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Increasingly available genomic sequencing data are exploited to identify

genes and variants contributing to diseases, particularly cancer. Tradition-

ally, methods to find such variants have relied heavily on allele frequency

and/or familial history, often neglecting to consider any mechanistic under-

standing of their functional consequences. Thus, while the set of known can-

cer-related genes has increased, for many, their mechanistic role in the

disease is not completely understood. This issue highlights a wide gap

between the disciplines of genetics, which largely aims to correlate genetic

events with phenotype, and molecular biology, which ultimately aims at a

mechanistic understanding of biological processes. Fortunately, new methods

and several systematic studies have proved illuminating for many disease

genes and variants by integrating sequencing with mechanistic data, includ-

ing biomolecular structures and interactions. These have provided new inter-

pretations for known mutations and suggested new disease-relevant variants

and genes. Here, we review these approaches and discuss particular exam-

ples where these have had a profound impact on the understanding of

human cancers.
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Genetic variants: the latest
data explosion

The significant development of high-throughput

sequencing technologies has boosted gene discovery

and helped formulate new genetic variant-disease asso-

ciations [1,2]. However, establishing precise, causative

genetic variation has only been possible for a minority

of rare monogenic diseases that are the result of high-

penetrance alleles, or particular recurrent cancer muta-

tions [3–5]. Unfortunately, most human illnesses,

including those with a wide societal impact, are more

complex and cannot be reduced to a single allele or

gene.

Although a typical sequencing exercise can identify a

large number of variants, determining which are respon-

sible for disease still remains a challenging task [6].

Accordingly, several computational tools have been

developed to prioritize candidate pathogenic variants,

and these already enhance strategies for early detection,

diagnosis and treatment [6,7]. While many of these

methods are generic, others target specific diseases, par-

ticularly cancers. Methodologically, there are many fla-

vours, but most popular approaches rely on properties

like sequence conservation, allele frequency or known/
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predicted protein structure (Table 1; Fig. 1A). While

these are often excellent indicators of possible

pathogenicity, they do not capture a critically important

aspect that could help predict it better: biomolecular

mechanism.

A gulf between genetics and
molecular biology

Knowledge of disease genes has helped drive the under-

standing of biological mechanism. For instance, we

know a great deal about genes such as TP53 or KRAS

because they were discovered early on to play roles in

cancer. These were products of an age when the identifi-

cation of disease variants was relatively slow, as were

the complementary experiments to determine gene func-

tion. However, when thousands of gene variants can be

identified in a single sequencing experiment, it is not fea-

sible to wait for the community of molecular biology to

delve deeply into the function of each of them. The con-

sequence is a growing number of disease variants for

which geneticists are highly confident that they are cau-

sative, but for which there is often little or no reason-

able explanation as to how the molecular change relates

to the disease phenotype. In addition, many are also in

genes that are themselves poorly understood. For exam-

ple, although there are many disease genes associated

with the cilia, it has been less well studied than other

parts of the cellular machinery, meaning that many of

the protein products coded by these genes are still com-

paratively obscure [8].

Formally, variants are classified as either: positive, if

they disrupt gene function; negative, if they do not; or

as variants of unknown significance (VUS), when their

Table 1. Classical computational methods for variant/gene prioritization and functional impact assessment. Underline indicates those

methods that are specific for cancer. Variant types: missense variants (M), short insertions/deletions (ID), and noncoding variants (NC).

Tool Variant types Method overview

SIFT [57] M Predicts impact through assessment of phylogenetic conservation.

PROVEAN [58] M, ID Predicts impact through assessment of phylogenetic conservation.

PolyPhen-2 [42] M Predicts impact based on sequence, phylogenetic and structural features.

PANTHER-PSEP [59] M Predicts impact based on position-specific ‘evolutionary preservation’.

FATHMM-XF [60] M, NC Predicts impact based on a wide set of features including sequence conservation, proximity to

genomic features or chromatin accessibility.

MutationTaster2 [61] M, ID, NC Integrates data from 1000 Genomes, ClinVar, HGMD and ENCODE to predict variant pathogenicity.

VAAST 2 [62] M, ID, NC Employs an aggregative variant association test that combines amino acid substitution, allele

frequency and phylogenetic conservation.

CADD [63] M, ID, NC Combines diverse annotations (conservation, regulatory information, expression levels) and scores

of SIFT and PolyPhen-2.

ANNOVAR [64] M, ID Integrates several annotation data sets from the UCSC Genome Browser, including conservation

or transcription factor binding site prediction.

REVEL [65] M Combines scores of 13 other tools to predict pathogenicity.

fitCons [66] M, ID, NC Integrates high-throughput functional genomic data to cluster genomic positions, and then,

estimate a probability of fitness for each based on patterns of polymorphism and divergence.

CHASM [67] M Predicts impact based on several biochemical, sequence and structural features.

MutationAssessor [43] M Predicts impact through assessment of phylogenetic conservation.

MutSig [68] M, ID Combines mutation frequency compared to gene-specific background mutation rate, mutation

clustering along sequence and functional impact assessed by other predictors or by phylogenetic

conservation.

MuSiC [69] M, ID Combines several metrics including frequency, clustering and correlation with clinical phenotypes.

Allows identification of significantly affected pathways and correlation/mutual exclusion between

mutated genes.

OncodriveFM [70] M, ID Assesses the accumulation of variants of high functional impact in the gene, which is predicted by

SIFT, Polyphen-2 and MutationAssessor.

OncodriveCLUST [71] M Searches for mutation clustering along the sequence.

ActiveDriver [72] M Considers frequency and clustering of mutations in the context of phosphorylation signalling

(phosphosites, kinase domains, etc).

CRAVAT [73] M, I Integrates CHASM, VEST and different annotations.

IntOGen [74] M, I Web platform for pan-cancer driver identification. Its pipeline integrates OncodriveFM,

OncodriveCLUST and MutSig.
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A

B

Fig. 1. Biological features exploited by variant prioritization tools. (A) Gene-level features used for disease variant identification are illustrated

along different segments of a schematic protein. Red thunderbolt icons represent point mutations. (I) Allele frequency is assessed by

comparing sequences from different patients/samples. Below, four additional segments represent the same section of the protein,

harbouring the same mutation, in four different patients. (II) Sequence clustering is represented by proximal mutations along the protein

sequence defining a hotspot. (III) Overlap with functional sites is illustrated with mutations overlapping with a phosphorylation site (circled

‘P’) and a protein domain (purple hexagonal box). (IV) Evolutionary conservation of the residues affected by mutations can be assessed by

protein sequence alignment with orthologues, as illustrated below. The colours in the alignment indicate a rough conservation level: low

(dark blue), medium (cyan) and high (light blue), for which corresponding sections are equally coloured on the protein segment. (B)

Mechanistic approaches at multiscale resolution that provide deeper insights into mutation effects. Red thunderbolt icons represent

mutations. (I) Pathways commonly affected by mutated genes. In this schematic, same-colour spheres represent genes participating in the

same pathway. Red doted circles encompass two commonly perturbed pathways by individual mutations in their genes. (II) 3D clustering of

mutations is illustrated in two different oncogenes: KRAS and PIK3CA (PDB codes: 3GFT and 2RD0). The positions affected by mutations in

each protein are displayed along their sequences above. On the structures below, these positions are displayed as red balls that locate

spatially close, affecting the same interfaces: with GDP, in the case of KRAS, and with PIK3R1, in the case PIK3CA. (III) Biomolecular

interactions schematic illustrating different cases where mutations in the same protein affect different (protein-protein, protein-DNA/RNA,

and protein-small molecule) interfaces and thus have different impacts. (IV) Protein families can be used to detect scarce mutations in

different proteins that are affecting similar positions within a shared functional domain. Black lines and coloured boxes are schematics of

proteins and their different domains. They are aligned by a common domain (dark purple) where all proteins show mutations in an

equivalent position.
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impact is still unknown [9]. It comes as no surprise

that the last class is where the majority of variants

uncovered by sequencing land (e.g. in cancer [10]),

complicating diagnosis and risk assessment. Thus,

there is generally a pressing need to understand

whether these variants have a functional impact, even

if they are not clinically confirmed. This is particularly

true when a VUS is discovered in a gene that already

has established causative variants, and where diagnos-

tic or treatment decisions need to be made (e.g. in

Alport syndrome [11], or in cancer [12]).

There is something of a historic gap between classi-

cal medical genetics, which ultimately relates genotype

to macroscopic phenotype, and basic molecular biol-

ogy, which generally aims to understand the molecular

basis for biological phenomena. Any cursory glance at

many of the thousands of papers discussing particular

disease genes or mutants often shows limited interest

in how the (confidently determined) genetic cause

relates to the underlying molecular biology. Many also

operate, unwittingly, under a rather lazy generalization

that any mutation in a particular gene will lead to a

similar functional consequence, something that would

horrify structural biologists, and a presumption which

is challenged by systems biology [13,14]. Moreover,

even when mechanism is considered, there is a wide-

spread tendency to stop interpretation once a list of

mutated genes is obtained.

Meanwhile, mechanistic data are also on the rise.

Decades of advances in structural and cell biology, not

to mention the plethora of high-throughput methods

to study proteins, nucleic acids, metabolites and their

respective interactions, means that we are better placed

than ever to understand the roles that gene products

play in the wider functional context of the cell [15,16].

However, in practice the degree to which these findings

impact on genetics remains much lower than it could

be. Fortunately, recent years have seen a variety of

high-throughput methods that can exploit existing

mechanistic data fast enough to cope with the growth

of sequence information emerge (Table 2). By using

and integrating diverse sources of mechanistic informa-

tion (Fig. 1B), they have provided deeper insights into

the molecular basis of how genetic variants ultimately

cause diseases, particularly in the case of cancer.

Cancer as a paradigm

Cancers are diverse and complex diseases that have

been the subject of intense scientific scrutiny by a flurry

of recent genomic sequencing projects, such as those

coordinated by The Cancer Genome Atlas (TCGA)

[17] and the International Cancer Genomics Consor-

tium (ICGC) [18]. Together with advances in molecular

oncology, these efforts have charted the complex land-

scape of genetic factors underpinning the most common

cancers, and led to an expansion of the repertoire of

biological processes considered as hallmarks of cancer,

with metabolism reprogramming and immune system

evasion as the latest additions [19]. Consequently, the

list of genes confirmed to drive tumour initiation and

development has increased, but it has done so faster

than any mechanistic understanding. For example,

although ARID2 and NUTM2A are established to have

Table 2. Computational methods for variant/gene prioritization that provide mechanistic information. Underline indicates those methods that

are specific for cancer. Variant types: missense variants (M) or sets of mutated genes (GS).

Tool

Variant

Types Method Overview

GSEA [39] GS Identifies pathways/networks enriched in a set of differentially expressed or mutated genes.

G:Profiler [75] GS Identifies pathways, Gene-Ontology or transcription factor binding sites enriched in a set of differentially

expressed or mutated genes.

SLEA [76] GS Enrichment analysis at the level of samples which allows discovery of different cancer subtypes.

ReactomeFIViz [40] GS Platform for pathway and Reactome functional interaction network analysis.

GeneMANIA [77] GS Reconstructs networks from gene sets using interaction, pathway (and more) data, with the aim of

identifying other functionally related genes.

PARADIGM [41] GS Integrates multidimensional cancer data to identify significantly affected pathways.

Mechismo [44] M Predicts impact of an amino acid substitution or modification on protein interactions by mapping them on

3D structures and the interactome.

dSysMap [45] M Systematic mapping of disease-related missense mutations on the structures of the human interactome.

CLUMPS [47] M Detects clustering of mutations on the protein 3D structure and enrichment of those in PPI interfaces.

HotMAPS [49] M Detects clustering of mutations on the protein 3D structure, including protein complexes.

3dhotspots [46] M Detects clustering of mutations on the protein 3D structure with a focus on rare variants.

MutationAligner [53] M Identifies mutation hotspots in protein domains across many cancer types.

Oncodomains [55] M Identifies mutation hotspots in protein domains across many cancer types.
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roles in cancer [20,21], they lack the level of functional

information of heavily studied genes such as KRAS or

CTNNB1. The reality is that, despite the significant

efforts, the disciplinary gap is also present between can-

cer genomics and molecular biology.

Cancer driver genes have been traditionally classified

into two groups: oncogenes or tumour suppressors,

according to whether they positively or negatively reg-

ulate the growth and proliferation of a neoplastic cell.

Tumour suppressors are generally characterized by a

diverse set of presumed deleterious mutations, which

disrupt and inactivate protein function, usually local-

ized without any apparent pattern. In contrast, onco-

gene hyperactivity is ascribed to either overexpression

(via fusions, copy number increases or other alter-

ations) or overactivation due to mutations affecting

protein function (usually enzyme catalytic activity),

which are thus normally at highly specific protein posi-

tions [22].

The Cancer Gene Census (CGC) is an ongoing ini-

tiative from COSMIC [23] to collect all genes that

have mutations confirmed to be involved in cancer

[24]. Currently (version 81), it contains 568 genes

which are classified according to their role in tumorige-

nesis, including 137 tumour suppressor genes (TSGs),

77 oncogenes and 93 in a third class defined as fusion

genes. However, most CGC genes cannot be described

by any of the three classes alone (Fig. 2A). Among

them, 67 genes stand out as they are classified as both

oncogene and TSG (30 of them also as fusions) when,

in theory, the two classes play a role in oncogenesis

via opposite mechanisms. Indeed, growing evidence is

supporting the fact that some genes can function as

one or the other depending highly on the cellular con-

text. Perhaps the most striking example of these is

TP53, which was originally regarded as the canonical

TSG, but it is now well-established that several TP53

mutations are oncogenic [25]. Elsewhere, the small

GTPases RHOA, RAC1 and CDC42, key signal trans-

ducers of a wide range of biological functions, have

been traditionally considered oncogenes, and therefore,

targeted by antineoplastic agents [26,27]; however,

recent cancer genomics studies and in vivo experiments

have revealed new tumour suppressor properties of

A

C

B

Fig. 2. Classification of Cancer Gene Census (CGC) genes and differences in Functional Interaction Network (FIN) properties. (A) Venn

diagram showing the total number of genes in each of the three CGC role in cancer categories and in the overlaps between them. (B)

Heatmap depicting the fractions of oncogenes and tumour suppressor genes (TSGs) involved in Reactome top-hierarchy biological

processes. Cell colour intensity is proportional to the gene fraction number. (C) Box plot displaying the distribution of the individual values of

degree (number of connections) of each oncogene and TSG in the Reactome FIN. The boxes encompass from the first to the third

quartiles, while the middle line indicates the median of the distribution. On average, oncogenes have a higher degree than TSGs (raw data

from these analyses are available upon request).

467FEBS Letters 592 (2018) 463–474 ª 2018 Federation of European Biochemical Societies

J. C. Gonz�alez-S�anchez et al. Cancer genetics meets molecular mechanism

 18733468, 2018, 4, D
ow

nloaded from
 https://febs.onlinelibrary.w

iley.com
/doi/10.1002/1873-3468.12988 by Scuola N

orm
ale Superiore D

i Pisa, W
iley O

nline L
ibrary on [15/09/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



these genes [28]. Similarly, the alpha subunit of the

heterotrimeric Gs protein (GNAS) also shows a con-

text-dependent role in cancer: while oncogenic muta-

tions have been reported in thyroid, pituitary,

pancreatic and gastrointestinal tumours [29], this gene

also presents a tumour-suppressive function in skin

basal-cell malignancies [30].

The power of biological context

The above examples emphasize the importance of not

assuming an immovable role for disease genes and the

need to study the molecular and cellular mechanisms,

or biological context, in which these genes or variants

operate. The simplest way to put a gene in functional

context is through biological pathways. A total of 406

(71%) of the CGC genes are found in curated Reac-

tome pathways (reactome.org [31]), of which 174 (30%

of the total) participate in at least 10 different path-

ways. Interestingly, a stark contrast can be observed

between some pathway/network properties of oncoge-

nes and TSGs. First, they are involved in different bio-

logical processes: oncogenes are mostly found in signal

transduction, developmental biology, immune system

and haemostasis pathways, while TSGs tend to prevail

in gene expression, DNA repair and protein metabo-

lism (Fig. 2B). Moreover, oncogenes participate, on

average, in a significantly higher number of pathways

(rank sum P = 0.0009), and also have significantly

higher number of connections to other proteins (or

degree; P = 4 9 10�7; Fig. 2C) and a higher between-

ness centrality (centrality of the molecule by measuring

the extent to which it lies on paths between others;

P = 4 9 10�6) when compared to TSGs within the

Reactome Functional Interaction Network [32] (data

available upon request). While we cannot exclude that

this trend might in part be due to more intensive

investigations into the specific biological functions of

oncogenes, it suggests that they tend to lie at the

cross-roads of several signalling pathways and wire a

more complex network of interactions. In contrast,

TSGs appear to be more specialized, with roles in

fewer biological processes.

Biological context can also be illuminating by high-

lighting instances where multiple genes are effectively

equivalent in terms of their roles in disease. Because

the reductionist approach still predominates, many

studies focus on adding another gene to the set of

those responsible for a particular cancer. In the search

of these genes, the frequency of mutations (defined as

the number of samples or patients having a particular

mutation) is important to avoid genes that have rare,

possibly artefactual or passenger, mutations. However,

mutual exclusivity between mutations in genes that are

functionally linked can highlight cases where different

mutations might perform equivalent roles in cancer,

even when their frequency is comparatively low [33].

For instance, mutations in the transcription factor

TCF3 and its inhibitor ID3 are largely mutually exclu-

sive in Burkitt Lymphoma, and all of them equally

disrupt the interaction between these proteins. Conse-

quently, inhibition is avoided, resulting in an increased

expression of TCF3 targets, which ultimately promotes

cell proliferation [34,35]. Similar exclusivity is present

between mutations of three neighbouring genes in the

Ga12/13 signalling pathway: P2RY8, GNA13 and

RHOA [36]. As their frequencies can be relatively low,

mutations in P2RY8 or TCF3 might be overlooked

when considering allele frequency alone. Moreover,

this process leads to a greater fraction of patients

being covered by the particular biological process, and

thus, indicates an overall common mechanism of the

disease, which can ultimately aid future diagnoses.

Exploiting molecular mechanism to
prioritize genetic variants

Standard computational methods for cancer driver

identification usually search for positive selection sig-

nals within individual genes, such as a mutation fre-

quency higher than the background rate, or a

nonrandom distribution of mutations along the

sequence (Fig. 1A; Table 1). However, despite the

growing number of sequenced cancer genomes, there

are many less frequent, but nevertheless functionally

important genes or variants that these approaches will

often miss. All estimates indicate that the landscape of

genomic variation in cancer is in fact dominated by

such scarce events [22,37].

Pathways

The use of prior contextual knowledge about molecular

and cellular mechanisms enables the grouping of differ-

ent genetic alterations that are functionally related, dis-

regarding, to a certain degree, their frequency.

Similarly, one can identify affected common pathways

involved in the development of the disease (Fig. 1B),

which allows for the investigation of a wider set of

mutations in a known biological context. Accordingly,

several network- and pathway-based methods have been

developed and applied to cancer genomics data to prior-

itize significantly affected genes and the biological pro-

cesses in which they participate [38]. These approaches

range from gene enrichment (e.g. GSEA [39]), to net-

work analysis (e.g. ReactomeFIViz [40]) and pathway
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modelling (e.g. PARADIGM [41]) (Table 2). For exam-

ple, the PARADIGM framework integrates multi-omics

information—mainly gene expression and copy number

variation data from TCGA—with curated pathways. It

finds that while some pathways are in general equally

perturbed in most cancers (e.g. IL4-mediated signalling

or Hedgehog signalling), a few are specifically altered

only in particular cancers, like nephrin/Neph1 signalling

in kidney tumours (KIRC, KICH and KIRP) (Fig. 3).

Structures and interactions

The last few years have also seen the increased use of

biomolecular structures to interpret the functional con-

sequences of protein variation from cancer genomics

studies. Indeed, structural information was already part

of some of the original methods to predict mutation

pathogenicity (e.g. PolyPhen [42]), and there are now

several methods that allow one to identify when genetic

variants affect biomolecular interfaces (e.g. Muta-

tionAssessor [43]). The need to study, often thousands

of variants across hundreds of genes, has prompted the

development of sophisticated platforms that systemati-

cally integrate three-dimensional structures and protein

interactions with variant data, to predict their impact

and identify putative mechanisms (Table 2). These

include Mechismo [44], which allows queries of any

putative protein change in the context of biomolecular

interactions, or dSysMap [45], which is a systematic map

of known disease mutations in a mechanistic context.

Other methods evaluate the 3D clustering of cancer

missense mutations in protein structures or interaction

interfaces, based on the assumption that spatially

proximal mutations—which would not be revealed by

positional frequency alone—might imply similar func-

tional perturbations and phenotypes (Fig. 1B;

Table 2). Systematic analyses using these approaches

have been able to identify potential driver mutations

and hotspot regions in both known (e.g. MAP2K1

and RAC1 [46]) and new candidate cancer genes, such

as the kinetochore complex component NUF2 [47].

Notably, both oncogenes and TSGs were shown to

display 3D clustering patterns, contradicting the clas-

sic view that this is a hallmark feature of oncogenes

[47,48]; however, a recent study has additionally

reported some differences between the features of their

hotspot regions, which likely reflect the distinct nature

of gain-of-function and loss-of-function mutations

[49]. As protein function is directly dependent on

structure, the detection of three-dimensional hotspots

Fig. 3. Most commonly perturbed pathways in different cancers. Heatmap cells are coloured according to the significance ratio of the top

25 pathways (rows) most commonly altered in the PARADIGM analysis across TCGA cancer types (gdac.broadinstitute.org) (columns) on a

blue scale. Pathways are ranked according to the number of cancer types where they are predicted to be significantly perturbed (i.e.

significance ratio > 0.05). Cancer types are clustered by complete-linkage hierarchical clustering, based on distance calculation of pathways

significance ratio values.
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offers an improved capability to capture functional

effects of variants over just considering linear

sequence.

Some studies have systematically combined infor-

mation of biomolecular structures with interaction

data to detect enrichment of somatic missense vari-

ants at protein–protein [50,51] or protein–chemical/

nucleic acid interfaces [51]. These analyses reveal sig-

nificant differences in the way interactions of impor-

tant driver genes are perturbed in different cancer

types or even in different patients, which sometimes

correlates with cancer severity. They also highlight

that not all mutations affecting a gene are equiva-

lent, but that their consequence can depend on

which of several possible interfaces they affect

(Fig. 1B). For instance, when analysed across all

cancers, fold-disrupting mutations of the zinc binding

site in TP53 appear to be associated with poorer

survival, in contrast to those more specific to DNA

or regulator protein binding [51]. They also showed

that oncodrivers harbour the bulk of mutations,

while those affecting their direct interaction partners

are unusual: for example, TP53 is highly mutated,

but mutations in its most common interaction part-

ners (e.g. TP53BP1, TP53BP2) are comparatively

rare [51].

These deeper insights into mechanism have also

called into question the binary TSG/oncogene para-

digm. For example, in Burkitt Lymphoma, several

seemingly functional and disease-relevant variants

within RHOA appear to be neither clearly oncogenic

nor tumour suppressive in nature [44,52]. Several of

these changes lie at the interface with multiple regula-

tors of RHOA function (GAPs, GEFs or GDIs), and

seem to tinker with their interaction affinities, thus

probably shifting RHOA towards particular pathways

Fig. 4. Differential effects of the RHOA p.L69R mutation on interaction partners. The central network shows RHOA interacting with key

GTPase-activating proteins (GAPs) ARHGAP1 and ARHGAP20, Guanine exchange factors (GEFs) ARHGEF1, ARHGEF25 and MCF2L and a

Guanine dissociation inhibitor (GDI) ARHGDI1. Red and green lines indicate predicted destabilizing and enhancing interactions respectively

(determined using Mechismo). The panels on top left and right show the location of the Leucine in RHOA in the context of the ARHGAP20

and ARHGAP1 structures. Note that the Leucine in the ARHGAP1 structure lies in a hydrophobic pocket, suggesting that the mutation to a

charged Arginine is predicted to disfavour the interaction, in contrast to the polar/negatively charged pocket in ARHGAP20 that is predicted

to favour the change to Arginine. The bottom left of the figure shows a schematic of how GAPs, GEFs and GDIs modulate the balance

between inactive and active RHOA.
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(Fig. 4). In this context, the enzyme appears to be nei-

ther over- nor underactivated, but altered subtly some-

how to optimize tumour growth.

Protein families

Protein families and evolutionary relationships have

been exploited to detect sparse mutations affecting

equivalent, functionally conserved amino acids within

a shared protein domain (Fig. 1B; Table 2). For exam-

ple, several rare uncharacterized mutations in different

cancer types, in the genes EGFR (L861), EPHA2

(V763), FGFR1 (D647) and PDGFRA (D842), lie at

positions of the kinase domain that are analogous to

well-known mutation hotspots, like those in KIT

(D816), FLT3 (D835) and BRAF (V600), suggesting

similar molecular mechanisms and downstream conse-

quences, and thus, potential therapeutic actions [53].

Interestingly, domain-centric approaches have revealed

clusters of mutations at the domain level (i.e. domain

hotspots) in both oncogenes and TSGs, further nar-

rowing the separation between them [54,55].

Overall, it is clear that leveraging mechanistic data,

in the form of pathways, interactions, networks and

three-dimensional structures, provide deeper insights

for known cancer variants and genes, as well as the

means to unearth those previously concealed by their

low frequency. This is bound to have a profound

impact on the understanding of the molecular pro-

cesses that result in cancer initiation and progression.

Perspectives

Gaps between disciplines can be difficult to bridge, but

the challenge to connect cancer genomics and molecu-

lar biology is ideally suited to bioinformatics groups

specializing in the interrogation of mechanistic data.

Great progress has already been made in the develop-

ment of tools, for example, to study the structural con-

sequences of individual sequence variations, or to

assess gene-ontology or pathway enrichment. However,

at the origin of this gap are deep-rooted differences in

perspective. The average geneticist is less inclined to

consider biomolecular mechanism just as the average

molecular biologist often shows limited interest for

information from genetics. The truth is that this gap

has not been of such profound concern in the past

decades, principally because there was so much to do

on both sides that did not particularly involve the

other. However, the need to prioritize the exponen-

tially growing number of genetic variants makes it

imperative to link them to mechanism, bringing both

disciplines together.

Certainly the case needs to be made for whether

mechanism can make a substantial difference to genet-

ics, and there are already many studies demonstrating

that a systematic coupling of genetic information to

mechanistic biology can deliver promising results (e.g.

[56]). This is particularly true given the aims of person-

alized medicine, whereby thousands of previously

uncharacterized variants will be found within an indi-

vidual genome, and will need to be quickly assessed in

terms of their likely impact on phenotype. Equally,

structural and molecular biologists could profit from a

more systematic interrogation of existing genetic vari-

ant data in terms of how it might impact on molecules

of interest, and moreover, to link, where possible, any

findings to human disease.

Computational tools will need first to systematically

integrate data on genetic variation, protein structure,

interactions, biological pathways and annotated, or

predicted, protein features. They will then, most

importantly, need to provide the means to answer

questions of direct relevance to human geneticists,

molecular biologists, clinicians and the entire spectrum

of scientists who can profit from these game changing

advances in the era of high-throughput sequencing for

personalized medicine.
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