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CHAPTER 8

ABSTRACT
Introduction: It has been well established that breast cancer is a heterogeneous 
disease. Tumors can be classified into distinct subtypes, for example based on 
Estrogen, Progesterone and HER2 receptor expression. Each of these subtypes is 
characterized by distinct prognoses and clinical behavior.  However, recent evidence 
suggests that also within a single tumor, considerable heterogeneity between 
tumor cells can exist. Each of these tumor cell populations can have different 
characteristics and, more specifically, differ in response to chemotherapeutic 
treatment. It is clinically highly relevant to establish whether it is feasible to detect, 
within a potentially heterogeneous tumor, cells that are resistant to therapy. We 
set out to do so by comparing samples taken before treatment to samples taken 
after treatment based on deep sequencing their exomes.

Materials and methods: We selected three patients who showed an initial 
response to chemotherapy but subsequently stabilization or progression, a 
response dynamic that could be caused by killing of sensitive tumor cells and 
resistance of the remaining ones. A fourth included patient did not show any 
response to treatment at all. Three patients received six courses of Adriamycin 
and Cyclophosphamide, one patient received one course of Adriamycin and 
Cyclophosphamide and one course of Capecitabine and Docetaxel. We included 
three patients with triple negative tumors, and one patient with an ER-positive 
and HER2-negative tumor. We deep sequenced the exomes of these four tumor 
pairs. Each pair consisted of a biopsy from the tumor taken before treatment and 
a sample of the same tumor taken after treatment. An average coverage of 107x 
was achieved and each data sample was rigorously filtered for technical artifacts.

Results: We compared the mutational profiles of each pair of samples and 
introduced a measure of mutational change between the before and after 
treatment sample. After filtering on the mutational change (≥25 percentage 
points), type of mutation (only non-synonymous exonic variants were retained), 
and functional annotation (only genes known to be involved in DNA damage repair, 
cell survival, or drug interaction were retained) and correcting for multiple testing, 
this analysis yielded four putative markers of resistance to chemotherapy: three 
single nucleotide variants (PARP14, HELQ, and PRDM5) and one nonframeshift 
deletion (MAML2). These markers were derived from three different tumors, 
the tumor from the patient with progressive disease did not yield any putative 
markers of resistance.

Conclusions: By comparing samples from the same tumor before and after 
treatment we identified putative biomarkers of resistance to therapy. This study 
shows that it is feasible to detect mutant alleles that are enriched (or depleted) 
under the selective pressure of chemotherapy by deep sequencing tumor pairs. 
Expanding this experiment to include a larger number of samples, or to include 
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MUTATIONAL LANDSCAPES BEFORE AND AFTER TREATMENT

different types of treatment, may be a valuable strategy for finding biomarkers 
of resistance. Further functional analysis of the putative biomarkers we identified 
will be required to establish whether they have a causal association with therapy 
resistance, and if so, what the exact mechanisms are. 
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CHAPTER 8

INTRODUCTION
Inter-tumor heterogeneity
The notion of breast cancer as a collection of molecularly distinct diseases is 
well established. By employing immuno-histochemistry three major subtypes of 
breast cancer can be identified: 1) Luminal tumors that express estrogen receptor 
(ER); 2) HER2-positive tumors that over-express Human Epidermal growth factor 
Receptor 2 (HER2) and 3) Triple Negative tumors that do not express ER, HER2 or 
Progesterone Receptor (PR). 

The three subtypes have distinct prognoses and distinct responses to 
treatment [1-3]. Luminal type tumors have a better prognosis but, paradoxically, 
show worse response to chemotherapeutic treatment (3% pCR to neoadjuvant 
chemotherapy). HER2-positive and Triple Negative tumors show a poor prognosis 
but, conversely, a better response rate to chemotherapy (35-45% pCR rate). The 
high response rates for HER2-positive tumors is partly due to the availability of a 
targeted treatment, trastuzumab, that specifically targets the HER2 protein. Still, 
the majority of even the TN and HER2-positive tumors do not show a complete 
response to therapy. The response rates of these non-complete responders vary 
from an almost complete response, with only small tumor nests remaining, to no 
response at all or even progressive disease. Quite clearly, even within these breast 
cancer subtypes heterogeneity exists, as evidenced by the varying response rates.

Most studies to date have analyzed the non-responder samples in a way that 
does not take heterogeneity within the non-responder group into account. For 
example, two recent studies contrasted responders to non-responders [4,5], 
which implies that any predictive factors found in such a setup need to be present 
in a large proportion of the non-responders. Resistance mechanisms that are 
confined to a smaller subgroup of the non-responders are likely to be missed. In 
a recent study we aimed to identify markers of resistance mechanisms that were 
present in subgroups of non-responders [6]. While this study was successful in 
identifying markers of non-response in four distinct cohorts of patients and took 
the heterogeneity between tumors (inter-tumor heterogeneity) into account, it 
did not take the heterogeneity in tumor cell populations within a single tumor 
(intra-tumor heterogeneity) into account. 

Intra-tumor heterogeneity
Cancer has been described as a Darwinian evolution of cells where the cells that 
are the fastest growing and most adapted to their environment, i.e. the tumor 
(micro) environment, will prevail. This implies that there will always be a number 
of tumor cell populations within a tumor. These different cell populations might 
share characteristics but will also show differences. Two recent studies showed 
that within breast tumors, significant differences exist at the copy number level 
and the DNA sequence level between different parts of the same tumor [7,8]. 
Equally intriguing was the finding that disseminated tumors showed distinct 
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molecular characteristics for tumor cells found at different locations in the body 
[9]. These studies, among others, have confirmed the notion of heterogeneity in 
tumor cell populations within a single patient.

A next question to answer is how relevant this heterogeneity is for the treatment 
decisions to be made. When a new selective pressure is introduced, such as 
chemotherapeutic treatment, it might be that some cell populations will perish, while 
others will have an intrinsic resistance to the treatment and survive. If this happens, 
a new distribution of tumor cells will arise in which the cells that are resistant to the 
treatment will form the majority of the tumor. The characteristics that allow these 
cells to survive might be very different from the characteristics of the cell populations 
that previously formed the majority of the tumor. For example, a high proliferation 
rate might be beneficial to tumor cells in the absence of chemotherapy, whereas it 
actually might be a disadvantage when treatment is introduced. If these resistant 
populations form only a small part of the tumor, it might not always be feasible to 
detect the mechanism of resistance within such a tumor when analyzing the tumor as 
a whole. In that case, careful analysis of each of the cell populations that are present 
might be required for accurate response prediction.

Insights into this process could be gained from analyzing tumor samples taken 
from patients before and after treatment was administered. This stems from the fact 
that populations that might be present in undetectable numbers prior to treatment 
will, under treatment pressure, emerge as the majority population and hence be easily 
detectable. In this study we analyzed four tumor pairs, where each pair consisted of a 
tumor sample taken before treatment and a sample taken after treatment. These pairs 
originated from three patients with a TN tumor and a single patient with a Luminal 
tumor. These four patients showed a non-complete response to therapy, implying 
that a form of chemotherapy resistance was present in their respective tumors.

In order to enrich for a phenotype that would represent an initial response of 
sensitive tumor cell populations and a subsequent outgrowth of resistant tumor 
cells, we employed MRI imaging taken before treatment, halfway through treatment 
(i.e. after 3 courses, approximately 6 weeks) and after treatment completion (6 
courses, approximately 12 weeks). That is, we selected three tumors that showed 
response after the first course of treatments, but little to no response between the 
halfway point and the end of treatment. We also included a tumor from a patient 
that did not show any response to treatment at all (i.e. progressive disease). We 
then deep sequenced the before and after samples and compared their mutation 
profiles to identify mutations that were enriched in the after treatment sample. 

METHODS
Sample selection
For this study, we selected samples from material of patients that took part in 
one of two ongoing clinical trials or received standard protocol treatment. For 
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these patients (n=511) biopsies of primary breast tumors were collected at 
the Netherlands Cancer Institute between 2000 and 2009 (NCT00448266 and 
N04POM). All patients eligible for preoperative chemotherapy were diagnosed 
with invasive breast cancer and either a tumor diameter of at least 3 cm, lymph 
node involvement, or both. Both trials were approved by the ethical committee 
and informed consent was obtained from all patients.

Biopsies were taken using a core needle under ultrasound guidance (we refer 
to this sample as the biopsy). After collection, specimens were snap-frozen in 
liquid nitrogen and stored at -70 °C. Patients received six cycles of two-weekly 
AC (doxorubi- cin and cyclophosphamide; i.e., anthracycline-based; Doxorubicin 
60 mg/msq on day 1, cyclophosphamide 600 mg/msq on day 1, PEG-filgrastim 
6 mg s.q. on day 2) and were switched to three-weekly docetaxel and capecitabine 
(docetaxel 75 mg/msq on day 1; capecitabine 850 mg/msq orally twice daily on 
days 1 through 14) when response was unfavorable as assessed by MRI after three 
courses. After chemotherapy treatment was completed, patients underwent surgery.

During surgery, a second tumor sample was taken and snap frozen in liquid 
nitrogen (we refer to this sample as the surgery specimen). 

From the tumors for which before and after tissue was available we selected 
those tumors that showed a phenotype that would match a clonal outgrowth of 
resistant tumor cells phenotype. We collected MRI imaging data and selected those 
tumors that showed an initial response of at least 40% reduction of the largest tumor 
dimension. Specifically, we compared the MRI after six courses of treatment (MRI-2) 
to the MRI taken before treatment started (MRI-1). From the tumors that satisfied 
these constraints, we selected the tumors that showed a poor response during the 
second course of treatment, defined as a response corresponding to a largest tumor 
dimension reduction of only 20% at most during the second course (i.e. comparing 
the MRI taken after the last treatment course, but before surgery (MRI-3) to MRI-2).

We selected those samples that had a tumor percentage above 65% and for 
which DNA of sufficient quality and quantity was available. The tumor percentages 
as assessed by a certified breast cancer pathologist ranged from 65% to 80% 
(Table 1 shows the tumor percentages of the included samples). We preferentially 
selected TN tumors since their MRI measurements have been shown to be more 
reliable than those from Luminal-type tumors [10]. Unfortunately, only three tumors 
in our database satisfied these stringent criteria. We included a fourth sample that 
did not show any response during treatment at all (i.e. progressive disease). This 
phenotype could also be an indication of outgrowth of resistant cells. It could also 
indicate that none of the tumor cell populations present at the start of treatment 
were sensitive (i.e. all or most tumor cell populations were resistant). Table 2 lists 
the characteristics of the four included patients.

Since we were interested in what happens to tumor cells during treatment, 
we analyzed samples taken from selected tumors before and after treatment and 
contrasted their mutational profiles. No germ line samples were included.
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Table 1. Sample characteristics. The TP Biopsy and TP surgery columns show the tumor 
percentages of the before and after treatment samples respectively, as assessed by a 
certified breast cancer pathologist. The ‘coverage biopsy’ and ‘coverage surgery’ columns 
indicate the number of genomic loci with a coverage of at least 50x in the biopsy and 
surgery specimen, respectively. The ‘coverage both’ column indicates the number of 
genomic loci with a coverage of at least 50x in both the biopsy and the surgery specimen.

TP biopsy TP surgery Coverage biopsy Coverage surgery Coverage both

Patient #1 80% 65% 89 Mb 70 Mb 69 Mb

Patient #2 70% 85% 70 Mb 39 Mb 39 Mb

Patient #3 80% 80% 61 Mb 57 Mb 52 Mb

Patient #4 70% 80% 69 Mb 71 Mb 65 Mb

Table 2. Patient characteristics. The MRI2 column indicates the percentage reduction of 
the largest tumor diameter halfway through the treatment course, relative to the starting 
situation before treatment. The MRI3 column indicates the percentage reduction of the 
largest tumor diameter at the end of treatment, before surgery, relative to MRI2. Patient 
#2 was unable to have her MRI taken and undertook PET scans instead. Patient #3 did not 
receive a third MRI, given the progressive nature of her disease she underwent surgery 
before the end of the treatment cycle.

Patient Subtype MRI2 MRI3 Treatment* Survival

Patient #1 TN -43% -17% AC 6x 2 years

Patient #2 TN PET fav PET no change AC 6x 10 months 

Patient #3 TN +28% (PD) - AC 1x, CD 1x 5 months 

Patient #4 Lum -41% +6% AC 6x 5+ years 

* AC: Adriamycin and Cyclophosphamide; CD: Capecitabine and Docetaxel

Library preparation
Tumor tissue was cut using the HM 560 CryoStar Cryostat from Thermo Scientific. 
DNA was isolated from fresh frozen material using either Phenol/chloroform 
extraction or with the QIAamp DNA minikit (Qiagen).This resulted in at least 
5µg of total DNA available for further processing. The DNA was sheared using a 
Covaris machine to 100-300 bp fragments. The sheared and size-selected DNA 
was then subjected to a whole exome capture step using the Nimblegen SeqCap 
EZ Exome v3 capture kit. Each sample received 1/4 bait mix.

Deep sequencing and data pre-processing 
The DNA whole exome libraries generated in the previous step were sequenced 
on the Illumina HiSeq 2000 machine. Paired end sequencing with 100 base pair 
reads was performed. Each lane contained a mix of four indexed samples. A total 
of four lanes were sequenced. Reads were then aligned to the Human reference 
genome (Hg19) using the BWA algorithm [11]. 
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Next we followed the Broad ‘best practice’ pipeline for further data preparation 
[12]. In summary, reads were realigned using the Broad local re-aligner. Reads that 
were identical were considered PCR artifacts and removed from the dataset (a step 
referred to as ‘deduplication’). Finally, the base quality scores were recalibrated since 
it was reported previously that sequencing machine estimates are often inaccurate.

Coverage
The vendor specified upper limit of mapped base pairs was 374 million reads per 
lane, amounting to a per sample base pair count of 37 Gb (i.e. 374e106 reads * 100 
base pairs * 2 (paired end sequencing) / 2 (two samples per lane), resulting in a 
theoretical coverage of the exome of about 1200x per sample (given that the human 
exome is about 30 Mb long). The capture kit we used spanned a total of 64Mb, 
bringing the theoretical coverage down to around 580x. We employed the GATK 
toolkit alongside custom scripts to calculate the actual coverage for each sample. The 
actual coverage of the part of the genome specifically targeted by the capture kit was 
a substantially lower than the theoretical coverage, specifically 107x on average over 
all eight sequenced samples. This translated to 44Mb covered at ≥50x. However the 
number of loci with a coverage of at least 50x was significantly higher over the whole 
genome (i.e. also including parts of the genome that were not part of the capture kit 
design). That is, a total of 66Mb was covered on average at ≥50x. 

Lastly, for the paired analysis we were interested in the total number of loci 
that was covered at specific coverage levels in both samples of the pair. For the 
capture kit target regions, an average of 40Mb was covered at ≥50x. Over the 
whole genome, i.e. not limited to the capture target areas of the genome, an 
average of 56Mb was covered at ≥50x in both samples of each pair. Table 1 shows 
the coverage per sample at ≥50x, Figure 1 shows the coverage versus the number 
of genomic loci covered per sample in detail.

Data analysis
Our data analysis pipeline can be divided into two parts: 1) analysis of each sample 
individually and 2) paired analysis of before and after treatment samples. For the 
first part, the analysis of each of the eight included samples by themselves, we 
employed the varscan package [13]. For the second part, the paired analysis, 
we employed the varscan package and the somatic sniper software package 
[14]. Varscan includes modules to detect single nucleotide variants (SNVs), short 
insertions and deletions (indels) and copy number changes, while somatic sniper 
was specifically designed to detect SNVs.

The variants obtained in the above analyses were functionally annotated using 
the Annovar package [15]. In order to identify SNVs and indels that were enriched 
or depleted in the after treatment sample relative to the before treatment sample, 
we introduced the following simple measure. The ‘mutational frequency change’ 
(MFC) is defined as the change in the fraction (expressed as a percentage of the 
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Figure 1a. Overall coverage versus number of bases covered. The y-axis shows the total 
number of bases (i.e. genomic loci) that are covered at the coverage indicated on the 
x-axis. . That is, a value of 50 Mb on the y-axis and a corresponding value of 100x on the 
x-axis means that there were 50 Mb on the genome covered at 100x or higher.

Figure 1b. Capture target region coverage versus the proportion of bases covered. The 
y-axis shows the percentage of all genomic loci that are targeted by the exome capture kit 
that were covered at the coverage indicated on the x-axis.
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Figure 1c. Target capture kit region coverage versus number of bases covered. The y-axis 
shows the number of genomic loci that are targeted by the exome capture kit that were 
covered at the coverage indicated on the x-axis.

total number of reads at that locus) of a specific base at a genomic locus between 
the before and after sample. For example, a read count for ‘A’ of 16/80 reads in 
the before treatment sample and a read count for ‘A’ of 60/120 reads in the after 
sample will result in a MFC of abs(20% - 50%) = 30 percentage points. For all our 
analyses we set a threshold of 25 percentage points, i.e. we only retained loci 
that showed a MFC of at least 25 percentage points. Figure 2 shows a cartoon of 
the MFC and the implications of original cell populations on the observed MFC. 
We opted to focus on a specific subset of the possible scenarios that satisfy the 
MFC criterion. More specifically, we restricted our analyses to those sites on the 
genome that had a coverage of at least 50x in both the biopsy and the surgery 
specimen. This constraint ensured we had fewer false positives to deal with while 
maintaining a high number of base pairs of the exome covered. 

We employed the Benjamini-Hochberg (BH) procedure to calculate q-values 
for the variants passing the MFC constraint and we set the FDR cut-off at 0.05. 
Since the total number of bases analyzed differed per sample pair, we calculated 
an FDR for each pair separately. As input to the BH procedure we provided the 
p-values from the Fisher exact test. The 2x2 contingency table for the Fisher exact 
test consisted of the number of mutant allele reads versus all other allele reads 
on one row (i.e. the distribution of reads in the biopsy), and the surgery specimen 
equivalent on the second row. Low p-values indicate that it is unlikely that the 
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Figure 2. A hypothetical scenario of cell populations before and after treatment and the 
counts of the base pairs observed. Each circle represents a cell population with the two 
alleles at a specific genomic location represented by the two letters inside each circle. On 
the left the situation before treatment is represented. The ‘AG’ population at the bottom 
represents the normal cells (having an ‘A’ and a ‘G’ allele at the genomic location being 
analyzed). The normal population accounts for 20% of the sample, corresponding to a 
tumor cell percentage of 80%. The ‘AC’ population at the top accounts for the majority 
of the tumor cells. Finally, the ‘AT’ population represents the tumor cell population that is 
most resistant to the treatment. On the right the situation after treatment is represented. 
The percentage of normal cells ‘AG’ remains stable at 20%, but the majority of the tumor 
cells is now formed by the most resistant cell population, identified by the ‘A’ and ‘T’ 
alleles. Given the heterozygous alleles at this location, even such a large enrichment of the 
resistant population ‘AT’ results in only a 28 percent point increase in the ‘T’ reads.

observed difference in distributions is observed by chance (i.e. the distribution 
of reads in the biopsy versus the distribution of reads in the surgery specimen).

As a secondary filtering step, we only included non-synonymous, frame shift 
and start- and stop-codon introducing SNVs, removed SNVs occurring in dbSNP, 
and excluded SNVs that were located in known segmental duplication sites. For 
the indels we only retained indels occurring in exons and excluded indels that 
were located in known segmental duplication sites [16].

For the per sample data analysis (i.e. not the paired sample analysis), we only 
retained those SNVs with a predicted funtional impact by filtering on AVSIFT 
score (AVSIFT ≤ 0.05) [17].

213



CHAPTER 8

For the paired analysis, functional filtering employed AVSIFT, PolyPhen2 and 
MutationTaster scores. SNVs with a predicted functional impact of less than 50% were 
removed [17]. Functional category filtering was performed by annotating each affected 
gene with UniProt and Entrez gene entries and only retaining genes annotated with 
keywords related to DNA damage, cell survival, and drug interaction [18,19].

RESULTS
Per sample data analysis
We started off by analyzing each sample individually. That is, we identified all 
genomic loci with a significant base pair change relative to the reference genome 
(through the relevant varscan module). We employed the Annovar package to filter 
out known SNPs and indels. By assessing how different each sample in a pair was 
compared to the reference genome we could learn something about the mutational 
landscape before and after treatment. We observed that for Patients #3 and #4 the 
total number of SNVs detected by varscan was comparable for the biopsy and the 
surgery specimen. However, for Patients #1 and #2 the number of SNVs detected 
in the surgery specimen was lower than the number found in the biopsy. This is 
probably related to the higher sequencing coverage in the biopsies for those two 
patients (also see Table 1). For the indels we noticed a similar pattern.

After filtering the SNVs and indels identified by varscan as outlined in the 
methods section, we observed an average of 26 (±10) unique genes affected by 
an SNV per sample. An average of 96 (±29) indels was observed. Table 3a shows 
the reported number of SNVs and indels per sample.

Next we counted in how many patients each gene was affected (either through 
an SNV or indel) and ranked all candidates by the number of occurrences.

A single gene (MUC6) was affected in all patients and samples (i.e. it contained 
at least one SNV and at least one indel in both the biopsy and surgery specimen 
of each patient). MUC6 has been implicated in a number of different cancer types 
[20,21]. DSPP was altered through SNVs in all patients and in addition showed 
indels in five out of eight samples. The gene EME1, which is implicated in DNA 
damage repair and genomic stability, was found to be altered through SNVs in all 
four patients and samples (i.e. in all eight samples) [22,23]. The probability of a 
gene being mutated in four different patients purely by chance is low (simulation 
experiment, multiple testing corrected p-value < 1.0e-2). Given that this study 
did not focus on mutations involved in tumor formation and, as such, did not 
include healthy control samples, the possibility of these mutations being germ 
line variants that do not contribute to tumorigenesis cannot be ruled out.

Paired sample analysis
For each of the four paired samples (i.e. before and after treatment samples) we 
performed extensive comparative analyses. First we ran varscan and somatic sniper 
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and subsequent custom scripts in order to calculate the mutational frequency 
change(MFC), as outlined in the methods section (also see Figure 2). We only 
included SNVs and indels with an MFC ≥ 25 percentage points. While somatic 
sniper picked up slightly fewer SNVs, the overall results were highly similar. From 
here onwards, we will discuss only the results of the varscan analysis. 

Given that we are analyzing a large number of loci, a false discovery rate (FDR) 
constraint is essential for limiting the number of false positives. We employed the 
Benjamini-Hochberg procedure to set the FDR cut-off at 0.05. 

After this multiple testing correction step, between 410 and 19 SNVs were 
identified. When we only retained SNVs that lead to a non-synonymous mutation, the 
number of SNVs ranged from 1 in Patient #2 to 75 in Patient #1 (also see Table 3b).

From the indel analysis between 12 and 58 indels were identified after multiple 
testing correction, of which between 0 and 3 were in an exon. A total of six indels 
were found in exons (see Table S2 for details).

Functional analysis of candidate genes
In order to enrich for candidate markers of resistance, we removed those SNVs 
that were predicted to have no functional impact at the protein level. Since 
current prediction algorithms are imperfect, we employed three different scoring 
functions in unison: AVSIFT, PolyPhen2, and MutationTaster. After this filtering 
step, a total of 53 SNVs remained (see Table S1 for details). 

Since non-exonic indels are less likely to affect the protein product, we only 
retained indels occurring in exons, resulting in six indels.

Finally, we selected those SNVs and indels that affected genes that are 
involved in DNA damage repair, cell survival, or drug interaction. After this 
functional filtering step, three SNVs and one indel remained. Tables 4 and 5 show 
the candidate genes with their functional annotations. 

DISCUSSION
In this study we have aimed to analyze characteristics of tumor cells that survive 
chemotherapeutic treatment. By carefully selecting a set of patients that showed an 
initial response to chemotherapy after six courses, but little to no response during 
the next six courses, we hope to have enriched for tumor cell populations that are 
resistant to the therapy administered. Our hypothesis was that the initial response 
to therapy corresponded to sensitive tumor cells succumbing to the treatment, 
while during the second half of treatment the remaining tumor populations 
would be more resistant to the treatment, resulting in little to no tumor volume 
reduction. While this is, of course, a simplification of the real underlying biological 
processes, we found this a promising model to study.Unfortunately, we found only 
three tumors satisfying these criteria in our data set. We added a fourth tumor 
sample pair from a patient that did not show any response to treatment at all.
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Table 3a. SNVs and indels per sample. For each sample the number of SNVs, number of unique 
genes that had an SNV passing the AVSIFT < 0.05 filter, number of indels and number of unique 
genes that contain an exonic indel are shown. Furthermore, only those SNVs are reported that 
are non-synonymous or that introduce a frameshift, start or stop codon, do not occur in DBsnp 
and had a lower than 0.1 probability of being located in a known segmental duplication.

Sample SNVs SNVs AVSIFT Indels Indels exonic 

Biopsy Patient 1 2922 32 3360 140

Surgery Patient 1 2346 29 1979 114

Biopsy Patient 2 2325 19 1897 111

Surgery Patient 2 1211 11 833 47

Biopsy Patient 3 2094 21 1543 89

Surgery Patient 3 2025 19 1443 82

Biopsy Patient 4 2364 37 1893 76

Surgery Patient 4 2507 38 1894 110

Table 3b. SNVs and indels paired sample analysis. For each patient, the number of SNVs 
and indels are reported that passed the threshold of mutational frequency change of 25 
percentage points and passed the FDR < 0.05 cut-off. Between parentheses the number 
of non-synonymous exonic SNVs and indels are shown. 

Patient SNVs varscan (non-syn.) Indels (exonic)

Patient #1 410 (75) 58 (2)

Patient #2 33 (1) 12 (3)

Patient #3 19 (3) 19 (0)

Patient #4 42 (9) 19 (1)

We proceeded to deep sequence the exomes of samples taken before and 
after treatment from four different breast cancer patients. We aimed for a coverage 
of >500x per sample in order to detect rare cell populations. Unfortunately, the 
actual coverage was a substantially lower at an average coverage of the capture 
kit target sequences of 107x. This can in part be attributed to the fact that we 
achieved a lower amount of total reads than expected and in part to the fact 
that the capture baits were designed to span whole exons. At a median DNA 
fragment size of 200 bp, a bait size of 50 bp and the fact that 80% of the exons 
on each chromosome are <200 bp in length [24], about 50% of the captured base 
pairs read were located outside exons (and outside of the capture target area). 
Figure S1 shows this in a cartoon. Removing duplicate reads and non-optimal 
cluster densities accounted for a further decrease in the total number of base 
pairs available for analysis. A corollary to this is that we were able to analyze a 
much larger part of the genome than just the capture kit target regions.
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Table 4. SNV candidate list. The list of candidate SNVs resulting from the varscan analysis 
and subsequent filtering steps. The patient column indicates for which patient, or which 
patients, an SNV was found for this gene. The change column shows the percent point 
change of the mutant allele (for example an SNV occurring in 20% of the reads before and 
50% of the reads after treatment is indicated as a +30 percent point change).

Gene Patient Change Excerpt of functional annotation

HELQ #1 +29 5’ to 3’ DNA helicase

PRDM5 #1 +30 May cause G2/M arrest and apoptosis in cancer cells

PARP14 #4 +30 Belongs to family of proteins involved in immediate 
DNA damage-dependent posttranslational modification 
of histones

Table 5. Indel candidate list. The list of candidate indels resulting from the varscan analysis 
and subsequent filtering steps. The patient column indicates for which patient, or which 
patients, an indel was found for this gene. The change column shows the percent point 
change for the mutant allele (for example an indel occurring in 20% of the reads before and 
50% of the reads after treatment is indicated as a +30 percent point change).

Gene Patient(s) Change Type Excerpt of functional annotation

MAML2 #2 +51 Nonframeshift 
deletion

amplifies NOTCH-induced transcription 
of HES1 (HES1 is implicated in DNA 
damage repair)

We decided to analyze only those regions that had a minimal coverage of 50x, 
since regions with lower coverage are more likely to pass the MFC cut-off purely 
by chance, leading to false positives. Consequently, we were able to analyze an 
average of 66 Mb (compared to 44 Mb within the capture kit target regions). For 
our paired analyses, i.e. comparing the before and after samples, we were able to 
analyze 56 Mb at 50x or greater coverage in both samples.

The analysis of the eight samples individually resulted in candidate genes that 
could be involved in tumorigenesis. MUC6 and EME1 were mutated in all patients, 
suggesting an important role for these two genes in tumorigenesis. MUC6 has 
been implicated in a number of cancer types, while EME1 was observed to play an 
important role in maintaining genomic stability. A mutation occurring in the same 
gene in four different patients is statistically unlikely to happen by chance (p < 1.0e-2). 
Even so, a gene being affected by multiple SNVs and indels within the same tumor 
raises doubts about the functional implications of those mutations. Since in this study 
we were primarily interested in aberrations related to resistance to therapy, no normal 
cell controls were taken along, leaving the possibility of germ line variants open. 

The paired analysis of the samples taken before  treatment versus the samples 
taken after treatment was the main objective of this study. We first filtered on a 
minimum MFC of 25 percentage points, calculated the corresponding p-values 
and applied multiple testing correction. Due to the lower than expected 
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coverage, many loci with mutational frequency changes above 25 percent point 
yielded p-values that did not survive the false discovery rate filter of 0.05 that we 
enforced. Given the large number of loci analyzed, multiple testing correction is 
essential for arriving at statistically reliable candidate lists.

After the multiple testing correction we filtered on the type of mutation (only 
non-synonymous exonic SNVs and exonic indels were retained) and functional 
annotation. Genes for which the function is currently unknown might be missed 
by this filtering step, as are mutations affecting protein levels through non-exonic 
mutations (for example non-coding RNA mutations). Since we do not have any 
positive controls in this study, we opted to filter as stringently as possible, only 
retaining those candidates with the highest likelihood of being functionally 
involved in resistance to therapy.

A total of four putative markers of resistance to therapy were identified. Upon 
further inspection, the nonframeshift deletion in MAML2 was observed to occur 
in the 1000 genomes project and reported in DBsnp [16,25]. Even though the 
functional impact of this variant is unknown and the 51 percent point change in 
mutational frequency is remarkable, this might imply that this deletion does not 
have an important effect on the function of MAML2. None of the other three 
candidates showed up in the 1000 genomes project or in DBsnp. Patient #1 
was treated with a chemotherapy regimen including Doxorubicin, which targets 
Topoisomerase II and subsequently prevents resealing of DNA strands after 
DNA supercoil relaxation. DNA helicases separate DNA strands for transcription, 
necessitating the need for DNA supercoil relaxation. Since HELQ, one of the 
putative markers of resistance, is a DNA helicase, it is tempting to speculate 
that a mutation in HELQ could diminish the efficacy of Doxorubicin by limiting 
the amount of helicase activity and subsequent reliance of the cell on supercoil 
relaxation (i.e. when there is no supercoil relaxation, Doxorubicin cannot interfere 
with resealing of DNA strands after supercoil relaxation).

PRDM5, for which a mutational frequency change was found in Patient #1 
as well, plays a role in apoptosis and cell cycle arrest. This is a broad functional 
description, but one could imagine that such a gene would interfere with DNA 
damaging agents. Similarly, PARP14 (identified in Patient #4), is implicated in the 
Fanconi Anemia pathway, which, in turn, is associated with DNA double strand 
break repair, the type of damage induced by Cyclophosphamide and Doxorubicin. 
Interestingly, this PARP14 variant was undetectable in the biopsy, where 100% 
of the reads showed the reference allele. However, interpretation of the roles 
these SNVs play in response to therapy are purely speculative at this point and 
functional experiments will be necessary to assess their role in tumor cells.

Given that the expected percentage point changes in mutational frequency are 
relatively low (i.e. in the 20-40 percent point range; also see Figure S2), this opens the 
possibility for false positives to occur. That is, purely by chance a specific base pair 
could show a mutational frequency change, even though this would not correspond 
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to any actual change in tumor cell counts. We performed rigorous multiple testing 
correction, which ensures our results are statistically sound. However, another cause 
for false positives can be found in an earlier stage. Our samples were derived from 
core needle biopsies, essentially sampling a very small part of the tumor. In case of 
an unequal distribution of tumor cell populations within the tumor, it is likely that the 
two samples, i.e. the before and after treatment samples, sampled different parts of 
the tumor. In that case, an increase of a specific SNV, hypothetically corresponding 
to a specific tumor cell population, could simply be an effect of a different part of 
the tumor being sampled, not the survival of a specific cell population. Conversely, 
we could miss potential candidates by simply missing a resistant cell population 
in our sample taken after treatment. Short of sequencing the whole tumor, there 
seems to be no obvious way around this limitation.

Another confounder in our analysis is that we are looking at a mix of cell 
populations. If a resistant population is characterized by a combination of 
two specific alleles, there is no way for our analysis to pick this up (i.e. if a cell 
population is characterized by two mutations, it would show up in our analysis 
as two different alleles showing a mutational frequency change, with no way of 
interpreting these as belonging to a single cell population). In addition, mixing 
different cell populations can obscure outgrowth of cells with a specific allele. 
For example, clonal expansion of a cell population from 10% of the sample mass 
in the pre-treatment sample to 80% of the sample mass in the post-treatment 
sample will result in only a 35 percent point mutational frequency change of a 
heterozygous allele. By employing single cell sequencing and simply counting the 
number of different cell populations, the true change in cell populations (i.e. 70 
percent point) would be observed.

In spite of these limitations, we have identified four putative biomarkers of 
resistance to chemotherapy for Patients #1, #2, and #4, but not for Patient #3. Patient 
#3 was the only patient that did not respond to therapy at all, showing progressive 
disease from the initial diagnosis onward. This could imply that there were virtually 
no cells present in the tumor that were sensitive to the treatment, which would in turn 
imply that enrichment of resistant tumor cells would not need to occur. 

The next step on the way to clinically useful biomarkers of resistance to 
chemotherapy will be to functionally analyze the candidates we identified. 
Alternatively, performing additional experiments including a larger number of 
samples, would increase the reliability of the candidate markers observed. With 
regards to the experimental setup, it will be important to see how essential the 
initial selection of tumor behavior by MRI (or otherwise) imaging data is (i.e. 
how well this selection step enriches for a clonal outgrowth of resistant tumor 
cells pattern and what the influence of this is on the actual biomarker discovery 
process). However, given the rapidly declining cost of sequencing and the ever 
increasing capacity to analyze huge numbers of base pairs, it is certainly reasonable 
to assume that it will be feasible to include samples with less stringent criteria. 
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That is, increasingly smaller effects of selection pressure, like chemotherapeutic 
treatment, will be possible to identify and analyze given a higher coverage and 
subsequent higher reliability in calling mutational frequency changes. 

CONCLUSIONS
By employing next generation deep sequencing we were able to identify specific 
mutant alleles that were enriched (or depleted) in a tumor sample after treatment, 
relative to a sample from the same tumor before treatment. To the best of our 
knowledge this is the first study of its kind and our experiments indicate that our 
approach may be a valuable strategy for identifying novel biomarkers. Biomarkers 
identified in this way can lead to better treatment decisions for individual tumors 
and, in turn, will lead to better response rates for patients.
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SUPPLEMENTAL MATERIALS

‘Off‐target’ capturing

Read 1 Read 2

Bait

Exon Intron

On target Off target?

Fragment 400‐500 bp

 

Figure S1. A cartoon of off-target capturing. As a consequence of paired end reads, short 
exons and (relatively) long DNA fragments a large percentage of all reads will map outside 
of the original capture target area (in this case the exon).
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Figure S2. Hypothetical cell population distributions in a sample and the corresponding 
observed read counts. Each circle represent a cell population, the percentage represents 
the percent of cells from that population in the sample and the letters in each circle 
represent the two alleles at a specific genomic locus (i.e. same locus for each circle/cell 
population). On the left the situation before treatment is depicted, the right side represent 
the situation after treatment. In each scenario the orange cell circles represent the tumor 
population resistant to therapy while the blue represent the sensitive population.

A. Two homozygous tumor populations.

B. One homozygous and one heterozygous tumor population.
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Figure S2. Continued.

C. Two heterozygous tumor populations.

D. Three heterozygous tumor populations.
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E. Two heterozygous tumor populations and a heterozygous normal cell population.

F. A homozygous and a heterozygous tumor population for which one allele is amplified 
during treatment.

Figure S2. Continued.
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G. A homozygous and a heterozygous tumor population for which one allele is amplified 
during treatment (different starting percentages compared to Figure S1-F).

H. A heterozygous tumor population and a heterozygous with an amplified alleletumor 
population.

Figure S2. Continued.
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I. A heterozygous tumor population and a tumor population with one allele deleted.

J. A single, sensitive tumor population with one allele amplified after treatment.

Figure S2. Continued.
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