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Theodosius Dobzhansky (1976)

“nothing in biology makes sense 
except in the light of evolution” 



The tumour problem is a 
cell problem…

Tumours might be the consequence of a certain 
abnormal chromosome constitution…

Inhibitory mechanisms that have to be eradicated before 
unrestrained multiplication can take place… A tumour cell 
that proliferated without restraint would be generated if 
these `inhibitory chromosomes' were eliminated…

Concerning the Origin of Malignant Tumours (1914)

- 1902 Theodor Boveri 

- 1859 Charles Darwin 
natural selection

- 1866 Gregor Mendel 
inheritance
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- 1859 Charles Darwin 
natural selection

- 1866 Gregor Mendel 
laws of inheritance

- 1902 Theodor Boveri 
the chromosomes

- 1943 Luria & Delbruck 
is selection random?

- 1944 Oswald Avery 
the information is in DNA

- 1953 Watson & Crick 
the structure  of DNA provides the basis for inheritance 

- 1956 Hin Tjio & Levan  
the number of human chromosomes

- 1960 Peter Nowell & David Hungerford  
the first genetic alteration in cancer



cancer is a clonal disease

Chronic Myeloid Leukemia 
is defined by genetic alterations

- 1960 Peter Nowell & David Hungerford  
the first genetic alteration in cancer
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first year of my pathology residency with Philip Custer in Philadel-
phia (from 1953 to 1954), we had focused primarily on hematopoi-
etic neoplasms. In the Pathology Department of the University of 
Pennsylvania School of Medicine, I used a short-term cell culture 
technique developed by Edwin Osgood and Marion Krippaehne 
(10) to study human leukemic cells. The cells were grown on small 
slides, and I rinsed the cells with tap water before staining them 
with Giemsa to visualize their chromosomes. This was an inad-
vertent use of the “hypotonic technique” to disrupt the mitotic 
spindle and expand the cells, and it resulted in the presence of 
countable chromosomes in my metaphase chromosomal prepara-
tions. I knew nothing about cytogenetics at this time but felt that 
the chromosomal preparations of the leukemic cells warranted 
investigation for any abnormalities. I found no one on our campus 
interested in human chromosomes but was eventually directed to 
a graduate student, David Hungerford, who was working at the 
Fox Chase Cancer Center and attempting to obtain material for a 
thesis on human chromosomes.

Hungerford and I, as well as other researchers around the world, 
began to use the new cytogenetic techniques to determine whether 
human leukemias could be characterized by specific chromosome 
abnormalities. Although we initially found no consistent genetic 
abnormalities in cells from individuals with acute myelogenous leu-
kemia, Hungerford identified a characteristic small chromosome in 
the neoplastic cells of two patients with chronic myelogenous leu-
kemia (CML) (Figure 1) (11). We then began, with the help of Paul 
Moorhead, a scientist at the Wistar Institute, to use an improved air 
drying technique for the cell preparations, which had been developed 
by Rothfels and Siminovitch (12), and were able to report that a series 
of seven patients that we had analyzed all had this minute chromo-
some (13). Tough and colleagues (14), who were also studying human 
leukemias, designated this minute chromosome the “Philadelphia 
chromosome,” in accord with the Committee for the Standardiza-
tion of Chromosomes, which had suggested that abnormal chromo-
somes be named for the city in which they were discovered.

Our observation that all the neoplastic cells in nearly all cases 
of a specific human cancer contained a consistent somatic genetic 

change provided strong evidence to support Boveri’s hypothesis 
(2) that a critical genetic alteration in a single cell, which provided 
the cell with a growth advantage, could give rise to a tumor. How-
ever, in the years immediately before and after the identification 
of the Philadelphia chromosome, consistent chromosomal altera-
tions were not found in other types of leukemia. The only other 
apparent consistent alteration, which was noted in a number of 
patients with chronic lymphocytic leukemia in New Zealand and 
designated the Christchurch chromosome (15), proved not to be 
a somatic alteration but rather a familial abnormality in one par-
ticular family in that area.
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During the 1960s, analysis of some human solid tumors revealed 
that in nearly all types of cancer the chromosome pattern was 
abnormal (16). In particular, extensive chromosome alterations, 
such as chromosome numbers in the hypotetraploid range and 
gross structural chromosome rearrangements, were observed in 
individuals with very advanced tumors and malignant effusions. 
Furthermore, the extent of the cytogenetic changes often correlated 
directly with the extent to which the tumor had progressed clinical-
ly (17) — as had been observed earlier in experimental tumors that 
caused the accumulation of tumor-derived fluid in the abdomen 
(ascites tumors) — with the tumor consisting of a single stem line 
of cells or several closely related sub-lines. However, the presence of 
a consistent chromosome abnormality in all neoplastic cells was 
somewhat less common in solid neoplasms than in the leukemias, 
and in fact, huge variety in the number and type of chromosome 
alterations in a given tumor were often observed (17). Most impor-
tantly, when stem lines were present in solid tumors, they typically 
differed in their chromosome abnormality from one individual 
to another. Indeed, although a proportion of cases of some types 
of tumors, including tumors of the ovaries, testes, and meninges 
(18), show a characteristic chromosome abnormality, these abnor-
malities are not found in sufficient individuals with a given type of 
tumor to be considered a marker chromosome for the neoplasm. 
Thus, no chromosomal change comparable in consistency to the 
Philadelphia chromosome has been observed.

Part of the difficulty of identifying genetic abnormalities charac-
teristic of specific neoplasms was methodological. Although dur-
ing the 1960s technical advancements continued to be made — for 
example, Hungerford and coworkers developed more efficient hypo-
tonic solution methods for generating chromosome preparations, 
and phytohemagglutin was used to stimulate mitotic cell division 
in lymphocyte cultures, thereby providing an easy source of mitotic 
chromosomes from non-neoplastic cells (19) — it was still impos-
sible to individually identify human chromosomes. Furthermore, 
the often poor technical quality of metaphase chromosomal prepa-
rations from tumor material, as opposed to normal cells, made even 
accurate counting of chromosomes sometimes difficult.

Despite the lack of progress in identifying genetic abnormalities 
characteristic of specific neoplasms during the 1960s, other areas 
of research provided evidence to support the concept that chro-
mosome abnormalities are associated with cancer. An increased 
number of spontaneous chromosome breakages were observed to 
occur when chromosome preparations were made from circulating 
normal lymphocytes that had been isolated from individuals with 
inherited clinical disorders associated with an increased risk of 
leukemia and other malignancies such as Bloom syndrome, ataxia 
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• “each patient's cancer may require 
individual specific therapy” 

• “even this may be thwarted by 
emergence of a genetically variant 
subline resistant to the treatment”

The clonal evolution  
of tumor cell populations

- 1976 Peter Nowell 

• cancer derives from a progression of mutations

• cancer evolution is a darwinian process



evolution does not have a purpose
the only evolutionary success is passing your genes

~3.5 billion years

bacteria

humans
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Barrett’s Oesophagus (displasia)

Oesophageal

Adenocarcinoma

1.4-folds risk increase 
per every genetically 
different clone

tetraploidy. The combination of factors that best predicted progression
included the number of clones, genetic divergence, TP53 LOH and
ploidy lesions (Table 3, multivariate Cox model with best Akaike
Information Criterion (AIC)). Segment length, number of samples
and CDKN2A LOH do not provide independent predictive value for
cancer outcome. The Shannon index and the number of clones are
strongly correlated (Pearson’s R¼ 0.92), and one can substitute for the
other in a multivariate model without significantly changing the
predictive value of the model (likelihood ratio test, P 4 0.05).
However, number of clones was a slightly better predictor of progres-
sion than the Shannon index, and given the relative ease of measuring
number of clones in a neoplasm, it may be a more useful measure of
clonal diversity than the Shannon index.

We compared clonal diversity of Barrett’s esophagus epithelium
with 17p (TP53) LOH to Barrett’s esophagus without TP53 LOH.
TP53 LOH epithelium had a higher Shannon index (mean 0.56, range
0–1.65; Wilcoxon rank sum test, P o 0.01) and more clones

per sample (mean 0.64, range 0.20–1.00; Wilcoxon rank sum test,
P o 0.001) than epithelium without TP53 LOH (mean 0.36, range
0–1.63; mean 0.42, range 0.08–1.00, respectively). Samples from TP53
LOH epithelium did not have greater divergence, as measured by LOH
at other loci (mean 0.042, range 0–0.500), than samples without TP53
LOH (mean 0.032, range 0–0.429; Wilcoxon rank sum test, P ¼ 0.31).

Increased Shannon diversity but lack of increased divergence in
TP53 LOH epithelium suggests that TP53 LOH increases generation of
viable genetic variants that may derive from a recent common
ancestor. This hypothesis predicts that TP53 LOH epithelium would
typically be clonal. In 40 of 45 (89%) patients, TP53 LOH epithelium
showed loss of identical alleles in loci surrounding TP53 in multiple
samples, consistent with a clonal origin and with previous studies10.
Four of the five remaining individuals show evidence of two inde-
pendent TP53 LOH clones.

If TP53 LOH is simply a manifestation of genetic instability, then
LOH in other loci should also show clonal diversity differences
between tissue with and without LOH in those loci. We repeated
the analysis twice and found no significant differences in the Shannon
diversity between tissues with and without 17q or 9q LOH. Likewise,
clonal diversity is not simply a manifestation of time since loss of TP53
(Supplementary Note).

The association of clonal diversity with progression to esophageal
adenocarcinoma provides an evolutionary mechanism for neoplastic
progression at the clonal level but does not address cellular and
molecular mechanisms generating diversity. To explore cellular
mechanisms generating diversity, we used FISH probes to the centro-
mere and TP53 locus on chromosome 17 in 47 samples from Barrett’s
esophagus epithelium with or without TP53 LOH. We calculated the
Shannon index based on diversity of numbers of centromere and TP53
spots in cells from a biopsy. Samples without 17p (TP53) LOH showed
less cellular diversity (mean Shannon index ¼ 0.65, s.d. ¼ 0.46) than
biopsies with TP53 LOH (mean Shannon index ¼ 0.93, s.d. ¼ 0.43,
two-tailed t-test P o 0.05). These data confirm that TP53 LOH is
associated with increased diversity at the cellular level.

Because Barrett’s esophagus is a chronic inflammatory, hyperpro-
liferative epithelium, we hypothesized that cellular diversity may be

Table 1 Cohort characteristics

Total subjects 268

Sex

Male 212 (79%)

Female 56 (21%)

Age (years)

o40 16 (6%)

40–49 49 (18%)

50–59 68 (25%)

60–69 65 (24%)

70–79 60 (22%)

Z80 10 (4%)

Segment length

o3 cm 85 (32%)

3–6 cm 107 (40%)

7–10 cm 55 (21%)

410 cm 21 (8%)
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Figure 3 Kaplan-Meier cancer incidence curves for clonal diversity measures. The y-axis shows probability of
developing cancer, and the x-axis represents time. (a) Probability of developing esophageal adenocarcinoma as
a function of time in participants stratified into the upper quartile versus the lower three quartiles of number of
clones, based on loss of heterozygosity in a Barrett’s segment at baseline. Barrett’s segments with more clones
progress to esophageal adenocarcinoma more quickly than segments with fewer clones. (b) Probability of cancer
in participants stratified by quartiles of the mean pairwise genetic divergence diversity index on the basis of LOH
data at baseline. Barrett’s segments with greater genetic divergence between clones progress to esophageal
adenocarcinoma more quickly than segments with less genetic divergence. (c) Probability of cancer in
participants stratified by quartiles of the Shannon diversity index on the basis of LOH data at baseline.
(d) Probability of cancer in participants stratified by quartiles of Barrett’s segment length at baseline.
(e) Probability of cancer in participants stratified by quartiles of number of samples assayed at baseline.
Because two samples are purified from a biopsy at 2-cm intervals of the Barrett’s segment, the number of
samples is closely correlated with the segment length.
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leading to an elevated mutation rate, gene copy number changes 
or chromosomal instability resulting in aneuploidy.10

Defects in the genes MSH2 and MLH1 which repair 
mismatched DNA bases during DNA replication, as well as small 
insertions or deletions at areas of repetitive DNA sequences 
(microsatellites), are common in colorectal cancer and result 
in hypermutation and microsatellite instability.11 In clear cell 
renal cell carcinoma (ccRCC) mutations found in histone 
modifying genes, such as SETD2 and chromatin remodelling 
genes such as PBRM1, have been shown to be cancer drivers.12,13 
These genes are involved in the process of gene transcription 
from tightly condensed genomic DNA and mutations in them 
may contribute to genomic instability. Evidence of whole 
genome doubling, a spontaneous event for which the aetiology 
remains unclear, can be found in many cancers. The process of 
genome doubling enables cancer cells to withstand errors in the 
segregation of chromosomes during mitosis and is associated 
with a worse prognosis in colorectal cancer.14 Surviving this 
event allows aneuploidy and chromosomal rearrangements that 
create clonal diversity within tumours. Chromosomal instability 
has been shown to be an indicator of a poor prognosis, 
presumably because the greater genetic diversity it affords 
allows tumours to better withstand the selection pressure of the 
tumour microenvironment and cancer treatments.15,16

Novel mechanisms for the evolution of cancer genomes 
have also recently been proposed. In prostate cancer, highly 
interdependent genome-wide translocations and deletions 
– termed chromoplexy – accumulate during oncogenesis 
and progression. These chromoplexy events occur relatively 
infrequently in the lifetime of the cancer, in a punctuated 
pattern, but deregulate multiple prostate cancer associated 
genes simultaneously.17 Shattering of whole chromosomes with 
disorganised rejoining of fragments – termed chromothripsis – 
has been shown to be a cause of several genomic lesions that can 
drive cancer formation. Although this is a relatively infrequent 
phenomenon, evidence of this process has been found in the 
majority of cancer types.18 

Some studies have shown that genomic instability seen in 
advanced cancer may be iatrogenic. In a study of ALL, treatment 
was shown to be a transient inducer of genome instability with 
an increase in the mutational burden found in clones following 
treatment.19 Similarly in patients with glioblastoma multiforme 
(GBM), treatment with temozolomide, the current standard 
fi rst line chemotherapy, was found to select for clones with 
defects in mismatch repair genes and accelerate the mutation 
rate following treatment.20 There are many contributors to 
tumour evolution, both cell-intrinsic (eg genomic instability) 
and exogenous (eg tumour microenvironment and cytotoxic 
chemotherapy), but because of the branched pattern of tumour 
evolution, signifi cant heterogeneity is found within a single 
cancer which has implications for clinical practice. 

Clinical implications of tumour evolution and tumour 
heterogeneity

Clonal evolution results in signifi cant regional heterogeneity 
within individual tumours and their metastasis. Sequencing 
of the exomes of multiple regions from a ccRCC primary 
tumour and corresponding metastases shows signifi cant 
allopatric separation of subclones (Fig 2). Loss of the long 

punctuated pattern that results in signifi cant temporal and 
spatial heterogeneity. In adenocarcinoma of the pancreas, 
genetic instability caused by telomere dysfunction occurs 
early and drives tumour progression with further diverging 
patterns of clonal evolution in different metastasis, resulting 
in heterogeneity between the primary lesion and metastatic 
sites. In the patients studied all have some shared genomic 
rearrangements between their primary and metastatic lesions, 
but different metastatic sites develop private rearrangements 
causing loss of cycle control and activation of key oncogenes.5 

Phylogenetic trees like those fi rst conceived by Darwin can 
be used to represent tumour evolution and infer relationships 
between different cancer cell populations (Fig 1). Single cell 
sequencing in breast cancer and acute lymphoblastic leukaemia 
(ALL) has been used to demonstrate the extent of intratumour 
heterogeneity and draw evolutionary trees for these tumours. 
These groups used analysis of copy number changes to draw 
phylogenetic trees which show the relationship and evolution 
of the different subclonal populations within the tumour. In 
both scenarios they demonstrated that the tumours evolved 
by punctuated evolution with clonal expansion and branching 
phylogenetic trees rather than in a linear fashion.6,7 

Causes of cancer evolution 

In a study assessing the different mutational signatures found in 
cancer (patterns of mutations detected by NGS in large numbers 
of different tumour types), a wide number of factors such as 
smoking, age, UV radiation and defects in DNA repair genes 
generate diversity within tumours which contribute to increased 
genomic instability.8 Genomic instability is an enabling hallmark 
of cancer and a common footprint found in cancer genomes.9 
This instability can occur through a diverse range of mechanisms 

Fig 1. An example of a phylogenetic tree drawn from multi-region 
whole exome sequencing data from a patient with ccRCC with a 
clonal (trunk) mutation in VHL and subclonal (branch) mutations in 
PBRM1 and ARID1A. Distance of each branch represents evolutionary 
time and how different the tumour regions are from each other. ccRCC = 
clear cell renal cell carcinoma; GL = germline.
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arm of chromosome 3 and mutations in von Hippel-Lindau 
(VHL) gene are common genetic aberrations seen in the ‘trunk’ 
of the branched evolutionary trees. Loss of VHL results in 
stabilisation and activation of hypoxia inducible factor 1 alpha, 
a transcription factor that induces a number of genes associated 
with cancer, whereas a number of mutations in other cancer 
associated genes, such as SETD2 and PTEN, are seen only in 
spatially restricted regions of the tumours and located on the 
distal branches of the phylogenetic tree.21,22 In these studies 
only two-thirds of the cancer-associated somatic mutation 
were shared between different regions in many tumours. The 
implications of these data are that using a single biopsy to look 
for biomarkers that guide clinical decisions is likely to result 
in signifi cant sampling bias and may miss subclonal spatially 
separated cancer drivers in ccRCC. In this study over fi ve 
biopsies would have been required to detect over 90% of the 
driver genes found in many of the tumours.

Temporal heterogeneity due to clonal evolution means that 
analysis of the primary may not be representative of metastatic 
lesions that have undergone different mutational processes and 
selective pressures.7,23 Basing treatment decisions on analysis 

of archival material from a primary tumour, as is common 
practice, may therefore not always be entirely representative 
of the disease at metastatic relapse. In a retrospective study of 
HER2 discordance between primary and metastatic lesions, 
over a quarter of patients with HER2-positive breast cancer 
lost expression of this biomarker in their metastatic relapse 
samples. If patients with discordant biomarkers had been given 
trastuzumab, which targets the HER2 protein, they had poorer 
overall survival.24 In NSCLC the EGFR T790M mutation is 
associated with resistance to standard fi rst line therapy with 
EGFR tyrosine kinase inhibition (TKi). In a study using NGS, 
which has a greater sensitivity than current clinical diagnostic 
methods, temporal heterogeneity in response to treatment 
was seen following treatment of patients with EGFR TKi. 
The prevalence of clones containing the T790M resistance 
mutation increased following treatment as sensitive clones 
die on treatment with EGFR TKi, allowing clonal expansion 
of the resistant population.25 This results in pruning of the 
evolutionary tree with a general restriction of diversity, but 
selection of therapy resistant clone, akin to evolutionary 
bottlenecking (Fig 3). If bottlenecking in response to treatment 

Fig 2. A representation of allopatric separation of cancer driver mutations determined from multiregion sequencing in a patient with ccRCC. 
In the primary tumour specimen, VHL/PBRM1 and SETD2 mutations are found throughout as indicated by the red and white lines. Within the primary 
tumour, two subclonal populations show convergence on PTEN with a splice site (s/s) mutation and a missense mutations indicated by yellow and green 
areas respectively. Although the PTEN splice site mutation is found in a greater number of regions in comparison to the missense mutation. The liver 
metastasis represented graphically in the black box has ubiquitous VHL and PBRM1 mutations that it shares with the primary tumour. However, this liver 
metastasis has developed a private missense mutation in SETD2, differing from the SETD2 frameshift mutation seen in the primary tumour, and a TP53 
mutation. In the phylogenetic tree, R1, 3, 4, 6, 7 and 9 are different tumour regions and M is the liver metastasis. Evidence of convergent evolution is 
shown with a SETD2 frameshift and PTEN splice site mutation in the primary tumour. By contrast, a SETD2 missense mutation is seen in the liver metas-
tasis and PTEN missense mutation seen in another tumour region. Tumour evolution occurs differently in the different regions of the primary tumour and 
liver metastasis. ccRCC = clear cell renal cell carcinoma; GL = germline; VHL = von Hippel-Lindau.
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evolution has eyes only for today
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Survival of the fittest

• appendicitis 


• menstrual 
cycle


• allergies

• pale skin

> skin cancer


• hormones

> breast cancer 

> prostate cancer


• BRCA1 in Ashkenazi Jews

> breast cancer 


• (delayed infections in the 1st year 
> childhood leukemia)

among what is available…



Survival of the fittest

the fate

of a mutant

positive selection

genetic drift

negative selection

selective advantage: 0.004
Bozic et al,  2010

among what is available…
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Drivers & Passengers

10-10 mutations per replication
3-6 driver mutations per cancer
100-100,000 passenger mutations per cancer

M = μ x D



Risk vs Stem Cell Divisions

in familial adenomatous polyposis (FAP) syndrome
patients, yet cancers occur much more commonly
in the large intestine than in the small intestine
of these individuals.
If hereditary and environmental factors cannot

fully explain the differences in organ-specific can-
cer risk,howelse can thesedifferencesbe explained?
Here, we consider a third factor: the stochastic
effects associatedwith the lifetimenumber of stem
cell divisions within each tissue. In cancer epide-
miology, the term “environmental” is generally
used to denote anything not hereditary, and the
stochastic processes involved in the development
and homeostasis of tissues are grouped with ex-
ternal environmental influences in an uninforma-
tive way. We show here that the stochastic effects
of DNA replication can be numerically estimated
and distinguished from external environmental
factors. Moreover, we show that these stochastic
influences are in fact the major contributors to
cancer overall, often more important than either
hereditary or external environmental factors.
That cancer is largely the result of acquired

genetic and epigenetic changes is based on the
somatic mutation theory of cancer (9–13) and
has been solidified by genome-wide analyses
(14–16). The idea that the number of cells in a
tissue and their cumulative number of divisions
may be related to cancer risk, making themmore
vulnerable to carcinogenic factors, has been pro-
posed but is controversial (17–19). Other insight-

ful ideas relating to the nature of the factors
underlying neoplasia are reviewed in (20–22).
The concept underlying the current work is

that many genomic changes occur simply by
chance during DNA replication rather than as a
result of carcinogenic factors. Since the endog-
enous mutation rate of all human cell types ap-
pears to be nearly identical (23, 24), this concept
predicts that there should be a strong, quantitative
correlation between the lifetime number of divi-
sions among a particular class of cells within each
organ (stem cells) and the lifetime risk of cancer
arising in that organ.
To test this prediction, we attempted to iden-

tify tissues in which the number and dynamics
of stem cells have been described. Most cells in
tissues are partially or fully differentiated cells
that are typically short-lived and unlikely to be
able to initiate a tumor. Only the stem cells—
those that can self-renew and are responsible
for the development and maintenance of the tis-
sue's architecture—have this capacity. Stem cells
often make up a small proportion of the total
number of cells in a tissue and, until recently,
their nature, number, and hierarchical division
patterns were not known (25–28). Tissues were
not included in our analysis if the requisite pa-
rameters were not found in the literature or if
their estimation was difficult to derive.
Through an extensive literature search,we iden-

tified 31 tissue types in which stem cells had been

quantitatively assessed (see the supplementary
materials). We then plotted the total number of
stem cell divisions during the average lifetime of
a human on the x axis and the lifetime risk for
cancer of that tissue type on the y axis (Fig. 1)
(table S1). The lifetime risk in the United States
for all included cancer types has been evaluated
in detail, such as in the Surveillance, Epidemiol-
ogy, and End Results (SEER) database (3). The
correlation between these two very different
parameters—number of stem cell divisions and
lifetime risk—was striking, with a highly positive
correlation (Spearman’s rho = 0.81; P < 3.5 × 10−8)
(Fig. 1). Pearson’s linear correlation 0.804 [0.63
to 0.90; 95% confidence interval (CI)] was equiv-
alently significant (P < 5.15 × 10−8). One of the
most impressive features of this correlation was
that it extended across five orders of magnitude,
thereby applying to cancers with enormous differ-
ences in incidence. No other environmental or in-
herited factors are known to be correlated in this
way across tumor types. Moreover, these correla-
tionswere extremely robust; when the parameters
used to construct Fig. 1 were varied over a broad
range of plausible values, the tight correlation re-
mained intact (see the supplementarymaterials).
A linear correlation equal to 0.804 suggests

that 65% (39% to 81%; 95% CI) of the differences
in cancer risk among different tissues can be ex-
plained by the total number of stem cell divisions
in those tissues. Thus, the stochastic effects of
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Fig. 1. The relationship between the number of stem cell divisions in the lifetime of a given tissue and the lifetime risk of cancer in that tissue.
Values are from table S1, the derivation of which is discussed in the supplementary materials.
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The elucidation of the human genome sequence has made it possible to identify genetic alterations
in cancers in unprecedented detail. To begin a systematic analysis of such alterations, we
determined the sequence of well-annotated human protein-coding genes in two common tumor
types. Analysis of 13,023 genes in 11 breast and 11 colorectal cancers revealed that individual
tumors accumulate an average of È90 mutant genes but that only a subset of these contribute to
the neoplastic process. Using stringent criteria to delineate this subset, we identified 189 genes
(average of 11 per tumor) that were mutated at significant frequency. The vast majority of these
genes were not known to be genetically altered in tumors and are predicted to affect a wide range
of cellular functions, including transcription, adhesion, and invasion. These data define the genetic
landscape of two human cancer types, provide new targets for diagnostic and therapeutic
intervention, and open fertile avenues for basic research in tumor biology.

I
t is widely accepted that human cancer is a
genetic disease caused by sequential accumu-
lation of mutations in oncogenes and tumor

suppressor genes (1). These tumor-specific (that
is, somatic) mutations provide clues to the cellular
processes underlying tumorigenesis and have
proven useful for diagnostic and therapeutic
purposes. To date, however, only a small fraction
of the genes has been analyzed, and the number

and type of alterations responsible for the
development of common tumor types are
unknown (2). In the past, the selection of genes
chosen for mutational analyses in cancer has been
guided by information from linkage studies in
cancer-prone families, identification of chromo-
somal abnormalities in tumors, or known func-
tional attributes of individual genes or gene
families (2–4). With the determination of the hu-
man genome sequence and recent improvements
in sequencing and bioinformatic approaches, it is
now possible in principle to examine the cancer
cell genome in a comprehensive and unbiased
manner. Such an approach not only provides the
means to discover other genes that contribute to
tumorigenesis, but also can lead to mechanistic
insights that are only evident through a systems
biological perspective. Comprehensive genetic
analyses of human cancers could lead to discovery
of a set of genes, linked together through a shared
phenotype, that point to the importance of specific
cellular processes or pathways.

To begin the systematic study of the cancer
genome, we examined a major fraction of human
genes in two common tumor types, breast and
colorectal cancers. These cancers were chosen for
study because of their substantial clinical impor-
tance worldwide; together they account for È2.2
million cancer diagnoses (20% of the total) and
È940,000 cancer deaths each year (14% of the
total) (5). For genetic evaluation of these tumors,
we focused on a set of protein-coding genes,
termed the consensus coding sequences (CCDS),
that represent the most highly curated gene set
currently available. The CCDS Database (6) con-
tains full-length protein-coding genes that have
been defined by extensive manual curation and

computational processing and have gene annota-
tions that are identical among reference databases.

The goals of this study were (i) to develop a
methodological strategy for conducting genome-
wide analyses of cancer genes in human tumors,
(ii) to determine the spectrum and extent of so-
matic mutations in human tumors of similar and
different histologic types, and (iii) to identify new
cancer genes and molecular pathways that could
lead to improvements in diagnosis or therapy.

Cancer mutation discovery screen. The
initial step toward achieving these goals was the
development of methods for high-throughput
identification of somatic mutations in cancers.
These methods included those for primer design,
polymerase chain reaction (PCR), sequencing,
and mutational analysis (Fig. 1). The first compo-
nent involved extraction of all protein-coding se-
quences from the CCDS genes. A total of 120,839
nonredundant exons and adjacent intronic se-
quences were obtained from 14,661 different tran-
scripts in CCDS. These sequences were used to
design primers for PCR amplification and
sequencing of exons and adjacent splice sites.
Primers were designed using a number of criteria
to ensure robust amplification and sequencing of
template regions (7). Although most exons could
be amplified in a single PCR reaction, we found
that exons larger than 350 base pairs (bp) were
more effectively amplified as multiple over-
lapping amplicons. One member of every pair
of PCR primers was tailed with a universal
primer sequence for subsequent sequencing
reactions. A total of 135,483 primer pairs
encompassing È21 Mb of genomic sequence
were designed in this manner (table S1).

Eleven cell lines or xenografts of each tumor
type (breast and colorectal carcinomas) were used
in the discovery screen (table S2, A and B). Two
matching normal samples were used as controls to
help identify normal sequence variations and
amplicon-specific sequencing artifacts such as those
associated with GC-rich regions. A total of È3
million PCR products were generated and directly
sequenced, resulting in 465 Mb of tumor sequence.

Sequence data were assembled for each am-
plicon and evaluated for quality within the target
regionwith the use of software specifically designed
for this purpose (7). The target region of each exon
included all coding bases aswell as the four intronic
bases at both the 5¶ and 3¶ ends that serve as the
major splice recognition sites. For an amplicon to be
considered successfully analyzed, we required that
Q90% of bases in the target region have a Phred
quality score—defined as –10[log10(raw per-base
error)]—of at least 20 in at least three-quarters of
the tumor samples analyzed (8). This quality cut-
off was chosen to provide high sensitivity for mu-
tation detection while minimizing false positives.
Using these criteria, 93%of the 135,483 amplicons
and 90% of the total targeted bases in CCDS were
successfully analyzed for potential alterations.

Examination of sequence traces from these
amplicons revealed a total of 816,986 putative
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The Consensus Coding Sequences of
Human Breast and Colorectal Cancers
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The elucidation of the human genome sequence has made it possible to identify genetic alterations
in cancers in unprecedented detail. To begin a systematic analysis of such alterations, we
determined the sequence of well-annotated human protein-coding genes in two common tumor
types. Analysis of 13,023 genes in 11 breast and 11 colorectal cancers revealed that individual
tumors accumulate an average of È90 mutant genes but that only a subset of these contribute to
the neoplastic process. Using stringent criteria to delineate this subset, we identified 189 genes
(average of 11 per tumor) that were mutated at significant frequency. The vast majority of these
genes were not known to be genetically altered in tumors and are predicted to affect a wide range
of cellular functions, including transcription, adhesion, and invasion. These data define the genetic
landscape of two human cancer types, provide new targets for diagnostic and therapeutic
intervention, and open fertile avenues for basic research in tumor biology.

I
t is widely accepted that human cancer is a
genetic disease caused by sequential accumu-
lation of mutations in oncogenes and tumor

suppressor genes (1). These tumor-specific (that
is, somatic) mutations provide clues to the cellular
processes underlying tumorigenesis and have
proven useful for diagnostic and therapeutic
purposes. To date, however, only a small fraction
of the genes has been analyzed, and the number

and type of alterations responsible for the
development of common tumor types are
unknown (2). In the past, the selection of genes
chosen for mutational analyses in cancer has been
guided by information from linkage studies in
cancer-prone families, identification of chromo-
somal abnormalities in tumors, or known func-
tional attributes of individual genes or gene
families (2–4). With the determination of the hu-
man genome sequence and recent improvements
in sequencing and bioinformatic approaches, it is
now possible in principle to examine the cancer
cell genome in a comprehensive and unbiased
manner. Such an approach not only provides the
means to discover other genes that contribute to
tumorigenesis, but also can lead to mechanistic
insights that are only evident through a systems
biological perspective. Comprehensive genetic
analyses of human cancers could lead to discovery
of a set of genes, linked together through a shared
phenotype, that point to the importance of specific
cellular processes or pathways.

To begin the systematic study of the cancer
genome, we examined a major fraction of human
genes in two common tumor types, breast and
colorectal cancers. These cancers were chosen for
study because of their substantial clinical impor-
tance worldwide; together they account for È2.2
million cancer diagnoses (20% of the total) and
È940,000 cancer deaths each year (14% of the
total) (5). For genetic evaluation of these tumors,
we focused on a set of protein-coding genes,
termed the consensus coding sequences (CCDS),
that represent the most highly curated gene set
currently available. The CCDS Database (6) con-
tains full-length protein-coding genes that have
been defined by extensive manual curation and

computational processing and have gene annota-
tions that are identical among reference databases.

The goals of this study were (i) to develop a
methodological strategy for conducting genome-
wide analyses of cancer genes in human tumors,
(ii) to determine the spectrum and extent of so-
matic mutations in human tumors of similar and
different histologic types, and (iii) to identify new
cancer genes and molecular pathways that could
lead to improvements in diagnosis or therapy.

Cancer mutation discovery screen. The
initial step toward achieving these goals was the
development of methods for high-throughput
identification of somatic mutations in cancers.
These methods included those for primer design,
polymerase chain reaction (PCR), sequencing,
and mutational analysis (Fig. 1). The first compo-
nent involved extraction of all protein-coding se-
quences from the CCDS genes. A total of 120,839
nonredundant exons and adjacent intronic se-
quences were obtained from 14,661 different tran-
scripts in CCDS. These sequences were used to
design primers for PCR amplification and
sequencing of exons and adjacent splice sites.
Primers were designed using a number of criteria
to ensure robust amplification and sequencing of
template regions (7). Although most exons could
be amplified in a single PCR reaction, we found
that exons larger than 350 base pairs (bp) were
more effectively amplified as multiple over-
lapping amplicons. One member of every pair
of PCR primers was tailed with a universal
primer sequence for subsequent sequencing
reactions. A total of 135,483 primer pairs
encompassing È21 Mb of genomic sequence
were designed in this manner (table S1).

Eleven cell lines or xenografts of each tumor
type (breast and colorectal carcinomas) were used
in the discovery screen (table S2, A and B). Two
matching normal samples were used as controls to
help identify normal sequence variations and
amplicon-specific sequencing artifacts such as those
associated with GC-rich regions. A total of È3
million PCR products were generated and directly
sequenced, resulting in 465 Mb of tumor sequence.

Sequence data were assembled for each am-
plicon and evaluated for quality within the target
regionwith the use of software specifically designed
for this purpose (7). The target region of each exon
included all coding bases aswell as the four intronic
bases at both the 5¶ and 3¶ ends that serve as the
major splice recognition sites. For an amplicon to be
considered successfully analyzed, we required that
Q90% of bases in the target region have a Phred
quality score—defined as –10[log10(raw per-base
error)]—of at least 20 in at least three-quarters of
the tumor samples analyzed (8). This quality cut-
off was chosen to provide high sensitivity for mu-
tation detection while minimizing false positives.
Using these criteria, 93%of the 135,483 amplicons
and 90% of the total targeted bases in CCDS were
successfully analyzed for potential alterations.

Examination of sequence traces from these
amplicons revealed a total of 816,986 putative
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nucleotide changes. Because the vast majority of
changes that did not affect the amino acid se-
quence (i.e., synonymous or silent substitutions)
were likely to be nonfunctional, these changes
were not analyzed further. The remaining 557,029
changes could represent germline variants, artifacts
of PCR or sequencing, or bona fide somatic
mutations. Several bioinformatic and experimental
steps were used to distinguish among these pos-
sibilities. First, any alterations thatwere also present
in either of the two normal samples included in the
discovery screen were removed, as these were
likely to represent common germline polymor-
phisms or sequence artifacts. Second, as these two
normal control samples would be expected to con-
tain only a subset of known variants, any change
corresponding to a germline polymorphism found
in single-nucleotide polymorphism (SNP) data-
bases was also removed (7). Finally, the sequence
trace of each potential alteration was visually in-
spected so as to remove false positive calls in the
automated analysis. The combination of these data
analysis efforts was efficient, removing È96% of
the potential alterations and leaving 29,281 for
further scrutiny (Fig. 1).

To ensure that the observed mutations did not
arise artifactually during the PCR or sequencing
steps, we independently reamplified and re-
sequenced the regions containing them in the
corresponding tumors. This step removed 9295
alterations. The regions containing the putative
mutations were then sequenced in matched normal
DNA samples to determine whether the mutations
were truly somatic: 18,414 changes were observed
to be present in the germ line of these patients, rep-
resenting variants not currently annotated in SNP
databases, and were excluded. As a final step, the
remaining 1572 putative somatic mutations were
carefully examined in silico to ensure that the
alterations did not arise from mistargeted sequenc-
ing of highly related regions occurring elsewhere
in the genome (7). Alterations in such duplicated
regions may appear to be somatic when there is
loss of one or both alleles of the target region in
the tumor and when the selected primers closely
match and therefore amplify similar areas of the
genome. A total of 265 changes in closely related
regions were excluded in this fashion, resulting in
a total of 1307 confirmed somatic mutations in
1149 genes (Table 1).

Validation screen. To evaluate the preva-
lence and spectrum of somatic mutations in these
1149 genes, we determined their sequence in ad-
ditional tumors of the same histologic type (Fig. 1)
(table S2, A and B). Genes mutated in at least
one breast or colorectal tumor in the discovery
screen were analyzed in 24 additional breast or
colorectal tumors, respectively. This effort in-
volved 453,024 additional PCR and sequencing
reactions encompassing 77 Mb of tumor DNA.
A total of 133,693 putative changes were iden-
tified in the validation screen. Methods similar
to those used in the discovery screen were used
to exclude silent changes, known and novel germ-
line variants, false positives arising from PCR or
sequencing artifacts, and apparent changes that
were likely due to coamplification of highly re-
lated genes. Additionally, any changes corre-
sponding to germline variants not found in SNP
databases but identified in the discovery screen
were excluded. The regions containing the re-
maining 4948 changes were reamplified and re-
sequenced in the corresponding tumors (to ensure
reproducibility) and in matched normal tissue to
determine if they were somatic. An additional 365
somatic mutations in 236 genes were identified in
this manner. In total, 921 and 751 somatic muta-
tions were identified in breast and colorectal can-
cers, respectively (Fig. 1, Table 1, and table S4).

Mutation spectrum. The great majority of
the 1672 mutations observed in the discovery or
validation screens were single base substitutions:
81% of the mutations were missense, 7% were
nonsense, and 4% were altered splice sites
(Table 1). The remaining 8% were insertions,
deletions, and duplications ranging from 1 to 110
nucleotides in length. Although the fraction of
mutations that were single base substitutions was
similar in breast and colorectal cancers, the spec-
trum and nucleotide contexts of the substitution
mutations were very different between the two
tumor types. The most striking of these differences
occurred at C:G base pairs: 59% of the 696 colo-
rectal cancermutationswereC:G toT:A transitions,
whereas only 7% were C:G to G:C transversions
(Table 2 and table S3). In contrast, only 35% of the
mutations in breast cancers were C:G to T:A tran-
sitions, whereas 29% were C:G to G:C trans-
versions. In addition, a large fraction (44%) of the
mutations in colorectal cancers were at 5¶-CpG-3¶
dinucleotide sites, but only 17% of the mutations
in breast cancers occurred at such sites. This 5¶-
CpG-3¶ preference led to an excess of nonsynony-
mous mutations, resulting in changes of arginine
residues in colorectal cancers but not in breast
cancers (fig. S1). In contrast, 31% of mutations in
breast cancers occurred at 5¶-TpC-3¶ sites (or com-
plementary 5¶-GpA-3¶ sites), whereas only 11% of
mutations in colorectal cancers occurred at these
dinucleotide sites. The differences noted above
were all highly significant (P G 0.0001) (7) and
have substantial implications for the mechanisms
underlying mutagenesis in the two tumor types.

Distinction between passenger and non-
passenger mutations. Somatic mutations in

Fig. 1. Schematic of
mutation discovery and
validation screens.

Human genome consensus coding sequence
14,661 transcripts from 13,023 genes 

Extract protein coding sequences
120,839 different exons

Design primers for PCR amplification
and sequencing of coding exons

21 Mb target sequence
135,483 primer pairs

Amplify and sequence tumor DNA
(11 breast tumors, 11 colorectal tumors, 2 normal samples)

465 Mb total tumor sequence

Assess gene mutation frequency and spectrum
by sequencing 24 additional samples of affected tumor type

3 Mb target sequence
77 Mb total tumor sequence

Assemble sequence data and identify potential mutations
133,693 putative mutations observed

Assemble sequence data and identify putative mutations
816,986 putative mutations observed

259,957 silent changes excluded

163,006 changes present in normal sample excluded

11,004 known polymorphisms excluded

353,738 changes excluded upon visual inspection

9,295 unconfirmed mutations excluded

18,414 germline variants excluded

265 changes from highly related regions excluded

41,586 silent changes excluded

18,198 germline variants excluded

68,961 changes excluded upon visual inspection

2,345 unconfirmed mutations excluded

2,042 germline variants excluded

196 changes from highly related regions excluded

Resequence tumor DNA to confirm remaining 29,281 mutations

Sequence patient-matched DNA from normal cells to 
determine whether remaining 19,986 mutations were somatic

1,307 somatic mutations in 1,149 genes

Resequence tumor DNA to confirm remaining 4,948 mutations

365 mutations in 236 genes

Sequence patient-matched DNA from normal cells to
determine whether remaining 2,603 mutations were somatic
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DNA sequencing of a cytogenetically
normal acute myeloid leukaemia genome
Timothy J. Ley1,2,3,4*, Elaine R. Mardis2,3*, Li Ding2,3, Bob Fulton3, Michael D. McLellan3, Ken Chen3, David Dooling3,
Brian H. Dunford-Shore3, Sean McGrath3, Matthew Hickenbotham3, Lisa Cook3, Rachel Abbott3, David E. Larson3,
Dan C. Koboldt3, Craig Pohl3, Scott Smith3, Amy Hawkins3, Scott Abbott3, Devin Locke3, LaDeana W. Hillier3,8,
Tracie Miner3, Lucinda Fulton3, Vincent Magrini2,3, Todd Wylie3, Jarret Glasscock3, Joshua Conyers3,
Nathan Sander3, Xiaoqi Shi3, John R. Osborne3, Patrick Minx3, David Gordon8, Asif Chinwalla3, Yu Zhao1,
Rhonda E. Ries1, Jacqueline E. Payton5, Peter Westervelt1,4, Michael H. Tomasson1,4, Mark Watson3,4,5, Jack Baty6,
Jennifer Ivanovich4,7, Sharon Heath1,4, William D. Shannon1,4, Rakesh Nagarajan4,5, Matthew J. Walter1,4,
Daniel C. Link1,4, Timothy A. Graubert1,4, John F. DiPersio1,4 & Richard K. Wilson2,3,4

Acute myeloid leukaemia is a highly malignant haematopoietic tumour that affects about 13,000 adults in the United States
each year. The treatment of this disease has changed little in the past two decades, because most of the genetic events that
initiate the disease remain undiscovered. Whole-genome sequencing is now possible at a reasonable cost and timeframe to
use this approach for the unbiased discovery of tumour-specific somatic mutations that alter the protein-coding genes. Here
we present the results obtained from sequencing a typical acute myeloid leukaemia genome, and its matched normal
counterpart obtained from the same patient’s skin. We discovered ten genes with acquired mutations; two were previously
described mutations that are thought to contribute to tumour progression, and eight were new mutations present in virtually
all tumour cells at presentation and relapse, the function of which is not yet known. Our study establishes whole-genome
sequencing as an unbiased method for discovering cancer-initiating mutations in previously unidentified genes that may
respond to targeted therapies.

We used massively parallel sequencing technology to sequence the
genomic DNA of tumour and normal skin cells obtained from a patient
with a typical presentation of French–American–British (FAB) subtype
M1 acute myeloid leukaemia (AML) with normal cytogenetics. For the
tumour genome, 32.7-fold ‘haploid’ coverage (98 billion bases) was
obtained, and 13.9-fold coverage (41.8 billion bases) was obtained
for the normal skin sample. Of the 2,647,695 well-supported single
nucleotide variants (SNVs) found in the tumour genome, 2,584,418
(97.6%) were also detected in the patient’s skin genome, limiting the
number of variants that required further study. For the purposes of this
initial study, we restricted our downstream analysis to the coding
sequences of annotated genes: we found only eight heterozygous,
non-synonymous somatic SNVs in the entire genome. All were new,
including mutations in protocadherin/cadherin family members
(CDH24 and PCLKC (also known as PCDH24)), G-protein-coupled
receptors (GPR123 and EBI2 (also known as GPR183)), a protein
phosphatase (PTPRT), a potential guanine nucleotide exchange factor
(KNDC1), a peptide/drug transporter (SLC15A1) and a glutamate
receptor gene (GRINL1B). We also detected previously described,
recurrent somatic insertions in the FLT3 and NPM1 genes. On the
basis of deep readcount data, we determined that all of these mutations
(except FLT3) were present in nearly all tumour cells at presentation
and again at relapse 11 months later, suggesting that the patient had a
single dominant clone containing all of the mutations. These results
demonstrate the power of whole-genome sequencing to discover new
cancer-associated mutations.

AML refers to a group of clonal haematopoietic malignancies that
predominantly affect middle-aged and elderly adults. An estimated
13,000 people will develop AML in the United States in 2008, and
8,800 will die from it1. Although the life expectancy from this disease
has increased slowly over the past decade, the improvement is pre-
dominantly because of improvements in supportive care—not in the
drugs or approaches used to treat patients.

For most patients with a ‘sporadic’ presentation of AML, it is not yet
clear whether inherited susceptibility alleles have a role in the patho-
genesis2. Furthermore, the nature of the initiating or progression
mutations is for the most part unknown3. Recent attempts to identify
additional progression mutations by extensively re-sequencing tyro-
sine kinase genes yielded very few previously unidentified mutations,
and most were not recurrent4,5. Expression profiling studies have
yielded signatures that correlate with specific cytogenetic subtypes of
AML, but have not yet suggested new initiating mutations6–8. Recent
studies using array-based comparative genomic hybridization and/or
single nucleotide polymorphism (SNP) arrays, although identifying
important gene mutations in acute lymphoblastic leukaemia9,10 have
revealed very few recurrent submicroscopic somatic copy number
variants in AML (M.J.W., manuscript in preparation, and refs 11–
13). Together, these studies suggest that we have not yet discovered
most of the relevant mutations that contribute to the pathogenesis of
AML. We therefore believe that unbiased whole-genome sequencing
will be required to identify most of these mutations. Until recently, this
approach has not been feasible because of the high cost of conventional
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capillary-based approaches and the large numbers of primary tumour
cells required to yield the necessary genomic DNA. ‘Next-generation’
sequencing approaches, however, have changed this landscape.

Our group has pioneered the use of whole-genome re-sequencing
and variant discovery approaches using the Illumina/Solexa techno-
logy with the genome of the nematode worm Caenorhabditis elegans as
a proof-of-principle14. This approach has distinct advantages in
reduced cost, a markedly increased data production rate, and a low
input requirement of DNA for library construction. In the present
study, we used a similar approach to sequence the tumour genome
of a single AML patient and the matched normal genome (derived
from a skin biopsy) of the same patient. After alignment to the human
reference genome, sequence variants were discovered in the tumour
genome and compared to the patient’s normal sequence, to the dbSNP
database, and to variants recently reported for two other human gen-
omes15,16; revealing new single nucleotide and small insertion/deletion
(indel) variants genome-wide. Somatic mutations were detected in
genes not previously implicated in AML pathogenesis, demonstrating
the need for unbiased whole-genome approaches to discover all muta-
tions associated with cancer pathogenesis.

Rationale for using the FAB M1 AML subtype for sequencing

Of the eight FAB subtypes of AML, M1 AML is one of the most
common (,20% of all cases). No specific cytogenetic abnormalities
or somatic initiating mutations have been identified for this subtype;
in fact, about half of the patients with de novo M1 AML have normal
cytogenetics17–19. The frequency of well-described progression muta-
tions (for example, activating alleles of FLT3, KIT and RAS) is similar
to that of other common FAB subtypes5. We therefore decided to
sequence the genome of tumour cells derived from a patient with M1
AML, because so little is known about the molecular pathogenesis of
this common subtype. The criteria used to select the sample are out-
lined in Supplementary Information.

Case presentation of UPN 933124

The case presentation is described in detail in the Supplementary
Information. In brief, a previously healthy woman in her mid-50s
presented suddenly with fatigue and easy bruisability, and was found
to have a peripheral white blood cell count of 105,000 cells per micro-
litre, with 85% myeloblasts. A bone marrow examination revealed
100% myeloblasts with morphological features and cell surface mar-
kers consistent with FAB M1 AML (Supplementary Fig. 1).
Cytogenetic analysis of tumour cells revealed a normal 46,XX karyo-
type. Although the patient experienced a complete remission with
conventional therapies, she relapsed at 11 months and expired
24 months after her initial diagnosis was made. At relapse, the bone
marrow had 78% myeloblasts, and contained a new clonal cytoge-
netic abnormality, t(10; 12) (p12; p13). Informed consent for whole-
genome sequencing was subsequently obtained from her next of kin.

A typical M1 AML diploid genome and expression profile

The tumour sample from patient 933124 contained no somatic copy
number changes at a resolution of ,5 kb (further confirmed on the
NimbleGen 2.1M array platform, data not shown), and no evidence
of copy number neutral loss-of-heterozygosity (LOH), indicating
that the genome was essentially diploid at this level of resolution
(see Supplementary Fig. 2). Further analysis of the 933124-derived
tumour and skin samples showed 26 inherited copy number variants
(that is, detected in both the tumour and skin samples). All but two of
these had been previously reported in the Database of Genomic
Variants (see Supplementary Table 1). All of the copy number var-
iants detected in this genome were found in at least one other AML
patient (89 other cases, mostly Caucasian, have been queried using
the same SNP array platform), and all but one were found in at least
one of the 160 Caucasian HapMap and Coriell samples that were
studied on the same array platform (Supplementary Table 1).

To determine whether the tumour cells of 933124 were typical of
M1 AML, we compared the expression signatures of 111 de novo AML
cases using unsupervised clustering (Ward’s method, see Supple-
mentary Information). The expression profile of patient 933124
clustered with multiple other M1 (and M2) AML cases with normal
cytogenetics, suggesting that the genetic events underlying the patho-
genesis of this case are similar to those of other cases exhibiting normal
cytogenetics (Supplementary Fig. 3).

Coverage depth of the tumour and skin genomes

Because most of the acquired mutations in cancer genomes have been
shown to be heterozygous, the complete sequencing of a cancer gen-
ome requires the detection of both alleles at most positions in the
genome20. We therefore designed sequence coverage metrics to define
the point at which 90% diploid coverage had been reached. To min-
imize errors associated with any single platform or measurement,
diploid coverage for this genome was assessed using a set of high-
quality SNPs derived from two different SNP array platforms,
Affymetrix 6.0 and Illumina Infinium 550K. For a SNP to be included
in the high-quality set, the following criteria had to be satisfied: (1)
identical genotypes were called from both assays at the same genomic
positions, and (2) the resulting genotype was heterozygous. For the
933124 tumour genome, 46,494 heterozygous SNPs passed the above
criteria and were defined as high-quality SNPs. For the skin samples,
46,572 high-quality SNPs were defined.

We performed 98 full runs on the Illumina Genome Analyser to
achieve the targeted level of 90% diploid coverage as determined by
coverage of the high-quality SNP set. Maq21 was used to perform
alignment, determine consensus, and identify SNVs within the 98
billion bases generated from the tumour genome (see Table 1). Maq
predicted a total of 3.81 million SNVs (Maq SNP quality $ 15) in the
tumour genome, including matching heterozygous genotypes for
91.2% of the 46,494 high-quality SNPs. When we lowered the Maq
SNP quality cutoff to 0, 94.06% high-quality SNPs were predicted.
Further investigation of Maq alignments revealed coverage for both
alleles at a further 5.38% of the high-quality SNPs, but Maq did not
predict a SNP or matching heterozygous genotype owing to insuf-
ficient depth or quality of coverage. Extra analysis revealed coverage
at 46,484 of 46,494 high-quality SNPs for at least one allele (that is,
99.98% haploid coverage for the tumour genome).

We sequenced the genome of normal skin cells from the same
patient to enable the identification of inherited sequence variants
in the tumour genome. Our targeted diploid coverage goal for the
skin-derived genome was 80%. We achieved this goal with only 34
Solexa runs (41.8 billion bases), using improved reagents and longer
read lengths to attain 82.6% diploid and 84.2% haploid coverage
(Table 1).

To begin evaluating the quantity and quality of the detected
sequence variants in the tumour and skin genomes, we compared
the overlap and uniqueness of this genome’s variants with respect to
the James D. Watson and J. Craig Venter genomes, and to dbSNP
(v127; Fig. 1). Of the 3.68 million single nucleotide variants (SNVs;
Maq SNP quality $15, excluding SNVs found on chromosome X)
predicted by Maq in the tumour genome, 2.36 million were present in
dbSNP, 2.36 million were detected in the skin genome (Fig. 1a),
1.50 million were detected in the Venter genome, and 1.58 million
were found in the Watson genome (Fig. 1b). Ultimately, 1.70 million
SNVs were unique to the 933124 tumour genome. On filtering the
933124 SNVs at different Maq quality values to determine the
stability of results, we observed that the proportion of 933124
SNVs that also are in dbSNP increases from 63.9% to 69.48% when
the Maq quality threshold score increases from 15 to 30, as expected.

Refining the detection of potential somatic mutations

Because the number of sequence variants initially detected by Maq
was high, we developed improved filtering tools to effectively sepa-
rate true variants from false positives. To this end, we generated an
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Mutational evolution in a lobular breast tumour
profiled at single nucleotide resolution
Sohrab P. Shah1,2*, Ryan D. Morin3*, Jaswinder Khattra1, Leah Prentice1, Trevor Pugh3, Angela Burleigh1,
Allen Delaney3, Karen Gelmon4, Ryan Guliany1, Janine Senz2, Christian Steidl2,5, Robert A. Holt3, Steven Jones3,
Mark Sun1, Gillian Leung1, Richard Moore3, Tesa Severson3, Greg A. Taylor3, Andrew E. Teschendorff6, Kane Tse1,
Gulisa Turashvili1, Richard Varhol3, René L. Warren3, Peter Watson7, Yongjun Zhao3, Carlos Caldas6,
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Recent advances in next generation sequencing1–4 have made it
possible to precisely characterize all somatic coding mutations that
occur during the development and progression of individual can-
cers. Here we used these approaches to sequence the genomes (.43-
fold coverage) and transcriptomes of an oestrogen-receptor-a-
positive metastatic lobular breast cancer at depth. We found 32
somatic non-synonymous coding mutations present in the meta-
stasis, and measured the frequency of these somatic mutations in
DNA from the primary tumour of the same patient, which arose
9 years earlier. Five of the 32 mutations (in ABCB11, HAUS3,
SLC24A4, SNX4 and PALB2) were prevalent in the DNA of the
primary tumour removed at diagnosis 9 years earlier, six (in
KIF1C, USP28, MYH8, MORC1, KIAA1468 and RNASEH2A) were
present at lower frequencies (1–13%), 19 were not detected in the
primary tumour, and two were undetermined. The combined ana-
lysis of genome and transcriptome data revealed two new RNA-
editing events that recode the amino acid sequence of SRP9 and
COG3. Taken together, our data show that single nucleotide muta-
tional heterogeneity can be a property of low or intermediate grade
primary breast cancers and that significant evolution can occur
with disease progression.

Lobular breast cancer is an oestrogen-receptor-positive (ER1, also
known as ESR11) subtype of breast cancer (approximately 15% of all
breast cancers). It is usually of low-intermediate histological grade
and can recur many years after initial diagnosis. To interrogate the
genomic landscape of this class of tumour, we re-sequenced1–4 the
DNA from a metastatic lobular breast cancer specimen (89% tumour
cellularity; Supplementary Fig. 1) at approximately 43.1-fold aligned,
haploid reference genome coverage (120.7 gigabases (Gb) aligned
paired-end sequence; Supplementary Fig. 2, Table 1 and Supplemen-
tary Methods). Deep high-throughput transcriptome sequencing
(RNA-seq)5 performed on the same sample generated 160.9-million
reads that could be aligned (Supplementary Table 1, see also
Supplementary Fig. 2 and Supplementary Methods). The saturation
of the genome (Table 1) and RNA-seq (Supplementary Table 1)
libraries for single nucleotide variant (SNV) detection is discussed
in Supplementary Information. The aligned (hg18) reads were used
to identify (Supplementary Fig. 2) the presence of genomic aberra-
tions, including SNVs (Supplementary Table 2), insertions/deletions
(indels), gene fusions, translocations, inversions and copy number
alterations (Supplementary Methods). We examined predicted

coding indels and predicted inversions (coding or non-coding;
Supplementary Methods); however, all of the events that were vali-
dated by Sanger re-sequencing were also present in the germ line
(Supplementary Tables 3 and 4). None of the 12 predicted gene
fusions revalidated. We also computed the segmental copy number
(Supplementary Methods and Supplementary Table 5a) from aligned
reads, and revalidated high level amplicons by fluorescence in situ
hybridization (FISH) (Supplementary Table 5b), revealing the pres-
ence of a new low-level amplicon in the INSR locus (Supplementary
Fig. 3).

We identified coding SNVs from aligned reads, using a Binomial
mixture model, SNVMix (Supplementary Table 2, Methods and
Supplementary Appendix 1). From the RNA-seq (WTSS-PE) and
genome (WGSS-PE) libraries we predicted 1,456 new coding non-
synonymous SNVMix variants (Supplementary Table 2). After the
removal of pseudogene and HLA sequences (1,178 positions remain-
ing) and after primer design, we re-sequenced (Sanger amplicons)
1,120 non-synonymous coding SNV positions in the tumour DNA
and normal lymphocyte DNA. Some 437 positions (268 unique to
WGSS-PE, 15 unique to WTSS-PE, and 154 in common) were con-
firmed as non-synonymous coding variants. Of these, 405 were new

*These authors contributed equally to this work.
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Table 1 | Summary of sequence library coverage

WGSS-PE WTSS-PE

Total number of reads 2,922,713,774 182,532,650
Total nucleotides (Gb) 140.991 7.108
Number of aligned reads 2,502,465,226 160,919,484
Aligned nucleotides (Gb) 120.718 6.266
Estimated error rate 0.021 0.013
Estimated depth (non-gap
regions)

43.114 NA

Canonically aligned reads 2,294,067,534 109,093,616
Exons covered 93.5 at .10 reads;

95.7 at .5 reads
82,200 at 10 reads (see also
Supplementary Table 1)

Reads aligned canonically (%) 78.49 67.79
Unaligned reads 420,248,548 21,613,166
Mean read length (bp) 48.24 38.94

The WGSS-PE column shows the genome paired-end read coverage for DNA from the
metastatic pleural effusion sample. The WTSS-PE column shows coverage for the
complementary DNA reads from the matched transcriptome libraries of the metastatic pleural
effusion. Coverage of exon bases in the reference genome (hg18) is shown at 5 or more reads per
position, and 10 or more reads per position for the metastatic genome. bp, base pairs; NA, not
applicable.
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Table 2 | Somatic coding sequence SNVs validated by Sanger sequencing

Gene Description Position Source Allele
change

Amino
acid
change

Protein domain
affected

Expression
(sequenced
bases per
exonic base)

Allelic
expression
bias (R, NR
allele)

Copy number
classification
(HMM state)

ABCB11 Bile salt export pump
(ATP-binding cassette
sub-family B member 11)

2:169497197 WGSS C.T R.H Transmembrane
helix 3

0.3 1, 1 Amplification
(4)

HAUS3 HAUS3 coiled-coil
protein (C4orf15)

4:2203607 WGSS, WTSS C.T V.M Unknown 14.1 4, 23 Neutral (2)

CDC6 Cell division control
protein 6 homologue

17:35701114 WGSS, WTSS G.A E.K N-terminal,
unknown

2.7 3, 3 Amplification
(4)

CHD3 Chromodomain-
helicase-DNA-binding
protein 3

17:7751231 WGSS G.A E.K Unknown,
C-terminal

3.9 41, 11
(Q , 0.01)

Neutral (2)

DLG4 Disks large
homologue 4

17:7052251 WGSS G.A P.L Unknown,
N-terminal

5.5 7, 1 Neutral (2)

ERBB2 Receptor tyrosine-
protein kinase erb-b2

17:35133783 WGSS, WTSS C.G I.M Kinase domain 67.1 62, 35 Amplification
(4)

FGA Fibrinogen alpha chain 4:155726802 WGSS C.T W.stop Fibrinogen a/b/c
domain

0.01 NA Gain (3)

GOLGA4* Golgin subfamily
A member 4

3:37267947 WGSS, WTSS G.C E.Q Unknown,
N-terminal

111.8 37, 12 Gain (3)

GSTCD Glutathione S-transferase
C-terminal domain-
containing protein

4:106982671 WGSS, WTSS G.C E.Q Unknown,
C-terminal

23.2 23, 8 Neutral (2)

KIAA1468* LisH domain and HEAT
repeat-containing protein

18:58076768 WGSS, WTSS G.C R.T ARM type fold 36.1 23, 11 Neutral (2)

KIF1C Kinesin-like protein
KIF1C

17:4848025 WGSS, WTSS G.C K.N Kinesin motor
domain

28.5 16, 13 Neutral (2)

KLHL4 Kelch-like protein 4 X:86659878 WGSS C.T S.L Unknown,
N-terminal

1.7 1, 0 Neutral (2)

MYH8 Myosin 8 (myosin heavy
chain 8)

17:10248420 WGSS C.G M.I Actin-interacting
protein domain

0 NA Neutral (2)

PALB2 Partner and localizer
of BRCA2

16:23559936 WGSS T.G E.A N-terminal
prefolding

13.0 NA Amplification
(4)

PKDREJ Polycystic kidney
disease and receptor for
egg-jelly-related protein

22:45035285 WGSS C.G E.Q Unknown 0.1 NA Gain (3)

RASEF RAS and EF-hand
domain-containing
protein

9:84867250 WTSS G.A S.L EF-hand Ca21-
binding motif

65.0 3, 2 Gain (3)

RNASEH2A Ribonuclease H2
subunit A (EC 3.1.26.4)

19:12785252 WGSS, WTSS G.A R.H Unknown,
C-terminal

5.3 2, 2 Neutral (2)

RNF220 RING finger protein
C1orf164

1:44650831 WGSS G.A D.N Unknown,
N-terminal

16.1 NA Neutral (2)

SP1 Transcription factor Sp1 12:52063157 WGSS G.C E.Q Glu-rich
N-terminal domain

57.3 40, 10
(Q , 0.01)

Amplification
(4)

USP28 Ubiquitin carboxyl-
terminal hydrolase 28

11:113185109 WGSS, WTSS C.T D.N Unknown 12.5 3, 7 Gain (3)

C11orf10 UPF0197
transmembrane
protein C11orf10

11:61313958 WGSS G.A T.I Transmembrane
domain

28.9 13, 3 Amplification
(4)

THRSP Thyroid hormone-
inducible hepatic protein

11:77452594 WGSS C.T R.C Unknown 0.3 NA Gain (3)

SCEL Sciellin 13:77076497 WGSS A.G K.R Unknown 0.3 1, 0 Gain (3)
SLC24A4 Na1/K1/Ca21-

exchange protein 4
14:92018836 WGSS G.A V.I Transmembrane

domain
1.2 1, 0 Amplification

(4)
COL1A1 Collagen alpha-1(I)

chain precursor
17:45625043 WGSS C.T G.D Pro-rich domain 80.0 24, 0

(Q , 0.01)
Amplification
(4)

KIAA1772 GREB1-like protein 18:17278222 WGSS A.G D.G Unknown 2.8 4, 1 Neutral (2)
CCDC117 Coiled-coil domain-

containing protein 117
22:27506951 WGSS G.C K.N Unknown 12.9 2, 0 Neutral (2)

RP1-
32I10.10

Novel protein 22:43140252 WGSS G.C E.Q Unknown 0 NA Gain (3)

MORC1 MORC family CW-type
zinc finger protein 1

3:110271286 WGSS G.A A.V Coiled-coil 0.1 NA Gain (3)

SNX4 Sorting nexin 4 3:126721688 WGSS C.T D.N Unknown,
N-terminal

43.4 NA Gain (3)

LEPREL1 Prolyl 3-hydroxylase 2
precursor (EC 1.14.11.7)

3:191172415 WGSS T.C E.G Hydroxylase
domain

1.1 NA Gain (3)

WDR59* WD repeat-containing
protein 59

16:73500342 WTSS C.T M.I Unknown,
C-terminal

17.3 6, 5 Neutral (2)

Omnibus table showing the features associated with the 32 Sanger amplicon-validated non-synonymous somatic mutations from the WGSS-PE and WTSS-PE libraries. Mutation positions are on the
basis of reference genome hg18. The nucleotide substitutions are shown as reference.variant. The amino acid change is shown as reference.variant amino acid. If the mutation occurs in a
recognized protein domain or motif this is shown. The transcript expression level in WTSS-PE reads is shown as the mean number of reads supporting each position in the transcript. The allelic
expression bias column shows the number of reference (R), non-reference (NR) reads in the WTSS-PE library at the mutated position. Three transcripts (CHD3, SP1 and COL1A1) show significant
expression bias (annotated with Q , 0.01, Supplementary Methods) in favour of the reference allele; however, none of the heterozygous somatic mutations were biased in favour of the non-
reference allele. The expression of HAUS3 is predominantly non-reference as expected for a homozygous allele. The HMM state classifier of copy number for the genomic region encompassing each
mutation position is shown in the last column, as state (state number). C-terminal, carboxy-terminal; N-terminal, amino-terminal.
*Genes showing alternative splicing.
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A small-cell lung cancer genome with
complex signatures of tobacco exposure
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Cancer is driven by mutation. Worldwide, tobacco smoking is the principal lifestyle exposure that causes cancer, exerting
carcinogenicity through .60 chemicals that bind and mutate DNA. Using massively parallel sequencing technology, we
sequenced a small-cell lung cancer cell line, NCI-H209, to explore the mutational burden associated with tobacco smoking. A
total of 22,910 somatic substitutions were identified, including 134 in coding exons. Multiple mutation signatures testify to
the cocktail of carcinogens in tobacco smoke and their proclivities for particular bases and surrounding sequence context.
Effects of transcription-coupled repair and a second, more general, expression-linked repair pathway were evident. We
identified a tandem duplication that duplicates exons 3–8 of CHD7 in frame, and another two lines carrying PVT1–CHD7
fusion genes, indicating that CHD7 may be recurrently rearranged in this disease. These findings illustrate the potential for
next-generation sequencing to provide unprecedented insights into mutational processes, cellular repair pathways and gene
networks associated with cancer.

More than 1 billion people worldwide smoke tobacco1. With 203
greater risk of developing lung cancer than non-smokers and
increased risk of many other tumour types, a smoker’s lifestyle choice
represents the most significant carcinogenic exposure confronting
health services today. Tobacco smoke contains more than 60 muta-
gens that bind and chemically modify DNA2,3, and these brand the
lung cancer genome with characteristic mutational patterns. Point
mutations in, for example, TP53 and KRAS show different signatures
between smokers and non-smokers with lung cancer2–4. However,
such studies have been limited to a few genes, and it is unclear how
representative these findings are of mutational processes across the
whole genome5. In vitro assays and mouse models have been import-
ant tools for testing the mutagenicity of individual chemical consti-
tuents of tobacco smoke, but are of limited value for generalizing to
the complexity of smoking behaviours, systemic metabolism and
cancer development in humans. Massively parallel sequencing tech-
nologies promise the capacity to paint a genome-wide portrait of
mutation in human cancer. Such data will provide unprecedented
insights into the relative contributions of different tobacco carcino-
gens to mutation in vivo, the effects of local DNA structure on mut-
ability and the cellular defence mechanisms against exogenous
mutagens.

Lung cancer is the leading cause of cancer-related deaths world-
wide, developing in more than a million new patients annually6.
Small-cell lung cancer (SCLC), representing 15% of cases, is a distinct
subtype associated with a typical clinical picture of early metastasis,
initial response to chemotherapy but subsequent relapse, and a
2-year survival of ,15%7. Several tumour suppressor genes are

inactivated, including TP53 (80–90% of cases8), RB1 (60–90% of
cases9,10) and PTEN (13% of cases11). Infrequent activating mutations
have been found in PIK3CA, EGFR and KRAS (all 10% or lower;
http://www.sanger.ac.uk/genetics/CGP/cosmic/), and MYC is amp-
lified in 20% of cases.

The development of massively parallel sequencing technologies
makes it feasible to catalogue all classes of somatically acquired
mutation in a cancer, including base substitutions12,13, insertions
and deletions (indels)12,13, copy number changes14 and genomic rear-
rangements14. Reports from high-coverage sequencing of two acute
myeloid leukaemia genomes have been published, which have con-
centrated on detecting point mutations in exons and regulatory
regions12,13. Here, we report the first detailed analysis of a human
cancer classically associated with tobacco smoking, giving unpreced-
ented insights into the mutational burden associated with this life-
style choice. Such analyses highlight the advances that will be made in
our understanding of the pathogenesis of cancer as we sequence
hundreds to thousands of human tumours15.

Sequencing of a SCLC cell line

Most small-cell lung cancers are not surgically resected7, meaning
that cell lines are an indispensable resource for studying this disease.
NCI-H209 is an immortal cell line derived from a bone marrow
metastasis of a 55-year-old male with SCLC, taken before chemo-
therapy16. The smoking history of the patient is not recorded16.
However, the specimen showed histologically typical small cells with
classic neuroendocrine features: .97% of such tumours are assoc-
iated with tobacco smoking17,18. An Epstein–Barr-virus-transformed
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lymphoblastoid line, NCI-BL209, has been generated from the
patient. NCI-H209 has been extensively characterized by spectral
karyotyping, capillary sequencing and high-resolution copy-number
array (http://www.sanger.ac.uk/genetics/CGP/cosmic/).

Using the SOLiD platform, we generated 25-base-pair (bp) short-
read, mate-pair shotgun sequences from the tumour and matched
normal genomes. On the basis of detailed power calculations, we
estimated that tumour and normal genomes should be sequenced
to 30-fold depth to identify somatically acquired genetic variants

with high sensitivity and distinguish them from both sequencing
errors and germline polymorphisms (Fig. 1a). In total, 112 gigabases
(Gb; 393 coverage) from the tumour and 90 Gb (313) from the
normal were aligned to the reference genome (Fig. 1b).

Bioinformatic algorithms were developed to identify somatically
acquired genetic variation from the sequencing data (Supplementary
Fig. 1 and Supplementary Tables 1–5), subjected to rigorous valid-
ation by polymerase chain reaction (PCR) and capillary sequencing.
We had previously identified 29 base substitutions, of which 22
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Figure 1 | The compendium of somatic mutations in a small-cell lung cancer
genome. a, Power calculations showing the number of true somatic
substitutions detected (blue) and mis-calls (single nucleotide
polymorphisms (SNPs) called as somatic mutations, burgundy, and
sequencing errors called as mutations, green) for different levels of sequence
coverage. Calculations are based on a true mutation prevalence of 1 per
megabase (black line). b, Histogram of the actual coverage achieved per base
of the tumour (blue) and normal (burgundy) genomes. c, Figurative
representation of the catalogue of somatic mutations in the genome of NCI-
H209. Chromosome ideograms are shown around the outer ring and are

oriented pter–qter in a clockwise direction with centromeres indicated in
red. Other tracks contain somatic alterations (from outside to inside):
validated insertions (light-green rectangles); validated deletions (dark-green
rectangles); heterozygous (light-orange bars) and homozygous (dark-orange
bars) substitutions shown by density per 10 megabases; coding substitutions
(coloured squares; silent in grey, mis-sense in purple, nonsense in red and
splice site in black); copy number (blue lines); validated intrachromosomal
rearrangements (green lines); and validated interchromosomal
rearrangements (purple lines).
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A comprehensive catalogue of somatic
mutations from a human cancer genome
Erin D. Pleasance1*, R. Keira Cheetham2*, Philip J. Stephens1, David J. McBride1, Sean J. Humphray2,
Chris D. Greenman1, Ignacio Varela1, Meng-Lay Lin1, Gonzalo R. Ordóñez1, Graham R. Bignell1, Kai Ye3, Julie Alipaz4,
Markus J. Bauer2, David Beare1, Adam Butler1, Richard J. Carter2, Lina Chen1, Anthony J. Cox2, Sarah Edkins1,
Paula I. Kokko-Gonzales2, Niall A. Gormley2, Russell J. Grocock2, Christian D. Haudenschild5, Matthew M. Hims2,
Terena James2, Mingming Jia1, Zoya Kingsbury2, Catherine Leroy1, John Marshall1, Andrew Menzies1,
Laura J. Mudie1, Zemin Ning1, Tom Royce4, Ole B. Schulz-Trieglaff2, Anastassia Spiridou2, Lucy A. Stebbings1,
Lukasz Szajkowski2, Jon Teague1, David Williamson5, Lynda Chin6, Mark T. Ross2, Peter J. Campbell1,
David R. Bentley2, P. Andrew Futreal1 & Michael R. Stratton1,7

All cancers carry somatic mutations. A subset of these somatic alterations, termed driver mutations, confer selective growth
advantage and are implicated in cancer development, whereas the remainder are passengers. Here we have sequenced the
genomes of a malignant melanoma and a lymphoblastoid cell line from the same person, providing the first comprehensive
catalogue of somatic mutations from an individual cancer. The catalogue provides remarkable insights into the forces that
have shaped this cancer genome. The dominant mutational signature reflects DNA damage due to ultraviolet light exposure,
a known risk factor for malignant melanoma, whereas the uneven distribution of mutations across the genome, with a lower
prevalence in gene footprints, indicates that DNA repair has been preferentially deployed towards transcribed regions. The
results illustrate the power of a cancer genome sequence to reveal traces of the DNA damage, repair, mutation and selection
processes that were operative years before the cancer became symptomatic.

The genomes of all cancer cells carry somatic mutations1. These may
include base substitutions, small insertions and deletions (indels),
rearrangements and copy number alterations together with epige-
netic changes. Some of these somatic alterations, known as driver
mutations, confer selective clonal growth advantage and are causally
implicated in oncogenesis. By definition, these are found in cancer
genes. The remainder are passengers which do not contribute to
cancer development. However, passenger mutations bear the
imprints of the mutational mechanisms that have generated them,
unsullied by processes of selection, and thus provide insights into the
aetiology and pathogenesis of cancer.

Over the last quarter of a century several strategies have been used
to detect the various classes of somatic mutation in cancer genomes1.
As a result, approximately 400 cancer genes have been identified1,2

(http://www.sanger.ac.uk/genetics/CGP/Census/) and somatic muta-
tions from thousands of tumours have provided insights into the
mutational processes operative in human cancer1,3.

With the advent of the human genome sequence a new strategy was
proposed1,4. Systematic sequencing would identify all somatic muta-
tions of all classes in individual cancer genomes, yielding complete
catalogues of somatic mutation. Technological limitations initially
constrained this to polymerase chain reaction (PCR)-based re-
sequencing of the coding exons of protein-coding genes in order to
find base substitutions and small indels5–10. Recently, however, several
novel technologies have been developed11,12. These allow sequencing
of randomly generated DNA fragments from cancer genomes and thus

detect rearrangements and copy number changes as well as base sub-
stitutions and small indels, providing sufficient coverage to identify
most somatic mutations in an individual cancer genome. These tech-
nologies have previously been used to reveal missense mutations in the
coding sequences of two acute myeloid leukaemia genomes13,14. Here,
we report the first comprehensive catalogue of somatic mutations
from a cancer genome.

The catalogue of somatic mutations

COLO-829 is an immortal, publicly available cancer cell line derived,
before treatment, from a metastasis of a malignant melanoma in a 43-
year-old male15. No skin primary was identified. Using Illumina GAII
genome analysers, we obtained more than 40-fold average haploid
genome coverage by aligned sequence from COLO-829 and 32-fold
from COLO-829BL, a lymphoblastoid line derived from the same
patient (Supplementary Fig. 1). Differences from the reference
sequence were called in both cell lines. The variant set obtained from
COLO-829BL was then subtracted from that of COLO-829 to estab-
lish the catalogue of somatic mutations in COLO-829.

We identified 33,345 somatic base substitutions. A total of 32,325
were single-base and 510 were double-base substitutions (in which
two adjacent bases show somatic mutations) (Table 1, Fig. 1 and
Supplementary Table 1). Of 48 already known somatic substitutions,
42 were present in the whole-genome catalogue of mutations, a sensi-
tivity of 88%. Of 470 newly found somatic substitutions that were
assessed, 454 (97%) were confirmed by conventional sequencing,
indicating a 3% false-positive rate.

*These authors contributed equally to this work.
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The genomic complexity of primary
human prostate cancer
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Andrea Sboner5,6, Raquel Esgueva2, Dorothee Pflueger2, Carrie Sougnez1, Robert Onofrio1, Scott L. Carter1, Kyung Park2,
Lukas Habegger6, Lauren Ambrogio1, Timothy Fennell1, Melissa Parkin1, Gordon Saksena1, Douglas Voet1, Alex H. Ramos1,7,
Trevor J. Pugh1,7,8, Jane Wilkinson1, Sheila Fisher1, Wendy Winckler1, Scott Mahan1, Kristin Ardlie1, Jennifer Baldwin1,
Jonathan W. Simons9, Naoki Kitabayashi2, Theresa Y. MacDonald2, Philip W. Kantoff7,8, Lynda Chin1,7,8,10, Stacey B. Gabriel1,
Mark B. Gerstein5,6,11, Todd R. Golub1,12,13,14, Matthew Meyerson1,7,8,14, Ashutosh Tewari15, Eric S. Lander1,7,16, Gad Getz1,
Mark A. Rubin2 & Levi A. Garraway1,7,8,14

Prostate cancer is the second most common cause of male cancer deaths in the United States. However, the full range of
prostate cancer genomic alterations is incompletely characterized. Here we present the complete sequence of seven
primary human prostate cancers and their paired normal counterparts. Several tumours contained complex chains of
balanced (that is, ‘copy-neutral’) rearrangements that occurred within or adjacent to known cancer genes.
Rearrangement breakpoints were enriched near open chromatin, androgen receptor and ERG DNA binding sites in
the setting of the ETS gene fusion TMPRSS2–ERG, but inversely correlated with these regions in tumours lacking ETS
fusions. This observation suggests a link between chromatin or transcriptional regulation and the genesis of genomic
aberrations. Three tumours contained rearrangements that disrupted CADM2, and four harboured events disrupting
either PTEN (unbalanced events), a prostate tumour suppressor, or MAGI2 (balanced events), a PTEN interacting protein
not previously implicated in prostate tumorigenesis. Thus, genomic rearrangements may arise from transcriptional or
chromatin aberrancies and engage prostate tumorigenic mechanisms.

Among men in the United States, prostate cancer accounts for more
than 200,000 new cancer cases and 32,000 deaths annually1. Although
androgen deprivation therapy yields transient efficacy, most patients
with metastatic prostate cancer eventually die of their disease. These
aspects underscore the critical need to articulate both genetic under-
pinnings and novel therapeutic targets in prostate cancer.

Recent years have heralded a marked expansion in our understand-
ing of the somatic genetic basis of prostate cancer. Of considerable
importance has been the discovery of recurrent gene fusions that
render ETS transcription factors under the control of androgen-
responsive or other promoters2–5. These findings suggest that genomic
rearrangements may comprise a major mechanism driving prostate
carcinogenesis. Other types of somatic alterations also engage import-
ant mechanisms6–8; however, the full spectrum of prostate cancer
genomic alterations remains incompletely characterized. Moreover,
although the androgen signalling axis represents an important thera-
peutic focal point9,10, relatively few additional drug targets have yet
been elaborated by genetic studies of prostate cancer11. To discover
additional genomic alterations that may underpin lethal prostate cancer,
we performed paired-end, massively parallel sequencing on tumour and
matched normal genomic DNA obtained from seven patients with
‘high-risk’ primary prostate cancer.

Landscape of genomic alterations
All patients harboured tumours of stage T2c or greater, and Gleason
grade 7 or higher. Serum prostate-specific antigen levels ranged from
2.1 to 10.2 ng ml21 (Supplementary Table 1). Three tumours con-
tained chromosomal rearrangements involving the TMPRSS2 (trans-
membrane protease, serine 2)–ERG (v-ets erythroblastosis virus E26
oncogene homologue (avian)) loci as determined by fluorescence in
situ hybridization (FISH) and PCR with reverse transcription (RT–
PCR)2 (Table 1 and Supplementary Table 1). We obtained approxi-
mately 30-fold mean sequence coverage for each sample, and reliably
detected somatic mutations in more than 80% of the genome
(described in Supplementary Information). Circos plots12 indicating
genomic rearrangements and copy number alterations for each pro-
state cancer genome are shown in Fig. 1.

We identified a median of 3,866 putative somatic base mutations
(range 3,192–5,865) per tumour (Supplementary Table 2); the estimated
mean mutation frequency was 0.9 per megabase (see Supplementary
Methods). This mutation rate is similar to that observed in acute
myeloid leukaemia and breast cancer13–16 but 7–15-fold lower than rates
reported for small cell lung cancer and melanoma17–19. The mutation
rate at CpG (that is, cytosine–phosphate–guanine) dinucleotides was
more than tenfold higher than at all other genomic positions

1The Broad Institute of Harvard and MIT, Cambridge, Massachusetts 02142, USA. 2Department of Pathology and Laboratory Medicine, Weill Cornell Medical College, New York, New York 10065, USA.
3Institute for Computational Biomedicine, Weill Cornell Medical College, New York, New York 10021, USA. 4Department of Physics of Complex Systems, Weizmann Institute of Science, Rehovot 76100,
Israel. 5Department of Molecular Biophysics and Biochemistry, Yale University, New Haven, Connecticut 06520, USA. 6Program in Computational Biology and Bioinformatics, Yale University, New Haven,
Connecticut 06520, USA. 7Harvard Medical School, Boston, Massachusetts 02115, USA. 8Department of Medical Oncology, Dana-Farber Cancer Institute, Boston, Massachusetts 02115, USA. 9The
Prostate Cancer Foundation, Santa Monica, California 90401, USA. 10Belfer Institute for Applied Cancer Science, Dana-Farber Cancer Institute, Boston, Massachusetts 02115, USA. 11Department of
ComputerScience, Yale University,New Haven, Connecticut06520,USA. 12DepartmentofPediatricOncology, Dana-FarberCancer Institute, Boston, Massachusetts 02115,USA. 13HowardHughesMedical
Institute, Chevy Chase, Maryland 20815, USA. 14Center for Cancer Genome Discovery, Dana-Farber Cancer Institute, Boston, Massachusetts 02115, USA. 15Department of Urology, Institute of Prostate
Cancer and Lefrak Center of Robotic Surgery, Weill Cornell Medical College and New York Presbyterian Hospitals, New York, New York 10065, USA. 16Whitehead Institute for Biomedical Research, 9
Cambridge Center, Cambridge, Massachusetts 02142, USA. {Present address: Department of Pathology, Memorial Sloan-Kettering Cancer Center, New York, New York 10065, USA.
*These authors contributed equally to this work.
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(Supplementary Fig. 1). A median of 20 non-synonymous base muta-
tions per sample were called within protein-coding genes (range 13–43;
Supplementary Table 3). We also identified six high-confidence coding
indels (4 deletions, 2 insertions) ranging from 1 to 9 base pairs (bp) in
length, including a 2-bp frameshift insertion in the tumour suppressor
gene, PTEN (phosphatase and tensin homologue; Supplementary Table
4, Supplementary Fig. 2).

Two genes (SPTA1 and SPOP) harboured mutations in two out of
seven tumours. SPTA1 encodes a scaffold protein involved in erythroid
cell shape specification, while SPOP encodes a modulator of Daxx-
mediated ubiquitination and transcriptional regulation20. The SPOP
mutations exceeded the expected background rate in these tumours
(Q 5 0.055). (Q is defined as the false discovery rate (FDR)-corrected P
value.) Moreover, SPOP was also found significantly mutated in a
separate study of prostate cancer21. Interestingly, the chromatin modi-
fiers CHD1, CHD5 and HDAC9 were mutated in 3 out of 7 prostate
cancers. These genes regulate embryonic stem cell pluripotency, gene
regulation, and tumour suppression22–24. Members of the HSP-1 stress
response complex (HSPA2, HSPA5 and HSP90AB1) were also mutated
in three out of seven tumours. The corresponding proteins form a
chaperone complex targeted by several anticancer drugs in develop-
ment25. Furthermore, we found a single KEGG pathway ‘antigen pro-
cessing and presentation’ to be significantly mutated out of 616 diverse
gene sets corresponding to gene families and known pathways
(Q 5 0.0021). This result is intriguing, given the clinical benefit asso-
ciated with immunotherapy for prostate cancer26,27. Other known

cancer genes were mutated in single tumours, including PRKCI and
DICER. Thus, some coding mutations may contribute to prostate
tumorigenesis and suggest possible therapeutic interventions.

Complex patterns of balanced rearrangements
Given the importance of oncogenic gene fusions in prostate cancer, we
next characterized the spectrum of chromosomal rearrangements. We
identified a median of 90 rearrangements per genome (range 43–213)
supported by $3 distinct read pairs (Supplementary Table 5). This
distribution of rearrangements was similar to that previously described
for breast cancer28. We examined 594 candidate rearrangements by
multiplexed PCR followed by massively parallel sequencing, and vali-
dated 78% of events by this approach (Supplementary Methods). Three
genes disrupted by rearrangements also harboured non-synonymous
mutations in another sample: ZNF407, CHD1 and PTEN. Notably, the
chromatin modifier CHD1, which contains a validated splice site muta-
tion in prostate tumour PR-1701 (as indicated above), also harboured
intragenic breakpoints in two additional samples (PR-0508 and PR-
1783). These rearrangements predict truncated proteins, raising the
possibility that dysregulated CHD1 may contribute to a block in dif-
ferentiation in some prostate cancer precursor cells22.

In 88% of cases, the fusion point could be mapped to base pair
resolution (Supplementary Methods). The most common type of
fusion involved a precise join, with neither overlapping nor intervening
sequence at the rearrangement junction. In a minority of cases, an
overlap (microhomology) of 2 bp or more was observed. The

Table 1 | Landscape of somatic alterations in primary human prostate cancers
Tumour

PR-0508 PR-0581* PR-1701* PR-1783 PR-2832* PR-3027 PR-3043

Tumour bases sequenced 97.8 3 109 93.9 3 109 110 3 109 90.9 3 109 106 3 109 93.6 3 109 94.9 3 109

Normal bases sequenced 96.7 3 109 57.8 3 109 108 3 109 92.3 3 109 103 3 109 87.8 3 109 96.6 3 109

Tumour haploid coverage 31.8 30.5 35.8 29.5 34.4 30.4 30.8
Normal haploid coverage 31.4 18.8 34.9 30.0 33.4 28.5 31.4
Callable fraction 0.84 0.83 0.87 0.82 0.84 0.84 0.85
Estimated tumour purity{ 0.73 0.60 0.49 0.75 0.59 0.74 0.68
All point mutations (high
confidence)

3,898 (1,447) 3,829 (1,430) 3,866 (1,936) 4,503 (2,227) 3,465 (1,831) 5,865 (2,452) 3,192 (1,713)

Non-silent coding mutations
(high confidence)

16 (5) 20 (3) 24 (9) 32 (20) 13 (7) 43 (16) 14 (10)

Mutation rate per Mb 0.7 0.7 0.8 1.0 0.8 1.2 0.7
Rearrangements 53 67 90 213 133 156 43

*Harbours TMPRSS2–ERG gene fusion
{Estimated from SNP array-derived allele specific copy number levels using the ABSOLUTE algorithm (Supplementary Methods).
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Figure 1 | Graphical representation of seven prostate cancer genomes. Each
Circos plot12 depicts the genomic location in the outer ring and chromosomal
copy number in the inner ring (red, copy gain; blue, copy loss).
Interchromosomal translocations and intrachromosomal rearrangements are

shown in purple and green, respectively. Genomes are organized according to
the presence (top row) or absence (bottom row) of the TMPRSS2–ERG gene
fusion.
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Signatures of mutational processes in
human cancer
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All cancers are caused by somatic mutations; however, understanding of the biological processes generating these
mutations is limited. The catalogue of somatic mutations from a cancer genome bears the signatures of the mutational
processes that have been operative. Here we analysed 4,938,362 mutations from 7,042 cancers and extracted more than
20 distinct mutational signatures. Some are present in many cancer types, notably a signature attributed to the APOBEC
family of cytidine deaminases, whereas others are confined to a single cancer class. Certain signatures are associated
with age of the patient at cancer diagnosis, known mutagenic exposures or defects in DNA maintenance, but many are of
cryptic origin. In addition to these genome-wide mutational signatures, hypermutation localized to small genomic
regions, ‘kataegis’, is found in many cancer types. The results reveal the diversity of mutational processes underlying
the development of cancer, with potential implications for understanding of cancer aetiology, prevention and therapy.

Somatic mutations found in cancer genomes1 may be the consequence
of the intrinsic slight infidelity of the DNA replication machinery,
exogenous or endogenous mutagen exposures, enzymatic modifica-
tion of DNA, or defective DNA repair. In some cancer types, a sub-
stantial proportion of somatic mutations are known to be generated
by exposures, for example, tobacco smoking in lung cancers and
ultraviolet light in skin cancers2, or by abnormalities of DNA main-
tenance, for example, defective DNA mismatch repair in some
colorectal cancers3. However, our understanding of the mutational
processes that cause somatic mutations in most cancer classes is
remarkably limited.

Different mutational processes often generate different combinations
of mutation types, termed ‘signatures’. Until recently, mutational sig-
natures in human cancer have been explored through a small number

of frequently mutated cancer genes, notably TP53 (ref. 4). Although
informative, these studies have limitations. To generate a mutational
signature, a single mutation from each cancer sample is entered into a
mutation set aggregated from several cases of a particular cancer type. A
signature that contributes the large majority of somatic mutations in the
tumour class is accurately reported. However, if multiple mutational
processes are operative, a jumbled composite signature is generated.
Furthermore, because such studies are based on ‘driver’ mutations1,
signatures of selection are superimposed on the signatures of mutational
processes.

Recent advances in sequencing technology have overcome past limi-
tations of scale1. Thousands of somatic mutations can now be iden-
tified in a single cancer sample, offering the possibility of deciphering
mutational signatures even when several mutational processes are
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EACH APOBEC3 GENE IS COMPRISED OF ONE OR
TWO ZINC-COORDINATING DOMAINS

Naming the mammalian A3 genes is complicated further by the
fact that each gene encodes a single- or a double-zinc (Z)-coor-
dinating-domain protein. For instance, human A3A, A3C, and
A3H encode single-Z-domain proteins, whereas human A3B,
A3DE, A3F, and A3G encode double-Z-domain proteins. The Z
domain is required for catalytic activity, but some domains have
not elicited activity and can therefore be regarded as pseudocata-
lytic. Nevertheless, all Z domains can be readily identified by four
invariant residues, namely, one histidine, one glutamate, and two
cysteines, organized Hx1Ex23–28Cx2–4C (x can be nearly any 1 of
the 20 amino acids, and underlining indicates the invariant resi-
dues) (Fig. 1B and see below). The histidine and two cysteines are
required to bind a single zinc atom and, at least for catalytic
domains, the glutamate is predicted to promote the formation of
a hydroxide ion required for deamination.

Each Z domain clearly belongs to one of three distinct phy-
logenetic clusters, originally termed Z1b, Z1a, and Z2 (7;
adopted in references 6, 18, and 20). However, while we ac-

knowledge the logical nature of these Z-based groupings, we
propose a simplification of the scheme to Z1, Z2, and Z3,
respectively. This minor nomenclature change was motivated
because (i) lowercase letters are needed to help describe
unique A3 variants (see below), (ii) a key mammalian ancestor
likely had a CBX6-Z1-Z2-Z3-CBX7 locus organization (13),
and (iii) the Z3 domain has so far been found to be invariably
located at the distal end of the locus, next to CBX7 (Fig. 1A).

Z-domain assignments can be made simply by scanning pre-
dicted polypeptide sequences for key identifying residues (Fig.
1B). This determination is facilitated by the fact that the Z
domain of all known A3 genes is encoded by a single exon. For
instance, Z1 domains have a unique isoleucine (I) adjacent to
a conserved arginine common to all DNA deaminases (3). Z2
domains possess a unique tryptophan-phenylalanine (WF) mo-
tif five residues after the (pseudo)catalytic glutamate. Finally,
Z3 domains have a TWSPCx2-4C zinc-coordinating motif,
whereas both the Z1 and Z2 domains have a SWS/TPCx2-4C
motif. Since many A3 proteins have been subject to positive
selection (22), this Z-based scheme is also substantially more

FIG. 1. (A) Schematics of the A3 repertoires of mammals whose genomes have been sequenced. Z1, Z2, and Z3 domains are shown in green,
orange and blue, respectively. For all of the indicated species (and likely all mammals), CBX6 is located immediately upstream and CBX7
downstream of the A3 locus. Either macaque A3A does not exist, or its genomic sequence is not quite complete. The inferred ancestral A3
repertoire was deduced through comparative studies (13). The numbers at the phylogenetic tree branch points indicate the approximate time, in
millions of years, since the divergence of the ancestors of the clades of the indicated present-day species (1). (B) Highlights of amino acid
conservation among the three distinct Z-domain groups and within each individual group (based on multiple sequence alignments) (13). Residues
discussed in the text are in color or boldface, and other notable residues are in gray. An “x” specifies nearly any amino acid.
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APOBECs & Cancer

Figure 4. Spectra of physiological and pathological dC mutations. A, Comparison of the base substitutions in hyper-
mutated (.5 mutations/100 nucleotides) versus non-hypermutated (,1 mutations/100 nucleotides) HIV. (i) Bubble
graph depicting the proportion of substitutions occurring at each of the four bases in the HIV genome. (ii) Dinucleotide
context of the G mutations in the HIV genome in the hypermutated and non-hypermutated datasets. These frequencies
have been adjusted to take account of the abundance of the four dinucleotides in portions of the HIV genome analysed.
The G mutations in the hypermutated genome sequences are likely largely due to minus-strand dC deamination.
These analyses were performed using 1379 HIV mutations in the hypermutated set described by Janini et al.34 and
178 background mutations from the non-hypermutated set described by Holmes et al.50 B, Intrinsic hotspots of the anti-
body hypermutation mechanism. The context of the major hotspot (as determined on the coding strand) in each of
seven target sequences is shown. Major hotspots (mutated base is underlined) were defined as the single most
frequently mutated single-nucleotide position within each dataset. All major hotspots were at dG or dC, although in
each case the adjacent dC/dG was also frequently mutated as indicated by the hotspot dC:dG ratio. The bubble graphs
depict the contexts of hotspot dC residues using a compilation of all 84 dC/dG hotpots in the seven targets analysed,
in this case defining a hostpot as a dC residue (on either DNA strand) which accounted for .8% of all the mutations
within the target sequence database. The bubble graphs draws on the seven datasets used in the table, weighting hot-
spots according to the frequency with which they were targeted. The databases of mutations in mouse immuno-
globulin JH and Jk intronic flanks are taken from multiple sources;51–54 those for human VH26 from Wagner et al.55 and
those for non-functional human b-globin and E. coli gpt transgenic targets from Milstein et al.56 C, Sequence context of
cancer-associated dC mutations in P53 and APC tumour-suppresser genes in different tumour types. Bubble graphs
depict the contexts of dC mutations that occur outside CpG targets. For P53, the data are taken from the IARC p53
database57 comprising 90 non-CpG dC mutations from colon cancers and 147 from skin cancers. Prostate cancers give
an even more pronounced bias in favour of a 50-dC in non-CpG dC mutations than skin cancers (but the database
only comprises 22 mutations), whereas the spectra in breast, stomach and bladder cancers (152, 81 and 73 mutations,
respectively) are similar to that in colon. For APC, the data are from the Universal APC-Mutation Database by
T. Soussi, C. Béroud and P. L. Puig (http://www.umd.necker.fr:2008/) and comprise 61 inherited versus 52 somatic
non-CpG dC mutations.
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APOBEC3B is an enzymatic source of mutation in
breast cancer
Michael B. Burns1,2,3,4*, Lela Lackey1,2,3,4*, Michael A. Carpenter1,2,3,4, Anurag Rathore1,2,3,4, Allison M. Land1,2,3,4,
Brandon Leonard2,3,4,5, Eric W. Refsland1,2,3,4, Delshanee Kotandeniya2,6, Natalia Tretyakova2,6, Jason B. Nikas2, Douglas Yee2,
Nuri A. Temiz7, Duncan E. Donohue7, Rebecca M. McDougle1,2,3,4, William L. Brown1,2,3,4, Emily K. Law1,2,3,4

& Reuben S. Harris1,2,3,4,5

Several mutations are required for cancer development, and gen-
ome sequencing has revealed that many cancers, including breast
cancer, have somatic mutation spectra dominated by C-to-T tran-
sitions1–9. Most of these mutations occur at hydrolytically disfa-
voured10 non-methylated cytosines throughout the genome, and
are sometimes clustered8. Here we show that the DNA cytosine
deaminase APOBEC3B is a probable source of these mutations.
APOBEC3B messenger RNA is upregulated in most primary breast
tumours and breast cancer cell lines. Tumours that express high
levels of APOBEC3B have twice as many mutations as those that
express low levels and are more likely to have mutations in TP53.
Endogenous APOBEC3B protein is predominantly nuclear and the
only detectable source of DNA C-to-U editing activity in breast
cancer cell-line extracts. Knockdown experiments show that endo-
genous APOBEC3B correlates with increased levels of genomic
uracil, increased mutation frequencies, and C-to-T transitions.
Furthermore, induced APOBEC3B overexpression causes cell cycle
deviations, cell death, DNA fragmentation, c-H2AX accumula-
tion and C-to-T mutations. Our data suggest a model in which
APOBEC3B-catalysed deamination provides a chronic source of
DNA damage in breast cancers that could select TP53 inactivation
and explain how some tumours evolve rapidly and manifest het-
erogeneity.

Most humans encode a total of 11 polynucleotide cytosine deami-
nase family members that could contribute to mutation in cancer—
APOBEC1, activation-induced deaminase (AID), APOBEC2, APOBEC3
proteins (known as A3A, A3B, A3C, A3D, A3F, A3G and A3H), and
APOBEC4. APOBEC2 and APOBEC4 have not shown activity.
APOBEC1 and AID are expressed tissue specifically and implicated in
cancers of those tissues, hepatocytes and B cells, respectively11,12. We
therefore proposed that one or more of the seven APOBEC3 proteins
may be responsible for the C-to-T mutations in other human cancers.
This possibility is consistent with hybridization13 and expression studies14

(Supplementary Fig. 1).
To identify the contributing APOBEC3 protein, we quantified

mRNA levels for each of the 11 family members in breast cancer cell
lines (Supplementary Fig. 2). Surprisingly, only APOBEC3B mRNA
trended towards upregulation. This analysis was expanded to include
a total of 38 independent breast cancer cell lines. APOBEC3B was
upregulated by $3 s.d. relative to controls in 28 out of 38 lines, with
levels exceeding tenfold in 12 out of 38 lines (Fig. 1a and Sup-
plementary Table 1). Of the representative cell lines used, MDA-
MB-453, MDA-MB-468 and HCC1569 showed 20-, 21- and 61-fold
upregulation, respectively. These results correlate with cell-line

microarray data (Supplementary Fig. 3, Supplementary Tables 2–9
and Supplementary Discussion). APOBEC3B upregulation is probably
due to an upstream signal transduction event because it is not a
frequent site of rearrangement or copy number variation (http://
dbCRID.biolead.org), and sequencing failed to reveal promoter-activ-
ating mutations or CpG islands indicative of epigenetic regulation
(Supplementary Fig. 4).

Epitope-tagged APOBEC3B (A3B) localizes to the nucleus of several
transfected cell types15. To determine whether this is also a property of
breast cancer lines, a construct encoding A3B fused to enhanced green
fluorescent protein (A3B–eGFP) was transfected into MDA-MB-453,

1Biochemistry, Molecular Biology and Biophysics Department, University of Minnesota, Minneapolis, Minnesota 55455, USA. 2Masonic Cancer Center, University of Minnesota, Minneapolis, Minnesota
55455, USA. 3Institute for Molecular Virology, University of Minnesota, Minneapolis, Minnesota 55455, USA. 4Center for Genome Engineering, University of Minnesota, Minneapolis, Minnesota 55455, USA.
5Microbiology, Cancer Biology and Immunology Graduate Program, University of Minnesota, Minneapolis, Minnesota 55455, USA. 6Department of Medicinal Chemistry, University of Minnesota,
Minneapolis, Minnesota 55455, USA. 7In Silico Research Centers of Excellence, Advanced Biomedical Computing Center, Information Systems Program, SAIC-Frederick Inc., Frederick National Laboratory
for Cancer Research, Frederick, Maryland 21702, USA.
*These authors contributed equally to this work.
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Figure 1 | APOBEC3B upregulation and activity in breast cancer cell lines.
a, APOBEC3B levels in indicated cell lines. Each point represents the mean of
three reactions presented relative to TBP (s.d. shown unless smaller than
symbol). ND, not detected. b, A3B–eGFP or A3F–eGFP localization in
MDA-MB-453 cells (nuclei are blue). c, Nuclear DNA C-to-U activity in
extracts from MDA-MB-453 transduced with shControl or shA3B
lentiviruses (n 5 3; s.d. shown unless smaller than symbol). RFU, relative
fluorescence units. d, Intrinsic dinucleotide DNA deamination preference of
endogenous A3B in extracts from MDA-MB-453 cells (n 5 3; s.d. smaller than
symbols).
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“nothing in biology makes sense 
except in the light of evolution” 

cancer

selection
darwinian

genetic drift negative
drive to growth

therapy

M = μ x D
inheritance

chance

environment


