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1.1. The Construction of Candidate Genetic and Epigenetic Interspecies Networks (GEINs) for C. albicans SC5314 
and WO-1 

The construction procedures of candidate GEINs for two strains of C. albicans SC5314 and WO-1 are 
shown in Figure S1. In the intra-species candidate PPIN, we obtained 132,600 PPI pairs of C. albicans SC5314 
and 6,449,171 PPI pairs of human; in the interspecies candidate PPIN, we obtained 1,615,845 PPI pairs 
between human and C. albicans SC5314. In the intra-species candidate GRN, we obtained 86,491 TF-gene 
pairs of C. albicans SC5314, 152,491 TF-gene pairs of human cells, 170,671 miRNA-gene pairs of human cells, 
and 37 lncRNA-gene pairs of human cells, 45 miRNA-miRNA pairs of human cells, 130 miRNA-lncRNA 
pairs of human cells, 271 TF-lncRNA pairs of human cells, 1,347 TF-miRNA pairs of human cells; in the 
inters-species candidate GRN, we obtained 8,910 pairs between C. albicans SC5314 TF and human gene, 48 
pairs between C. albicans SC5314 TF and human miRNA, 21,328 pairs between human TF and C. albicans 
SC5314 gene, and 23,730 pairs between human miRNA and C. albicans SC5314 gene, 1 pair between human 
lncRNA and C. albicans SC5314 gene.  

Likewise, in the intra-species candidate PPIN, we obtained 131,485 PPI pairs of C. albicans WO-1 and 
5,521,448 PPI pairs of human cells; in the interspecies candidate PPIN, we obtained 1,453,353 PPI pairs 
between human and C. albicans WO-1 PPI pairs. In the intra-species candidate GRN, we obtained 85,211 
TF-gene pairs of C. albicans WO-1, 141,001 TF-gene pairs of human cells, 118,017 miRNA-gene pairs of 
human cells, and 35 lncRNA-gene pairs of human cells, 21 miRNA-miRNA pairs of human cells, 78 
miRNA-lncRNA pairs of human cells, 200 TF-lncRNA pairs of human cells, 901 TF-miRNA pairs of human 
cells. ; in the interspecies candidate GRN, we obtained 8,726 pairs between C. albicans WO-1 TF and human 
gene, 29 between C. albicans WO-1 TF and human miRNA, 20,177 pairs between human TF and C. albicans 
WO-1 gene, and 16,639 pairs between human miRNA and C. albicans WO-1 gene,1 pair between human 
lncRNA and C. albicans WO-1 gene.  

In conclusion, we built two candidate GEINs composed of putative interactions and regulations pairs 
for two strains of C. albicans SC5314 and WO-1, respectively. After that, we discovered the real GEINs by 
pruning the false positives via the system order detection scheme and the system identification approach 
with the genome-wide NGS data of OKF6/TERT-2 cells, C. albicans SC5314 and WO-1 which would be 
discussed in the following section. 
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Figure 1. The constructing programs of candidate GEIN. (A) C. albicans SC5314- C. albicans SC5314 candidate 
intra-species PPIN; (B) host-C. albicans SC5314 candidate inter-species PPIN; (C) candidate GRN of host-TFs 
targeting C. albicans SC5314-genes; (D) candidate GRN of host-miRNAs targeting C. albicans SC5314-genes; 
(E) candidate GRN of C. albicans SC5314 TFs targeting host-genes; (F) candidate GRN of C. albicans SC5314 
TFs targeting host- miRNAs; (G) candidate GRN of C. albicans SC5314 TFs targeting C. albicans SC5314-genes. 
The sequence-homolog pairs between S.cerevisiae and C. albicans SC5314, and C. albicans SC5314 with homo 
sapiens were acquired from the reference and met with the standard of sequence-homolog (E-value < 10−5, 
Identificatinon > 30%, Overlap > 80%). With the assistance of existing S.cerevisiae intra-species PPIN and host 
intra-species PPIN, we can infer potential C. albicans SC5314 intra-species PPIN and human-C. albicans 
SC5314 interspecies PPIN as shown in (A,B), respectively; similarly, we can infer potential human to C. 
albicans SC5314 interspecies GRN by sequence-homolog, CircuitDB2, ITFP and TargetScan as shown in 
(C,D), respectively; similarly we can infer potential C. albicans SC5314 to human interspecies GRN by 
sequence-homolog, CircuitDB2, ITFP and TargetScan as shown in (E,F), respectively; finally, we can infer 
potential C. albicans SC5314 intra-species GRN by sequence-homolog, Yeastract. 
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Figure 2. The constructing programs of candidate GEIN. (A) C. albicans WO-1- C. albicans WO-1 candidate 
intra-species PPIN; (B) host-C. albicans WO-1 candidate inter-species PPIN; (C) candidate GRN of host-TFs 
targeting C. albicans WO-1-genes; (D) candidate GRN of host-miRNAs targeting C. albicans WO-1-genes; (E) 
candidate GRN of C. albicans WO-1 TFs targeting host-genes; (F) candidate GRN of C. albicans WO-1 TFs 
targeting host- miRNAs; G) candidate GRN of C. albicans WO-1 TFs targeting C. albicans WO-1-genes. The 
sequence-homolog pairs between S.cerevisiae and C. albicans WO-1, and C. albicans WO-1 with homo sapiens 
were acquired from the reference and met with the standard of sequence-homolog (E-value < 10−5, 
Identificatinon>30%, Overlap>80%).With the assistance of existing S.cerevisiae intra-species PPIN and host 
intra-species PPIN, we can infer potential C. albicans WO-1 intra-species PPIN and human- C. albicans WO-
1 interspecies PPIN as shown in (A,B), respectively; similarly, we can infer potential human to C. albicans 
WO-1 interspecies GRN by sequence-homolog, CircuitDB2, ITFP and TargetScan as shown in (C,D), 
respectively; similarly we can infer potential C. albicans WO-1 to human interspecies GRN by sequence-
homolog, CircuitDB2, ITFP and TargetScan as shown in (E,F), respectively; finally, we can infer potential C. 
albicans WO-1 intra-species GRN by sequence-homolog, Yeastract. 

1.2. Dynamic Models of Candidate GEINs for OKF6/TERT-2 Cells and C. albicans during the Infection 

The candidate GEIN is composed of the experimental results and computational predictions from 
numerous databases, experimental datasets and literatures. Therefore, the candidate GEIN contains a 
number of false positive regulations and interactions. To reduce the effect of these false-positive 
information, we built the dynamic models to characterize the molecular-mechanisms of GEINs and to 
prune the false-positives for OKF6/TERT-2 cells infected by C. albicans. We then extract the core host-
pathogen cross-talk network (HPCN) by the principal network projection (PNP) scheme to characterize the 
principal pathogenic mechanisms in GEINs during C. albicans infection. 

The PPIs of human-protein i in the candidate PPIN can be described as the following stochastic 
dynamic interactive equation, 

1 1
(t 1) (t) (t) (t) (t) (t) (t)

(t) (t) , for 1,2,..., , 0 and 0
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where pH 
i (t), pH 

n (t), gH 
i (t) and pP 

j (t) indicate the expression levels of the ith host protein, the nth host protein, 
the ith host gene and the jth pathogen protein at time t, respectively; aH 

in  and bH 
ij  represent the interactive 

ability between the ith host protein and nth host protein and between the ith host protein and jth pathogen 
protein, respectively; αH 

i , -βH 
i  and χH 

i  signify the translation rate from the corresponding mRNA, the 
degradation rate and the expression basal level of the ith host protein, respectively; N 

i and J 
i denote the 

number of host proteins and pathogen proteins that interact with the ith host protein, respectively; ωH 
i (t) 

indicates the stochastic noise of the expression level of the ith host protein at time t. The biological meaning 
of the equation (1) is that the expression level of the ith host protein can be affected by various molecular 
mechanisms including the host intra-species PPIs by ∑Ni 

n=1aH 
inpH 

i (t) pH 
n (t),the inter-species PPIs by ∑Ji 

J=1bH 
ij pH 

i (t)pP 
j

(t), the protein translation by αH 
i gH 

i (t), the protein degradation by -βH 
i pP 

j (t), the expression basal level by χH 
i  

and the stochastic noise by ωH 
i (t). Furthermore, the protein degradation rate βH 

i  should be limited to be non-
negative and the translation rate αH 

i  should be limited to be non-negative in real PPIs. 
The PPIs of pathogen-protein j in the candidate PPIN can be described as the following stochastic 

dynamic interactive equation, 

1 1
(t 1) (t) (t) (t) (t) (t) (t)

(t) (t) , for 1,2,..., , 0 and 0
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(2) 

where pP 
j (t), pP 

o (t), gP 
j (t) and pH 

i (t) indicate the expression levels of the jth pathogen protein, the oth pathogen 
protein, the jth pathogen gene and the ith host protein at time t, respectively; cP 

jo  and dP 
ji  represent the 

interactive ability between the jth pathogen protein and oth pathogen protein and between the jth pathogen 
protein and ith host protein, respectively; δP 

j , -εP 
j  and χP 

j  signify the translation rate, the degradation rate 
and the expression basal level of the jth pathogen protein, respectively; O 

j and I 
j denote the number of 

pathogen proteins and host proteins that interact with the jth pathogen protein; ω P 
j (t) indicates the 

stochastic noise of the expression level of the jth pathogen protein at time t. The biological meaning of the 
equation (2) is that the expression level of the jth pathogen protein can be affected by various molecular 
mechanisms including the pathogen intra-species PPIs by ∑Oj 

o=1cP 
jopP 

j (t)pP 
o (t),the inter-species PPIs by ∑Ij 

i=1dP 
ji pP 

j

(t)pH 
i (t), the protein translation by δP 

j gP 
j (t), the protein degradation by -εP 

j pH 
i (t), the expression basal level by 

χP 
j  and the stochastic noise by ωH 

i (t). Furthermore, similar to the host protein dynamic model, the protein 
degradation rate εP 

j  should be limited to be non-negative and the translation rate δP 
j  should be limited to be 

non-negative in real PPIs. 
The transcriptional regulations of host-gene k in the candidate GRN can be described as the following 

stochastic dynamic interactive equation, 

1 1 1 1

H H

(t 1) (t) (t) (t) (t) (t) (t)

(t) (t) , for 1, 2,..., , 0 and 0
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(3) 

where gH 
k (t), pH 

i (t), mH 
l (t) , lH 

m (t) and pP 
j (t) indicate the expression levels of the kth host gene, the ith host TF, 

the lth host microRNA, the mth host lncRNA and the jth pathogen TF at time t, respectively; eH 
ki , -fH 

kl , hH 
km and 

nH 
kj  represent the the regulatory ability of the ith host TF, the lth host miRNA, the mth host lncRNA and the 

jth pathogen TF on the kth host gene, respectively; -ϕH 
k  and φH 

k  signify the degradation rate and the 
expression basal level of the kth host gene, respectively; In fact, the basal level in equation (3) indicates 
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unknown regulations other than those mentioned above, for example, DNA methylation and regulatory 
multiple epigenetic activities. I 

k, L 
k, M 

k, J 
k denote the number of host TF, host microRNA, host lncRNA and 

pathogen TF, respectively; which regulate the expression level of the kth host gene; ϖH 
k (t) indicates the 

stochastic noise of the gene expression level of the kth host gene at time t. The biological meaning of the 
equation (3) is that the expression level of the kth host gene can be regulated by various molecular 
mechanisms including the host TF regulations by ∑Ik 

i=1eH 
ki pH 

i (t), the host microRNA repressions by -∑Lk 
l=1fH 

kl gH 
k

(t)mH 
l (t), the host lncRNA regulations by ∑Mk 

m=1hH 
kmlH 

m (t), the pathogen TF regulations by ∑Jk 
j=1nH 

kj pP 
j (t), the mRNA 

degradation by -ϕH 
k , the expression basal level by φH 

k  and the stochastic noise by ϖH 
k  (t).In addition, similar 

to protein model, the host gene degradation rate -ϕH 
k  should be limited to be non-positive and the host 

miRNA regulatory ability -fH 
kl  should be limited to be non-positive. 

The transcriptional regulations of host-miRNA l in the candidate GRN can be described as the 
following stochastic dynamic regulatory equation, 

1 1 1

H H

(t 1) (t) (t) (t) (t) (t)

(t) (t) , for 1,2,..., , 0 and 0

l l lI R J
H H H H H H H P P
l l li i lr l r lj j

i r j

H H H H
l l l l lr l

m m o p q m m r p

m l L qγ κ η γ
= = =

+ = + − +

− + + = − ≤ − ≤

    
 

 

(4) 

where mH 
l (t), pH 

i (t), mH 
r (t) and pP 

j (t) indicate the expression levels of the lth host miRNA, the ith host TF, the 
rth host microRNA and the jth pathogen TF at time t, respectively; oH 

li , -qH 
lr  and rP 

lj  represent the the regulatory 
ability of the ith host TF, the rth host miRNA, and the jth pathogen TF on the lth host miRNA, respectively; 
-γH 

l  and κH 
l  signify the miRNA degradation rate and the expression basal level of the lth host miRNA, 

respectively; I 
l, R 

l and J 
l denote the number of host TF, host miRNA and pathogen TF, respectively; which 

regulate the expression level of the lth host miRNA; ηH 
l (t) indicates the stochastic noise of the lth host 

miRNA at time t. The biological meaning of the equation (4) is that the expression level of the kth host gene 
can be regulated by various molecular mechanisms including the host TF regulations by ∑Il 

i=1oH 
li pH 

i (t), the 
host microRNA repressions by -∑Rl 

r=1qH 
lr mH 

l (t)mH 
r (t), and the pathogen TF regulations by ∑Jl 

j=1rP 
lj pP 

j (t) ,the mRNA 
degradation by -γH 

l mH 
l (t), the expression basal level by κH 

l  and the stochastic noise by ηH 
l (t) . In addition, 

similar to host gene model, the host miRNA degradation rate -γH 
l should be limited to be non-positive and 

the miRNA regulatory ability -qH 
lr  should be limited to be non-positive. 

The transcriptional regulations of host-lncRNA m in the candidate GRN can be described as the 
following stochastic dynamic regulatory equation, 

1 1
(t 1) (t) (t) (t) (t) (t) (t)

for 1, 2,..., , 0 and 0

m mI L
H H H H H H H H H H H
m m mi i ml m l m m m m

i l
H H
ml m

l l s p t l m l

m M t

μ π ϑ

μ
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+ = + − − + +

= − ≤ − ≤

   
 

(5) 

where lH 
m (t), pH 

i (t) and mH 
l (t) indicate the expression levels of the mth host lncRNA, the ith host TF and the 

lth host microRNA at time t, respectively; sH 
mi and -tH 

ml represent the regulatory ability of the ith host TF and 
the lth host miRNA on the mth host lncRNA, respectively; -μH 

m  and πH 
m  signify the degradation rate and the 

expression basal level of the mth host lncRNA, respectively; I 
m and L 

m denote the number of host TF and 
host microRNA, respectively; which regulate the expression level of the mth host lncRNA; ϑH 

m (t) indicates 
the stochastic noise of the mth host gene at time t. The biological meaning of the equation (5) is that the 
expression level of the mth host lncRNA can be regulated by various molecular mechanisms including the 
host TF regulations by ∑ Im 

i=1 s H 
mi p H 

i (t), the host microRNA repressions by -∑ Lk 
l=1 t H 

ml lH 
m (t)m H 

l (t),the lncRNA 
degradation by -μH 

m lH 
m (t), the expression basal level by πH 

m  and the stochastic noise by ϑH 
m (t).In addition, 
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similar to host gene model, the host lncRNA degradation rate -μH 
m  should be limited to be non-positive and 

the host miRNA regulatory ability  -tH 
ml should be limited to be non-positive. 

The transcriptional regulations of pathogen-gene n in the candidate GRN can be described as the 
following stochastic dynamic regulatory equation, 

1 1 1 1
(t 1) (t) (t) (t) (t) (t) (t)

(t) (t) , for 1, 2,..., , 0 and 0

n n n nI L M J
P P P H P P H P H P P
n n ni i nl n l nm m nj j

i l m j

P P P P P P
n n n n nl n

g g u p v g m w l x p

g n N vφ ϕ ω φ
= = = =

+ = + − + +

− + + = − ≤ − ≤

     
 

 

(6) 

where gP 
n (t), pH 

i (t), mH 
l (t), lH 

m (t) and pP 
j (t) indicate the expression levels of the nth pathogen gene, the ith host 

TF, the lth host microRNA, the mth host lncRNA and the jth pathogen TF at time t, respectively; uP 
ni, -vP 

nl, w
P 
nm and xP 

nj represent the the regulatory ability of the ith host TF, the lth host miRNA, the mth host lncRNA 
and the jth pathogen TF on the nth pathogen gene, respectively; -ϕP 

n  and φP 
n  signify the degradation rate 

and the expression basal level of the mth pathogen gene, respectively; I 
n, L 

n, M 
n, J 

n denote the number of 
host TF, host microRNA, host lncRNA and pathogen TF, respectively; which regulate the expression level 
of mth pathogen gene; ωP 

n (t) indicates the stochastic noise of the gene expression level of the nth pathogen 
gene at time t. The biological meaning of the equation (6) is that the expression level of the kth pathogen 
gene can be regulated by various molecular mechanisms including the host TF regulations by ∑In 

i=1uP 
nipH 

i (t), 
the host microRNA repressions by -∑Lk 

l=1vP 
nlgP 

n (t)mH 
l (t), the host lncRNA regulations by ∑Mn 

n=1wP 
nmlH 

m (t), and the 
pathogen TF regulations by ∑Jn 

j=1xP 
njpP 

j (t) ,the mRNA degradation by -ϕP 
n gP 

n (t), the expression basal level by φ
P 
n  and the stochastic noise by ω P 

n (t).In addition, similar to host gene regulatory model, the mRNA 
degradation rate -ϕP 

n  should be limited to be non-positive and the host miRNA regulatory ability -vP 
nl should 

be limited to be non-positive. 

Remark 1 

The above dynamic models of interspecies GEIN mentioned are also employed for the infection of 
Candida albicans WO-1. Since Candida albicans WO-1 and Candida albicans SC5314 have the same candidate 
GEIN, the dynamic models between human and C. albicans WO-1 are along the interspecies GEIN of the 
infection of C. albicans SC5314. Additionally, without the regulation about lncRNAs-to-miRNA, lncRNAs-
to-lncRNA, pathogen TFs-to-lncRNAs found in the candidate GEIN by big data mining, there are no 
corresponding regulatory terms in equations (4) and (5) in the infection of different strains of C. albicans. 

1.3. Parameter Estimation of the Dynamic Models of Candidate GEIN by System Identification Approach 

After constructing the dynamic model Equations (1)–(6) of the candidate GEINs, we should recognize 
the interactive parameters of PPIN in (1) and (2), and the regulatory parameters of GRN in (3)–(6) by 
employing the system identification approach via two-sided microarray data to obtain the real GEINs in 
the infection progress by pruning the false positive in the candidate GEINs. Accordingly, we rewrite the 
host PPIN dynamic equation as the linear regression form below [1–3], 
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where ψHP 
i (t) represents the regression vector that can be obtained from the microarray expression 

data and θHP 
i  is the unknown interaction parameter vector to be estimated for the ith host protein 

in host PPIN. 
The expression Equation (7) of the ith host protein can be augmented for Y 

i time points as the 
following form, 
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which could be simply represented by, 

, fo r 1, 2 , ,H H P H P H P
i i i iP i Iθ= Φ + Ω =   (9) 
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Thence, the interaction parameters in the vector θHP 
i  can be estimated by employing the 

following constrained least-squares estimation problem, 
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We can acquire the interaction parameters in host PPIN equation (1) by resolving the parameter 
estimation problem in (10) with the help of the function lsqlin in MATLAB optimization toolbox 
and simultaneously ensure the host protein translation rate αH 

i  to be a non-negative value and the 
host protein degradation rate -βH 

i  to be a non-positive value; that is to say αH 
i  ≥ 0 and -βH 

i  ≤ 0. 
Similarly, we rewrite the pathogen PPIN dynamic interactive equation as the linear regression 

form below, 
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where ψPP 
j (t) represents the regression vector that can be obtained from the microarray 

expression data and θPP 
j  is the unknown parameter vector to be estimated for the jth pathogen 

protein in pathogen PPIN. 
The equation (11) of the ith host protein can be augmented for Y 

i time points as the following 
form, 
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which could be simply represented by, 
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, for 1,2, ,P PP PP PP
j j j jP j Jθ= Φ +Ω =   (13) 
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Next, the parameters in the vector θPP 
j  can be estimated by employing the following 

constrained least-squares estimation problem, 
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We can acquire the interaction parameters in pathogen PPIN equation (2) by resolving the 
parameter estimation problem in (14) with the help of the function lsqlin in MATLAB 
optimization toolbox and simultaneously ensure the pathogen protein translation rate δP 

j  to be a 
non-negative value and the pathogen protein degradation rate -εP 

j  to be a non-positive value; that 
is to say δP 

j  ≥ 0 and -εP 
j  ≤ 0. 

Similarly, we rewrite the host GRN dynamic regulatory equation in (3) as the linear regression 
form below, 
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(15) 

where ψHG 
k (t) represents the regression vector that can be obtained from the microarray expression 

data and θHG 
k  is the unknown parameter vector to be estimated for the kth pathogen protein in 

host GRN. 
The equation (15) of the kth host gene can be augmented for Y 

k time points as the following 
form, 

2 1 1

3 2 2

( ) ( ) ( )
( ) ( ) ( )

,  for 1,2, , ,
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g t t t
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θ
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     = + = …
     
     +          

  
 

 

 

(16) 

which could be simply represented by, 

, for 1, 2, ,H HG HG HG
k k k kG k Kθ= Φ + Ω =   (17) 
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Hence, the regulatory parameters in the vector θHG 
k  can be estimated by employing the 

following constrained least-squares estimation problem, 

2
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(18) 

We can acquire the regulatory parameters in host GRN equation (3) by resolving the parameter 
estimation problem in (18) with the help of the function lsqlin in MATLAB optimization toolbox 
and simultaneously ensure the host gene degradation rate -ϕH 

k  is guaranteed to be a non-positive 
value and the host miRNA repression rate -fH 

kl  to be a non-positive value; that is to say -fH 
kl ≤0 for 

k=1,…, K 
j and -ϕH 

k  ≤ 0. 
Similarly, we rewrite the host-miRNA dynamic regulatory equation as the linear regression 

form below, 
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where ψHM 
l (t) represents the regression vector that can be obtained from the microarray expression 

data and θHM 
l is the unknown parameter vector to be estimated for the lth host miRNA in host 

GRN. 
The equation (19) of the lth host miRNA can be augmented for Y 

l time points as the following 
form, 

2 1 1

3 2 2

( ) ( ) ( )
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     = + = …
     
     +          

  
 

 

 

(20) 

which could be simply represented by, 

, for 1, 2, ,H HM HM HM
l l l lM l Lθ= Φ + Ω =    (21) 
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3 2 2
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where , ,
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     +          

  
  

Next, the regulatory parameters in the vector θHM 
l  can be estimated by employing the 

following constrained least-squares estimation problem, 

2

2

1min
2

0 0 1 0 0 0 0 0 0 0
0

subject to 0
0 0 0 0 1 0 0 0 0 0
0 0 0 0 0 0 1 0 1

HM
l
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l l l
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M
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   ≤
   
   
      

  

           

           

  

   

 

 

 

 

 

(22) 

We can acquire the regulatory parameters in host GRN equation (4) by resolving the parameter 
estimation problem in (22) with the help of the function lsqlin in MATLAB optimization toolbox 
and simultaneously ensure the host miRNA degradation rate -γH 

l  is guaranteed to be a non-
positive value and the host miRNA repression rate -qH 

lr  to be a non-positive value; that is to say -
qH 

lr ≤0 for r=1,…, R 
l and -γH 

l  ≤ 0. 
Similarly, we rewrite the host-lncRNA dynamic regulatory equation as the linear regression 

form below, 
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(23) 

where ψHL 
m (t) represents the regression vector that can be obtained from the microarray expression 

data and θHL 
m is the unknown parameter vector to be estimated for the lth host lncRNA in host 

GRN. 
The equation (23) of the mth host lncRNA can be augmented for Y 

m time points as the following form, 
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which could be simply represented by, 

, for 1, 2, ,H HL HL HL
m m m mL m Mθ= Φ + Ω =   (25) 
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Thence, the regulatory parameters in the vector θHL 
m  can be estimated by employing the following 

constrained least-squares estimation problem, 
2
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We can acquire the regulatory parameters in host GRN equation (5) by resolving the parameter 
estimation problem in (26) with the help of the function lsqlin in MATLAB optimization toolbox and 
simultaneously ensure the host lncRNA degradation rate -μH 

m  is guaranteed to be a non-positive value and 
the host miRNA repression rate - tH 

ml to be a non-positive value; that is to say - tH 
ml ≤0 for l=1,…, L 

m and -μH 
m≤ 

0. 
Finaly, we rewrite the pathogen gene dynamic regulatory equation as the linear regression form 

below, 
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(27) 

where ψPG 
n (t) represents the regression vector that can be obtained from the microarray expression 

data and θPG 
n is the unknown regulatory parameter vector to be estimated for the nth pathogen 

gene in pathogen GRN. 

The equation (27) of the nth pathogen gene can be augmented for Y 
n time points as the following form, 
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3 2 2
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which could be simply represented by, 

, for 1, 2, ,P PG PG PG
n n n nG n Nθ= Φ + Ω =   (29) 

 



Toxins 2019, 11, 119  19 of 26 

2 1 1
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Hence, the parameters in the vector θHG 
n  can be estimated by employing the following constrained 

least-squares estimation problem, 
2
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(30) 

We can acquire the regulatory parameters in pathogen GRN equation (6) by resolving the parameter 
estimation problem in (30) with the help of the function lsqlin in MATLAB optimization toolbox and 
simultaneously ensure the pathogen gene degradation rate -ϕP 

n  is guaranteed to be a non-positive value 
and the host miRNA repression rate -vP 

nl to be a non-positive value; that is to say - vP 
nl ≤0 for l=1,…, L 

n and  
-ϕP 

n ≤ 0. 
As the mentioned parameter estimation problem of dynamic models above, to prevent overfitting 

problem in the parameter identification and obtain the accurate results of the system identification method, 
we apply the cubic spline to interpolate some extra numbers of data points (5 times number of the 
parameters in the corresponding parameter vector, i.e., θHP 

i  in human PPIN, θPP 
j  in pathogen PPIN, θHG 

k  in 
human-gene GRN, θHM 

l  in human miRNA GRN, θHL 
m  in human-lncRNA GRN, θPG 

n  in pathogen-gene GRN 
to be estimated). Then, with the microarray expression data, the solutions of the constrained least-square 
parameter estimation problems in (10), (14), (18), (22), (26) and (30) could be obtained for accurate 
parameter identification in GEINs gene by gene (or protein by protein) by using the function lsqlin in 
MATLAB optimization toolbox for the optimal estimations of parameters in these estimation problems. 
Moreover, since the measurement technology of genome-wide protein expression of OKF6/TERT-2 cells 
and C. albicans has not been implemented yet, and about 73% variance of protein abundance can be 
explained by the corresponding mRNA abundance [4], that is to say, the microarray data of gene 
expressions can substitute protein expressions and contribute to sufficient information for resolving the 
above constrained least-squares parameter estimation problems in (10), (14), (18), (22), (26) and (30). 

1.4. Trimming False-positives in Candidate GEINs by System Order Detection Scheme 

Because candidate GEINs contain many false-positive interactions and regulations acquired from 
computational, experimental and homology-dependent predictions in the database mining process, we 
must employ system order detection scheme for host PPI model in (1), pathogen PPI model in (2), host-
gene GRN model in (3), host-miRNA GRN model in (4), host -lncRNA model in (5) and pathogen-gene 
GRN model in (6) to prune these false-positives in the candidate GEINs. Hence, we apply Akaike 
information criterion (AIC) to deleting the insignificant parameters out of the system order of the candidate 
GEINs by the real microarray data of OKF6/TERT-2 cells during C. albicans SC5314 and C. albicans WO-1 
infection, respectively. 

In host PPI model in (9), AIC of the host PPIs of the ith host protein can be defined as the function of 
system interaction order as follows [1–3], 
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where ˆHP
iθ  represents the estimated interactive parameters of human-protein i from the solutions of the 

parameter estimation problem in (10), and the covariance of estimated residual error is

( ) ( )2 1 ˆ ˆ( )
THP H HP HP H HP HP

i i i i i i i
i

P P
T

σ θ θ= − Φ − Φ . According to system identification theory [3], the real 

system order N* 
i + J* 

i  of the real PPIs of protein i in the host PPI could minimize AICHP 
i (Ni , Ji). By this system 

order detection method, host proteins with insignificant interaction abilities out of N* 
i  and pathogen 

proteins with insignificant interaction abilities are out of J* 
i  should be considered as false positives and 

trimmed from the candidate PPIs of ith protein. By a similar procedure could obtain the real host PPIs one 
protein by one protein in GEINs. 

Similarly, in pathogen PPIN model (13), AIC of pathogen-protein j could be defined as follows 
[3], 
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(32) 

where ˆ PP
jθ  denotes the estimated interactive parameters of pathogen-protein j obtained from the 

solutions of the parameter estimation problem in (14), and the covariance of estimated residual 

error is ( ) ( )2 1 ˆ ˆ( )
T

PP P PP PP P PP PP
j j j j j j j

j

P P
T

σ θ θ= − Φ − Φ . We could minimize AICPP 
j  in (32) to achieve at 

the real interaction numbers O* 
j  and I* 

j  of the real PPIs of protein j in the pathogen PPIN. Therefore, 
based on the real system order O* 

j  and I* 
j  can be used to prune the false positive interactions of 

candidate PPIN one protein by one protein for the real pathogen PPIN of GEINs. 
By the similar procedure, in host-gene regulation model (17), AIC of host-gene k could be defined as 

follows [3], 
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(33) 

where ˆHG
kθ  denotes the estimated regulatory parameters of host-gene k obtained from the solutions of the 

parameter estimation problem in (18), and the covariance of estimated residual error is
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( ) ( )2 1 ˆ ˆ( )
THG H HG HG H HG HG

k k k k k k k
k

G G
T

σ θ θ= − Φ − Φ . We could minimize AICHG 
k  in (33) to achieve the real 

regulation numbers I* 
k , L* 

k , M* 
k  and J* 

k  of the real regulations of host-gene k in the host-gene GRN. Therefore, 
the corresponding real system order I* 

k , L* 
k , M* 

k  and J* 
k  can be used to prune the false positive regulations of 

candidate GRN one gene by one gene for the real host-gene GRN of GEINs. 
By the similar procedure, in host-miRNA regulation model (21), AIC of host-miRNA l could be defined 

as follows [3], 
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(34) 

where ˆHM
lθ  denotes the estimated regulatory parameters of host-miRNA l obtained from the solutions of 

the parameter estimation problem in (22), and the covariance of estimated residual error is
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σ θ θ= − Φ − Φ . We could minimize AICHM 
l  in (34) to achieve the real 

regulation numbers I* 
l , R* 

l  and J* 
l  of the real regulations of host-miRNA l in the host-miRNA GRN. Therefore, 

the corresponding real system order I* 
l , R* 

l  and J* 
l  can be used to prune the false positive regulations one 

host-miRNA by one host-miRNA for the real host-miRNA GRN of GEINs. 
By the similar procedure, in host-lncRNA regulation model (25), AIC of host-lncRNA m could be 

defined as follows [3], 
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where ˆHL
mθ  stands for the estimated regulatory parameters of host-lncRNA m obtained from the solutions 

of parameter estimation problem in (26), and the covariance of estimated residual error is
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σ θ θ= − Φ − Φ . We could minimize AICHL 
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regulation number I* 
m and L* 

m of the real regulations of host-lncRNA m in the host-lncRNA GRN. Therefore, 
the corresponding real system order I* 

m and L* 
m can be used to prune the false positive regulations one 

lncRNA by one lncRNA for the real host-lncRNA GRN of GEINs. 
Finally, in pathogen-gene regulation model (29), AIC of pathogen-gene n could be defined as follows 

[3], 
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where ˆPG
nθ  stands for the estimated regulatory parameters of pathogen-gene n obtained from the 

solutions of the parameter estimation problem in (30), and the covariance of estimated residual error is

( ) ( )2 1 ˆ ˆ( )
TPG P PG PG P PG PG

n n n n n n n
n

G G
T

σ θ θ= − Φ − Φ . We could minimize AICPG 
n  in (36) to achieve the real 

regulation numbers I* 
n, L* 

n, M* 
nand J* 

n of the real regulations of pathogen-gene n in the pathogen-gene GRN. 
Therefore, the corresponding real system order I* 

n , L* 
n , M* 

n  and J* 
n  can be used to prune the false positive 

regulations one pathogen gene by pathogen gene for the real pathogen-gene GRN of GEINs. 
After applying this AIC approach to identify the system order and prune the false-positives of 

candidate GEINs, we eventually get the real GEINs of the OKF6/TERT-2 cells under the infection of C. 
albicans SC5314 and C. albicans WO-1 for each replicate, respectively (Figure S3). Since the complexity of 
real GEINs, it is very difficult to investigate the accurate host-pathogen cross-talk mechanisms from them. 
We thereby introduce PNP approach to extract the core host-pathogen cross-talk networks (HPCNs) 
structures from real GEINs which could help us to investigate the cross-talk mechanisms and get more 
insights into the pathogenesis of infection by different strains of C. albicans. Moreover, the core host-
pathogen cross-talk networks (HPCNs) structures of C. albicans SC5314 and C. albicans WO-1 are shown in 
Figure S4 and Figure S5 respectively. 

 

Figure 3. The real GEINs of two replicates during the infection of C. albicans SC5314 and C. albicans WO-1 
with OKF6/TERT-2 cells, respectively. Figures S3(A) and S3(B) reveal the recognized real genome-wide 
GEINs of each replicate during C. albicans SC5314 infection. Figures S3(C) and S3(D) reveal the recognized 
real genome-wide GEINs of each replicate during C. albicans WO-1 infection. In Figures S3(A) and S3(B), the 
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real GEINs of all two replicates during the C. albicans SC5314 infection are integrated in Figure S3(E). In 
Figures S3(C) and S3(D), the real GEINs of two replicates during the C. albicans WO-1 infection are integrated 
in Figure S3(F). The grey lines indicate protein-protein interaction; the red lines represent the transcriptional 
regulation, and the blue lines denote miRNA repression. 

 
Figure 4. Core HPCN of OKF6/TERT-2 cells during the infection of C. albicans SC5314. This core HPCN was 
extracted from the real GEIN in Figure S3(E) via PNP method. The grey lines denote protein-protein 
interaction; the red lines represent the transcriptional regulation, and the blue lines indicate miRNA 
repression. 

 
Figure 5. Core HPCN of OKF6/TERT-2 cells during the infection of C. albicans WO-1. This core HPCN was 
extracted from the real GEIN in Figure S3(F) via PNP method. The grey lines denote protein-protein 
interaction; the red lines represent the transcriptional regulation, and the blue lines indicate miRNA 
repression. 

1.5. Extracting Core Host-pathogen Cross-talk Networks (HPCNs) Structures from Real GEINs by using PNP 
Approach 

Before applying the PNP approach to extract the core host-pathogen cross-talk networks (HPCNs) 
from the real GEINs, it is essential to construct a combined network matrix H of a real GEIN. Furthermore, 
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the combined network matrix H includes all estimated interaction and regulation parameters in the real 
GEIN as follows, 
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where ˆHina  and ˆH
ijb  could be acquired in ˆHP

iθ  by resolving the parameter estimation problem in (10) and 

pruning false positives by AIC method in (31); ˆP
jid , and ˆHjoc could be acquired in ˆPP

jθ  by resolving the 

parameter estimation problem in (14) and pruning false positives by AIC method in (32); ˆHkie , ˆHkjn , ˆH
klf−

and ˆH
kmh  could be acquired in ˆHG

kθ  by resolving the parameter estimation problem in (18) and trimming 
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false positives by AIC method in (33); ˆHlio , ˆPljr and ˆHlrq− could be acquired in ˆHM
lθ  by resolving the 

parameter estimation problem in (22) and pruning false positives by AIC method in (34); ˆHmis  and ˆH
mlt−  

could be acquired in ˆHL
mθ  by resolving the parameter estimation problem in (26) and pruning false 

positives by AIC method in (35); and ˆPniu , ˆPnjx , ˆPnlv−  and ˆ Pnmw could be acquired in ˆPG
nθ  by resolving the 

parameter estimation problem in (30) and pruning false positives by AIC method in (36). ˆHina  and ˆPjoc  

denote the interactive abilities of intra-species in host and pathogen PPINs during the pathogen infection, 
respectively; ˆH

ijb  and ˆP
jid  represent the interactive abilities between host protein i and pathogen protein j 

in the inter-species PPIN; ˆHkie , ˆHlio , ˆHmis  and ˆPniu denote the regulatory abilities of human TF i to regulate 
human-gene k, human-miRNA l, human-lncRNA m, and pathogen-gene n, respectively, in human-gene 
GRN, human-miRNA GRN, human-lncRNA GRN and pathogen-gene GRN. ˆHkjn , ˆPljr  and ˆPnjx  signify the 

regulatory abilities of pathogen TF j to regulate human-gene k, human-miRNA l and pathogen-gene n, 
respectively, in human-gene GRN, human-miRNA GRN and pathogen-gene GRN during the pathogen 

infection, respectively. ˆH
klf− , ˆHlrq− , ˆH

mlt−  and ˆ pnlv−  correspond to the repression abilities of human miRNA 
l to inhibit human-gene k, human-miRNA r, human-lncRNA m, and pathogen-gene n, respectively, in 

human-gene GRN, human-miRNA GRN, human-lncRNA GRN and pathogen-gene GRN. ˆH
kmh  and ˆ Pnmw  

indicate the regulatory abilities of human lncRNA m to regulate human-gene k and pathogen-gene n, 
respectively, in human-gene GRN and pathogen-gene GRN. All of these estimated interactions and 
regulations compose of the combined network matrix H. Note that if connections or regulations have been 
removed via AIC or not been built in candidate GEIN via big data mining, the corresponding parameters 
in matrix H are padded with zero.  

We thereby extract the core components in the real GEIN by PNP approach, which is a significant 
network structure projection approach on the basis of the principal singular values to reduce network 
dimension via deleting insignificant structures. Accordingly, the combined network matrix H can be 
denoted by singular value decomposition form below, 

TH U D V= × ×  (37) 

where    (2 2 ) ( )I J L M I J L MU + + + × + + +∈ ;   
( ) ( )I J L M I J L MV + + + × + + +∈         and 

1( , , , )s I J L MD d d d + + += … …diag  is the diagonal matrix of 1 2, , , , ,s I J L Md d d d + + +… …  

which includes the I+J+L+M singular values of the combined network matrix H in descending order, i.e., 

1 s I J L Md d d + + +≥…≥ ≥…≥ . Note that diag (d1, d2) signifies the diagonal matrix of d1 and d2. However, 

we can define the eigen expression fraction (Es) as the normalization of singular values, 

2

2

1

, s 1,2,...,s
s I J L M

s
s

dE I J L M
d

+ + +

=

= = + + +


 
 

(38) 

From the viewpoint of energy, we need to keep the main system energy of the whole network structure 
in the PNP projection. Therefore, we choose the minimum Z such that ∑Z 

s=1Es≥0.85, that is, the top Z singular 
vectors of network matrix H containing 85% network structure of GEIN which is composed of these top Z 
principal components from the viewpoint of energy. Next, we define the projection of H to the top Z 
singular vectors of U and V, respectively, as follows, 
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( ) ,: :,,
1, , 2 2  and 1, , Z

R

T
R w s

R

V w s h v

w I J L M s

= ×

= + + + = 
 

 

 

(39) 

where ,:Rw
h and :,

T
sv  denote the the w 

Rth row of H and the sth row of V, respectively. Eventually, 

we define and apply the 2-norm projection value of each node, including gene, miRNA, lncRNA 
and protein in the real GEIN to the top Z right-singular vectors and left-singular vectors in the 
following, 

( ) ( )
1 2

2

1
, ,  

1, , 2 2

Z

R R R
s

R

D w V w s

w I J L M
=

 =     
= + + +




 

 

 

 

(40) 

The meaning of (40) is that the closer projection value D (w 
R) approaches zero, the much more 

unimportant to corresponding w 
R node within the core network composed of the top Z singular vectors. In 

other words, the larger the projection value is, the more contribution made by the node to the core network. 
Consequently, we can extract core HPCNs from the real GEIN of the C. albicans SC5314 and C. albicans WO-
1 infection, respectively, by evaluating the projection value of each node in (40). Since the aim of this study 
is considered to identify the common and specific pathogenic mechanisms of infection progression of C. 
albicans SC5314 and WO-1, we target the core host/pathogen proteins with the highest projection value, and 
their connecting TF/miRNA/lncRNA to form the core cross-talk pathways in respect of KEGG pathways so 
that we can systematically investigate pathogenic mechanisms for drug design. 
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