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Abstract

Motivation: The gene regulatory process resembles a logic system in which a target gene is regulated by a logic
gate among its regulators. While various computational techniques are developed for a gene regulatory network
(GRN) reconstruction, the study of logical relationships has received little attention. Here, we propose a novel tool
called wpLogicNet that simultaneously infers both the directed GRN structures and logic gates among genes or tran-
scription factors (TFs) that regulate their target genes, based on continuous steady-state gene expressions.

Results: wpLogicNet proposes a framework to infer the logic gates among any number of regulators, with a low time-
complexity. This distinguishes wpLogicNet from the existing logic-based models that are limited to inferring the gate
between two genes or TFs. Our method applies a Bayesian mixture model to estimate the likelihood of the target gene
profile and to infer the logic gate a posteriori. Furthermore, in structure-aware mode, wpLogicNet reconstructs the
logic gates in TF-gene or gene—-gene interaction networks with known structures. The predicted logic gates are vali-
dated on simulated datasets of TF—gene interaction networks from Escherichia coli. For the directed-edge inference,
the method is validated on datasets from E.coli and DREAM project. The results show that compared to other well-
known methods, wpLogicNet is more precise in reconstructing the network and logical relationships among genes.

Availability and implementation: The datasets and R package of wpLogicNet are available in the github repository,
https://github.com/CompBiolPM/wpLogicNet.

Contact: a.malekpour@ipm.ir
Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Understanding the complex processes of organ development, disease
progression and aging relies on the discovery of gene regulation mech-
anisms. Gene regulatory networks (GRNs) consist of the regulatory
interactions between genes and regulators. Since proteins, which
play a vital role in biological processes, are encoded by genes, the in-
terpretation of GRNs is crucial in comprehending the biological
process (Jiang and Pugh, 2009). Reconstruction of GRNSs is a reverse
engineering technique that uses gene expression data to discover the
underlying network of gene-gene interactions. The emergence of
high-throughput technologies, such as microarrays and next-
generation sequencing, has made it possible to investigate the expres-
sion of thousands of genes simultaneously. The development of
computational methods to reconstruct GRN's is regarded as one of the
most essential goals in system biology research.

©The Author(s) 2023. Published by Oxford University Press.

Although several computational methods have been developed
for GRN reconstruction, the research on logical connections has
been mostly overlooked (Kotiang and Eslami, 2020; Pusnik et al.,
2022). Well-known logic-based models, such as Boolean (Alizad-
Rahvar and Sadeghi, 2018; Barman and Kwon, 2017; Wang et al.,
2015) or multi-state logic (Collombet et al., 2017; Schlatter et al.,
2009), use discrete gene expression data to interpret GRN structure,
but some genetic information may be lost during the data discret-
ization process. Moreover, regulatory logics applied in binary varia-
bles are insufficient to describe dynamic gene expression
characteristics (Yan et al., 2017), and Boolean-based models cannot
reconstruct all regulatory interactions using only transcriptomic
data from single perturbation studies (Alizad-Rahvar and Sadeghi,
2018). In these studies, gene regulation is described by a logic gate
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among cooperating regulatory genes (RGs) or transcription factors
(TFs) as input variables, to regulate the target gene expressions as
output from the gate. For instance, Loregic applies Boolean logics to
infer logic gates between two TFs, in controlling their targets (Wang
et al., 2015). Fuzzy logic models for interpreting networks based on
continuous gene expressions have been proposed (Aldridge et al.,
2009; Morris et al., 2011) to address the drawbacks of Boolean and
multi-state logics. These techniques, however, are constrained in
that they require a priori-specified structural knowledge.

LogicTRN is a tool to infer the regulatory relationships between
two TFs by integrating information from cis-regulatory elements
and transcriptional kinetics (Yan et al., 2017). In LogicTRN, to re-
duce the time-complexity, only pair-wise relationships between TFs
are modeled. LogicNet is another logic-based approach that pro-
posed probabilistic continuous (PC) logic, to reconstruct GRNs
from continuous gene expression data (Malekpour et al., 2020). It is
a tool for the simultaneous inference of directed edges and logic
gates among RGs, without requiring prior knowledge. Considering
p genes in the network and gates with up to k regulators, LogicNet
reaches a complexity of O(2% pk), for k < £, per target gene. This
high level of computational complexity is a challenge for evaluating
candidate RG sets, specifically when the target is regulated by sev-
eral genes (large k).

This study aims to address the shortcomings and restrictions of
existing logic-based methods, by introducing Weighted Partitioned
LogicNet (wpLogicNet) to infer gene—gene interactions and logic
gates among a reasonable number of RGs from continuous gene
expressions, accurately and quickly. In a GRN with p genes, each
gene is considered as a target, while the remaining p — 1 genes are
evaluated as its potential RGs. Each RG can activate or inhibit the
target gene (Touré et al., 2021). Thus, for k regulators, there are 2
distinct (logic) combinations of RGs, indicating the cooperative
(AND) relationships among them. These logic combinations can be
displayed as distinct partitions in a Venn diagram. wpLogicNet
assumes that each target profile observation is generated from one
of these logic combinations with a prior probability. It then applies
a Bayesian mixture model to estimate the likelihood of the target
gene profile and updates prior probabilities using the expectation—
maximization (EM) algorithm. The logic gate, as the union of logic
combinations, with a significant likelihood is used to predict the
regulatory relationships among RGs, in controlling their target.
While LogicNet calculates 2% likelihoods per candidate RG set of
size k, wpLogicNet applies a Bayesian model to infer the logic gate a
posteriori and requires only one likelihood calculation for this aim,
reaching a time-complexity of O(pk), per target gene.

Simulated and real datasets are used to quantitatively evaluate
the performance of wpLogicNet. Real microarray gene expressions
are obtained from the SOS DNA-repair response pathway in
Escherichia coli (Ronen et al., 2002; Shen-Orr et al., 2002), and
simulated data are obtained from the Dialogue for Reverse
Engineering Assessments and Methods3 (DREAM3) (Marbach
et al., 20105 Prill et al., 2010). The performance of wpLogicNet is
benchmarked against Loregic, for the logic gate inference in the
structure-aware mode, and five well-known methods GENIE3
(Huynh-Thu ez al., 2010), Narromi (Zhang et al., 2013), KBOOST
(Iglesias-Martinez et al., 2021), CNMIT (Aghdam et al., 2015) and
LogicNet (Malekpour et al., 2020), for learning directed GRN struc-
tures. Results on simulation and real datasets show that
wpLogicNet outperforms other tools in learning logic gates and
directed GRN structures.

2 Materials and methods

Given a gene as the target (T), wpLogicNet infers its regulators and
logic gates, which control or regulate the target gene profiles.
Considering {G1,..., G} as a candidate set of RGs, each having
an activatory or inhibitory effect on T, there are 2% distinct logic
combinations, as indicated by different Venn diagram partitions. In
Figure 1, for two RGs, G and G, there are 22 distinct logic combi-
nations, {G - G2, Gy -G, G -Gy, Gy G_z}, each representing a
different partition, where > stands for AND relationships between
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Fig. 1. The wpLogicNet’s workflow for two RGs Gy and G, k=2, in controlling
their target gene (T), each partition in Venn diagram represents a distinct logic com-
bination, i.e. G - G2, G - G3, Gy - G,, or Gy - Gy, between RGs, with respective
outputs, i.e. g1g2, g1(1 —g2), (1 —g1)g2 or (1 —g1)(1 — g2). These outputs define
location parameters for Normal densities to approximate the likelihood of generat-
ing each sample of T under distinct logic combinations, as shown in the lower panel.
Indeed, each logic combination contributes a non-binary (location) parameter to the
probability of generating a sample of T from it, i.e. its activity in the logic gate.
Moreover, depending on g; and g values, locations of densities change in a con-
tinuous (0,1) interval and densities may not appear in the same order, as shown
above. gate;(Gy, G,) defines the logic gate i between RGs in controlling T and it
corresponds to a set of binary variables i,, for v =0,1,2, 3, representing ON or
OFF state of logic combination v in generating a sample of T. In a gate with multiple
ON logic combinations, one is chosen to generate a sample of T, i.e. each sample of
T is normally distributed around the output from the logic combination that gener-
ated the sample. The prior probability (weight w,) of the logic combination v in gen-
erating a sample, is estimated by the gene expression data in the EM algorithm and
is used to infer i,’s ON or OFF state a posteriori

Table 1. PC logics ‘AND’ and ‘NOT' for two genes

Logic gate Logic gate output with PC logic
NOT(Gy) = Gy 1-g
AND(G1,G2) =Gy - G, g1 8

genes and G; stands for NOT(G1), representing the inhibitory effect
of Gy on the target profile. Let i, represents the ON (active) or OFF
state of the vth logic combination in regulating target profiles,
defined below as:

40

o]t vth logic combination is ON
Y710 o.w. ’

A binary vector [iy_y,...,i1,io] represents the ON or OFF state of

2* logic combinations. Each vector represents one logic gate, as deter-
k1

mined by a binary to decimal conversion function i = Y. 2%,. In
v=0

Figure 1, with two RGs, i =6 corresponds to the binary vector

[i3,42,i1,i0) = [0,1,1,0], representing logic gate XOR(G1,G,) =

G1 -G, UG - G,. To be more precise, each logic gate is constructed

by considering the union of active logic combinations.

In wpLogicNet, the normalized gene profile level is in the (0,1)
interval, which defines the gene activation probability. See
Supplementary Figure S1 for the normalization method. The output
generated from a logic combination is calculated with PC logic. As
Table 1 shows, the PC logic G, is expressed with 1 — g1, where the
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Table 2. The 16 possible logic gates between Gy and G; in regulating target

i A I i io gate;(G1,G2) Abbreviated notation Output

0 0 0 0 0 0 T=0 0

1 0 0 0 1 GG, NOR (1-g1)(1-g)

2 0 0 1 0 G -Gy Gy -Gy (1-g1)g

3 0 0 1 1 G -GUG G G (I-gi)g2or (1-g1)(1 - g)

4 0 1 0 0 G- G, G1- G, gi(l-g)

5 0 1 0 1 G- -G UG -G, G, gi(l—g)or(1-g1)(1-g)

6 0 1 1 0 G1-G,UG; -G, XOR gi(l—g)or(l—gi)g

7 0 1 1 1 G- -G, UG-G UG -G, NAND g1(1—g2), (1 —g1)gaor (1 —g1)(1—g2)
8 1 0 0 0 G] -Gz AND 8182

9 1 0 0 1 G1-G,UG; -Gy XNOR gigor(1—g1)(1—-g)

10 1 0 1 0 G- -G,UG; -Gy G g1gor (1—g1)g

11 1 0 1 1 Gi-G UG-G UG -Gy GlUG, 8182, (1 —g1)g2or (1 -g1)(1 —g)
12 1 1 0 0 G1-G,UG; -G, Gy gig2orgi(l—g)

13 1 1 0 1 G1-GUG -G, UG -G, GiUG, 8182, 81(1 —g)or (1 —g1)(1 — &)
14 1 1 1 0 Gi-G UG-G UG-G OR 8182, 81(1 —g2) or (1 —g1)g

15 1 1 1 1 G1-G UG-G, UG-G UG -Gy T= Output from any logic combination

Note: The U and *~* signs stand for the union and intersection of the sets.

lowercase letter g; denotes the expression level of gene Gj.
Moreover, the output generated from each logic combination (AND
relationship among regulators), is regarded as the product of expres-
sion levels, e.g. g1g>. The 16 possible logic gates between two RGs
are summarized in Table 2. The Column 1, i, is the logic gate num-
ber, and Columns 25 show the binary vector [i3, 4,1, 4]. The logic
gate gate;(G1,G2) in Column 6 is constructed by considering the
union of active logic combinations. The last column shows the pos-
sible outputs generated from active logic combinations, in the gate.
Taking gate;(G1,. .., Gy) as the ith logic gate among k of RGs,
each target profile observation is generated from one active logic
combination and approximated by:
i=0,...,28-1. 2)

T = gate;(G1,...,Gy) + &,

For example, in Table 2, in gates(G1, G2) with two active logic
combinations, every target observation is generated from either G -
G, or Gy - Gy, with (1 — g1)g> or g1(1 — g») outputs, respectively.

In Equation (2), ¢ is a noise with Normal distribution,
& ~ Normal(0, 6?), where o2 is a scale parameter representing the
error variance, calculated with error propagation rules (Goodman,
1960), resulting in small values.

In wpLogicNet, the likelihood of a target gene (T) is evaluated
for all possible RG sets, e.g. for a network with p genes, while one

-1
gene is considered as a target, there are PZ (p ; l) candidate RG
k=1
sets. To reduce the time-complexity of the algorithm in evaluating
such a high number of candidate RG sets, we applied a Bayesian
model to infer the logic gates a posteriori. Consider w, to be the
prior probability of observing t,—sth observation of the target pro-
file—under vth logic combination. Therefore, the likelihood func-
tion L(T) for the observation vector, T = (# t,), of the target

gene is:
n n 2k—1 2k_q
T)=[]p@) = [[D_wwn(tlv) , > o, =1, 3)
s=1 s=1v=0 v=0

where p(#|v) is the probability of observing #, given the vth logic
combination. As #; and ¢ are linearly associated, they follow the
same probability density. Then, when using a Normal density for
the error; p(t;|v) ~ Normal(output of vth logiccombination, 62).
For instance in Figure 1, p(t;|v = 3) ~ Normal(g} g5, 62), where g is
the normalized profile level of sth observation from G;. The error
term and, consequently, the target profile can follow other truncated
densities, such as Logistic, Laplace, or Cauchy, with a domain in the

(0,1) interval. The weight parameters w, are estimated applying the
EM algorithm. With ® = (wo , w1, ..., w,_,), the ‘expected value’
of the log-likelihood function, Q(®, @), is

0(0e,0™) ZZlog wyp(tsv)) p(vlts, ©™)
v=0 s=
21 n
= ZZlog ) p(v|ts, ™) (4)
ZZlog (t|v)) p(v]ts, O™),
where ©” = (off, ', ..., @7 ) is the parameter estimation in

the mth iteration of the EM algorithm and p(v|t;, ®") is the poster-
ior probability of having #, generated from vth logic combination,
under ®”. By introducing the Lagrange multiplier, lambda, the
above equation is maximized with respect to @,.

5 ZZlogwy (v|ts, ©

v=0 s=

261
M| Y -1 =0. (9
v=0

Which gives the following equation to update w,, see
Supplementary Material for details.

_i wmp(t5|y) ) 6)

s=1 Zu’ =0 (Ul//p<t$‘v)

The parameters are updated for a pre-determined number of iter-

! :—Zp vlts, @) =

ations or until ®s convergence. The estimated parameter is indi-
cated by ©. The likelihood for the observation vector of target gene

n 2k-1
T, given @', is [[ > wlp(tslv).

s=1 v=0

Significant likelihoods: Significant likelihoods are selected based on
the Bayes factor (BF) (Berger and Pericchi, 2015), which is the ratio
of likelihood estimated by wpLogicNet (L) and the base likelihood
(Lo): BF = L‘ . With k as the number of RGs, the base likelihood L
assumes equal welghts for all 2% logic combinations, i.e. w, = 21“
v=0,1,..., 2% — 1. Moreover, the location parameter of p(t|v) is
fixed at &.

Guideline for parameter setting: Before running the EM algorithm,
the number of its iterations, the fitting density and its scale param-
eter, and the BF threshold must be specified by the user. As a guide-
line, these parameters can be learned by examining the BF rates, i.e.
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optimal parameters reaching the highest F-scores are derived from
models with the highest BF rates. For a GRN with p genes, the BF
rate is introduced as follows:

4
BF rate = ZZ(;, log10BFg, , (7)
im1

7. Number of RGs for G; if logi9BFg, > logi1oBF threshold
G = 0 if log10BFg, < log1oBF threshold”

According to this definition, the BF rate is defined as the sum

of the BF for different genes, weighted by the number of pre-
dicted RGs. As the best-fitting models have a higher likelihood
under our model (Fig. 1), we expect a higher BF rate for optimal
models.
Logic gate inference: Logic gates are inferred from RG sets with the
most significant likelihood as measured by the BF. After selecting
the RG set, the next step is to infer ON or OFF states of logic combi-
nations. For this purpose, the posterior density of i, given observa-
tions from T is calculated, i.e. the observation ¢ is assigned to logic
combination v* if:

p(v*ts, ©7) > p(v|ts, ®") forall v #v*, (8)

t|v

where, p(v|t;, ®") = zkfl’“# If the number of assigned samples

> alp(tsl)

V=0

in a logic combination exceeds a pre-determined threshold, it is con-
sidered ON. The final logic gate (top-logic) is constructed by consid-
ering the union of ON (active) logic combinations.

Directed edges inference: wpLogicNet suggests two modes to infer
the input edges of a target gene, top-logics and top-edges. In the top-
logics mode, directed edges are inferred from the top-ranked logic
gate and corresponding RG set, as described before. There are no in-
put edges for a target gene with no significant logic gate. In the top-
edges mode, we use all the logic gates and relevant RG sets with a
significant likelihood to infer the input edges to the target gene.
Here, after ranking all logic gates in terms of BF significance, each
RG is scored by the BF value from the most significant logic gate
that includes it. Finally, RGs with scores above a specified threshold
are considered as an input edge to the target gene.

Structure-aware logic gate inference: In another application,
wpLogicNet is used to infer logic gates in GRNs with predefined
structures, such as directed edges. wpLogicNet considers both the
network structure and gene expression profiles to infer the best-
fitting logic gates among known RGs for controlling their target.
Time-complexity of wpLogicNet: For a network with p genes, and
considering logic gates with up to k regulators, there are

22<P;1> +221<p;1> +.‘.+22k<p21> possible logic gates

per target gene, when no prior knowledge of network structure is

available. In this formula, (p ; 1 > is the number of candidate RG

sets of size k for the potential regulation of the target, and 2%is the
number of possible logic gates among genes in such RG sets. In our
previous tool, LogicNet, the target gene’s likelihood is assessed sep-
arately for each possible logic gate among genes in a candidate RG
set, reaching a time-complexity of O(szpk) for k < £ per target
gene. wpLogicNet, as proposed in this study, applies a Bayesian
model for the logic gate inference and calculates only one likelihood
per candidate RG set, i.e. logic gates are inferred a posteriori with
Equation (8). Then, the total number of evaluated likelihoods in

wpLogicNet is (p;l) + <p£l> +t <p;1)’ reaching a

complexity of O(p*) per target gene. Compared to LogicNet,
wpLogicNet considerably speeds up the processing time of candi-
date RG sets, allowing it to evaluate a larger number of candidate
RG sets at the same time.

3 Results

3.1 Simulation study: logic gate reconstruction in TF-

gene network

wpLogicNet’s performance in reconstructing logic gates is evaluated
with simulated logic gates from ‘dense overlapping regulons’ (DOR)
of E.coli. A DOR is defined as a layer of dense overlapping interac-
tions between TFs and their target operons (genes) (Shen-Orr et al.,
2002). We use DOR as an example of the TF—gene interaction net-
work to describe wpLogicNet’s application for directed edge and
logic gate inference. Figure 2a shows an example of DOR with an
input layer of 10 TFs (rpoS, ada, oxyR, ihf, Irp, hns, rcsA, nhaR, crp
and fis) that regulate seven operons (alkA, katG, dps, osmC,
fisQAZ, nhaA and proP).

To design a specific gate;, 0 < i < 2K — 1, for each target op-
eron with its specific TFs, i, is generated randomly from 0 (ON
state) or 1 (OFF state). Then, 10 TFs are also assigned independently
random variables from U(0, 1). Given a designed logic gate and TF
profiles, we use PC logics (Table 1) to calculate the output generated
from, e.g. gate;.

For each simulated logic gate, continuous gene profile data are
generated consistent with Boolean rules. In the gates(rpoS,ada), e.g.
that outputs either (1 — rpoS)ada or rpoS(1 — ada), with low rpoS
and high ada expression levels, we choose the logic combination
v=1 to generate (1 — rpoS)ada. With high rpoS and low ada, we
choose the logic combination v =2 to generate rpoS(1 — ada) from
the gate to guarantee a high output in the target approximation.
When rpoS and ada are both at low or high levels, generating the
output from either logic combinations gives a low expression for tar-
get. This process generates data that is consistent with Boolean
XOR logics. This simulation process for the alkA operon is illus-
trated in Figure 2b. The alkA operon is regulated at gate; by two
TFs (rpoS and ada):

alkA = gate;(rpoS,ada) + ¢. 9)

Given the active logic combinations in the ith gate, possible out-
puts from gate; are rpoSada, rpoS(1l-ada), (1-rpoS)ada, or (1-
rpoS)(1-ada). For the TF-operon profile simulation, each binary
value in [i3, 42,41, ip| is sampled randomly from 0 or 1, and rpoS and
ada are generated from U(0, 1). In Figure 2b, considering gates as
simulated gate [0, 1, 1, 0], each sample from alkA could be generated
from the logic combination v=1 or v=2 with outputs (1-rpoS)ada
or rpoS(1-ada), respectively. This value generated from gates will be
consistent with Boolean XOR logic, as described above.

The &~ Normal(0,6%) determines the noise generated from
Normal density, where 62 depends on regulatory TFs and the logic
combination generating the observation. For example, if an observa-
tion is generated from v=1, then ¢? is calculated using Equation
(10):

~ 2
2 = J%_ada = adaza% + (1 —rpoS)*a?,, . (10)
The variance propagation rule (Goodman, 1960) is utilized to

calculate az—s ada? 1€ the variance of the random variables’ product.
RO .

Moreover, 1n our simulation, we consider an identical variance for
all TF§, €8 Ouds = Oppys = 0.01. ‘ Then, the performance of
wpLogicNet in logic gate inference is evaluated on simulated TF-
operon profiles. wpLogicNet is implemented for each target operon

as follows: (i) we use all 10 TFs as potential regulators for the target

(a)
rpoS ada
input transcription factors r/pos_m : R.ad;rpos-ada

rpoS ada oxyR ihf Irp hns rcsA nhaR crp fis rpoS.ada

/ ip=1 i3=0i;=1)ip=0

alkA katG dps osmC fisQAZ nhaA proP

target operons alkA = gateq(rpoS,ada) + £
Fig. 2. (a) The ‘dense overlapping regulons’, i.e. TF—gene network motifs in E.coli.
(b) gateg(rpoS,ada) representing the output from the logic gate XOR(rpoS, ada)
that controls the expression profile of target operon alkA
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operon, (ii) for each candidate regulatory TF set, we evaluate the
likelihood of the candidate TF set in approximating the target pro-
files, and infer the gate a posteriori with Equation (8). To reduce the
model’s time-complexity, gates with a maximum of four TFs are
evaluated. The total number of such gates—per target operon—is

k=4,
32 (1;)) =2,303,084. For each simulation repeat, only one
p

logic gate is true in controlling the target and all other cases are
false. As an example, Figure 2b shows a true positive prediction for
gateg(rpoS, ada). Predicting any other gate, including those with ei-
ther a false ON or OFF logic combination state or a false set of pre-
dicted regulators, is a false positive. In wpLogicNet, likelihood is
calculated based on Normal, Laplace, Logistic and Cauchy densities
with a range of scale parameters. (iii) All logic gates (candidate TF
sets) are ranked based on likelihood. (iv) The likelihood significance
of the logic gate is finally evaluated with BF. Figure 3 shows box-
plots for F-scores of wpLogicNet in inferring logic gates using 20
samples from TF-operon profiles per simulated gate and 100 repeats
of the whole simulation study with ¢ =0.01 for all TFs. In
Figure 3a, wpLogicNet is evaluated with scale parameters
{0.25,0.01,0.005,107*} of fitted densities, log19BF=2, and EM
iterations =10. As shown, the greatest F-score, which is almost 1 for
the majority of densities is obtained at a scale parameter of 0.005. In
Figure 3b, F-scores are reported with the scale parameter fixed at
0.005 and log10BF in the (2,70) interval and EM iterations =10. It
demonstrates that F-scores are reduced when log 19BF>535. The sen-
sitivity of the F-score to the number of EM iterations is shown in
Figure 3¢ with scale =0.005 and log 19BF=2. Clearly, the algorithm
has already converged for iterations >2.

In Supplementary Figure S2, the receiver operating characteristic
curve is plotted for logic gate inference in DORs with wpLogicNet.
For this purpose, upon ranking the predicted logic gates, more logic
gates are included in predictions by gradually reducing the likeli-
hood or BF thresholds. For each threshold, the predicted logic gates
are compared with true logics to calculate the false positive rate
(FPR) and true positive rate. Using the best-fitting parameters as
described above, i.e. Normal density with scale =0.005, log1oBF=2
as a threshold for the significance of predicted logic gate, and EM
iterations =10, wpLogicNet reached an area under the curve (AUC)
of 0.99 for the logic gate inference. The area under the precision-re-
call curve (AUPR) is 0.98 as shown in Table 3. In our model, param-
eters are learned by examining the BF rates, i.e. optimal parameters
are derived from models with the highest BF rates. As illustrated in
Figure 3a, the optimal scale =0.005 for most densities, also corre-
sponds to the highest BF rate. In Figure 3b, BF rates decrease when
log10BF>53, indicating that log10BF should be set to a value <55.
In Figure 3c, the optimal value for EM iterations is >2. In
Supplementary Table S1, the running time of wpLogicNet is
reported considering logic gates with up to k candidate TFs.
Running times for k = 4 (385 candidate TF sets) and k = 10 (1023
candidate TF sets) are 14 and 169 s, respectively.

To measure the sensitivity of the results for each noise level,
Table 3 shows the AUC and AUPR of wpLogicNet for other noise
levels with ¢ =0.02,0.03, a sample size=10, 20 in small DORs,
and with 10 TFs and 7 genes. See Supplementary Figure S3 for plots
to derive the optimal parameters, e.g. scale, for
¢ = 0.02,0.03.wpLogicNet’s performance is also evaluated for dou-
ble sized TF-gene networks with 20 TFs and 14 genes. We have
simulated 100 of these double sized TF-gene networks with distinct
edge sets, randomly assigning TFs to target genes for each simulated
network. As shown in Table 3, for sample size= 20 and ¢ = 0.01,
the AUC and AUPR for the double sized DORs are 0.99 and 0.95,
respectively.

3.2 Structure-aware logic gate inference in the SOS

DNA-repair network, with wpLogicNet

wpLogicNet in structure-aware mode infers logic gate by consider-
ing the network structure and gene profiles. This applicability of
wpLogicNet is compared with Loregic (Wang et al., 2015), which
takes in the binarized gene profiles and is restricted to infer 16 logic
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Fig. 3. The BF rate (red color) and F-scores (blue color) for the logic gate inference
in DOR, (a) With fitting Normal, Laplace, Logistic and Cauchy densities, over a
range of scale parameters {0.25,0.01,0.005,10™*}, logoBF=2 and EM iter-
ations =10. (b) With fitting a Normal density, scale =0.005, logoBF in the (2,10)
interval and EM iterations =10. (c) With fitting a Normal density, scale =0.005,
log 19BF=2 and EM iterations in the (2,40) interval. With ¢ = 0.01 for all TFs

Table 3. AUC and AUPR for the logic gate inference in small DORs
with 10 TFs and 7 genes, and double sized DORs with 20 TFs and
14 genes, at noise levels ¢ = 0.01, 0.02, 0.03 and sample size =10,
20

Small DOR Double sized DOR
Sample size 7 AUC AUPR AUC AUPR
10 0.01 0.98 0.91 0.98 0.90
0.02 0.95 0.82 0.95 0.78
0.03 0.87 0.45 0.83 0.40
20 0.01 0.99 0.98 0.99 0.95
0.02 0.99 0.90 0.99 0.89
0.03 0.96 0.75 0.94 0.74

gates between two TFs or genes, limiting the comparison to k=2.
We applied a similar platform as described in the previous subsec-
tion to generate logic gates and data from rpoS, ada and alkA. We
have simulated 10 000 logic gates (from 16 possible gates in
Table 2), generating 10, 20 samples from TFs-alkA at different noise
levels 0 = 0.01,0.02,0.03 for each logic gate. Then, for logic gate
inference, wpLogicNet and Loregic are fed with directed edges from
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rpoS/ada to alkA and simulated TFs-alkA expression profiles.
However, in Loregic, expression profiles are first binarized into 0
and 1 levels. For a sample size =20, and ¢ = 0.01, 0.03, Figure 4
shows the frequencies (in orange) of true versus predicted logic gate
classes, for wpLogicNet and Loregic, indicating that there are many
more consistencies between predicted and true logic gates in
wpLogicNet at both noise levels. However, as Loregic applies the
binarized gene profile data, we observed almost no change in its pre-
dictions for different noise levels ¢ = 0.01, 0.03, in Figure 4b. In
contrast, dependence of the results on the noise levels is more obvi-
ous in wpLogicNet. In Figure 4a, for ¢ = 0.03, we observed more
inconsistencies between the true and predicted logic gate classes (di-
agonal counts are in lighter orange) than predictions for ¢ = 0.01.
See Supplementary Figure S4 for the results with sample size =10.

In Table 4, AUC and AUPR are calculated for wpLogicNet and
Loregic with noise levels ¢ = 0.01, 0.02, 0.03 and sample size =10,
20. This shows that wpLogicNet outperforms Loregic for all noise
levels. For example, for ¢ = 0.01 and sample size =20, wpLogicNet
with AUC=0.98 and AUPR=0.97 is superior to Loregic with
AUC=0.82 and AUPR =0.60.

wpLogicNet is also applied to infer logic gates given the network
structure and the real microarray data of the SOS DNA-repair re-
sponse pathway in E.coli (Bansal et al., 2006; Gardner et al., 2003;
Marbach et al., 2010; Prill et al., 2010). The SOS network includes
two mediators of the SOS response (lexA and recA), four other RGs
(ssb, recF, dinl and umuDC) involved in the SOS response and the
three sigma factor genes (rpoD, rpoH and rpoS) whose regulation
plays important role in the SOS response. For this SOS network
with nine genes, there are two real microarray data (SOS1 and
SOS2). SOS1 contains 9 samples (Gardner et al., 2003) and SOS2
(version 4 build 6) contains 466 samples of the same genes (Kotiang
and Eslami, 2020). In this section, we applied SOS1 data for the
logic gate inference with wpLogicNet, as it is less noisy.
Supplementary Figure S5 and Supplementary Table S2 show the
gold standard SOS regulatory interactions with 43 edges, derived
from literature (Bansal et al., 2006; Gardner et al., 2003; Kotiang
and Eslami, 2020).

Optimal parameters are first derived from models with the best
BF rate. In Figure Sa, the BF rate is plotted versus scale parameters
{1071,1072,1073,107*,107°}, with logoBF=2 and EM iter-
ations =10. For the majority of densities, the highest BF rate is given
by scale=1073. In Figure 5b, the BF rate is plotted versus log 19BF in
the (1,12) interval, for Normal density with scale=10"% and EM
iterations =10. In Figure Sc, the BF rate is plotted versus EM itera-
tions, for Normal density with scale=10"> and log 19BF=2.
Considering the model with the highest BF rate, we inferred the logic
gates by fitting a Normal density with scale=1073, log19BF=2 as a
threshold for logic gate significance, and EM iteration =10, see
Table 5. The high-priority logic combinations that generate the
greatest number of observations from the target gene are also
marked in bold for each gate.

3.3 Directed edge and logic gate inference

wpLogicNet also infers a directed GRN structure together with logic
gates for GRNs with unknown structure. In this section, we use
both simulated (DREAM project) and real data (SOS DNA-repair
network). The DREAM project is an in silico network challenge
introduced in 2006 (Marbach ez al., 2010). We use two steady-state
datasets Yeast2 and Yeast3 in DREAM3 that have 10 genes with 25
and 22 gold standard directed edges, respectively. Supplementary
Figures S5-S7 show the gold standard structure of these networks.
The performance of wpLogicNet (top-logics) and wpLogicNet (top-
edges) are benchmarked against five well-known algorithms in infer-
ring the directed edges (Fig. 6). For evaluating the results, we use
true positive, true negative, false positive, false negative, recall, FPR,
specificity, precision, accuracy and F-score (Altman and Bland,
1994). For threshold-dependent algorithms, i.e. GENIE3, KBOOST,
Narromi and CNMIT, we have incrementally increased the thresh-
old in the (0,1) interval and selected the optimal threshold reaching
the maximum Fl-score to report the result per algorithm
(Mahmoodi et al., 2021). See Supplementary Table S3 for the
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Fig. 4. wpLogicNet in structure-aware mode is compared to Loregic. Frequencies
(in orange) of the true versus predicted logic gate classes are shown for wpLogicNet
(a) and Loregic (b), for two noise levels ¢ = 0.01, 0.03. For each simulated logic
gate, both tools take in the expression profile and directed edges from rpoS and ada
—> alkA, to predict the gate. The counts are based on 10 000 simulated logic gates,
and 20 samples from TFs-alkA, per gate

Table 4. AUC and AUPR for wpLogicNet and Loregic in the logic
gate inference, at noise levels ¢ = 0.01, 0.02, 0.03, sample size =10,
20 and 10 000 simulated logic gates

wpLogicNet, k=2 Loregic
Sample size 7 AUC AUPR AUC AUPR
10 0.01 0.94 0.88 0.80 0.44
0.02 0.94 0.83 0.79 0.43
0.03 0.93 0.72 0.79 0.42
20 0.01 0.98 0.97 0.82 0.60
0.02 0.98 0.86 0.82 0.59
0.03 0.97 0.73 0.81 0.58

optimal thresholds applied to each algorithm. Summarized results in
Supplementary Table S4 and Figure 6 show that wpLogicNet (top-
edges) consistently performs better than all other algorithms in
terms of F-score. As shown in Supplementary Table S5, the running
time of LogicNet is noticeably longer than wpLogicNet, although
LogicNet was fitted considering logic gates with up to k =3 RGs
(compared to k = 8 in wpLogicNet).

4 Discussion

As shown in Section 3.1, wpLogicNet can be applied to reconstruct
TF-gene interaction networks and to infer logic gates among mul-
tiple TFs. wpLogicNet in a structure-aware mode infers the gates
among RGs or regulatory TFs that control their target, where
directed edges are specified a priori, as shown in the SOS DNA-
repair network in Section 3.2. Moreover, in the GRNs with un-
known structure, wpLogicNet can be applied for the simultaneous
inference of the directed edges and logic gates, as shown in Section
3.3.wpLogicNet proved to be accurate and reliable in inferring
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directed edges from TFs to target operons and logic gates among
TFs in DORs. Moreover, wpLogicNet is superior to the Loregic for
the logic gate inference in structure-aware mode. However, as
wpLogicNet is dealing with noisy (non-binary) data, a drop in
AUPRs is more obvious in wpLogicNet than in Loregic with an in-
crease in noise. The difference between wpLogicNet and Loregic
accuracies, in the logic gate inference, can be attributed to the extent
of information loss in the data binarization process.

Computational complexity in the logic-based models arises from
(i) selection of candidate RG sets and (ii) evaluation of all possible
logic gates per candidate RG set. To reduce the computational com-
plexities due to (i), LogicTRN applies external hint data, e.g. TF-
binding site data to narrow down the candidate regulatory TF pool.
Other tools, such as Loregic, work with an a priori-specified net-
work structure. To reduce the computational complexities due to
(i), LogicTRN and Loregic infer logic gates between only two TFs
or genes. Moreover, due to the modeling limitations, LogicTRN is
restricted to inferring six possible logic gates between two TFs. In
contrast to these tools, wpLogicNet offers an algorithmic approach
to infer logic gates among RG sets of any size.

Moreover, compared to LogicNet, wpLogicNet considerably
lowers the time-complexity of the logic gate inference, allowing it to
reconstruct larger GRNs with more complex regulatory relation-
ships including more genes in a gate. wpLogicNet in structure-aware
mode requires only one likelihood calculation for the gate inference
per target gene. For example in the SOS DNA-repair network for
recA with six regulators (lexA, ssb, recF, dinl, umuDC and rpoD),
wpLogicNet and LogicNet calculate 1 and 22° likelihoods for the
logic gate inference, respectively.

5 Conclusion

In this article, we introduce an intriguing GRN reconstruction
method—called wpLogicNet—to represent the gene regulatory pro-
cess by logic gates based on continuous gene expressions. Studying

Table 5. The inferred logic gates for the SOS DNA-repair network of E.coli, with wpLogicNet in structure-aware mode

Gene —Ly —L4

LBF Predicted logic gate

recA 14.55 3.83

lexA 12.54 9.48

ssb 14.57 1.88

recF 18.00 8.96

dinl 16.53 9.72

umuDC 9.51 2.00

rpoD 14.12 4.50

rpoH 18.00 18.00
rpoS 18.00 15.98

10.72 lexA - ssb - recF - dinl - umuDC - rpoD U

lexA - ssb - recF - dinl - umuDC - rpoD U
lexA - ssb - recF - dinI - umuDC - rpoD

3.06 recA - ssb - recF - dinl - umuDC - rpoD U
recA - ssb - recF - dinl - umuDC - rpoD

12.69 recA - lexA - recF - dinI - umuDC - rpoD U

recA - lexA - recF - dinI - umuDC - rpoD U
recA - lexA - recF - dinl - umuDC - rpoD U
recA - lexA - recF - dinl - umuDC - rpoD U
recA - lexA - recF - dinl - umuDC - rpoD

9.04 ssb - umuDC - rpoD - rpoS U
ssb - umuDC - rpoD - rpoS U
ssb - umuDC - rpoD - rpo$S

6.80 recA - lexA - ssb - recF - umuDC - rpoD U
recA - lexA - ssb - recF - umuDC - rpoD

7.51 recA - lexA - ssb - recF - dinl - rpoD U
recA - lexA - ssb - recF - dinl - rpoD U
recA - lexA - ssb - recF - dinl - rpoD

9.62 recA - lexA - ssb - recF - dinl - umuDC - rpoH U
recA - lexA - ssb - recF - dinl - umuDC - rpoH U
recA - lexA - ssb - recF - dinl - umuDC - rpoH U
recA - lexA - ssb - recF - dinl - umuDC - rpoH

0.00 —

2.02 rpoD

Note: For each logic gate, the high-priority logic combinations, i.e. those that generate the greatest number of observations from the corresponding target gene,

are highlighted in bold. — Log 19Lo,—Lo; —log10L1, —L4; Log 19BF, LBF.
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Fig. 6. F-scores of wpLogicNet (top-logic):wpLogicNetl, wpLogicNet (top-
edges):wpLogicNet2 and five well-known methods for learning DREAM3 Challenge
networks Yeast2 and Yeast3, with 10 genes and 25 and 22 gold standard directed
edges, respectively, and SOS DNA-repair network with 9 genes and 43 edges (9 and
466 microarray gene expression samples for SOS1 and SOS2 datasets). LogicNet and
wpLogicNet are logic-based models to infer directed edges and logic gates among regu-
lators, simultaneously. As LogicNet is very slow in evaluating the candidate RG sets, it
was fitted considering logic gates with up to k = 3 regulators. wpLogicNet is fitted
considering logic gates with up to k = 8 regulators. GENIE3, KBOOST, Narromi and
CNMIT do not infer logic gates, i.e. only infer directed edges

the nature of gene interactions suggests that the gene regulatory pro-
cess has all the hallmarks of a logic system in which a target gene is
regulated by a logic gate among its regulators (AkhavanAghdam
et al., 2016; Fauré et al., 2006; Krumsick et al., 2011; Moignard
et al., 2015; Schlatter et al., 2009; Szczurek et al., 2009). However,
considering such logical relationships among genes has received little
attention in prior GRN reconstruction studies. This oversight pre-
vents the existing methods from fully depicting the true gene regula-
tion process. High computational complexity is the major cause of
this disregard. Specifically, many logic-based models, e.g.
LogicTRN and Loregic, are restricted to deciphering the logic be-
tween two RGs or TFs. To overcome this drawback, we introduce a
novel approach to define all possible logic gates among a sensible
number of RGs without any restrictions.

In contrast to the existing logic-based tools, wpLogicNet does
not need an a priori-specified network topology for GRN recon-
struction. However, given a known GRN structure, wpLogicNet in
structure-aware mode can infer logic gates among RGs for regulat-
ing their target. This can be applied to the further characterization
of the biological networks and their functions, e.g. in gene-gene or
TF-gene networks with known structures.

Although the reported logic gates in this article are optimum
ones, corresponding to the maximum significant likelihood,
wpLogicNet determines a family of logic gates in which each mem-
ber can be considered as a candidate gate among genes. However,
quality assessment for all candidate logic gates is not possible be-
cause of the limited data about regulatory relationships and the high
cost of performing new wet-lab experiments. To further narrow
down this family of candidate logic gates, extra knowledge, e.g.
Knock-Out or Over-Expression experiment, is needed to ascertain
the ON or OFF states of logic combinations with high certainty.

Integrating other omics data, such as proteins, or cis-elements,
which act as the TF-binding sites and control the spatial and tem-
poral expression of nearby genes, can also narrow down the logic
gate families and uncertainties in network inference. Consequently,

these developments in biological information could be the basis for
future improvements in gene expression modeling.
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