after integration, align-
ing respectively with the “Astrocytes” and “Oligodendrocytes”
clusters in the RNA data (highlighted by red dashed circles in
Fig. 54). However, we also noted some inconsistencies: a subset
of ATAC cells annotated as “Astrocytes” aligned with a portion
of “Excitatory neurons” in the RNA data (indicated by black

A

arrows in Fig. 5A4). Further analysis revealed that this subset
actively expressed classical radial glial cell markers, including
GLI3, HES1, and HOPX (51, 52), suggesting that these cells
may represent a population of radial glial cells rather than the
originally annotated cell types (Fig. 5B).

Next, we constructed the cell differentiation trajectory using
Monocle3 (53) based on the integrated embeddings. Our analysis
specifically focused on the excitatory neuron lineage, which
constitutes the primary structure of the inferred trajectory
(Fig. 5C). To perform pseudotime ordering, prior knowledge
of the differentiation direction is typically required to specify
the initial state, e.g., root or progenitor cell. However, such
information is often lacking or uncertain in many cases. By
integrating unpaired multimodal data, SuperMap demonstrated
its capacity to infer differentiation direction by exploring how
sequential changes in one modality correlate with those in the
other. We first identified a set of differentiation-dependent
genes that exhibited significant dynamic changes along the
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Fig. 5. SuperMap captures epigenomic priming by integrating multimodal datasets of human fetal cerebrum. (A) UMAP visualizations of integrated cell
embeddings, colored by modalities (Left) and original cell annotations (Right). (B) Dot plots for the average expression levels of marker genes in radial glial cells
and compared to other cell types. (C) Inferred trajectory of excitatory neurons based on the integrated RNA and ATAC data. (D) Heatmap for the expression
of differentiation-dependent genes along the inferred trajectory, with genes clustered based on their dynamic patterns. (E) Temporal displacement between
ATAC-predicted gene expression inferred via SuperMap and experimentally measured RNA expression. A displacement is considered significant if it exceeds 3
pseudotime units and the correlation between the two expression profiles is greater than 0.6. (F) Spline-smoothed curves of ATAC-predicted gene expression
and measured RNA expression along pseudotime, with 95% confidence bands, for representative genes showing temporal displacement. (G) Comparison of
RNA expression and the ATAC-predicted gene expression for the HTR7 gene along the trajectory. (H) Expression pattern of EOMES in the excitatory neuron
lineage. (/) Top 10 enriched Gene Ontology biological process terms of actively expressed marker genes in EOMES+ nIPCs. One-sided Fisher's exact test was

used with P values adjusted using the Benjamini-Hochberg method.
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inferred trajectories (Fig. 5D) (Materials and Methods). Among
these genes, several demonstrated notable temporal displace-
ment between the ATAC-predicted gene expression inferred
via SuperMap and experimentally measured RNA expression
during differentiation (Fig. 5 £ and F) (Materials and Methods).
Importantly, the consistency in the direction of these temporal
displacements suggests the presence of epigenomic priming
(54, 55), where changes in chromatin state precede RNA
expression, i.e., chromatin opening precedes RNA production.
This implies that along the correct differentiation direction of the
trajectory, RNA expression will lag behind the ATAC-predicted
gene expression. A representative example is HTR7, a gene
encoding the serotonin receptor, which aids in neural circuit
development by promoting axon growth and synaptogenesis
(56). During early differentiation stages, chromatin opening
begins, yet HTR7 RNA expression remains relatively low, even
as its accessibility progressively increases toward the terminal
stage (Fig. 5G). Similarly, in later stages, after chromatin closure
begins, there is a delay before the HTR7 RNA levels start to
decline. This suggests that the chromatin state acts as a precursor
to RNA expression, with epigenetic changes foreshadowing
subsequent gene expression events. Furthermore, regulatory
analysis conducted using SuperMap revealed that identified
regulatory elements were activated prior to RNA expression
along the pseudotime trajectory (S Appendix, Fig. S9B). These
findings highlight SuperMap’s ability to reveal epigenomic
priming and offer valuable insights into cell differentiation
direction.

Empowered by these findings, we identified a population
of EOMES+ neuron intermediate progenitor cells (nIPCs)
at the inidation of the differentiation trajectory, which were
previously annotated as “Cerebrum_Unknown.3” (Fig. 5H).
Consistent with previous studies (57, 58), EOMES+ nIPCs
function as neural stem cells, differentiating into various mature
excitatory neurons. To further characterize this cell population,
we examined their actively expressed marker genes (S Appendix,
Fig. S9C). Gene Ontology (GO) enrichment analysis revealed
these genes are primarily involved in developmental processes,
particularly those related to neuron development, further sup-
porting their functional role (Fig. 57).

Discussion

The extensive generation and accumulation of unpaired single-
cell multimodal data present significant opportunities for advanc-
ing biological insights, but they also pose challenges in data analy-
sis and interpretation. To address these, we introduce SuperMap,
a statistical learning method designed for the integrative analyses
of unpaired multimodal data. SuperMap directly learns cross-
modal mappings from unpaired data using a regression-like
framework. We then propose a penalized learning criterion that
focuses on the marginal distributions and pairwise interactions of
the variables with prior knowledge constraints. Furthermore, we
develop an efficient optimization algorithm within the ADMM
framework to solve this problem.

By learning cross-modal mappings, SuperMap effectively
bridges and links different modalities, facilitating a variety of
downstream biological analyses, including cell-type identifica-
tion, diagonal integration, regulatory inference, and trajectory
analysis. Comprehensive benchmarking and real-world appli-
cations demonstrate SuperMap’s superior accuracy, robustness,
and its ability to uncover meaningful biological insights. Our
work substantially enhances the interpretability of unpaired

PNAS 2026 Vol.123 No.6 2505182123

multimodal data, unlocking its potential for biological discovery
and demonstrating strong practical utility.

In this paper, when modeling RNA and ATAC modalities, we
consistently adopt this RNA~ATAC regression direction, rather
than the reverse (i.e. ATAC~RNA). This design choice was
made based on several considerations. First, regulation between
modalities is inherently directional—chromatin accessibility af-
fects its targeted gene expression, not the other way around,
and so modeling the reverse direction would conflict with this
causality. Second, predicting gene expression from chromatin
accessibility is more useful and interpretable for downstream
biological analyses. This is because ATAC data is inherently less
interpretable—much less is known about the functional roles
of genomic regions, particularly noncoding regions, compared
to well-characterized genes. Third, ATAC data are typically
much higher-dimensional and noisier than RNA data, making
them more challenging to predict. To demonstrate this, taking
advantage of the paired nature of the 10X Multiome PBMC
dataset, we fit paired regression models in both directions—
RNA~ATAC and ATAC~RNA—and compare their predictive
performance. We observed that RNA~ATAC yields substantially
better predictive accuracy (S Appendix, Fig. S10). In contrast,
ATAC~RNA performs poorly, with prediction accuracy close
to random, suggesting very limited signal in predicting ATAC
profiles from RNA. Together, we conclude that RNA~ATAC is
more appropriate for SuperMap than the reverse.

Materials and Methods

The SuperMap Model. let Y = (y1,Y, ..., yn,)| € R™*P represent
the normalized data of modality 1, such as the scRNA-seq data, and X =
(X1,%, ..., %n,)| € R™>9 the normalized data of modality 2, such as
the scATAC-seq data. Here, ng and n¢ denote the numbers of cells in the
respective datasets, while p and g represent the numbers of features. The
matrix Y* € R"t*P denotes the unmeasured data of modality 1 for the cells in
X. We assume the existence of a mapping function m : RY — RP such that
the prediction of Y* based on X is given by ¥* = m (X). As mentioned above,
existing methods for learning such mappings require paired data for training
and are therefore inapplicable to unpaired settings. To address this, we propose
a statistical learning model for unpaired data:

yLBx+e 3]

where < signifies equality in distribution, B = (B;;) € RP*7 denotes the
coefficient matrix, and € = (eq, . . ., ep)T € RP isan error term with a mean
vector of zeros and a covariance matrix X = (Zj;). This model extends the
unlinked or unmatched regression framework typically applied to univariate
variables (59, 60). As discussed in Results, this formulation is motivated by two
biological observations: 1) the shared underlying biological structure between

modalities justifies the distributional equivalencey g y*; and 2)the regulatory
links between modalities justify the regression y* = Bx + €. Combining these
two biological motivations, we obtain our working model [3].

Forarandom variablez € R, its cumulative distribution function is denoted
byF?(zp) = P(z < zp).Similarly, foravectorz € RP, F2(zy) = P(z < zg).
Model [3] can then be equivalently expressed as:

FY = FB¥ . F€,

where * denotes the convolution operator. Fitting this model is highly
challenging due to the multivariate nature of both y and x, with the high
dimensionality adding further complexity. To address this, we focus on the
marginal distributions and pairwise interactions of the variables, proposing
minimizing the following criterion:
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where the subscripts ns and ny indicate the corresponding empirical distri-
butions, FF¢i is specified later, ﬁI.T denotes the i-th row of B, and || - | is the
Frobenius norm. The weightwis used to balance the contribution of the marginal
distributions and pairwise interactions. The restriction to the first two moments
of the joint distribution results in a loss of information, except when y follows
a multivariate normal distribution. Nevertheless, in many practical scenarios,
this approach is reasonable because these moments capture critical information
for downstream analyses. For example, for gene expression profiles, marginal
distributions are required to identify marker genes and perform differential
expression analysis, while pairwise interactions are necessary for regulatory
network inference or coexpression analysis.

To incorporate prior knowledge about the regulatory potential of the two
modalities, we consider the regularized criterion:

Jmin.’ [ [ {7 o0 - (70w o0} on <y,<>}
= ) [4]
o Yy g leTXBTH + 2ipoBy?,
2 || ng ng P2

where 4 is the regularization parameter, D = (D) € RP*9is a scaling or
weightmatrix,and o denotesthe Hadamard product. By default, 4, which controls
the confidence in prior knowledge, is set to 0.0001. For integrating scRNA-seq
and scATAC-seq data, Dj; is calculated using an exponential function Dj; =

exp (d,'/-/do), where dj; is the distance between the peak;j and the transcription

start site of gene i, and dyy is a hyperparameter with a default value of 100 kb
(30). This reflects the biological principle that peak-gene regulatory potential
decayswith increasing genomic distance. For peak-gene pairs separated by more
than 200 kb or located on different chromosomes, Bj; is constrained to zero.
This design primarily aims to improve computational efficiency by restricting
the estimation to chromatin regions proximal to each gene, thereby greatly
reducing the parameter space. Otherwise, estimating all entries of B would
significantly increase computational complexity. From a biological perspective,
this is also reasonable, since gene expression is predominantly influenced by
nearby regions. Other forms of prior knowledge, such as eQTL information, can
also be incorporated through this penalty term, as detailed in S/ Appendix, Text.

Estimation. We design an efficient algorithm within the ADMM framework to
compute the solution to [4]. Let

, I 2
Hz = [ {[FX; ) (ﬁ‘f’ . thf) (m} dF! (1),
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Tyr IR ! 2
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9(BX) D

We assume that X is diagonal, implying that, given x, the dimensions of y are
independent of each other. Solving the problem [4] is equivalent to solving the
linearly constrained problem:

P
min fi(a; y;) +g(B,=
B,A,E,I‘>O§ i (i vi) +9(B, X)

* (dia;\(TrV) - (diag"(;),) -0
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where A € RP*9, aiT is the ith row of A, and T = diag(y1, 72, - - ., 7p) with

yi > Oforalli =1, ..., p.To solve this problem, we consider the augmented
Lagrangian in its scaled form:

4
L(BEAT,U) =) "fi(a;r)+9(BE)
= T T ) 5]
p A B B P2
2 (diag(I‘)T) (diag(z)7> i A

where U € R(I+HDXP s the matrix of scaled dual variables, and p > 0'is
the penalty parameter with default value of 1. The ADMM algorithm is based
on minimizing [5] successively over {B, £}, {A, T'}, and U. Doing so yields the
updates

(B, 2} = argmint (B, . Ak Tk, uk), [6]
BX
(A, TYHT = argmint (A, ;BT gkt uk), [7]
AT>0
Ukt = argmaxl (U; Bk'H, Zk‘H, Ak'H, Fk'H) . (8]
U

The detailed optimization procedure for each subproblem is described in
SI Appendix, Text. We alternate through steps [6-8] repeatedly until conver-
gence. During the optimization process, the objective function steadily converges
over iterations, and the model's predictive performance progressively improves
with each iteration (S/ Appendix, Fig. S11). Furthermore, SuperMap demon-
strates notable robustness againstvariations in the hyperparameters 4, p, and w
(S1 Appendix, Fig. S12).

Denoising Single-Cell Data. In the SuperMap pipeline, we first fit the model
to learn cross-modal mappings. After obtaining B, we proceed to impute the
missing (unmeasured) modality profiles in unpaired data (Y* = XBT) for
subsequent analyses. However, single-cell data are highly sparse and noisy,
with an inherently low signal-to-noise ratio, which hinders both model fitting
and imputation, making it difficult for the model to capture reliable predictive
signals. Furthermore, even when B is accurately estimated, direct imputation
via¥* = XBT is unreliable due to noise inherent in X. To mitigate these issues,
we adopt two widely used denoising strategies for single-cell data—meta-cell
partitioning and K-nearest neighbor (KNN) smoothing-each applied to different
scenarios.

Meta-cell partitioning is a widely used approach to enhance the signal-to-
noise ratio in single-cell data by aggregating closely similar cells into meta-cells
(42, 61, 62). Specifically, we employed the Leiden algorithm to cluster cells,
assuming that cells within each cluster are intrinsically homogeneous and their
observed variability is largely due to technical noise rather than biologically
meaningful heterogeneity. Subsequently, we aggregated and averaged the
cells within each cluster to form meta-cells. This approach effectively enhances
the signal-to-noise ratio, but inevitably sacrifices single-cell resolution and lost
intra-meta-cell heterogeneity.

In addition to meta-cell partitioning, another widely used strategy for
denoising single-cell data is KNN smoothing, which has been successfully
applied in various contexts, such as RNA velocity estimation (63, 64). The key
idea is to borrow information from neighboring cells to improve the signal-to-
noise ratio. Specifically, we first construct the KNN graph in the low-dimensional
representation space (e.g., PCAforRNAdata) using the FindNeighbors functionin
Seuratpipeline(defaultk = 50). Fromthis graph, we obtain each cell'sK nearest
neighbors and their similarity scores, denoted as s;;, which are calculated as the
Jaccard index of neighborhood overlap (details available in the FindNeighbors
documentation). The s;; values range from 0 to 1, with higher values indicating
greatersimilarity. We then smooth the modality data X by computing aweighted
average of each cell and its neighbors:

X; = aX; + (1 — (X) Z S,'ij,
jeN (i)
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where NV (i) denotes the set of K nearest neighbors for cell i, and &« € [0, 1]
controls the smoothing strength (default @ = 0.5). This approach effectively
reduces noise while preserving cell-to-cell heterogeneity.

It is worth noting that meta-cell partitioning and KNN smoothing share
a similar concept-both leverage local neighborhood information to improve
data quality. Meta-cell partitioning can be viewed as an extreme form of KNN
smoothing, where all local neighbors share identical smoothed profiles, which
greatly reduces noise but eliminates intraneighborhood heterogeneity. Thus,
these two methods represent different trade-offs between denoising strength
and resolution. KNN smoothing is more suitable for scenarios that require
preserving single-cell heterogeneity, such as dataintegration, whereas meta-cell
partitioning is preferable for tasks that emphasize stable feature relationships,
such as regulatory network inference or gene coexpression analysis.

Model Fitting and Missing-Modality Imputation. For estimating cross-
modal mappings, since this step focuses on relationships between feature
spaces rather than individual cells, we consider both meta-cell data and KNN-
smoothed single-cell data to be suitable, as both contain information about
the underlying feature mappings. The analysis of the meta-cell graining level
further supports this reasoning (Results). However, using meta-cell data at this
step offers a clear advantage in computational efficiency: the reduced sample
size substantially decreases the computational burden, enabling scalability to
large datasets. Therefore, we use meta-cell data for model fitting in this step.
Forimputation, SuperMap provides options at both meta-cell and single-cell
resolution to accommodate different downstream analysis tasks. Specifically, for

meta-cell imputation, we perform it at the meta-cell level by applying ?;"neta =

XmetaBT . Forsingle-cellimputation, we firstsmooth X using the KNN-smoothing
procedure described above to obtain Xg,00t4, and then perform imputation

as Y* = XyootnBT. Because smoothing reduces noise in the predictors, this
yields more reliableimputed values while maintaining single-cell heterogeneity.
For analyses that require preserving single-cell resolution-such as diagonal
integration-we recommend using single-cellimputation. Fortasks that primarily
focusonfeature-level relationships ratherthanindividual cells, such as regulatory
network inference or coexpression analysis, meta-cell imputation is preferred,
as it provides more stable signals and aligns with strategies commonly adopted
in previous studies (15, 42, 65). Moreover, the meta-cell approach is particularly
well suited for large-scale cell atlas data, offering substantial advantages in
memory efficiency and computational speed (66, 67). Users can choose the
appropriate imputation strategy according to their specific research goals and
analytical needs.

Diagonal Integration and Regulatory Analysis. We designed a diagonal
integration scheme that harnesses the complementary strengths of both
SuperMap and Seurat. Specifically, Seurat calculates the gene activity score from
ATAC data-based on genomic coordinates—to serve as the linkage for aligning
RNA and ATAC modalities. The cross-modal mappings learned by SuperMap
enable us to impute the missing RNA profiles for ATAC cells at single-cell level,
as described above. Within the Seurat pipeline, we replace the relatively coarse
gene activity score with more informative and accurate SuperMap-imputed
profiles as linkages, thereby achieving improved modality alignment.

For regulatory analysis, SuperMap first perform imputation at the meta-
cell level to generate paired data {Y*, X}. It then calculates the standardized
regression coefficients between each gene and its potential regulatory elements
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(e.g., ATAC peaks), which serve as regulatory scores quantifying their cis-
regulatory potential. Peak-gene pairs with higher regulatory scores indicate
a greater likelihood of exhibiting cis-regulatory interactions.

Trajectory Inference and the Identification of Epigenomic Priming. We
applied Monocle3 to infer the cell differentiation trajectory using the integrated
latent embeddings of unpaired data. To identify differentiation-dependent
genes, we used the graph_test function in Monocle3 on RNA cells within the
trajectory, considering genes with ¢ < 0.01 as statistically significant. To
further identify genes with dramatic dynamic changes, we selected the top 500
genes with the strongest effects of trajectory on expression. These genes were
subsequently subjected to hierarchical clustering, and their expression patterns
were visualized using a heatmap to provide a comprehensive view of their
dynamic behavior. To investigate epigenomic priming, we focused on gene
clusters demonstrating parabolic expression patterns. We applied natural cubic
splines to smooth the ATAC-predicted gene expression and RNA expression data
along the inferred trajectory. To quantify the temporal displacement between
these two expression profiles, we identified the extrema (points where the first
derivative equals zero) of each smoothed curve. The pseudotime difference
between the extrema of the ATAC-predicted expression and RNA expression was
defined as the temporal displacement. A positive displacement indicates that
chromatin state dynamics precede RNA expression, suggesting the presence of
epigenomic priming.

Data, Materials, and Software Availability. The 10X Multiome PBMC data
can be accessed on 10X Genomics website (https://www.10xgenomics.com/
datasets) (68). The 10X BMMC Multiome data is available at GSE194122 (69).
The SHARE-seq mouse skin data can be found at GSE140203 (70). The scNMT-
seq mouse embryos data can be found at GSE121708 (71). The ASAP-seq PBMC
dataset is available at GSE156478 (72). The sciRNA-seq3 dataset of human
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human fetal cerebrum was collected from GSE149683 (74). The eQTL data can
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SuperMap software is available at https://github.com/chaodeng-aca/SuperMap
(76).
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