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One Human Genome

6 billion letters written in DNA

four letters in the DNA alphabet - A, C, G, T - carry the
Instructions to make all living organisms

23 chromosomes

written out, the one Human Genome would:
fill one million pages, or
fill 5000 books stacked 60 meters high, or
take a century to read out (24 hours a day)
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Human Genome

Angelina Jolie’s BRCA1 gene and her decision to have
mastectomy

Ten years ago, James Watson (co-discoverer of the structure
of DNA) said ”’Once we had the genome sequenced, we would
have the language of life” but it turns out it is a language we
do not understand

Assymetry where the medical doctor has all the information
and the patient has just a little bit => this is starting to
change
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Sequencing human genome

Human Genome Project

first completed draft of human genome announced in year
2003 => cost: 2.7 billion $

Today, year 2013:

sequencing using next-generation sequencing the genome of
one person costs ~4000% (that is 675 000 times cheaper than
ten years ago!!!)
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Sequencing human genome - cont’d

Nice house (omakotitalo) in Turku

350 000 € in year 2003
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Sequencing human genome - cont’d

Nice house (omakotitalo) in Turku

350 000 € in year 2003w () 52 € | year 2013

The U.K.
plans to
sequence
the genome
of 100 000
patients by
year 2017!!
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Next Generation Sequencing - cont’d

Reference genome

AGATGCAGGGGCGCAAACGCCAAAGGAGACCAGGCTGTAGGAAGAGAAGGGCAGAGC
GCCGEACAGCTCGECCCECTCCCCGTCCTTTEGGGCCGCCGCTCCGGAACTACAAGE
CCCAGCAGGCAGCTGCAGGGEGCCEAGECGEAGGAGGGACCAGCGCGGGTGGGAGTG
AGAGAGCGAGCCCTCECGCCCCGCCGECGCATAGCGCTCGGAGCGCTCTTGCGGCCA
CAGGCGCGGCETCCTCEECEGCEEECEECACCTAGCGGEAGCCGGGACGCCGGTECA
GCCGCAGCGCGCGEAGGAACCCGEGTETGCCEGGAGCTGGGCGGCCACGTCCGGACS
GGACCGAGACCCCTCGTAGCGCATTGCGGCEACCTCGCCTTCCCCGGCCGCGAGCET
GCCGCTGCTTGARAAGCCGCGGAACCCAAGEACTTTTCTCCGGTCCGAGCTCGGGRC
GCCCCGCAGGGCGCACGGTACCCGTGCTGCAGTCGEGCACGCCGCGGCGCCGGGELC
TCCGCAGGGCGATGGAGCCCGGTCTGCAAGGARAGTGAGGCGCCGCCGCTGCGTTCT
GGAGGA CACAAGGTCTGGAGACCCCGGGTGGCGGACGGGAGCCCTCCCCCC
GCCCCGCCTCCGGGGCACCAGCTCCGGCTCCATTGTTCCCGCCCGGGCTGGAGGCGL
CGAGCACCGAGCGCCGCCGGGAGTCGAGCGCCGGCCGCGGAGCTCTTGCGACCCCGT
CAGGACCCGAACAGAGCCCGGGGGCGGCGEGCCGGAGCCGEGGGACGCGGGCACACGT
CCGCTCGCACAAGCCACGGCGGACTCTCCCGAGGCGGAACCTCCACGCCGAGCGAGG
TAAGAGCCGCGGCGCCCCCGGATCTGGGGCGGGCTTGGCGTCCCGAGCGGCCCCCGG
CGCCGGAGCCTCCCGGCTGCGCGCTTTGCCCGCCGCAGCCCAGCCGGBGCCGGCGCT
TCCCTCCGCTCGCCGCCCGCCCCTTTCACCTCCTGGCTCCCTCCCGGGCGATCCGCG
CCCCTTGGGTCTCCCCTCCCTTCCCTCCGTCCGCGTCTCCTGCGCCCCCTCCCTGCG
CTCGTCCCGCCGCTCTTCCCGCCGCCCAACTTTTCCTCCAACTCGCGCTCGGGAGCT
GGCGAGGCGGCGGCGGCTCCTCAGTGAGTCCCGGGAGGGACAGGCCCGGEGGCGARAGG
CGGCGAGGCCCGCGGTTTCCTGGACT GGAGGGCGGGAGT GGCGAGGTG
GGATGCGTTGTGTGTGTTATGTGTGTGTGTTGCATTCCACTCCATGTCTTTTTGGTC
CCCTTTTGGGGATTCACCCCCAATTCAGCAGGTAGCTTTGGGCTCAACGCTAAARAT
CCGGGGCATTCCTAAGTCCTTTTCCACCCCCGGGAAAGCCTGGGGTGCGGGTTGGGE
TCGGATGGGGTGGGAGATGAACTGCGGAGGACGTGGAGGGCTAGGTTAGCTTCTCTT
GGAATAGGTTTTAAGGAGGTGTCGTCACCAAATGGCTGAATCTGCTTGAGCTGAGAG
CGAAAAACGACTCCCCTTTCCAGAAGGGGTGATCTTATGACTTGGACGGTCTCTGAA
AGGGTCGGAACTTTGGGGAACGGGAGGACAACCCACGETCGTTAAGCCGAGGTGTGG
GATGGGGGCGCGAAGGACCGTTCGGTCCCAATCTGGTTCCTAGAGGTGGGGGARGGGA
TGAGGGTTTTTGTCCGGTGTGGTTCACTCGGCAGCGATGCGTATGCTTCTCTGGCCC
AGACCCCTCTGCACCTCGCTTCCCCTACCGTTATGTTTGGGGTTGGGAGAAAAGTGA
GGCTACGACCCATGTTTGCGGAGGAATTTTATGGACCTTGTAGATGGGGGTTCATAT
AGAACACACACCCCCTATGAGGCAGCCAGACACTTTTTTGGTGGTGGT GGG
GTGGEETGTGAAGCCTGTTTCTTGTTCTGAGCCCAGAAGCTATCAACCCTTTTGARA
AACATTACCACGGTGCCTTTCTCCCCCAGCACTCCCCCACCCCCAATTTCCAGATGT
AGCAGCCGCATCTGGTTCCGTTTCACCCCACACGGGTACACCGCAGCCGCATTATTA
ACTTCCCTCTTCCTCCCCTCCCCCTCCCCCAAATTAAAACTCAGATTCTTCAGCCTG

differences
versus the
reference

Genome of person A genome

AGATGCAGGGR AGAGC
GCCCGACAG LCAAGG
CCCcAGCAGGAAR ¥ e7. A AGTG
AGAFEUQGAG _ olclelefe).
CA Helalel {olayfalelt | GGCGGCAGCTRS GGAG(‘SGAG. CGCCGGTGCA
GCCheNIngCGCGGAGGARNCYGGGTGT! 3GAGCTGGGCOSIEACGTCCGGACG
GGACq ccc'rcemccc;cmrcz@cTcsccr'rcccccsccscsmccc
GCCGC NS TGAAAAGCCGCGGAACC CTTTTCTCCGGTCCGAGCTCGGGGT

GCccega GCGCACGGTACCCGTGCTGCAGTCGGGCACGCCECGGCGCCGGEECTE
RIGCAAGGAAAGTGAGGCGCCGCCGCTGCGTTCT
GACCCCGGGTGGCGGACGGGAGCCCTCCCCCC
caccade»€CGECTCCATTGTTCCCGCCCGGGCTGGAGGCGC
CGCCGGGAGTCGAGCGCCGGCCGCGGAGCTCTT CCCGC
RCAGAGCCCGGGGEGCGGCEGGCCGEAGCCEGGGACGT ACGC
AGCCACGGCGGACTCTCCCGAGGCGGAACCTCCACG! CGAGG
CGCCCCCGGATCTGGGECEGGCTTGGCGTCCCGAGCGGCCCCCGE
CGCCGGAGCCTCCCGGCTGCGCGCTTTGCCCGCCGCAGCCCAGCCGGGGCCGGCGLT
TCCCTCCGCTCGCCGCCCGCCCCTTTCACCTCCTGGCTCCCTCCCGGGCGATCCGCG
CCCCTTGGGTCTCCCCTCCCTTCCCTCCGTCCGCGTCTCCTGCGCCCCCTCCCTGCE
CTCGTCCCGCCGCTCTTCCCGCCGCCCAACTTTTCCTCCAACTCGCGCTCGGGAGCT
GGCGAGGCGGCGECEECTCCTCAGTGAGTCCCGGGAGGGACAGGCCCGGGGCGAAGE
CGGCGAGGCCCGCGGTTTCCTGGACTGGGGAGGAGGGCGGGAGTGGGCGGCGAGETG
GGATGCGTTGTGTGTGTTATGTGTGTGTGTTGCATTCCACTCCATGTCTTTTTGGTC
CCCTTTTGGGGATTCACCCCCAATTCAGCAGGTAGCTTTGGGCTCAACGCTAAAAAT
CCGGGGCATTCCTAAGTCCTTTTCCACCCCCGGGARAGCCTGGGGTGCGGGTTCEGEE
TCGGATGGGGTGGGAGATGAACTGCGGAGGACGTGGAGGGCTAGGTTAGCTTCTCTT
GGAATAGGTTTTAAGGAGCTGTCGTCACCAAATGGCTGAATCTGCTTGAGCTGAGAG
CGAAAAACGACTCCCCTTTCCAGAARGGGGTGATCTTATGACTTGGACGGTCTCTGAR
AGGGTCGGAAGTIT GAACGGGAGGACAACCCACGGTCGTTAACCCGAGGTGTGG
GATGGGGGCGGAAGGACCGTTCGGTCCCAATCTGGTTCCTAGAGGTGGGGGAAGGGA
TGAGGGTTTTTGTCCGGTGTGETTCACTCGEGCAGCGATGCGTATGCTTCTCTGGCCC
AGACCCCTCTGCACCTCGCTTCCCCTACCGTTATGTTTGGGGTTGGGAGAAAAGTGA
GGCTACGACCCATGTTTGCGGAGGAATTTTATGGACCTTGTAGATGGGGGTTCATAT
AGAACACACACCCCCTATGAGGCAGCCAGACACTTTTTTGGTGGTGGTGGGGGGGEE
GTGGGGTGTGAAGCCTGTTTCTTGTTCTGAGCCCAGAAGCTATCAACCCTTTTGARR
AACATTACCACGGTGCCTTTCTCCCCCAGCACTCCCCCACCCCCAATTTCCAGATGT
AGCAGCCGCATCTGGTTCCGTTTCACCCCACACGGGTACACCGCAGCCGCATTATTA
ACTTCCCTCTTCCTCCCCTCCCCCTCCCCCAAATTARAACTCAGATTCTTCAGCCTG




Next Generation Sequencing - cont’d

Genome of person A 3 copies x Genome of person A Shredded genome of person A
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Challenge: make sense of the data!

Reconstructed genome
of person A

Shredded genome of Reference genome
person A r
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Central Dogma of Biology

Possible to measure/read
simultaneously all genes and whole
~30 OOO geneS genome!

GENE (DNA)
~ 4000€ / genome
‘ . ‘ ~ 900€ / whole exome (all exons)
TRANSCRIPTS (RNA) ~100 000 transcripts Possible to measure

simultaneously 98% of

transcripts!
~ 700 €/ transcriptome

~1 000 000 proteins | pgssible to measure
simultaneously
~200 proteins!

10 000 000 metabolites

METABOLITES

Possible to measure
simultaneously
~200 metabolites!

Fig 1 — Central Dogma of biology
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Next Generation Sequencing

DNA-se(q - sequence the whole human genome

Exome-seq - sequence only the parts of human genome that
code for proteins

RNA-seq - sequence the whole transcriptome
Chip-seq - chromatin immunoprecipitation-sequencing

SrioN
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Statistical analysis of genomic data

Data (i.e. hyperspace):
approx. 100 samples (two groups: placebo vs treated)
approx. 1 000 000 SNPs (one million categorical variables!!!)

Max. 10 possible values

SrioN
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Statistical analysis of genomic data - cont’d

~1 000 000 variables (SNPs)

Condition Biological SNP 1 SNP 2 SNP 3 SNP 1 000 000
Sample

Healthy Person 1
~50
samples Healthy Person 2 1 1 1 1
Disease Person 50 2 1 2 2
~ 50 Disease Person 51 2 0 1 0
samples

¢ 0=AA;1=AT;2=TT

0=CC;1=CG;2=GG

0=AA;1=GA;2=GG 0=CC;1=CT;2=TT

SrioN
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Statistical analysis of genomic data

Challenge:

The SNPs (or features) found to be statistically significant in a
dataset of 100 samples and 1 000 000 SNPs tend to not get

validated when the number of samples is increased further to
1000 samples or more

Data is not distributed uniformly in the hyperspace and it
tends to concentrate in few parts of the hyperspace!

New statistical tools/methods are needed!

" GRION
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Statistical analysis of genomic data - cont’d

John von Neumann famously said:

With four parameters | can fit an
elephant, and with five | can make
him wiggle his trunk!

Building well-being



Statistical analysis of genomic data - cont’d

From article: "Drawing an elephant with four complex
parameters" by Jurgen Mayer, Khaled Khairy, and Jonathon
Howard, Am. J. Phys. 78, 648 (year 2010)

% ()
; 100
x(D) = 2, (Af cos(kz) + Bf sin(ks)),
k=0
50}
- r [ .
y(t) = 2, (A% cos(kt) + B, sin(kt)), p
=0 y
Parameter Real part Imaginary part -50k
p|=50-—302' 8’;:50 B’;:—aﬂ
pa=18+8i Bi=18 B}=8
py=12-10i Af=12 BY=—10 =10 ; : : -
py=—14—60i Af=-14 Al=-60 ~100 50 g 50 100
ps=40+20i Wiggle coeff.=40 Xoye=Yeye=20
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Personalized medicine

Conceptually:

Read the DNA of a given patient

Identify the mutations in the DNA of the given patient

Compare the mutations against a catalogue of disease-causing mutations
Decide wheter a diagnosis can be confidently made

Compare the mutated genes against a catalogue of drugs

Decide wheter a treatment can be given

For example, there are 2000 known mutations in ’cystic
fibrosis transmembrane conductance regulator gene (CFTR)”
but only few tens have been shown to cause cystic fibrosis.

What data should be returned to patients? (gray area;
guidelines for returning secondary/incidental findings)

SrioN

Building well-being
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Personalized medicine - cont’d

Disease

Smart => most of the times is difficult to treat (several genes,
several mutations)

Dumb => most of the times is easy to treat (one gene, one
mutation)

Medicine and biology’s big problem => there is too much data
to handle

SrioN
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Personalized medicine - examples

Pharmacogenomics has indentified approx. 70 genes for
which specific mutations cause humans to metabolize drugs
Ineffectively

there are hundreds of actionable gene mutations -
mutations that cause disease but whose consenguences can
be avoided by medical strategies with knowledge of their
presence

In some cases, cancer-driving mutations in tumors, once
Identified, can be counteracted by treatments with currently
available drugs

SrioN

Building well-being
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Next Generation Sequencing

DNA-se(q - sequence the whole human genome

Exome-seq - sequence only the parts of human genome that
code for proteins

RNA-seq - sequence the whole transcriptome
Chip-seq - chromatin immunoprecipitation-sequencing

SrioN
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Why RNA-seq?

RNAseq

~700€/sample

- exon/transcripts expressions
- alternative splicing events
- genes expressions
- SNPs

- fusion __ ~1OO€/Samp|e

~700€/sample

~650€/sample

Fig. 2 — RNA-seq vs other technologies

SrioN
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RNA-seq

RNA-seq dataset example:

4 samples (control group with 2 samples; treated group has 2
samples) => compressed raw data ~29 GB (~7 DVDs)

Once sample compressed raw data => ~7,2 GB (~2 DVDs)
Once sample raw data => ~18,5 GB (~4 DVDs)

TODO:

Find Differentially Expressed Genes (DEG) between the two
groups (control VS treated)

Find fusion genes in all samples

SrioN
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Example input/raw NGS data (FASTQ file)

@F1000000000001/1
CCAAAGGTAACCNCCCAGGTGTTCAGANNNAGNNANATTTAAGNTGNNNN
+
ab™_~a~\aaa\B"aaa”QQ][aa_TXBBBVTBBZB[aBBBBBBBBBBBB
@F1000000000005/1
GCCCGCCTTGGCCTCCCTAAGTGCTGGNNNCANNGNCGTGAGCNACNNNG
+

aaaa aa_ \aa aaaa W Zaaa]BBBBBBBBBBBBBBBBBBBBBBBB
@F1000000000009/1
GTGATATTTAATCAAGACATTAACATGNNNAGNNGNTTGTTGANTTNNNA
+

a™ ~aXa~a[_~~_""Xa] ~V] Ra[BBBUWBB[BBBBBBBBBBBBBBB
@F1000000000013/1
TGACCTCCGGCCTAGCCATGTGATTTCNNNTCNNCNCCATAACNCTNNNC
+

abbbbabbaabaa ™ [a Q "~ Z aa”BBB\”BB”B”a”*"VO\B"[BBBB

SrioN
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Example input/raw NGS data (FASTQ file) - cont’d

@F1000000000001/1

= Unique ID of read

CCAAAGGTAACCNCCCAGGTGTTCAGANNNAGNNANATTTAAGNTGNNNN = DNA S€QUENCE

—+

Read 1

@F1000000000005/1

GCCCGCCTTGGCCTCCCTAAGTGCTGGNNNCANNGNCGTGAGCNACNNNG

+
aaaa aa_ \aa aaaa W Zaaa]BBBBBBBBBBBBBBBBBBBBBBBB
@F1000000000009/1

GTGATATTTAATCAAGACATTAACATGNNNAGNNGNTTGTTGANTTNNNA

+
a® ~axa“a[ "~ _>~Xa] V] Ra[BBBUWBB[BBBBBBBBBBBBBBB
@F1000000000013/1

Read 3

Read 2

TGACCTCCGGCCTAGCCATGTGATTTCNNNTCNNCNCCATAACNCTNNNC

+
abbbbabbaabaa ™ [a Q "~ Z aa”BBB\”BB”B”a”*"VO\B"[BBBB

Rejd 4

25

Usually tens/hundreds of millions of reads are present in one FASTQ file

Separator line

ab~ "a \aaa\B"aaa”™QQ][aa_TXBBBVTBBZB|aBBBBBBBBBBBB —-% Quiality scores

SrioN
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Align reads on transcriptome

gene

| Exon A Exon B Exon C Exon D |
——— I — — +—chromosome

\\)
»

\\)
»

N

5 5
....... 2 D
ExonA | ExonB Exoh C Exon D

Transcript/RNA I [

Fig. 3 — Aligniment of reads on transcriptome
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Align reads on genome

Reference DNA sequence

position/search chr1:808,828-809.016

|cnm (e, 53y

| geggas| auamcal sasmg\ sepase| seooss| sesosel sesoes| sesavel sesavs| sescenl sw

|
TGEEATGGETA TCATTAGTAAG

ILLUMINﬁ ACIGES_ 011 13: 16679 470500
TLLOMINA-SC38EQ_ 011
ILLUMINA-GCASES_0115

741134091 273980
199111519 949680

ILLUMINA-SC3SES_61151 1165 790!
ILLUMINA-SC33E9_B115

ILLUM INA-GC35E9_8118: 1510
ILLUMINA-SC35EG_0115:
ILLUMINA-SC3SE9_A115: 1! 95: 2402:

1176193271 1654908
1176176261 1535348
1186:5715:1139410
1371151671 1448700
119811960 1161648
1451 136351 1357148
1

ILLUMINA-5C35ES_8115:1
ILLUMINA-SC35ES_8113
ILLUMINA-SC33E9_B115:1195: 16516: 341988
ILLUMINA-GCIRES_8115: 11567666 1269989

TLLUNTNA- BCBEEQ_BIIE 1
ILLUMINA-GC35ES_0115:1

ILLUMINA-SC38E9_B115
ILLUMINA-5C35E9_0115

116515945 1252210 R
1172 16315 55341 o I
4921116251 5205+ »

7595 1875580
1131 12626 1693980

ILLUMINA-GC3EES_8113: 13
TLLUNINA-GCBSE0_6115! 1147161231 204180
ILLUMINA-SC35ES_011511198 18641 | 2075088
ILLUMINA-GCIEES_8118: 11121 19295 | 157)
ILLUMINA-SC3EEQ_011; 193112016 19
ILLUMINA-SCIBES_B115! 1! 241 15969 1406606
ILLUMINA-GCHEEa_B118:1:10: 19769 1260580
1 115120 1696518
ILLUNMINA-SCI5ET_B115:1 61: 154571 730388
ILLUMINA-SC33E9_61151 11616047 1662348
ILLUMINA-SC38E9_8115:1
ILLUMINA-GCS8ES_6118:

ILLUMINH—BCBEEQ_BI 18

TCAGCGTCCTGCCCTCGCCCAAGGTGTEGGACACCE

ILLUMINA-SCESES_BL1,
ILLUMINA-SC3EET_911;
ILLUMINA-BC3SET_8
ILLUMINA-SC3EED,
ILLUMINA-SC3S

11188t

ILLUMINA-S8C38EQ_ 0115
ILLUMINA-SC35E9_01158

53! 145421 750080
ILLUMINA—-SC3SES_B115: 11 24: 1565651 143740
ILLUMINA-SC35EG_0113 i
ILLUMINA-SC35E9_8115
ILLUMINA-GC38ES_6116: 11 7
ILLUMINA-SC3SES_A1151 11 1841 1634
ILLUMINA-SC35E9_8115:11 164
ILLUMINA-GCSSES_6118:
ILLUMINA-5C38E0_0113
ILLUMINA-5C3EES_0113
ILLUMINA-GC38ES_6118:1
ILLUMINA-SC3SEG_0115: 114712035 1525300
ILLUMINA-SC3GEI_8115: 1151 146861161148

ILL

Fig. 4 — Reads aligned on genome
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Reads coverage visualization

sze 1861 bp.

28

known axons in database

Fig. 5 — Genome coverage
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Finding Differentially Expressed Genes

Quality filtering of reads (adaptor trimming, rRNA removal,
etc.)

Aligning reads on genome (computational intensive)
Count number of reads per each known gene in genome
Normalize the counts

Find the Differentially Expressed Genes

Pathway enrichment using the found Differentially
Expressed Genes

SrioN
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Counts data in RNA-seq

~30 000 variables

Condition Biological Gene 1 Gene 2 Gene 3 Gene 30000 | Sum counts
Sample

Control Tumor cells 1 50 000 8134 40 000 000
Control Tumor cells 2 1 000 0 7533 1 70 000 000
Treated Tumor cells 3 224 48 34 193 45 000 000
Treated Tumor cells 4 0 3511 341 0 55 000 000

\—'—I

Count of reads mapping on each
genein each sample

Challenge: Find the Differentially expressed genes between the Control and Treated!

SrioN
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Challenges with count data from RNA-seq

Discrete positive (skewed) data => no (log-) normal model
Coverage (i.e. count all reads in a sample) between samples
varies a lot => normalization between the samples should be
used

Very large dynamic range (0 -> 10 000 000) between genes =>
heteroskedasticity should be taken into account!

Very small number of replicates => no rank based methods,
no permutation methods

SrioN
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Variance depends on mean
(a)

108 - " Anders et al, "Differential expression analysis
f for sequence count data”, Genome Biology, 2010.

Poisson V=
_ Poisson + constant CV V= + op
Poisson + local regression =g =)

Model fitting:

 estimate variance from replicates

o fit a line to obtain the dependence between
variance and mean (local regression for
gamma-family generalized linear model, more
math needed due to handle the differences
between sample coverages)

variance

| | | | | |
10° 10" 10®2 10° 10* 10°

mean The negative-binomial distribution known to work

Fig. 6 - Variance and mean computed for two biological replicates the pest!
using count data from RNA-seq
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Magnitude of effect VS statistical significance

Preferable to use modified t-statistics than the ordinary
t-statistics when looking for DEGs, which means that instead
of comparing means using

T — Ti—Y;

.L_'|-E

where s; Is the standard deviation of the replicates x;
(respectively y;) of gene i in two different conditions it is
better to use

'Tl-" — “Fx - 4!.;_:

l 8; 180

where s, minimizes the coefficient of variation of T’;
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Magnitude of effect VS statistical significance - cont’d

In DEGs analysis is custom to select the DE based on

Fold-change (used because it makes the results more
reproducible), and

P-values

SrioN
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Alternative splicing

Is an important process which affecs the result of gene
expression

One gene I ‘ IOne transcript ‘ One protein I ‘ IOne disease

Fig. 7 — A biological hypothesis
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Alternative splicing - cont’d

Is an important process which affecs the result of gene
expression

One ' One\obrotein One gdlisease

Fig. 7 — A biological hypothesis
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Alternative splicing - cont’d

One geneI ‘ ITranscriptl

s I Transcript 2
\ I Transcript 3

37

144

Fig. 8 — Another biological hypothesis

Protein 1

Protein 2

Protein 3

N

I Disease 1

I Disease 2

Disease 3 I

Disease 4 I
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Finding Fusion Genes in RNA-seq

Fusion genes:

results from chromosomal rearrangements and have been
found in leukaemias, prostate cancer, lung cancer, brain
cancer, etc.

Play important role in onset and development of cancer
until very recently was belived that they are very rare

~60% of prostate cancer are characterized by presence of
fusion genes (e.g. TMPRSS2-ERG) fusion
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Finding Fusion Genes in RNA-seq - cont’d

A i

X o
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Fig. 9 — Example of BCR-ABL translocation/fusion-gene
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Finding Fusion Genes in RNA-seq - cont’d

Reads filtering (quality filtering, adaptor removal, etc.)
Align all reads on genome
Aligning against the transcriptome all the reads which
map uniquely on genome, or
do not map on genome
Find candidates fusion-genes by:

looking for pair-end reads which map simultaneusly on two
different transcripts of two different genes

using biological knowledge (e.g. type of RNA, paralog genes,
pseudogenes, database of known fusions and conjoined
genes, etc.)

Using the preliminary list of candidate fusion genes, find the
fusion junction:

generating exon-exon combinations, and/or
using local alignments (e.g. BLAT)
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Finding Fusion Genes in RNA-seq - cont’d

Fig. 10 — Visualization of candidate fusion genes
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Personalized medicine

99 USD per sample => 1 million SNPs !!!
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Personalized medicine

99 USD per sample => 1 million SNPs !!!
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Personalized medicine

99 USD per sample => 1 million SNPs !!!
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Personalized medicine

99 USD per sample => 1 million SNPs !!!
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Personalized medicine - cont’d

HOME MY RESULTS FAMILY & FRIENDS RESEARCH & COMMUNITY

HEALTH OVERVIEW
@ HEALTH RISKS
©.. DRUG RESPONSE
454 INHERITED CONDITIONS
Dq TS

D HEALTH TOOLS

+ raw data
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ANCESTRY OVERVIEW
@) ANCESTRY COMPOSITION
§  MATERNAL LINE

§  PATERNAL LINE

"X NEANDERTHAL ANCESTRY
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NGS Challenges

Price of storing/transferring the data can be expensive
Price of analyzing the data can be expensive
Storing the data, moving the data, analyzing it

Expertise of engineers, computer scientists, statisticians,
biologists, medical doctors is need!

NGS data is not organized in any coherent way which allows
one to compute across it

Need for more computing power, need to move more
efficient the data (hard drive sent via postal mail, store the
biological sample than the sequence data

the cost of computing is threatening to become the limiting
factor in genomics (computing costs 10 times more than t
earch)
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NGS challenges

A gene regulatory network, which attempts to map how different
genes control the expression of other genes, is smaller than a
social network, with thousands rather than millions of nodes but
the data is harder to define => when we look to biological/genomic

data, we many times do not know exactly what we are looking at
yet!

" GRION
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Conclusions

NGS is here today!

NGS is used today used in Finnish hospitals (HY, Tampere,
Oulu, etc.)

NGS is computationally intensive
New statistical methods are needed for analyzing NGS data
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