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SUPPLEMENTARY TEXT

Simulation experiments

In this section, we performed three simulation 
experiments to evaluate LncSubpathway method. The 
simulation datasets were generated from two genetic 
systems each with 150 genes and 50 lncRNAs. 

Simulated two pathway structure models

In the two genetic systems, one had a linear 
pathway with 20 genes (nodes) which are interacted as 
a linear fashion (Supplemantary Figure 6A); the other 
had an ERBB signaling pathway with 43 genes (nodes) 
which are interacted as the same manner in ERBB 
signaling pathway of KEGG database (Supplemantary 
Figure 6B). For each simulation case, we simulated the 
lncRNA-PCG interaction network by generating random 
network and simulated the matched lncRNA, mRNA 
expression profile by using the multivariate normal 
distribution model. And then applied LncSubpathway 
to locate subpathways associated with dysregulated 
lncRNAs. Details of each simulation experiment were 
as follows.

Generation of lncRNA-PCG interaction network

In each of these two genetic system, we 
assumed that there have 150 background genes and 
50 background lncRNAs. To generate the simulated 
lncRNA-PCG interaction network, we firstly defined 
two parameter vectors: (1) the degree of PCG nodes in 
the generated network varying from 1 to 5; (2) weight 
vector (0.6,0.25,0.1,0.025,0.025), which determined the 
corresponding probability of degree (1,2,3,4,5) for each 
PCG nodes. In detail, for each of these 150 genes in the 
given genetic system, we randomly defined the degree of a 
given gene from 1 to 5 according to the probability vector 
(0.6,0.25,0.1,0.025,0.025). Then, we randomly selected 
the number of lncRNAs from background according to 
the degree determined in the above and connected these 
lncRNAs to this gene. In this study, for each simulation 
case and repeats, the lncRNA-PCG interaction network 
were regenerate.

Generation of background PCG-PCG interaction 
edges

In order to evaluate the significance P-value of 
pathway in each simulation, we also need a background 
edge set. To do this, we firstly removed genes in the 
focused pathway (Linear or ERBB) from the 150 
background genes and thus the number of retained genes 
is v. Then, we randomly selected 2*v edges from the all 
possible gene pairs constructed by the v retained genes as 
background PCG-PCG interaction edges to evaluate the 
significance of located subpathways.

Generation of matched lncRNA/mRNA expression 
profiles

The expression profiles of two sample groups of 
equal size N were simulated from P-dimensional normal 
distributions N(μ1,Σ 1) and N(μ2,Σ 2)representing 
two biological conditions (e.g. Normal versus Tumor).
In this simulation, P is the total number of background 
genes and lncRNAs. Mean vector μ1 were generated as 
uniform and random variables in interval (0.1,10) and Σ 
1 is a unit matrix. The definition of parameter μ2 and Σ 2 
were different according to different purpose of simulation 
experiments. The detail value of μ1,Σ 1,μ2 and Σ 2 were 
defined as follows. Sample size N is chosen among 
(250,300,500) in each simulation experiments.

Simulation I is to characterize LncSubpathway with 
varying parameters such as sample size, differentiality of 
lncRNAs/PCGs and differentiality of interactions between 
PCG-PCG within pathway and interactions between 
lncRNAs and PCGs of pathway. The aim of this simulation 
experiment is to show that the node (edge) weight of 
pathway increases and corresponding significance P-value 
decreases as the increase of node (edge)differentiality 
associated with the pathway.

Node change

To explore how the change of lncRNAs/PCGs impact 
the weight and significance P-value of located subpathways, 
we generated the matched lncRNA/mRNA expression 
profiles as follows. Firstly, we defined the parameters used 
in this section including n andp; where n is the fold change 
of differential PCGs or lncRNAs, p is the proportion of 



differential PCGs or lncRNAs.For the P-dimensional normal 
distributions N(μ1,Σ 1) and N(μ2,Σ 2), mean vector μ1 were 
generated as uniform and random variables in interval 
(0.1,10) and Σ 1 is a unit matrix.Σ 2 is defined to equal 
Σ1.The elements of mean vector μ2 is defined as follows:
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The simulation experiments were performed on 
changes of PCGs within pathway, changes of lncRNAs 
and changes of both PCGs and lncRNAs, respectively. 
For simulation experiments that focused on changes of 
PCGs within pathway, we randomly selectedp proportion 
of PCGs within the focused pathway (Linear or ERBB) 
as differential PCGs. For simulation experiments 
that focused on changes of lncRNAs, we randomly 
selectedp proportion of lncRNAs that interacted with 
PCGs within the focused pathway (Linear or ERBB) 
as differential lncRNAs. For simulation experiments 
that focused on changes of both PCGs and lncRNAs, 
we randomly selectedp proportion of PCGs within the 
focused pathway (Linear or ERBB) and p proportion of 
lncRNAs that interacted with PCGs within the focused 
pathway as differential nodes.The parameter n controls 
the strength of change, which varied from 2 to 7 with 0.5 
interval. The proportion of differential interactions p also 
varied from 0.1 to 0.9 with 0.1 interval.Onesimulation 
case refers as one combination of each parameter. For 
example, simulation case (n = 2.0, p = 0.1 and N = 250) 
represent that 10% percentage of PCGs in the pathway or 
lncRNAs that interacted with the pathway PCGs were 2 
Fold-changed and other PCGs (lncRNAs) in the genetic 
system were not changed, the generated expression 
profiles with 250 samples. For each simulation case, the 
LncSubpathway method was repeated 100 times.

More specifically, in order to highlight the impact of 
change lncRNAs on the weight and significance P-value 
of located subpathway, inthesimulation experiments 
that focused on changes of lncRNAs, we modified the 
generation of lncRNA-PCG association network step: 
(i) Firstly, we randomly selected 15 lncRNAs from the 
background lncRNAs; (ii) we constructed the lncRNA-
PCG associations between these 15 lncRNAs and PCGs 
in focused pathway (Linear or ERBB) based on the same 
strategy used in above; (iii) associations between the other 
lncRNAs and PCGs not in the pathway were connected 
by the above strategy; (iv) the above two lncRNA-PCG 

interaction sets were connected as the final generated 
lncRNA-PCG association network.

Edge change

To explore how the change of interactions between 
PCGs within pathway and interactions between lncRNAs 
and their regulated pathway PCGs impact the weight 
and significance P-value of located subpathways, we 
performed the following simulations.

In the simulation experiment, the “Generation of 
matched lncRNA/mRNA expression profiles” step, the 
parameter setting were as follows:

Firstly, we defined the parameters used in this 
section including e, p and N; where e is the change 
value of differential interactions, p is the proportion of 
differential interactions and N is the number of samples in 
the simulation profiles.Two sample groups of equal size N 
were simulated from P-dimensional normal distributions 
N(μ1, Σ1) and N(μ2, Σ2)representing two biological 
conditions (e.g. Normal versus Tumor).In this simulation, 
P is the total number of background genes and lncRNAs. 
Mean vector μ1 were generated as uniform and random 
variables in interval (0.1,10) and values in μ2 is 2 fold of 
the corresponding value in μ1. The matrixΣ 1 is defined 
as a unit matrix. The elements of matrix Σ 2 is defined as 
follows:

1,                                                                                               
,                 

0,                           
ij ji

if i j
e if thecorrelationbetweeni and j is differentialσ σ

=
= =

                                                            otherwise







 (2)

For matrix Σ2, column sumsare computed from the 
absolute values of matrix entries, and thecorresponding 
diagonal element is set to the sum plus a smallconstant 
(0.0001). Then,diagonal elements of matrix Σ1 were 
assigned the same as that of Σ2.

The simulation experiments were performed on 
changes of interactions between PCGs within pathway, 
changes of interactions between lncRNAs and pathway 
PCGs and changes of both of these two interaction types, 
respectively. Forsimulation experiments that focused on 
changes of interactions between PCGs within pathway, 
we randomly selectedp proportion of edges within 
the focused pathway (Linear or ERBB) as differential 
interactions. For simulation experiments that focused on 
changes of interactions between lncRNAs and pathway 
PCGs, we randomly selectedp proportion of interactions 
between lncRNAs and the focused pathway (Linear or 
ERBB) PCGs as differential interactions.For simulation 
experiments that focused on changes of both of these 
two interaction types, we randomly selectedp proportion 
of edges within the focused pathway (Linear or 
ERBB) PCGs and p proportion of interactions between 
lncRNAs and the focused pathway PCGs as differential 
interactions. The parameter e controls the strength of 
correlation between PCGs within pathway or the strength 
of correlation between lncRNAs and their regulated 



pathway PCGs, which varied from 0.1 to 0.9 with 0.1 
interval. The proportion of differential interactions p also 
varied from 0.1 to 0.9 with 0.1 interval.

Simulation II is to evaluate the false positive rate 
of LncSubpathway. We evaluated the false positive rates 
of LncSubpathway using two simulation strategies to 
generate the simulated expression dataset, which were 
used in the study of Choi et al. [1] and the study of 
Goel et al. [2] to evaluate the false positive rates of their 
methods, respectively. The detailed description of these 
two methods were as follows. 

The first strategy for generation of simulated 
expression profile is similar with the study of Choi et al.. 
The expression profiles of two sample groups of equal size 
N were simulated from P-dimensional normal distributions 
as described in the ‘Generation of matched lncRNA/
mRNA expression profiles’ section. In detail, mean vector 
μ1 were generated as uniform and random variables in 
interval (0.1,10). For matrix Σ1,off-diagonal positions 
in the upper triangular portion of the matrix are filled in 
with random draws from a uniform distribution between 
−1 and 1. The lower triangularportion is filled in to create 
a symmetric matrix.Column sums are computed from the 
absolute values of matrix entries, and thecorresponding 
diagonal element is set to the sum plus a smallconstant. 
In this study, the constant is set as 0.0001.Σ2 is defined to 
equal Σ1 and μ2 is defined to equal μ1.The sample size N 
was chose among (250,300,500). For each sample size, the 
simulation experiment was repeated 1000 times for each 
model pathway (Linear or ERBB). False positive rates 
were estimated by the observed proportion ofreplicates 
with a P-value < 0.01.

The second strategy for generation of simulated 
expression profile is similar with the study of Goel et al..
In detail, mean vector μ1 were generated as uniform and 
random variables in interval (0,10). For matrix Σ1, the 200 
diagonal elements were generated as uniform and random 
variables in interval (1, 10).The off-diagonal elements of 
the matrix werevaried with a correlation (r) of 0.1, 0.2, 
0.3, 0.4, 0.5, 0.6, 0.7, 0.8 and 0.9.The sample size N was 
also chosen among (250,300,500). The simulation dataset 
were generated 100 replicates under each condition (e.g. N 
= 250, r = 0.1).False positive rates were estimated by the 
observed proportion ofreplicates with a P-value < 0.01.

Simulation III aims to evaluate whether 
LncSubpathway can accurately locate dysregulated 
subpathway regions that mediated by interesting 
lncRNAs. We firstly assumed one subpathway region in 
Linear pathway (Supplementary Figure 1A) and three 
subpathway regions in ERBB pathway (Supplementary 
Figure 1B) was dysregulated and other regions within 
pathway was not altered. Three regions in ERBB pathway 
was analyzed separately. Then, the simulation experiments 
that respectively focused on these four subpathway regions 
were performed. To illustrate how the simulated dataset 
generated, we take the ERBB subpathway region 1 shown 
in Supplementary Figure 1B as example.The simulated 
dataset make that PCGs within the ERBB subpathway 

region 1 and lncRNAs regulated these PCGs were all 
with fold-change n and other lncRNAs and PCGs were 
have equal expression mean value under two conditions. 
At the same time, correlation of all edges within the 
subpathway region and interactions between PCGs in 
subpathway and lncRNAs were differential with e, while 
other interactions and edges were not. The generation 
of simulation expression profiles that satisfy the above 
situations is as follows. Mean vector μ1 were generated as 
uniform and random variables in interval (0.1,10) and Σ1 
is a unit matrix. The elements of mean vector μ2 is defined 
as follows:
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Where i is a PCG or lncRNA, 1
iµ is the value of i in 

mean vector μ1, PCG
dS is the differential PCG set and Lnc

dS
is the differential lncRNA set. The elements of matrix Σ 2 
is defined as equation (2). For matrix Σ2, column sumsare 
computed from the absolute values of matrix entries, and 
thecorresponding diagonal element is set to the sum plus a 
smallconstant (0.0001). Then, diagonal elements of matrix 
Σ1 were assigned the same as that of Σ2.Sample size N 
were chosen among (250, 300,500). Parameter nvaried 
among 1.15,1.5,2.0,2.5,3.0,3.5,4.0,4.5,5.0,5.5,6.0,6.5 and 
7.0; while e varied 0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8 and 0.9. 
The simulation dataset were generated 100 replicates under 
each condition (e.g. N = 250, n = 2 and e = 0.1).For each 
repeat, we calculated the ratio of genes involved in the 
ERBB subpathway region 1 that recovered in the located 
subpathway. Average value for repeats under each 
simulation case were used to evaluate the accuracy of 
LncSubpathway to locate dysregulated subpathway 
regions.
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Supplementary Figure 1: Predefined dysregulated subpathway regions for evaluating the effectiveness of 
LncSubpathway based on simulation datasets. (A) The shaded region is the predefined dysregulated subpathway region in the 
linear pathway structure model. (B) The three shaded regions are the predefined dysregulated subpathway regions in the ERBB pathway 
structure model.



Supplementary Figure 2: Node weights within the FOXO subpathway region were higher than the background PCGs.



Supplementary Figure 3: The degree of change for correlations (edge weights) within the purine subpathway region 
was higher than the background.



Supplementary Figure 4: Two subpathway regions identified within PI3k-AKT signaling pathway for luminal B and 
HER2 subtypes. Nodes for PCGs within the luminal B-associated subpathway region are marked in red, and nodes belonging to the 
HER2-associated subpathway region are marked in yellow.



Supplementary Figure 5: Mean ratios for the top 20 subpathways recalled after randomly deleting either n% of the 
lncRNAs (PCGs) from the expression profiles, n% of the edges within the pathways, or n% of the edges from the 
lncRNA-PCG association network; n varied from 5 to 30 in increments of 5. Left: robustness analysis based on the tumor and 
normal subset of SRP029880. Right: robustness analysis based on the tumor and metastasis subset of SRP029880. Deletion profile GL: the 
lncRNA and PCG profiles were simultaneously deleted; Deletion profile G: only the PCG profile was deleted; Deletion profile L: only the 
lncRNA profile was deleted.



Supplementary Figure 6: Pathway models used in simulation studies. (A) Linear pathway structure model with 20 nodes/genes, 
each of which is associated with one gene. (B) ERBB pathway structure model; the interaction of nodes/genes is the same as the ERBB 
signaling pathway in the KEGG database.



Supplementary Table 1: Dysregulated subpathways that associated with risk lncRNAs in colorectal 
cancer (FDR < 0.05)

PathwayID PathwayName ComponentNum P valueNode P valueEdge P value
combined

FDR
combined Reference

path:00230_1 Purine metabolism 23/23/17 0.477 < 0.001 < 0.001 < 0.001 [3, 4]

path:00240_1 Pyrimidine metabolism 19/17/14 0.91 < 0.001 < 0.001 < 0.001 [5]

path:04014_3 Ras signaling pathway 2/6/2 < 0.001 0.8 < 0.001 < 0.001 [6–8]

path:04015_3 Rap1 signaling pathway 12/10/6 0.294 < 0.001 < 0.001 < 0.001 [9, 10]

path:04015_4 Rap1 signaling pathway 3/4/1 < 0.001 0.659 < 0.001 < 0.001 [9, 10]

path:04020_1 Calcium signaling pathway 23/16/11 0.962 < 0.001 < 0.001 < 0.001 [11, 12]

path:04068_1 FoxO signaling pathway 27/19/12 < 0.001 0.344 < 0.001 < 0.001 [13–16]

path:04070_1 Phosphatidylinositol signaling system 11/4/3 0.215 < 0.001 < 0.001 < 0.001 [17, 18]

path:04110_1 Cell cycle 36/34/14 < 0.001 0.064 < 0.001 < 0.001 [19, 20]

path:04115_1 p53 signaling pathway 23/27/13 < 0.001 0.985 < 0.001 < 0.001 [21–23]

path:04141_1 Protein processing in endoplasmic 
reticulum 11/9/4 < 0.001 1 < 0.001 < 0.001 –

path:04151_1 PI3K-Akt signaling pathway 73/47/25 < 0.001 0.102 < 0.001 < 0.001 [24–26]

path:04151_3 PI3K-Akt signaling pathway 12/9/6 0.959 < 0.001 < 0.001 < 0.001 [24–26]

path:04380_2 Osteoclast differentiation 2/2/1 < 0.001 0.843 < 0.001 < 0.001 –

path:04380_3 Osteoclast differentiation 9/5/4 0.192 < 0.001 < 0.001 < 0.001 –

path:04510_1 Focal adhesion 22/14/9 0.768 < 0.001 < 0.001 < 0.001 [27, 28]

path:04510_2 Focal adhesion 7/9/3 < 0.001 0.379 < 0.001 < 0.001 [27, 28]

path:04620_1 Toll-like receptor signaling pathway 8/9/5 < 0.001 0.88 < 0.001 < 0.001 [29, 30]

path:04630_2 Jak-STAT signaling pathway 16/10/7 0.03 < 0.001 < 0.001 < 0.001 [31–33]

path:04728_2 Dopaminergic synapse 3/3/2 0.002 0.007 1.40E–05 0.00071 –

path:04390_2 Hippo signaling pathway 8/9/6 0.188 0.001 0.000188 0.0093 [34, 35]

path:04012_2 ErbB signaling pathway 2/2/1 0.001 0.451 0.000451 0.0216 [36, 37]

path:04723_1 Retrograde endocannabinoid signaling 14/9/8 0.477 0.001 0.000477 0.0222 –

path:04064_1 NF-kappa B signaling pathway 13/17/9 0.001 0.781 0.000781 0.0354 [38,39]

path:04920_1 Adipocytokine signaling pathway 4/6/3 0.002 0.462 0.000924 0.0407 –

path:04621_1 NOD-like receptor signaling pathway 18/11/7 0.001 0.973 0.000973 0.0418 [40, 41]

path:04917_2 Prolactin signaling pathway 17/15/9 0.004 0.251 0.00100 0.0420 [42]



Supplementary Table 2: Dysregulated subpathways that associated with risk lncRNAs in breast 
cancer Luminal Asubtype (FDR < 0.05)

PathwayID Pathway Name Component Num P value Node P value 
Edge

P value 
combined FDR combined

path:00040_1 Pentose and glucuronate interconversions 3/2/1 < 0.001 0.172 < 0.001 < 0.001

path:00053_1 Ascorbate and aldarate metabolism 3/2/1 < 0.001 0.837 < 0.001 < 0.001

path:00230_2 Purine metabolism 8/7/6 0.844 < 0.001 < 0.001 < 0.001

path:00860_1 Porphyrin and chlorophyll metabolism 7/4/2 < 0.001 0.425 < 0.001 < 0.001

path:04014_2 Ras signaling pathway 18/23/10 0.417 < 0.001 < 0.001 < 0.001

path:04015_1 Rap1 signaling pathway 41/37/19 0.244 < 0.001 < 0.001 < 0.001

path:04020_1 Calcium signaling pathway 15/15/12 0.171 < 0.001 < 0.001 < 0.001

path:04110_3 Cell cycle 15/23/6 0.006 < 0.001 < 0.001 < 0.001

path:04151_4 PI3K-Akt signaling pathway 4/16/3 < 0.001 0.731 < 0.001 < 0.001

path:04310_1 Wnt signaling pathway 35/37/21 0.486 < 0.001 < 0.001 < 0.001

path:04380_2 Osteoclast differentiation 14/20/6 < 0.001 0.957 < 0.001 < 0.001

path:04510_1 Focal adhesion 22/25/14 0.74 < 0.001 < 0.001 < 0.001

path:04510_4 Focal adhesion 38/54/22 < 0.001 0.026 < 0.001 < 0.001

path:04630_1 Jak-STAT signaling pathway 33/40/21 0.297 < 0.001 < 0.001 < 0.001

path:04915_1 Estrogen signaling pathway 26/36/17 < 0.001 0.2 < 0.001 < 0.001

path:04144_1 Endocytosis 17/24/9 0.017 0.004 6.80E–05 0.00378

path:04014_3 Ras signaling pathway 4/3/1 0.022 0.015 0.00033 0.0177

path:00983_2 Drug metabolism - other enzymes 3/2/1 0.002 0.173 0.000346 0.0179

path:04151_5 PI3K-Akt signaling pathway 10/14/7 0.359 0.001 0.000359 0.0179

path:00140_1 Steroid hormone biosynthesis 4/3/2 0.009 0.059 0.000531 0.0256

path:04540_2 Gap junction 11/15/6 0.003 0.191 0.000573 0.0267

Supplementary Table 3: Dysregulated subpathways that associated with risk lncRNAs in breast 
cancer Luminal B subtype (FDR < 0.05)

PathwayID PathwayName ComponentNum P valueNode P valueEdge P valuecombined FDRcombined

path:04015_3 Rap1 signaling pathway 12/13/9 0.38 < 0.001 < 0.001 < 0.001

path:04110_2 Cell cycle 18/28/7 < 0.001 0.674 < 0.001 < 0.001

path:04151_1 PI3K-Akt signaling pathway 30/28/14 < 0.001 0.82 < 0.001 < 0.001

path:04350_1 TGF-beta signaling pathway 21/23/11 < 0.001 0.951 < 0.001 < 0.001

path:04380_2 Osteoclast differentiation 3/13/3 < 0.001 0.977 < 0.001 < 0.001

path:04510_4 Focal adhesion 6/6/1 < 0.001 0.747 < 0.001 < 0.001

path:04664_2 Fc epsilon RI signaling pathway 7/8/1 < 0.001 0.938 < 0.001 < 0.001

path:04919_1 Thyroid hormone signaling pathway 5/8/1 < 0.001 0.498 < 0.001 < 0.001

path:04110_3 Cell cycle 10/19/6 0.002 0.012 2.40E–05 0.00341



Supplementary Table 4: Dysregulated subpathways that associated with risk lncRNAs in breast 
cancer Her2 subtype (FDR < 0.05)

PathwayID PathwayName ComponentNum P valueNode P valueEdge P valuecombined FDRcombined

path:00140_1 Steroid hormone biosynthesis 11/8/7 0.684 < 0.001 < 0.001 < 0.001

path:00380_1 Tryptophan metabolism 5/3/2 0.524 < 0.001 < 0.001 < 0.001

path:00591_1 Linoleic acid metabolism 3/1/1 0.927 < 0.001 < 0.001 < 0.001

path:04020_1 Calcium signaling pathway 24/24/17 0.738 < 0.001 < 0.001 < 0.001

path:04068_1 FoxO signaling pathway 43/75/18 < 0.001 0.043 < 0.001 < 0.001

path:04110_2 Cell cycle 37/64/14 < 0.001 0.004 < 0.001 < 0.001

path:04115_1 p53 signaling pathway 24/52/11 < 0.001 0.999 < 0.001 < 0.001

path:04150_2 mTOR signaling pathway 2/15/2 < 0.001 0.638 < 0.001 < 0.001

path:04151_6 PI3K-Akt signaling pathway 15/45/7 < 0.001 0.144 < 0.001 < 0.001

path:04151_7 PI3K-Akt signaling pathway 15/21/7 0.201 < 0.001 < 0.001 < 0.001

path:04510_6 Focal adhesion 3/18/1 < 0.001 0.002 < 0.001 < 0.001

path:04530_6 Tight junction 4/7/1 < 0.001 0.935 < 0.001 < 0.001

path:04922_1 Glucagon signaling pathway 19/20/14 0.816 < 0.001 < 0.001 < 0.001

path:04530_5 Tight junction 2/1/1 0.145 0.003 0.000435 0.0286

path:04917_3 Prolactin signaling pathway 6/18/3 0.016 0.027 0.000432 0.0286

path:00230_2 Purine metabolism 2/10/2 0.002 0.284 0.000568 0.0345

path:04015_2 Rap1 signaling pathway 14/18/11 0.564 0.001 0.000564 0.0345

path:04261_1 Adrenergic signaling in cardiomyocytes 27/23/14 0.06 0.01 6.00E–04 0.0351

path:00980_1 Metabolism of xenobiotics by cytochrome 
P450 8/7/6 0.714 0.001 0.000714 0.0403

path:04713_1 Circadian entrainment 27/28/19 0.163 0.005 0.000815 0.0444

path:04510_4 Focal adhesion 14/34/9 0.148 0.006 0.000888 0.0468



Supplementary Table 5: Dysregulated subpathways that associated with risk lncRNAs in breast 
cancer basal-like subtype (FDR < 0.05)
PathwayID PathwayName ComponentNum P valueNode P valueEdge P valuecombined FDRcombined

path:00230_1 Purine metabolism 22/32/17 0.703 < 0.001 < 0.001 < 0.001

path:00500_2 Starch and sucrose metabolism 13/7/3 0.748 < 0.001 < 0.001 < 0.001

path:04014_3 Ras signaling pathway 17/36/9 0.137 < 0.001 < 0.001 < 0.001

path:04015_5 Rap1 signaling pathway 5/13/3 0.091 < 0.001 < 0.001 < 0.001

path:04020_2 Calcium signaling pathway 9/11/8 0.672 < 0.001 < 0.001 < 0.001

path:04024_6 cAMP signaling pathway 2/13/1 < 0.001 0.688 < 0.001 < 0.001

path:04062_1 Chemokine signaling pathway 29/35/17 0.526 < 0.001 < 0.001 < 0.001

path:04068_2 FoxO signaling pathway 21/86/9 < 0.001 0.474 < 0.001 < 0.001

path:04068_3 FoxO signaling pathway 5/13/3 < 0.001 0.764 < 0.001 < 0.001

path:04110_1 Cell cycle 34/98/11 < 0.001 0.025 < 0.001 < 0.001

path:04115_1 p53 signaling pathway 35/92/16 < 0.001 1 < 0.001 < 0.001

path:04151_1 PI3K-Akt signaling pathway 46/121/15 < 0.001 0.971 < 0.001 < 0.001

path:04151_3 PI3K-Akt signaling pathway 16/33/8 0.078 < 0.001 < 0.001 < 0.001

path:04151_6 PI3K-Akt signaling pathway 14/23/9 0.568 < 0.001 < 0.001 < 0.001

path:04310_3 Wnt signaling pathway 10/47/7 < 0.001 0.219 < 0.001 < 0.001

path:04510_1 Focal adhesion 77/145/30 < 0.001 < 0.001 < 0.001 < 0.001

path:04512_1 ECM-receptor interaction 39/48/17 0.668 < 0.001 < 0.001 < 0.001

path:04630_1 Jak-STAT signaling pathway 31/67/16 0.258 < 0.001 < 0.001 < 0.001

path:04917_1 Prolactin signaling pathway 13/55/8 < 0.001 0.778 < 0.001 < 0.001

path:04014_4 Ras signaling pathway 2/21/2 0.002 0.146 0.000292 0.0184

path:04919_2 Thyroid hormone signaling pathway 33/93/18 0.002 0.25 5.00E–04 0.0304

path:04144_1 Endocytosis 9/18/5 0.103 0.008 0.000824 0.0484



Supplementary Table 6: The detail information of 28 RNA-Seq datasets used for construction 
lncRNA-mRNA association network

Index Sample number SRA accession ID
1 10 ERP000418
2 31 SRP005408
3 64 ERP000546
4 20 SRP002079
5 11 SRP005411
6 29 ERP000550
7 8 SRP006676
8 10 ERP000573
9 30 SRP002628
10 11 SRP006731
11 12 ERP000710
12 8 SRP003611
13 16 SRP007338
14 18 ERP000992
15 7 SRP003767
16 9 SRP007494
17 6 SRP000302
18 6 SRP004879
19 16 SRP010166
20 6 SRP000626
21 8 SRP004903
22 31 SRP010280
23 16 SRP000727
24 26 SRP005169
25 10 SRP010483
26 6 SRP001119
27 21 SRP005242
28 11 SRP013224


