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News from the NIH: leveraging big data in the behavioral
sciences
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Discussions about “big data” have come to domi-
nate visions of the future of behavioral and social
sciences research. So what is big data, and how can it
be of benefit to researchers in the behavioral and
social sciences? In this article, we describe some of
the challenges and opportunities big data may present
to behavioral investigators. We also point readers to a
variety of NIH resources on topics relevant to big data
including training, funding opportunity announce-
ments, Listserv, and websites.

WHAT IS “BIG DATA”?
“Big data” generally refers to “data sets with sizes beyond
the ability of commonly used software tools to capture, curate,
manage, and process the data within a tolerable elapsed
time.” [1] Another widely accepted definition [2, 3]
refers to Big Data as complex data that is high on the
dimensions of volume (see previous definition), velocity
(i.e., intensive longitudinal data such as streaming
data), variety (i.e., a range of data types and sources
being integrated), and low on veracity (i.e., data which
cannot easily be verified, such as data from social
media).
Formuch of the big data that comes from secondary

sources, signals about behavior and its putative medi-
ators are distributed about a vast and noisy sea of
digital traces. For example, data on the use of search
engines (topics searched), social media sites (e.g., Twit-
ter, Facebook, Instagram, Foursquare), cable televi-
sion viewing, and cell/smart phone use (including
who was contacted, duration of the contact, location,
activity level, and app use) are now widely available.
Moreover, commercial wearable sensor technologies
capture big data in real-time and by geographic loca-
tion, such as activity levels throughout the day, sleep/
wake states, exposure to noise and air pollution, and a
variety of psychophysiological data.
In comparison to traditional data collection

methods, these emerging technologies produce larger
data sets much more rapidly and easily. These data
also create new opportunities to address research
questions, including those in the behavioral science
domain. Big data provide the opportunity to obtain
archival data on huge swaths of the population and/or
prospectively collect rich streams of information from
selected individuals by applying sensor technologies.

As big data become increasingly available and in-
expensive, behavioral science will move from a field
that relies predominately on collection of small data to
one focused on both big data collection—identifying
and extracting relevant data from public sources and
leveraging technology to capture big data from people
in a free living context—and on the development of
new analytic methods to make sense of it all. Howev-
er, big data from secondary sources are not likely to
wholly replace new data collection.

CHALLENGES IN TURNING BIG DATA INTO KNOWLEDGE
Big data presents significant opportunities for advanc-
ing knowledge relevant to improving health, and that
the associated challenges of big data can be overcome.
To encourage and facilitate the use of big data for
biomedical (including behavioral) research, the NIH
has developed the Big Data to Knowledge program
(BD2K) http://bd2k.nih.gov. Over the coming years,
the NIH is slated to devote manymillions of dollars to
this effort.
Some of the challenges to the use of big data rele-

vant to behavioral science are as follows:

1. Data Access. Data are accumulating so fast and from
so many sources that a formidable challenge is
being able to identify and access big data sources.
Accessibility may be hampered by privacy con-
cerns, ownership (e.g., companies own transaction-
al data, search data), and lack of data standards.
NIH’s BD2K program (workgroup 1) is addressing
barriers to big data access by changing NIH data
access policies and by efforts to make the data
more usable. This program is supporting the de-
velopment of data standards and the creation of
indices that will identify and describe big data sets.
See ht tp://www.youtube.com/watch?v=
za0xQbI79vo&feature=youtube_gdata
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2. Consent from research participants. A priori consent to
use public big data for research purposes is rarely
provided. While anonymized, archival data are
typically exempt from IRB review, privacy con-
cerns extend beyond IRB purview, and the power
to integrate data from various sources will often
require some form of identification that requires
consent. Researchers are encouraged to familiarize
themselves with privacy issues around big data [4].

3. Sampling bias. All samples of convenience, including
those obtained from public big data are biased, often
in unknown ways. For example, social media data
could provide interesting and unique insights into
social networks, but it remains unclear to what de-
gree those who use social media are representative
of the population, and in many cases the biases are
non-trivial [4]. Post hoc methods for estimating na-
tional population representativeness from non-prob-
ability samples exist [5] and when appropriate
should be applied to open data. In other cases, the
non-generalizability of the data may compel the
researcher to: (a) collect additional data, (b) eschew
the big data source in favor or primary data collec-
tion or other data source, (c) limit the generalizability
of the results, (d) use the data for hypotheses gener-
ation only, and/or (e) take other remedial action.

4. Estimating behavior constructs. Behavioral constructs
may or may not be represented in secondary big
data sources, and care should be taken to assess
what is measured versus the desired construct [4].
In some cases a construct may be appropriately
triangulated from multiple signals. For example,
psychometrically sound instruments have been de-
signed tomeasure self-efficacy, butmost public data
sources do not include such measures. However,
self-efficacy might be estimated via semantic anal-
ysis of social media content. Such approaches
should be validated against traditional methods.

5. Development of and training in new analytic methods.
Methods appropriate for big data need to be learned
and applied, and in some cases newmethods need to
be developed. Analysis of big data may rely on
analytic approaches drawn from engineering and
computer science. Thesemethods include, datamin-
ing (to extract a subset of data for examination),
pattern recognition (to help classify data), and com-
putationalmodeling approaches (e.g., social network
analysis, agent-based modeling, system dynamics).
Moreover, technological advances and their adop-
tion (e.g., smartphones) bring the potential for fre-
quent measurement within subjects, such as ecolog-
ical momentary assessment [6] which requires
methods capable of handling intensive longitudinal
data [7]. The NIH BD2K program includes a
workgroup focused on analysis methods and soft-
ware, as well as one on training (seemore in the next
section). In February 2014, BD2K issued RFA-HG-
14-020, Development of Software and Analysis Methods
for Biomedical Big Data in Targeted Areas of High Need
(U01) http://grants.nih.gov/grants/guide/rfa-files/
RFA-HG-14-020.html.

6. Causal inferences. Random assignment and null hy-
pothesis testing have been the primary approaches
for inferring causality in behavioral science. Manip-
ulation of independent variables is still possible in
big data sets (e.g., pushing out health promotion
interventions to web sites and smartphones), but
Bayesian approaches and computational modeling
of observed behavioral changes over time will be-
come increasingly important methods for inferring
causality. Due caution about causal inferences from
such analytic approaches is appropriate, and com-
parisons of traditional and big data findings will be
important to perform. It is also important to ac-
knowledge, however, that other areas of science
are able to infer causality without a randomized
trial using big data (e.g., the movement of tectonic
plates causes earthquakes).

These are important challenges in the application of
big data to behavioral science questions, but the value
of addressing these challenges is considerable. When
used to address appropriate research questions and in
combination with traditional approaches, research can
be done more efficiently, rapidly, and inexpensively.
Big data uses sample sizes sufficiently large to detect
potentially small but important effects of behavioral
moderators and mediators. Key variables are measur-
able via direct, tech-based, observation of behavior,
not from retrospective and subjective reports of
behavior.

NIH RESPONSES TO BIG DATA TRAINING ISSUES
The issues in the analysis of big data/open data are
much different than the concerns that investigators
faced in the past; therefore, new training paradigms
are needed. For example, fields like experimental psy-
chology are built upon small experiments often in-
volving less than 50 participants. Inferential statistical
techniques, such as the analysis of variance or the t test,
were crucial for making inferences about larger popu-
lations based on observations in small samples. These
statistical tests are highly dependent on sample size.
Larger experiments had a greater probability of find-
ing a significant effect at the level p<0.05. Most PhD
programs develop students’ analytic expertise in sta-
tistical methods to the exclusion of other approaches.
Using traditional statistical inference techniques when
analyzing big data can lead to every test being correct-
ly, but inappropriately, statistically significant.
The average PhD program now takes about 6 years

complete. That means that students admitted in 2014
will get their degrees in 2020. Will they be ready for
the world they will face when they have completed
their studies? The methodology courses in many cur-
rent PhD programs in the behavioral and social sci-
ences are quite similar to those that have been in the
curriculum for the last four decades. To prepare for the
new world of big data, we need a serious reexamina-
tion of the coremethods courses in our PhD programs.
These courses might cover issues in data privacy and
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storage, analysis of masses of data, techniques of pat-
tern recognition, and the application of systems sci-
ence methods.
The NIH has responded to the need for training in

big data in several ways. The NIH BD2K program
recently issued an RFA to encourage applicants to
develop short courses to help meet the nation’s bio-
medical, behavioral, and clinical research needs for
utilizing biomedical big data, including the application
of computational and statistical sciences in a biomed-
ical context, NIH RFA-HG-14-009 Courses for Skills
Development in Biomedical Big Data Science (R25)
http://grants.nih.gov/grants/guide/rfa-files/RFA-HG-
14-008.html. BD2K also has FOAs for career devel-
opment (K01) and for open educational resources
(R25)—see the BD2K Funding Opportunities website
for deta i l s : h t tp ://bd2k.nih .gov/ funding_
opportunities.html#sthash.lqXPzP2S.7WMx4KQH.-
dpbs. In the spring of 2013, the NIH Office of Behav-
ioral and Social Sciences (OBSSR) issued RFA-OD-
13-009, Short Courses on Innovative Methodology in the
Behavioral and Social Sciences (R25) http://
grants.nih.gov/grants/guide/rfa-files/RFA-OD-13-
009.html. This funding announcement encourages
short course development for many areas relevant to
big data including (but not limited to) systems science
methodologies, mobile health research, and working
with spatial data. The applications are currently under
review and the courses should become available some-
time in 2015. OBSSR has also developed several train-
ing opportunities in systems science http://
obssr.od.nih.gov/scientific_areas/methodology/
systems_science/index.aspx and mHealth, which are
described in detail elsewhere [8, 9].
While none of the above programs addresses the

need to revamp doctoral training, this is an area of
considerable interest to the NIH. For example, we
believe that a better understanding of the behavioral
and social science workforce dynamics can inform
future policies and programs, including proposed
changes to training, that affect the workforce. To this
end, OBSSR joined NIGMS in issuing, RFA-GM-14-
011, Modeling the Scientific Workforce (U01) http://
grants.nih.gov/grants/guide/rfa-files/RFA-GM-14-
011.html to support the development of mathematical
models of the BSSR workforce.
Big data are certain to have a profound effect on

nearly all fields of scientific investigation. This revolu-
tion in science is expected to cause considerable tur-
moil. Proactive curriculum change may be an appro-
priate next step. To stay informed about future oppor-
tunities, including training, in big data, check the NIH

BD2Kwebsite regularly. To be notified of training and
activities in systems science, join the NIH BSSR-Sys-
t ems Sc i ence L i s t s e rv ; ema i l Dr. Mabry
(mabryp@od.nih.gov) to subscribe. To be notified
about mobile health research training and activities
join the NIH mHealth listserv http://obssr.od.
nih.gov/scientific_areas/methodology/mhealth/
index.aspx.

CONCLUSIONS
The nature of research investigation is changing. In the
past, data collection was difficult and expensive. Now
data are abundant and often easy to capture. Most of
us were trained to apply inferential statistical methods
to estimate population parameters from sample data.
These methods may be of little value when sample
sizes include millions of observations. To adapt to the
new world of big data, we need to adjust our investi-
gational and training programs. PhD programs may
need to devotemore curriculum time to the challenges
of analyzing millions of observations often captured
outside of the laboratory. The NIH has initiated a new
program to translate big data into knowledge (BD2K).
In addition, NIH will support short term training pro-
grams on new research methods.
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