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A map of human genome variation from
population-scale sequencing
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DNA sequencing and bioinforamtics

BETTER, CHEAPER, FASTER

The cost of DNA sequencing has dropped dramatically over
the past decade, enabling many more applications.

e o0

LR
AR

W e ek

-
»

2003: Human
| Genome Project | W
ended.

L L T Y

e & 90 90
» . . o

B I )

»
-
»
»
.
»
.

2010: Technologies

Cost per human genome (US$ thousands)

1
| T T | | T |
enature 2002 2004 2006 2008 2010 2012 2014




DNA Sequencing

First generation sequencing (Sanger)

1 Genomic DNA o

2 Fragmented o=
DNA

3 Cloning and amplification

4 Sequencing

5 Detection

CTGATCTAGGCTCGCACT

Second generation sequencing (massively parallel)

1 Genomic DNA

2 Fragmented DNA

..CTGAT®...
..CTGATC®...
.CTGATCT@...
..CTGATCTA@®...

.CTGATCTAGGCTCGCACT...

3 Adaptor ligation

4 Amplification

Native DNA

- I — |

R N

5 Detection Cycle 1

3 GACTAGATCCGAGCGTGA_ 5
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Cycle 2

S

55: CT G R =

Third generation sequencing
(Real-time, single molecule)

CTGATCTAGGCTCGCACT

Sequencing applications

De novo genome assembly

Sequence
Short reads s overlaps
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ey
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Long LT
range link BURREl i

Chromosome . .

Genome resequencing

Clinical applications (NIPT)
Individual Maternal

: e e blood
1 GACTAGATCCGAGCGTGA plasma

2 GACTAGATACGAGCGTGA

Maternal
DNA
3 GACGAGATCCGCGCGTGA
1 -

C

7.5
billion e

(]
a

TAGATCCGAGCGCGA

Sitesof GACTAGATCCGAGCGTGA
varigtion =mm coameemmee  commes e

%
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Ribosomal translation

RNA transcription

Chromatin accessibility
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Big-data become popular...

The po

Researchers are strt.

Smartphone fitness apps enable researchers to gather health data from large numbers of people.

Made to measure motherlodes

Nature, 2015/11/05 collection on “Big-data in biomedicine”
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Microbiome and big-data...

« Acell is already very
complex

s —PMAREZIEREERT

« A microbial community iIs
much more complex than a
cell

s —IMIEMEEMEAE

®T

« But much more big-data

BRBRFTTEZRHIE




Microbiome and big-data...
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Microbiome and big-data...

Biomedicine

The Patient of the
Future

Internet pioneer Larry Smarr’s quest to quantify

I—ar ry S m arr everything about his health led him to a startling
FO u n d | n g D | re Cto r Of th e iz:;)\ézrrﬁ:;:)J:;Jrsrl])izllir;:rtnership with his doctor, and
California Institute for

Telecommunications and

Information Technology (Calit2)

byJonCohen February 21,2012
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PUBLICATIONS
LARRY'S LATEST PAPERS

Large Memory High Performance Computing Enables Comparison Across Human Gut Microbiome
Of Patients With Autoimmune Diseases And Healthy Subjects

Published in the XSEDE 2013 Proceedings of the Conference on Extreme Science and Engineering
Discovery Environment: Gateway to Discovery. Article No. 25 (http: //dl.acm.org/citation.cfm?
doid=2484762.2484828)

Quantifying Your Body: A How-to Guide From A Systems Biology Perspective
Larry Smarr, Biotechnol. J. 2012, 7, 980-991

Supporting Information For Quantifying Your Body: A How-to Guide From A Systems Biology
Perspective

Supporting Information for DO1 10.1002/biot.201100495

Essay: An Evolution Toward A Programmable Universe
Larry Smarr, Dec 5, 2011, The New York Times

Quantified Health: A 10-year Detective Story Of Digitally Enabled Genomic Medicine
Larry Smarr, with commentary by Mark Anderson, published as a Special Letter in the Strategic News
Service Newsletter, September 30, 2011,

How | Improved My Health By Changing My Eating, Exercise, And Stress Management Habits: An

Annotated Reading List Larry Smarr

Larry Smarr, Requested by Mark Anderson, CEOQ Strategic News Service For Distribution to the Future

in Review 2011 Attendees Can you coordinate the dance of your body's 100 trillion microorganisms?




Biomedical big-data...

“Have you ever figured how information-rich your stool is?,” Larry asks me with a
wide smile, his gray-green eyes intent behind rimless glasses. “There are about
100 billion bacteria per gram. Each bacterium has DNA whose length is typically
one to 10 megabases—call it 1 million bytes of information. This means human
stool has a data capacity of 100,000 terabytes of information stored per gram.
That’s many orders of magnitude more information density than, say, in a chip in
your smartphone or your personal computer. So your stool is far more interesting
than a computer.”

-- Larry Smarr
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Donald Knuth (=E44)

Donald Knuth, the "father of the analysis of algorithms.”
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Sorting by reversal problem

Dissrere Machormasis 27 (1979) 47-57.
@ North-Mollsnd Pablisting, Comguany

BOUNDS FOR SORTING BY PREFIX REVERSAL

William H. GATES
Micrauft, Albuguesgse, New Mexko

Christos H. PAPADIMITRIOU*H
Deparment of Elocrical Engineering. University of Califomia, Berkeley, CA 94720, U.S.A.

Reccived 18 Janvary 1978
Revised 28 Auget 1978

Far o pecovtation o of the sotegecs froce 1 1o . let flo) be the smallest number of prefix
reversaks that will traretorm o to the identity pormutation, and ket fix) be the bepsst such flo)
forall @ in (the symmetric groupl 5, We show that fn) < (5a + 513, s that fin)> 1 Ind 16 for
= muliple of 16, 16, furthenmare, cack isteger i required 1o particpate in s even nusmber of
seversed prefines, the coeresponding functioa e} is shown 10 obey 3n2 1= gin) = 20 43

1. Introduction
We introduce our problem by the following quotation from [1]

The chef in our place s shoppy, and when he preparos 3 sack of prcakes they come
out all diffecent stzos. Therefore, whes [ deliver them 1o 4 cistomer, 00 the way w the

— c “‘ c -n genome 1 table 1 reamrarge them 5o thia the smaBest winds up 00 top, 20d 50 cw, down 10 the
—_—

lasgost at the bottom) by grabbing seveen) froms the top and fipping them over, repeating
“ ‘ ‘ ‘ c ‘ D ther (varying the nussier [ 03p) as many mes 2 necessary. If theee wre n pancakes, what
in the maxanum sember of fips (as o function fin) of n) that | will ever have o we to
————— In this paper we derive upper and lower bounds for fin), Certain hounds were
XD ID G GX XD I»  cwolution already known. For cxample, consider any stack of pancakes. An adjacency in
e

this stack ix a pair of pancakes that are adjacent in the stack, and such that no

c » ' ‘ » n D other pancake has size intermediate berween the two. If the largest pancake is on
————— .

the bottoen, this also counts as ope cxtra adjecency, Now, for n=4 there are

v ﬂ ‘ c ‘ .! D » stacks of n pancakes that have no adjacencies whatsoever. On the other hond, a
N sorted stack muost have oll » adjacencies and each move (flip) can ¢reate at most
\, ? e — D"‘» Dn genome 2 one adjacency. Consequently, for n =4, fir)=n By claborating on this argu-
meat, M R, Garey, D.S. Johnson and S. Lin [2] showed that f(n)=n + 1 for n =6
For upper bounds—algorithms, that is—-it was known that f(m}<2n. This can
be seen as follows. Given any stack we may start by bringing the largest pancake
on top and then flip the whole stack: the largest pancake is now at the bottom,

* Rescarch suppocted by NSF Grant MCS 77-0119%

+Current address: Laboratory for Computer Scicoos, Massschussts, Tmtitute of Toachaclogy,
Cambridge, Ma (2139, USA
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How many reversal steps for this REAL case?

feoB feoAmuD mirE mtrF omeA

S. oneidensis MR-1<]HR C D D >
S. baltica 05217<_J{]
s sp. MR-+ < ) (1> D> 1> >
s sp. Mr-7 < D I 0 >
S frigidimarina NCIMB 400 <_ T s o
s sp. aNA-3 I D > > >
5. Amazonensis sp28<_ RO T BN B>
5 sp W3-18-1 ] e
5. batrica 08155 T CD> > > >

mtrC  mtrA mtrB

D
N
[ Bl
.
Eomm
e
| I B

s Lorhica PV-+_ T (DI [T > > 0 > 0 >

s. purrefaciens cN-32< <] [y
s baitica 0s185< T Q) T > > >

[ I
[ I

feoB feoAmuD mirE mtrF omcA

mtrC  mtrA mtrB

8. sediminis HAW-EB3 I (DB O B> B> [ I
5. peaicana Atcc 700345 I [DE O L D N B DB
5. hatriea 05195 ] CD I > > O D .
s halifasensis naw-£+ I (OO0 I D D W D
 woodyi ATCC 51908 I m D .
s Piezototerans WP3 TR [T 0> [T (0 [0 [ B> > >
5. balrica 05223 (IR O D 0 D B

§. Violacea DSS12 TN
5. banica 05675 T ) (1> > > > o D .
s batriea BA17s < TR (T > 20> I D .
s batnica 05117 < THIK] T > > > B N .
5. purrefaciens 200 TN — N
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Ming Li (Z=Bf) & Tao Jiang (&%)

S1AM 1. COoMPUT, l:_@ 1545 Society for Industrial and Applied Mathematics
Vol. 24, No. 5, pp. 1122-1134, Oclober 1995 me

ON THE APPROXIMATION OF SHORTEST COMMON SUPERSEQUENCES
AND LONGEST COMMON SUBSEQUENCES*

TAO JIANGT aND MING LI

Abstract. The problems of finding shortest common supersequences (SCS) and longest common subsequences
(LCS) are two well-known NP-hard problems that have applications in many arcas, including computational molec-
ular biology, data compression, robot motion planning, and scheduling, text editing, etc. A lot of fruitless effort has
been spent in searching for good approximation algorithms for these problems, In this paper, we show that these
problems are inherently hard to approximate in the worst case. In particular, we prove that (i) SCS does not have a
polynomial-time linear approximation algorithm unless P = NP, (ii) There exists aconstant § = Osuchthat, if SC5 has
apolynomial-time approximation algorithm with ratio log® #, where n is the number of input sequences, then NP is con-
tained in DTIME(2P2 7). (iii) There exists a constant § = 0 such that, if LCS has a polynomial-time approximation
algorithm with performance ration?, then P = NP. The proofs utilize the recent results of Aroraetal. [Proc. 23rd IEEE
Symposiwm on Foundations of Compurer Science, 1992, pp, 14-23] on the complexity of approximation problems,

In the second part of the paper, we intreduce a new method for analyzing the average-case performance of
algorithms for sequences, based on Kolmogorov complexity, Despite the above nonapproximability results, we
show that near optimal solutions for both SCS and LCS can be found on the average. More precisely, consider a
fixed alphabet E and suppose that the input sequences are generated randomly according to the uniform probability
distribution and are of the same length n. Moreover, assume that the number of input sequences is polynomial in n.
Then, there are simple greedy algorithms which approximate SCS and LCS with expected additive errors 0(n™ ™7y
and O(n"/+€) for any € = 0, respectively.

Incidentally, our analyses also provide tight upper and lower bounds on the expected LCS and SCS lengths fora
set of random sequences solving a generalization of another well-known open question on the expected LCS length
for two random sequences [K. Alexander, The rare of convergence of the mean lengeh of the longest common subse-
quence, 1992, manuscript], [V. Chvatal and D. Sankoff, J. Appl. Prebab., 12 (1975), pp. 306-315], [D. Sankoff and
1. Kruskall, eds., Time Warps, String Edits, and Macromolecules: The Theory and Practice of Sequence Comparison,
Addison—Wesley, Reading, MA, 1983]

Key words. shortest common supersequence, longest common subsequence, approximation algorithm, NP-
hardness, average-case analysis, random sequence
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=5/ JOURNAL of MEDICINE
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CORRESPONDENCE
23andMe and the FDA
M Engl.J Med 2014; 370:2248-2249 \June 5,2014 | DOl 10.1056/NEJMCc 1404692
Share: n Ll E m

Article  Citing Articles (3) | Metrics

To the Editor:

In their Perspective article (March 13 issue)_1 Annas and Elias state that the conflict between the
genetic-testing company 23andMe and the Food and Drug Administration (FDA) concerns analytic
and clinical validity, clinical utility, and ethical, legal, and social issues. However, their discussion
is limited to a domestic U.S. perspective. After a person’s raw genetic data have been determined
from a DNA sample, the data are stored remotely and can be accessed easily anywhere in the
world. For example, in Japan, maternal blood samples from Japanese mothers undergoing

nature
biotechnology

Home | Cument issue | News & comment | Research | Archive ¥ | Authors & referees ¥ | About the joumal

home » archive » issue » news » full text

NATURE BIOTECHNOLOGY | NEWS < =

FDA approves 23andMe gene carrier test

Mature Biotechnology 33, 435 (2015) | doi:10.1038/nbt0515-435a
Published online 12 May 2015

poF | & citation [ Reprints | % Rights & permissions Article metrics

23andMe, based in Mountain View, California. has received word from the US Food and Drug
Administration (FDA) that their Bloom syndrome carrier screening test was approved as a class |1
device. The approval came in February, 15 months after the personal genomics company received
a cease and desist letter from the regulator for its genetic tests because the company was
dispensing health-related information to consumers without having obtained marketing clearance.
The FDA website lists class || devices as moderate risk. requiring some regulatory controls, putting
carrier screening tests in the same category as condoms. This turnaround follows the company's
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13 TYPES OF CANCER
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Biostatistics

Biostatistics is the application of statistics to a wide range
of topics in biology.

The science of biostatistics encompasses the design of
biological experiments, especially in medicine,
pharmacy, agriculture and fishery; the collection,

summarization, and analysis of data from those
experiments; and the interpretation of, and inference

from, the results.

A major branch of this is medical biostatistics, which is
exclusively concerned with medicine and health.



Bioinformatics

Bioinformatics is the research, development, or
application of computational tools and approaches for
expanding the use of biological, medical, behavioral or
health data, including those to acquire, store, organize,
archive, analyze, or visualize such data;

Computational biology is the development and
application of data-analytical and theoretical methods,
mathematical modeling and computational simulation
techniques to the study of biological, behavioral, and
social systems.



Bioinformatics

* Overlay of Biology, Computer science and Statistics.
* Topics:

Sequence alignment

Protein folding

Gene finding

Functional annotation

Network inference

WEFERT R 2Ry 5, A, ZEVDIA 2%, SR 3R




Tree of Life

e /

SRS

Archaea

Bacteria

Eucarya

Faramsoun

modified from N.R. Pace, ASM News 62:464, 1996
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Molecules of Life

DNA
RNA
Protein




DNA

DNA strand

« Deoxyribonucleic acid(lii  sesms=) -

|E| [Q Iﬁl m DNA double helix

FAZHEZIR) ,

e Consist of four
nucleotides

A

C
G
T

Adenine( R NE %)
Cytosine(fEEEIE)
Guanine( & E %)
Thymine (5 fR 5 IE )

sugar-phosphate
backbone

Figure 4-3 part 2 of 2. Molecular Biology of the Cell, 4th Edition.



RNA

» Ribonucleic acid (#% ¥ % %)
— MRNA : Messenger RNAs, code for proteins

—rRNA: Ribosomal RNAs, form the basic structure of
the ribosome and catalyze protein synthesis.

—tRNA: Transfer RNAs, central to protein synthesis as
adaptors between mRNA and amino acids.



Proteins

Main building blocks and functional molecules,
take up ~20% of eukaryotic cell’s weight.

— Structural proteins

— Enzymes

— Antibodies

— Transmembrane proteins



The Central Dogma

DNA—>RNA-Protein

" 1. Transcription |

" 2. Translation |

iR -Ribosome

Protein synthesis



Prokaryotic Genes

Prokaryotes (intronless protein coding genes)

Gene region
promoter TAC
e | DNA
l Transcription (gene is encoded on minus strand .. And the reverse

complement is read into mRNA)

ATG MRNA

5" UTR 3" UTR

CoDing Sequence (CDS)
ATG

Translation: tRNA read off each codons, 3 bases at a time,
starting at start codon until it reaches a STOP codon.

v .
I protein



Eukaryotic Genes

preriu tex exonl intrond euans introns exans
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Cell structure

_ Cell Membrane %
The outer structure |
|

IQ — Allows certain

, materials 1o pass
Uses DNA'N 7 // . ) 7 ) &
fo regulate »_~ \ ok B e @
cellactivities . Y ‘ m

The cell’s
A environment

Moke proteins
fot the cell

N\,

N

i &

Recycle worn
out products

 Golgi Bodies
A Pack and carry proteins
Prod 'l(
STEECSEA | Endoplasmic Reticulum
for the cell Reticulum

A'place for cell reactions




Cell structure

! 5
7 T
Zooming In
In 1664, F.ughish scientist
Robert Hooke viewed a
thin slice of cork through
an early microscope. Cork
looked 1o him ax if it were
constructed of dogens of
f tiny rectangular compart-
g ments. He called them
& cells, from the Latin cella,
5 meaning small room,
At first, scientists
} couldn’t see much within :!i,;'\: ﬂ:l:s
£ acell and thought it aviad, o
i was just filled with jelly. ’r:;"“"
They called that jelly ce
i i P B".:n;l. . Toer st & 108
microscopes slowly p
1 changed that view. Wo oy
know lnow that each cell ol oieo coaheln
is really a complex part crganeles caled
of life. 0w it
. chloroplast, the
What’s in a Cell? ;;..:,,":;":
Each cell is different, b
but all eclls have Eﬁ?
features similar
to this HUMAN CELL - borsed A g
wpgies pants

Ingredients of Cells
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Case 2:

Biostatistics
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Big-data + Deep learning

Big-data is a term for data sets that are so large or
complex that traditional data processing application
software is inadequate to deal with them. Challenges
include capture, storage, analysis, data curation, search,
sharing, transfer, visualization, querying, updating and
information privacy.

Deep learning is part of a broader family of machine
learning methods based on learning representations of
data. Research in this area attempts to make better
representations and create models to learn these
representations from large-scale unlabeled data.



Big-data + Deep learning

Reinforcement Learning

o Observe

Select action
using policy

e Action!

Get reward
or penalty

Update policy
(learning step)

Iterate until an
optimal policy is
found




Big-data + Deep learning

Markov chain

Stochastic Process Markov Chain Bag of Balls
Bag of Balls

With replacement!

Random Variable

)

Possible States: @) @ @

Random Variable

_

Possible States: @ @ @

I”

“The future is independent of the past given the present



Big-data + Deep learning
IMAGENE T Large Scale Visual Recognition Challenge

Year 2010 Year 2012 Year 2014 Year 2015
NEC-UIUC SuperVision GoogLeNet VGG MSRA

@Oohng
-Convolut|on l conv-64
ftmax conv-64
6Other maxpool
v conv-128
Dense ﬂgsgrifégr grid: Conv-128
’ maxpool
4 conv-256
Coding: local coordinate, conv-256
super-vector maxpool
y § conv-512
conv-512
Pooling, SPM @ 200 maxpool
‘ 0000 conv-512
A 4 “8@ conv-512
Linear SVM 8 maxpool

-

eﬁg fc-4096

- 1C-4006 |
fc-1000
g softmax

[Lin CVPR2011] [Krizhevsky NIPS 2012]
[Szegedy arxiv 2014] [Simonyan arxiv 2014] [He ICCV 2015]




Big-data + Deep learning

license plate™ : : — A
racket
hair
vest

shirt

sheakers

Johnson et al., “Image Retrieval using Scene Graphs

blue
FoRsHE—
\On \.’Shm
> ——-striped
wearing
playing dark

/'

s __—yhair~———short

—— shorts —»camoflaged

wearing
boy —_holding __—pracket——» light
in front of
behin bchind
% m front of fmnt of —» grass —» green
car-bbehmd W

brown
holdmg —>racket—>hght
white

child —»has ~———— hair ———brown
license plate | wearing — shirt ——»red
wearing ——— vest ————blue
playing blue
wearing —+ sneakers denim red

b

wearing — shorts ———has —— picture -+ yellow

”, CVPR 2015

Figures copyright IEEE, 2015. Reproduced for educational purposes



Big-data + Deep learning

1. High-throughput 2. Massively parallel deep learning 3. Community needs

experiments

Automatic model training NEW Prediction
. Irrlo_tffs network p:q
AhA, .“C Gene regulation
i) _—
it —
A i f , e (
~ T == 11
SELEX Pracision medicine
Lo DeepBind ”"5
: L madels T
S L Large-scale ACARRACT:
ChIP/CLIP ) datasets  GPU server Detect binding sites

Figure 1 DeepBind's input data, training procedure and applications. 1. The sequence specificities
of DNA- and RNA-binding proteins can now be measured by several types of high-throughput

assay, including PBM, SELEX, and ChIP- and CLIP-seq techniques. 2. DeepBind captures these
binding specificities from raw sequence data by jointly discovering new sequence motifs along with
rules for combining them into a predictive binding score. Graphics processing units (GPUs) are
used to automatically train high-quality models, with expert tuning allowed but not required. 3. The
resulting DeepBind models can then be used to identify binding sites in test sequences and

to score the effects of novel mutations.

Brendan Frey et al., Nature
Biotechnology, 2015

A  Gurrent baten Motif scans Features U, s,
of inputs % R
s &
[ Convove 4 @m ﬂ Neural network g i
Motif .
detectors Thresholds Weights
Gurrent model ; ; _
parameters & : L 4
Parameter 7
updates
b 1. Calibrate 2. Train candidates 3. Test final model
Test
gt . pa —-- 0.96 ' AUC
Evaluate @ = Use best @ Test 0.3
random . 3 = calibration | ¢ data m =
calibrations . E (3 attempts) | pf@ Mb w
oo {00 T N ()
r— Use all fraining data Tﬂj‘g‘g ] Use parameters
i a-fold cross validation v%\lfig;at%e : of best candidate

097

Test data never seen :
¢ during calibration or training i

AUC
- (Train |Valigate] Train - [0.70

|

Figure 2 Details of inner workings of DeepBind and its training procedure. (a) Five independent
sequences being processed in parallel by a single DeepBind model. The convolve, rectify,

pool and neural network stages predict a separate score for each sequence using the current
model parameters (Supplementary Notes, sec. 1). During the training phase, the backprop and
update stages simultaneously update all motifs, thresholds and network weights of the model to
improve prediction accuracy. (b) The calibration, training and testing procedure used throughout
(Supplementary Notes, sec. 2).



Big-data + Deep learning

% .‘A INteraction, 2150Ciation Interaction, assocation
‘? .“_,A and simiarity matrices and similarity matrices | \.
gl‘v&'u‘ Drug-disease E —-lllrll arn l ! Protem-protein

o7 TH 2 R\

(o1 By oty T
ui £A A
Drug-side-effect  Drug simifarities o Protein-disease  Protein similarities
compact feature compact feature
learneng learming
-
Matrix representation Matrix reprasentation y
of drug features Projection matrx of protein features B =x2y

X X 7 [ X AN = F P

X, N,
.’ J . \- ' ‘ v
representation of drug features | Supervised ¥ ‘ Prediction scores of
. = ~ learnang m drug-protein interactions
a'n“um"u' Low-dimensional vector 1
- n representation of protein features —_—
N, - number of drugs ,T:E‘Pﬂ By, o—a
N, - number of proteins gL [ T e—a
£, - dimension of drug features nuingnwnn. e—a
¥ ' & Analysis and validation

dimension of protesn features A
xnown drug-protemn interactions

Jianyang Zeng et al., Nature Communications, 2017
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* EMalgorithm == j< *

Markov Chain Monte Carlo (MCMC)
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EFrHr-Mixture model
Classification-Lasso Based variable selection
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Bayesian [ 4%
Gaussian Graphical Model
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Network clustering
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Topic I: Sequence’s Feature Detection

* Problem I: CpG island finding

* Problem Il: Gene finding (promoter prediction,
Splicing site prediction, Translation Initial Site

Prediction etc.)

 Hidden Markov Model is a powerful method
for these problem



H2 FECpG iy ?

CG-poor regions: P(CG)
~0.07!
CG-rich region: P(CG) ~

v
...... A
e Nl - I
i, 1 1H 2H EH 4H | EH e %1

g E X RN == T ARG R

B - 2 =i i 5 TR o2%C A

T E - - - = % T H

R = S = 2
¥4, SE4H +. SE5H 4+ 5E6H 4. 557H 4. 555H 4. SEAH ++57H ¥

Gene coding region

Promoter region



CpG R A FE X

* CpG-rich regions are associated with genes
which are frequently transcribed.

* Helps to understand gene expression related
to location in genome.



HMMXE T CpG &5 1R 5 it & X

e Q: Why an HMM?
* |t can answer the questions:

— Short sequence: does it come from a CpG island or
not?

— Long sequence: where are the CpG islands?

* So, what’s a good model?

— Well, we need states for ISLAND bases and
NON-ISLAND bases ...




Visible:

Hidden:

HMMR &

CpG NON-Island




2k D] [ 435 1)

Poly-A shte

|IGGCAGAAACAATAAATs

Stop codon

GATCCCCATGCCTGAGGGCCCCTCL

promoter *
%_ | T s
[ 3’ UTR
TSS Exon 1 Intronl Exon N
AG TAG
5’ UTR GT Stop coden] TGA

Spllce g tes TAA



HMMs and Gene Structure

* Nucleotides {A,C,G,T} are the observables
* Different states generates generate nucleotides at different frequencies

A simple HMM for unspliced genes:

O { )

X_Poooxxxxx ATG ccc CCC: | cCC TAA XXXXXXXX
inter- region around coding region around
genic start codon region stop codon

ATG TAA

* The sequence of states is an annotation of the generated string — each
nucleotide is generated in , start/stop, state



Genscan

Developed by Chris Burge 1997
One of the most accurate ab initio programs

Uses explicit state duration HMM to model
gene structure (different length distributions
for exons)

Different model parameters for regions with
different GC content



/'

forward strand



Topic Il: Multiple Alignment

XX . . . X
bat [AG - - - C
rat [A - AG-C
cat [AG - AA -
gnat[- - AAAC
goatfA G - - - C

12 .. .3




Profiled HMM

=3 A ‘ 2\ oA
2 0. (S ) 2
(
Begin f——pn- k ! End

Transition structure of a profile HMM




Example of Profile HMM

XX. . . X
bat [AG - - - C
rat |[A-AG-C
cat |AG - AA -
gnat|- - AAAC
goatfA G - - - C

12 . 3




Topic lll: Tree of life

Phylogeny: the ancestral relationship of a set
of species

Represented by a phylogenetic tree

branch

(

Leaves - contemporary
Internal nodes - ancestral
Branch length - distance between sequences




Inferring a phylogenetic tree

* (Classical: morphological characters
 Modern: molecular sequences

A: CAGGTA
B: CAGACA
G CEELIA
D: TGCACT
E: TGCGTA A B-FED o

* Approaches: probabilistic model, bootstrap



An example: Out of Africa

ANCESTOR

180

E » AFRICAN ®ASIAN A AUSTRALIAN A NEW GUINEAN B CAUCASIAN 4

e e ST S PO |
0 0.2 04 06 06 04 0.2 0
DIVERGENCE IN DNA DIVERGENCE IN DNA

SEQUENCE (PERCENT) SEQUENCE (PERCENT)




Topic IV: Motif Finding

* Find promoter motifs associated with co-
regulated or functionally related genes




Transcriptional Regulation

* The transcription of each gene is controlled by
a regulatory region of DNA relatively near the
transcription start site (TSS).

* two types of fundamental components

— short DNA regulatory elements

— gene requlatory proteins that recognize and bind
to them.



Regulation of Genes

Transcription Factor
/ (Protein)
. @ _~ RNA polymerase
(Protein)

Regulatory Element Gene

source: M. Tompa, U. of Washington
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Regulation of Genes

Transcription Factor
(Protein)

\ RNA polymerase

—
| =
DNA

~ I

Regulatory Element Gene

source: M. Tompa, U. of Washington
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Regulation of Genes

MRNA

Transcription Factor . RNA
polymerase

Regulatory Element Gene

source: M. Tompa, U. of Washington

101



Motif Finding Problem

* Characterizing the motif: Positional weight
matrix

19 lex A Binding Sites

* Finding the motif
— Gibbs Sampler (AlignACE)
— EM algorithm (MEME)



Topic V: Gene Expression Data
Clustering and Biomarker Discovery




Microarrays

* DNA microarray technology rely on the
hybridization properties of nucleic acids to
monitor DNA or RNA abundance on a genomic
scale in different types of cells.
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— Pan B oell

Garminal Center

Activated B cell

Proliferation

Lymph Node

1 2

Alizadeh et al., Nature 403:503-11, 2000

1.000 2.000 4.000



Classification

* Given: the case, control o
gene expression data

§
B

Cyrclin D3 (MS2287)
Myrsin light chain (M31211)
b Ap48 (Z74262)

i o SHF2 (D31%)
HloT-1 (350223
E2d (M31523)
Inducib le protein (L47738)
Dymein light chain (T3244)
Thpoisomerzse I A(Z15115)
IRF2 (X15549)

* Find: a set of genes | e
(biomarker) can
discriminate two classes.

e Method: variable
selection

e

tI
H

IL-7 maeptor (M
1 Adenosine deaninase (M 13792)

I
|
|
I
|
7
%
£
SE°
f:n
[=1
g

Famarylacetoacetate (MS5150)
Typuin (X95735)

LTC4 syndbase [US0136)
LYH (M1E138)

Howh 3 (182759

CDE (MZ197)

Adipein [MB4528)
Leptin receptor (T 12670)
Cystatin C (WMZFE91)
Proteoglyean 1 ({17042)
L8 prcusor (YOOET)
Amurcidin(M36326)
62 (TT46751)

CyFS (MBI254)

MCLI (LOB24E)

MAD-3 [MEXMT)
CD1le (ME1695)
Bbp72 (X85118)
Lyscayme (M 19045)
Propexdin (ME%52)
Catalase (04085)

3028 2 185 1 05 0 05 1 15 2 28 3
low Momalized Expression high



Topic VI: Regulatory Network Inference
from Gene Expression Data

Autoregulation Multi-Component Loop Feedforward Loop

r - - — 1
v | @_. SWi4
: YAPG :
| . .
| A 1
| e &
| 1
: ROX1
STE12| - -
— | CLB2
Single Input Motif Multi-Input Motif
\WEEK]
R
LEU1 BAT1 ILv2 RPL2B | |RPL16A| |RPS21B| |RPS22A
Regulator Chain

SGA1

PCL1

Lee et al. Science 298: 799(2002)




Network Inference: Reverse
Engineering

* Given: a large set of gene expression
observations

* Find:
— Wiring diagram
— Transition rules
To fit the observation data

e Methods

— Bayesian Network
— Gaussian graphical model



Dream Project

* DREAM: Dialogue for Reverse Engineering
Assessments and Methods

* http://dreamchallenges.org/



Topic VII: Network Analysis

 Network modular (network clustering)




Network Motif

* Definition: Patterns of interconnections
occurring in complex networks at numbers
that are significantly higher than those in
randomized networks (Milo, R., et. al. Science
298, 824—-827)




Network Motifs

O
X X
1 T
z . Uz Z,  C

dense overlapping regulons (DOR)

X1 X\zi i an %?%
%

T T P

Milo et al. Sczence, 298, 2002



Topic VIII: Dimension Reduction

e Curse of dimensionality

e Visualization in low dimension



Curse of Dimensionality

* A major problem is the curse of dimensionality.

* |If the data x lies in high dimensional space, then an
enormous amount of data is required to learn
distributions or decision rules.

 Example: 50 dimensions. Each dimension has 20
levels. This gives a total of 20°° cells. But the no. of
data samples will be far less. There will not be
enough data samples to learn.



Curse of Dimensionality

* One way to deal with dimensionality is to
assume that we know the form of the
probability distribution.

* For example, a Gaussian model in N
dimensions has N + N(N-1)/2 parameters to
estimate.

* Requires O(N?) datato learn reliably. This
may be practical.



Dimension Reduction

* One way to avoid the curse of dimensionality
is by projecting the data onto a lower-
dimensional space.

* Techniques for dimension reduction:
— Principal Component Analysis (PCA)

— Singular value decomposition (SVD)
— Multi-dimensional Scaling (MDS).



Recap

e a breif summary...

< again:
Ny biostatistics
nat is biostatistical modeling

nere is the applications



Statistical modeling
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Statistical modeling
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Statistical modeling
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Statistical modeling

The main

models

simple state, )
known prob. Bayessian model

multiple state,
known prob.

Markov Chain

hidden state,
known prob.

HMM, Viterbi

More complex model
Less data required

hidden state,
unknown prob.

EM,
Optimization

multiple hidden state,
unknown prob.

Deep learning




Statistical modeling
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DNA SEQUENCING SOARS

Human genomes are being sequenced at an ever-increasing rate. The 1000 Genomes Project has
argregated hundreds of genomes; The Cancer Genome Atlas (TGCA) has gathered several thousand; and
the Exome Aggregation Consortium (ExAC) has sequenced more than 60,000 exomes. Dotted lines show
three possible future growth curves
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Genomic
Economics

The cost of sequencing
has plunged because of

$95.3 mil.

L rnnmm

technologies thatread

DNA optically and finish
the jobin hoursrather
thandays.
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TOP 10 Sites for June 2017

For more information about the sites and systems in the list, click on the links or view the complete list.

1-100 =~ 101-200 | 201-300 & 301-400 @ 401-500

Rank System

1

Sunway TaihuLight - Sunway MPP, Sunway SW26010 260C 1.45GHz,
Sunway , NRCPC

National Supercomputing Center in Wuxi

China

Tianhe-2 (MilkyWay-2) - TH-IVB-FEP Cluster, Intel Xeon E5-2692 12C
2.200GHz, TH Express-2, Intel Xeon Phi 31S1P, NUDT
National Super Computer Center in Guangzhou

China

Piz Daint - Cray XC50, Xeon E5-2690v3 12C 2.6GHz, Aries interconnect,
NVIDIA Tesla P100, Cray Inc.

Swiss National Supercomputing Centre [CSCS)

Switzerland

Titan - Cray XK7, Opteron 6274 16C 2.200GHz, Cray Gemini interconnect,
NVIDIA K20x , Cray Inc.

DOE/SC/0Oak Ridge National Laboratory

United States

Sequoia - BlueGene/Q, Power BQC 146C 1.60 GHz, Custom , IBM
DOE/NNSA/LLNL
United States

Cori - Cray XC40, Intel Xeon Phi 7250 68C 1.4GHz, Aries interconnect , Cray
Inc.

DOE/SC/LBNL/NERSC

United States

Oakforest-PACS - PRIMERGY CX1640 M1, Intel Xeon Phi 7250 68C 1.4GHz,
Intel Omni-Path , Fujitsu

Joint Center for Advanced High Performance Computing

Japan

K computer, SPARC &4 VIlIfx 2.0GHz, Tofu interconnect , Fujitsu
RIKEN Advanced Institute for Computational Science [AICS)
Japan

Cores

10,649,600

3,120,000

361,760

560,640

1,572,864

622,336

556,104

705,024

Rmax
(TFlop/s)

93,014.6

338627

19,570.0

17,5900

17173.2

14,0147

13,554.6

10,510.0

Rpeak
(TFlop/sl

125,435.9

54,902.4

25,3263

27,1125

20,132.7

27,8807

24,913.5

11,280.4

Power
(kW)

15,37

17,808

2,272

8,209

7,890

3,939

2,719

12,660
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10X GROWTH IN GPU COMPUTING
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<A NVIDIA.
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Sequencing and protein docking are very compute-intensive tasks that see a large performance benefit by using a CUDA-enabled GPU. There is
quite a bit of ongoing work on using GPUs for a range of Bioinformatics and life sciences codes.
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High-throughput DNA Gene Sequencing
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DNA sequencing and bioinforamtics

BETTER, CHEAPER, FASTER

The cost of DNA sequencing has dropped dramatically over
the past decade, enabling many more applications.
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DNA Sequencing

First generation sequencing (Sanger)

1 Genomic DNA o

2 Fragmented o=
DNA

3 Cloning and amplification

4 Sequencing

5 Detection

CTGATCTAGGCTCGCACT

Second generation sequencing (massively parallel)

1 Genomic DNA

2 Fragmented DNA

..CTGAT®...
..CTGATC®...
.CTGATCT@...
..CTGATCTA@®...

.CTGATCTAGGCTCGCACT...

3 Adaptor ligation

4 Amplification

Native DNA

- I — |

R N

5 Detection Cycle 1

3 GACTAGATCCGAGCGTGA_ 5

(.
A

— | —
|

nn
||l

'/\\_.'7“ _Till_» il‘l

Cycle 2

S

55: CT G R =

Third generation sequencing
(Real-time, single molecule)

CTGATCTAGGCTCGCACT

Sequencing applications

De novo genome assembly

Sequence
Short reads s overlaps
ERERERRERRANEHEY
e
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ey
Contigs RULR AN RN RN RRERRUE] l
Long LT
range link BURREl i

Chromosome . .

Genome resequencing

Clinical applications (NIPT)
Individual Maternal

: e e blood
1 GACTAGATCCGAGCGTGA plasma

2 GACTAGATACGAGCGTGA

Maternal
DNA
3 GACGAGATCCGCGCGTGA
1 -

C

7.5
billion e

(]
a

TAGATCCGAGCGCGA

Sitesof GACTAGATCCGAGCGTGA
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Ribosomal translation

RNA transcription

Chromatin accessibility
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»MEME: http://meme-suite.org/

»GenScan: http://genes.mit.edu/GENSCAN.html

»HMMalign:
http://www.biology.wustl.edu/gcg/hmmeralign.html
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»iTOL: https://itol.embl.de/

»MEGA: http://www.megasoftware.net/
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http

» Cytoscape
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»PCA analysis: http://biit.cs.ut.ee/clustvis/

»DREAM Challenge: http://dreamchallenges.org/
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R: https://www.r-project.org

» Last entries ...

TARAN
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http://blog.revolutionanalytics.com/2011/09/the-r-graph-gallery-goes-social.html



Python and Biopython:
https://www.python.org/

http://biopython.org/



D3.js for visualization:
https://d3js.org/
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Echart for visualization:

http://echarts.baidu.com
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Deep Learning
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Deep Learning
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Deep Learning for Bioinformatics
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Deep Learning for Bioinformatics
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Deep Learning for Bioinformatics
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