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1.1. Systems modeling for the candidate GEN 

In gene regulatory network, lncRNAs play a critical role to 

affect the downstream and upstream regulation of genes. The 

expression level of an lncRNA is regulated by its regulatory 

TFs/proteins, lncRNAs and miRNAs. The network is further 

defined as lncRNA regulatory sub-network (LRN). The lncRNA 

regulatory equation is shown as below: 
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where [ ]kx n  is the expression level of the kth lncRNA; 

[ ]sp n , [ ]tx n  and [ ]ur n  indicate the expression levels of 

regulatory TFs/proteins, lncRNAs and the miRNAs, respectively; 

kse  denotes the transcription regulatory ability of the sth TF to 

the kth lncRNA; ktf  represents the transcription regulatory 

ability of the tth lncRNA to the kth lncRNA; kuh  is the post-

transcriptional regulatory ability of the uth miRNA to inhibit the 

kth lncRNA; kS  denotes the total number of TFs binding to the 

kth lncRNA; kT  indicates the total number of lncRNAs binding 

to the kth lncRNA; kU  denotes the total number of miRNAs 

inhibiting the kth lncRNA; ,k LRN  stands for the basal level to 

the kth lncRNA; , [ ]k LRN n  shows the stochastic noise coming 

from the modeling residue and fluctuation in the kth lncRNA; K 

and N is the number of lncRNAs and patient samples, 

respectively. 

In the same way, to express the interactions among 

miRNAs, TFs/proteins and lncRNAs, we construct a candidate 

miRNA regulatory sub-network (MRN). MiRNA regulatory 

equation is shown in the following: 
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where [ ]lr n  is the expression level of the lth miRNA; 

[ ]sp n , [ ]tx n  and [ ]ur n  represent the expression levels of 

regulatory TFs/proteins, lncRNAs and miRNAs, respectively; 

lsq  indicates the transcription regulatory ability of the sth TF to 

the lth miRNA; ltv  shows the transcription regulatory ability of 

the tth lncRNA to the lth miRNA; luw  is the post-transcriptional 

regulatory ability of the uth miRNA to inhibit the lth miRNA; lS  

denotes the total number of TFs binding to the lth miRNA; lT  

represents the total number of lncRNAs binding to the lth 



miRNA; lU  is the total number of miRNAs inhibiting the lth 

miRNA; ,l MRN  demonstrates the basal level of the lth miRNA; 

, [ ]l MRN n  shows the stochastic noise coming from the modeling 

residue and fluctuation in the lth miRNA; L and N are the 

number of miRNAs and patient samples, respectively. 

1.2. Systems identification to the candidate GEN via microarray data 

of early and later stage AD  

Assisted with the corresponding microarray data, we apply 

systems identification to estimate interactive and regulatory 

parameters. The equation (s1) can be rewritten in the following: 
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where , [ ]T

k LRN n  is the regression vector, which can obtain 

from the microarray data. Moreover, ,k LRN  indicates unknown 

parameter vector that have to be estimated in the LRN. There are 

N  samples in AD microarray data. The regression form could 

be extended as: 
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which could be simply described as 

, , ,k k LRN k LRN k LRNX =   + 
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where 
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Therefore, by solving the following constrained linear least-

squares parameter estimation problem in (s6), we could have the 

estimated regulatory parameters in the vector ,k LRN . 
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According to the above constraint, the lncRNA regulatory 

parameters, kuh , are guaranteed to be positive by the inequality 

equation in (s6). That is 0kuh   for 1,2,..., ku U=  in the 

equation (s1). 

Similarly, the miRNA regulatory equation in (s2) could be 

rewritten as below: 
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where , [ ]T

l MRN n  shows the regression vector that could be 

obtained from the microarray data, and ,l MRN  denotes the 

unknown parameter vector, which have to be estimated. Since 

there are N  samples in AD microarray data, the equation (s7) is 

extended as below: 
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which could be simplified in the following: 

, , ,l l MRN l MRN l MRNR =   + 
 (s9) 



where 

, ,

, ,

, ,

[1] [1] [1]

,  ,  

[ ] [ ] [ ]

T

l l MRN l MRN

l l MRN l MRN

T

l l MRN l MRN

r

R

r N N N

 

 

    
    

=  =  =    
         . 

Then, the regulatory parameters in the vector ,l MRN  are 

estimated by solving the constrained linear least-squares 

estimation problem in (s10). 
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By setting the constraint by the inequality equation in the 

equation (s10), we can ensure 

the miRNA repression parameters, luw , to be positive. In 

other words, it ensures that 0 luw  for 1, 2,..., lu U=  in the 

equation (s2). 

1.3. System order detection scheme for obtaining real GEN of early 

and later stage AD 

The AIC for the kth lncRNA is defined as below: 
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where ,
ˆ
k LRN  is computed by solving the equation (s6). 

( ) ( ), , , ,

1 ˆ ˆ
T

k k LRN k LRN k k LRN k LRNX X
N

 −   −   is the 

estimated residual error. To get the real system order, we have to 

find the optimal 
*

kS , 
*

kT , and 
*

kU  making 
* * *( , , )k k k kAIC S T U  

achieves the minimum. The insignificant regulations by the kth 

lncRNA would be eliminated. 

In the same way, the AIC for the lth miRNA is defined in the 

following: 
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where ,
ˆ
l MRN  indicates the estimated parameter vector, 

which can be obtained from solving the equation (s10). 

( ) ( ), , , ,

1 ˆ ˆ
T

l l MRN l MRN l l MRN l MRNR R
N

 −   −   is the 

estimated residual error. For the lth miRNA, we have to find the 

optimal 
*

lS , 
*

lT , and
*

lU  leading 
* * *( , , )l l l lAIC S T U  to be the 

minimum. Moreover, the insignificant regulations, which are out 

of 
*

lS , 
*

lT , and
*

lU , would be regarded as false positives and be 

pruned away from the LRN. 

Table S1. The enriched pathway analysis of core GEN in early stage AD. 

Pathway analysis 

KEGG pathway Numbers p-value 

GABAergic synapse 15 2.30*10-3 

Neurotrophin signaling pathway 12 1.20*10-4 

Toll-like receptor signaling pathway 10 4.50*10-3 

MAPK signaling pathway 9 6.20*10-2 

Wnt signaling pathway 8 3.70*10-3 

Table S2. The enriched pathway analysis of core GEN in later stage AD. 

Pathway analysis 

KEGG pathway Numbers p-value 

Jak-STAT signaling pathway 17 4.60*10-4 

Apoptosis 13 2.70*10-3 

Neurotrophin signaling pathway 9 3.30*10-3 

TNF signaling pathway 7 5.10*10-2 

MAPK signaling pathway 6 1.40*10-2 

 

Figure S1. The identified real genome-wide GENs. Assisted with 

postmortem brain microarray data in (A) early stage AD and (B) later 

stage AD, we pruned the false positives from the candidate GEN to 



obtain real GENs for early and later stage AD, respectively. The grey 

lines represent the interactions between groups, including receptors, 

proteins, miRNAs, TFs, and lncRNAs. 


