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Summary 

The concept of big data, which is typically characterized by volume, variety, veracity, and velocity has the capacity 

to transform the scientific approach to respiratory disease.  This transformation ranges from a better understanding 

of the public health or population health approach to disease, to a drug safety and drug development, to alternative 

approaches to monitoring outbreaks and epidemics. Medical big data can generally be thought of as being in one 

of three classes: large numbers (often millions) of people with small numbers of parameters (such as mortality data 

or other administrative data); smaller numbers of people with large amounts of data ( such as micro array or genetic 

data); and, more recently large numbers of people with large amounts of data.  Each of these classes present their 

own challenges and opportunities. For example, administrative data is often complicated by issues such as missing 

or incorrect data and potential biases, such as residual confounding or reverse causality.  In addition, big data may 

be useful for hypothesis generation but is not rally able to test causality.  Big data approaches have been used in 

respiratory in several applications: identification of asthma mortality patterns across different countries over many 

years (which pointed to certain classes of medications as being responsible); determining the relation between area 

of residence and respiratory mortality (and those changes over time); and identification of the relation between air 

pollution exposure and mortality.  Future applications may help to define better targets for respiratory therapy 

development.  

Key Message 

Big data provides both promise and challenges in better understanding trends and patterns of respiratory 

disease, along with drug development and safety.  The promise of big data includes identifying patterns of 

disease, finding potential drug targets, and improving the efficiency of new discoveries.  The challenges of 

big data include missing or incorrect data and the inability to test causality with it. 

Introduction 

This paper reviews the role of big data in the understanding of respiratory disease and its potential role in the drug 

development and drug safety process.  The components of this paper include: 

1. Defining medical big data 

2. The promise of big data 

a. Understanding asthma mortality 

i. International comparisons over time 

ii. Small area changes in asthma deaths over time 

b. Treatment of COPD and Asthma in a real world setting 

i. Salford lung study 

c. Identifying potential drug targets or genetic variants  

i. Asthma example 

3. The challenges of big data 

a. Missing and dirty data 

b. Bigger is not always better 

i. Cautionary tale of influenza tracking 
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Defining Medical Big Data 

The concept of “medical big data” has emerged in recent years  as means of transforming medicine.[1]   This data, 

by itself, is not transformative, but its subsequent analysis, interpretation, and the actions that may follow.  The 

factors that make data “big” include the 4 V’s -  volume, variety, velocity, and veracity [2] is important to consider in 

the application to healthcare.  This provides the potential to represent what happens, in a nearly unbiased way, 

what happens in the real world.  Medical big data can arise from a number of different sources, including public 

health databases ( birth and death certificates), administrative claims data, clinical registries,  biometric data, 

electronic medical records, patient reported data, imaging data, clinical trials, and prospective cohorts, to name 

several sources.[3] 

 

Medical big data can be broadly classified in to one of three forms, based on sample numbers and parameter 

numbers: those with very large samples and a small number of parameters, those with smaller samples and a very 

larger number of parameters, and, more recently, those with large samples and larger parameters.  The first 

example has been used in public health applications for many years to analyze mortality and administrative data, 

and classical statistical techniques can typically be applied in the analyses.  The second classification is newer and 

can be seen in applications where hundreds or thousands of parameters are evaluated in individuals ( such as 

genetic data from micro-arrays).  Classical statistical testing is typically not useful in the interpretation of this type 

of data.  The final type of big data, comprising large amounts of data on large numbers of people, present some of 

the issues seen in both the first and second types as described above. 

The Promise of Big Data 

Some of the potential value of medical big data has been demonstrated in the delivery of personalized medicine, 

the use of clinical decision support systems, tailoring diagnostic and treatment decisions, data driven population 

health analyses using large databases, and fraud detection and prevention.[4]  Rumsfeld summarized eight areas 

of application of big data analytics in the improvement of healthcare as predictive modelling for risk and resource 

use, population management, drug and medical device safety surveillance, disease and treatment heterogeneity, 

precision medicine and clinical decision support, quality of care and performance measurement, public health, and 

research applications.[5]  Some of these applications have proven useful in the study of respiratory disease. 

Asthma-related mortality provides two examples.  A recent study looked at over 50 years of asthma deaths from 46 

countries. [6]  While there has been a downward trend over the this time period, there is also considerable differences 

between countries.  Of particular interest is the historical peaks in asthma mortality observed in New Zealand in the 

1960s and again in the 1970s and 1980s.  This was thought to be due to the overuse of the beta agonists 

isoprenaline in the former period and fenoterol in the later period.  A separate study examined asthma mortality 

over a 35 year period in the US counties.[7]   This study found an overall decrease in asthma deaths over this period 

of time.  The exception to this decrease occurred in a swath of counties in the southern part of the US that represents 

a population where poor blacks are overrepresented.  Thus, this study points toward social and economic factors 

being important in asthma mortality.[8] 

A different kind of example of the use of big data in respiratory medicine is the Salford Lung Study, which was 

designed as a pragmatic, randomized real-world effectiveness study. [9]  This unique study recruited patients from 

clinical practices, but followed them using electronic medical records and administrative data ( rather than the 

classical follow-up using study monitors).  The COPD trial found a reduced rate of exacerbations in the intervention 

group ( by 8.4%).[10]  The asthma study found a higher rate of response in the intervention group ( 71% vs. 56% 

).[11]  Both of these trials used big data to examine effectiveness of therapy as opposed to efficacy, which is what 

standard randomized controlled trials can test.[12] 
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 Another example of how big data can be used to inform response to therapeutic agents is the application of genetic 

analysis to a cohort of children with asthma to determine what factors might explain bronchodilator response.[13]  In 

this study, five different loci associated with  bronchodilator responsiveness were identified, but these showed 

substantial differences when looking at ethnic subgroups ( Puerto Ricans, African Americans, and Mexicans). 

The Challenges of Big Data 

Medical big data also can present significant challenges.[3]  In the real world, data may be missing or incorrect.  In 

classical statistical analyses subjects with missing data are often excluded from the analysis- although this assumes 

subjects with missing data do not differ from those without missing data. In the real world of big data, this is 

assumption is probably not true ( i.e. those with complete data and follow-up may not be similar to those with missing 

data and incomplete follow-up).  Thus, different analytic techniques need to be used to account for this difference. 

Another challenge in big data analysis is the “curse of dimensionality”, which a problem seen when there are too 

many attributes relative to the number of observational units.  This can manifest as multicolinearity, where two or 

more variables in a model are not independent.  Although there are techniques designed to deal with this problem, 

they can result in the loss of important information.[3]   

Another challenge in the world of big data is avoiding the trap that “ bigger is better” and that these newer 

approaches provide more valuable information compared to traditional approaches.  An example of this 

phenomenon can be seen in the story of Google Flu Trends, aninfluenza tracking system that was thought to be a 

better way for tracking flu outbreaks compared to the traditional surveillance reports that the US Centers for Disease 

Control and Prevention ( CDC) has been using for many years.  In late 2012 and early 2013, the Google Flu Trends 

estimates of flu prevalence ended up being more than double what CDC had estimated.[14]   While this was thought 

to be related to issues in the algorithm used to determine flu, an important factor was thought to be a function of 

the “media-stoked panic” related to influenza during the 2012-2013 flu season.[14] In this example, the traditional 

approach that CDC has used for years proved more accurate, although taking advantage of other approaches, 

including Google Flu Trends, may provide some additional unique and helpful information. 

Finally, in most application, medical big data is useful in hypothesis generation but is not able to demonstrate 

causality 

Summary 

Big data provides both promise and challenges in better understanding trends and patterns of respiratory 

disease, along with drug development and safety.  The promise of big data includes identifying patterns of 

disease, finding potential drug targets, and improving the efficiency of new discoveries.  The challenges of 

big data include missing or incorrect data and the inability to test causality with it. 
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