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Archival tumor samples represent a rich resource of annotatl specimens for
translational genomics research. However, standard vans calling approaches require
a matched normal sample from the same individual, which is t#n not available
in the retrospective setting, making it dif cult to distinglish between true somatic
variants and individual-specic germline variants. Arckial sections often contain
adjacent normal tissue, but this tissue can include in Itring tumor cells. As existing
comparative somatic variant callers are designed to exclug variants present in the
normal sample, a novel approach is required to leverage adja@nt normal tissue
with in ltrating tumor cells for somatic variant calling. ldre we present lumosVar
2.0, a software package designed to jointly analyze multipl samples from the same
patient, built upon our previous single sample tumor only w#ant caller lumosVar
1.0. The approach assumes that the allelic fraction of somat variants and germline
variants follow different patterns as tumor content and cop number state change.
lumosVar 2.0 estimates allele speci ¢ copy number and tumorsample fractions from
the data, and uses a to model to determine expected allelic &ctions for somatic
and germline variants and to classify variants accordinglylo evaluate the utility of
lumosVar 2.0 to jointly call somatic variants with tumor an@djacent normal samples,
we used a glioblastoma dataset with matched high and low tumo content and
germline whole exome sequencing data (for true somatic vamts) available for each
patient. Both sensitivity and positive predictive value we improved when analyzing
the high tumor and low tumor samples jointly compared to angking the samples
individually orin-silico pooling of the two samples. Finally, we applied this approat
to a set of breast and prostate archival tumor samples for wiesh tumor blocks
containing adjacent normal tissue were available for sequreing. Joint analysis using
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Halperin et al. Joint Somatic Variant Calling

lumosVar 2.0 detected several variants, including known gzer hotspot mutations that
were not detected by standard somatic variant calling toolsising the adjacent tissue as
presumed normal reference. Together, these results demortgate the utility of leveraging
paired tissue samples to improve somatic variant calling wdn a constitutional sample is
not available.

Keywords: cancer genomics, somatic variant calling, next gen eration sequencing, tumor-only sequencing, tumor
exome sequencing, cancer hotspot mutations

INTRODUCTION potential sources of somatic variant contamination when
normal tumor-adjacent tissue is used to identify tumor speci
Somatic mutations often drive cancer initiation and proglies.  somatic variants.
The identi cation of somatic mutations through next genéom When tumor-only sequencing data is available, researchers
sequencing has enabled the identi cation of cancer driwemgs  have developed various analytic strategies to distinguishlies
in individual patient tumor samplesl{-4). There is also ongoing and somatic variants. One obvious rst step to identify sdima
eort to discover new cancer driver mutations, particularly variants in tumor-only sequencing data is to lIter out the
in non-coding regions ). Although sequencing of tumor- germline variants found in population databases. Jones et al.
associated cancer gene panels and exomes is starting to diywed that Itering alone is not su cient, as each individua
adopted in clinical practice to personalize therapy, there isimu typically has an average of 249 private germline variants not
to learn about how mutation status correlates with resporse tfound in the population databases that would be incorrectly
therapy. Clinically annotated archival tissue collectioeygresent  classi ed as somatic in tumor-only sequencirigy. The number
a rich resource for identifying new driver mutations and of private germline variants will vary based on the indivitkia
clarifying how genomic features relate to clinical outc@me ancestry. The private variant rate in a population depends
(6, 7). There are a number of sophisticated approaches fosoth on how well-represented the population is in large scale
distinguishing driver from passenger mutations, but they alsequencing projects, as well as the extent to which the populati
require accurate variant calls as inpu. (n order to accurately has undergone a recent expansion adding to the diversity of
distinguish somatic from germline variant, it is importand t variants (L6). More recently, Kalatskaya et al. published a
have a matched constitutional sample. However, most arthivehachine-learning approach (ISOWN) to classify somatic and
collections do not contain blood samples or other norma|germ|ine variants from tumor-only sequencing dat&’). Their
tissue samples from locations distant to the tumor to use as g@pproach requires a large training set, and performs best when
constitutional reference. Here we present a novel approachtto gthe training and test datasets are from the same cancer type
more accurate somatic variant calls from archival samples. and patient cohort. In the case of rare cancer types and case
Often, histologically normal tissue is available alongsite  studies, obtaining such training sets may not be practicae T
tumor biopsy or resection. For instance, surgeons typicallyariant allele fraction, which is the fraction of reads suptjyay
remove a margin of adjacent normal tissue when resecting @e mutated allele at a given locus, can also help to distinguish
tumor. This normal tissue can be leveraged for DNA sequegiCinsomatic from germline variants in impure tumors; the somatic
to identify germline variants. However, histologicallyrm@l  variants should only be present in the tumor cells, leading to a
tissue may still have detectable molecular alterations &or |ow variant allele fraction, while the germline variants ibbe
variety of reasons. For example, it is dicult to know if the presentin both the tumor and normal cells in the sample, leading
adjacent normal tissue is truly free of inltrating tumor k& to 4 variant allele fraction close to 0.5 for heterozygousavis.
Contamination of the adjacent normal tissue with the tumore, along with several other groups, have previously described
tissue during processing could also confound interpretatiormethods to use the variant allele fractions to distinguistmatic
of the results §). Also, even without in Itrating tumor cells, and germline variants including somVarlus§), PureCN (9),
the adjacent tissue may contain somatic mutations. Fielénd lumosVar 1.0. SomVarlUS assumes that variants with aimil
cancerization, where molecular alterations are obseméidsue allele fractions to common germline variants within a copy
adjacent to the overt cancer, is thought to be an importanhumber segment are germline and those with signi cantly
risk factor for multifocal and recurrent diseasé(f. This di erentallelic fractions are somatic. Both PureCN and lusvar
phenomenon has been observed in many cancer types includingo are conceptually similar in that they explicitly modeldger
breast (1) and prostate 12). Even healthy individuals have copy number states and used the expected allelic fractions
somatic mutations in normal tissues, and the mutation patter of somatic and germline variants to calculate likelihoodatth
tend to be similar to those of the cancers arising from thestie variants are somatic or germline, though they di er in many of
type (L3). Clonal hematopoiesis represents a well-documentethe model details. PureCN explicitly models tumor purity using
example of somatic mutations in a normal tissue. There evethe copy number and germline variant allele fractions, tregti
appears to be positive selection for cancer driver mutationsub-clonal copy number alterations as an exception to the hode
in normal skin (14). Therefore, it is important to consider The lumosVar 1.0 model nds groups of both copy number
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FIGURE 1 | Somatic and germline variant allelic fractions examplg¢A) Two chromosomes are illustrated for this example. Both chnmosomes are present in the
diploid state in the normal cell. In the tumor cell, one chrom&ome is in the diploid state, and the other shows one-copy gai. Blue circles represent somatic variants
on the diploid chromosome, green and red circles represent@ematic variants on the minor and major alleles of the gainedntomosome, respectively. Simulated allelic
fractions of germline variants (brown/tan) and somatic vamts are plotted for a simulated 20% tumor(D), 50% tumor (E) and 80% tumor (F) by chromosome
position. In the 50% tumor example, somatic variants could esily be distinguished from germline on the diploid chromosme, but on the copy number gain
chromosome, the allelic fractions of the somatic variants mthe major allele overlap with the germline variants. By ue both the 20 and 80% tumor samples, the
somatic variants can be separated from the germline variaatby allelic fraction on both the diploid chromosomé&B) and the copy number gain chromosome(C).

alterations and somatic mutations that appear to occur in the Here, we present a new bioinformatics approach (lumosVar
same fraction of cells in the sample, thus treating sub-dlon2.0) that leverages adjacent normal tissue from tumor bigpsie
variants more explicitly and allowing somatic mutations toand permits somatic mutations to be present in the adjacent
inform the estimate of tumor purity. PureCN requires mutatio tissue. Similar to our previous approach (lumosVar 1.0—single
calls as input and only removes variants that do not appeasample-based variant callet)d), we model allelic copy number
diploid in a set of unmatched normal, while lumosVar 1.0 doedo determine the expected allelic fractions for somatic and
its own variant calling and quality Itering, taking into @ount  germline variants as well as incorporate population database
both unmatched normal data and the tumor itself. A majorfrequencies to call variants as somatic or germline. We have
limitation that all of these approaches have in common is thaextended the approach to nd the joint probability of somatic
some combinations of copy number alterations and tumor purityand germline mutations across multiple samples from the same
can lead to considerable overlap in the expected somatic anmhtient. We hypothesize that the patterns of allelic fractions
germline variant allele fractions and greatly reduce theg@otw  across samples of dierent purities will be more informative
detect somatic variant$={gure 1). Thus, there is a need for new than any individual sample in distinguishing somatic from
bioinformatics methods to call germline and somatic vats&an germline variantsKigure 1). To test this hypothesis, we compare
from tumor samples with high sensitivity and precision, even i two approaches (1) jointly calling variants using two samples
the absence of a germline sample. of di erent purities (joint approach) and (2) pooling the two
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samples resulting in one sample with twice the sequencing deptiABLE 1 | Patient characteristics.
and the average of the purities (pooled approach). First, we used
simulations to systematically evaluate the e ects of tumarityu

and copy number states for the two approaches. Next, we looke¥tientid ~ Cancer  Low tumor Low High  Peripheral
at a set of glioblastoma (GBM) patient samples where we have type source & tumor tumor  blood
sequencing data for contrast-enhancing region (CE, higbtfon
of tumor cells) and non-enhancing region (NE, low fractioh o
tumor cells) biopsies, as well as sequencing data from pela'therG

Mean target coverage

GBM-003 GBM NEB 183 387 177
BM-005 GBM NEB 482 404 144

blood samples to establish true somatic calls. Finally, waeppl €8M-006  GBM  NEB a4l 248 115
our method to an archival cohort of breast and prostate sample$&V-008  GBM NEB 203 424 186
where FFPE sections from the tumor biopsies or resections wefBM-009  GBM NEB 199 s87 153
the only tissues available. GBM-014  GBM NEB 223 366 114
GBM-016 GBM NEB 416 376 261
BHHO1 Breast ANWS 255 268 NA
METHODS
BHHO2 Breast  ANMD 296 350  NA
Simulations BHHO3 Breast  ANMD 228 302 NA
We used simulated read count data to systematically dete¥mi BHH04 Breast  ANMD 269 296 NA
how the purity of the two tumor samples, the copy number, andsHHos Breast  ANMD 249 336 NA
the read depth a ect our ability to detect somatic variantseTh gHHoo Breast  ANMD 312 290 NA
simulations were performed as previously describegd),(where  gyu11 Breast ANMD 249 282 NA
the total read depths were drawn frpm alog no_rmal distribatio gyy1s Breast  ANWS 211 323 NA
and the'numlber .Of 'rea(ljs supporting thelr'varlant were drawrgig Breast  ANWS 204 289 NA
from a blnomlgl d|str_|but|c_m with a probab|I|Fy of successtbe 5,1 Breast  ANMD 286 331 NA
expected allelic fraction given the tumor purity and copy numbe .., Breast  ANWS 226 301 NA
state. We simulated 1,000 somatic variants and 10,000 iperml BHH24 Breast  ANWS 229 297 NA
heterozygous variants for each coverage level and copy rrumbBeHst Breast  ANWS 78 75 NA
state. To evaluate how the joint calling approach comparesdo th
. . BHP26 Breast ANMD 301 291 NA
single sample approach, we added the read depths of each pair 0
. .. BHH27 Breast ANWS 236 328 NA
simulated tumor samples used jointly.
BHH28 Breast  ANWS 275 264  NA
Evaluatlon Dataset BHHO8 Breast ANWS 286 288 NA
A set of previously collected and de-identi ed whole exomePHH18 Breast  ANWS 287 261 NA
data from seven recurrent GBM patients was used to evaluaf!H20 Breast ~ ANWS 185 326 NA
the approach Table 1). Each patient dataset contained exomeBHH23 Breast ~ ANWS 213 243 NA
sequencing data for CE biopsies (high tumor content), NEiHPO1 Prostate  ANWS 202 216 NA
biopsies (low tumor content), and peripheral blood (germline) HHP02 Prostate ~ ANWS 206 221 NA
The acquisition and sequencing of these samples was performedro3 Prostate  ANWS 261 184  NA
following IRB approval and patient informed consent, asHHPo4 Prostate  ANWS 312 241 NA
previously described?(). The consensus of three comparativeHnpros Prostate  ANWS 247 232 NA
somatic variant callers [seurét]), strelka £2), and mutect23)]  nupPos Prostate  ANWS 294 214 NA
using the CE samples as tumor and the peripheral blood a$4pg7 Prostate  ANWS 265 254 NA
normal was used to de ne the true somatic variants. Variant$pos Prostate  ANWS 287 247 NA
called by only one of the three somatic variant callers were n ;54 Prostate  ANWS 302 298 NA
Ic:ounted astrue p?jltlvﬁs or.true nﬁgatlves in t?efeval(t;gﬁo;ce HHP10 Prostate  ANWS 328 977 NA
umosIVars.(zt(;]OL: ca V?;Ir?ntSt |ath\tI|$re only (;un int EN HHP11 Prostate  ANWS 329 274 NA
samples, but that was not the goal of the evaluation, we afso r brostate ANWS 938 239 NA
the three paired somatic variant callers using the NE samples as
. HHP13 Prostate ANWS 299 285 NA
the tumor and the blood as the normal, and excluded variants brosiate | ANWS 260 o6 A
. . rostate
detected in only the NE samples from the evaluation. In order t °
evaluate the bene t of jointly calling high tumor and low ton ~ "H71¢ Prostate  ANWS 363 330 NA
content samples compared to our prior single sample tumor only'*"*’ Prostate  ANWS 255 316 NA
approach, we merged the bam les from the CE and NE sample§HP18 Prostate  ANWS 224 258 NA
and also called variants on these merged bams using lumosVa#F19 Prostate  ANWS 241 281 NA
2.0. We call the lumosVar 2.0 analysis of the merged CE arftP20 Prostate  ANWS 208 307 NA
NE bams the pooled approach. In order to compare our resultsHP21 Prostate  ANWS 213 263 NA

to what one would expect from using germline snp databaseg_, non-enhancing biopsy:

. . . A ANWS, adjacent normal whole slide; ANMD, atjent
to classify variants as somatic or germline, we used dbSMPV1,rmal macrodissected.
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(24), after excluding snps where the allele of origin was aneatat Other Variant Calling Approaches

as somatic. We determined the number of likely germlineefals Two other variant calling approaches were applied to the archival
positives based on the number of heterozygous variantsidajle samples for comparison. The rst approach, called unmatched
GATK HaplotypeCaller Z5) that were not found in the somatic plus Itering (UPF) used the high tumor content samples as the
excluded dbSNP set, and the number of somatic false negativieimor and an unmatched normal (GM12878) as the normal in

based on the number of true somatic variants found in thethe paired somatic variant callers (mutect, strelka, andatgu

somatic excluded dbSNP set. dbSNP and COSMIC were used to classify variants as somatic or
o ) germline. Variants that were called by at least two of the¢hr
Application to Archival Sample Sets paired somatic variant callers (or two out of two for indelisice

De-identi ed FFPE tissue sections, clinical data, and platlpp mutect does not call indels) and were not present in dbSNP
data were acquired for 20 breast cancer patients and 2@ were present in dbSNP and also present in COSMIC were
prostate cancer patients from HonorHealth Scottsdale Shezpnsidered somatic calls in the UPF approach. In the second
Medical Center, in accordance with local institutional ®wi  approach, called adjacent normal as reference (ANR), the high
boards and in compliance with the Health Insurance Portapili tumor content sample was used as the tumor sample and the
and Accountability Act (HIPAA) Table ). Prostate cancer adjacent normal sample was used as the normal in the paired
specimens were collected under IRB approved protocol witeomatic variant callers (mutect, strelka, and seurat).iavds
45 CFR 46.111 (d) exemption; breast cancer specimens weaalled by at least two out of the three paired somatic variant
collected under IRB approved protocol including patientcallers were considered somatic calls in the ANR approach.
informed consent per institutional policy and procedures.
Retrospective analysis was performed using archival sampl¥@riant Caller Overview
from treatment-naive, invasive breast carcinomas or tremit-  We previously created a single-sample strategy (lumosVar 1.0)
naive prostate adenocarcinomas. to call somatic variants in impure tumor samples based on the
Breast tumors were collected following routine clinicaldi erences in allelic frequency between the somatic and dieen
lumpectomy or mastectomy, from women diagnosed with ERvariants (L6). Here, we describe an extension of lumosVar 1.0
positive, invasive mammary carcinoma between 2010 and 2016 jointly analyze multiple samples from the same patient. The
at HonorHealth Scottsdale. Median age of diagnosis was 86mosVar 2.0 analysis has seven main stedfigufe 2). First,
years and ranged from 39 to 86 years. All tumors were set of unmatched control samples is analyzed for position
classi ed by pathology as estrogen receptor-positive. Narete quality scores and average read depth, as previously described
of the twenty tumors were classi ed as HER2-negative. Th€lL6). Second, read counts and quality metrics are extracted fro
breast tumor cohort spanned AJCC stages (IA-1V). Prostatéhe tumor bams. Third, quality scores are calculated forheac
tumors were collected following radical prostatectomy faerm candidate variant position. Fourth, segmentation is perfedio
diagnosed with prostate adenocarcinoma between 2012 ar@ 20de ne regions that have similar tumor/normal read depth i
at HonorHealth Scottsdale. Median age of diagnosis was 68,yeaand B-allele fractions. The fth step involves nding the rsio
ranging from 57 to 74 years. Eighteen of the twenty tumordikely allele-speci c copy number state for each segment. The
had a Gleason score of seven or greater. ER/PR/HER2 stasisth step involves classifying each candidate variant iposits
(breast tumors), Gleason score (prostate tumors), histoddg somatic, germline heterozygous, or homozygous. The ng ste
type, tumor stage, treatment history, and clinical outcomeegntails optimization of the model parameters. The callerates
including progression-free survival and overall survivagre between steps ve, six, and seven until the solution conwerge
collected from medical records and the de-identi ed dataswa Model input parameters and notation are shownTiables 2 3.
provided for this study. Pathology review (JN) identi ed astie
block with high tumor content and a tissue block with a regionQuality Classi cation and Filtering
considered to have low tumor content for each patient. Five 10We used 16 quality metrics in a quadratic discriminant model
micron sections were provided for each sample (5 high tumoto determine the posterior probability that each position bejen
content; 5 low tumor content). The Qiagen GeneRead FFPE DN#o a PASS group, as was previously used in lumosVar 1.0. The
Kit (cat# 180134) was used to isolate DNA from FFPE breastame quality metrics and thresholds are used in lumosVar 2.0 as
and prostate cancer tumor specimen$ D 80) following the were used in lumosVar 1.0 to assign candidate variant postion
manufacturer's protocol. to PASS and REJECT training grouds), As previously, here
Exome libraries were constructed from 200 ng of DNA (DINwe also t the model separately on candidate indel and point
D 3-5) using KAPA Biosystems' Hyper Prep Kit (cat#KK8504)mutation positions. Since the quality metrics for the B allate
and the same bait set that was used in the evaluationot relevant for homozygous positions, after the joint vatian
dataset, following the manufacturer's protocols. The bait s calling is performed as described below, we repeat the quality
included Agilent's SureSelectXT V5 baits plus custom cdnterclassi cation step tting homozygous positions separatelieaf
including copy number probes distributed across the entiresetting all the quality metrics to only use the “A’ allele antlisg
genome, along with additional probes targeting tumor suppess the di erence metrics to zero. The model is t independently
genes and genes involved in common cancer translocations tm each sample, and then we calculate a trust score by taking
enable structural analysis. Libraries were equimolarly @dol the geometric mean of the posterior probability of belonging to
quantitated, and sequenced by synthesis on the llluminaeHliS the PASS group weighted by the number of reads supporting the
4000 for paired 82 bp reads. variant across the samples. Candidate positions with a trusésco
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Model Parameters

FIGURE 2 | Overview of lumosVar 2.0 analysis. The ow-chart on the lefttiow the main steps in the analysis. Steps 0.1 and 0.2 are dataeparation, and steps 1-7
are performed by lumosVar 2.0. The graph on the right illusites the main inputs and outputs of each step. The color of therrows coming from each box indicates
the steps where that data is used as input, and the color of eals box indicates the step where the data is generated.

greater than a threshold ks9 are considered for classi cation Expectation Maximization
as somatic or germline variants as described in the jointatitn We use an expectation maximization approach to t the model
variant calling section below. parameters and call variants. In the initial iteration, histics
are used to nd reasonable values of the model parameters. In

. the expectation step, the model parameters are used to identify
Segmentatlon ) ~somatic and germline heterozygous variant positions. |dini
Prior to tting the copy number model, segmentation is {hese variant positions involves nding the copy number staties
performed. We use the circular binary segmentation algonith ¢5ch segment, joint variant type classi cation, and variaraliy
implemented in the Matlab Bioinformatics toolbox to segment ltering, all as described below. Using those variant posision

both the tumor to normal read depth log2 ratio of each exong|yes of the model parameters that maximize the likelinood of
and the B-allele frequencies of common heterozygous vi&ian ipe data are found.

Segmentation is performed independently on each sample. We

combine all of the segmentation boundaries from all of the

samples for both the read depth log2 ratio and B-allele frequen Initial Parameter Values

segmentation, and then remove non-signi cant segments ashe parameter f is a matrix with the number of rows
follows. A two-sample-test is used to compare each pair of corresponding to the number of clonal variant groups (K) and
adjacent segments for both the read depth log2 ratios and the Bhe number of columns corresponding the number of samples (J).
allele fractions for each sample. For each segmentationdsoyn  The initial value of f is set such that there is a main clonalatr

the geometric mean is used to combine fw@alues across the group that has a high sample fraction in all samples, there are J
samples and data types. The segmentation boundary with treonal variant groups that are clonal in each sample and loweén th
highest geometric meap-value is removed, and thietests are other samples, and there are another J clonal variant groups that
then performed on the newly merged segment with its neighborsare sub-clonal in each sample and very low in the other samples.
This process is continued until of the segmentation bounesiri The centering and spread parameters (C and W) are both vectors
have geometric mearp-values less than the segmentationof length J, and their initial values are determined as presiyp
signi cance threshold ( seg. described 16).
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TABLE 2 | Parameters and default values.

Parameter Default value or source Description
f 0.1,0.7 Vector of length J of initial sample fractions. Defat assumes two samples, with low
and high tumor content.
15 Determines shape of prior distribution ofl. f
NDO)... ND3), (N 5) 0.01,0.25,0.3,0.2,0.15,0.09 Copy Number Priors
MDO0), MD1), (M 2 0.25,0.5,0.25 Minor Allele Copy Number Priors
seg 1E-5 Segmentation signi cance cutoff
! COSMIC Number of cancer variants observed at the position
Fa, F8 1,000 Genomes and Exac Population Allele Frequencies
SNV, indel 1E-5, 1E-6 Constant for calculating prior somatic
Fp snv, Fp indel 1E-5, 1E-6 Population allele frequencies assigned to alks not seen in input population
Fmax somatic 2E-5 Maximum population allele frequency to be considered aossible somatic variant
Q%n 10 Minimum mapping quality to count read
QPnin 5 Minimum base quality to count base
T pass 0.8 Minimum posterior probability of belonging to the PASS @up to be called pass
T Somatic 0.8 Minimum posterior probability of variant is somatic to & called somatic
T Germline 0.8 Minimum posterior probability of variant is germline tbe called germline
3 Number of parameter tting iterations without new global miimum before stopping
5 Weight of penalty for adding clonal variant group
1
Copy Number State Assignments _ JK
The copy number state of each segment (g) may be described by 1fe Lz —

the total copy number (ly), the minor allele copy number (i),
and the index of clonal variant group of the segmenry)(krhe
values of N, Mg, and k; are found that maximize a sum of log In order to more e ciently search the parameter space, we
likelihoods for the segment (Sk). use the parameter values from the previous EM iteration (or
the initial values in the rst iteration) as the starting pdifor
Ng,Mg, kg D argmax SLlg the parameter optimization. Since the heuristic used to nd

This sum includes the likelihoods of the exon mean readh€ initial value of C may be incorrect, particularly for high
counts (L), heterozygous variant read countsyjjl. number ploidy genomes, other values of the centering parameter are
of common germline variant positions that would be calleg!SC tested, and the best one is used as a starting point for
germline heterozygous ¢,q) or somatic (z,g), as well as the optimization of all parameters. In order to nd a reasonable

prior probabilities of the copy number statgs (N), p (M)) and starting point for adding an additional clonal variant groupgw
sample fraction di erence 1 T use the previous f matrix and test a set of random values for
kg

the additional column. We use the best one as the starting point

X 1 X x for optimizing all of the parameters. If the maximum likelihood
SLlyg D ) — ° Jog ( .Ny/Ly) score improves, the procedure is repeated with an additional
D1 X xD1 X . . . . .
9 clonal variant group. This process continues until adding aalo
c - S log( 1T My/Lyj) variant group fails to improve the likelihood score. Sinceiadd
Yg Y01 a clonal variant group may make a previous clonal variant group
dg less important to the model, we also test removing each clonal
C N log (Lvgglzyg) variant group, and then do another round of optimization of all
o ) parameters. If this results in a new maximum, then the procedur
The likelihood calculations are de ned below. will be repeated removing another clonal variant group. Once

removing clonal variant groups no longer improves the model,
the procedure returns to re-centering. The re-centeringliad

- ) ) "lonal variant groups, and removing clonal variant groups
(.)f gegment log .“ke“hOOdS (Sk)- and somatlg variant log- is repeated until there arex consecutive iterations with no
likelihoods (L;). Since the number of clonal variant groups (K) new maximum found

changes the degrees of freedom of the model, as fis a J by K
matrix, we include a penalty term for increasing K. Likelihood Calculations

Parameter Fitting Procedure
The values of f, W, and C are found that maximize the su

0)@ 1 As in lumosVar 1.0, the likelihood of the exon mean read
f,W,C D argmax@ SLlgC = log 1 Ly depths are modeled as a Poisson distribution, and the somatic
g1 z D1 and germline heterozygous read counts are modeled as beta
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TABLE 3 | Parameters and notation.

Variable

Descriptions

INPUTS TO MODEL

RT, Rp
Re

Ps: PAB:
Paa

Q. QF
o

« X O N < X

«Q

Total tumor read depth, B allele read depth
Mean read depth of unmatched normals

prior probability of somatic, germline heterozygous, geriine
homozygous variant

Mean mapping quality of reads supporting the A or B allele
Mean base quality of bases supporting B allele

Total number of exons,

Number of heterozygous germline variants

Number of somatic variants

Number of segments

Number of clonal variant groups

Number of samples from the patient

Number of bases within the bed le in segment g

Number of bases within the bed le with min £ 5 F g)>

Fmax somatic

PARAMETERS FIT IN MAXIMIZATION

fik fraction of cells in the sample j with the variants in clone k

C centering parameter

W controls the spread of the allelic fraction distributions

INTERMEDIATE VARIABLES

N total copy number

M minor allele copy number

08,06 expected allele fraction of somatic or germline variant

Is, i Index of clonal subset containing somatic variant or copy nutver
variant

A Allele of somatic variant (A 1 for allele AD 2 for minor allele)

XCNA Number of copy number altered exons

OTHER NOTATION

Gaa, Germline homozygous or heterozygous genotype

Gas

(¢] Other genotype beside somatic, germline homozygous AA, or
germline heterozygous AB

U Unknown genotype due to poor mapping

k Index of clonal subset {1, 2, ..., K}

g Index of segment {1, 2, ..., G}

z Index of somatic variant {1, 2, ..., Z}

y Index of heterozygous variant {1, 2, ..., Y}

X Index of exon {1, 2, ..., X}

binomial distributions.

ij C, ijij, Rex

D poissoy; round Rryj ,

Ly C.f, WijRayj, Rryj

. . ) ) G G

sz Cf :Wj RBij Rsz

i i ) . S S

The expected germline heterozygous variant allele fracigon
determined as follows.

fjkgMQC 1 fjkg

T fNgC2 1
lumosVar 2.0 considers three possible scenarios when ntlieg
expected somatic variant allele fraction: (1) variant igie same
clonal variant group as the copy number alteration e ecting th
segmentand is onthe minorallelef kg A; 1), (2) variant
is in the same clonal variant group as the copy number altenati

e ecting the segment and is on the major allekgj( kg™ Az
2), or (3) variant is in a non-copy number altered clonal vatian
group (Kzj 6DKg;).
8
E kzj kgj’\ AZ l, fjkMg = fjkNg c?2 1 fjk
;SD Kz Kgi™ Az 2, fix Ng Mg =fxNgC2 1 fj

kzj 6D<gj, fjkz = fjnggC 2 1 fjkg

The maximum likelihood is used to determine the clonal variant
group assignment and allele of each somatic variant.

0 1

XJ
kz,A; Dargmax@ LA

iD1

The probability of detecting a heterozygous variant in each
segment is calculated based on the cumulative probability of
observing at least the minimum number of reads required to be
considered a candidate variant positiors(Rnin), given the mean
read depth in the segment {fRand the expected allele fraction of

a heterozygous variant in that segmenj‘gq.

Phet jg D binomiakms Rg min, Rrj, jg

In order to determine if parameter values would result in
reasonable variant counts, the variant type classication is
performed at common germline variant positions. The likelihood
of detecting fewer than the observed number of heterozygous
variants in a segment @) is modeled as the cumulative
probability from a binomial distribution with Yg successes,
the number of bases examined in the segmeéng), and Phet
probability of success.

Lydg (W,ijg) D binomial.ys ng,! dgr Phet ig

In order to penalize models that would result in germline
variants being called somatic, we then determine the liloeldhof
nding that many or more somatic variants in germline varian
positions based on the cumulative probability from a binomial
distribution with Zy4 somatic variants detected ofjy database
variant positions tested, with a probability of successgyfy.

Lzyq (C, W, fjZgg) D binomiakmt Zgg,! dg snv
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In lumosVar 1.0, we set a prior distribution on fin orderto fav.  RESULTS
models where the sample fractions are close to what is expect@imulaﬂons_ Comparison Between Pooled

In lumosVar 2.0, we set a prior distribution on the di erence in . ) P

f across the samples to favor models where the sample fractioA§1d Joint Approaches

di er as much or more than the expected sample fractions. Théimulations were performed to determine how the tumor purity

mean di erence is found for prior tumor sample fractions () ~and copy number states aect the power to detect somatic
as follows: variants in the joint approach, and how the power compares

to the pooled approach. As previously shown, the pooled single
X1 sample approach performs best with a sample of intermediate
1T D 1 abs(f, f)C tumor purity for variants in diploid regions, but copy number
J variation leads to situations where the expected somatic and
germline allele fractions are very similar, making it di &u
to classify somatic variants using a single samfil@. (From
ghe simulation results, we can see that the joint approach
mitigates this limitation, and only provides poor detectiohen
both samples fall into a range where the expected somatic
and germline allele fractions are very simildtfigure 3. The

iD1 jDiC1

The mean di erence of the sample fractions for each clone i
found similarly.

_ X1 x joint approach generally only requires low-to-moderate cogera
1D — abs(fik  fik) C when one sample has low tumor content and the other sample
iD1jDiC1 has moderate-to-high tumor content.

The prior probability that the sample fractions for each cIoneClr?lnaLvar'alnt GI‘OlfpS . . | .
have a mean di erence as much as or greater than observed {{hile the single sample version of lumosVar also assigned

calculated from a beta distribution with a mode of the di e SCMatic mutations and copy number alterations to clonal
in the prior tumor sample fractions variant groups, these clonal variant groups become much more

informative when looking at more than one patient sample. An
I example patients results are shownHigure 4 There are three
1 clonal variant groups found in this patient, one that appears
1F C2 clonal in both samples (blue), one that appears sub-clonal in
the enhancing biopsy and not detected in the non-enhancing
biopsy (red), and one that appears clonal in the non-enhancing
Joint Variant Type Classi cation biopsy and sub-clonal in the enhancing biopsy (green). From
The probability of observing the read counts in each sampléhese clonal variant groups, we can infer that the blue and red
(k) given that the variant is somatic (P ([5)), germline variants are likely found in the same cells because their sampl
heterozygous (P (JdGag)), germline homozygous (P (0Gaa)),  fractions in the CE sample would add up *0100%. However, it
or another genotype (P (BO)) are calculated as previously is not possible to de nitively determine from these data whath
described. The prior probabilities are also calculated asgusly  the blue and green variants are found in the same cells. The blue
described {6). The product of the conditional probabilities variants may be “trunk” mutations found in all of the tumor
across the set of samples gives the joint probability of eatéinta  cells, which would imply that roughly 65% of the cells in the
type, given all the samples' data, as we assume that the reatscouNE sample, and 20% of the cells in the CE sample are normal
for each sample are independent. The posterior probability thatells. It is also possible that blue and green variants aredfoun
a position has a somatic variant given all the samples' data is di erent sets of tumor cells, implying that roughly 35% of
calculated as shown below. cells in the NE sample, and 5% of the cells in the CE sample

Q

1 E D betags lﬁ. )

J
ip1P Dj Sps
P.9D/ D @ ) Q7 ) Q3 ) Q3 ,
leP DJ Gaa anC lep DJ GaB pABC lep DJ S SC leP DJ O Po

Implementation and Availability are normal cells, highlighting the di culty of inferring cloality

A custom pileup engine was written in C using htslib (https://and tumor evolution from a small number of tumor samples.
github.com/tgen/gvm). The pileup engine extracts the meahis patient also illustrates why the joint calling approach is
exon read depths and calculates the quality scores form thevantageous to detect somatic variants if the germlineneas
unmatched control bams, as well as extracts the read comdtts aavailable. With only the enhancing sample, the blue variants
quality metrics from the tumor bams. The rest of the lumosVarwould be di cult to di erentiate from the germline variantslf

2.0 analysis was written in Matlab (https://github.comfige the non-enhancing sample were used as a reference in standard
lumosVar2). A precompiled binary is provided which enablegpaired somatic variant calling, only the red variants woulely
users to run lumosVar 2.0 without a Matlab license. be detected.
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FIGURE 3 | Simulation results comparing pooled and joint approachesTop row of graphs shows the expected allele frequency of somiic (red) and germline variants
(black) by tumor content (x-axis) for different copy numbestates. The middle two rows of graphs are based on simulatiomesults using a mean coverage of 200X per
sample (400X pooled). They show the false negative rate (FNRsimulated somatic variants not called somatic) and falsegsitive rate (FPR—simulated germline
heterozygous variants falsely called somatic) plotted by ean tumor content for the pooled (black triangles) and joinfcolored circles) approaches. For the joint
approach, the color of the circles represents the differene in tumor content between the two samples analyzed jointlyThe bottom set of graphs shows the coverage
required to detect at least 80% of the simulated somatic vaaints using two samples of different tumor content (shown ontte x and y axis) using a joint approach
(lower triangle of each heatmap) or using a single-sample @poach on a merged sample with a tumor content that is the aveage of the two samples and coverage
that is the sum of the two samples (upper triangle of heatmap)rhe color indicates the mean target coverage in the pooled@gproach, or the sum of the mean target
coverage in the two-sample joint approach. Black squares idicate that < 80% of the somatic variants were detected at the highest coveage simulated (6400X).

Evaluation: Real Patients variant calling. We nd that the lItering approach consistently
To evaluate lumosVar 2.0 on real data, recurrent glioblastomhas better sensitivity, but much lower precision, and lower F1
patients that had whole exome sequencing data availablevtor t scores (harmonic mean of sensitivity and precision) than both
samples of di erent tumor contents (from contrast enhancingthe pooled and joint analyse3dble 4. This is consistent with
and non-enhancing biopsies), as well as germline sequedatiag our previous ndings that private germline variants result én
(from peripheral blood), were identi edTable 1). Three variant high number of false positives using a Itering approadl)( In
calling approaches were compared: (1) A ltering approachmost of the samples, we nd modestimprovements in sensitivity,
where heterozygous germline variants not found in dboSNRewerprecision, and F1 scores in the joint approach compared to
considered false positives, and somatic variants found BINI®  the pooled. From the simulations, we would have expected
were considered false negatives, (2) a pooled approach wheoesee similar precision and more consistent improvements in
the data for the high tumor content and low tumor content sensitivity. In order to more carefully evaluate where tbm
samples are combined-silicg and (3) joint analysis of the paired approach and pooled approach are performing dierently in
high tumor content and low tumor content samples. Both thedetecting variants, we examined the sample fractions oawsi
pooled and joint approaches use the lumosVar 2.0 software fahat are true positives, false positives, and false negatives in
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FIGURE 4 | brown dots represent variants called as germline heterozyaus by lumosVar 2.0 and the large colored dots represent vaants called somatic by lumosVar
2.0. (D) Summary of the clonal variant group patterns. The thicknesef the lines represents the proportion of copy humber eventsissigned to each group and the
size of each circle is proportional to the number mutations ssigned to each group. (E) Sample fraction (estimated proportion of cells in the samplcontaining the
variant) distribution of somatic mutations(F) Number of exons determined to be in each copy number state, eduding diploid. (G) Number of somatic mutations
detected in both samples (left bar), enhancing only (middlear), and non-enhancing only (right bar). On all plots, theotors indicate the clonal variant group.

TABLE 4 | Evaluation results.

TPR PPV F1

Patient True somatic Filt Pool Joint Filt Pool Joint Filt Pool Joint
GBM-003 256 0.95 0.65 0.61 0.34 0.81 0.91 0.50 0.72 0.73
GBM-005 179 1.00 0.66 0.87 0.22 0.80 0.94 0.36 0.72 0.90
GBM-006 150 0.85 0.45 0.61 0.16 0.70 0.83 0.27 0.54 0.70
GBM-008 212 1.00 0.76 0.83 0.31 0.83 0.96 0.47 0.80 0.89
GBM-009 179 0.99 0.77 0.81 0.25 0.72 0.95 0.40 0.74 0.88
GBM-014 285 0.90 0.52 0.44 0.36 0.77 0.73 0.52 0.62 0.55
GBM-016 301 0.85 0.70 0.77 0.30 0.84 0.91 0.44 0.77 0.84

The number of true somatic variants found in each patient, as well as theensitivity (TPR), precision (PPV), and F1 score are shown for the lteg (Filt), single sample (Pool), and
lumosVar 2.0 (Joint) approaches.

each approachHigure 5. We nd that the pooled approach were detected in the adjacent normal sample (median of
has more false positive variants that have similar alledictfons  98%). For the patients where adjacent histologically normal
in the CE and NE biopsies. We hypothesize that these variantssue was obtained from separate slides, most patients still
have unexpected allelic fractions due to mapping noise or copyad some somatic variants detected in the normal tissue
number call errors that would not be modeled in the simulagon (median 35%fFigure 6).

The joint approach is better at avoiding these calls, as the We also analyzed the archival tissue using two additional
allelic fractions do not t the patterns of the clonal variant approaches: (1) a ltering strategy where standard somatic
groups found in the patient. However, the joint approach alsovariant calling tools were used against an unmatched reéeren
misses some true somatic variants that do not t the pattern§GM12878), and variants found in dbSNP were excluded as likely
of clonal variant groups found in the patient, such as a segermline, referred to as the unmatched plus ltering approach
of lower sample fraction variants in GBM-003. GBM-014 is(UPF), and (2) a strategy that used the tumor adjacent normal
the only patient where the pooled approach outperforms thesample as the normal reference in standard somatic variant
joint approach. This patient also appears to have the smallestlling tools, referred to as the adjacent normal as refegen
di erence in tumor content between the two biopsies as well agpproach (ANR). In both cases the same three paired somatic
the most complex copy number pro le of this set of patientsvariant calling tools (mutect, seurat, and strelka) wereduse
(Supplemental Figure ), both factors that likely contribute to and variants were considered positive if they were called by at

the poor performance. least two callers. While the adjacent normal tissue wastegle
based on histology, we do not expect it to be free of molecular
Application to Archival Samples alterations due to potential contamination, eld cancetioa,

We applied our methods to archival breast cancer andr tissue speci c mutational processes. We include the ANR
prostate samples, where only FFPE tissue sections frostrategy for comparison, as it is a commonly used strategy when
biopsies or surgical tumor resections were available. Fgintei other constitutional tissue is not availablg).( Using the UPF

of the breast cancer patients, whole slides with adjacemstrategy, we found that most of the variants called using the
histologically normal tissue were not available or did nawve ltering strategy have variant allele fractions around 50both

su cient DNA vyield, so adjacent normal areas were macro-the low- and high-tumor-content samples, suggesting thastmo
dissected from tumor-containing slides. For the remainingare private germline variants. Using the ANR approach, we only
patients, DNA was isolated from whole slides from additionalidenti ed variants with allele fractions in the adjacent rmaal
FFPE blocks containing adjacent histologically normasues Ssample that were at or very close to zero. The variants called by
(Table 1). For two breast cancer cases (BHH02, BHH27), théumosVar 2.0 generally have higher allele fractions in thedu
additional “low tumor” blocks were from the contralateradast samples and low allele fractions in the adjacent normal samples
following double mastectomy, though BHHO2 was one of theas expectedHjgure 7).

eight patients that required macro-dissections of the tumor In order to compare the ability of the three approaches
containing slide to get su cient DNA for the adjacent normal to detect likely drivers, mutations called by any of the
sequencing. Where macro-dissection was used to obtain tlibree approaches were compared against the Cancer Hotspots
normal tissue samples, most of the somatic variants calledatabase, which reports recurrent mutations in 11,119 tumor
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FIGURE 5 | Comparison of variants called in pooled vs. joint approachThe rst column of graphs shows the estimated sample fractios of true somatic variants that
were detected by both the pooled and joint approaches. The veants are colored by clonal variant groups. The other threeolumns show the sample fractions of
variants that were called incorrectly only in the pooled appach (column 2), only in the joint approach (column 3), or @orrectly in both approaches (column 4). False
positives variants are shown in magenta and false negatives cyan.
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FIGURE 6 | Clonal patterns and variant counts detected by lumosVar 2.@n the archival dataset. The top half of each plot shows the sumary of the clonal variant
group patterns for each patient. Each line represents a claa variant group and the thickness of the lines represents thproportion of copy number events assigned
(Continued)
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FIGURE 6 | to each group and the size of each circle is proportional to ta number mutations assigned to each group. The bottom half oéach plot shows the
number of somatic variants detected in the adjacent normalAN) and tumor (T) samples, with the colors corresponding thelonal variant groups. The 8 patients in the
top row had the adjacent normal tissue macrodissected fromumor containing slides and these patients typically have miilar number of variants detected in the
tumor and adjacent normal.

TABLE 5 | Hotspot mutation detection.

Patient Gene AA change AD AN (AF) 2 AD TM (AF)P LVJ ANR CHL® Cosmic count
BHHO1 PIK3CA H1047R 473,9 (0.02) 378,201 (0.35) Yes LQE 3 1,806
HHP13 PIK3CA E545K 332,0 (0) 195,11 (0.05) No Yes 3 332
BHHO6 AKT1 E17K 121,23 (0.16) 151,62 (0.29) Yes No 3 295
BHH24 AKT1 E17K 123,1 (0.01) 118,60 (0.34) Yes Yes 3 295
BHH28 PIK3CA H1047L 417,0 (0) 348,81 (0.19) Yes Yes 3 262
HHP19 TP53 G245S 186,1 (0.01) 61,76 (0.55) Yes Yes 3 81
BHH18 PIK3CA Q546E 201,16 (0.07) 164,38 (0.19) Yes No 3 3
BHH18 PIK3CA G106R 127,8 (0.06) 96,19 (0.17) Yes No 3 2
BHH25 PIK3CA E726K 269,0 (0) 268,17 (0.06) No Yes 2 31
BHH25 SF3B1 K666E 210,0 (0) 122,46 (0.27) Yes Yes 2 19

aAllelic depth of reads supporting the reference, alternate alleles ingtadjacent normal sample.
b Tumor sample.

¢Cancer hotspots database validation level (Cancer Hotspots).

dCalled by one of three paired somatic variant callers (strelka).

samples (Cancer Hotspdjs A total of 28 hotspot mutations method that leverages tumor-adjacent normal tissue, and is
were called including eight mutations witin vitro or in  robust to signi cant levels of tumor contamination. Simtitan
vivo validation (level-3), two mutations detected in the Cancerstudies suggest that a multi-sample approach should be more
Hotspots dataset that were previously reported (level-2), andowerful than a single-sample approach, even if there is a small
eighteen mutations that were novel in the Cancer Hotspotsli erence in tumor content between the two samples. Evaluatio
dataset (level-1). Of the ten level-3 and level-2 mutatiaals of a set of GBM samples with low tumor content (from NE
were called in the UPF approach, lumosVar 2.0 joint analysibiopsies) and high tumor content (from CE resections) further
called eight, and only six were called in the ANR approactiemonstrates the sensitivity and precision of the joint apphoac
(Table 5. The two level-2 and level-3 mutations missed byPractical application of this approach to a set of FFPE breast
lumosVar 2.0 had low allele fractions in the tumor sample (5-and prostate samples shows the feasibility of this approach with
6%) and were not detected in the adjacent tissue, while thigpical archival samples.

four level-3 hotspots variants missed by the ANR approach While the approach described here represents an
had moderate allele fraction in the tumor (17-35%) and lowimprovement over other tumor only somatic variant calling
allele fractions in the adjacent tissue (2-16%). Seventéen approaches, we believe it is best to sequence a true constaditio
the eighteen level-1 hotspots were called only in the UPBample when feasible as the sensitivity of our approach is
approach, and these tended to have similar allele fractions istill limited compared to standard paired somatic variant
the tumor and adjacent normal samples. These include thealling. However, there are many open questions in precision
same APOBR mutation called in 13 patients, and the samencology that can only be answered by collecting large ansunt
DHRS4 mutation called in four patientS@pplemental Table L~ of patient genomic data linked to treatment response and
Putative mutations that are common within a dataset, but notlinical outcomes. For example, many factors may contribute
known to be common in cancer, are suggestive of alignmerib patient response to a targeted therapy, including the
artifacts ¢6). Both the UPF approach and lumosVar 2.0 detecteghresence of other aberrations aecting the same pathway,
the eighteenth level-1 hotspot which was a CDH3 truncatingberrations aecting alternative pathways, and sub-clonal
mutations with high allele fractions in the tumor and low ihé  resistance mutations. Banks of archival samples show great

adjacent normal. potential to accelerate research predicting treatment resppon
as medium- and long-term outcomes may already be known.
DISCUSSION The approach outlined here should enable researchers to

use archival samples more e ectively, as accurately calling
Detecting somatic mutations when a normal tissue sample igomatic variants is the rst step in any analysis to answehsuc

not available remains a challenging problem. We present @fitical questions.
A complex relationship exists between tumor heterogeneity

Lavailable at: http://cancerhotspots.org/#/home [Accessecebier 15,2017]  and clinical outcome, with moderately heterogeneous tusnor
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FIGURE 7 | Comparison of allelic fractions of variants in archival daset by calling method. For each of the breast and prostate péents, the allele fractions in the
tumor sample are plotted for the variants detected in each othe three approaches. The color of each point indicates the liele fraction of the variant in the adjacent
(Continued)

Frontiers in Oncology | www.frontiersin.org 16 March 2019 | Volume 9 | Article 119



Halperin et al. Joint Somatic Variant Calling

FIGURE 7 | normal sample. Most of the variants detected in the adjacenhormal as reference approach, but not lumosVar 2.0 joint arlgsis (ANR NOT LVJ), have lo
allele fractions in both the tumor and the adjacent normal. fle variants detected by lumosVar 2.0 joint analysis, but nadjacent normal as reference approach (LVJ
NOT ANR) typically have higher allele fractions in the tumand lower allele fractions in the adjacent normal, thoughuosVar 2.0 joint analysis also detects some
variants that are lower allele fraction in the tumor and higi allele fraction in the adjacent normal in a few patients sh as HPPO1. The variants only called in the
unmatched ltering (UPF only) approach have similar allelesctions in the tumor and adjacent normal samples. The 8 pagnts in the top row had the adjacent normal
tissue macrodissected from tumor containing slides and thee patients typically have more variants detected by lumos¥ 2.0 joint analysis and not ANR compared to
the remaining patients whose adjacent normal sample was paured from separate slides.

having worse outcomes than both more homogenous tumorsf our copy number model, that at most one copy number
and more heterogeneous tumor®7 28. Measuring the altered state may occur in a given segment across the patient
overall level of heterogeneity, in addition to detectingeth samples, is an oversimpli cation, and a more realistic copy
clonal prevalence of individual variants, can provide insighnumber model may improve both the copy number and variant
into susceptibility and resistance to targeted therapigg).( calling results.
lumosVar 2.0's ability to jointly analyze multiple samples Though it may seem surprising that somatic variants
from the same patient and integrate copy number andwere detected in histologically normal tumor adjacent uess
mutation data should be useful even when a matched normairevious studies have identied DNA, epigenetic, and gene
sample is available to track mutations across longitudinaéxpression alterations in tumor adjacent tissug0)( The
sample collections and spatially diverse samples, to gatheory of eld cancerization proposes that epigenetic changes
insight into the tumor's evolution. Future work will further in the adjacent tissue creates a permissive environment
evaluate and benchmark lumosVar 2.0's clonal variantor malignant transformation and sometimes can lead to
group analysis. multifocal disease and/or clonally independent recurrerides
Compared to the single sample lumosVar 1.0 analysis, the joisequencing of DNA from tumor adjacent tissue could serve
approach requires lower total sequencing coverage to obii@in ta dual purpose in helping to identify somatic mutations
same sensitivity. Based on the simulation studies, we ratth when another source of normal tissue is not available, as
the adjacent normal tissue ha25% tumor cell contamination, well as helping to better understand the phenomenon of
and the tumor sample has at least 55% percent tumor cells, theeld cancerization.
only 200X total coverage (100X for each sample) is required to
detect 80% of the somatic variants that are in all of the tumor
cells. However, higher coverage would be desirable in orddPATA AVAILABILITY

to detect low abundance sub-clonal variants. We have shown . . . . .
that lumosVar 2.0 works best with a high tumor content and ' N€ glioblastoma evaluation dataset s being submitted Gafb

low tumor content sample from the same patient. These majnder the accession phs001460.v1.p1 (https://www.ncbi.itim.n
not always be available such as with ne needle biopsies, gov/projects/gap/cgi-bin/study.cgi?study_id=phs0014EQ1).

with brain tumors or metastases where resection of adjacent
normal tissue would be avoided. However, we believe that thETHICS STATEMENT
breast and prostate tumor blocks used in this study represent

fairly typically archival samples, demonstrating the utilvf g study was carried out in accordance with the
the approach. Due to the large di erence in_ prior_prob_abilitiesrecommendaﬁOnS of HHS regulations, 45 CFR part 46 and
of homozygous reference vs. somatic variants in this modeljonorHealth with written informed consent from all breast
lumosVar 2.0 tends to be less sensitive to low abundancaniari - cancer participants with waiver of consent for prostate cancer
compared to other somatic variant callers. lumosVar 2.0 alsﬁarticipants. All breast cancer participants gave writteniinfed
has more stringent quality ltering than most paired somatic consent in accordance with the Declaration of Helsinki. The

variant callers because the same artifacts often appear in 3egiocol was approved by the Western Institutional Review
tumor and germline sample, so paired callers can use the presengga g (WIRB protocol #20161603).

in the germline to eliminate those artifacts. The probabitiat

a variant is somatic or germline is calculated assuming that

the allele specic copy number of the position is known with AUTHOR CONTRIBUTIONS

certainty, while there is clearly uncertainty in both segtithe

segmentation boundaries assigning both the copy numbee staRH designed and implemented the lumosVar 2.0 software. SiK
of a given segment. Inspection of incorrectly classi ed aats  designed and implemented the custom pileup engine. RH, ET,
suggests that segmentation boundary placement is a majozsou JA, WL, NH, JN, CK, RK, MB, and SB were involved in designing

of error. We believe that a more sophisticated segmentatiodnd generating data for the breast and prostate study. RH, NT,
algorithm that is able to capture the uncertainty of segmtéiata  MB, and SB were involved in the analysis and interpretation

boundary placement would yield the largest improvements irof the GBM study. DE assisted with data analysis. SeK aided
performance. We also recognize that an underlying assumptioim mathematical formulations. RH, SeK, and SB drafted and
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