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Abstract

Motivation: The advent of single-cell RNA sequencing (scRNA-seq) technology has allowed researchers to measure gene
expression profiles at the single-cell level, providing valuable insights into cellular heterogeneity. However, due to the
limitations of current sequencing platforms, scRNA-seq data often contain significant noise, particularly severe dropout
events, which pose major challenges for subsequent analyses.

Results: In this study, we developed a new method called topology-aware contrastive learning (scTACL). This approach
uses contrastive learning between a cell similarity graph and a cell embedding similarity graph, employing a zero-inflated
negative binomial (ZINB) distribution to model the reconstructed data. This alignment helps the processed data better
reflect true biological signals. It delivers superior results in key tasks such as data imputation, clustering, batch effect
correction, and cell-cell interaction. Additionally, scTACL successfully identified two distinct subtypes of epithelial cells in
lung adenocarcinoma tissues, further demonstrating its effectiveness and usefulness in complex biological settings.
Notably, without relying on spatial location information, scTACL still effectively distinguished the epithelial and
mesenchymal regions in the spatial transcriptome data of liver cancer and identified the COLLAGEN signaling pathway,
which plays a crucial role in the epithelial-mesenchymal transition process through intercellular communication analysis.

In addition to transforming research approaches in cell biology
and epigenetics, scRNA-seq has also profoundly influenced the

1 Introduction

As fundamental units of life, cells perform a variety of biological
functions depending on their tissue context and physiological
state. Although traditional bulk RNA sequencing offers high se-
quencing depth, it captures only the average transcriptional
profile of large cell populations, making it challenging to un-
cover cell-to-cell heterogeneity (Mortazavi et al. 2008). Recently,
groundbreaking advances in single-cell RNA sequencing (ScCRNA-
seq) have enabled the precise profiling of gene expression at the
individual-cell level (Tang et al. 2009). This opportunity has sig-
nificantly deepened our understanding of cellular heterogeneity.

analysis of complex biological systems, such as the tumor
microenvironment (Han et al. 2023).

Although scRNA-seq has made groundbreaking progress in
elucidating cellular heterogeneity, it still faces substantial chal-
lenges. At the technical level, an inherent trade-off exists be-
tween sequencing sensitivity and throughput. For example,
high-sensitivity platforms (such as Smart-seq2) can thoroughly
capture transcripts, especially low-abundance genes and non-
coding RNAs, but they have limited sample capacity and higher
costs (Picelli et al. 2013). Conversely, high-throughput platforms
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(e.g. Drop-seq) are ideal for large-scale cell sequencing but often
sacrifice sequencing depth per cell (Macosko et al. 2015).
Additionally, systematic biases introduced by different sequenc-
ing platforms or experimental batches—known as batch
effects—can obscure true biological signals or lead to false-
positive results, thereby compromising the accuracy of biologi-
cal interpretations.

A more significant issue is the high dimensionality and spar-
sity of scRNA-seq data, particularly evident in dropout events,
where gene expressions that should be detected remain unde-
tected due to technical limitations. To mitigate these effects,
various computational strategies have been proposed. In the
context of scRNA-seq, “denoising” refers to the reduction of
technical noise introduced during sequencing and library prepa-
ration, aiming to improve data fidelity by removing random fluc-
tuations. In contrast, “imputation” focuses on the recovery of
dropout (zero-inflated) expression values resulting from low-
capture efficiency. While both strategies enhance data quality,
they target distinct sources of data distortion. The data sparsity
caused by dropouts significantly impacts downstream analyses
in several ways: (i) Cell clustering, a key step in scRNA-seq analy-
sis pipelines, heavily relies on the quality of the raw data. The
high dropout rate-induced sparsity significantly reduces cluster-
ing accuracy. (i) Dropouts can obscure real gene expression dif-
ferences, lowering sensitivity and increasing the risk of false
positives. This effect is especially pronounced for genes with
low expression, which may include critical regulatory factors
and cell-specific markers. (iii) Cell type identification depends
on accurately detecting marker genes. When marker genes are
missing because of dropout, misidentification is more likely,
particularly among transcriptionally similar subtypes. (iv) The
coexpression of ligand-receptor pairs is fundamental for infer-
ring cell-cell communication. Loss of gene expression can lead
to the missed detection of key signaling pathways, thereby af-
fecting the comprehensive understanding of cellular interac-
tions and tissue function.

Regarding dropout issues, numerous approaches for imputing
scRNA-seq data have recently emerged, with notable methods
including SAVER (Huang et al. 2018), scimpute (Li and Li 2018),
and MAGIC (Van Dijk et al. 2018). Specifically, SAVER employs
Bayesian regression and coexpression networks, leveraging
gene similarities to build predictive models that estimate the
true expression level of each gene in individual cells. In contrast,
scimpute initially clusters cells into subgroups and assesses
whether zero values result from dropout events based on ex-
pression patterns within the same cluster. MAGIC, grounded in
manifold learning theory, constructs cell similarity graphs and
employs diffusion processes to propagate information across
the graph, smoothing and completing the gene expression ma-
trix. With rapid advances in deep learning, driven by their strong
learning capabilities and scalability, some researchers have de-
veloped deep learning-based methods for denoising single-cell
transcriptomics data. For instance, scVGAE (Inoue 2024) integra-
tes a graph convolutional network (GCN; Kipf and Welling 2017)
into a variational autoencoder (VAE) framework (Kingma and
Welling 2014), using the zero-inflated negative binomial (ZINB)
loss function to achieve precise data recovery. Acimpute (Zhang
et al. 2025) assumes that lower gene expression levels within

the same cell type correlate with higher dropout rates. It builds
a transition probability matrix between cells and recovers miss-
ing expression values through the weighted reconstruction of
this matrix.

For the cell clustering issues, Seurat (Stuart et al. 2019) and
Scanpy (Wolf et al. 2018) represent two of the most prominent
toolkits in R and Python, respectively. Seurat combines scRNA-
seq data with in situ RNA patterns to infer cell locations and
types, whereas Scanpy is a scalable toolkit for analyzing scRNA-
seq gene expression data built with anndata. Both tools utilize a
shared nearest neighbor model and either the Leiden or Louvain
algorithms for clustering. In addition to these traditional tools,
deep learning techniques have been increasingly applied to en-
hance clustering performance in scRNA-seq analysis. scSimGCL
utilizes multi-head attention mechanisms to integrate gene expres-
sion and graph structure information, extracting features through
graph neural networks) to achieve clustering (Zhang et al. 2024).
GraphSCC combines a graph GCN with denoising autoencoders
and optimizes the model through a dual self-supervised module to
enhance clustering performance (Zeng et al. 2020).

Inspired by these advances, we propose a topology-aware
contrastive learning (scTACL framework; Fig. 1). scTACL is a uni-
fied model that supports multiple downstream analyses, includ-
ing data imputation, cell clustering, batch effect correction,
differential expression analysis, trajectory inference, and cell-
cell interaction/communication analysis. Unlike conventional
pipelines that perform imputation and clustering as separate,
sequential steps, scTACL directly reuses the imputed expression
matrix produced during training as a shared representation for
all downstream tasks. This design improves interpretability and
simplifies the workflow by reducing inter-task dependencies
and minimizing ad hoc preprocessing.

In terms of modeling strategy and learning objectives,
scTACL differs fundamentally from existing GCN- or ZINB-based
approaches. First, beyond reconstructing gene expression alone,
scTACL introduces a topological decoder that jointly recon-
structs gene expression and cell-cell graph structure. This
strategy encourages structural consistency between latent
representations and biological neighborhood relationships.
Second, scTACL incorporates a topology-aware contrastive ob-
jective that aligns representations learned from the original and
augmented graphs while explicitly preserving topological con-
straints. In contrast, most conventional GCN- or VAE-based mod-
els rely primarily on reconstruction losses and do not explicitly
regularize the latent space with scTACL. Together, these compo-
nents enable scTACL to jointly model gene expression, cellular
topology, and representation robustness within a single frame-
work, thereby providing a streamlined paradigm for multiface-
ted single-cell transcriptome analysis.

To comprehensively evaluate scTACL, we conducted systematic
experiments on 20 single-cell and spatial transcriptomics datasets
spanning diverse tissues and sequencing platforms, including 17
benchmark scRNA-seq datasets for quantitative evaluation and 3
datasets for downstream analyses. The tasks evaluated included
data imputation, cell clustering, batch effect correction, differential
expression analysis, pseudotime trajectory inference, and cell-cell
communication prediction, offering comprehensive and multidi-
mensional validation of the method’s effectiveness. The results
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Figure 1 Overview of scTACL. (a) Following the selection of HVGs, scTACL constructs the original graph G by integrating gene expression profiles and
the Euclidean distances computed in the PCA space using the K-nearest neighbors (KNN) algorithm. Subsequently, a data augmentation strategy is
applied to the original graph G to generate a corresponding augmented graph G. Finally, scTACL takes both the original graph G and the augmented
graph G as inputs to the model and produces the corresponding intermediate embeddings Z and Z. (b) scTACL is introduced to enhance the model’s
ability to capture cell-cell relationships in the latent space. (c)The gene decoder adopts a symmetric architecture to the encoder, while the topology
decoder employs an inner product decoder and leverages a ZINB (Zero-Inflated Negative Binomial) model to fit the reconstructed gene expression
matrix. (d) Downstream analysis tasks were conducted on the reconstructed matrix obtained by scTACL.

show that scTACL consistently surpasses leading state-of-the-art
methods in key areas such as imputation, clustering, and batch ef-
fect removal, demonstrating superior accuracy and robustness. In
differential expression analysis, scTACL successfully identified tran-
scriptional differences between distinct epithelial subtypes in a

lung adenocarcinoma (LUAD) dataset, underscoring its ability to
detect subtle cellular variations. Notably, even without spatial loca-
tion data, scTACL was able to accurately infer potential epithelial-
mesenchymal transition (EMT) trajectories in a hepatocellular
carcinoma spatial transcriptomics dataset, underscoring its strong
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potential to capture complex spatial-functional relationships
within biological systems.

2 Methods

2.1 Data preprocessing

In this study, we begin with the raw scRNA-seq gene expression
count matrix, denoted as Xz,,, € R¥*™ where N represents the
number of cells and M represents the number of genes. Owing
to the high-dimensional sparsity inherent in scRNA-seq data, di-
rectly inputting the full expression matrix into the model would
not only incur excessive memory usage but also introduce un-
necessary noise. To address this issue, we utilize the Scanpy
toolkit to perform highly variable gene (HVG) selection on the
raw matrix. This application results in a reduced matrix of HVG
expressions, denoted as Xy € RV*", where H is the number of
selected HVGs. Then, we apply a standardized preprocessing
pipeline to Xuyg, including normalization to unit variance and a
zero mean across genes. The resulting normalized gene expres-
sion matrix is denoted as X € R¥*", which serves as the input to
the downstream components of our model.

2.2 Construction of the cell graph

Unlike previous studies that rely solely on the scRNA-seq gene
expression matrix as input, we introduce an additional graph
structure to capture the underlying relationships between cells
more effectively. To this end, we develop a graph construction
approach based on principal component analysis (PCA) and K-
nearest neighbors (KNN), enabling a more accurate representa-
tion of cell-cell interactions. Specifically, we first apply PCA to
the normalized gene expression matrix X € RV*", resulting in a
low-dimensional principal component matrix Xpcy € RVXP,
where each cell is represented by a D-dimensional vector. In the
reduced space, we compute the Euclidean distance between
pairs of cells to quantify their similarity: The smaller the dis-
tance between two cells, the more similar their gene expression
profiles are in the PCA-transformed space. Next, we apply the
KNN algorithm to identify the top K nearest neighbors for each
cell, constructing a binary adjacency matrix A€ RY*", where
Aj =1 if cell v; is among the top K nearest neighbors of cell v;,
and A; = 0 otherwise. The resulting graph structure is denoted
as G=(V,E), where V= (vi,vs,...Vy) represents the set of
nodes (cells); and where E C VXV represents the set of edges
derived from the adjacency matrix A.

2.3 Graph convolutional autoencoder
combined with the ZINB model

To capture the latent structure in scRNA-seq data more effec-
tively, we employ a GCN autoencoder that integrates gene ex-
pression features with the topological structure of cell-cell
relationships. Additionally, to address the highly sparse nature
of scRNA-seq data, we incorporate a ZINB model to approximate
their underlying distribution better. Specifically, the encoder
and decoder are implemented as single-layer symmetric
graph convolutional networks (GCNs). The encoder learns

low-dimensional cell embeddings by propagating gene expres-
sion signals through the cell graph, whereas the decoder aims to
reconstruct the input representation. To enhance the recon-
struction fidelity, we append a ZINB module to the output of the
decoder. This probabilistic component enables the model to
capture the overdispersed nature of scRNA-seq counts and the
excess of zero values resulting from dropout events, thereby
yielding a more biologically realistic representation of the data
distribution.

The graph structure G is composed of the normalized gene ex-
pression matrix X and the adjacency matrix A, which together
serve as the input to the encoder. The encoder maps this input
to a latent embedding Z, capturing feature and structural infor-
mation. The decoder then uses Z to reconstruct the gene expres-
sion matrix, denoted as H. This process can be formally
described as follows:

Z= o(AXW,. +B,) 1)
H= G(AZWd + Bd) (2)
A= DIAD: 3)

where A =A+1 is the adjacency matrix with added self-loops;
D:Z/-A,j is the degree matrix; W, and Wy are the trainable
weight matrices in the encoder and decoder, respectively; Be
and By are the corresponding bias vectors for the encoder and
decoder; and o(+) denotes a nonlinear activation function (such
as RELU).

After obtaining the reconstructed matrix H, we model it via
the ZINB distribution to more accurately reflect the statistical
properties of the scRNA-seq data, which are typically character-
ized by overdispersion and an excess of zero counts (dropouts).
The ZINB model models the distribution of gene expression by
fitting three parameters: the mean g, dispersion 6, and dropout
rate x, which are defined as follows:

u = diag(S;) x exp(W,H) (4)
0 = exp(WpH)(5)
7= o(W,H) (6)

the ZINB distribution function is defined as follows:

TX+0)/ 0 \%/ u \* )
XT() \O+u <9+/4>

In addition to reconstructing the gene expression matrix, we
introduce an inner product decoder to reconstruct the cell adja-
cency matrix A. The reconstructed adjacency matrix output by

the inner product decoder is denoted as A, which is defined
as follows:

ZINB(X|z, u, 0) = n6(Xm) + (1 — 7)

A = sigmoid(Z72) (8)

where sigmoid(x) =1/(1+e7*) is a nonlinear activation

function.
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To capture gene expression patterns and intercellular rela-
tionships simultaneously, we optimize the model by jointly mini-
mizing the reconstruction errors of the gene expression matrix
and the adjacency matrix. The overall reconstruction loss is de-
fined as follows:

1 -~
Irec = NZ(alHHi - Xi||2 +a2||Ai _AI'HZ) (9>
i=1

where N is the number of cells; i indexes the i-th cell; and a; and
a, are balancing coefficients between gene expression and
graph reconstruction loss. Through empirical testing, we find
that the model achieves optimal performance when a; =1.0
and a; = 0.6. In addition to reconstruction loss, we also incorpo-
rate ZINB-based loss to model the overdispersed and zero-
inflated nature of scRNA-seq data. This loss is defined
as follows:

[Zinb = E*[OQ(Z/NB(XP[,,MG)) (10)

The ZINB parameters (4, 6, ) are obtained by applying sep-
arate fully connected layers with appropriate activation func-
tions to the decoder output H.

2.4 Topological domain-aware
contrastive learning

To increase the quality of latent embeddings, we propose a
ScTACL. In each iteration, the framework takes two graphs as
inputs: the original graph G, constructed from the normalized
matrix X and its adjacency matrix A, and an augmented graph G,
derived from the original graph through data augmentation.
Specifically, for the original graph G, we perturb the node fea-
tures by shuffling the normalized gene expression matrix X while
keeping the topological structure (i.e., adjacency matrix A)
unchanged. This undertaking results in an augmented graph
structure G = (V, E), where X is the shuffled version of X, and A
remains fixed. This approach improves the model’s ability to dis-
cern spurious noise, enhances its robustness to diverse features,
and further explores the latent information in scRNA-seq data.
The original graph G and the augmented graph G are fed into a
shared-parameter GCN encoder to generate distinct latent
embeddings Z and Z, where the computation of Z can be
expressed as follows:

7= o(AXW,. +B.) (11)

where A, W,, B. and o(+) are the same as those in Equation (1).

Although Equations (1) and (11) are mathematically identical
in form, they operate on different graph inputs. Specifically,
Equation (1) processes the original graph G = (X,A), where X
denotes the normalized gene expression matrix. Equation (11),
in contrast, processes the augmented graph G’ = (X',A), where
X' is generated by randomly perturbing the node features while
retaining the original adjacency matrix A. This design enables
the contrastive learning module to learn representations that
are robust to feature perturbations while preserving the under-
lying cell-cell relational structure.

Contrastive learning aims to maximize the similarity between
positive samples while minimizing the similarity between nega-
tive samples. To this end, we propose a scTACL, which assumes
that cells within the same class exhibit greater similarity,
whereas cells from different classes have lower similarity. Based
on this reasonable assumption, we calculate the cosine similar-
ity matrix of cross-view latent embeddings, defined as follows:

.
(Z) (Z/>
Sj=-——cl (12)
IZIIIZ]
where S; represents the cosine similarity between the embed-
ding Z; of the i-th sample in the original view and the embedding
2,» of the same sample in the augmented view. Since the graph
topology is also constructed based on the similarities between
cells, we introduce a mean square error (MSE) loss to make the
similarity matrix S as close as possible to the adjacency matrix
A. The MSE loss is defined as follows:

N

N
leon = %ZE (Sj — Aj)? (13)

i=1l j=1

where N is the number of cell samples. Through MSE loss, during
model training, the similarity between point pairs in the latent
embeddings increases when A; =1 and decreases otherwise.
This process enables scTACL to effectively pull closer points
with high similarity while pushing apart points with low similar-
ity. Consequently, the latent embeddings can efficiently capture
the complex relationships hidden in the data, considerably im-
proving the quality of the learned representations.

2.5 Overall loss function

To enhance the overall performance of the model, we adopt a
joint optimization strategy during the training process, which
integrates reconstruction loss, ZINB loss, and scTACL loss. The
overall objective loss function is defined as follows:

L = a % lrec + f * Linp 47 * lcon (14)

where [, represents the reconstruction loss, [, represents the
ZINB loss, and [, represents the scTACL loss. The coefficients
a,f, and y are weight-balancing parameters that control the
contribution of each component.

Although scTACL incorporates a ZINB probabilistic model dur-
ing training, the final imputed gene expression matrix used for
downstream analyses is the deterministic reconstruction H.
Specifically, the ZINB loss acts as a probabilistic regularization
term that encourages the model to capture biologically realistic
count distributions, including overdispersion and dropout
events commonly observed in single-cell transcriptomic data. In
contrast, the deterministic reconstruction loss focuses on pre-
serving the global structure of the gene expression space and
stabilizing the learned latent representation. By combining
these two objectives, the model can simultaneously learn robust
feature representations while maintaining consistency with the
statistical characteristics of the observed count data.
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Importantly, using Hto parameterize the ZINB distribution
does not introduce conflicts. The reconstruction loss does not
enforce exact fitting of zero entries but instead serves as a regu-
larization mechanism that promotes stable embeddings and
smooth reconstructions, whereas the ZINB likelihood explicitly
models dropout uncertainty through its zero-inflation compo-
nent. As a result, the probabilistic modeling of gene expression
counts is primarily governed by the ZINB objective, while the re-
construction term improves representation stability and training
robustness. Similar hybrid optimization strategies that combine
deterministic reconstruction with probabilistic count modeling
have been successfully adopted in several deep learning frame-
works for single-cell data analysis, such as scVGAE, scE2EGAE
(Wang et al. 2025), ZMGA (Yao et al. 2024), and scZiva (Vo et al.
2026), demonstrating the effectiveness of integrating represen-
tation learning with count-based statistical modeling.

Together, these objectives enable scTACL to achieve a bal-
ance between statistical realism and practical usability, leading
to improved representation quality and more reliable down-
stream analyses.

Taking clustering as an example, after the reconstructed gene
expression matrix H is obtained, dimensionality reduction is per-
formed via PCA. For datasets with a known number of clusters,
the K-means algorithm is applied, with the number of clusters
specified accordingly. For datasets with an unknown number of
clusters, the Leiden clustering algorithm from the Scanpy pack-
age is employed, with the resolution parameter selected from
the range [0.1, 0.3, 0.5]. This approach not only achieves effec-
tive imputation but also enables the precise classification of cell
types, thereby uncovering potential mechanisms underlying the
differences between various cell types.

2.6 Parameter settings

In this experiment, we define the encoder and decoder as
single-layer GCN networks, with an intermediate embedding di-
mension of 96. The number of HVGs is set to 3000, and the num-
ber of neighbors is set to 5. The three weight-balancing
parameters in the loss function, a, S, and y, are empirically set
to 5, 0.6, and 0.6, respectively. This configuration prioritizes the
stability of the reconstructed representation while still incorpo-
rating probabilistic modeling of gene expression counts. A rela-
tively larger weight is assigned to the reconstruction loss to
ensure that the decoder preserves the global structure of the
gene expression space and produces stable embeddings for
downstream analyses. Meanwhile, the ZINB loss, although
assigned a smaller weight, provides an important probabilistic
constraint for modeling overdispersion and dropout events
commonly observed in single-cell transcriptomic data. In prac-
tice, this weighting strategy leads to more stable training behav-
ior and improved clustering performance across multiple
datasets. Therefore, the chosen parameter setting allows
SCTACL to effectively balance representation learning and
distribution-aware modeling.

The optimizer used is the Adam algorithm with a learning rate
of 0.0008 and no decay. The training runs for 500 iterations.
Additionally, the experiment is conducted on a server equipped
with an NVIDIA Tesla A100 GPU. In addition to the settings
reported above, detailed parameter values and implementation

configurations are provided in the Additional file 1: Table 1,
available as supplementary data at Bioinformatics online to fa-
cilitate reproducibility.

2.7 Benchmark experiments

To fully verify the performance of scTACL, we conducted a com-
prehensive comparison with existing methods, including data
imputation performance, clustering performance, and batch ef-
fect removal performance. The parameters of the benchmark
methods were set according to the parameters provided in their
original papers (Additional file 2: Table 2, available as supple-
mentary data at Bioinformatics online).

2.8 Benchmarking evaluation metrics
for scTACL

In this study, we adopted two widely used evaluation indicators,
namely normalized mutual information (NMI) and adjusted rand
index (ARI), to evaluate the clustering performance of scTACL.

NMI measures the quality of clustering by calculating the NMI
between the predicted label and the true label, with a value
ranging from 0 to 1. The higher the NMI value, the higher the
similarity between the predicted label and the true label. NMI is
defined as follows:

NMI(U, V) = (15)

here, U and V correspond to the true labels and clustering
results, respectively. M/(-) denotes mutual information, and H(-)
denotes entropy.

ARl is a modified version of the Rand Index, widely used to as-
sess the similarity between two clustering results. Its values
range from -1 to 1, where a value closer to 1 indicates higher
clustering accuracy, and a value of 0 suggests random label as-
signment. The ARl is calculated using the following formula:

RI(U,V) — E[RI(U, V)]

ARI(U7 V) = mGX(RI(U7 V) - E[RI(U’ V)D

(16)

where E[-] denotes expectation, and RI(-) represents the similar-
ity between two clustering results. The calculation formula is
shown below:

TP+ TN

RIUWV) = oo
UV = N

(17)
where TP is true positive, TN is true negative, FP is false positive,
and FN is false negative.

In addition to the above two indicators, we also introduced
the Average Silhouette Width (ASW) to evaluate the experimen-
tal effect from multiple perspectives. ASW is often used to mea-
sure the rationality of clustering of samples within their clusters

and the degree of separation from other clusters.
For each sample j, its silhouette score s(i) is defined as:
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. b(i) —a(i)
s(i) = max(a(i) — b(i)) (18)
where a(i) is the average distance between sample i and all
other samples within the same cluster; b(/) is the average dis-
tance between sample i and all samples in the nearest neighbor-
ing cluster.

The silhouette score ranges from —1 to 1, where values close
to 1 indicate that the sample is well clustered, close to 0 suggest
that the sample lies at the boundary between clusters, and val-
ues close to —1 imply possible misclassification. The ASW is de-
fined as:

N

ASW = %Zs(i) (19)

i=1

where N is the total number of samples. A higher ASW value indi-
cates a clearer and more meaningful clustering structure.

3 Results

3.1 The imputed matrix of scTACL can
enhance clustering performance on
cross-platform datasets

To thoroughly evaluate the clustering performance of scTACL,
we performed comparison experiments on 17 cross-platform
scRNA-seq datasets (Additional file 2: Table 3, available as
supplementary data at Bioinformatics online) to assess its ability
to cluster effectively. The benchmark methods include models
mainly designed for clustering tasks (e.g. scVGAE, scSimGCL,
GraphSCC, and K-means) as well as models focused on imputa-
tion tasks (e.g. SAVER, sclmpute, MAGIC, and Acimpute).
Because these datasets contain ground-truth labels, we used
common metrics, the NMI and ARI, to measure clustering perfor-
mance (Fig. 2a and Additional file 3: Tables 4 and 5, available
as supplementary data at Bioinformatics online). Notably,
Aclmpute was excluded from the Bach dataset comparison be-
cause it did not finish within 24 h.

The experimental results show that scTACL outperforms other
methods on 11 out of 17 datasets and ranks among the top
three on 16 of these datasets. Additionally, the average NMI and
ARI values for scTACL across all datasets reached 0.8511 and
0.8277, with medians of 0.8418 and 0.8378, respectively, both
notably higher than those of the other method.

To further validate the cross-platform generalization ability of
scTACL, we compared its overall clustering performance across
various data platforms, including 10x (Zheng et al. 2017), CEL-
seq2 (Hashimshony et al. 2016), Drop-seq (Macosko et al. 2015),
InDrop (Klein et al. 2015), Smart-seq2 (Picelli et al. 2013), and
SMARTer (Ramskold et al. 2012). The results show that scTACL
achieved significantly better clustering performance across mul-
tiple platforms, demonstrating its efficiency and accuracy in
cross-platform data processing (Fig. 2b). Additionally, we visual-
ized the dimensionality reduction and clustering results of
scTACL and other methods using UMAP. For example, in the
Quake 10x Limb Muscle dataset, scTACL exhibited superior cell

clustering performance. Compared with other models, scVGAE,
scSimGCL and GraphSCC also produced relatively good cluster-
ing results (Fig. 2c), which is consistent with their high NMI
scores (Additional file 3: Table 4, available as supplementary
data at Bioinformatics online). Additional file 4: Fig. 1, available
as supplementary data at Bioinformatics online presents the
UMAP clustering results of scTACL on datasets other than the
Quake 10x Limb Muscle dataset. The visualizations highlight
that scTACL consistently achieves robust clustering performance
across multiple datasets, indicating its ability to effectively pre-
serve the underlying information and distribution patterns in
gene expression matrices, thereby excelling in clustering tasks.

3.2 scTACL can effectively impute scRNA-
seq data under high noise conditions

To systematically assess the performance of various methods in
single-cell data imputation, we compared the proposed scTACL
method with other leading imputation algorithms using the 16
public datasets mentioned above. Figure 2d illustrates the per-
formance of each method on the Young dataset (results for the
other datasets are presented in Additional file 5: Figs. 2-4, avail-
able as supplementary data at Bioinformatics online). In this
figure, each point represents a single cell, with the x-axis indicat-
ing the original mean gene expression and the y-axis indicating
the mean expression after imputation, thereby reflecting the
correlation between them. We used the Pearson correlation
coefficient (PCC) as a quantitative metric, where higher PCC val-
ues indicate that the imputed results more closely match the
true expression levels, demonstrating better imputation quality.

The results demonstrate that scTACL performed exceptionally
well in this task, achieving the highest PCC values in 11 out of
the 16 datasets and ranking within the top 3 for the remaining 5
datasets. On the Young dataset, scTACL achieved a PCC of 0.964,
with the imputed scatter points distributed almost uniformly
along the diagonal, showing excellent linear consistency
(Fig. 2d). This finding indicates that scTACL not only effectively
recovers expression values lost due to dropout events but also
accurately preserves the original biological signals.

Importantly, a high PCC value does not mean that the imputa-
tion method simply copies the original data without changes.
Instead, it demonstrates that the method effectively restores
dropout events while maintaining consistency with the original
expression patterns. This finding is supported by the better clus-
tering performance of scTACL and subsequent experiments on
batch effect removal. In summary, scTACL offers significant
advantages in data imputation, achieving top results in correla-
tion metrics while ensuring the accuracy and reliability of down-
stream analyses. Its high-quality imputation forms a strong base
for later tasks, such as identifying cell subpopulations and re-
moving batch effects. The overall performance of scTACL will be
further emphasized in the following sections.

It is worth noting that the performance improvement of
scTACL cannot be solely attributed to imputation. While imput-
ing dropout events improves data completeness, the major
gains arise from the joint learning of graph-based representa-
tions and topology-aware contrastive objectives. Importantly,
ScTACL does not arbitrarily inflate missing values. The recovered
expression values are constrained by both neighborhood
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topology and the ZINB-based probabilistic model, which
reduces the risk of introducing false-positive signals.
Consistently, the imputation accuracy evaluation under differ-
ent simulated dropout rates further supports this point
(Additional file 6: Table 6, available as supplementary data at
Bioinformatics online): scTACL achieves the lowest reconstruc-
tion errors across all masking levels (dropout=0.10/0.30/0.50),
with MSE of 0.11/0.15/0.15 and RMSE of 0.33/0.38/0.38, outper-
forming representative imputation baselines such as SAVER,
scimpute, MAGIC, and Aclmpute. This finding is further sup-
ported by the consistent improvements observed in clustering,
batch effect removal, and trajectory inference tasks, which are
highly sensitive to the recovery of spurious expression.

3.3 scTACL can effectively eliminate
batch effects

Batch effects are systematic biases caused by non-biological fac-
tors in biological experiments, such as experiment timing, per-
sonnel, or sequencing platforms. These biases can significantly
impact data consistency and lead to more errors in subsequent
analyses. Furthermore, dropout events further diminish the ac-
curacy of the results. Recent research indicates that enhancing
data quality can significantly improve the effectiveness of batch
effect removal methods, thereby effectively minimizing the in-
fluence of batch effects on analysis outcomes (Yuan et al. 2017,
Luecken et al. 2022).

To achieve this, we utilized a publicly available pancreatic
dataset comprising 16 382 cells and 19 093 genes from various
sequencing platforms (e.g. CEL-seq (Hashimshony et al. 2012),
CEL-seq2, Fluidigm C1 (Pollen et al. 2014), SMARTer, InDrop, and
Smart-seq). First, we applied scTACL to perform data imputation
on the original expression matrix. Then, we used the Harmony
algorithm (Korsunsky et al. 2019) from the Scanpy package to
correct batch effects in the imputed data. To verify scTACL’s ef-
fectiveness in removing batch effects, we established a control
group that applied the same processing pipeline as other impu-
tation algorithms. For the clustering algorithms mentioned ear-
lier, we ensured the use of consistent analysis workflows for
their embeddings to ensure comparable results. Figure 3a com-
pares scTACL with various existing methods for removing batch
effects. Figure 3a and Additional file 7: Table 7, available as sup-
plementary data at Bioinformatics online show that scTACL
achieved excellent performance on evaluation metrics such as
ASW, ARI, and NMI. Notably, Table 7, available as supplementary
data at Bioinformatics online also includes a comparison with
Harmony, where scTACL consistently attains higher ASW, ARI,
and NMI values. These results further highlight the strong capa-
bility of scTACL to enhance cell-type consistency across batches.
Furthermore, Fig 3b and c present the UMAP embeddings of dif-
ferent methods for visual comparison. In addition, the UMAP
embedding produced by Harmony is shown in Additional file 7:
Fig. 5, available as supplementary data at Bioinformatics online
for reference.

These figures show that although most methods reduce batch
effects to varying degrees (except for MAGIC, scVGAE, and
GraphSCC), some limitations still exist. For example, scSimGCL
has a relatively loose structure with uneven color distributions,
indicating poor consistency in clustering. Compared to other

methods, SAVER, sclmpute, and Acimpute demonstrate better
batch effect removal; however, they still exhibit noticeable color
stratification, indicating residual boundaries between batches.
In contrast, scTACL has significant advantages: colors (repre-
senting different sequencing platforms) are highly mixed, and
cluster structures are clearly defined. These findings indicate
that scTACL effectively eliminates batch effects while preserving
biologically meaningful cell type distributions. For instance, acti-
vated and quiescent stellate cell subtypes can be accurately dis-
tinguished and show clear clustering patterns, highlighting
ScTACL’s ability to retain subtype heterogeneity (Fig. 3c).

To further assess scalability, we benchmarked scTACL on a
large-scale, multi-batch dataset comprising more than 70 000
cells, with random subsampling ranging from 10% to 70%. The
results demonstrate favorable CPU/GPU memory scalability and
runtime performance compared with baseline methods (Additional
file 8: Table 8 and 9, available as supplementary data at
Bioinformatics online).

In summary, scTACL not only outperforms in quantitative
metrics but also matches its visualization results, further em-
phasizing its overall strengths in batch effect removal and
data imputation.

3.4 scTACL can resolve differences
between epithelial cell subtypes in
LUAD data

To assess scTACL’s ability to identify fine-grained cellular sub-
types, we applied it to a single-cell transcriptomic dataset from
LUAD patients (Bischoff et al. 2021). This dataset comprises tu-
mor and adjacent normal samples, consisting of 23 718 cells
(12 845 tumor cells and 10 873 adjacent normal cells) and 26 294
genes (Fig. 4a). First, we clustered the raw data into six cell
groups using the Leiden clustering algorithm (Fig. 4b). Following
imputation of the original expression matrix with scTACL and
reclustering under the same parameters, seven distinct cell clus-
ters were identified (Fig. 4c). Notably, in the denoised clustering
results, cells initially assigned to Cluster 3 were further divided
into two separate clusters (Clusters 3 and 6), demonstrating that
scTACL can reveal subtle cellular subtype differences that were
not detectable in the raw data.

To further annotate cell types, we combined SingleR’s auto-
matic annotations with manual curation based on known
marker genes (Aran et al. 2019), categorizing all cells into five
major groups: Macrophages, Monocytes, Epithelial cells, Mast
cells, and Fibroblasts. The epithelial cells were further subdi-
vided into three subtypes: AT2, ciliated, and club cells. Figure 4d
shows the expression patterns of representative marker genes
across cell clusters. The results revealed significant differences
in marker gene expression between Cluster 3 and Cluster 6.
Specifically, SCGB1A1, PIGR, and SCGB3A1, which are classical
marker genes for club cells (Zhu et al. 2019, Zuo et al. 2020,
Huang et al. 2023), were highly expressed in Cluster 6 but
expressed at low levels in Cluster 3 (Fig. 4e). These findings fur-
ther confirm that these two clusters represent two distinct epi-
thelial cell subtypes: ciliated and club cells.

To investigate the functional changes in each cell subtype
during LUAD progression, we performed pseudotime analysis
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using Monocle2, constructing the cell differentiation trajectory
(Fig. 4f) and visualizing the pseudotime distribution with UMAP
embedding (Fig. 4g). The analysis revealed that immune-related
cells, including macrophages and monocytes, are present at the
early stage of the differentiation trajectory, whereas mast cells
and fibroblasts are distributed throughout the trajectory. In con-
trast, epithelial cells mostly appear in the middle and late stages
of the trajectory. Among epithelial cells, AT2 cells are widely
spread along the trajectory, whereas the two subtypes—club
and ciliated cells—display distinct differentiation patterns: club
cells are concentrated in the middle, while ciliated cells are
mainly found at the endpoint of the trajectory. These results im-
ply that different epithelial cell subtypes may serve distinct
functional roles within the tumor microenvironment.

Further GO enrichment analysis highlighted functional differ-
ences between Cluster 3 and Cluster 6 (Fig. 4h). Cluster 3 was
enriched in biological processes such as “cilium organization,”
“cilium movement,” and “axoneme assembly,” which are closely
linked to ciliary structure and motility, suggesting that these
cells have typical motile cilia functions—a trait consistent with
ciliated cell characteristics. Ciliated cells mainly function to clear
foreign particles from the respiratory tract through ciliary mo-
tion, and their presence in LUAD tissues may imply that some tu-
mor cells retain certain differentiated traits. Conversely, Cluster
6 was enriched in processes such as “epithelial cell prolifer-
ation,” “epidermis development,” “antimicrobial humoral
response,” and “cytokine activity,” indicating strong prolifera-
tive and immunoregulatory capabilities—features characteristic
of club cells. These nonciliated, secretory epithelial cells release
various proteins involved in airway maintenance and immune
responses. Prior studies suggest that club cells may serve as po-
tential origin cells for KRAS-driven LUAD (Chen et al. 2022).

In summary, scTACL demonstrated an outstanding ability to
resolve cellular heterogeneity in LUAD single-cell data, effec-
tively distinguishing subtle subtype differences within epithelial
cells. Notably, it excelled in identifying two functionally distinct
epithelial subpopulations—club and ciliated cells. These find-
ings emphasize scTACL as a powerful tool for uncovering cellular
lineage relationships and the mechanisms of functional differen-
tiation underlying LUAD progression.

3.5 scTACL clustering results show spatial
structural consistency

To confirm the spatial consistency of the cell types identified by
scTACL, we used a spatial transcriptomics dataset for liver can-
cer generated through the 10x Visium platform (Garbarino et al.
2023). First, without including any spatial position information,
we performed clustering analysis on the dataset using scTACL,
which resulted in six clusters (Fig. 5a and b). Using the SingleR
tool and marker gene visualization, these clusters were anno-
tated into three cell types (Fig. 5b): fibroblasts (Clusters 1 and
4), epithelial cells (Clusters 2 and 3), and hepatocytes (Clusters 0
and 5).

To evaluate whether the clusters identified by scTACL are con-
sistent with the biological assumption of spatial structure con-
sistency (i.e. cells with similar gene expression tend to be
spatially proximal), we analyzed the relationship between spa-
tial distance and gene expression distance among clusters.

Specifically, for each cluster we defined a spatial center as the
mean physical coordinates (x,y) of all cells within the cluster,
and an expression center as the mean vector of the PCA embed-
dings of its constituent cells. Pairwise Euclidean distances were
then calculated between cluster centers to obtain spatial center
distances and expression center distances.

As shown in Fig. 5c, spatial center distance is positively corre-
lated with expression center distance (p=1.514e-02), indicating
that clusters that are farther apart in physical space tend to exhibit
greater transcriptional differences. To further determine whether
this relationship is an inherent property of the raw data or primar-
ily introduced by the model, we repeated the same analysis using
the raw count matrix. The results also show a significant positive
correlation between spatial center distance and expression center
distance (p=2.98e-02; Additional file 9: Fig. 6, available as supple-
mentary data at Bioinformatics online), suggesting that spatial-ex-
pression consistency is already present in the original data.
Notably, the correlation obtained using scTACL exhibits stronger
statistical significance, indicating that the representations learned
by scTACL further preserve and enhance this biologically meaning-
ful spatial-expression relationship.

In addition, the bubble chart in Fig. 5d visualizes the spatial
distances between clusters, with bubble size and color repre-
senting distance, intuitively reflecting the relative distribution
and proximity of clusters in spatial organization. This chart high-
lights the heterogeneity of clusters in the spatial dimension.

To further validate the biological plausibility of the scTACL clus-
tering results, we systematically analyzed the EMT process, focus-
ing on the dynamic changes in EMT-related genes across cell types
and developmental stages. Figure 5e displays the spatial distribu-
tion of key EMT genes, ACTA2 and COL1Al, within the spatial
transcriptomic slice. Both genes are highly expressed in fibroblast-
enriched regions, indicating their central role in maintaining the
mesenchymal phenotype. Additionally, using the EMTome data-
base (Vasaikar et al. 2021), we constructed epithelial and mesen-
chymal feature scoring systems to evaluate the EMT state of the
three cell types (Fig. 5f). The violin plot shows that epithelial cells
have significantly higher epithelial scores, while fibroblasts have
higher mesenchymal scores, consistent with EMT differentiation
features. The EMT index visualized in Fig. 5g presents a transparent
gradient in the UMAP space, revealing the dynamic distribution of
EMT states across cell populations. These findings demonstrate
that even without spatial position information, scTACL can accu-
rately distinguish different cell types and effectively identify cellular
phenotypic states.

EMT is a crucial biological process in tumor metastasis, tissue
remodeling, and fibrosis, during which epithelial cells gradually
lose their epithelial traits and acquire mesenchymal features,
such as migratory and invasive abilities. Pseudotime trajectory
analysis using Monocle2 (Fig. 5h) revealed that cells initially re-
side in an epithelial state and differentiate into two distinct line-
ages: fibroblasts and hepatocytes. This finding aligns with the
EMT-induced differentiation pathway.

We further analyzed the cell-cell communication patterns
among the three cell types (Fig. 5i). These results indicate that
fibroblasts show significant communication activity with hepa-
tocytes and epithelial cells, especially through the COLLAGEN
signaling axis, which relays essential extracellular matrix remod-
eling information. Pseudotime trajectory analysis of the
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COLLAGEN signaling pathway revealed dynamic changes in the
composition of sender cells at different time points (Fig. 5j). To
clarify the signaling mechanism, we analyzed the communica-
tion probabilities of specific ligand-receptor pairs within the
COLLAGEN pathway (Fig. 5k). The results showed that fibro-
blasts send high-intensity signals to other cell types via com-
plexes such as COL1A1/COL1A2-ITGA1+ITGB1 (P < 0.01), which
serve as key signaling hubs in the EMT process.

Finally, we analyzed the expression dynamics of EMT marker
genes along the single-cell pseudotime trajectory (Fig. 51). A typi-
cal EMT pattern was observed: The expression of the epithelial
marker gene CDH1 gradually decreased along the trajectory,
while the expression of the mesenchymal marker genes ACTA2,
COL1Al, and DCN progressively increased, with COL1Al and
ACTA2 expression peaking in fibroblasts. This finding further
supports the idea that as cells move along the pseudotime tra-
jectory, epithelial cells lose their epithelial traits (CDH1) and
gain mesenchymal traits (ACTA2, COL1A1).

In summary, scTACL achieves high-precision cell clustering
without relying on spatial position information and uncovers
cell-cell communication and gene dynamics during the EMT.

3.6 Robustness and efficiency analysis
of scTACL

To assess the robustness of the scTACL model and the effective-
ness of its components, we conducted a series of ablation
experiments to analyze the specific contributions of its core
modules (Fig. 6a, Additional file 10: Table 10, available as sup-
plementary data at Bioinformatics online). The scTACL frame-
work includes two main modules: a domain-aware contrastive
learning module and a ZINB module. We tested clustering per-
formance on 17 single-cell datasets by removing each module
separately, and the results are as follows: Without the contras-
tive learning module (Without_CL), the model’s performance de-
clined, with the average NMI dropping from 0.8511 to 0.8140
and the ARI decreasing from 0.8277 to 0.7351. Without the ZINB
module (Without_ZINB), NMI decreased to 0.8075, and ARI
dropped to 0.7328, showing a similar performance decline as
when the contrastive learning module was removed. Without
both modules (Without_CL&ZINB), NMI fell sharply to 0.7266,
and ARI declined to 0.5918, marking the most significant perfor-
mance drop and the worst overall model performance. In addi-
tion, removing the topological decoder (Without_TD) also leads
to a further performance decline compared with the full
scTACL model.

Taken together, these results demonstrate that each pro-
posed component plays an important role in the overall frame-
work. In particular, the degradation observed after removing the
ZINB module further confirms the effectiveness of incorporating
probabilistic modeling of gene expression counts, while the con-
trastive learning module enhances the structural representation
of cells. Their joint integration enables scTACL to achieve im-
proved clustering performance across diverse datasets.

Notably, on a small subset of datasets, removing a single
module may yield marginal improvements, possibly due to re-
duced model complexity or dataset-specific characteristics.
Nevertheless, the overall trend is consistent: the full scTACL
framework benefits from the complementary effects of scTACL,

ZINB-based probabilistic modeling, and topological decoding.
As shown in Additional file 10: Table 10 and Fig. 7, available as
supplementary data at Bioinformatics online, removing the con-
trastive learning module or the ZINB module alone causes only
moderate relative decreases in average performance (NMI:
4.36%/5.12%; ARI: 11.19%/11.47%), whereas removing both
results in substantial degradation (NMI: 14.63%; ARI: 28.50%).
Moreover, removal of the topological decoder also leads to no-
table declines (NMI: 6.77%; ARI: 14.23%). Together, these find-
ings highlight the synergistic contribution of the three
components to the robust generalization ability of scTACL.

In this study, we systematically examined the impact of two
key hyperparameters: the number of HVGs and the number of
neighbors used to build the adjacency matrix. Based on previous
literature (Inoue 2024, Zhang et al. 2024), we set reasonable pa-
rameter ranges, choosing HVG counts from [2000, 3000, 4000,
5000] and neighbor numbers from [3, 4, 5, 6]. To thoroughly as-
sess the performance of scTACL, we performed extensive hyper-
parameter search experiments across all benchmark datasets.
As shown in Fig. 6b and c, the results indicate that scTACL is in-
sensitive to changes in these hyperparameters, demonstrating
strong stability and robustness. Detailed results are available in
Additional file 10: Tables 11 and 12, available as supplementary
data at Bioinformatics online.

To assess how the weights of the loss function components
affect model performance, we fix a =5 and conduct experi-
ments with g,y € {0.3, 0.5, 0.6, 0.8, 1.0}, generating 25 com-
binations. As shown in Fig. 6d, the results reveal that for most
datasets, NMI scores were largely insensitive to changes in f and
7. A few combinations exhibited minor fluctuations in specific
datasets, but the overall performance remained consistent, fur-
ther confirming the model’s robustness.

We also compared the runtime and memory usage of different
models on two datasets: Bach (a large dataset with 23 184 cells
and 19 965 genes) and Pollen (a small dataset with 301 cells and
21 721 genes) (Fig. 6e and f). scTACL achieved the shortest run-
time on the Bach dataset and ranked fourth on the Pollen data-
set, just behind SAVER, scimpute, and MAGIC. SAVER and
scimpute used the least memory across both datasets, while
scTACL showed moderate memory use, ranking fifth in both
cases, demonstrating balanced performance. Notably, Acimpute
was excluded from the Bach dataset comparison because its
runtime exceeded 24 hours.

In summary, scTACL shows high accuracy, robustness, and ef-
ficiency. Its main modules significantly improve performance,
and it stays stable across various hyperparameters and configu-
rations. Additionally, scTACL utilizes resources efficiently and
scales well, making it an ideal solution for large-scale single-cell
datasets and demonstrating strong potential for wide-
spread adoption.

4 Conclusion

This paper introduces a multitask scTACL framework that can
be widely applied to single-cell transcriptomics data analysis, in-
cluding core tasks such as data imputation, cell clustering, batch
effect correction, and cell-cell interaction. The model combines
a contrastive learning approach with ZINB modeling, enabling it
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to extract key features from raw data and fill in missing informa-
tion effectively. Benchmark tests on 17 single-cell transcriptom-
ics datasets from various sequencing platforms show that
scTACL outperforms others in cell clustering and data imputa-
tion. On a pancreatic cancer dataset, scTACL significantly
reduces batch effects caused by differences in technical plat-
forms. In differential analysis with LUAD datasets, scTACL suc-
cessfully identified two distinct epithelial cell subtypes and
uncovered their potential biological differences through func-
tional enrichment analysis. Additionally, without using spatial
position information, scTACL accurately pinpointed epithelial

and mesenchymal cell regions in spatial transcriptomics data
from liver cancer, demonstrating its strong adaptability to spa-
tial structures.

Through a series of robustness tests and parameter sensitivity
analyses, we systematically evaluated the contributions of each
module, the effects of parameter variations, and the model’s
computational efficiency. The results indicate that scTACL main-
tains consistent performance across diverse settings, reflecting
strong generalizability and practical potential. Nonetheless, sev-
eral limitations remain. In addition to memory usage and scal-
ability constraints, the current framework has not yet been fully
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validated on multi-modal datasets that integrate additional
omics or imaging data, which may pose challenges for represen-
tation alignment. Moreover, potential biases introduced by the
chosen graph construction strategy—e.g. the reliance on K-near-
est neighbor graphs in PCA space—may affect model robustness
when applied to datasets with uneven cell distributions or noisy
feature spaces. Future work will address these aspects by ex-
ploring adaptive or data-driven graph learning mechanisms and
extending the framework to multi-modal integration tasks.

Overall, scTACL is a robust, flexible, and comprehensive tool
for single-cell transcriptomics analysis, providing unified sup-
port for various downstream tasks. Moreover, with the rapid ad-
vancement of single-cell transcriptomics technologies, most
existing algorithms tend to focus on a single or partial task
within the data analysis workflow. Although some generative
methods based on large language models have accomplished
end-to-end data analysis, their high computational resource
requirements restrict their scalability in real-world applications.
Therefore, we believe that a key focus for future research will be
to create an integrated framework that combines data imputa-
tion, cell clustering, differential analysis, and other downstream
tasks. This framework should strike a balance between compre-
hensive functionality and resource efficiency, paving the way for
more practical and scalable solutions in single-cell transcrip-
tomics analysis.
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