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ABSTRACT
Introduction  Cardiometabolic diseases, including 
cardiovascular disease, obesity and diabetes, are leading 
causes of death and disability worldwide. Modern advances 
in population-level disease surveillance are necessary 
and may inform novel opportunities for precision public 
health approaches to disease prevention. Electronic data 
sources, such as social media and consumer rewards 
points systems, have expanded dramatically in recent 
decades. These non-traditional datasets may enhance 
traditional clinical and public health datasets and inform 
cardiometabolic disease surveillance and population 
health interventions. However, the scope of non-traditional 
electronic datasets and their use for cardiometabolic 
disease surveillance and population health interventions has 
not been previously reviewed. The primary objective of this 
review is to describe the scope of non-traditional electronic 
datasets, and how they are being used for cardiometabolic 
disease surveillance and to inform interventions. The 
secondary objective is to describe the methods, such as 
machine learning and natural language processing, that 
have been applied to leverage these datasets.
Methods and analysis  We will conduct a scoping 
review following recommended methodology. Search 
terms will be based on the three central concepts of non-
traditional electronic datasets, cardiometabolic diseases 
and population health. We will search EMBASE, MEDLINE, 
CINAHL, Scopus, Web of Science and Cochrane Library 
peer-reviewed databases and will also conduct a grey 
literature search. Articles published from 2000 to present 
will be independently screened by two reviewers for 
inclusion at abstract and full-text stages, and conflicts 
will be resolved by a separate reviewer. We will report this 
data as per the Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses extension for Scoping Reviews.
Ethics and dissemination  No ethics approval is required 
for this protocol and scoping review, as data will be 
used only from published studies with appropriate ethics 
approval. Results will be disseminated in a peer-reviewed 
publication.

INTRODUCTION
Cardiometabolic diseases, defined here 
as cardiovascular disease (CVD), obesity, 

dyslipidaemia, metabolic syndrome and 
diabetes, are leading causes of morbidity 
and mortality.1 2 CVD is the most prevalent 
non-communicable disease and is also the 
leading cause of death worldwide, resulting 
in 17.9 million deaths each year.1 3 Similarly, 
obesity and diabetes continue to contribute to 
significant global disability and death.1 4 5 Due 
to the burden of cardiometabolic diseases, 
large-scale population measures aiming to 
reduce this burden have been employed in 
many countries.6 7 However, these cardiomet-
abolic diseases are complex with numerous 
socioecological risk factors, including 
behavioural factors, such as diet and exercise, 
and social determinants of health.8 9 There-
fore, some populations and subgroups are 
disproportionately affected by cardiometa-
bolic outcomes and may benefit from more 
targeted population health interventions.10–12 
Population surveillance can be used to better 
understand how people are differentially 

Strengths and limitations of this study

►► This scoping review addresses a gap in understand-
ing regarding the use of non-traditional electronic 
data sources for population-level surveillance and 
prevention of cardiometabolic diseases.

►► Recommended scoping review guidelines and a rig-
orous search, including several databases and both 
peer-reviewed and grey literature, will be used for 
this study.

►► This review will be restricted to studies published in 
English only, and results may not be generalisable 
globally.

►► Given the broad research question which spans 
multiple areas of research, there is the potential that 
this review may not fully capture all instances of 
non-traditional electronic datasets and populational-
level surveillance and intervention.
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affected by cardiometabolic diseases and to inform 
prevention strategies accordingly.

Surveillance is a critical component of public health 
that requires population-level data and informs public 
health interventions.13 14 Traditionally, data from national 
surveys, research studies or administrative data are used 
for this surveillance and evaluation; however, these data 
have limitations. The response rates of national surveys, 
such as the National Health and Nutrition Survey, have 
been declining in recent years, thereby increasing the risk 
of non-response bias.15 16 Research studies can be limited 
by small sample sizes and lack of generalisability, while 
administrative and electronic health record datasets can 
be larger, but often still do not capture the entire popula-
tion.17 Furthermore, the primary purpose of these data is 
not always to inform disease surveillance, so key risk factors 
may be missed.17 With our society becoming increasingly 
electronic, complex data from other sources are routinely 
captured and artificial intelligence methods capable of 
accommodating these data are advancing.18 19 Thus, non-
traditional data sources need to be better understood.

Non-traditional electronic sources of data include 
websites, web browsers, apps and other electronic appli-
cations and programmes. Unlike traditional data derived 
from electronic health records, national surveys and 
research studies, non-traditional electronic sources of 
data have primary purposes unrelated to encounters with 
the healthcare system or research but can provide public 
health-relevant data as a secondary function.

Emerging use of these non-traditional electronic 
sources of data, such as consumer data generated by 
airlines and news media, has been shown to support public 
health predictions for infectious disease.20 21 Additionally, 
a previous scoping review that investigated the use of 
consumer-generated data for public health surveillance 
found that platforms like Twitter and restaurant review 
websites can be used to monitor the spread of foodborne 
diseases.22 They found that the advantages of these data-
sets included being available more quickly and containing 
more information when compared with traditional data.22 
Social media platforms, such as Twitter, continue to be 
investigated for their applicability in disease surveillance, 
including cardiometabolic disease surveillance.23 Some 
of these non-traditional electronic datasets that have 
been used for public health prediction and surveillance 
come from electronic platforms that can also be used 
to implement population-level prevention strategies. A 
randomised controlled trial demonstrated that passively 
collected data from social media could be used to person-
alise health promotion messages for improved efficacy.24 
It has also been demonstrated that during pandemics, 
when the public acquires abundant disease-related infor-
mation via social media, consuming social media can 
influence disease prevention behaviours.25 Overall, these 
types of non-traditional data are applicable to disease 
surveillance and prevention.

While previous studies have evaluated cardiometabolic 
surveillance using traditional datasets, such as national 

survey, research and administrative data,26 27 there is 
no published synthesis of the scope of non-traditional 
electronic datasets and how they have been used for 
cardiometabolic disease surveillance and prevention. 
Therefore, the primary objective of this study is to review 
and map the literature on non-traditional electronic data-
sets and how they have been applied for surveillance and 
prevention of cardiometabolic conditions. Our secondary 
objective is to describe the methods that have been used 
to make use of these non-traditional datasets.

METHODS AND ANALYSIS
Scoping review
The method for this study will be a scoping review. A 
scoping review is a type of systematic literature review that 
investigates an area of research that has yet to be exten-
sively reviewed; it provides a comprehensive overview of 
the breadth of literature available and identifies where 
further research may be required.28 The methodology will 
follow the recommended scoping review framework.28 29 
This framework describes six steps which can be applied 
to determine the range of research that is currently avail-
able, identify any research gaps and summarise research 
findings for use by decision-makers. The protocol for this 
study was also guided by the Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses extension for 
Scoping Reviews where applicable.30

Identifying the research question
As per the methodological framework for scoping reviews, 
an iterative process was followed to develop our research 
questions. This included seeking out relevant literature, 
identifying gaps noted in previous scoping reviews, and 
discussion with a team including population health 
researchers and a public health physician.
1.	 What are the non-traditional electronic sources of data 

(i.e., not traditional health records or research data) 
that have been used for studies on cardiometabolic 
diseases?

2.	 How have non-traditional electronic data sources been 
used for cardiometabolic disease surveillance or to in-
form interventions?

3.	 What are the methods that have been applied to lever-
age these non-traditional electronic datasets?

Identifying relevant studies
To comprehensively identify studies relevant in answering 
the above-mentioned research questions, a broad search 
was applied across several databases for peer-reviewed 
literature and grey literature.

The databases EMBASE, MEDLINE, CINAHL, Scopus, 
Web of Science and Cochrane Library were searched for 
peer-reviewed literature on 27 January 2021. The search 
strategy was developed focusing on three key topics: novel 
data sources, cardiometabolic diseases and public health 
(table 1). Related systematic and scoping reviews helped 
inform the choice of terms for the search strategy.31 32 The 
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health research librarians at McMaster University also 
assisted in optimising the search query to each database. 
We also conducted a grey literature search in the general 
Google and Google Scholar databases and reviewed the 
first 50 hits from each database for inclusion. Our search 
was limited to articles published since 2000, as our goal 
is to explore novel, non-traditional datasets and well-
documented sources of these types of data, including 

Table 1  Sample database search strategy for Medline

1 exp social media/

2 exp wearable electronic devices/

3 exp fitness trackers/

4 exp remote sensing technology

5 exp satellite imagery

6 exp big data/

7 data mining/

8 exp internet/

9 exp search engine/

10 exp smartphone/

11 social media.ti,ab,kw.

12 wearable*.ti,ab,kw.

13 Fitbit.ti,ab,kw.

14 phone record*.ti,ab,kw.

15 consumer purchas*.ti,ab,kw.

16 geospatial*.ti,ab,kw.

17 meteorologic*.ti,ab,kw.

18 air qualit*.ti,ab,kw.

19 healthmap.ti,ab,kw.

20 bluedot.ti,ab,kw.

21 web-based.ti,ab,kw.

22 consumer health information.ti,ab,kw.

23 google*.ti,ab,kw.

24 search engine*.ti,ab,kw.

25 consumer rewards program*.ti,ab,kw

26 air miles.ti,ab,kw.

27 pc optimum.ti,ab,kw.

28 data mining.ti,ab,kw.

29 smartphone*.ti,ab,kw.

30 myfitnesspal.ti,ab,kw.

31 app.ti,ab,kw.

32 flight data.ti,ab,kw.

33 apple watch.ti,ab,kw.

34 big data.ti,ab,kw.

35 exp cardiovascular diseases/

36 exp hypertension/

37 exp obesity/

38 exp body mass index/

39 exp stroke/

40 exp myocardial infarction/

41 exp angina pectoris/

42 exp diabetes mellitus/

43 cardiovascular.mp.

44 hypertension.mp.

45 obesity.mp.

46 body mass index.mp.

Continued

1 exp social media/

47 stroke.mp.

48 myocardial infarction.mp.

49 angina.mp.

50 diabetes.mp.

51 exp social marketing/

52 exp public health surveillance/

53 exp behavioral risk factor surveillance system/

54 exp internet-based intervention/

55 disease prevent*.ti,ab,kw.

56 public health.ti,ab,kw.

57 population health.ti,ab,kw.

58 community medicine.ti,ab,kw.

59 health promot*.ti,ab,kw.

60 health protect*.ti,ab,kw.

61 disease surveillance.ti,ab,kw.

62 infoveillance.ti,ab,kw.

63 infodemiology.ti,ab,kw.

64 computational epidemiology.ti,ab,kw.

65 community health plan*.ti,ab,kw.

66 behavio* change system*.ti,ab,kw.

67 behavio* change support system*.ti,ab,kw.

68 digital health behavio*.ti,ab,kw.

69 preventive intervention*.ti,ab,kw.

70 preventative intervention*.ti,ab,kw.

71 health promotion/

72 preventive medicine/

73 preventive health services/

74 community medicine/

75 public health/

76 1 or 2 or 3 or 4 or 5 or 6 or 7 or 8 or 9 or 10 or 11 or 
12 or 13 or 14 or 15 or 16 or 17 or 18 or 19 or 20 or 
21 or 22 or 23 or 24 or 25 or 26 or 27 or 28 or 29 or 
30 or 31 or 32 or 33 or 34

77 35 or 36 or 37 or 38 or 39 or 40 or 41 or 42 or 43 or 
44 or 45 or 46 or 47 or 48 or 49 or 50

78 51 or 52 or 53 or 54 or 55 or 56 or 57 or 58 or 59 or 
60 or 61 or 62 or 63 or 64 or 65 or 66 or 67 or 68 or 
69 or 70 or 71 or 72 or 73 or 74 or 75

79 76 and 77 and 78 (2079)

Table 1  Continued
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twitter and google trends,23 33 were launched in the early 
2000s. This systematic search yielded 15 492 articles prior 
to removing duplicates.

Inclusion criteria
►► Uses a non-traditional electronic data source.

–– We will seek out datasets with new features that 
have not been historically used to inform public 
health surveillance or intervention strategies, but 
that can provide relevant public health-related in-
formation. Examples of the type of data that will be 
included are data from websites (eg, search engine 
data), social media, wearables, consumer rewards 
systems, etc. Other novel datasets of this nature will 
be included.

►► Pertains to a cardiometabolic disease.
–– Cardiometabolic diseases include hypertension, 

stroke, ischaemic heart disease, diabetes mellitus, 
dyslipidaemia, metabolic syndrome and obesity 
or any other continuous body mass index (BMI) 
outcomes.

►► Includes population or public health surveillance, 
prediction or informs intervention.
–– Surveillance will include use of data to assess or 

predict cardiometabolic diseases in groups of peo-
ple or populations.

–– Interventions will include any programmes, poli-
cies or changes implemented by any entities which 
affect cardiometabolic diseases in groups of people 
or populations.

►► Published in English.
►► Published after 2000.

Exclusion criteria
►► Studies that include only traditional health data, 

including data generated from research studies (eg, 
surveys, physical measures), health records or admin-
istrative data.
–– Studies using traditional health data to inform 

interventions being delivered on electronic plat-
forms, such as wearables, websites and social media 
will still be excluded.

►► Irrelevant to population or public health surveil-
lance, prediction or intervention for cardiometabolic 
diseases.
–– Studies solely reporting on individuals’ opinions of 

cardiometabolic diseases without any application 
for cardiometabolic disease surveillance, predic-
tion or intervention will be excluded.

–– Personalised medicine with the potential for up-
scaling to use at a population level will be included.

Study selection
The results of the searches were imported into Covidence 
systematic review software to remove any duplicates and 
host the two-stage selection process. Two independent 
reviewers will first screen the articles’ titles and abstracts 
to determine if they should be included or excluded 

based on the criteria provided and conflicts will be 
resolved by a third reviewer. Any uncertainty about the 
relevance of an article will not lead to its exclusion at this 
stage, and instead, the article will be categorised as incon-
clusive. The second stage of review will include a full-text 
review of all papers identified as having potential for 
inclusion or those marked as inconclusive. Two indepen-
dent reviewers will complete this process. A third reviewer 
will use the inclusion and exclusion criteria to arbitrate 
a discussion and resolve any disagreements at this final 
stage. Any review articles or commentaries identified at 
this stage will be removed and their reference lists will 
be searched for other articles that should be included. 
Currently, we are in the screening stage of the review.

Charting the data
The data charting forms will be created in Covidence. As 
explained by Levac et al, the process of data charting is 
iterative, and updates will be made as new, relevant data 
surfaces.29 Some information we will extract includes 
article title, first author, year, study design, study loca-
tion, type of dataset used, dataset availability, cardiometa-
bolic disease, methods applied to dataset, use of machine 
learning, outcomes, study limitations and method of 
validation.

Collating, Summarising and reporting the results
The results will be appropriately mapped to provide an 
overview of the breadth of literature currently available. 
A narrative summary of data extracted from all included 
articles will depict how this information relates to our 
research questions. Any gaps we identify based on this 
summary will also be noted. We will aim to involve stake-
holders and the public so that the diverse data sources we 
will analyse in this review can help better inform multi-
level prevention strategies.

ETHICS AND DISSEMINATION
The role of big data in cardiometabolic diseases is 
growing. Prior studies have described the use of tradi-
tional datasets, such as electronic health records, in 
population health.34–36 However, to our knowledge, this 
will be the first study exploring the use of non-traditional 
electronic datasets to survey cardiometabolic diseases and 
inform interventions for these diseases. We hope that this 
information will aid in precision public health efforts to 
reduce the cardiometabolic disease burden. Findings of 
this review will be relevant to researchers, policy-makers 
and public health officials. The gaps we identify in the 
literature may also help guide future research.

No ethics approval is required as the proposed scoping 
review will only include data from previously published 
articles with appropriate ethical approval. We plan to 
publish the scoping review in a peer-reviewed journal.

Twitter Reid Rebinsky @RRebinsky
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