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differentiation, simultaneous activation of TGFβ1 signaling substan-
tially enhances cellular proliferation, which provides a mechanistic 
hypothesis for the predicted G × G.

Using complex gene coexpression evidence to predict G × G
The results above suggest that evidence based on complex- and 
context-defined gene coexpression patterns can be used to predict 
G × G associated with cancer risk. Thus, in a reverse strategy, we 
first analyzed gene expression profiles in pancreatic tumors (29) and 
then integrated the results with data from a pancreatic cancer GWAS 
(20,21). With the gene pairs ranked according to their MIs, 14 bins 
were defined, each of which contained 20 pairs (from the highest MI 
value to the 5000th value). Next, G × G using all unlinked (r2 < 0.2) 
SNPs in a pair were computed and the number of significant associa-
tions was evaluated at two thresholds: PLR < 0.05 and PLR < 0.01. This 
analysis revealed more G × G than expected by chance: an average 
of 5.99% (PWilcoxon rank test (WRT) = 0.003 for the null hypothesis of ≤5% 
across the 14 bins) and an average of 1.41% (PWRT = 0.028 for the null 
hypothesis of ≤1% across the 14 bins) of the SNP pairs showed PLR < 
0.05 and PLR < 0.01, respectively (Figure 5).

Two control analyses were carried out to assess the identification 
of excess of G × G nominally significant for pancreatic cancer risk. 
An analogous bin analysis was carried out, but in this case the low-
est 5000 MIs were used (i.e. non-significant gene coexpression). The 
results of this analysis did not detect significant G × G over the thresh-
olds: PWRT = 0.35 and 0.83 for the 5 and 1% thresholds, respectively. 
In addition, the REs between the 14 top and bottom bins were 25 and 
59% for the PLR < 0.05 and PLR < 0.01, respectively, which appeared 
to be consistent with the enrichments shown above for breast cancer. 
Conversely, no enrichment was identified when using the 14 top bins 
but basing the ranking exclusively on PCCs: PWRT = 0.64 and 0.39 for 
the 5 and 1% thresholds, respectively.

The significant G × G for pancreatic cancer risk in the top 
MI-based ranked bin included the following gene pairs: AQP8-
FGG, LOC402251-LOC442270, DLX5-MFAP5 and ABCC8-PCP4 
(Supplementary Table S4, available at Carcinogenesis Online). Two 
of these genes, DLX5 and PCP4, have been functionally linked to 

Fig. 4. Functional interplay between LPP and TGFβ signaling in a non-tumorigenic mammary epithelial cell model. (A) (Left panel) Graph showing the relative 
proliferation rates (from 0 to 72 h) of MCF10A cells in unperturbed cultures (shRNA control) or with LPP depletion and/or incubation with TGFβ1 (as shown 
in the inset). The cultures were not supplemented. (Right panel) Results at 48 h. (B) Representative images of MCF10A cells growing in suspension. Results 
are shown for non-transduced cells, and cells transduced with a control shRNA or directed against LPP expression (shRNA–LPP). (C) Representative images 
of wound-healing-scratch assays. Results are shown following scratch (0–24 h) of MCF10A cultures grown without/with TGFβ1, non-transduced, transduced 
with an shRNA control or directed against LPP expression. (D) Western blots results for LPP, the integrin receptors ITGB1 and ITGA5, and loading control 
(α-tubulin, TUBA) from extracts of cells transduced with an shRNA control or directed against LPP expression, without/with TGFβ1 as indicated. The conditions 
(non-supplemented) that corresponded to depletion of LPP without/with TGFβ1 are marked.

Fig. 5. Distribution of significant pancreatic cancer G × G across gene pairs 
ranked according to MIs from pancreatic tumors. The y-axis indicates the 
proportion of significant G × G at PLR < 0.05 (gray line) and at PLR < 0.01 
(black line). The x-axis shows the 14 bins, starting with the highest MIs (i.e. 
1–20 gene pairs). The red lines indicate the proportion thresholds for the 
corresponding PLR values.
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axon biology (41,42). Notably, alteration of genes annotated in the 
axon guidance pathway contributes to pancreatic carcinogenesis (29). 
Next, GO term enrichment analyses indicated (false discovery rate < 
1%) frequent involvement of metabolic and biosynthetic processes, 
but also indicated mechanistic differences relative to breast cancer 
G × G (i.e. the involvement of genes in developmental processes; 
Figure 6).

Discussion

The identification of human G × G has the potential to add fundamen-
tal knowledge to our understanding of the genetic basis, molecular 
mechanisms and biological processes/signaling pathways involved in 
carcinogenesis (5,8,9,15). Although there are several well-established 
analytical strategies, the large (and continually increasing) number 
of genetic variants makes genome-wide G × G analyses highly time 
consuming, and it remains difficult to interpret the results from a bio-
logical perspective. This study introduces an integrative genomics 
strategy that can potentially support the identification of statistically 
significant G × G associated with cancer risk. In designing this study, 
it seemed reasonable to assume that there are G × G associated with 
cancer risk and, critically, that they can be identified by integrating 
different types of gene/protein relationships. The degree of overlap 
between genome-wide gene/protein relationships has been evalu-
ated, and clearly established, in diverse studies in model organisms. 
Although human conditions should not be an exception, the lack of 
large-scale human G × G datasets has hampered similar integrative 
analyses. In addition, while experimental methodologies to system-
atically identify mammalian G × G have recently been developed 
(17,18), the results of our study suggest that context-specific studies 
must also be carried out. Thus, G × G associated with cancer risk may 
only be confidently identified when gene/protein relationships related 
to the specific cancer type/subtype are analyzed. In this regard, the 
lack of overlap with protein–protein interactions may be due to the 
fact that this type of evidence is typically not tissue- or cell type-
specific. In addition, the human protein–protein interactions known 
to date do not represent the complete space of interactions occurring 
in cells. In fact, the gene expression analysis probably covers a larger 
fraction of all potential gene pairs.

The results of this study may lead to the genetic analysis of spe-
cific G × G in breast and pancreatic cancer. Although the enrichments 
shown may be considered relatively low (maximum of 36% for breast 
cancer and 59% for pancreatic cancer), the integration of additional 
gene/protein relationships could potentially improve the predictions. 
From the evaluation of the overlap for the 205 gene pairs between the 
two breast cancer expression datasets analyzed, it could be presumed 

that the conclusions of this study are limited by the characteristics 
of each dataset. In addition, the study may be limited by the rela-
tively small sample size of the GWAS datasets analyzed and by the 
required assumption that a given SNP pair corresponds to a unique 
gene pair defined by the genomic location of the SNPs; however, it 
is frequently observed that the functional effects of low-penetrance 
mutations can implicate genes located dozens or hundreds of kilo-
bases away (43). Integration of independent GWAS data could help 
to provide better G × G predictions. Moreover, the EPIBLASTER 
algorithm might not capture all possible forms of epistasis described 
in the literature (24).

The predicted G × G including candidate genes previously linked to 
cancer risk may help to further delineate the mechanisms of carcino-
genesis. Furthermore, since some of the proposed G × G involve non-
correlated variants relative to the marginal effect, they can potentially 
unveil mutations linked to differential effects. Following on from the 
predicted G × G between LPP and SMAD3, the identification of a 
signaling interplay between LPP and TGFβ1 in a non-tumorigenic 
mammary model provides a mechanistic hypothesis centered on 
altered epithelial cell proliferation and differentiation (38). LPP has 
been found to be highly expressed in normal luminal mammary cells 
(44), which are typically ERα positive, and coexpressed in breast 
tumors with a regulator of mammary cell differentiation (44,45). In 
this scenario, there is evidence for an expression quantitative trait 
locus in rs2289263 for SMAD3 (46), which could provide a hypoth-
esis for the interaction with LPP; there is no published evidence for 
an expression quantitative trait locus in rs4686980 (or for rs28615981 
in LD) but these LPP variants appear to map within a c-FOS binding 
region identified by chromatin immunoprecipitation in the ENCODE 
project (47). SMAD3/4 and c-FOS have been shown to cooperate in 
promoting TGFβ signaling (48) and, therefore, this cooperation might 
regulate LPP function/levels. Importantly, a recent study has identi-
fied LPP as a key regulator of TGFβ-induced migration and invasion 
in HER2-overexpressing breast cancer (49). Our study expands on 
this observation by proposing that perturbation of LPP–TGFβ signal-
ing promotes the initial stage of breast carcinogenesis.

At the level of the biological processes overrepresented in the pre-
dicted G × G sets for breast and pancreatic cancer risks, the com-
mon identification of metabolic and biosynthetic processes might be 
explained by their role in buffering phenotypic variability (36,50). 
Other identified processes, such as defense response for breast cancer 
risk and cell development for pancreatic cancer risk, might be related 
to tissue specificity and could be used to integrate additional gene/
protein relationships for prioritizing G × G. Together, our study pro-
poses a method that may help to further decipher the genetic basis of 
cancer risk.

Fig. 6. GO Biological Process terms linked to predicted pancreatic cancer G × G. The nodes represent GO terms (identifiers are shown) and an edge links two 
terms if the term–term interaction is overrepresented (false discovery rate < 1%) in the predicted G × G set. This test set corresponded to the significant G × G 
represented in Figure 5 (top 14 gene pair bins, PLR < 0.05).
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Conclusions

Here, based on the premise that genes/proteins act coordinately 
across biological levels, we undertook an integrative study in order 
to predict G × G associated with cancer risk. Our study was centered 
on breast and pancreatic cancer and the results show that G × G asso-
ciated with risk may be partially supported on the basis of complex 
gene coexpression in the specific cancer type. The requirement of 
complex (i.e. non-linear) coexpression in a defined cancer setting 
is consistent with the intricate nature of epistasis and the molecular 
specificities of carcinogenesis. The predicted G × G provide novel 
hypotheses for the functional interplay between biological processes 
in carcinogenesis. The knowledge generated by this study may stim-
ulate new research toward a better understanding of the genetic basis 
of cancer risk.

Supplementary material

Supplementary Tables S1–S4 can be found at http://carcin.oxford-
journals.org/
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