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Definition 
There are many definitions of “Big Data” as virtually every scientific research enterprise adapts to the 
emergence of the phenomenon. In gerontology, we might consider Big Data to be defined as any set of 
observations that exceeds the capacities of traditional gerontological approaches to store, analyze, or 
make inferences due to its volume, velocity, or complexity. Thus, Big Data is not simply a large number of 
observations in a dataset but also can be defined in terms of how such a dataset is handled; including, 
possibly, whether it has lasting clinical, policy, or research significance (Lynch, 2008). 
 

Overview 
Under this definition, Big Data has long been of importance in gerontology. Indeed, many existing 
datasets in the field have Big Data characteristics. In addition to the traditional repeated measures and 
cross-sectional observations on individuals, the Health and Retirement Study (HRS), for example, also 
collects a host of biomarker and genomic data (Weir, 2017). Such additions add both complexity and 
volume to the project. Complexity results from the nesting of analytes and genotypes within samples, 
which are in-turn nested within individuals and may also be linked to bibliographical annotations and 
phenotypes. Increased volume comes from the fact that genetic and genomic data require vast storage 
capacity and efficient retrieval algorithms (Singer, 2011). 
  
Of course, biomarker collections attached to aging studies are only one such example of Big Data and 
there are many others of great gerontological interest (see the set curated by the Minnesota Population 
Center, for instance, via Sobek et al., 2011). One such specific example of an existing study consisting of 
Big Data is the American Time Use Survey (ATUS). With its many years of repeated cross-sections of a 
large representative sample of American adults’ daily activity diaries linked to household-, activity-, and 
individual-level data, it is one of the most complex data products on human behavior available to the 
public (Ovadia, 2013). In addition to their complexity and size, the HRS and ATUS are characteristic of 



Big Data due to their lasting impact on the field of gerontology with thousands of publications based on 
research of each study. 
  
Big Data is often at the forefront of gerontological research. New innovations in remote health monitoring 
and sensor technology (Peine & Nevin, 2018; Schulz et al., 2015), brain and systems biology imaging 
(Maher et al., 2018), social network collection (Cornwell et al., 2014), and digital trace and online behavior 
streams (Maddox, 2018) are increasingly becoming available to collect data on older adults. With such an 
influx of these datasets, there are worries that Big Data and unsupervised analyses will replace 
theoretical and hypothesis driven research questions. Notably, prior to much influence on life course 
perspective and biological theories of aging, gerontology was historically labelled as a field that was 
``data rich and theory poor” (Birren & Bengtson, 1988). 
 

Future directions for research 
Based on the relatively recent publications listed here, however, this lament has not aged-well as these 
and other gerontologists have been mindful to deploy theories of aging, health, and social behavior in 
collecting, analyzing, and interpreting results from these novel datasets. A more relevant issue to the field 
associated with Big Data, however, is that of research participant privacy. How to protect older adult’s 
privacy and anonymity, and how to clearly articulate the risks of participation, in a context where multiple 
sources of data could be combined to uniquely identify participants should be a primary concern for 
gerontologists employing Big Data in their own research as many older adults share concerns of privacy 
in the collection and sharing of Big Data (Boise et al., 2013). Fortunately, researchers and ethicists are 
actively addressing these concerns and we can remain cautiously optimistic about the role of Big Data in 
revealing new discovery in health and welfare of older people while protecting them from breaches of 
privacy. 
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