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Reductionism

Understanding complex systems

Reduction to the essential

Success 1n physics:
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Astrology 1) Newton's mechanics



Success 1n biology

Compound eye Camera eye



Completely different structures!

Retina

Agueous



Drosophila ‘eya/clift’ eyes

* Mutations in the ‘Eyes Absent’ [ _J
gene ‘

- Flies without eyes.
(Bonini et al., 1993)

* Mutations 1n the human homologue ‘eyal’

- Eye defects in humans.
(Azuma et al., 2000)




Marker i1dentification

* Comparative profiling Screens

—> Highly discriminating small sets of genes by
Feature selection

Example: Lung cancer classification:
— 98—100% accuracy with 1 gene for most types

— Adenocarcinoma: 81% 1
89% 2
94%, 3

97% accuracy for 4 features
* Markers / insight?

Crimins & al., CAMDA, 2003



Qualitative expression profiling

* Application: tissue-specific expression atlas

— Colour coded or bar-plots, presence maps

— Example: Novartis GPS,
https://biogps.gnf.orqg/
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Limits of
Gene-by-gene approaches

* Traditional gene-by-gene approaches often

No phenotype {i;;% | Cs<gd Lethal
N o i

e
nnnnn

Gene 1nvolved 1n process of interest?

Gene 1rrelevant or important? (Redundancies!)

* Similar: ‘-omics’ screens with ‘1 gene’-mindset



Limitations of qualitative screens

Example:  "Stemness genes’: (Fortunel & al., 2003)
(ESC/NPC/RPC): 385 Ivanova et af (ESC): 1687 (ESC): 2270

(ESC/NPC/HSC): 283

1389

343
*p<10*®



G interactions

Complementary approaches:
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Analyses of
Quantitative expression profiles

* Permit the detection of
subtle multi-dimensional patterns

- Groups of co-acting genes

* Can 1dentify subtle conditional dependencies
on regulators or events

—> Pinpoint opportunities for upstream intervention

* Technical challenge:

— Can be sensitive to distortion and noise



Understanding gene function

* Sequence — Structure — Function?

* 99% sequence 1dentity 1n the largest parts of
the human and chimpanzee genomes

* More differences 1n
— Alternative splicing

— Regulatory elements, affecting gene activity
(expression)



Notes on noise & correlation

Pseudocounts, correlation[lin]: 97.6%
correlation[lin/0]: 97.5%

rep2 [log10 rpkm]
,.i
|

repl [log10 rpkm]
Muscle — all data



Notes on noise & correlation

Pseudocounts, correlation[lin]: 91.9%
correlation[lin/0]: 90.5%
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Notes on noise & correlation

Pseudocounts, correlation(lin]: 47.3%
correlation[lin/0]: 26.9%
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Notes on noise & correlation
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Exp.jitter, correlation[rho]: 93%
correlation[rho/0]: 67.9%
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M

RNA-seq Precision

Labaj et al., ISMB 2011

with relative error < 20% as on a modern

nscripts assessed
microarray!

| At 40mio reads, less than 72z as many tra



Number of transcripts [thousands]

140

112

84

56

BowTie

TopHat + Cufflinks + model
---- BowTie + Cufflinks + model

Affymetrix — masSscale
—  Affymetrix — vsnPLM

|
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Labaj et al., ISMB 2011



RNA-seq Precision — Fast Forward

Number of transcripts [thousands]
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Multi-level source of bias

Sources of bias:

platform specific

protocol chemistry 'version' specific
fragment size dependent

position specific call / insert errors

Note:
trends vs individual coverage patterns

Sequence-based errors
(e.g., homopolymers)

Position-based errors

Mismalches

Insertions "
BEc W LR

Porsfion Pusiiicri

(M. Sammeth, CNAG Barcelona)

http://bioinf.boku.ac.at/StatSeq
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The right noise model?

* Valid inference needs
an appropriate
noise model.

* Microarray noise has
heavy tails!

.

* ...even affects
outcome strongly
at the pathway level!

%

4
=

Signal distribution

— toaf=mean: 5.4 (N=14)
« t, of = mean +/— sd
—_— SEuesian

Posekany et al., Bioinformatics, 2010




Model effects on outcome

* Comparison of p-values across models:

— grey:
t-distribution

— black:
Gaussian

(both sorted by Gaussian
distribution)

— affects
most genes!
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Posekany et al., Bioinfoﬁnatics, 2010




Nature’s very own Calibration experiment:

Contrast: Trisomic Chrd vs WT (F2&F3): mean effects

chlr. 5
other
chr. 5 mean/sd

other mean/sd

min. A: signif. expr.

min. A: mean5-sd5>mean0O-sd0

| : | | | |
0 5 10 15 20

A

| |
25 30

Lines across show local means and standard deviations (sd)

Hittel, * Kreil,* Matzke & Matzke, PLoS Genetics, 2008



Nature’s very own Calibration experiment vs Spike-in Series:

Affymetrix spike-in

1.0
-1.5 1 l 1 1 T
G 8 10 12 14
A
0.0+
Nominal 2.0-fold change
o —1.0-
spike-1n data set.
1.5

Human Trisomy-21
(Down Syndrome)

1‘l" -
". """i H“""‘:-‘ """"" I n--.-

Al

o

Nominal 1.5-fold change.

Irizarry, Cope, & Wu, Genome Biology, 2006



Effect of processing model — Spike-in Series
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Wu et al., Working Paper 1, 2006



Effect of processing model — Spike-in Series
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Example of progress achievable by returning to ‘low-level’ analysis:
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—> Dilution series benchmark data show a substantial improvement!



* Similar models should already be used in the design of oligo probes,
can be an iterative cycle of better probes & better signal interpretation!
(Work 1n progress at our lab. Cf. our paper Leparc et al., NAR, 2009)

* Limitations / challenges: The model fits well, 1t does not explain well:

Base stacking energies differ between chips, e.g.:

Stacking energies

1.5

O Human M@ Mouse

0.5

-0.5

Py

-1.5

aa ac ag at ca cc cg ct ga gc gg gt ta tc tg tt aa ac ag at ca cc cg ct ga gc gg gt ta tc tg tt

(unpublished)




Some current challenges for probe-level modelling

* Heterogeneous probes (due to in-situ synthesis)

*  Surface-specific effects

*  Complexity of Multi-State Model
multi-state models -
(cf. Miickstein / Kreil, g E unfold Q R
BMC Bioinf., 2010) Folded Target DNA Eﬁ Unfolded Primer Binding Region

(note refolded tails)

j } AGay
unfold i
probe 3! 5

(Diagrams, SantalLucia & Hicks, 2004) Folded Probe DNA =~ -
G, - AG.,(hyb rﬁdu?amnj
Two-State Model ‘.__::1’.*'1;;-1 |
Target DNA AGar Q R
+ (naive) Hybridized Duplex LLLLLLLLLL

Probe DNA Hybridized Duplex



2.5

2.0

Impact of Target structure

(Miickstein / Kreil, BMC Bioinf, 2010)

Labelling RT
(Leparc / Kreil, NAR, 2009)

Fragmentation — x-target hybs?

(unpublished)

4000 3000 2000 1500 1000 500
vy Vv v Yy v
RNA S
— cDONA
4 -=-- modelled cDNA

16 18

relative Imponance score

40 60 80 100

20

AG AGp Tm AGt AGh AGpp

=

Fragmented mRHNA length distribution

ANA & cDNA
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0

£,

0.4

. please email for pre-publication details
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Non-specific binding:
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. and the ugly!

(Kreil et al., unpublished)

... the good ...

... with Lowess:
10 - S102239 - 256

... the bad ...
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Impact of buffer / slide chemistries

Dye Separation [1] and other nasties...

(Kreil et al., unpublished)
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