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Abstract

Cancer is a significant global public health concern, where early detection can greatly enhance curative outcomes. Therefore,
the identification of cancer cells holds significant importance as the primary method for cancer diagnosis. The advancement
of single-cell RNA sequencing (scRNA-seq) technology has made it possible to address the problem of cancer cell iden-
tification at the single-cell level more efficiently with computational methods, as opposed to the time-consuming and less
reproducible manual identification methods. However, existing computational methods have shown suboptimal identification
performance and a lack of capability to incorporate external reference data as prior information. Here, we propose scCrab, a
reference-guided automatic cancer cell identification method, which performs ensemble learning based on a Bayesian neural
network (BNN) with multi-head self-attention mechanisms and a linear regression model. Through a series of experiments on
various datasets, we systematically validated the superior performance of scCrab in both intra- and inter-dataset predictions.
Besides, we demonstrated the robustness of scCrab to dropout rate and sample size, and conducted ablation experiments to
investigate the contributions of each component in scCrab. Furthermore, as a dedicated model for cancer cell identification,
scCrab effectively captures cancer-related biological significance during the identification process.
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1 Introduction

Cancer, as a leading cause of morbidity and mortality among
all diseases, remains to be a major public health concern
worldwide. Several studies have shown that early interven-
tion can greatly improve cure rates if the disease is still
manageable [1-3]. Therefore, as a prime method for diag-
nosing cancer, the identification of cancer cells has under-
scored its importance. Traditional approaches to cancer cell
annotation largely rely on manual annotation and other bio-
chemical methods using molecular markers, which tend to
be relatively time-consuming, unstable, and irreproducible
[4]. Hence, the need for an automatic, efficient, and pre-
cise methodology for cancer cell identification is of utmost
urgency. Single-cell RNA sequencing (scRNA-seq) tech-
nology has evolved to become a profoundly impactful tool
in transcriptome sequencing [5]. Compared to bulk RNA-
seq that primarily concentrates on average gene expression
among cells, scRNA-seq aims to obtain expression profiles
at single-cell level, which permits the elucidation of cell
heterogeneity overlooked by bulk RNA-seq [6, 7]. Therefore,
the advent of scRNA-seq data has opened up the potential
for identifying cancer cells at the single-cell level and thus
revolutionizing the landscape of cancer cell detection.

As the problem of cancer cell identification can be
regarded as a specific instance of cell type identification,
it is necessary to understand existing state-of-the-art cell
type identification methods. Numerous tools for automated
cell type identification based on scRNA-seq data have been
developed, falling into three main categories: marker gene-
based methods, correlation-based methods, and supervised
classification-based methods [4, 8]. Marker gene-based
methods prioritize highly expressed marker genes identi-
fied in the literature that are likely to reveal cell heterogene-
ity [9]. Correlation-based methods measure the correlations
between the reference and the query datasets to perform
annotation [10]. Supervised classification-based methods
basically consider cells as targets to be classified and genes
as features, and generally show promising results by utilizing
and integrating various machine learning methods [4, 11].
Abdelaal et al. have benchmarked the widely-used methods
and concluded that the traditional machine learning meth-
ods of support vector machine (SVM), random forest (RF),
and K-nearest neighbors (KNN) have great performance
in cell type annotation for sScRNA-seq data [12]. However,
these methods are not designed for cancer cell identifica-
tion, which may lead to the neglect of some specific charac-
teristics of cancer cells. Furthermore, the incorporation of
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reference data into the analysis of sScRNA-seq data proves
to be more effective in addressing the noise and technical
variations [13-15], but these methods tend to overlook the
utilization of information within the reference dataset.

Recently, Dohmen et al. proposed a workflow named
ikarus for cancer cell identification, which demonstrates
remarkable performance [16]. By utilizing differential
expression analysis, ikarus first selects a list of tumor and
normal marker genes from expert-labeled datasets, and uses
AUCell [17] to score every cell with the selected marker
gene list. Then, ikarus constructs a logistic classifier using
the AUCell scores as input and the cell type labels as target
variables. Finally, ikarus implements the cell annotation task
as an iterative two-step process of cell type assignment and
label propagation. However, ikarus selects the marker genes
from two fixed datasets, regardless of the training and test-
ing datasets. When utilizing other datasets to select markers
and train, ikarus often presents a much worse performance.
Besides, AUCell outputs only two scores for each cell, rep-
resenting the activity of the tumor marker gene set and the
normal marker gene set, respectively. Specifically, when
training or testing datasets originate from cancer subtypes
different from the two reference datasets, certain genes that
characterize cellular heterogeneity may be absent from the
predefined set of marker genes. This omission could poten-
tially result in a significant loss of important information. As
a result, ikarus suffers from a lack of robustness and loss of
information, restricting its application scope.

To address the shortcomings of existing models and the
information loss problem of ikarus, we proposed scCrab, a
reference-guided single-cell cancer cell identification model
based on flexible reference and Bayesian neural network
(BNN). As an ensemble model, scCrab utilizes the ikarus
model in addition to a network model. The network model
within scCrab (referred to as MBM) encompasses random
masking with Gaussian noise, Bayesian neural networks,
multi-head self-attention mechanisms, and fully connected
networks. To take full advantage of a wide range of existing
datasets, scCrab utilizes a projection weight matrix obtained
by principal component analysis (PCA) to extract informa-
tion from external reference data and incorporates it as prior
information into the BNN, which enables scCrab to flex-
ibly integrate information from the reference data as prior
information into its network model. Through comprehensive
intra- and inter-dataset experiments on seven datasets, we
demonstrated that scCrab consistently exhibits outstanding
performance and remarkable stability for cancer cell identifi-
cation. Additionally, along with robustness tests on different
cancer types, we demonstrated the strong robustness and
noise resistance of scCrab. Moreover, by conducting Gene
Ontology (GO) enrichment analysis to identify pathways
enriched with differentially expressed genes obtained from
annotated cell labels, we demonstrated that scCrab is capable
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of revealing cancer cellular heterogeneity. On the contrary,
existing methods suffer from failing to utilize information
from reference datasets and GO enrichment analysis. In con-
clusion, the innovation of scCrab lies in its clever integration
of flexible references and BNN, which forms an ensemble
model that significantly enhances performance in cancer cell
identification. We believe that the successful implementation
of scCrab not only guides the future development of cancer
cell identification but also lays a solid foundation for deeper
exploration in complex diseases.

2 Materials and Methods
2.1 The Framework of scCrab

scCrab is an ensemble model that includes a neural network
called the MBM model, as well as the ikarus framework.
The MBM model is a neural network that includes a BNN
module and a multi-head self-attention mechanism module.
The cancer cell recognition model, ikarus, is based on linear
regression. As shown in Fig. 1, the workflow of scCrab can
be delineated into the following steps: (1) preprocessing the
training and testing dataset; (2) generating pseudo-bulk data
from a reference scRNA-seq dataset which is not used for
training scCrab; (3) extracting prior information using the
projection weight matrix generated from PCA. The projec-
tion weight matrix is then used to set the initial weights of
the BNN; (4) training the network model of scCrab with pre-
processed training data; (5) applying the ikarus [16] method
to training data; (6) integrating the outcomes obtained from
the trained network and the ikarus model. We note that gene
expressions are used as input data for training models and
PCA is utilized to generate the projection weight matrix
from the reference dataset.

2.2 The Construction of MBM

The network model in scCrab is named as MBM, of which
composition can be divided into four main modules: (1) the
random mask with Gaussian noise, (2) the BNN module,
(3) the multi-head self-attention mechanism module, and
(4) the fully connected network module. First, to circumvent
the limitations of existing methods in handling high-noise
data, scCrab masks the raw data by adding Gaussian noise
with zero as the mean and unit variance to each value, which
can be considered as a regularization mechanism that bol-
sters the resistance to noise and generalization ability of the
model [18, 19]. Second, scCrab feeds the features of each
cell in the preprocessed training set into the BNN module
and obtains the corresponding latent representations. Third,
scCrab utilizes a multi-head self-attention module follow-
ing the BNN module to bolster the capacity of the network
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Fig.1 A graphical representation of scCrab. Initially, scCrab per-
forms preprocessing on the training dataset and combines it with
prior information extracted from a reference scRNA-seq dataset.
Following that, the data is inputted into the MBM, which integrates

for extracting pertinent features. Finally, the fully connected
network consists of multiple linear layers with dimensions
transitioning from the latent dimension to 64, followed by
an output linear layer with dimensions 64 to 2.

The BNN module is a neural network layer formed by
connecting Bayesian layers and linear layers. The Bayesian
layer outputs 1/5 of the latent representations, while the lin-
ear layer outputs the remaining 4/5. BNN encapsulates the
uncertainty inherent in the neural network weights [20]. By
viewing the network weights in the Bayesian layer as val-
ues sampled from multiple conditioned distributions rather
than as fixed values in conventional neural networks, we
introduce prior information into the network by imposing
a prior distribution of weights. Parameters of the Bayesian
layer represent the elements in the matrix X; ., , whichis
subject to Gaussian distribution,

@ S ;= P —
X, ~N(iPoo )i =12, dyj= 12,000

> “out>
where ,ué'j) are elements of the mean matrix u,
and the variance matrix GZ respectively. BNN is trained in
batches, with a batch size of 256 set in our experiment. For
the output of BNN, the output matrix of shape b X d, is
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and analyzes the combined information. The same training dataset
is independently trained by ikarus, and the two components of the
ensemble model only intersect at the final probability output stage

fosn@) = IX = I(py, + 500,),

where b represents batch size and I represents input matrix
with a shape of b X d,, in a minibatch. Besides, fnn(-) repre-
sents BNN function, & is the Gaussian noise with zero mean
and unit variance and © indicates Hadamard product which
takes in two matrices and returns a matrix of the multiplied
corresponding elements.

To introduce prior information into the Bayesian layer
from an external reference dataset that can be different from
the training and test datasets, we assume that the elements
in X are subject to Gaussian distribution parameterized by
u, and o-f. The activation function for the BNN module and
the fully connected network module is ReLL.U [21],

fReLU(x) = max(()’x)s

where x is the input of ReL U activation function. The opti-
mization objective of MBM is based on a combination of
Kullback-Leibler (KL) divergence loss and cross-entropy
(CE) loss. KL divergence is used to better restrict the dif-
ferences between BNN parameter distribution and prior
distribution,

@ Springer



16

Interdisciplinary Sciences: Computational Life Sciences (2025) 17:12-26

Ly = KL(N(p,0,),N(u,, 62))

1 diy doy oy
k
= (log| —
dindout ; le Gl()l‘])
2
@y G _ G
o, + <”b My ) 1

+ e -3)
20.)(61]) 2

where p, represents the mean of prior information from
external data, as reflected in the values of the projection
weight matrix generated from PCA of the gene expression
matrix from the reference dataset, serving as the prior gene

expression matrix. Additionally, o-ffj)

takes the logarithm of
one-tenth of the y)(fj), signifying the standard deviation of the
prior information.

The CE loss not only serves as a metric for assessing the
predictive accuracy of the model but also provides insights
into the capability of MBM to handle parameter uncertainty.
This property enhances the capacity of MBM to address
uncertainty-related challenges effectively. The formula for

calculating CE loss can be expressed as follows:

Lop = — / P(0) / O(Y|X, 0)logP(Y|X, 0)dXd0,
[/ X

0 ~ N(py. ;).

where P(0) denotes the prior distribution of parameters, indi-
cating parameter uncertainty. Q(Y|X, 0) is the conditional
distribution of the predictions of MBM for the input X given
the parameters 6. P(Y|X, 0) is the conditional distribution of
true labels given the input X and parameters 6.

The loss function of the MBM can be expressed as
follows:

Lgme = Leg + alg

where a is a hyperparameter used to adjust the relative
importance between the two loss functions, which is set as
1 in our experiments. To manage the instability caused by
BNN, we employ ensemble iteration, an ensemble learning
technique that aims to iteratively train models for improved
accuracy and robustness in predictions, which is detailed in
Supplementary Text 1.

In the output linear layer, where the dimensions are
reduced from 64 to 2, the outputs of the two neurons are
passed through a softmax function:

Softmax([zl,zz])=[ < e ],

€+ e2’ el + ¢%

where z;, z, are the outputs of the two neurons in the final
layer, respectively. The softmax function calculates the
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probability of a cell belonging to cancer cells, from which
MBM determines the probability of a cell being a cancer
cell.

2.3 Multi-head Self-attention

In the part of MBM, we employ a multi-head self-attention
mechanism to process the input data. This mechanism ena-
bles our model to have a deeper understanding of cell-to-cell
interactions and intra-cellular structures [22]. Initially, the
vectors x processed by the BNN module are linearly trans-
formed into three separate tensors: keys, queries, and values.

0= qu,K =Wx,V=Wy,

where Q, K and V represent the vector matrices of queries,
keys, and values, respectively. The learnable Wq, W, and
W, are the corresponding linear transformation matrices of
these vector matrices. All the @, K and V are then divided
into /1 heads and undergo a scaling operation to ensure stable
attention weights by making the result of the dot product be
not too large or too small,

Q" = head(Q), K" = head(K), V" = head(V),

h h h
0! K’ | %
Q= —F.K =—=V/=—,
d d d
Vi vtV
where % is the dimension of each head. In our experiments,
vectors are divided into 8 heads. Next, attention scores are
computed by taking the dot product between queries and
keys. Moreover, softmax is applied to convert the scores into
attention weights A,

score(Qh,Kh) = Q"K'

A= softmax(score(Qh, Kh) )

These attention weights are applied to the values tensor,
resulting in a weighted fusion of information from different
heads,

" =AV".

Finally, the weighted tensors are recombined and trans-
formed using a linear operation to produce the new repre-
sentations to obtain the latent space after feature extraction,

z= concat(zl,zz, ,zh),

Output = W z,
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where W represents a learnable linear transformation matrix
that maps z back to the original dimension.

2.4 Model Initialization Using Reference Data

Compared to the limitations of other existing identifica-
tion models that cannot leverage external reference data,
scCrab utilizes either labeled or unlabeled data from open
databases as prior information for the model. For labeled
data, scCrab directly uses its expert annotation, while for
unlabeled data, scCrab applies the Leiden algorithm with
default parameters in scanpy to perform clustering on the
reference dataset, with the labels of cell clusters assigned
as cell labels for the individual cells [23, 24]. Cells with
the same label are randomly sampled 100 times, and the
values of their respective features are summed to obtain
a piece of pseudo-bulk data, which corresponds to a row
in a pseudo-bulk data matrix. This generation process is
repeated 100 times to generate individual pseudo-bulk
matrices, each containing 100 rows for every cluster
and then these matrices are subsequently concatenated
for further analysis. After that, the pseudo-bulk data D
subsequently experiences dimensional reduction through
PCA, from which the prior information of the BNN is
gleaned from the projection weight matrix M generated
from PCA,

Ppcp =MD

M =Py D,

where Ppc, is the matrix of PCs generated by PCA. BNN
assimilates prior information by employing the projection
weight matrix generated from PCA of the pseudo-bulk data
derived from the reference data as the mean of the weight of
the first BNN layer and taking the logarithm of one-tenth of
the mean as the variance of the prior distribution.

Due to the versatile approaches for incorporating refer-
ence data, scCrab has the capability to utilize sScRNA-seq
data from public databases. The approaches for utilizing
reference data are as follows: (1) If users choose not to

Table 1 Summary of the datasets used in this study

introduce prior information into the BNN, the weights
of the network can be set as a Gaussian distribution with
zero mean and unit variance. This implies that the weight
initialization methods mentioned above will not be used.
(2) If external data is selected as the reference dataset,
the aforementioned weights initialization method can be
employed to extract the prior information from the exter-
nal dataset. (3) In cases where no external data is avail-
able, scCrab still uses the training dataset itself as the
reference dataset and applies the aforementioned method
to extract the prior information from the training dataset.

2.5 The Ensemble Strategy of scCrab

Ensemble learning aims to boost performance by integrating
multiple base learners. This approach has several benefits,
including enhanced classification accuracy, improved model
robustness, and reduced likelihood of overfitting. ikarus, the
state-of-the-art cancer cell identification method, exhibits
outstanding performance through the selection of gene sig-
natures and the training of a logistic regression classifier
using AUCell scores [17], culminating in cell-label propaga-
tion predicated on a custom cell—cell network. Therefore, to
improve identification performance through ensemble tech-
niques, we utilize ikarus to complement our MBM model.
Specifically, the same training dataset is independently
trained in two separate models and the details of model
training are presented in Supplementary Text 2. During the
predicting process, both the MBM and the ikarus models
are capable of predicting the probability of cells manifested
as tumor cells. We compute the average of the probabilities
yielded by both methods as the final output probability of
scCrab. If the output probability of a cell being classified as
a cancer cell surpasses a threshold (i.e., 0.5), we categorize
the cell as a cancer cell; otherwise, we classify the cell as a
normal cell.

2.6 Data Collection and Preprocessing

We evaluated the predictive performance of scCrab on seven
human scRNA-seq datasets with distinct sources, tissues,

Dataset No. of cells No. of tumor cells No. of normal cells Cancer type Protocol References
Lambrechts (LA) 52,698 7447 45,251 Lung cancer 10x [25]
Ma (MA) 56,721 17,164 39,557 Hepatocellular carcinoma 10x [26]
Bischoff (BI) 63,327 8097 55,230 Lung carcinoid 10x [27]
Tirosh (TIS) 5578 2215 3363 Head/Neck carcinoma 10x +FACS sorted [28]
Tirier (TIR) 177,880 74,181 103,699 Myeloma 10x [29]
Kildisiute_10x (KLA) 6442 1766 4676 Neuroblastoma 10x [30]
Kildisiute_celseq2 (KLB) 13,281 1630 11,651 Neuroblastoma CELseq2 [30]
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sizes and single-cell sequencing technologies. As shown
in Table 1, these datasets include: (1) Lung cancer, a lead-
ing cause of cancer-related mortality globally. In this study,
we utilized a non-small-cell lung cancer dataset (LA) [25]
and a lung carcinoid dataset (BI) [27]. (2) Hepatocellular
carcinoma, the most prevalent form of primary liver can-
cer. We utilized a hepatocellular carcinoma dataset (MA)
[26] in our study. (3) Head and neck squamous cell carci-
noma (HNSCC), a varied group of cancers originating in
the upper aerodigestive tract. We utilized a head and neck
cancer dataset (TIS) [28] in our study. (4) Multiple myeloma,
a hematological cancer marked by the uncontrolled growth
of plasma cells in the bone marrow. We utilized a myeloma
dataset (TIR) [29] in our study. (5) Neuroblastoma, a solid
tumor predominantly affecting children and deriving from
the developing sympathetic nervous system. We utilized two
neuroblastoma datasets (KLA, KLB) [30] in our study.

In the data preprocessing phase, we followed the standard
preprocessing pipeline from scanpy, in which we normalized
the original gene expression matrix, applied a logarithmic
transformation, and selected HVGs from each dataset using
sc.pp-highly_variable_genes with default parameters [24].

2.7 Baseline Methods

We compared scCrab with four supervised machine learning
models, including SVM, RF, KNN, and ikarus. Among these
methods, ikarus stands as a state-of-the-art cancer cell iden-
tification method, while the others are conventional machine
learning methods recommended by recent benchmark studies
(SVM with a linear kernel, RF with 50 estimators, and KNN
with 9 neighbors) [12]. We benchmarked the performance
of baseline methods following their default tutorials. Spe-
cifically, SVM, KNN, and RF use gene signatures selected
via the sc.pp.highly_variable_genes function from scanpy
as input [24]. In contrast, ikarus employs its built-in gene
selection method to determine the gene signatures input.
For inter-dataset experiments, we selected genes from the
training dataset. For intra-dataset experiments, we divided
the dataset into five folds and selected genes from four train-
ing folds. All experiments were conducted on a machine
equipped with two Intel Xeon Platinum 8375C CPUs, two
NVIDIA RTX A6000 GPUs, and 256 GB of RAM.

2.8 Evaluation Metrics

In cancer cell identification tasks, the number of cancer
cells is typically much smaller than that of normal cells.
In our dataset, the highest ratio of normal to cancer cells is
7.14 (i.e., the KLB dataset), which indicates an extremely
imbalanced dataset. When evaluating classification perfor-
mance in imbalanced datasets, the normal accuracy score
can often be uninformative. To address this issue, we used
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three widely-used metrics: balanced accuracy score [31],
area under the precision-recall curve (AUPRC) [32], and
Cohen's Kappa (kappa) [33]. In both intra-dataset and inter-
dataset experiments, we employed all of the three metrics
as benchmarks. The balanced accuracy score independently
evaluates the classification performance for both positive
and negative cases instead of considering global accuracy.
AUPRC is calculated using the precision-recall curve which
illustrates the trade-off between precision and recall at vari-
ous decision thresholds. The unique aspect of this metric is
that it remains unaffected by the choice of decision thresh-
old. AUPRC demonstrates robust stability in its results,
ensuring reliability irrespective of the selected threshold,
including the 0.5 thresholds employed by scCrab. Kappa is
a metric for classification accuracy based on the confusion
matrix. The calculation formulas for all metrics are detailed
in Supplementary Text 3.

2.9 Model Ablation

To investigate the benefit of each component within scCrab,
we evaluated the performance of alternative models where
certain components were ablated from scCrab, includ-
ing (1) the variant that did not incorporate the randomly
masked Gaussian noise during preprocessing (referred as
scCrab_w/o_masking), (2) the variant that replaced the BNN
with a multilayer perceptron (MLP), where the number of
layers and neurons per layer in the MLP is identical to that
of the BNN (referred as scCrab_w/o_BNN), (3) the variant
that operated without the multi-head self-attention mecha-
nism (referred as scCrab_w/o_Attn), and (4) the variant that
excluded the integration of the GCN approach (referred as
scCrab_w/o_GCN).

3 Results

3.1 scCrab Outperforms Other Methods
in Intra-dataset Cross-validation

To assess the performance of the model across heterogene-
ous datasets, we first conducted a five-fold cross-validation
experiment using datasets of LA, MA, BI, TIS, TIR, KLA,
and KLB. In this experiment, we randomly divided all cells
into five folds and predicted cell labels as Tumor or Nor-
mal for each fold using models trained on the remaining
four folds. We utilized AUPRC (Fig. 2a), balanced accuracy
score (Fig. 2b), and kappa (Fig. 2c) as the measures for the
performance of the model. In our experiments, we discerned
that SVM outperformed in cancer cell identification in intra-
dataset tasks, while its performance in inter-dataset tasks
is only at a moderate level. Therefore, during intra-dataset
cross-validation trials, we considered SVM as a performance
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«Fig. 2 Performance of intra-dataset cross-validation. (a) A compari-
son of five-fold cross-validation mean AUPRC between scCrab and
other methods. (b) A comparison of five-fold cross-validation mean
balanced accuracy score between scCrab and other methods. (c) A
comparison of five-fold cross-validation mean kappa between scCrab
and other methods. (d)—(i) Sankey plots of scCrab and ikarus, reveal-
ing the specific numbers of cells annotated as Tumor or Normal in
intra-dataset experiments. The left column is prediction results of
scCrab and right column is that of ikarus

standard for classification tasks. If the performance of our
model aligns closely with this upper limit, it implies that the
model is proficient in intra-dataset tasks.

We further noticed that traditional classification models
tend to ignore the prior information of gene interaction.
To address this problem, we tried to introduce Graph Con-
volutional Network (GCN) into our ensemble model [34,
35]. Graph Convolutional Networks (GCN) are intricate
deep learning models that harness the structural data of
graphs, enabling them to generalize effectively and deliver
remarkable performance across diverse tasks [34, 36]. In
our implementation, each cell was regarded as a graph
and its expression profile was regarded as the graph’s fea-
ture. We considered genes as nodes and gene interactions
as edges (Supplementary Text 4). With incorporating the
GCN into the ensemble model, the probability of a cell
being classified as a cancer cell is determined by averag-
ing the probabilities outputted by the MBM component,
ikarus component, and GCN component. This explora-
tion led to the following combination strategies: (1) the
integration of MBM, ikarus, and GCN (scCrab + GCN),
(2) the integration of GCN and MBM (GCN + MBM),
(3) the integration of GCN and ikarus (GCN + ikarus). In
addition to these three combinations, we compared scCrab
with SVM and ikarus for comprehensive analysis in the
intra-dataset experiment. As shown in Fig. 2a—c, SVM,
functioning as a superior boundary model, displays exem-
plary performance in intra-dataset cross-validation. scCrab
exhibits comparable performance to SVM on many data-
sets, even surpassing SVM in some cases. Furthermore,
scCrab outperforms the other three combination strategies
(i.e., scCrab + GCN, GCN + MBM and GCN + ikarus) and
ikarus across all datasets. In conclusion, the integration of
MBM and ikarus into scCrab represents an optimal ensem-
ble approach.

Throughout our experiments, we noted that ikarus
exhibited inferior performance on certain datasets. To
scrutinize the specific misclassifications, we generated
Sankey diagrams for both scCrab and ikarus across all
datasets. The results for the BIS, LA, and TIR datasets are
presented in Fig. 2d—i, while the results for the remaining
datasets are available in Supplementary Figure 1. The San-
key diagrams revealed that scCrab outperformed ikarus in
intra-dataset cancer cell identification tasks. Specifically,

@ Springer

as shown in Fig. 2d, f, h, the majority of cells were accu-
rately classified by scCrab, while many cells with true nor-
mal labels were incorrectly classified as tumor cells by
ikarus (Fig. 2e, g, 1). Moreover, different cell types showed
different probabilities of misclassification, with immune
cells particularly difficult to be misclassified. This obser-
vation suggests a substantial distinction between immune
cells and cancer cells. In summary, scCrab exhibits excel-
lent performance in intra-dataset predictions, with a clear
advantage over ikarus, which is the state-of-the-art method
specifically designed for cancer cell identification.

3.2 scCrab Shows Remarkable Performance
in Inter-dataset Prediction Experiments

In real-world application scenarios, newly acquired or yet-
to-be-predicted data often exhibit significant differences
compared to the dataset used during model training. There-
fore, the capability to make predictions across datasets is
more practical and holds greater significance compared to
intra-dataset predictions. Through experimentation across
multiple datasets, we can give a more comprehensive bench-
mark of machine learning methods’ performance in cancer
cell identification.

In our investigation, we conducted inter-dataset predic-
tion experiments using the seven previously mentioned data-
sets. In these experiments, one dataset was designated as the
training dataset, while the remaining six datasets functioned
as testing datasets. Based on divergent comparison targets,
we divided the experiments into two groups. Figure 3a com-
pared the inter-dataset classification performance between
scCrab and machine learning methods including SVM,
KNN, RF, and ikarus. In Fig. 3b, we compared scCrab with
different ensemble approaches to identify the optimal one.
The results of performance trained on the dataet LA are pre-
sented in Fig. 3, while the remaining results are available in
Supplementary Figure 2.

As shown in the radar charts, scCrab demonstrated supe-
rior performance in inter-dataset prediction tasks. While
SVM performed as the "upper-bound" model in intra-data-
set cross-validation experiments, the performance of SVM
was inferior to that of scCrab in inter-dataset prediction
experiments (Fig. 3a), indicating the limitations of classical
machine learning models when predicting newly acquired
data. In contrast, the outstanding performance of scCrab
in inter-dataset prediction underscores its robustness and
superior capacity for predicting new data. Through calcu-
lating the difference of all of our evaluation metrics between
scCrab and ikarus, we discovered that scCrab increased the
balanced accuracy score by 17.22% and increased AUPRC
by 14.35%, averaging all training and testing datasets. Con-
cerning various ensemble approaches, we discovered that
scCrab, which ensembles MBM and ikarus, provided the
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best performance among others (Fig. 3b). As a result, scCrab
was the optimal ensemble approach and outperformed
ikarus and other machine learning models in inter-dataset
prediction.

3.3 Bayesian Neural Networks Significantly
Improve the Performance of scCrab

In order to identify the importance of each component
within scCrab, we evaluated the performance of scCrab
excluding the self-attention mechanism (wo_Attn), exclud-
ing the BNN (wo_BNN), and excluding the random mask
with Gaussian noise (wo_Noise). Considering GCN’s
unique ability to incorporate prior information on gene
interactions, we also integrated it into our ensemble model
(w_GCN). To guarantee equitable experiments, we con-
ducted inter-dataset prediction experiments employing
the seven datasets. The results evaluated by AUPRC are
presented in Fig. 4a, while the results of the evaluation
metrics kappa and balanced accuracy score are shown in
Supplementary Figure 3. With each column representing
the model and each row representing the training set, each
value in the heatmap of Fig. 4a signifies the average score
of testing on the other six datasets. As shown in Fig. 4a,

a & &
?{.\Q ‘be $0\ OC)% @Q
R R
1

1.0
KLA B 0.67 |« 0.69  0.67 | (0~
0.9
0.8
LA pORZa 0.59
-0.7
MA
-0.6
TIR
-0.5

Fig.4 (a) Model ablation experiment of scCrab in 7 scRNA-seq data-
sets. AUPRC is used as the metric. (b) The AUPRC score of clas-
sification results with random manual dropout rate of gene expres-
sion values. Each box contains the mean scores of training with one
dataset and testing with other 6 datasets. Base (the blue box) is the
performance of scCrab with the whole scRNA-seq dataset as input.

@ Springer

the introduction of GCN did not lead to an improvement in
model performance, which suggests that scCrab has opted
for the appropriate ensemble approach. Furthermore, the
incorporation of the BNN markedly improved the predic-
tive performance of the model. Through calculating the
difference in AUPRC results between the ablated models
and scCrab, we inferred that the exceptional performance
of scCrab is primarily attributed to the BNN, resulting
in a 13.10% decrease of AUPRC, compared to wo_Attn
(1.36%), wo_Noise (4.75%), w_GCN (6.92%).

3.4 scCrab Exhibits Outstanding Robustness
and Stability

Considering the typical presence of substantial noise and
varying levels of sparsity in scRNA-seq data is of great
importance to identifying the robustness of computational
methods to noise and data sparsity. Accordingly, we per-
formed artificial dropout and subsampling experiments
to evaluate the robustness and stability of scCrab. In the
dropout experiment, we deliberately set 20%, 40%, 60%,
and 80% of the non-zero values in the expression matrix
of the training set to zero and performed inter-dataset pre-
diction experiments with scCrab. As illustrated in Fig. 4b,

b Dropout
1.0
o e~
%
a 06
)
<04
0.2
0'0 L2 L2 L2 L2 L2
20% 40% 60% 80% base
Dropout rate
C Subsample
1.0
»EBEIE | ES
%
a 0.6
)
<04
0.2
0.0 L2 L2 L2 L2 L2
20% 40% 60% 80% base

Rate of cells removed

(¢) The AUPRC score of classification results with random and strati-
fied input subsampling rate of cells. Each box contains the mean
scores of training with one dataset and testing with other 6 datasets.
Base (the blue box) is the performance of scCrab with the whole
scRNA-seq dataset as input
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the performance of scCrab without intentional dropout is
denoted as the "Base". The results indicate that even with
an 80% dropout on the data, the impact on the performance
of scCrab is relatively minimal. This highlights scCrab’s
robustness and stability of prediction, regardless of the ran-
dom absence of features.

In the subsampling experiment, we randomly removed
20%, 40%, 60%, and 80% of the cells in the training set
and carried out inter-dataset prediction experiments with
scCrab. We contrasted these results with those trained using
the dataset without subsampling (Fig. 4c). Notably, results
showed that only when subsampling 80% of the datasets
does the performance of scCrab significantly decline. This
indicates that scCrab sustains reliable performance despite
data subset variations, demonstrating remarkable resilience.
This strong robustness and stability prove scCrab an optimal
choice for handling complex real-world environments and
uncertainties.

3.5 scCrab Effectively Captures the Unique
Biological Functions of Cancer Cells

To demonstrate that scCrab can capture underlying biologi-
cal significance in the process of cancer cell identification,
we utilized tumor and normal labels predicted by scCrab to
conduct differential expression analysis, and then performed

Fig.5 Enrichment results.

The enrichment results of
differentially expressed genes
between tumor cells and normal
cells predicted by scCrab. GO
terms are divided as biological
processes, cellular components,
and molecular functions. There
are ten GO terms under each
enrichment function

40t

w
o
T

FDR(-log10)
N
o

-
o
T

Gene Ontology (GO) enrichment analyses to identify path-
ways enriched with these differentially expressed genes [37,
38]. Then we can explore the biological functions captured
by scCrab. For example, we trained scCrab using the KLB
dataset, made predictions on the BI dataset and computed
differentially expressed genes between tumor cells and nor-
mal cells, and then utilized them for GO enrichment anal-
ysis. In GO enrichment analysis, the false discovery rate
(FDR) serves to control the proportion of pathways that are
incorrectly marked as enriched, and the formula of FDR is
detailed in Supplementary Text 5 [39]. Figure 5 illustrated
the top 10 significantly enriched annotations in biological
processes, cellular components, and molecular functions.
Our analysis revealed numerous GO terms associated
with cellular carcinogenesis. For example, protein phospho-
rylation is a biological processes GO term, playing a com-
mon role in cellular signal transduction, controlling various
biological processes, including cell growth and proliferation
[40]. Aberrant protein phosphorylation is often observed in
cancer cells, leading to irregular cell signal transduction. As
the inhibition of cell apoptosis results in the uncontrolled
proliferation of cancer cells, the apoptotic process repre-
sents a self-destructive cell death process that plays a cru-
cial role in normal cell biology, which is another biological
processes GO term [41]. Dysfunction of the endoplasmic
reticulum membrane, a cellular component GO term critical

Biological process

Cellular component Molecular function
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for protein synthesis and folding, can lead to abnormal
expression and function of cancer-related proteins when its
function is compromised [42]. The GO terms obtained from
the predictions of scCrab encompass several key biological
processes and molecular functions related to cancer cell gen-
esis and carcinogenesis, with supporting literature linking
them to cancer. Moreover, through inter-dataset prediction
experiments, we demonstrated that scCrab effectively learns
cancer-related information during the training process to
identify cancer cells. Taken together, scCrab not only accu-
rately identifies cancer cells, but also effectively captures
the unique biological functions of cancer cells during the
process of cancer cell identification.

4 Discussion

With the rapid development of scRNA-seq technology, it
has become possible to identify cancer cells in a certain
tissue through efficient computational methods. However,
existing methods fail to incorporate external reference data
as prior information, and their identification performance is
suboptimal. Here, we propose a novel method called scCrab,
a reference-guided cancer cell identification model based
on ensemble learning. Since PCA dimensions represent the
directions of greatest variance in the source data, scCrab
flexibly integrates information from the reference dataset
as prior information into a network model by using PCA
to generate the projection weight matrix and initialize the
weights of the BNN. This allows scCrab to learn intricate
patterns and non-linear relationships, leading to higher
accuracy and precision in classification. Furthermore, the
network model in scCrab combines BNN with a random
mask with Gaussian noise and a multi-head self-attention
mechanism to enhance its predictive capabilities. Finally,
by integrating the network model with ikarus, scCrab
showcases enhanced performance. Through comprehensive
experiments on seven sScCRNA-seq datasets, we have shown
that scCrab outperforms other state-of-the-art methods,
not only in terms of predictive accuracy of inter- and intra-
datasets cancer cell identification experiments but also in its
utilization of external reference data. Furthermore, we have
demonstrated the robustness of scCrab when confronted
with dropout and subsampling challenges and highlighted
the significance of BNN as a crucial component of scCrab.
Moreover, as an identification model specialized in cancer
cells, scCrab has the capability to uncover cell heterogene-
ity related to cancer cells during the identification process.
Therefore, scCrab can provide essential guidance to the
automatic identification of cancer cells in sScRNA-seq data.
We have also benchmarked the time and memory resource
requirements of scCrab and alternative methods, explained
more detailedly in Supplementary Text 6. We anticipate that
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scCrab will assist in future cancer research and facilitate the
development of personalized cancer therapy.

We also provide several avenues for enhancing scCrab.
Firstly, as appropriate external datasets can offer valuable
insights and information to enhance performance, we can
explore the utilization of different datasets as external refer-
ence data. Secondly, with the rapid development of large
language models, we can further learn and extract the under-
lying information from huge amounts of single-cell data
based on pre-trained models. Finally, with the development
and integration of single-cell multi-omics techniques such
as cellular epigenomics, we can further explore the gene
regulatory mechanisms of cancer cells by integrating multi-
omics data [43].
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