
Gene expression

LogBTF: gene regulatory network inference using

Boolean threshold network model from single-cell

gene expression data

Lingyu Li 1,2, Liangjie Sun2, Guangyi Chen1, Chi-Wing Wong2, Wai-Ki Ching2,*,

Zhi-Ping Liu 1,*

1Department of Biomedical Engineering, School of Control Science and Engineering, Shandong University, Jinan 250061, China
2Advanced Modeling and Applied Computing Laboratory, Department of Mathematics, The University of Hong Kong, Hong Kong, China

*Corresponding authors. Zhi-Ping Liu, Department of Biomedical Engineering, School of Control Science and Engineering, Shandong

University, Jinan 250061, China. E-mail: zpliu@sdu.edu.cn; Wai-Ki Ching, Advanced Modeling and Applied Computing Laboratory, Department

of Mathematics, The University of Hong Kong, Hong Kong, China. E-mail: wching@hku.hk

Associate Editor: Alfonso Valencia

Received 28 November 2022; revised 25 February 2023; accepted 13 April 2023

Abstract

Motivation: From a systematic perspective, it is crucial to infer and analyze gene regulatory network (GRN) from
high-throughput single-cell RNA sequencing data. However, most existing GRN inference methods mainly focus on
the network topology, only few of them consider how to explicitly describe the updated logic rules of regulation in
GRNs to obtain their dynamics. Moreover, some inference methods also fail to deal with the over-fitting problem
caused by the noise in time series data.

Results: In this article, we propose a novel embedded Boolean threshold network method called LogBTF, which ef-
fectively infers GRN by integrating regularized logistic regression and Boolean threshold function. First, the continu-
ous gene expression values are converted into Boolean values and the elastic net regression model is adopted to fit
the binarized time series data. Then, the estimated regression coefficients are applied to represent the unknown
Boolean threshold function of the candidate Boolean threshold network as the dynamical equations. To overcome
the multi-collinearity and over-fitting problems, a new and effective approach is designed to optimize the network
topology by adding a perturbation design matrix to the input data and thereafter setting sufficiently small elements
of the output coefficient vector to zeros. In addition, the cross-validation procedure is implemented into the Boolean
threshold network model framework to strengthen the inference capability. Finally, extensive experiments on one
simulated Boolean value dataset, dozens of simulation datasets, and three real single-cell RNA sequencing datasets
demonstrate that the LogBTF method can infer GRNs from time series data more accurately than some other alter-
native methods for GRN inference.

Availability and implementation: The source data and code are available at https://github.com/zpliulab/LogBTF.

1 Introduction

With the tremendous progress of advanced technology and the im-
provement of sensitivity of cell analysis, single-cell RNA sequencing
(scRNA-seq) data have brought unprecedented challenges and
opportunities for deciphering the regulatory relationship among
genes (Chen and Liu 2022; Luo et al. 2022). One challenge of
scRNA-seq data analytics is its “dropout” (Qiu 2020). Because of
the dropouts, scRNA-seq data are extremely sparse (excessive zero
counts) so as to only capture a little information about the transcrip-
tome of each cell (Qiu 2020). Despite this, the analysis for scRNA-
seq data promotes the development of gene regulatory network

(GRN) inference methods to help us explore the mechanisms under-
lying various biological processes (Papili Gao et al. 2018; Algabri
et al. 2022) and expectedly develop efficient therapies to treat and
cure diseases (Aalto et al. 2020). Recently, GRN inference from
time series data has gained more and more attention (Aalto et al.
2020). In particular, the studies of scRNA-seq provide an ordering
of cells involved in a dynamical process (such as differentiation)
through inferred pseudo-time associated with each cell (Zhang et al.
2021). Furthermore, the pseudo-time can be regarded as temporal
information for single-cell gene expression profiles, which offers a
unique opportunity to infer GRNs (Aubin-Frankowski and Vert
2020).
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From the systems biology point of view, inferring GRN plays an
extremely crucial role in revealing underlying regulatory mecha-
nisms to uncover potential genes (Akutsu et al. 2000; Zhang et al.
2012; Liu et al. 2021). A vast number of network inference/recon-
struction methods have been widely developed to infer GRN using
transcriptomic profiles. To the best of our knowledge, the existing
network inference/reconstruction methods can be categorized into
the following groups according to their principles (Liu 2015):
regression-based method [multiple regression model (Zhang et al.
2010), SINCERITIES (Papili Gao et al. 2018), and GNIPLR (Zhang
et al. 2021)], tree-based method [GENIE3 (Huynh-Thu et al.
2010)], stability selection method [TIGRESS (Haury et al. 2012)],
correlation-based method [ARACNE (Margolin et al. 2006) and
CLR (Faith et al. 2007)], knowledge-based method [RegNetwork
(Liu et al. 2015)], ordinary differential equation method [linear
ODE (Wu et al. 2014), SCODE (Matsumoto et al. 2017), and
GRISLI (Aubin-Frankowski and Vert 2020)], Bayesian-based
method [SSMs (Beal et al. 2005), Vireo (Huang et al. 2019), and
NAE (Wang et al. 2022)], Boolean network (BN) model method
[ATEN (Shi et al. 2020) and GAPORE (Liu et al. 2021)], and deep
learning model [DeepDRIM (Chen et al. 2021), dynDeepDRIM (Xu
et al. 2022), and DeepSEM (Shu et al. 2021)].

Generally speaking, there are four levels of inferring GRNs (Liu
2015). (i) Is there a regulatory relationship? (ii) Who is the regula-
tor, and who is the target? (iii) Whether the regulatory relationship
is activating or inhibiting? (iv) How strong is this regulatory rela-
tionship? Some GRN reconstruction methods (e.g. gene co-
expression network) can infer a network with undirected edges,
which only reflect the associations among genes and build the funda-
mental architecture of these regulations, i.e. at the level i. Some
methods can identify the regulatory direction (level ii) but cannot
obtain extra regulatory information, such as regulatory mechanism
(level iii), and relative regulatory strength (level iv).

Several data-driven methods have been applied to infer GRNs
(Luo et al. 2022). For example, the accurate cellular network recon-
struction algorithm (ARACNE) method assumes that correlation
analysis can be used to discover regulatory interactions between
genes by considering a time gap between gene expression values
(Margolin et al. 2006). However, such statistical dependence be-
tween the studied genes does not necessarily capture the regulatory
relationships (Aubin-Frankowski and Vert 2020). The context likeli-
hood of relatedness (CLR) method reduces the connections from a
complete graph by discarding false connections through compari-
sons of pairwise mutual information scores with a background cor-
rection of mutual information scores (Faith et al. 2007). The CLR
method effectively saves computational costs, but it only evaluates
pairwise interactions (Barman and Kwon 2017). Later, by perform-
ing feature selection problems, several ensemble methods are pro-
posed to provide a set of solutions rather than a single solution. For
example, the gene network inference with the ensemble of trees
(GENIE3) method selects a set of features for extra trees or random
forests learning models (Huynh-Thu et al. 2010), and it is regarded
as an effective algorithm for reconstructing GRN on both scRNA-
seq and bulk RNA-seq gene expression data (Chen et al. 2021). The
trustful inference of gene regulation using stability selection
(TIGRESS) method conducts feature selection using the least angle
regression integrated with a stability selection (Haury et al. 2012).
Although these two methods show satisfactory performances, they
are only intended to infer the regulatory structure without consider-
ing regulatory rules or functions. Also, the inferred GRN may in-
clude many false positives and indirect regulations since they are
only based on relevance (Aibar et al. 2017). What’s more, single-cell
regulatory network inference and clustering (SCENIC) is a typical
computational method to infer GRNs and cell types from scRNA-
seq data (Aibar et al. 2017). However, it still establishes all possible
regulatory relationships using GENIE3 in its first step. Therefore,
ones have to develop a novel approach to infer the regulatory rules
for the prediction of network dynamics.

The BN was first introduced by Kauffman (1969) to qualitatively
describe gene regulatory interactions to account for a variety of
complex biological processes. Over the past few decades, BNs have

been attracting the great attention of many researchers (Akutsu
et al. 1999; Sun et al. 2021; Mori and Akutsu 2022; Sun and Ching
2023). BNs are not only a fundamental model for genetic systems
that identify network structures from a systematic perspective (Liu
2015), but also a powerful framework for studying and modeling
the dynamics of GRNs (Shi et al. 2020). In the face of tens of thou-
sands of such high-dimensional gene expression time series data,
traditional ordinary differential equation models face very intract-
able difficulties in solving and inferring the network topology, espe-
cially sufficient storage space and expensive computing cost. In
contrast, BNs faithfully reproduce the states obtained with more
realistic continuum reaction kinetics models by simplifying regula-
tory interactions between genes using discrete variables (Font-Clos
et al. 2021). Furthermore, although the major obstacle in inferring
GRNs is the dropouts of data (Aalto et al. 2020), Qiu (2020) has
illustrated that the dropout pattern in scRNA-seq data is an ex-
tremely useful signal by binarizing the count matrix, i.e. setting all
non-zero observations into 1 and all dropouts are still 0, and pointed
out that recognizing the utility of dropouts suggests an alternative
direction for developing computational algorithms for scRNA-seq
data.

In this article, we demonstrate an application of the Boolean
threshold network model conceived to integrate time series single-
cell data into a Logistic regression estimation-based Boolean
Threshold Function (called LogBTF method) to infer GRN by syn-
chronous evolution. First, LogBTF embeds the coefficients estimated
by regularized logistic regression into the Boolean threshold net-
work model, which perfectly controls the in-degree of nodes and
addresses the problem of over-fitting. Second, LogBTF employs the
knowledge of the perturbation design to optimize the inferred net-
work topology, which successfully handles the multi-collinearity
problem caused by binarized gene expression data. Third, LogBTF is
a kind of interpretable network inference method that could com-
prehensively output more detailed information about regulatory
relationships, such as regulator or target, activation or inhibition,
and relative regulatory strength. Moreover, numerous experiments
conducted on artificial Boolean datasets, simulated single-cell data-
sets, and real scRNA-seq datasets demonstrate the effectiveness and
efficiency of the LogBTF method. Lastly, the comparison study with
eight existing GRN inference methods shows that the LogBTF
method unearths potential regulatory relationships and obtains bet-
ter inference performances simultaneously.

2 Materials and methods

2.1 Boolean threshold network model
2.1.1 Boolean threshold network

A BN model works on a directed graph network. It consists of a set
of nodes representing the elements of a system, and the state of each
node is quantified as 0 (false/not expressed) or 1 (true/expressed). At
each discrete time, the state of each node is updated by the state of
its neighbor (the node pointing to it) at the previous moment
through a rule called Boolean function. Therefore, the edges in the
BN represent the regulatory relationships between elements.
Generally speaking, the Boolean function is expressed as a statement
that acts on the inputs through a logical function using logical oper-
ators NOT, AND, OR, etc.; clearly, this statement also returns a
False/True state. Hence, suppose N is the total number of genes, the
updating scheme of xi; i 2 ½1;N� can be described as follows:

xiðt þ 1Þ ¼ fiðxi1 ðtÞ; xi2 ðtÞ; . . . ; xiki
ðtÞÞ; (1)

where fi is a Boolean function, xiðt þ 1Þ is the state of the target
node xi at the time point tþ1, and xi1 ðtÞ; xi2 ðtÞ; . . . ; xiki

ðtÞ are the
states of the regulatory nodes xi1 ;xi2 ; . . . ;xiki

at the time point t.
Here, i1; i2; . . . ; iki

2 ½1;N� and ki is the in-degree of the node xi,
denoting the number of regulatory nodes of the target node xi.

BNs with threshold functions are called Boolean threshold net-
works, which is a special subset of BNs (Melkman et al. 2018;
Cheng et al. 2021). Here the threshold function is a special kind of
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Boolean function, which can be calculated by a linear threshold
unit. It is defined as follows (Anthony 2001):

DEFINITION 2.1. Let N Boolean inputs be x1;x2; . . . ;xN. A threshold
function f on x1; x2; . . . ; xN has the form:

f ðx1;x2; . . . ;xNÞ ¼
1; w1l1 þw2l2 þ � � � þwNlN � h;
0; otherwise;

�
(2)

where li is either xi or xi for i 2 ½1;N�; ðw1;w2; . . . ;wNÞ 2 R
N is the

weight-vector, and h 2 R is the threshold.

Compared with BNs, Boolean threshold networks can easily be
implemented and are very suitable for representing regulatory net-
works (Bornholdt 2008; Za~nudo et al. 2011). Here, Boolean thresh-
old network model is employed to infer the complex dynamics of
GRN. The updating scheme of xi; i 2 ½1;N� can be rewritten as
follows:

xiðt þ 1Þ ¼ fiðxi1 ðtÞ; xi2 ðtÞ; . . . ; xiki
ðtÞÞ

¼ 1; wi1 li1 þwi2 li2 þ � � � þwiki
liki
� hi;

0; otherwise:

�
(3)

For each lj; j ¼ i1; i2; . . . ; iki
, if lj ¼ xj, the regulatory node xj pro-

motes the target node xi; if lj ¼ xj , the regulatory node xj inhibits
the target node xi.

2.1.2 Logistic regression model

The logistic regression model is applied to estimate parameters of
the above Boolean threshold network model using time series
gene expression data. Let T be the total number of time points.
For each node xi; i 2 ½1;N�, there are T�1 observations
ðX iðjÞ; yiðjÞÞ; i 2 ½1;N�; j 2 ½1;T � 1�, which are independent and
identical distributed. Let Di ¼ fðX ið1Þ; yið1ÞÞ; ðX ið2Þ; yið2ÞÞ; . . . ;
ðX iðT � 1Þ; yiðT � 1ÞÞg where X iðjÞ ¼ ðx1ðjÞ;x2ðjÞ; . . . ; xNðjÞ;1Þ> 2
R

Nþ1; x1ðjÞ; x2ðjÞ; . . . ;xNðjÞ represent the states of nodes (genes) in
the j-th observation (or at the time point j), j 2 ½1;T � 1�, and yiðjÞ is
the state of the node xi at the time point jþ1, and the value is either
0 or 1, i.e. yiðjÞ ¼ xiðjþ 1Þ.

The logistic regression is considered as follows:

ji
p¼ Pr

�
yiðjÞjX iðjÞ; hi

�
¼ f
�
h>i X iðjÞ

�

¼
exp

�
h>i X iðjÞ

�
1þ exp

�
h>i X iðjÞ

� ; i 2 ½1;N�; j 2 ½1;T � 1�;

(4)

where hi ¼ ðhi
1; h

i
2; . . . ; hi

N ; h
i
0Þ
>, hi

k ðk 2 ½1;N�Þ are the unknown
coefficients to be estimated, and hi

0 is the intercept to be estimated,
f ð�Þ is the logistic function used to predict y for any input of class
labels (0 or 1) (James et al. 2013). By applying the logit transform-
ation to Equation (4), we have

logitðpi
jÞ ¼ log

pi
j

1� pi
j

 !

¼ hi
1x1ðjÞ þ hi

2x2ðjÞ þ � � � þ hi
NxNðjÞ þ hi

0:

(5)

It can be seen that the logistic regression model (4) has a logit that is
linear in X iðjÞ.

2.1.3 Estimation of the regression coefficients

The coefficient vector hi in Equation (4) is unknown. Here, we use
the maximum likelihood approach and a regularized technique to fit
the model (4) containing N variables (James et al. 2013). Since yiðjÞ
follows the Bernoulli distribution, its probability function is given
by PrðyiðjÞÞ ¼ ðpi

jÞ
yiðjÞð1� pi

jÞ
1�yiðjÞ for i 2 ½1;N�, then we have the

likelihood function as follows:

Lðpi
jÞ ¼

YN
j¼1

PrðyiðjÞÞ ¼
YN
j¼1

ðpi
jÞ

yiðjÞð1� pi
jÞ

1�yiðjÞ: (6)

The corresponding log-likelihood function is a function of the re-
gression coefficient vector hi given by

LðhijDiÞ ¼
XN
j¼1

fyiðjÞ � logðpi
jÞ þ ½1� yiðjÞ� � logð1� pi

jÞg: (7)

Clearly, by minimizing the negative of Equation (7), we can esti-
mate the regression coefficient vector hi. To avoid over-fitting, we
add the elastic net penalty term (Zou and Hastie 2005) to Equation
(7), and solve the regression coefficient vector hi according to the
following regularized logistic regression model (Li and Liu 2020,
2022):

hi ¼ arg minf�LðhijDiÞ þ k½akhik1 þ ð1� aÞkhik2
2�g: (8)

Here khik1 ¼
XN

k¼1
jhi

kj and khik2
2 ¼

XN

k¼1
hi

k
2 represent the L1-

norm and the square of L2-norm, respectively. Here k > 0 is a tun-
ing parameter used to balance the negative log-likelihood term and
the elastic net penalty term, a 2 ½0; 1� is used to shrink the estimated
coefficient hi to control the sparsity of inferred network, i.e. the in-
degree of the node xi.

2.1.4 Aggregation of Boolean threshold function with regression

coefficients

In this work, we adopt a synchronous update mode, i.e. all nodes
evolve simultaneously at consecutive time points. Here, hi is
obtained from Equation (8), the corresponding update scheme of xi

in the form of Boolean threshold function can also be obtained. The
details are as follows:

Update scheme :¼
wk ¼ hi

k and lk ¼ xk; if hi
k > 0;

wk ¼ 0; if hi
k ¼ 0;

wk ¼ �hi
k and lk ¼ xk ; if hi

k < 0:

8><
>: (9)

Then, the Boolean threshold function of xi is given as follows:

xiðt þ 1Þ ¼ fiðx1ðtÞ; x2ðtÞ; . . . ; xNðtÞÞ
¼ 1; w1l1 þw2l2 þ � � � þwNlN � hi;

0; otherwise;

�
(10)

where hi ¼ �hi
0 �

P
k2fkjk2½1;N�;hi

k < 0g h
i
k. Based on that, we have the

following result.

THEOREM 2.1. The inequality w1l1 þw2l2 þ � � � þwNlN � hi in
Equation (10) is equivalent to hi

1x1ðjÞ þ hi
2x2ðjÞ þ � � � þ hi

NxNðjÞ þ
hi

0 � 0 in Equation (5) under the given update scheme shown in
Equation (9).

The proof of Theorem 2.1 can be available in Supplementary
Equations (S1)–(S7). Therefore, we can use logistic regression model
to estimate the parameters of Boolean threshold network model
from the given dataset D. In this article, we call this aggregation
strategy the LogBTF method and its novelty lies in the use of logistic
regression and Boolean threshold function to construct a Boolean
threshold network model. The framework of the LogBTF method
for inferring GRN from single-cell gene expression data is shown in
Fig. 1. Especially, the consistency between Boolean trajectory gener-
ated by the inferred network and the binarized time series gene ex-
pression data is characterized by the dynamical accuracy (DyAcc)
metric, while the consistency between inferred GRN and the
ground-truth GRN is characterized by the structural accuracy
(StAcc) metric.

2.2 Datasets
First, an artificial Boolean value dataset with a ground-truth regula-
tory network is generated to evaluate the validity and accuracy of
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our proposed method. Then, considering that simulated single-cell
gene expression data are the promising alternative approach for
mimicking real data with their statistical properties and underlying
biological relationships (Dibaeinia and Sinha 2020), so 15 simulated
single-cell datasets from GeneNetWeaver (GNW) (Schaffter et al.
2011) and ten simulated single-cell datasets from SERGIO
(Dibaeinia and Sinha 2020), guided by corresponding source net-
works (gold standard), are used in our experiments. Finally, three
real scRNA-seq datasets mined from existing literature are also
applied in our work. The details of all datasets are illustrated in
Supplementary Table S1 and Supplementary Figs. S1–S3, in which
SIGN is used to characterize the gold standard whether with signed
edges (SIGN¼1, activation or inhibition) or not (SIGN¼0).

2.3 Data preprocessing
LogBTF method requires the state of each gene to be quantified as 0
(false/not expressed) or 1 (true/expressed). For the simulated or real
single-cell expression data, no imputation is required, all dropouts
are set to 0 and all non-zero counts are set to 1 regardless of the ex-
pression level (Qiu 2020). Moreover, for the bulk expression data
additionally shown in the Supplementary Materials, the continuous
gene expression values need to be pro-preprocessed by binarization.
For each gene, its expression data at all time points can be seen as a
one-dimensional vector, data binarization is the process of convert-
ing continuous data attribute values into finite interval sets, that is,
0 or 1 in Boolean modeling. The detailed implementation is pre-
sented in Supplementary Equation (S8).

2.4 Optimization of network topology
To overcome the multi-collinearity problem and detect reliable regu-
latory relationships, we propose an optimization strategy based on
knowledge of the perturbation design matrix (Seçilmiş et al. 2022)
as follows: first, a normal distribution matrix R with mean l¼0
and variance r2 (enough small) is generated, and the dimension of R
is the same as the dimension of binarized input matrix X. Then, a
new perturbation input matrix X̂¢X þ R is obtained by adding the
binarized input matrix and the random generated matrix. Based on
the newly obtained input matrix X̂ , we apply the LogBTF method to
estimate the regression coefficient ĥi of the i-th target gene as
follows:

ĥi ¼ ðĥ
i

1; ĥ
i

2; . . . ; ĥ
i

N ; ĥ
i

0Þ
>; i 2 ½1;N�: (11)

Using the above strategy, the multi-collinearity problem is solved
but the estimated value ĥi is noisy, and if the resulting regression
coefficients are used directly for GRN inference, some redundant

edges are generated. To further optimize the inferred network top-
ology, we first remove the influence of the added random tiny per-
turbation matrix R by setting the coefficient whose absolute value is
less than the given r value to 0. Then the remaining no-zero ele-
ments in the coefficient ĥi are carried out to infer the potential
GRN. Finally, we normalize the regulatory coefficient ĥi of each
gene by

ĥi  
ĥi

kĥik1
; (12)

where kĥik1 ¼ max1� k�N jĥ
i

kj is the L1-norm. Thus, the contribu-
tion of all regulatory genes to the given target gene has a standard
scale, with the strongest regulatory relationship being assigned 1,
and the weakest being 0.

2.5 Parameter selection and performance evaluation
On one hand, the selection of optimal tuning parameters for our
method is vital, the specific process can be found in Supplementary
Equations (S9) and (S10). On the other hand, we define the DyAcc,
StAcc, recall (Recal), precision (Pre), false positive rates (FPRs), F-
measure, and the area under the ROC curve (AUC) (Bradley 1997)
to evaluate the inferring performance of LogBTF and other eight
inferring methods. At the same time, we assess the performance of
LogBTF by evaluating the areas under the receiver operating charac-
teristic (AUROC) (Hanley and McNeil 1982) and the precision–re-
call curve (AUPR). All corresponding definitions and calculation
formulas of the above evaluation metrics and the differences be-
tween LogBTF and eight alternative GRN inference methods can be
found in Supplementary Equations (S11)–(S13) and Supplementary
Table S2.

3 Results

3.1 Simulated Boolean data
For ease of exposition, let ½w1l1 þw2l2 þ � � � þwNlN � hi� denote
the Boolean threshold function defined by

½w1l1 þw2l2 þ � � � þwNlN � hi�
¼ 1; w1l1 þw2l2 þ � � � þwNlN � hi;

0; otherwise:

�
(13)

According to Theorem 2.1, we find that w1l1 þw2l2 þ � � � þ
wNlN � hi in Equation (10) is equivalent to hi

1x1ðjÞ þ hi
2x2ðjÞ þ

� � � þ hi
NxNðjÞ þ hi

0 � 0 in Equation (5). We can therefore determine
the coefficients w1;w2; . . . ;wN and hi in Equation (13) by estimating

Figure 1. The framework of LogBTF for GRN inference from single-cell gene expression data, where kYk0 ¼
PT�1

j¼1

1ðyj 6¼ 0Þ is the L0-norm. (a) For single-cell gene expression

data with corresponding pseudo-time series information, binarizing the count values into Boolean values (0 or 1). (b) Based on the binarized gene expression data,

Boolean threshold network model is constructed by aggregating Boolean threshold function with logistic regression coefficients. (c) The inferred gene expression state

and the reconstructed GRN are, respectively, compared with the original states and gold standard to evaluate the inference performance.
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the regression coefficients. Specifically, wk ¼ hi
k if hi

k > 0; wk ¼ 0 if
hi

k ¼ 0; wk ¼ �hi
k if hi

k < 0 and hi ¼ �hi
0 �

P
k2fkjk2½1;N�;hi

k <0g h
i
k.

First, we generated a set of synthetic expression data. Here, we
first construct a BN with nine nodes as follows:

x1 : ½x1 þ x2 � 1�;
x2 : ½x1 þ x4 þ x5 þ x9 � 4�;
x3 : ½x2 þ x5 þ x9 � 3�;
x4 : ½x2 þ x3 � 2�;
x5 : ½x2 þ x3 þ x5 � 3�;
x6 : ½x9 � 1�;
x7 : ½x5 þ 2x6 þ x9 � 2�;
x8 : ½x5 þ x6 þ 5x7 þ 4x8 þ x9 � 5�;
x9 : ½x6 þ x7 � 2�:

(14)

Clearly, there are 29 initial states. For each initial state, according to the
Boolean threshold function in Equation (13), the state of each node at
the next time point is obtained. Therefore, for each node xi with
i 2 ½1;9�, there are 512 observations in total. The Boolean threshold
network corresponding to the BN in Equations (14) is shown in Fig. 2.

In the following, we use all possible initial states to form a state ma-
trix at time t, and set this matrix as the input data X. The state of the
node at time tþ1 is set as output y. In this way, the input state matrix
X is a full-rank matrix, which avoids the multi-collinearity problem be-
tween variables for coefficient estimation. Considering that the node
size is only nine, it does not need to penalize the coefficients, so we em-
ploy the generalized linear regression (un-penalized logistic regression)
model by setting k¼0 in Equation (8). In this case, we obtain the
inferred Boolean threshold network as shown in Supplementary
Equation (S14). Concerning the threshold network structure in Fig. 2,
the inferred BN in Equation (S14) and BN in Equation (14) are equiva-
lent, which indicates that the LogBTF method is effective and efficient
for inferring GRN from time series data.

In order to test the robustness of the LogBTF method, we investi-
gate the tolerance of the model to data changes. Namely, we intro-
duce noise into the simulated time series data by randomly flipping
the state of each node with the probability of d for
d 2 f0%;1%;3%;5%g, respectively. As described in Table 1, all met-
rics remain stable when the noise increases from 1% to 5%, especial-
ly for Pre and FPR indexes. AUROC decreases from 0.920 (at
d ¼ 1%) to 0.880 (at d ¼ 5%). The trend of AUPR under different
noise levels is similar to that of AUROC. Remarkably, LogBTF can
infer the correct topology of the idealized regulatory network under
0% noise. When the noise ratio increases to 5%, LogBTF can still

infer the topology with StAcc¼0.926, Recal¼0.760, and F-meas-
ure¼0.864. In conclusion, it is robust and stable for LogBTF to
adopt the Boolean threshold network model to improve the infer-
ence performance. Especially, we also explore the inference accuracy
of the LogBTF method by randomly sampling a certain percentage
of data from 512 observations, and the related results with discus-
sions are given in Supplementary Fig. S4.

3.2 Simulated single-cell data by GNW
3.2.1 Case 1: SIGN 5 1

In this experiment, we further simulated dropout datasets to investi-
gate the GRN inference applicability of LogBTF to zero-inflated sin-
gle-cell gene expression data (Chan et al. 2017). Namely, we
induced dropout events at �20%� 25% ratio for the data generated
from GNW. For each sample, the expression values lower than the
given threshold for each gene would be recorded as 0 according to a
Binomial probability of 50% (Chen and Mar 2018). The expression
value distributions and ground truth networks of all datasets are
shown in Supplementary Figs. S1 and S2. We predict the expression
state of each gene during all time points to investigate the perform-
ance of LogBTF in terms of predictive AUC value. Figure 3(a) shows
that the means of the AUC value and DyAcc value on 15 simulated
single-cell datasets are >0.92.

Considering that the SINCERITIES method is also functional in
evaluating the inferred network from the aspect of activating and in-
hibitive regulations between regulator and target genes, we compare
the AUROC and AUPR indexes of LogBTF with SINCERITIES
under the situation of SIGN¼1. Figure 3(b) shows the results of the
AUROC value comparing the LogBTF with the SINCERITIES
method on three types of datasets of different sizes. We can see that
our proposed LogBTF method performs better than SINCERITIES
for all different network sizes. Also, there seems to be a trend that
when the number of genes in the network increases, the difference
between these two methods gradually decreases, under the premise
that LogBTF is better than SINCERITIES. From Fig. 3(c), one can
see that the AUPR values of LogBTF are significantly larger than
SINCERITIES when the network size is small. While as the network
size increases, our LogBTF method still shows strong superiority
when compared with SINCERITIES, both from single experimental
results and mean value. In addition, we also show the StAcc results
in Supplementary Fig. S5, the larger the number of nodes in the net-
work, the higher the StAcc value of our method.

Figure 2. The synthetic Boolean threshold network, where each node xi has a state

value of 1 (expressed) or 0 (not expressed). The directed links with “!” represent a

positive regulation (activating) from xi to xj, and “a” represent a negative regulation

(inhibiting).

Table 1. The performance of LogBTF inferring the Boolean network

with nine nodes under different noise levels.

Noise AUROC AUPR StAcc Recal Pre FPR F-measure

d ¼ 0% 1.000 1.000 1.000 1.000 1.000 0.000 1.000

d ¼ 1% 0.920 0.943 0.951 0.840 1.000 0.000 0.913

d ¼ 3% 0.900 0.928 0.938 0.800 1.000 0.000 0.889

d ¼ 5% 0.880 0.913 0.926 0.760 1.000 0.000 0.864
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Figure 3. The prediction results of LogBTF method on simulated single-cell datasets

in the case of SNGN¼1. (a) The AUC and DyAcc values of LogBTF method. (b)

The AUROC and (c) AUPR comparison of LogBTF and SINCERITIES methods on

three types of simulated datasets with different sizes.
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3.2.2 Case 2: SIGN 5 0

When omitting the activation or inhibition functions, we only study
the regulatory relationships and the regulator/target roles among
genes, i.e. SIGN¼0. In this case, the signature of regression or cor-
relation coefficient does not work, which means that all coefficients
can be taken as the measure like weights. Thus these nine GRN in-
ference methods have a standard benchmark for comparisons. For
more reliable performance validation, we further compare LogBTF
with eight methods, including SINCERITIES that we just discussed,
GRISLI, SCODE, GENIE3, TIGRESS, ARACNE, CLR, and
GNIPLR. The comparing results of AUROC, AUPR, and Pre
indexes on all available datasets are shown in Fig. 4, where each
boxplot describes the statistical results from five independent runs
with five simulated datasets under three different network size
groups. The center line denotes the median, the lower and upper
hinges, respectively, represent the 25th and 75th percentiles, the ver-
tical lines express the 1.5 times interquartile range, and the dots out-
side the vertical lines are the outliers.

Figure 4(a) displays that our proposed LogBTF method is signifi-
cantly superior to the other eight comparable methods in terms of
AUROC evaluation with size 10 and size 50. In contrast, the per-
formance of LogBTF is less satisfactory in the network with node
size 100, where the SCODE achieves almost perfect inference. And,
compared to all methods, ARACNE obtains the worst AUROC
results on all simulated single-cell datasets. Although AUROC val-
ues are the classical choice for comparing methods, the AUPR value
is more relevant for evaluating the network comparison (Chen and
Mar 2018). Figure 4(b) shows the AUPR values among four infer-
ence methods specially developed for single-cell data, where the
LogBTF method achieves the best results regardless of the network
size of the dataset. In particular, when the size of network nodes is
relatively large (such as size 50), our method has the largest mean
AUPR and the smallest standard deviation.

The problem of GRN inference is a sparse prediction problem,
which has a relatively low positive rate. In this case, Pre is a more
valuable index because it measures the proportion of correctly
inferred edges (Chen and Mar 2018). Figure 4(c) gives the Pre values
comparing the inferred network relationship with sourced gold
standards. Here we do not compare GRISLI method considering its
source code does not output the Pre value metric. In the five datasets
with size 10, the LogBTF method achieves lower (mean) Pre values
than GENE3 and TIGRESS methods, but its standard deviation is
smaller than theirs. As for the case of size 50 and size 100, compared
with seven alternative methods, the mean Pre value of LogBTF is the
highest. Especially, SINCERITIES obtains the worst Pre values
among all methods on all 15 datasets, although whose standard de-
viation is the smallest.

All experimental results on datasets from GWN, including other
estimation criteria (such as Recal, FPR, and F-measure), are avail-
able in Supplementary Tables S3–S6. They reflect the stability and
applicability of the LogBTF method for different networks.
Additionally, in order to study the applicability of our GRN infer-
ence method to bulk gene expression data, we also apply our
LogBTF method to the synthetic bulk RNA-seq data from GNW

(Schaffter et al. 2011). The results and discussion are available in
Supplementary Figs. S6 and S7 and Supplementary Table S7. All
results reflect the universality and applicability of the LogBTF
method for large-scale networks.

3.3 Simulated single-cell data by SERGIO
To further verify the inference performance of LogBTF, ten single-
cell gene expression datasets generated by SERGIO simulator
(Dibaeinia and Sinha 2020) are employed in the numerical experi-
ments as well. Especially, as a simulator for single-cell expression
data guided by given GRNs, SERGIO can generate data that
includes technical noise, outliers, and “dropout” and convert the
data to Unique Molecular Identifier counts. In this part, we simu-
lated the single-cell expression profiles of 20 and 100 genes with 5
kinds of cell numbers (10, 20, 30, 40, and 50) in each cell type. For
the datasets with network size 20, we set the “dropout” parameters
(i.e. percentile) >80, while setting the “dropout” parameters >50
for the datasets with network size 20. Thus, a total of ten simulation
datasets are obtained, and the two prior networks (gold standard)
are shown in Supplementary Fig. S3, respectively.

Next, we also conduct experiments using LogBTF method and
eight other GRN inference methods on these ten simulated single-
cell data. Previous experiments have demonstrated the inference
performance of LogBTF on directed networks, so we will not re-
peat them here. Here we only comprehensively compare the net-
work inference performances of different GRN inference methods
in the case of SIGN¼0. Figure 5(a) shows that LogBTF achieves
the best overall inference performance in terms of AUROC values
regardless of network size 20 or 100. It also depicts that
SINCERITIE ranks the second for the size 20 network and GRISLI
ranks the second for the size 100 network. Moreover, consistent
with the trend on the simulated dataset generated by GNW, the
larger the network size is, the smaller the standard deviation of all
methods will be.

In particular, compared with three popular methods (GRISLI,
SCODE, and SINCERITIE) for inferring GRN from single-cell gene
expression data, Fig. 5(b) gives the comparing results of AUPR val-
ues, which demonstrates that LogBTF outperforms GRISLI and
SINCERITIE, but not better/competitive than SCODE on the data-
sets of size 20 network. As for the Precision (“Pre”) metric, just like
the experiments in the last subsection, Fig. 5(c) illustrates that the
proposed LogBTF method achieves higher inference accuracy than
the other seven methods. In contrast, SINCERITIE performed
poorly in terms of precision. As shown in Fig. 5, although the single-
cell data generated by the SERGIO simulator has large dropouts,
LogBTF is also effective in GRN inference and performs better than
the other methods.

3.4 Real scRNA-seq data
To evaluate the performance of the LogBTF method, we apply it to
three retrieved real single-cell gene expression datasets. Considering
that the known gold standard networks of Matsumoto and hHEP
datasets do not underlie the activation or inhibition information, so
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Figure 4. The comparing results of LogBTF with the other methods on three type datasets with different gene sizes from simulated single-cell data in the case of SNGN¼0. (a)

The AUROC values. (b) The AUPR value. (c) The Pre value.
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we only investigate the performances in the case of SIGN¼0.
Figure 6 shows the AUROC comparison result of LogBTF with the
other seven methods on Matsumoto dataset, where LogBTF method
behaves with higher AUROC values than those of the other seven
methods and GRISLI shows a second-best AUROC. We remark that
ARACNE performs extremely worst AUROC value (zero), here we
do not show it in Fig. 6. So, ARACNE looks not appropriate in the
case of scRNA-seq data with the pseudo-time, as mentioned in the
prior work that it is not applied to the time course data (Cantone
et al. 2009).

In addition, Fig. 6 also counts the runtimes, where the computa-
tion time of LogBTF is significantly smaller than GRISLI and
TIGRESS. In theory, LogBTF and SINCERITIES have the same
computational complexity, but we design a program to calculate
more comprehensive indicators (including mean AUC and DyAcc)
and consider the time evolution/update rules (in the form of Boolean
threshold function equations) in each inference process, so the actual
running time of LogBTF is almost double that of SINCERITIES. In
particular, we note that TIGRESS is not suitable for large-scale net-
work inference analysis due to the expensive computational time,
though it can also obtain satisfactory inference results. Additionally,
similar comparisons on hHEP dataset are given in Supplementary
Fig. S8 and Supplementary Table S8. All the experiments are con-
ducted on a workstation with two Xeon Gold 6226R CPUs and
256G of RAM.

Finally, we apply the LogBTF method to the LMPP scRNA-seq

dataset with 31 genes and 531 pseudo-time points. As a result,
LogBTF method infers 306 regulatory relationships with
DyAcc¼0.676, taking 1.156 min. The inferred GRN shown in

Supplementary Fig. S9 is represented by 31 genes with 166 activat-
ing and 140 inhibiting regulatory relationships. From the existing

literature (Hamey et al. 2017), we found 72 regulatory relationships
have been verified, with 40 activations and 21 inhibitions accurately
inferred. Furthermore, we perform the network ontology analysis

(Wang et al. 2011) to enrich the network biological significance of
the regulatory relationship in the inferred GRN. The results can be
found in Supplementary Table S9, which shows that the GRN

inferred by the LogBTF method provides a reference for elaborating
molecular regulatory mechanisms in biology.

4 Conclusions

In this study, we proposed the Boolean threshold network frame-
work, named LogBTF, by aggregating regularized logistic regression

with Boolean threshold function. LogBTF is a de novo GRN infer-
ence method, and it is also a logic model with explainability of the
regulatory relationships among genes. First, we applied the logistic

regression model to estimate the parameters of the Boolean thresh-
old network model from given gene expression data and proved

their equivalence in theory. Second, we designed an optimization
strategy to handle the multi-collinearity problem caused by binar-
ized data and applied a cross-validation procedure to select the opti-

mal tuning parameters. Finally, we conducted extensive experiments
with the single-cell gene expression datasets of simulated, in silico
and real and compared the performance of our method with those
of eight well-known existing inference methods. In particular, our
method significantly outperformed them in terms of AUROC,

AUPR, Precision, and other evaluation criteria. Apparently, these
results indicate that the proposed approach is a promising tool for

accurate regulatory networks from time series single-cell gene ex-
pression data. Although the LogBTF method increases computation
cost by utilizing cross-validation to choose the optimal parameters,

it is possible to reduce the running time by parallel implementation,
which will be included in our future study. Another future direction
is to infer GRNs by constructing an asynchronously updated

Boolean threshold network model and then comparing its results on
the network dynamics with that of the synchronous update model.
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Figure 5. The comparison results of LogBTF with the other methods on two types of single-cell simulation datasets from SERGIO in the case of SNGN¼ 0. (a) The AUROC
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