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Background: Retinoblastoma (RB) is the most common malignant tumor of the eye in childhood. The objective of this paper
was to investigate carboplatin (CAR)- and melphalan (MEL)-induced dynamic module changes in RB based on
multiple (M) differential networks, and to generate systems-level insights into RB progression.

Material/Methods: To achieve this goal, we constructed M-differential co-expression networks (DCNs), assigned a weight to each
edge, and identified seed genes in M DCNs by ranking genes based on their topological features. Starting with
seed genes, a module search was performed to explore candidate modules in CAR and MEL condition. M-DMs
were detected according to significance evaluations of M-modules, which originated from refinement of can-
didate modules. Further, we revealed dynamic changes in M-DM activity and connectivity on the basis of sig-
nificance of Module Connectivity Dynamic Score (MCDS).

Results: In the present study, M=2, a total of 21 seed genes were obtained. By assessing module search, refinement,
and evaluation, we gained 18 2-DMs. Moreover, 3 significant 2-DMs (Module 1, Module 2, and Module 3) with
dynamic changes across CAR and MEL condition were determined, and we denoted them as dynamic modules.
Module 1 had 27 nodes of which 6 were seed genes and 56 edges. Module 2 was composed of 28 nodes and
54 edges. A total of 28 nodes interacted with 45 edges presented in Module 3.

Conclusions: We have identified 3 dynamic modules with changes induced by CAR and MEL in RB, which might give insights
in revealing molecular mechanism for RB therapy.
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Background

Retinoblastoma (RB) originates from progenitors of retinal sen-
sory cells and is the most common malignant tumor of the eye
in childhood, accounting for about 2-3% of all pediatric malig-
nancies [1]. Its incidence is approximately 1 in 15 000-20 000
live births each year, and 60% of cases are unilateral [2].
Therefore, effective diagnosis and treatment methods of RB
are urgently needed, which mainly comprise enucleation, ex-
ternal beam radiotherapy, thermotherapy, laser photocoagula-
tion, and systemic chemo-reduction [3]. Enucleation is curative
in more than 90% of cases but results in adverse physiologi-
cal and psychological effects [4]. Chemotherapy has become
the forefront of treatment in the past decade, in the search
for globe-preserving measures and to avoid the adverse ef-
fects [5,6]. However, even these sometimes fail to prevent tu-
mor recurrence owing to several factors, such as larger tumor
size, vitreous seedings, age of onset, and family history of
RB [7]. Therefore, insights into molecular mechanisms of anti-
tumor agents, such as carboplatin (CAR) and melphalan (MEL),
and their relationship with the drug-resistant states, would
provide effective options for chemotherapy prevention [8,9].

CAR, cis-diammine(1,1-cyclobutanedicarboxylato)platinum(ll),
belongs to the group of platinum-based antineoplastic agents
and is a chemotherapy drug used against cancers, for exam-
ple, ovarian carcinoma, lung cancers, and RB [10,11]. CAR up-
take triggers activation of DNA repair pathways and, in case
damage is beyond repair, cell cycle arrest and apoptosis [12].
The greatest benefit of CAR is its reduced adverse effects, par-
ticularly the elimination of nephrotoxic effects [13]. Another
common drug agent is MEL, which chemically alters through
alkylation of the DNA nucleotide guanine and causes linkag-
es between strands of DNA [14]. This chemical alteration in-
hibits DNA synthesis and RNA synthesis, which are functions
necessary for cells to survive [15].

The response of RB patients to CAR and MEL is variable, ne-
cessitating identification of biomarkers that can reliably pre-
dict drug sensitivity and resistance. In this study we sought
to identify dynamically controlled genes and modules associ-
ated with drug response in RB.

Material and Methods

Based on gene expression profile, inference of dynamic mod-
ules included 4 steps (Figure 1). The first step was construction
of multiple (M) differential co-expression networks (DCNs), 1
for each condition (Figure 1A). Two genes were connected in
a DCN if they exhibited correlated expression profiles across
conditions and their expression levels were significantly dif-
ferent between the RB and the baseline conditions (normal
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control). The second step was identification of M-modules pres-
ent in M DCNs adapting the M-module algorithm comprised of
seed prioritization, module search by seed expansion, refine-
ment of candidate modules, and calculation of significance of
candidate modules (Figure 1B). Using randomized networks
and multiple testing, the statistical significance of M-modules
was evaluated, and M-modules with P<0.05 were defined as
M-differential modules (DMs) (Figure 1C). Finally, by analyz-
ing M-DMs that were present in multiple conditions, we re-
vealed dynamic changes in M-DM activity and connectivity
on the basis of significance of Module Connectivity Dynamic
Score (MCDS) (Figure 1D), and obtained dynamic modules
across RB conditions.

Recruitment of gene expression data

In the current study, 2 gene expression profiles of RB, with ac-
cessing number E-GEOD-34379 and E-GEOD-34381, were re-
cruited from the online ArrayExpress database, presented on
the A-AFFY-141-Affymetrix GeneChip Human Gene 1.0 ST Array
[HuGene-1_0-st-v1] Platform. In detail, E-GEOD-34379 consist-
ed of 5 samples (4 normal controls and 1 retinoblastoma sam-
ples treated with carboplatin), while E-GEOD-34381 included
4 normal samples and 2 retinoblastoma samples treated with
melphalan. In total, there were 8 normal samples (base condi-
tion), 1 carboplatin-treated sample (CAR condition), and 2 mel-
phalan samples (MEL condition). Therefore, we should note that
M=2 (CAR and MEL) compared to base condition in the present
work, and there were 2 DCNs and 2-DMs. By converting data
of the microarray profile on probe-level into gene symbols,
we obtained a total of 12 329 genes for further exploitation.

Construction of DCN

In this paper, we utilized the global human protein-protein in-
teraction network (PPIN) from the Search Tool for the Retrieval
of Interacting Genes/proteins (STRING) (16), which included
787 896 interactions among 16 730 genes, as the global PPIN
(GPPIN). Taking intersections between genes in the GPPIN
and gene expression profiles, we obtained the background
co-expression networks (BCNs) with 10 954 genes and 355
016 interactions.

Subsequently, these interactions in BCNs were evaluated by
Pearson correlation coefficient (PCC), which evaluated the prob-
ability of 2 co-expressed gene pairs (17). The absolute value of
PCC for an interaction was denoted as 8, we only selected in-
teractions which met to the threshold of & >0.99 and the cor-
responding genes to construct the DCN. The PCC of a pair of
genes (x and y) was calculated as:

1 gni)-g), g -g(y)
PCC(w)—S_lZ,-:A o0 ( o) )
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Figure 1. The scheme flow for inference of dynamic modules in UM. (A) Construction of M DCNs; (B) Identification of M-modules; (C)
Detection of M-DMs; (D) Connectivity dynamics of shared M-DMs.

Where s was the number of samples of the gene expression
data; g(x, i) or g(y, i) was the expression level of gene x or y in
the sample i under a specific condition; g(x) or g(y) represented
the mean expression level of gene x or y and g(x) or g(y) repre-
sented the standard deviation of expression level of gene x (or y).

At last, weights were assigned to edges in the DCNs, before

which the g value of differential gene expression between the

CAR, MEL, and baseline condition was calculated by one-sid-

ed t-test (18). The weight Wx,y on edge (x, y) in the M DCNs

was defined as follows:

(logq. + logq,)'"”

(2 * max,ey|logq, N2’

o0, If PCC(x,y) <&

If PCC(x,y) =6
W,, = fPCC(x,y)

Where gx and gy represented q values for genes x and y, re-
spectively; V was the node set of the co-expression network,
and PCC (x, y) was the absolute value of PCC between genes
x and y based on their expression profiles.

In M DCNs, the node sets (V) were the same, but the edge
sets (E,) were different, thus they were expressed as G,=(V,
E) (1<ksM). When adding the weight (ley) on the edge e(x,
y) to G,, a 3-dimensional matrix A=(0cxyk)nxan was produced. An
M-DM (C) was defined as a set of genes whose connectivity

within them was stronger than random expectation across all
M DCNs under consideration.

Identification of M-modules

We implemented the M-module algorithm to identify M-modules
with high connectivity in DCNs [19]. This approach contained
3 parts: seed prioritization, module search by seed expansion,
and refinement of candidate modules.

Seed prioritization

For the purpose of detecting seed genes across M DCNs, we
ranked genes based on their topological features in individu-
al DCN. Each G,=(V, E,) (1<k<M) had its own adjacency matrix
Ak=(ocxyk)nxn, and the importance of gene x in the correspond-
ing network was assessed by a function, g(x) [20].

gx) = (1 - Ay™

And

A;fyk = D_l/ZAxyle/Z

Of which N,(x) was the set of neighbors of x in G,; A’ , rep-

xyk
resented the degree normalized weighted adjacency matrix;
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and D denoted a diagonal matrix with element D, =X A . The
equation indicated that the importance of a node depended
on the number of its neighbors, strength of connection, and
importance of its neighbors. Here, for each gene, after obtain-
ing its ranks in all individual networks, denoted as {g=g", g®,
..., 9™}, a z-score for each rank was computed [21]. Then we
gained the rank for that gene across all DCNs by averaging
the z-scores among all DCNs. The top 1% of genes were se-
lected as seed genes.

Module search by seed expansion

In this step, a graph entropy-based objective function (AH)
was proposed to estimate the scale of module search, which
started with a seed gene [22]. The searching process was not
terminated until there was no decrease after adding genes it-
eratively led to the maximum decrease in the AH iteratively.
Taking any seed gene (v) as an M-module C={v}, for each ver-
tex u in its neighborhood in all networks, N(v)=UiNi(v) (u_N(v))
was defined, in which was the neighbor set in G, as the candi-
date for C. The new candidate module C’=CU{u} and the en-
tropy decrease between C and C’ was defined as following:

AH(C, C)=H(O)-H(C")

And the graph entropy for C across all networks and normal-
ized for the size of C was

Yi=1 H (C)

H(C) icl

Where H,(C)=E _cH(Cj) was the sum of all vertices in C and net-
work k, Ci (1<i<t) was as the group of modules being sought
where T was the number of modules. H(C’) was calculated sim-
ilarly. AH(C’, €)>0 indicated that addition of vertex u improved
the connectivity of the former candidate M-modules. The ver-
tex u whose addition maximized AH was added to C. The ex-
pansion step terminates until no additional vertex can reduce
the entropy of the evolving M-modules further.

Refinement of candidate M-modules

Candidate M-modules with sizes <5 were removed due to bad
connectivity, whereas there were overlaps among many can-
didate modules. To merge overlapping candidate M-modules
into M-modules, we applied Jaccard index [23], which is the
ratio of intersection over union for 2 sets. A Jaccard index of
0.5 was used in this study.

Detection of M-DMs

To detect M-DMs, we evaluated the statistical significance of
M-modules utilizing randomized networks and their null score
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distributions. For each randomized network, the edges were
captured from 355016 co-expression interactions, and the
amount of edges was the same as that in DCN. Each network
was completely randomized 100 times by degree-preserved
edge shuffling. Subsequently, module search was performed
for the randomized networks in order to construct the null dis-
tribution for module scores. On the basis of the null distribu-
tion, we defined the empirical P value of an M-module as the
probability of the module having the observed score or small-
er by chance. P values were corrected for multiple testing uti-
lizing the method of Benjamini-Hochberg [24], and M-modules
with P<0.05 were defined as M-DMs.

Quantification of connectivity dynamics of shared M-DMs

By definition, each M-DM had multiple component modules
from different DCNs. Because component modules of an M-DM
shared the same set of genes in multiple DCNs but could dif-
fer in their connectivity, M-DM provided a natural way to cap-
ture dynamic changes in connectivity. Hence, to quantify the
change in the connectivity of component modules, the MCDS
[25] of an M-DM C was employed, which was defined as the
average of connectivity changes across all adjacent conditions:

(4 = T A AL
M-1

Where A{(1<i<M) stood for weighted adjacent matrices of the
corresponding induced sub-graphs; represented the MCDS be-
tween 2 adjacent M-DMs, which equaled to [|Af — Af,4|,/IC|.
The statistical significance of MCDS for an M-DM was com-
puted in a similar way as that for M-DMs. MCDS with P<0.05
were considered to be significant.

Results

In the present study, apart from base conditions, there were 2
conditions, CAR and MEL, M=2, hence we could obtain 2 DCNs,
identify 2-DMs, and utilize their significance and MCDS to in-
vestigate significant genes further. The significant genes across
2 conditions may give insight to reveal molecular mechanism
of CAR and MEL treated RB.

Construction of DCNs

By taking intersection between PPIN and 12392 genes in the
gene expression profile, we obtained 10 954 genes and 355
016 interactions. To remove indirect correlation and make the
network more confidence, the interactions which met to the
criterion 820.990 in BCN were chosen to construct the DCN.
There were 2147 nodes and 4822 interactions in 2 DCNs, but
the weights of edges in them were different, as shown in
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Figure 2. Weight distribution of DCNs in Carboplatin and Melphalan condition.

Figure 2. We found that the weight distribution between CAR
and MEL condition was different, especially for the section of
weight >0.996.

Identification of 2-DMs

A total of 21 seed genes were detected in DCNs, and their av-
erage z-scores are displayed in Table 1. The 5 top ranked seed
genes were UBE2K (z-score=122.981), PMPCB (z-score=102.737),
DLD (z-score=98.219), RARS (z-score=94.988), and ARL1 (z-
score=93.541). Regarding the 21 seed genes as starts, we per-
formed a module search based on the entropy decrease AH(C,
C’) between C and C’, and gained candidate modules. After
eliminating candidate modules with sizes <5, we merged the
modules among which the Jaccard index was >0.5, and iden-
tified 20 2-modules.

Detection of 2-DMs

To evaluate the statistical significance of 2-modules in CAR
and MEL conditions compared with base condition, we con-
structed a randomized network of 4822 edges captured from
355 016 interactions at random to search modules. This type
of randomized network was constructed for 100 times, and
a total of 3087 modules were obtained. The empirical P val-
ue of 2-modules was defined as the probability of the mod-
ule having the observed score or smaller by chance, and then
was adjusted by Benjamini-Hochberg test. Only modules with
P<0.05 were regarded as 2-DMs, and we identified 18 2-DMs
between CAR, MEL conditions and base condition.
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Table 1. Seed genes and their z-scores in DCNs.

No. Seed genes Average z-score
1 UBE2K 122.981
""""""" 2 e 102737
""""""" 3 o 9829
""""""" 4 RaRs 94988
""""""" s A1 93541
""""""" 6  usAz 8780
""""""" 7 P12 86272
""""""" 8  Nmso 78967
""""""" s  smc3 7440
"""""" 0 Mep4 73486
"""""" no Ny 70312
"""""" 12 DHXI5 68418
"""""" 13 ASUN 67100
"""""" 4  Dppxig 65763
"""""" 15 DpX1 64004
"""""" 16 NUSAPT 61953
"""""" 7 pos 61883
"""""" 18 NDUPVZ 61822
"""""" 19 swx4 61277
"""""" 20  kF1 60718
"""""" 2a Mz 5997
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Figure 3. Module 1. (A) CAR condition; (B) MEL condition. Nodes were genes and edges stood for interactions among them. The orange
nodes represented seed genes. The width of edges stood for the strength between 2 genes.

Figure 4. Module 2. (A) CAR condition; (B) MEL condition. Nodes were genes and edges stood for interactions among them. The orange
nodes represented seed genes. The width of edges stood for the strength between 2 genes.

Quantification of connectivity dynamics of shared 2-DMs different MCDS across CAR and MEL conditions, and 2-DMs with
significant MCDS might play key roles in RB than other mod-
To quantify the dynamics of 2-DMs, the MCDS was devised, ules. Seed genes in the significant 2-DMs were more impor-
which not only quantified the presence and absence of edges  tant than other seed genes to reveal molecular mechanism for
but also changed in edge weights that could be viewed as the the difference between CAR- and MEL-treated RB progression.
interaction strength among genes. The statistical significances
of MCDS for 18 2-DMs were evaluated, and MCDS with P<0.05 The 3 significant 2-DMs ae illustrated in Figure 3 (Module 1),
were considered to be significant. We obtained 3 significantly ~ Figure 4 (Module 2), and Figure 5 (Module 3). For Module 1,
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Figure 5. Module 3. (A) CAR condition; (B) MEL condition. Nodes were genes and edges stood for interactions among them. The orange
nodes represented seed genes. The width of edges stood for the strength between 2 genes.

Table 2. Properties of three significant 2-DMs.

Module Nodes Edges P value
Module 1 27 56 5.48 E-03
Module 2 28 54 6.69E-03
Module 3 28 45 2.59E-02

Seed genes Start seed gene
PMPCB, ARL1, UBA2, NDUFV2, DLD,
RARS PMPCB
DDX1, DDX18 DDX18
SNX4, MED4 SNX4

there were 27 nodes, of which 6 were seed genes (PMPCB,
ARL1, NDUFV2, DLD, RARS, and UBA2), and 56 edges. PMPCB,
the start seed gene of this module, had the highest degree,
with 25, but its interactions in 2 conditions were different. The
strengths were obviously decreased in MEL condition (Figure 3B)
when compared with CAR condition (Figure 3A). Module 2 was
composed of 28 nodes and 54 edges, and only 2 seed genes
(DDX1 and DDX18) were involved in it. DDX18 was the start
seed gene. A total of 28 nodes interacted with 45 edges pre-
sented in Module 3, and SNX4 and MED4 were its seed genes.
The P value and seed genes for 3 modules are listed in Table 2.

Discussion

Previous studies on drug resistance in RB are mostly based
on proteins playing a role in drug resistance reported in other
cancers [26]. In the current work, we revealed dynamic module
changes induced by CAR and MEL at the molecular level and
predicated potential markers for drug resistance in RB, sys-
tematically utilizing multiple differential networks.

Networks characterize the complex interactions and the intri-
cate interwoven relationships that govern cellular functions,
among those tissues and disease-related genes to explain the
molecular processes during disease development and progres-
sion [27]. Traditionally, if an interaction between a gene pair
shows highly correlated strength in one condition, the interac-
tion would be selected as an edge of the network [28]. However,
if a gene in the interaction is differently expressed but the oth-
er is not, it may not be considered as significant interaction
for the whole dataset. The challenge has been worked out to
a great extent by constructing M DCNs.

Based on M DCNs, we identified M-DMs and investigated their
dynamic changes. A key innovation of the method is the ability
to identify unique and shared modules from multiple differen-
tial gene networks, each representing a different perturbation
condition [25]. Moreover, sets of genes that are differentially
expressed under RB states but do not exhibit correlated expres-
sion pattern will not be identified as a module [29]. Hence, the
dynamic modules give more proof of the pathological mech-
anism of RB progression.
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In the present study we identified 3 dynamic modules:  Conclusions
Module 1, Module 2, and Module 3. Taking Module 1 as an
example, PMPCB was the start seed gene and had the high-
est degree. PMPCB, peptidase (mitochondrial processing) B, is

the main peptidase responsible for cleaving the mitochondri-

In conclusion, we have identified 3 dynamic modules with
changes induced by CAR and MEL in RB, which might give in-
sights into the molecular mechanism by which RB therapy acts.

al import signal from hundreds of mitochondrial proteins 16,
but it only functions as part of a heterodimeric complex [30].
Impaired or dysregulated function of mitochondrial proteases is
associated with ageing and with many pathological conditions
such as neurodegenerative disorders, metabolic syndromes,
and cancer [31]. Expression and up-regulation of tumor-asso-
ciated antigen (PMPCB) represents an interesting approach in
cancer immunotherapy [32]. Therefore, this gene is closely re-
lated to cancers, which indicated that Module 1 was correlat-
ed to RB to some extent.
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