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[bookmark: _Hlk505779954]Development of new methods for improving causal inference in large studies creates an opportunity for a step change in understanding mechanisms which underlie the development of different subtypes of asthma. Big data sets contain many thousands of variables (from clinical variables and objective tests such as lung function tests, to various “-omics” data including genomics, proteomics, metabonomics, epigenetic data etc.).  The amount of data that is being generated is increasing exponentially, and as a consequence it is often not possible to define a priori hypotheses, or to know precisely what we are looking for.(1) In contrast to traditional hypothesis-driven approach, big data methods involve the use of data-driven, hypothesis-generating techniques, which aim to uncover structure in the data to make predictions about important clinical outcomes, while remaining agnostic towards specific predictors, or an opinion of an investigator.(2) Limiting the inputs to such models based on preferences or opinions may limit the ability of a model to uncover the associations which do, in fact, exist. By developing algorithms to model a large number of potential associations in an unsupervised way, patterns can be identified that could not have been predicted in advance, even by experts in the field. Therefore, within the context of the “big data” research, data is allowed to speak for itself. Combined with mathematical, bio-informatic, and computational techniques, systems biology can help to elucidate the directionality of relationships between variables at a more holistic level, thereby, moving away from associative to more causal analyses. However, potential danger of this approach is that it may become divorced from rigorous scientific scrutiny and meaningful clinical interpretation.(1) Furthermore, machine learning techniques and their associated language inventory of “new” terms (for example hidden Markov models, random forest, Bayesian networks, latent variable modelling, clustering, etc.,) may be complex for the clinical community to fully understand. 
It is important to emphasise that big data can explain only a part of the picture, and clinical investigators and other domain experts can provide a deep understanding through their experience and clinical domain knowledge.(3, 4) Integrating clinical expertise and experience with “big data” approach may allow external validation of what is experienced in the “real world”. Examples of such approaches in the area of paediatric asthma and allergy include the refutation of the concept of “atopic march”(5), and  debates on the causal relationship between asthma and different subtypes of allergic sensitization.(6) Further examples include the use of data-driven hypothesis-generating techniques have to discover different childhood “wheeze phenotypes”, using models which ascertained temporal patterns of symptoms in childhood. As a consequence of these and other studies, the conceptual framework of asthma heterogeneity is now widely accepted.(7)  With the birth of genome-wide association studies (GWAS), researchers are able to investigate the relationship between hundreds of thousands of genetic markers with a phenotype. However, most large GWAS in the field of asthma use the broadest possible definition of the primary outcome (e.g. “doctor-diagnosed asthma”). Disaggregating asthma by using “big data” approach may improve genetic studies.(1, 8) By using “deep phenotyping”, a recent comparatively small GWAS discovered the association of a specific asthma subtype (early-life onset asthma with severe exacerbations), with a functional variant in a novel susceptibility gene CDHR3 (rs6967330).(9) It is of note that this SNP is not associated with “doctor-diagnosed asthma” in any of the large-scale GWAS, but is strongly associated with persistent troublesome childhood wheezing. Functional studies have shown that rs6967330 may be a receptor for rhinovirus-C,(10) and this target currently pursued for potential novel therapeutic agent for asthma.
One way of bridging the divide between hypothesis-generating big data methods and rigorous hypothesis-testing approaches is by creating a “team science” culture. There are examples of large collaborative groups which are working together in a synergistic fashion to ensure that there is a bridge between big data analytics, careful scientific process, and clinical interpretation. One such example is the UK Study Team for Early Life Asthma Research (STELAR) consortium,(8) which has pioneered the use of data-driven methodologies and machine learning in the analysis of complex longitudinal data in asthma, from the first use of the latent class analysis (LCA), principal component analysis, multilevel LCA using data from different sources, to the first use of machine learning in respiratory medicine.  This large-scale collaboration and its underpinning shared e-infrastructure provided insights with clinical application. The mix of disciplines provides a collective contribution towards the interpretation of findings, and is an example of an approach where “big data” is coupled with “big reasoning”(1). 
New possibilities for asthma research are emerging from personally tracked data from the ubiquitous use of digital devices, which can capture real-time information about daily behaviours, health status, and geographical locations, and which are widely accessible on an unprecedented scale. A challenge to modelling such data is distinguishing genuinely relevant data from “noise” arising from spam or searches not related to episodes of illness. Individually-generated data is also emerging from synergies between medical technology and smartphones. Bluetooth-enabled smart inhalers and peak flow meters, for example, allow monitoring of the adherence with medication, severity of symptoms, and lung function.  These types of data have the potential to uncover different aspects of asthma heterogeneity.  However, due to potential limitations, they should be viewed as complementary to, rather than a substitute for traditional or other forms of data. Without interpretive tools that can be readily incorporated in daily practice, there may be a risk of valuable research findings being overlooked as the consequent actions for decision-making may not be obvious.
[bookmark: _GoBack]One of the aims of asthma research is to understand disease heterogeneity to facilitate stratified approach to treatment. To achieve this, we need to move away from the artificial dichotomy of data-driven hypothesis-generating versus hypothesis driven approaches, towards a more integrated one, whereby cross-disciplinary collaborations can facilitate rigorous scientific scrutiny and interpretation of findings. Steps need to be taken to improve the statistical literacy of healthcare professionals through greater education to bridge the divide with the big data “industry”. Ultimately, no single data source can uncover the complexity which drives asthma heterogeneity. There is huge potential to provide a more holistic understanding of the disease at a level of individual patients. A solution to the problem of asthma is an integrative approach whereby clinicians, statisticians, computer scientists, geneticists, physicists, basic scientists and epidemiologists work together to understand asthma heterogeneity.  To achieve this, we need to replace the current model of “selfish science” with its foundations of the “lead institutions” and “principal investigators”, with that of a genuine “Team science”. 
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