


Results can be misleading, conflicting,
or hyped

Observational studies can
mislead us, e.g., Women'’s
Health Initiative (JAMA, 2002)

Observational studies do not
discern cause and effect, e.g.,
diet and cancer (Schoenfeld,

2013)

Hype about new technologies
not yet fully assessed, e.g., IBM
Watson — much promise but
much hype (Hersh, 2013;
Hersh, 2016; Schank, 2016)
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Biomedical researchers are not
necessarily good software engineers

Many scientific researchers write code
but are not always well-versed in best
practices of testing and error detection
(Merali, 2010)

Scientists have history of relying on
incorrect data or models (Sainani, 2011)
They may also not be good about
selection of best software packages for
their work (Joppa, 2013)

3000 of 40,000 studies using fMRI may
have false-positive results due to faulty
algorithms and bugs (Eklund, 2016)
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Should there be more sharing of
scientific data? Yes, but ...

* Came to fore with ICMJE guidelines (Taichman, 2016)
and NEJM “research parasites” editorial (Longo, 2016)
— Pro: fairness to funders (taxpayers) and subjects (patients)
— Con: researchers who carried out the heavy work need
period of embargo and protection from misuse of their
data (ICIFTDS, 2016); costs of curating and organizing 27K
clinical trials per year; amount of actual use modest
(Strom, 2016)
* Informatics issues: need for attention to standards
(Kush, 2014); workflows, patient engagement
(Tennenbaum, 2016)
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Other concerns
* Boyd (2012) — critical * Fung (2014) - Big Data
qguestions for Big Data is OCCAM
— Big Data changes the .
definition of knowledge — Observational
— Claims to objectivity and — Lacking Controls
accuracy are misleading — Seemingly Complete
— Bigger data are not always
better data — Adapted
— Taken out of context, Big — Merged
Data loses its meaning . Ri .
— Just because it is accessible Big Data not neutral;
does not make it ethical reflects our values and
— Limited access to Big Data priorities (Richards,
creates new digital divides 2014; Barocas, 2015)
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Big Data requires more than the data;
also takes people

* Data scientists — the “sexiest profession of the
215t century” (Davenport, 2012)

* McKinsey (Manyika, 2011) — need in US in all
industries (not just healthcare) for

— 140,000-190,000 individuals who have “deep
analytical talent”
— 1.5 million “data-savvy managers needed to take full
advantage of big data”
* Similar analysis by IDC (2014) of need for 180,000
with “deep” talent and 5-fold around with skills in
data management and interpretation
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Big Data also requires systems

* Infrastructure (Amarasingham, 2014)
— Stakeholder engagement
— Human subjects research protection
— Protection of patient privacy
— Data assurance and quality
— Interoperability of health information systems
— Transparency
— Sustainability
* New models of thinking and training users of data
(Krumholz, 2014)
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Some axes to grind

* |s data science really new or different?

— Statisticians (Donoho, 2016) and
informaticians (Hersh, 2015) have been
doing some of this for a long time i

* Will Big Data transform medicine?

— In some areas, but need more
demonstration of value than ability to
predict

* How can we optimize its use?

— Research focused on its applications
and their outcomes

— Don't oversell it, especially to clinicians
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Much promise for Big Data in Health and
Biomedicine, but need

e Other aspects of informatics
— Robust EHRs and other clinical data sources
— Standards and interoperability
— Health information exchange
— Usability of clinical systems
* Improved completeness and quality of data
* Research demonstrating how best applied to
improve health and outcomes

* Human expertise and systems to apply and
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