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CITE-seq provides a powerful method for simultaneously measuring RNA and protein expression at
the single-cell level. The integrated analysis of RNA and protein expression in identical cells is crucial
for revealing cellular heterogeneity. However, the high experimental costs associated with CITE-seq
limit its widespread application. In this paper, we propose scTEL, a deep learning framework based on
Transformer encoder layers, to establish a mapping from sequenced RNA expression to unobserved
protein expression in the same cells. This computation-based approach significantly reduces the
experimental costs of protein expression sequencing. We are now able to predict protein expression
using single-cell RNAsequencing (scRNA-seq) data,which iswell-established andavailable at a lower
cost. Moreover, our scTEL model offers a unified framework for integrating multiple CITE-seq
datasets, addressing the challenge posed by the partial overlap of protein panels across different
datasets. Empirical validation on public CITE-seq datasets demonstrates scTEL significantly
outperforms existing methods.

Over the past two decades, the rapid development of multi-omics sequen-
cing technologies has profoundly transformed our understanding of cell
biology. These technologies enable the sequencing of the genome, epigen-
ome, transcriptome, proteome, and metabolome at the single-cell level,
offering new insights into the interplay between intracellular and inter-
cellular molecular mechanisms that govern development, physiology and
pathogenesis1. Recent advancements in mono-omics research, particularly
through single-cell RNA sequencing (scRNA-seq) methods, have already
evolved to revolutionize our knowledge of cell types as well as their different
functional cell states2,3. However, mono-omics alone is insufficient to fully
unravel the molecular hierarchy from the genome to the phenome in
individual cells. Multi-omics approaches at the single-cell level, which
integrate multiple types of biological datasets, are essential and have
emerged as a primary trend in cell biology research4.

CITE-Seq (Cellular Indexing of Transcriptomes and Epitopes by
Sequencing) is a cutting-edgemethod that simultaneously conductsmRNA
sequencing and profiles surface proteins using available antibodies at the
single-cell level5. This technique provides both proteomics and tran-
scriptomics data for the same cell. Transcriptional information is helpful to
understand cell physiology, but it cannot fully capture cellular functions
without protein expression information. For example, RNA analysis is hard
to explain post-transcriptional and post-translational modifications such as

protein degradation, isoform detection, and glycosylation6,7. Indeed, pro-
teins are fundamental to all aspects of cellular function. They play a critical
role in shaping the cellular architecture and catalyzingbiochemical reactions
as enzymes8,9. Additionally, proteins are directly involved in crucial pro-
cesses such as cellular signaling and intercellular interactions10,11. This
highlights the importance of proteins inmaintaining and regulating cellular
activities.Nowadays,CITE-seqoffers a powerfulmethod for simultaneously
profiling surface proteins and mRNA within single cells, thus providing a
comprehensive viewof cellular functions. Recently, CITE-Seqhas facilitated
several important discoveries in cell biology. Through profiling immune
cells, Su et al. (2020)12 identify a major shift between mild and moderate
COVID-19 disease by analyzing CITE-Seq datasets. Additionally, Revelo
et al. (2021)13 found that a heterogeneous population of macrophages can
prevent heart damage by conductingCITE-seq of cardiac immune cells.Wu
et al. (2021)14 utilized CITE-Seq to classify breast cancer cells based on their
cellular composition and responses to treatments, providing a “compre-
hensive transcriptional atlas” that helps unravel the complex heterogeneity
of breast cancer cells.

While CITE-seq offers a robust framework formulti-omics expression
profiling, its widespread application still faces several challenges. The high
experimental cost of generatingCITE-seq data remains a significant barrier,
especially for laboratories operating on limited budgets15. Moreover, the
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limited availability of specific antibodies restricts the range of surface pro-
teins that can be simultaneously measured. Issues such as antibody cross-
reactivity and nonspecific binding can lead to spurious results, raising the
risk of false-positive findings in CITE-seq experiments16. These technical
artifacts complicate the interpretation of data and could skew biological
conclusions. Furthermore, the correlation between RNA and surface pro-
tein expression levels is often weak due to various biological factors, such as
post-transcriptional and post-translational modifications17, adding further
complexity to the analysis of CITE-seq data.

To address the limitations inherent in CITE-seq, several computation-
based approaches have been proposed to infer the relationship betweenRNA
andprotein expression at the single-cell level. In fact, if protein expression can
be accuratelymapped fromscRNA-seqdatawithin the same cell,manyof the
challenges could be resolved, as the scRNA-seq technique is well-established
and its costs have become more affordable. Currently, the commonly used
workflows for integrating transcriptomic andproteomicdata include Seurat18

and totalVI19. Seurat is a popular R package for the analysis of single-cell data.
It offers a comprehensive suite of tools for preprocessing, normalization,
clustering, dimensionality reduction, and visualization, making it suitable for
various data types, including CITE-seq. On the other hand, totalVI (Total
Variational Inference) is specifically designed for the integrated analysis of
scRNA-seq and protein expression data, such as those obtained from CITE-
seq and REAP-seq (RNA Expression and Protein sequencing). TotalVI
employs a unified probabilistic frameworkbased on variational inference and
Bayesian methods to model both RNA and protein measurements from
single cells. By exploring the relationship between RNA and protein
expression with reference datasets, Seurat and totalVI are capable of pre-
dicting the levels of surface proteins from a given scRNA-seq dataset.

Although Seurat and totalVI provide methods for integrating data from
different sources or batches, they cannot fully correct for batch effects, parti-
cularly when consolidating multiple CITE-seq datasets with partially over-
lapping protein panels20. Moreover, as with any model-based approach,
totalVI relies on certain assumptions about data distribution and structure,
which may not always align perfectly with the actual data. Consequently,
recent studies are turning to deep learning frameworks to jointly model
scRNA-seq and protein expression data21,22. Lakkis et al. (2022)23 proposed a
versatile deep learning framework, sciPENN,which utilizes the architecture of
recurrent neural networks (RNNs) to perform multiple tasks, including pre-
dicting protein expression for scRNA-seq, imputing protein expression for
CITE-seq, and transferring cell type labels from CITE-seq to scRNA-seq.
However, since the RNN block was primarily designed for sequential data, it
may not be ideally suited for modeling expression matrix data. Furthermore,
RNN models are known to suffer from several issues, such as gradient van-
ishing during the training process24, and generally underperform compared to
their revised version, long short-term memory (LSTM) models25. These lim-
itations restrict the performance of the sciPENNmodel across various tasks.

In 2017, Vaswani et al. (2017)26 proposed the groundbreaking Trans-
former architecture, which utilizes attention mechanisms instead of tradi-
tional CNN and RNN structures. In recent years, the Transformer
architecture has become a cornerstone in deep learning, especially with the
development of large language models (LLM)27. Inspired by the success of
Transformer, this paper presents a novel framework named scTEL, which
combines the Transformer Encoder layers with LSTM cells to jointlymodel
transcriptomic and proteomic data in CITE-seq. Different from the RNN
architecture in sciPENN, our scTEL model utilizes Transformer Encoder
modules to extract embedding information from gene expression data.
Through the attention mechanism, the Transformer Encoder can capture
the underlying interrelationships among genesmore effectively than simple
linear layers. Additionally, scTEL combines a more interpretable LSTM
architecture to enable a multi-task framework. Through empirical evalua-
tions across multiple public datasets, we demonstrate that our scTELmodel
outperform existing approaches in protein expression prediction, cell type
identification, and data integration. To the best of our knowledge, scTEL
provides the most effective framework for analyzing CITE-seq data at the
single-cell level.

This paper is organized as follows: Section “Methods” describes the
datasets used, details the structure of scTEL, and outlines the training
process. Section “Results” presents the performance of models in protein
expression prediction, cell type identification, and data integration. Section
“Discussion” further discusses the results.

Methods
Datasets and normalization
TheCITE-seq technique allows for simultaneous sequencing ofmRNAand
protein expression at the single-cell level. A CITE-seq dataset comprises
both an RNA expression matrix and a protein expression matrix for the
same cells (refer to Fig. 1a). Due to the high experimental costs, published
CITE-seq datasets are relatively scarce. To evaluate the performance of our
model, this paper considers the following four publicly available datasets as
benchmarks: the human Peripheral Blood Mononuclear Cells dataset
(PBMC)28, theMucosa-Associated Lymphoid Tissue dataset (MALT)23, the
human Blood Monocyte and Dendritic cell CITE-seq dataset
(Monocytes)23, and the H1N1 influenza PBMCs dataset29 (H1N1). These
datasets were sequenced using different sequencing platforms, demon-
strating the broad applicability of our method across various datasets.
Sourced from reputable institutions, they ensure data integrity and reliable
cell type labeling. Consequently, many related studies use them as bench-
marks to evaluate model performance23,30–32, as does this paper. Table 1
presents a brief summary of the four datasets analyzed in this study.

Before inputting the datasets into the model, we perform UMI (unique
molecular identifier) normalization on the expression matrices for RNA
genes and proteins, respectively33. Normalization is an essential pre-
processing step in scRNA-seq data analyses. Its primary goal is to mitigate
the impact of technical artifacts, such as experimental noise and sequencing
depth, onmolecular countswhile preserving truebiological variation34. In this
paper, UMI normalization is performed using the Python package Scanpy35.

Specifically, we begin by dividing the UMI counts by the total UMI
counts in each cell, followed by multiplication with the median of the total
UMI counts across all cells. Subsequently, we take the natural logarithm of
these normalized UMI counts:

vij ¼ log
uijPg
j¼1 uij

� median ðUÞ þ 1

 !
;

where U ¼ fuijgn× g represents the original expression matrix with n cells
and g genes, and vijdenotes the log-normalizedUMI counts for the j-th gene
in the i-th cell.

Finally, we utilize z-score normalization to ensure that the mean
expression level for each gene is 0 and the standard deviation is 1:

xij ¼
vij � μj

σ j
;

where μj ¼ 1
n

Pn
i¼1 vij and σ j ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n�1

Pn
i¼1 ðvij � μjÞ2

q
represent the

sample mean and standard deviation of the log-normalized expression for
eachgene, respectively.The resultingmatrixX ¼ fxijgn × g becomes the gene

expression matrix after UMI normalization. Similarly, let Y ¼ fyijgn× p
represent the protein expressionmatrix after UMI normalization following
the same steps, where p is the number of proteins involved. Through UMI
normalization, our goal is tomitigate the impact of technical noise and bias,
thereby ensuring the comparability of expression data across different cells.

scTEL architecture
Overview. The primary goal of scTEL is to establish a mapping from the
RNA expression matrix to protein expression at the single-cell level. This
mapping enables effective prediction of unobserved protein expressions
using scRNA-seq data, which is well-established and available at a low
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cost. CITE-seq datasets serve as reference benchmarks for elucidating the
relationship between RNA and protein expressions in the same cells.

Given multiple CITE-seq datasets after normalization, we integrate
them by identifying common genes across all datasets. Let

Gcom ¼ G1 \ G2 \ � � � \ GK ;

where Gk, k = 1, 2,⋯ , K, represents the set of genes in the k-th CITE-seq
dataset, and Gcom denotes the set of common genes across all K CITE-seq
datasets. We then select the top 1,000 highly variable genes (HVGs) from
these common genes as the input features. Through embedding layers,
Transformer encoding (TE) layers, and LSTM cells, the scTEL modol
outputs an integratedprotein expressionmatrix that encompasses theunion
of protein sets from all datasets. Let

Pref ¼ P1 ∪P2 ∪ � � � ∪ PK ;

where Pk, k = 1, 2,⋯ ,K, represents the set of proteins in the k-th CITE-seq
dataset andPref denotes theunionof all protein sets,which is called reference
proteins.

Because the protein panels in different CITE-seq datasets may only
partially overlap, merging the protein expression matrices will inevitably
result in empty entries. These empty entries in the target matrix will not be
taken into account in the calculation of the training loss. Figure 1b presents
the overview workflow of the scTEL model briefly.

Fig. 1 |Overviewof scTEL and itsmultiple tasks. aTheCITE-seq dataset consists of
an RNA expression matrix and a protein expression matrix for the same cells, along
with the actual labels indicating the cell types for each individual cell. bMultiple
RNA expression matrices after UMI normalization are merged together and filtered
by HVGs. Then, the HVG expression matrix is fed into scTEL to accomplish three

tasks. c The architecture of scTEL is composed of an embedding layer followed by a
stack of TE layers integrated with LSTM cells. d The scTEL model is designed for
three important tasks: protein expression prediction, cell type identification, and
data integration.

Table 1 | Sample size and sequencing information of datasets
used for evaluation

Dataset Cells Genes Proteins Sequencing platform

PBMC 161,764 20,729 224 Illumina NovaSeq 6000

MALT 8412 33,538 17 Illumina HiSeq 2500

H1N1 53,201 32,738 87 10x Genomics Chromium
Controller

Monocytes 37,112 22,060 283 BD FACSAri II
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Multi-tasks. Different from traditional methods tailored for specific
tasks, scTEL provides a joint analysis framework suitable for multiple
tasks. Through the combination of TE layers and LSTM cells, the scTEL
model can accomplish protein expression prediction, cell type identifi-
cation, and data integration simultaneously. These three tasks are
inherently correlated. Effective data integration surely helps cell type
identification, and further improves the accuracy of protein expression
prediction. To capture this connection, the scTEL model generates
multiple outputs based on shared embedding features to address
these tasks.

Specifically, the RNA expression matrix, with highly variable genes as
input data, is fed into the scTEL model and passes through the embedding
layer. The structure of the embedding layer is shown in the Supplementary
Fig. 1. This layer projects the high-dimensional data into a low-dimensional
space to achieve dimension reduction. Subsequently, the embedded data
pass through a stack of TE layers, generating a sequence of intermediate
matrices Zt with the embedding dimension. The feature extraction cap-
abilities of the Transformer architecture have been widely validated across
various fields36. In our approach, the TE layers are designed to extract
embedded features from gene expression matrices. Using the attention
mechanism, theTE layers effectively capture interaction informationwithin
the gene expressiondata, andgenerate intermediate representations (seeFig.
2a). This module offers substantial advantages over the simple linear layers
used in sciPENN,which cannot fully capture the complex interrelationships
among genes. Ultimately, the final matrix ZT is linearly projected to predict
the protein expression matrix (Task 1).

Additionally, the sequential intermediatematricesZt serve as inputs to
LSTM cells, which are a variant of RNNs specialized in handling sequences
with long-range dependencies (see Fig. 2b). LSTM cells are employed to
capture and characterize the sequential information in the outputs of the TE
layers. The multiple outputs of the LSTM cells align with our multi-task
framework. Specifically, theLSTMcell stateCT is used topredict the cell type
through linear layers and softmax functions (Task 2), while the hidden
embeddingHT serves as the low-dimensional representation of the cells. By
using linear projection and the Uniform Manifold Approximation and
Projection (UMAP) method37, we can visualize the latent space of the
datasets to demonstrate the effectiveness of data integration across different
CITE-seq datasets (Task 3). Figure 1c, d detail the architecture of the scTEL
model and the corresponding tasks.

Structure of TE layers andLSTMcells. Inspired by classical Transformer
architecture, our TE layer employs the attention mechanism to extract key
latent features in the spatial structureof data.The attentionmechanism is the
core of Transformer and may be the most exciting innovation in deep
learning in the past few years. The attention mechanism is inspired by the
mechanism of human vision that our eyes often focus limited attention on
the important local areas rather than the whole scope. Thus, it can save
computational resources and capture the essential information quickly. The
self-attention mechanism in Vaswani et al. (2017)26 is defined as follows:

AttentionðQ;K;VÞ ¼ softmax
QKTffiffiffi

d
p

� �
V

whereQ 2 Rd × d;K 2 Rd × d , andV 2 Rd × d are the query, key and value
matrices respectively, which are outputs of three different linear layers with
the same input. The dot product of Q and KT measures the similarity
between query and key. Then, the attention is calculated by the weighted
average of the corresponding value V.

Furthermore, we concatenate multiple self-attention together, called
multi-head attention, to improve the performance. Each attention function
is executed inparallelwith the respective projected versions of thequery, key,
and value matrices. The multi-head attention can be expressed as follows:

MultiHead ðQ;K;VÞ ¼ Concatðhead1; head2; � � � ; haedhÞWO;

headi ¼ Attention ðQWQ
i ; kW

K
i ;VW

V
i Þ;

where i=1,…,h andWQ
i ;W

K
i ;W

V
i areweights of correspondingnetworks.

The structure of the TE layer is shown in the Fig. 2a.
The sequential intermediate matrices Zt serve as inputs to LSTM cells.

The structure of the LSTM cell is shown in the Fig. 2b. Specifically, the
feedforward steps in LSTM can be expressed as follows:

f t ¼ σðWf � ½Ht�1;Zt� þ bf Þ;
it ¼ σðWi � ½Ht�1;Zt � þ biÞ;
ot ¼ σðWo � ½Ht�1;Zt � þ boÞ;
Ct ¼ f t � Ct�1 þ it � tanh ðWc � ½Ht�1;Zt � þ bcÞ;
Ht ¼ ot � tanh ðCtÞ;

Fig. 2 | Detailed structures of TE layers and
LSTM cells. aATE layer consists of fully-connected
embedding layers combined with an Encoder
module. b A standard LSTM cell contains an input
gate it, a forget gate ft, and an output gate ot.
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where Ct represents the cell state and Ht represents the hidden embedding.
Here,Wf,Wi,Wo,Wc, andbf,bi,bo,bc, areweightmatrices andbias vectors for
the correspondingconnection,σ(⋅) and tanh(⋅) represent the sigmoid function
and the tanh function, [⋅ , ⋅] denotes the concat operation which merges the
two vectors together, and⊗ denotes the Hadamard product of two vectors.

Loss function
Indeep learning, the choiceof loss functions traditionallydependson thenature
of the task. For regression problems, where the targets are continuous variables,
mean squared error (MSE) is a commonly used loss function. For classification
problems involving discrete target variables, cross-entropy loss is the standard
choice. Our scTEL model encompasses multiple tasks, including protein
expression prediction as a regression problem and cell type identification as a
classificationproblem.Each task requires a suitable loss function tomeasure the
discrepancy between the model’s predictions and the actual target values.

In Task 1, the scTEL model provides predictions for the expression
matrix of reference proteins. Since the expression values are continuous, we
consider using the MSE to measure the distance between the predicted
expressionmatrix Ŷ ¼ fŷijg and the actual expressionmatrixY= {yij}. Note
that there are some empty entries in the true expression matrix due to the
partial overlap of protein panels across different datasets. These empty
entries are excluded from the loss calculation. Let B = {bij} be the indicator
matrixwith the samedimensions ofY, wherebij=1 if the expression valueof
j-th protein in the i-th cell is sequenced in CITE-seq datasets; otherwise bij=
0. Therefore, the MSE loss is defined as:

LMSEðY; ŶÞ ¼
1

ntrain � pref
Xntrain
i¼1

Xpref
j¼1

bijðyij � ŷijÞ2;

where ntrain denotes the number of cells in the training set and pref denotes
the number of reference proteins. Here, ntrain and pref are the dimensions of
the expression matrix of reference proteins Y.

Besides assessing the estimation error of the protein expressionmatrix,
we also evaluate the uncertainty of the estimation by using the quantile loss
function38. LetQ= {q1, q2,⋯ , qM} be the set of quantileswewish to estimate.
The final output ZT is projected through linear layers to independently
generate them-th quantile estimatesYðmÞ ¼ fyðmÞ

ij g, form= 1, 2,⋯ ,M. The
quantile loss function is defined as:

Lquantile ¼
1

M � ntrain � pref
XM
m¼1

Xntrain
i¼1

Xpref
j¼1

bij � lqðyij; yðmÞ
ij Þ;

where lqðyij; yðmÞ
ij Þ ¼ ½ð1� qmÞIðyðmÞ

ij > yijÞ þ qmIðyðmÞ
ij < yijÞ� � jyðmÞ

ij � yijj
denotes the entrywise quantile loss. Here, I(⋅) represents the indicator
function, returning 1 if the inequality is true and 0 otherwise. This loss
function evaluates the uncertainty of estimation and provides an overall
view of the model’s performance.

InTask2,which is a classification task, the scTELmodel utilizes a linear
layer coupled with a softmax function as the activation function on the final
cell state CT to output probability predictions for cell types, assuming the
number of cell types is predefined. Each cell is then identified as the cell type
with the highest prediction probability. For this multiple classification task,
the categorical cross-entropy (CE) loss function is a common choice to
measure the distance between the predicted and true distributions39. Let
S ¼ ðs1; s2; � � � ; sntrain Þ represent the true cell type labels for the cells in the
training set. The CE loss function can be defined as:

LCE ¼ � 1
ntrain

Xntrain
i¼1

logðPiðsiÞÞ;

wherePi(si) denotes the predicted probability that the i-th cell belongs to cell
type si. This loss function focuses onmaximizing the probability assigned to
the correct class, thereby enhancing the model’s accuracy in cell type
identification.

Finally, we aggregate the three loss functions as the total loss, which
serves as the objective in the training process that needs to be minimized:

Ltotal ¼ LMSE þ Lquantile þ LCE:

By calculating the gradient of the loss function with respect to the model’s
parameters, the gradient descent algorithm can update the parameters in a
direction that reduces the loss. The training loss is expected to converge to a
lower level after sufficient epochs of iteration.

By minimizing the total loss, the scTEL model effectively captures the
underlying connections between different tasks. It balances the objectives of
each task and ensures that the trainedmodel achieves optimal performance
from a holistic perspective. For detailed information on the training process
and model parameters, see the Supplementary Information.

Results
In this section, we design three scenarios using four public CITE-seq
datasets, including PBMC, MALT, H1N1, and Monocytes, to evaluate the
performance of the scTEL model. We compare scTEL with traditional
methods such as Seurat and totalVI, as well as the deep learning framework
sciPENN. Our results demonstrate that the scTEL model significantly
outperforms these existing approaches across all tasks.

Data integration and low-dimensional representation
In single-cell analysis, each cell is characterized by high-dimensional gene
sequences.However, technical noise and samples fromdifferent sources can
introduce batch effects, whichmay confound the biological interpretationof
the data. Therefore, integratingmultiple datasets and removingbatch effects
are essential steps for further analysis.

UMAP is a widely used method for visualizing batch effects by pro-
jecting the high-dimensional expression data into a low-dimensional space,
typically 2D or 3D40. After dimension reduction, each cell is plotted in the
UMAP space and can be colored according to its batch label. This visual
representation provides a clear indication of whether cells from different
batches cluster separately (indicating batch effects) or intermingle (indi-
cating successful mitigation of batch effects). Here, we explore three cases to
evaluate the effectiveness of our scTELmodel in data integration and batch
effect correction by using UMAP visualization.

Case I: We divided the Monocytes dataset, which comprises
8 samples from 4 participants, into two subsets–Monocyte 1 and
Monocyte 2, with each subset containing 4 samples from 2 participants.
Since both subsets are sourced from the same laboratory and platform,
the batch effect between the two subsets should be minimal. Figure 3a
illustrates that most methods can integrate the two subsets well, with
scTEL and sciPENN performing best by achieving complete data
mixing. In contrast, totalVI shows some bias, and Seurat does not mix
the subsets effectively.

Case II: We consider integrating the PBMC and H1N1 datasets.
Although sourced from different laboratories, the cell types in these two
datasets are closely related. Specifically, theH1N1 dataset comprises human
peripheral blood mononuclear cells infected with H1N1 influenza. The
difference between the PBMCandH1N1datasets ismore pronounced than
that in Case I. In this scenario, Fig. 3b demonstrates that scTEL significantly
outperforms other methods by achieving completely mixed plots. In con-
trast, totalVI and Seurat fail to achieve sufficient mixing, resulting in the
H1N1 data clustering separately.

Case III: We consider integrating the PBMC and MALT datasets,
which are completely distinct with minimal featuring similarity. This sce-
nario represents themost challenging integration task. Figure 3c shows that
only scTEL is able tomix the datasets effectively, while in othermethods, the
MALT cells cluster separately, indicating poor integration performance.
This highlights the superior ability of scTEL to handle and integrate highly
disparate datasets.

To further assess the performance of each batch effect correction
method and demonstrate that data integration avoids over-integration, we
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colored the true cell type labels in thePBMCandMALTdatasets in Fig. 3b, c
(note that true cell type labels are not available for the Monocytes dataset).
Our results show that the two datasets are well-mixed in the scTEL model
while maintaining clear and distinct clustering. Importantly, different
clusters remain well-separated, indicating that the integration of the PBMC
and MALT datasets avoids over-integration.

Furthermore, we employed the Silhouette score to quantitatively
evaluate the clustering quality41. The results reveal that our scTEL model
achieves the highest Silhouette scores across all cases, highlighting its
superior performance.

From these cases, it is evident that as the difficulty of data inte-
gration increases, the scTELmodel exhibits significant advantages over
other methods. This demonstrates that scTEL can effectively handle
data integration and mitigate batch effects, especially for highly dis-
parate datasets.

Protein expression prediction
The primary goal of scTEL is to establish a mapping from RNA expression
to protein expression. With a trained model, scTEL can impute the unse-
quenced protein expression in CITE-seq datasets, or predict a complete
protein expression with scRNA-seq data (refer to Task 1 in Fig. 1d).

To evaluate the performance of models, both the root means square
error (RMSE) and Pearson correlation are used to measure the distance
betweenpredicted and target expression levels for individual proteinswithin

CITE-seq data23:

RMSEj ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1Pntrain
i¼1

bij

Pntrain
i¼1

bijðyij � ŷijÞ2
s

;

ρj ¼
Pntrain

i¼1
bijðyij�μjÞðŷij�μ̂jÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPntrain

i¼1
bijðyij�μjÞ2

p ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPntrain
i¼1

bijðŷij�μ̂jÞ2
p ;

where RMSEj and ρj denote the RMSE and Pearson correlation between the
predicted and target protein expression levels for the j-th protein, respec-
tively. Here, μj ¼ 1Pntrain

i¼1
bij
bijyij and μ̂j ¼ 1Pntrain

i¼1
bij
bijŷij are sample mean of

target and predicted expression levels.

Figure 4a illustrates the box plot of the RMSE for each protein across
fourmodels in threedistinct settings asoutlined inSection “Data Integration
and Low-dimensional Representation”. Across all three settings, our scTEL
model consistently exhibits the lowest average RMSE of all proteins. Espe-
cially inCase III, where PBMCandMALTdatasets differ greatly, our scTEL
model significantly outperforms other models.

Figure 4b visualizes the expression levels of 7 overlapping marker
proteins in Monocytes, including CD14, CD74, CD36, CD62L, CD16,
HLA-DR, and CD86. These proteins play critical roles in the immune
system, participating in pathogen recognition, regulation of immune
responses, and various cell-cell interaction functions. In immunology,

Fig. 3 | UMAP visualizations colored by datasets and cell annotations. It
demonstrates the effectiveness of data integration across three scenarios for the five
compared models. The Silhouette score, shown in the top-right corner of each plot,

provides a quantitative measure of clustering performance for the different models.
a Case I, b Case II, c Case III.
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Fig. 4 | The RMSE performance of models for protein expression prediction.
a Box plots of the RMSE for each protein across four models in three scenarios. The
values at the bottom of the plot represent the means and standard errors of all
proteins in each setting. b True and predicted expression levels of 6 overlapping
marker proteins inMonocytes. The value indicated in the top-right corner of the plot
corresponds to the RMSE for the specific protein in each setting. c The UMAP plot
on the left illustrates the true labels of CD8 cell subpopulations in PBMC, while the

UMAPplot on the right focuses on three specific subpopulations of CD8 cells: Naive,
TEM3, and Naive2. By visualizing the expression patterns of marker proteins
(CD45RA, CD44-2, and CD38-1) alongside their corresponding encoding RNA
genes (PTPRC,CD44, andCD38), we demonstrate that protein expression predicted
by scTEL enables the identification of specific cell subpopulations with high levels of
particular protein expression.

https://doi.org/10.1038/s41540-024-00484-9 Article

npj Systems Biology and Applications |            (2025) 11:1 7

www.nature.com/npjsba


monocytes are classified into three subtypes–classical, non-classical, and
intermediate–based on expression patterns of these proteins in immune
cells42,43. Compared with other models, scTEL provides the closest predic-
tions to the true values. This demonstrates that our scTELmodel performs
effectively across different subtypes of monocytes.

Figure 4c shows the gene expression alongside the corresponding
protein expressions in PBMC. Analyzing the expression of coding RNA
genes alone is insufficient to distinguish cell subpopulations effectively.
However, incorporating protein expression data helps address this
limitation and provides a more comprehensive understanding. As an
example, for the three subpopulations of CD8 cells: Naive, TEM3, and
Naive2. Using UMAP, we visualize the expression of marker proteins
(CD45RA, CD44-2, and CD38-1, respectively) and their corresponding
encoding RNA genes (PTPRC, CD44, and CD38). The results
demonstrate that protein expression predicted by scTEL allows
researchers to identify the specific cell subpopulations where particular
proteins are highly expressed.

Similarly, Fig. 5 presents the Pearson correlation between predicted
and target expression values, with higher correlations indicating better
model performance. Figure 5(a) illustrates the box plot of the correlation for
each protein across four models. In all three settings, our scTEL model
consistently exhibits the highest average Pearson correlation of all proteins.
Figure 5b visualizes the expression levels of 10 marker proteins that are
common to bothPBMCandMALTdatasets. Comparedwith othermodels,
scTEL provides the highest correlation with the true values for all proteins.

To consider the uncertainty of model predictions, we calculate the
coverage probability, which indicates the proportion of true values that fall
within the prediction intervals (PI), for individual proteins. A higher cov-
erage probability reflects greater robustness of the models. As Seurat does
not quantify protein expression prediction uncertainty, our comparison is
limited to sciPENN and totalVI. Figure 5c depicts the box plot of coverage
probabilities for proteins under 50% PI and 80% PI for the three models.
Our scTELmodel consistently outperforms the others in all scenarios. Table
2 provides a summary of themedian coverage probability in each setting. As

Fig. 5 | The Pearson correlation performance of models for protein expression
prediction. a Box plots of the Pearson correlation for each protein across four
models in three scenarios. The values at the bottom of the plot represent the means
and standard errors of all proteins in each setting. b True and predicted expression

levels of 10 marker proteins that are common to both PBMC and MALT datasets.
The value indicated in the top-right corner of the plot corresponds to the correlation
for the specific protein in each setting. c Box plots of coverage probabilities for
proteins under 50% PI and 80% PI for the three models.
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the taskdifficulty increases (fromCase I toCase III), scTELmaintains robust
performance, with themedian coverage probability remaining stable across
all settings. In contrast, sciPENNand totalVI experience a significantdecline
in performance, particularly in the more challenging Cases II and III.

Cell type identification
Cell type identification and annotation constitute another critical aspect of
single-cell analysis. Traditional scRNA-seq data analysis typically employ
dimension reduction and clustering techniques on RNA expression
matrices, followed by the identification of cell types using marker genes.
However, certain cell types may not be easily distinguished based solely on
RNA expression, particularly for some rare subtypes. Accurately distin-
guishing these cell subtypes is essential for capturing cellular heterogeneity
and understanding the diverse functions within biological systems44,45.

Our scTEL offers a powerful tool for identifying cell types, leveraging
bothRNAandprotein expression data to enhance classification accuracy. In
this section, we assess the performance of our model in cell type identifi-
cation using PBMC datasets. TotalVI is excluded from the model compar-
ison, as it is not designed for cell type identification. Hao et al. (2021)28

provides high-resolution labels with 57 categories for PBMC datasets,
encompassing all major and minor immune cell types. Our task is a multi-
classification task that classifies observed cells into 57 categories, whichposes
a challenge since the subtypesmay exhibit similar expressionpatterns. Figure

Table 2 | Median of coverage probabilities under each setting

Cases PI range Median of coverage(%)

scTEL sciPENN totalVI

Monocyte1-Monocyte2 50% PI 42.6 38.1 10.3

80% PI 68.4 63.5 19.8

PBMC-H1N1 50% PI 42.0 20.6 4.9

80% PI 72.8 37.1 9.3

PBMC-MALT 50% PI 39.6 18.6 7.4

80% PI 69.0 43.3 8.9

Fig. 6 | The performance of models for cell type identification. a The heatmap of
the confusion matrix visualizes the classification performance, where the rows
represent the true cell types and the columns represent the predicted cell types. All
the three assessment metrics (accuracy, F1-score, and ARI) demonstrate that our

scTEL model outperforms existing approaches. b The variation in the proportion of
CD14 monocytes, CD16 monocytes, and NK proliferating at 3 time points in seven
donors. The p values are reported from a paired Wilcoxon signed-rank test to
compare the proportions of cells before vaccination and 3 days after vaccination.
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6a present the confusionmatrix, where the rows represent the true cell types
and the columns represent the predicted cell types. Overall, scTEL achieves a
significantly higher accuracy of 86.6% in cell type classification, out-
performing sciPENN (77.0%) and Seurat (76.1%). Additionally, we assessed
the classification performance using the F1-score and Adjusted Rand Index
(ARI)46, as shown in Fig. 6a. The results consistently indicate that our scTEL
model surpasses existing approaches across all evaluation metrics.

Moreover, donors in the PBMC dataset received a vesicular stomatitis
virus (VSV)-vectored HIV vaccine. Cell expression profiles were collected
from patients at 3 time points: immediately before the vaccine, 3 days after
the vaccine, and then 7 days after the vaccine. Hao et al. (2021)28 reported
that CD14 monocytes, CD16 monocytes, and NK proliferating exhibit
distinct responses to the vaccine. Figure 6b illustrates the variation in the
proportion of these three subtypes at different time points. Our scTEL
model provides the closest predictions to the true pattern compared with
sciPENN and Seurat.

Discussion
Life is a complex system. In modern molecular biology, according to the
central dogma, genetic information is transcribed into RNA and then
translated into proteins, which play a central role in shaping the diverse
functions of cells and organisms. However, due to limitations in techniques
and the high costs associated with experiments, research on proteomics is
often challenging and constrained. These limitations hinder our compre-
hensive understanding of life activity as a whole.

In this paper, we propose an integrated framework, scTEL, to model
RNAand protein expression jointly at the single-cell level. LeveragingCITE-
seq datasets, our scTEL model establishes a mapping from sequenced RNA
expression to the unobserved protein expression within the same cells. This
advancement enables the prediction of protein expression using scRNA-seq
data at a lower cost. In a unified framework, we achieve data integration,
protein expression prediction, and cell type identification, forming a com-
plete workflow for single-cell analysis. Through empirical validation on
public datasets, we demonstrate that scTEL significantly outperforms tra-
ditional methods such as Seurat or totalVI in various tasks. Moreover, it
exhibits superiorperformancecompared to theRNN-basedmodel sciPENN.
The architecture of Transformer encoding layers and LSTM cells in scTEL
significantly contributes to feature extraction in multi-omics data analysis.

In practice, scTEL still has several limitations. First, its sophisticated
deep learning framework requires high computational resources, especially
when handling large-scale single-cell datasets. Striking a balance between
model performance and computational costs remains a challenging issue.
Second, the training of the scTEL model relies on the access to reliable and
well-annotated single-cell datasets, such as PBMC, which may limit its
broader applicability.

Nowadays, integrated analysis of multi-omics data is becoming
increasingly essential in cell biological research. It is crucial to analyze
various related data types together to gain a comprehensive understanding
of cellular processes. In the future work, we will consider to incorporate
additional omics data, such as metabolomics and epigenetics, into our
analysis framework.

Data availability
All datasets used in our study are from previously published studies. The
PBMC dataset can be acquired through the Gene Expression Omnibus
database (Accession number: GSE164378). The H1N1 dataset is published
in29 and can be acquired at https://doi.org/10.35092/yhjc.c.4753772. The
Monocyte dataset is available at https://upenn.app.box.com/s/
64c9fsex50g1bhv67893cpdg9c5jqjzo. The MALT dataset can be found at
https://www.10xgenomics.com/resources/datasets/10-k-cells-from-a-malt-
tumor-gene-expression-and-cell-surface-protein-3-standard-3-0-0.

Code availability
The code for scTEL has been uploaded to GitHub: https://github.com/
142857cyy/scTEL.
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