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Abstract:While gene regulatory networks (GRNs) are fundamental to understanding complex cellular mechanisms, the accurate
inference from single-cell RNA-sequencing (scRNA-seq) data is hindered by inherent noise, transcriptional dropout events, and
the dynamic nature of gene regulation. Current computational approaches often overlook long-range regulatory interactions, lack
explicit modeling of regulatory directionality, and suffer from limited generalizability. To address these limitations, we introduce
scGRAIL, a supervised deep learning framework that combines inductive Local-aware Graph Aggregation (LGA) with an
asymmetric relation decoder to enable robust GRN inference. Within this framework, the LGA performs multi-hop neighborhood
aggregation on the TF–Target graph, jointly leveraging topological structure and gene expression to capture long-range regulatory
dependencies. A node reconstruction autoencoder (NAE) imposes gene expression reconstruction constraints on the latent
embeddings, thereby enhancing robustness to noise and data heterogeneity and improving generalization. An asymmetric
difference mechanism is introduced during decoding for distinct modeling of transcription factors (TFs) and target genes; by
computing an ordered difference vector between their embeddings, the model explicitly captures the directionality and target
specificity of TF–target regulatory interactions, facilitating more accurate identification of potential causal regulatory
relationships. Comprehensive evaluations demonstrate the model’s superiority: it achieves optimal performance on 86.4% of
benchmark datasets (38/44), surpassing state-of-the-art methods. Notably, scGRAIL achieves a 4.25% increase in average Area
Under the Receiver Operating Characteristic Curve (AUROC) across four real-world networks compared to GCLink, yielding a
17.64% AUROC improvement for the TF500+ Non-Specific network (mHSC-L dataset), demonstrating its resilience to noise and
scalability for large-scale GRNs. These results establish scGRAIL as a transformative tool for uncovering gene regulatory logic in
single-cell transcriptomics. Overall, scGRAIL enhances structural modeling and directional discrimination in single-cell GRN
inference by using multi-hop graph aggregation to capture long-range regulatory dependencies, expression reconstruction
constraints to improve cross-dataset robustness, and an asymmetric decoding mechanism to explicitly model the regulatory
directionality between TFs and target genes. The codes and supplements are available at https://github.com/gladex/scGRAIL.
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1 Introduction

Gene regulatory networks (GRNs), comprising regulatory relationships among TFs and target genes, serve
as critical tools for elucidating biological processes and identifying molecular regulators and biomarkers in
complex diseases. Advances in single-cell RNA-sequencing (scRNA-seq) technology have enabled the
acquisition of high-dimensional omics data at single-cell resolution, revealing intercellular heterogeneity in
gene expression and providing pivotal insights for reconstructing GRNs (Cuevas-Diaz Duran et al., 2024).
However, the inherent high sparsity and noise in scRNA-seq datasets, primarily due to widespread “dropout”
events, pose significant challenges for accurate GRN inference.

Several recently developed methods address these challenges, generally falling into two categories:
unsupervised and supervised approaches. Unsupervised methods infer regulatory relationships between genes
from expression data without relying on prior knowledge of regulatory interactions. For instance, GENIE3,
GRNBoost2, and SINCERITIES formulate GRN inference as a regression problem, employing statistical or
machine learning techniques to infer GRNs (Huynh-Thu et al., 2010; Papili Gao et al., 2017; Moerman et al.,
2018). SCODE infers regulatory matrices by fitting linear differential equations to expression dynamics along
pseudotime trajectories (Matsumoto et al., 2017). BiXGBoost uses gradient-boosted decision trees to separately
infer regulatory and regulated relationships and integrates bidirectional information to generate consistent gene
regulatory scores (Zheng et al., 2018), and DeepSEM employs β-variational autoencoders for GRN inference
(Shu et al., 2021). Given that most of these methods treat GRN inference as a regression or classification
problem, they require substantial computational time, which limits their applicability to large-scale datasets.
Furthermore, many unsupervised methods rely solely on scRNA-seq data, thereby limiting the capture of
complex biological context and consequently affecting the accuracy of inferred results.

Conversely, supervised methods effectively address the limitations of unsupervised approaches by
incorporating prior knowledge about gene interactions, organisms, or tissues. These methods not only improve
inference accuracy but also adapt better to diverse biological scenarios. For instance, GENELink employs graph
attention networks (GAT) for GRN inference (Chen and Liu, 2022); GNNLink uses a graph convolutional
network-based interaction graph encoder to refine gene features and capture interdependencies among nodes for
GRN prediction (Mao et al., 2023); DeepRIG adopts graph autoencoders to extract gene–gene interactions from
scRNA-seq data (Wang et al., 2023); IGEGRNS leverages GraphSAGE for gene embedding and applies Top-k
pooling to select key nodes for regulatory relationship prediction (Gan et al., 2024); GCLink combines graph
contrastive learning with GAT to capture global information and propagate it for GRN inference (Yu et al.,
2025); and scMGATGRN models node embeddings using view-level attention and reconstructs GRNs via
dot-product scoring (Yuan et al., 2024). However, most of these methods focus solely on local relationships
between individual TFs and target genes, treating each regulatory pair as an independent sample while ignoring
contextual information from other regulatory interactions. Additionally, while they primarily capture
correlations in gene expression, they fail to model regulatory directionality and causal mechanisms, resulting in
predictions with limited biological interpretability.

To address these challenges, we propose scGRAIL, a structure-aware, directional deep-learning method
that comprehensively models gene regulatory relationships. Based on the local-aware graph aggregation
module, scGRAIL learns and integrates gene expression with topological-structure embeddings by inductively
aggregating local neighborhood information. The model performs multi-hop neighborhood aggregation on the
TF–Target graph and, by stacking multiple layers of LGA, it expands the receptive field such that gene
embeddings encode not only direct TF–target relationships but also long-range regulatory dependencies and
higher-order structural information, including shared target genes and co-regulatory modules. A node
reconstruction mechanism is integrated to preserve original expression features, thereby improving the model’s
generalizability and consistency, increasing its resilience to noise and data heterogeneity, and enhancing
cross-dataset generalization capabilities via expression reconstruction constraints.

Furthermore, to account for the inherent directionality of regulatory relationships in GRNs, scGRAIL
employs an asymmetric differential mechanism during the decoding phase, explicitly modeling regulatory
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directionality and target specificity to improve discriminative performance for regulatory edges. Its decoder
employs distinct mappings for TFs and target genes and performs direction-sensitive scoring based on an
ordered difference vector, enabling the interpretation of each predicted edge as the directed, relative regulatory
effect of a specific TF on its target gene. Experimental results confirm scGRAIL’s high accuracy in identifying
TF–target regulatory relationships and inferring GRNs.

2 Materials and methods

2.1 The architecture of the proposed scGRAIL

Here, we present scGRAIL, a supervised deep learning framework that combines inductive node
embedding learning with an asymmetric relation decoder for link prediction (Hamilton et al., 2017). In Fig. 1,
scGRAIL comprises three main modules: data acquisition and preprocessing, gene node embedding learning,
and asymmetric relation decoding. Detailed descriptions of the datasets, reference networks, and preprocessing
procedures are provided in the supplement Section 1. Then, the gene node embedding learning module aims to
derive low-dimensional gene embeddings enriched with biological information. This module first employs
LGA to iteratively aggregate information from gene nodes and their neighborhood nodes, using gene expression
data and prior knowledge to generate low-dimensional node embeddings with enhanced semantic
representation. Subsequently, a node reconstruction autoencoder performs effective feature extraction and
representation learning, producing reconstructed data that closely resembles the original input.

The asymmetric relation decoder module calculates the embedding differences between TFs and their
potential target genes. This enables the model to focus on directional regulatory relationships (how TFs regulate
target genes) rather than merely describing associations, thereby learning biologically interpretable regulatory
features. Finally, the differential feature vectors are processed by an MLP and scored using a sigmoid function.

Fig. 1 The scGRAIL framework. (a) Data acquisition and preprocessing module: scRNA-seq data is denoted as a node feature
matrix X, and TF–target prior knowledge is encoded as directed regulatory edges and fed into the graph learning module. (b) Node
embedding learning module, comprising the NAE and LGA: the autoencoder compresses X into a low-dimensional representation
and preserves information, while LGA aggregates multi-hop neighborhood features on the TF–target graph to produce
structure-aware embeddings. (c) “zero-expression” in the data: either from genuine absence of expression or from technical noise.
(d)Asymmetric relation decoding module: embeddings of TFs and targets are obtained separately; an ordered difference vector is
constructed, then passed through a prediction network (Pred_MLP) to output the edge probability.
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2.2 The inference of gene node embeddings

2.2.1 Problem formulation

Let ( , )   represent a gene regulatory network, where 1{ , , }Nv v � denotes the node set of size

| |N  �and 1{ , , }Me e  represents the edge set of size M. The corresponding adjacency matrix

{0,1}N NA  satisfies Aij =1 if ( , )i jv v   ; otherwise, Aij =0. Gene expression is denoted as

1{ , , } N F
NX x x    , where N is the number of genes and F is the number of cells. TFs and target genes

are treated as nodes in  , while edges in  represent experimentally verified regulatory interactions between
TFs and target genes. We formulate GRN inference as a link prediction problem, predicting potential edges
between unconnected nodes by leveraging known node features and network topology (Liu et al., 2024).

2.2.2 The architecture of Local-Aware Graph Aggregator (LGA)

This study developed an LGA module to exploit higher-order neighborhood attributes in graph data and
produce semantically rich node embeddings. As shown in Fig. 1b, LGA leverages inductive graph learning to
establish localized receptive fields for nodes using a multi-level adjacency feature propagation method. By
integrating topological relationships and expression features from contextual neighborhoods, it generates
structurally aware embeddings, thereby establishing a more discriminative semantic foundation for subsequent
regulatory relationship modeling.

For any node {1, 2, , }v N  in the graph, let its neighbor set be ( )v . Assuming LGA stacks k layers

with the initial feature representation of node v, denoted as (0 ) F
vh  , its aggregated neighborhood

representation at the k-th layer is defined as:
( ) ( ) ( 1)

( ) ({ , ( )})k k k
v uh Aggregate h u v   , (1)

where the feature aggregation function at the k-th layer, denoted as ( ) ( )kAggregate  , employs a mean pooling
operation defined as:

( ) ( 1)

( )

1
| ( ) |

k k
u

u v
Aggregate h

v




 


. (2)

The aggregated neighborhood representation is concatenated with the target node's features and
transformed through a learnable linear layer with nonlinear activation to update the node representation:

( ) ( ) ( 1) ( ) ( )
( )( ( ( , ) )k k k k k

v v vh W Concat h h b    , (3)
where ( )Concat  denotes vector concatenation, and W(k) and b(k) represent the weight matrix and bias term at

the k-th layer, respectively. ( )k
vh corresponds to the updated feature representation of node v at the k-th layer,

and σ(·) represents the nonlinear activation function.

2.2.3 The Node reconstruction Autoencoder (NAE) module

We introduce a node reconstruction autoencoder (NAE), which learns low-dimensional representations
that preserve key semantic and structural information by minimizing the node feature reconstruction error
through an encoder–decoder framework. The NAE models node features using an encoder-decoder mechanism
that recovers the original feature distribution, thereby revealing deep relational patterns and structural
dependencies among nodes. By minimizing reconstruction error, the model learns latent representations that
reflect nodes’ semantic roles and distribution patterns, facilitating the capture of critical feature information
within graph structures. The autoencoder maps the original node data 1{ , , } N F

NX x x    to a
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low-dimensional latent space through an encoder, yielding a latent representation N Qz  that preserves the
key features and intrinsic structural information of the nodes. Assuming the encoder comprises L layers, the
representation learned at the l-th layer is given by:

( ) ( 1)( )l l l lEnc W Enc b   , (4)
where Enc(0)=X, latent representation z=Enc(L), Wl and bl are the weight matrix and bias term of the l-th layer,
respectively, and σ(·) denotes the nonlinear activation.

The decoder reconstructs the original input from the low-dimensional encoded representation Z. For a
decoder with T layers, the decoded representation at the t-th layer is expressed as:

1( )t t t tDec W Dec b   , (5)
where (0)Dec z , the reconstructed node feature is ( )ˆi Tx Dec , and Wt and bt represent the weight matrix

and bias term of the t-th decoder layer, respectively.

2.3 Asymmetric relation decoding mechanism

After obtaining node embeddings, we employ an asymmetric relation decoder to perform
direction-sensitive differential modeling of TF–target pairs, and use a two-layer MLP to output regulatory
strength scores for directed regulatory relationship prediction (Supplement Section 2).

2.4 The metrics for evaluating predictive accuracy and model performance

A joint loss function, combining node reconstruction loss and binary cross-entropy loss, was implemented
to optimize the representational learning and predictive performance of our proposed model. We selected
AUROC and AUPRC as evaluation metrics to evaluate the performance of various GRN inference methods.
AUROC represents the area under the receiver operating characteristic curve (false positive rate vs. true positive
rate), while AUPRC quantifies the area under the precision–recall curve. The higher the AUROC and AUPRC
scores, the better the performance of the corresponding method and the more accurate and reliable the GRN
inference (Supplement Sections 3 and 4).

3 Results

3.1 Experimental settings

To ensure fair and reproducible comparisons, all datasets and methods were trained under consistent
experimental settings. All models were trained based on the predefined training/validation/test splits from the
original benchmark implementation and evaluated using AUROC and AUPRC metrics (Supplement Section 5).

3.2 Performance comparison with other methods on benchmark dataset

To evaluate the proposed model’s effectiveness, we conducted comprehensive comparisons with 11
existing approaches using the benchmark networks and datasets presented in the supplement Table S1. These
methods included GRNBoost2 (Moerman, et al., 2018), SCODE (Matsumoto, et al., 2017), DeepSEM (Shu, et
al., 2021), GENELink (Chen and Liu, 2022), DeepRIG (Wang, et al., 2023), IGEGRNS (Gan, et al., 2024),
GCLink (Yu, et al., 2025), scMGATGRN (Yuan, et al., 2024), STGRNS (Xu et al., 2023), DGRNS (Zhao et al.,
2022), and GNE (Kc et al., 2019). To ensure the accuracy and fairness of the experiments, all methods were
implemented using their default parameter settings. We incorporated two direction-aware baseline models,
GAEDGRN (Wei et al., 2025) and CNNC (Yuan and Bar-Joseph, 2019). The experimental results are shown in
Fig. 2. scGRAIL achieved optimal prediction performance on 86.4% (38/44) of the datasets. Compared with
GCLink (the second-best method, which performed optimally on 31.8% (14/44) of the datasets), scGRAIL
demonstrated a maximum improvement of 4.25% in average AUROC across four types of gold-standard
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networks. The most significant AUROC enhancement (17.64%) was observed for the TF500+ gene scale in the
Non-Specific class gold-standard network (mHSC-L dataset) (Other comparisons in Fig. S1).

Fig. 2 Performance comparison of AUROC scores across 12 different methods on 4 types of gold-standard networks. (a) presents
a comparative analysis of theAUROC performance of multiple computational approaches applied to gene-scale TF500+ datasets.
The horizontal axis denotes the evaluated computational approaches; the vertical axis specifies distinct benchmark network
datasets. Each grid cell contains the numerical AUROC value achieved by a specific method on a particular network dataset, with
higher values indicating superior predictive performance; (b) denotes the case of the gene scale TF1000+.

For Specific-type gold-standard networks, scGRAIL achieved the highest average AUROC (87.78%,
88.94%) and AUPRC (74.03%, 74.91%) values across both TF500+ and TF1000+ gene scales. Compared with
the second-best method, scMGATGRN, scGRAIL improved AUROC by 0.95% and 1.29%, and AUPRC by
2.55% and 2.30%, respectively. Furthermore, our method exhibited more stable performance across both
AUROC and AUPRC, consistently outperforming unsupervised approaches. These results demonstrate that
supervised methods possess distinct performance advantages for gene regulatory network inference tasks.

3.3 Ablation analysis on the proposed model structure

We performed an ablation study by systematically removing or replacing key components (NAE, LGA,
and the asymmetric relation decoder) to verify their individual contributions to scGRAIL’s GRN inference
performance. In Fig. 3, scGRAIL achieved optimal predictive performance inAUROC across all seven datasets
under the TF500+ gene scale for Specific-type gold-standard networks, with a maximum improvement of 5.2%.
Specifically, when employing either LGA or NAE alone for node feature learning, the models demonstrated
reduced ability to capture consensus-enriched node embeddings, resulting in average AUROC decreases of
1.92% and 2.05%, respectively. Removing the asymmetric relation decoder (replaced by an MLP that
symmetrically processes TF–target relationships) resulted in a 1.15% average AUROC reduction relative to
scGRAIL, as this modification fails to account for the biologically inherent unidirectional nature of TF–target
regulatory interactions. The substitution of NAE with either AAE or VAE led to inferior performance due to
their dependence on learned data distributions, a limitation exacerbated by our constrained training set size,
which compromised sample reconstruction quality (Details in the supplement Table S2).
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Fig. 3 Performance comparison of AUROC (range 0–1) metrics between scGRAIL and its six variants on Specific-type
gold-standard network datasets with TF500+ gene scale. hESC: human embryonic stem cells; hHEP: human hepatocytes; mDC:
mouse dendritic cells; mESC: mouse embryonic stem cells; mHSC-E: erythroid mouse hematopoietic stem cells; mHSC-GM:
granulocyte-macrophage lineage mouse hematopoietic stem cells; mHSC-L: lymphoid lineage mouse hematopoietic stem cells.

3.4 Hyperparameter analysis of the proposed scGRAIL

We further conducted a systematic hyperparameter analysis across multiple datasets and two gold-standard
networks (Non-Specific and STRING), examining the effects of key settings such as the hidden dimensions of
the NAE and LGA modules and the batch size on scGRAIL’s performance. The performance of scGRAIL is
influenced by multiple hyperparameters, including the output dimension of the learned node embeddings, the
learning rate, the hidden layer dimensions (hidden_dim), and the batch size. To thoroughly evaluate the impact
of key parameters on model performance, this section analyzes the effects of hidden layer dimensions in both
NAE and LGA architectures—as well as batch size configuration—on GRN inference. We assessed these
parameters across seven datasets from two reference networks (Non-Specific and STRING) and systematically
tuned them to examine their influence on AUROC performance (Other details in Fig. S3 and Table S3).

3.5 Analysis of computational complexity

To further validate scGRAIL’s computational efficiency, we analyzed the runtime of seven GRN inference
methods across four benchmark networks (Specific, Non-Specific, STRING, and Lofgof) using scRNA-seq
datasets.As summarized in Fig. S3, scGRAIL achieved the shortest average runtime across all networks: 28.67s
(Specific), 3.88s (Non-Specific), 5.84s (STRING), and 7.79s (Lofgof). The second-best method, GCLink,
required substantially longer runtimes (140.38s, 19.61s, 24.52s, and 29.50s, respectively). These results
demonstrate that scGRAIL not only delivers superior prediction performance but also exhibits significantly
higher computational efficiency, making it particularly suitable for large-scale GRN inference tasks. The
detailed runtime comparisons are provided in Table S4.

3.6 Effects of single-cell data imputation

ScRNA-seq data frequently include a high proportion of zero counts, which may be attributable to
biological mechanisms or technical limitations in detection. The presence of excessive zeros can lead to biased
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results in gene regulatory network inference. We additionally evaluated the effect of single-cell data imputation
(using DeepImpute) on GRN inference and found that imputing excessive zeros can improve scGRAIL’s
inference accuracy (Other details in Fig. S4 and Table S5).

3.7 Robustness study of the proposed model

To evaluate the robustness of different methods to noise perturbation, we introduced random noise at
varying proportions to the input data to simulate experimental or measurement errors. We further assessed
model robustness by injecting increasing levels of random noise into the input data and observed that scGRAIL
consistently maintains the highest AUROC with the smallest performance variance across datasets, indicating
superior stability under perturbations (Other details in Fig. S5 and Table S6).

3.8 Case study on breast cancer transcriptomics data

Fig. 4 Top 200 high-confidence TF–target pairs inferred by scGRAIL across multiple data. Edge colors indicate experimental
support for regulatory relationships: blue (gold-standard), red (cell-type-specific), green (STRING), and gray (no prior annotation).
(a) hESC dataset (TF500+) in the Specific category, highlighting key TFs (NANOG, EOMES, TFAP2A, JUND, OTX2). (b)
Breast cancer transcriptome results showing critical TFs (RFX5, GABPA, BACH1).

To validate scGRAIL’s effectiveness on real biological data, we selected an authentic breast cancer
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transcriptome dataset and two hESC datasets of different scales from the Specific category, performing model
training and regulatory prediction based on known TF–target gene regulatory relationships. In Fig. 4, We further
conducted case studies on breast cancer and hESC transcriptomic datasets to examine the biological plausibility
of the inferred GRNs and the key TF–target regulators identified by scGRAIL. The visualizations, top-ranked
regulatory pairs, and biological interpretations are provided in the supplement Fig. S7 and Table S7.

4 Discussion and conclusion

The rapid development of scRNA-seq techniques has provided new opportunities to uncover gene
regulatory networks between TFs and target genes. However, scRNA-seq data typically exhibit high
dimensionality, sparsity, and significant noise, posing challenges for accurate GRN inference. Furthermore,
existing methods often overlook global structural dependencies and fail to model regulatory directionality and
causal mechanisms. To address these limitations, this study introduces scGRAIL, which incorporates
structure-aware and directional modeling mechanisms to enhance the accuracy and biological interpretability of
GRN inference.

The model first constructs a multi-level LGA module that integrates gene expression features with graph
topology under a structural induction framework, enabling high-level structure-aware node embedding learning.
Simultaneously, it introduces a node reconstruction mechanism to preserve original expression information,
thereby enhancing the consistency and generalization capabilities of node representations. To strengthen the
directional discrimination of regulatory edges, the model incorporates an asymmetric differential mechanism
during the decoding phase, which explicitly models regulatory directionality based on vector differences
between upstream and downstream node embeddings, thereby improving both prediction accuracy and the
biological interpretability of regulatory edge inference. In this work, “biological interpretability” is primarily
reflected in two aspects: First, high-confidence TF–target edges exhibit strong consistency with multiple
sources of prior knowledge, including gold-standard networks, cell-type-specific regulatory networks, and
STRING interactions. Second, in datasets such as hESC and breast cancer, the model highlights key TFs and
their regulatory axes that are consistent with those reported in the literature. Comparative experiments with 11
state-of-the-art methods demonstrate that scGRAIL achieves optimal or near-optimal performance on most
datasets, highlighting its superiority in identifying TF–target regulatory relationships.

Further structural ablation and hyperparameter analyses validate the rationality and effectiveness of the
model’s design and parameter settings, emphasizing the importance of integrating structural modeling with
biological priors. We also investigated the impact of data imputation on model performance, revealing that
scGRAIL achieves higher accuracy when inferring GRNs from imputed scRNA-seq data, suggesting that
“zero-expression” may interfere with the capture of effective regulatory relationships. In terms of computational
efficiency, although the graph sampling mechanism increases training time, scGRAIL remains highly efficient
overall and exhibits strong scalability potential. Finally, case studies on multiple real biological datasets
demonstrate that scGRAIL successfully identifies key TFs, such as TFAP2A and RFX5, that are supported by
both standard networks and the existing literature. These findings further validate the model's biological
interpretability and provide valuable insights into potential regulatory mechanisms that can guide subsequent
experimental research.

Despite its strong performance, scGRAIL has certain limitations. Currently, the model relies on static prior
graph structures and cannot dynamically adapt graph construction to data. In other words, the current
implementation of scGRAIL reevaluates and refines edge weights on a high-confidence candidate TF–Target
prior network, and it is not yet capable of learning novel graph topology end-to-end from data at the
whole-genome scale.Additionally, while the model accounts for directionality in decoding, its representation of
causal relationships and state transitions (e.g., developmental trajectories) remains insufficient. Additionally,
scGRAIL currently treats cross-sectional single-cell expression profiles from hESC, hHEP, and other cell types
as a set of mutually independent “snapshots”, inferring static GRNs without explicitly incorporating lineage or
pseudotime information to capture temporal regulatory dynamics during development. To mitigate this
limitation, future efforts should focus on integrating more sophisticated models, such as causal discovery
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methods, pseudotime trajectories, and graph structure learning, to improve dynamic regulatory modeling and
cross-tissue generalization, and to accurately reflect temporal dynamics and lineage relationships among cells.
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