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Todayoday

• Who are we?

• What are our skills?

• What do we work on?• What do we work on?

• Current challenges…g



Our Research FocusOu esea c ocus

• Multivariate statistics :: large biologically relevant datasets :: 
bl & i f l ltmanageable & meaningful results

• Gene expression microarray data 
• Affymetrix gene expression arrays

Wh l (i l ) t i d t• Whole genome (ie: large) genotyping data
• Affymetrix Single Nucleotide Polymorphism arrays

St ti ti l d lli f bi l i l d t• Statistical modelling of biological data
• Gene expression outlier detection
• Raw SNP probe data modelling
• Genome wide Copy Number Variant (CNV) detection

• New methods (computational and statistical) for Gigabase ( p ) g
sequencing data

• QC
• Getting more from the dataGetting more from the data



Our collaborationsOu co abo at o s

Preventative Health flagship
• A focus on array technologies (transcription, SNPs, tiling)
• Statistical modelling, machine learning / Bayesian approaches
• P >> n analyses (multivariate statistics, classification methods)
• Experimental designp g

Others
• High throughput sequence analysis

No assembl• No assembly
• metagenomics

• Sequence Space Arrays

In Future
• Closer work with bench scientists
• Mutually beneficial collaborations

Cutting edge solutions
for modern molecular data



Butyrate variation in Humans
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• Relationship to diet
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resistant starch diets
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Nucleosome positioninguc eoso e pos t o g

• Can sequence data be used to• Can sequence data be used to 
identify nucleosome positioning 
on DNA?

• Use positional information to 
correlate gene expression during 
bi l i lbiological processes



Colorectal CancerCo o ecta Ca ce

• About  25% of CRCs are in 
younger (<55) individuals or with 
a family history of CRC, 

Sporadic CRC
75-80%

Sporadic CRC
75-80%

suggesting a heritable 
susceptibility. 

Late onsetLate onset

• If CRC is caught early enough it 
is almost completely curable

Familial CRC
20-25%

Early onset

Familial CRC
20-25%

Early onset

HNPCC/
FAP
5%

Early

HNPCC/
FAP
5%

Early

- J.P. Terdiman et al. (1999) AJG 94, 2344-2356.- J.P. Terdiman et al. (1999) AJG 94, 2344-2356.



Our analysis - Data StructureOu a a ys s ata St uctu e

f• Analysis of gene expression in the colon

• Based on gene expression from 23000 
probesets, the left and right colon appear p , g pp
to be quite different 



Gene expression in the colonGe e e p ess o t e co o



Our analysis - Marker DiscoveryOu a a ys s a e sco e y

f• Analysis of gene expression in the colon

• A molecular marker for disease?

• This gene separates adenomas from 
normal tissue … but not adenomas from 
cancer. 



SNP array data can be used for copy numberSNP array data can be used for copy number

• Genotyping • Copy Numberyp g
• AA
• AB/BA

BB

• Copy Number
• 1
• 2 (normal)

• BB

• Identification of alleles, 

• 3

but not number of copies

Objective:
Automatically detect copyAutomatically detect copy 
number changes for small 
stretches of DNA



Copy Number Variants in real dataCopy u be a a ts ea data



Copy number – genome scanningCopy u be ge o e sca g



Understanding high throughput sequencing
Next generation sequencingNext generation sequencing

• New sequencing technologies 
produce Gb of sequencing data

• Human genome resequencing 
effortsproduce Gb of sequencing data.

• Short reads, 35-70bp.

efforts.
• Genetic loci associated with 

disease

• Few to many errors.
• Some error models

• Bacterial adaptation to 
environment

• Cheese production

• Problems with storage.
• Raw image files, extracted 

sequences

Cheese production

• Understanding metagenomic 
communitiessequences.

• The ‘problem’ is just getting 
worse

co u t es
• Gut health
• Biodiversity
• Energy production - coal, oilworse.

• Better data, longer reads, more 
capacity



What does real data look like?at does ea data oo e

• 454 sequence data • Sequencing strategy
• Emulsion method.
• Long reads 100bp+ • Use a primer with a restriction site.

• Isolate mRNA• Error prone, especially 
homopolymeric runs

• Isolate mRNA
• Add linker to end of mRNA
• PCR of primer
• Restriction digest

• Look at mRNA in tissue.
g

• Sequence

• Publish!

• Two samples sequenced
• Low coverage, low number of contigs

• What does it look like at 25mer scale?
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454 Read Lengths
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A new way of analysing the datae ay o a a ys g t e data

• Cut up sequence data to 25mers
± unique in genome sequences even GGAAATGGATGGTGGATGACTCCAGAAATCCGT• ± unique in genome sequences, even 
Humans

• This spreads the error to many 
sequences

• All possible 25mers 425 ≈ 1015

GGAAATGGATGGTGGATGACTCCAGAAATCCGT

GGAAATGGATGGTGGATGACTCCAG
GAAATGGATGGTGGATGACTCCAGA
AAATGGATGGTGGATGACTCCAGAA• All possible 25mers 425 ≈ 1015

• Would take 158 thousand years years 
to read.

%

AAATGGATGGTGGATGACTCCAGAA
AATGGATGGTGGATGACTCCAGAAA
ATGGATGGTGGATGACTCCAGAAAT
TGGATGGTGGATGACTCCAGAAATC
GGATGGTGGATGACTCCAGAAATCC

• Use pattern matching at 100%
• No mismatching problems

• Look at frequency of 25mers

GGATGGTGGATGACTCCAGAAATCC
GATGGTGGATGACTCCAGAAATCCG
ATGGTGGATGACTCCAGAAATCCGT

q y
• QC, annotations

• Cleaver techniques
• Assembly• Assembly
• Annotation
• SNP detection
• Sample comparisons



25 0%

Tiled 25-mers from 454 data
25.0%
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HTS! What are the issues?
What do bacterial genomes look like?What do bacterial genomes look like?

• Take 700 bacterial genomes • Bacterial clades have most

• Cut up into 25mers
• Very sparse data

Bacterial clades have most 
similarity

• Highly conserved sequences arey p

• Make 100% comparisons graph

• Highly conserved sequences are 
identifiable

Make 100% comparisons, graph
• Data visualisation
• Bin data for visualisation
• Creates a ‘spectrum’ for each

• New relationships discovered

• Novel insights into identifying • Creates a spectrum  for each 
‘species’

g y g
bacterial in mixtures





Comparing all bacteriaCo pa g a bacte a

• Take all bacterial genomes and 
compare to each other

• Look at overlapp

• Very sparse matrix

• Bacteria are more different than 
Vertebrates

• Use this information for analysis!!





What do real bacterial genomes look like?at do ea bacte a ge o es oo e

• Generate Illumina data, 35mers • Can errors be healed?
• Create library of all 25mers

• Spread the errors • Where is the real data??

• Bin these based on first 4-mers

Graph and compare for different

• Modeling data

• Graph and compare for different 
species. • Next steps …

• Produces a frequency curve for 
each dataset.

• Identify contaminations, and 
sequence errors



Real sequence data
14.0%
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How to model this data? Real data!o to ode t s data ea data

• Look at frequency of all 25mers • Take a random selection from 
per sequencing run.

• Fast to compare, requires some 

some genome DNA

• Look at frequency distribution,p , q
disk space.

• Applicable to QC

q y ,

• Try to model
Applicable to QC.

• Quality of sequences
• Shows biases in data collection
• allows us to make better

• What happened??

• allows us to make better 
assemblies and gene 
annotations.

• Applicable to SNP detection
• A real example

pp



Modeling contaminationode g co ta at o

• Green: 11Mbp genome • Fit a gamma model
• Red: 4.8Mbp genome
• Present in sample at different 

proportions

• Works better than Poisson

p p



What’s happening at the genome level?at s appe g at t e ge o e e e

• We can see the frequencies of • Map reads to a physical 
‘ f ’‘hits’, where do they come from?

• Is there unequal sampling of the 

‘reference’ genome

• Look at differences between raw q p g
genome?

• Are some regions over or under

and ‘healed’ data.

Are some regions over or under 
represented?



Lactococcus cremoris SK11 raw 1KUnhealed
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Lactococcus cremoris SK11 healed 1KHealed
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800 Which sequences are over represented?
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What do mixtures look like?
SL12346 33 raw

at do tu es oo e
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Future?utu e

• Sequencing analysis is in 
a paradigm mud pita paradigm mud-pit

• Pattern matching
• Little statistics

• There are some interesting 
alternatives coming out in 
the literaturethe literature.

• De Bruijn graphs.

• How can statistics help?How can statistics help?

• Turning the high 
throughput sequencingthroughput sequencing 
problem into a statistical 
problem



Thank you
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Bill Wilson
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