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The basic intuition for SNV detection is to find positions in a sample where sequenced reads
‘significantly differ’ from the reference nucleotide. To measure this difference, we define the
value of mutation frequency (sample_mut_freq), which is determined as the number of the most
common non-reference reads in a given sample, divided by the sample coverage. Low non-zero
values (< 0.1) of sample_mut_freq are more likely due to noise than an actual mutation, thus
the acceptance threshold of sample_mut_freq_min was set as the first filtering parameter. Figure
S5A shows the distribution of sample_mut_freq values for a Mutant 1 starting clone sample for
both test set and non-test set positions. It appears that most test set positions (thus ‘real
mutations’) have mutational frequencies around 0.5. On the other hand, non-test set positions
(false positives) have peaks at both very low and very high frequencies, implying that a cut-off
based on this variable is sensible to eliminate the noise-induced peak at sample_mut_freq ~ 0.

Despite being intuitive, the above approach alone leaves numerous false SNVs (non-test set
positions) among the candidates. The three main sources of false somatic SNVs appearing
throughout analysis are errors during both sequencing and alignment [S1], and also
polymorphisms (SNPs) between the starting genotypes. The elimination of the effects of mostly
random sequencing errors is addressed with the filtering of base quality to values not lower than
30 as described in Supplementary file 2.

Alignment errors and polymorphisms, however, are not expected to occur randomly, but rather
to be present in multiple samples at the same genomic position. Problematic regions for
alignment are usually ones where the reference genome is highly repetitive [S2], and SNPs
appear before the separation of starting clones and their respective treatment afterward,
resulting in shared mutations in differently treated samples. This presents the opportunity to
filter out false SNVs based on the idea that in these positions, multiple samples should be
heterozygous or at least ‘noisy’. To control the maximal noise level that we deem acceptable in
the currently non-selected (‘other’) samples, the other_rnf_min filtering parameter was
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introduced. In practice, this results in discarding all SNV candidates in a given sample, where
in the same genomic position at least one other sample has an rnf that falls below the
other_rnf_min limit.

To demonstrate the validity of setting the other_rnf_min limit, we considered all non-test set
positions where the mutational frequency is high enough in the Mutant 1 starting clone to
indicate a possible mutation (0.25 < sample_mut_freq ≤ 1). These candidates would evidently
not be filtered out using only the sample_mut_freq_min limit, leaving a large set of false
positives among the candidates. We generated a histogram based on the smallest value of
other_rnf in the given position for all non-Mutant 1 samples. The results are shown on Figure
S5B. Non-test set positions with high mutational frequency in the investigated sample tend to
greatly differ from the reference genome in other samples as well. This implies that these
mutations are not unique to only Mutant 1 samples but are also present in some other ones as
well.
The peak at other_rnf ~ 0 consists of positions where the Mutant 1 starting clone is
heterozygous, while some non-Mutant 1 samples (that is, WT samples) are homozygous nonreference. This feature characterizes positions where an LOH event occurred in the WT
genotype. The smaller peak around other_rnf ~ 0.5 is caused by positions where both the Mutant
1 starting clone and some of the WT samples are heterozygous. Both these kinds of positions
should be filtered out when looking for unique SNVs. By applying an other_rnf_min filtering
parameter, as suggested, these SNV candidates are discarded on the basis of being present or
noisy in multiple samples.

Furthermore, nucleotide frequencies are affected by the local sequence coverage, lower
coverage resulting in more positions with higher sample_mut_freq values. On Figure S5C we
plotted both test set and non-test set positions based on sample_mut_freq and sample coverage
(sample_cov). Non-test set positions (that were not discarded by the other_rnf_min filter)
usually fall in the sample_mut_freq ≥ 0.3 range only when the coverage is low. We, therefore,
considered filtering the positions based on minimum requirements for the coverage of the
selected sample (sample_cov_min filter). An implicit coverage filter was also applied to other
samples by ensuring that all investigated samples were covered with at least one read at every
included position.
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Figure S5. A) Distribution of sample_mut_freq values in test set and non-test set positions for a
Mutant 1 starting clone. Test set positions have sample_mut_freq values around 0.5, while non-test
set positions often have a non-zero but still very low mutation frequency (< 0.1). To filter out such
‘noisy’ positions from potential SNV candidates a threshold of sample_mut_freq_min was set. B)
Distribution of the lowest other_rnf values of non-Mutant 1 samples, in non-test set positions where
0.25 < sample_mut_freq ≤ 1 in the Mutant 1 starting clone. C) Plotting sample_cov vs
sample_mut_freq (in the Mutant 1 starting clone sample) for test set (red) and non-test set (blue)
positions. According to previous considerations, positions where at least one non-Mutant 1 sample
had rnf < 0.7 were categorized as possible genotype-specific mutations and thus discarded from this
plot. This is a fairly weak filtering used only for demonstration purposes.
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