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Abstract

Background Single-cell RNA sequencing (scRNA-seq) is now essential for cellular-level gene expression studies
and deciphering complex gene regulatory mechanisms. Deep learning methods, when combined with scRNA-seq
technology, transform gene regulation research into graph link prediction tasks. However, these methods strug-
gle to mitigate the impact of noisy data in gene regulatory networks (GRNs) and address the significant imbalance
between positive and negative links.

Results Consequently, we introduce the AnomalGRN model, focusing on heterogeneity and sparsification to elu-
cidate complex regulatory mechanisms within GRNs. Initially, we consider gene pairs as nodes to construct new
networks, thereby converting gene regulation prediction into a node prediction task. Considering the imbalance
between positive and negative links in GRNs, we further adapt this issue into a graph anomaly detection (GAD)

task, marking the first application of anomaly detection to GRN analysis. Introducing the cosine metric rule enables
the AnomalGRN model to differentiate between homogeneity and heterogeneity among nodes in the reconstructed
GRNs. The adoption of graph structure sparsification technology reduces noisy data impact and optimizes node
representation.

Conclusions Keywords Gene regulation network (GRN), Link prediction, Graph anomaly detection, Heterogeneity
and sparsification

Background

Gene regulation, crucial for controlling gene expression,
dictates cellular and organismal responses to internal and
external signals [1, 2]. Abnormal GRNs indicate dysregu-
lation in gene—gene regulatory relationships, potentially
triggering various pathogenic mechanisms [3]. Studying
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ing and accurate inference of GRNs are increasingly vital.
Single-cell RNA sequencing, an advanced biotechnology;,
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analyzes gene expression patterns at the single-cell level
[6, 7]. Single-cell RNA sequencing precisely identifies and
quantifies gene activities at the single-cell level, expos-
ing functional and property differences among cells [8].
The rapid expansion of single-cell gene expression and
regulatory data necessitates the development of efficient,
accurate computational methods to explore the complex
gene—gene interactions.

Machine learning and deep learning technologies
have spurred the development of numerous computa-
tional models for GRN inference. Van et al. introduced
GENIE3, a model leveraging ensemble learning to break
down GRN inference into several regression tasks,
thereby inferring GRN through the integration of multi-
ple regression models [9]. Shu et al. developed the GRN-
Transformer model, employing a block cell approach to
improve the predictive accuracy of single-cell GRNs [10].
They established a combined framework of pre-training
and supervised learning, integrating single-cell RNA
sequencing data with known GRN data from numerous
cells to deduce GRNSs for specific cell types.

The accuracy of GRN inference may be constrained
by relying on a single data source. To address this limi-
tation, Yuan et al. proposed the co-expression convolu-
tion neural network model (CNNC) to infer unknown
GRNs [11]. CNNC converts expression data, which lacks
local information, into an image-like format and applies a
convolutional neural network (CNN) for feature extrac-
tion. Furthermore, CNNC is highly scalable, allowing the
integration of diverse genomic data types to enhance its
performance. Building on this, Chen et al. introduced
DeepDRIM to integrate additional data sources [12].
DeepDRIM represents joint gene expression distribu-
tions of gene pairs as images, incorporating data on tar-
get genes, transcription factors, and potential neighbor
correlations. Chen et al. employed multiple convolutional
layers to integrate these images and compute gene—gene
regulation scores.

GRNs depict the relationships between regulatory fac-
tors and target genes using graphs or networks. Kishan
et al. introduced GNE, a scalable deep learning model
based on network topology, known for its reliable predic-
tive capabilities [13]. The GNE model integrates known
gene—gene interaction and expression data, extract-
ing node representations via message propagation and
updates within the GRNs to predict unknown gene—
gene interactions. Building on this, Chen et al. proposed
GENELink, framing GRN inference as a link prediction
task on a graph. GENELink employs a graph attention
network (GAT) to infer potential interactions between
transcription factors and target genes within GRNs [14].
GENELink first maps observed single-cell gene expres-
sion pairs to a low-dimensional space, then optimizes
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this space to learn gene node representations for down-
stream predictions. Subsequently, Mao et al. developed
the GNNLink model, incorporating an interactive graph
encoder based on GNNs [15]. GNNLink then extracts
node features and reconstructs GRNs through adjacency
matrix completion.

Current computational models are capable of inferring
GRNs, yet they encounter three significant challenges.
Firstly, GRNs inherently contain structural noise, mani-
festing as “fake” links. Secondly, existing GNN-based
methods lack an effective mechanism to differentiate
between homogeneous and heterogeneous links, particu-
larly during message propagation. Thirdly, the quantity
of positive links is significantly lower than that of nega-
tive links. To address these challenges, we introduce the
AnomalGRN model, designed from the perspectives of
network heterogeneity and sparsity, to accurately infer
GRNs. By creating new nodes from gene pairs, treat-
ing those with positive links as abnormal and those with
negative links as normal, we transform the task of GRN
inference into predicting abnormal nodes within the
reconstructed GRN. Our contributions are summarized
as follows:

1. This study innovates by transforming gene regulation
prediction into node prediction tasks.

2. This study pioneers the application of graph node
anomaly detection to GRN inference, targeting the
significant imbalance between positive and negative
links.

3. We employ a cosine similarity measure that accounts
for message propagation among both homogenous
and heterogeneous links.

4. We implement a sparsification strategy to eliminate
noise and reduce the influence of “fake” links on
model accuracy.

Results

Data preparation

This study utilized single-cell RNA sequencing (scRNA-
seq) datasets for seven cell types from BEELINE [16]: (1)
human embryonic stem cells (hESC), (2) human mature
stem cells (hHEP), (3) mouse dendritic cells (mDC),
(4) mouse embryonic stem cells (mESC), (5) erythroid
mouse hematopoietic stem cells (mHSC-E), (6) gran-
ulocyte-monocyte lineage mouse hematopoietic stem
cells (mHSC-GM), (7) mouse lymphoid hematopoi-
etic stem cells (mHSC-L). These datasets are linked to
three ground-truth networks (GTNs) derived from the
STRING database, non-specific ChIP-seq, and cell-type-
specific ChIP-seq. Additionally, loss-of-function/gain-of-
function (Lofgof) GTNs are available for mESC.
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The GTN from the STRING database primarily reflects
extensive protein interactions. It is not specific to any
cell type and focuses on general and global GRNs. Non-
specific ChIP-seq data mainly comprise non-specific
protein-DNA binding data resulting from technical rea-
sons or experimental conditions. This type of GTN may
contain more background noise and non-target signals,
reflecting extensive protein-DNA relationships without
cell type or state selectivity. Cell-type-specific ChIP-seq
data are collected from specific cell types and provide
accurate protein-DNA interaction information within
a specific cell environment. This type of GTN is more
accurate and relevant, revealing details of gene regulation
in specific cell types, including transcription factor bind-
ing sites. Comparatively, cell-type-specific ChIP-seq data
are of higher quality.

The volume of raw scRNA-seq data is substantial. To
process this data, we utilized established preprocess-
ing methods. Specifically, we removed genes expressed
in fewer than 10% of cells and those with low expres-
sion levels from further analysis. We then calculated the
variance and p-value for each gene’s expression, focus-
ing particularly on genes with a Bonferroni-corrected
p-value below 0.01. We normalized gene expression lev-
els using logarithmic transformation. Following these
steps, we constructed an N x M matrix, where N is the
number of genes and M is the number of cells. Follow-
ing Pratapa et al’s method [17], we selected transcription
factors (TFs) with high expression level and the top 500
and 1000 genes, thereby creating 14 distinct datasets, as
shown in Table 1.
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Experimental setup

To assess our model’s performance, we conducted com-
prehensive experiments on the aforementioned datasets.
Furthermore, we benchmarked our model against several
cutting-edge models, namely GNNLink [15], GENEL-
ink [14], GNE [13], CNNC [11], DeepDRIM [12], GRN-
Transformer [10], and GENIE3 [9]. In our experimental
setup, the division ratio for the training, validation, and
test sets was uniformly set at 6:2:2, with the positive-to-
negative sample ratio maintained at 1:1. The training was
capped at 10,000 rounds, incorporating an early stopping
mechanism whereby training ceases if no improvement
is observed on the validation set for 500 consecutive
rounds. The proposed model also involves the number of
top-K neighbors (K), the hidden layer dimension, and the
number of layers. The default values of these parameters
are 10, 32, and 2, respectively. These parameters can be
freely set. The primary evaluation metrics employed in
the experiment were two well-known classification indi-
cators: AUC and AUPR.

AUC represents the area under the ROC curve, plot-
ted with the true positive rate (Recall) on the y-axis and
the false positive rate on the x-axis. AUPR represents the
area under the PR curve, plotted with Precision on the
y-axis and Recall on the x-axis. AUC evaluates the ability
to distinguish between positive and negative samples and
is a comprehensive performance metric. AUPR focuses
on distinguishing positive samples, particularly when the
sample sizes are unbalanced, better reflecting the ability
to recognize positive samples. The calculations for true
positive rate (Recall), false positive rate, and Precision are
as follows:

" TP . FP » TP
Truepositiverate(Recall) = ————Falsepositiverate = ——————Precision = ———
TP 4+ FN TN + FP TP + FP (1)
Table 1 Detailed statistics of the datasets
STRING Non-Specific Specific Lofgof
500 1000 500 1000 500 1000 500 1000
Cells Node Edge Node Edge Node Edge Node Edge Node Edge Node Edge Node Edge Node Edge
hESC 758 910 4257 1410 5149 910 3441 1410 4617 910 4545 1410 7084
hHEP 425 948 7523 1448 9003 948 4129 1448 5351 948 9939 1448 15,558
mDC 383 821 4815 1321 5898 821 3067 1321 3918 821 756 1321 1193
mESC 421 1120 7762 1620 8479 1120 6893 1620 8030 1120 29613 1620 42,795 1120 4169 1620 5742
mHSC-E 1071 704 1371 1204 1826 704 1425 1204 1960 704 11,557 1204 21,975
mHSC-GM 889 632 748 1132 1311 632 743 1132 1358 632 7364 1132 14135
mHSC-L 847 560 137 692 154 560 279 692 317 560 4398 692 5180
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Where TP (TN) represents the number of correctly
predicted positive (negative) samples, and FP (FN) repre-
sents the number of incorrectly predicted positive (nega-
tive) samples.

Performance on benchmark datasets

We conducted experiments across all benchmark data-
sets to compare model performances, with results pre-
sented in Fig. 1. TF+500 (1000) indicates that the top
500 (1000) genes based on gene expression levels are
retained after screening scRNA-seq data. The screened
genes are integrated with the GTN in the database to
construct the datasets. The proposed GNN-based mod-
els, GNNLink and GENELink, significantly outperform
other predictive models, demonstrating their superior
capability in elucidating topological structures compared
to conventional deep learning technologies. It is note-
worthy that the proposed model surpasses the perfor-
mance of all existing models. Specifically, on all TF +500
datasets, the proposed model's AUC and AUPR scores
are respectively 14% and 57% higher than those of the
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suboptimal GNNLink model. For all TF +1000 datasets,
the AUC and AUPR values of the proposed model exceed
those of the suboptimal GNNLink model by 10% and
58%, respectively.

AUC —denotes the difference between the model’s
average AUC on the TF 41000 datasets and its average
AUC on the TF+500 datasets, while AUPR- denotes
the difference between the model’s average AUPR on
the TF+1000 datasets and its average AUPR on the
TF +500 datasets.

We infer that the high performance of all models on
the Specific datasets may be due to its higher quality.
All models perform poorly on the Non-specific data-
sets, likely due to more unpredictable noise. Addi-
tionally, STRING provides general data with unclear
external factors, possibly resulting in lower data qual-
ity and, consequently, lower model performance.
Notably, the proposed model demonstrates reliable
performance across all datasets. Overall, the proposed
model employs graph anomaly detection technology,
demonstrating the potential for identifying noisy data.
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Fig. 1 Performance comparison of all models on all benchmark datasets. The result data for these comparison methods are cited from GNNLink

[15] without re-running the models



Zhou et al. BMC Biology (2025) 23:73

Specifically, we attribute this to several factors. First,
the proposed model calculates node similarity using
cosine, revealing correlation, irrelevance, and hetero-
geneity between nodes. Second, the model sets a fixed
threshold to filter out potential noise links. Third, the
model uses top-k variants to identify the most reli-
able links. Fourth, during message propagation, the
model uses cosine instead of a fixed “1” in the numera-
tor of Eq. 12 to better distinguish heterogeneity from
homogeneity.

We calculated the mean and standard deviation of
the results for each model on all TF+1000 datasets, the
TF + 500 datasets, and the difference between the results
on the two datasets, detailed in Table 2. The AUPR per-
formance of all models on the TF+1000 and TF+ 500
datasets shows slight differences. However, the AUC per-
formance on the TF+ 1000 dataset is slightly better than
on the TF+500 dataset, suggesting that increased train-
ing data correlates with enhanced model performance.

Recently, Yuan et al. proposed the scMAGTGRN
model [18], which utilizes multi-view technology to cap-
ture local features and high-order neighbor information,
while employing an attention mechanism to adjust fea-
ture weights. Wang et al. introduced the Transformer-
based scGREAT model [19] for GRN inference and
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demonstrated its effectiveness in identifying unknown
gene—gene relationships. Table 3 presents the AUC and
AUPR metrics for AnomalGRN alongside the com-
parison models, sScMGATGRN and scGREAT. The pro-
posed AnomalGRN model outperforms scGREAT and
scMAGTGRN significantly. These results further validate
the effectiveness of the proposed AnomalGRN model in
GRN inference.

Performance evaluation across positive-negative ratios

In GRNSs, known links are significantly outnumbered by
unknown links. The substantial imbalance between posi-
tive and negative samples presents a significant challenge
for accurate GRN inference by the model. We conducted
experiments to assess each model’s predictive perfor-
mance across various positive-to-negative ratios on the
mESC-500 dataset in the LOF/GOF network. Initially,
we established positive-to-negative ratios of 1:5, 1:6,
and 1:7, and assessed the performance of the proposed
model alongside GNNLink, GENELink, GNE, CNNC,
DeepDRIM, GRN-Transformer, and GENIE3. For more
pronounced imbalances, we adjusted the positive-to-
negative ratios to 1:10, 1:20, 1:30, 1:40, and 1:50, and
benchmarked against GNN models like GCN, GAT, and
GraphSAGE.

Table 2 Results of all models on all TF 4+ 1000 and all TF 4+ 500 datasets, respectively

Models

TF +500 TF+1000
Dataset/metric AUC AUPR AUC AUPR AUC-— AUPR -
AnomalGRN 0.919+0.075 0.903+£0.070 0.934+0.063 0.921+£0.921 0.015 0.018
GNNLink 0.825+0.074 0.365+0.277 0.871+0.040 0.360+£0.360 0.046 —0.005
GENELink 0.779+£0.071 0.329+£0.283 0.843+0.045 0.325+£0.325 0.064 —0.004
GNE 0.696+0.084 0.224+0.278 0.738+0.073 0.222+0.222 0.042 —0.002
CNNC 0.593+0.071 0215+£0.229 0.608+0.070 0.221+£0.221 0.015 0.006
DeepDRIM 0.567+0.060 0.207+£0.224 0.594+0.075 0212+0.212 0.027 0.005
GRN-Transformer 0.574+0.057 0210+£0.224 0.583+0.060 0.207+£0.207 0.010 -0.002
GENIE3 0.589+0.078 0.183+£0.175 0.612+0.081 0.178+0.178 0.023 —0.005
Table 3 AUC and AUPR scores of models on cell-type-specific networks (TF + 500)
AUC/datasets hESC hHEP mDC mESC mHSC-E mHSC-GM mHSC-L
SCMGATGRN 0.87 0.89 0.76 0.92 0.90 093 0.86
SCGREAT 0.89 091 0.81 0.94 093 0.93 0.88
AnomalGRN 0.99 0.99 0.98 0.96 0.98 0.98 0.98
AUPR/datasets hESC hHEP mDC mESC mHSC-E mHSC-GM mHSC-L
SCMGATGRN 0.59 0.80 0.12 0.81 091 0.93 0.86
SCGREAT 0.89 091 0.84 0.95 0.94 0.94 0.89
AnomalGRN 0.98 0.98 0.98 093 0.98 0.99 0.98
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Fig. 2 Results of the models under multiple positive—negative ratios on the Lofgof_mESC_500 dataset. The performance of the proposed model
was evaluated against the current cutting-edge model at positive-to-negative ratios of 1:5, 1:6, and 1:7. At positive-to-negative ratios of 1:10, 1:20,
1:30, 1:40, and 1:50, the proposed model’s performance was benchmarked against basic GNN models including GCN, GAT, and GraphSAGE. The
result data for these comparison methods are cited from GNNLink [15] without re-running the models

Figure 2 illustrates that with widening positive-to-
negative ratios, all models exhibit a trend of declining
performance. This demonstrates that the imbalance
between positive and negative samples is a critical fac-
tor limiting model performance. Nevertheless, the pro-
posed model sustains high and stable performance at
negative to positive ratios of 1:10, 1:20, 1:30, 1:40, and
1:50. This indicates that the model is capable of effi-
ciently identifying potential positive links within highly
imbalanced samples. Additionally, this validates the
efficacy of using anomaly detection for GRN inference.
This stability may stem from the model’s ability to filter

Table 4 Results of ablation experiment

“fake” links and retain potential links via network sparsi-
fication, and its capacity to differentiate between homo-
geneous and heterogeneous links using cosine similarity
during message propagation. In summary, the model is
less susceptible to interference from “fake” links, effec-
tively retains potential links, and thus accurately identi-
fies positive links in imbalanced datasets.

Ablation experiment

The proposed AnomalGRN model primarily includes two
core components: “Weight Reconstruction” and “Net-
work Sparsification” We conducted several experiments

Datasets/metrics Lofgof_mESC

Specific_mESC

500 1000 500 1000

AUC AUPR AUC AUPR AUC AUPR AUC AUPR
w/o All 0.8987 0.8761 0.9135 0.8973 0.8814 0.8532 0.8837 0.8591
w/o WR 0.9308 0.9015 0.9326 0.9076 0.9083 0.8705 0.9005 0.8689
w/o GNS 0.9208 0.8941 0.9426 09118 0.9193 0.8868 0.9155 0.8852
w/0o Cosmic 09313 0.9035 0.9335 0.9017 0.9025 0.8691 0.8939 0.8649
AnomalGRN 0.9608 0.9372 0.9826 0.9779 0.9575 0.9263 0.9279 0.8966
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on the Lofgof mESC and Specific. mESC datasets, using
AUC and AUPR as evaluation metrics to verify the
importance of these core components. In Table 4, “w/o
WR” refers to the model without the “Weight Recon-
struction” component, where the weights between two
nodes are not computed using cosine similarity and take
values of either 1 or 0 directly. In the reconstructed GRN,
edges are defined according to the steps outlined in the
“Task Transformation” section. “w/o GNS” refers to the
model excluding the “Network Sparsification” compo-
nent, where the adjacency matrix remains unchanged
after the default number of rounds. “w/o Cosmic”
denotes that in GCN message propagation, S; in Eq. 12
is set to 1. The “w/o All” experiment involves removing
the “Weight Reconstruction,” “Network Sparsification,’
and “Cosmic” message propagation components from
the proposed model, relying solely on traditional GCN to
perform the GRN inference task. However, this experi-
ment was conducted on the reconstructed GRN, indi-
cating that it underwent a task transformation process,
as detailed in the “Task transformation” section. The
results indicate that removing the “Weight Reconstruc-
tion,” “Network Sparsification,” and “Cosmic” message
propagation components leads to the poorest model per-
formance. Furthermore, the removal of any single com-
ponent or mechanism results in a significant decline in
model performance. These findings demonstrate that the
components and mechanisms positively contribute to
the model’s performance, validating their rationality and
effectiveness. The aforementioned process occurs during
the execution of the GCN.

Additionally, when all components or mechanisms are
removed, the primary difference between the proposed
model and other models lies in the “task transforma-
tion” process, as observed in the “w/o All” condition.
During the “task transformation” process, the original
GRN was reconstructed as the initial input graph. Spe-
cifically, gene—gene pairs are formed into new nodes,
and the initial input graph is generated based on the
“Weight Reconstruction” and “Network Sparsification”
components. However, during the construction of the
initial graph, the newly created nodes have no neigh-
bor. This indicates that, as described in Eq. 7, neighbor
screening is performed solely based on a threshold. This
process generates only the initial graph and does not
directly influence the GCN execution process. There-
fore, we hypothesize that the “task transformation” pro-
cess is a critical factor in enhancing model performance.
Reconstructing the GRN (as an initial input graph) using
the “Weight Reconstruction” and “Network Sparsifica-
tion” components likely eliminates the impact of “fake”
links and identifies potential neighbors, contributing to
improved model performance.
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Parameter experiment

The proposed model includes several adjustable
hyperparameters: the training data ratio, the number
of neighbors (K) in the KNN variant, the number of
GNN layers, and the output dimension size. After edge
weights are constructed, the KNN variant primarily
identifies potential neighbors, which are critical for
GNN message propagation within the reconstructed
GRN. The number of layers and output features in
the GNN model significantly influence feature extrac-
tion efficiency, consequently impacting future predic-
tion tasks. The cell-type-specific ChIP-seq data are
of comparatively higher quality. To minimize external
interference, we conducted a series of experiments
using the cell-type-specific ChIP-seq ground truth
dataset to analyze how parameter variations influence
performance.

Specifically, the K value was set to 5, 10, 15, and 20; the
GNN output dimension was configured as 8, 16, 32, and
64; and the number of GNN layers was set to 1, 2, 3, and
4. The results are presented in Fig. 3B, C, and D. Mean-
while, other parameters were kept constant to adhere to
the univariate principle. Experimental results indicate
that the proposed model’s performance remains stable
with minor fluctuations as the K value varies. Similarly,
the model’s performance is largely unaffected by varia-
tions in the number of GNN layers or output feature size.
These findings suggest that the model exhibits stable per-
formance and strong adaptability to parameter variations.
The proposed model can be rapidly deployed and applied
to new GRN data with minimal parameter adjustments,
thereby enhancing research efficiency.

Given the sparsity of known GRNS, the available train-
ing data is inherently limited. A series of experiments
were conducted to evaluate the model’s predictive per-
formance using 10% to 50% of the available training
data. For comparison, the state-of-the-art GNNLink
model was evaluated on the TF+500 dataset, as illus-
trated in Fig. 3A. The experimental results demonstrate
that the performance of both models improves progres-
sively as the training data increases. The experimental
results demonstrate that the performance of both mod-
els improves progressively as the training data increases.
Additionally, the proposed model exhibits stable perfor-
mance with minimal fluctuations.

Noise-induced attack

To investigate the model’s resilience against noise attacks,
we conducted experiments on the reconstructed GRN
utilizing Random attack [20] and DICE attack [21] strate-
gies. In a Random attack, artificial noise, including “fake”
links, is introduced into the reconstructed GRN. Random
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Fig. 3 Results of parameter experiments. A The performance of the proposed model is compared with that of the cutting-edge GNNLink model
across various training data proportions. And the performance of the proposed model with varying K values (B), GNN output dimensions (C),

and layer number (D), respectively

edges ranging from 0 to 100% are incorporated into the
test set. During a DICE attack, existing links in the recon-
structed GRN are eliminated, followed by the addition of
an equivalent number of “fake” links. The attack intensity
is similarly adjusted from 0 to 100%. These experiments
primarily utilized mESC datasets. The comparative anal-
ysis involved models such as GCN [22], GAT [23], and
GraphSAGE [24], with AUC and AUPR serving as the
evaluation metrics.

Figures 4 A and B showcase the performance impact of
Random and DICE attacks on each model, respectively.
Figure 4 A reveals a notable decrease in performance for
standard GNN models like GCN, GAT, and GraphSAGE
as the proportion of “fake” links increases. This decline
may stem from the injected noise disrupting the aggre-
gation process within GNNs. In contrast, the proposed
model remains largely unaffected. This resilience could
be attributed to the proposed model’s effectiveness in fil-
tering “fake” links.

Figure 4 B illustrates a marked decline in the perfor-
mance of GCN, GAT, and GraphSAGE models as the
attack intensity increases. This phenomenon is intuitively
understandable. Removing real links and introducing

“fake” links effectively doubles the impact of a Random
Attack. Nevertheless, the proposed model maintains sta-
ble performance with minimal fluctuation. This indicates
that the proposed model is capable of effectively filtering
out “fake” links while also revealing potential real links.
Consequently, the proposed model can adeptly handle
Random and DICE attacks, showing a higher tolerance
for the inevitable noises encountered during the data col-
lection process.

Case study

This study involved the selection of six genes across
seven cell types for analysis. The TCF4 gene, essential
for stem cell pluripotency and self-renewal, was selected
from human embryonic stem cells. Dysfunctional or
abnormally expressed TCF4 gene can lead to diseases
such as schizophrenia, skin conditions, and certain
cancers [25]. Additionally, the ARID2 gene was chosen
from human mature stem cells. The ARID2 gene, along
with other SWI/SNF complex members, significantly
influences mature stem cell renewal and differentiation
[26]. Selected from mouse embryonic stem cells, the
EHMT?2 gene is part of the histone methyltransferase
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Fig. 4 Comparison of model performance under noise attacks. A Random attack. B DICE attack

family. These enzymes modify chromatin structure and
gene programming by adding methylation marks to
specific lysine residues on histone proteins [27]. From
mouse dendritic cells, the MAFF gene was selected; its
protein modulates specific gene expressions [28]. The
RPA2 gene, selected from granulocyte-monocyte lineage
mouse hematopoietic stem cells, potentially ensures cell
maturation and function by maintaining DNA replica-
tion and repair accuracy [29]. The MEF2C gene, selected
from mouse hematopoietic stem cells of both erythroid
and lymphoid lineages. The MEF2C gene regulates the
generation, maturation, and proliferation of erythroid
lineage mouse hematopoietic stem cells, stabilizing
and optimizing hematopoietic system function [30]. In
lymphoid lineage mouse hematopoietic stem cells, the
MEF2C gene influences immune system development
and function [31].

In the training phase, we remove all associations
involving the selected genes from the datasets. Dur-
ing the inference phase, our attention is on the selected
genes, using the trained model to rebuild the GRN
around them. Using the TCF4 gene in human embry-
onic stem cells as an example, the model accurately pre-
dicted both true positive and true negative rates at 100%.
Notably, as demonstrated in Fig. 5A, all genes the model
associates with TCF4 have been confirmed in the hESC
dataset. Furthermore, Figs. 5B~ G demonstrate that the
model performs similarly in predicting ARID2, EHMT?2,
MEF2C, RPA2, and MAFF genes. Thus, we can conclude
that the AnomalGRN model is indeed capable of infer-
ring unknown GRN. It is anticipated to aid in uncover-
ing complex gene regulatory mechanisms and disease
causation in the future.

Additionally, we used the LIANA toolkit [32] to
load tissue sample data from patients with myocardial
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Fig. 5 The trained AnomalGRN model predicts GRNs centered on genes A TCF4 in human embryonic stem cells, B ARID2 in human mature
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respectively

infarction [33]. This sample is concentrated in the
ischemic area of cardiac tissue and provides only gene
expression data, without a corresponding GRN. Then, we
obtained known GTNs from previous work [34], which
collected many such GTNs. We integrated gene expres-
sion data and known GTNs, using gene expression data
as node features and gene—gene pairs in known GTNs
as links to reconstruct the GRN of the ischemic area in
myocardial infarction patients. The integrated dataset
was then divided into training, validation, and test sets in
a 6:2:2 ratio. After training, the proposed model achieved
an AUC of 72.69% and an AUPR of 75.05%. This indi-
cates that the proposed model can potentially predict
unknown gene—gene regulatory relationships based on
feature data such as gene expression and known GTNs.
Additionally, we discussed applying this method to
predict GRN in mouse kidney slices. Initially, we down-
loaded gene expression data of mouse kidney slices, gen-
erated using Visium technology, comprising 1438 cells
and 32,285 genes. Based on previous work [35, 36], we
acquired the known transcription factor (TF) and gene-
target association information, referred to as the GRN.
We integrated the gene expression data of mouse kidney
slices with the known GRN, using genes as nodes and

their expression data as node features. Links were con-
structed based on the association information of known
transcription factors (TFs) and target genes, while irrel-
evant genes in the GRN were discarded. This process
allowed us to reconstruct the GRN of mouse kidney
slices. The integrated dataset was then split into training,
validation, and test sets in a 6:2:2 ratio. Following train-
ing, the proposed model achieved an AUC of 75.13% and
an AUPR of 73.37%. These results also demonstrate the
proposed model’s scalability across diverse biological
contexts and larger datasets.

Discussion

The integration of single-cell RNA sequencing (scRNA-
seq) with deep learning has revolutionized GRN infer-
ence, enabling the exploration of gene regulation at an
unprecedented resolution. This study proposes an inno-
vative approach that frames GRN inference as a graph
anomaly detection problem, effectively addressing sev-
eral inherent challenges in the field. One of the signifi-
cant challenges is the inevitable noise in scRNA-seq data,
which can result in incorrect predictions of gene interac-
tions. By sparsifying the GRN and filtering out false links,
the impact of noise is reduced, thereby enhancing the
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reliability of predictions. Another notable contribution
of this study is its approach to addressing the imbalance
between positive and negative links in GRNs. Typically,
the number of positive links in a network is significantly
lower than that of negative links, posing a challenge to
model training. By classifying positive links as anomaly
nodes and negative links as normal nodes, this study
redefines GRN inference as a graph anomaly detection
problem. This approach offers a novel solution to the
imbalance problem and enhances the accuracy of GRN
predictions.

A series of experimental results validate the rationality
of the model and its key components. However, several
important considerations remain. The reconstruction
of new nodes and edges in GRNs necessitates further
exploration. Moreover, the quality of data utilized for
GRN inference is critical to the accuracy of the results.
Integrating multimodal data, including gene epigenetic
data, transcription factor binding sites, and protein—pro-
tein interactions, can substantially improve the model’s
robustness. Future work should focus on integrating
advanced multimodal fusion techniques with large lan-
guage models to enhance the accuracy and comprehen-
siveness of GRN inference. By incorporating diverse
biological data sources, the proposed model can uncover
intricate and subtle gene regulatory mechanisms, with
potential applications in elucidating cellular processes,
disease mechanisms, and therapeutic development.

Conclusions

Single-cell RNA sequencing (scRNA-seq) technology has
significantly advanced our in-depth understanding and
exploration of gene regulatory mechanisms at the single-
cell level. Recent studies integrating scRNA-seq with
deep learning technology have succeeded in predicting
GRNs. However, these studies face two principal limita-
tions. Firstly, noise is inevitable during the data collec-
tion process. Secondly, it is recognized that within GRNSs,
positive links are significantly outnumbered by negative
links. To overcome the first limitation, we sparsify the
GRN and filter out a portion of the “fake” links to mitigate
the impact of noisy data. To tackle the second limitation,
we categorize positive links as abnormal nodes and nega-
tive links as normal nodes. Subsequently, we reconstruct
the GRN and convert the task of GRN inference into one
of anomaly detection. Simultaneously, we employ cosine
similarity to assess the similarity between nodes, differ-
entiate between homogeneous and heterogeneous links,
and mitigate the effects of the imbalance between posi-
tive and negative samples. Adopting this novel perspec-
tive, we conducted an in-depth study on the inference
problem of GRN, substantially enhancing prediction
accuracy. This marks the first application of anomaly
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detection to GRN inference, achieving considerable suc-
cess. This further validates the feasibility of employing
anomaly detection in unbalanced datasets like single-cell
GRN, thereby encouraging broader applications.

The goal of GRN inference is to identify potential
gene—gene relationships from numerous gene—gene
pairs, thereby uncovering gene regulatory mechanisms.
In graph anomaly detection, abnormal nodes are typi-
cally much fewer than normal nodes. This study reframes
GRN inference as a graph anomaly detection task,
which appears to be both reasonable and innovative.
Nevertheless, several critical aspects warrant careful
consideration. First, developing effective methods for
reconstructing new nodes and edges in the reconstructed
GRN. Second, integrating higher-quality data. In future
work, we aim to employ advanced multimodal fusion
and large language model technologies to integrate mul-
timodal data, such as gene epigenetic data, transcription
factor binding site information, protein—protein interac-
tions, and known GRNs. This is expected to address the
identified challenges, enhance the proposed model, and
more effectively uncover underlying gene regulatory
mechanisms.

Methods
Model architecture
Previous research typically treats GRN inference as a
graph link prediction task. In a novel approach, we recon-
ceptualize GRN inference as a task of classifying nodes
within the reconstructed GRNSs. Specifically, interacting
gene pairs are defined as abnormal nodes, while non-
interacting pairs are considered normal nodes. Given the
significantly lower number of positive links compared to
negative links in GRNs, GRN inference can effectively
be transformed into an anomaly detection task. We
then introduce the AnomalGRN model, which is devel-
oped from perspectives of heterogeneity and sparsity to
uncover complex regulatory mechanisms within GRNs.
Figure 6 illustrates the AnomalGRN model, which
comprises multiple modules. Module A constructs the
initial input graph (reconstructed GRN) by converting
gene—gene pairs into new nodes and splicing the scRNA-
seq data of gene—gene pairs to create feature vectors for
these nodes. The initial input graph is then constructed
through the following two steps. First, Module B uses a
deep neural network (DNN) to linearly map the node fea-
ture vectors and calculates the cosine similarity between
the new nodes, as detailed in the “Weight reconstruction”
section. Second, based on the cosine similarity between
nodes, some neighbors are identified according to a pre-
defined threshold. Additionally, an improved top-K algo-
rithm is employed to determine additional neighbors,
as explained in the “Network sparsification” section. It
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network. Module D provides an abstract representation
of Module C, where (i) denotes the output of the GCN
encoder at the ith layer, £(i-1) is the input to the ith layer,
and “@” signifies the concatenation operation. Subse-
quently, we provide a detailed explanation of these key
modules and technologies.

Task transformation

GRN s typically feature far fewer positive links than negative
ones. This scenario aligns with anomaly detection tasks.
Generally, normal nodes significantly outnumber abnormal
nodes. Initially, we innovatively aggregate node pairs into
singular nodes. Gene—gene pairs with links are designated
as abnormal nodes, while those without links are consid-
ered normal nodes. Subsequently, we reconstruct the GRN
using the B module, transforming the GRN inference prob-
lem into a graph anomaly detection task. Naturally, the
reconstructed GRN often exhibits “fake” links, where nor-
mal nodes connect to abnormal ones. Links between two
new nodes of the same type are defined as homogeneous
links, whereas links between nodes of different types are
defined as heterogeneous links.

Clearly, to accurately and effectively complete the anom-
aly detection task, two prerequisites are essential. First, the
GNN model must simultaneously consider message prop-
agation modes for both homogeneous and heterogene-
ous links. Second, efforts should be made to minimize the
model’s susceptibility to “fake” links. To address the first
condition, we plan to employ cosine similarity for calculat-
ing edge weights, distinguishing between heterogeneous
and homogeneous link message propagation. Regarding
the second condition, we propose utilizing graph sparsifi-
cation technology to filter out “unimportant” links, thereby
mitigating the effect of “fake” links on model performance.

The original GRN is represented as G=(V, E, X), where
V denotes the set of genes, E the set of links between
genes, and X the scRNA sequence and other gene attrib-
ute data. The reconstructed GRN is denoted as G,=(V,,
E, X,, §), where V;, is the set of nodes reconstructed
from all gene—gene pairs, X; the spliced feature vectors
of these pairs, and E; the set of reconstructed links. Edge
weights Se[-1,1], calculated using cosine similarity,
represent the weights of the reconstructed links. From a
statistical viewpoint, the GRN inference (graph anomaly
detection) problem can be formalized as:

P(Y|G) =P(YIG) ~ . P(YIg)P(elG) (2)

where Y denotes labels, where normal nodes (uncon-
nected gene—gene pairs) are assigned 0, and abnormal
nodes (connected gene—gene pairs) are assigned 1. Gg
denotes a series of sparse graph sets derived from graph
G,. Traversing Gy is challenging and time-intensive; thus,

Page 13 of 16

based on previous work [37, 38], Eq. 2 can be approxi-
mated as follows:

D peos PY1Q)P(IGr) ~ 3 Ko(YIg,S)Kx(glGr)  (3)

where K, and Ky are the estimators for P(Y|g) and
P(g|G,), parameterized by ¢ and x, respectively. K, takes
G, as input, generates a series of subgraphs (Gg) centered
around each node as described in Egs. 7 and 9, and ulti-
mately forms a sparse adjacency matrix A. The K, func-
tion employs the GCN model to output node labels based
on the input adjacency matrix A, which comprises all
subgraphs (Gg). To ensure the differentiability of Eqs. 2
and 3, we generate a differentiable sample Ag using the
parameterization technique [39]:

deGS Ko(YIg)K x (¢IGr) ZAHKX&W Ko(Y|Ag) (4)

where Ag < K,(g|G,) represents Ag = (V,AA,X),
where Ag is a sparse graph sampled from K (g|G;).

Weight reconstruction

In the reconstructed GRNs, many abnormal links are het-
erogeneous. Thus, adequately addressing heterogeneous
links can enhance anomaly detection task performance.
Similar to previous work [38], we employ cosine similar-
ity to reconstruct the adjacency weight matrix S, enabling
consideration of both homogeneous and heterogeneous
links in GNN message propagation. In the reconstructed
GRN, for nodes i and j with initial features z; and z;
respectively, we input these features into a two-layer mul-
tilayer perceptron (MLP) and calculate the cosine simi-
larity between the node outputs as follows:

0.,0

Sl] = % (S [—1, 1] (5)
1291 - |<f|

where z? = MLP(z;) denotes node i’s representation
as output by the MLP, with z; originating from X,. S
quantifies the cosine similarity between nodes i and j.
The relationship between nodes i and j is categorized
based on three criteria: homogeneity, heterogeneity, and

neutrality:

Sij — 1, ifitoj tend to be homogeneous.
Sij — 0, if i toj tend to be worthless. (6)
Sij — —1, if i toj tend to be heterogeneous.

The determination of weight S is independent of the
edges in the reconstructed GRN. Unlike the graph atten-
tion mechanism, this approach uses cosine similarity to
calculate node weights, ranging from—1 to 1, diverg-
ing from the non-negative weights used in graph atten-
tion. Consequently, GNN models can account for both
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homogeneous and heterogeneous links in the informa-
tion dissemination process. Furthermore, as per Eq. 7,
the calculation is symmetrical.

In the proposed model, this component is primarily used
for initial graph construction, the “Network Sparsification”
component, and the message propagation mechanism.
First, this component calculates the similarity between
nodes and uses the top-K algorithm to find the K near-
est neighbors of each node, constructing the initial graph.
During training, the adjacency matrix is updated every
fixed number of rounds (default is 250 rounds). Second, in
the “Network Sparsification” component, between the lay-
ers of the GNN encoder, this component calculates node
similarity, selects neighbors by setting a threshold, and uses
the top-K algorithm to find the K nearest neighbors, finally
merging the final neighbors. Third, in the message propa-
gation mechanism, as shown in Eq. 12, the GCN message
propagation rule changes the numerator from “1” to the
cosine similarity between nodes. This weakens and distin-
guishes some irrelevant links.

Network sparsification

Pervasive “fake” links or neighbors in the reconstructed
GRNs significantly impair model performance. Further-
more, the incompleteness of data arises from limitations
in collection technology and conditions. Consequently,
we apply sparsification to the reconstructed GRN. Our
goals are twofold: firstly, to diminish the impact of “fake”
links, and secondly, to discern potentially significant node
neighbors.

As outlined in Sect. 2.2, the absolute value of Sii indi-
cates the influence of node i on node j. Therefore, setting a
threshold a enables the filtering of non-essential neighbor
nodes:

N1@) = {j € V|j e N(i), |Sij| > o} 7)

where N (i) denotes the set of neighbors associated with
node i. Consequently, certain nodes with high similarity
but not classified as neighbors at this stage are ignored.
Therefore, we identify potential neighbors utilizing the
weight matrix § and an enhanced KNN algorithm. We
employ the Gumbel-top-K method, an advanced variant
of the KNN algorithm, to calculate the probability value
of node pairs and select the K most promising neighbors
[39, 40]. Adhering to the principles of underlying data
distribution [39], the probability value for any node j not
in N(i) is calculated as follows:

|Sij

Pij= 17—
Zc¢N(1) |Sic|

8)
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Subsequently, logarithmic transformation of the prob-
ability value serves as the criterion for selecting the top-K
neighbors:

8ij = log (pij) — log(—log(e))

N2(i) = {j € VI|j ¢ N(i),8ij € top — K(8 * i)} ©)

The formal parameter ¢ is sampled independently from
a uniform distribution (0,1) for each node. The function
top-K() identifies the set of the top K largest § values.
Our study iteratively applied this operation across the
entire reconstructed GRNS.

Neighbor sets N; and N,, derived from Eqgs. 7 and 9,
are merged to create the final neighbor set N’=N;UN,,.
For node i, if j is in N’(i), the corresponding element Ay
in the sparse adjacency matrix A’ is assigned a value of 1.
Based on this, the edge set E, is derived. At this point,
G’=(V,E»,X,;,S) signifies the completion of the network’s
sparsification. This is an iterative and reusable process.

Numerically, §;; spans a broad range of values. This
implies a connection between any two nodes, necessi-
tating processing of the reconstructed GRN to preserve
sparsity. Methods like minimizing the 1 norm [41] or the
nuclear norm [42] are used to optimize the weight matrix
S, though they may have limitations [20, 43]. Drawing
inspiration from Gumbel-Softmax, we achieve sparse
regularization by constraining the absolute value of S to
approach 1 or 0:

Lr== > (wijlogwij + (1 — wij)log (1 - wij)/7)
Ajj=1

(10)

where w;; = max(ot,min(|Sii ,1—a)) and it requires a

smaller a, rendering a larger value meaningless. Further-

more, in max(a, min(}Sij »1—a)), if §; is significantly

small and below a, it is ignored and replaced by a. This

also mirrors the treatment of fake links below a in Eq. 7.

The parameter T > 0 regulates the anticipated sparsity

level of S, where smaller t results in more S values being
optimized to 0, thus yielding a sparser graph Ag.

Message propagation

Following the aforementioned procedures, we obtain the
sparse graph G’=(V,E,X,S). Subsequently, we derive
node representations using the GNN model and perform
node classification to fulfill the anomaly detection task,
thereby aiming to infer the GRN. Any GNN model may
be selected to facilitate this process. In our study, we uti-
lized the GCN [22] model as an exemplar to demonstrate
information propagation in the reconstructed GRN. The
node representation of node i at the hth layer can be
denoted as follows:
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h,_h—1

Vij% w

zf’:a zl-h_l+ Z

JEN'(i)

(11)

where j is a member of N’(i), denoting the adjacency of
node i as derived from matrix A’ The trainable weight
matrix is represented by W and the activation function
by 0. The coefficient yf} dictates the contribution value of
neighboring nodes to i.

The value of yg warrants particular attention. As
detailed in Sects. 2.2 and 2.3, reconstructed GRNs inher-
ently contain heterogeneous links. Homogeneous and
heterogeneous nodes frequently exhibit distinct attrib-
utes. Concurrently, §;; reveals the relationship between
nodes i and j, categorizing it as homogeneous, heteroge-
neous, or unrelated. In GCN’s message propagation, both
homogeneity and heterogeneity are incorporated:

h Sij
(di+1)(dj + 1)

(12)

where d; and d; denote the degrees of nodes i and j within
the sparse network G’, respectively. Diverging from
standard GCN models, S;; replaces “1 and both posi-
tive and negative values are introduced to account for the
influence of homogeneous and heterogeneous neighbors
concurrently.

Model optimization
The model’s optimization objectives primarily encompass
the refinement of the weight matrix § and minimizing
classification loss. For any given node i, upon obtaining
its final representation z;, the data undergoes transfor-
mation and prediction via a linear layer:
yi =0 (2iW + b) (13)
where W denotes a trainable weight matrix, while b sig-
nifies the bias. ¥; indicates the predicted category of the
node, being either 1 for a normal node or 0 for an abnor-
mal node. Subsequently, the binary cross-entropy func-
tion is employed to compute the classification loss:
Lc = Ziem yilogyi + (1 — yi) log (1 — yl) (14)
where y; denotes the actual label of node i. Thus, by set-
ting the weight coefficient 4 and incorporating both opti-
mization and classification loss, including that of the
weight matrix S, the ultimate optimization objective is
established as follows:

L=Lc+ ALr (15)
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