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Background
The regulatory dynamics among biological molecules across different omic layers remain 
far from fully understood. These complex interactions are often non-linear and vary sig-
nificantly across cell types [1]. Recent advancements in single-cell technologies have 
enabled the simultaneous (paired) sequencing of multiple omic layers within the same 
cells [2], offering deeper insights into cellular complexity. Integrating multi-omic data 
facilitates the identification of cell-type-specific correlations among these molecules, 
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Abstract
Background  Understanding cellular heterogeneity and identifying functionally 
distinct subpopulations are central goals in single-cell analysis. Integrating paired 
multi-omic data, such as transcriptomic and proteomic profiles from the same cells, 
offers a more comprehensive view of cell states. However, current integration methods 
often struggle to balance expressiveness with interpretability, largely due to the 
complex and non-linear relationships across modalities.

Results  We present Single-Cell PROteomics Vertical Integration (SCPRO-VI), a 
new algorithm designed to integrate paired single-cell multi-omic data. SCPRO-VI 
introduces a biologically informed distance metric to construct modality-specific 
similarity graphs. These graphs are then used to learn omic-wise cell embeddings 
through variational graph auto-encoders. The resulting embeddings are fused using 
an auto-encoder to produce a unified representation of each cell. This architecture 
allows for both effective cross-modality integration and interpretability by enabling 
backtracking of cell relationships via the initial similarity graphs. We evaluated 
SCPRO-VI using multiple CITE-seq datasets and observed a significant improvement in 
distinguishing cell types compared to existing approaches. The method also uncovered 
biologically relevant subpopulations that remained indistinct in other integrated 
representations.

Conclusions  SCPRO-VI offers a robust and interpretable framework for integrating 
paired single-cell multi-omic data. Its ability to enhance cell type separation and 
uncover meaningful sub-clusters suggests its utility in advancing our understanding of 
cellular diversity and regulatory mechanisms in complex tissues.
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and conversely, these patterns can be leveraged to distinguish between different cell 
types [3]. Furthermore, such integrated analyses can reveal specialized sub-clusters 
within the same cell type, providing a higher resolution of cellular heterogeneity.

Integrating cell views from different modalities (vertical) presents unique challenges 
compared to the more established unimodal data integration (horizontal) of single 
cells across different datasets [4]. Horizontal integration focuses on minimizing techni-
cal variations between unimodal datasets while the primary goal is to establish optimal 
alignment between the naturally varied modality views of cells, in multi-modal data inte-
gration. Constructing a unified representation from multi-omic data is particularly chal-
lenging, as each modality often introduces distinct relationships between cells, making 
it difficult to ascertain which associations are most accurate for each cell type [3]. These 
challenges are further amplified when the modalities are not paired [5].

Several methods have been developed to address the single-cell multi-omic data inte-
gration problem [6]. These approaches are categorized into statistical modeling (BREM-
SC [7]), similarity graph fusion (Seurat V3 [3], SCHEMA [8], and embedding into a joint 
latent space (MOFA+, LIGER, Mowgli, bi-CCA, TotalVI, scMVAE, GLUE, PaCMAP, 
MAGAN, scMoGNN [1, 5, 9–16].

Statistical modeling methods integrate multi-omic data by fitting individual omic 
distributions based on assumed correlations. However, their reliance on predefined 
assumptions often limits their capacity to capture the complexity and variability of bio-
logical systems.

Similarity graph fusion method Seurat V3 and SCHEMA calculates omic-specific 
similarities among cells for each modality individually and then combine these into a 
unified similarity graph. These approaches are valuable for analyzing agreements and 
conflicts between omic layers and allow for assessing cell-type-specific contributions of 
modalities by comparing fused similarities to modality-specific graphs. However, fusing 
similarity graphs is not trivial. These methods must account for differences in scale and 
distribution of similarities to prevent one modality from dominating the fusion due to 
numerical imbalances. Additionally, the generation of joint cell embeddings should be 
handled carefully to preserve fused similarities and to avoid significant information loss 
in downstream analyses.

Joint embeddings of modalities into a shared latent space can be achieved using non-
negative matrix factorization (NMF) (MOFA+ [9, 13, 11]), canonical correlation analysis 
(CCA) (bi-CCA [12]), and deep learning methods (TotalVI [13], scMVAE [14], GLUE 
[1], PaCMAP [15], MAGAN [5], scMoGNN [16]). NMF techniques extract low-dimen-
sional representations that identify shared and dataset-specific factors across single-cell 
multi-omics datasets. While NMF is useful for interpreting modality contributions, its 
linear nature makes it less effective in capturing non-linear relationships. CCA inte-
grates datasets by identifying linear combinations of variables that maximize correla-
tions and explain variability within and between datasets. Although effective for paired 
datasets, CCA’s performance is often constrained by variability in modality distribu-
tions. Methods such as LIGER [13] also rely on a shared feature space to anchor multiple 
datasets, which is suitable when modalities measure the same underlying features (e.g., 
gene expression and corresponding promoter accessibility). In contrast, CITE-seq RNA 
and protein modalities do not share a common feature set, making such shared-feature-
space approaches less applicable for vertical integration of paired multi-omic data.
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Deep learning methods have emerged as powerful tools for integrating modalities into 
a shared latent space [17]. These approaches employ various architectures such as auto-
encoders (TotalVI [13], scMVAE [14], GLUE [1]), convolutional neural networks (PaC-
MAP [15]), generative adversarial networks (MAGAN [5]), and graph neural networks 
(scMoGNN [16]). By capturing non-linear connections between features, deep learning 
overcomes the limitations of linear methods, making it particularly suited for multi-
omic data integration. However, a significant challenge lies in the limited explainability 
and interpretability of the resulting joint embeddings, which provide poor insight into 
inter-modality relationships.

Here, we present the Single-Cell PROteomics Vertical Integration (SCPRO-VI) 
method, a similarity graph fusion approach that incorporates a multi-view variational 
graph auto-encoder (VGAE) for embedding modalities into a latent space. SCPRO-VI is 
specifically designed for paired multi-omic data in which modalities do not share a com-
mon feature space (e.g., RNA and surface protein measurements), requiring alignment 
at the cell level rather than at the feature level. SCPRO-VI integrates a novel biologically 
guided distance metric to construct omic-specific similarity graphs. These modality-
specific similarity graphs are fused into a unified similarity graph by normalizing and 
balancing the local neighborhoods of cells across modalities, ensuring equitable repre-
sentation of omic-specific information.

The resulting unified graph is then used to generate integrated cell embeddings 
through a novel multi-view VGAE model, effectively addressing the limitations of lin-
ear methods by capturing complex, non-linear relationships. Furthermore, SCPRO-VI 
enhances explainability by allowing backtracking of cell relations within the integrated 
and omic-specific similarity graphs, providing interpretable insights into the integration 
process and cross-modality relationships. Thus, SCPRO-VI stands as a powerful data 
integration tool that combines the strengths of deep learning with biological interpret-
ability, shaping the integrated space with explainable relations among cells.

SCPRO-VI was rigorously evaluated on a multi-omic CITE-seq dataset (HIV) [3] 
(Gene Expression Omnibus accession ID: GSE164378) to assess its efficiency and effec-
tiveness. We also tested Seurat V4 [3] and MOFA+ [9] algorithms on this dataset for 
relative assesment. Additionally, we benchmarked our algorithm against state-of-the-
art single-cell multi-omic data integration tools Seurat V4, MOFA+, TotalVI [13] and 
Mowgli [11] in extensive experiments using a challenging multi-omic CITE-seq data-
set (MNC) [18] (Gene Expression Omnibus accession ID: GSE166895) characterized by 
low inter-cell type heterogeneity. In addition, we tested our algorithm against Seurat V4, 
TotalVI, and Mowgli on a benchmark CITE-seq dataset (HSPC) [19] to assess its gener-
alization on different datasets. Although the framework can in principle be extended to 
other paired omic layers that can be represented as cell–cell similarity graphs, the pres-
ent work evaluates CITE-seq data (RNA and protein measurements) exclusively. The 
experimental results show that SCPRO-VI enhances inter-cell type heterogeneity more 
effectively than competing methods, as supported by quantitative performance metrics. 
Furthermore, in-depth analyzes of the integrated cell embeddings revealed that SCPRO-
VI effectively identifies specialized cell subgroups that remain indistinguishable in the 
integration results of other methods.
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Results
Integrating paired multi-omics in single-cells using variational graph auto-encoders

Single-Cell PROteomics Vertical Integration (SCPRO-VI) is a computational tool for 
single-cell multi-omic data integration. In this study, the tool was specifically applied to 
integrate proteomic data with transcriptomic data.

SCPRO-VI introduces a biologically reinforced distance metric for constructing simi-
larity graphs and a novel multi-view variational graph auto-encoder (VGAE) for inte-
grating these graphs into cell embeddings using the computed distances (Fig. 1A). The 
distance metric measures the alignment of complete graphs across modality features 
for each cell. The alignment score is the sum of the differences between the weights of 
the same edges (see Methods). Since every relation between features isn’t in the same 
importance [20], our method enables weighting each edge alignment by a biological rel-
evance score (see Methods). Here, we used protein-protein interaction scores obtained 
from the STRING [21] database for weighting the relations between protein pairs while 
calculating cell-to-cell distance matrix DP  for proteomics. Thus, our metric reflects sim-
ilarity between cells based on the functional relationships among their expressed sur-
face proteins. As demonstrated by Hao et al. [3], cells of the same type typically exhibit 
highly similar surface protein abundance profiles, which naturally results in lower PPI-
weighted distances in our formulation.

Supervised biological guidance beyond the vectorial similarity of cell features enhances 
the heterogeneity among the cells by their cell types. The distance method reduces the 
impact of less critical proteins for cell type differentiation. Moreover, highlighting active 
proteins enhances clustering accuracy among diverse cell types (see Supplementary Fig. 

Fig. 1  A Construction of modality-specific and integrated distances. For each modality, cell–cell distances are 
computed using metrics tailored to the data type (proteomics: PPI-weighted distances; transcriptomics: PCA fol-
lowed by cosine distance). These distances are locally normalized to obtain modality-specific similarity graphs, 
which are then combined to form an integrated distance matrix that balances contributions from each omic. The 
integrated distances can be used for multiple downstream analyses, including 1-nearest-neighbor cell match-
ing, graph-based neighborhood characterization, and distance-driven identification of fine-grained subclusters. 
B Modality-wise graph encoding and latent-space fusion. Each modality-specific similarity graph, together with 
its features, is used to train a variational graph autoencoder (VGAE), yielding modality-specific latent embeddings. 
These embeddings are fused by a central autoencoder that aligns the shared latent space with the integrated 
distances. The resulting integrated embeddings can be used for tasks such as visualization or clustering. Arrows 
illustrate the progression from raw input features to graph construction, modality-specific encoding, and final fu-
sion into a unified representation
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1A). We employed gene ontology (GO) analysis for the proteins measured in HIV and 
MNC datasets [3, 18].

For each dataset, the most and least important protein sets are identified, and GO 
analysis was applied for each of them separately (see Methods). The analysis results 
showed that the proteins with higher interaction scores are more active in distinctive 
biological processes than the proteins appeared in weak interactions (see Supplementary 
Fig. 1B).

The important proteins in the HIV dataset (GSE164378) [3] were annotated as play-
ing a more active role in the immune system (P = 1.084 ∗ 10−32) than the least impor-
tant proteins (P = 8.445 ∗ 10−17). Moreover, the important proteins were annotated with 
GO:MF virus receptor term by a higher score (P = 7.861 ∗ 10−20) than the least impor-
tant proteins (P = 8.303 ∗ 10−6). All these results suggest weighting the proteins while 
calculating the distances between cells potentially increases the performance of match-
ing the same type of cells conducting the same biological processes.

The biological guidance should be designed carefully since a ranking for the relevance 
of features isn’t available for all modalities. In our experiments, we tested the number 
of co-occurrences in pathways as relevance scores for gene pairs to calculate transcrip-
tomic-based distance matrix DT . However, using such a relevance score caused a nega-
tive effect on inter-cell type heterogeneity. Thus, we decided not to use the metric for 
transcriptomics, instead we applied dimensionality reduction to raw transcriptomics 
with Principal Component Analysis (PCA). Then, DT  is calculated by the cosine dis-
tance between PCA components of cell pairs (see Methods).

The distance matrices (DT  and DP ) are normalized to prevent over-considering 
a modality. Each cell’s distances are normalized by dividing the mean distance of its 
k-nearest neighbors (see Methods). The value of k limits the size of neighborhood con-
sidered while integrating modalities. The normalized distance matrices are element-wise 
multiplicated to have an integrated distance matrix DI  (Fig. 1A).

The integrated cell distances can facilitate community detection, k-nearest neighbor 
(k-nn) analysis, outlier detection, evaluation of modality contributions to cell differentia-
tion, and analysis of modality importance for each cell type [3]. Density-based clustering 
can also be applied using only cell distances, as these algorithms rely on neighborhood 
relationships [22]. However, embedding this distance information into a latent space is 
essential for downstream tasks that require vectorial cell representations, such as cen-
troid-based clustering or knowledge transfer [1].

SCPRO-VI introduce a novel variational graph auto-encoder (VGAE) model (see 
Methods) for generating integrated cell embeddings (Fig. 1B). We employ graph auto-
encoders as they are developed primarily to encode neighborhood information into the 
embedding space, aligning with our integration goals. The model employs a multi-view 
approach, using separated GVAE models for each modality while sharing the same ver-
tex set V (all cells in the dataset) with modality-specific edge sets EP  and ET .

The edge sets EP  and ET  are generated by thresholding the distances DP  and DT , 
respectively (see Methods). Raw proteomics and PCA embeddings of transcriptomics 
measurements are used as node features within their respective VGAE models. The 
models are individually pre-trained to achieve faster and more stable convergence when 
generating integrated embeddings. Using variational inference instead of traditional 
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auto-encoders improves integration consistency, as it facilitates combining similar dis-
tributions rather than unrelated latent spaces [23].

The modality-specific cell embeddings from pre-trained models are fused by an auto-
encoder model. The auto-encoder has no decoder part; instead, the pairwise distances 
between latent cell embeddings D̃I  are calculated to determine model loss (see Meth-
ods). The cumulative element-wise differences between D̃I  and DI  is computed as the 
loss (see Methods) and all parameters including GVAEs are updated accordingly. Thus, 
the end-to-end model is trained to generate integrated embeddings that reflect the pair-
wise relations in the integrated distances. These embeddings facilitate for transfering the 
multi-omic neighborhood perspective to the downstream tasks [13, 24].

The effectiveness and efficiency of SCPRO-VI were evaluated through extensive exper-
iments. We first tested our algorithm’s robustness on a comprehensive dataset contain-
ing 24 samples from 8 HIV patients [3]. State-of-the-art multi-omics data integration 
algorithms Seurat v4 [3], and MOFA+ [9] were also included in tests for relative assess-
ment of our algorithm’s efficiency. SCPRO-VI was further benchmarked against state-
of-the-art algorithms TotalVI [13], Mowgli [11], Seurat v4 [3], and MOFA+ [9] on more 
complex datasets (MNC and HSPC) with fewer cell type heterogeneity. Although many 
other state-of-the-art algorithms exist, we selected widely used algorithms that offer 
readily accessible code packages for testing. Moreover, several bioinformatics analyses 
were employed to prove the effectiveness of our integration algorithm.

Validation of SCPRO-VI robustness over systematically generated multi-sample benchmark 

datasets

The performance of the SCPRO-VI was evaluated on a dataset (GSE164378) [3] gener-
ated by combining cells sequenced in 24 individual experiments to assess its reusabil-
ity across different datasets. The dataset was generated by the authors of the Seurat v4 
[3] algorithm, gathering samples from 8 patients with HIV infection. The samples were 
obtained from each volunteer at three time points: the day before vaccination, and three 
and seven days post-vaccination. The samples were frozen and sequenced at once to 
avoid batch effect as much as possible. The potential differentiation between time points 
and the variations among volunteers enables assessment of our algorithm’s resilience to 
biological variations without concerning the technical variations or noise.

We measured the performance of the integrated embeddings using five different 
widely-used metrics in data integration studies: 1-NN cell matching, average silhou-
ette score (ASW), adjusted rand index (ARI), normalized mutual information (NMI), 
and graph connectivity (see Methods). To comparatively asses our performance results, 
state-of-the-art benchmark algorithms Seurat v4 and MOFA+ were included in the 
experiments. The performance metrics were also applied to the concatenated tran-
scriptomics and proteomics features in raw data to establish a baseline for performance 
metrics. TotalVI algorithm couldn’t be tested since it requires unnormalized protein 
counts which is not available in this dataset. Another benchmark algorithm Mowgli also 
excluded since it didn’t show promising results in other experiments despite its long exe-
cution times.

Algorithm test results are presented as a heat map to facilitate tracking robustness 
across time points and between samples (Fig. 2). In addition, the mean performances of 
algorithms for each time point are given in the heat map for an overview of vaccination 
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effect. Our algorithm results mostly shaded in green tones indicating high performance. 
Seurat algorithm also obtained greeny results in all metrics except for the ARI met-
ric. However, the MOFA+ algorithm performed poorly across all metrics except graph 
connectivity.

All three algorithms improve the baseline at 1-NN cell matching and silhouette score 
metrics. The cell matching score demonstrates the success of our algorithm in consis-
tently grouping cells of the same type. Notably, the matching performance shows a varia-
tion of at most 0.3% across three samples from a single patient. SCPRO-VI significantly 
improved baseline cell matching, achieving a 9–21% performance increase. Seurat also 
shows similar performance for gathering the same cells together, but still, our algorithm 
performs 1% better than Seurat at mean performance and the performance improve-
ment rises 5% for the patient 8. MOFA+ improves the performance of baseline up to 7% 
but mostly has the same performance with raw data.

Silhouette scores indicate that SCPRO-VI enhances inter-cluster heterogeneity across 
all patients. These significant improvements over baseline rise to 23%. Seurat algorithm 
has a similar performance result as in the 1-NN cell matching since the algorithm tends 
to separate cells in clusters with less concerning intra-cluster fragmentations. Although 
MOFA+ improved raw data silhouette scores, it remained inferior to SCPRO-VI and 

Fig. 2  Performance results of integration algorithms in five metrics as heat map. Each column contains results for 
a sample. Every set of three consecutive columns belong to a single patient and the last three columns represent 
the mean performances across all patients. The samples of patients are ordered as before vaccination, 3 days after 
vaccination, and 7 days after vaccination. Rows represent algorithms and are grouped by the metrics
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Seurat. All the three algorithms show same robustness between samples of a patient, 
with a 5% variation.

ARI and NMI metrics indicate that none of the algorithms achieved clustering more 
aligned with ground-truth cell clustering than the raw data. However, SCPRO-VI has 2% 
better NMI scores when compared with both Seurat and MOFA+ where they have simi-
lar performances. On the other hand, SCPRO-VI outperforms both algorithms in dis-
tinguishing cells that should not cluster together, as reflected in the ARI metric, unlike 
NMI (see Methods). Our algorithm has 9% and 5% better ARI scores at mean from 
Seurat and MOFA+, respectively. Moreover, SCPRO-VI demonstrates more robust ARI 
performance across all 24 samples, with ARI results ranging from 50 to 78%, whereas 
Seurat ranges from 38 to 76%, and MOFA+ ranges from 44 to 80%.

Graph connectivity metric should be evaluated by considering other performance 
metrics since it isn’t sensitive to joint clustering of different cell types (see Methods). 
The results indicate that the same type of cells are close together in raw data, but they 
are mostly intersecting cell clusters of different types. On the other hand, the integration 
algorithms strive to separate different types of cell clusters for increasing heterogeneity. 
Therefore, the graph connectivity scores of both SCPRO-VI and MOFA+ are 2% lower 
than raw data. The Seurat algorithm had the worst results with a 6% lower score than 
raw data since it tends to generate more than one sub-cluster for a cell type.

Our algorithm obtained robust and relatively higher performance results in all the 
performance metrics. Overall, the results show that SCPRO-VI balances reducing intra-
cluster fragmentation with enhancing inter-cluster heterogeneity. In addition, the algo-
rithm showed its stability by having the lowest standard deviation between results in 
all metrics. The findings suggest that SCPRO-VI is robust and well-suited for vertical 
integration of the multi-omic datasets obtained from diverse samples across different 
biological conditions.

Multi-omic inference of variations at HIV patients pre- and post-vaccination

Transcriptomics and proteomics expression profiles are expected to change after vacci-
nation [3]. Studies report upregulation or downregulation of certain genes and proteins 
after vaccination in HIV patients [25]. These genes and proteins shape specialized cell 
sub-clusters set forth on various tasks in the immune system [26].

We examined our integration results to identify cell subsets emerging post-vaccina-
tion. This approach enabled us to test our algorithm’s effectiveness in differentiating 
novel cell sub-clusters, one of the primary goals of vertical integration. The UMAP pro-
jections show that several sub-clusters appeared after vaccination for all patients (see 
Supplementary Fig. 2). There were both emerging clusters on day 7 and gradually sepa-
rating clusters that began to diverge on day 3 were fully revealed by day 7.

We selected a gradually separating monocyte sub-cluster for further analysis (Fig. 3A). 
While several sub-clusters were available, the analyzed cluster is arbitrarily selected as it 
visually distinct. Additionally, monocytes are well-studied in HIV infection, facilitating 
interpretation of potential changes in expression levels. First, we clustered cells to iden-
tify those within the targeted sub-cluster (see Methods). Next, we identified the most 
distinctive proteins and genes contributing to intra-cell-type separation (see Methods 
and Supplementary Fig. 3A).
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In the feature analysis, FCGR3A (ENSG00000203747) was found as the most impor-
tant protein at the separation of the sub-cluster from the rest monocytes. This protein is 
a well-known marker playing an active role in HIV transmission and infection processes 
[27, 28]. However, when the analysis was repeated for whole monocytes versus all cells, 
this protein ranked 80th in importance among 174 proteins (see Methods). Therefore, 
we concluded that these separated monocyte cells may be specialized for a specific func-
tion related to FCGR3A.

We also analyzed genes and identified LYZ (ENSG00000090382) as the most distinc-
tive gene for this sub-cluster. This gene was reported as one of five key markers for dif-
ferentiating patients who respond positively to HIV treatment from those with negative 
responses [29]. Furthermore, LYZ was ranked as the fifth most important gene for dis-
tinguishing monocytes from other cells, making it challenging to identify this special-
ized sub-cluster based solely on gene expression.

Fig. 3  The effectiveness test results of our integration algorithm on the HIV dataset. A UMAP projections of pa-
tient 1 raw and integrated measurements for the datasets sequenced before vaccination, 3 days after, and 7 days 
after vaccination. The analyzed monocyte cell sub-cluster is colored on raw data and algorithm embeddings for 
the 7th-day dataset (rightmost column). B Umap projections of SCPRO-VI embeddings for all datasets of patient 
1 which are colored by expression levels of FCGR3A protein (top) and LYZ gene (bottom). C The Sankey diagrams 
of matching actual type of cells (left) with their nearest neighbors (right) by both SCPRO-VI embeddings (top) and 
raw data in the whole HIV dataset (bottom). D The UMAP projections (top) and numerical performance results 
(bottom) for the integration of the sub-sampled HIV dataset. Same color codes used for coloring cell types in the 
panels A, C and D
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We examined the expression levels of the FCGR3A protein and LYZ gene across all 
cells to analyze their expression profiles in various cell types (Fig. 3B). We observed that 
FCGR3A is upregulated exclusively in the target sub-cluster and downregulated in all 
natural killer (NK) cells. Conversely, the LYZ gene is active only in monocytes and den-
dritic cells (DC), with upregulation in both but specific downregulation in cells within 
the analyzed sub-cluster. These results indicate that the co-occurrence of FCGR3A 
upregulation and LYZ downregulation is unique to the target sub-cluster.

Both distinctive feature analyses and expression profile analyses support that the tar-
get cell sub-cluster identified by integrating transcriptomics and proteomics data. Addi-
tionally, the LYZ gene and FCGR3A protein have been identified as co-differentiating 
markers of CD16+ monocyte sub-clusters in studies on immune cell exhaustion in HIV-
infected patients [26]. Together, this evidence highlights SCPRO-VI’s effectiveness in 
multi-omic integration for identifying specialized cell sub-clusters that emerge uniquely 
through multi-omic data integration.

We also reviewed the raw concatenated data of patient 1 and the integration results 
from other algorithms to examine similar gradual cell grouping (Fig. 3A). The raw data 
showed no significant changes in cell grouping across the three time points. How-
ever, cells within the analyzed sub-cluster appeared closer in the day 7 measurements, 
though they did not form a distinct sub-cluster. MOFA+ generated gradually narrowing 
cell clusters, but the target cells did not fully separate from other monocytes, despite 
drawing closer. Seurat generated multiple monocyte sub-clusters in all three datasets. 
However, the projection of the target sub-cluster showed that the algorithm divided it 
into two distinct clusters. These findings suggest that revealing specialized sub-clusters 
through multi-omic integration is challenging, yet achievable with our algorithm.

Vertical integration of modalities in cells from multi-samples

Integrating cells from multiple samples may exhibit low performance due to biological 
variations that introduce mixed cell populations. We evaluated our algorithm’s perfor-
mance on the whole multi-sample dataset by calculating 1-NN cell matchings based 
on cell type using integrated distances (Fig. 3C). We compared SCPRO-VI’s matching 
results with concatenated raw data to assess improvements in inter-cell heterogeneity. 
We used the cosine distance to calculate cell-to-cell distances, as it produced the best 
results among the common distance metrics (see Supplementary Fig. 3B).

The Sankey diagram (Fig. 3C) shows the actual type of cells (left) and their 1-NN 
neighbor matching (right). The diagram overview highlights the decrease in mismatches, 
signified by fewer crossing lines. The number of mismatched cells by the raw data is sig-
nificantly reduced in 5 out of 8 cell types (CD4 T, CD8 T, Other T, NK, Other) with 
our integrated distances (see Supplementary Fig. 3C). Our algorithm slightly reduced 
matching accuracy by 0.025% for B cells, 0.05% for DC cells, and 0.004% for mono-
cytes. The mismatches in DC and monocyte cells are likely due to errors in uncertain 
regions, such as cluster edges. However, almost all (413 of the 425) mismatches for B 
cells occurred with Other T cells. We observed that the mismatched cells are close to the 
Other T cells, separated from the main B cells cluster (see Supplementary Fig. 3D). Our 
algorithm struggled to differentiate these intersected B cells from Other T cells, as they 
closely resemble Other T cells despite being labeled as B cells.
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Raw data mismatched 6066 out of 18664 NK cells. The most mismatched targets were 
in CD8 T cell type by 3366 mismatches. SCPRO-VI reduced the number of mismatches 
to 371. The total matching performance was significantly increased from 67 to 98%, 
which makes it much easier the distinguish them from the T cells. Lastly, Other T cells 
mismatched 35% with CD4 T cells and 23% with CD8 T cells in the raw data. Our algo-
rithm achieved to reduce the mismatch rate of Other T cells with CD4 T cells to 8% and 
with CD8 T cells to 7%.

Our algorithm achieved the highest improvements at Other T and CD8 T cell types by 
88% and 70%, respectively. CD8 T cells had a 52% mismatch rate with other cell types. 
The CD8 T cells were intersected with CD4 T cells in raw data resulting in 92% of CD8 T 
mismatches being established with CD4 T cells. The proposed distance metric reduced 
mismatches between CD8 and CD4 T cells by 88%, allowing clear differentiation of CD8 
T cells.

We conducted an additional experiment to assess our metric’s contribution to CD8 
T cell matching accuracy. We calculated integrated distances using cosine distances 
for both modalities instead of calculating proteomic distances with our distance met-
ric. The results showed that the mismatching ratio of CD8 T cells increased from 17 to 
25%. These findings suggest that our novel distance metric enhances 1-NN cell matching 
accuracy. Moreover, results further indicated that integration was more effective when 
modalities were handled individually rather than concatenated. Together, these results 
demonstrate our algorithm’s effectiveness in clustering similar cell types, raising the 
overall 1-NN cell matching accuracy from 80.7 to 91.3%.

The integration performance of SCPRO-VI on multi-sample datasets was also mea-
sured using additional performance metrics. However, we randomly sampled 5k cells 
from the 161764 cells in the HIV dataset to maintain a consistent size with the individ-
ual samples (see Methods). The Seurat and MOFA+ algorithms were included as in the 
previous test on this dataset (Fig. 3D). Moreover, we tested a variational auto-encoder 
(VAE) version of our model that retains the same architecture, but linear layers were 
used instead of graph convolution layers (see Methods). Lastly, we tested UMAP embed-
dings generated using integrated distances (see Methods). The VAE model and UMAP 
embeddings were included in the comparison for assessing the contribution of using a 
graph auto-encoder model.

SCPRO-VI achieved 1% increase in 1-NN cell matching accuracy compared to the lin-
ear model, and a 4% increase over UMAP embeddings. Furthermore, SCPRO-VI out-
performed the Seurat algorithm, achieving a matching accuracy of 88.1% which is 1.5% 
higher than that achieved by Seurat. MOFA+ managed to match the cells with an accu-
racy of 81.5%, improving the raw data performance by only 2%.

SCPRO-VI also demonstrated the best performance in terms of the average silhou-
ette score (ASW) and the Adjusted Rand Index (ARI), with improvements of 5% and 
1%, respectively, compared to the linear model. However, the linear model outperformed 
by 1.5% in NMI and by 2% in graph connectivity metrics. These results suggest that the 
linear model generates embeddings with smaller intra-cluster distances, as indicated 
by both numerical results and UMAP projections. In contrast, the silhouette and ARI 
scores indicate that the inter-cell heterogeneity is reduced in the linear model compared 
to SCPRO-VI. This observation aligns with the inherent differences between the two 
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models, as the Variational Graph Autoencoder (VGAE) model differentiates unrelated 
cells through both its loss function and the aggregation process used in convolution.

Beyond performance differences, the comparison in Figure 3D highlights the inter-
pretability gained from graph-based encoding. Because reconstruction depends on bio-
logically meaningful neighbors defined by the modality-specific similarity graphs, the 
latent positions reflect explicit neighborhood structure rather than purely latent non-
linear transformations. This makes the contribution of each graph component more 
transparent.

Comparison results further illustrate the superiority of deep learning models for 
embedding integrated distances over UMAP. Additionally, these results suggest that 
integration performance improves when the model is informed by neighborhood infor-
mation, which helps to minimize irrelevant similarities between unrelated cell pairs.

Benchmarking against state-of-art algorithms on a complex dataset with weak inter-

cluster heterogeneity

The multi-omic integration capabilities of the SCPRO-VI algorithm were compared 
against state-of-the-art algorithms using the complex paired multi-omic dataset 
(GSE166895) [18]. We chose this dataset for our benchmark due to the poor separation 
between different types of cell clusters, which presents a challenge for the enhancing 
inter-cell heterogeneity goal of integration.

The benchmark dataset (GSE166895) [18] comprises 28k mononuclear cells (MNCs) 
in 12 cell types sampled from 14 individuals. Bone marrow samples were obtained from 
four adults and four fetuses across different developmental stages. Liver samples were 
collected from six fetuses. Additionally, four samples were obtained from newborn cord 
blood. The multi-sample and multi-organ structure of this dataset resulted in separation 
of the same type cells into more than one cluster. On the other hand, the clusters exhibit 
substantial overlap, since they are all MNCs. These characteristics make the dataset a 
suitable candidate for benchmarking multi-omic data integration.

We compared our integration algorithm with Seurat v4 [3], MOFA+ [9], and the con-
catenation of raw data as a baseline, using the same setup used for the MNC dataset 
integration. Seurat is the most widely used benchmark algorithm in multi-omic data 
integration studies. This method focuses on the integration of neighborhoods across dif-
ferent modalities, aligning well with our integrated distance approach, making it a strong 
candidate for comparison. MOFA+ is another powerful tool for vertical integration of 
multi-omic single-cell datasets. We utilized this method to test our deep learning-based 
model against a matrix factorization-based algorithm.

Two more algorithms were included in the benchmark for extending the scope of 
comparison. TotalVI [13] was included since it is a deep generative framework based 
on VAE models. The algorithm allows us to assess potential performance improvements 
afforded by the novel features in SCPRO-VI. Lastly, we included Mowgli [11] which is 
a very recent algorithm that combines Nonnegative Matrix Factorization with Optimal 
Transport. Their study includes several comprehensive experiments demonstrating the 
efficiency of their algorithm against its competitors. Thus, we established a more com-
prehensive and contemproray comparison against state-of-the-art algorithms by includ-
ing Mowgli.
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Integration results were visualized using UMAP (Fig. 4A) and 1-NN cell matching, 
ASW, NMI, ARI, and graph connectivity metrics were employed for numerical compari-
sons (Fig. 4B). The UMAP projections provide insights into the solution approaches of 
algorithms and facilitate the annotation of numerical comparison results. SCPRO-VI 
and TotalVI were achieved to reduce intersections among different types of cell clusters 
by minimizing intra-cluster cell distances. Seurat algorithm increases the heterogeneity 
for some cell types like common lymphoid progenitors and lymphoid lineage-restricted 
progenitors as well. However, the algorithm separates cells of the same type into sub-
clusters that are distantly placed from each another. This intra-cluster fragmentation 
may lead to poor or faulty downstream analyses are require comprehensive differentia-
tion between different cell types.

Matrix factorization-based methods MOFA+ and Mowgli had similar outcomes with 
poor separation between different types of cell clusters. However, MOFA+ performed 
better than Mowgli in gathering the same type of cells together whereas Mowgli heav-
ily mixed the cell clusters. On the other hand, none of the integration algorithms could 
combine the same type of cell clusters from different samples (see Supplementary Fig. 
4A). However, only SCPRO-VI and Mowgli maintained to keep the precursor B cell clus-
ters from different datasets together, which are weakly connected in raw data.

SCPRO-VI obtained the highest performance results in all the metrics against its com-
petitors (Fig. 4B). Our algorithm improved the 1-NN cell matching score of raw data by 
53%. The closest competitors TotalVI, Seurat, and MOFA+ had similar 1-NN cell match-
ing scores that are about 7% worse than our 78% matching score. Mowgli showed mini-
mal improvement over raw data due to heavy intersection between cell clusters, as seen 
in its UMAP projection.

Fig. 4  Benchmark results of algorithms on MNC dataset. A The UMAP projections of algorithm integrations col-
ored by cell type. B Performance results of algorithms in numeric comparison metrics. C Purity analysis of algo-
rithms in growing neighborhood sizes. D The Venn diagram of correct 1-NN cell matchings by transcriptomics, 
proteomics, and SCPRO-VI integrations
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We also tested the quality of cell matching in growing neighborhoods (Fig. 4C). Results 
showed that all the algorithms experienced similar performance declines as the num-
ber of neighbors increased. However, it’s important to mention that when the 10 nearest 
neighbors were considered, SCPRO-VI had a similar matching performance with other 
algorithms’ best performances obtained for 1-NN matching. The pure local neighbor-
hood led to higher performance results in other metrics since grouping similar cell types 
is essential for robust integration.

The silhouette score indicates the quality of inter-cell type heterogeneity, which is typi-
cally low in benchmark dataset due to the high intersection between different cell clus-
ters. SCPRO-VI had the best performance by having 4% better results than MOFA+, the 
second-best algorithm with a 54% silhouette score. TotalVI had an average improvement 
by having a 52% silhouette score. Mowgli and Seurat had similar low results 50% and 
49%, respectively. Seurat split the same cells into multiple sub-clusters which are distant 
as mentioned before. These distant cell clusters decrease the silhouette score of algo-
rithms because the average silhouette score metric is calculated by considering one clus-
ter center for each cell type (see Methods). Lastly, Mowgli had the lowest performance 
result due to the mixed cell clusters.

Our algorithm produced the best results in ARI and NMI metrics which demonstrate 
the alignment of cell clustering in SCPRO-VI embeddings with the ground truth cell 
clustering. SCPRO-VI is the only algorithm achieved to improve the performance of raw 
data by 2% whereas all other algorithms had worse alignment than raw data. The com-
petitors except Mowgli exhibited similar performances. Mowgli distinguished with the 
lowest ARI score since the algorithm failed to differentiate cell types. Moreover, Seurat 
had the lowest NMI score due to the intra-cell type fragmentation.

Graph connectivity scores are very close for all benchmark algorithms except Seurat 
due to the same reason for having low NMI scores. SCPRO-VI and TotalVI generated 1% 
better embeddings than raw data by having a 90% graph connectivity score which means 
the same type of cells were gathered closer to shape-connected clusters than raw mea-
surements. MOFA+ and Mowgli had slightly worse connectivity scores with 87% since 
they succeeded in embedding the same type of cells together.

Benchmark results demonstrate the efficiency of the SCPRO-VI algorithm for multi-
omic data integration. Our algorithm surpassed state-of-art comparison algorithms at 
five performance metrics to measure the heterogeneity increment between different 
types of cell clusters while decreasing intra-cluster distances of cells in the same type. 
Moreover, the marked superiority of SCPRO-VI over TotalVI demonstrates that the per-
formance of our algorithm goes beyond being merely a deep learning method. Handling 
each modality individually and incorporating the pre-calculated similarity graphs into 
the integration enhances the performance. Thus, we showed that the SCPRO-VI algo-
rithm is the best algorithm among the benchmark algorithms for meeting the two fun-
damental aims of multi-omic data integration.

SCPRO-VI integration was compared also with single modalities to calculate the con-
tribution of integration to the cell matchings (Fig. 4D). 1-NN neighbors were calculated 
using cosine distances between cells by measurements of each modality. Note that, we 
used PCA embeddings instead of raw measurements while calculating distances by tran-
scriptomics (see Methods). PCA embeddings increased the matching performance dra-
matically from 54 to 76%.
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Results showed that our algorithm leverages both modalities to outperform individual 
modalities. Moreover, we observed that transcriptomics has more inter-cell type hetero-
geneity than proteomics for each cell type in the benchmark dataset since there are mea-
surements from only 176 proteins against 11361 genes (see Supplementary Fig. 4B). The 
results also showed that 5% of the cells (475 cells) were matched truly by proteomics but 
mismatched by both transcriptomics and integrated distances. For example, 143 EPC 
cells and 135 hematopoietic multipotent progenitor cells were truly matched by their 
protein abundances despite the number of cells only matched truly with transcriptomics 
are 24 and 29 (see Supplementary Fig. 4B), respectively.

These results indicated that transcriptomics dominated over proteomics in SCPRO-
VI integrations when they are conflicted. However, SCPRO-VI effectively managed the 
disagreements and achieved to increase the aggregation of modalities from 49% (4790 + 
124 cells) to 75.5% (4790 + 201 + 2562). Moreover, SCPRO-VI successfully matched 2.6% 
cells which are mismatched by both proteomics and transcriptomics measurements.

Analysis of integrated cell embeddings assessing increased heterogeneity and revealing 

custom cell sub-clusters

We assessed our novel algorithm’s efficiency and effectiveness by further downstream 
analyses on MNC benchmark dataset [18] to see its capabilities. First, we performed a 
density-based clustering with DBSCAN [30] algorithm on integrated embeddings of 
SCPRO-VI for revealing distinguished cell sub-clusters (see Methods). Among 18 cell 
clusters with more than 50 cells, we selected two cell clusters; one from granulocyte cell 
sub-clusters, and one from common lymphoid progenitor (CLP) cell sub-clusters. Both 
sub-cluster are pure sub-clusters distinguished from the main clusters of their cell types.

The two cell sub-clusters are browsed in the clusterings of other algorithms’ integrated 
embeddings. In this analysis, we aimed to compare the capability of our algorithm 
against other integration methods in the discovery of sub-clusters that aren’t detectable 
in raw data. The granulocyte cell cluster is easier to detect than CLP cells, as they are 
nearly separable even in raw data. On the other hand, the cells in the CLP sub-cluster are 
contained at the center of the whole CLP cells without any separation. We selected this 
sub-cluster because of its more challenging nature than the granulocyte cells sub-cluster.

We calculated the optimal clusterings of algorithms for both cell sub-clusters indi-
vidually (Fig. 5A). We systematically calculated several clusterings for each algorithm 
and ranked them by an F1 matching score (see Methods). Each cluster in a clustering is 
matched with the CLP cell sub-cluster, and the F1 score is calculated by the co-occur-
rences of cells in clusters. The clustering containing the cell cluster with the highest F1 
score was determined as optimal. The same procedure was applied for the granulocyte 
sub-cluster, thus two optimal clusterings were obtained for each algorithm (Fig. 5A).

The results for the granulocyte cells show that the Seurat algorithm achieved to cluster 
of these cells in a nearly pure cell cluster by 0.82% F1 score. Note that, our algorithm F1 
scores of both granulocyte and CLP cell clusters are 1 since they are clustered in sepa-
rated cell clusters containing no other cell. Seurat’s success is expected since it tends to 
split the cells into pure small clusters. TotalVI has also achieved a good performance by 
having a 76% F1 score. This VAE-based method reveals the power of deep learning in 
capturing small variations in cell clusters while preserving their inter-cell heterogeneity. 
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Mowgli and MOFA+ couldn’t distinguish the granulocyte sub-cluster from the rest since 
both generated intersected cell clusters (F1-score 0.02% for both algorithms).

In order to examine examine the biological significance of the granulocyte cell subset, 
we conducted distinctive gene and protein analyzes (Fig. 5B and C, see Methods). The 
F-statistic quantifies the degree of variance between the classes explained by the fea-
ture, and the p-value assesses whether this variance is statistically significant. When the 
F-statistic is large, the p-value is likely to be small, indicating that the feature is highly 
important in discriminating between the two classes. For example, the results show 
that P10721 protein and SLC18A2 gene have significantly lower p-value compared to 
the other features, indicating they are the most statistically significant feature for distin-
guishing the granulocyte subcluster from the rest.

The P10721 gene and protein, which are frequently expressed in granulocyte cells, 
appeared as intra-cell type discriminators, suggesting that this cell subset differenti-
ated into basophil, natural killer (NK), or eosinophil cells [31]. However, upregulation 
of the SLC18A2 gene from other granulocyte cells (Fig. 5C) increases the possibility 
of being basophil cells [32]. In addition, distinctive proteins P16150 (CD43), P13598 
(CD102), and Q9BZW8 (CD244) support the possibility of being basophil cells regard-
ing their proteomic measurements [31, 33]. In conclusion, we claimed that the detected 

Fig. 5  The results of novel cell sub-cluster analysis in integrated MNC data. A The UMAP projections of integrated 
embeddings of algorithms colored by own optimal clusterings of each algorithm. The optimal clusterings are cal-
culated and projected individually for both CLP (top) and granulocyte (bottom) sub-clusters. The cells in the target 
sub-cluster are circled. B The Stem diagram of P and F values of important proteins (left) and important genes 
(right) for both CLP (top) and granulocyte (bottom) cell sub-clusters. C The UMAPs of integrated embeddings of 
SCPRO-VI colored by the expression level of most distinctive protein (left) and gene (right) for both CLP (top) and 
granulocyte (bottom) cell sub-clusters
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sub-cluster is actually specialized for a specific task and our algorithm is capable of 
revealing such sub-clusters.

We repeated the same procedures for the CLP cell sub-cluster to evaluate the compar-
ison algorithms with a sub-cluster that is more difficult to detect. Mowgli and MOFA+ 
algorithms failed to detect as expected since they couldn’t detect the granulocyte sub-
cluster. TotalVI couldn’t maintain its success while revealing CLP sub-cluster by hav-
ing 0.16% F1 score. Seurat algorithm performed as the second best algorithm with 70% 
success. However, we observed that all the CLP cells were clustered into one big clus-
ter which means that Seurat is capable of distinguishing CLP cells but couldn’t distin-
guish the targeted sub-cluster from the rest. All these results indicate that SCPRO-VI is 
capable of finding rare cell sub-clusters that emerged in integrated data that couldn’t be 
revealed by other multi-omic data integration algorithms.

Distinctive genes and proteins in CLP sub-cluster were queried as done in granulocyte 
cells (Fig. 5B). Identified distinctive genes RAG1, P11912, P16871, ACTG1, IGLL1 cause 
differentiation and formation of sub-clusters in common lymphoid progenitor cells 
[34–36]. Similarly, identified distinctive proteins P28907, P60033, P16871, P08195, and 
P26010 have been reported in the literature for the contribution to cell differentiation in 
CLPs [37, 38]. The most distinctive gene RAG1 and the most distinctive protein P12907 
upregulated in these cells unlike the other CLP cells (Fig. 5C). However, the upregulation 
of both RAG1 and P12907 isn’t unique for the cells in the identified sub-cluster.

We employed highly variable gene/protein (HVG / HVP) analysis using the Seurat 
v3 [39] algorithm for a better annotation of the CLP sub-cluster. The most variable five 
genes ZNF300, ITGB7, LINC01954, DIABLO, EHD3, and five proteins P49961, IgG2b, 
ICOSLG, SELL, Q9BQ51 were identified in the HVP analysis. It is reported that the 
IgG2b shows significant expression changes during the differentiation of CLP cells [40]. 
Moreover, co-existing highly variable changes of all IgG2b, ICOSLG, PDCD1LG2, and 
SELL proteins together suggest the differentiation of CLP cells into B cells [40, 41]. 
Among these proteins, only IgG2b was got into the 10 most HVPs of all CLP cells. This 
indicates that this specialized cell cluster has its own HVGs. All these results suggest the 
effectiveness of our algorithm in multi-omic data integration by generating strong multi-
omic embeddings to unlock rare cell populations.

Testing the SCPRO-VI trained with randomized cell–cell graphs

To test whether the performance of SCPRO-VI arises from biologically meaningful 
graph structure rather than architectural bias, we conducted a control experiment in 
which the modality-specific cell–cell distance graphs were replaced with randomized 
graphs. For each modality, the original distance matrices were permuted while preserv-
ing their marginal distributions and fixed diagonals, thus maintaining the global dis-
tance histogram while destroying biological structure. Importantly, the fused teacher 
graph was kept unchanged to ensure that only the encoder-side relational structure was 
disrupted.

The randomized-graph variant exhibited a substantial reduction in structure quality. 
Matching accuracy dropped to 74%, compared to 77% for raw multimodal distances 
and 88% for the full SCPRO-VI model. Cluster purity metrics showed similar behav-
ior: ARI and NMI decreased markedly relative to the pretrained model. UMAP projec-
tions revealed extensive mixing of hematopoietic lineages in the randomized model, in 
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contrast to the compact and biologically coherent clusters obtained with SCPRO-VI 
(Fig. 6A).

These results confirm that SCPRO-VI relies critically on the biologically informed 
modality-specific graphs constructed from proteomic and transcriptomic measure-
ments. When this structure is destroyed, the model fails to recover meaningful latent 
geometry, demonstrating that the performance gains of SCPRO-VI are attributable to its 
graph design rather than to architectural artifacts.

Further robustness tests of SCPRO-VI by multi-metric benchmarking across integration 

methods

To comprehensively evaluate the performance robustness of SCPRO-VI, we tested 
the algorithm on the HSPC dataset collected from mobilized peripheral CD34+ 

Fig. 6  Multi-metric comparison across integration methods and control experiment with randomized graphs. A 
UMAP projections of integrated embeddings generated by SCPRO-VI, SCPRO-VI with an additional UMAP transfor-
mation applied to the latent space, Seurat, TotalVI, and Mowgli, along with a control version trained on randomized 
modality-specific graphs. Removing structured modality information in this control disrupts lineage organization, 
whereas standard SCPRO-VI preserves compact and biologically coherent clusters and achieves clearer separation 
of major hematopoietic lineages than the benchmark methods. B Heatmap summarizing matching accuracy, ARI, 
NMI, and ASW across all integration methods. SCPRO-VI achieves the highest overall performance (matching = 
0.88), consistently outperforming Seurat, TotalVI, and Mowgli. The randomized control is included for complete-
ness and marks the expected degradation when modality structure is removed. C Cell-type–resolved matching 
accuracy for major hematopoietic populations, comparing SCPRO-VI with the benchmark methods. SCPRO-VI 
maintains high accuracy across both progenitor and differentiated lineages, showing robust performance across 
diverse cell populations
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hematopoietic stem and progenitor cells (HSPCs) isolated from four healthy human 
donors. The algorithm is benchmarked against Seurat, TotalVI, Mowgli (Fig. 6). The 
comparison spans multiple quantitative criteria that capture complementary aspects of 
integration quality: one-to-one cell matching accuracy, cluster purity (ARI and NMI), 
separation quality (ASW), and global graph structure.

Across all metrics, SCPRO-VI exhibited consistently strong performance and sur-
passed existing approaches in several key dimensions (Fig. 6B). First, SCPRO-VI 
achieved the highest cell-matching accuracy (88%), outperforming Seurat WNN, 
TotalVI, and Mowgli, and exceeding the performance of raw distances (76%) by a sub-
stantial margin. This demonstrates that SCPRO-VI leverages the complementarity of 
transcriptomic and proteomic features more effectively than linear concatenation or 
unimodal embeddings.

SCPRO-VI yielded markedly improved cluster purity, with both ARI and NMI exceed-
ing those of all competing methods. These gains indicate that SCPRO-VI reconstructs a 
latent geometry that reflects true biological identity rather than modality-specific vari-
ance or technical noise. The cell-type–resolved analysis (Fig. 6C) shows that SCPRO-VI 
maintains high accuracy across all lineages, including rare populations.

Although ASW-based separation was highest for Seurat WNN, this can be explained 
by the non-linear embedding step rather than intrinsic integration quality. Indeed, 
applying UMAP directly to SCPRO-VI embeddings produced similarly high ASW values 
(Fig. 6A), suggesting that ASW differences reflect the visualization method rather than 
the underlying latent representation. SCPRO-VI therefore offers balanced separation 
without artificially exaggerating intercluster boundaries.

We analyzed global manifold structure by examining graph connectivity and distance 
monotonicity. SCPRO-VI preserved global structure more faithfully than Seurat or 
TotalVI, which tend to fragment the manifold or over-smooth modality-specific neigh-
borhoods. In contrast, the raw multimodal distances, while moderately effective, lacked 
the cluster refinement and denoising achieved by SCPRO-VI.

Finally, integrating these findings across metrics reveals that SCPRO-VI provides a 
uniquely robust combination of high matching accuracy, cluster purity, natural sepa-
ration, and preserved global topology. The multi-metric heatmap in Fig. 6B illustrates 
the consistency of SCPRO-VI across benchmarks, highlighting its advantage not only in 
absolute performance but also in stability across evaluation axes.

Taken together, the results demonstrate that SCPRO-VI offers a comprehensive and 
biologically faithful solution for multimodal integration, outperforming established tools 
and generalizing effectively across distinct datasets.

Methods
Dataset preparation

In this study, we used three multi-omic CITE-seq datasets (HIV, MNC, HSPC) [3, 18, 
19]. HIV and MNC datasets were obtained from the Human Cell Atlas (HCA) database 
[42] in annData format. The HSPC dataset obtained from the figshare repository of the 
benchmark study [19]. The datasets were converted into MuData format, an extended 
version of annData for handling multi-omic datasets [43]. The features were split into 
transcriptomics and proteomics by referencing the metafiles from their HCA reposito-
ries, as the original annData files lack explicit feature type information.
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The HIV [3] dataset (Gene Expression Omnibus accession ID: GSE164378) comprises 
161764 cells from 8 HIV patients, sampled at three intervals: before vaccination, 3 days 
after vaccination, and 7 days after vaccination. There are measurements for 188 proteins 
and 20380 genes in the dataset. We separated the cells into 24 datasets by patient and 
sampling time. We also tested our algorithm performance in a multi-sample dataset 
sampled randomly from all 24 datasets. We selected 5k cells in total which aligns with 
the cell counts in the individual datasets. The number of cells from each patient is pro-
portional to the original dataset (see Supplementary Fig. 5A).

The MNC dataset (Gene Expression Omnibus accession ID: GSE166895) contains mea-
surements of 197 proteins and 31770 genes obtained from 28k cells. TotalVI and Mowgli 
couldn’t be tested on the full dataset in our experimental setup due to their high compu-
tational power requirements. Therefore, we randomly sampled 10k cells from the data-
set without regard for any specific dataset characteristics. The new dataset contained 
an equally proportional number of cells for each cell type as in the original dataset (see 
Supplementary Fig. 5B).

The HSPC dataset [19] contains paired RNA and surface-protein measurements 
across multiple myeloid and erythroid lineages, providing a challenging benchmark 
characterized by subtle transcriptomic variation and heterogeneous ADT signal quality. 
All preprocessing, feature selection, normalization, and model training steps followed 
the same pipeline used for the MNC dataset. All cells (7096) in this dataset are used for 
integration.

Data preprocessing

All datasets were processed without any normalization since the HIV dataset was already 
log-transformed and the MNC dataset contains normalized data both with positive 
expression values for all features. Principal Component Analysis (PCA) was applied to 
the transcriptomic data to increase inter-cell heterogeneity while suppressing the noisy 
measurements causing conflict. The number of components is set to 100 which is coher-
ent with proteomics dimensions and explains data more than 90% for both datasets.

The genes in transcriptomic data are filtered by the number of cells they are measured. 
We set a default threshold 5% in our experiments which can be adjusted with a trade-off 
between trusty or comprehensive feature set. The number of genes decreased to 8417 
for the subset of the HIV dataset. The same filtering procedure decreased the included 
gene number to 11361 in the MNC dataset, and 12395 in the HSPC dataset. On the 
other hand, we used all protein measurements since the number of sequenced proteins 
is limited.

SCPRO-VI

Our integration method consists of three main steps: calculation of distances between 
cells by each modality, pre-training of modality embedding models, and integration of 
modality embeddings (Fig. 1). First the algorithm generates cell-to-cell distance matri-
ces individually for each modality. The distance matrices are filtered then to calculate 
the adjacency matrix used in VGAE models. The VGAE models embed each modality 
into a discrete data space of matching dimensions. Finally, the modality embeddings are 
integrated by the joint homogeneous fusion approach [17] with an encoder model that is 
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connected to the output of VGAE models and generates the integrated cell embeddings 
as output. All steps of the SCPRO-VI algorithm are detailed in the following subsections.

Distance matrix calculation

We proposed a novel metric for measuring cell-to-cell distance. Let P1 be the Had-
amard product of feature matrix A1 of cell1 with its transpose A1

T  and P2 is 
the same product for cell2. The distance between cell1 and cell2 is calculated as 
|(P1 − P2) ∗ W |/(|A1| ∗ |A2|) where W is the matrix of importance values between all 
feature pairs. The resulting sum is normalized by the L1 norm multiplication of cells, 
|A1| and |A2|, for avoiding expression level differences and focusing on the co-expres-
sion profiles of the cells. The metric is formulated as below:

Distance(cell1, cell2) =

m∑
i=1

m∑
j=1

|(cell1Fi ∗ cell1Fj) − (cell2Fi ∗ cell2Fj)| ∗ Wi,j

|cell1| ∗ |cell2|
.
� (1)

Where, Fi and Fj  are the i-th and j-th features in the related cell. Wi,j  is a weighting fac-
tor indicating the relevance score between feature i and j. The L1 norms of cell vectors 
are represented with |cell1| and |cell2|. The distance metric may also be considered as 
the isomorphism score between two weighted complete graphs of cells where the nodes 
are features and edges are the product of features weighted by relevance scores.

Protein-protein interaction values are used as relevance scores in distance matrix cal-
culations by proteomic data. The weights are obtained from the STRING [21] database 
proposed as association scores (v12.0). The scores are between 0 and 1 and are used as 
they are in the experiments. Moreover, we set the relevance score to 1 for the self-pairs 
of features.

The proteomic similarity graph used by SCPRO-VI is directly derived from these dis-
tances curated protein–protein interaction (PPI) scores. Because each edge encodes 
the likelihood that two proteins participate in shared biological pathways, the resulting 
graph structure is inherently interpretable. Users can trace which protein relationships 
contribute to neighborhood formation, enabling cell-level interpretability in down-
stream embeddings.

Cosine distance was applied in place of the novel distance metric for calculating cell 
distances by transcriptomics for three reasons. First, we use PCA embeddings instead 
of the raw data which disabled the use of our metric since there isn’t any biological rel-
evance between components. However, we still tested the algorithm by raw measure-
ments to see its feasibility in other omic types. We used pathways for calculating the 
relevance score. The pathways are obtained from the Reactome [44] database at all levels 
of the pathway hierarchy. The relevance score between two genes was calculated as the 
number of co-occurrences of genes in the same pathway. The occurrences are min-max 
normalized before using them as the weights in distance calculation.

The results showed that the relevance scores increased mismatches from minority cell 
types with fewer members to the majority cell types such as monocytes. We observed 
that the longer pathways led to increased relevance scores between commonly expressed 
genes. As a result, the distinctive unique co-expressions causing differentiation of rare 
cell clusters were suppressed by low relevance scores. As a result, we discontinued the 
use of pathways for biological relevance scores between genes. We also didn’t set up any 



Page 22 of 32Koca and Sevilgen BMC Bioinformatics          (2026) 27:151 

further experiments for calculating cell distances by transcriptomics using the novel dis-
tance metric.

The last but not least reason is the complexity of our distance metric, though its paral-
lelizable algorithm. The Hadamard multiplications are done fully parallel since they are 
distinct vectorial multiplications for each cell. Moreover, the subtractions are done in 
parallel and can be batched concerning memory consumption. However, the complex-
ity of the distance metric is O(n ∗ n ∗ m ∗ m) where n is the number of cells and m is 
the number of features. The complexity of the algorithm causes high computational 
needs since the complexity quadratically increases both by the number of cells and by 
the number of features. Therefore, it makes it less desirable for transcriptomic data with 
more than 10k features.

We normalized the distance matrices to avoid domination of modalities in integration 
raised by scale imbalance between them. For each modality, each cell normalized indi-
vidually by dividing the mean distance of the nearest 100 neighbors. Thus, we get the 
distance ratios instead of modality-specific distance values for the nearest 100 neighbors 
of cells.

The number of nearest neighbors N considered for normalization declares the con-
sidered intra-cell neighborhood size for the cells. Increasing the neighborhood size may 
raise again the burden caused by scale differences. However, narrow neighborhoods can 
also lead to this issue since the normalization affects only a few intra-cell type distances 
and the rest stay unaffected.

Hadamard multiplication is applied to these normalized distance matrices to yield the 
integrated distance matrix DI . These integrated distances are then used in the training 
of end-to-end multi-omic data integration model.

Embedding modalities

Transcriptomics and proteomics were embedded independently using distinct VGAE 
models for better convergence while training the end-to-end multi-modal integration 
model. Pre-training of the embedding models enhances the inter-cell type heterogene-
ity within each modality (see Supplementary Fig. 6A). Each model was trained on its 
respective modality distance matrices. These pre-trained models transfer modality-
specific cell neighborhoods into the integration model. This approach improved conver-
gence during end-to-end training, allowing the model to focus primarily on integration 
rather than on learning cell relations within individual modalities.

Each VGAE model receives raw measurements for each modality, paired with the 
modality-specific graph, and outputs a vector representing the cell embedding (see Sup-
plementary Fig. 6B). The modality-specific graph is constructed through filtering of the 
modality’s distance matrix. We propose the following filtering function to generate the 
adjacency matrix:

Ai,j =
{ 1, if Di,j < 1

0, otherwise � (2)

Where A represents the adjacency matrix filtered from the modality cell distance matrix 
D. Ai,j  and Di,j  denote the adjacency and distance relationships between cells i and 
j, respectively. This equation enables identification of each cell’s k nearest neighbors 
(where k ranges from 0 to N) as entries in the adjacency graph. We applied a constant 
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threshold value of 1 for filtering, given that the distance matrices were normalized by 
the mean distance of each cell’s N nearest neighbors. For each cell, k neighbors had dis-
tances below this mean, while all other distances exceeded 1. This consistent threshold 
value across datasets offers an adaptive neighborhood size per cell, avoiding the need 
for hyperparameter optimization. Adaptive neighborhoods help mitigate mismatched 
neighbors often seen in fixed k-nn approaches, allowing precise handling of cells within 
non-convex regions without overly restricting neighborhoods for cells within central cell 
clusters.

For the control experiment, we constructed a randomized version of the modality-
specific graphs used by the VGAEs. Given a distance matrix D ∈ Rn×n, all off-diago-
nal entries were randomly permuted while keeping diagonal entries fixed at +∞. This 
procedure preserves the empirical distribution of distances but removes all biological 
structure. Neighborhood selection and edge filtering were then applied to the permuted 
matrices using the same pipeline as the main model. Importantly, only the encoder-side 
graphs were randomized; the integrated distances were calculated using normal modal-
ity distance matrices. This isolates the contribution of biologically meaningful modality-
specific structure from the neural architecture itself.

SCPRO-VI learns two separate latent spaces (one for RNA and one for protein) prior 
to fusion. This decomposition allows the influence of each modality to be examined 
independently before integration. Feature contributions to local neighborhoods can 
therefore be attributed to either transcriptomic or proteomic variation, providing a 
transparent decomposition of the fused representation.

The variational graph auto-encoder model comprises an encoder alone for fusion, as 
it is optimized to learn neighborhood structure rather than to reconstruct inputs. The 
following loss function computes the mean element-wise Manhattan distance between 
the actual modality adjacency matrix and the predicted adjacency matrix, separately 
accounting for positive and negative relations:

Lpos =

n∑
i=1

n∑
j=1

|Ai,j − Ãi,j | · Ai,j

n2

Lneg =

n∑
i=1

n∑
j=1

|Ai,j − Ãi,j | · (1 − Ai,j)

n2

L =Lpos + Lneg

2
+ KL [N (µz, σz) , N (0, 1)]

� (3)

Where, A represents the adjacency matrix for a given modality and Ã is the adjacency 
matrix predicted by the model. KL donates the Kullback–Leibler (KL) divergence [45], 
which measures the discrepancy between the distribution of the sampling function in 
the latent space and a standard Normal distribution.The KL divergence regularizes the 
latent space, encouraging it to conform to a structured distribution. Ã is calculated as 
follows:

Ã = Z × ZT

∥Z∥2 � (4)
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Where Z is the matrix of cell latent space embeddings. Values in Ã range between 0 and 
1, with higher values assigned to cells with more similar embeddings. This enables the 
training of VGAE models by reducing similarity among irrelevant cells while enhancing 
similarity among neighboring cells. The contrastive learning approach, which individu-
ally treats positive and negative samples in the loss calculation, mitigates the dominance 
of negative samples typically due to the sparsity of similarity graphs.

The linear model employed for comparisons has the same model architecture with 
VGAE model, but it replaces graph convolution layers with linear layers. Thus, the 
embedding model turns into an encoder of a vanilla VAE model. The loss function in 
Eq. 3 is applied without the Kullback–Leibler divergence term.

UMAP embeddings of integrated distance matrices were calculated for comparison. 
The UMAP embeddings were generated via the tl.umap method within the Scanpy 
package [46]. We set the integrated distance matrix as the connectivities parameter. The 
distances parameter was assigned a filtered integrated distance matrix, with only the 30 
nearest neighbors of each cell retained and all other distances set to 0. The considered 
number of nearest neighbors is set to 30 as recommended in the RunUMAP function 
within the Seurat package. All remaining parameters were kept at their default values.

Multi-modal integration

We developed a multi-omic integration pipeline using a multi-view variational graph 
auto-encoder (VGAE) model followed by a 2-layer encoder for modality fusion (see 
Supplementary Fig. 7). Modalities are independently embedded using modality-respec-
tive pre-trained VGAE model. Each VGAE model receives raw modality measurements 
along with the modality-specific similarity graph, generating latent embeddings for each 
cell. The cell embeddings are concatenated and provided as input to the encoder. The 
modalities are fused into an integrated latent space as model output.

The end-to-end model is trained using a loss function similar to that used in training 
the VGAE models (see 3). However, the KL divergence for both modality distributions 
was incorporated to avoid distortion in modality embeddings caused by overemphasis 
on a single modality. We obtained the ground truth adjacency matrix by filtering the 
integrated distance matrix DI  with the equation below:

Ai,j =
{

1 − DI
i,j , if DI

i,j > thcell

0, otherwise � (5)

Here, Ai,j  and DI
i,j  represent the adjacency and distance relation between cell i and j, 

respectively. The threshold thcell filters out irrelevant relations between cells that are not 
in the considered neighborhood. This threshold is calculated as the mean distance to 
each cell’s 100 nearest neighbors. The number of cells in the designated neighborhood 
was set to 100, as specified in the distance matrix calculation section.

Filtered distances are converted to a weighted adjacency matrix by subtracting them 
from 1 as in the Eq. 5. The predicted adjacency matrix Ã is calculated by applying the 
Eq. 4 over integrated embeddings. Eventually, not only 0-1 relations between cells 
are considered as in the modality embedding models, but also the degree of relations 
are optimized with the loss function. Therefore, pruning about 99% of relations that 
are unimportant for integration enhances the convergence of the end-to-end model. 
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Moreover, the convergence speed is also increased by filtering since the optimizer strug-
gles with fewer values different than 0.

The contrastive learning approach is also employed in the loss function of the end-to-
end model. The positive and negative samples are handled individually and mean ele-
ment-wise Manhattan distances are calculated separately similar to the Eq. 3. However, 
we calculated the unweighted adjacency matrix AU  for masking, since A contains edge 
weights instead of 0-1 relations. AU  is generated by applying Eq. 2 to distance matrix 
DI . Thus, we are able to filter element-wise Manhattan distances only between positive 
samples by multiplying the calculated distances with AU . The negative loss is calculated 
by multiplying the distances with 1 − AU  as in the Eq. 3.

Environment and model setup

The embedding and integration methods were implemented using the PyTorch ecosys-
tem (version 2.4.0). In the VGAE model, we used GraphSAGE [47] layers as graph con-
volution layers. The number of neighbors was set to 20 for the first convolution and 10 
for the second convolution for all the layers to be coherent with the original study. The 
first convolution layer dimension is 256, and the following µ and σ convolution layers 
are of the same size with latent embeddings in 128 dimensions. We set the dimension 
of latent space by considering the input size of each modality. The encoder consists of a 
layer with 512 dimensions followed by another layer in half size. The integrated embed-
dings are also in 128 dimensions.

We used Adam optimizer (lr = 0.001 as default) in the optimization of all models. The 
models were trained in 500 epochs in the experiments by default. However, we observed 
that the VGAE models converged mostly after 200 iterations but the loss value decreased 
steadily until 1000 epochs. Moreover, the end-to-end model converges even faster in 50 
epochs but the improvement stands still until 2000 epochs. We didn’t employ any fur-
ther hyperparameter optimization in our experiments.

Benchmark algorithms

Seurat v4

We used Seurat v4 [3] in our comparisons. The Seurat R package was used for imple-
mentation. We used weighted-nearest neighbor distances while calculating k-NN 
cell matching scores. All other metrics were calculated using the UMAP embeddings 
obtained using the RunUMAP method with default parameters.

TotalVI

We used the TotalVI [13] deep learning algorithm in our benchmark on the MNC data-
set. The algorithm couldn’t be tested in experiments done with the HIV dataset because 
the algorithm operates only with unnormalized protein counts which is not available 
for this dataset. We used the implementation of the algorithm provided in the scVI [23] 
package with default parameters.

MOFA+

We used the MOFA+ [9] algorithm in our benchmarks since it is one of the most 
common comparison algorithms for multi-omic data integration [48]. We tested the 
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algorithm using the implementation in the muon package which is a wrapper of the 
mofapy2 package. All the parameters are used as defaults in muon implementation.

Mowgli

We compared our results with Mowgli [11], which is another matrix factorization algo-
rithm optimized by optimal transport. The algorithm requires highly variable features 
for integration. We calculated the highly variable genes using the Seurat v3 [39] package. 
We set the number of HVGs to 2000 as in the Seurat v3 paper. Moreover, the authors of 
Mowgli used 2500 HVGs for about 35k genes and 1500 HVGs for about 8k genes. Thus, 
we decided to use 2000 HVGs for about 12k genes in our filtered benchmark dataset. We 
set all proteins as highly variable as in the original study.

Metrics

The average silhouette width, adjusted rand index, normalized mutual information, 
and graph connectivity metrics are calculated using the Scib package [49] with default 
parameters. K-nearest neighbor cell matching score and F1 score were implemented in 
our package.

Cell matching

The cell matching score, or k-nn matching score, measures the purity of local neighbor-
hoods of cells by the ground truth cell types. The number of truly matched neighbors of 
each cell is calculated and averaged by the following equation:

Cellmatchingscore = 1
n · k

n∑
i=1

k∑
j=1

{
1, if Type(Ci) = Type(Ci,j)
0, otherwise � (6)

Where, Ci is the i-th cell, Ci,j  is the j-th nearest neighbor cell of the i-th cell, and Type() 
is the ground truth labeling function. Thus, if all the cells truly match with k-nearest 
cells, then the metrics become 1 and it takes 0 when there aren’t any neighbors in the 
same type for none of the cells.

Average silhouette width (ASW)

The average silhouette width metric reflects the degree of both intra-cluster similarity 
and inter-cluster heterogeneity at the same time. The metric is calculated by measuring 
the silhouette coefficient of each cell c by using the (b − a)/max(a, b) equation. Here, 
a is the mean distance of cells in the same type with c to the cluster center and b is 
the mean distance to the center of all other cell type clusters. The values of ASW are 
between 1 and -1 where 1 is the best score.

The Scib package follows the same implementation as the Scikit-learn package [50]. 
The values are normalized in Scib implementation by (ASW + 1)/2 equation to scale 
them between 0 and 1. The ASW values around 0.5 indicate gathering clusters by cell 
types but still, there are heavy overlapping among the clusters. The ASW values close to 
0 means that there is no significant clustering among the cells in the same type and the 
whole data is a mess.
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Normalized mutual information (NMI)

Normalized mutual information is a measurement of the alignment between a ground 
truth clustering schema and computational clustering schema of the data. The value of 
NMI metrics is between 0 and 1 where 1 indicates a perfect matching between ground 
truth cell clusters and the clustering in integrated data. The uncorrelated clusterings 
resulted in have low NMI score. Therefore, higher NMI scores demonstrate the intra-cell 
type gatherings in integrated data.

We used the nmi() function of the Scib package with default parameters in our experi-
ments. This method gets the ground truth cluster labels and generates a clustering using 
the Leiden algorithm [51]. We used ground truth cell types as the cluster labels, and the 
Leiden algorithm calculated an optimized clustering by the given cell type labels. Scib 
uses the normalized_mutual_info_score function of the Scikit-learn package with 
an arithmetic averaging method to calculate the NMI score.

Adjusted rand index (ARI)

The adjusted rand index metric calculates the alignment of two clusterings as NMI by 
counting the cell pairs that co-existed in aligned cell clusters. However, ARI also con-
siders the common pairs between the cells in different clusters. Thus, the ARI metric 
reflects the differentiation of the different types of cell clusters which is not the case in 
the NMI metric.

The ARI metric is calculated by the ari function in the Scib Metrics module. The 
method uses the adjusted_rand_score function from Scikit-learn which takes ground 
truth labels and predicted labels as inputs and calculates the ARI score. We used the cell 
types as ground truth labels and predicted clustering labels of the Leiden algorithm as 
explained in the NMI metric. The metric gets values close to 0 when there is no match-
ing between clusterings. In our case, it means the integration resulted in random embed-
dings with no similarity between the same type of cells. The performance results close to 
1 indicate high intra-cell type clustering along with the inter-cell type differentiation.

Graph connectivity

Graph connectivity score measures how the nodes of the same type are connected 
together. The following equation is used in Scib for calculating the connectivity metric:

Graphconnectivity = 1
|C|

∑
c∈C

LCC(G(Vc; Ec))
|Vc| � (7)

Where, C is the set of unique cell types, c is each unique cell type and Vc is the set of 
nodes in c cell type. LCC is a function that gets a graph as input and returns the number 
of nodes in the largest connected component in the input graph. G(Vc; Ec) is a graph 
where Vc is the set of nodes as the cells in type c and Ec is the set of edges between these 
nodes. Thus, LCC(G(Vc; Ec)) is the number of nodes in the largest connected compo-
nents of cells in c cell type. Consequently, the equation calculates the ratio of cells in 
connected components to the cells in each cell type and averages the maximum ratios 
obtained for each cell type.

The graph connectivity metric is useful for evaluating how the cells in the same type 
are similar in integrated data. Moreover, this metric is sensitive to intra-cell type frag-
mentation which leads to lower connectivity scores. On the other hand, the metric 
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performs individual calculations for each cell type. Thus, such an integration without any 
inter-cell heterogeneity but with strong intra-cell similarity leads to high-performance 
results. Therefore, the metric should be evaluated with other performance metrics while 
assessing the overall performance of integration.

F1 score

The F1 score was used to calculate the alignment of a query cluster with clustering in our 
experiments. The F1 score is calculated by the following equation:

Precision = |CQ ∩ Ci|
|Ci|

Recall = |CQ ∩ Ci|
|CQ|

F1(CQ, Ci) =2 ∗ Precision ∗ Recall

Precision + Recall

� (8)

Where, CQ is the set of cells in the query cluster and Ci is the set of cells in the i-th clus-
ter of a clustering. We calculated the rank of a clustering as MAX(

∑
Ci∈C F1(CQ, Ci)). 

The equation ranks the clusterings by the maximum F1 score between the query cell clus-
ter and their cell clusters. Thus, we were able to identify the best clusterings of algo-
rithms that have the potential to reveal analyzed sub-clusters.

Data analysis

Distinctive feature analysis

Distinctive proteins/genes are determined using the f_classif  method from the Scikit-
learn package. This method takes features and target labels as input and calculates uni-
variate feature scores by applying an ANOVA F-test to each feature for the classification 
in labels. We set the labels of cells in the same type to 1 and the rest of the cells to 0 while 
calculating the distinctive features of a cell type. On the other hand, the distinctive fea-
tures of novel cell sub-clusters are calculated using only the cells in the same type as the 
query sub-cluster. We set the labels of cells in the sub-cluster to 1 and the rest of the cells 
to 0. The features are sorted by their F-test scores and the top 5 features were identified 
as distinctive features.

Cell sub-cluster identification

Density-based clustering algorithm DBSCAN [30] was used in sub-cluster analysis since 
the single-cell datasets usually exhibit non-convex cell clusters. We used the Scikit-learn 
implementation of the DBSCAN algorithm. The number of minimum samples was set 
to 5 as default which is coherent with the minimum number of cells in each cell type. In 
the tests over the MNC dataset, we employed a systematic search for selecting the best 
eps value for each algorithm. First, we sorted the distances of cells to their 5th nearest 
neighbors since the minimum number of considered neighbors was set to 5. The mini-
mum and maximum distances were identified, and the 20 equally spaced distances were 
enumerated and each was used as the eps value for an individual clustering. The number 
of eps values is set to 20 for employing 5% exchange rate resolution. The number of eps 
values can be increased by dividing more chunks for the more complex datasets.
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The systematic clustering was done first for the SCPRO-VI algorithm to identify novel 
cell sub-clusters. We filtered the cell clusters with more than 50 cells and consisted of 
cells all of the same type. CLP and granulocyte cell sub-clusters are identified in the same 
clustering with eps = 0.005 valued. Then, the process was applied for each algorithm 
and 20 different clusterings were obtained for each of them. The clusterings were ranked 
for both CLP and granulocyte cell sub-clusters by individual F1 scores. The clustering or 
clustering pair with the highest rank for each sub-cluster was determined as the optimal 
clustering for each algorithm.

We followed a similar procedure in the identification of monocyte cells in the tar-
geted sub-cluster revealed on patient 1 day 7 samples in the HIV dataset. The number 
of minimum samples was set to 5 and a systematic search was applied by the 20 differ-
ent eps values. The resulting clusterings were evaluated by counting the number of cells 
contained by the revealed monocyte sub-clusters in the targeted region of the mono-
cyte cluster. We identified the largest monocyte sub-cluster in our embeddings with 
eps = 0.03 valued.

Gene ontology (GO) analysis

Gene ontology analysis was done individually for the most important and least impor-
tant proteins in each dataset. The most and least important proteins in a dataset were 
identified by the protein-protein interaction scores. The PPI pairs were filtered first for 
the proteins in the dataset and then sorted by their interaction scores. Proteins appeared 
in the top 50 interactions identified as most important proteins, and the proteins 
appeared in the last 50 interactions identified as least important proteins.

We used g:Profiler [52] for annotating the most and least important proteins in two 
separate rounds. The default parameter setup was used in the analysis. The results were 
listed in detail for each annotation term: molecular function, cellular component, and 
biological process (see Supplementary Fig. 8).

Discussion
Integrated analyses of multiple omic layers at the single-cell level improve the resolution 
of cellular states and enable the identification of specialized subpopulations. However, 
encoding relationships from distinct data spaces into a single representation remains 
challenging, particularly when the strengths and densities of omic-specific neighbor-
hoods differ. An additional challenge is ensuring that the resulting integration is inter-
pretable so that the contributions of each modality can be understood in a biological 
context.

In this study, we introduced Single-Cell PROteomics Vertical Integration (SCPRO-VI), 
a method designed for paired multi-omic datasets that measure modalities in the same 
cells. Although our experiments focus on CITE-seq, the underlying graph-based formu-
lation is general and can be applied to any paired omic layers with numerical features.

SCPRO-VI computes omic-specific distances using a biologically informed metric and 
balances local neighborhoods prior to fusion, enabling a multi-view variational graph 
autoencoder to embed the modalities into a joint latent space. This design provides 
several layers of interpretability: the proteomic graph is constructed from explicit PPI 
scores, modality-specific latent embeddings allow feature-level inspection before fusion, 
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and the graph autoencoder preserves neighborhoods defined by measurable cell–cell 
similarities.

Across three CITE-seq datasets, SCPRO-VI consistently showed strong performance 
relative to state-of-the-art baselines. On a multi-sample dataset with high inter-cell-
type heterogeneity, SCPRO-VI demonstrated improved clustering performance and 
enhanced sensitivity to subpopulation structure. On more challenging MNC and HSPC 
datasets, the method again outperformed competing tools, revealing fine-grained sub-
clusters supported by previous findings. These results indicate that incorporating bio-
logically guided similarity metrics and balancing omic-specific structures can amplify 
subtle but biologically meaningful variation.

At the same time, several limitations should be noted. Our evaluation is restricted 
to paired transcriptomic and proteomic measurements; although the design could be 
extended to other paired modalities such as chromatin accessibility or DNA methyla-
tion, these extensions are not empirically tested here. SCPRO-VI also depends on the 
quality of modality-specific distance metrics. In particular, the proteomic distance met-
ric leverages PPI information, but the reliability and completeness of interaction data-
bases vary across organisms and experimental settings. Additionally, the approach is 
tailored to paired multi-omic integration and is not designed for horizontal batch cor-
rection or the integration of unpaired datasets, which remain outside the scope of the 
current model.

Extending SCPRO-VI to three or more modalities is also conceptually straightforward, 
as additional modality-specific VGAEs can be incorporated within the same fusion 
framework. However, publicly available single-cell datasets containing three or more 
paired modalities measured in the same cells remain extremely limited at present, pre-
venting a meaningful empirical evaluation of higher-order multimodal integration. As 
richer multi-omic resources emerge, generalizing SCPRO-VI to simultaneously integrate 
three or more omic layers represents a natural direction for future work.

From a computational perspective, SCPRO-VI employs a two-stage training scheme 
that stabilizes optimization but increases training time relative to single-stage models. 
Furthermore, computing the biologically guided proteomic distance metric incurs qua-
dratic complexity with respect to the number of cells. Although fully parallelizable−our 
implementation uses vectorized operations and CPU/GPU parallelism−this step may 
require additional engineering or approximate strategies when scaling to very large or 
atlas-level datasets. Another challenge is the lack of comprehensive ranking information 
for feature relationships. For instance, gene-gene interaction databases remain underde-
veloped, despite progress in individual studies [53]

Several avenues for improvement remain open. More sophisticated fusion strate-
gies could dynamically weight omic-specific distances based on reliability rather than 
multiplying balanced distances. Adaptive neighborhood selection may further refine 
graph construction. Finally, the limited availability of comprehensive interaction data-
bases for gene–gene or regulatory relationships constrains extensions to other modali-
ties; advances in these resources could broaden the applicability of biologically informed 
distance metrics. Developing a generative component to handle missing modalities also 
represents an important direction, potentially enabling projection of multi-omic struc-
ture onto large single-modality datasets.
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