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Abstract

Background: Modifiable risk factors for non-communicable diseases, including eating an unhealthy diet and being physically
inactive, are influenced by complex and dynamic interactions between people and their social and physical environment.
Therefore, understanding patterns and determinants of these risk factors as they occur in real life is essential to enable
the design of precision public health interventions.

Objective: This paper describes the protocol for the Continuous Observations of Behavioural Risk Factors in Asia study (COBRA). The
study uses real-time data capture methods to gain a comprehensive understanding of eating and movement behaviours, including
how these differ by socio-demographic characteristics and are shaped by people’s interactionwith their social and physical environment.

Methods: COBRA is an observational study in free-living conditions. We will recruit 1500 adults aged 21–69 years from a large
prospective cohort study. Real-time data capture methods will be used for nine consecutive days: an ecological momentary assess-
ment app with a global positioning system enabled to collect location data, accelerometers to measure movement, and wearable
sensors to monitor blood glucose levels. Participants receive six EMA surveys per day between 8 a.m. and 9.30 p.m. to capture
information on behavioural risk factors including eating behaviours and diet composition movement behaviours (physical activity,
sedentary behaviour, sleep), and related contextual factors. The second wave of ecological momentary assessment surveys with a
global positioning system enabled will be sent 6 months later. Data will be analysed using generalised linear models to examine
associations between behavioural risk factors and contextual determinants.

Discussion: Findings from this study will advance our understanding of dietary and movement behaviours as they occur in
real-life and inform the development of personalised interventions to prevent chronic diseases.
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Introduction
Non-communicable diseases (NCDs), including cardiovas-
cular disease (CVD) and type 2 diabetes (T2D), are major
contributors to ill health and premature death globally.1

Lifestyle behaviours including being physically inactive,
being highly sedentary, getting inadequate sleep (‘move-
ment behaviours’2,3) or eating an unhealthy diet are risk
factors for developing NCDs. As these risk factors are
modifiable, interventions promoting healthy behaviours
are fundamental to public health efforts to prevent the
onset of NCDs.4–8

Socio-ecological models9,10 help us to understand that
health behaviours are influenced by complex and dynamic
interactions between people and their social and physical
environment. Taking this perspective, we need a rigorous
understanding of individual, social and environmental deter-
minants of health behaviours to develop effective interven-
tions for the prevention of NCDs. Such understanding
could then be used to inform the development of ‘precision
public health’ interventions that are tailored to the unique
risk profile of each individual and to the contextual factors
that trigger health behaviours for each individual.11,12

To date, a large body of evidence from cross-sectional
studies has identified multiple factors associated with
health behaviours and NCDs.13–20 Complexity is evident
from the sheer number of factors, their interconnected
nature, and the tendency to cross different layers of the
socio-ecological model.21 For example, sex has implica-
tions for health as both an individual biological factor
(e.g. due to different levels of hormones) and socio-
culturally when conceptualised as gender (e.g. expectations
around seeking help).22–24 In terms of our physical environ-
ment, living near facilities supporting (BMI) physical activ-
ity or to fast food restaurants can have positive or negative
implications for our body mass index, respectively.25,26 Yet
where we live is driven by individual factors such as our
income, which also influences the food and physical activ-
ity choices that people can make. Income is also a social
determinant as an indicator of socio-economic status,
which has well-established health implications.19,27,28

Similarly, health behaviours themselves are interrelated.
Engaging in screen time (often a form of sedentary behav-
iour) is associated with mindless or distracted eating and
consumption of excess calories.29 Similarly, the light
emitted from screens can disrupt natural circadian
rhythms and delay the onset of sleep30,31 and, in turn,
short sleep duration is associated with being less physically
active and more sedentary.32 Although existing studies
have yielded important insights into determinants of and
relationships between health behaviours, there are limita-
tions. Notably, our current understanding has been con-
strained by conventional data collection methods that
often rely on retrospective self-reports of usual behaviours

over the past weeks or months.33 Such an approach does
not capture within-person variation in behaviours and
dynamic interactions between health behaviours and
related contextual determinants in real-life contexts. This
is a substantial limitation, given that exposures to triggers
of health behaviours may occur multiple times over the
course of a day or week.

Understanding temporal patterns of health behaviours and
determinants in real-life contexts requires comprehensive
and intensive measurements using real-time data capture
strategies. These strategies include ecological momentary
assessments (EMAs), and wearable and smartphone-based
sensors. EMA34,35 can be delivered via smartphone applica-
tions (‘apps’) that prompt users, at specified or random times
throughout the day, to respond to brief sets of questions to
ask, for example: what someone is doing, how they are
feeling, where they are, or who they are with. EMA
surveys are intentionally brief and typically repeated multiple
times, capturing the temporality of behaviours and their
determinants. Location data can be collected through
smartphone-based global positioning system (GPS) technol-
ogy, allowing for continuous real-time assessment of where
people go and how much time they spend there.36

Real-time variations in glucose concentrations can be cap-
tured using small, wearable sensors, reflecting how lifestyle
behaviours influence fluctuations in glucose levels.37,38

Patterns of bodily movement (i.e. physical activity, sedentary
behaviour, sleep) can be captured using small wrist-worn
accelerometers that are becoming increasingly accurate.36

Importantly, these data can facilitate combined spatial and
temporal analyses of health behaviours and determinants in
real-life contexts, as people go about their daily lives.

Studies using real-time data capture strategies have
yielded important insights but have tended to focus nar-
rowly on selected determinants of single health behaviours.
For instance, EMA studies have shown greater fluctuations
in perceived energy levels to be negatively associated with
physical activity on the same day,39 and that experiencing
negative affect and loneliness are associated with greater
intake of unhealthy snacks.40,41 Links between health beha-
viours have also been identified using EMA. Shorter sleep
duration can result in binge eating the next day42 and exer-
cising has been linked to consumption of sugar sweetened
beverages later on the same day.41 Wearable glucose
sensors have been used to identify fluctuations in glucose
levels that are potential indicators of hunger and eating
behaviours.37,38 Data from wearable activity trackers has
suggested that exercise43 is socially contagious on a
global scale and that nightly sleep quality can be predicted
by the performance of physical activity.44 Examining the
contextual environment in which physical activity occurs
is now possible by combining data from accelerometers
with location data collected via GPS technology45 and, in
other instances, with repeated self-reported EMA data.46
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This body of evidence furthers our understanding, yet gaps
remain in our understanding of the interplay between socio-
ecological factors and health behaviours. A more compre-
hensive assessment of different socio-ecological factors
and lifestyle behaviours together in a single study can
provide insights into the relative importance of different
determinants and can help to prioritise targets for
interventions.

Integration of real-time monitoring from EMA, GPS, wear-
able glucose sensors and accelerometers in a single large-scale
study will enhance our understanding of patterns of healthy
and unhealthy behaviours and their determinants. This under-
standing can be used to enable the identification of the type
and timing of intervention strategies that need to be prioritised
for personalised lifestyle interventions that can be delivered on
a population-wide scale. Traditionally, population-wide life-
style interventions have taken a ‘one-size-fits-all’ approach
where every individual receives the same intervention, regard-
less of their specific behavioural and contextual profile.47,48

Using a precision public health approach, interventions
could be personalised to the unique risk profile of each
person, which would mean the proper intervention is delivered
to the right person at the right time.49–51 Thereby ensuring per-
sonal relevance and potentially enhancing the effectiveness of
the intervention.52–54 Further, when delivered via digital plat-
forms (e.g. smartphones) personalised interventions could be
programmed to perpetually adapt to the changing needs of
each person and delivered to a large number of people
simultaneously.11,12,51,55

Aims

This protocol describes the design and methods for a pro-
spective cohort study using real-time data collection
methods to (1) examine patterns of dietary and movement
behaviours in real-time as people go about their daily
lives, (2) examine how individuals’ interactions with the
social and physical environment influence dietary and
movement behaviours, and (3) examine how these patterns
differ by socio-demographic characteristics.

Our findings are intended to inform the development of per-
sonalised behavioural interventions that will seek to improve
health and reduce disparities on population-wide scales.

Methods
Our study is named ‘Continuous Observations of
Behavioural Risk Factors in Asia’ (COBRA) and is an
observational study in free-living participants. Grounded
in a socio-ecological framework,9,10 the COBRA study
will use real-time data capture strategies to monitor health
behaviours, interactions between different health beha-
viours, and how health behaviours vary according to per-
sonal characteristics and the social and environmental
context in which they occur.

This protocol follows guidelines set out in the
Strengthening the Reporting of Observational Studies in
Epidemiology (STROBE)56,57 checklist and the Checklist
for Reporting EMA Studies (CREMAS)58 adaptation.
Ethical approval was obtained from the Institutional
Review Board of the National University of Singapore
(protocol number: NUS-IRB-2020-50) and the study is
registered with ClinicalTrials.gov (identification number:
NCT05136872). All participants will provide written
informed consent before enrolling in the study.

COBRA is nested within a large prospective cohort study of
100,000 Singaporean adults (SG100K), which is currently
being established. Because SG100K is part of Singapore’s
National Precision Medicine (NPM)59 strategy, SG100K will
provide a comprehensive resource for examining genetic,
behavioural, clinical and environmental factors underlying
CVD and T2D in Asian populations. SG100K will be estab-
lished by integrating data from approximately 70,000 partici-
pants enrolled in existing cohort studies across three
institutions (SingHealth, Nanyang Technological University,
and National University of Singapore), and recruiting at least
30,000 additional participants.

Participants for the current study will be recruited from
the National University of Singapore site of SG100K.
These SG100K participants undergo interviews and phys-
ical examinations every three to five years. The interviews
include detailed assessments of socio-demographics and
information about usual lifestyle and medical history. The
physical examination consists of the measurement of
anthropometrics (e.g. height, weight, waist and hip circum-
ference), bone density, body fatness and skeletal muscle
composition and distribution through dual-energy X-ray
absorptiometry (DXA), carotid intima-media thickness
through ultrasound, lung function, grip strength, visual
acuity and retinal imaging, cardio-metabolic risk factors
(i.e. electrocardiograms blood pressure, HbA1c, fasting
glucose, blood lipids), and collection of blood and urine
samples for future measurements. Additionally, long-term
follow-up of chronic disease incidence and mortality is con-
ducted via linkage with national health registries. During
the health screening visit, SG100K participants who meet
the additional inclusion criteria, detailed below, are
invited to join the COBRA study.

Participants and recruitment

SG100K eligibility criteria. To be eligible for the broader
SG100K cohort study, participants must be (1) a citizen or per-
manent resident of Singapore, (2) aged 21 years or above and,
(3) not have a mental health condition that impairs their ability
to provide informed consent independently.

COBRA eligibility criteria. In addition to being enrolled in
SG100K, COBRA participants must be (1) 69 years of
age or younger, (2) report as being of Chinese, Malay, or
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Indian ethnicity, (3) able to read English, (4) own or have
continued access to a smartphone (Apple iOS or Samsung
Android) with a data plan, (5) be able to use smartphone
apps and finally (6) be able to walk independently.
Furthermore, participants are excluded if they have (1) a
known sensitivity to medical-grade adhesives, (2) a bleed-
ing disorder, (3) a history of stroke, heart disease, renal
failure, thyroid disease, or cancer or (4) have had a vascular
bypass surgery or a angioplasty procedure performed.

Following their SG100K health screening, participants
who meet the COBRA eligibility criteria and provide
informed consent are immediately enrolled in the COBRA
study for the following nine days. Participants will be
re-contacted six to seven months after their initial enrolment
to invite them to participate in a follow-up consisting of nine
days of EMA surveys & location monitoring via GPS.

Recruitment commenced in May 2021 and is expected to
conclude in 2023.

Sample size estimation

We will recruit 1500 participants and expect approximately
20% of them will drop out or experience a device failure for
the accelerometer or glucose sensor by the end of the study,
leaving 1200 participants with valid data. At a 5% level of
significance, our study design and sample size (N = 1200)
are adequately powered (≥ 80%) to detect the effect of a
time-varying, continuous (or binary) factor on a repeated,
continuous measurement during the nine days of EMA
surveys that explains at least 0.5% of the coefficient of
determination (R2). For example, if the R2 of the full
model is 30%, the R2 of the reduced model without EMA
is 29.5%. This calculation is based on the multiple linear
regression model with (i) the difference in the time-varying
factor from two time points as one of the independent vari-
ables and the corresponding difference in repeated measure-
ment as the dependent variable, and (ii) the R2 of the full
model is at least 25% with adjustment for 10 confounders.
Similarly, we are adequately powered at a 5% level of sig-
nificance to detect time as an effect modifier on a relation-
ship between a static, continuous (or binary) factor at
baseline (or initiation) and a repeated, continuous measure-
ment that explains at least 0.5% of R2. This calculation is
also based on the multiple linear regression model with
(i) the difference in measurement from two time points as
the dependent variable, and the interaction between the
static factor and difference in time included as one of the
independent variables, and (ii) the R2 of the full model
and number of confounders as mentioned previously.

Recruitment will be stratified by sex, age and ethnicity to
ensure an equal proportion of men and women and of par-
ticipants in five-year bands between the ages of 21 and 69
years. We will over-sample ethnic Malay and Indian parti-
cipants (50% Chinese, 25% Malay, 25% Indian) as com-
pared to the distribution in the Singapore population

(74.3% Chinese, 13.5% Malays, 9.0% Indians, 3.2%
other60) to ensure sufficient number of participants in
each ethnic subgroup for data analyses.61

Study procedures

Participation in COBRA requires two visits to the health
screening site approximately 11 days apart that are com-
bined with visits for the SG100K physical examination.
During the first visit, COBRA study procedures will take
up to 1 h. Participants provide informed consent and com-
plete a web-based, self-administered baseline question-
naire. In addition, participants are guided through
downloading the EMA app (Ethica Data, ethicadata.com/,
Canada), onto their phone and granting the app permission
to passively collect location (GPS) data and are provided
with brief instructions on how to use the app. Finally,
they are fitted with the accelerometer(s)(Axivity AX3 accel-
erometer, Newcastle upon Tyne, United Kingdom (UK))
and Freestyle Libre Pro iQ glucose sensor, Abbott
Diabetes Care, Witney, Oxon, UK), given an opportunity
to ask any questions, and scheduled for their second visit.
Participants are instructed to go about their usual daily
activities for the following nine days.

The second visit occurs on day 11 (or after day 11 but no
later than day 18) and takes up to 30 min, during which par-
ticipants return the study devices (accelerometer(s), glucose
sensor, (described in 2.4 Data Collection)) and data are
inspected for completeness.

Six to seven months after the second visit, participants
will be contacted and invited to participate in the second
wave of EMA surveys with GPS monitoring for nine days.

Figure 1 gives an overview of the timing of the COBRA
study procedures.

Data collection

Self-administered baseline questionnaire. The COBRA base-
line questionnaire is self-administered during study visit
one. It includes assessments of personality,62 habit strength
concerning physical activity,63 usual physical activity par-
ticipation,64 perceptions of the neighbourhood physical
activity65 and food environments,66 habitual eating beha-
viours67 and usual diet68 and typical use of screen
devices.69 Questions on physical activity cognitions (e.g.
self-efficacy, perceived importance),70–72 social and phys-
ical environments of both physical activity and eating,
usual involvement in the planning and preparation of
meals at home, and participation in population-wide
health behaviour programmes are also included. Details of
the specific surveys and items used in the baseline question-
naire are presented in Supplemental Tables 1 and 2.
REDCap electronic data tools hosted at the National
University of Singapore are used to capture and manage
study questionnaire data.
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Real-time monitoring of health behaviours and contextual
determinants. Health behaviours and contextual determi-
nants are monitored in real-time over nine consecutive
days using an EMA app with GPS enabled, wearable
flash glucose monitoring sensors, and accelerometers. For
participants who agree, there is a nine-day follow-up six
months later consisting of EMA and GPS monitoring only.

Ecological momentary assessment (EMA). Formative work
was undertaken to develop and refine a set of EMA ques-
tions to capture the required breadth and depth of health
behaviours and socio-ecological factors. The final question
set was developed iteratively by reviewing relevant litera-
ture, drawing on our experience using EMA in the local
population,73,74 and through group discussions, until the
research team was satisfied that the questions comprehen-
sively covered the constructs of interest. Systematic
reviews of EMA studies35,58,75,76 guided the design of the
schedule.

Two rounds of pilot testing were conducted by the study
team members to refine the EMA question set and EMA
schedule. Questions were removed, where possible, to
balance the burden on participants against capturing the
full breadth and depth of health behaviours and related
socio-ecological factors. For example, questions about
sleep and wake times that would already be captured by
the accelerometer77 were removed. Refinements to the
schedule, question content, and branching logic were also
made. A further round of pilot testing was conducted by
the study operations team, to check the relevance of the
questions for the target population and the local context.

The study operations team is responsible for all data collec-
tion for a series of large-scale ongoing cohort studies,78

including those from which participants to the current
study will be recruited. Feedback on this round included
minor amendments to question response options.

Overview of the EMA questions and schedule. EMA
surveys are sent via an app (Ethica Data, ethicadata.com/,
Canada) downloaded on the participants’ smartphones.
Participants will be sent six EMA surveys per day for
nine days on a time-stratified sampling schedule79 commen-
cing the day after their enrollment in the study. To ensure
sampling coverage across the day, surveys are sent at
random times within the following fixed time windows: 8
a.m. to 9:30 a.m., 10:30 a.m. to noon, 1 p.m. to 2:30
p.m., 3:30 p.m. to 5 p.m., 6 p.m. to 7:30 p.m., and 8:30
p.m. to 9:30 p.m. The time windows have a buffer in
between to allow multiple reminders to be sent. Four remin-
ders are sent for the first five surveys of the day (via app
push notification) 10 min apart. For the final survey of the
day, two reminders are sent spaced 10 min apart.

These EMA surveys include 33 unique questions related
to sleep, general activities, diet, physical activity, screen
time, stress, hunger, fatigue, affect, self-efficacy and behav-
ioural intentions, physical environment, and social interac-
tions. Each survey takes between 1 and 5 min to complete
and presents participants with a minimum of five and a
maximum of 40 questions. The first survey of the day com-
mences with the question ‘Did you eat or drink anything
after the last prompt and before going to sleep yesterday?’
and then related follow-up questions (via branching logic).
Participants are then asked, ‘What have you been doing
since the last prompt?’ and then related follow-up

Figure 1. Timing of the Continuous Observations of Behavioural Risk Factors in Asia (COBRA) study procedures.
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questions. The remaining five surveys each day start by
asking, ‘What have you been doing since the last
prompt?’ and the actual number of questions presented is
determined by what the participant indicates they have
been doing and the relevant branching logic. For
example, respondents who indicate they have been doing
physical activity or exercise are then asked a series of ques-
tions to determine the type, location, and social and phys-
ical environment of the activity. Each of the six EMA
surveys ends by presenting respondents with questions
assessing their perceived stress, hunger, fatigue, and posi-
tive affect (see Supplemental Figures 1 and 2 showing the
branching logic and app screenshots). Supplemental
Table 3 contains details of all the EMA questions, including
each construct being assessed, the question wording and
response options, timing and frequency, source and
details of modifications made (if any), and related data
that will be captured by other sources within the COBRA
study.

The validity of the EMA questions will be assessed
using data from the accelerometers, GPS, blood glucose
levels, and the baseline questionnaires. For example, the
type of physical activity performed (reported via EMA)
will validate against accelerometer data. Information on
types of food consumed throughout the day will be vali-
dated against the usual diet as assessed by the Food
Frequency Questionnaire (FFQ).68

Location. The EMA app (Ethica Data, ethicadata.com/,
Canada) automatically captures location data, comprising
latitude and longitude coordinates, every five minutes for
one minute using GPS satellite technology. For participants
with Android devices, location data is additionally captured
via cell towers and Wi-Fi access points.

These data will be used to identify where people spend
time (e.g. home, work), and will be linked to geographical
information system (GIS) layers to assess characteristics of
the built environment that may influence health behaviours
(e.g. green space,80 exercise facilities,81 fast food outlets,82

neighbourhood walkability83,84).

Glucose monitoring. Participants will be fitted with a flash
glucose monitoring sensor (‘glucose sensor’; Freestyle Libre
Pro iQ; Abbott Diabetes Care) on the upper part of their non-
dominant arm to wear continuously for the following nine
days. The glucose sensor has a thin filament inserted just
below the skin to measure glucose in the interstitial fluid
every 15 min to estimate plasma glucose concentrations.
Glucose monitoring will capture variations in glucose con-
centrations as a biomarker of food ingestion and a potential
determinant of hunger and eating behaviour.37 These
sensors have excellent validity for estimating glucose
levels in people with diabetes (r = 0.98, compared to
venous blood samples85) and for estimating plasma
glucose concentrations in a non-diabetic population (mean

absolute difference 10.5%, compared to plasma glucose
samples86). For the current study, derived variables will
include mean glucose, coefficient of variation (CV%) and
time-in-range for desirable glucose levels.87

Accelerometers. Participants will be fitted with an accel-
erometer (AX3; Axivity Ltd). These are small tamper-proof
electronic devices that will be placed on the wrist of the
non-dominant hand using a watch-like strap. Participants
will be asked if they are willing to wear a second thigh-
worn accelerometer (AX3; Axivity Ltd). For those who
agree, the accelerometer will be taped to the thigh, on the
same side of the body as the non-dominant arm, using
medical-grade adhesive. Participants will be instructed to
wear the accelerometers continuously for the following
nine days. Device-measured acceleration data will be col-
lected at a sampling frequency of 100 Hz to augment the
physical activity information collected via EMA. They
will be used to derive information on light, moderate, and
vigorous physical activity, inactivity and sedentary behav-
iour, and sleep, continuously throughout the entire day.
Wrist-worn Axivity devices have been shown to accurately
measure movement in laboratory settings (balanced accur-
acy of 90–96% when compared to direct observation88)
and there is evidence of their accuracy when affixed to
the wrist or the thigh in free-living conditions (r = 0.64–
0.68 compared to doubly labelled water for estimating
physical activity energy expenditure89). In addition to pat-
terns of movement behaviours, the thigh-worn accelerom-
eter will provide information on time spent in different
postures (i.e. lying, sitting, standing).

Data analysis

For Aim 1, to examine the patterns of dietary and move-
ment behaviours from the EMA surveys over the nine
days, we will perform exploratory analysis by applying
clustering approaches90 to the variables on dietary and
movement behaviour, respectively, to identify distinct sub-
groups within each day. From the subgroups identified, we
will rank them according to their frequency and characterise
them with the variables used to perform the clustering. We
will explore whether specific subgroups of dietary behav-
iour are associated with subgroups from movement beha-
viours. We will also perform a follow-up analysis to
identify potential individual, social and environmental
determinants for the subgroups identified for dietary and
movement behaviours. This agnostic data analysis strategy
will facilitate the generation of hypotheses on potential
factors that co-occur in time and space with dietary and/or
movement behaviours. Hence, providing a shortlist of
potential social and physical environment determinants on
dietary and movement behaviours for Aim 2. To control
for multiple testing in this exploratory analysis, we will
use the false discovery rate (FDR)91 which is widely used
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in the genomics literature. In Aim 2, to examine the inter-
play of participants’ characteristics with the social and
physical environment in influencing dietary and movement
behaviours, we will utilise the temporal patterns of health
behaviours and determinants. We will use generalised
linear models with generalised estimating equations
(GEEs) or generalised linear mixed models to examine
the association of time-varying daily determinants with
behavioural risk factors, accounting for correlations
between repeated daily behaviour measurements and for
potential confounders.92 As Aim 3 is examining how these
patterns differ by socio-demographic characteristics,
besides including them as predictors in the longitudinal
regression models, the interactions between socio-
demographic factors with social or physical environment
factors will also be investigated. Analyses will be undertaken
using statistical software programs including Stata and R.

Discussion
Continuous Observations of Behavioural Risk Factors in
Asia (COBRA) is the first study to rigorously capture the
dynamic variation and interplay of multiple socio-
ecological determinants that shape health behaviours
under real-life conditions. The six-month follow-up will
enable further assessment of changes in health behaviours
over time. With these data integrated, we will be able to
examine health behaviours and determinants at a level of
granularity that has not previously been possible in large
population-based studies. We will generate detailed insights
into patterns of health behaviours and their determinates
which can be targeted for NCD prevention efforts.

Ultimately, these data will be used to inform the design of
personalised interventions delivered on population-wide
scales, a goal being actualised in the next step of the
SG100K project.59 Although there are concerns that person-
alisation of interventions may widen, rather than reduce,
health disparities51,93–95 our approach seeks to mitigate
this by leveraging technology that people already own and
use (smartphones) to deliver interventions. Smartphone
penetration is high (over 90%96) in Singapore and in lower-
income countries. For example, there are over 750 million
smartphone users in India,97 and the number of users is
rapidly increasing, suggesting that smartphone-based perso-
nalised interventions could be accessible even in lower-
income countries. Our findings are also intended to inform
other types of population-wide interventions that are com-
plementary to efforts to prevent NCDs in the population,
such as those targeting the built and food environment.

The first study of its kind in Asia and globally, COBRA
will generate detailed information on social, environmental
and lifestyle factors that are associated with NCDs in the
multi-ethnic population of Singapore. The study will
recruit a large sample (1500 participants) with representa-
tion of the major ethnic groups in Singapore (Chinese,

Malay, Indian) to ensure the results are relevant for each
group. A further strength of COBRA is the rigorous, pre-
specified and piloted73 study protocol. Embedded within a
prospective cohort study, COBRA contributes to a compre-
hensive resource for examining genetic, behavioural, clin-
ical and environmental factors underlying CVD and T2D
in Asian populations. Beyond COBRA, a wealth of add-
itional data on these participants will be available from
past, present and future SG100K health screenings under-
taken by COBRA participants. This longitudinal approach
will enable us to assess the role of behavioural risk
factors in changes to body weight and cardio-metabolic
risk factors and in the development of NCDs.

Conclusion
Dietary and movement behaviours play a key role in the
development of NCDs such as type 2 diabetes, cardiovascular
diseases and various types of cancer. It is crucial to develop
more effective interventions to improve dietary and move-
ment behaviours to stem the rise of NCDs, but this requires
a better understanding of the determinants of these beha-
viours. We will conduct a detailed examination of patterns
of lifestyle behaviours and their psychological and environ-
mental determinants using real-time data capture strategies.
Findings from our study will provide insight into the way per-
sonal characteristics and the social and physical environment
interact to shape lifestyle behaviours. These insights will be
used to inform health promotion strategies, including the
design of precision public health interventions, personalised
to the socio-demographic, psychological and environmental
characteristics of individuals.
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