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Université Paris Saclay, AgroParisTech, INRAE, UMR MIA-Paris, Paris, France
julien.chiquet@inrae.fr
Pierre NEUVIAL
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In many cancers, mechanisms of gene regulation can be severely altered. Identification
of deregulated genes, which do not follow the regulation processes that exist between
transcription factors and their target genes, is of importance to better understand the
development of the disease. We propose a methodology to detect deregulation mechanisms with a particular focus on cancer subtypes. This strategy is based on the comparison between tumoral and healthy cells. First, we use gene expression data from healthy
cells to infer a reference gene regulatory network. Then, we compare it with gene expression levels in tumor samples to detect deregulated target genes. We finally measure the
ability of each transcription factor to explain these deregulations. We apply our method
on a public bladder cancer data set derived from The Cancer Genome Atlas project and
confirm that it captures hallmarks of cancer subtypes. We also show that it enables the
discovery of new potential biomarkers.
Keywords: Cancer systems biology; deregulations; gene regulatory network.
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1. Introduction
Cancer is defined by an uncontrolled proliferation of malignant cells, which can invade normal tissues and spread throughout the body. The causes and contribution
factors of cancer are multiple and complex but they mostly derive from genetic
alterations that accumulate over time. When combined with external factors (from
lifestyle factors, e.g. nutrition, smoking, alcohol, to environmental exposures, e.g.
UV-radiations, pesticides), the impact is even more dramatic. After decades of intensive research, a large number of works still focus on understanding the fundamental mechanisms of cancer. In this context, The Cancer Genome Atlas project
(TCGA), the International Cancer Genome Consortium (ICGC) and other cancer
genome projects have produced massive amounts of multi-omics data.1 Due to the
very high heterogeneity of cancer, a particular effort has also been made on subtyping cancers to improve the treatment of patients, as it has been done to reveal
significant differences between breast cancer subtypes.2
A large number of genes, implicated in diverse biological processes, are involved
in cancer. Many of them are altered by somatic mutations, copy number changes
(amplifications/deletions) or DNA methylation.3,4 At the gene expression level,
these abnormalities can explain disregulated expressions (over/under-expression)
and can contribute to tumor growth. A common approach for identifying dysfonctional genes in cancer consists in performing differential expression analysis,5,6 for
which statistical procedures have been intensively explored. However, this approach
does not take into account regulations between genes. As an alternative, we here
focus on deregulated genes,7 for which expression changes can be observed in the
Gene Regulatory Network (GRN) of tumoral cells.
GRNs are usually used to represent activation and inhibition relationships between genes, connecting transcription factors (TFs) with their targets. In the last
few years, many different methods have been proposed to infer GRNs from collections of gene expression data. In a discrete framework, gene expression can be
discretized depending on the status of the genes (under/over-expressed or normal)
and truth tables provide the regulation structure.8 In the continuous framework,
regression methods, including the popular Lasso9 and its derivatives, have provided powerful results.10,11 To discover deregulated genes, a first solution consists
in inferring GRNs from different tissues and comparing them after penalizing their
differences to reduce the noise effect on the data.12 A second solution we focus on
is to evaluate how far gene expression in tumoral cells is with regards to a reference
GRN to define a deregulation score for each target gene in each sample.7 However,
the regulation structure between TFs, which are key genes for cancer therapy,13
and their targets is still not deeply exploited.
In this work, we propose a statistical deregulation model that uses gene expression data to identify deregulation mechanisms involved in specific cancer subtypes.
This paper is an extended version of Ref. 14 and is organized as follows: in Section 2,
we present the 3-step algorithm we developped and explain how to use it in practice.
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In Section 3, we illustrate its performance advantage on a bladder cancer data set
from the TCGA. We show that it is complementary to state-of-the-art methods to
point to potential biomarkers of cancer subtypes.
2. Methods
2.1. Deregulation model
In this work, we aim at identifying deregulation mechanisms specific to cancer subtypes. A deregulated gene is defined as a gene whose expression does not correspond
to the expression expected from its regulators. The deregulation model we focus on
is derived from Ref. 7 and recalled in the next paragraph.
Regulation processes between TFs and their targets are usually represented by
GRNs. Here, we assume that groups of co-regulated TFs act together to regulate
(activate or inhibit) the expression of their targets, following the LICORN (LearnIng
COoperative Regulation Networks) model.15 Note that we slightly enrich the original
LICORN model by creating a copy of each TF in the target layer to allow regulations
between TFs. Each gene g is now connected with a set of co-regulated TFs, split
into a group of co-activators A and co-inhibitors I (see Figure 1 (a)). We denote
by Sg the (unknown) true status (under/over-expressed or normal) of each gene g
in each sample. This gene is thus deregulated as soon as:
Sg 6= Sg∗ ,
where Sg∗ is the expected status of g, which results from the deregulation rules
presented in Figure 1 (b) and derived from biological experiments (see Ref. 15 for
more details).
When considering the deregulation model of Figure 1 (a), one of the main difficulty is to differentiate deregulation mechanisms from other classical alterations
that can strongly affect gene expression data and the interpretation results. For
example, a Copy Number Alteration (CNA) occuring at the target gene layer influences its expression independently from the regulators expression and makes it
wrongly appear as deregulated. This point is discussed in Section 2.3.
2.2. Identification of deregulation mechanisms
Based on the deregulation model of Section 2.1, we propose a 3-step strategy for
the identification of deregulated mechanisms associated with specific subtypes of
cancer. These steps are presented in Figure 2 below and described in detail in the
next paragraphs. All codes are available as a R package at https://github.com/
magalichampion/LIONS_project.
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(a) Deregulation model.

(b) Truth table.

Fig. 1: (a) Deregulation model: each gene g, with unknown status Sg (under/overexpressed or normal), is activated and inhibited by a group of co-activators A and
co-inhibitors TFs I. A gene is deregulated when its true status Sg differs from its
expected one Sg∗ , which is given by the co-regulator rules of the truth table (b).
(b) Truth table: gives the expected status Sg∗ of a gene g (-/+ for under/overexpressed or 0 for normal) according to the collective status of its co-activators and
co-inhibitors. The collective status is set by default to 0 except if and only if all of
its elements share the same status.

2.2.1. Step 1: inferring a Gene Regulatory Network
In Step 1, we infer a GRN of reference that represents regulations between groups
of co-expressed TFs and target genes, as presented in Figure 1 (a). To this aim, we
use the hLICORN algorithm, available in the CoRegNet R-package.16 By means of
heuristic techniques, TFs are gathered into groups of co-expressed genes and each
target gene is associated to pairs of co-activators and co-inhibitors that significantly
explain its discretized expression. The network is selected among the local candidates based on the best prediction of the target gene expression. Previous work
emphasized the ability of hLICORN to detect cooperative regulations on cancer
data sets, which motivated its use.15,16,17 However, when desired, it can be replaced by any other inference methods, such as the cooperative Lasso.18 Step 1 can
also be avoided by loading a pre-existing GRN, for example from the RegNetwork
database.19
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Fig. 2: Workflow of the proposed 3-step algorithm for identifying deregulation mechanisms in specific cancer subtypes.
2.2.2. Step 2: computing a deregulation score
In Step 2, we compute a deregulation score for each target gene in each tumor
sample, indicating if its expression status Sg differs from Sg∗ given by the reference
GRN. Following the works of Ref. 7, the deregulation score Y of gene g in sample
j is defined as the probability of gene g to be deregulated, or, in other words:

Sg = Sg∗ if Dg = 0
Y = P(Dg = 1), where
Sg 6= Sg∗ if Dg = 1,
and Dg is a binary variable indicating whether the corresponding target gene g is
deregulated.
To avoid discretization of the data, the status of all genes is considered as a
hidden variable. As their number grows exponentially with the number of genes,
the likelihood of the model rapidly becomes intractable and the deregulation score
is thus estimated using a dedicated EM-algorithm (see Ref. 7 for more details).
2.2.3. Step 3: identifying TFs involved in the deregulation of target genes
In Step 3, we go back to the TFs layer to identify TFs that best explain deregulation of the target genes. For this purpose, we introduce a deregulation importance
score B, which quantifies the role played by each TF in each sample in the deregulation of its associated targets through the linear regression model:
Y = G · B + ε,
where Y is the deregulation score, G is the adjacency matrix of the reference GRN,
whose non-zero elements encode the structure (edges) of the graph and ε stands for
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the presence of noise in the model. Let n be the total number of samples and p the
number of TFs. The deregulation importance score B·j of sample j is estimated by
solving the following least-squares problem:
∀j ∈ J1, nK, B̂·j := argminβ∈Rp kY·j − Gβk22 ,

where k.k2 stands for the euclidian norm and M.j is the standard notation for the
j-th column of any matrix M . Note that we impose all coefficients of B̂·j to be
between 0 and 1, thus focusing on the bounded-variable least-squares problem:
∀j ∈ J1, nK, B̂·j := argmin kY·j − Gβk22 .

(1)

β∈Rp

s.t ∀` ∈ J1, pK, 0 ≤ β` ≤ 1

The closer B̂ij is to 1, the more important the role of TF i in the deregulation of
its targets in sample j. As proved by Ref. 20, the non-negativity imposed on all the
coefficients of B̂·j ensures a sparse recovery in the noiseless setting, which can be
extended to the noisy setting with a hard-thresholding.
2.3. Data preprocessing
To run the procedure described in Section 2.2, gene expression data from two different sample sets have to be provided: reference samples, which ideally come from
normal tissues, and tumor-specific samples. In practice, for many different cancer
types, the pure normal tissue of origin is not available. However, the whole tumor data set can be split into small subtypes-depending subsets. With the aim of
identifying differences between these cancer subtypes in terms of deregulation mechanisms, we thus proceed as presented in Figure 3. Before running our procedure, we
extract all samples from one subtype to form the tumor-specific sample set whereas
the rest is used as reference samples to infer the reference GRN. Note that the
inferred networks will now reflect averaged relationships between genes for patients
who are not part of the subtype we focus on. Due to the very-high heterogeneity of
cancer, especially of bladder cancer, 21,22 we think that our method still points to
relevant deregulations of specific subtypes.
As briefly mentioned in Section 2.1, our deregulation model suffers from the
effect of genomic alterations, which can affect gene expression and make some regulations wrongly detected as deregulated. To remove CNAs effects on gene expression,
we preprocess the target gene expression data beforehand as proposed in Ref. 23.
In this work, gene expression is considered as linearly modified by CNA through
the linear regression model:
Xij = α0 + α1 CNAij + εij ,

(2)

where Xij is the expression of gene j in sample i and CNAij its associated copy
number. Denote by α̂0 and α̂1 the estimated solutions of Eq. (2). The corrected
expression X̃ij is then given by:
X̃ij = Xij − α̂0 − α̂1 CNAij .
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Fig. 3: Construction of the tumor and reference data set: due to the absence of
normal tissue data, the whole tumor data set is divided into a tumor-specific one
(samples from one subtype) and a reference one (samples from all other subtypes).
The procedure is then iteratively applied to discover deregulation mechanisms for
each cancer subtype.

Note that other common alterations in cancer may occur, such that hyper/hypomethylations. Even if they have been widely studied,3 the effect of these epigenetic
events on gene expression is however far from well-known and there is no model we
can clearly exploit.
3. Application to Real Data
3.1. The bladder cancer data set
We apply our method on bladder cancer data, produced in the framework of The
Cancer Genome Atlas project (TCGA) and available at the Genomic Data Commons (GDC) data portal (https://portal.gdc.cancer.gov/). These data include
a set of 399 bladder cancer samples with gene expression and copy number for a
total of 15,430 genes, split into 2,020 TFs and 13,410 targets. Gene expression data
were produced using RNA-sequencing on bladder cancer tissues. Preprocessing is
done by log-transformation and quantile-normalization of the arrays. Missing values
are estimated using nearest neighbor averaging.24 TCGA samples are analyzed in
batches and significant batch effects are observed based on a one-way analysis of
variance in most data modes. We apply Combat25 to adjust for these effects. Genes
are finally filtered based on their variability: we only keep the 75% most varying
genes.
In the last few years, a large number of research groups have proposed molecular subclassifications of bladder cancer.26 Recently, a consensus classification has
been proposed for muscle-invasive bladder cancer,27 which constitutes most of the
tumors of the TCGA. As presented in Table 1, samples are split into six subtypes
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with different characteristics not further detailed here (see Ref. 27 if interested):
basal-squamous (BaSq), luminal non-specified (LumNS), luminal-papillary (LumP),
luminal unstable (LumU), neuroendocrine-like (NE) and stroma-rich (Stroma-rich).

Table 1: Molecular subtypes distribution of the 399 bladder cancer samples.
Subtypes

BaSq

LumNS

LumP

LumU

NE-like

Stroma-rich

Samples

150

21

125

53

6

44

3.2. Identification of deregulations
After applying the procedure presented in Section 2.2 on the TCGA bladder cancer
data set of Section 3.1, we get a list of deregulation importance scores for each TF
in each sample. Table 2 presents the first 25 TFs, ranked according to their number
of non-zero coefficients in B̂, as given in Eq. (1), across all samples belonging to
each specific subtype.
Table 2 includes characteristic genes of bladder cancer. As an example, NOTCH4
is deregulated in 71% and 76% of the BaSq and LumNS samples. This gene is
part of the NOTCH pathway, whose inactivation tends to promote bladder cancer
progression.28 SPOCD1, involved in all subtypes except the LumP one, has also
been recently shown to be able to distinguish patients with progressive and nonprogressive disease.29 Genes from the SOX family (SOX7 and SOX15), which play
a major role in tumorigenesis in multiple cancers30 including the bladder cancer
one, are also highly present. In addition, we retrieve biomarkers of specific bladder
cancer subtypes: SNAI2 (79% of the BaSq samples), which discriminates basal from
luminal subgroup31 and TBX2 (70% and 74% of the LumP and LumU samples) an
indicator of luminal cancers. 32 Interestingly, TBX2 is also involved in BaSq, NE-like
and Stroma-rich subtypes but this may be explained by its frequent overexpression
in cancer.33 We can finally note the presence of PPARGC1B, a coactivator of the
well-known PPARG, whose high level of expression is used to describe luminal
subtypes,34 in 74% of the LumU samples.

3.3. Comparison with other approaches
The approach we developped captures deregulated genes in the sense that the regulation mechanisms between these genes go wrong. A natural question that arises
is then how it behaves towards state-of-the-art methods. In this section, we compare deregulated TFs from our procedure to two classic approaches for biomarkers
discovery:

Identification of Deregulated Mechanisms Specific to Bladder Cancer Subtypes

9

Table 2: List of the 25 TFs that best explain the deregulation scores of their targets and number of non-zero coefficients in B̂ (in %) across all samples from each
subtype.
Subtypes
BaSq

LumNS

LumP

LumU

NE-like

Stroma-rich

TF

%B̂

TF

%B̂

TF

%B̂

TF

%B̂

TF

%B̂

TF

%B̂

SPOCD1
IRX3
PEG3
SMARCD3
SNAI2
ZSCAN12
NAP1L2
ZNF433
JARID2
HOXA13
PRDM8
TBC1D2B
CRY1
NOTCH4
PHF19
NFKB1
CREM
PRDM5
ZNF215
ARNT2
TBX2
NFIL3
ID3
ETS2
ZNF669

93%
85%
83%
79%
79%
76%
76%
75%
75%
73%
72%
72%
72%
71%
71%
71%
70%
70%
69%
69%
69%
69%
68%
67%
67%

SMARCD3
ANKS1A
ZNF423
NOTCH4
HOXC9
ZNF563
SPOCD1
HES2
IKBKB
NR3C2
HOXC6
DLX3
FOXD1
HOXA3
MESP1
HSF4
ZNF626
BCL3
SOX15
CSDC2
RARB
SNAI3
MCM3
HOXB6
HOXB5

81%
81%
81%
76%
76%
76%
71%
71%
71%
71%
71%
71%
71%
67%
67%
67%
67%
67%
67%
67%
67%
67%
67%
67%
67%

RARA
PIAS2
CBFA2T3
SALL2
LHX6
RARB
SOX7
BACH2
SMARCD3
NFIC
RUNX1T1
IRF7
ZNF423
PIR
CREB3L4
TLE2
ZNF71
MXD1
TBX2
NR1I3
MAFG
ZNF559
ZNF442
HMGA2
SCML2

91%
86%
81%
78%
78%
77%
76%
76%
74%
74%
74%
74%
73%
73%
73%
72%
71%
71%
70%
70%
70%
70%
69%
69%
68%

HES2
SOX7
ZNF671
SPOCD1
HOXB3
TBX2
NR3C2
BTBD11
PPARGC1B
TEAD4
SMARA2
MAFG
EMX2
ATF6
HOXC6
NKD2
XBP1
SPIB
ZNF416
HEY2
PKNOX2
DLX3
HOXC9
ZNF549
PTTG1

87%
83%
79%
79%
77%
74%
74%
74%
74%
72%
70%
70%
68%
68%
66%
66%
64%
64%
64%
64%
64%
62%
62%
62%
62%

HES2
TBX2
MAFG
PIR
IRX3
SETBP1
RARB
SOX15
MITF
HTATIP2
SOX7
NR3C2
TEAD4
EMX2
ZNF347
ID2
LMO3
ENO1
NR3C1
PRDM8
KLF15
BTG2
HIVEP3
SMAD6
ETV7

83%
83%
83%
83%
83%
83%
83%
83%
83%
83%
67%
67%
67%
67%
67%
67%
67%
67%
67%
67%
67%
67%
67%
67%
67%

HES2
SPOCD1
TBX2
SPIB
IRX3
ZNF713
MAFG
HTATIP2
SMARCD3
PER3
ZNF563
MYCN
TEAD4
ZNF420
HSF4
ZNF626
ZNF695
ZNF214
NFKBIA
NFKBIZ
TEAD2
DLX5
FOXD4
ZNF134
DAB2

91%
91%
82%
77%
75%
75%
73%
73%
70%
70%
70%
70%
68%
68%
68%
68%
68%
68%
66%
66%
66%
66%
66%
66%
66%

• differential gene expression analysis, which consists in performing statistical
tests to discover quantitative changes in terms of expression levels between
groups and is frequently used in cancer research to identify genes with
important changes between tumor and normal samples, called differentially
expressed genes (DEGs),6
• copy number alterations (CNAs) analysis, which aims at identifying genes
targeted by copy number changes (amplifications/deletions) that critically
affect their functions, especially in cancer.35
We perform differential expression analysis using the R-package limma6 on all
genes to check for significant differences between subtypes. In addition, we use
the GISTIC algorithm36 to identify significantly and recurrently deleted/amplified
regions. We then verify whether the identified DEGs and CNAs affected genes are
different from the deregulated ones (Figure 4). To this aim, we use the following
thresholds: a gene is differentially expressed for p-values smaller than 0.01 whereas
it is amplified/deleted when detected for more than 75% of the subtype samples. It
is finally deregulated for a subtype when more than 50% of the samples have a non-
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zero deregulation importance score (B̂ 6= 0). These thresholds are purely arbitrary
but this is not crucial as the results remain almost the same with slight changes.
Obviously, the notion of deregulation should be different from the differential
expression since a loss of regulation between a target gene and one of its regulators TFs implies a loss of correlation between them but not necessarily differential
expression. This is confirmed by Figure 4, where only a small part of DEGs are
deregulated. Except for BaSq and LumP subtypes, the two largest subtypes, more
than 50% of the deregulated genes are also not differentially expressed. Similarly,
we remove the effects of CNAs on gene expression (see Section 2.3) to ensure that
amplified/deleted target genes are not wronlgy identified as deregulated. At the TF
layer, a CNA still modifies both TFs and its targets expression level, making it
different from deregulation, as can be seen in Figure 4.

Fig. 4: Venn diagramms representing the number of deregulated TFs identified by
our procedure, the number of amplified/deleted genes, the number of differentially
expressed genes and their intersections.

4. Discussion
The procedure introduced in Section 2 aims at identifying deregulation mechanisms
specific to cancer subtypes from gene expression data measured on two different tissues. By carefully comparing gene expression in tumoral samples with a reference
GRN, which models “normal” regulation processes, a list of deregulated TFs characterizing each subtype can be established. The obtained results indicate that it can
be used complementary to differential gene expression and CNA analysis to point
to potential biomarkers of cancer.
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An open question, which has to be tackled, is to determine to which extend
the information carried by mutations can explain the deregulations. Mutation data
are particularly hard to explore in this context due to various reasons: first of all,
mutations do not necessarily affect gene expression. Secondly, mutation data are
very sparse: in cancer, many sequencing projects have shown that, besides the most
significant mutated genes, genes are mutated in less than 5% of the samples. Particularly, mutations of gene ELF3 have been the focus of a large number of studies,
which underlines its tumor suppressive role, especially in bladder cancer.37,38 Here,
we report an association between ELF3 mutations and deregulations (number of
non-zero B̂ coefficients) in all three luminal subtypes (see Table 3, p-value for chitest of 10−7 ): the six deregulated samples are all mutated. However, at this step,
supplementary work needs to be done to go further.
Table 3: Confusion matrix indicating the association between mutation and deregulation for TF ELF3 across all 199 luminal samples.

Non mutated
Mutated

B̂ 6= 0

B̂ = 0

0
6

165
28

In Table 2, we also emphasize the presence of SPOCD1, which is deregulated
in almost all subtypes, and more particularly in the BaSq one. Going back to the
reference GRN, SPOCD1 is connected with 69 target genes. To give a biological
meaning to these interactions, we perform gene set enrichment analysis with hypergeometric tests based on the databases GeneSetDB39 and MSigDB.40 We then find
that the collection of 69 genes is enriched in 15 gene sets, most of which represent
metastases-associated pathways. To a little extent, we also find an enrichment in
Epidermal Growth Factor Receptor (EGFR)-pathways. EGFR plays a fundamental signalling role in cell growth and is frequently mutated and overexpressed in
cancer.41 It has recently been the subject of further work to explore its behavior in basal samples.42,43 We can then naturally wonder how SPOCD1, known for
inhibiting cell apoptosis,44 interacts with EGFR.
Next, among the identified deregulated genes, HES2 is highly deregulated in
subtypes LumNS, LumU, NE-like and Stroma-rich (Table 2). Interestingly, the
subnetworks formed of HES2 and its targets represent genes that are expressed
in cancer stem cells. Stem cells are undifferentiate cells that promote tumoral propagation and resistance, being able to differentiate and replicate into multiple cell
types. To verify this association, we correlate HES2 expression with CD44 expression, as a marker of stem cells.45 As can be seen in Figure 5, we observe a significant
correlation in BaSq and LumP subtypes, the two subtypes in which HES2 is not
deregulated. Literature around HES2 and the family of genes HES it belongs to is
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quite limited but this result suggests that there is a close relation between stem
cells and HES2 and that this relation is broken by deregulations in specific bladder
cancer subtypes.

HES2 expression

Corr = 0.22
p-value = 0.32

HES2 expression

LumU
Corr = 0.11
p-value = 0.43

CD44 expression

LumP

LumNS

BaSq
Corr = 0.35
p-value = 10-6

Corr = 0.39
p-value = 10-6

NE-like
Corr = -0.75
p-value = 0.09

CD44 expression

Stroma-rich
Corr = 0.07
p-value = 0.63

CD44 expression

Fig. 5: Correlations between HES2 expression and CD44 expression, a biomarker of
stem cells for all bladder cancer subtypes.

In summary, the procedure we developped provides a computational method
for the identification of genes which are involved in hallmark cancer pathways. It
captures other information than differential expression and copy number variation
analysis to point to deregulated mechanisms in specific cancer subtypes. The present
study emphasizes the importance of the two transcription factors SPOCD1 and
HES2, whose roles have to be investigated deeper.
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Nordentoft I, Lamy P, Birkenkamp-Demtröder K, Shumansky K, Vang S, Hornshøj H,
Juul M, Villesen P, Hedegaard J, Roth A, Thorsen K, Høyer S, Borre M, Reinert T,
Fristrup N, Dyrskjøt L, Shah S, Pedersen JS, Ørntoft TF, Mutational context and diverse clonal development in early and late bladder cancer, Cell reports 7(5):1649–1663,
2014.

Identification of Deregulated Mechanisms Specific to Bladder Cancer Subtypes

15

39. Culhane AC, Schwarz l, Sultana R, Picard KC, Picard SC, Lu TH, Franklin KR,
French SJ, Papenhausen G, Corell M, Quackenbush J, GeneSigDB, a curated database
of gene expression signatures, Nucleic Acids Res 38:D716–D725, 2010.
40. Liberzon A, Birger C, Thorvaldsdottir H, Ghandi M, Mesirov JP, Tamayo P, The
molecular signatures database (MSigDB) hallmark gene set collection, Cell systems
1(6):417–425, 2015.
41. Mendelsohn J, Baselga J, Status of epidermal growth factor receptor antagonists in
the biology and treatment of cancer, J Clin Oncol 21(14):2787–2799, 2003.
42. Zanetti-Domingues LC, Korovesis D, Needham SR, Tynan CJ, Sagawa S, Roberts
SK, Kuzmanic A, Ortiz-Zapater E, Jain P, Roovers RC, Lajevardipour A, van Bergen
En Henegouwen P, Santis G, Clayton A, Clarke DT, Gervasio FL, Shan Y, Shaw
DE, Rolfe DJ, Parker PJ, Martin-Fernandez ML, The architecture of EGFR’s basal
complexes reveals autoinhibition mechanisms in dimers and oligomers, Nat commun
9(1):4325, 2018.
43. Avci CB, Kaya I, Ozturk A, Ay NP, Sezgin B, Kurt CC, Akyildiz NS, Bozan A,
Yaman B, Akalin T, Apaydin F, The role of EGFR overexpression on the recurrence
of basal cell carcinomas with positive surgical margins, Gene 687:35–38, 2019.
44. Liang J, Zhao H, Hu J, Liu Y, Li Z, SPOCD1 promotes cell proliferation and inhibits
cell apoptosis in human osteosarcoma, Mol Med Rep 17(2):3218–3225, 2018.
45. Thapa R, Wilson GD, The importance of CD44 as a stem cell biomarker and therapeutic target in cancer, Stem Cells Int p. 2087204, 2016.

