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SUMMARY
We studied how intratumoral genetic heterogeneity shapes tumor growth and therapy response for isocitrate
dehydrogenase (IDH)-wild-type glioblastoma, a rapidly regrowing tumor. We inferred the evolutionary trajec-
tories ofmatched pairs of primary and relapsed tumors based on deepwhole-genome-sequencing data. This
analysis suggests both a distant origin of de novo glioblastoma, up to 7 years before diagnosis, and a
common path of early tumorigenesis, with one or more of chromosome 7 gain, 9p loss, or 10 loss, at tumor
initiation. TERT promoter mutations often occurred later as a prerequisite for rapid growth. In contrast to this
common early path, relapsed tumors acquired no stereotypical pattern of mutations and typically regrew
from oligoclonal origins, suggesting sparse selective pressure by therapeutic measures.
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INTRODUCTION

Tumors are typically heterogeneous mixtures of genetic sub-

clones. Analyses of subclonal tumor evolution have focused

on oncogenic drivers, which may inform the search for more

effective therapeutic approaches (Greaves and Maley, 2012).

However, recent studies have questioned this idea by arguing

that much of the intratumoral genetic heterogeneity is due to

neutral mutations (Williams et al., 2016; Ling et al., 2015). As tu-

mor growth as a whole is caused by driver mutations, these

findings concern the fundamental, but poorly understood,

question of the relation between tumor growth and genetic

evolution.

Glioblastoma is the most frequent malignant primary brain

cancer in adults that rapidly recurs after initial therapy (with a

5-year survival of 6%;Ostrom et al., 2016). Thus, it is of particular

clinical interest whether standard chemoradiotherapy exerts se-

lective pressure on the evolution of the relapse tumor. Several

studies have suggested that branched clonal evolution of glio-

blastomas contributes to treatment failure (Francis et al., 2014;

Hu et al., 2017; Meyer et al., 2013; Patel et al., 2014; Snuderl

et al., 2011; Sottoriva et al., 2013; Wang et al., 2016). In this

view, surgical tumor resection followed by chemoradiotherapy

with temozolomide (TMZ) (Weller et al., 2017) may select resis-

tant subclones from residual tumor cells that quickly regrow

(Gerlinger and Swanton, 2010; Nathanson et al., 2014; Qazi

et al., 2017). Moreover, Johnson et al. (2014) showed that TMZ

treatment may drive the evolution of isocitrate dehydrogenase

(IDH)-mutant diffuse gliomas to more malignant stages. Here

we investigate genetic evolution of IDH-wild-type (IDHWT) glio-

blastomas and its relation to tumor relapse following initial

therapy.

RESULTS

Mutation Patterns in Primary and Recurrent
Glioblastomas Are Largely Similar
To assess the genetic evolution of glioblastomas, we analyzed

the genomes, transcriptomes, and methylomes in paired pri-

mary (untreated) and recurrent (following initial treatment) tu-

mor tissue samples from patients with de novo glioblastomas,

IDHWT, World Health Organization grade IV. In total, paired tis-

sue samples from 50 patients were included, most of whom

had received radiotherapy combined with concomitant and

maintenance TMZ chemotherapy after neurosurgical resection

(Figure 1A; Table S1). We sequenced whole genomes of 21 tu-

mor pairs (1493 average coverage; discovery set) and a

matched blood control (783 average coverage), as well as

the transcriptomes of primary and recurrent tumors (Figure 1B).

The median tumor cell contents were 80% and 78% for pri-

mary and recurrent samples, respectively (Figure S1A). Tran-

scriptome and methylome analyses indicated that the vast

majority of non-tumor cells were infiltrating immune cells,

particularly monocytes (Figures S1B and S1C) (Wang et al.,

2017). In addition, we sequenced a panel of 50 glioma-

associated genes in primary and recurrent tumor pairs from

43 IDHWT glioblastoma patients (Table S1; validation set). As-

sessing genome-wide DNA methylation patterns in both sets

with Illumina 450k/EPIC bead chip arrays, we found the previ-
ously described major glioblastoma subgroups by unsuper-

vised clustering (Figure 1B; Capper et al., 2018; Sturm et al.,

2012). Samples classified as mesenchymal subtype had

comparatively low tumor content, suggesting that this partic-

ular classification may be influenced by a higher fraction of

non-tumor cells. When excluding subtype switches involving

the mesenchymal subtype, we found that 90% of primary

and recurrent tumor pairs had a stable methylation subtype,

while the remainder switched from the RTKII to the RTKI group

(Figures 1B and S1D).

Whole-genome sequencing yielded a median mutational

burden of 12,800 somatic single nucleotide variants (SNVs)

and small insertions/deletions (indels) per tumor (Figure 1C).

One primary and four recurrent tumors had vastly more muta-

tions (>105), which included somatic mutations in DNA

mismatch repair genes (MLH1 or MSH6) that are consistent

with a hypermutation genotype. Apart from these hypermutated

cases, primary and recurrent tumor samples had comparable

numbers of mutations (p = 0.77, two-sided Welch two-sample

t-test). On average, about as many mutations were shared be-

tween primary and recurrent samples as were private to either

sample (Figures 1D and 1E). The shared mutations were domi-

nated by the clock-like mutational signature 1 (Figure 1F; Alex-

androv et al., 2013; Forbes et al., 2016). The pattern of private

mutational signatures in both primary and non-hypermutated

recurrent tumors were shifted away from signature 1 and

included signatures due to defective double-strand break repair

by homologous recombination (signature 3), defective

mismatch repair (signature 15 and signature 26) and one of

unknown etiology (signature 5) (Figure 1G). The hypermutated

tumors were dominated by mutational signature 11 (Figure 1H)

linked to TMZ treatment (Alexandrov et al., 2013). The similarity

of mutation counts and signatures in paired primary and recur-

rent tumors suggests that the major part of the genetic evolu-

tion occurred prior to the diagnosis of the primary tumor.

Only the comparatively small subgroup of hypermutated tu-

mors showed a global mutational signature of cytotoxic

treatment.

Paucity of Common Mutations in Recurrent Tumors
We identified recurrent driver mutations in SNVs, indels, copy

number variations (CNVs) and structural variants, several of

which are druggable (Figure S2A) (Gröbner et al., 2018). Driver

mutations detectable in tumors of at least three patients were

found in the coding regions of 28 genes, in 13 non-coding RNA

genes, and in the TERT promoter region (Figure 2A). All 21 tu-

mor pairs harbored at least one of three chromosomal gains or

losses: (1) loss of the entire or the q arm of chromosome 10,

including the PTEN locus; (2) loss of the p arm of chromo-

some 9 or focal deletion of the CDKN2A/B locus; (3) complete

or partial gain of chromosome 7, including the EGFR locus

(Figures 2A and 2B). Most of 9p losses and focal deletions

of CDKN2A/B were homozygous. Chromosome 10 or 10q los-

ses were always hemizygous but in 75% of the tumor samples

accompanied by a mutation in the remaining PTEN allele.

Chromosome 7 gains were frequently (58%) accompanied by

focal amplifications of the EGFR locus (which may be extra-

chromosomal in the form of double minutes; deCarvalho

et al., 2018). When present, focal EGFR amplification occurred
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Figure 1. Clinical Data and Mutation Statistics

(A) Sampling strategy.

(B) Overview of clinical parameters and sequencing approaches.

(C) Number of SNVs and small insertions/deletions called in primary and recurrent samples of the discovery set (red lines, median; red dots, hypermutated cases).

(D) Numbers of common and private SNVs and small insertions/deletions of the discovery set (red lines, median; red dots, hypermutated cases).

(E) Relative numbers corresponding to (D) per tumor.

(F–H) Mutational signatures of shared (F) and private SNVs, (G) (left, primary; right, relapsed) from non-hypermutated cases of the discovery set as well as

mutational signatures of hypermutated cases (H). Data are represented as means ± SEM.

See also Figure S1 and Table S1.
in all but one case already in the primary tumor and was lost in

27% of recurrent samples. Almost half of the EGFR amplifica-

tions (44%) co-occurred with the active variant EGFRvIII

(generated by deletion of exons 2–7; Brennan et al., 2013),

and in three samples EGFR had an interchromosomal translo-

cation into the vicinity of a superenhancer (Figure 2C). In

several cases chromosomal gains increased (Figure 2D) or

decreased (Figure 2E) in complexity between primary and

recurrent tumors.

TERT promoter mutations were found in all but one primary

sample. In contrast to chromosomal gains/losses and the

TERT promoter mutations, the most frequent coding mutations

(occurring in PTEN, EGFR, or TP53) were present in a subset

of the tumors only. We observed comparable distributions of

SNVs and small indels in these genes, as well as TERT promoter
                                    
mutations, in the validation set (Figure S2B). Moreover, muta-

tions in 13 non-coding RNA genes were recurrent, including

HOTTIP, SNHG14, KCNQ1OT1, and XIST previously implicated

in cancer (Cheng et al., 2017; Jin et al., 2017; Wang et al., 2018;

Yao et al., 2015). The occurrence of widespread driver mutations

in primary tumors that are maintained in the corresponding

recurrent tumors (PTEN, CDKN2A/B, and EGFR mutations as

well as mutations in the TERT promoter) contrasted with a

paucity of common mutations newly detected in the recurrent

tumor samples. Except for mutations in the mismatch repair

gene MSH6 and in XIST, which were enriched in the hypermu-

tated recurrent samples, no recurrent mutations were preferen-

tially found upon glioblastoma recurrence (note that hypermu-

tated tumors have a higher probability for recurrence of

mutations by chance). There were, however, several cases of
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parallel evolution. We found different mutations in pairs of pri-

mary and recurrent samples for the following eight driver genes:

EGFR (5 pairs), ARID1A, AC005154.6, KCNQ1OT1, PTEN,

PTPN11, TSIX, and XIST (one pair each).

Genetic Evolution of Glioblastoma Shows a Common
Pattern across DNA Methylation Subtypes
To understand how the mutation patterns in primary and recur-

rent glioblastomas arose, we inferred evolutionary histories for

the individual sample pairs. We determined for each sample

the allele frequencies of SNVs and indels (variant allele fre-

quencies [VAFs]) at non-amplified loci. Mutations present in

both primary and recurrent tumors showed a wide range of

VAFs (Figure 3A). Many shared mutations will have arisen

comparatively early in tumor development and will therefore be

clonal in both samples. Based on the read coverage of a given

locus, we tested with a binomial model whether a measured

VAF is compatible with sampling from a VAF of 50%, implying

that the respective allele is clonal. While this test minimizes erro-

neous assignment of amutation as subclonal, we found subclon-

ality in both primary and recurrent samples for 12% of shared

mutations (Figure 3A, red dots). An additional 7% of mutations

were identified as clonal in the primary tumor and subclonal in

the recurrent tumor (Figure 3A, orange dots). This outcome is

not possible for a tumor with a single origin and hence was

most likely due to undersampling of the primary tumor, effec-

tively augmenting the count of subclonal mutations. Finally, a

transition from subclonality in primary to clonality in the recurrent

tumors is suggested for 11% of shared mutations (Figure 3A,

blue dots), whichmay result from undersampling of the recurrent

tumor (STAR Methods, Subclonality test), surgical resection

retaining a particular subclone that then forms a clonal recur-

rence (see Figure 3H below), or genetic evolution. Taken

together, the VAF analysis indicates extensive subclonality of

shared mutations in pairs of primary and recurrent glioblastoma

tissue samples.

Subclonality is informative on tumor evolution. To uncover

this information, we mapped the observed intratumoral genetic

heterogeneity onto the subclonal phylogeny of primary and

recurrent tumors. We combined SNVs and CNVs, developing a

likelihood-based multinomial model that jointly infers genetically

distinct subpopulations and their phylogenetic relationships

from the sequencing read count distribution over all mutated

loci (Figures 3B, S3A, and S3B). We assessed the robustness

of our algorithm on simulated data with characteristics of the
Figure 2. Recurrent Driver Mutations In Paired Primary and Recurrent

(A) Mutational spectrum in likely driver genes. Coding genes are shown if target

amplification in at least two patients (excluding hypermutated samples; mutation

genotype). Non-coding genes are shown if targeted by an SNV or an insertion/d

bottom. Primary and recurrent samples of a tumor are shown in pairs and separate

types of mutations while the color code at the bottom indicates DNA methylation

(B) Chromosomal gains and losses in primary and relapsed tumors.

(C) Inter-chromosomal and intra-chromosomal structural variants in primary and

vicinity of a super-enhancer (based on dbSUPER; Khan and Zhang, 2016). Genes

the driver genes list. Numbers in brackets indicate the number of recurrences of a

variant).

(D and E) Two examples of ongoing evolution on chromosome 7. Both cases can

the recurrent (D) or the primary tumor (E) (black, normal copy number; green, ga

See also Figure S2.

                                    
measured data and found reliable detection of even small clones

(5% clone size detected with >80% sensitivity) and faithful infer-

ence of subclonal phylogenies (Figures S3C–S3K). We then

applied subclonal inference to the measured data, treating

normal tissue as an additional subclone, and found that the esti-

mated tumor cell content closely agreed with purity estimates

from ACEseq (Pearson’s r = 0.95, Figure S3L). Thus our likeli-

hood-based inference method performed well with simulated

data and reproduced the independent estimate of tumor cell

content in the actual data.

We determined the subclonal structure jointly for pairs of pri-

mary and recurrent tumor samples and typically resolved two

to three subclones per sample (Figure 3C), with a clear hierarchy

of clone sizes (Figure 3D). Allowing for up to five subclones per

tumor sample did not alter the best-fit tree in all but two cases;

in the latter two cases additional subclones were added within

the already existing tree structure. Thus the resolution of up to

three subclones per sample allowed reliable placement of driver

mutations in tumor phylogenies.

In 15 out of 21 of the sample pairs the recurrent tumor origi-

nated frommore than one clone of the primary tumor (oligoclonal

origin of the relapse; Figures 3E–3G, S4A, and S4B). Figure 3E

introduces the layout of the phylogenetic trees. Note that, due

to limited sampling, the evolution of a recurrent tumor subclone

in the inferred phylogenetic trees does not start directly with the

corresponding subclone in the primary tumor but, instead, both

subclones have an unobserved common ancestor. Figure 3F

shows a typical example, where one allele of PTEN was lost

(chromosome 10 loss) and the other one was inactivated by a

mutation, before subclonal branching became evident. Subclo-

nal evolution in the primary tumor added further potential drivers,

notably a partial gain of chromosome 7 (including EGFR) and

mutations in the TERT promoter, BRAF (D594G) and TSIX. The

recurrent tumor arose from two subclones of the primary tumor

and showed further, subclone-specific driver mutations. Fig-

ure 3G depicts an extreme case of oligoclonal relapse where

no further recurrent drivers developed within 307 days between

primary and recurrent resection of the tumor (median time

span between initial diagnosis and relapse 284 days). In 6 of

21 cases the relapse tumor had a monoclonal origin (Figures

3H and S4C). However, this might be partially due to taking

experimental samples and, indeed, we found only one clear

example of linear evolution of the recurrent tumor, with several

new driver mutations being acquired over a comparatively large

time span of �22 months between primary and secondary
Tumor Samples from 21 Glioblastoma Patients

ed by a structural variation, SNV, indel, homozygous deletion, or a high-level

s inMSH6 are additionally shown due to their correlation with a hypermutation

eletion in more than five patients. TERT promoter mutations are shown at the

d by vertical lines (left, primary; right, recurrent). Different colors mark different

subtypes.

relapsed tumors. Translocation partners are marked if targeting a gene or the

targeted by intra-chromosomal variants are highlighted if they were present in

structural variant (tr., inter-chromosomal translocation; ic., intra-chromosomal

be explained by an initial gain of the chromosome, followed by partial losses in

ins; red, losses; light blue lines, number of A- and B-alleles).
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Figure 3. Phylogenetic Inference

(A) Variant allele frequencies at loci with normal copy numbers (excluding hypermutated samples and, for clarity, showing mutations in functional regions only).

Clonal and subclonal mutations were classified based on a binomial test for clonality (significance level a = 0.05).

(legend continued on next page)

                                    



resection (Figure 3H). In this case, the evolutionary time

(measured by the number of mutations between the most recent

common ancestors of the subclones in the primary and recurrent

tumors) was indeed comparatively large (�5,000 mutations). In

contrast to this unique case, the other tumor pairs had identical,

or very similar, evolutionary times of emergence of primary

and relapse subclones (Figure 3I). Hence recurrent tumors

mainly emerged from already established heterogeneity of the

primary tumor and only moderately added to that. This common

pattern of glioblastoma evolution was independent of DNA

methylation subtype and, in particular, also methylation status

of the MGMT promoter associated with response to TMZ ther-

apy (Hegi et al., 2005). To derive a consensus phylogeny over

all analyzed tumors, we walked down the phylogenetic trees

from the common stem and scaled branch thickness according

to the number of branch occurrences over all trees, revealing a

typical pattern of each primary subclone spawning a corre-

sponding relapse subclone (Figure 3J). The frequency of recur-

rent mutations declined rapidly from the common stem toward

the branches, suggesting that therapeutic measures do not drive

preferential resistance scenarios.

CNVs Precede SNVs as Oncogenic Drivers
Clonal mutations map to the common stem of the phylogenetic

tree and, for each tumor, contain recurrent driver mutations,

which likely are of early origin in the evolution of the tumor.

Further driver mutations were subclonal and hence originated

more recently than the drivers in the stem. Most subclones in

relapsed tumors (77%) showed additional driver mutations that

were not found in the primary tumor samples, indicating ongoing

genetic evolution.

We found strong overrepresentation of gain of chromosome 7,

loss of chromosome arm 9p/focal loss ofCDKN2A/B, and loss of

chromosome 10/10q in the common stem of the phylogenetic

trees, with at least one of these chromosomal gains or losses

being clonal in 20 out of 21 tumor pairs (Figure 4A). The single

tumor, where none of these chromosomal aberrations was

clonal, harbored two recurrent mutations (as in Figure 2) at the

clonal level, a frameshift insertion in PTEN and a clonal SNV in

exon 7 of TP53 (Pro > Ser; 278 amino acids). Themost prominent
(B) Principle of phylogenetic inference fromwhole-genome sequencing data, with

distribution and the resulting phylogenetic tree. The mutated DNA fraction within

with copy number changes. The data shown are for the two subclones of the rec

(C and D) Summary statistics on inferred phylogenies, with number of subclones (

of a given clone size.

(E) Layout of phylogenetic trees. Vertical branch lengths scale with the number o

(F and G) Examples of phylogenetic trees with oligoclonal origin of the recurrent tu

resection (yellow, primary tumor; orange, recurrent tumor; blue branches, commo

mutations found only in relapse tumor; asterisk marks convergent evolution; muta

are indicated).

(H) Monoclonal origin of the recurrent tumor; primary and recurrent tumors are se

genes and copy number changes of chromosomes 7, 9, and 10 are indicated).

(I) Origin of the recurrent tumor relative to origin of the primary tumor (excluding hy

(MRCA) of primary and recurrent samples (measured in mutation counts) is prov

(J) Consensus tree of all sample pairs. Branch widths and font sizes scale with t

median number of clonal mutations and the median of the maximal number of m

mutations are indicated at particular tree branches (distinguishing clonal, subclon

tumors and are frequent overall (present at any position in at least three [coding

All data are from the discovery set subjected to deep whole-genome sequencing

See also Figures S3 and S4.

                                    
oncogenes on the altered chromosomes are EGFR (chromo-

some 7), CDKN2A/B (chromosome 9), and PTEN (chromosome

10), suggesting that mutations and/or CNVs in these three genes

define the minimal set of driver mutations from which at least

one, and frequently two or all (81%), occur in the stem of each

analyzed tumor. Hence these mutations might be early tumori-

genic events.

In contrast to the CNVs, most recurrent SNVs were subclonal,

with the exceptions of mutations in TP53, PTEN, EGFR, and the

TERT promoter (Figure 4B). Notably, most clonal PTEN muta-

tions (7/10) co-occurred with a loss of the other PTEN allele.

Mutations in the TERT promoter occurred in all but one of the

42 primary and recurrent samples, but, remarkably, were subclo-

nal in 33% of them. Of note, the read coverage of the GC-rich

TERT promoter was uniformly high (1233 on average), allowing

accurate VAF estimation; moreover, comparison of the VAF

distribution of the TERT promoter mutations with a control set

of heterozygous germline mutations, including a germline SNP

in the TERT promoter region, clearly showed significant subclon-

ality in the former (Figures S5A–S5E). Nevertheless, in all but one

case subclonal TERT promoter mutations occurred in the pri-

mary tumor. In addition to canonical TERT promoter mutations

reported previously, we also found exclusively ‘‘non-canonical’’

promoter mutations in two tumors (Figure 4C). These tumors

also had clonal mutations in ATRX, which inhibits alternative

telomere lengthening (exonic frameshift generating a premature

stop codon). Analyzing one such case in detail, we found that the

ATRX mutation likely supported tumor growth, as the protein

was lost (Figure S5F), whereas the non-canonical TERT pro-

moter mutation did not increase transcript levels compared

with non-tumor brain tissue (Figure S5G). These and further

data (Figure S5H) are consistent with the view that ATRX muta-

tions and canonical TERT promoter mutations are independent

mechanisms to support survival of proliferating tumor cells.

Taken together, the placement of mutations on the phyloge-

netic trees indicates characteristic patterns of their occurrence:

CNVs in chromosomes 7, 9, or 10 generally took place early in

the evolution of the tumor while TERT promoter mutations

were often acquired subsequently in primary tumors, remaining

subclonal in one-third of them. The absence of mutations that
fractions of mutated and reference reads at mutated loci, the inferred subclonal

tumor subclones is indicated by a darker shading; stars mark examples of loci

urrent tumor in (H).

C) and their relative sizes (D), the width of the violin plots indicate the frequency

f mutations, circle areas scale with relative subclone sizes.

mor, with (F) and without (G) recurrent driver mutations acquired after primary

n stem; gray branches, mutations originating in primary tumor; green branches,

tions in driver genes and copy number changes of chromosomes 7, 9, and 10

parated by a long branch and several new driver mutations (mutations in driver

permutated cases). The distance between the most recent common ancestors

ided as a measure for tumor origin.

he number of cases supporting a connection and mutation, respectively. The

utations per subclone are indicated for primary and recurrent tumors. Driver

al, present in primary or recurrence only) if they are found there in at least two

genes] or five [non-coding genes] non-hypermutated tumors).

(WGS).
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Figure 4. Patterns of Mutations during Different Stages of Tumorigenesis
(A) Number of clonal and subclonal copy number changes on chromosomes 7, 9, and 10.

(B) Number of clonal and subclonal mutations (SNVs and indels) in driver genes that were clonal in at least one tumor. Red bars represent the numbers of tumors

harboring at least one of the listed driver mutations clonally. In a few cases, mutations could not unambiguously be placed on the phylogenetic trees as clonal or

subclonal; these were counted as clonal when the probability of placing them in the tumor stem was >10%.

(C) Canonical (red) and non-canonical (gray) mutations in the TERT promoter region.

All data are from the discovery set subjected to deep WGS.

See also Figure S5.
are characteristic for recurrent tumors may indicate that little

directed selective pressure is exerted by chemotherapy and/or

radiotherapy.

Large Selective Advantage of TERT Promoter Mutations
We reasoned that combining data on the number of somatic

mutations accumulated during tumor evolution with estimates

of the characteristic tumor size upon primary resection and the

somaticmutation rate will yield insight into the evolution of IDHWT

glioblastoma. Tumor growth results from the balance of cell

proliferation and death rates, whereas the bulk of mutations is

assumed to occur during cell proliferation (Figure 5A). A human

brain tumor of 20 cm3 or larger (Goldberg-Zimring et al., 2005)

corresponds to at least 109–1010 cells (Del Monte, 2009; DeVita

et al., 1975; Milo et al., 2010). The number of somatic mutations

in a primary tumor cell (M) is the sum of mutations that were

already present when the first oncogenic event occurred in the

founder cell (M1) and the mutations that occurred subsequently

during tumor evolution (M2). Hence, to obtain the mutation num-

ber of interest, M2, we subtract M1 fromM. We get conservative

estimates of M and M1 from the whole-genome sequencing

(WGS) data as follows: M1 is taken as the number of mutations

in the tumor stem (clonal mutations, MC) while M is taken as

the average number of mutations in all subclones of the primary

tumor; hence, the clonal and subclonal mutation counts provide

a measure of evolutionary time (Figure 5B). Excluding hyper-

mutated cases, we find a median of M2 = 2,300 mutations

accumulated during the evolution of the primary tumor (Fig-

ure S5I). Subclonal mutations became fixed through cell divi-

sions, and we assume a constant rate of mutation accumulation

per division. The average somatic mutation rate was taken as

2.6 3 10�9 per base pair and division (Milholland et al., 2017),

which corresponds primarily to the clock-like mutation signature
in our data (Figure 1F; signature 1). We observed a drop of the

signature 1 contribution by 77% between clonal mutations

(tumor stem) and late mutations (at the tips of the phylogenetic

trees; Figure S5J), which implies an increase in mutation rate

during tumor evolution provided that the clock-like rate is con-

stant. Therefore, we accounted for the possibility of a 4-fold

increase of the somatic mutation rate during tumor evolution.

To accumulate 2,300 mutations with this range of mutation rates

(2.63 10�9 to 10.63 10�9mutations per base pair and division),

66–268 cell divisions are required. To then reach a realistic tumor

size of 109–1010 cells, most daughter cells (69%–92%) must

have died eventually (Figures 5C, S5K, and S5L). Hence, the

combined balance of cell numbers and somatic mutations

implies that massive cell death occurs during glioblastoma

evolution and, on average, only 8%–31% of cell divisions lead

to tumor growth (Figures S5K and S5L).

The estimated high fraction of cell death is an average over the

entire time course of evolution up to the resected primary tumor.

OurWGSdata show that a core set of pro-proliferative drivermu-

tations (CNVs affecting CDKN2A/B, PTEN, or EGFR) occurred

early during tumor evolution. TERT promoter mutations were

also found in all but one primary tumor, but their frequent

subclonality indicates that they may occur subsequent to tumor

initiation. These mutations have been described as a key

event that extends cellular lifespan by healing short telomeres

(Chiba et al., 2017). We modeled this scenario by assuming

an initial growth regime with massive cell death before the

TERT promoter mutation and, thereafter, a second regime

with reduced cell death (Figure 5D). This model reproduced

the observed distribution of tumors with clonal and subclonal ca-

nonical TERT promoter mutations (chr5:1295228/chr5:1295250)

provided that these mutations reduced the cell death rate

by 6%–26% (Figures 5E, S5M, and S5N), corresponding to a
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Figure 5. Evolutionary Dynamics during Glioblastoma Growth

(A) Model of tumor growth. Cells divide at rate l, die at rate d, and accumulate mutations at rate lm. Clinically detectable tumors have cell counts in the order of 109

to 1010, each of which on average accumulated 2,300 mutations between tumor initiation and clinical detection (median of 17 non-hypermutated tumors).

(B) Schematic of the mutation counts used for rate estimation. Tumors are initiated by a somatic cell with M1 prior (neutral) mutations. Extant subclonal diver-

sification occurs afterMCmutations (i.e., at themost recent common ancestor of the tumor). Individual cells accumulate additional mutations during tumor growth

(resulting in a total of M mutations per cell at clinical presentation).

(C) The numbers of cell divisions andmutations scale logarithmically with the number of tumor cells. The slope of the growth curve is determined by the rate of cell

death. Hence knowledge of tumor cell number and number of cell divisions allows to infer the rate of cell death.

(D) Model for the acquisition of canonical TERT promoter mutations during glioblastoma evolution. A transformed cell divides due to initial pro-proliferative

mutations (including the common CNVs in the tumor stem). After capturing an additional TERT promoter mutation with probability m dt, the cellular death rate is

reduced to dTERT.

(E) Inferred and modeled cumulative distribution of the tumor fraction with canonical TERT promoter mutation (estimated from its most likely position in the

phylogenetic trees of the 19 cases with canonical TERT promoter mutation).

(F) Model of glioblastoma growth (individual subclones are labeled by different shades of yellow to red for clearer distinction; MRCA, most recent common

ancestor).

See also Figure S5.
selective advantage of 0.03–0.16. While this is an upper estimate

because further mutations may have contributed to reducing

cell death, the frequency of TERT promoter mutations is not
                                    
matched by any other subclonal mutation, thus suggesting that

other mutations are unlikely to have been major contributors.

Notably, the selective advantage of TERT promoter mutations



is larger than the average number for driver mutations (0.004;

Bozic et al., 2016).

Finally,weestimated the timedurationbetween theemergence

of the founder cell and tumor diagnosis. To this end, we deter-

mined the average division rate of the tumor cells by dividing

the number of mutations occurring after primary resection by

the mutation rate and the time between primary and secondary

resection. This yielded a lower bound of tumor cell division rate

of approximately once in 10 days. With the number of cell divi-

sions given above that establish the primary tumor, we find that

the founder cell emerges approximately 2–7 years prior to diag-

nosis (Figure 5F). This range indicates that IDHWT glioblastomas

may undergo several years of evolution before being detected.

DISCUSSION

The fast and incurable tumor recurrence in IDHWT glioblastomas

underlines the need for more effective treatment approaches.

Reconstructing the evolutionary histories of matched pairs of

primary and recurrent IDHWT glioblastomas, we found that the

vast majority of recurrent tumors regrew from multiple genetic

subclones in the primary tumors, thus reflecting the existing

heterogeneity at the time of resection. Our data contrast with

the description by Kim et al. (2015) of divergent glioblastoma

recurrences that share few genetic alterations with the primary

tumor and originate from cells that branched off early during

tumorigenesis. This was associated with regrowth of the tumor

in a location distant from the original lesion. In our study, 90%

of the tumors regrew in the same location as the primary tumor.

Therefore, the common pattern of clonal evolution identified here

may be characteristic of locally regrowing glioblastomas.

Our findings imply that standard therapy exerted little selective

pressure onmost recurrent tumors. Consistent with this idea, the

vast majority of driver mutations were acquired prior to initial

diagnosis and only few drivers were acquired after initial treat-

ment, which contrasts with progressive evolution observed in

low-grade glioma (Johnson et al., 2014) and indicates that IDHWT

glioblastomas attained their full aggressiveness already before

initial diagnosis. Indeed, we uncovered a common path of early

tumorigenesis among our cohort: all tumors harbored at least

one clonal copy number change in EGFR (gain of chromosome

7), CDKN2A/B (loss of chromosome 9p or focal deletion), or

PTEN (loss of chromosome 10/10q, with one tumor having a

PTEN mutation instead of a loss), which is consistent with the

overall abundance of these events in the respective TCGA cohort

(Brennan et al., 2013; Grossman et al., 2016) and further studies

(Sottoriva et al., 2013; Gerstung et al., 2017; Ozawa et al., 2014;

Brastianos et al., 2017). The observation that clonal 9p loss/focal

deletion ofCDKN2A/B always occurred in conjunction with chro-

mosome 7 gain or 10/10q loss indicates that the former does not

take place before the latter.

While it has been suggested that TERT promoter mutations

are very early events in IDHWT glioblastomas (Barthel et al.,

2018), we found them to be subclonal in one-third of our cohort.

This subclonal resolution places TERT promoter mutations at a

subsequent stage of tumorigenesis (see also Juratli et al.,

2017; Landa et al., 2016). However, as TERT promoter mutations

occur in all tumors (except for one primary sample), they appear

to be associated with a selective advantage. During treatment,
two out of seven tumors with a subclonal VAF of the TERT pro-

moter mutation progressed to clonality, but there was no overall

increase in the respective VAFs that remained subclonal. Recent

studies linking TERT promoter mutation to better response to

alkylating chemotherapy in IDHWT glioblastomas with MGMT

promoter methylation (Arita et al., 2016; Nguyen et al., 2017)

raise the question of how chemotherapy may modulate the

abundance of subclones depending on their mutation spectrum.

Combining data on genetic evolution and tumor growth, we

inferred that IDHWT glioblastomas originated several years prior

to diagnosis, which contrasts with reports of patients who had

mild or no abnormalities inMRI scans but progressed to glioblas-

toma or high-grade glioma within several months (e.g., Nishi

et al., 2009; Landy et al., 2000). However, our time estimate relies

on the count of somatic mutations and hence starts from the

undetectable cell of origin. Comparing the number of cell divi-

sions needed to accumulate the observed mutation counts

with tumor size indicates a high rate of tumor cell death, so

that only a minor fraction of cell divisions supports tumor growth.

Therefore, it is plausible that the tumor remains of undetectable

or barely detectable size for several years. To grow above the

detection limit of current imaging techniques (about a millimeter

in diameter), the tumor may need to acquire further mutations

that stabilize cell survival. Activating TERT promoter mutations

are a paradigmatic example of such mutations (Chiba et al.,

2017), and our finding of subclonality of TERT promoter muta-

tions in a sizable fraction of tumors is consistent with the acqui-

sition of this mutation in the process of tumor evolution.
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Gröbner, S.N., Worst, B.C., Weischenfeldt, J., Buchhalter, I., Kleinheinz, K.,

Rudneva, V.A., Johann, P.D., Balasubramanian, G.P., Segura-Wang, M.,

Brabetz, S., et al. (2018). The landscape of genomic alterations across child-

hood cancers. Nature 555, 321–327.

Grossman, R.L., Heath, A.P., Ferretti, V., Varmus, H.E., Lowy, D.R., Kibbe,

W.A., and Staudt, L.M. (2016). Toward a shared vision for cancer genomic

data. N. Engl. J. Med. 375, 1109–1112.

Hegi, M.E., Diserens, A.C., Gorlia, T., Hamou, M.F., de Tribolet, N., Weller, M.,

Kros, J.M., Hainfellner, J.A., Mason, W., Mariani, L., et al. (2005). MGMT gene

silencing and benefit from temozolomide in glioblastoma. N. Engl. J. Med. 352,

997–1003.

Herculaono-Houzel, S., Mota, B., and Lent, R. (2006). Cellular scaling rules for

rodent brains. Proc. Natl. Acad. Sci. U S A 103, 12138–12143.

Hu, L.S., Ning, S., Eschbacher, J.M., Baxter, L.C., Gaw, N., Ranjbar, S.,

Plasencia, J., Dueck, A.C., Peng, S., Smith, K.A., et al. (2017). Radiogenomics

to characterize regional genetic heterogeneity in glioblastoma. Neuro Oncol.

19, 128–137.

Huebschmann, D., Gu, Z., and Schlesner, M. (2015). YAPSA: yet another pack-

age for signature analysis, Available from: https://bioconductor.org/packages/

devel/bioc/html/YAPSA.html

Jaffe, A.E. (2018). FlowSorted.Blood.450k: Illumina HumanMethylation data

on sorted blood cell populations, Available from: https://www.bioconductor.

org/packages/release/data/experiment/html/FlowSorted.Blood.450k.html

Jaffe, A.E., and Kaminsky, Z.A. (2018). FlowSorted.DLPFC.450k: Illumina

HumanMethylation data on sorted frontal cortex cell populations,

Available from: https://bioconductor.org/packages/release/data/experiment/

html/FlowSorted.DLPFC.450k.html

Jin, N., Yang, L.Y., and Xu, Z.P. (2017). Long non-coding RNA HOTTIP is able

to predict poor prognosis in various neoplasms: a meta-analysis. Mol. Clin.

Oncol. 7, 263–266.

Johnson, B.E., Mazor, T., Hong, C., Barnes, M., Aihara, K., McLean, C.Y.,

Fouse, S.D., Yamamoto, S., Ueda, H., Tatsuno, K., et al. (2014). Mutational

analysis reveals the origin and therapy-driven evolution of recurrent glioma.

Science 343, 189–193.

Juratli, T.A., Thiede, C., Koerner, M.V.A., Tummala, S.S., Daubner, D.,

Shankar, G.M., Williams, E.A., Martinez-Lage, M., Soucek, S., Robel, K.,

et al. (2017). Intratumoral heterogeneity and TERT promoter mutations in pro-

gressive/higher-grade meningiomas. Oncotarget 8, 109228–109237.

Khan, A., and Zhang, X. (2016). dbSUPER: a database of super-enhancers in

mouse and human genome. Nucleic Acids Res. 44, D164–D171.

Kim, H., Zheng, S., Amini, S.S., Virk, S.M., Mikkelsen, T., Brat, D.J., Grimsby,

J., Sougnez, C., Muller, F., Hu, J., et al. (2015). Whole-genome andmultisector
exome sequencing of primary and post-treatment glioblastoma reveals pat-

terns of tumor evolution. Genome Res. 3, 316–327.

Kimura, M. (1969). The number of heterozygous nucleotide sites maintained in

a finite population due to steady flux of mutations. Genetics 61, 893–903.

Kleinheinz, K., Bludau, I., H€ubschmann, D., Heinold, M., Kensche, P., Gu, Z.,
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STAR METHODS
KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Mouse monoclonal anti-ATRX (clone AX1) Dianova Cat#DIA-AX1

Critical Commercial Assays

JETQUICK Tissue DNA Spin Kit Genomed Cat#440250

Pure Link Genomic DNA Mini Kit Invitrogen Cat#K-182001

RNeasy Mini Kit Qiagen Cat#74104

GeneRead DNA FFPE Kit Qiagen Cat#180134

TruSeq DNA Nano Illumina Cat# 20015965

HiSeq X Ten Reagent Kit v2.5 Illumina Cat# FC-501-2501

TruSeq Stranded Total RNA LT Sample Prep Kit Illumina RS–122-2201

Ion AmpliSeq� Library 2.0 Kit Life Technologies Cat#4480441

PI� Template OT2 200 Kit v3 Life Technologies Cat#4488318

Ion PI� 200 Sequencing 200 Kit v3 Life Technologies Cat#4488315

Deposited Data

Panel sequenced DNA This paper European Genome-phenome Archive (EGA):

EGAD00001004565, EGAS00001003184

WGS data This paper European Genome-phenome Archive (EGA):

EGAD00001004563, EGAS00001003184

RNA sequencing data This paper European Genome-phenome Archive (EGA):

EGAD00001004564, EGAS00001003184

450k/EPIC methylation data This paper European Genome-phenome Archive (EGA):

EGAD00010001642, EGAD00010001643,

EGAS00001003184

FlowSorted.DLPFC.450k Jaffe and Kaminsky, 2018 https://bioconductor.org/packages/release/data/

experiment/html/FlowSorted.DLPFC.450k.html

FlowSorted.Blood.450k Jaffe, 2018 http://bioconductor.org/packages/release/data/

experiment/html/FlowSorted.Blood.450k.html

Genomic coordinates of coding regions Mularoni et al., 2016 https://bitbucket.org/bbglab/oncodrivefml/

downloads/

Genomic coordinates of putatively functional

non-coding regions

Lesurf et al., 2016 http://www.oreganno.org/dump/ORegAnno_

Combined_2016.01.19.tsv

Software and Algorithms

Torrent SuiteTM software 4.4 Life Technologies https://www.thermofisher.com/

Integrative Genomics Viewer Robinson et al., 2011 and

Thorvaldsdóttir et al., 2013

https://software.broadinstitute.org/software/igv/

NextGENe� v.2.3.4 SoftGenetics https://softgenetics.com/NextGENe.php

bwa mem version 0.7.8 Li and Durbin, 2009 https://sourceforge.net/projects/bio-bwa/files/

biobambam version 0.0.148 Tischler and Leonard, 2014 https://github.com/gt1/biobambam/releases

DKFZ core variant calling workflows German Cancer Research Center https://dockstore.org/containers/quay.io/

pancancer/pcawg-dkfz-workflow

samtools Li et al., 2009 https://sourceforge.net/projects/samtools/files/

samtools/

Bcftools version 0.1.19 Li et al., 2009 https://samtools.github.io/bcftools/

Platypus Rimmer et al., 2014 https://github.com/andyrimmer/Platypus

ANNOVAR Wang et al., 2010 annovar.openbioinformatics.org/en/la.

SOPHIA v.34.0 In-house https://bitbucket.org/utoprak/sophia

ACEseq Kleinheinz et al., 2017 https://aceseq.readthedocs.io/en/latest/

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

STAR v2.3.0e Dobin et al., 2013 https://github.com/alexdobin/STAR

htseq-count v0.6.0 Anders et al., 2015 https://htseq.readthedocs.io/en/master/count.html

Classification using methylation profiling Capper et al., 2018 https://www.molecularneuropathology.org/mnp

R package YAPSA Huebschmann et al., 2015 http://bioconductor.org/packages/release/bioc/

html/YAPSA.html

R package MCP-counter Becht et al., 2016 https://github.com/ebecht/MCPcounter

R package minfi Aryee et al., 2014 https://bioconductor.org/packages/release/bioc/

html/minfi.html

R package DESeq2 Love et al., 2014 https://bioconductor.org/packages/release/bioc/

html/DESeq2.html

OncodriveFML Mularoni et al., 2016 https://oncodrivefml.readthedocs.io/en/latest/

workflow.html

R scripts for phylogenetic inference and

modeling of clonal dynamics

This paper Data S1; https://github.com/hoefer-lab/phy_clo_dy

Other

Gene panel 1 Zacher et al., 2017 https://onlinelibrary.wiley.com/doi/epdf/10.1111/

bpa.12367

Gene panel 2 This paper STAR Methods, ‘Gene panel and next generation

sequencing’

Ion AmpliSeq� DNA and RNA Library

Preparation

Life Technologies MAN0006735 Rev 5.0
CONTACT FOR REAGENT AND RESOURCE SHARING

Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact, Peter

Lichter (peter.lichter@dkfz.de).

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Patients and Tissue Samples
We collected matched tissue samples from the initial surgery before treatment and a second surgery for recurrent tumor growth from

50 patients with IDHWT glioblastoma, World Health Organization (WHO) grade IV. The patients were identified in the central database

of the German Glioma Network (GGN) or the database of the Central Nervous System (CNS) tumor tissue bank at the Department of

Neuropathology, Heinrich Heine University, D€usseldorf, Germany. The GGN is a prospective, non-interventional cohort study

involving eight clinical centers at University Hospitals in Germany (www.gliomnetzwerk.de), and was supported by the German

Cancer Aid from 2004 to 2012. Patients provided their written informed consent for participating in theGGN and the use of their tissue

samples and clinical data for research purposes according to the research proposals approved by the Institutional Review Boards of

the participating institutions. The present study was approved by the institutional review board of theMedical Faculty, Heinrich Heine

University, D€usseldorf, Germany (study number 4940). Histology of all tumors was centrally reviewed and confirmed to correspond to

glioblastoma, IDHWT, World Health Organization (WHO) grade IV according to the WHO classification of central nervous system

tumors 2016 (Louis et al., 2016). All tissue specimens used in the present study for extraction of nucleic acids andmolecular analyses

were histologically evaluated to assure that they consisted of vital tumor tissue. Tissue samples corresponding mostly to necrosis or

reactive changes were excluded. Relevant clinical data retrieved for each patient included information on age at diagnosis, gender,

tumor location, extent of resection, postoperative therapy, interval between primary and secondary surgery, and overall survival.

Table S1 shows a summary of the respective patient data.

METHOD DETAILS

Immunohistochemical Stainings
Immunohistochemical stainings for ATRX (alpha-thalassemia/mental retardation syndrome, X-linked) protein expression were

performed on representative formalin-fixed and paraffin-embedded tissue sections from selected cases of primary and recurrent

tumors using an automated immunostainer (Dako, Kopenhagen, Denmark) and the UltraVisionTM Quanto horseradish peroxidase

detection system with 3,3’-diaminobenzidine tetrahydrochloride as chromogen (Thermo Fisher Scientific, Freemont, CA). Sections

were pretreated by heating them in retrieval solution (Dako) at pH 9.0 for 20 min. As primary anti-ATRX antibody, we used the mouse
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monoclonal IgG1 clone AX1 diluted 1:200 as recommended by the manufacturer (Dianova, Hamburg, Germany). All immunohisto-

chemical sections were counterstained with hematoxylin.

Extraction of DNA and RNA
DNA was extracted from deep-frozen tumor tissue samples from 35 patients, including all patients whose tissue samples were

subjected to WGS with the JETQUICK Tissue DNA Spin Kit (Genomed, Loehne, Germany). Extraction of constitutional (leukocyte)

DNA from frozen peripheral blood samples was performed with the Pure Link Genomic DNA Mini Kit (Invitrogen, Carlsbad,

CA). The RNeasy Mini Kit (Qiagen, Hilden, Germany) was used for extraction of total RNA from deep-frozen tissue samples. The

GeneRead DNA FFPE Kit (Qiagen) was used for DNA extraction from formalin-fixed and paraffin-embedded (FFPE) samples of

15 patients whose tumor samples were subjected to panel sequencing. All nucleic acid extractions were carried out according to

the respective kit manufacturer’s protocol. Quality of extracted DNA was assured by spectrophotometric analysis and agarose

gel electrophoresis. RNA quality was determined on an Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA). Only

samples showing a RNA integrity number (RIN) of 6.5 or more were used for RNA sequencing.

DNA and RNA Library Preparation
DNA libraries were prepared according to the Illumina TruSeq Nano DNA Library protocol using the TruSeq DNA Nano kit (Illumina,

Hayward, CA) and sequenced on HiSeq X using the HiSeq X Ten Reagent Kit v2.5 (both Illumina, Hayward, CA). Total, strand-specific

RNA libraries were prepared according to the Illumina TruSeq Stranded Total RNA Sample Preparation Guide (Illumina, Hayward,

CA), with Ribo Zero Gold (Epicentre, Madison, WI) depletion of rRNA.

Gene Panel Next Generation Sequencing
In total, we analyzed pairs of primary and recurrent IDHWT glioblastomas from 43 patients (including 14 of the 21 patients whose

tumors were analyzed by whole genome sequencing) using next generation sequencing of a gene panel covering 50 selected genes.

Libraries for gene panel sequencing were prepared using the Ion AmpliSeq� Library 2.0 Kit (Life Technologies, Carlsbad, CA, USA)

and two customized AmpliSeqTM gene panels. Gene panel 1 has been published elsewhere (Zacher et al., 2017) and covers the com-

plete coding sequences (cds) or selected genomic regions including mutation hot spots (region) of the following 20 genes: NRAS

(cds), FUBP1 (cds), CDKN2C (cds), H3F3A (region), IDH1 (region), PIK3CA (cds), TERT (region), PIK3R1 (cds), EGFR (cds), BRAF

(region), CDKN2A (cds), CDKN2B (cds), PTEN (cds), RB1 (cds), IDH2 (region), TP53 (cds), NF1 (cds), CIC (cds), NF2 (cds) and

ATRX (cds). Gene panel 2 covers complete cds or regions including mutation hot spots of the following 30 genes: MDM4 (region),

PIK3C2B (cds), ACVR1 (region), MSH6 (cds), MSH2 (cds), RAB7A (region), MLH1 (cds), PDGFRA (cds), MYB (region), CCND3

(region), DAXX (cds), HIST1H3B (cds), CDK6 (region), MET (region), PMS2 (cds), MYBL1 (region), FGFR1 (region), NTRK2 (cds),

TSC1 (cds),MTAP (cds), CCND1 (region), CDK4 (region), PTPN11 (cds),MDM2 (region), CCND2 (region), KRAS (cds), IRS2 (region),

GABRG3 (region), TSC2 (cds) and PPM1D (cds). Library preparation for gene panel sequencing was carried out according to the

manufacturer’s protocol (Zacher et al., 2017) (MAN 006735 Rev 5.0, Life Technologies). A total of four primer pools were PCR ampli-

fied using 10 ng of genomic DNA per primer pool as template. Emulsion PCR and enrichment was carried out on the Ion OneTouch�
2 System using the Ion PI� Template OT2 200 Kit v3 (MAN0009133 Rev A, Life Technologies). The Ion ProtonTM System (Life Tech-

nologies) was used for sequencing using the Ion PI�v2 chips and the Ion PI� 200 Sequencing 200 Kit v3 (MAN0009136 Rev.A, Life

Technologies). Overall, at least 1 million reads were generated per library. Data analysis was performed with the Torrent SuiteTM soft-

ware 4.4 employing the implemented TMAP algorithm (Life Technologies). Variants were detected using the VariantCaller Plugin v4.4

and the predefined parameter set ‘somatic high stringency’ (Life Technologies, for detailed annotation information see Zacher et al.,

2017). The Integrative Genomics Viewer (IGV) software was used to visualize the read alignment and check for possible errors. Copy

number variations were identified with the NextGENe� v.2.3.4 software (SoftGenetics, State College, PA).

Alignment of Whole Genome Sequencing Reads
Read pairs were mapped to the human reference genome (build 37, version hs37d5) using bwa mem (Li and Durbin, 2009) (version

0.7.8, with minimum base quality threshold zero [-T 0] and remaining settings left at default values), followed by coordinate-sorting

with bamsort (with compression option set to fast (1)) and marking duplicate read pairs with bammarkduplicates (with compression

option set to (9)); both are part of biobambam (Tischler and Leonard, 2014) package version 0.0.148.

Detection of SNVs and Indels
Somatic SNVs and indels in matched tumor normal pairs were identified using the DKFZ core variant calling workflows of the ICGC

PCAWG project (https://dockstore.org/containers/quay.io/pancancer/pcawg-dkfz-workflow). Briefly, in the DKFZ SNV pipeline

candidate SNV calls were generated by samtools (Li et al., 2009) and bcftools (version 0.1.19), and potential variants called in the

tumor were followed by a lookup of the corresponding positions in the control. To enable calling of variants with low allele frequency

we disabled the Bayesian model (by setting -p 2). Thus, all positions containing at least one high quality non-reference base are

reported as candidate variant. The resulting raw calls were categorized into putative somatic variants and others (artifacts, germline)

based on the presence of variant reads in thematched normal sample. The frequency of all putative somatic variants was then refined

by checking for potential redundant information due to overlapping reads, and precise base counts for each strand were determined.

All variants were annotated with dbSNP141, 1000 Genomes (phase 1), Gencode Mapability track, UCSC High Seq Depth track,
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UCSC Simple-Tandemrepeats, UCSC Repeat-Masker, DUKE-Excluded, DAC-Blacklist, UCSC Selfchain. The confidence for each

variant was then determined by a heuristic scoring scheme taking the aforementioned tracks into account. In addition, variants with

strong read biases which fell into a bias-prone context according to the strand bias filter were removed. High confidence variants

(confidence score 8-10) were reported. For indel calling, Platypus (Rimmer et al., 2014) version 0.7.4 was used. All candidate indel

variants were categorized into putative somatic and other based on the genotype likelihoods (matched genotype 0/0 for somatic

indels). High confidence somatic variants were required to either have the Platypus filter flag PASS or pass custom filters allowing

for low variant frequency using a scoring scheme. Candidates with the badReads flag, alleleBias, or strandBias were discarded if

the variant allele frequency was <10%. Additionally, combinations of Platypus non-PASS filter flags, bad quality values, low genotype

quality, very low variant counts in the tumor, and presence of variant reads in the control were not tolerated. SNVs and indels were

annotated using ANNOVAR (Wang et al., 2010) according to GENCODE gene annotation (version 19) and overlapped with variants

from dbSNP (Sherry et al., 2001) (build 141) and the 1000 Genomes Project database.

Detection of Structural Variants (SVs)
Genomic structural rearrangements were detected using SOPHIA v.34. Briefly, SOPHIA uses supplementary alignments as pro-

duced by bwamem as indicators of a possible underlying SV. SV candidates are filtered by comparing them to a background control

set of sequencing data (obtained using normal blood samples from a background population database of 3261 patients from

published TCGA and ICGC studies and both published and unpublished DKFZ studies, sequenced using Illumina HiSeq 2000,

2500 (100 bp) and HiSeq X (151 bp) platforms and aligned uniformly using the same workflow as in this study). An SV candidate

is discarded if (i) it has more than 85% of read support from low quality reads; (ii) the second breakpoint of the SV was unmappable

in the sample and the first breakpoint was detected in 10 or more background control samples; (iii) an SV with two identified

breakpoints had one breakpoint present in at least 98 control samples (3% of the control samples); or (iv) both breakpoints have

less than 5% read support. SVs were annotated as somatic if the respective event had no support in the matched normal sample.

Detection of Copy Number Aberrations
Allele-specific copy-number aberrations were detected using ACEseq (allele-specific copy-number estimation from whole genome

sequencing) (Kleinheinz et al., 2017). ACEseq determines absolute allele-specific copy numbers as well as tumor ploidy and tumor

cell content based on coverage ratios of tumor and control as well as the B-allele frequency (BAF) of heterozygous single nucleotide

polymorphisms (SNPs). SVs called by SOPHIA were incorporated to improve genome segmentation. The estimated tumor cell

content was compared to the doubledmedian of the somatic SNVmutation allele frequency distribution and adjusted if the estimates

deviated by more than 10% from each other. Genomic segments were annotated as losses if their total copy number (TCN) was

smaller than the sample’s ploidy by at least 0.3. Segments with an estimated TCN < 0.5 were annotated as homozygous deletions.

Analogous to losses, gains were identified as segments with ploidy – TCN < -0.3. High level amplifications were classified as seg-

ments with TCN > 2.5 x ploidy. Loss of heterozygosity was defined as segments with the copy number of the minor allele < 0.3.

Alignment and Counting of RNA Sequencing Reads
Sequencing reads were aligned to the human genome (hg19 build) with the Gencode reference transcriptome (v19) using STAR

(v2.3.0e) (Dobin et al., 2013). Read counts for each gene were determined as the total number of reads mapping to exons using

htseq-count (0.6.0) (Anders et al., 2015) and the GENCODE transcript model (v19).

450k/EPIC Methylation Arrays
DNA methylation profiling was performed by using 450k or EPIC methylation bead arrays (Illumina, Hayward, CA) according to

standard protocols. Data were processed and analysed as reported elsewhere (Capper et al., 2018).

Signature Analysis
Supervised mutational signature analysis was performed with the R package YAPSA (Huebschmann et al., 2015). Using the function

LCD_complex_cutoff(), we computed a non-negative least squares (NNLS) decomposition of themutational cataloguewith 30 known

signatures from COSMIC (http://cancer.sanger.ac.uk/cosmic/signatures)). In order to increase specificity, LCD_complex_cutoff()

applies the NNLS algorithm twice. A first NNLS is run proposing all supplied signatures to the decomposition, then a second

NNLS is run again with a reduced set of signatures consisting only of those signatures whose exposures were higher than a certain

signature-specific cutoff. The signature-specific cutoffs were determined in a random operator characteristic (ROC) analysis using

publicly available data onmutational catalogues of 7,042 cancer samples (507 fromwhole genome sequencing and 6,535 fromwhole

exome sequencing; Alexandrov et al., 2013) and mutational signatures (http://cancer.sanger.ac.uk/cosmic/signatures, downloaded

on January 15th, 2016). The following cut-offs were employed - AC1: 0; AC2: 0.03193533; AC3 0.1082812; AC4: 0.03266562; AC5: 0;

AC6: 0.003351944; AC7: 0.0280924; AC8: 0.1814745; AC9: 0.09121354; AC10: 0.01686839; AC11: 0.07757047; AC12: 0.1937234;

AC13: 0.01665886; AC14: 0.03158583; AC15: 0.03138468; AC16: 0.3521707; AC17: 0.004232865; AC18: 0.236441; AC19:

0.04058829; AC20: 0.04701714; AC21: 0.04009243; AC22: 0.03756267; AC23: 0.04005552; AC24: 0.03503163; AC25:

0.01658311; AC26: 0.0261603; AC27: 0.02200583; AC28: 0.03145322; AC29: 0.07188295; AC30: 0.03147694. This analysis was

performed separately for hypermutated and non-hypermutated tumors. To identify signature enrichment and depletion patterns

between shared and private, as well as between clonal and subclonal SNVs, a stratified signature analysis was performed using
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the function run_SMC() from YAPSA as described in Giessler et al. (2017). Briefly, the stratified analysis was performed as amultistep

procedure: (1) a supervised analysis of mutational signatures was run without any stratification; (2) for every SNV in a sample, the

stratum it belonged to was annotated; (3) for every stratum, a stratum-specific mutational catalog was built; and (4) a supervised

NNLS (using lsei) with the constraint that the sum of exposures per stratum equals the exposures computed by the unstratified anal-

ysis was performed. Thereafter, enrichment and depletion patterns for all mutational signatures detected in step 1 were computed

(KruskalWallis tests followed by pairwise posthoc Nemenyi tests corrected formultiple testing according to Benjamini and Hochberg

(BH)) from the exposures in all strata with the help of the function stat_test_SMC().

Estimation of Cell Type Composition
The enrichment of different cell types in tumor samples was evaluated from gene expression and DNA methylation data. Gene

expression data were analyzed using the R package MCP-counter (Becht et al., 2016) on normalized read counts (logarithmic

reads per kilobase per million). MCP-counter quantifies the abundance of eight immune cell populations, endothelial cells and

fibroblasts from transcriptomic markers unique to either of the cell types. For each cell type a score is computed using the log2

geometric mean of the corresponding markers. Signatures of neural and blood cells in DNA methylation data were deconvolved

using the function estimateCellCounts() implemented in the R packages minfi (Aryee et al., 2014). The function uses regression

calibration to estimate the proportions of NeuN+ and NeuN- cells (FlowSorted.DLPFC.450k; Jaffe and Kaminsky, 2018) and of

different blood cells (FlowSorted.Blood.450k; Jaffe, 2018) from 450k/EPIC methylation data.

Driver Gene Selection
Putative driver mutations in glioblastoma were called based on the public database Intogen (Rubio-Perez et al., 2015; Gonzalez-

Perez et al., 2013) and from recurrence. Among coding genes we searched for overrepresentation launching OncodriveFML (Mular-

oni et al., 2016) (with the coding regions file taken from https://bitbucket.org/bbglab/oncodrivefml/downloads/) and accepted genes

at q-values % 0.1 (Benjamini-Hochberg-corrected). We included non-coding genes if they were mutated in more than five patients.

We in addition included TERT promoter mutations as likely drivers (Barthel et al., 2018), considering the region up to 2,500 base pairs

upstream of the transcription start site.

Subclonality Test
To determine subclonality in Figure 3Awemodeledmutation counts as a sampling result from a binomial distribution. If sampling from

a diploid locus, the sampling probability of a clonal mutation is 0.5xCCF, whereCCF denotes the cancer cell fraction. We determined

CCF during phylogenetic inference as described in detail below. Loci of different copy number states shift the sampling probability

non-trivially. We excluded these loci, requiring a (normalized) coverage ratio between 0.9 and 1.1, and in addition excludedmutations

on male sex chromosomes. Subclonality was then assumed if the measured mutation counts fell below the 95%-quantile of a

binomial distribution with sampling probability 0.5xCCF, i.e.

P
�
X%rmut

�
=
Xrmut

k= 0

�
rref + rmut

rmut

�
ð0:53CCFÞrmut

3 ð1� 0:53CCFÞrref<0:05: (Equation 1)

where rref and rmut denote the measured reference and mutated reads of a SNV or small insertion/deletion. In case of loss of

heterozygosity, Equation (1) is modified to

P
�
X%rmut

�
=
Xrmut

k= 0

�
rref + rmut

rmut

�
ðCCFÞrmut

3 ð1� CCFÞrref<0:05: (Equation 2)

We then used the classified mutations to estimate the number of subclonal mutations that appear clonal in a tumor sample due to

incomplete tissue sampling. The fraction of these false positive clonal mutations can be assessed from mutations which were clonal

in the primary and subclonal in the relapse sample. In fact, thesemutationsmust have already been subclonal in the primary tumor as

a transition from clonality to subclonality violates a single tumor origin. The false positive rate of clonal mutations due to incomplete

tumor sampling thus reads

Pðsubclonal in tumorjclonal in tumor sampleÞ= ncPsR

ncPsR + ncPcR

; (Equation 3)

where ncPsR is the number of mutations which were clonal in the primary and subclonal in the relapse sample and ncPcR is the number

of mutations which were clonal in both samples.

Phylogenetic Inference
General Considerations

Our phylogenetic analysis aims at inferring genetic subclones in pairs of primary and relapse tumors that are characterized by a

combination of oncogenic drivers (encompassing mutations and copy number variations). Thus we will deduce robust features of
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the evolving phylogenetic tree of a tumor, including which driver mutations are in the common stem (i.e., occurred comparatively

early) and which mutations are still subclonal at the times of surgical resection (and hence occurred later). Moreover, we will infer

the common origins of subclones in the primary and relapse tumors, showing whether the relapse evolved from a unique subclone

or multiple subclones in the primary tumor. For this analysis, we include all somatic variants specific to the tumor and do not restrict

ourselves to known driver mutations. In particular, the majority of the 12,800 somatic SNVs recovered on average from a tumor are

most likely neutral. However, the VAFs of neutral mutations in a tumor cell that harbors specific oncogenic drivers will grow in a co-

ordinate manner as the subclone emerging from this cell expands, leading to many SNVs with the same VAF. In turn, this feature will

facilitate the detection of the subclone in bulk WGS data.

The subclonal structure of a phylogenetic tree can be considered at different levels of resolution, from major branching down to

single cells. Too fine a resolution is not of interest here because the vast majority of small subclones will be distinguished only by

neutral somatic mutations that contain no information on tumor evolution by acquisition of driver mutations. Also, finely resolved

phylogenetic trees cannot uniquely be reconstructed from bulk WGS data as mutations with small VAFs cannot be mapped uniquely

to a large number of small subclones. These two considerations underscore our aim of reconstructing the occurrence of major drivers

during genetic tumor evolution, which also motivates model selection (see below) favoring parsimonious trees that yield appropriate

fits to the data. Importantly, the phylogenetic inference does not make assumptions on why two or more subclones coexist; coex-

istence could be a snapshot in the process of a newly evolved subclone outcompeting its predecessor(s) or be due to cooperation of

subclones.

Assuming monoclonal origin of the tumor and neglecting the (very small) probability of backward evolution, a tumor can be visu-

alized by a phylogenetic tree whose root corresponds to the founder cell of the tumor and whose tips represent the subclones in the

tumor sample (Figure S3A). In accordance with the infinite sites hypothesis (Kimura, 1969), we assume that all SNVs and small in-

sertions/deletions are singular events in the phylogenetic tree. Copy number changes often span larger regions so that the infinite

sites model might not be adequate here, and a copy number change measured in both tumor samples could also be due to indepen-

dent events. We address this by allowing up to two independent events changing copy number at a single locus, as described below

in detail.

Mathematical Description of the Model

Assuming well-mixed samples, we model read counts in whole genome sequencing as a sampling result from a multinomial distri-

bution, whose different categories represent the genetic subclones in the tumor. At each genomic locus the probability to sample

reads from a distinct subclone scales with its relative size and its copy number state. Let SCi; i = f1;.;Kg denote the i-th subclone

in a heterogeneous tumor with K subclones and m= ðm1;.;mKÞ the proportion of cells in the sample originating from each subclone.

Then, at each locus l, the probability to sample a read from SCi in a Bernoulli trial can be written as

pi;l =mi

pi;lPK
i0 = 1

mi0pi0 ;l

(Equation 4)

where pl = ðp1;l;.;pK;lÞ are integers that denote the copy numbers at locus l in each subclone. Now, let s = (s1,l,., sK,ljsi,l = {0,., pi,l})

be integers that denote the number of mutated alleles at locus l in each subclone. Accordingly, the probabilities to sample a read

supporting the reference genome or a mutation, respectively, are given by

pref
i;l =pi;l

�
1� si;l

pi;l

�
and pmut

i;l =pi;l

si;l
pi;l

: (Equation 5)

In bulk sequencing, the genomes from all subclones are intermingled. Consequently, rL
ref reference reads and rl

mut mutated reads

at locus l originate from the K subclones in the sample, such that

rrefl =
XK
i = 1

rrefi;l and rmut
l =

XK
i = 1

rmut
i;l : (Equation 6)

With this, the likelihood function for a measured number of reference and mutated reads at locus l is given by

Ll

�
pl

��rrefl ; rmut
l

�
=Pl

�
rrefl ; rmut

l

��pl

�
=

�
rrefl + rmut

l

�
!YK

i = 1

rrefi;l !r
mut
i;l !

YK
i = 1

�
pref
i;l

�rref
i;l
�
pmut
i;l

�rmut
i;l

; (Equation 7)

with the corresponding log-likelihood, ll,

ll = logLl =C +
XK
i = 1

h
rrefi;l log

�
pref
i;l

�
+ rmut

i;l log
�
pmut
i;l

�i
; (Equation 8)

where C is a constant that solely depends on the read counts.
                                          



Solution Space and Phylogenetic Tree Design

We assume that tumors evolve from a monoclonal origin and can be visualized by a phylogenetic tree. This restricts the solution

space for subclonal inference as we will see in the following. Invoking the infinite sites hypothesis (Kimura, 1969), we require that

the combinations of subclones carrying a mutation can be explained by a single event in the tree and are present on one of the

two parental alleles only. We thus require

0%si;l%maxðBi;l;pi;l � Bi;lÞ; (Equation 9)

where Bi,l is the number of B-alleles in the i-th subclone at locus l.

If an SNV collocates with a CNV, si,l becomes further restricted by the following criteria:

d if the copy number change precedes the mutation in the phylogenetic tree, the mutation can only be present on one allele

d if the mutation precedes the copy number change, the mutation must either be present on all A-alleles or on all B-alleles

d if the order of mutation and copy number change is unclear, the mutation can be present on any number of A- or B-alleles.

Model Selection

To estimate m, p and s, we first test a priori designed phylogenetic trees (Figure S3A). By treating normal tissue as an additional sub-

clone, this automatically accounts for sample purity. Note that we designed the candidate trees in such a way that, in general, all

subclones present in the primary sample are different from the ones in the relapse sample. However, this also comprises solutions

in which the same subclone is present in both samples if the branches separating the two subclones are collapsed (Figure S3B). Simi-

larly, these trees can also be collapsed into topologies of linear evolution (Figure S3B).

To select the most likely tree among the candidate topologies, we first require a good fit of the tumor stem. This is achieved by

discarding trees in which more than 50% of the clonal (truncal) mutations are ambiguously mapped and, further, by discarding trees

whose average squared error of clonal variant allele frequencies (VAFs) lay outside the 10% quantile of all candidate trees. We then

assess the likelihoods of the remaining trees with a modified Bayesian Information Criterion (BIC) (Chen and Chen, 2008). Briefly, the

modified BIC incorporates increasing model complexity with increasing numbers of parameters:

BICg = � 2 logLn + v log n+ 2g logT ; (Equation 10)

where n is the number of data points, v the number of parameters and t a parameter accounting for increasing model complexity

weighted by Y. In our case the number of data points is the number of readcounts (rl
ref + rl

mut), the number of parameters is the number

of subclones, K, and t is obtained by summing up all possible values of s. We choose Y = 0.9 to stringently incorporate the increasing

model complexity when increasing the number of parameters.

We fit all 96 trees consisting of up to three tumor subclones per sample (Figure S3A) and identified the most likely solutions based

on the reliability of the estimated clonal mutations and the modified BIC, as explained above.

Parameter Estimation

Parameter estimations were performed on 500 mutated loci (including coding mutations and filled up by randomly chosen non-cod-

ing mutations). Subsequently, all mutations were mapped on the inferred tree structure. Upon fitting, copy number variations were

manually inspected to identify large gains/losses and to adjust the solution in the case of inference problems due to high level am-

plifications or homozygous deletions.

We jointly estimated the parameters of matched primary and relapse samples with a maximum likelihood approach based on an

expectation-maximization algorithm for different candidate trees. At a given evolutionary tree, a nested expectation step is followed

by likelihood maximization from which the new input to the expectation step is generated. Both steps were iteratively repeated until

convergence (required as
P ðmi � mi�1Þ2<5310�4 where i is the index of the iteration). In order to identify the global maximum, opti-

mization was repeated 100 times at random starting conditions for each candidate tree. Expectation and maximization steps are

described in detail in the following.

Expectation
We initiated the algorithmwith randomly chosen values for m. In all following iterations, the parameter estimates obtained in themaxi-

mization step were given as input. In each expectation step, the expected counts of mutated and reference reads per subclone were

iteratively calculated at each mutated locus after inferring the copy number state as follows:

Expectation Step: Copy Numbers

We assume that there is at most one dominating copy number change,CNaberr,l, per locus and sample. This change does not have to

be present in all subclones, allowing for tumor heterogeneity. While we allow different copy number changes to dominate the primary

and the relapse sample at a specific locus, we do not allow for multiple copy number changes per locus within a sample.

We determined CNaberr,l from the normalized coverage ratios between tumor and blood along with the measured B-allele

frequencies, BAFl, in the tumor. To this end, we applied the following criteria:

d If no information on the coverage ratio was available, we assumed normal ploidy (2 on autosomes and female sex chromo-

somes, 1 on male sex chromosomes). If no information on the B-allele frequency was available, we assumed a B-allele

frequency of 0.5 on autosomes and female sex chromosomes and of 0 on male sex chromosomes.
                                          



  
d We assumed that loci with coverage ratios in the interval [0.9, 1.1] and a BAF in the interval [0.45, 0.55] (or [0, 0.05] in case of

male sex chromosomes) reflect normal copy number states,CNnorm, such thatCNaberr,l =CNnorm = 2 on autosomes and female

sex chromosomes andCNaberr,l =CNnorm = 1 onmale sex chromosomes. The cutoffs were chosen based on the expected stan-

dard deviation of 8 % in Poisson distributed read counts at a coverage of 150x.

d At all other loci, we inferred the copy numbers and B-allele numbers by minimizing the squared errors between the expected

and observed coverage ratios and B-allele frequencies. To this end, we started with a single copy number, which we iteratively

increased. At each copy number we then tested different subclonal distributions f˛F of the copy number change, where f is a

vector f = (f1, f2,., fK), whose elements are binary indicators of a copy number change in the respective subclone, i.e. fi˛{0,1}.
The different combinations are restricted by the candidate tree and comprise solutions in which the same or two different copy

number changes dominate the primary and the relapse sample, respectively.We computed the expected B-allele frequency for

B-allele counts, Baberr,l, in the interval [0, CNaberr,l]
E½BAFl�=
P
i

½fimiBaberr;l + ð1� fiÞmiBnorm�P
i

½fimiCNaberr;l + ð1� fiÞmiCNnorm� ; (Equation 11)

and chose the B-allele count that minimized the squared error between expected and observed B-allele frequencies. Likewise, we

computed the expected coverage ratio, E[crl], with

E½crl�=
P
i

½fimiCNaberr;l + ð1� fiÞmiCNnorm�
CNnorm

: (Equation 12)

We aborted the algorithm once (E[BAFl] - BAFl,obs)
2 + (E[crl] - crl,obs)

2 < 0.01 (the threshold of 0.01 corresponds to the expected

Poisson noise at sequencing depths of 150x) and determined Bi,l and pi,l for each i˛f1;2;.;Kg to

Bi;l =Baberr;lfi +Bnormð1� fiÞ
pi;l =CNaberr;lfi +CNnormð1� fiÞ (Equation 13)

Note that while here only the most likely intratumoral distribution of a CNVs is selected, we accounted for alternative solutions for

data representation and analysis as discussed below.

Expectation Step: SNVs and Small Indels

Having inferred the copy number state at locus l we determined the expected read counts for each possible combination of sl and pl

(which are predefined by the candidate tree) with

E
h
rrefi;l

i
=p0ref

i;l r
ref
l ; p0ref

i;l =
pref
i;lPK

i0 = 1

pref
i0 ;l

;

E
h
rmut
i;l

i
=p0mut

i;l rmut
l ; p0mut

i;l =
pmut
i;lPK

i0 = 1

pmut
i0 ;l

;

(Equation 14)

where p’i,l
ref and p’i,l

mut are the conditional probabilities of a sampled reference ormutated read originating from SCi provided that m, s

and p are known. We then computed the corresponding likelihood of m, s and p as

Ll

�
pl

��rrefl ; rmut
l

�
=

X
�
rref
i;l

;rmut
i;l

�Ll

�
pl

���rrefi;l ; r
mut
i;l

�
(Equation 15)

and selected the solutionwith the highest likelihood (note thatweconsidered alternative solutions for data representation and analysis

also, if the best solution accounted for less than 90% of the total likelihood). Since DNA is fragmented before amplification and map-

ping, the read count distributions at different loci are independent of each other, so that the expectation step can be independently

evaluated at each mutated locus. Of note, independence of measured coverage ratios is not guaranteed, since copy number varia-

tions can span multiple loci. This is already accounted for during segmentation and, thus, does not affect the inference procedure.

Maximization

We maximized the log-likelihood function (Equation 8) at the expected readcount distribution (Equation 14) w.r.t. m. This was ap-

proached by summing up the log-likelihoods (Equation 8) at each locus and by introducing the constraint
PK

i =1mi = 1 with a Lagrange

multiplier before maximization:

~l =
X
l

ll + l 1�
XK
i = 1

mi

!
: (Equation 16)
                                        



After inserting Equation 5 into Equation 16, deviation with respect to mi and l yields:

v~l

vmi

=
X
l

0
BBB@1

mi

�
rrefi;l + rmut

i;l

�
� pi;l

PK
i0 =1

rrefi0 ;l + rmut
i0 ;l

PK
i0 = 1

mi0pi0 ;l

1
CCCA� l; (Equation 17)
v~l

vl
= 1�

XK
i = 1

mi: (Equation 18)

We find the maximum of the log-likelihood by setting Equations (17) and (18) equal to zero and solving for l and m:

lmi =
X
l

0
BBB@rrefi;l + rmut

i;l � pi;lmi

PK
i0 = 1

rrefi0 ;l + rmut
i0 ;l

PK
i0 = 1

mi0pi0 ;l

1
CCCA; (Equation 19)
XK
i =1

mi = 1: (Equation 20)

Summing up Equation 19 over all subclones yields

l
XK
i = 1
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XK
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X
l
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BBB@rrefi;l + rmut
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PK
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mi0pi0 ;l

1
CCCA: (Equation 21)

With Equation 20 this reduces to

l=
XK
i = 1

X
l

0
BBB@rrefi;l + rmut

i;l � pi;lmi

PK
i0 = 1

rrefi0 ;l + rmut
i0 ;l

PK
i0 = 1

mi0pi0 ;l

1
CCCA; (Equation 22)

Rewriting Equation 19 yields

mi =

P
l

rrefi;l + rmut
i;l

P
l

0
B@pi;l

PK
i0 = 1

rref
i0 ;l + rmut

i0 ;lPK
i0 =1

mi0pi0 ;l

1
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; (Equation 23)

which, after inserting Equation 22, reduces to

mi =

P
l

rref
i;l

+ rmut
i;l

pi;l

PK
i = 1

P
l

rref
i;l

+ rmut
i;l

pi;l

: (Equation 24)

Ambiguous Solutions

To avoid bias in data interpretation due to potentially ambiguous solutions, we accounted for three types of ambiguity:

d CNVs. If model inference suggested two independent copy number changes in primary and relapse tumor, respectively, but the

squared error of a joined solution was less than twice the least squared error, we accounted for the joined solution in data

analysis and interpretation. Likewise, if the squared error for a clonal copy number change was less than twice the error of

a subclonal copy number change, we accounted for the clonal solution.

d SNVs. If the location of a mutation to the phylogenetic tree was non-unique, i.e., if the best solution carried less than 90% of the

total likelihood at this locus, we sorted solutions by decreasing likelihood and accounted for all solutions that jointly yielded at

least 90% of the total likelihood in data analysis and interpretation.

d Tree structure. We accounted for all solutions with BICY % min(BICY) + 10.
                                          



Simulated Data

To test the performance of phylogenetic tree reconstruction against a known ‘‘ground truth’’ computationally, we generated 100 test

sets of up to three primary and recurrent subclones, respectively, according to the following algorithm:

d Sample between one and three primary and recurrent clones (Kprim and Krec)

d Sample the corresponding subclone sizes, mprim and mrec, at a minimal tumor cell content of 0.5

d Sample a random tree from Figure S3A

d Sample Kprim and Krec nodes from this tree

d Sample between 1 and 200 mutations per subclone

d For each mutation sample a copy number change, pl:
B Normal copy numbers (two alleles) are weighted 15-fold

B A unary copy number change (± 1) is weighted 2-fold

B Copy number changes of up to +8 are weighted 1-fold each

d From the tree structure, sample the subclones that carry the copy number change, stored in the indicator vector pl

d At each copy number change sample whether the mutation was affected by the copy number change; from this determine sl

d Simulate the coverage ratios according to crl =

P
i

pi fi;lmi + 2ð1�fi;lÞmi

2 +N ðm= 0:05;s= 10�4Þ thus, adding Gaussian noise to the simu-

lated coverage ratios

d Sample the read depth per locus from a Poisson distribution with l = 150, corresponding to an average read depth of 150. Then,

based on the read depth, sample the number of mutated reads from a binomial distribution with sampling probabilities accord-

ing to Equation (5).

Modeling of Clonal Dynamics

To link genetic evolution and tumor growth, we considered a deterministic model of tumor growth and mutation accumulation. We

assumed exponential tumor growth at rate l-d, where l denotes the rate of cell division and d the rate of cell death. The number of

tumor cells, N, is modeled as

NðtÞ= elð1�d
lÞt; Nð0Þ= 1 (Equation 25)

We implemented mutation accumulation at a constant rate m per cell division, so that the number of mutations per cell, m, grows

linearly with the number of divisions:

_m=ml: (Equation 26)

Accordingly, the time it takes to accumulate m mutations in a tumor cell is

TðmÞ= m

ml
: (Equation 27)

Knowing m,m(t) and the number of tumor cells, N(t), we can estimate the ratio between cell death and division without information

on the tumor age. Rewriting Equation 25 and inserting Equation 27 yields:

~d=
d

l
= 1� m

mðtÞ log NðtÞ; (Equation 28)

where we defined ~d as the death rate relative to cell divisions. To estimate ~d from our data, m, m(t) and N(t) were chosen as follows:

d We assumed a mutation rate between 0.26 x 10-8 to 1.06 x 10-8 mutations per cell division (Milholland et al., 2017). The upper

boundary corresponds to a four-fold increase in somatic mutation rate, accounting for a drop in the proportion of themutational

signature 1 (linked to cell divisions) between tumor stem and tips (Figure S5J).

d We conservatively estimated the number of mutations per tumor cell at diagnosis as the average number of non-clonal muta-

tions in all subclones of the primary tumor. Note that the mutations present in a subclone are shared by all cells of the subclone

and thus have been accumulated in a single cell.

d Finally, we estimated a tumor size of approximately 109 - 1010 cells at diagnosis. This estimate has previously been suggested

as the number of tumor cells per cubic centimeter (Del Monte, 2009; DeVita et al., 1975) and is in agreement with a brain tumor

size of 20 - 80 cm3 and 1012 glia cells per brain (Goldberg-Zimring et al., 2005; Herculaono-Houzel et al., 2006; Milo et al., 2010;

Pakkenberg et al., 1997) (corresponding to a brain size of approximately 1500 cm3, see Drachman, 2005).

Selective Advantage of TERT Promoter Mutations

To estimate the selective advantage provided by canonical TERT promoter mutations, we modeled its random acquisition and

subsequent clonal expansion. The model samples the time of occurrence of the TERT promoter mutation from a Poisson process

with given mutation rate. From this point onward, the TERT promoter-mutant subclone grows faster than TERT promoter-wildtype

tumor cells. Themodel simulation is terminatedwhen the tumor reaches the characteristic size of surgical resection. At this end point,

the TERT promoter-mutant subclone may have reached clonality or may still be subclonal (although it would eventually become
                                           



clonal if the tumor were allowed to grow for another year or so). Repeating this simulation will therefore result in a distribution for the

TERT promoter-mutant tumor fraction that will be compared with the experimental data. The free parameter in this model is the se-

lective advantage conferred by the TERT promoter mutation. This parameter will be adjusted such that the model matches the data,

thus providing an estimate of the selective advantage conferred by the TERT promoter mutation.

We began by assessing the probability of capturing the mutation after a certain number of cell divisions. The probability of at least

one mutation (denoted as TERT*) after ndiv divisions is given by

PðTERT�Þ= 1� �1� 2mbp

�ndiv ; (Equation 29)

where mbp denotes the per base substitution rate per cell division. Themutation probability is scaled by a factor of 2 accounting for the

two canonical TERT promoter mutations recurrently observed in glioblastoma (chr5, 1,295,228C > T and 1,295,250C > T). The num-

ber of divisions, ndiv is a time dependent function, modeled by

_ndiv = lN; (Equation 30)

which, using Equation 25 can be solved by

ndiv =
1

1� ~d

�
eð1�~dÞt � 1

�
: (Equation 31)

Inserting this into Equation 29 we obtain the probability distribution of at least one TERT promoter mutation at timepoint t. We

modeled the effect of TERT promoter mutations by a decrease in cell death since these mutations have been linked to increased

cellular survival (Chiba et al., 2017). Consequently, the expansion of the TERT mutated tumor fraction, NTERT, is modeled by

NTERTðtÞ=
	

0 t<T0;TERT

eð1�~dTERTÞðt�T0;TERTÞ tRT0;TERT

(Equation 32)

The expansion of the tumor founder population is modeled by Equation 25. The total tumor size consequently equals the sum of

Equations 25 and 32. Since TERT promoter mutations were found clonally in R 2/3 of the tumors, the estimated tumor cell death

fraction, ~d (Equation 28) must hold true for TERT mutated cells. Accordingly, we fixed the lower boundary ~dTERT; min based on Equa-

tion 28 and for each ~dTERT; min%~dTERT%0:999 evaluated the death rate of the founder population, ~d0. To do this we scanned the range
~dTERT%~d0%0:999 and at each value sampled 1,000 instances of the timepoint of the TERT promoter mutation, T0,TERT, from Equa-

tion 29 (assuming single base substitution rates of 0.26 x 10-8 to 1.06 x 10-8 (Milholland et al., 2017) and a tumor size of 109 cells, as

before). We then evaluated the goodness of fit at each parameter combination by X 2 minimization, comparing the mean and

variance of the simulated and measured TERT mutated tumor fraction (the uncertainties of the mean and the variance in the

measurement were estimated using bootstrapping with 10,000 resampling steps). Parameter combinations with DX 2%5:99, corre-

sponding to the 95% confidence interval of the Chi2-distribution yield equally good fits and we selected the values of ~d0 and ~dTERT
from min~d0 ;~dTERT

���DX 2%5:99.

Finally, we assessed the selective advantage before and after the TERT promoter mutation, s0 and sTERT, as (Bozic et al., 2016)

s0 = 1� 2
~d0

1+ ~d0
(Equation 33)
sTERT = 1�
~dTERT

1+ ~dTERT

1+ ~d0
~d0

: (Equation 34)

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical Tests
To measure differences in the mutational burden of primary and relapsed glioblastomas, we employed a two-sided Welch two

sample t-test on the 17 non-hypermutated tumor pairs. The distribution of methylated and unmethylatedMGMT promoters between

tumors with mono- or oligoclonal relapse origins was assessed with a hypergeometric distribution (n=21, corresponding to the

tumors of the discovery set). Differential gene expression between tumors and normal brain tissue was analyzed with the R package

DESeq2 1.18.1 (Love et al., 2014); differential expression was accepted for Benjamini-Hochberg-corrected p values < 0.01.

All statistical parameters shown in figures are detailed in the figure legends.

Software
Phylogenetic inferenceandmodeling of evolutionarydynamicswereperformedonR3.3.1 (RCoreTeam,2017), using the librariesdoP-

arallel, foreach and phangorn. The R libraries AnnotationsDbi, DESeq2, FlowSorted.DLPFC.450k, FlowSorted.Blood.450k,

GenomicRanges, Hmisc, Homo.sapiens, MCP-counter, minfi, phangorn, phyloTop, phytools, YAPSA and xlsx were used for

data analysis and the libraries beeswarm, colorlovers, colorspace, ComplexHeatmaps, ggplot2, igraph, pheatmap, plotrix and
                                           



RColorBrewer were used for plotting. Plots were redesigned in Adobe Illustrator CS5. All other software used is mentioned in Method

Details.

DATA AND SOFTWARE AVAILABILITY

The accession number for the sequencing data reported in this paper is European Genome-phenome Archive (EGA):

EGAS00001003184. R codes for phylogenetic inference and modeling of clonal dynamics are available as supplementary files to

this paper (Data S1) and from https://github.com/hoefer-lab/phy_clo_dy. In-house pipeline for detection of structural variants

(SOPHIA) is available from https://bitbucket.org/utoprak/sophia.
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