
This is a repository copy of Evidence from big data in obesity research: International case 
studies.

White Rose Research Online URL for this paper:
http://eprints.whiterose.ac.uk/154851/

Version: Accepted Version

Article:

Wilkins, E, Aravani, A orcid.org/0000-0002-3976-7888, Downing, A orcid.org/0000-0002-
0335-7801 et al. (6 more authors) (2020) Evidence from big data in obesity research: 
International case studies. International Journal of Obesity, 44 (5). pp. 1028-1040. ISSN 
0307-0565 

https://doi.org/10.1038/s41366-020-0532-8

© The Author(s), under exclusive licence to Springer Nature Limited 2020. This is an 
author produced version of a paper published in International Journal of Obesity. Uploaded
in accordance with the publisher's self-archiving policy.

eprints@whiterose.ac.uk
https://eprints.whiterose.ac.uk/

Reuse 

Items deposited in White Rose Research Online are protected by copyright, with all rights reserved unless 
indicated otherwise. They may be downloaded and/or printed for private study, or other acts as permitted by 
national copyright laws. The publisher or other rights holders may allow further reproduction and re-use of 
the full text version. This is indicated by the licence information on the White Rose Research Online record 
for the item. 

Takedown 

If you consider content in White Rose Research Online to be in breach of UK law, please notify us by 
emailing eprints@whiterose.ac.uk including the URL of the record and the reason for the withdrawal request. 



1 

 

Title: Evidence from big data in obesity research: International case studies 1 

Running title: Evidence from big data in obesity research 2 

Authors: Emma Wilkins1, Ariadni Aravani1, Amy Downing1, Adam Drewnowski2, 3 

Claire Griffiths3, Stephen Zwolinsky3, Mark Birkin4
, Seraphim Alvanides5,6, Michelle A 4 

Morris1 5 

1 Leeds Institute for Data Analytics & School of Medicine, University of Leeds, United 6 

Kingdom  7 

2 Center for Public Health Nutrition, University of Washington, Seattle, USA 8 

3 School of Sport, Leeds Beckett University, United Kingdom 9 

4 Leeds Institute for Data Analytics & School of Geography, University of Leeds, United 10 

Kingdom 11 

5 Engineering & Environment, Northumbria University, United Kingdom 12 

6 GESIS – Leibniz Institute for the Social Sciences, Cologne, Germany 13 

 14 

Corresponding author: Michelle A Morris 15 

Email: m.morris@leeds.ac.uk 16 

Tel: +44 113 343 0883 17 

Conflict of interest statement 18 

Authors report no conflict of interest. 19 

 20 

 21 

  22 

mailto:m.morris@leeds.ac.uk


2 

 

Abstract  1 

Background/Objective: Obesity is thought to be the product of over 100 different 2 

factors, interacting as a complex system over multiple levels. Understanding the 3 

drivers of obesity requires considerable data, which are challenging, costly and time-4 

consuming to collect through traditional means. Use of ‘big data’ presents a potential 5 

solution to this challenge. Big data is defined by Delphi consensus as: “always digital, 6 

has a large sample size, and a large volume or variety or velocity of variables that 7 

require additional computing power1. ‘Additional computing power’ introduces the 8 

concept of Big Data Analytics. “The aim of this paper is to showcase international 9 

research case studies presented during a seminar series held by the Economic and 10 

Social Research Council (ESRC) Strategic Network for Obesity in the UK. These are 11 

intended to provide an in-depth view of how big data can be used in obesity research, 12 

and the specific benefits, limitations and challenges encountered. 13 

Methods and results: Three case studies are presented. The first investigated the 14 

influence of the built environment on physical activity. It used spatial data on green 15 

spaces and exercise facilities alongside individual-level data on physical activity and 16 

swipe card entry to leisure centres, collected as part of a local authority exercise class 17 

initiative. The second used a variety of linked electronic health datasets to investigate 18 

associations between obesity surgery and the risk of developing cancer. The third 19 

used data on tax parcel values alongside data from the Seattle Obesity Study to 20 

investigate sociodemographic determinants of obesity in Seattle.  21 

Conclusions: The case studies demonstrated how big data could be used to augment 22 

traditional data to capture a broader range of variables in the obesity system. They 23 

also showed that big data can present improvements over traditional data in relation 24 
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to size, coverage, temporality, and objectivity of measures. However, the case studies 1 

also encountered challenges or limitations; particularly in relation to 2 

hidden/unforeseen biases and lack of contextual information. Overall, despite 3 

challenges, big data presents a relatively untapped resource that shows promise in 4 

helping to understand drivers of obesity.  5 
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Introduction  1 

Obesity is a complex health, social and economic challenge. It is widely recognised as 2 

a product of numerous multi-level factors, including individual, social, economic, 3 

environmental and political influences2-4. This complexity is represented in the 4 

Foresight Obesity System Map5, which lists 108 contributing factors, depicted as 5 

nodes in a system diagram. It is also reflected in the multi-disciplinary nature of obesity 6 

research, which covers disciplines as diverse as medicine, public health, geography 7 

and computer science. Whole systems approaches, which intervene across these 8 

multiple levels and domains, have been touted as a way to tackle the growing problem 9 

of obesity6. Understanding the drivers of obesity and responses to interventions within 10 

such a complex system requires considerable data. Use of ‘big data’ and associated 11 

analytics, presents a potential solution to this challenge. 12 

Various definitions of ‘big data’ have been adopted7-9. In this paper, we adopt a 13 

definition of ‘big data’ established by a recent Delphi survey of international obesity 14 

and big data experts1, which agreed that, in contrast to traditional data, big data:  15 

“is always digital, has a large sample size, and a large volume or variety or velocity 16 

of variables that require additional computing power. It can include quantitative, 17 

qualitative, observational or interventional data from a wide range of sources (e.g. 18 

government, commercial, cohorts) that have been collected for research or other 19 

purposes, and may include one or several datasets. Specialist skills in computer 20 

programming, database management and data science analytics are usually 21 

required to analyse big data.” 22 
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According to the Delphi survey, ‘big data’ can include not only ‘novel’ types of data 1 

such as social media, loyalty cards and sensors, but also routinely collected data, such 2 

as health records, government and census data.  3 

The Economic and Social Research Council (ESRC) Strategic Network for Obesity 4 

(‘the Network’) was established to consider use of big data in obesity research10. 5 

Several outputs from the Network, which form part of this paper series, have 6 

demonstrated that research applications using big data, and associated analytics, 7 

within obesity research are rich and diverse. Timmins, Green et al 11 report a wide 8 

range of studies already using big data in obesity research. They reveal that big data 9 

could provide many benefits such as increased scope and objectivity, access to 10 

unreached populations, and the potential to evaluate real-world interventions. Big data 11 

and big data analytics have also been used to produce innovative data visualisation 12 

tools, with demonstrable policy impact12. Looking to the future, a mapping exercise13 13 

demonstrated that big data sources can provide information spanning almost 80% of 14 

the nodes in the Foresight Obesity System Map. The remainder of the nodes could be 15 

covered by more traditional data sources, demonstrating how synergy of big and 16 

traditional data can support whole systems approaches to obesity.  17 

Big data also has limitations, such as concerns around data validity and 18 

representativeness11, which need to be balanced alongside benefits. Challenges exist 19 

around ethics, data governance, data handling and processing capabilities1, 7, 14. 20 

Consistent reporting of data sources, such as through use of the recently developed 21 

BEE-COAST framework13, better enables critique of these strengths and limitations. 22 

Applications of big data in obesity research include use of retail sales data to evaluate 23 

the impact of obesity policy15, use of geotagged social media data to explore patterns 24 

in obesity-related behaviours16, 17, and use of smartphone data to assess physical 25 
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activity patterns over space and time18, 19. These examples draw on data from diverse 1 

sectors, highlighting again the multi-disciplinary nature of obesity research. 2 

Uses of big data include both hypothesis generation (‘exploratory analyses’) and 3 

hypothesis testing. Recognising the distinction between these two forms of enquiry is 4 

important to avoid hypothesising after the results are known 20. This may be 5 

particularly problematic in the case of big data research, as large sample sizes, 6 

coupled with repeated exploratory analyses, will lead to increased chance of detecting 7 

statistically significant associations that are of limited clinical and practical importance. 8 

The aim of this paper is to showcase international research case studies presented 9 

during seminars held by the Network in the UK10. These are intended to complement 10 

existing high-level reviews of big data in obesity research11, 13 by providing an in-depth 11 

view of how big data can be used in this field, and the specific benefits, limitations and 12 

challenges encountered.  13 

Methods and Results 14 

Three case studies presented at the Network Seminar Series10 are reported. Each 15 

employed several sources of data, including ‘big’ and ‘traditional’ data to measure 16 

obesity-related exposures and/or outcomes. These data are reported using a 17 

standardised BEE-COAST framework13 that cross references to the Foresight Obesity 18 

System Map nodes5 highlighting the breadth of data coverage (Table 1). 19 

Table 2 summarises all Network seminar presentations. Further information and 20 

seminar recordings can be found at https://www.cdrc.ac.uk/research/obesity/.  21 

https://www.cdrc.ac.uk/research/obesity/
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Case Study 1: Uptake of physical activity in Leeds, UK  1 

Griffiths and Zwolinsky, Seminar: May 2016, London School Hygiene Tropical 2 

Medicine 3 

Background: Physical activity can help prevent and manage a number of chronic 4 

health conditions, including obesity21, 22. The World Health Organisation23, and other 5 

bodies internationally24, 25 have called upon authorities to increase opportunities for 6 

physical activity as a means to tackle obesity. Repurposing existing ‘big’ spatial data 7 

on the physical activity environment provides novel opportunities to support policy. 8 

Data: Leeds Let’s Get Active Programme, Points of Interest (Table 1) 9 

Methods: Links with Leeds City Council facilitated secondary analysis of data 10 

emerging from the Leeds Let’s Get Active (LLGA) programme; a council initiative to 11 

increase physical activity through exercise classes delivered at leisure centres. 12 

Exploratory, cross-sectional analyses investigated (i) the association between the 13 

number of neighbourhood physical activity opportunities and separate outcomes of 14 

sedentary behaviour and physical activity, controlling for neighbourhood deprivation, 15 

and (ii) whether residential proximity to participating leisure centres was related to 16 

attendance. Physical activity opportunities were derived from Points of Interest data; 17 

a large dataset detailing the locations of a wide range of features across the whole of 18 

Great Britain.  19 

Participant postcodes were analysed in a Geographic Information System (GIS) 20 

together with data on the locations of physical activity opportunities from Points of 21 

Interest data and the locations of participating leisure centres. Physical activity 22 

opportunities separately included (i) green spaces and (ii) built facilities such as gyms, 23 

climbing facilities, and swimming pools. Neighbourhoods were defined using ‘Lower 24 
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Super Output Area’ (LSOA) boundaries (a UK administrative geography containing 1 

~1,500 people) and 2km circular buffers.  2 

Results: LLGA data contained 29 796 self-reports of physical activity and sedentary 3 

behaviours, together with leisure centre attendance data from swipe cards. Analyses 4 

revealed no associations between any measure of physical activity opportunities and 5 

physical activity or sedentary behaviours, with the exception of counts of green spaces 6 

within LSOAs.  Those with the highest counts of green spaces within LSOAs were 7 

more likely to meet physical activity guidelines.  8 

Fewer than 50% of participants who registered for the programme attended a session. 9 

Of those that did, over one third did not attend the centre closest to them. Having a 10 

leisure centre within the residential Middle Super Output Area (an administrative 11 

geography containing ~8 000 people) or a 2km circular buffer only accounted for a 12 

small proportion of the variability in attendance rates. On further investigation, circular 13 

buffers of at least 4km around leisure centres were required to capture over 50% of 14 

attendees. 15 

Conclusion: There is some indication that neighbourhood greenspace is related to 16 

physical activity. However, in agreement with other literature26, 27, this study shows 17 

different definitions of environment can produce different results. Future work must 18 

use measures that are relevant, consistent and transferable. Mere proximity to 19 

opportunities from home may not be a good indicator of actual exposure/opportunities. 20 

People frequently visit leisure centres that are not closest to home.  21 
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Case Study 2: Obesity and Colorectal Cancer in England, UK  1 

Aravani and Downing, Seminar: April 2017, Leeds Beckett University 2 

Background: Obesity is linked to an increased risk of several malignancies, including 3 

colorectal cancer28, 29. Counterintuitively, some research suggests surgery to reduce 4 

obesity (‘obesity surgery’) may increase the risk of colorectal cancer30-33. However, 5 

this association remains unclear, with the majority of studies having short follow-up 6 

time or lacking statistical power. This study tested the a-priori hypothesis that obesity 7 

surgery is associated with risk of colorectal cancer and also explored associations with 8 

other obesity-related cancers (breast, kidney or endometrial) across the English 9 

National Health Service (NHS).   10 

Data: Hospital Episode Statistics (HES), National Cancer Registration and Analysis 11 

Service (NCRAS), Office for National Statistics (ONS) mortality data (Table 1). 12 

Methods: This was a national population-based retrospective observational study. 13 

Individuals who underwent obesity surgery (the ‘OS group’) or had a hospital episode 14 

with a diagnosis of obesity but no obesity surgery (the ‘no-OS group’), between April 15 

1997 and September 2013, were identified using HES data. HES data were obtained 16 

pre-linked with NCRAS and ONS mortality data. This allowed identification of 17 

individuals in the OS and no-OS groups who were subsequently diagnosed with 18 

colorectal cancer, or other obesity-related cancers. It also allowed identification of the 19 

time ‘at risk’ - the time from obesity diagnosis/surgery to development of a cancer, 20 

death or last follow-up (30th September 2013). Standardised incidence ratios (SIR) 21 

with 95% confidence intervals (CI) were calculated to define the risk of developing 22 

cancer in the OS and no-OS groups relative to the background English population, 23 

accounting for age and calendar year.  24 
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Results: A total of 1 002 607 obese patients were identified, of whom 4% (n=39 747) 1 

underwent obesity surgery. The OS group and no-OS groups had a median follow-up 2 

period of 3 years (range 1-16 years) and 2.5 years (range 1-16 years), respectively. 3 

In the no-OS cohort, 3 237 developed colorectal cancer with an SIR of 1.12 (95%CI 4 

1.08-1.16) relative to the background population. In the OS cohort, 43 developed 5 

colorectal cancer with an SIR of 1.26 (95%CI 0.92-1.71). There was a significantly 6 

increased risk of colorectal cancer among the oldest (≥50 years) in the OS group (SIR: 7 

1.47, 95% CI: 1.02-2.06). High SIRs for renal and endometrial cancers were found in 8 

both the OS and non-OS groups34. By contrast, OS was associated with reduced 9 

breast cancer risk34. 10 

Conclusion: Although the association between obesity surgery and subsequent 11 

colorectal cancer risk was limited by the small OS group size and short follow-up time, 12 

this study showed an elevated colorectal cancer risk continues after obesity surgery 13 

in individuals older than 50 years. The high SIRs for renal and endometrial cancers 14 

require further investigation. 15 

  16 
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Case Study 3: Sociodemographic determinants of obesity in Seattle, USA  1 

Drewnowski, Seminar March 2016, University of Cambridge 2 

Background: Socioeconomic status (SES), both at the individual and neighbourhood 3 

level is thought to contribute to obesity. However, studies of obesity and its 4 

determinants often do not contain important socioeconomic variables or include only 5 

self-reported measures, which are simplistic and subject to bias. Neighbourhood 6 

measures of SES are often only available for administrative geographies, which are 7 

subject to bias from the modifiable areal unit problem (MAUP)35 and may not be suited 8 

to capturing neighbourhood effects on obesity36. A series of exploratory studies were 9 

conducted to examine whether residential property values – the second largest source 10 

of wealth in the US37 - could be used as a proxy measure of individual and 11 

neighbourhood level SES, and to simulate obesity prevalence at a micro-scale.  12 

Data: Seattle Obesity Study (SOS) I, II and III, King County Tax Parcel Values 13 

(Table1). 14 

Methods: Data from the Seattle Obesity Study (SOS) I, II and III were used to assess 15 

associations between socioeconomic variables and health-related outcomes, 16 

including diet and obesity. Participants’ residential addresses were geocoded to tax 17 

parcel centroids; plots of land owned by a single landowner and typically containing a 18 

single residential property or a block of properties e.g. flats. In a series of studies, SOS 19 

participants were ascribed individual and neighbourhood measures of SES based on 20 

King County Tax Parcel Values. Individual SES was operationalised as the average 21 

property value in the tax parcel of residence. Neighbourhood SES was operationalised 22 

as the average property value in the residential neighbourhood (various definitions 23 

including residential census tracts and home-centric buffers spanning multiple tax 24 

parcels). Multivariable linear regressions examined associations between these 25 
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measures and obesity-related outcomes, including behaviours, diet quality (e.g. 1 

measures of soda and salad consumption) and obesity, controlling for age, gender, 2 

and race/ethnicity. This was contrasted with the performance of more traditional 3 

measures of SES, including education and income, at predicting obesity-related 4 

outcomes.  5 

Results: Obesity-related outcomes were related both with property value measures of 6 

SES and more traditional SES measures. However, effect sizes for property value 7 

measures were typically equal to or greater than effect sizes for traditional measures. 8 

For example, among women, the prevalence ratio for obesity was 3.4 times greater 9 

among those having average residential tax parcel values in the lowest quartile 10 

compared to the highest (95% CI: 2.2-5.3)38. Contrastingly, education explained less 11 

variation in obesity rates (<high-school vs college, prevalence ratio: 1.7, 95% CI: 1.2-12 

1.7). Average residential property values within residential census tracts were also 13 

associated with soda and salad consumption39, whereas income and education were 14 

not.  15 

Conclusion: Residential property values present a convenient and readily-available 16 

measure of both individual and neighbourhood SES. They appear to better capture 17 

the multi-faceted nature of SES compared to single, self-reported measures such as 18 

education or income. They also have potential to be applied to spatial microsimulation 19 

models (a technique for estimating the characteristics of a population40) to model 20 

obesity rates at the micro-scale.  21 

  22 
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Discussion 1 

These case studies demonstrate how big data and traditional data both have an 2 

important role in understanding the aetiology of obesity, alongside responses to 3 

obesity interventions. An earlier mapping exercise13 demonstrated that combining big 4 

data with traditional data could provide information spanning over 82% of the 108 5 

nodes in the Foresight Obesity System Map. The data used in our three case studies 6 

spanned 34 nodes (31%), of which 59% were covered by big data sources. These 7 

case studies demonstrate that big data can successfully be used to augment 8 

traditional data to cover a wider scope of the obesity system, or to provide increased 9 

size, coverage, temporality, or objectivity of measures. The remaining discussion 10 

provides an in-depth review of the specific benefits, limitations and challenges 11 

encountered within these case studies. 12 

Benefits 13 

Large size and coverage 14 

A key benefit, evident in all three case studies, was the potential size and coverage of 15 

the data. For example, by combining HES, NCRAS and ONS mortality data, Case 16 

Study 2 was able to assess cancer rates among over 1 million obese people. 17 

Moreover, the data were representative of the entire UK population with a recorded 18 

hospital admission since 1997, including populations that are often unreached. 19 

Furthermore, as there was no option to opt in or out, recruitment and attrition biases, 20 

which hamper traditional cohort studies, were minimised.  21 

While the data used in both Case Studies 1 and 3 were confined to relatively small 22 

geographic regions (Leeds, UK and King County, USA respectively), both had the 23 

potential to be extended nationally, or even internationally. For example, the Points of 24 
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Interest data used in Case Study 1 is available across the whole of Great Britain. 1 

Property values from county tax assessors are publicly available at the level of tax 2 

parcels for all US states, with alternate sources of property values (such as 3 

commercial property sales data) being available internationally41.  4 

Better temporality 5 

Traditional epidemiologic obesity studies are largely cross-sectional or take repeated 6 

measures of exposures and/or outcomes at discrete time points42. The data used in 7 

these case studies provided improved temporality over traditional data in several 8 

respects. For example, the Points of Interest data used in Case Study 1 are updated 9 

quarterly, allowing fine-grained assessment of built environment dynamics, and close 10 

temporal linkage to obesity outcomes data. Financial and time constraints would make 11 

it unfeasible to collect environmental data at this frequency and scale through primary 12 

means. Historical Points of Interest data also allows older cohort studies to be linked 13 

with built environment variables. Data used in Case Study 2 currently span several 14 

decades and are updated continually, allowing tracking of health outcomes (hospital 15 

admissions, cancer incidences etc.) for an ever-growing cohort of people. The property 16 

values data used in Case Study 3, while only updated every 6 years, still has more 17 

frequent updates than decennial census data, which is typically used to measure 18 

SES43.  19 

Objective measures 20 

The data used in all three case studies also provided the benefit of objective measures. 21 

Case Study 1 used spatial data from the UK’s national mapping agency to objectively 22 

measure neighbourhood physical activity opportunities. This is in contrast with other 23 

studies, which have asked participants about perceptions of their local environment44. 24 
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Perception measures do not correlate well with objective measures, and both may be 1 

important to comprehensively capture built environment influences on obesity45. Case 2 

Study 2 used highly robust data from the NHS, Public Health England and ONS, which 3 

importantly included objective data on obesity diagnoses, surgery, cancer incidences 4 

and deaths. Finally, Case Study 3 demonstrated how property values could provide 5 

an objective proxy for individual socioeconomic status, which performs better than self-6 

reported education or income at predicting obesity-related outcomes.  7 

Augmentation of other data 8 

In Case Studies 1 and 3, big data were used to augment traditional data, illustrating 9 

the potential for big and traditional data to work in harmony. Both utilised location 10 

information (residential addresses) to link traditional data with built and socioeconomic 11 

environmental data. These represent important areas of the Foresight Obesity System 12 

Map frequently missing from traditional datasets. Case Study 3 also demonstrated that 13 

property values may provide improved measures of individual SES, even where 14 

alternate measures are included in traditional datasets. Moreover, measures of 15 

neighbourhood SES can be computed at a range of geographical scales, and 16 

unconstrained by administrative boundaries, minimising bias due to the MAUP35. 17 

These datasets also offer the potential for linkage with other big datasets such as 18 

electronic medical records. Indeed, an ongoing study (‘Moving2Health’) is seeking to 19 

link longitudinal electronic medical records with historical property values data46 in an 20 

entirely new approach to studying built environment influences on health and disease.  21 
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Limitations and challenges 1 

As well as the many benefits described above, limitations and challenges were also 2 

encountered. These can be divided into two categories: hidden/unforeseen biases and 3 

lack of contextual information.  4 

Hidden/unforeseen biases 5 

Bias within data is a concern for most research. Traditional studies seek to eliminate 6 

or reduce bias through design, with the well-established ‘gold standard’ being the 7 

randomised controlled trial. In epidemiological research, observational and case-8 

control studies seek to minimise biases through methodological sampling techniques 9 

and rigorous data cleaning and handling procedures. “However, the process of 10 

collection, manipulation and extraction of value from big data - the big data analytics - 11 

is often opaque and may not follow expected research norms, making it challenging 12 

to identify and account for potential sources of bias.” 13 

As an example, while the data used in Case Study 2 was a national sample, 14 

differences in demographics between the general population and those (i) having a 15 

hospital episode and (ii) being eligible for obesity surgery, may lead to selection 16 

biases. In particular, people undergoing obesity surgery were required by the NHS to 17 

meet certain criteria (BMI ≥40kg∙m-2 or 35-40kg∙m-2 alongside at least one other 18 

obesity-related condition and inability to sustain weight loss through standard 19 

techniques). These factors may be associated with cancer risk independently of 20 

obesity treatment, confounding any observed associations. Indeed, in a negative 21 

control analysis, Case Study 2 found a higher incidence of lung cancer among those 22 

with obesity, and particularly those undergoing obesity treatment, compared to the 23 

background population34. This was unexpected given lung cancer is not an obesity-24 
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related cancer and suggests residual confounding in the data; potentially due to 1 

increased smoking rates among those with obesity.  2 

Another example of bias relates to systematic differences in the handling of data. Tax 3 

parcel values, as used in Case Study 3, are determined by independent counties 4 

according to state-level regulations. There may therefore be variability in valuation 5 

methods both at the county and state levels, leading to systematic biases in property 6 

valuations nationally. While not an issue in Case Study 3, as the study area was 7 

confined to one county, appropriate methods, such as multi-level modelling, would 8 

need to be considered in research spanning multiple counties or states. Comparability 9 

of house prices across large geographical areas also requires careful analysis in view 10 

of the known tendency towards spatial autocorrelation47.  11 

Sources of bias can be hard to predict. A recent validation study showed that Points 12 

of Interest data, as used in Case Study 1, has variable completeness across different 13 

types of facilities (in this case, types of food outlets)48. This was thought to be due to 14 

differences in turnover/closure rates across outlet types, and the way Points of Interest 15 

data is sourced – with information on different outlet types being sourced from different 16 

data providers. Variability in data quality across outlet types led, in turn, to 17 

geographically varying errors due to differences in food outlet composition across 18 

environment types (e.g. deprived areas having more fast food outlets). It is unclear 19 

whether such bias would exist for listings of physical activity opportunities, as used in 20 

Case Study 1, but in any event, this example highlights how sources of bias may be 21 

difficult to anticipate.  22 
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Lack of contextual information 1 

Lack of contextual information about the data was an additional challenge encountered 2 

across the case studies. This can lead to poorly performing predictive models and bias 3 

in causal models if confounders cannot be controlled for.  Case Study 2 met a number 4 

of challenges in this respect. Firstly, the data did not include an earliest date of obesity 5 

diagnosis. This induces a time-related bias, with those undergoing surgery potentially 6 

having lived for longer with obesity than those not undergoing surgery.  7 

Secondly, the HES data only classified procedures by type and not purpose, and it 8 

was not always clear whether procedure codes related to obesity surgery or to some 9 

other procedure (notably, some procedure codes could have encompassed both 10 

surgeries to treat obesity and surgeries to treat cancer). Procedural codes also 11 

changed over time. For example, prior to 2004 there were no codes for sleeve 12 

gastrectomy or gastric banding. It was unclear what coding was used to capture these 13 

surgeries prior to 2004 leading to further challenges in identifying obesity surgeries 14 

within the HES data.  15 

A further ‘missing information’ challenge encountered in Case Study 2 was the 16 

absence of data on important covariates; notably BMI and other variables that may 17 

lead to increased cancer risk, and which may vary between the OS and no-OS groups. 18 

As mentioned above, using negative control analyses, the researchers detected 19 

potential residual confounding with the data. This highlights that even if sources of 20 

bias are identified, it may not be possible to control for them.  21 

Challenges relating to missing contextual information were also evident, albeit to a 22 

lesser extent, in Case Studies 1 and 3. In Case Study 1, proprietary classifications 23 

were used to extract physical activity opportunities from Points of Interest data, but it 24 
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is unclear how these classifications were applied by the data provider, and how 1 

suitable they were for capturing physical activity opportunities relevant to obesity. For 2 

example, the classifications ‘swimming pools’ and ‘tennis facilities’ were likely to 3 

include both public and private (e.g. members-only) facilities. The data also did not 4 

include factors such as facility quality, cost or opening hours – all of which may 5 

influence facility utilisation. Similarly, while the property values data used in Case 6 

Study 3 appears to provide a good predictor of individual and neighbourhood 7 

socioeconomic context, it does not include information on other assets owned by 8 

people, and therefore may not perform well in areas where property represents only a 9 

small proportion of total assets.  10 

Future Directions and Conclusion 11 

The case studies presented in this paper highlight a variety of ways in which big data 12 

and associated analytics, have been used, alongside traditional data, in whole 13 

systems obesity research. They have provided detailed examples of how big data can 14 

present improvements over traditional data in relation to size, coverage, temporality, 15 

and objectivity of measures. Case study 3 also demonstrated that big data and big 16 

data analytics could be used to simulate data that is missing/unavailable from other 17 

datasets. For example, spatial microsimulation could be used to estimate 18 

neighbourhood obesity rates through combination of individual and area based 19 

characteristics40. However, these case studies also highlight that bigger data does not 20 

necessarily mean fewer challenges or limitations. Hidden/unforeseen biases and 21 

missing contextual information caused problems. Researchers should be mindful of 22 

these limitations, and look to mitigate them wherever possible, for example through 23 

using negative control analyses to test for biases, and linkage with additional datasets 24 

to provide additional contextual information.  25 



20 

 

The data used in the presented case studies, while meeting the definition of ‘big data’ 1 

as agreed by consensus of experts in a recent Delphi study 49, may be regarded by 2 

some as being relatively simple, and perhaps not showcasing big data to its full 3 

potential. However, we feel the case studies presented here reflect the present state 4 

of big data and obesity research, which undoubtedly still has room for advancement 5 

in harnessing the full breadth and variety of big data. Other studies that are advancing 6 

the field of big data and obesity research in terms of the complexity of data and/or 7 

associated analyses have, for example, used loyalty card data to explore associations 8 

between objectively measured food purchases and individual characteristics 50, or 9 

linked loyalty card food purchase data across the whole of London with medical 10 

prescription data to predict hypertension, high cholesterol, and diabetes at a fine 11 

spatial resolution 51. Spatial microsimulation using census data has also been used to 12 

build a synthetic population for the UK, which has been linked via demographic 13 

characteristics to a nationally representative dietary survey (The National Diet and 14 

Nutrition Survey, allowing modelling of small-area variations in Body Mass Index, 15 

Calorie Intake and Physical Activity Level 52. Nevertheless, there is still considerable 16 

scope for future innovation, such as through combining a greater number of diverse 17 

datasets to better capture the myriad of obesity drivers 53 and harnessing the temporal 18 

dimension of quickly-evolving datasets to track or predict changes over time. 19 

Overall, in spite of challenges, big data and associated analytics, present a relatively 20 

untapped resource that shows promise in helping to understand obesity. We feel it is 21 

best utilised as a complement to traditional data, for example through data linkage or 22 

by providing a platform to test new methods to establish best practices in future 23 

research. 24 

 25 
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