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Ana Hat

e Kanser hastalarini obekleme
» Coklu-omik verileri

» Cok bakis acili 6grenme

 Cekirdeklerle 6grenme

» Cizge cekirdekleri

* PAMOGK - Yolak Bazli Cizge Cekirdegine
dayali Coklu-Omik Obekleme Algoritmasi

Bioinformatics Algorithms: An Active Learning Approach. © 2018 Compeau an d Pevzner.



Kanser Hala bir
Kiresel bir Saglik Problemi

Our World
in Data

17.79 million

Number of deaths by cause, World, 2017

9.56 million

Cardiovascular diseases

Cancers
Respiratory diseases N 3.91 million
Lower respiratory infections I .56 million
Dementia N 2.51 million
Digestive diseases | 2.38 million
Neonatal disorders [ 1.78 million
Diarrheal diseases | 1.57 million
Diabetes i 1.37 million
Liver diseases |l 1.32 million
Road injuries M 1.24 million
Kidney disease I 1.23 million
Tuberculosis [ 1.18 million
HIV/AIDS mm 954,492
Suicide I 793,823
Malaria 1 619,827
Homicide @ 405,346
Parkinson disease |l 340,639
Drowning W 295,210
Meningitis i 288,021
Nutritional deficiencies Wl 269,997
Protein-energy malnutrition || 231,771
Maternal disorders § 193,639
Alcohol use disorders | 184,934
Drug use disorders | 166,613
Conflict | 129,720
Hepatitis | 126,391
Fire | 120,632
Poisonings | 72,371
Heat (hot and cold exposure) | 53,350
Terrorism | 26,445
Natural disasters | 9,603
0 2 million 4 million 6 million 8 million 12 million 16 million
CCBY

Source: IHME, Global Burden of Disease



Kanser gibi Karmasik
Hastaliklarla Miiceadele

* Hucre biyolojisini anlamak

* Veri toplayacak deney ve dl¢ciim
enstrimanlarinda teknolojik ve bilimsel
ilerleme

* Veriyi anlamlandiracak hesapsal yontemlerde
ilerleme




Omiks Cagi

* SNP * DNA methylation * Gene expression * Protein * Metabolite
* CNV ¢ Histone modification * Alternative splicing expresssion profiling in
* LOH * Chromatin * Long non-coding * Post-translational serum, plasma,
* Genomic accessibility RNA modification urine, CSF, etc.
rearrangement * TF binding * Small RNA ¢ Cytokine array
* Rare variant * miRNA
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Ritchie ve ark. Nature Reviews Genetics. 16, 85-97, 2015.

Phenome

¢ Cancer

* Metabolic
syndrome

* Psychiatric
disease




Kanser Genom Projesi

Deneyler

H
Hastalarin molekuler
degisim kataloglari
Omics characterizations

Gene expression

Platforms

DNA methylation
MicroRNA

RPPA

Clinical data
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Figure kaynagi: Weinstein et al., Nature Genetics, 2013.



Kisisellestirilmis Tip

TRADITIONAL MEDICINE vs. PRECISION MEDICINE

Traditionally, radiation, chemotherapy, and surgery were the only means by which doctors could treat cancer.
With precision medicine, doctors use a patient’s genes to uncover clues for treating the disease.

RADIATION

» High-energy particles
damage or destroy
cancer cells

CHEMOTHERAPY

» Chemicals attack
cancer

SURGERY

* Operate on part
of the body to
diagnose or treat
cancer

7

@
Advanced @ 1 ! T @

Personalized ) /
Treatment . .4

Figur kaynagi: https://healthmatters.nyp.org/precision-medicine/

GENETICS

+ Gene sequencing

+ Locate cancer-
causing genes

IMMUNOTHERAPY

« |dentify ways to
customize treatment

» Find ways to turn
immune system on

* Personalize treatment
with immune-activating
drugs

TARGETED THERAPIES

+ Drugs turn specific
genes on or off

+ TRADITIONAL THERAPIES


https://healthmatters.nyp.org/precision-medicine/

Farkli Olcekte Tedavi Yaklasimlari

Therapy (mainly Rx)
6’

o O o
Adverse No
Event Benefit

Benefit

Stratified Medicine

Patients are grouped by:
Disease Sub-types

Risk Profiles
Demographics
Socio-economic Factors
Clinical Features
Biomarkers

Molecular Sub-populations

L)

Therapy (mainly Rx)

6’ b b

I.l 'ﬁ| I.l
Patient groups benefit from more targeted
treatment

Figlire kaynagi: https://www.linguamatics.com/solutions/precision-medicine

Precision Medicine

Individual patient level:
Genomics and Omics
Lifestyle

Preferences

Health History

Medical Records
Compliance
Exogenous Factors

g g Companion Diagnostic
> (CDx) Biomarker
s e

Therapy (Rx + Dx = CDx)

G &7 GGG G

) mTem

Each patient benefits from individualized
treatment



Ayni Kanser Tipi Farkh Kilinik Ozellikler

 Ayni kanser, farkli klinik yortingeler
* Benzer molekiiler degisim orlintileri olan hasta alt
gruplarinin bulunmasi hedefli tedavilerin gelistirilmesine

yardimci olur

Omics characterizations

Mutation

Copy number
Gene expression

DNA methylation
MicroRNA
RPPA

Clinical data

Figure kaynagi: Weinstein et al., Nature Genetics, 2013.
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Figure kaynagi

http://www.pancreaticcancer.net.au/ground-breaking-nature/
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Coklu Bakis Acili Obekleme

Omics characterizations

= Mutation

. Copy number

Gene expression

[0}
E
o
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DNA methylation
MicroRNA

RPPA

Clinical data

| a Snake!

Figlir kaynagi: Weinstein et al., Nature Genetics, 2013. Figiir kaynagi: https:/towardsdatascience.com



Coklu Bakis Acili Obekleme

» Uzlasma prensibi
» Tamamlayicilik prensibi

One data object

~_.__-"View1
~__ View 2

A : Cc

Figlir: Yang and Wang, Big Data Mining and Analytics, 2018.



10546-10562 Nucleic Acids Research, 2018, Vol. 46, No. 20 Published online 8 October 2018
doi: 10.1093/narlgky889

SURVEY AND SUMMARY

Multi-omic and multi-view clustering algorithms:
review and cancer benchmark

Nimrod Rappoport and Ron Shamir



Multi-Omics Entegrasyonu

Early Integration

- Dataset 2

14

&
m
iCluster
(Shen et al. 2009, Bioinformatics)

LRAC luster
(Wu et al. 2015, BMC Genomic)

Figlir kaynagi
Zitnik et al. 2019, Information Fusion

Intermediate Integration

- Dataset 2
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MCCA (Witten et al. 2009, Stat
App! Genet Mol Biol.)

SNF (Wang et al. 2014, Nature)
rMKL-LPP (Speicher et al.

2015, Bioinformatics)

Late Integration

- Dataset 2
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Consensus (strehl et al.
2002, Journal of Machine
Learning Research)

PINS (Nguyen et al. 2017,
Genome Res)

Review article: Rappaport, Shamir. 2018, Nucleic Acid Research



Coklu Bakis Acili Kiimeleme

Cok bakis acili altuzay kiimeleme

Subspace 1
~~— ~;@»n<,
Subspace 2/ Latent space . n“,
N / \I o @, Unified
—°, T 7 o © ~|representation

Figlir kaynagi: Yang and Wang, Big Data Mining and Analytics, 2018.



Coklu Bakis Acili Kiimeleme

Cok bakis acili altuzay kiimeleme

Subspace 1
\i o *;@-~n_<
Subspace 2, Latent space . |
olo" / \l 0@, Unified
o T N representation

Cok bakis acili fiizyon
tabanh kiimeleme

Figlir kaynagi: Yang and Wang, Big Data Mining and Analytics, 2018.



SNF (Benzerlik Ag1 Flizyon
Algoritmasi
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Wang et al. Nature Methods, 2014.



SNF (Benzerlik Ag1 Flizyon
Algoritmasi)

a -, b ) o ) c . L d o e Fused patient
Original data Patient similarity matrices Patient similarity networks Fusion iterations similarity network

= T WE 4
g &
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O Patients Patient similarity: mRNA-based = ——— DNA methylation-based

Patients
Patients

Patients
DNA methylation

Patients
Patients

Supported by all data

Wang et al. Nature Methods, 2014.



Cok Cekirdekli Ogrenme

Kernel 1
Linear or non-linear
K Kernel | Unified
el learning | kenel
Kernel m

Figlir kaynagi: Yang and Wang, Big Data Mining and Analytics, 2018.



Oznitelik Uzayi Transformasyonu
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Image by MIT OpenCourseWare.



Cekirdekler ve 6znitelik uzayi
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Cekirdek Fonksiyonlari

T €4 K (@i, 73) = ($(w:), &(a7)) o
K: XXX =R

O: X —>H

Dogrusal ¢ekirdek fonksiyonu: K (x;,X%;) = X;-rxj
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Gauss c¢ekirdek fonksiyonu:

Polinom cekirdek fonksiyonu: K(x;,x;) = (1+ x,}_xj)d




Hastalar

Cekirdek Dizeyi

Oznitelikler

) ..... Cekirdek fonksiyonu

Oznitelik dizeyi

v

Hastalar

o
-

_ule
.._‘
o
.. N-

Hastalar

Cekirdek dizeyi



Cok Cekirdekli Ogrenme

Kernel 1
Linear or non-linear
K Kernel | Unified
el learning | kenel
Kernel m

Figlir kaynagi: Yang and Wang, Big Data Mining and Analytics, 2018.



Coklu bakis acili cekirdek k ortalama metodu

v. bakis acisi
tzerinde
hesaplanmis
cekirdek dizeyi

Amac fonksiyonu:

v. bakis acisinin

agirlig
e
i p () _ T g (v
minimize lew Tr( ) —Tr(Y" K'"Y))
subject to w, >0, v=1,2 ...,V i
v Obekleme
Zw” 1 sonucunu iceren
p— indikator dizeyi

p=>1



Ayni Kanser Tipi Farkh Kilinik Ozellikler

Ayni kanser, farkli klinik yoriingeler
Benzer molekiler degisim oriinttleri olan hasta alt
gruplarinin bulunmasi hedefli tedavilerin gelistirilmesine

yardimci olur

Omics characterizations

Mutation

Copy number
Gene expression

DNA methylation
MicroRNA
RPPA

Clinical data

Figure kaynagi: Weinstein et al., Nature Genetics, 2013.

W

/C/
iy

[ ]
~N ﬁ
Figure kaynagi

http://www.pancreaticcancer.net.au/ground-breaking-nature/
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Ortak Degisimler Az

Frequency of mutation in all unseleciod Breast Cancers(%)
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‘Long tail' mutations of unknown function

Genler

Figiir kaynag https:/www.icr.ac.uk/



https://www.icr.ac.uk/
https://www.icr.ac.uk/

Biyolojik Yolaklar

Molekul etkilegim aglari
Cesitli hucresel mekanizmalar hakkinda biyolojik bilgileri 6zetler

| HIF-1 SIGNALING PATHWAY
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Yolaklar

« Molekiiler degisimlere hiicresel aglar baglaminda
bakmak hasta benzerliklerini ortaya cikarabilir.

Ayni Yolak, Farkli Hastalar
Hasta 1 Hasta 2 Hasta 3




Cizge Cekirdekleri

[ki cizge birbirine ne kadar benzerdir?

« Cizgeleri kimeleme ya da siniflandirma gibi cizgeler
lizerinde yapay 6grenme problemleri icin temel bir

sorudur,
® Cizge iizerindeki yollarin benzerligi ® Diigiim etiket dagilim benzerligi:
o Shortest Path Graph Kernel ©  Propagation Graph Kernel
(Borgwardt et al. 2005, ICDM) (Neumann et al. 2015, Machine
o Graph Hopper Kernel Learning)
(Feragen et al. 2013, NIPS) O Wasserstein Weisfeiler Lehman

Graph Kernel
(Togninalli et al. 2019, NeurlPS)



PAMOGK Ana Fikir

« Hem farkli omik verilerinden hem farkli yolaklardan gelen bakis acilarini
entegre ederek hasta alt gruplarini bulmak
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Patient Patient
Mutations Protein Expresssion
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COMPUTE GRAPH KERNEL ON EACH PATHWAY

Kernel Matrices
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MULTI-VIEW KERNEL CLUSTERING




Patient Patient Patient
Mutations Protein Expresssion Gene Expression Pathway 1

Pathway 2 Pathway 3 Pathway M
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Dizglnlestirilmis Kisa Yol Cizge Cekirdegi:
Etiketleri Yayma Adimi

[ ]
' L2 Lo o
Etiketleri yolak cizgeleri
&) () tizerinde komsulara
dagit
Og0 Og0 °
l SUHH —a8WA,+(1—a)S

15

Network Propagation
(Cowen et al. 2017, Nature Reviews Genetics)



Dizglnlestirilmis Cizge Cekirdegi

Hesaplamasi
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Yeni bir Cizge Cekirdegine Ihtiyac
Var mi¢

Patients

Patients

Propagation

SmSPK

Graph Hopper



Yeni bir Cizge Cekirdegine Ihtiyac
Var mi¢

Patients _ . 10

06 0.8 .

®
kS
5 o Bins
‘ 1
= S § 0.6 M (0.8, 1]
T =508
Propagation Wasserstein Weisfeiler Lehman -4 (0.4,0.6]
= 04 M (0.2,04]
9 (0.0,0.2]
0
0.2
0.0
SmSPK Graph Propagation Wasserstein
Hopper Weisfeiler
N Lehman
Graph Hopper SmSPK Graph Kernel Methods

Diger cizge cekirdekleri cizge yapisindaki benzerliklere odaklandiklarr igin
hastlari hep benzer hesapliyor.



Obeklemeyi Degerlendirme
Sagkalim Verisi

|
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I Baska bir sebeple olim I
® O rssssnsnnnnnnnnnnns frnunnanannsannn
| |
| |
I O
| Calismaya I
.......... heuo....f2US. o —0 I
| |
I . I
I Olum I
............ ’ ") |
| Sag kalim suresi I
| |
i h i i i | >
2011 2012 2013 2014 2015 2016
Calisma baglangici Takvim Calisma bitisi

40



Obeklemeyi Degerlendirme

Number of Patients
— 135 (C1)
— 116 (C2)
— 110 (C3)

1.0

o
©
1

o
(o2}
1

Survival Probability

o
N
1

p-value: 8.13e-11

00 A 1 1 I I 1 I
0 500 1000 1500 2000 2500 3000
Time (days)

Farki gruplardaki hastalarin sagkalim dagilimlarinin biribirinden ne kadar
ayrildigini icin log-rank testinin donduirdtgi p degeri.



Coklu Bakis Acili Kiimele Adimi icin
Alternatif Metotlar
o Average Kernel K-Means (AKKM)

o Multiple Kernel K-Means with Matrix Induced
Regularization (MKKM-MR) (Liu et al. 2016, AAAI'16)

o Localized Multiple Kernel K-Means (LMKKM)(Gonen et
al. 2016, AAAI'16)

o Spectral Clustering (SNF K-Means) (Wang et al. 2014,
Nature Methods)

o Kernel K-Means (SNF Spectral) (Wang et al. 2014, 17
Nature Methods)




Farkli Coklu-Bakis Acili Metotlardan
Hangisini Kullanmaliyiz

0-

MKKM-MR LMK SNF SNF
KMEANS KMEANS SPECTRAL KKM

(o0]

-log, (p-value)
D

BN

Bu problemde MKKM-MR en iyi gruplamayi yapan ¢oklu bakis acili, ¢cekirdekli
algoritma oldu.



Diger Metotlarla Karsilastirma
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Multi-Omics Clustering Methods

Benchmark from: Rappaport, Shamir. 2018, Nucleic Acid Research



Etiketleri Yaymanin Etkisi

0 —
104 No .
=™ Smoothing -
8 Bins
- > o1
E o 0.6 . (08,1)
i ® M (06,08]
£ 61 2 W (0.4,06]
§' 2 04 I (0.2,04]
T w o ™ (0,02]
4 0
0.2
2-
0 0.0
Somatic Not Smoothed
Omics Mutation Smoothed

Molekuler degisikliklikleri cizge lizerinde yaymak ise yariyor, 6zellikle
mutasyon verilerinden yararlanmada.



Bulunan KIRC Hasta Gruplart

Number of Patients
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Bulunan KIRC Hasta Gruplart

Number of Patients
1.0

—— 102 (C1)
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—— 82 (C3)
208- —— 115 (C4)
3
©
Ko
O 06-
S
o
©
>
E 04 -
=
7]
0.2
p-value: 1.24e-11
0A0'| 1 ' 1 1 1 1
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Clinical Parameter Test p-value
Age One-Way ANOVA | 2.200e-01
Gender X 4.080e-01
Tumor Stage X 3.476e-08
Primary Tumor Pathological X 1.349e-07
Spread

Distant Metastasis )(2 3.766e-04
Pathological Spread

Neoplasm Histologic Grade X 2.104e-09
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Bulunan KIRC Hasta Gruplart
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Tumor Stage X 3.476e-08
Primary Tumor Pathological X 1.349e-07
Spread
Distant Metastasis )(2 3.766e-04
Pathological Spread
Neoplasm Histologic Grade X 2.104e-09
Distant Metastasis Pathological Spread
1 C1 [
-2 C2 . MO
m 3 c3 I =M
-4 C4 I
o1 Primary Tumor Pathological Spread
-G C1 | T
= G3 C2 I =T
m G4 C3 . I— = T3
m GX C4 . I—————— - T4
0 20 40 60 80 100

Percentage of Patients



Sonuc

» Cizge cekirdekleri coklu omik verilerine
piyolojik aglari entegre etmede fayda getirir

 Farkli aglar kullanilabilir

» Etkilesimlerin yonleri ve tipleri entegre
edilebilir
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Available at:
github.com/tastanlab/pamogk

otastan@sabanciuniv.edu
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