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ABSTRACT: Single-cell multiomics technologies provide unprece-
dented opportunities to dissect cellular heterogeneity by capturing
multidimensional information on complex cellular states and regulatory
networks. However, challenges such as high dimensionality, extreme data
sparsity, and modality-specific discrepancies hinder the accuracy,
interpretability, and scalability of the existing integration methods.
Existing integration paradigms, including horizontal, vertical, and
diagonal strategies, are further limited by their inability to fully capture
nonlinear biological relationships, their reliance on high-quality data, and
their substantial computational demands. Here, we present scII (Dual-
Threshold Adaptive Integration of Single-Cell Multiomics Data Driven
by Imputation), an adaptive framework designed to integrate gene
expression (scRNA-seq) and chromatin accessibility (scATAC-seq) data. Our approach is built on several key conceptual
innovations: (i) scRNA-seq−guided signal imputation to enhance information integrity in scATAC-seq; (ii) a multilayer perceptron
with the Maxout activation function to improve the modeling of complex nonlinear relationships and mitigate the vanishing gradient
problem; (iii) a dynamic dual-threshold adaptive selection mechanism that jointly evaluates cross-modality feature similarity and
classification reliability to select high-quality cells; and (iv) Bayesian Information Criterion (BIC)-based optimization to dynamically
determine the number of Gaussian Mixture Model components according to data distribution, thereby eliminating reliance on
manually preset parameters. Extensive experiments on multiple real-world and simulated data sets demonstrate that scII not only
enables efficient integration of unpaired scRNA-seq and scATAC-seq data but also achieves accurate transfer of cell-type
annotations, allowing high-precision cell-type prediction for scATAC-seq.

1. INTRODUCTION
Single-cell multiomics data integration aims to jointly analyze
multiple layers of molecular information derived from the same
cell or a cell population, encompassing the genome,1 tran-
scriptome,2 epigenome,3 proteome,4 as well as data generated by
various hybrid-modality techniques (e.g., scMT-seq,5 10×
Multiome). Compared with conventional single-omics analysis,
multiomics integration enables the elucidation of cross-layer
regulatory interactions, thereby providing a more comprehen-
sive characterization of cellular states, resolving functional
heterogeneity, and revealing the underlying dynamic regulatory
mechanisms. In recent years, advances in technologies such as
SHARE-seq,6 SNARE-seq,7 and Paired-seq8 have made it
possible to simultaneously profile gene expression and
chromatin accessibility within the same cell. Meanwhile,
CITE-seq9 and REAP-seq10 allow the joint measurement of
RNA expression and surface protein abundance. These
technological developments provide researchers with powerful
tools to integrate multiple layers of genomic information and to
gain a more comprehensive understanding of how different
cellular mechanisms interact.11,12 Nevertheless, single-cell
multiomics data are inherently challenged by high dimension-
ality, extreme sparsity, and substantial heterogeneity,13,14 which

significantly increase the computational complexity and
analytical difficulty of data integration. To systematically address
these challenges, existing studies generally categorize integration
methods into three main classes based on their data pairing
relationships and shared structures15:

• Horizontal integration. Exemplified by methods such as
MOFA,16 this strategy employs linear factor models to
project multiple omics data sets into a shared latent space.
It is computationally efficient and offers high interpret-
ability; however, its effectiveness depends strongly on the
number of shared features across modalities. Conse-
quently, its utility is constrained by missing features and
sparse signals, and it often fails to capture complex
nonlinear biological relationships.
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• Vertical integration.Designed for pairedmultiomics data
from the same cell (e.g., scRNA-seq and scATAC-
seq),17−19 this approach leverages one-to-one cellular
correspondence to model nonlinear cross-modal relation-
ships and enable cross-modality prediction. Despite these
advantages, vertical integration requires high-quality
paired data, incurs substantial experimental costs, and
demands significant computational resources, which limit
its scalability to large data sets.

• Diagonal integration. Unlike the other two categories,
this strategy does not rely on shared features or cell-level
pairing. Instead, it employs dimensionality reduction or
deep learning to construct a common latent space,
thereby enabling integrative analysis across distinct omics
modalities.19−21 While highly flexible and suitable for
unpaired data sets, diagonal integration remains chal-
lenged by modeling complexity, inconsistent evaluation
standards, and reduced interpretability and robustness
due to high-dimensional noise and data sparsity.

Despite recent advances in multiomics integration and
regulatory network reconstruction, key limitations remain in
nonlinear modeling, sparsity compensation, and adaptive
parameter selection. These challenges are particularly pro-
nounced in scATAC-seq, where the number of detected open
chromatin regions is only about one-third of the genes typically
captured by scRNA-seq, substantially limiting cell-type identi-
fication.22,23 In contrast, scRNA-seq benefits from mature
library construction platforms (e.g., 10× Genomics) and
standardized annotation pipelines (e.g., CellTypist24), which
provide high-quality reference atlases. This disparity highlights
the potential of cross-omics annotation transfer, where well-
annotated scRNA-seq data sets can guide scATAC-seq cell-type
prediction in the absence of direct annotations, thereby
enhancing classification accuracy and biological interpretability.
To address these challenges, we propose scII (Dual-

Threshold Adaptive Integration of Single-Cell Multiomics
Data Driven by Imputation), a robust framework for integrating

unpaired single-cell multiomics data. scII introduces four key
innovations:

1. RNA-guided imputation: Leveraging the high signal-to-
noise ratio of scRNA-seq data to guide the imputation of
highly sparse scATAC-seq data, thereby improving
information integrity.

2. Nonlinear modeling: Employing a multilayer perceptron
with Maxout activation to better capture nonlinear
dependencies and mitigate vanishing gradient problems.

3. Dynamic dual-threshold selection: Jointly evaluating
cross-omics feature similarity and classification reliability
to identify high-quality cells for model training.

4. Adaptive clustering: Optimizing Gaussian Mixture Model
(GMM) parameters using the Bayesian Information
Criterion (BIC), enabling data-driven inference of
clustering structures without manual parameter tuning.

By integrating these strategies, scII achieves effective
alignment of scRNA-seq and scATAC-seq data and enables
accurate transfer of cell-type annotations, providing a scalable
and reliable solution for single-cell multiomics integration.

2. RESEARCH METHODS

2.1. Overview of scII
scII is an integrative framework consisting of four key modules: the
RNA-guided imputation module, the feature extraction and classi-
fication module, the cell selection module, and the cross-omics
integration module. A detailed schematic of the model’s architecture
is provided in Figure 1.
2.2. Data Preprocessing

2.2.1. Data Set Selection. To comprehensively evaluate the
performance of our model scII in integrating scRNA-seq and scATAC-
seq data, four publicly available single-cell multiomics data sets together
with one adaptively simulated data set were employed for testing. The
real-world data sets were carefully selected to cover diverse biological
contexts, including various tissue types, species, and sequencing
platforms, thereby ensuring broad biological relevance and methodo-

Figure 1. scII workflow. The proposedmodel incorporates data imputation, aMaxout-activatedMLP classifier, and a dynamic dual-threshold selection
mechanism to achieve precise cross-modality cell type annotation transfer and integration. Here, Xr denotes the scRNA-seq expression matrix, and Xa

denotes the scATAC-seq gene activity matrix.
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logical generalizability. An overview of these data sets is provided in
Table 1.

2.2.2. Preprocessing Procedure. The preprocessing pipeline was
tailored to each data modality. For scRNA-seq data, the established
preprocessing workflow implemented within the Seurat package25,26

was utilized. This standard workflow encompasses sequential steps of
normalization, log transformation, and subsequent Z-score stand-
ardization. For scATAC-seq data, peak counts were first converted into
gene activity matrices,27 followed by a Term Frequency-Inverse
Document Frequency (TF-IDF) transformation and Z-score stand-
ardization. After preprocessing, the data sets are mathematically
represented with the following notation:

• m: Number of cells in the scRNA-seq data set.
• n: Number of cells in the scATAC-seq data set.
• g: Number of shared genes between scRNA-seq and scATAC-

seq data.
• C: Total number of cell categories in the scRNA-seq data set.
• ×Xr m g : Gene expression matrix for scRNA-seq data.
• ×Xa n g : Gene activity matrix for scATAC-seq data.

• = { ··· ··· }×Y Y Y Y, , , ,r m r
i
r

m
r1

1 : Cell label set for scRNA-
seq data, where { ··· }CY 1, 2, ,i

r .

2.3. RNA-Guided Imputation
2.3.1. Dimensionality Reduction. Principal component analysis

(PCA)28 was applied to the original matrix Xr for dimensionality
reduction, projecting it from a high-dimensional space into a lower-
dimensional subspace. The reduced matrix ×X

r m d was obtained as
follows (eq 1):

= ·X X W
r r (1)

where ×W g d denotes the PCA projection matrix. The variable d(d
≪ g) represents the number of selected principal components, which
corresponds to the dimensionality of the reduced feature space. In this
specific analysis,29,30 the value of d was set to 15.

2.3.2. Similarity Calculation. In the low-dimensional embedding
space of scRNA-seq data, the similarity between cell i and cell j was
quantified using cosine similarity,31 yielding a RNA−RNA similarity
matrix ×M m m, where each matrix element Μij was computed as
(eq 2):

=
·

·

X X

X X
ij

i
r

j
r

i
r

j
r

(2)

where X i
r
and ×X j

r d1 denote the feature vectors of the ith and jth
cells in the reduced space, ∥·∥ denotes the Euclidean norm, and ·
indicates the dot product.

2.3.3. Cross-Omics Imputation. Cross-omics imputation was
performed by leveraging similarity matrixM to infer missing scATAC-
seq features. For an arbitrary scATAC cell i, its gene activity vector Xi*

a

was mapped into the same gene feature space as RNA, and its
corresponding similarity vectorMi* was sorted to select the top k most
similar RNA neighbors, forming the neighbor set N. For each neighbor
cell j ∈ N, its feature vector ×X j

a g1 from matrix Xa was then
aggregated through a similarity-weighted averaging scheme, resulting in

the imputed feature ×X i

a
g1 for cell i, it was calculated as shown in

eq 3:

=X
M

M
Xi

a

j N

ij

p N ip
j
a

(3)

This aggregation strategy ensures that highly similar neighbors
contribute more strongly to the imputed feature representation. The
collection of all imputed feature vectors X i

a
forms the imputed feature

matrix ×X
a n g .

2.4. Feature Extraction
2.4.1. Autoencoder Encoding. The low-dimensional embedding

×Zi
r h1 was derived using the encoder of a two-layer fully

connected autoencoder, where h denotes the final dimensionality of
the scRNA-seq data after this second stage of dimensionality reduction
via the autoencoder.32 The embedding was computed as (eq 4):

= fZ X( )i
r

E i
r

(4)

where f E(·) represents the encoder function of the autoencoder. The set
of low-dimensional embeddings collectively form the embedding
matrix ×Zr m h.

2.4.2. Embedding Reconstruction. Using a self-attention
module,33 the embedding matrix Zr was weighted to obtain the

reconstructed matrix ×Z
r m h, computed as follows (eq 5):

i
k
jjjjj

y
{
zzzzz= ·soft

d
Z Z

Zmax
( )r r r

r

(5)

where sof t max (·) denotes the activation function and d is a scaling
factor, typically set to d = h. Similarly, the imputed scATAC-seq matrix
X

a
was encoded via an autoencoder and reconstructed through low-

dimensional embeddings to obtain the reconstructed scATAC-seq

embedding matrix ×Z
a n h.

2.5. Feature Classification
To achieve accurate cell type classification under high-dimensional and
sparse conditions, we developed a classifier based on a multilayer
perceptron (MLP).34 This classifier employs twoMaxout35 layers as the
encoder and a linear layer as the decoder, enabling nonlinear feature
learning from scRNA-seq and scATAC-seq data.

2.5.1. MLP-Based Encoding. 2.5.1.1. Linear Transformation.

The input feature matrix Z
r
was first processed by a two-layer encoder.

For each cell i, the corresponding feature vector ×Zi
r d1 underwent

a linear transformation. This transformation is represented by eq 6:

= + bZ Z Wi
r

i
r (1) (1) (6)

where ×W h d(1) denotes the weight matrix of the first MLP layer,
and ×b d(1) 1 represents the bias vector of the first MLP layer. The
output dimensionality of this linear layer, d, is determined by the
Maxout activation function35 and was set to 128.
2.5.1.2. Maxout Activation. To enhance nonlinear representational

capacity and reduce the influence of noise and other interfering factors,

Table 1. Overview of the Experimental Data sets

data set cell number (scRNA-seq/scATAC-seq) gene number data source species modality-paireda

PBMC 4644/4502 17441 GSE156478 human no
SNARE 9134/9134 16750 GSE126074 mouse yes
Kidney 14527/14527 20105 Datasets | 10× Genomics mouse yes
SHARE 55520/55520 17701 GSE207308 human yes
SimDatab 26968/26648 17701 no

a“yes” indicates that the numbers of scRNA-seq and scATAC-seq cells are equal. b“SimData” indicates that simulated data sets.
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a Maxout activation function36 was applied. It selected the maximum
value from every two consecutive elements as follows (eq 7):

= = { } =Maxout dZ Z Z Z( ) max , , 1, , /2r
i i

r
i
r

i
r

(2 1) (2 ) µ

(7)

where ×Zr
i

d1 ( /2) represents the vector of activation matrix
×Zr m d( /2). This process was repeated in the second MLP layer,

yielding intermediate matrices ×Zr m d and ×Z
r m d( /2).

2.5.2. MLP-Based Decoding. The high-order feature
×Zi

r d1 ( /2) extracted by the two-layer encoder, was fed into a
final linear layer to compute class scores. The score for cell i belonging
to class c was calculated as (eq 8):

[ ] = +
=

g c bZ W Z( )i
r

j

d

jc ij
r

c
1

/2
(3) (3)

(8)

where Wjc
(3) represents the matrix element of the weight matrix

×W d c(3) ( /2) , and = { ··· ··· }×b b b b, , , ,C
c C

(3) 1
1
(3) (3) (3) repre-

sents the bias vector of the final layer, respectively.
Finally, the obtained scores were normalized by the Softmax function

to yield the probability of assigning cell to class c, denoted as [ ]*t ci
r , its

value was calculated using eq 9:

[ ] =
[ ]

[ ]=

t c
g z c

g z t

exp( ( ))

exp( ( ) )
i
r i

r

t
C

i
r

1 (9)

The same procedure was applied to scATAC-seq cells to obtain the
cell assignment probability ti*a [c].

2.5.3. Classification Loss Calculation. To effectively train the
classifier and address the issue of cell-type imbalance in real single-cell
data sets, we employed a weighted cross-entropy loss function. This
strategy assigned higher weights to under-represented rare cell types
and lower weights to over-represented common cell types. The
procedure consisted of two stages: weight precomputation and iterative
computation of the weighted loss.
2.5.3.1. Weight Precomputation. The weight computation was

based on the total number of cells belonging to each class in the scRNA
data set. For a given cell class c, the number of cells nc was calculated as
(eq 10):

= [ ]
=

{ = }n 1c
i

m

c Y
1

i
r

(10)

where 1{c=Ydi
r} denotes the indicator function, equal to 1 if c = Yi

r and 0
otherwise.

The class weight wc (eq 11) was then determined by using inverse
frequency weighting:

=
· =

w C
n n1/

c
c t

C
t1 (11)

2.5.3.2. Weighted Loss Computation. During model training, a
mini-batch gradient descent strategy was adopted. In each iteration, a
batch of B cells was randomly sampled, and the loss was computed on
this batch. The weighted classification loss ce for the batch was
calculated as (eq 12):

i

k

jjjjjjjjj

y

{

zzzzzzzzz
=

[ ]

[ ]= =
B

w
g

g c

Z Y

Z

1
log

exp( ( ) )

exp( ( ) )
ce

i

B

c
i
r

i
r

c i
r

Y
Y

1 r
m
r

1 (12)

where wc denotes the precomputed weight corresponding to the true
class label Yi

r of cell i. By minimizing ce, the classifier effectively learned
the discriminative features of all cell types while enhancing the
recognition accuracy of rare cell populations.
2.6. Cell Selection
Due to inherent differences between scRNA-seq and scATAC-seq,
directly applying an scRNA-seq-trained MLP classifier to scATAC-seq

data often reduced accuracy and reliability. To overcome this, we
developed a Dynamic Gaussian Mixture Model (GMM)-based
strategy37−39 that leveraged the correlation between gene expression
and chromatin accessibility to adaptively identify “high-quality”
scATAC-seq cells. These cells showed minimal transcriptomic−
epigenomic discrepancies and high classification confidence. Selection
was based on two criteria: feature similarity and classification reliability.

2.6.1. Feature Similarity Calculation. To assess the degree of
alignment between each scATAC-seq cell and the scRNA-seq data in
the feature space, a similarity score was calculated.

• scRNA-seq data: In the reconstruction scRNA-seq matrix Z
r
,

cells belonging to class c were identified, and their mean feature
vector of was calculated and denoted as ×Vc

r d1 .
• scATAC-seq data: For each cell i in the reconstructed scATAC-

seq matrix Z
a
, the cosine similarity between its feature vectors

Z i
a
and Vc

r was computed. The maximum similarity across all
classes is then defined as the cross-omics similarity score, Sia(Sia ∈
[0,1]), its value was calculated using eq 13:

=
·

·
=

| |{ ··· }
S

I
Z V

Z V
V Zmax ,

1
i
a

c C

i
a

c
r

i
a

c
r

c
r

c
r

i I
i
r

1, ,
c
r (13)

where = { | = }I i c Yc
r

i
r denotes the index set of scRNA-seq cells labeled

as class c, and |Icr| represents the number of elements in this set.
2.6.2. Classification Reliability Loss Calculation. To evaluate

the accuracy and confidence of the classifier in predicting scATAC-seq
cells, a classification reliability loss i

a (eq 14) for each cell i was defined,
with higher values indicating greater uncertainty:

= [ ]
{ ··· }

t clog( max ( ))i
a

c C
i
a

1, , (14)

where ti*a [c] is the Softmax function predicted probability for class c of
cell i. Since 0i

a , the loss is strictly positive.
2.6.3. Dynamic Gaussian Mixture Modeling. scATAC-seq cells

with minimal cross-omics discrepancies relative to scRNA-seq data was
identified through two steps: normalization and component selection.
2.6.3.1. Normalization. The cross-omics similarity score Sia (eq 15)

and the classification loss i
a (eq 16) were normalized as

=
+

S
S S

S S

min

max mini
a i

a

t
t
a

t
t
a

t
t
a

(15)

=
+

{ ··· }t n
min

max min
, 1, ,i

a i
a

t
t
a

t
t
a

t
t
a

(16)

where ε > 0 is a small constant for numerical stability. The normalized
values constituted the sets = { }=S S

a
i
a

i
n

1 and = { }=
a

i
a

i
n

1, respectively.
2.6.3.2. Component Selection. (a) Number of Gaussian Compo-

nents.
For S̃a and a, the likelihood-based model was defined as (eqs 17 and

18):

| = | =
=

p X X X S( ) ( , ), or
k

K

k k k
a a

1

2

(17)

i
k
jjjjjj

y
{
zzzzzz= | = | =

= = =
L p x x S( ) ln ( ) ln , , or

i

n

i
i

n

k

K

k k k i i
a

i
a

1 1 1

2

(18)

where > ==( 0, 1)k k k
K

k1 , μk, σk
2 and ·( ) denote the mixture

weight, mean, variance, and probability density function of the kth
Gaussian component. = { } =( , , )k k k k

K2
1 represents the full set of

GMM parameters, and K denotes the number of components.
(b) Optimal Number of Gaussian Components.
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Traditional GMM requires prespecifying the number of components
K, which often leads to underfitting, overfitting, or high computational
cost due to heuristic selection. To address this, we adopted a data-
driven approach using the Bayesian Information Criterion (BIC)40: for
each candidate K, a GMM was fitted using the Expectation-
Maximization (EM) algorithm41 and the corresponding BIC value
(BICK) was computed using eq 19:

= +L K nBIC 2 (3 1)ln( )K K (19)

where L̂K denotes the maximum log-likelihood under K components.
The optimal number of components, K*, was selected as the K value
that minimized the BICK, found through a grid search. This procedure
was applied independently to S̃a and a, yielding optimal component
counts Ks* and *K , respectively.
2.6.3.3. High-Quality Cell Selection. Cell quality was assessed based

on the concurrent achievement of two metrics: a high cross-omics
similarity score and a low cross-omics classification loss. This

quantitative standard directly dictates the reliability of cell-type

identification.

• For the Ks* Gaussian distributions of the set S̃a, the Gaussian
distribution with the largest mean was selected from the set
{ ··· }*, , K1 s

as the highest cross-omics similarity score.

• For the *K Gaussian distributions of the set a, the Gaussian
distribution with the smallest mean was selected from the set
{ ··· }*, , K1 as the low classification loss.

For each cell i, posterior probabilities of belonging to the high-

similarity and low-loss component were computed as (eqs 20 and 21):

=
|

|=

P S
S

S
( )

( , )

( , )
s i

a k i
a

k k

k
K

k i
a

k k

2

1
2s (20)

Figure 2. Integration performance on the Kidney data set.
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=
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P( )
( , )

( , )
i
a k i

a
k k

k
K

k i
a

k k

2

1
2

(21)

where P S( )s i
a

and P( )i
a denote the probabilities of the cross-omics

similarity score S̃ia and the cross-omics classification loss i
a for cell i,

respectively. The mixture coefficient, mean, and variance of the
Gaussian distribution with the largest mean in the sets{ ··· }*, , K1 s

are

represented by ( , , )k k k
2 ; similarly, those of the Gaussian

distribution with the smallest mean in the sets { ··· }*, , K1 are

represented by (πk̆, μk̆, σk̆
2). Finally, high-quality cells are selected based

on whether P S( )s i
a
and P( )i

a meet the predefined thresholds.

2.7. Cross-Omics Integration

2.7.1. Omics Discrepancy Reduction. To reduce cross-omics

discrepancies in selected high-quality cells, the mean square error

between the scRNA-seq and scATAC-seq modalities was minimized.

The alignment loss mse was defined as eq 22:

=
=

V Vmse
c

C

c
r

c
a

1 2

2

(22)

Here, ×V c
a d1 is the weighted mean feature vector of all scATAC-

seq cells belonging to class c, computed as eq 23:

Figure 3. Integration performance on the Simulated data set.
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=
·q

q
V

Z( )

( )c
a i I i i

a

i I i

c
a

c
a (23)

where = { | = }I i Y cc
a

i
a

denotes the index set of scATAC-seq cells
labeled as class c. = [ ]

{ ··· }
t cY arg max( )i

a

c C
i
a

1, ,
is the predicted class label, and

·arg max( )
c

selects the class with the maximum predicted score.

The weight qi was defined by the product of two probabilities (eq
24):

= ·q P S P( ) ( )i s i
a

i
a

(24)

2.7.2. Self-Training Strategy. To leverage high-quality scATAC-
seq cells and iteratively refine the model, a self-training framework was
employed. In each iteration, previously identified high-quality cells are
removed from the scATAC-seq data setXa andmerged into the scRNA-
seq data set Xr as pseudolabeled samples, thereby augmenting the
training set with high-confidence predictions. The updated Xr was then
used to retrain the entire model (autoencoder and MLP classifier) end-
to-end, minimizing a composite loss by combining classification and
cross-modal alignment objectives. This process was repeated until no
additional high-quality cells were identified.

3. MATERIALS

3.1. Performance Assessment

Model performance was assessed using a multidimensional framework
comprising harmonized silhouette coefficient (HSC), accuracy (ACC),
weighted F1-score, normalized mutual information (NMI), adjusted
Rand index (ARI), and adjusted mutual information (AMI). These
metrics were applied across data sets of varying scales and qualities to
comprehensively evaluate integration effectiveness, feature representa-
tion, and biological relevance. Detailed calculation formulas and
implementation details for each metric are provided in Supporting
Material Section 1.

3.2. Benchmark Methods
Five representative methods, includingMIDAS,21 scBridge,42 scJoint,19

MOFA+,16 and Harmony,43 were selected as benchmarks based on
their methodological relevance, technical innovation, and comple-
mentary strategies in single-cell multiomics integration. Detailed
descriptions of these methods are provided in Supporting Information
Section 2.

4. RESULTS
For clarity and space considerations, we present results on the
real Kidney data set and the simulated data set in the main text.
Analyses of the remaining data sets are provided in Supporting
Material Figures S1−S6.
4.1. Integration Effect Visualization

UMAP was applied visualization to compare integration
performance on different data sets, focusing on cellular space
alignment, cross-modality consistency, and the preservation of
cell cluster structures.

4.1.1. Kidney Data Set. To assess robustness across tissue
types and platforms, we compared scII with five benchmark
methods on the Kidney data set, as shown in Figure 2.
The unintegrated original data (Figure 2a), cells colored by

type, revealed 14 distinct populations, while coloring by
modality revealed strong modality effects between scRNA-seq
and scATAC-seq. In contrast, our scII method (Figure 2b)
demonstrated superior performance by successfully mixing cells
from both modalities, while forming well-defined clusters for
each cell type. Other methods (Figure 2c−g) showed varying
limitations. Specifically, MIDAS (Figure 2c) and scJoint (Figure
2e) performed poorly in clustering, with MIDAS failing to fully
eliminate modality separation and scJoint unable to effectively
distinguish between cell types. Although scBridge (Figure 2d),
MOFA+ (Figure 2f), and Harmony (Figure 2g), while partially
mixing modalities, failed to effectively distinguish cell types,

Figure 4. Multimetric clustering performance on the Kidney data set.
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leading to poor biological clustering and a reduced significance
of their integration results.

4.1.2. Simulated Data Set. To evaluate performance under
high complexity and strong modality effects, we benchmarked
scII against four methods on the simulated data set (Figure 3).
In the unintegrated data (Figure 3a), cells were heavily mixed

by type with no discernible structure, while modality coloring
revealed a complete separation between scRNA-seq and
scATAC-seq, indicating strong modality effects. Our scII
method (Figure 3b) achieved optimal integration, resolving 18
compact, well-separated clusters and fully eliminating modality
stratification. In contrast, MIDAS (Figure 3c) only partially
mitigated modality effects, producing low-resolution embed-
dings. ScBridge (Figure 3d) generated discrete clusters but
showed oversegmentation and persistent modality bias. ScJoint
(Figure 3e) failed to resolve specific cell types, erroneously
merging them, and retained localized modality artifacts.
Harmony (Figure 3f) produced elongated, blurry structures,
where modality effects remained dominant.
4.2. Multimetric Clustering Performance

We evaluated cross-omics label transfer performance using six
state-of-the-art methods: MIDAS, scBridge, scJoint, MOFA+,
Harmony, and our proposed scII. These methods were tested
across five data sets: SNARE, Kidney, SHARE, PBMC, and
SimData.

4.2.1. Kidney Data Set. To assess generalization in a
complex tissue environment, we evaluated six integration
methods on the Kidney data set comprising 14 annotated
renal cell types (Figure 4).
Our scII (Figure 4a) and MIDAS (Figure 4b) achieved high

classification accuracy (93% and 88%), effectively transferring
labels from scRNA-seq to scATAC-seq and reconstructing renal
cell identities with strong discriminative power. scBridge (Figure
4c) reached 80% accuracy but showed substantial confusion
between proximal tubule brush border cells and fibroblasts,
reflecting the limited ability to resolve similar cell types. MOFA+

(Figure 4e) achieved 87% accuracy yet misclassified distal
collecting duct principal cells and intercalated cells, indicating
difficulty in distinguishing functionally related subpopulations.
scJoint (Figure 4d) obtained 85% accuracy with errors mainly
between smooth muscle cells and fibroblasts, likely due to
feature loss during alignment. The accuracy of the Harmony
(Figure 4f) model is relatively low because it mistakenly
classifies a large number of brush-border cells in the proximal
tubules as other cell types.
Clustering-based metrics (Figure 4g) further confirmed the

superiority of our scII and MIDAS, both achieving near-optimal
AMI, NMI, ARI, and F1-scores. However, scII exhibited a higher
HSC (0.612), compared to 0.516 for MIDAS, highlighting its
stronger ability to preserve the global structure and ensure cross-
modality consistency.

4.2.2. Simulated Data Set. Figure 5 evaluates cross-omics
integration under controlled conditions with known ground-
truth labels.
Our scII achieved 78% accuracy across 18 cell types (Figure

5a), demonstrating robust label transfer and strong subtype
discrimination. As shown in Figure 5e, Harmony (70%
accuracy) showed basic classification ability but was clearly
inferior. MIDAS (50% accuracy, Figure 5b) failed markedly with
extensive confusion among multiple cell types, indicating poor
adaptation to designed modality gaps. While scBridge (Figure
5c) and scJoint (Figure 5d) matched scII in accuracy (78%),
they misclassified closely related subtypes (e.g., types 5−6, 8−
10, 14−15), revealing weaker fine-grained resolution.
Radar plots (Figure 5f) further distinguish the integration

quality. scII and scJoint not only achieved high accuracy and F1-
score but also maintained superior clustering metrics (AMI,
NMI, ARI) and HSC, indicating strong discriminative
representations that preserve true population structures.
MIDAS showed uniformly low scores, especially in HSC and
AMI, confirming its inability to model nonlinear cross-modal
relationships. Harmony performed worst overall, with lowest

Figure 5. Multimetric clustering performance on the Simulated data set.
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accuracy and compressed radar profile, suggesting suitability for
batch correction but inadequate for deep cross-omics alignment.
4.3. Parameter Optimization

In scRNA-seq guided scATAC-seq imputation, the parameter K
(number of nearest neighbors) directly affects the imputation
accuracy and computational efficiency. To determine the
optimal setting, we evaluated K ∈ {1, ···, 20} (extended to 25
for SHARE) across the SNARE, Kidney, SHARE, PBMC, and
SimData, using eight metrics (ACC, F1-score, Somic, Stype,
HSC, NMI, ARI, and AMI) (Figure 6).
As shown in Figure 6, optimal K varied by data sets, reflecting

differences in intrinsic structure and data quality. Performance
plateaued at K = 9 for SNARE (Figure 6a), 8 for Kidney (Figure
6b), 14 for SHARE (Figure 6c), and 12 for SimData (Figure 6e).

These results suggest moderately larger neighborhoods improve
robustness in complex or heterogeneous data by leveraging
complementary signals. In contrast, PBMC peaked at K = 1
(Figure 6d) and declined thereafter, likely due to its high quality,
sharp lineage boundaries, and strong modality specificity, where
additional neighbors introduce noise and blur distinctions. In
summary, K should be adaptively selected based on data set
scale, heterogeneity, and quality, rather than applying a fixed
uniform value, to achieve optimal cross-omics integration.
4.4. Ablation Study

An ablation analysis was conducted to evaluate the contribution
of the dual-threshold mechanism, specifically its use of the cross-
omics similarity score (Sa) and MLP classification reliability loss
( a) for high-quality cells selection. The performance of the

Figure 6. Parameter K optimization.

Table 2. Performance of Model Variants on Five Benchmark Data sets

data set variant ACC F1-score HSC NMI ARI AMI

PBMC Sa-alone 0.8499 0.8623 0.6112 0.7264 0.6806 0.7257
MLP-alone 0.86 0.8706 0.6128 0.7193 0.6917 0.7187

scII 0.8359 0.8517 0.6036 0.6846 0.6410 0.6839
SNARE Sa-alone 0.7536 0.606 0.5946 0.7046 0.6598 0.7022

MLP-alone 0.7945 0.6199 0.6007 0.7278 0.7225 0.7257
scII 0.7901 0.6258 0.5959 0.7074 0.7119 0.7051

Kidney Sa-alone 0.8983 0.8455 0.6107 0.8164 0.8009 0.8159
MLP-alone 0.9391 0.8916 0.6171 0.8607 0.8902 0.8603

scII 0.9256 0.8708 0.612 0.8474 0.8638 0.847
SHARE Sa-alone 0.8034 0.579 0.5838 0.7301 0.7432 0.7298

MLP-alone 0.7476 0.5385 0.5868 0.7094 0.6568 0.7091
scII 0.8201 0.5762 0.5874 0.7491 0.7647 0.7488

SimData Sa-alone 0.7035 0.4903 0.5814 0.7226 0.6868 0.722
MLP-alone 0.7538 0.4963 0.5926 0.7089 0.6689 0.7083

scII 0.7759 0.5219 0.5864 0.7182 0.7057 0.7176
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complete scII framework was contrasted with that of two single-
criterion variants:

• Sa-alone: Selects high-quality scATAC-seq cells solely
based on the cross-omics similarity score Sa.

• MLP-alone: Selects high-quality scATAC-seq cells solely
based on the MLP classification loss a.

• scII: The proposed model, which combines the dual-
threshold mechanism (Sa and a).

This evaluation was performed across five benchmark data
sets (PBMC, Kidney, SNARE, Simulated, and SHARE). To
ensure a fair comparison, the training pipeline and all
hyperparameters were kept strictly identical across all variants
with results detailed in Table 2.
The data in Table 2 reveal distinct performance trends based

on data set size:
• Small data sets (such as PBMC): The single-criterion

variants (Sa-alone or MLP-alone) achieve performance
comparable to, or slightly exceeding, that of scII. This
suggests that simpler selection criteria may suffice when
the cell population size is limited and the data structure is
less complex.

• Complex data sets (such as SHARE, SimData): As data
set size and complexity increase, scII generally achieves
the best or near-best performance metrics. Notably, scII
attains a superior trade-off between the degree of cross-
omics integration (measured by HSC) and clustering
quality (measured by NMI, ARI, and AMI) alongside
classification accuracy (ACC, F1-score).

By maintaining high integration scores while improving
clustering accuracy, scII demonstrates that the benefits of
integrating scRNA-seq and scATAC-seq data via the dual-
threshold mechanism become increasingly pronounced as the
data complexity grows.

5. CONCLUSION AND FUTURE DIRECTION
We present scII, a cross-omics integration framework that
utilizes scRNA-seq to guide scATAC-seq imputation. By
employing cosine similarity for cell comparisons and weighted
imputation, scII effectively mitigates technical noise and bridges
modality gaps. The framework incorporates dual reliability
assessment, integrating feature similarity with classification loss,
and leverages progressive knowledge transfer to enhance
robustness against low-quality or outlier samples. Benchmarking
on real and simulated data sets demonstrates scII’s superior
performance, particularly in complex data sets, achieving over
78% annotation accuracy with high discriminative power,
structural fidelity, compact intracluster cohesion, and distinct
intercluster boundaries. These attributes highlight scII’s bio-
logical interpretability and analytical reliability.
A current limitation of the scATAC-seq preprocessing

pipeline is its reliance on gene activity matrices constructed
solely from proximal regulatory regions (gene bodies), which
exclude information from distal accessible regions.
As sequencing technologies advance toward triand quad-

omics profiling (encompassing transcriptome, epigenome,
proteome, and metabolome), scII will be extended to
accommodate higher-dimensional data and to explicitly map
distal accessible regions to their target genes. This direction aims
to exploit the full regulatory landscape, capture more intricate
cross-modal interactions, and further enhance the resolution of
transitional and rare cell states.
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