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 Qverview of Cancer Genome Alterations

* Overview of Genomic Analysis
— Somatic alteration detection
— Cancer gene discovery
— Clinical genomic sequencing
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The hallmarks of cancer

+» All cancers are driven
by somatic mutations
that lead to tumor
growth and hallmarks
of cancer
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Mutational processes

Fertiized egg Gestation Infancy Childhood

Adulthood

Early clonal Benign  Early invasive Late invasive chag;tsﬁrrgw-
expansion tumour cancer cancer recurrence

Intrinsic 1
mutation processes Environmental

and lifestyle exposures

© Passenger mutation
r Driver mutation

A Chemotherapy
resistance mutation

10s-1,000s of mitoses
depending on the organ

Mutator
PRIGEPe Chemotherapy
1=10 or more
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depending on the cancer passenger mutations

Stratton, Campbell & Futreal Nature (2009)
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Driver vs passenger

Functional Subclone
driver event outcompetes
under = neighbours
positive 4 and begins
selection o clonal sweep
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Time

Black & McGranahan Nat. Reviews Cancer (2021)
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Across patient tumor heterogeneity

* Somatic differences reflect
tissue-of-origin

* Somatic alterations define
molecular subtypes

e Somatic differences from
different stages

* Gender and genetic
ancestry

Levels of heterogeneity

a Intratumor

Primary tumor

Metastatic tumor

b Intertumor
Primary-metastatic @
Metastatic-metastatic @

Cc

Interpatient

909 9®® Subciones

S O®® Primary tumors 9@ ® \Metastatic tumors

Grzywa et al. Transl Oncol. (2017)
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Within patient tumor heterogeneity

Inter-tumor: between tumors within a patient
Intra-tumor heterogeneity: between cells within a tumor lesion (e.g.

tumor clones)

Heterogeneity bases

d Genome

« Point mutations, SMNVs
- Insertions and deletions
- Amplifications

- Allelic losses, LOH

. Karyotype aberrations

Metastatic tumors

e Transcriptome/Proteome

. Different patterns of gene expression
. Over- or underexpression of some genes

compared to other subclones

- Mirrors heterogeneity on the level of

genome/epigenome
tow  (Primary High

Metastatic tumors

f Epigenome

. Different patterns of DNA

methylation and noncoding
RMNA regulation

. Differences in chromatine

and histone structure

m Pdmanr "'9““"
/ i

 Metastatic tumors

Grzywa et al. Transl Oncol. (2017)
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Types of somatic alterations

Single nucleotide variants

Insertions and deletions (indel)

Copy number alterations

Chromosomal rearrangements

Single Nucleotide Variants (SNVs)

.

-- P
b

T

Chromosome Rearrangements
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https://missionbio.com/resources/learning-center/clonal-

evolution-in-cancer/

Insertions & Deletions (indels)
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Next-generation sequencing

Genomic DNA

l Fragmentation l Flow Cell

— Bridge Amplification
-

Adapters Cycles

Sequencing
Library
Clusters

Memorial Sloan Kettering

Cancer Center

https://www.illumina.com/content/dam/illumina-
marketing/documents/products/illumina_sequencing_introduction.pdf



Next-generation sequencing - pair-end reads alignment

Paired-End Reads Alignment to the Reference Sequence
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BWA and Samtools for read alignment and BAM file manipulation

BAM file or CRAM file

## @HD VN:1.2 SO:coordinate

## @SQ SN:chrX LN:156040895

## @PG ID:hisat2 PN:hisat2 VN:2.2.0 CL:"/Users/dtang/github/rnaseq/hisat2/../src/hisat.
## @PG ID:samtools PN:samtools PP:hisat2 VN:1.16 CL:samtools view -b eg/ERR188273_chrX.bam
## @PG ID:samtools.1 PN:samtools PP:samtools VN:1.16 CL:samtools fillmd —-e — genome/chrX.fa

## ERR188273.4711308 73 chrX 21649 @ 5576M = 21649 CGGGT
## ERR188273.4711308 133 chrX 21649 0 % = 21649 © CTACAGGTGCCCGCCACCATGCCCAG!
## ERR188273.4711308 329 chrX 233717 @ 5S7eM = 233717 @  CGGGT
## ERR188273.14904746 99 chrX 251271 6@ 75M = 251317 121
## ERR188273.14904746 147 chrX 251317 6@ 75M = 251271 -121 C
‘ Base quality
Mapping quality /

@Q@@F=DDFFHGHBHIFFHIGGIFGEGHFHIGIGIFIIIGIGIGGDHIIGIIC@>DGHCHHHGHHFFFFFDEACC@ AS:i:-5
TGTTGGCC CB@FDFFFHHGFHIJJJJIIIIITIGGGIJGIIJIIJJIFFHITIIIGECHEHHGGHHFF?AACCDDDDDDDDBCD YT:Z:UP

©@@E@F=DDFFHGHBHIFFHIGGIFGEGHFHIGIGIFIIIGIGIGGDHIIGIIC@>DGHCHHHGHHFFFFFDEACC@ AS:i:-5
======== @@<DDDDDFB>HHEGIIGAGIIIBGIIG@FECH<FQGIIFAE=?BCBBCBBB5@<?CBBCCCCAACDCCCCCCCC AS:1i:0 XN:
#######B? DAHCREGI IGGEHHGC@GFBF CEGFCIGGREG@@H<JIEHEF@QIGEHGHIIHFGHDDFDDDDD?<B AS:i:-2

AVIEL1I01d]L D1UdLL INEL u:ring
Cancer Center

1884



Re-alignment for improved indel calling

* Genome aligners can only consider each read independently
* Favor alignments with mismatches or soft-clips instead of opening a gap

* May use arbitrary tie-breaking, leading to different, non-parsimonious
representations of the event in different reads.

Before

$ Memorial Sloan Kettering
./ Cancer Center



Re-alignment for improved indel calling

* Local realignment considers all reads spanning a given position. This makes it
possible to achieve a high-scoring consensus that supports the presence of an
indel event.

Indel realignment optimizes per locus for variant concordance.

In the example, deletions at three different positions, represented by the black horizontal bar, become concordant after indel realignment.
Only realigned reads are shown before and after for the 100 bp region starting at 10:96,825,853. Viewed in IGV with soft-clips hidden.

[ | i}
Before T -
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After !
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CYP2C8

$ Memorial Sloan Kettering
./ Cancer Center



Overview of somatic alteration detection methods

SNV and indel detection
Copy number

Structural variation

Main problem:

Predict somatic alterations from germline
variations accounting for biological and
technical uncertainties
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Germline genotyping from NGS

At a given site
Genotypes: AA, AB, BB

Hom Ref Het SNP Hom SNP

Expected allelic fractions: ~0 ~0.5 ~1

Data from sequencing:

o . Count of
e Depth (total reads) z ot | o variant
¢ Count of reference reads E a5 ;etarﬂsefrom
e Count of variant reads £ oo mutation
0 +— T T f } T t t h—

0 1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20

Total reads
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More advanced algorithms

* Model the prior genotype probability Cluster 2
(mutation rate etc) Cluster 1

Cluster 3

* Estimate the genotype of a cohort jointly
(success probability depends on the XOODEN THOTWO ¢
genotype and sequencing error rate) CEC ps

https://towardsdatascience.com/gaussian-
mixture-models-explained-6986aafsags

The probability of B

being true, given A is
Probability of A being true, true The probability A
given Bistrue Likelihood Prior beingtrue

Posterior
P(B|A) P(A
pcal) = PEIA) PA)
P(B)
The probability B

Normalization  beingtrue . Memorial Sloan Kettering

Cancer Center




Somatic mutation detection is more complicated

* Tumor purity
* Subclonal mutations intron |

Exon | |—| |_
* Local copy numbers
= ‘ I Heterozygous SNPs [l Hemozygous SNPs [l Clonal SNVs [l Subclonal SNVs I Artefacts
Aoy IR PPNt . Deletion
% ~30-60 Strand-specific | 5 Low sensitivity for
2 reads artefact. EI I I ! subclonal mutations
| 1
C—mme— I | — I —C -
1 —C I B—C 1 — I — w——_ W —_ M -
Reads OoOommm—CCrnmnmm—C 1 —{rrre—n—a e —Cm
fram O C— —_— ] —a— C—aC—C
cancer ] [Co—OCC—CH | | e
cells oI —C I — ELimr dant reags
—Cl EO—CWED—C E0—CMl o indicating deletion D—C
—C I W[ >—C 1 >—Cmm P Co—
Reads —CNII >—C 1 —N | >—< — I — —
f"i'f“hd b || — I — | | JCD—C 1M o—C 1 [ o—
ol D=~ —C | >—<_I1 —o—C 1 o—C 1

Cortés-Ciriano et al Nature Reviews Genetics (2022)
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Somatic mutation detection is more complicated

A good call
IR

cccccccccccccccccccccccccccccccccccc

A bad call

AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

https://best-practices-for-processing-hts-data.readthedocs.io/en/latest/mutect2_pitfalls.html
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Summary of somatic mutation detection

Variant caller Type of variant Single-sample mode Type of core algorithm

BAYSIC [48] SNV No Machine learning (ensemble caller) H H

CaVEMan [34] SNV No Jointgenotypearglalysis Other thlngs to ConSIder When
deepSNV [38] SNV No Allele frequency analysis C h 00Ss | n g a t (0]0) | .

EBCall [37] SNV, indel No Allele frequency analysis

FaSD-somatic [31] SNV Yes Joint genotype analysis

FreeBayes [44] SNV, indel Yes Haplotype analysis ‘:‘ Typ e Of D N A S a m p | e - F F P E
HapMuC [42] SNV, indel Yes Haplotype analysis

JointSNVMix2 [30] SNV No Joint genotype analysis ‘.‘ T f . d

LocHap [43] SNV, indel No Haplotype analysis ¢ y p € OT 5€ q uencin g d t d
LoFreq [36] SNV, indel Yes Allele frequency analysis

LoLoPicker [39] SNV No Allele frequency analysis W G S

MutationSeq [45] SNV No Machine learning

MuSE [40] SNV No Markov chain model W E S

MuTect [35] SNV ‘ Yes Alllele frequency anal?ls1s Ta r g et e d p ane |

SAMtools [8] SNV, indel Yes Joint genotype analysis

Platypus [41] SNV, indel, SV Yes Haplotype analysis

Xu. Comput Struct Biotechnol (2018)
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MuTect: a sensitive approach to detect low allelic fraction mutations

f
(" Variant filters (site-based) A

(Panel of normal ) dbSNP
samples

T "
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Clustered Observed
\_ position in control

Me° assumes all non-reference reads come from

technical artifacts

M/ assumes that variant allele is present at an

unknown frequency f Memorial Sloan Kettering

Cancer Center



Example output from MuTect2 VCF format

Tumor BAM Normal BAM Panel of normals

chrXx 66765844 . . A CONTQ=93;DP=4954; ECNT=1; GERM0Q=323:
0=36,35;MFRL=259, 289 ; MMOQ=60, 60 ; M =27; “LGD—E.S4;NLDD=E@4 37 :POPAF=6.00:SAAF=0.010,0.010,4.164e
HPP 6.6052-03,1. le-04,0. Z . hT'ﬁD:AF:DP.FlHE:F;Rl 0/1:4066,17:3.574e-03:408

{ : 26,0
chrXx 66765920 : . CONTQ=93;DP=4697; ECNT=2 ; GERMQ
0=37,35;MFRL=269, 377 ; )=2 .*-NLDD—lBQ 18; POPAF=6.00 ;5" hF 0.010,¢C
PP=4.51’F 05 B D Sl';TLUD D.GG GT:AD:&F:DP.FIR;:F;EI 0/1:3847,15:3.739e-03:38 b::lDUB,H 184

-03:662:356,0:306,0

bb?GSQ?Q : €] . CONTOQ=93;DP=4498 EINT— ,GEHM[
0=31,35;MFRL=281, ;MMQ=60,60; MPOS=27 ; NALOD=2.29;NLOD=172.98; POPAF=6.008;5 0.016 ), 4. 294
APP=0.366,6.114e-05,0 ; TLOD=17.55 GT:AD:AF:DP:F1R2:F2R1 B/1: 34e-03 ':1915,4:1?9
0/0:576,0:1.703e-03:576:305,0:271,0
66766584 C G CONTQ=93;DP=4471;ECNT=1; GERMOQ=3233;MB
S

0=30,37;MFRL=218,196; HHH 60,60;MP0O5=38; NALOD=1. GB NLOD=168.32; POPAF=6.00;S5AAF=0.010,0.010,4.0818e-03;

=l

https://yulijia.net/slides/bioinfomatcis_for_medical_students/2019-
08-16-A_beginners_guide_to_Call_SNPs_and_indels_Part_IIl.html#1
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Whole genome sequencing Whole exome sequencing Targeted sequencing

= = = = CR_BC N ©3 =] -
:--- :-- ::---:- -:- --- -= - - = -
= m S m |, o gm® o= - -~ =
= =] -
=3 =3 [=]
/l Sequencingregion:\ /l Sequencingregion:\ ﬁ Sequencing region: \
whole genome whole exome specific regions
B Sequencing Depth: B Sequencing Depth: (could be customized)
>30X >50X ~ 100X B Sequencing Depth:
B Coverseverything— B |dentifyall kinds of >500X
can identify all kinds variantsincluding B |dentifyall kinds of
of variantsincluding SNPs, INDELs and SV variantsincluding
SNPs, INDELs and SV. in coding region. SNPs, INDELs in

B Cost effective specific regions
\ J \\ j Q Most Cost effective /

http://www.genomesop.com/somatic-mutations/
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Somatic copy number alterations

Reference sequence Non-human
Chr1 sequence

|

I — !
Homozygous Hemizygous Translocation

Point mutation Indel deletion deletion Gain breakpoint Pathogen
\ |

T
Copy number alterations

Meyerson, Gabriel & Getz. Nature Review Genetics (2010)
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Somatic CNA detection overview

Ratio of : Predicting the
Segmentation of :
tumor/normal number of copies

coverage changes

coverage per segment

Chromosome 3
. 3 copies 4 copies
2 copies — O o SR
i T e e Baztsosanioy— L o
I. - = -
1 copies

Cancer Center

https://gavinhalab.org/teaching/GS541_sp23/ Memorial Sloan Kettering
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CNVKit — detection from targeted DNA sequencing

Coverage

Exons
Baits

Copy ratio (log2)

v Normalization and

bias correction can
‘ be performed using
gl e a panel of normal
e — samples
3k H 3 :
- ': *‘
2| t . .1

Aligned
sequencing

regions

antitarget
Divide the genomic }
space between V
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bins /Anti-target coverage
regions Read depths in
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~-{Coverages

Pool normal i
samples f

Reference £i
(.cnn) 1*
Normalize a

tumor sample,
correct biases

Circular binary
segmentation

¢ segment

Copy
Segments
(.cns)

Export

COT, SEG, [TV Visualization

scatter, diagram,
Analysis  heatmap, loh
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gender, metrics




Aligned
sequencing
reads (BAM),

CNVKit — combine on-target and off-target reads

Target
regions
TR O1TF
R0 antitarget ’
TRT05°T | Divide the genomic
TRTO67T | Il space between Y
TRTO7 T} targets into
TR L bins /Anti-target coverage
TRTI17T | | regions Read depths in
TR™12°T} target and
¥§:%3; B antit;trget
TR™16 7T 1 | | regions
TRT1/ T} 1 | |
TRT227 T} [ [ [
TR™23 T}
TR™25T|
w TRT267T} | reference
@ TR7287T}| Pool normal &
o IR29Tr ' samples Y
g 'IT'E:%gq T . r : I Reference s
Vo TR37 T (.cnn) Normah
TR-427T| e
.T.E_ﬁgq B correct biasesr
TR™487T}|
TR-99-T - | ml st |1 ml (] | (o] p—
TR™58°T |
TR597 T}
TR™647T |
TR-77 T I segment
¥E:gg_¢ [a ¢Circular binary
_ C segmentation
525 . e s
TRT967TFH I L Segments
s B o
N I I A A A IO & Export teuallontl
§ 88 888888 FFSESTTIEEE ST\ Visuatzation

Analysis  heatmap, loh
breaks, gainloss,
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Copy Number Analysis adding the Allelic Features

Normal Allelel( ).C
AENME Atz '
No alteration Deletion (LOH)E Amplificatio ° Infer fractlon Of genome
Tumoy; Allele 1 C:‘ altered
9ENOME  Allele 2
; j * Infer genome-wide LOH
Total copy 2- —
number 1 ! I
0- i i
3 ;
Minor 2] ' i
allele copy '
number 1 c— |
0 _
14 : g 3 :
BAF .| @ AT :" “@I‘m L ' Cortés-Ciriano et al Nature Reviews Genetics (2022)
. Wi B L URT | -
o “ i.: f” ana . Memorial Sloan Kettering
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FACETS: allele-specific copy number

Copy neutral LOH chr 9, 11
L [ NRRAYY T VPRI | _
A S g S A G S e Rk * Joint segmentation of read
- = e B coverage and allelic fraction
using HMM
+ -
CelluTa: - = —— =
fraction
1 2 3 4 5 6 7 8 9 10 12 13 15 17 19 21 X
Chromosome

Shen & Seshan Nucleic Acids Res (2016)
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You can also use somatic copy number data to:

* Estimating tumor purity and ploidy (whole-genome doubling) from copy
number analysis

* Estimating tumor heterogeneity from copy number analysis

Subclonal CLunaI Chr1

‘ ‘ ‘ . b.l

. Copy Neutral . Deletion . Gain . Amplification

1.0 4

0.8
sﬂ.mplﬁ 0.6 =
Cellular

Prevalence ulz

0.0 -

Memorial Sloan Kettering
Cancer Center
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Structural variant detection from short read sequencing

1
‘H !1 3 ”“l!I

4, -,
DRIV ERIEETE

RY 12 gah 1
i 0ES 441 BV

David Huntsman, BC Cancer Agency
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Structural variants - genomic alterations >50bp

Deletion

Y

Ref. —_—

Tandem duplication

Ref, ————

.I. LT} I|

Inversion
Ref.

-

Novel sequence insertion Mobile-element insertion

Ref. —  Ref. - —

|.. ..I -I. ... .'." ..-\. .I.
Mobile

element
Interspersed duplication

Ref, —pmmmmm—m— »

Translocation
Ref, :

L

= L Alkan, Coe & Eichler
; Nature Reviews Genetics (2011)

% Memorial Sloan Kettering
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Sequence features in SVs

“discordant read pair” “copy num.ber change”
read pairs with aberrant inferred fragment length abrupt change in read coverage
LUTETICAETE
|
= ——— i “Sp"t read”
' D — split alignments

pair-mates unmapped
https://gavinhalab.orgfteaching/GS541_sp23/
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Method for detecting SVs

« Using read-pair information — use the span and orientation of
paired reads information

« Using split read information — define breakpoint with high
resolution

« Using local sequence assembly — find de novo insertions

$ Memorial Sloan Kettering
./ Cancer Center



SvABA: using all three methods for SV detection

(1) Read retrieval and discordant
pair clustering

—c h—
g .y

(10%-10* reads)

> ¢ 1

(3) Pair-mate sequence retrieval

Discordant
reads

Clipped | =, =

reads
ke OO il

Join local assemnbly windows

(5) Extract candidate variants

Contig coordinates |Breakpoint

Reference coordinates Sfricural Witisal

T o
[E—

(2) Candidate discordant read realignment

read pairs

Mon-discordant

‘ Candidate discordant
read pair

‘ S
Discordant read realignment with BWA-MEM
a— Confimmed discordant

I
Corrected ah%nmenl | read pair
" | MNon-discordant
[ | read pairs
(4) Sequence assembly and alignment

Unmapped
T

Clipped Discordant Gapped
D S G -

4
Error Correction (BFC) + Assembly (SGA)
Unaligned Assembly Contig

ACTTCTTACTTGCATCTCTAGLOGATCCCAGTT TEACACAGGLCALALGGAL TAGLTTTGLAAGTGTE

v
Align to reference genome (BWA-MEM)
+

Aligned Contii Alignment A (41M 275) Alignment B (415 27M)

(6) Read-to-contig alignments and genotyping

ACTTCTTACTTGCATCTCTAGCCGATC TEACACAGECEA
R TTCTTACTTGCATCTCTAGCCOATCCCAGTT
Contlg CTTACTTGCATCTCTAGCCEAT!
sul Oltin CTTGCATCTCTAGCCGAT
PP 9 TCTCTAGCCEAT
reads

supporting

Ef\C'J‘ECTTT:E - ]Breakpoint
reads

Memorial Sloan Kettering

Wala et al Genome Research (2018)
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Complex rearrangements
Chromoplexy Chains of
BT W balanced

b “u_  translocations

Breakage fusion
PP TP L =9 +ampy bridge cycle

DR number loss and DNA
oo ..r% LO H

4 Ld e L4 La e Usually involve high-
2 — L — — e — - .
= ¢ level amplification of
1 §

oncogenes
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Methods to improve SV detection accuracy

« Graph-based classification methods to reconstruct complex SVs

Input: - Junction-balanced - Variant
Whole genome T ‘ genome graph subgraphs
sequence Genome-wide integration of Graph
read depth and junctions analysis Chromothripsis
(JaBbA) {gGnome) .
10 Mbp
Read depth 5 }ﬁlw-wn
0 2 of S ot & s
1 1 L
- 4]
VI, ’ = o £
/ ;\c\‘\‘" " :;4,"9‘ ‘_J"L"‘*'/x @ Highlighted vertex below _@ 2
§ e ! ~< e Vertex - |
“: Junctions' =g ¥ ’L \ —~ ALT edge g o
L. \. : ; \ — REF edge O 160 180 200 220 240 Mbp
\"‘{;»_fn’f} s“’,”. . — Loose end Chr2
» 2 »
e Chromoplexy
A._ . 5an—knp
= 2 i
. S B
- 200kbp  JUnctions 200 kbp i
a —_ — — - ALT junction c 0 "
3 # z g ; i —; i REF junction .g 2 i
| e S o — g i
3 ; el ¥ | - Loose end b= ;H?""ﬂ"‘""“'
4] Q —— —— —— ——
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Discover cancer genes from tumor
sequencing
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Passenger mutation

Neutral somatic changes caused by
exposure or genetic instability
that are unrelated to cancer development
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Identify cancer drivers

* Input data: lists of mutations (and indels) from multiple samples
« Output data: a list of genes significantly mutated in the cohort
« Approach

— Build a model of the background mutation processes

— Using statistical methods to find genes mutated more often than
expected by chance given background mutation processes

$ Memorial Sloan Kettering
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MutSig: identify significantly mutated genes

Genes

OO NO\nbWwhN=—

10

Mutations in each tumor

Mutation tally

WO NOTnhbWwN—

Vo NoOnbhwN—

o

—
N —

Gene scores

*
*
*

Significance
threshold
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Identify cancer drivers

Additional information to reduce false positives:

* Incorporating variables into the background model to reduce false-
positive findings
— DNA-replication time
— Chromatin state

— Expression level
8
. g
fishHook: %
Generalized linear modeling e
(GLM) of somatic mutation densities E
and their heterogeneity along the o1 tedeta
0 2 4 6 8 10 12 14
genome Expected —log4y(P)
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Identify cancer drivers

Additional information to reduce false positives:

» Clustered vs sparse

L858R
-

. EGFR Hotspot mutation

# EGFR Mutations

* L - : ] L R ] [ ] L ] L ]
Recep_L_d.. Recep_L_dom.. GF_recep_IV
T T T

T
G600

I T T T T
o 200 400 800 1000 1210aa

Functional characterization (experimental or computational) is important
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ANNOVAR for the interpretation and prioritization of single nucleotide variants

a. Basic workflow

VCF, TSV,
CSsV, or
.avinput file

.avinput

table_annovar.pl

v

convert2annovar.pl

b. Advanced workflow

Common .avinput
variant calling file
tool file
format
convert2annovar.pl

c. Variant filtering workflow

.avinput
file

variants_reduction.pl

'

annotate_variation.pl

(adds annotations to the
variants)

Annotated .avinput file,
VCF, CSV, or TSV

(e

m
Gene-based annotation W.
Region-based annotation W

Filter-based annotation

Kettering
Cancer Center

F
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Variant effect prediction (VEP)

For functional prediction of variants in whole-exome data:

» dbnsfp47a: this dataset already includes SIFT, PolyPhen2 HDIV, PolyPhen2 HVAR, LRT, MutationTaster,
MutationAssessor, FATHMM, MetaSVM, MetalLR, VEST, CADD, GERP++, DANN, AlphaMissense, fitCons,
PhyloP and SiPhy scores, but ONLY on coding variants.

For functional prediction of splice variants:

e dbscsnv11: dbscSNV version 1.1 for splice site prediction by AdaBoost and Random Forest, which score how
likely that the variant may affect splicing

 spidex: deep learning based prediction of splice variants. Unlike dbscsnv11, these variants could be far away
from canonical splice sites

For disease-specific variants:

e clinvar_20160302: ClinVar database with separate columns (CLINSIG CLNDBN CLNACC CLNDSDB
CLNDSDBID) for each variant (Please check the download page for the latest version, or read below for
creating your own most updated version)

¢ cosmic70: the latest COSMIC database with somatic mutations from cancer and the frequency of occurence
in each subtype of cancer. For more updated cosmic, see instructions below on how to make them.

» icgc21: International Cancer Genome Consortium version 21 mutations.

¢ nci60: NCI-60 human tumor cell line panel exome sequencing allele frequency data

% Memorial Sloan Kettering
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@  RESEARCH ARTICLE = MACHINE LEARNING f X in & % 0 =

Accurate proteome-wide missense variant effect pre-
diction with AlphaMissense

JUN CHENG @ , GUIDO NOVATI, JOSHUA PAN, CLARE BYCROFT @ , AKVILE ZEMGULYTE, TAYLOR APPLEBAUM @ , ALEXANDER PRITZEL, LAl HONG WONG,

MICHAL ZIELINSKI (@), [..], AND ZIGA AVSEC (&) +6 authors | Authors Info & Affiliations

SCIENCE - 19 Sep 2023 - Vol 381, Issue 6664 - DOL: 10.1126/science.adg7492

¥ 221665 99 4 A N0 »

Article | Open access | Published: 10 August 2023

Genome-wide prediction of disease variant effects with
adeep protein language model

Nadav Brandes, Grant Goldman, Charlotte H. Wang, Chun Jimmie Ye & & Vasilis Ntranos &3

Nature Genetics 55, 1512-1522 (2023) | Cite this article

70k Accesses | 62 Citations | 186 Altmetric | Metrics
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GISTIC: Identify significantly recurrent SCNAs

- =
®
w o

* ldentify driver SCNAs by evaluating the
frequency and amplitude of observed
events
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Identify patterns of somatic alterations

To infer the source of mutational processes

* Non-negative matrix factorization (NMF) is commonly used to
detect signatures

# Mutation features

# Mutation features  Ksignatures

Signature

K signatures

X

Activity

# samples
[
# samples
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Mutational signature

Input: Counts of 96 base substitutions in tri-nucleotide sequence contexts per

patient

Output:

B
Mutation Signatures across 96 Mutation Cuntem re Activities across Sam
G- - CaT L TeA T Sem -
' Ja v [ Aeykaimg A0 [ Gontod [1AA [ simoking
180

m——— |
s R R |
i

MJ-M“‘“"‘M IIII I-l_l III

°°"*rmrnﬁﬁ‘m‘rrrmrnﬂﬂ1rrr hnﬂmwnﬂnﬂﬂmnrnmﬂmnwl* f;;;;fff/fffff

e Sequence Motits.

o o o ococooo
8 8 = Domme

lﬂnd'iun l:nrlulh.ll ons
o mooooono

https://software.broadinstitute.org/cancer/cga/msp
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Smoking mutational signature

Single-base substitution

Doublet-base substitutions

Small indels

T8 C=A C=G C>T T=A T=C T=G N
B
5 @ [ -
€5 SBS4
2%
2 M '
aE | I

0 I I TP T TT PR .".Iu al I|.|.“ TN AT

706 | I S | ]

. [ AC=NN AT=NN CC=NN CG=NN CT=NN GC=NN TA=NN TC=NN TG=NM TT=NN |
B
§z I 7
52 DBS2

2 L -
E =2

E

a
COU N e 2 e . . - S0 I T : 0 .
1-bp deletion 1-bp insertion >1-bp deletions at repeats >1-bp insertions at repeats Deletions with
(deletion length) (insertion langth) microhomology

(deletion langth)

D3

th—m M1

Homopolymer length

=]

3 6+ 02 5+ 1 35
MNumber of repeat units MNumber of repeat units Microhnrru)logy+
length

Proportion of
mutations (%) 3
=
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3

Alexandrov et al Nature (2020)
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Copy number and SV signatures

Pan-ca TCGA cancer types
n-cancer
prevalence

Signature (%) Putative cause Confidence Pattern of change

Ccx1 80 Chromosome missegregation via defective : Proreke Whole-arm/chromosome changes
mitosis and/or telomere dysfunction :
CX2 69 IHR e and Short-to-medium-sized, oscillating,
I single-copy changes
!
CX3 63 IHR with replication stress ' PAohake Long-sized, single-copy changes
and impaired damage sensing |
CX4 58 PI3K-AKT-mediated toleration of | YikYe  Medium-sized, clustered and
whole-genome duplication : oscillating, two-copy changes
CX5 56 IHR with replication stress Yo%k Medium-sized, two-to-three-copy
| changes
I
CX6 51 Chromosome missegregation ' PAokake Whole-arm/chromosome changes
via defective mitosis I
1
CX7 50 Unknown Ao A@ke Long-sized, less than
' one-copy change
Cx8 38 Replication stress | RAokete Short-to-medium-sized, oscillating,
! low-level amplifications
!
CX9 32 Replication stress iR gkoks Short-to-medium-sized, clustered,
I mid-level amplifications
I
CX10 29 Impaired NHEJ with e Short-to-medium-sized, clustered
replication stress : and oscillating, two-copy changes
CX11 28 Replication stress | PAoAoAS Short-sized, clustered and
: oscillating, mid-level amplifications
CX12 27 Unknown Ao Aoke Very short oscillating changes
|
I
CX13 26 Replication stress 1 i‘ﬁj\gi\g Short-to-medium-sized, clustered,
' high-level amplifications
CX14 26 Chromosome missegregation | PAoAoAe Whole-arm/chromosome, less
via defective mitosis : than one-copy changes
CX15 25 Unknown Ak QAo ke Long-sized, less than
: one-copy changes Drews et al Nature (2022)
|
CX16 17 Unknown [ QA ke Very short, clustered and oscillating,
: two-to-three-copy changes
Cx17 16 Unknown | Dok ghs Short-to-long-sized, one-to
!
I

-three-copy changes

Samples with signature (%) []0-5 []5-25 []25-50 [@50-75 M >75 Memorial Sloan Kettering

Cancer Center
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Copy number signatures associated mutations

» BRCAz-deficient

phenotype

) * BRCA2-deficient
gg 1-zrmc ?ﬂ'.::arrm z a mnu
e  Genome-wide LOH

A L A A ] J A

TO span skee i1 Kb Kb M Kb 1.7Mb 231 Kb

i 1 Kb 231 Kb 1.7 Mb 17 Wb

bl I —— i u

ol | [ | [ | - [z |

dr [ [ | u | -

“ of humor samples shang sach genetic festns

a TP53 mt

. CCNE; QWFWM

gCDKTEm‘t

Menghi et al Cancer Cell (2018)

tandem duplicator

small deletions
biomarker for

PARP inhibitors
in ovarian cancer
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Running significant analysis in practice

Significant and signature analyses can also be noise detectors

Filtering false positive mutation or SCNA calls is essential
— Using consensus calls from multiple callers
— Using a panel of normal

Multiple algorithms can be used to improve sensitivity/specificity

$ Memorial Sloan Kettering
./ Cancer Center



Create a panel of normal best matching the study cohort

Examples:

— Use normal samples from the same sequencing technology
(exome, panel, long reads etc.) to model technical artifacts

— Use normal samples from the same sequencing batch to
model batch effects

— Use normal samples from the same population to filter
population-specific germline variations

$ Memorial Sloan Kettering
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What else can we detect from tumor sequencing

Point mutations and indels Repeat expansions and contractions

Mitochondrial mutations

Extrachromosomal DNA Inversions, deletions, duplications

B

Complex rearrangements

Copy number aberrations

Focal amplifications Translocations

Aneuploidy Retrotransposition Viral insertions

. ) e}

— I

Cortés-Ciriano et al Nature Reviews Genetics (2022)

DNA repair mechanisms

O~

T e ARTTCTTTITTTIT
LU UILGARTT CLLLLILILING

Gene fusions

Telomere length

i
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Challenges and future directions:

* In the era of whole-genome analysis, we need better methods to
identify significantly mutated non-coding functional elements

« Methods incorporating genetic and epigenetic data to detect non-
coding mutations

* Methods incorporating mutation, copy number and structural variants to
detect more cancer genes

$ Memorial Sloan Kettering
./ Cancer Center



/A" Genome assembly

Long-read human genome sequencing and application [
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Variant calling from long reads sequencing

« NANOPORE

Dept

=

MHC
locus

Depth

Haplotype 1
reads

Haplotype 2
reads

HLA-A
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32,000 kb

33,000 kbt

e e

Sl LR R

ORI UNCOI1S IFTW HOGIT

-

I}
UOSE HOG1S

20,041,000 bp 20,943,000 bp
L 1

23,045,000 bp

(/RN - DU O L D10 N

HAE PRI IR Chofs  HAE NAGLI D02 (08 PPT2 TSEP1LAS! HADRSS

HADMA OOL11A2  KFGH

20,947,000 bp
L

Memorial Sloan Kettering
Cancer Center



Polysolver: HLA typing and mutation calling from

| Alignment HLA inference |
Insert size Population
distribution allele
Alignments frequency
WES reads HLA read === == /\ Base
" Extraction reads T —— qualities
- of HLA ———
= reads e \ 1 /
" - Likelihood calculation l
Full-length genomic 1st step scores 2nd step scores \
sequence library Novoalign
1st step 2nd step
gislﬂé.lll.eles) based \ allele score Highest winners allele score Highest _ winners
ar 1/ scores scores
—> |HLA-A1 Scorr]e ——> |HLA-A2
reweightin
HLA-B1 Sl HLA-B2
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O
.,
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o
iag

Shukla et al Nat Biotech (2015)
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Clinical cancer gene panel sequencing to
identify actionable somatic alterations
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MSK-IMPACT: Comprehensive Cancer Gene Panel

Deep coverage, (>700x high-sensitivity detect/on) targeted sequencing of 505 genes to guide treatment

/‘\,./‘.

L @
2
& — f‘\,./“.
S LAY . . ..
< ; ' P Genomic Variants Clinical Report
8 e ] Database

==

-l..ﬂ
f
oflc

\ Tumor Blood J \ Capture probes J
2. Sample Accessioning 3. Sample Preparation
\ /Mutations \ / \ /

Copy number alterations

A 4

Clinical trial
matching

Data mining &
interpretation

: J \Rea”a”ge”’e”’s J \ J Précision Oncology
Knowledge Base

6. Case Review and Sign Out

4. Sequencing 5. Bioinformatics Analysis

+ Matched tumor/normal sequencing

— Somatic Alterations
+ Mutations, copy number alterations, gene fusions, mutational signatures, TMB, germline variants (with additional consent),
clonal hematopoiesis Zehir, Benayed, et al., Nature Medicine, 2017



Detect clinically relevant alterations

* Run mutation, indel, SCNA and SV callers
» Calculate TMB, infer fraction of genome altered

« Using OncoKB for functional annotation

Therapeutic Levels Diagnostic Levels Prognostic Levels FDA Levels

O Level 1 @ Level 2 o Level 3 O Level 4 @ Level R1/R2
FDA-approved drugs Standard care Clinical evidence Biological evidence Resistance
44 Genes 23 Genes 33 Genes 27 Genes 11 Genes
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OncoKB Ranks Cancer Alterations by their Clinical Actionability

FDA-approved Herceptin
FDA-approved vemurafenib

NCCN?-listed PARP inhibitors

Clinical activity of AZD5363
in the AKT Basket Study

Clinical activity of vemurafenib
Clinical activity of AZD5363 in
the AKT Basket Study

MEK/ERKi in mouse
models and cell lines

Patients don’t respond to FDA-
approved anti-EGFR abs

ERBB2 amp in breast/gastric
BRAF V600 in melanoma/ECD

BRCAZ2 oncogenic mutations
in uterine sarcoma

AKT1 E17K in breast cancer

BRAF V600E in colorectal cancer
AKT1 E17K in bladder cancer

KRAS (non G12C) mutations
in lung cancer

KRAS mut in colorectal cancer

Chakravarty and Solit Nature Review Genetics (2021)

Standard
Therapeutic
Implications

*Includes biomarkers
that are recommendec

as standard care
by the NCCN or

other expert panels
but not necessarily

FDA-recognized
for a particular
indication

Investigational

Therapeutic

Implications

possibly directed
to clinical trials

Hypothetical
Therapeutic
Implications
based on
preliminary, non-
clinical data

Standard
Therapeutic
Implications

FDA-recognized biomarker predictive of response to an
FDA-approved drug in this indication

Standard care biomarker recommended by the NCCN or
other professional guidelines predictive of response to an
FDA-approved drug in this indication

Compelling clinical evidence supports the biomarker as
being predictive of response to a drug in this indication

Standard care or investigational biomarker predictive of
response to an FDA-approved or investigational drug in
another indication

Compelling biological evidence supports the biomarker as
being predictive of response to a drug

Standard care biomarker predictive of resistance to an
FDA-approved drug in this indication
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The MSK-IMPACT cohort now includes additional NLP-derived data elements from the Cancer Data Science Initiative (Read more)

MSK Clinical Sequencmg Cohort Click gene symbols below or enter here
Targeted sequencing of clinical cases via MSK-IMPACT, MSK-IMPACT-Heme, or MSK-ACCESS with clinical data from various sources, including new NLP-

derived data from the Cancer Data Science Initiative (CDSI). Please follow the publication guidelines, including biostatistical review for large analyses, when
using these data in abstracts or journal articles. More information and contacts here. These data are available to MSK investigators only and are not to be
published or shared with anyone outside of MSK without permission. Due to a server outage clinical data updates are not currently available. We are
working on getting this functionality back.

Summary Clinical Data CN Segments Selected: 87,119 patients | 123,441 samples @ R & m n

Cancer Type Genomic Profile Sample Counts Overall Survival Status Sample Type
# Freq ¥ Molecular Profile # Freq ¥
M Non-Small Cell Lung Cancer [ 17,132 13.9% Mutations () 123,440 99.9%
M Breast Cancer [J 10,155 8.2% Structural Variants [J 122,740 99.4%
B Colorectal Cancer [J 8,352 6.8% Copy Number Alterations (MSK-I... () 122,739 99.4%
Il Mature B-Cell Neoplasms 0O 7,570 6.1%
W Leukemia J 6,067 4.9% 5
M Pancreatic Cancer O 5,922 4.8%
M Prostate Cancer [J 5,497 4.5%
B Bladder Cancer [J 4,382 3.5%
M Endometrial Cancer [J 4,036 3.3%
M Soft Tissue Sarcoma [J 3,896 3.2%
M Esophagogastric Cancer J 3,515 2.8%
Search... 4 Search... 4 r 4
Stage (Highest Recorded) Ethnicity MSI Type Gene Panel Somatic Status Sample Class
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# Samples per Patient

Impact TMB Score
Fraction Genome Altered
Ancestry Label

Cancer Type Detailed

VHL
PBRM1
SETD2
BAP1
TERT
TPS3

KDM5C

Genetic Alteration

# Samples per Patient

Impact TMB Score

Fraction Genome Altered

Ancestry Label

Cancer Type Detailed

N |
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B Inframe Mutation (putative driver) B Missense Mutation (putative driver) B Promoter Mutation (putative driver)

B Truncating Mutation (putative driver) [l Structural Variant (putative driver) I Amplification
I Deep Deletion Mo alterations

D‘ 4

0‘ 28.1

0 ‘ 1 No data

faom Jarr Jass Jleas Jeur [Inam | sas No data

I Papillary Renal Cell Carcinoma I Renal Cell Carcinoma I Renal Clear Cell Carcinoma

W Splice Mutation (putative driver)

1 75% (11} 75% [} 33%,
0% | 38% Wl 20%
25% 1117% |1 12%
I50% | 21% WL 7%
0% 8% M 149
0%  113% I 9%
0% 149 2%
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@ Patient:  P-0029248, MALE, LIVING (70 months) MSK Clinical Sequencing Gohort
Samples: @ P-0029248-T02-IM7, Primary (Bladder), Bladder Cancer (Bladder Urothelial Carcinoma), MSI-H @) €, TMB-H @ @ | Show all 5 samples

Summary Pathways Clinical Data

drag to zoom
5y .
SAMPLE ACQUISITION ' ; ' (-2
SEQUENCING 00
SURGERY e < e & & & ¢ e e e ® = °
TREATMENT - i
Medical Therapy
Targeted A4
Ibrutinib
Venetoclax i e °
Acalabrutinib ®

4

Biologic -
Bcg
Hormone A4

Degarelix

Leuprolide
Chemo A4
Docetaxel —
Immuno -
Pembrolizumab
Prior Medications to...
DIAGNOSIS - :
Primary L] e o L [ ]
Follow-Up ! [ ] ®
< £ e e ® °
[ X J

Tumor Sites
PATHOLOGY
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Probability of Overall Survival

Number at risk (n)
Altered group
Unaltered group

80%

70%:

60%

50%:

40%-

30%

20%;

10%-

Overall Survival (Months)

123 96 78 67 52 47 43 34 28 24 22 18 14 13 12 8 8 8 6 5 3 0
2575219519011648143712601106 959 787 657 532 430 356 313 261 213 186 158 132 102 66 29

0
12

5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100 105 110 115

0
3

B Altered group

B Unaltered group

Clinical Attribute

Mutation Count

Impact TMB
Percentile (Within
Tumor Type)

Impact TMB
Percentile (Across All
Tumor Types)

Impact TMB Score
SO comments
MSI Comment
Gene Panel
Sample Class
Tumor Site: Lymph
Node (NLP)

MSI Type

Fraction Genome
Altered

Sample Type

Tumor Site:
CNS/Brain (NLP)

Institute Source

Tumor Site: Liver
(NLP)

Attribute
Type

Sample

Sample

Sample

Sample
Sample
Sample
Sample
Sample

Patient

Sample

Sample

Sample

Patient

Sample

Patient

Statistical Test

Wilcoxon Test

Wilcoxon Test

Wilcoxon Test

Wilcoxon Test

Chi-squared Test
Chi-squared Test
Chi-squared Test
Chi-squared Test
Chi-squared Test

Chi-squared Test
Wilcoxon Test

Chi-squared Test
Chi-squared Test

Chi-squared Test
Chi-squared Test

p-Value

3.64e-10
5.19e-7

5.37e-7

6.87e-7

4.548e-6
7.083e-6
1.127e-5
8.396e-5
1.111e-3

4.256e-3
4.868e-3

4.906e-3
0.0106

0.0166
0.0264

qg-Value ~

1.15e-8
8.459e-6

8.459e-6

8.660e-6
4.775e-5
6.374e-5
8.874e-5
5.877e-4
6.997e-3

0.0238
0.0238

0.0238
0.0478

0.0696
0.0985

MSI Score
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EGFR mutations: (A) EAS vs (B) EUR

Y-Axis:

Add annotation  AXi . A .
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Remove filter
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Relative risk

20.0
Rare, high-penetrance cancer

10.0 BRCA1, BRCA2, MLH1 and MSH2)

Uncommon, moderate-penetrance
cancer susceptibility genes (e.g. ATM,
CHEK2, BRIP1 and PALB2)

ok
o
|

Common,
low-penetrance
risk alleles

\%—

1.0 | 1
0 0.1 0.25

Population frequency

T
0.5

susceptibility genes (e.g. TP53, PTEN, |  <- sequencing rare families

<- sequencing a lot of high-risk individuals

<- SNP genotyping and imputation
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Leveraging matched normal sequencing to study rare germline variants

Breast ca
(42 yo)

Breast ca
(50yo)

O@

Ovarian ca
(39yo)

Pancreatic ca
(49 yo)

Breast ca (41 yo)

Srinivasan et al Nature Genetics (2021)
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New methods for analyzing clinical sequencing data are needed

» Lower sensitivity in detecting mutational signatures
« Lower sensitivity in detecting rearrangements

e Limited in detecting genome-wide LOH
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Imputation workflow from GLIMPSE

| Sequencing reads | Haplotype calls
— Sampler iterations =~ —
— EIE — across individuals )¢ \\
— — - GLIMPSE I ) /
_ = —— (1) Haplotype selection (2) Haplotype sampling _
— — Sampling for haplotype 1

Genotype posteriors
B i

Sampling for haplotype 2
: Output

— — ——>  Individual 1

[0
@
]

2
=
o

@

5.

=

L~ Q

Rl

a

w
Reference panel

Input

Individual 1

Target

L ¢ Linear time ) ;

\'!'TT \'!W
1 1 1 1
Individual 2 I I | T ¢ PBWT . o Individual 2 I I I
o ol=—m3- |0 New haplotype estimate for individual 1 o ol o
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Leverage off-target reads to infer germline haplotypes

% Benchmarking imputation accuracy — comparing
genotyping dosage of 5o paired WGS and MSK-

< Imputation of common variants IMPACT samples
using on/off-target reads
unobserved observed
germline germline
1 1 0 2 ..0
0 0 1 0 08 ,,,,,—,l'—'—’f»"’”‘""' -
Sequenced P ' ,'
genome _-‘ S s = e
o o
= — - : v
o o
:::ED [ on-target read :‘Ej oe ,x',ij’" . o
[ off-target read 4 ,D”:/’ /,o,,.'
—ru - P B
Match to haplotype 1 1 0 2 5 : :
reference panel 0 0 1 0 E.. ey :
x
Imputed 1 0.9 0.2 1.8
lined —e— Aggregate R tumor+normal
germine cosage 0 0.1 0.8 0.2 : o Aggregate R tumor only
o2 o —e-— Aggregate R normal only
§ —e- Aggregate R glimpse2

0.5 1 2
Minor allele frequency (%)
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“driver” GWAS using MSK-IMPACT panel sequencing

% Genome-wide association study (GWAS) of IDH1-mutant vs IDHz1-wildtype
GBM tumors replicated known associations

129
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—— e e ——
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Rotation project

% Use imputed and phased variants for haplotype-based CNA on panel
data
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Analyzing RNA-seq data
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RNA-seq data normalization

Normalization

Sample A Reads Sample B Reads method

CPM (counts per
million)

TPM (transcripts per
kilobase million)

RPKM/FPKM
(reads/fragments per
kilobase of exon per
million
reads/fragments
mapped)

Description

counts scaled by
total number of
reads

counts per length
of transcript (kb)

per million reads
mapped

similar to TPM

Accounted
factors

sequencing
depth

sequencing
depth and
gene length

sequencing
depth and
gene length

https://hbctraining.github.io/DGE_workshop/lessons/o2_DGE_count_normalization.html

Recommendations for
use

gene count comparisons
between replicates of the
same samplegroup; NOT
for within sample
comparisons or DE
analysis

gene count comparisons
within a sample or
between samples of the
same sample group; NOT
for DE analysis

gene count comparisons
between genes within a
sample; NOT for between
sample comparisons or
DE analysis
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Examination of gene expression is important to understand SVs
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Carrot-Zhang*, Yao*, Devarakonda* et al. Cell Reports (2021)
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Why RNA-seq is still needed

Assist histological Infer tumor
Detect gene fusion classification microenvironment
E _ Pl'il‘lﬂpﬂ tﬂl‘l‘lpbr'll'l'l! !p&t&‘
N/ 1o me
b |:. - "’ ,?:‘fr} /
\H"““-iia.___ B _.::j‘_f: 5
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/

4. Recognition

Neoantigen prediction
peptide:MHC L

FE = E_

2. Processing and 3. MHC Binding \
& 71 7 M /

1. Expression

Borden et al Front Oncol (2021)
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Why RNA-seq is needed for neoantigen prediction

« Infer T cell/B cell repertoire clonality
« Infer T cell/B cell receptor diversity

* Infer HLA expression
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Other genomic and epigenetic profiling tools

« Single cell DNA/RNA-sequencing

« ATAC-seq

In the nucleus chromosomes ~ Chromosomes are divided Compartments are organized Within TADs, DNA is looped

. . . are organized into into cell-specific A/B into topologically associated together with the assistance

d H |-C a nd H |-Ch | p chromosome territories compartments domains (TADs) of architectural proteins and
histones

— Enhancer amplification
— Enhancer hijacking

Normal Abnormal

https://arimagenomics.com/
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Resources

1000 Genomes Project (https://www.internationalgenome.org/)
 UK10K (https://www.uk10k.org/)
« Exome Aggregation Consortium (ExXAC) (http://exac.broadinstitute.org/)

« Genome Aggregation Database (gnomAD)
(https://gnomad.broadinstitute.org/)

« ClinVar (https://www.ncbi.nlm.nih.gov/clinvar/)

 The Cancer Genome Atlas (TCGA) (hiips://portal.gdc.cancer.gov/)
* International Cancer Genome Consortium (ICGC) (hitps://icgc.org/)
» cBioPortal (cbioportal.mskcc.org)
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http://exac.broadinstitute.org/
https://portal.gdc.cancer.gov/
https://icgc.org/

Popular tools

« BWA - alignment « MutSig2CV - significantly

« Samtools mutated genes

« MuTect2 — mutation and indel ~ * GISTIC2 —recurrent CNVs

« Strelka — mutation and indel * Deseq2 — gene expression

« ichorCNA * FusionCatcher — gene fusion

from RNA-seq
« polySolver — HLA typing

» Absolute — allelic-specific CNA
» Facets — allelic-specific CNA

« Svaba - SVs ) H'_—ALOH
« Jabba - SVs « MixCR -TCR/BCR |
. ANNOVAR — annotation « PyClone — tumor evolution

* OncoKB — annotation
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