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About this talk 

• Examples of ‘Big Data’ science research projects 

• Highlight some aspects and common features 

• Personal view on the key factors for success 

• Suggest some educational reforms 

• Recommend adopting a big ‘Data Science’ approach 

 



Overview 

1. Genome-wide associations studies (GWAS) 
a) Intro to genetics 

b) Overview of 3 studies 

 

2. Factors for success 

 

3. Statistical education & data science 

 



1.  Genome-wide association 
studies (GWAS) 







Human genome 

Biological and Environmental Research Information System, Oak Ridge National Laboratory, genomicscience.energy.gov and genomics.energy.gov 



Human genome 

• Total length = 3 billion bases/nucleotides 

• Each person inherits 2 complete copies 
(one each from mother & father) 



DNA fragment 

…TAACGCGATAAGAGATTAGCCCAAAAACACAGACATGGAAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGAGATTAGCCCAAAAACACAGACATGGAAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGAGATTAGCCCAAAAACACAGACATGGAAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGAGATTAGCCCAAAAACACAGACATGGAAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGATATTAGCCCAAAAACACAGACATGGAAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGATATTAGCCCAAAAACACAGACATGGAAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGATATTAGCCCAAAAACACAGACATGGAAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGATATTAGCCCAAAAACACAGACATGGTAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGATATTAGCCCAAAAACACAGACATGGTAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGATATTAGCCCAAAAACACAGACATGGTAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGATATTAGCCCAAAAACACAGACATGGTAATAGCGTAAACCTGATCAA… 



Single nucleotide polymorphisms (SNPs) 

…TAACGCGATAAGAGATTAGCCCAAAAACACAGACATGGAAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGAGATTAGCCCAAAAACACAGACATGGAAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGAGATTAGCCCAAAAACACAGACATGGAAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGAGATTAGCCCAAAAACACAGACATGGAAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGATATTAGCCCAAAAACACAGACATGGAAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGATATTAGCCCAAAAACACAGACATGGAAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGATATTAGCCCAAAAACACAGACATGGAAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGATATTAGCCCAAAAACACAGACATGGTAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGATATTAGCCCAAAAACACAGACATGGTAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGATATTAGCCCAAAAACACAGACATGGTAATAGCGTAAACCTGATCAA… 

…TAACGCGATAAGATATTAGCCCAAAAACACAGACATGGTAATAGCGTAAACCTGATCAA… 



Single nucleotide polymorphisms (SNPs) 
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Single nucleotide polymorphisms (SNPs) 
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Single nucleotide polymorphisms (SNPs) 

Individual 1 

 -------------0------------------------0--------------------- 

 -------------0------------------------0--------------------- 

 

Individual 2 
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Individual 3 
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Single nucleotide polymorphisms (SNPs) 

Individual 1 

 -------------0------------------------0--------------------- 

 

Individual 2 

 -------------2------------------------1--------------------- 

 

Individual 3 

 -------------2------------------------2--------------------- 

 

Count the 1 types at each SNP to create genotypes 



SNP facts 

Best current knowledge: 

• 10 million SNPs in the human genome 

• One in every ~300 bases, on average 

• (Total human genome = 3 billion bases) 

 

Other facts: 

• Nearby SNPs are correlated due to shared inheritance 



Genotyping arrays 

https://commons.wikimedia.org/wiki/File:Affymetrix-microarray.jpg 



Overview of studies 

1. WTCCC (2007) 
Case-control study of 7 diseases 

2. WTCCC (2010) 
Case-control study of 8 diseases 

3. IMSGC & WTCCC2 (2011) 
Meta-analysis of case-control studies for 1 disease 



Is this ‘Big Data’? 

Four V’s: 

• Volume – scale of data 

• Velocity – streaming data 

• Variety – different forms of data 

• Veracity – bias, noise, artefacts  

Tell-tale signs: 

• Need >1 computer 

• Need >1 piece of software 

• Need >1 analyst 

 



WTCCC (2007) study design 

500,000 SNPs 

3,000 controls 
1958 Birth Cohort 

UK Blood Service 

2,000 cases Bipolar disorder 

2,000 cases Coronary artery disease 

2,000 cases Crohn’s disease 

2,000 cases Hypertension 

2,000 cases Rheumatoid arthritis 

2,000 cases Type 1 diabetes 

2,000 cases Type 2 diabetes 



Measuring SNPs 
(X,Y) for each SNP for each individual 



Testing association 

• Data: 3 × 2 contingency table at each SNP 

• Test for association (𝜒2 with 1 degree of freedom) 

Genotype 

0 1 2 

Cases 109 546 1659 

Controls 89 478 1503 
⇒  p-value 



Results 
‘Manhattan’ plot 



Results 
‘Signal’ plots 



Results 
Signal plot from another study 

Lettre et al. 2011 



Findings 

• Doubled the number of known genetic associations (12 → 24) 

• Found genetic effects present in more than one disease 

• Hints of different genetic architectures for different disease classes: 
autoimmune vs metabolic vs other 

 

Definitely a success! 



Inferring genotypes 
‘Genotype calling’ 

Designed new method (CHIAMO) 

Hierarchical Bayesian clustering with 
informative priors 

Used data from all individuals 

Allowed for variation between cohorts 

 

Showed Affymetrix data is actually 
reasonably good 



Population structure 
Principal components analysis (PCA) 

Reference panel with known ancestry 

Uses data across the whole genome 



Combination analyses 

• Combined cases 
e.g. autoimmune diseases 

 

• Combined controls 
(‘expanded reference set’) 



Quality control (QC) & filtering 

• Big data  ⇒  ‘rare’ errors become numerous  

• Artefacts and random noise unavoidable 

• Systematic QC is mandatory 
• Samples 

• SNPs 

• Putative associations 

• Automated & manual procedures 



‘Cluster plot’ inspection 



QC ‘epic fail’ 

• The letter to Nature… 



Team 

• 20 statisticians/analysts, across 4 institutions 

• Full-time scientific programmer 

• Diversity, parallelisation, and sometimes duplication of work 

• Regular meetings 

• Frequent collaboration and communication 



Computation 

• Every statistician was also a programmer 

• Computing cluster 

• Multiple programming environments: C++, R, bash,… 

• Developed a suite of software in tandem with analysis 



WTCCC (2010) study design 

10,000 CNVs   (100,000 probes) 

3,000 controls 
1958 Birth Cohort 

UK Blood Service 

2,000 cases Bipolar disorder 

2,000 cases Breast cancer 

2,000 cases Coronary artery disease 

2,000 cases Crohn’s disease 

2,000 cases Hypertension 

2,000 cases Rheumatoid arthritis 

2,000 cases Type 1 diabetes 

2,000 cases Type 2 diabetes 



Copy number variants (CNVs) 
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Measuring CNVs 



Measuring CNVs 



Probe variance scaling 
Replicate measurements 
(duplicates & controls) 

Use replicates to calculate per-probe 
variance 

Rescale each probe 



Inferring (‘calling’) 
CNVs 
Developed two different methods 
(Oxford vs Cambridge) 

Methods were complementary 

Served as sanity check 

Boosted our confidence in our results 



Extensive QC 
Multiple QC stages 

Multiple QC criteria 

 

Consumed by far the bulk of our time! 





Pipelines 
16 normalisation schemes 

2 calling algorithms 

 

No single method always the best 

Run them all, pick the best for each CNV 

 



IMSGC & WTCCC2 (2011) study design 

Large GWAS meta-analysis: 

• 23 research groups, from 15 countries 

• 10,000 cases (multiple sclerosis) 

• 17,000 controls 

• 460,000 SNPs 

 



Large meta-analysis 
Big Data  ⇒  many findings! 



Population structure 
Multiple methods evaluated 
(PCA covariates, genomic control, matching 
by clustering…) 

Linear mixed model approach developed 

Accounts for correlations due to multiple 
levels of relatedness 



Maturing QC 
Increasing automation of QC procedures 

Reducing human intervention 

‘Automated cluster checking’, 
using genotype calls from multiple cohorts 



2. Factors for success 
Informed by these studies and my general experience 



Factors in 3 parts 

• Projects 

• Methods 

• People 

 



Projects 

The basics 

• Ask the right questions 

• Collect relevant data 

• Collect quality data 

 

Good experimental design 

• Replicates & controls 

• Representative samples 

• Use reference datasets 

Pragmatic analysis 

• Sanity checks and visualisation 

• Systematic quality control 

• Try multiple methods 

 

Capture the ‘Big’ value 

• Use all of the data 

• Combine datasets 

• Use reference datasets 

 



Methods 

Keep it real, make it easy 

• Solve a ‘real’ problem 
(i.e. one that people want solved) 

• Provide a software implementation 

• Write documentation 

• Show examples 

 

Without an implementation, your 
method won’t be used by 
practitioners, will be excluded in 
comparisons, and possibly ignored in 
reviews 

Make it robust 

• Follow standards 

• Implementation should work most 
of the time 

• Cope with unexpected/unusual data 

• Fail gracefully as a last resort 

 

Robustness beats optimality 



People 

Statistical knowledge 

• Statistical insight, ‘data savvy’ 

• Knowledge of variety of methods 

 

Data analysis skills 

• Data management & manipulation 

• Visualisation & exploratory analysis 

• Can run a variety of methods 

Computational skills 

• Programming 

• Unix & cluster computing 

• Software engineering tools & 
principles (version control, code 
reusability) 

 

Collaboration & communication skills 

• Can work in teams 

• Can talk to non-experts 



Factors with little impact 

• Methods with no implementation 

• Methods with no relevant real data examples 

• Theoretical optimality 



3. Statistical education & 
data science 



The gap between education and practice 

• Strong focus on theory 

• Less focus on practice 

• Fresh graduates are not equipped for real data analysis 

• ‘Big Data’ problems are even further out of reach 



What I wish I was taught earlier 

• Real data is messy, how do I deal with it? 

• There is no single best method: how do I embrace plurality? 

• Ad hoc procedures: when and how to use them safely? 

• Data management 

• Software engineering 

• Working as part of a team 



What is ‘data science’? 



What is ‘data science’? 

Bin Yu’s portrait of a data scientist: 

• Statistics 

• Domain/science knowledge 

• Computing 

• Collaboration/teamwork 

• Communication to outsiders 

 

 



Bin Yu, on embracing data science 

We need to...reform statistical curricula 

We need to fortify our position in data 
science by focusing on training skills of: 

• Critical thinking 

• Computing 

• Leadership, interpersonal and public 
communication 



Rafael Irizarry, on teaching applied statistics 

Challenges: 

• Applied statisticians don't teach what 
we actually do 

• Applied statistics work is published 
outside of the ‘flagship’ statistics 
journals 

• Resistance from students to open-
ended assignments(...?) 



Mathematical vs applied statistics 

• Undergraduate education is foundational 

• Relevant for all statisticians 

• Need to understand real data analysis in 
order to develop relevant theory 



Suggestions 

1. Foundational skills subjects: 

• Principles of data management 

• Programming for statisticians 

• Software engineering for statisticians 
(perhaps as a service course?) 

 

2. Final year major project: 

• Real, messy data 

• Teamwork 

• Deliverables to include an R package 
(or similar) 

3. Every subject to have one main 
project using real data 

 

4. Collaborative projects with computer 
science students 

 

5. External ‘industry’ guest lecturers 

 

6. Develop assessment schemes that 
focus on the solution process rather 
than on getting the ‘right’ answer 



Discussion questions 

Are these proposals relevant to the Department of Mathematics & 
Statistics? 

 

What changes can/should be made? 

 

What are the main barriers to reform? 

 

What is our role in these changes? 

 



More discussion questions 

Is the Department of Mathematics & Statistics able to teach 
programming & software engineering skills? 

 

How much flexibility/creativity is possible with assessment schemes? 

 

Should we try to emulate how engineers are taught? 


