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“In my defense, | was left unsupervised”

Lee St. John




Course outlook (so far)

The basics of machine learning

Continuous values

Classifiers (= rules, predictions)
Parameters learning

Model selection

What if data unlabeled?

Regression

Classification

Learning
Finding the optimal model

model type, parameters,
simple, general, interpretable

Model

Set of rules
for prediction

Data



Unsupervised learning

In real life, data is often:

e Unlabeled

High-dimensional
Unorganized (missing/errors)
Unfamiliar

Unexpected




Clustering of 98 breast tumours

Previously, we predicted metastases presence

Sub-types? Different treatment? Prognosis?

Clustering of ~5,000 significant genes =
2 (6]

% 5|8

- o9 g

S ggs|s

x g £ 5o

m (O =

BRAN R R RILARE Agioinvasion

I
Q
@)
@)

|
IIIIIII|I|I|||||IrI |
|
o
ORE
OO
o o




Gene expression patterns of breast carcinomas
distinguish tumor subclasses with
clinical implications

Therese Sgrlie*?<, Charles M. Peroud, Robert Tibshiranie, Turid Aasf, Stephanie Geisler9, Hilde Johnsen®, Trevor Hastiee,
Michael B. Eisen", Matt van de Rijn, Stefanie S. Jeffreyl, Thor Thorsen¥, Hanne Quist!, John C. Matese<,
Patrick O. Brown™, David Botstein®, Per Eystein Lonning?, and Anne-Lise Bgrresen-Dale®" 56 >4 52 11 2 4 > B

Departments of PGenetics and 'Surgery, The Norwegian Radium Hospital, Montebello, N-0310 Oslo, Norway; YDepartment of Genetics and Lineberg A
Comprehensive Cancer Center, University of North Carolina, Chapel Hill, NC 27599; Departments of ¢Health Research and Policy and Statistics,

Genetics, 'Pathology, ISurgery, and MBiochemistry and Howard Hughes Medical Institute, Stanford University School of Medicine,

Stanford, CA 94305; Departments of 9Medicine (Section of Oncology), fSurgery, and kBiochemical Endocrinology, Haukeland .
University Hospital, N-5021 Bergen, Norway; and "Life Sciences Division, Lawrence Orlando Berkeley National Laboratories, B

and Department of Molecular and Cellular Biology, University of California, Berkeley, CA 94720 B
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Normal Luminal  Luminal Luminal
ERBB2
. Breast-like Subtype C Subtype E Subtype A

ERBB2 AMBO116
ESTs T57034
KIAAD130 NS4470
ERBB2 AA443351
steroidogenic acute regulatory protein related AASO4615
GRBT HOSTOR

TGFB1-induced anti-apoptotic factor 1 AA446222

TNF receptor-associated factor 4 AAS6826

flotilin 2 R72913

hypothetical protein FLJ10700 W81185

SWVSNF related, sublamily e, member 1 51779

EST AAD10188

transferrin receptor p0, COT1 N21329

v-myb o homolog-like 2 AA4S6878

Kkincain ke § kot Kinein ke protsn | ANs2513
putative intogral membrane transporter AAGOD:

putative integral membrane transporter preseis
gamma-glutamy| hydrolase conjugase AAS5800
hypothetical protein FLJ10511 AAT15275

nuclease sensitive element binding protein 1 AAS3S175
nucleotar protein p40 174979

tryptophan 5-monooxygenase activation protein AAB9558
squalene eporidase 01118

SRY sex-determining region Y-box § AA400464
UDP-N-acetyt-alpha-D-galactosamine H13688
ESTs Wsa120

cadherin 3, P-cadherin placental AA425217
laminin, gamma 2 nicein AA677534

small inducible cytokine sublamity D RS6139

Keratin 17 AAD26542

keratin 5 W72110

troponin |, skeletal. fast AA161334
chitinase 3-like 2 AAGSSE21

secretory protease inhibdor antiieukoproteinase AAD2E264
nuclear factor VB W87528

ESTs AMISE

transforming growth factor, beta 2 N48062
calpain-like protease AA457238
dystrophin muscular dystrophy

atty acid binding gmum 7, brain WI2051
GRO1 oncogene, alpha W42723

CD36 antigen collagen type | receptor N39161
CD36 antigen collagen type | receptor R0416
glutathione peraxidase 3 plasma AAS4180
glycerol-3-phosphate dehydrogenase 1 AA192547
lipoprotein lipase AAB33E3S

ESTs TE2068

four and 3 half LIM domains 1 AA4S5325
retnok binding prtein &, nerstlal 72076
vascular adhesion protein 1 AAO36974
lmegm aigh 7 AROSEAT0
hl dehydrogensse 2 class |, beta N63428
bt protein T

aquaporin 7 Warrez.
30 kDa protein AADGST48

putative G protein-coupled receptor HS0224
cenzyme A dehydrogenase H95752

est receptor 1 AA291749

trefol factor 3 intestinal N74131

GATA-binding protein 3 HT2474

GATA-binding protein 3 R31441

X-box binding protein 1 W90128

hepatocyte nuclesr factor 3, sipha T74539

Iymphoid nuclear protein reéatod to AF4 H39588

LIV-1 protein, estrogen reguiated H29315

ESTs AA029948

hypothetical protein FLJ11280 NS4608

N-acetyiransferase 1 arylamine R91802

myosin VI AA625690

myosin VI AAG30004




Unsupervised learning

Clustering allows:

e Grouping

Qualitative - find archetypes

Quantitative 1 - how many flavors

Quantitative 2 - common vs rare/exceptional cases
Axes by which sample vary




Clustering in medicine / medical research

Group patients by sub-types

Single-cell data - better understanding of
disease-associated cells
(qualitative, quantitative, cellular/disease dynamics)

Aging / neurodegenerative examples

Metagenomics assembly



ARTICLE

doi:10.1038/nature10983

The genomic and transcriptomic
architecture of 2,000 breast tumours
reveals novel subgroups

Christina Curtisl'zT*, Sohrab P. Shah®#*, Suet-Feung Chin"?*, Gulisa Turashvili***, Oscar M. Ruedal’z, Mark J. Dunningz,

Doug Speed” 1' Andy G. Lym:h1 2, Shamith Samara]lwal’z, Yinyin Yuan"?, Stefan Grif!?, Gavin Ha®, Gholamreza Haffari®,

Ali Bashashati®, Roslin Russell?, Steven M(:Kmm?f3 METABRIC Groupf, Amta Langemd Andrew Green’, Elena Provenzano 5
Gordon Wishart®, Sarah Pinder®, Peter Watson®*'°, Florian Markowetz):2 , Leigh Murphy10 Tan Ellis’, Arnie Purushotham9 i
Anne-Lise Borresen-Dale®'2, James D. Brenton", Simon Tavaré!>514, Carlos Caldas®>*% & Samuel Aparicio®*
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Figure 5: The integrative subgroups have distinct clinical outcomes.
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eLI FE FEATURE ARTICLE
elifesciences.org

SCIENCE FORUM

The Human Cell Atlas

AVIV REGEV*, SARAH A TEICHMANN*, ERICS LANDER*

3.

Clustered single-cell gene expression

Intestinal
epithelial cells Human

Gastrointestinal system

Small intestine




Comprehensive Classification of Retinal Bipolar
Neurons by Single-Cell Transcriptomics

Karthik Shekhar,-° Sylvain W. Lapan,?7-° Irene E. Whitney,*° Nicholas M. Tran,* Evan Z. Macosko, 256
Monika Kowalczyk,! Xian Adiconis,’-*> Joshua Z. Levin,'-5> James Nemesh,5¢ Melissa Goldman,?°
Steven A. McCarroll,256 Constance L. Cepko,%37* Aviv Regev,'7-8* and Joshua R. Sanes*1%*

1Broad Institute of Harvard and MIT, Cambridge, MA 02142, USA

2Department of Genetics, Harvard Medical School, Boston, MA 02115, USA

3Department of Ophthalmology, Harvard Medical School, Boston, MA 02115, USA

4Center for Brain Science and Department of Molecular and Cellular Biology, Harvard University, Cambridge, MA 02130, USA
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NEUROGENOMICS

Neuronal subtypes and diversity
revealed by single-nucleus RNA
sequencing of the human brain

Blue B. Lake,'* Rizi Ai,”* Gwendolyn E. Kaeser,>** Neeraj S. Salathia,”* Yun C. Yung,?
Rui Liu,' Andre Wildberg,> Derek Gao,' Ho-Lim Fung,' Song Chen,’
Raakhee Vijayaraghavan,® Julian Wong,® Allison Chen,? Xiaoyan Sheng,® Fiona Kaper,®
Richard Shen,” Mostafa Ronaghi,” Jian-Bing Fan,”t Wei Wang,>t
Jerold Chun,?>t Kun Zhang't
Postmortem Nuclei FACS Sort C1 Capture

Brain Preparation Neuronal Nuclei & RNA Seq
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People are good in low-dimensional clustering
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But how would we formally define a good clustering?
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Regression



People are good in low-dimensional clustering
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But how would we formally define a good clustering?
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Top-down approach Bottom-up approach



Formal definition - top down

e Density-based clustering
e Minimize distances from “centroid”

e Each point x "belongs” to class C, whose center is at u.
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K-means

Developed by Lloyd, 1957

Init:
Choose at random K data points, as centroids
Loop:
1. Re-assign each point to nearest centroid
2. Move each centroid to mean (or “center of mass”)
of assigned data points
Stop:
Upon convergence (no assignment changes)




K-means

e Stochasticity Init
Choose at random K data points, as centroids
Loop:
1. Re-assign each point to nearest centroid
0.9 1 " o 2. Move each centroid to mean (or “center of mass”)
* of assigned data points
0.8 1 - Stop:

Upon convergence (no assignment changes)

0.7 +

0.6 7

05T

0.4 4

Would you cluster differently?

0.3 1

0.2 +

Iteration #14

0 01 02 03 04 05 06 07 08 09 1

0.1




K-means

e Stochasticity - might not converge to optimal solution
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K-means

Stochasticity it
Choose at random K data points, as centroids
Random restarts Loop:
$iAli - 1. Re-assign each point to nearest centroid

In |t|allzat|0n 2. Move each centroid to mean (or “center of mass”)
O K-means++ of assigned data points

Stop:
o Cluster subset of data Upon convergence (no assignment changes)

Running time
o Each iteration: O(K N)

o But how many iterations are typically needed?

Possible data transformations

o Feature selection
o Data transformation



Choosing K using the Elbow method

Mean distance

# of clusters

Mean distance

Test samples

4 5

# of clusters




People are good in low-dimensional clustering
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But how would we formally define a good clustering?
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Top-down approach Bottom-up approach



Hierarchical Agglomerative Clustering

e |teratively, merge similar points / sub-groups

______________

i @ dendrogram




Hierarchical Agglomerative Clustering

e |teratively, merge similar points / sub-groups

______________

@ dendrogram



Proc. Natl. Acad. Sci. USA
Vol. 95, pp. 14863-14868, December 1998
Genetics

Cluster analysis and display of genome-wide expression patterns
MICHAEL B. EI1SEN*, PAUL T. SPELLMAN*, PATRICK O. BROWNT, AND DAVID BOTSTEIN*#

*Department of Genetics and TDepartment of Biochemistry and Howard Hughes Medical Institute, Stanford University School of Medicine, 300 Pasteur Avenue,
Stanford, CA 94305

Time

Clustered gene expression following serum
stimulation of primary human fibroblasts

2 Cholesterol biosynthesis

Genes

cell cycle
immediate-early genes

signaling and angiogenesis

Q w

o

¢ wound healing and tissue remodeling
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Hierarchical Agglomerative Clustering

How to define distance between clusters?

K aD A

C C, C C

Single linkage Complete linkage
(farthest pair)

c c o

1 2

1 2

Average linkage
(mean distance)

Running time: (Q(N3)



What have we learned?

Unsupervised data

How to approach?

Cluster to find typical samples (archetypes)
Top-down (divisive) clustering

o K-means (+ useful tricks)

Bottom-up (agglomerative) clustering
o Hierarchical clustering

o Interpretation

o Variations
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Syllabus

Introduction

Classification

Learning 1

Al in ophthalmology (Prof. ltay Chowers)

Learning 2

Regression

Clustering

Visualization (and dimensionality reduction)

Deep learning in image analysis (Prof. Leo Joskowicz)
Missing data, statistical dependencies

Natural language in medicine (Dr. Gabi Stanovsky)
Decisions (utility)

Longitudinal Data / Project



