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What is bioinformatics?

• Conceptualizing biology in terms of molecular and 
applying informatics techniques to understand and 
organize the information associated with these 
molecules on a large scale. –Luscombe et al. 2001

• Application of computational techniques to analyze 
information associated with biomolecules on a 
large scale

• Established as a discipline in molecular biology

• Wide range of subject areas
• Structural biology, genomics, transcriptomics, etc.

Luscombe et al., Yearbook of Medical Informatics 2001



Aims of bioinformatics

1. Organize data in a way to allow researchers to 
access existing information and submit new 
information as it is produced

2. Develop tools and resources to aid in the 
analyses of data

3. Use these tools to analyze the data and interpret 
the results in a biologically meaningful manner

Luscombe et al., Yearbook of Medical Informatics 2001



Luscombe et al., Yearbook of Medical Informatics 2001



That was then….



This is now …

“I think you’ll find that mine is bigger”



What is Big Data?

• Big data is a blanket term for any collection of data 
sets so large and complex that it becomes difficult to 
process using on-hand database management tools or 
traditional data processing applications. – Wikipedia

• Data sets that are too large and complex to manipulate 
or interrogate with standard methods or tools. – Oxford 
Dictionary

• Computers, data sets, typically consisting of billions or 
trillions of records, that are so vast and complex that 
they require new and powerful computational 
resources to process. – Dictionary.com



Where do we see Big Data?
To put the data explosion in context, consider this.  Every 
minute of every day we create:

• More than 204 million email messages

• Over 2 million Google search queries

• 48 hours of new YouTube videos

• 684,000 bits of content shared on Facebook

• More than 100,000 tweets

http://www.webopedia.com/quick_ref/just-how-much-data-is-out-there.html - March, 2014

http://www.webopedia.com/quick_ref/just-how-much-data-is-out-there.html


Where do we see Big Data?

90 PB (pedabytes)
May, 2013

300 PB (pedabytes)
April, 2014

Exabytes of data





Big Data: Is it all about size?

“I think you’ll find that mine is bigger”

Depends on your frame of reference



The three V’s of Big Data
four

http://www.datasciencecentral.com/profiles/blogs/data-veracity





Effective Use of Big Data

• The use of big data effectively is critical to reap benefit 
from the massive resources

• Online retail – compile history of every click to 
recommend additional purchases

• Traffic data – needs to be real time
• No need for 5 minute old traffic data

• Industry buzzwords:
• “streaming data”

• “complex event processing”



Google Flu

• In 2009, Google published in Nature

• Google search queries to track influenza-like illness

• Relative frequency of certain queries is highly 
correlated with the percentage of physician visits in 
which a patient presents with influenza-like symptoms

• Accurately estimate the current level of weekly 
influenza activity in each region of the United States

• Reporting lag of about one day

• Better than the Centers for Disease Control
• More than a week



Google Flu
• Few months after announcing Google Flu, the 

world was hit with the 2009 swine flu pandemic

• Caused by a novel strain of H1N1 influenza

• Google Flu missed it

• A bigger problem with Google Flu, though, is that 
most people who think they have “the flu” do not

• The vast majority of doctors’ office visits for flu-like 
symptoms turn out to be other viruses



What happened?

• Unpredictability

• Complexity

• Not trying to determine what caused flu

• Correlation not causation



Challenges

• Big data is big
• Seeing an inversion in priorities

• Rather than moving data, we are moving programs to 
where the data are

• Big data is messy
• “80% of the effort involved in dealing with data is cleaning 

it up” – Pete Warden

• Emergence of a new field
• Data science

• Combines math, computer science, and scientific instinct



Challenges

• Capture

• Storage

• Curation

• Search

• Sharing

• Transfer

• Analysis

• Visualization



Big Data

• Data alone does not answer all questions

• More data alone cannot solve all problems

• Hypothesis generating strategies
• Paradigm shift from hypothesis testing science



Big Data

Formula one race car
Nascar headquarters

200 data feeds
5GB per lap

Joel Dudley, Mt. Sinai School of Medicine



Big Data

Joel Dudley, Mt. Sinai School of Medicine



Big Data



Bioinformatics is big data

• Ability to generate data is at an unprecedented rate

• High-throughput technologies have moved 
scientific disciplines leaps and bounds

• Bioinformatics as a discipline is emerging, 
expanding, running to keep up with the data



How did we get here?









Goal of the Human Genome Project (HGP)

• To obtain a highly accurate sequence of the vast 
majority of the euchromatic portion of the human 
genome

• Launched in 1990

• International Human Genome Sequencing Consortium 
(IHGSC) formed

• 20 centers

• 6 countries

• Manuscript contained 14 pages of authors (in 
supplemental material)



Human Genome Project (HGP)

• 3 Phases in HGP
1) Preliminary phase that developed and refined 

approaches

2) Draft phase that yielded 90% of the information

3) Finishing phase that yielded 99% of the information

• 1% of the euchromatic genome remains



Human Genome Project (HGP)

• Key challenges
1) Systematic identification of all genetic polymorphisms 

carried in human populations

• Started in October, 2002

• First Haplotype Map published in October, 2005





Human Genome Project (HGP)
• Key challenges

2) Systematic identification of all functional elements in the 
human genome including genes, proteins, regulatory 
controls, and structure elements

3) Systematic identification of all the “modules” in which 
genes and proteins function together

• Requires the study of expression, localization and interaction in a 
spatial and temporal context

• Launched in September, 2003

• Pilot project published in June, 2007





Perspective



Perspective

The Whitehead/MIT Center for Genome Research

THEN

Oxford Nanopore

NOW





Adapted from Elliot Marguiles’ 2/9/2010 NHGRI talk (http://www.genome.gov/12514288)

DNA sequencing changed biology in many ways…

1. Evolutionary and comparative genomics



2. Understanding health and disease

DNA sequencing changed biology in many ways…



3. Identifying and quantifying rare transcripts, 
splicing, etc.

DNA sequencing changed biology in many ways…



Shendure and  Ji, Nat. Biotech, 2008

DNA sequencing changed biology in many ways…



4. Identifying or classifying species (viruses, bacteria, etc).

DNA sequencing changed biology in many ways…



History of Nucleic Acid Sequencing

Adapted from Elliot Marguiles’ 2/9/2010 NHGRI talk (http://www.genome.gov/12514288)



1st Generation: Sanger Sequencing

Shendure and  Ji, Nat. Biotech, 2008



2nd Generation: “Next Generation” Sequencing

Clonally amplified single molecules for sequencing

Adapted from Elliot Marguiles’ 2/9/2010 NHGRI talk (http://www.genome.gov/12514288)

Illumina HiSeq 2000



3rd Generation: Next-Next Generation Sequencing

True Single Molecule Sequencing



The Waves of Next-Gen Sequencing



The Rate of DNA Sequencing Continues to Accelerate…

MR Stratton et al. Nature 458, 719-724 (2009) doi:10.1038/nature07943



… While Sequencing Costs Decline

Wetterstrand KA. DNA Sequencing Costs: Data from the NHGRI Large-Scale Genome Sequencing Program



… While Sequencing Costs Decline



• Akin to early days of PCR
• Enormous volumes of data cheaply

• Different scale, however
• 1 billion reads per run



Trade-offs

Note: 
orders of 
magnitude

2nd Gen.

1st Gen.

3rd Gen.



Comparison of methods

Liu et al. Journal of Biomedicine and Biotechnology.  Volume 2012 
(2012), Article ID 251364, 11 pages



Comparison of methods

Liu et al. Journal of Biomedicine and Biotechnology.  Volume 2012 
(2012), Article ID 251364, 11 pages



Comparison of methods

Liu et al. Journal of Biomedicine and Biotechnology.  Volume 2012 
(2012), Article ID 251364, 11 pages



There is job security in bioinformatics…



Luscombe et al., Yearbook of Medical Informatics 2001

Updated numbers, 2014



Intro to Bioinformatics
4 day short course

Tuesday, September 30, 2014

• Retrieving information on genes and proteins from 
biological and genomic databases

• Predicting genes from DNA sequences

• Identifying promoters and regulatory elements in 
DNA sequences



Intro to Bioinformatics
4 day short course

Wednesday, October 1, 2014

• Analyzing protein sequences

• Comparing protein and DNA sequences

• Visualizing and analyzing protein structures

• Functional annotations and predictions

• Predict function

• Compare/contrast functional prediction tools



Intro to Bioinformatics
4 day short course

Thursday, October 2, 2014

• Place function in the context of biological pathways

• Pulling information from multiple sources together

• Methods and Applications
• Genome-phenome analysis



Intro to Bioinformatics
4 day short course

Friday, October 3, 2014

• Bioinformatics pipelines and workflows

• Understanding the problems associated with 
analyzing large datasets

• Resources to go to in the future  the field moves 
fast



Questions???


