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Abstract

The development of single-cell RNA sequencing (scRNA-seq) technology provides valuable data resources for inferring gene regulatory
networks (GRNs), enabling deeper insights into cellular mechanisms and diseases. While many methods exist for inferring GRNs
from static scRNA-seq data, current approaches face challenges in accurately handling time-series scRNA-seq data due to high noise
levels and data sparsity. The temporal dimension introduces additional complexity by requiring models to capture dynamic changes,
increasing sensitivity to noise, and exacerbating data sparsity across time points. In this study, we introduce GRANGER, an unsupervised
deep learning-based method that integrates multiple advanced techniques, including a recurrent variational autoencoder, GRANGER
causality, sparsity-inducing penalties, and negative binomial (NB)-based loss functions, to infer GRNs. GRANGER was evaluated using
multiple popular benchmarking datasets, where it demonstrated superior performance compared to eight well-known GRN inference
methods. The integration of a NB-based loss function and sparsity-inducing penalties in GRANGER significantly enhanced its capacity to
address dropout noise and sparsity in scRNA-seq data. Additionally, GRANGER exhibited robustness against high levels of dropout noise.
We applied GRANGER to scRNA-seq data from the whole mouse brain obtained through the BRAIN Initiative project and identified GRNs
for five transcription regulators: E2f7, Gbx1, Sox10, Prox1, and Onecut2, which play crucial roles in diverse brain cell types. The inferred
GRNSs not only recalled many known regulatory relationships but also revealed sets of novel regulatory interactions with functional
potential. These findings demonstrate that GRANGER is a highly effective tool for real-world applications in discovering novel gene
regulatory relationships.
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Introduction seq data, including GENIE3 [8], GRNBoost2 [9], SCENIC [10], NLNET

Deciphering gene regulatory networks (GRNs) is crucial for under- [11], PIDC [12], PPCOR [13], and SINCERA [14]. Another type of GRN

standing the complex biological functions of cells, revealing how
precise spatiotemporal regulation of genes maintains functions in
normal cells and dysfunctions in disease states [1-3]. sScRNA-seq
is a powerful technique for studying cellular dynamics, enabling
measurement of subtle differences in gene expression between
cells. This is especially useful for study of those participating
in cellular processes such as cell differentiation or cell cycle
progression [4]. By analyzing gene expression profiles, we can
effectively capture the dynamic dependencies between genes,
facilitating the reverse engineering of GRNs. Consequently, these
inferred networks provide crucial biological information for the
relationships between transcription factors (TFs) and their target
genes [5].

Dozens of computational methods to infer GRNs from scRNA-
seq data have been proposed, uncovering the potential regulatory
dependencies that underlie cellular phenotypes from a genomic
perspective [5-7]. Most early methods focused on static scRNA-

inference methods utilize time-ordered or pseudotime-ordered
gene relationships across different stages of cell development,
including LEAP [15], ARIMA1-VBEM [16], SINCERITIES [17], SCIM-
ITAR [18], NME [19], Normi [20], Velorama [21], SINGE, [22] and
scTIGER [23]. Most of these approaches begin by using proba-
bilistic or regression models to fit the time or pseudotime series
gene expression data and primarily rely on correlation metrics to
predict gene regulatory relationships. For example, LEAP [15] uses
Pearson’s correlation and permutation testing to estimate pair-
wise co-expression between genes. MMFGRN leverages advanced
matrix factorization techniques to integrate multi-modal data to
infer regulatory relationships [24]. Additionally, some methods
use differential equations to simulate changes of gene expres-
sion values over pseudotimed cell orders, including dynGENIE3
[25], Inference Snapshot [26], SCODE [27], SCOUP (28] and GRISLI
[29]. Although those methods attempt to incorporate time-series
features, they frequently rely on heuristic optimization or linear
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assumptions, limiting their ability to model complex, non-linear
regulatory relationships.

Recently, the increasing availability of verified TF-gene pairs for
specific cell types has facilitated the development of supervised
deep learning methods for reconstructing GRNs, including CNNC
[30], DeepDRIM [31], dynDeepDRIM [32], GENELink [33], GNNLink
[34], TDL [35], SCGRNS [36], STGRNS [37], DeepIMAGER [38], and
scGeneRAI [39]. Furthermore, several GRN inference methods,
such as scMEGA [40], Dicts [41], LINGER [42], and SCENIC+ [43],
utilize not only TF-binding motif enrichments but also other
single-cell multi-omics data (e.g., scRNA-seq and scATAC-seq).
Although the training accuracies of these supervised deep learn-
ing methods are notably high [37, 38], the models trained on
partially known TF-gene pairs remain biased due to the absence of
a comprehensive global ground truth for the biological processes
under investigation. Moreover, the TF-gene pairs used by these
supervised methods are primarily derived from specific cell types,
limiting the effectiveness of transfer learning when applied to dif-
ferent cell types [31, 38, 44]. As a result, unsupervised methods for
inferring GRNs from transcriptomics data remain the dominant
approach [45], serving as a crucial strategy for cells with limited
availability of omics data.

The BEELINE framework [46] was designed for evaluating
dozens of GRN inference tools on scRNA-seq data and found
that tools incorporating pseudotime orders of cells showed
better accuracy on synthetic datasets, but less accuracy on
real datasets. This is because the scRNA-seq has considerable
noise and sparsity, making it challenging to accurately infer
GRNs from time-series scRNA-seq data [39, 46]. Furthermore, the
performance of GRN inference algorithms is often compromised
by high rates of false positive regulations [47], especially in many
correlation-based methods [10, 15, 27, 48]. To address these
limitations, we propose an unsupervised GRN prediction method
by employing GRANGER recurrent autoencoders to network gene
expression regulations (referred to as GRANGER). GRANGER
mainly integrates GRANGER causality [49] into a recurrent
variational autoencoder (VAE) [S0] to infer GRNs. In addition, a
negative binomial (NB) distribution is also incorporated into the
loss function to correct for the distribution of gene expression
profiles across all cells, as incorporating the NB distribution into
deep learning frameworks has been demonstrated to improve
both data imputation and the precision of cell clustering [51]. We
evaluated GRANGER's inference accuracy using both simulation
and real scRNA-seq datasets, and found it demonstrated superior
performance compared to other unsupervised GRN inference
methods.

Materials and methods
Overview of GRANGER

To infer GRNs from a scRNA-seq dataset of m genes, GRANGER
translates the expression profiles of each gene g in all cells into
a time-series sequence X9 = X!, = (X},XJ,---,X1), where T
represents the number of time points, adhering to the underlying
principles of GRANGER causality during time series generation
process [49] (Fig. 1A). GRANGER applies a causal recurrent VAE to
all sequences X1, ..., X9,..., X" to predict regulatory relationships
among genes. The causal recurrent VAE in GRANGER consists
of an encoder and a multi-head decoder. Each decoder head is
responsible for generating X9, the time-series expression of a gene.
The encoder reduces the multivariate time-series of each gene
to a lower-dimensional feature space. In the inferred GRN, the
edge between two genes is directed, representing a regulatory

relationship between a gene (typically a TF) and its target genes
(Fig. 1B).

Here the inferred GRN is represented as a GRANGER causal
graph [50] G = (V,E), where the set of nodes V consists of the set of
time series X!, ..., X™, and each edge (h, g) € E connecting X" to X9,
which represents X" causes X9 in time instant t with a lag, if the
past profiles X' of X" provide statistically significant information
about the prediction of X! at time t (note that self-loops are
allowed in graph G). The graph G = (V,E) can be characterized
by an adjacency matrix A = (Agy)

1
Agh = ’
gh [ 0,

Therefore, the main objective in GRANGER is to infer the matrix
A, each of whose elements Ay, represents whether gene h regu-
lates gene g.

Let X; = (X{,X?,--- ,X{”)T € R™ be the feature vector of all
sequencesX?!,...,X™ at time t and Xgp, = (X, X2, ,X;’fb)T be
the feature matrix of all sequences from time a to time b. As
shown in Fig. 1B, a time segment X, 1), is extracted from Xy.r of
the m time-series sequences to set as a batch sample of training
data. The first half X(,_y_1).(_1_1) of the time segment is taken
as the input to encoder, and the second half X;_j,_1,0f the time
segment and the latent space output by encoder are taken as
the input of decoder, whose aim is to predict or reconstruct the
segment Xy, with time lag . The decoder contains m heads
and the g-th head predicts the g-th sequence X%, g = 1,2,...,m.
A recurrent neural network (RNN) with gated recurrent units
(GRUS) [52] is separately employed in the encoder and each head
of decoder to form a recurrent VAE.

mxm’

X! causes X{, (i.e.,edge (h,g) € E)
otherwise.

(1)

Data preprocessing and time series generation

The Python package SCANPY (versionl1.9.3) [53] was used for
preprocessing and filtering the raw scRNA-seq data by: (i) remov-
ing genes expressed in fewer than 10% of cells, (ii) eliminating
low-quality cells that express fewer than three genes or exhibit
high mitochondrial gene expression, (iii) normalizing and log-
transforming the filtered matrix, and (iv) selecting a subset of
highly variable genes for further analysis. If the scRNA-seq data
did not contain inherent time-series or pseudotime information,
the PAGA method [54] was used through the ‘scanpy.tl.paga’ func-
tion to predict the pseudotime order of cells.

Variational autoencoder based on GRANGER
causality

Suppose gene regulatory relationships can be modeled as a
GRANGER causal graph G for a set of time series X!,...,X™.
Let C (X9) be the set of causes (or parents) of X9 in graph G, i.e.,
C(X9) = {Xh : Agp = 1}. At time point t, X{ can be predicted by its
past profiles X{_ and the past profiles C(X9),_ of its cause variables
C(X9). So X{ can be represented by a function of X! and C(X%),_
with additive independent noise ¢/. That is,

X! =y (X0, C(x7),_) +f. @

To learn the function f, for each X9 and infer the matrix A, we used
a VAE whose encoder and decoder are both composed of RNNs. If
we input the first half segment X;_y_1),;-1-1) to the encoder and
use the decoder to reconstruct the second half segment X(;_y.,
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Figure 1. The workflow of GRANGER. (A) For m genes, time-series sequences {X9:g=1,2,..., m}are generated from the preprocessed gene expression
profiles based on cell pseudotime ordering. (B) The pipeline of the recurrent variational autoencoder based on GRANGER causality testing.

the VAE with time lag lis:

K-y =Dy (X(t—l):(t—l)v Ey (X(t—zl—l):(t—l—l))) +e, (3)

where D, and E,, represent decoder and encoder with parameter
sets ¢ and v, respectively, and ¢ is an additive term without
any specific assumption. Furthermore, the decoder has multiple
heads, in which the g-th head is used to learn X{ = f; (X{_, C(X9),.)
in Equation (2). Finally, the full vector X, is formed by stacking the
output of all m heads. Thus, the VAE based on GRANGER causality
can learn the functions {f; : g =1,2,..., m}.

ForX, e R", t = (t—21-1),...,(t—1-1), let h, be the corre-
sponding hidden state in the encoder. The encoder is formulated
by the following equations from (4) to (9), the first four of which
are the GRU equations:

I, = Sigmoid (W, X, + Wish,_1 +by), 4)

z, = Sigmoid (W, X; + Wy,h,_1 +b;), (5)
1:1, = tanh (WMX, +1. () (Wiheq) + bh) , (6)
he = (1-z)Oh +2zho s, )
w=W,hi__1+b,, (8)

o =exp (Wohi_i-1 + bs), ©)

wherer, is the reset gate vector of GRU, z, is the update gate vector
of GRU, (© represents Hadamard product, and each b denotes the
corresponding bias. {W,, Wy, W,, Wy, Wiy, Wy, W,,, W, } C ¢ are
weight parameters, where W;, and W), are the weight matrices
for input and hidden state in the encoder, respectively, and W,
and W, are the weights to calculate the mean p and the standard
deviation o of the learned Gaussian distribution.

For X, e R™, t = (t—1),...,t, let H; denote the corresponding
hidden state in the decoder and H? the hidden state of the g-
th head. The initial state of the decoder is sampled from the
Gaussian distribution which is parameterized with u and o. That
is,

Hi = tanh (Ve (u 4+ 02) + bre), (10)

where z ~ N (0,]), Vi.is weight for reparameterization, and by, is
the bias. The decoder is formulated by Equations (11) (18) for the
g-th head, the first four of which are the GRU equations:

R? = Sigmoid (V{X? + V] H?_, + 1), (11)
Z9 = Sigmoid (VIXJ + V] H? | +b7), (12)
~J
H, = tanh (VX1 + R Q) (VIHL ) +17), (13)

~9
H!=(1-2Z) (OH, +ZH]_,, (14)
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Ay =V, (15)
X? = vgutH? + bgut' (16)
ui = exp (V9H]), (17)
0! = exp (VJHY), (18)

where R, is the reset gate vector of GRU, Z, is the update
gate vector of GRU and each b denotes the corresponding bias.
(vl v, v vi, v, v Vi, Vi, Vi} C ¢ are weight parameters,
where V, V] and V,, are weight matrices for input, hidden state,
and output layer of the g-th head in the encoder, respectively. To
capture the characteristics of scRNA-seq data, X{ at time install
t is assumed to be an NB distribution parameterized with mean
u] and dispersion 6. Two NB output layers with Equations (17)
and (18) were added to the last hidden state of the g-th head H{
to estimate the mean pJand the dispersion 6 of the learned NB
distribution, respectively. V), and Vj are the learned weights from
the last hidden layer of the two NB output layers, respectively.
Ag is the g-th row of the estimated adjacency matrix A of the
GRANGER causal graph.

Loss function and network optimization

It is assume that each time-series variable X{fits an NB distri-
bution, i.e, X{ ~ NB(uf,6/), where uf is the mean and ¢/ is the
dispersion. That is,

3 el

rxi+e)( of owu ‘
Pug (X 1ni, 07) = . : . 19
Ui o) =S ey ot ) \ove 1)

Then the NB-based loss function is formulated as the negative
log-likelihood of NB distributions:

Lus (,9) == > log (Pus (X{Iut,6)) (20)

As the adjacency matrix Aof the predicted GRNs is assumed to
be sparse, a sparsity-inducing penalty R(A) to A is appended to
the loss function. The final loss function is defined as

m

Ly, @)= [Eqw(z‘x(t%l) in) logp, (X%t,l):tlx(t—l):(t—l)' Z)}

g=1

—KL (% (le(t—Zl—l):(t—I—‘l)) |p (Z)) + AnsLlus (¥, @) + AR (A) )
(21)

where the first term is the expected negative reconstruction error
quantifying how well the model can reconstruct XgH . for each
g and the second term is the relative Kullback-Leibler (KL) diver-
gence between the learned Gaussian distribution in the encoder
and the prior distribution z ~ N (0, 1). The first term in Equation
(21) is estimated by computing the cross-entropy between the
training sample distribution and the reported probabilities. We
used ¢1 norm to compute R(-), because ¢; norm is easier to
obtain sparse solutions than ¢;norm and helps reduce the risk of
overfitting.

GRANGER was trained by minimizing the loss function in Equa-
tion (21) with the proximal gradient descent (PGD) on the weights
of input layers V{ and stochastic gradient descent (SGD) on all
other parameters [55]. A two-stage training strategy is proposed:
(i) we first trained the model by computing the gradients of the

convex part of L (¢, ) thatis the first and second term in Equation
(21), updating ¢ and ¢ except Vi,using SGD and updating Vi, using
PGD; (ii) we fixed all zero elements in V;, based on obtained causal
matrix A, and continue training the model with SGD on L (¥, ¢). In
practice, we used the iterative shrinkage thresholding algorithm
(ISTA) with constant step size to do PGD [56]. To further improve
the accuracy of predicted GRNs, two-layer GRUs are used in the
recurrent VAE, where the input Y; of the second layer is the hidden
state h{M of the first layer.

Benchmark datasets and case study for
GRANGER evaluation

To fairly evaluate the performance of GRANGER, we utilized the
six synthetic and four curated datasets provided by the GRN
evaluation framework BEELINE [46]. The six synthetic datasets
simulate a linear trajectory (dyn-LI), a cyclical trajectory (dyn-
CY), a long linear trajectory (dyn-LL), a bifurcating trajectory
(dyn-BF), a trifurcating trajectory (dyn-TF), and a bifurcating con-
verging trajectory (dyn-BFC). The four curated datasets focus
on hematopoietic stem cell differentiation (HSC), mammalian
cortical area development (mCAD), ventral spinal cord develop-
ment (VSC) and gonadal sex determination (GSD). Each of the
six synthetic datasets contains five sub-datasets with different
numbers of cells (100, 200, 500, 2000, and 5000 cells), and each sub-
dataset consists of 10 samples. Each of the four curated datasets
contains 2000 cells and 10 samples. For each of curated datasets,
BEELINE also provides samples containing 50% and 70% dropout
zeros. All these benchmark datasets contain pseudotime-ordered
information that were predicted by Slingshot [57] and prepro-
cessed by the BEELINE framework. In addition, we conducted
performance validation on four real scRNA-seq datasets, each
separately sequenced from human embryonic stem cells (hESC),
mouse dendritic cells (mDC), human mature hepatocytes (hHEP),
and erythroid-lineage mouse hematopoietic stem cells (mHSC-
E). We predicted the GRNs for the TFs with corresponding GRNs
provided by BEELINE, including hESC (eight TFs and 310 targeted
genes), hHEP (two TFs and 378 targeted genes), mDC (two TFs and
31 targeted genes), and mHSC-E (six TFs and 459 targeted genes).

As a real application, GRANGER was applied to predict GRNs
from whole mouse brain data obtained from the Allen Brain
Cell Atlas [58]. We downloaded the hippocampal formation (HPF)
scRNA-seq data from the batch that was generated by 10Xv2
chemistry. We focused on Glutamatergic neurons (Glut) in the
CA1 and prosubiculum (ProS) in HPF, labeled as CA1-ProS-Glut_1,
which has 1055 sequenced neurons and predicted GRNs for five
TFs, Sox10, Onecut2, Gbx1, E2f7, and Prox1. The data filtering and
preprocessing of 1055 neurons was performed by using SCANPY
(version1.9.3) [53]. PAGA was used to generate pseudotime series
for the data [54]. For each TF, the top 20 highly correlated genes
and top 100 highly variable genes were selected for GRN pre-
diction by GRANGER. The functional enrichment of all genes in
the merged GRN network were performed by using the PANTHER
database [59-61].

Methods comparison and evaluation metrics

We compared GRANGER with popular unsupervised algorithms:
GRNBoost2, SINCERITIES, PIDC, PPCOR, SCODE, GENIE3, and
SINGE, which have shown high performance in validations
within the comprehensive BEELINE framework [46] and other
benchmarking studies [6, 7, 62]. We also included Normi, a
recently published unsupervised algorithm that claims outstand-
ing performance. The technical details of these eight methods
are listed in Table 1 and Table S1. To ensure the consistency of
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Table 1. The unsupervised GRN inference methods used in this study.
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Method Category Directed? Signed? (+/— regulation) Pseudotime ordered?
GRANGER GRANGER causality & Deep learning Y Y Y
GRNBoost2 Random forest Y N N
PIDC Mutual Information N N N
PPCOR Correlation N Y N
SCODE Ordinary differential equations & Regression Y Y Y
SINCERITIES Regression Y Y Y
Normi Non-redundant mutual information Y N Y
GENIE3 Regression tree-based ensemble Y N N
SINGE GRANGER causality & Regression Y N Y

evaluating all methods, directionality, sign, and self-loops of gene—
gene interactions were disregarded to measure performance in an
identical manner for all methods.

The weights of the recurrent VAE in GRANGER were updated
using the Adam optimizer in PyTorch [63], with a learning rate
of 1072, The default batch size and epoch number were set to
8 and 500, respectively. The parameters for GRNBoost2, PIDC,
PPCOR, SCODE, SINCERITIES, GENIE3, and SINGE were same as
those used in the BEELINE framework (https://github.com/Murali-
group/Beeline/tree/master/Algorithms). The parameters of Normi
were also set to be default. All experiments were conducted on
a Linux workstation equipped with an Nvidia GTX4090 GPU. We
evaluated GRANGER and the other methods by calculating the
area under the receiver operating characteristic curve (AUROC)
and the area under the precision-recall curve (AUPRC) of each
sample. As GRN inference is performed on datasets with imbal-
anced positive and negative samples, we primarily rely on the
AUPRC metric, which is recommended for evaluating such tasks
[64]. For real datasets (hESC, mDC, hHEP, and mHSC-E), we cal-
culated the AUPRC ratio as the AUPRC divided by the expected
AUPRC of a random predictor, providing a normalized measure
of performance relative to randomness. The early precision ratio
(EPR) was calculated as the fraction of true positives among the
top-k predicted edges compared to a random predictor.

Results

The NB-based loss function improves the
performance of GRANGER causal recurrent VAE

We systematically designed the loss function of GRANGER, by
including not only the similar reconstruction loss and KL diver-
gence loss as traditional VAE, but also an NB-based loss Lyg (1, ¢)
and a spare-inducing penalty R(A). The NB distribution has been
employed to address the dropout events in scRNA-seq data [51,
65-67], and recent studies suggest that the NB model is more
appropriate than other models for scRNA-seq data sequenced by
droplet-based platforms [68, 69].

We evaluated the impact of the NB-based loss hyperparame-
ter anp in four datasets (dyn-CY, dyn-LI, HSC, and mCAD), each
containing 2000 cells. We tested different values of Ay, ranging
from 0 to 5, and assessed the performance of GRANGERs using
the AUROC and AUPRC metrics. Across all datasets, we observed
that when Ayp was set to 1, GRANGER consistently achieved the
highest AUROC and AUPRC scores compared to other values of Ayg
(Fig. S1). Specifically, in the dyn-CY dataset, the AUPRC reached
around 0.90 when ingwas 1, demonstrating its effectiveness in
improving predictive accuracy. Meanwhile, the AUPRC of the dyn-
LI dataset was even higher at 0.98. In contrast, when iyp was set to
0 (i.e., without the NB-based loss), both AUROC and AUPRC scores

were significantly lower, indicating the importance of including
the NB-based loss to handle missing data and improve GRN
prediction accuracy. Similarly, the trend was observed across the
parameter testing of the HSC and mCAD datasets. The results
confirm that including the NB-based loss consistently improves
GRANGER’s ability to infer GRNs.

Proper sparsity-inducing penalty improves the
performance of GRANGER

We tested the performance of GRANGER with different values of
the scale factor A4 on four samples of 2000 cells from different
datasets, fixing the other two hyperparameters with | = 200 cells
and Ang = 1. We ran GRANGER on the four datasets with different
Aa settings ranging from 0.1 to 1. We found that the AUROC
and AUPRC scores reached their peak when 1, was set to values
between 0.2 and 0.4 (Fig. S2). For example, in the dyn-CY dataset,
s = 0.4 resulted in the best performance, with an AUROC score
of ~ 0.84 and an AUPRC score around 0.9. Similarly, for the dyn-LI
dataset, the optimal performance occurred with 14 = 0.3, where
both AUROC and AUPRC scores were consistently high (AUROC
~0.83 and AUPRC ~0.98). In contrast, when i, was increased to
0.8 or higher, the model showed a significant drop in performance,
with some experiments failing to complete within the allocated
500 epochs. This degradation is likely due to the model becoming
overly sparse, leading to the learned weights of the model tending
to be smaller or even close to zero. Based on these results, we set
the default value of 1, to 0.3 for subsequent experiments, as it
provided superior results across multiple datasets.

Optimizing time lag and GRU structure
of GRANGER

Besides the hyperparameters iyg and ia, the time lag | of each
training sample also has a significant impact on causality infer-
ence. We tested how an appropriate division of time lag | could
help the model to improve GRANGER causality inference. We
first ran GRANGER on four samples from four datasets (dyn-
CY, dyn-LI, HSC, and mCAD), each containing 2000 cells with
settings of Axg = 1,44 = 0.3,and different time lag values, | =
20,50, 100, 200, 300,400, 500, and 1000. Among all time lags, the
AUPRC and AUROC scores where | = 200 rank in the top two,
consistently outperforming most other time lags in the four sam-
ples (Fig. 2A). For example, in the dyn-CY-2000 dataset, the highest
AUROC and AUPRC scores (around 0.9 and 0.86, respectively) were
observed when the time lag was set to 200. Similar trends were
seen in dyn-LI-2000 and mCAD-2000, with the best performance
observed at a time lag of 200 or 300. In addition, we conducted
experiments on samples with different cell numbers for dyn-
CY and dyn-LI with varying time lags. As shown in Fig. S3, we
found that different optimal settings of | values depend on the
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Figure 2. Performance of GRANGER for various time lags and layer structures across samples with different datasets. (A) Performance for various time
lag settings for four samples, dyn-CY, dun-LI, HSC, and mCAD, respectively. (B) Box plots of AUROC and AUPRC scores of GRANGER with single-layer or
two-layer GRUs on four datasets, dyn-CY, dyn-LI, HSC, and mCAD, each containing 2000 cells.

sample size. For samples containing 100 cells in dyn-CY and dyn-
LI datasets, | = 15 is a relatively optimal setting; for samples with
500 cells,l = 200 is a relatively optimal setting; and for larger
samples of 5000 cells, | = 200 ~ 2,000 are relatively optimal
settings. To reduce computational complexity, we suggest that the
setting | = 200 for large samples containing 500 or more cells.

In the encoder and each head of the decoder, two-layer GRUs
are employed instead of single-lay GRUs. We conducted exper-
iments on both single-layer GRU and two-layer GRUs on four
datasets (dyn-CY, dyn-LI, HSC, and mCAD) each containing 2000
cells. For each of the four datasets, the median AUPRC and AUROC
scores of GRANGER with two-layer GRUs are significantly higher
than those of the model with single-layer GRUs (Fig. 2B). In dyn-
CY-2000, For example, the AUPRC score for the two-layer GRU
structure reaches around 0.91, whereas the single-layer model
achieves only ~ 0.65. Similarly, in dyn-LI-2000, the two-layer GRU
achieves an AUPRC score of around 0.95, compared to the single-
layer’s lower score 0.89. These results support that, compared
with single-layer GRUs, two-layer GRUs preserve more contextual
information, enabling the model to capture more complex pat-
terns from the input data.

Impact of pseudo-temporal information on GRN
prediction accuracy

In GRANGER, we integrated the PAGA method [54] to infer
pseudo-time orders for cells. To evaluate the impact of different
pseudo-time trajectory inference methods on GRN prediction, we
compared the performance of GRANGER using three widely
recognized methods, Slingshot [57], PAGA [54], SCORPIUS, [70]

and randomly shuffled pseudo-time series (as control) across
six datasets (dynCY-2000, dynLI-2000, dynLL-2000, GSD, HSC, and
mCAD). As shown in Fig. 54, the results demonstrate that pseudo-
time trajectory information generated by Slingshot and PAGA
significantly enhances GRN prediction performance, achieving
comparable and high AUPRC values across all datasets. SCORPIUS
also yielded consistent results, though slightly lower than
those achieved by Slingshot and PAGA. In contrast, GRANGER's
performance on datasets with randomly shuffled pseudo-time
series was slightly reduced, underscoring the importance of
accurately inferred pseudo-temporal trajectories for robust GRN
inference. Notably, the synthetic datasets (dynCY-2000, dynLI-
2000, dynLL-2000) showed a greater dependency on precise
pseudo-time information compared to the curated datasets (GSD,
HSC, and mCAD), reflecting the complexity of GRNs in real
biological systems. Additionally, the minimal differences between
Slingshot and PAGA suggest their equivalence in predicting both
tree and linear topological trajectories, consistent with findings
from previous comparative analysis [71]. Overall, this analysis
emphasizes the critical role of pseudo-temporal information in
improving GRN inference and provides guidance on selecting
suitable trajectory inference methods for scRNA-seq studies.

Comparing performance of GRANGER with other
methods

We compared GRANGER with eight unsupervised GRN inference
methods (GRNBoost2, PIDC, PPCOR, SCODE, SINCERITIES, GENIE,
Normi, and SINGE). We ran GRANGER with the default hyperpa-
rameters trained in the previous sections (i.e.,, Ang = 1, A4 = 0.3
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and timelagl = 200 for the samples of 2000 cells). For six synthetic
datasets (dyn-LI, dyn-CY, dyn-LL, dyn-BF, dyn-BFC, and dyn-TF),
the results show that GRANGER consistently outperforms other
methods across different datasets and cell numbers (Fig. 3). For
example, in the dyn-LI and dyn-CY synthetic datasets, GRANGER
achieves the highest median AUROC and AUPRC scores for cell
numbers ranging from 100 to 5000 cells. For 100 and 200 cells in
dyn-LI, GRANGER’s AUROC scores range from 0.85 to 0.9, surpass-
ing other methods, where the AUROC scores for GRNBoost2, PIDC,
PPCOR, and SCODE are around 0.6-0.7 and the AUROC scores for
SCODE fluctuate around 0.5-0.6. In dyn-CY, GRANGER achieves
AUROC scores of 0.85-0.9 across all cell numbers, significantly
outperforming methods like SCODE, which yields AUROC scores
below 0.6 at smaller cell numbers. GRANGER’s AUPRC scores show
even greater improvement for all six datasets compared to the
other methods. For complex trajectories (e.g., dyn-BF, dyn-TF, and
dyn-BFC), GRANGER also maintains superior performance with
minimal decline, whereas other methods exhibit a noticeable drop
in AUPRC scores.

The performance improvement is most pronounced at smaller
cell numbers (100 and 200 cells), where GRANGER demonstrates
a significant advantage over competitors. For example, for dyn-LI
with 100 cells, GRANGER achieves an AUPRC of ~ 0.95, whereas
SCODE shows much lower AUROC values around 0.55. Similarly,
in terms of AUPRC, GRANGER outperforms other methods with
values approaching 0.98 for small cell sizes, while some methods
(i.e., GRNboots2, PIDC, and PPCOR) struggle to reach 0.4. These
results highlight GRANGER'’s reliability in handling smaller
datasets, which present greater challenges for accurate GRN
inference.

For four curated datasets (HSC, VSC, mCAD, and GSD),
GRANGER continues to demonstrate superior performance (Fig. 3,
last row). On the HSC and mCAD datasets, GRANGER consistently
achieves higher median AUROC and AUPRC scores compared to
other methods. While its performance on the GSD dataset is more
similar to that of SCODE and SINGE, GRANGER still manages to
maintain competitive results. We also evaluated the performance
of GRANGER on four real scRNA-seq datasets (hESC, hHEP, mDC,
and mHSC-E) using ground truth GRNs derived from ChIP-seq
datasets curated by BEELINE. The results are summarized in
Tables S2 and S3, highlighting GRANGER's consistent superiority
in GRN inference. Table S2 presents the AUPRC ratio values,
where GRANGER achieved the highest scores across all datasets,
including 1.57 for hESC and 1.91 for hHEP, outperforming other
methods. Similarly, Table S3 showcases GRANGER's outstanding
EPR values, such as 1.69 for hESC and 1.78 for hHEP. Taken
together, these findings demonstrate that GRANGER maintains
high predictive accuracy across diverse scRNA-seq datasets and
varying cell numbers, highlighting its versatility and reliability in
biological data analysis.

Robustness of GRANGER against dropout events

We conducted benchmarking using simulation datasets with dif-
ferent dropout levels to evaluate GRANGER's performance in han-
dling dropout noise. For each of the four curated datasets, we com-
pared GRANGER with eight methods on samples containing 50%
and 70% dropout zeros. Figure 4 demonstrates that GRANGER's
performance shows minimal degradation at both dropout rates
compared to the original data. GRANGER consistently achieves
the highest AUPRC scores for different dropout rates compared to
the other eight methods. For example, GRANGER achieves AUPRC
scores around 0.8 in the HSC dataset and 0.7 in the GSD dataset,
whereas the other methods’ AUPRC scores are all below 0.5 in
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the HSC dataset and below 0.3 in the GSD dataset. Although
GRANGER performs similarly AUROC scores to other methods in
several datasets, it achieves higher AUROC in the HSC and mCAD
datasets across different dropout rates. These results show the
strong resilience of GRANGER in predicting GRNs from sparse
scRNA-seq data, reinforcing its suitability for handling real-world
biological data with dropout challenges.

GRANGER detected potential GRNs in mouse
brain cells

To access the effectiveness of GRANGER in predicting GRNs in
real-world scenarios, we applied it to sScRNA-seq datasets of the
whole mouse brain [58]. As a case study, we focused on 1055 CA1-
ProS-Glut_1 neurons. We specifically predicted GRNs for five TFs,
Sox10, Onecut2, Gbx1, E2f7, and Prox1, which play critical regula-
tory roles in neurons [72, 73]. GRANGER successfully predicted
regulatory interactions for each TF: 46 regulations for E2f7, 19
for Sox10, 20 for Gbx1, 24 for Prox1, and 20 for Onecut2. These
regulated genes are involved in several functional categories,
including metabolism, transcription, cell adhesion/structure, the
cell cycle, and other biological processes (Fig. 5A, see Table S4 for
detailed annotations).

We identified that the GRNs of Sox10, Onecut2, Gbx1, E2f7,
and Prox1 form a highly interconnected network comprising 95
genes, including 24 co-regulated genes (marked in pink in Fig. 5A).
Several of these co-regulated genes, such as Fos [74], Bdnf [7/5, 76],
Ncam? [77], and Penk 78], stand out for their significant regulatory
roles in critical cellular functions. These co-regulated genes high-
light the interplay of TFs in regulating diverse yet interconnected
mechanisms in hippocampal neurons. To further investigate the
biological mechanisms, we then performed functional enrich-
ment analysis for these 95 genes and revealed multiple biological
processes enriched in critical regulatory functions (Table S5).
Notably, nervous system development (GO:0007399) and cell-
cell signaling (GO:0007267) were the most significantly enriched
processes. The process of negative regulation of neuroblast prolif-
eration (GO:0007406) had an exceptionally high log-fold change of
57.67. Additionally, hormone-related processes such as hormone
secretion (GO:0046879) and hormone transport (GO:0009914) were
notably enriched.

To validate the predicted regulatory interactions in the five
GRNs, we conducted comprehensive literature reviews and ana-
lyzed ChIP-seq data to assess binding activities. First, a substantial
proportion of the predicted interactions were supported by litera-
ture evidence indicating correlations or interactions between the
TFs and their targets: 16 out of 24 interactions in the Prox1 GRN
(Table S6), 14 out of 19 in the Sox10 GRN (Table S7), 14 out of
20 in the Onecut2 GRN (Table S8), 29 out of 46 in the E2f7 GRN
(Table S9), and 13 out of 20 in the Gbx1 GRN (Table S10). Second,
ChIP-seq data analysis provided additional confirmation of the
predictions. ChIP-seq datasets were identified for Prox1, Sox10,
and Onecut? in mice; however, no suitable datasets were currently
available for E2f7 and Gbx1. Notably, strong binding peaks were
detected at critical genomic regions, including promoter regions,
3’ UTRs, and introns, for all 24 target genes in the Prox1 GRN, 19
target genes in the Sox10 GRN, and 20 target genes in the Onecut2
GRN. Moreover, these binding peaks frequently co-localized with
active regulatory markers such as K4me2, K4me3, K27ac, and
ATAC-seq signals. Specifically, co-occupancy with these markers
was observed for 20 of 24 targets in the ProxI GRN, 13 of 19 in
the Sox10 GRN, and 11 of 20 in the Onecut?2 GRN. An example is
shown in Fig. 5B, illustrating Prox1’s regulatory activity over the
Limd1 gene, where Prox1 ChIP-seq data in mouse neurons exhibit
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Figure 3. AUPRC and AUROC scores of GRANGER and other eight GRN inference tools on six synthetic datasets and four curated datasets.

strong binding peaks at the Limd1 promoter region. Furthermore, regulatory interactions across diverse TFs with strong support by
these peaks overlap with active regulatory markers, including both literature evidence and ChIP-seq signals.

K4me3, K27ac, and ATAC-seq signals, highlighting Prox1’s role One of the key insights of GRANGER is that it can effectively
in directly modulating Limd1l expression. These results demon- detect gene regulatory relationships, even in cases where gene co-

strate the reliability of GRANGER in accurately identifying novel expression and correlation are not strong. For example, among
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Figure 4. AUPRC and AUROC scores of GRANGER and other eight GRN inference tools on four curated datasets (HSC, GSD, mCAD and VSC) with different

dropout rates.

the 46 genes in the E2f7 GRN, there are four subgroups showing
high expression levels and strong correlations within each group,
while many other genes exhibit low correlations (Fig. 5C). Similar
patterns were observed in the GRNs of Sox10, Onecut2, Gbx1, and
Prox1 (Fig. S5). The ability of GRANGER to infer regulatory inter-
actions without always depending on high co-expression among
genes allows it to identify meaningful biological relationships that
other correlation-based methods might miss.

Discussion and conclusion

In this study, we introduced GRANGER, an unsupervised deep
learning method to infer GRNs from scRNA-seq data. The combi-
nation of recurrent VAEs, GRANGER causality and NB-based loss
function offers several advantages over traditional GRN inference
methods, particularly in terms of capturing temporal dependen-
cies, addressing data sparsity and improving prediction accuracy.
One of the notable advantages of using recurrent VAEs is their
ability to capture sequential patterns and temporal dynamics in
time-series data. Traditional autoencoders compress data into a
lower-dimensional space, but recurrent VAEs extend this by using

memory cells (such as GRUs) to model time-dependent variations.
By leveraging this capability, GRANGER captures gene expression
changes over time, which is essential for accurately reconstruct-
ing the underlying GRNs in dynamic biological processes. Fur-
thermore, by combining recurrent VAEs with GRANGER causality,
GRANGER offers a causal interpretation of gene regulation that
is often missing in many correlation-based approaches. Consid-
ering that scRNA-seq data are extremely sparse and noisy due to
experimental limitations [51, 65-67], GRANGER incorporates an
NB-based loss function to well leverage statistical characteristics
of the data. This feature, combined with a sparsity-inducing
penalty, enables GRANGER to achieve superior performance and
robustness against dropout noise over eight competing methods.

We applied GRANGER to scRNA-seq data from the BRAIN Ini-
tiative project, specifically targeting the identification of GRNs
for five TFs (E2f7, Gbx1, Sox10, Prox1, and Onecut?) in neurons.
GRANGER recalled known regulations but it also identified novel
insights that are functional important and could be experimen-
tally validated in future studies. For example, additional ChIP-seq
experiments on mouse cell lines or tissues can confirm TF binding
signals and provide direct evidence of these TF regulating their


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf089#supplementary-data

10 |

Chen et al.

A

c Cells

(TR Pcdhiix
I \ | | 0610010F05Rik
L \H'} )0 A g

Genes

A T \\H M

6
Others | Al : e Ofr1369-ps1
T\ Metabol T — i [‘ OO0 0O | V AR Kctd16
etabolism el cle | I
% A Y/ l-
> Transcription 5 Immune Response
Q 4 £
. 4 : © T Raw Counts
[[] Cell Adhension/structure ] . 5 (O Cellular Signaling 0246810
Scale 20 kb {mm10
chrg: I 123,475,000] 16‘3,4(1810‘000] 123,485,000 123,490,000 123,495,000| 123,500,000/ 123,505,000 123,510,000/ 123,515,000| 123,520,000/ 123,525,000 123,530,000|
3. .

1252 -

Prox1 ChIP-seq

1l ll | _A i
ENCODE cCREs'
K4me3 forebrn PO
K4me? forebm PO
KdmeT forebrn PO
K27ac forebrn PO
K4me3 hindbrn PO
K4me2 Pindbm ‘PO
Kdme1 hindbrn PO
K27ac hindbrn PO
K4me3 midbrn PO
K4me2 midbrn FO
Kdme1 midbrn PO
K27ac midbrn PO

ATAC midbrain PO L

LT _A_.I_J_LL..L_L‘A_;_L_._ H‘L

Sacm1i
Saemit——
Sacm||
L
1

| | 1 -
mE

[ 1
u lI [ ] r
i |

Figure S. Predicted GRNs for five TFs in mouse CA1-ProS-Glut_1 neurons. (A) Merged GRNs of Sox10, Onecut2, Gbx1, E2f7 and Prox1. Arrows represent
regulatory relationships between the TFs and their target genes. The strength of the inferred interactions between the TFs and downstream genes is
indicated by the color intensity of the connecting lines. Darker and thicker lines indicate stronger or more confident regulatory relationships. Pink-
colored genes are co-regulated by at least two of the five TFs. (B) Prox1 ChIP-seq reveals strong binding signals at the Limd1 promoter region. The UCSC
genome browser was used for visualization, highlighting Prox1 binding sites in mouse neurons on the mm10 genome. The ENCODE cCREs track displays
promoter regions in red bands, enhancer regions in orange bands, distal enhancer regions in yellow bands, DNase-H3K4me3 signatures in pink and
CTCF binding sites in blue bands. The K4me1, K4me2, K4me3, K27ac and ATAC-seq tracks represent histone modifications and open chromatin regions
in mouse neurons from the forebrain, hindbrain and midbrain. The red rectangle marks the binding peaks and histone modifications of the Limd1l
promoter. (C) Heatmap shows the expression levels of 46 genes in the E2f7 GRN. The genes were clustered based on correlations. Four clusters of highly

co-expressed genes are marked with light blue circles.

targeted genes under different conditions. Such experimental
validations would validate GRANGER’s predictions and uncover
novel insights for the functional roles of TFs in complex biological
systems.

Despite its advantages, GRANGER has certain limitations that
need further exploration and improvement. First, the reliance
on linear GRANGER causality may not fully capture non-linear
dependencies between genes [79]. Integrating non-linear causality
measures or hybrid models could enhance GRANGER’s ability
to detect more complex regulatory interactions. Furthermore,
GRANGER can be expanded by incorporating additional omics
data, such as epigenomics or proteomics, to build multi-modal
models capable of providing a more comprehensive view of gene
regulation [45]. We plan to enhance GRANGER's interpretability

and accuracy by incorporating attention mechanisms [80], which
can dynamically adjust the weighting of gene interactions based
on the biological context. In summary, GRANGER provides an
unsupervised deep learning framework capable of inferring
robust and interpretable GRNs from noisy, high-dimensional
scRNA-seq data, offering a powerful tool to discover novel
regulatory interactions.

Key Points
¢ GRANGER is an unsupervised deep learning method that
has superior performance in cell-specific GRN inference
from scRNA-seq dataset.



* GRANGER uses recurrent VAEs and GRANGER causal-
ity to infer directional regulatory relationships among
genes, offering a more comprehensive view of gene inter-
actions compared to correlation-based methods.

e GRANGER integrates NB-based loss functions and
sparsity-inducing penalties to address the sparsity and
dropout noise in scRNA-seq data.
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whole mouse brain was selected and downloaded from the Allen
Brain Cell Atlas portal (https://alleninstitute.github.io/abc_atlas_
access). The code for GRANGER is available at https://github.com/
shaogiangzhang/GRANGER.
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