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Next Generation Sequencing



XapunNAO KOOTOC YEVWUIKWY TEXVOAOYIWV Ba odNnyNnoel
0€ KABNUEPIVEC EPAPUOYEC

« KoaoTog aAAnAouxiong

— http://www.genome.gov/sequencingcosts/
* O vouog Tou Moore TTpoBAETTEI DITTAACIOCUO TG UTTOAOYIOTIKAG 10X UG
KABe duo xpovia.
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http://www.genome.gov/sequencingcosts/
http://www.genome.gov/sequencingcosts/

Pacific Biosciences

Analytical Chemistry
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Figure 2. Schematic of PacBio’s real-time single molecule sequencing. (A) The side view of a single ZMW nanostructure containing a single DNA
polymerase ($29) bound to the bottom glass surface. The ZMW and the confocal imaging system allow fluorescence detection only at the bottom
surface of each ZMW. (B) Representation of fluorescently labeled nucleotide substrate incorporation on to a sequencing template. The corresponding
temporal fluorescence detection with respect to each of the five incorporation steps is shown below. Reprinted with permission from ref 39. Copyright
2009 American Association for the Advancement of Science.

http://www.ncbi.nlm.nih.gov/pubmed/21612267

http://www.youtube.com/watch?v=NHCJ8PtYCFc
http://www.youtube.com/watch?v=GX6RSKh4J7E
SMRT techonology — real time single molecule sequencing



http://www.youtube.com/watch?v=NHCJ8PtYCFc
http://www.youtube.com/watch?v=GX6RSKh4J7E

b lllumina/Solexa
Solid-phase amplification
Cne DMNA molecule per cluster

Sample preparation
DNA (5 pg)
Template
dMTPs

and
polymerase

Bridge amplification

http://www.ncbi.nlm.nih.gov/pubmed/19997069
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http://www.ncbi.nlm.nih.gov/pubmed/19997069
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lon Proton

http://www.lifetechnologies.com/global/en/home/about-us/news-gallery/press-releases/2012/life-techologies-itroduces-the-bechtop-io-proto.html

Press Releases

Life Technologies Introduces the Benchtop lon Proton™ Sequencer; Designed to Decode a Human Genome
in One Day for $1,000

SAN FRANCISCO, Jan. 10, 2012 /PRNewswire/ — Life Technologies Corporation (NASDAQ: LIFE) today announced it is taking
orders for the new benchtop lon Proton™ Sequencer that is designed to sequence the entire human genome in a day for $1,000.

(Photo: http://photos.pmewswire.com/pmh/20120110/LA31914-a)
(Photo: http://photos.pmewswire.com/pmh/20120110/LA31914-b)

The lon Proton™ Sequencer, priced at $149,000, is based on the next generation of semiconductor sequencing technology that
has made its predecessor, the lon Personal Genome Machine™ (PGM™), the fastest-selling sequencer in the world.

Up to now, it has taken weeks or months to sequence a human genome at a cost of $5,000 to $10,000 using optical-based
sequencing technologies. The slow pace and the high instrument cost of $500,000 to $750,000 have limited human genome
sequencing to relatively few research labs.



lon Proton

lon torrent chemistry

http://www.youtube.com/watch?v=yVf2295JgUg

OuoLaoTIKA lval €va TTIOAU pLkpo pH-meter
Aev Baoiletal og aviyvevon pwtog!


http://www.youtube.com/watch?v=yVf2295JqUg
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Oxford Nanopore
(2to eyyULC pEAOV;)

Nanopore
http://www.youtube.com/watch?v=UWCcCbIRPzvs

http://www.nanoporetech.com/technology/minion-a-miniaturised-sensing-instrument


http://www.youtube.com/watch?v=UWcCbIRPzvs

Biological Nanopore
(2to eyyUuC pENOV;)

Manopore sensing
A nanopore may be used to identify a target analyte as follows.

This diagram shows a protein manopore set in an electrically resistant membrane bilayer. An ionic current is passed through the
nanopore by setting a voltage across this membrane.

If an analyte passes through the pore or near its aperture, this event creates a characteristic disruption in current. By measuring that
current, it is possible to identify the molecule in question. For example, this system can be used to distinguish between the four standard
DMA bases G, A, T and C, and also modified bases. It can be used to identify target proteins, small molecules, ar to gain rich molecular
information, for example to distinguish the enantiomers of ibuprofen or molecular binding dynamics.

http://www.nanoporetech.com/technology/introduction-to-nanopore-sensing/introduction-to-nanopore-sensing



Reference assembly/alignment

EmravaAnyn 1 Movadikr Treploxn 1 EmavaAnyn 2 Movadikr) Trepioxn 2 EmavaAnyn 3

i AAANAoUXIoN pe Sequence Reads

i, 2UVapPUOAOGyIon PE BAon yovidiwua ava@opdg

EtravaAnyn 1 Movadikr Treploxn 1 EmavaAnyn 2 Movadikr Trepioxn 2 Emavainyn 3

[ Sequence Reads 1ou pttopouv va aToixiBouv
o€ TTEPICOOTEPEG ATTO pIa B€aelg dev aTolxidovTal

i Moévo oToixion Twv Sequence Reads TTou €xouv pia povadikry 6éon



Short read aligners

Bowtie
BWA
STAR

RPKM — Reads per
kilobase million

FPKM — fragments per
kilobase million

TPM - Transcripts per
million (TPM)

Reference assembly
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Al1aQOoPIKN EKPPAON YOVIOIWV

Microarrays & RNA-Sequencing



MRNA abundance ratios versus protein-abundance ratios.

mRNA versus protein abundance ratios, Gal/Eth
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MiKpoouaToIYieC
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RNA-SEQ

l FASTQ files I

b corrupted FASTQ files

N4
low-quality reads == ( i | 2 Contamination:
Fg;; 'tg ;op :SEI’X fp——=3p - Bacterial (Vertebrates);
reads with uncalled bases € L Q J - Microbes and Fungi (Plants)
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Log2

Av 1O yovidIo ek@paleTal TTEPICOOTEPO OTNV A ouvOnKn (KOKKIVN XPWOTIKN)
atrd o1 otnV control (Trpdoivn XpWwOTIKA), TOTE 0 AOyog ouvlnkn_A/control
(kOkkIvn/Trpacivn) Ba civar A>1, aAAiw¢g o€ avTiBetn TTepiTTTwaon 0<A<1.

Av 10 yovidlo ek@paletal e DITTAACIA EVvTaon TNV ouvOnkn A, o€ oxéon JE
TNV ouvenkn control, T0Te 0 AOyog Ba cival A=2.

Av T0O yovidIo ek@pAaleTal JE TN MIOH £vTaon oTnV ouveOnkn A, o€ oxéon Je
TNV ouvenkn control, T0t€ 0 AGyog Ba gival A=0.5.

MeTaTpETTOVTAG TOUG AOYyOUG O¢€ l0g,, EXOUE:
— A=2 ->log,A=1
— A=0.5 -> log,A=-1
— Me tnv kavovikoTroinon o€ log, Ta dedopéva YivovTal CUPUETPIKA.



YTrep/UTTO-£K(pPOON

« [161e Bewpoupe OTI Eva yovidio UTTEP/UTTO-eKPPALETAI O€ IO
OUYKEKPIUMEVN OUVONKN.
— Log,A >1 11 Log,A < -1 (ditTAGo1a/uTtodITTAdCIa EKPPaOon O OXEON ME TN
ouvonkn control).
— Me oTaTioTikEG pueBOdoUC (t-test, ANOVA).



OuadoTtroinon yovidiwv/ouvenkwv
UE TNV i0Ia CUUTTEPIPOPA.

XpelalOuaoTe apKETA onueia (DIAPOPETIKEC OUVONKES ) XPOVIKEC
OTIYHEG)

Me peBodouc atTooTAoEWY, OTTOU Ol JETPROEIC EVOC yovidiou yia
OIOPOPETIKEC OUVONKEC aTTOTEAOUV £va dIAVUCQ.

YT1ToAoYi(OUHE ATTOOTACEIG METAEU DIAPOPETIKWY dIAVUOUATWY
(yovidiwv).

— EuUkAcidia atréoTtaon

— 2UvTeAeOTNG ouoxETiong Pearson (Pearson correlation
coefficient).

— AnMIoupyeital TTivakag atrTooTACEWY PETAEU TWV YOVIDiwV.

— To avTioToIXO UTTOPEI VA YiVEl KAl YIa VA OJAdOTIOINOOUUE KOIVEC
OUVOnKEec.



O Distance Measures in Data

Science

The advantages and pitfalls of common distance measures

@ Maarten Grootendorst Feb1 - 10 minread * m [:]
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Distance Measures. Image by the author.

towardsdatascience.com




Conditionl |Condition2
Genel 1 -3
Gene2 -7 -2
Gene3 2 1
Gene4d 10 10
Gene5 -2 9
Geneb -6 6
Gene7 2 1
Gene$8 -3 -8
Gene9 -10 0
Genel0 -2 4
Genell -2 -2
Genel? -6 -10
Genel3 2 -8
Genel4 -7 -9
Genel5 -6 4
Genel6 -5 2
Genel? 8 -2
Genel8 2 9
Genel9 -3 -1
Gene20 10 -4

Conditionl |Condition2 |Condition3 |Condition4 |Condition5
Genel 1 -3 10 0 0
Gene2 -7 -2 -1 10 -8
Gene3 2 1 9 -9 5
Gene4 10 10 -4 0 -9
Gene5 -2 9 -7 0 -7
Geneb -6 6 -5 -3 9
Gene7 2 1 8 -1 -2
Gene$8 -3 -8 -1 -6 2
Gene9 -10 0 9 6 0
Genel0 -2 4 5 -7 -6
Genell -2 -2 0 -9 10
Genel? -6 -10 -5 8 5
Genel3 2 -8 1 -1 2
Genel4d -7 -9 -7 1 1
Genel5 -6 4 -8 -1 -6
Genel6 -5 2 -5 8 -8
Genel? 8 -2 -7 0 2
Genel8 2 9 -9 9 3
Genel9 -3 -1 7 -1 6
Gene20 10 -4 3 -3 -1
Conditionl |Condition2 |Condition3 |Condition4 |Condition5
Genel 1 -3 10 0 0
Gene2 -7 -2 -1 10 -8
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Conditionl |Condition2
Genel 1 -3
Gene2 -7 -2
Gene3 2 1
Gene4 10 10
Gene5 -2 9
Geneb -6 6
Gene7 2 1
Gene8 -3 -8
Gene9 -10 0
GenelO -2 4
Genell -2 -2
Genel2 -6 -10
Genel3 2 -8
Genel4d -7 -9
Genel5 -6 4
Genel6 -5 2
Genel? 8 -2
Genel8 2 9
Genel9 -3 -1
Gene20 10 -4

Conditionl |Condition2 |Condition3 |Condition4 |Condition5
Conditionl
Condition2
Condition3
Condition4
Condition5




OuadoTtroinon

Ohr|t1hr|2he|30rdhr|Shr
GeneA| 1 | 4|6 | 8| 6] 8
GeneB| 1 |06|03|01]|03]|04
GeneC| 1 2 | 4 4 3] 3
GeneD| 1 |15 2 2 1
GeneE| 1| 1 [05]|02]|01]02
GeneF| 1 |03|01|02]|03|04

|Gene B /Gene C/Gene D/Gene E Gene F

GeneA| 082 | 096 | 065 | 068 | -0.79

Gene B 085 | 086 | 0686 | 067

Gene C 070 | 065 | 087

Gene D 041 | 072

Gene E 0.26

conversion of coefficients
1o positive distance values

|Gene B Gene C|Gene D|Gene E Gene F
Gene A | 182 0.04 035 | 1.68 1.79
Gene B 185 | 186 | 034 | 033
Gene C 030 | 1.65 | 1.87
Gene D 1.41 1.72
Gene E 0.74

convert to false
colors

=
S

'08~
conversion

calculating Pearson
correlation
cocfficients
between genes

=

herarchacal
clustenng

—=>

Gene E

Ohr|1hr{2hr/3hr{dhr|Shr
GeneA| 0| 2 |26| 3 |26|26
GeneB| 0 |-07|-17|-33|-17|-13
GeneC| O 1 2 2 |16]|186
GeneD| O |06 1 | 16| 1 0
GeneE| O | O | -1 |-23|-33|-23
GeneF| 0 |-17|33|-23|-17|13

Time (hr)
012345
Gene A
—.' !GemC
Gene D
_{:Geme
Gene F




OvToAOViEC

www.geneontology.org

EAeyxOuevo AECINOYIO yIa TRV TTEPIYPAPH TWV IBIOTATWYV TWV YoVIOiwv
KAl TWV TTPWTEIVWV.

[Teprypdagouy:

— Mopliakég Asitoupyieg Tou Biopopiou (1 1 TTEPICOOTEPEC).

— Bilohoyikég d1adIKaaieC OTIC OTToiEC EUTTAEKETAI TO Bloudplo (1 1R
TTEPICOOTEPEG).

— Kuttapikd diapépiopa oTo OTT0i0 ouvavTtartal To Biopopio (1 n
TTEPIOCOTEPQ).


http://www.geneontology.org
http://www.geneontology.org

OvTtoAoyiec: H doun Touc

Aciyxvel TIC OXEOEIC HETACU
TWV OIAPOPETIKWY OPWV.

‘Evag 6pog utropei va
QTTOTEAEI TTIO
€CEIDIKEUPEVN TTEPIYPAPN)
EVOC GAANOU Opou.

Eival kateuBuvoueva

OKUKAIKG ypagnuarta
(DAG).

[Mapouola pe IEpapyieG.

H diapopd civail 11 €vag
KOMBOG-attdyovog PTToPEi
Va EXEI TTEPIOCOTEPOUG
QTTO €vav TTPOYOVOUG.

a Simple hierarchy b Directed acyclic ¢ Graph
graph = DAG
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Gene ontology

Table 1 | Evidence codes used by GO

Evidence Evidence code description Source of evidence Manually Current number
code checked of annotations*
IDA Inferred from direct assay Experimental Yes 71,050
IEP Inferred from expression pattern Experimental Yes 4,508
1Gl Inferred from genetic interaction Experimental Yes 8,311
IMP Inferred from mutant phenotype Experimental Yes 61,549
IPI Inferred from physical interaction Experimental Yes 17,043
IS5 Inferred from sequence or structural similarity  Computational Yes 196,643
RCA Inferred from reviewed computational analysis Computational Yes 103,792
IGC Inferred from genomic context Computational Yes 4
IEA Inferred from electronic annotation Computational No 15,687,382
IC Inferred by curator Indirectly derived from experimental or computational Yes 5,167
evidence made by a curator
TAS Traceable author statement Indirectly derived from experimental or computational Yes 44,564
evidence made by the author of the published article
NAS Non-traceable author statement No ‘source of evidence’ statement given Yes 25,656
ND No biological data available Mo information available Yes 132,192
NR Not recorded Unknown Yes 1,185

*October 2007 release

510 | JULY 2008 | VOLUME 9 www.nature.com/reviews/genetics



OvTOAOVIEC: OTATIOTIKN avaAuon

* [lapddeiypa:

1 yovidiwpa pe 10.000 yovidia.

1.000 yovidla eutTAéKOVTal OTOV KUTTAPIKO KUKAO (GO _term: cell-cycle).
(10% TOU yoVvIdIWPATOCG).

Av emIAéEoUE TuXaia Evav apliBud X yovidiwyv, Ba trepigévape (atrd Tuxn)
mePITTOU TO 10% (ME KATTOIEG DIOKUUAVOEIG) VA £XOUV TOV OPO “KUTTAPIKOG
KUKAOC”.

H Tuxaia dlakupavon e€apTaral atrd Tov aplBud Twyv yovidiwv.

‘EOTW OTI 4E TA mMicroarrays o€ £va Treipaua Bprkaue 611 X apiOpog yovidiwv

uTTEPEKPPAloVTAl.

2€ auTd Tov X ap1Buo, Bpnkaue 611 20% Twv yovidiwv avAKouv oTov
KUTTOPIKO KUKAO.

AuTh n atmokAion (20% Traparnpoupevo - 10% avauevopevo) gival ota opla
TWV TUXAiwV SIAKUPAVOEWV, N €ival OTATIOTIKA GNUAVTIKA?

e 2TATIOTIKA ONPAVTIKH, onuaivel T T UTTEPEKP PACEVA YoVidla gival
EMTTAOUTIOMEVA YIA TNV KATNYOPIa “KUTTAPIKOS KUKAOG . AnAadr|, 0 KUTTAPIKOG
KUKAOG EUTTAEKETAI OTNV OIAOIKACIQ TTOU PMEAETAE.



OVTOAOViIEC:
OTATIOTIKN avaAuon

H oTtamioTikiy avdAuon yiveTal UE TO UTTEPYEWMETPIKO TEOT.
[Maipvoupe éva p-value.
Av p-value < 0.05, 10TE €ival OTATIOTIKA GNUAVTIKO.

Av oTIG ovToAoyieg pag eixape 100 6poug, Ba eTTavalapBavaue Ta
TTAPATTAVW TEOTC YIA TOV KABE 6po0.
Opwg, 600 TTEPIOCOTEPA TEAT KAVOUUE YIA TO TTEIPAUA PAG, TOOO QULAVEI
mOavOoTNTA Va BPOUNE KATI OTATIOTIKA onuavTiko (p-value < 0.05) kaBapd
aT1ro AGBog.
Apa, TTPETTEI va AABOUPE UTTOWNV PAG TTOOA TEOT DIEVEPYOUE Kal va
dlopBwooupe Ta p-values (multiple testing correction).

— False discovery rate (Benjamini-Hochberger)

— Bonferroni correction
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GWAS

cases

Variant Frequency
Cases - 58.3%

Controls - 16.7%

controls

Baoelg AsSopévwv



GWAS
SNParrays — WGS - WES

Cases vs Controls — pvalue corrected for multiple testing

cases controls

101 Variant with 18
* higher frequency ¢
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GWAS catalogue - EMBL-EBI and NHGRI.

Maxuoapkia: SNP rs1421085
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GWAS catalogue

Maxuoapkia: SNP rs1421085

Choose population:

LD PLOT 51421085
[_:] British in England and Scotland (GBR) j
10 | o o 8 Choose plot width (Kb): 50 v
REV 00 «0EDe oy PP 7
054 o | e © Choose LD measurement: P j
054 EZOB0 e N T Feuedfe
' 1 Filter by r: 08
07
0.6 Variant source @
LR ® GWAS Catalog
04 : Y Ensembl
03
! Trait category o
02
[ O Boedy measurement
017 O o trait reported
0o T T T T — T 1 B Other measurement
53,750,000 53,760,000 | 53,770,000 53,760,000 53,790,000
O cancer
Ensembil 1
Genes D Neurclogical disorder
FTO i D Biological process
forward strand 5 O Metabolic disorder
reverse strand |:| Hematological measurement
B cardiovascular disease
Ensembl _
Regulatory build | I 1 O _— — — <]
1 REGULATORY: ENSR00001001829
Type: I Predicted promoter flanking region
| . . CH Location: 16:53,766,202-53,783,199 [-i- Download LD Data ]
53,750,000 53,760,000 53770000 | Description:  Predicted promoter flanking region

More Info: Ensembl .
Chromoseme position (GRCh38 Chris: [J. Download Overlapping Features ]




dbSNP - NCBI

rsl421085

Organism Homo sapiens

Position chr16:53767042 (GRCh38.p12) @

Alleles T>C

Variation Type SNV Single Nuclectide Variation

Frequency C=0.389713 (57796/148304, ALFA Project)
€=0.290958 (36535/125568, TOPMED)
€=0.19209 (15116/78692, PAGE_STUDY) (+ 16 more)

Variant Details

ALFA Allele Frequency (New)

Current Build 154
Released April 21, 2020

Clinical Significance Reported in ClinVar

Gene : Consequence FTO : Intron Variant

Publications

14] citations

Genomic View

+MWitVarEl

See rs on genome

Clinical Significance The ALFA project provide aggregate allele frequency from dbGaP. More information is available on the project page including
descriptions, data access, and terms of use.
Frequency
Rel Version: 20200227123210
Population Group “  Sample Size Ref Allele AltAllele
Submissions
Total Global 148304 T=0.610287 C=0.389713
History
European Sub 124804 T=0.583154 C=0.416846
Publications African Sub 6466  T=0.8992 €=0.1008
Flanks African Others Sub 218 T=0.959 C=0.041
African American Sub 6248 T=0.8971 C€=0.1029
Asian Sub 358 T=0.804 C=0.1%6

Baoelg AsSopévwv

Ytnv dbSNP, o xpriotng pmopel va avalntiosl mAnpodopieg yia SNPs, xpnotpomowwvtag to reference SNP number, To 6voua

TOU yovibiou, YOVIOLWHUATLKEG CUVTETAYUEVEG KAl AAAQ OTOLXE L.

Ma éva cuykeKkpLéEvo SNP, o xprioTtng Uopet va et o€ TL cuxvotnTeC eudaviletal otoug Sddopoug MAnBucUoUG, o TToLd
yovidLakn meploxn evromiletal, aAa SNPs mtou unapyxouv otnv gyyug YELTOVLA, TL EMUTTWOELG EXEL (v TLY. EVTOMI{eTOL O
VTP OVLO, av oAAAleL KATOLo apvoEU K.T.A.), TIOLEC SNUOOCLEV UEVES EPYAOLEG TO avadEPOuVY, OMWGE KAl EQV EXEL KATIOLA

KAWVIKA onuaoia

Y€ aUTA TNV nepintwon, divetal o avtiotolyog cuvdeopog otnv Baon dedopévwyv ClinVar (emiong tou NCBI), mou mepLEXEL
KAWVIKA onpovtika SNPs kat Tig avtiotolxe¢ mAnpodopieg Toug.
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Search Help

» Japanese

KEGG: Kyoto Encyclopedia of Genes and Genomes

KEGG is a database resource for understanding high=level functions and utilities of
the biological system, such as the cell, the arganism and the ecosystem, from
molecular-level information, especially large-scale molecular datasets generated by
genome sequencing and other high-throughput experimental technologies.

See Release notes (April 1, 2021) for new and updated features.

New article KEGG: integrating viruses and cellular organisms

& Main entry point to the KEGG web service

KEGG2

KEGG Table of Contents [Update notes | Release history]

W« Data-oriented entry points

KEGG PATHWAY
KEGG BRITE
KEGG MODULE

KEGG ORTHOLOGY

KEGG GENOME
KEGG GENES
KEGG COMPOUND
KEGG GLYCAN
KEGG REACTION
KEGG ENZYME
KEGG NETWORK
KEGG DISEASE
KEGG DRUG

KEGG MEDICUS

KEGG pathway maps

Pathway
BRITE hierarchies and tables Brite
KEGG modules Brite table
KO functional orthelogs  [Annotation] Module
) Network
Genomes [Pathogen | Virus | Plant] KO (Function)
Genes and proteins [SeqData] Organism
Small molecules Virus
Glycans Cf’mp"-"“”d
_ ) . Disease (ICD)
Biochemical reactions [RModule] Drug (ATC)

Enzyme nomenclature
Disease-related network variations

Drug (Target)
Antiinfectives

Human diseases
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Health information resource [Drug labels search]

& Organism=-specific entry points

KEGG Organisms

W« Analysis tools
KEGG Mapper
BlastKOALA
GhostKOALA
KofamKOALA
BLAST/FASTA
SIMCOMP

Enter org code(s) Go hsa hsa eco

KEGG PATHWAY/BRITE/MODULE mapping tools
BLAST-based KO annotation and KEGG mapping
GHOSTX-based KO annotation and KEGG mapping
HMM profile-based KO annotation and KEGG mapping
Sequence similarity search

Chemical structure similarity search
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K[ce KEGG Pathway Maps
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05200 Pathways in cancer
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05204 Chemical carcinogenesis
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K[cc Breast cancer - Homo sapiens (human)

[ Pathway menu | Pathway entry | Download KGML | Show description | Image (png) file | Help ]
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Kfze

Homo sapiens (human): 2099

Help |

Entry

2099 cDhs Tolee1

Gene name

ESR1, ER, ESR, ESRA, ESTRR, Era, NR3Al

Definition
KO

(RefSeq) estrogen receptor 1

K88558 estrogen receptor alpha

Organism

hsa Homo sapiens {human)

Pathway

Endocrine resistance

Estrogen signaling pathway

Prolactin signaling pathway

Thyroid hormone signaling pathway

Endocrine and other factor-regulated calcium reabsorption
Pathways in cancer

Proteoglycans in cancer

Breast cancer

hsa@1522
hsa@4915
hsa@4917
hsa@4919
hsa@4961
hsa@528@
hsa@5285
hsa@5224

Network

Element

ntB6227 Nuclear receptor signaling
nt@627@ Breast cancer

ntB6323 KISS1-GnRH-LH/FSH-E2 signaling
Nee286
Neez2g7
Neeas7?

Nuclear-initiated estrogen signaling pathway

ESR1-positive to nuclear-initiated estrogen signaling pathway
Mutation-inactivated ESR1 to nuclear-initiated estrogen
signaling pathway

Disease

Heve31l
He2eel

Breast cancer
Estrogen resistance syndrome

Drug target

Acolbifene hydrochloride: D@2758

Afimoxifene: DB6551

Alfatradiol: DB7121

Arzoxifene hydrochloride:

Bazedoxifene: D@3@62<IP>

Brilanestrant: D11264

Chlorotrianisene: DBB2659

Clometherone: D@3551

Clomifene (DGEB474): DO@I62<¢IP/US» DB7726

Danazol: DE8289<IP/US>

Delmadinone (DGB2935): DB3675 Da7783

Desogestrel: D82367

Dienestrol: D@B858

Diethylstilbestrol (DG@8466): DBB577 D@@%46 DE7826

Droloxifene (DG@1265): D@3511 De3s12

Elacestrant (DGB3878): D11671 D11672

Enclomiphene (DG@1952): DBE918 D1e876

Epitiostanol: D@1265

Equilin: De4e4l

Estetrol (DG@3827): D11513 D11514

Estradiol (DGee462): DOB1e5<IP/US» DB1413<IP/US> DB1617 D@1953
DB4861<US> De4B63<US> De4e64 Dedees DOTVIL1B<US:»

D82993
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OMIM

#114480 ICD+
Table of Contents # 114480

Title

Phenotype-Gene BREA.ST CA.NCER

Relationships

Clinical Synopsis Alternative titles; symbols

BREAST CANCER, FAMILIAL

Text
Description
Clinical Features

Other Features Other entities represented in this entry:

';_“e”‘aﬁ“ BREAST CANCER, FAMILIAL MALE, INCLUDED
jagnosis

Clinical Management

Phenotype-Gene Relationships

Mapping
Cytogenetics Phenotype Phenotype Gene/Locus
Molecular Genetics Location Phenotype MIM number Inheritance mapping key Gene/Locus MIM number
Pathogenesis 1p31 {Breast cancer, invasive ductal} 114480 AD, SMu 3 RADSL 63615
. 2g33.1 {Breast cancer, protection against] 114480 AD, SMu 3 CASPS 601763
Animal Mode| 2q35 {Breast cancer, susceptibility lo} 114480 3 BARD1 601593
History 3926.32 Breast cancer, somatic 114480 3 PIK3CA 171834
See Also 5034 {Breast cancer, susceplibility lo} 114480 3 HMME 600936
References bp25.2 {7Breast cancer susceptibility} 114480 1 NQOZ 160998
6025.1-q25.2 Breast cancer, somatic 114430 3 ESR1 133430
Contributors 8q11.23 Breast cancer, somatic 114480 3 RB1CC1 606837
Creation Date 11pl54 Breast cancer, somatic 114480 3 SLC22A1L el2631
Edit History 11922.3 {Breast cancer, susceplibility lo} 114480 AD, SMu 3 ATM 607585
12p12.1 Breast cancer, somatic 114480 3 KRAS 190070
13g13.1 {Breast cancer, male, susceptibility to} 114480 AD, SMu 3 BRCAZ 600185
14932.33 {Breast cancer, susceptibility lo} 114480 AD, SMu 3 XRCC3 B00aT5
14q32.33 Breast cancer, somatic 114450 3 AKT1 164730
15q15.1 {Breast cancer, susceplibility lo} 114480 AD, SMu 3 RADSI 179617
16pl2.2 {Breast cancer, susceptibility 1o} 114480 AD, SMu 3 PALBZ 610355
16q22.1 {Breast cancer, lobular} 114480 AD, SMu 3 CDH1 14920490
17pl13.1 Breast cancer, somalic 114480 3 [P53 191170
17921.33 {Breast cancer, susceptibility 1o} 114480 AD, SMu 3 PHE 176705
17q25.2 Breas!t cancer, somalic 114450 3 FFPMID 605100
17q23.2 {Breast cancer, early-onset, susceptibility to} 114480 3 BRIF1 605882
22g12.1 {Breast cancer, susceptibility 1o} 114480 3 CHEKZ 604373




HUMAN PROTEIN ATLAS **

=MENU HELP NEWS

SEARCH!
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BRAIN ATLAS

News Recent news
Thu, 15 Apr 2021
Movie of the month: The kidneys

Mon, 15 Mar 2021
The kidneys are responsible for fiitering a mindblowing 180 Movie of the month: the nervous gut
liters of blood daily, eliminating toxins, regulating biood
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Towards a Cell Cycle Atlas

read the latest article - published Thu, 15 Apr 2021 all news articles
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PROGNOSTIC SUMMARY!

Prognostic marker in endomeirial cancer (favorable)

CANCER —
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o Endometrial cancer

RMA EXPRESSION OVERVIEW

TCGA dataset’ RMNA cancer category: Group enriched (breast cancer, endometrial
Cancer, ovarian cancer)
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Mnyovikn pabnon — Machine Learning

* Supervised learning
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Mnyovikn pabnon — Machine Learning

* Supervised learning

8 Python Machine Learning 1)

Algorithms Linear Regression

Random Forest

¢ @ @ Logistic Regression
@ Decision Tree

g Support Vector Machines
Naive Bayes (SVM)

=Means

kNN
(k-Nearest Neighbors )



Decision Trees / Random Forests

Decision Tree Diagram
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Amtodoon

Confusion matrix
Accuracy = (TP + TN)/(TP + TN + FP + FN)
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Mnyavikn padnon — Feature selection

— Wrapper methods —
dokipalel oA
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ApPYEG

— Filter methods — eA€yxouv
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Avterukupwon — Cross-validation

Test data

¥
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Mnyovikn pabnon — Machine Learning

“positive” test cut-off value

True negatives

True positives

False negatives (i.e. those N )
members of the “positive” False positives (i.e. tho.se
population who tested negative member.‘s of the “negative .
because their test results population ‘.Nho tested positive
happened to be lower than the because their test results
positive cut-off threshold) happened to be higher than the
positive cut-off threshold)



avikn padnon — ROC curve
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Mnyowvikn pabnon — ROC curve
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Positives ——

Comparing ROC Curves
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Mammaprint - Tissue of origin

http://www.ivdtechnology.com/article/exploring-fda-approved-ivdmias

MammaPrint. The first IVDMIA, the MammaPrint system, made by Agendia
Inc., is a qualitative IVD test service performed in a single lab outside the United
States using a 70-gene expression profile of fresh frozen breast cancer tissue
samples to assess a breast cancer patientas risk for distant metastasis. FDA
approved MammaPrint in February 2007 under de novo classification
procedures.

Tissue of Origin Test In July 2008, the Tissue of Origin Test, made by
Pathwork Diagnostics, was cleared. This microarray RNA profiling test is to be
used on clinical, formalin-fixed, paraffin-embedded (FFPE) biopsy tissue to aid in
the classification of the origin of the tumor tissue. In June 2010 a second
clearance introduced a different specimen and specimen-preparation method,
and the algorithm for analysis of the expression data to create a diagnostics
report and interpretation. The test uses microarray technology by Affymetrix
Inc. and advanced analytics to measure the gene-expression patterns of
challenging tumors, including metastatic, poorly differentiated, and
undifferentiated cancer. It is intended to measure the degree of similarity
between the RNA expression patterns in a patient’ s tumor tissue with the RNA
expression patterns in a database of fifteen known tumor types.


http://www.ivdtechnology.com/article/exploring-fda-approved-ivdmias
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KapKivol ayvwoTou TTPOEAEUTEWC

e 2& KATIOIEG TTEPITITWOEIC EPPAVIONC/ETTAVEUPAVIONG KAPKiIVOU
gival ayvwoTtn n Tpwtapxiki TNy (1016¢), akoua Kai YETG atrd
uia o€1pa dlIayvwoTIKWYV TECT/Bloyia.

e AUTO dgv eTITPETTEI VA XpNOIJOTToINBEl Eva KAaTtAAANAO
BepatTeuTIKO OXNMOA.

« O1 JIKPOOUOTOIXIEC ETTITPETTOUV VA dNMIOUPYNOEi TO TTPOPIA
YOVIDIOKNG EKPPACNG TOU CUYKEKPIMEVOU KAPKIVOU Kal va
OUYKPIBEI uE TO TTPOPIA KAPKiVWYV YVWOTAC TTPOEAEUONC.



KapKivol ayvwoTou TTPOEAEUTEWC

Anuioupyeital pia Baon atrd 0edoUEVA HETAYPAPWHIKAG
(a1TO AAAEC Baoeic dedouEVWY Kal BiIfAIoypagia).

Ta dedopEvVa gival ATTO YVWOTOUG KAPKIVOUG, KAVOVIKOUG
I0TOUG, KAl a1TO AAAEC ACOEVEIEG.

Ta dedouéva PIATPAPOVTAl, KOVOVIKOTTOIOUVTA.
2TN OUVEXEIQ YIVETAI OUYKpPION.



KapKivol ayvwoToUu TTPOEAEUTEWC

http://genomemedicine.com/content/3/9/63/abstract
Classification of unknown primary tumors with a data-driven method based on
a large microarray reference database

Kalle A Ojala, Sami K Kilpinen and Olli P Kallioniemi
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IVDMIA - FDA

http://www.fda.gov/NewsEvents/Newsroom/PressAnnouncements/2007/uc
m108836.htm

The MammaPrint is the first cleared in vitro diagnostic multivariate index
assay (IVDMIA) device.

http://www.fda.gov/NewsEvents/Newsroom/PressAnnouncements/2008/uc
m116931.htm

FDA Clears Test that Helps Identify Type of Cancer in Tumor Sample

The Pathwork Tissue of Origin test compares the genetic material of a
patient's tumor with genetic information on malignant tumor types stored in
a database.lt uses a microarray technology to analyze thousands of pieces
of genetic material at one time. The test considers 15 common malignant
tumor types, including bladder, breast, and colorectal tumors.
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The aim of the present study was to investigate the ability of breath analysis to
distinguish lung cancer (LC) patients from patients with other respiratory diseases
and healthy people.

The population sample consisted of 51 patients with confirmed LC, 38 patients with
pathological computed tomography (CT) findings not diagnosed with LC, and 53
healthy controls.

The concentrations of 19 volatile organic compounds (VOCs) were quantified in the
exhaled breath of study participants by solid phase microextraction (SPME) of the
VOCs and subsequent gas chromatography-mass spectrometry (GC-MS) analysis.

Kruskal-Wallis and Mann—Whitney tests were used to identify significant differences
between subgroups.

Machine learning methods were used to determine the discriminant power of the
method. Several compounds were found to differ significantly between LC patients
and healthy controls. Strong associations were identified for 2-propanol, 1-propanol,
toluene, ethylbenzene, and styrene (p-values < 0.001-0.006)

The random forest machine learning algorithm achieved a correct classification of
patients of 88.5% (area under the curve—AUC 0.94).

However, none of the methods used achieved adequate discrimination between LC
patients and patients with abnormal computed tomography (CT) findings.
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