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How does Statistics relate to Data Science?

UNC, Stat & OR

From My Elementary Courses:

d  Gaining Insight from Numbers

Similar to “Data Science” Definitions

d The Science of Managing Uncertainty

Where Probability Modeling Is Vital

This Is Why Statistics is Fundamental



More Currently Popular Terminology
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Big Data

e |Isn’'t It Just Statistics?

Optimization:
* Yes, But More Needed TOO | pachine Learning

 Maybe Bigger Challenge:

%W/% Data



An ldea Worth Spreading?
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Well Understood Concept:

Great science now done by teams
with complementary skill sets

= Biology
= Chemistry
= Engineering

- [Quantitative WOI’k] Common Current Idea:
1 Team member




An ldea Worth Spreading?
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Extension of this:

Great Quantitative Work needs teams
with complementary skill sets

= Statistics
= |maging \ Blg
= QOptimization 4

= Data Base A 9 Data



An lIdea Worth Spreading?
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Proposed New Approach:
“Yeam Data Sccence

*» Teams with Complimentary Skillsets

** Education of Team Members:
¢ Bring Valued (Deep) Skill
* Know Enough to Communicate
¢ Give Opportunities to Practice



Object Oriented Data Analysis
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What is the “atom” of a statistical analysis?
m 15t Course: Numbers

m  Multivariate Analysis Course : Vectors
m  Functional Data Analysis: Curves

m More generally: Data Objects



Object Oriented Data Analysis
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Original Thought:
OODA = Mathematical Framewaork

(containing wide variety
of interesting cases)



Object Oriented Data Analysis
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Original Thought:
OODA = Mathematical Framewaork

Current View:

OODA = Focal Point

{For discussions (interdisciplinary)
about tackling serious analyses}



Object Oriented Data Analysis
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Original Thought:
OODA = Mathematical Framewaork

Current View:

OODA = Focal Point

What should be the Data Objects?

10



Principal Component Analysis
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More Than Dimensionality Reduction:

e Visualization
« Relationships Between Objects (Scores)

1



Demo PCA in R?

UNC, Stat & OR

Raw Toy Data Set in R?
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Demo PCA in R?
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PCA Eigenvectors Give Useful Coordinates




Functional Data Analysis
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Interesting Real Data Example
e Genetics (Cancer Research)
« RNAseq (Next Gener'n Sequen’g)
 Deep look at “gene components”

Microarrays:
RNAseq:

Single number (per gene)
Thousands of measurements

24



Functional Data Analysis
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Interesting Real Data Example
e Genetics (Cancer Research)
« RNAseq (Next Gener'n Sequen’g)
 Deep look at “gene components”
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Functional Data Analysis

Interesting Real Data Example

Genetics (Cancer Research)
RNAseqg (Next Gener'n Sequen’g)
Deep look at “gene components”

Gene studied here: CDKNZ2A
Goal: Study Alternate Splicing
Sample Size, n =180
Dimension, d = ~1700

26
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Functional Data Analysis
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Simple
1st
View:
Curve
Overlay

(log
scale)

Thanks to
Matt Wilkerson

Iogml[FiNA read depth + 1)
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Functional Data Analysis
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Functional Data Analysis
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Functional Data Analysis
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Chromosome 9

0015
oM
0.005

=50 0 &0

Manually _ -

Brush ™

Clusters

PG 1

Gane = COK2A

0.08
0.08
0.04
0.02

20
1o

PG4

10

PG 2

20

0.1
(v TR S o
0.05
)
o o0 10 20 a0 - o 10 =20
PC 3 PC4
0.‘1CJ
Sy}
0.05
0

-10 0 0 20
PC 4

31



Functional Data Analysis

UNC, Stat & OR = Chromosome 9 Gene = COK2A, Iogm Transformed, Brushed by PCA

Manually
Brush

Clusters |
Clear 5

1M, |
L T e |r|| L N

I ul' e B h Bt li 1”' i | S i
e | I ||’| IIJ|I||'||| [ II|II'II|II|| I.I
L (Y (1 I T Hllli LRI N (N IIll

Alternate .

Sp||C|ng 1 :illl'il'ﬁlnl'l X {H it .|' " | ".if Il.l | |||||“| |'|I|I|"|| ||||I
|||||||||l\ | B ||||

T

0 200 40 800 BDU 1000 1200 1400 1800
axonic nt number, not genomic position




Functional Data Analysis
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Conseguences of this Visualization:
v'  Lead to Full Genome Screening Method
SigFuge
v' Important Component: SigClust
(Which Clusters are Really There?)
v Found New Splices
(Now Been Biologically Verified)

3



Object Oriented Data Analysis
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What is the “atom” of a statistical analysis?
m 15t Course: Numbers

m  Multivariate Analysis Course : Vectors
m  Functional Data Analysis: Curves

m More generally: Data Objects

34



Personal Motivating Contexts
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Interdisciplinary Areas:

m Cancer Genetics

m  Medical Image Analysis
m Evolutionary Biology

m  Drug Discovery

35



Some Special Cases of OODA
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Data Object Types:

» Curves (Functional Data Analysis)
» Spectra (Non-Negative!)

» Images

» Shapes

> Trees

» Movies (Functional MRI)

36



”;l Curves as Data Objects (FDA)
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Generally Euclidean: Use standard methods

Chromosome 9 Gene = CDK2A

Spanish Males Mortality Curves, 1908-2002

25
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I’I:n Images as Data Objects
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Challenge: High Dimension, Low Sample Size

38



Shapes as Data Objects
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Challenge: Data Lie in (Curved) Manifold

Figure 2.2: The Riemannian exponential map.

ECIEE
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Shapes as Data Objects
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Challenge: Data Lie in (Curved) Manifold
{Tackle With Differential Geometry}

Important General Development:

Backwards PCA

40



Trees as Data Objects
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Challenge:

W

More Complicated Data Space

Manifold Stratified Space
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Trees as Data Objects
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Challenge: More Complicated Data Space
Manifold Stratified Space

Surprisingly (?!?) Useful Approach:
Topological Data Analysis

Persistent Homology

42
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ﬂ:ﬂ Advertisement
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Short Course on OODA & TDA

International Biometrics Conference
Seoul July 2020

Moo K. Chung, U. Wisc. Yuan Wang, U. S. C.

43
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The Carolina Breast Cancer Study

Phase III: The Jeanne Hopkins Lucas
Study

IATIONAL e d ( L‘: R_O‘Ll NA
AR Carolina Breast Cancer Study rgsT
' University of North Carolina-Chapel Hill Lineberger Comprehensive Cancer Center (\ % '\U ’l‘t‘ l\{
Funded by :
r? University Cancer Research Fund
susan G, L — 4 National Cancer Institute Im L \( '
Komern. ,) Susan G. Komen St

Home Breast Cancer Resources Meetthe Staff For Participants For Researchers

Thanks to: lain Carmichael (Deep Learning, AJIVE)
Melissa Troester (Head, CBCS)
Joseph Geradts, Benjamin Calhoun (Pathology)
Katie Hoadley, Chuck Perou (Genomics)
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Clinical Diagnosis of Cancer:

Pathologist Views Tissue Under Microscope,

Tissue Stained with Hematoxylin & (H&E)

Thanks to BBC.CO.UK

| and Reseachgate.net




Carolina Breast Cancer Study
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Analysis Goal:

Clinical Diagnostic Standard

/

Understand How Images & Genomics

» Work Together
» Work Separately
Approach: JIVE

Deep Insight &
New Treatments

As of Jan. 2020: ~70
Drugs Approved for
Breast Cancer Therapy

46



JIVE
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Joint & Individual Variation Explained

(Angle Based)



Eric Lock

Qing Feng
Andrew Nobel

Jan Hannig

48



JIVE Data Structure
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JIVE Organizational Model:
Multiple Matrices

(Data Types, I.e. “Blocks”)

With common
Columns as Data Objects

49



JIVE Analytic Goals
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Explore & Quantify Variation

In spirit of PCA
(Principal Component Analysis)

50
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Tissue Micro Array Data:

Extract Small

T § o
: . @ i (£ N .
(1 mm d lam ) BreastPathQ 2019: Cancer Cellularity Challenge

| Quantifying and categorizing digital breast pathology patch cellularity | }'
i — i - s e = bt

- 1 5'*"'?f il“‘*'v ; {i_.'!"_”‘_, W s

Thanks to SPIE.ORG
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i Carolina Breast Cancer Study
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Experimental Design: n = 1191 people

For Each: 1 —4 TMA Cores

33022, group 1 33922, group 2 33922. gfzt:p 3 33022, group 4

500 - 500 - 500 -
1000 o 1000 -
1500 site ] 1500
2000 - Foiii 2000 -

2500 - i ' J .
0 500 1000 1500 20‘00 2500 o 500 10‘00 15b0 20‘00 0 500 1000 15‘00 2000

' | i ’
[+] 500 1000 1500 2000

PAM 50 Gene Expression: [eiis:

L e
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Carolina Breast Cancer Study
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PAM 50 Gene EXpreSSion: Early Technology, More Recent
D Set O.I: 50 GeneS RNAseq - 10,000s Genes
d Measured mRNA Expression Level

d Good at Separating SubTypes

] Basal

- —Ier2_ Perou Discovery:
1 Luminal A No Benefit From
O Luminal B ( Chemo-Therapy




Carolina Breast Cancer Stu
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Deep Learning Image Representation
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Carolina Breast Cancer Study
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Deep Learning Image Representation

Reduce Each Patch to 512 Features

Using Transfer Learning From VGG16:

(Trained on Many

Natural Images)

Thanks to pyimagesearch.com



Carolina Breast Cancer Study

Deep Learning Image Representation
For Each Core:
Aggregate Patches by Averaging
(Damps Out “Location” Information)

Then Average Cores For Each Person

56
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Carolina Breast Cancer Study
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JIVE: Common Nol

- arolina Breast C
—
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Positive, Top

Top 16 Patches

Lower Nuclear Grade

Stroma, Sclerosis

1000 -

1500 -

2000 -

1061

1026

1608

500

1000

1500 2000

(1), 41877, group 2, patch 65

un

{5), 41877, grou

1076

1161

1125

(9), 41877, group 3, patch 5
’

798

1211 1261

p 3, patch 19

u76 1226

848

' .
o 500 1000 1500 2000

G
soa-
1000 -
B
1500 -
2000 -
o 0 100 1300 2000

(2). 41877, group 2, patch 30

a7 a67 517 567 617

(6), 41877, group 1, patch 31
1606 =

2108~

v " — '
1384 1434 1484 1534 1584

(14), 41877, group 1, patch 54

1783

355 405 455 505 555

0 500 00 1500 2000

500 -
1000 - g 5

1 mp
1500 - : '\,
2000 -

0 500 1000 1500 2000

3), 41877, group 3, patch B3
1545w a p 3, p

1695 -

1745 -

1360 1410 1460 1510 1560

(7), 41877, group 4, patch 53

71 w021 1071

{11), 41877, group 3, patch 31

681 71 781 831 881

(15}, 41877, group 1, patch 44

41877, group 4

1000

2000 -

|
0 500 1000 1500 2000

500 -

1000 - E

1500 -

0 500 1000 1500 2000

(4), 41877, group 1, patch 49

(8), 41877, group 3, patch 53

1525

1575~

1625 -

1675 -

1725

461 1511 1561 1511 l1sel

(12), 41877, group 3, patch 64
1502 - 2

1602 +
-

1702 -

a8 918 £ 1018 1068

(16), 41877, group 3, patch 59
1513 -
O
1563 -
1613 -
1663 -
1713 -
739 789 839 889 939



=\
ﬂ;ﬂ Carolina Breast Canc "' *
——

°
CDH3 - °

PHGDH - °

UNC, Stat & OR L

JIVE: Gene Expression

SLC39A6 -

Common Normalized

Loadings 2

Luminal Subtype Gé&nes

Basal Subtype Genes i

CCNBL -
TMEMA45B -
GPR160 -

Very Consistent w/ Image &z

UBE2C -
BLVRA -
MDM2 -

common component 2

Y
-o-!"."..

| | | | |
-0.3 -0.2 -0.1 0.0 0.1 0.2

value

|
0.3



genetic individual component 1

BLVRA -

i Carolina Breast Canc i

CXXC5 -

— Xxcs -
TMEMA45B -

UNC, Stat & OR 1458 -
ACTR3B -
PTTG1 -

JIVE, Genes, Individual &

EXO1 -

®
®
o
®
®
®
L
®
®
®
®
L
L
CDC6 - L
MDM2 - ®
ORC6L - ]
UBE2C - ®
GPR160 - ®
ERBB2 - ®
TYMS - ]
NDCE8O0 - ]
CEPS55 - ®
UBE2T - [ ]
MELK - ®
ANLN - ®
[ ]
®
®
L
®
®
]
L
L
L
®
®
L
®
L
L
®
L
]
@
L
L
L
]
®

Overall Up & Down

MMP11 -
MYBL2 -
NAT1 -
BIRCS -
SLC39A6 -

CCNEL -

BCL2 -

ogetner MiP -
CDH3 -

EGFR -

MYC -

PHGDH -

MAPT -

PGR -

Not Subtype Related!

ESR1 -
FOXCL -
MIA -
KRT14 -
KRT17 -
SFRP1 -

[} [} [}
-0.15 -0.10 -0.05 0.00 005 010 0.15
value



UNC, Stat & OR

Carolina Breast Canc

JIVE, Genes, Individua

Luminal vs. Basal

“Contrast”?

“Unbalanced Types”?

KRT17 -
NAT1 -
FOXAL -
MIA -
PGR -
KRTS5 -
MAPT -
ESR1 -
FOXCL -
GPR160 -
KRT14 -
CDH3 -
CEPS55 -
BCL2Z -
SLC39A6 -
SFRP1 -
MLPH -
MDM2 -
CDC20 -
CXXCS5 -
ORC6L -
EGFR -
ANLN -
CCNEL -
RRM2 -
CENPF -
TMEMA45B -
UBE2T -
MELK -
ACTR3B -
MYC -
UBE2C -
PTTG1 -
MYBL2 -
BLVRA -
BAG1 -
KIF2C -
NDCS8O0 -
BIRCS -
CCNB1 -
NUF2 -
GRE7 -
PHGDH -
FGFR4 -
CDC6 -
EXO1 -
ERBB2 -
MMP11 -
MKI&7 -
TYMS -

genetic individual component 2

®
]
®
®
®
®
®
]
| |
-0.3 -0.2

0.0
value

0.1 0.2 0.3



44396, group 1

’ Carolina Breast C-
— P

1500 2000

UNC, Stat & OR E; -
JIVE, Images, Indiv-

(1), 44396, group 4, patch 88

Negative

1810 -
O S a e S 1353 14ID3 11‘53 15‘03 1553
(9), 44396, group 3,
1259 Ly

1359

Few Nuclel

1459 -

1283 1333 1383 1433 1483

1756 16806

1856

250 -
500 -
750 -

1000 -

1250 -

1500 -

1750

2000 -

[

152
[ -

302

352 -
1812

1582

1682 -

1728

44396, group 2

500 1000 1500 2000

&
e J

2000

%'ﬁ*.’

s00 000 1500

1962

1912

1862 2012

(6), 44396, group 2, patch 73
-— Ty

1778 1876

1926

(10}, 44396, group 3, patch 19

- " ¥ y
1338 1388 1438 1488

1500 2000

o 500 1000
-
250-
500 -
730
1000 -
1250 -
oo L&
=
1730 - e
2000~
0 s 100 1500 2000
s (3), 44396, group 3, patch 0

162

312 -

1631 1681 1731 el 1831

(7), 44396, group 4, patch 67
1148

1249 -

1299 -

1349 -

1264 1314 1364 1416 leed

(11), 44396, group 3, patch 64
148 4

500 1000 1500 2000

s
500 L
d
1000 -
N "3
2000
500 1008 1500 2000

(4), 44396, group 4, patch 30

1625 -

1737

1687

1537 1587 1637

(8), 44396, group 2, patch 50

1863 1913 1963 2013 2063

(12), 44396, group 2, patch 34

2068 2118 2168

2018

1068

{16), 44396, group 2, patch 32

1791 -

1841 -

133

1183



68871, group 2

250~
500 - 500 - 500 - 500 -
750 750 - 750
1000 1000 1000 # 1000
- 1250 1250 1250
arolina Breast C-
i 1750 - 1750 - 1750 -
u 2000 - 2000 2000 2000
0 i i i i i i i ‘3 i U
o 500 1000 1500 2000 o 500 1000 1500 2000 o 500 1000 1500 2000 Q 500 1000 1500 2000
Q- o- D= Q-

UNC, Stat & OR %
- 1000~ E 1000i 1000 ﬁ muu: @ %
mages, Indiviie ) =5 1 =05 0z e
’ ’ 1500 1500- 1500 - % % 1500~

E 1750 1750 - 1750 -

2000 2000 - 2000 - 2000 -

[ 500 1000 1500 2000 [ 500 1000 1500 2000

(4), 6!

0 500 1000 1500 2000 0 500 1000 1500 2000

8871, group 3, patch 45

413

601 = 419
- = o -

- - e = - o

651 : & 459

- % 3

[ : 519

751 = ! 569

801 613 S

' = r - - , -
684 %1 1031 081 13 18l 898 948 996 1048 1098

(6), 68871, group 3, patch 88 . (7), 68871, group 2, patch 34

1252

1360 1410 1460 1510 1560

Reactive Stroma,

(12), 68871, group 3, patch 30

(10), 68871, group 1,
— = .

Few Nuclel

13 s 1233

1083
(15), 68871, group 1, patch 76

Little Gene Connected




UNC, Stat & OR

JIVE, Images, Indiv

- Carolina Breast C
—

Negative

Mucinous & Micro-
Papillary Carcinoma

Not PAM50 Related

2000 -

1263 -

1313 -

1413

1463

103

1231

172

229

279~

32296, group 1

500 1000 1500 2000

500 1000 1500 2000

(1), 32296, group 1, patch 82
-

153 203

{5}, 32296, group 1, patch 36

143 139 249 299

2296, group 2, patch 45
-

-

EH a0s

(13), 32296, group 2, patch 6

1000 - .
500 L

2000~

63

o 500 1000 1500 2000

(2), 32296, group 2, patch 30
T B

N

757 807 857

(6), 32296, group 2, patch 64

182 432 482 1532

(10), 32296, group 1, patch 88
x 72

o

1597 -
' ' y
1695 1745 1795 1845 1895

1518

1715 1765 1865 1915

32296, group 3

1000 -

1500 -

2000 -

o 500 1000 1500 2000

(3), 32296, group 1, patch 32

1446 1496 1546 1596 1646

(7). 32296, group 2, patch 49
1567 ~

1617 -

1667

s - . i
2020 2070 2120 2170 2220

(11), 32296, group 2, patch 99
1485 BT . BN\

1038 1088 1138 1188

(15), 32296, group 1, patch 57
"

1300 1350 1400 1450 1500

32296, group 4

750 -
1000
1250 -
1500

1750 -

ol
R

{4), 32296, group 4, patch 74
-

1950 2040 2090 2140

(8), 32296, group 1, patch 84

452 532 s62

(12), 32296, group 1, patch 26
=



- Carolina Breast (

—

UNC, Stat & OR

JIVE, Images, Indiv

Positive

Fat Cells

Common Endpoint?

“Center”?

0-

250 -

500 -
750,
1000
1250 -
1500 -
1750

2000 -

o 500

2000

«“ ¥
1000 1500
0-

250 -

¥

9 ol
oy

500 -

750 -

1000 -

1250 -
1500 -
1750 -
2000 -
100 2000

o 500 1000

(1), 50875, group 2, patch 82

1717 1367 1817

(5, 50875, group 2, patch 13
; Z IS

1378 1428 478 1528 1578

(9), 50875, group 3, patch 97

297 =

e

1622

1472 1522 1572 1672

(13), 50875, group 1, patch 83

50875, group 2

1000 -
1500
A
2000 - x " 24
. 6
a 500 1000 1500 2000
e
500
1000 -
1500 -
2000 -

o S00 1000 1500 2000

(2), 50875, group 2, patch 39

979 1029

29

(6), 50875, group 2, patch 68

1553 -

1753 -

1888

1938

1788 1838 1988
patch 59
1848 - -

912

762 812 862 a62

{14), 50875, group 2, patch 49
1245 -

1295

1345~

1395 -

1435

2085

2135

1935 1885 2035

N
o
R
»
2000 -
o s00 1000 1500 2000
(3), 50875, group 1, patch 37
883 - -
|
933 -
983
1083 -
984 1034 1084 1134 1184
(7), 50875, group 3, patch 83

650

700

BOD -
13‘!8 l‘IIJE 14'55 1538 1588
(11), 50875, group 2, patch 62
1441 - .

1541

1591 -

1039 1089 1139 1189 1239

(15), 50875, group 1, patch 11

1866 - ¢

1147 1187 1247 1297 1347

50875, group 4

500 -

1000~

2000 -

1000 1500 2000 2500

1500 -

2000 -

500 1500 2000 2500

ra

1000

(4), 50875, group 2, patch 51

1656

1746

1796

1846 -

1856 -

572

665

865 -

769 869 565

{12), 50875, group 3, patch 40

579 -

629

752 1802 1852

1702

1652

(16}, 50875, group 2, patch 63
1772 - -

1922 -

1972 -

1766

1566 1616 1666 1716



Next Generation Data Integration

UNC, Stat & OR

Data Integration Via Subspace Analysis
(DIVAS)
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DIVAS / JIVE Collaborators

Jan Hannig
Meilel Jiang
XI Yang
lain Carmichael

Jack Prothero
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DIVAS Improves JIVE
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1. Partially Shared Blocks
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DIVAS Improves JIVE
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1. Partially Shared Blocks
JIVE

Q

Input  Joint Indiv.
Data Comp. Comp.
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1. Partially Shared Blocks
DIVAS

zI+I+I+ +
B

Input  Joint Partial Indiv.
Data Comp. Sharing Comp.
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DIVAS Motivation
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The Cancer
Genome

Atlas

Multiple Blocks

People Common

Across Blocks

12 tumor types

Omics characterizations

Kidnay (KIRC) s Mutation
Copy number

Gene expression

Platforms

Thematic

pathwa‘;s‘/

S DNA methylation

MicroRNA

RPPA

Clinical data

Figure : The Cancer Genome Atlas Research Network, Weinstein, J.N., Collisson, E.A.,
Mills, G.B., Shaw, K.M., Ozenberger, B.A., Ellrott, K., Shmulevich, I., Sander, C., and Stuart,
J.M. (2013)

The Cancer Genome Atlas Pan-Cancer analysis project. 74



DIVAS on TCGA Data

UNC, Stat & OR

Breast Cancer

d Gene Expression (GE) [16615 x 616]
d  Copy Number (CN) [24174 x 616]
1 Protein Exp. (RPPA) [187 x 616]

d Mutation Status (MU) [18256 x 616]
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LIl DIVAS on TCGA Data
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Single 4-way mode, as in AJIVE Analysis
CN—-GE—Protein Common

Statistical Significance”Summary
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DIVAS on TCGA Data
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Carry Away Concept

UNC, Stat & OR

OODA I1s more than a “framework”

It Provides a Focal Point

Highlights Pivotal Choices:
What should be the Data Objects?

How should they be Represented?

78
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