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Data Analysis Challenges

Thousands of variables, few
cases

Noise, few calibration
standards

Limited knowledge of
“‘correct” model

Redundancy, crossover,
feedback inhibition

Most experiments capture a
one data type (gene, protein,
MIRNA, etc)




DéT\A Shopping List

GOAL:
~ Genotype
MOdeI Of Ce” . Epigentrics, Methylation

~-microRNA expression
- mMRNA expression

Proteomics

Times course, many cell types,
etc
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“I think you should be more explicit here in step two.”



No simple solution to integrated data
analysis

« Combine P-values of individual analyses

— Does rank complex complex system. Many genes with marginal
effect if acting in cohort also significant impact on system

« Analyze a meta-dataset
— Difficult to match (on genes?), loose data, imputation,

« Use a probablistic, Bayesian framework to direct
Integration
— Computational expensive, maybe sensitive to initial seed or

active module analysis, solution maybe difficult to interpret if
analysis is not focused



Multivariate Methods to detecting
co-related trends Iin data

— Canonical correlation analysis
— Partial least squares
— Co-Inertia analysis



Coinertia Analysis

*Useful for cross-platform comparison where the same
samples have been arrayed.

*|dentifies correlated “trends” in data

*Consensus and divergence between gene expression
profiles from different DNA microarray platforms are
graphically visualised.

*Not dependent on annotation thus can extract important
genes even when there are NOT present across all
datasets.

Culhane, A.C., Perriere, G., Higgins D.G., (2003) Cross platform comparison

and visualisation of gene expression data using co-inertia analysis. BMC
Bioinformatics, 4:59




Dimension Reduction (Ordination)

New AXis 2

New Axis 1

New Axis 3




Gene expression and proteomics data
from the life cycle of the malarial

parasitic.
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Project GO terms on Genes & Proteins space

Sample with variables (tri-plot)
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Axis 1 (horizontal) Accounts for 24.6%
variance. Splits sexual & asexual life stages

Axis 2 (vertical) 4.8% variance. Splits
invasive stages (Merozoite and Sporozoite
stages which invade red blood)
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Detecting translationally repressed genes

Known: translationally repressed in female Gametocyte
stage of Plasmodium berghei. These genes silence in
the gametocyte stage but once ingested by mosquito,
undergo translation into their respective proteins.

Examined Plasmodium falciparum orthologs

CIA: See genes transcriptionally active but their
protein product is absent in the gametocyte stage.
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Visualising Genes, Proteins and
GO terms

» CIA useful particularly to visualize variant
“opposing” trends

» Addition of GO terms may assist when
lack protein annotation (MS/MS data)

» Can be extended to supplement any
annotation terms.

Fagan A, Culhane AC, Higgins DG. (2007) A Multivariate Analysis approach to the Integration
of Proteomic and Gene Expression Data. Proteomics. 7(13):2162-71.




CIA distances m
Jj-1 dimensions o

b
s
- .
by I
T Distances become
. : . edge weights
- ;)
I

B
L I."'I
el b]
y AT
s -
I.\- -.‘:.:I.- z.l'
LWhi o !
% y
| N |
Y S N
<] i ]
N
| s
!, e |
' . |
'|_f '\I I'
-\'a
R
D33
/
e
\'\
@ - Weight Matrx
b b, b,
n @y @y | B3
I @y D | s
I3 @3y @3 | Bz

Cross-species common regulatory network inference without
requirement for prior gene affiliation Gholami & Fellenberg,

Bioinformatics , (2010) 26:8 ,1082—-1090




Exercise 1



Collectively Analysis of Genes

* Phenotypic characteristics or clinical
diseases can only rarely be defined by
one single gene

* Most diseases, are complex and involve
multiple genes
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GSA packages in Bioconductor

GESABase,

GOseq

Category, GOstats and topGO
GSEAIm

Limma

— mean-rank gene-set enrichment Michaud et al (2008) wilcox. .

— Rotation- Roast, Romer (ROtation testing using MEan Ranks). Majewski
et al (2010). Tests if up, down or both, estimates p-values by simulation

GlobalTest, GlobalAncova



Per sample GSA

» Simple analysis
— Order rank list.
— t-test of genes in geneset to all others

« GSVA

 Outside Bioconductor
— GITools “Sample Level Enrichment Analysis”



GeneSets: GSEABase

MSigDB
GO

KEGG
Reactome
GeneSigDB



There are different kinds of gene
sets

* Knowledge-driven gene sets

require expert knowledge to construct gene sets.
These are usually specific to domains of interest.

« Data-driven gene sets

usually use high-throughput experiments in order
to derive and identify sets of related genes.




Gene Expression Signhatures
of cancer
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Importance of Gene Signatures
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Fanetal., N Engl J Med. 2006 Aug 10;355(6):560-9.


http://www.ncbi.nlm.nih.gov/entrez/utils/fref.fcgi?PrId=3051&itool=AbstractPlus-def&uid=16899776&db=pubmed&url=http://content.nejm.org/cgi/pmidlookup?view=short&pmid=16899776&promo=ONFLNS19

GeneSigDB g

« >3,500 manually curated gene signatures
« MRNA, mIRNA In mouse, rat, human

* Free, to download and use

http://www.GeneSigDB.org
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Home Browse Analyze My Genes Download Suppeort Contact Us
Publication Search -+ Gene Search v
Search the full text of arficles fo retrieve a list of publications and the Search gene annotations to retrieve genes listed in GeneSigDB gene
gene signatures they describe. Enter one or more search terms, such OR signatures.

as author name, article title, journal name, or keywords.

[ Search Publications ] (e.g.: basal breast cancer) [ Search Genes (e.g.: BRCA*, BRCA1)

The Gene Signature DataBase is a searchable database of fully fraceable, standardized, annotated gene signatures which have been
manually curated from publications that are indexed in PubMed. Enter a search term above to get started.

News GeneSigDB Data Release 4

September, 2011 GeneSigDB Data and Website Update Gene Signatures: 3515

We continue to expand. So far we have read and processed almost Published Articles: 1604

3,000 publications to extract 3,515 genes signatures from 1,604 Genes (Human): 20,523
publications. See GeneSigDB Release 4 release notes Tissues and Diseases: More than 50
Species: 3

We have a new tag cloud Browse feature to enable easy browsing of
GenesSigDB.




Comparison of Gene Set Resources
GeneSigDB

Version 4.0

s 3
== Molecular Signature
s a==_ Database Ccancer

Version 3.0



Exercise 2



Collective Analysis

— Test if a collection (of genes) are more highly ranked
eg Gene Set Enrichment Analysis

— Individual genes measurements “merged” ignoring
missing data

— When applied to >1 datasets, provides means to
merge data without need to match individual genes

GeneSetl GeneSet4 GeneSet 8 GeneSet 1
GeneSet2 GeneSet 3 GeneSet 2 GeneSet 4
GeneSet3 GeneSet?2 GeneSet 1 GeneSet 3
GeneSet4 GeneSetl GeneSet 3 GeneSet 6
GeneSet... GeneSet... GeneSet... GeneSet...
GeneSetn GeneSetn GeneSetn GeneSetn



Common Meta-GSA
Approaches
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RTopper

« Similar approach
— Integrate individual genes -> GSA
— GSA -> meta score (logistic regression)

« Example
— TCGA data, 2x gene expression, 2x CNV

— Limited to case, where all datasets have same genes
and patients. Genes measured only in a subset of
platforms are filtered

« Svitlana Tyekucheva, Luigi Marchionni, Rachel Karchin,
and Giovanni Parmigiani. "Integrating diverse genomic
data using gene sets. Genome Biology 2011, 12:R105



Module Extracting

Association Matrix

A o oS
Find Module ¢ \“V

.l Module 220

Clinical Covariates
11 ||

=

=
4

Gene Signatures

H:::q B = Findin Hodue 2 <o : =
e g : -ailh- 2
m

<~ | Algorithm IO L

Subtract %O’w
. { J Sn
Information  eSee WRs

. ﬁllfﬂ'

A module is a group of phenotypes that are described by a
ranked list of gene sets



Simulated gene set modules

- 7 overlapping signals of various sizes
- 10% background noise

- include overlaps of clinical covariates
(columns)

- overlaps of gene sets (rows)

- and overlaps in both dimensions.

- Signals contains artificially induced
noise that varies from 10% up to 60%.




Results from Hierarchical

Color Key

Module M7
Module M6
Module M5
Module M4
Module M3
Module M2
Module M1




Hierarchical Clustering: Jaccard Index
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Objective

* |dentify the pathways or molecular states that
characterize cancer across different tissues

Daniel Gusenleither




Results of BiMax, Fabia

Table 13. Results of Bimax with parameters R22 and C4, which had highest JT sum over the 7 modules. JI between colwmns and rows are provided. Accur,
Sens amd Spec are accuracy, sensitivity and specificity respectively. 200 clusters were identified in each run and the cluster which had the highest 11 to each
module is listed.

Module | Best J1 Cluster Size Covariate (Col) Gene Set (Row)

Cluster | (col) | (row) | nRow | nCaol [ Accur | Sens | Spec | PPV [ NPV | Accur | Sens | Spec | PPV | NPV
M1 le8 | 0.24 | 0.30 41 B 0.95 | 0.24 [ LOO [ 10D | 095 | 048 [ 006 | 1.00 | 1.00 | 0.42
M2 101 0.02 | 0.30 22 4 057 | 002 | LOO | 100 | 057 | 086 | 0.28 | 1.00 | 095 | 0.86
M3 1 0.08 | 0.50 24 4 0.88 | 0.08 [ LOO [ 1.00 | 0.88 | 094 [ 048 | 1.00 | 1.00 | 0.93
M4 33 0.10 | 0.37 26 4 0.91 | 010 [ LOO [ 100 | 091 | 088 [ 025 | 096 | 0358 | 0.92
M5 10 [ 0.10 [ 040 23 4 093 [ 010 | 100 | 075 | 093 | 092 [ 037 | 097 | 048 | 095
Mo 109 | 0.04 | 014 22 4 0.94 | 0.05 [ 099 [ 025 | 0.95 | 090 [ 000 | 094 | 0.00 | 0.95
M7 101 0.02 | 017 22 4 0.90 | 0.02 [ 099 [ 025 | 0.90 | 084 [ 000 | 0.94 | 0.00 | 0.89

Table 9. Eesults of FABIA with parameters p=8, alpha=0.2, cye=1000. Alpha is the spareness loading, p is the number of clusters and cye is the number of
cvcles. Accur, Sens, Spec, PPV and NPV are accuracy, sensitivity, specificity positive predictive value (precision) and negative predictive value respectively
FABIA identified large clusters with many false positives.

Module | 11 Cluster Size Covariate (Col) Gene Set (row)

nRow | nCol | Accur | Sens | Spec | PPV | NPV | Accur | Sens | Spec | PPV | NPV
M1 0.15 B3 352 | 018 ) 100 | 013 | 007 | 100 | 039 | 018 | 074 [ 0.53 | 0.35
M2 0.09 L0 182 | 098 | 1.00 | 097 | 096 | 100 | 082 | 009 | 099 [ 070 | .83
M3 000 [ 45 o7 088 | 10D | 087 | 052 | LOO | 099 | 090 [ 100 [ 100 | 0.99
M4 080 [ 32 105 | 084 | 100 | 082 | 038 | 1.00 | 098 [ 080 | 1.00 | LOOD | 098
M3 0.77 23 127 | 076 | 100 | 074 | 024 | 1.00 | 098 [ 077 | 1.00 | LOD | 0.98
Ma .00 | 20 145 | 0,69 | 1.00 | 067 | 014 | 10O | 1.00 | LO0 | LOD [ L.OD | 1.00
M7 082 33 111 082 | 100 | 080 | 036 | 1.00 | 098 | 082 | 1.00 | LOD | 0.98
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lterative Binary Bi-clustering of Gene
Set Analyses: IBBIG

* [terative

— approach iteratively extracts strongest signals in
order to find weaker but more interesting signals.

* Robust

— Data is intrinsically sparse and noisy.

— Asymmetric - Only associations important
* Fuzzy:

—Allows membership of >1 cluster, both covariates
and gene sets

Bioinformatics. In Review



IBBIG Algorithm

l.) Run genetic algorithm

a)
b)

C)
d)
e)

f)

Initialize population with random covariate groupings (modules)

Calculate fitness score for every individual based on the module size
and the entropy of the associations for every single signature

Select parents for the next generation
Create children using recombination and mutation
Repeat b-d) until the population converges

The individual with the highest fithess score describes the strongest
module: a list of covariates that belong together described by a ranked
list of signatures

II.) Extract information used in the strongest individual from the
association matrix.

l1l.) Rerun Algorithm



IBBIG: Score (GA

Behavior of Entropy Score
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IBBIG

Table 14. Average results of iBBIG analyses on artificial dataset. Default parameters; alpha of 0.3, a selection pressure of 1.2, a population size of 100, a
mutation rate of (.8 and a success ratio of 0.6 was used for the GA. 100 runs of iBBiG were performed to test the robustness of iBBiG. Results of the best run
are given in Table 15, Accur, Sens and Spec are accuracy, sensitivity and specificity respectively.

Module | I Cluster Size Covariate {Col) Gene Set (Row)

nRow | nCol | Accur | Sens | Spec | PPV | NPV | Accur | Sens | Spec | PPV | NPV
M1 0.99 1 11488 | 24.73 LOO | 099 | 10D | 100 | 1.00 | 066 [ 046 | 1.00 | 1.0D | 0.53
M2 098 | 39.04 [ 17379 099 | 099 [ 1.00 [ LOO | 099 | 091 | 052 | 1.00 | 1.00 | 0.90
M3 0.99 | 3340 | 4934 LOD | 099 | LoD | 1LO0 | 100 | 096 | 067 | 100 | 1.00 | 095
M4 0.97 | 22.57 | 3941 LOD | 097 | LOO | 099 | 1.00 | 095 [ 0.56 | 1.00 | 0.99 | 0.95
M5 0.82 | 1980 | 3496 | 097 | 087 [ 098 [ 095 | 099 | 096 | 054 | 099 | 0.57 | 0.96
Mé 0700 1942 | 3696 | 094 | 082 | 095 [ 076 | 099 | 096 | 057 | 098 | 0.70 | 0938
M7 074 1 27,19 | 2982 | 097 | 074 [ LO0O [ LOO | 097 | 095 | 058 | 099 | 086 | 0.96
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Summary IBBIG

Biclustering algorithm optimised for sparse
binary data

No requirement to pre-specifly number or
size of clusters

Finds overlapping clusters

When applied to our simulated data,
outperforms FABIA, bimax

Packages: IBBIiG (in prepartion)



Exercise 3



Application to 21 Breast Cancer

Datasets
(3875 profiles, 446 covariates, 2,853 gene sets)

Clinical Covariates
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Application to 21 Breast Cancer

Datasets
(3875 profiles, 446 covariates, 2,853 gene sets)
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Breast Cancer Modules

Tabk L Swmmary of the eight resulting breast cancer modules B 1-BE

Module o

ey S

Clinical s

(rome Heis

HI &3 o High grade, basal! uminal H, mustant p53, DA epliclo, cell ook, maosis, M-phase, spindle, DNA melabolc proces and apopiotic
ER-, PR-, immorial, elapee, ool B milochondrial <hanges
HZ 0 T High grade, mir @ed, pusan. immoral  Womnd healing, magulation, reponse o lighl simolus cell-el signaling, exaelon, i channel
& iy, Tarsmenbane moepior ace £y and plasma mem brane
H3 14 o Low prade, wild-npe pi3, nomeal lke  Dovelopmenial malpmalion, ooyne Bnked meocpoor proicin sgmaing, ol mabraton, hasolaieml
breast ssoe plasma membrane, basal lamina, negaiive repulation of cell diffeentiation and e rae lular marts
He 21 5 High grade, basal! luminal H, mustant 53,  Repgalation i mmme = <em proces, 1017 patdmwa, prokein kinee cecde, T-cell maepior signaling,
HR-, FR-, no metasiass hmphocy e acthation and chemokine activaton
HS ] a0 (R0 line, bomimal, low shpe. melasalic D%A deeced RNA pobymemase, endoplasmic mliculim, proein catabolic process, BMA splicing,
ublguién proiein Bgase acEvity, cellular proe i caiabolic process, secondary metabolic process and
ciirale cycle
T 4 Tamoxifen teaied, luminal. ER+, PR+ Symaplic wsice, ssaeon by @Il wsice mediae d tengpor, mirinsc o Golgl membare, sphingoad
metabolic process, Golgl wesice ranspon and Ciolsd stadk
H? 11 ITE %o relaper, no suhiype, high grad Insuln BHe growth [acor moeplor hindng, extracellolr matrix, myoclasd difernbialion, acen
hinding, muscie cell diffen niation, focal adhesion, msde dewe lopment and coll matrx pnction
HE 12 &2 High sizge, ER-, meisiaie, ol docal

Cell cyre process, AMmosome e gation, milosls, ool oy cle checkpoind, inierphase and. conderse d
CIUTTV I OF T




Gene Sets
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Genes In Immune Module
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Summary: IBBIG of Breast

Cancer

Discovered 8 modules in analysis of gene
expression profiles of 21 datasets

— (446 covariates, 2,853 genesets)
Strongest signal — proliferation

Others: Immune, Extracellular matrix
Each associated with different covariates

Discovered immune module associated
with better outcome In high grade breast
cancer






Summary: meta-GSA and IBBIG

— This pilot study shows meta-GSA can uncover
common themes or cellular processes across
large number of diseases, studies and
platforms

— Data integration by building modules of
phenotypes which share common features

— Process can easily be apply to other types of
data (NGS, proteomics, miRNA etc.)
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Survival Analysis and Breast
Cancer

* Benjamin Hains-Kaibe
» Markus Schroder

Packages: survcomp, genefu, RamiGO and breast cancer datasets



MAINZ

TRANSBI
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Breast Cancer Data Sets
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Available on Bioconductor.org as experimental data packages: “breastCancer*"




Concordance Index

* A generalization of the AUC to survival data

* Probability that, for a pair of randomly chosen
compairable patients, the patient with the higher

risk prediction will experience an event before
the other patient

0 0.5 1

_ | =

Good Prognosis Poor Prognosis



Combine Concordance Indices

 Combine several estimators using meta-
analytical formula to compute a meta-
estimate

* Fixed or random effect model

Dataset

MAINZ =
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Concordance Index



e A
Gene Sets Prognostic Across

Subtypes
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HERZ2+ specific BP GO Terms
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Blue Nodes: negative NES (Normalized Enrichtment Score)
Red Nodes: positive NES

Package: RamiGO



Subtype Specific Gene Sets
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Subtype Specific Prognostic
Chromosomal Loci

33333333
Normallzed Enrichment Score

5p21
5022
50924

16913
16922
16924

19p13
19913

Xpll
X(Q28

Basal HER2+ Luminal All



Subtype Specific Prognostic
Chromosomal Loci

.
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GeneSigDB Breast Cancer
Signatures

Color Key
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Lesson #6: P-values are
complicated

Slide From Mathew Schwede



