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Introduction 
 

The burden of non-communicable diseases such as diabetes is a growing global problem, not only 

for patients and families, but also for health insurance providers and the wider economy. It is a 

serious threat to human health that respects neither socioeconomic status nor national boundaries. 

Type 2 diabetes is largely lifestyle driven. However, health-related behaviours are difficult to shift, 

and measuring and tracking behaviour in the field is often a challenge. Societies have to consider 

designing health-promoting environments that support people in making ‘the healthy choice’. 

Additional challenges are introduced when there is low health literacy. There may be unintended 

consequences when the adoption of a new self-monitoring technology is encouraged in certain 

populations. The mass of information of varying quality that people have access to through our 

mobile phones has to compete for our limited attention. In addition, we commonly face problems 

of selected information, and the way it is presented can distort our perception of reality. How we 

form beliefs and habits regarding nutrition, for example, can impact health outcomes. These 

observations motivate my thesis. I draw on the behavioural literature to design and test 

interventions aimed to debias individual belief formation and enable healthier decision-making on 

food choices, thus improving health outcomes. Beginning with the methodology foundational to 

behavioural economics, I explore cognitive biases in belief formation in the conventional 

experimental economist’s laboratory as well as online (Chapter 1 and Chapter 2). Later, I use 

insights from behavioural economics to test empirical hypotheses on behaviour change in a cross-

sectional non-randomised field study and in a randomised controlled trial in a developing-country 

context (Chapter 3 and Chapter 4). This thesis sheds light on the following interconnected 

questions: How can individuals be supported to shift their mental model and update their beliefs? 

Can people update their food choices when they receive nutrition education, and is there a valid 

methodology for measuring food preferences? What measures of support are needed to help 

individuals with different economic preferences make healthier decisions?   

 

Biased beliefs can be costly to both the individual and society, whether they concern the economy 

or health. Many pieces of information we process quickly on a daily basis are correlated, meaning 

they are not independent voices from which to draw a conclusion. One example is traditional news 

media outlets, which share information sources, such as press agencies, so that the contents of 
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different news reports tend to be correlated. Individuals have conceptual problems in identifying 

and thinking through the correlation problem in the first place. Chapter 1 “Correlation neglect 

in belief formation with team versus individual decision-making”, together with Matthias 

Sutter and Matthias Praxmarer, tests whether team decision-making can debias beliefs. This 

intervention has straightforward policy implications (i.e. when to implement team decision-

making) for settings and organisations where individuals tend to exhibit correlation neglect (e.g. 

social network learning, forecasting, and newsgathering). This chapter contributes to the growing 

literature on team decision-making, in particular addressing a gap in the literature on teams and 

cognitive biases. It examines whether team decision-making generates more rational beliefs in 

settings where individuals tend to exhibit substantial correlation neglect. In the lab, team members 

can chat with their partners via text message to reach an agreement. The results show that team 

decision-making is closer to rational beliefs than individual decision-making. We use a single 

belief formation task as a proxy for naïveté of individuals to account for heterogeneity within 

teams. Pairs with at least one rational team member form significantly more rational beliefs than 

teams with two naïve members. Which is to say, having only one rational team member is 

sufficient to shift beliefs. For this project, my contribution was the data analysis and supporting 

data collection in the lab. The Covid-19 lockdown and resulting lab closure affected the initial 

planned data collection. 

 

In news and social media, information is curated into “click-bait” headlines and posts that support 

a particular interest group. The fact that we face selected data, which is framed to tell a particular 

story – often one that agrees with our prior expressed beliefs – is not immediately apparent to the 

consumer. Given our limited attention, many people develop an erroneous mental model prompted 

by cognitive overload. A majority of individuals can be characterised into two types: someone that 

neglects the problem of selected information, or the Bayesian updater: someone that updates their 

prior belief to reflect new information provided. Finding a practicable means of debiasing 

individuals motivates Chapter 2 “Visual representation training to debias selection neglect in 

belief formation”. This chapter continues the theme of designing interventions to make beliefs 

more rational in settings where individuals suffer from cognitive biases. Visual representation 

training has been shown to be both intuitive and to improve Bayesian reasoning in basic problems 
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of conditional probability. However, previous research on this type of representation training has 

been limited to non-incentivised psychological studies.  

 

In an online experiment, I test whether representation training increases the proportion of Bayesian 

updaters in a setting in which individuals typically exhibit selection neglect. I designed a visual 

representation training exercise called “The Dice Game”. The treatment significantly attenuates 

the bias, but there is only weak evidence for this. Chapter 2 provides the first evidence on using 

the psychological strategy of visual representation training in a behavioural economics experiment 

with incentivised beliefs, that is, where individuals are rewarded for accuracy with greater 

monetary payoffs. These first two chapters set the stage to take interventions to the field.  

 

Much of the burden of non-communicable diseases in developing and developed countries is 

driven by what people eat and drink. Influencing dietary behaviour for prevention and management 

is therefore a key challenge for policymakers. However, measuring dietary changes can be a 

challenge with self-report food surveys possibly open to bias. Chapters 3 and 4 evaluate the impact 

and sustainability of dietary behaviour change interventions and critically examine the survey 

instrument used in nutrition studies from a behavioural economist’s perspective. For example, how 

often did you eat a piece of white bread in the past four weeks? Four slices per week? It is an open 

question whether reported memories of food intake correlate with actual food behaviour. There is 

no gold standard with which to evaluate the Food Frequency Questionnaire, the standard 

instrument used in nutrition intervention studies. For other health behaviours, namely physical 

activity, there is no correlation between reported and biometric measures. Chapter 3 “Improving 

food preferences through a nutrition education programme: An evaluation comparing 

survey evidence with a behavioural measure”, together with Kate Larmuth, Georgina Pujol-

Busquets Guillén and James Smith, explores whether measuring what people do, in addition to 

what they say they do, would provide a more credible channel to understand whether a program 

affects dietary preferences. One purpose of validating the Food Frequency Questionnaire in 

Chapter 3 is that we need a credible measure to capture food preferences later in Chapter 4’s 

diabetes reversal intervention in the Western Cape, South Africa.   
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Chapter 3 investigates the food choice behaviour of women taking part in a Low Carbohydrate, 

High Fat (LCHF, alternatively called Ketogenic) lifestyle intervention in under-resourced 

communities in the Western Cape. I had the opportunity to work with the Noakes’ 

Foundation’s Eat Better South Africa! (EBSA) programme. EBSA targets health and 

socioeconomic issues faced by underprivileged South Africans, particularly women. Its 

programme includes education on nutrition, non-communicable diseases, shopping on a budget, 

cooking, and how to access healthier nutrient-dense foods. 

Measuring behaviours of interest (e.g. what people choose to eat after receiving some advice) is 

arguably critical to demonstrate the mechanism through which such a program may succeed or 

fail, and requires a valid measurement tool. Previously, the effectiveness of the EBSA program 

was evaluated qualitatively through focus group discussions. This is in alignment with much of 

the scientific literature, where epidemiological nutrition studies, such as the Nurses’ Health Study, 

use diet assessment tools that require subjective responses, such as the Food Frequency 

Questionnaire, 24-hour food recall or food diaries. It is understood that these subjective measures 

may suffer from bias and noise due to people’s inattention to what they eat, inability to recall fully, 

social desirability bias and a lack of incentive for accuracy. Food choice behaviour is typically not 

observed, and the question is whether ours was a more objective measure, or at least, how it may 

compare with subjective surveys. 

In Chapter 3, a behavioural measure of food preferences is designed and compared to a standard 

survey in the nutrition literature about what participants had eaten over the past four weeks. The 

behavioural component is a grocery shopping activity in which participants spend a voucher at a 

major supermarket. Covid-19 introduced additional complexity to field research in July/August 

2020. The project was redesigned and resubmitted for ethics approval to remove the risks of 

interpersonal contact, so all my interviews were conducted over the phone. Remote data collection 

has its own challenges – for example, load-shedding electricity interruptions to Wi-Fi and potential 

ambivalence towards interacting with an unknown researcher over the phone. However, what 

made my experience of remote data collection encouraging was the generosity of the women I 

spoke to and the support from the Noakes’ Foundation when we reached out to communities for 

recruitment. 

http://thenoakesfoundation.org/eat-better-south-africa
http://thenoakesfoundation.org/eat-better-south-africa
http://thenoakesfoundation.org/eat-better-south-africa
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The quality of the women’s purchases is organised according to the programme’s traffic lights 

lists. The same approach is used to categorise food choices later in Chapter 4. RED is foods to be 

avoided, ORANGE for occasional consumption, and GREEN to be eaten liberally.1 The results 

show that the treatment group made fewer RED choices and more GREEN choices in their grocery 

shopping compared to the control group of similar women who had not yet been on the EBSA 

programme. Moreover, the behaviour we observe is reflected in their survey responses, validating 

the Food Frequency Questionnaire in our sample. Data were collected during one of the strictest 

lockdowns globally, which impacted participants’ employment and food security. Despite the 

adverse conditions, there is a marked difference in food choice behaviour by the EBSA group in 

line with the LCHF/Ketogenic program advice. This difference speaks to the sustainability of the 

nutrition education model with women who have taken part, and who, by inference, are attempting 

to follow an LCHF diet. However, it does not link food choices to objective health outcomes, such 

as blood tests. These outcomes are explored later in Chapter 4.  

While only an approximation of usual eating habits, the study showed that the inexpensive self-

report food survey is representative of women’s revealed food preferences. While behavioural 

economists will likely continue to take a sceptical view of survey measures, the results from this 

research suggest that when it comes to food: what she says is what she does. The results of Chapter 

3 on the food survey lend support for its use as an instrument to measure dietary intake in Chapter 

4 “Technology-assisted behavioural interventions in type 2 diabetes”, a randomised controlled 

trial together with Matthias Sutter, Kate Larmuth, Daniel Wiesen and Jacolene Kroff. One finding 

from Chapter 4 that strengthens Chapter 3 comes from the analysis of blood test Haemoglobin A1c 

(HbA1c, an objective health marker used to diagnose diabetes). Among a sample of type 2 diabetic 

patients in a primary care practice, better glucose control is positively associated with consuming 

more food from the GREEN list and negatively associated with eating more food from the RED 

list in the preceding four weeks. 

Chapter 4 asks: What level of personalised feedback and health practitioner support is most helpful 

for diabetes patients to implement their ketogenic diet and achieve glucose control goals? The field 

 
1 RED comprises foods high in sugar/carbohydrates and processed foods containing vegetable oil. ORANGE lists fruit 
and beans. GREEN includes green leafy vegetables, meat, fish, eggs, full-cream dairy products and traditional fats 
(butter, lard, olive oil). The full lists are available in the appendix and online. 
 https://thenoakesfoundation.org/news/media/the-noakes-foundation-food-lists  

http://thenoakesfoundation.org/eat-better-south-africa
https://thenoakesfoundation.org/news/media/the-noakes-foundation-food-lists
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experiment in Chapter 4 tests the impact of providing a minimally invasive wearable technology 

called Continuous Glucose Monitoring (CGM) with or without real-time feedback through a 

mobile phone app. The technology is provided as part of a physician-monitored programme with 

ketogenic nutrition education and a goal to reach at least 70% time in target glucose range in the 

CGM report, ultimately reversing diabetes. There are three treatment groups: CONTROL, INFO 

and COACH. The CONTROL group wears a CGM that cannot be viewed until the data are 

downloaded intermittently at doctor’s visits, where the report is shared with the patient in a 

supervised way. All patients review the CGM report with the doctor. Real-time feedback on 

personal glucose levels via the CGM potentially allows the wearer to fine-tune their diet faster but 

may not be sufficient to overcome cognitive barriers such as present bias or confirmed habits. The 

effect of real-time CGM feedback is tested in treatment INFO. There is the potential to be 

overwhelmed with too much unsupervised information when new technology is adopted by 

patients in outpatient practices (as opposed to clinic stays), especially if they are not necessarily 

familiar with smartphone apps and/or have limited health literacy. In a third treatment, COACH, 

we attempt to address this by adding remote health coaching via video chat to help patients identify 

their goals, what it would mean to achieve them, the obstacles in the way and if/then plans to 

overcome them. Dietary questionnaires are used to assess the proportion of foods eaten by 

participants from the same RED, ORANGE, and GREEN lists as Chapter 3.  

 

In the first month of the intervention, all groups show significant improvement in mean glucose 

levels and achieve the 70% time in target goal, indicating they are implementing the dietary advice. 

The significant reductions in RED list foods from the survey support this. There is no significant 

difference between groups in average glucose levels after one month of wearing the CGM with or 

without real-time feedback. All treatment groups begin with time in target glucose range of 46-

52%, which is below the clinical goal of 70% in the range 3.9-8 mmol/L.2 After a month of wearing 

the CGM, the best performance on time in target range is the COACH group with 83%, followed 

by the CONTROL group and INFO group at 74%. Greater time in target range by COACH is not 

due to more engagement with the CGM than INFO. The rich report of the CGM closes the 

information gap between patient and doctor, and offers an accountability mechanism. We do not, 

 
2 We set a substantially more ambitious target range than that of the international guidelines for adult diabetes patients 
which is 3.9-10 mmol/L. 
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however, find evidence of the value added by providing access to the relatively more expensive 

real-time CGM on its own.3 In fact, the adoption of the real-time devices may be said to have 

adversely impacted glucose control in a population familiar with fingerprick testing only. At the 

endline blood test at 3-months, after a sustainability period of two months without real-time CGM 

to allow the effect of the 1-month CGM intervention on blood markers to be washed out, the real-

time group has significantly worse outcomes than the CONTROL group, though an improvement 

compared to baseline. By the end of the sustainability period, all treatment groups continue to see 

a significant reduction in average glucose (HbA1c blood test) compared to baseline. However, the 

real-time with coaching group achieves the greatest reduction in HbA1c of 19%, while control 

achieves 14% and real-time alone 11%. The treatment effect of coaching is robust and clinically 

significant. The COACH group is the only one to improve other measured blood markers of 

metabolic health (HDL and triglycerides). 

 

A notable impact of the present technology-assisted behavioural intervention programme with 

ketogenic nutrition education is that 43% of the pooled sample of patients reverse their diabetes 

(HbA1c<6.5%). A similar rate of reversal at 3- and 6-months has been achieved in a non-

randomised study of a continuous care clinic using a ketogenic diet and coaching in the United 

States. The low-carb/ketogenic diets are popular among clinicians and patients but still debated 

controversially in the literature. In contrast, the rate of diabetes reversal with best practice standard 

of care has been less than 1%, which explains why type 2 diabetes has been framed as an incurable 

chronic disease with a focus on management of symptoms with pharmaceutical interventions. 

About 50% of patients with type 2 diabetes need insulin within ten years of diagnosis. Each case 

of diabetes reversal is cost-saving for the patient and their health insurance provider if they have 

one. The possibility for diabetes reversal through dietary interventions has only very recently been 

acknowledged by the World Health Organisation. This chapter provides convincing evidence that 

a high rate of diabetes reversal is an attainable goal in 3-months in South African outpatient 

primary care facility.  

 

 
3 The cost of the Libre Pro CGM (no feedback) is ZAR 650 (38 EUR) and the FreeStyle Libre CGM (real-time scans) 
is ZAR 990 (57 EUR). 
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Chapter 4 also finds that survey measures of risk aversion and grit are significantly positively 

associated with better glucose control (lower HbA1c) at endline. Future programmes could benefit 

from identifying subgroups of patients that may benefit from particular technology-assisted 

mechanisms of behavioural change by, for instance, measuring economic preferences and 

psychological scales, as done here. Such patient identification can be used to allocate limited 

resources more effectively, especially in developing countries. This affirms the relevance of 

designing interventions to support rational belief formation and healthier decision-making 

introduced in Chapters 1, 2 and 3. This thesis contributes to the behavioural economic literature, 

and offers a perspective on the nutrition and medical literatures for diabetes management by 

designing interventions that address chronic diseases of lifestyle informed by behavioural insights.  
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Chapter 1. Correlation Neglect in Belief Formation: Team versus 

Individual Decision-Making 
 

Sofia Monteiro*1,2   Matthias Praxmarer   Matthias Sutter1, 2, 3 

 
1Max Planck Institute for Research on Collective Goods, Bonn 

2University of Cologne 
3University of Innsbruck 

 

Abstract. Recent research explores how individual beliefs respond to information sources that are 

correlated with each other rather than independent signals. Correlated signals characterise much 

of the information we process quickly on a daily basis, and the resulting biased beliefs can be 

costly. We show that team decision-making ameliorates this bias, generating more rational beliefs 
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1. INTRODUCTION 

 

Biased beliefs can be costly to both the individual and society, whether they concern the economy, 

an upcoming election, or health. Correlated signals characterise much of the information we 

process quickly on a daily basis. One example is traditional news media outlets, which share 

information sources such as press agencies, so that the contents of different news reports tend to 

be correlated (Enke and Zimmermann, 2019). As a case in point, CNN, Fox News and Sky News 

all share a common source, Associated Press (AP), and reach their conclusions by taking into 

account an additional raw news source, i.e. a social media platform; among them Twitter, 

Facebook and YouTube.4 The digested estimates of the traditional news media outlets will tend to 

be correlated with their common source, AP, and should not be considered independent voices 

from which to form a belief about the state of the world. A second example is that of learning in 

social networks. Individual opinions of different network members or friends are often partially 

based on information from a shared acquaintance. This means that when we speak to these network 

members, we are presented with informational redundancies. The same stories are being retold 

multiple times (Akerlof and Shiller, 2009). Information structures (channels that digest and 

transmit communications to us) are widely characterised by correlated signals. Enke and 

Zimmermann’s (2019) “Correlation Neglect in Belief Formation” (EZ19) investigates how 

individuals respond to information structures that generate correlated rather than independent 

signals. To demonstrate a practicable debiasing strategy would have policy relevance, given the 

substantial correlation neglect observed, the pervasiveness of correlated information structures, 

and the apparent costliness of biased beliefs resulting from correlation neglect. Finding a means to 

debias beliefs is the motivation for this paper. Our novel contribution examines whether team 

decision-making, where members exchange text messages via free-form chat to reach an 

agreement, generates more rational beliefs in settings where individuals tend to exhibit substantial 

correlation neglect. Our results are highly relevant given that virtual teams are increasingly 

common in today’s organisations, and that there is a gap in the literature on teams and cognitive 

biases.    

 

 
4 E.g. CNN’s estimate = (Twitter’s estimate + AP’s estimate)/2. Therefore, given only CNN and AP’s estimates, 
Twitter’s estimate can be backed out by inverting the average. 
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EZ19 provide evidence of individuals’ correlation neglect when forming beliefs from information 

sources in a transparent setting. The distribution of beliefs is strongly heterogeneous and bimodal, 

suggesting different belief updating types, i.e. rational and “full neglect”. Since subjects are paid 

for accuracy, biased beliefs lead to significantly lower earnings.5 The experiment’s incentive-

compatible payoff rule reflects the real-world consequence that biased beliefs can be costly to the 

individual. Their findings are consistent with boundedly rational social learning models. In the 

EZ19 setup, individual beliefs are swayed by (transparently) biased information sources, meaning 

that they consistently overshoot the true state of the world. This observation speaks to a recent 

paper by Charness et al. (2021), which empirically demonstrates that – when choosing between 

sources of biased information – decision-makers are vulnerable to reasoning errors such as 

confirmation-seeking.  

 

EZ19 explore several mechanisms and extensions to try to eliminate this bias. They present 

evidence that naïve beliefs are not driven by inadequate mathematical and computational skills 

necessary to process correlated information. Rather, that subjects show conceptual problems in 

identifying and thinking through the correlation in the first place when the informational 

environment becomes complex enough. When subjects are exogenously made to focus on the 

correlation and underlying independent signals, this “nudge” strongly improves the rationality of 

beliefs. However, explicitly pointing out the problem is arguably not a practicable strategy; a gap 

remains for a straightforward policy to debias beliefs. The purpose of the present experiment is to 

replicate EZ19 and to determine whether team decision-making debiases beliefs. Such a finding 

would have straightforward policy implications (i.e. when to implement team decision-making) 

for settings and organisations where individuals tend to exhibit correlation neglect (e.g. social 

network learning, forecasting, and newsgathering).  

 

Our paper contributes to the growing literatures on team decision-making (for a review, see 

Kocher, Praxmarer and Sutter, 2020) and errors in reasoning (e.g. Charness et al., 2021; Enke, 

2019; Monteiro, forthcoming), respectively. There is a gap in the literature on teams and cognitive 

biases in behavioural economics, which is where this paper is located. However, there are a few 

 
5 Because of biased beliefs, participants in Correlated earned about 2.70 Euro less than those in the Uncorrelated 
benchmark group, which translates to almost 50% of subjects’ average variable earnings (EZ19: 320).  
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informative examples outside of the economics literature. Houghton et al. (2000) note the 

persistence of biases (law of small numbers and illusion of control) on teams’ risk perceptions 

compared to individuals. This evidence does not suggest that team decision-making is preferable 

to the individual level. Mancuso et al. (2014) explore confirmation bias and distributed (remote) 

teams. They find that when incorrect information is presented early, teams appear to focus more 

on that information in their proceeding discussions, and report incorrect answers more often. This 

finding is suggestive of confirmation bias in the team’s deliberation process. Lehner et al. (1997) 

find that as time stress increases, teams begin to use a decision-processing strategy that is less 

effective than the strategy they are trained to use in the experiment. Recent research highlights the 

attenuation of extrapolation bias (a behavioural bias) as a potential benefit of team-based asset 

management compared to individual management (Barahona et al., 2021). Their evidence suggests 

that the reduction in behavioural bias may be driven by eliciting cognitive reflection in team 

members. There remains a need for further research on team cognition and team cognitive biases.   

 

Team decision-making increasingly characterises modern organisations, and some evidence 

suggests that teams can significantly enhance productivity (e.g. Bandiera et al., 2013). Economic 

decisions, both in firms and households, are often made by groups. Research on teams is thus 

highly relevant for understanding financial choices. Virtual teams that interact using text-based 

collaboration technology are also increasingly common. Collaboration technology makes unique 

demands on individual cognitive resources that may influence how team members process 

information in virtual settings compared to face-to-face environments (Minas et al., 2014). Text-

based communication, such as instant messaging and e-mail, possesses some benefits over face-

to-face communication yet also introduces potential problems. Previous research indicates that 

teams using text-based collaboration typically exchange more information than when they perform 

the same task in a face-to-face setting, but do not necessarily reach better decisions than face-to-

face teams (Dennis, 1996). One reason is that team members engage in “multiple monologues” 

(Dennis and Valacich, 1994), in which they talk about what they know instead of considering 

information from other team members. More recently, the results of an experiment on online team 

discussions using electroencephalography, electrodermal activity and facial electromyography 

show that information that contradicts a person’s pre-discussion decision preference is processed 
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similarly to irrelevant information, while information that confirms an individual’s pre-discussion 

decision preference is processed more thoroughly (Minas et al., 2014).  

 

It goes without saying that the advantage of team decision-making is apparent only if a naïve player 

defers to their sophisticated partner and not the other way around. Some individuals assign a 

significantly positive intrinsic value to having the power to make a decision. This distorts the 

choice between delegating a decision or not, and produces conflict and inefficiency (Buffat, 

Praxmarer and Sutter, 2020). It is arguably worth understanding the decision process (e.g. decision 

time and free-form chat messages) within teams of varying sophistication and the extent of naïveté 

in the distribution of beliefs that follows in the present paper. Previously, Cooper and Kagel (2005) 

used dialogues between teammates to identify factors promoting strategic play in signalling game 

experiments. They find that teams consistently play more strategically than individuals. They posit 

that, intuitively, a team should be no less likely to solve a problem than its most able member 

would be acting alone. In the psychology literature, teams consistently fall short of this “truth 

wins” norm (e.g. Davis, 1992), which contrasts with Cooper and Kagel’s (2005) findings. The 

difference is attributed to experimental procedural differences in economics versus psychology 

experiments, such as incentive-compatible decision-making. We contribute to the existing 

literature by testing whether the presence of at least one rational team member is sufficient to 

attenuate correlation neglect compared to individuals (and teams with only naïve members). 

 

Recent work in economics explores some of the differences between the decisions by groups 

versus individuals (Adams and Ferreira, 2010; Buffat, Praxmarer and Sutter, 2020; Kocher and 

Sutter, 2005; Kocher, Strauß and Sutter, 2006). Groups should make decisions that are easier for 

others to predict compared to individual decisions since groups have access to more evidence 

collected through information pooling. Individuals differ in terms of the information they have 

and, in settings where a compromise is required, deliberation should lead to information sharing 

within the group (Adams and Ferreira, 2010). Group members favour choices that are easier to 

justify, and this leads groups to rely more on tangible evidence (Barber, Heath, and Odean, 2003). 

Small groups learn comparatively faster than individuals and earn greater payoffs in beauty-contest 

games (Kocher and Sutter, 2005). In order to reach consensus, groups need to balance individual 

opinions. It follows, naturally, that groups should make less extreme decisions than individuals. 
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Empirically, Adams and Ferreira find that the distribution of guesses made by groups of bettors 

conforms better to historical data6 than the distribution made by individuals. Their evidence 

suggests a moderating effect of group decision-making.7 However, it remains an open question 

whether team decision-making would debias beliefs in our setting of correlation neglect.   

 

In our design, individuals and teams are asked to estimate the true state of the world in 10 

estimation tasks from EZ19. A 2x2 between-treatment experiment tests our hypothesis that 

individuals are more likely to submit beliefs that can be characterised as correlation neglect than 

teams. Subjects are randomly assigned to one out of four groups: (1) INDIVIDUAL with 

Correlated or (2) INDIVIDUAL with Uncorrelated information structures and individual beliefs8 

or (3) TEAM with Correlated or (4) TEAM with Uncorrelated information structures and team 

beliefs. Teams consist of randomly matched pairs within a session, and partners are fixed across 

tasks. Based on the team decision-making literature from the laboratory and field, we expect teams 

to be more likely to form rational beliefs than individuals. Building on EZ19, we hypothesise that 

naïve subjects would be less certain about their beliefs and more likely to defer to their teammate 

(even without knowledge of the partner being naïve or rational). The consequence would be that 

mixed teams with at least one rational member would do as well on average as rational individuals 

forming beliefs on their own. Team decision-making as a policy would then be preferred since 

forming a shared belief increases the rationality of the naïve team member and does not negatively 

impact the rational team member.   

 

In our design innovation, the signal about a teammate’s naïveté (not known to the players) is 

measured by an individual’s incentivised belief in a single decision task with either a Correlated 

or Uncorrelated information structure (consistent with their randomly-assigned treatment group). 

Our addition of an individual measure of naïveté allows us to classify teams since teams are 

composed of subjects with varying levels of naïveté. We use this measure to explore in which 

cases teams of two are more rational than individuals. Moreover, the coding of teams’ deliberation 

 
6 On the break-up date of the ice in the Nenana river in Alaska. 
7 Our paper also links to the literature on the accuracy of forecasting by experts and non-experts (e.g. DellaVigna and 
Pope, 2018; DellaVigna, Pope and Vivalt, 2019). We examine response time as a proxy for cognitive effort. Our 
sample of university students concerns non-experts.  
8 Treatments 1 and 2 are a replication of EZ19’s baseline treatments. 
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processes using the text chat data provides insights not possible in the original setup of EZ19, 

which studied individual belief formation.  

 

We establish that (1) there are significant differences between Correlated and Uncorrelated 

conditions for individuals and teams, respectively; (2) on average, team beliefs converge more 

often towards the rational belief than individual beliefs; (3) pairs with at least one rational member 

form significantly more rational beliefs than teams with two naïve members; and (4) 

communication plays a role, evident in differences in longer response times when there is a rational 

team member present. Teams tend to chat more at the beginning of the set tasks, and teams with 

one rational member exchange more comms coded as computational logic than teams with two 

naïve members. The rest of the paper proceeds as follows: Section 2 details the experimental 

design, Section 3 presents the results, and Section 4 concludes.   

 

2. A NOVEL EXTENSION OF THE ENKE-ZIMMERMANN MODEL OF 

CORRELATION NEGLECT TO TEAM DECISION-MAKING 

 
2.1. Experimental design  

 

We extend on the experimental design developed by EZ19. The design of Correlated and 

Uncorrelated conditions allows: (a) the experimenter to perfectly control the signals displayed and 

the degree to which the information communicated is correlated (Figure 1), (b) subjects full 

knowledge of the transparent data-generating process; (c) a control group (Uncorrelated) that 

provides a benchmark for beliefs in the absence of correlated information; and (d) incentivised 

belief elicitation, in which subjects are paid for accuracy.  

 

Our novel extension introduces a team decision-making treatment, in which randomly-assigned 

pairs can communicate via free-form text messages in order to agree on a team belief. The 

motivation for team decision-making is a practicable strategy to debias beliefs, and the chatbox 

provides insights into the belief formation process. It also provides us with another means of 

assessing whether participants understand (and believe) the transparent data generating process, 

which was not possible in the setup of EZ19. We analyse the chat data below to comment on the 
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validity of the EZ19 model of correlation neglect. Another novel addition to the original design is 

an individual-level assessment of naïveté prior to the main 10 tasks. The estimation tasks are jointly 

completed by teams or individuals, respectively. The motivation for the addition of a “pre-belief” 

proxy of individual naïveté is to classify the teams. Participants are randomly assigned to teams of 

two, generating teams with 0 rational members, 1 rational member and 2 rational members. This 

classification is detailed further below. In the following section, we describe the setup developed 

by EZ19 in more detail and then present our procedures and treatments. 

 

2.1.1.  The Estimation Task  

Subjects are asked to estimate an ex ante unknown continuous state of the world (μ) and are 

compensated financially for accuracy. The task is framed as guessing how many items are in an 

imaginary container. The only information given to subjects is unbiased computer-generated 

signals about the true state. The between-subjects design is motivated by constructing two sets of 

signals (one with and one without a known and simple correlation), which are identical with respect 

to their objective informational content. As shown in Figure 1, sourced from the EZ19, subjects in 

the Correlated condition received correlated information and subjects in the Uncorrelated 

condition uncorrelated information about μ. 

 

The fictitious computers A-D generate four unbiased, independent and identically distributed 

(i.i.d.) signals about μ, identical across participants and treatment groups. This is implemented by 

random draws from a truncated discretised normal distribution with mean μ and standard deviation 

σ = μ/2. Truncation is at μ ± 2σ =  μ±μ in order to exclude negative signals. In the Uncorrelated 

condition (left panel, Figure 1), the intermediaries 1-3, which are also fictitious computers, observe 

the signals of computers B through D, respectively, and simply transmit these signals to the 

participant. This means that subjects receive information from both computer A directly and the 

intermediaries 1-3. For example, in one experimental task, the signals of computers A through D 

are given by 122, 90, 68 and 5, respectively. As in EZ19, we refer to all numbers that are 

communicated to participants as “messages”. 

 

In the Correlated treatment (right panel, Figure 1), the three intermediaries observe the signal of 

computer A and computers B-D, respectively, and then report the average of these two signals. 
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Participants are given information from computer A (which EZ19 refer to as “the common source 

signal”) as well as from the intermediaries 1-3. In the example above, each of the three 

intermediaries takes the average of 122 and the corresponding signal of the other computer it 

communicated with. Therefore, computer A reports 122, intermediary 1 reports 106, intermediary 

2 reports 95, and intermediary 3 reports 64. The information structure transmits communications 

to the participant that obscure the underlying signals, so the participant has to start by backing out 

the correct signals before she states a belief. She mostly sees messages larger than 90, but the 

majority of signals is actually 90 or lower. Since the common source signal of computer A is 

known, being rational requires that participants invert averages to back out the underlying 

independent signals from the messages of the intermediaries.  

  

 
FIGURE 1 

Uncorrelated (left panel) and Correlated (right panel) information structures 

 

The identification strategy of EZ19 depends entirely on the identical informational content of the 

two sets of signals. Differences in beliefs between the Correlated and Uncorrelated conditions can 

only be explained by variations in the information structure since all other factors are held constant. 

Thus, comparing beliefs across Correlated and Uncorrelated allows for the identification of 

correlation neglect. Further, participants have complete knowledge of how their data are created. 

In principle, assuming the data-generating process is understood by the participant, this design 

choice leaves no room for mediating beliefs about the rationality of intermediaries or the precision 

of particular signals (e.g. not to consider any as outliers and thus less informative about the true 

state). In the chat analysis in Section 3, we consider the hypothesis that the data-generating process 
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may be systematically misunderstood by certain types of individuals, as measured by mentions of 

outliers.  

 

In the main experiment, subjects have to complete 10 independent belief formation tasks without 

feedback between each task. Three different randomised orders of tasks are used (outlined in EZ19 

Online Appendix B). At the end of the experiment, participants are paid according to the accuracy 

of their belief in one randomly chosen task using a quadratic scoring rule (Selten, 1998), where 

variable earnings in Euro are given by 𝜋 = 𝑚𝑎𝑥[0, 10 − 160 × (𝐵𝑒𝑙𝑖𝑒𝑓/𝑇𝑟𝑢𝑒 𝑠𝑡𝑎𝑡𝑒 − 1)2].  

Table 1, Part 1 is our novel addition of an individual naïveté parameter task (pre-belief), which is 

used to classify teams as follows: score = 0 if no rational members, = 1 if one rational member, = 

2 if two rational members. Classification of teams is explained further below. Table 1, Part 2 gives 

an overview of the 10 tasks as designed by EZ19. It also shows the benchmarks of rational beliefs 

and “full correlation neglect” to indicate the direction and extent of a potential bias. “Full neglect” 

beliefs are defined as the average of the four messages that subjects received in the Correlated 

condition. EZ19 use the term “belief” to denote the mean of the belief distribution.   

 

TABLE 1 

Overview of the belief formation tasks 

 
Notes. The reports of intermediaries 1-3 in the Uncorrelated condition directly reflect the draws of computers B–D. 
Signals from B-D are not directly observed but pass through intermediaries 1-3. There is no intermediary for computer 
A, which is directly observed. The rational belief is computed by taking the average of computers A–Ds’ signals. The 
correlation neglect belief is given by the average of the signal of computer A and the reports of intermediaries 1-3 in 
the Correlated condition. Participants faced the 10 rounds in randomised order, identical across treatments. Part 1 is 
our innovation appended to the original design by Enke & Zimmermann (2019) shown in Part 2 and was completed 
individually by all participants. Part 2 was completed individually or as a team depending on the treatment assignment.   
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2.1.2. Treatments 

We implement two main treatments, INDIVIDUAL and TEAM. Subjects are randomly assigned 

to one in four groups (2x2): (1) INDIVIDUAL with Correlated- or (2) INDIVIDUAL with 

Uncorrelated information structures and individual beliefs9 or (3) TEAM with Correlated or (4) 

TEAM with Uncorrelated information structures and team beliefs. The INDIVIDUAL treatment 

is a replication of EZ19. The treatment closely follows the steps described above, and subjects are 

exposed to Enke and Zimmermann’s original instructions (for Part 2, the main experiment, note 

that we added a Part 1 pre-belief individual assessment that preceded the main experiment, see 

Table 1 for details), software (only for INDIVIDUAL, adapted for TEAM) and experimental 

procedure (for which we thank Enke and Zimmermann). There is no feedback between Part 1 

(individual belief) and Part 2 (individual or team belief, depending on treatment assigned). 

 

In the TEAM treatment, a team consists of two participants. Partners remain fixed for the entire 

duration of the experiment. The TEAM pairs face the same set of decisions as the participants in 

INDIVIDUAL, but teams have to reach a joint decision before moving to the next estimation task. 

When a new estimation task is presented to the team, they have to make proposals and then each 

enter a belief for the team’s decision. They have to agree. That is, the beliefs of the two members 

of the team have to match in order to be submitted successfully.  

 

To facilitate reaching a unanimous decision, team members can exchange messages in free-form, 

real-time chat. Participants can chat even before entering the first proposal for the team decision. 

Once a proposal has been entered on the screen, each team member can confirm the decision she 

has proposed. If both team members confirm the same belief, they can move on to the next 

estimation task. If there is still disagreement, team members can adjust their choices (typically 

after further discussing what to agree upon). After receiving the information structures, a 

participant has seven minutes to state a belief. We extend EZ19’s five-minute limit to seven 

minutes in the present experiment to allow for subjects in the TEAM treatment to chat with their 

partner without inducing time pressure. This time limit is constant across treatments. 

 

 
9 Treatments 1 and 2 are a replication of EZ19’s baseline treatments. 
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2.1.3. Innovation: Classifying teams (and individuals) using a proxy measure of 

individual naïveté 

Before subjects complete the 10 belief formation tasks (see Table 1, Part 2), we run a single 

incentivised individual-level task to measure naïveté (see Table 1, Part 1). This is simply an 

additional estimation task that we generated identically to the ones designed by Enke and 

Zimmermann, framed according to whether a participant was assigned to Correlated or 

Uncorrelated. We decided to measure individual naïveté to account for potential differences 

between teams and individuals since teams are composed of individuals of varying naïveté. Both 

individuals and teams completed Part 1 to keep treatments comparable.  

 

2.1.4. Team decision-making process in the chatbox  

The perception of the overall decision-making process in a team may affect responses. For 

example, a subject may feel they gave up in the decision-making process at some point in the 

experiment. A naïve team member, who may be less certain about her beliefs, may delegate to her 

partner. Such delegation may be advantageous if her partner is rational. However, a subject 

receives no information about the extent of her partner’s naïveté. We collect data on the time taken 

to reach agreement, the beliefs submitted by each member of the team, and the chat over text 

messages within each team to provide insight into the decision-making process of teams. For 

example, the chatbox allows team members to signal their lack of confidence in their math ability 

to their partner and for this data to be coded as such.   

 

2.2. Hypotheses 

 

INDIVIDUAL (Replication) 

 

Below, we provide Enke and Zimmermann’s derivation of beliefs formed by rational and naïve 

individuals (EZ19, p. 319) before extending the framework to teams. 

 

In the information structure presented in Figure 1, the fictitious computers generate four i.i.d. 

signals 𝑠ℎ ∼ ℵ(𝜇, (𝜇/2)2) (truncated at (0, 2𝜇)) for ℎ ∈  {1, . . . , 4}. In the Correlated condition, 
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participants are shown messages 𝑠1 and 𝑠̃ℎ = (𝑠1 + 𝑠ℎ)/2 for ℎ ∈  {2, 3, 4}. When asked to 

estimate 𝜇, a rational decision-maker would back out the underlying independent signals from the 

messages 𝑠̃ℎ and calculate the mean rational belief as 𝑏𝐵 = ∑ 𝑠ℎ/44
ℎ=1 , which by design is also 

equal to the rational belief in the Uncorrelated condition. 

 

Suppose the decision-maker suffers from correlation neglect, i.e. she does not fully take into 

account the degree to which 𝑠̃ℎ reflects 𝑠1, but instead treats 𝑠̃ℎ as more or less independent. EZ19 

label such a decision naïve and let her degree of naïveté be characterised by the parameter 𝜒𝑖𝑛𝑑𝑖𝑣 ∈

[0, 1] such that 𝜒𝑖𝑛𝑑𝑖𝑣 = 1 implies full neglect. A naïve agent extracts 𝑠ℎ from 𝑠̃ℎ according to the 

following rule: 

 

𝑠̂ℎ = 𝜒𝑠̃ℎ + (1 − 𝜒𝑖𝑛𝑑𝑖𝑣)𝑠ℎ = 𝑠ℎ + 1
2

𝜒𝑖𝑛𝑑𝑖𝑣(𝑠1 − 𝑠ℎ)                                               (1) 

 

where 𝑠̂ℎ for ℎ ∈ {2,3,4} denotes the agent’s (potentially biased) inference of 𝑠ℎ. She consequently 

forms mean beliefs according to  

 

𝑏𝐶𝑁,𝑖𝑛𝑑𝑖𝑣 = 𝑠1+∑ 𝑠̂ℎ
3
ℎ=1
4

= 𝑠̅ + 3
8

𝜒𝑖𝑛𝑑𝑖𝑣(𝑠1 − 𝑠̅−1)                                                   (2) 

 

where 𝑠̅ = (∑ 𝑠ℎ
4
ℎ=1 )/4 and 𝑠̅−1 = (∑ 𝑠ℎ

4
ℎ=2 )/3. Therefore, a (potentially partially) naïve belief is 

given by the rational belief 𝑠̅  plus a belief bias component that depends on the extent of naïveté 

parameter 𝜒𝑖𝑛𝑑𝑖𝑣 and the magnitude of the common source signal (Computer A) relative to the 

other three signals (Intermediaries 1-3). 

 

Hypothesis 1. Assuming that 𝜒 > 0, beliefs in the Correlated treatment exhibit an overshooting 

pattern. Given a high common source signal, i.e. 𝑠1 > 𝑠̅−1, beliefs in the Correlated treatment are 

biased upward compared to the Uncorrelated treatment. Conversely, if 𝑠1 < 𝑠̅−1, beliefs in the 

Correlated condition are biased downward. 

 

By partly neglecting the redundancies among the signals, the subject double counts the first signal 

(Computer A) so that beliefs are biased in the corresponding direction. At the same time, the beliefs 
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of a naïve agent remain statistically unbiased with a zero expected error. This means that the signal 

from the common source may swing beliefs of a naïve decision-maker either too high or too low 

on an individual task, but on average naïve agents are correct. 

 

TEAM (Novel extension) 

 

Hypothesis 2. Teams will form beliefs that are less biased towards the common source signal 

compared to individual decision-makers. If a team consists of at least one rational member with 

naïveté parameter 0 ≤ 𝜒𝑖𝑛𝑑𝑖𝑣 < 0.5, the average of the two members’ belief bias components, 

which form the team belief bias component and reflect the joint naïveté parameter 𝜒𝑡𝑒𝑎𝑚, will be 

lower than that of a naïve individual forming beliefs alone,  𝑏𝐶𝑁,𝑖𝑛𝑑𝑖𝑣 > 𝑏𝐶𝑁,𝑡𝑒𝑎𝑚 ≥ 𝑏𝐵. If the naïve 

member defers to the rational partner (because they are not confident in their ability to 

identify/solve the problem), then heterogeneous teams (with at least one rational member) will 

form beliefs at least as good as rational individuals. 

 

Teams consequently form mean beliefs according to  

 

𝑏𝐶𝑁,𝑡𝑒𝑎𝑚 = 𝑠1+∑ 𝑠̂ℎ
3
ℎ=1
4

= 𝑠̅ + 3
8

𝜒𝑡𝑒𝑎𝑚(𝑠1 − 𝑠̅−1)                                                   (3) 

 

where 𝜒𝑡𝑒𝑎𝑚 ≤ 𝜒𝑖𝑛𝑑𝑖𝑣 on average. 

 

It is an open question whether randomly assigning individuals to teams (of two players) – in a 

population with a bimodal distribution of rational and naïve subjects – would produce more 

sophisticated play in settings where individuals exhibit substantial correlation neglect. There are 

three simple combinations worth considering: (1) partnering two rational players, (2) partnering a 

rational and a naïve player, (3) partnering two naïve players. Partnering two rational players is 

unlikely to swing beliefs away from the distribution of individual sophisticated players. Such 

teams should reach an agreement quickly without conflict. A more interesting case is the partnering 

of a naïve subject with a rational subject, since, in a setting where a team must reach a compromise, 

this may debias beliefs. However, ex ante, agents have no information about the sophistication of 

their teammate. Moreover, a lack of feedback would preclude Bayesian updating by a subject about 
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her partner’s perceived sophistication. It is also not clear, ex ante, whether the naïve subject would 

quickly defer to her more sophisticated teammate. It is possible that naïve agents are less certain 

of their beliefs and may be more willing to delegate to their partner when a compromise must be 

reached. If not, heterogeneous teams would likely experience conflict and take longer to reach a 

shared belief than individual agents and homogenous teams.  

 

2.3. Procedural details 

 

Participants receive detailed written instructions about the task and the payment incentive 

structure.10 At the beginning of each session, instructions are handed out individually together with 

control questions on the computer that tested the understanding of the experimental instructions. 

Specifically, they are told about the signals of the four computers, how these signals map onto the 

reports of the intermediaries, and the fact that the four computers are of identical quality. For 

example, the instructions include the applicable panel (Correlated or Uncorrelated) from Figure 

1. The instructions also include an example that consists of four exemplary computer signals as 

well as the respective messages of the three intermediaries, given a particular state of the world. 

Participants are given a visual representation of an exemplary distribution function, and the 

concept of unbiasedness is explained in intuitive language. General instructions about the 

experiment are read out loud. Additionally, participants complete control questions with a special 

focus on the information structure (Correlated or Uncorrelated). In all treatments, participants 

have to calculate the reports of intermediaries 1 and 3 given exemplary signals of the four 

computers to ensure that they understand the correlated (or uncorrelated) nature of the messages. 

Subjects only participate in the experiment once they have answered all control questions 

correctly. They can raise their hand if they have questions. Whenever a subject appears to have 

trouble solving the control questions, an experimenter approaches them and clarifies open 

questions.11 At the end of the experiment, we conduct a questionnaire on socio-demographics.  

 

The experiment was conducted at the Decision Lab of the Max Planck Institute for Research on 

Collective Goods in Bonn. Subjects were mostly students from the University of Bonn and were 

 
10 See Appendix for a translation of the instructions and control questions.  
11 No subjects had to be excluded due to inadequate understanding of the task. 
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recruited using the online recruitment system ORSEE by Greiner (2004). No subject participated 

in more than one session. The experiment was run using the experimental software z-Tree 

(Fischbacher, 2007). Table 2 provides an overview of treatments. For the replication of EZ19 

baseline treatments with individuals, we conducted three sessions with between 22 to 29 subjects 

per session, yielding a total of 76 participants in treatment INDIVIDUAL. For treatment TEAM, 

we conducted five sessions with between 22 to 30 participants per session yielding 68 teams (136 

subjects). A total of 212 subjects participated in our study. A session was run as INDIVIDUAL or 

TEAM, and, within the session, participants were randomised to either Correlated or 

Uncorrelated. Sessions lasted about 1.5 hours, and average (total) payment equalled 16.94 Euro. 

To determine variable earnings, one decision out of the 10 tasks was randomly chosen to be paid, 

with a maximum of 10 Euro. The show-up fee was 5 Euro. The demographic questionnaire was 5 

Euro. The additional payment of maximum 2 Euro for completing the individual naïveté parameter 

task (pre-belief) rendered the average payment consistent with the laboratory’s guidelines for 

participant compensation.12   

 

On average, teams earned more than individuals. Of particular interest is the significantly greater 

average earnings of teams compared to individuals in the Correlated condition (two-sample 

Wilcoxon rank-sum test, p=0.0013). While the differences in earnings within INDIVIDUAL 

(Correlated vs Uncorrelated) and within TEAM (Correlated vs Uncorrelated) are in the expected 

direction (suggestive of the cost of correlation neglect), there is no significant difference between 

Correlated and Uncorrelated in the actual earnings within TEAM and within INDIVIDUAL, 

respectively. This result is in contrast to EZ19 and may be due to lack of power because of small 

sample sizes.13  

 

 

 

 

 

 

 
12 This motivated the higher average payment per participant compared to €11.60 by Enke and Zimmermann at 
UniBonn Lab a couple of years prior.  
13 Data collection was limited by the start of Covid-19 lockdown which closed labs in Germany. 
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TABLE 2  

Treatment overview 

 
Notes. Horizontal lines indicate which treatments were randomised within the same experimental sessions. Average 
earnings is the profit from the round randomly selected for payment in the main estimation task only. i.e., these 
earnings illustrated exclude show-up fee, questionnaire fee, and pre-belief estimation task which are also paid out. 
 

 

3. RESULTS 

 
3.1. Beliefs across Correlated and Uncorrelated conditions 

 

INDIVIDUAL. Table 3 Panel A provides summary statistics for all tasks and shows that in four out 

of 10 estimation tasks, beliefs differ significantly at the 5% level between Uncorrelated and 

Correlated conditions in the INDIVIDUAL treatment, in the direction predicted by correlation 

neglect. In eight out of 10 tasks, beliefs differ significantly at the 10% level. This result replicates 

the EZ19 finding of nine out of 10 tasks but at a lower significance threshold.14 The bias appears 

to be stable across tasks and appears not to depend on the magnitude of the true state. Correlated 

individuals earned 4.59 Euro on average compared to 5.23 Euro by Uncorrelated individuals 

(Table 2). In contrast to EZ19, the earnings difference within INDIVIDUAL Correlated versus 

Uncorrelated was not significant (p=0.3432, Wilcoxon rank-sum test). This is one example of 

where increasing the sample size would be valuable.      

 

TEAM. Table 3 Panel A shows that in two out of 10 estimation tasks, beliefs differ significantly at 

the 5% level between Uncorrelated and Correlated conditions in the TEAM treatment. In four out 

of 10 tasks, beliefs differ significantly at the 10% level. Since teams are about half as likely to hold 

beliefs in the direction of correlation neglect compared to individuals, this suggests that teams may 

be more rational in this setting. In Table 2, average earnings accrued to Correlated teams is 6.89 

 
14 EZ19 had larger numbers of observations. They also pooled the baseline and high-stakes treatments. 
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Euro compared to 7.13 Euro to Uncorrelated teams. The earnings difference within TEAM 

Correlated versus Uncorrelated is not significant (p=0.9657, Wilcoxon rank-sum test). Consistent 

with EZ19, we observe that beliefs in the Correlated condition exhibit larger within-condition 

belief variance than those in the Uncorrelated condition. Specifically, for INDIVIDUAL, in seven 

out of 10 tasks, there is a higher variance in beliefs in Correlated. For TEAM, in nine out of 10 

tasks, there is a higher variance in beliefs in Correlated.  

 

INDIVIDUAL vs TEAM. If it were random whether individuals or teams had a larger absolute 

difference in median belief (per task) between Correlated and Uncorrelated conditions, then one 

would expect for the 10 tasks that in five cases, the absolute difference in median belief between 

Correlated and Uncorrelated would be greater for the INDIVIDUAL treatment and in five cases, 

the absolute difference in median beliefs would be greater for the TEAM treatment. Table 3, Panel 

B, reports the difference-in-difference analysis and Table 3, Panel C, provides a robustness check 

of Panel B to show that the results do not change when the normalised absolute difference is 

considered.  

 

TABLE 3 

Panel A: Correlation neglect by belief formation task 

 
Notes. Panel A of the table presents an overview of beliefs in the Uncorrelated and Correlated information conditions 
across the 10 estimation tasks for the INDIVIDUAL and TEAM treatments, respectively. The p-values refer to a 
Wilcoxon rank-sum test between beliefs in the Correlated and Uncorrelated conditions. For reference, we provide the 
benchmarks of rational and fully naïve beliefs. See Table 1 for details of the computation of the rational and correlation 
neglect benchmarks. Note that participants encountered the 10 tasks in a randomised order.  
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Panel B: Difference-in-difference 

 
Notes. Panel B of the table presents an overview of the absolute difference in belief and rational belief in the 
Uncorrelated and Correlated conditions across the 10 estimation tasks for the INDIVIDUAL and TEAM treatments, 
respectively. We examine whether individuals or teams converged more towards rational belief.  
 

Panel C: robustness check of Panel B with normalised absolute difference 

 
Notes. Panel C of the table presents an overview of the normalised absolute difference in belief and rational belief in 
the Uncorrelated and Correlated conditions across the 10 estimation tasks for the INDIVIDUAL and TEAM 
treatments, respectively. This table is a robustness check of the above panel. 
 

We observe that in nine cases, the difference between Correlated and Uncorrelated is smaller for 

teams than individuals. In one case, it is smaller for individuals (task 7, true state = 7,338). The 

interpretation would be 9/10 smaller, 1/10 larger. We conduct a binomial test to investigate 

whether these differences in medians are significantly different from random. A two-sided 

binomial test of the probability of observing at least 9/10 or 1/10 or less, conditional on expecting 

5/10, is significant at the 5% level; Pr(k ≤ 1 or k ≥ 9) = 0.0215. This result supports the hypothesis 

that, on average, Correlated and Uncorrelated beliefs converge more towards rational for teams 

than individuals. 
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3.2. Heterogeneity 
 
We have established suggestive evidence of correlation neglect on average for both individuals 

and teams. The average patterns may hide heterogeneity. To investigate this, we use Enke and 

Zimmermann’s measure of an individual’s belief type that allows for the estimation of naïveté 

parameter 𝜒 and extend this to joint naïveté for team beliefs. The experimental design, in 

combination with the simple model of belief formation, introduced above in equations (1)-(3), 

allows us to estimate an individual’s or team’s naïveté 𝜒, respectively. For each belief, the naïveté 

parameter 𝜒 is calculated by solving for 𝜒 from equation (2) for individuals or equation (3) for 

teams. The median of the naïveté values forms an estimator for the subject-level naïveté parameter:  

𝜒̂𝑖 ≡ 𝑚𝑒𝑑(𝑏̃𝑖
𝑗) = 𝑚𝑒𝑑 (

8(𝑏𝑖
𝑗 − s̅𝑗)

3(𝑠1
𝑗 − 𝑠̅−1

𝑗 )
) 

As in EZ19, we analyse a sample of censored data in which the absolute value of naïveté chi was 

≤3. In our experiment, 5.28% of the pooled data are classified as outliers using the same rule as 

EZ19.15  

 

Replication of EZ19, Table 4 Column (1). Table 4 provides the regression analysis of correlation 

neglect with individual and team decision-making, respectively. Column (1) demonstrates a 

successful replication of EZ19. The coefficient on the Correlated dummy variable is nearly 

identical to EZ19 and highly significant. 

 

Prechi (Part 1) proxy for individual team members’ naïveté is a good predictor of performance, 

Table 4 Column (2). In column (2), we demonstrate that for individuals, the single pre-task 

individual naïveté measure that we added to the experimental design (see Table 1, Part 1 for 

details) significantly predicts naïveté in the original main 10 tasks of EZ19 (see Table 1, Part 2). 

This supports using our innovation of the pre-task (Part 1) as an individual proxy measure of 

naïveté to classify the composition of teams.  

 

Team results, Table 4 Column (3). Column (3) demonstrates the existence of correlation neglect 

amongst teams. The magnitude of the coefficient is half as large as it is for individuals indicating 

 
15 About 4% of the EZ19 sample was excluded from their analysis as outlier beliefs. 



 37 

an attenuated bias, however the difference remains statistically significant at the 5% level. Next, 

we explore the underlying distributions of individuals and teams to better understand the 

differences in belief formation. 

 

Distributions of INDIVIDUAL and TEAM, Figure 2 and Figure 3.  Figure 2 shows kernel density 

estimates of the distribution of naïveté parameters for both the Correlated and the Uncorrelated 

conditions in the INDIVIDUAL treatment. Figure 3 illustrates the same comparison for the TEAM 

treatment. Consistent with EZ19, there is a density spike around zero in Figure 2 and Figure 3 for 

the Uncorrelated condition, indicating that the majority of subjects behave approximately 

rationally. This pattern holds for both the INDIVIDUAL and TEAM treatments. The Correlated 

condition, however, exhibits substantial heterogeneity. The Correlated INDIVIDUAL treatment 

has two main peaks around the rational benchmark (𝜒=0) and around full neglect (i.e. 𝜒=1).  This 

suggests the presence of different updating types – in particular, one of full correlation neglect. A 

two-sample Kolmogorov-Smirnov test for equality of distributions between Correlated and 

Uncorrelated, conditional on INDIVIDUAL, rejects the hypothesis that the two distributions are 

the same (Uncorrelated<Correlated, D=0.4096, p=0.002), and is suggestive of correlation neglect 

among individuals. Team beliefs in the Correlated condition exhibit a similar bimodal pattern to 

individuals, suggestive of rational and naïve updating types. However, there are differences worth 

noting. The second peak of the Correlated TEAM distribution (Figure 3) appears to be centred 

around 𝜒=0.75. Visually, it is left-shifted when compared to the second peak of Correlated 

INDIVIDUAL, which is centred around 𝜒=1 (full neglect). A two-sample Kolmogorov-Smirnov 

test for equality of distributions between Correlated and Uncorrelated, conditional on TEAM, 

fails to reject the hypothesis that the distributions are the same at the 5% level 

(Uncorrelated<Correlated, D=0.2797, p=0.070). Finally, we conduct two-sample Kolmogorov-

Smirnov tests for equality of distributions between INDIVIDUAL and TEAM, conditional of 

Correlated or Uncorrelated. For Correlated, the distribution of TEAM is closer to rational (zero) 

than INDIVIDUAL, though not significant at the 5% level (TEAM<INDIVIDUAL, D=-0.2703, 

p=0.078).16 Reassuringly, for Uncorrelated, the distribution of TEAM is indistinguishable from 

the distribution of INDIVIDUAL (TEAM<INDIVIDUAL, D=-0.0769, p=0.804).   

 

 
16 Potentially due to small sample size. 
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Notes. The two kernels show the distributions of naïveté in the Correlated and Uncorrelated conditions for the 
INDIVIDUAL treatment. 

FIGURE 2 

Kernel density estimates of median naïveté parameters for individuals 

 

 

 
Notes. The two kernels show the distributions of naïveté in the Correlated and Uncorrelated conditions for the TEAM 

treatment. 

 FIGURE 3 

Kernel density estimates of median naïveté parameters for teams 
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Result 1: Team beliefs exhibit a similar bimodal pattern to individuals, suggestive of rational and 

(to a lesser extent) naïve belief updating types.   

 

Team composition matters, Table 4 Column (4) and Figure 4. In Column (4), the Correlated 

dummy variable loses statistical significance and is close to zero after we control for the team 

composition. We expected substantial heterogeneity in the composition of teams. We examine 

team composition according to our classification specified above in Section 2.4. Using the Part 1 

individual naïveté measure, which we call prechi, the first individual member of a team (Player 1) 

is classified as rational if the abs(prechi) < 0.5 and naïve otherwise. Likewise, the second member 

of a team (Player 2) is classified as rational if abs(other_prechi) < 0.5, and naïve otherwise. We 

take the average prechi for the team of two and compare this to prechi for individuals. The 

distribution of prechi is indistinguishable between individuals and teams at the 5% level (Two-

sample Wilcoxon rank-sum test, z=-1.785, p=0.0743). We generated the variable team score, 

which takes on the following values: 0 if the team has two naïve subjects (19.12% of teams), 1 if 

a single subject is rational (50% of teams), and 2 if both subjects are rational (30.88% of teams). 

Table 5 shows the percentage of individuals classified as rational or naïve according to this Part 1 

assessment used to classify our teams. Compared to teams with two naïve members, teams with at 

least one rational member form significantly more rational beliefs.  

 

This heterogeneity is apparent in the density plots of Figure 4, which show that teams with two 

naïve members are demonstrably more likely to suffer correlation neglect than teams with at least 

one rational member (Two-sample Kolmogorov-Smirnov test, D=-0.7619, p<0.001). Column (4) 

in Table 4 suggests that one rational team member is sufficient to make beliefs significantly more 

rational, compared to teams with two naïve members. Having at least one rational team member 

reduces naïveté by about 0.5 units of 𝜒. Assuming that group interactions are neutral, the group 

should be able to reach a correct answer if at least one member proposes it. Failure to reach the 

Lorge-Solomon baseline indicates that interactions actually make teams perform worse than their 

members would do acting on their own (Cooper and Kagel, 2005). Figure 4 and Table 4 Column 

(4) shows that having just 1 rational team member is sufficient to reduce naïveté. This suggests an 

advantage of team decision-making in a heterogeneous population since there is a high chance that 

a naïve individual will be paired with a rational teammate, improving the joint rationality of beliefs.    
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INDIVIDUAL versus TEAM, Table 4 Column (5). In Column (5), the treatment dummy for TEAM 

is small and not significant. This indicates in aggregate there was no significant statistical 

difference between the naïveté of individuals and teams in the full sample.  

 

TABLE 4 

Heterogeneity in correlation neglect 

 
Notes. OLS estimates, robust standard errors (clustered at subject level) in parentheses. The table analyses the 
determinants and correlates of subjects’ naïveté as implied in each of the 10 beliefs. In columns (1)-(2), observations 
include all subjects from the Correlated and Uncorrelated conditions in the INDIVIDUAL treatment. In columns (3)-
(4), observations include all subjects from the Correlated and Uncorrelated conditions in the TEAM treatment. In 
column (5), the sample includes all subjects from the full sample. In columns (6)-(8), observations include subjects 
from Correlated conditions only. Additional controls include age, gender, monthly income, GPA, last math grade, 
marital status fixed effects, and task fixed effects. All regressions exclude extreme outliers with the absolute value of 
𝜒 > 3. Significance is starred, * p < 0.10, **p < 0.05, ***p < 0.01. 
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TABLE 5 

Distribution of (Part 1) prechi naïveté and response times  

 
Notes. This table shows the percentage distribution of the sample that can be classified as “prechi rational”, i.e. 
absolute value of prechi<0.5, according to our innovation of the pre-task assessment used to examine heterogeneity 
in the composition of teams. For teams, we take the average prechi of the individual team members. We examine the 
same prechi (Part 1) measure amongst individuals to check that the randomisation was successful. The table also 
shows average response times in minutes as a proxy for cognitive effort and breaks it down for the three different 
types of teams: naïve+naïve, naïve+rational, and rational+rational.   
 

 

 
Notes. The three kernels densities show the distributions of naïveté in the Correlated condition for the TEAM 
treatment. Before the 10 joint tasks, each subject completed an individual belief formation task, and the implied naïveté 
of the belief was computed. Rational = 1 if abs(prechi) < 0.5, 0 otherwise. Teams were given a team score: = 0 if both 
members were naïve, = 1 if one member was naïve and the other rational, and  = 2 if both were rational. 

 

FIGURE 4 

Kernel density estimates of median naïveté parameters for teams 
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Result 2: Team decision-making with one or two rational members leads to significantly more 

rational beliefs than teams with only naïve members, and individual decision-making, respectively. 

 

3.3. Cognitive effort  

 

Table 4 Columns (6)-(7) show that response time, a proxy for cognitive effort, is significantly 

associated with individuals forming more rational beliefs in the Correlated treatment. This is 

consistent with EZ19. We explore cognitive effort as a mechanism for why teams with at least one 

rational member perform better than individuals. Column (8) shows that in the Correlated 

condition teams with 2 naïve members do not spend more cognitive effort than individuals on 

average, but teams with at least one rational member do expend more effort. In Column (8), the 

three coefficients on “TEAM =…” are jointly significantly different from zero, F(3, 69)=17.85, 

p<0.001. The coefficient on “TEAM=naïve+naïve” is not significantly different from zero, F(1, 

69) = 0.08, p=0.77. The coefficients for “TEAM=naïve+naïve” and “TEAM=rational+naïve” are 

not equal, F(1, 69)=7.78, p=0.007. The coefficients for “TEAM=rational+naïve” and 

“TEAM=rational+rational” are likewise not equal, F(1, 69)=7.86, p=0.007. This heterogeneity in 

cognitive effort between the different groups can also be seen visually in Figure 5. Table 5 shows 

the average response times. If we consider the Correlated condition only, individuals spent about 

27 minutes on task while teams spent about 36 minutes, considerably longer on average. In the 

Correlated condition, compared to teams with two naïve members who spent about 29 minutes on 

task, teams with one rational member spent about 10 extra minutes, and teams with two rational 

members spent about 20 extra minutes to reach a decision. Thus, having at least one rational 

member on the team is associated with greater cognitive effort.  
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Notes. The four box plots show the distribution of response time (minutes) in the Correlated condition – which faced 
the problem of correlated information – for the INDIVIDUAL and TEAM treatment; in particular, teams with 2 naïve 
members, 1 rational and 1 naïve member, and 2 rational members, respectively. The Part 1 proxy for individual naïveté 
was used to classify team composition.  

FIGURE 5 

Box plots of response time for individuals and teams of varying composition 

 

Result 3: Teams with at least one rational member spend significantly more cognitive effort on 

the estimation tasks than teams with only naïve members, and individuals, respectively. 

 

3.4. Decision process: Analysis of the chat text messages  

 

So far, we have established that there are significant differences between Correlated and 

Uncorrelated conditions for individuals and teams, respectively; secondly, that team beliefs 

converge more towards rational than individual beliefs; thirdly, that beliefs are bimodally 

distributed suggestive of different types, i.e. rational and full neglect belief types; fourthly, that 

communication plays a role, evident in differences in longer response times when there is a rational 

team member present. These findings prompt identifying in the chat content what kind of 

communication influences the naïveté of beliefs formed by teams. 

 

We analysed the chat text between teammates to understand the deliberation process. We read 

through parts of the dialogues and identified the 12 categories of interest in Table 6. An 
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independent research assistant coded the chats, and the researchers double-checked and resolved 

ambiguous cases. Table 6 provides descriptive statistics of the categories that communications 

tended to be characterised by. We refer to a single message or communication of text between 

teammates in the chatbox as a “comm”. In our sample of 68 teams, 41% signalled poor math 

ability17 at least once in 10 rounds. All teams asked at least one question, with an average of 13 

questions.18 All teams made statements of agreement; 15 of such comms on average.19 

Disagreement characterised only 26% of teams, with an average of less than one disagreement per 

team. This lack of disagreement is surprising and may suggest that, in the case of mixed teams 

with only one rational player, the naïve partner tended to defer to her rational counterpart. 96% of 

teams made comms of computational logic, with an average of 18 such comms, varying widely 

from 0 to 67 comms.20 In addition, 62% of teams mentioned an outlier. Such findings suggest that 

more than half of teams were uncertain of the description of the true state of the world and 

unconvinced about the independence of the four signals, despite a transparent data-generating 

process provided in the instructions. More teams mentioned an outlier in Uncorrelated (66%) than 

Correlated (58%). 54% of teams with two naïve members mentioned an outlier, while 64% of 

teams with at least one rational member mentioned an outlier. Such impressions could not have 

been captured in the original experiment and imply that biased beliefs observed may represent 

something besides correlation neglect. One explanation for this may be collective statistical 

illiteracy. Future research could examine the validity of the Enke-Zimmermann model of 

correlation neglect.  

 

46.15% of teams with two naïve members signalled poor math ability or lack of confidence, while 

44% of teams with one rational member, and 33% of teams with two rational members, signalled 

lack of confidence, respectively. This is aligned with our expectation that naïve individuals are 

less confident about their ability to identify and solve the problem of correlation neglect than 

rational individuals. Teams with one rational member made 23 comms characterised as 

computational logic statements, while teams with two naïve members and teams with two rational 

members made 13 such comms on average.  

 
17 E.g.“ich vertraue meinem Mathe-Denken nicht“ (I don’t trust my math). 
18 E.g. “oki sollen wir das eingeben? odeer hast du n vorschlag?” (Should we enter that? Or do you have a suggestion?) 
19 E.g. “yes”, “ok”, “sounds good”, “perfect!” 
20 E.g. “hello, I would like to say we calculate B, C, and D and then make an estimate”. 
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TABLE 6 

Average frequency of types of communications between teams over 10 rounds 

 
 
Notes. This table considers the types of communications (comms) between teams. The data have been pooled across 
the 10 tasks. We report the average, standard deviation, and minimum and maximum number of types of statements 
sent from one teammate to another. The rational interval considered is the rational belief +/- 5%. The last column on 
the right shows the percentage of teams that made at least one comm in this category over the 10 tasks. 
 

 

Figure 6 shows a histogram of the distribution of all pooled communications over the experiment 

for all teams. The highest percentage of comms occurred at the beginning of the tasks. “-1” in the 

bar chart refers to the 1-minute introduction period that we provided before the 10 estimation tasks 

where teams could introduce themselves and familiarize using the freeform instant message chat. 

They could not exchange messages during the Part 1 individual proxy of naïveté.  
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Notes. The histogram shows the distribution of the full sample of chat data chronologically over the 10 tasks (Part 2). 
Chat only began after Part 1 was completed individually. Part 2 was preceded by the 1-minute introduction period 
(labelled -1). Teams faced the 10 tasks in randomised order, so not all teams completed the same estimation task in 
Task 1, for example.  

FIGURE 6 

The distribution of communications sent over the experiment 

 

 

Figure 7 shows the distribution of proposals made to teammates that were inside or outside a 

rational interval of +/- 5% from the rational belief. The top three graphs show how teams with 

different compositions approach Uncorrelated, while the bottom three graphs show how teams 

approach Correlated. Teams with two naïve members make more than twice as many proposals 

outside the rational interval as inside the rational interval when faced with Correlated information. 

Interestingly, teams with two naïve members also make many more proposals outside the rational 

interval, even without the problem of correlated information. This suggests that collective 

statistical illiteracy may drive some of the results. Teams with at least one rational member do not 

seem to systematically misunderstand the experimental instructions for Uncorrelated in the same 

manner (see top row). In Correlated (bottom row), as the number of rational team members 

increases, so the number of proposals inside the rational interval increases, and proposals outside 

the rational interval tend to decrease.  
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Note. The bar chart shows the frequency of comms characterised by proposals outside and inside an interval around 
the rational belief, mapped chronologically over the 10 tasks.  

 

FIGURE 7 

Proposals inside/outside a rational interval of +/-5% by Correlated/Uncorrelated and team 

composition 

 

 

Figure 8 shows bar graphs of two categories: comms that were coded as computational logic or 

comms that mentioned an outlier. In Correlated (bottom row), teams with at least one rational 

member send more comms of computational logic than teams with only naïve members and are 

compared to similar teams in Uncorrelated (top row). We further explore mentions of outliers in 

Uncorrelated to see which teams systematically misunderstood the data generating process. We 

find that teams with two naïve members in the Uncorrelated condition make the most of such 

comms. This supports the hypothesis of collective statistical illiteracy driving some of the results 

rather than correlation neglect.  
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Notes. The bar chart shows the frequency of communications characterised by computational logic and mention of an 
outlier chronologically over the 10 tasks, where 1 refers to the first task, and 10 refers to the last task completed. 

 

FIGURE 8 

Distribution of communications: computational logic and questions to teammate 

 

Table 7 shows OLS models of the influence of different kinds of comms on team performance, as 

measured by the dependent variable naïveté 𝜒. Model 1 considers each of the 10 tasks separately. 

For example, in Column (1), we consider only the naïveté 𝜒 of the belief formed in Task 1 and the 

comms from Task 1. Similarly, Column (5) considers only the naïveté 𝜒 of Task 5 and the comms 

during Task 5. In Table 7 Panel A, the comms explanatory variables are binary, i.e. =1 if a type of 

comm was coded to be present, =0 otherwise. In Panel A, the correlation neglect coefficient is not 

significant in any of the 10 tasks. Having at least one rational team member is associated with 

forming significantly more rational beliefs in 4/10 tasks (rational benchmark is 𝜒=0). Of interest 

is the binary explanatory variables for the comms. A subject signalling lack of confidence in the 

math was significantly associated with the team forming a more rational belief in 2/10 tasks. 

Agreement comms were significantly associated with more rational beliefs in 2/10 tasks. However, 

disagreement comms significantly predicted greater rationality of team belief in 4/10 tasks. 

Mention of an outlier was significantly associated with greater naïveté in 1/10 tasks. Proposals 
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inside the rational interval were significantly associated with teams forming more rational beliefs 

in 4/10 tasks. 

 

TABLE 7  

Panel A. Model 1: Task-by-task influence of team comms on naïveté of team belief  

Binary dummy variables for types of comms 

 
Notes. Each of the comms explanatory variables is binary = 1 if the category was coded in the text, 0 otherwise. OLS 
estimates, robust standard errors (clustered at team level) in parentheses. The table analyses the sample of teams only. 
In particular, the influence of different types of communications on naïveté as implied in each of the 10 beliefs. All 
regressions exclude extreme outliers with the absolute value of 𝜒 > 3. Significance is starred. * p < 0.10, **p < 0.05, 
***p < 0.01  

 

In Table 7 Panel B, the comms explanatory variables are continuous and count the number of types 

of comms made in a particular task. For example, in Task 2 (column 2), asking one or more 

questions of a partner is associated with a reduction in naïveté of 0.11 units of 𝜒. Having at least 

one rational member in the team is associated with significantly more rational beliefs in 6/10 tasks. 
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Making more suggestions inside the rational interval led to significantly more rational beliefs being 

formed in 5/10 tasks. 

 

TABLE 7  

Panel B. Model 1: Task-by-task influence of team comms on naïveté of team belief 

Continuous variables for types of comms 

 
Notes. Each of the comms explanatory variables is continuous, taking into account the number of times that a particular 
category (e.g. signalled bad at math) was made by a teammate in that task. OLS estimates, robust standard errors 
(clustered at team level) in parentheses. The table analyses the sample of teams only. In particular, the influence of 
different types of communications on naïveté as implied in each of the 10 beliefs. All regressions exclude extreme 
outliers with the absolute value of 𝜒 > 3. Significance is starred. * p < 0.10, **p < 0.05, ***p < 0.01  
 

Table 8 shows the results of Model 2, an alternative approach to analysing the influence of types 

of comms. For Model 2, we generate 10 dependent variables for naïveté_chi (e.g. naïveté_chi_5 

for Task 5 etc.), that take on the value of naïveté_chi in each task, and missing otherwise (e.g. 

naïveté_chi_5 took on a missing value for Tasks 1-4 and Tasks 6-10). In Model 2, OLS regressions 
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model the influence of cumulative comms in all tasks up to that point on naïveté. For example, the 

model of Task 5 considered the influence of comms in Tasks 1-5 on naïveté_chi_5. An increase in 

cumulative disagreement comms leads to a reduction in naïveté of 0.3 units of  𝜒 in Task 6 and 

Task 8.  Both cumulative disagreement and having at least one rational member on the team are 

associated with forming more rational beliefs. Types of communications such as disagreement 

provide insight into the advantage of team decision-making given the random assignment to teams 

and heterogeneous distribution of rational and naïve individuals.    

 

TABLE 8 

Model 2: Influence of accumulated team comms on naïveté of team belief 

Continuous cumulative variables for types of comms 

 
Notes. OLS estimates, robust standard errors (clustered at subject level) in parentheses. The table analyses the sample 
of teams only. In particular, the influence of all accumulated communications in previous tasks on the dependent 
variable: naïveté of a team belief. For example, the model of Task 5 naïveté considers the influence of comms 
accumulated in Task 1-5. All regressions exclude extreme outliers with the absolute value of 𝜒 > 3. * p < 0.10, **p < 
0.05, ***p < 0.01.  
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4. CONCLUSION 

 

Previous research considers how individuals respond to information structures that generate 

correlated rather than independent signals (Enke and Zimmermann, 2019). Our contribution shows 

that team decision-making ameliorates this bias, generating more rational beliefs in a setting where 

individuals tend to exhibit substantial correlation neglect. We established that (1) there are 

significant differences between Correlated and Uncorrelated for individuals and teams, 

respectively; (2) on average, team beliefs converged more often towards the rational belief than 

individual beliefs; (3) pairs with at least one rational member formed significantly more rational 

beliefs than teams with two naïve members; and (4) communication plays a role, evident in 

differences in longer response times when there is a rational team member present. These findings 

prompt identifying in the chat content that factors teams’ performance. In particular, what kind of 

communication influences the naïveté of beliefs formed by teams? Teams tend to chat the most at 

the beginning of the ten tasks with the majority of communications characterised as computational 

logic. Teams with at least one rational member exchange significantly more communication coded 

as computational logic, which explains their longer response times compared to teams with two 

naïve members. An insight into the decision-making process is that naïve team members are more 

likely to signal a lack of confidence in their ability to solve the correlation problem. They are also 

more likely to misunderstand the transparent data generating process, illustrated by mentions of 

outliers in the control treatment Uncorrelated. Since having at least one rational member is 

sufficient to attenuate the bias, this shows that the naïve team member tends to defer to her more 

rational partner. We find evidence that team decision-making can be a practicable policy to reduce 

the cognitive bias of correlation neglect in belief formation. 
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5. APPENDICES 

 

A.  Order of Belief Formation Tasks in Main Treatments 
 
This is kept the same as EZ19 (Online Appendix) for the purposes of replication. All belief 

elicitation treatments are implemented in three different randomised orders of rounds. Ordered by 

true state, they are as follows: 

 

1. 10000, 88, 46422, 4698, 250, 23112, 1000, 10, 7338, 732 

2. 732, 23112, 88, 1000, 250, 4698, 10, 7338, 10000, 46422 

3. 250, 7338, 10000, 10, 4698, 88, 46422, 732, 1000, 23112 

 

B. Instructions for TEAM Correlated Treatment  

 
Instructions (to be handed out to participants in hard copy)  
 
You will now take part in an economic experiment. You will receive an amount of 5 euros for your 
participation in the experiment. This will be paid to you at the end of the experiment. You can earn 
additional money, which is also paid out at the end of the experiment. How much you earn depends on your 
decisions. In this experiment we will talk about points. The points you collect during the experiment are 
exchanged for euros and paid out at the end of the experiment. Talking to other participants is not allowed 
during the experiment. If you have any questions, you can raise your arm outside the booth and the 
experimenter will attempt to answer your questions. 
 
Your task: 
In this experiment you have to solve eleven guessing tasks. In Part 1 you have to solve one guessing task 
alone and in part 2 you have to solve ten guessing tasks together with a randomly selected partner in 
the team. These tasks require you to estimate how many objects are in a given imaginary container. These 
objects can be, for example, peas in a vase or stones in a jar. All estimation tasks are different and 
completely independent of each other. Your earnings depend on how accurately you estimate, that is, how 
close your estimate is to the actual number of objects in the container. At the end of the experiment, the 
guess from part 1 and a randomly chosen guess from part 2 will be payable and you will be paid based on 
the accuracy of your guesses in the tasks. This is explained in more detail in the following pages. 
 
Your decision: 
See the final page for a screenshot of the decision screen. You can enter a number by typing the number in 
the blue box. A decision is not valid until you have confirmed the estimate entered. 
 
Procedure for the individual estimation tasks: 
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You are given a total of 7 minutes for each of the 11 estimation tasks. After the individual estimation, the 
start of the team part will be announced. In the team section, after 5 minutes you will receive a message on 
the screen that you only have 2 minutes to make your decision. For both team members, this means that a 
decision must be confirmed (click confirmation button) after a maximum of 7 minutes in order to have a 
valid estimate. However, you can also move on to the next estimation task at any time beforehand, provided 
that you have submitted a valid estimation. 
 
Team decisions in part 2: 
For these estimation tasks, you are randomly paired with another participant (always the same person). You 
and your team partner can communicate with each other (anonymous team chat). Both team members see 
the same screen and numbers (see last page) but have to enter estimates individually. You can enter a 
number by typing the number in the blue field (your guess: the jar contained the following number of items) 
and clicking the "OK" button. You can change the number by entering a new number and clicking OK. At 
the end of each estimation task, your team must have made a decision (= both team partners have entered 
the same estimation individually). To finally confirm a number as a team decision, one of you must click 
the "Confirm Estimation Task" button. A number cannot be confirmed until both team members have 
entered the same number with "OK". If your team's entered estimates do not match, you will receive 
information on the screen. 
 
Team chat: 
In each task, you and your partner can talk via chat, which is only visible to your team. The chat is 
displayed in the lower half of the screen for all tasks. You send a message by typing the text in the blue line 
and then confirming with the "Enter" key. The message is then immediately visible to you and your partner 
in the chat history. The chat history is emptied after each guess task. 
No threats or insults may be uttered in the chat and no information may be disclosed that allows 
conclusions to be drawn about your identity (e.g. name or seat number). 
 
Your earnings: 
In addition to your show up fee payment, you will be paid based on the accuracy of your estimates. In this 
experiment we will talk about points. 100 points correspond to 2 euros in part 1 (individual estimation) and 
10 euros in part 2 (team estimations). The points you collect during the experiment are exchanged for euros 
and are also paid out at the end of the experiment. You get more money the closer your estimate is to the 
actual number of items in the bin. Your individual estimate and a randomly selected estimation task (from 
a total of 10 estimates) from part 2 (team estimates) are relevant for the payment. This means each team 
estimate is potentially relevant to your payment, so you should think carefully about each task. You can 
earn a maximum of 100 points per task. In the team part, the 100 points are to be understood per person, 
which means that the payout for each team member is calculated according to the formula below. 
You get these 100 points if you guess the number of objects correctly. The further your estimate is from the 
actual number, the less you will earn. This is determined using the following formula: 
 
Payment = 100-0.16×(percentage deviation of appraised value from real value)2 
 
This means that the percentage deviation (in percent) between your estimate and the true value is squared 
and multiplied by 0.16. This number is then subtracted from the maximum earning of 100 points. Although 
this formula looks complicated, the underlying principle is very simple: the smaller the difference between 
your estimate and the true value, the larger your profit. However, your earnings can never be less than zero, 
i.e., you cannot lose money. 
 
Consider the following example: Suppose said container contains 650 objects. You will then get the 
following number of points depending on your guess: 
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Estimate 0 → deviation 100% → earns 0 points 
Estimate 520 → deviation 20% → earns 36 points 
Estimate 585 → deviation 10% → earns 84 points 
Estimate 650 → deviation 0% → earns 100 points 
Estimate 715 → deviation 10% → earns 84 points 
Estimate 780 → deviation 20% → earns 36 points 
Estimate 1300 → deviation 100% → earns 0 points 

 
You see that your earnings depend only on the percentage deviation. For example, it doesn't matter if you 
overestimate or underestimate the true contents of the container by 10 items. 
 
Information regarding the estimation tasks: You will not see any of the estimation tasks, i.e. You won't 
see any of these imaginary containers. Instead, you receive various computer-generated information about 
the correct estimation result for each estimation task. For each task, you see this information and then enter 
your own estimate. The information you will receive is explained in detail below. 
On computers, we simulate devices that solve exactly the same guessing tasks as you. There are two 
different types of devices. On the one hand there are devices that themselves give an estimate of the contents 
of the containers (these devices are called measuring devices and are identified by letters). On the other 
hand, there are devices that observe the estimates of the measuring devices and calculate their own estimate 
based on these reports (these devices are called communication devices and are identified by numbers). For 
each estimation task, 10,000 computers (measuring devices) made their own estimates; the estimates of 
these devices are completely independent of each other. The measuring devices all have the same quality, 
i.e., they are equally good at estimating. Note that these devices are good at solving these guessing tasks. 
So if these devices determined many estimates, then the average of those estimates would be correct. 
 
So while almost every single guess contains an error, the average of those 10,000 guesses is correct (or very 
accurate). In addition, many estimates are relatively close to the true value. Below is an illustrative example 
in the summary. 
 
Summary: 
 
(1) The measuring devices make mistakes, but the estimate is much more likely to be close to the true value 
than to be far from it. 
 
(2) The average of these 10,000 estimates is correct. This means that the devices are correct (or very 
accurate) on average. Below we present an example. 
 
Suppose the container contains 650 objects. The following figure illustrates how often the 10,000 measuring 
devices give which estimate. You can see that the frequency (frequency) increases as you approach the 
centre of the bell curve (the true value is 650). Therefore, it is much more likely that an estimate approaches 
the true value rather than deviating greatly from it. Also, you can deduce that the average of all estimates 
is 650, which is correct. 
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Figure 1: Sample computer estimates for a bin containing 650 items 

 
For each estimation task, a computer randomly selects the estimates from exactly four measuring devices 
(A, B, C, D) from these 10,000 estimates. These four estimates are completely independent of each other. 
In addition to the measuring devices, there are three other communication devices (1, 2, 3). These 
communication devices do not determine their own estimation. Rather, they always observe two measuring 
devices and calculate an estimate from these estimates. More specifically, they do this by averaging these 
two estimates. You will get the following information as described in Figure 2. 
 

 
 
Figure 2: The four measuring devices determine their own estimates. The three communication devices 
receive the estimate of measuring device A and another measuring device as described by the arrows. They 
calculate their own estimate by averaging the two estimates. You can see the estimate of measuring device 
A as well as the three communication devices. 
 
This means that you get the following information: You get the estimate of measuring device A as well as 
the estimates of all communication devices. As shown in Figure 2, each communication device sees the 
estimates of measuring device A and another measuring device. As you can see, communicator 1 receives 
the estimates from measuring devices A and B. Communicator 2 sees the estimates from measuring devices 
A and C. Communicator 3 sees the estimates from measuring devices A and D. As discussed earlier, the 
communicators average of these two estimates and report that average as their estimate. 
 
An example: 
You get the estimate of measuring device A, as well as the estimates of communicators 1, 2, and 3. The 
following simple example illustrates this. Above, we showed you the 10,000 estimates for the 650-object 

Participant 
(You) 
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container. Now imagine that from these estimates, a computer randomly selects the following estimates 
from the estimators: 
 
Measuring device A: 810 
Measuring device B: 126 
Measuring device C: 1078 
Measuring device D: 937 
 
As described above, the communication devices take the average of two of these estimates. You then get 
the following estimates: 
 
Communication device 1: 468 
Communication device 2: 944 
Communication device 3: 873.5 
  
So for this guessing task, you would see the following information on your computer screen (see Figure 3): 
 

 
Figure 3: Example screenshot 

 
 
IMPORTANT! 
Confirm chat entries with the Enter key on the keyboard. 
 
Both team members see the same numbers. 
 
Each round, they enter estimates individually by clicking the "OK" button. A new number can be entered 
by clicking "OK" again. 
 
If you and your team partner agree, confirm the number with the "confirmation button". 
Confirmation is only possible if the individual estimates are identical. 
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Please read these instructions carefully again. The experimenter will shortly read a summary of the 
instructions. You will then answer a series of control questions on the computer to ensure that you have 
understood the instructions. 
 
 
 
 

C. Instructions for TEAM Uncorrelated 
 

Notes: The instructions for TEAM Uncorrelated proceed exactly as for TEAM Correlated (see above 
Appendix B) with the exception of the following section below: 
 
For each estimation task, a computer randomly selects the estimates from exactly four measuring devices 
(A, B, C, D) from these 10,000 estimates. These four estimates are completely independent of each other. 
In addition to the measuring devices, there are three other communication devices (1, 2, 3). These 
communication devices do not determine their own estimation. Rather, they are always watching a 
measuring device and reporting that device's estimate. You will get the following information as described 
in Figure 2. 
 

 
 
Figure 2: The four measuring devices determine their own estimates. The three communication devices 
receive a measuring devices estimate as described by the arrows. They calculate their own estimate by 
taking the measuring device's estimate. You can see the estimate of measuring device A as well as the three 
communication devices 1, 2, and 3. 
 
This means that you get the following information: You get the estimate of measuring device A as well as 
the estimates of all communication devices. As shown in Figure 2, each communication device sees a 
measuring device's estimates. As you can see, communicator 1 receives measuring device B's estimate. 
Communicator 2 sees measuring device C's estimate. Communicator 3 sees measuring device D's estimate. 
As previously discussed, communicator reports the estimates of each measuring device. 
 
An example: 
You get the estimate of measuring device A, as well as the estimates of communicators 1, 2, and 3. The 
following simple example illustrates this. Above, we showed you the 10,000 estimates for the 650-object 
container. Now imagine that from these estimates, a computer randomly selects the following estimates 
from the estimators: 
 

Participant 
(You) 
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Measuring device A: 810 
Measuring device B: 126 
Measuring device C: 1078 
Measuring device D: 937 
 
As described above, each communication device reports an estimate of a meter. So they give the following 
estimates: 
 
Communication device 1: 126 
Communication device 2: 1078 
Communication device 3: 937 
  
So for this guessing task, you would see the following information on your computer screen (see Figure 3): 
 

 
Figure 3: Example screenshot 

 
 
 
 

D. Summary of instructions for TEAM treatments only 
 
 
Summary (to be read out loud by an experimenter)  
 

• In this experiment you will be presented with 11 different estimation tasks. 
• Part 1 is an individual decision and Part 2 consists of 10 team decisions. 
• Both team members see the same numbers in the team decisions. 
• At the end of the experiment, the task from Part 1 and one of the 10 rounds from Part 2 will be 

randomly selected to determine your earnings. Your earnings per task depend on how precise your 
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answer was in the guessing task, that is, how close it was to the right value. Since all estimation 
tasks are potentially payout relevant, you should answer carefully in all rounds. 

• You won't actually see the guessing tasks. Instead, you receive computer-generated information 
about the solution to the estimation tasks. 

• The structure of the information is as follows: In each round, four measuring devices that try to 
solve your guessing task are randomly selected. These devices are always equally good at solving 
the task. Each device provides its own estimate. 

• In addition, there are 3 communication devices that process the estimates they observe from the 
estimators and then return an estimate derived from those estimates. 

• Please look again at Figure 2 in your instructions. There you can see which estimates each 
communication device is observing, how they are processed, and how they are incorporated into 
the estimates reported by communication devices. 

• For each estimation task you get the following information: You see the estimation of the measuring 
device A, as well as the estimations of communication devices 1, 2 and 3. 

• After observing this information, you have 7 minutes to think about your own estimate and enter it 
into your computer. 

 
 
 
 

E. Instructions for INDIVIDUAL Correlated treatment 
 
Instructions (to be handed out to participants) 
 
You will now take part in an economic experiment. You will receive an amount of 5 euros for your 
participation in the experiment. This will be paid to you at the end of the experiment. You can earn 
additional money, which is also paid out at the end of the experiment. How much you earn depends on your 
decisions. In this experiment we will talk about points. The points you collect during the experiment are 
exchanged for euros and paid out at the end of the experiment. Talking to other participants is not allowed 
during the experiment. If you have any questions, you can raise your arm outside the booth and the 
experimenter will attempt to answer your questions. 
 
Your task: 
In this experiment you have to solve eleven guessing tasks. In part 1 you have to solve one guessing task 
and then in part 2 ten guessing tasks. These tasks require you to estimate how many objects are in a given 
imaginary container. These objects can be, for example, peas in a vase or stones in a jar. All estimation 
tasks are different and completely independent of each other. Your earnings depend on how accurately you 
estimate, e.g. how close your estimate is to the actual number of objects in the container. At the end of the 
experiment, the guess from part 1 and a randomly chosen guess from part 2 will be payable and you will 
be paid based on the accuracy of your guesses in the tasks. This is explained in more detail on the next 
page. 
 
Your decision: 
See the final page for a screenshot of the decision screen. You can enter a number by typing the number in 
the blue box and clicking the "Next" button. Only click on "Continue" if you really want to send the 
estimate, since no changes can be made afterwards. A decision is only valid once you have confirmed the 
entered estimate with "Next". 
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Procedure for the individual estimation tasks: 
You are given a total of 7 minutes for each estimation task, and after 5 minutes you will receive information 
about the remaining time in the upper right part of the screen. For you, this means that a decision must be 
confirmed after a maximum of 7 minutes in order to have a valid (payout-relevant) estimate. However, you 
can also move on to the next estimation task at any time beforehand, provided that you have submitted a 
valid estimation. 
 
Your earnings: 
In addition to your show up fee earnings, you will be paid based on the accuracy of your estimates. In this 
experiment we will talk about points. 100 points correspond to 2 euros in part 1 and 10 euros in part 2. The 
points that you collect in the course of the experiment are exchanged for euros and are also paid out at the 
end of the experiment. You get more money the closer your estimate is to the actual number of items in the 
bin. Your estimate from Part 1 and a randomly selected estimation task (from a total of 10 estimates) from 
Part 2 are relevant for the payout. This means each estimate is potentially relevant to your payment, so you 
should think carefully about each task. You can earn a maximum of 100 points with one task. You get these 
100 points if you guess the number of objects correctly. The further your estimate is from the actual number, 
the less you will earn. 
This is determined using the following formula (per task): 
 
Payment = 100-0.16×(percentage deviation of estimated value from real value)2 
 
This means that the percentage deviation (in percent) between your estimate and the true value is squared 
and multiplied by 0.16. This number is then subtracted from the maximum earning of 100 points. Although 
this formula looks complicated, the underlying principle is very simple: the smaller the difference between 
your estimate and the true value, the larger your profit. However, your earnings can never be less than zero, 
i.e., You cannot lose money. 
 
Consider the following example: Suppose said container contains 650 objects. You will then get the 
following number of points depending on your guess: 
 

Estimate 0 → deviation 100% → earns 0 points 
Estimate 520 → deviation 20% → earns 36 points 
Estimate 585 → deviation 10% → earns 84 points 
Estimate 650 → deviation 0% → earns 100 points 
Estimate 715 → deviation 10% → earns 84 points 
Estimate 780 → deviation 20% → earns 36 points 
Estimate 1300 → deviation 100% → earns 0 points 

 
You see that your earnings depend only on the percentage deviation. For example, it doesn't matter if you 
overestimate or underestimate the true contents of the container by 10 items. 
 
Information regarding the estimation tasks: You will not see any of the estimation tasks, i.e. You won't 
see any of these imaginary containers. Instead, you receive various computer-generated information about 
the correct estimation result for each estimation task. For each task, you see this information and then enter 
your own estimate. The information you will receive is explained in detail below. 
On computers, we simulate devices that solve exactly the same guessing tasks as you. There are two 
different types of devices. On the one hand there are devices that themselves give an estimate of the contents 
of the containers (these devices are called measuring devices and are identified by letters). On the other 
hand, there are devices that observe the estimates of the measuring devices and calculate their own estimate 
based on these reports (these devices are called communication devices and are identified by numbers). For 
each estimation task, 10,000 computers (measuring devices) made their own estimates; the estimates of 
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these devices are completely independent of each other. The measuring devices all have the same quality, 
i.e., they are equally good at estimating. Note that these measuring devices are good at solving these 
guessing tasks. So if these devices determined many estimates, then the average of those estimates would 
be correct. 
 
So while almost every single guess contains an error, the average of those 10,000 guesses is correct (or very 
accurate). In addition, many estimates are relatively close to the true value. Below is an illustrative example 
in the summary. 
 
Summary: 
 
(1) The measuring devices make mistakes, but the estimate is much more likely to be close to the true value 
than to be far from it. 
(2) The average of these 10,000 estimates is correct. This means that the devices are correct (or very 
accurate) on average. Below we present an example. 
 
Suppose the container contains 650 objects. The following figure illustrates how often the 10,000 measuring 
devices give which estimate. You can see that the frequency (frequency) increases as you approach the 
centre of the bell curve (the true value is 650). Therefore, it is much more likely that an estimate approaches 
the true value rather than deviating greatly from it. Also, you can deduce that the average of all estimates 
is 650, which is correct. 
 

 
Figure 1: Sample computer estimates for a bin containing 650 items 

 
For each estimation task, a computer randomly selects the estimates from exactly four measuring devices 
(A, B, C, D) from these 10,000 estimates. These four estimates are completely independent of each other. 
In addition to the measuring devices, there are three other communication devices (1, 2, 3). These 
communication devices do not determine their own estimation. Rather, they always observe two measuring 
devices and calculate an estimate from these estimates. More specifically, they do this by averaging these 
two estimates. You will get the following information as described in Figure 2. 
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Figure 2: The four measuring devices determine their own estimates. The three communication devices 
receive the estimate of measuring device A and another measuring device as described by the arrows. They 
calculate their own estimate by averaging the two estimates. You can see the estimate of measuring device 
A as well as the three communication devices. 
 
This means that you get the following information: You get the estimate of measuring device A as well as 
the estimates of all communication devices. As shown in Figure 2, each communication device sees the 
estimates of measuring device A and another measuring device. As you can see, communicator 1 receives 
the estimates from measuring devices A and B. Communicator 2 sees the estimates from measuring devices 
A and C. Communicator 3 sees the estimates from measuring devices A and D. As discussed earlier, the 
communicators average of these two estimates and report that average as their estimate. 
 
An example: 
You get the estimate of measuring device A, as well as the estimates of communicators 1, 2, and 3. The 
following simple example illustrates this. Above, we showed you the 10,000 estimates for the 650-object 
container. Now imagine that from these estimates, a computer randomly selects the following estimates 
from the estimators: 
 
Measuring device A: 810 
Measuring device B: 126 
Measuring device C: 1078 
Measuring device D: 937 
 
As described above, the communication devices take the average of two of these estimates. You then get 
the following estimates: 
 
Communication device 1: 468 
Communication device 2: 944 
Communication device 3: 873.5 
  
So for this guessing task, you would see the following information on your computer screen (see Figure 3): 
 

Participant 
(You) 
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Figure 3: example screenshot 

 
Please read these instructions carefully again. The experimenter will shortly read a summary of the 
instructions. You will then answer a series of control questions on the computer to ensure that you have 
understood the instructions. 
 
 

F. Instructions for INDIVIDUAL Uncorrelated 
 

Notes: The instructions for INDIVIDUAL Uncorrelated proceed exactly as for INDIVIDUAL 
Correlated (see above Appendix E) besides the following section below: 
 
For each estimation task, a computer randomly selects the estimates from exactly four measuring devices 
(A, B, C, D) from these 10,000 estimates. These four estimates are completely independent of each other. 
In addition to the measuring devices, there are three other communication devices (1, 2, 3). These 
communication devices do not determine their own estimation. Rather, they are always watching a 
measuring device and reporting that device's estimate. You will get the following information as described 
in Figure 2. 
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Figure 2: The four measuring devices determine their own estimates. The three communication devices 
receive a measuring devices estimate as described by the arrows. They calculate their own estimate by 
taking the measuring device's estimate. You can see the estimate of measuring device A as well as the three 
communication devices 1, 2, and 3. 
 
This means that you get the following information: You get the estimate of measuring device A as well as 
the estimates of all communication devices. As shown in Figure 2, each communication device sees a 
measuring device's estimates. As you can see, communicator 1 receives measuring device B's estimate. 
Communicator 2 sees measuring device C's estimate. Communicator 3 sees measuring device D's estimate. 
As previously discussed, communicator reports the estimates of each measuring device. 
 
An example: 
You get the estimate of measuring device A, as well as the estimates of communicators 1, 2, and 3. The 
following simple example illustrates this. Above, we showed you the 10,000 estimates for the 650-object 
container. Now imagine that from these estimates, a computer randomly selects the following estimates 
from the estimators: 
 
Measuring device A: 810 
Measuring device B: 126 
Measuring device C: 1078 
Measuring device D: 937 
 
As described above, each communication device reports an estimate of a meter. So they give the following 
estimates: 
 
Communication device 1: 126 
Communication device 2: 1078 
Communication device 3: 937 
  
So for this guessing task, you would see the following information on your computer screen (see Figure 3): 
 

Participant 
(You) 
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Figure 3: Example screenshot 

 
 
 

G. Summary of instructions – INDIVIDUAL treatments only 
 
Summary (to be read out loud by an experimenter)  
 

• In this experiment you will be confronted with 11 different estimation tasks. 
• At the end of the experiment, the task from Part 1 and one of the 10 rounds from Part 2 will be 

randomly selected to determine your win. Your earnings per task depend on how accurate your 
answer was in the guessing task, that is, how close it was to the right value. Since all estimation 
tasks are potentially payout relevant, you should answer carefully in all rounds. 

• You won't actually see the guessing tasks. Instead, you receive computer-generated information 
about the solution to the estimation tasks. 

• The structure of the information is as follows: In each round, four measuring devices that try to 
solve your guessing task are randomly selected. These devices are always equally good at solving 
the task. Each device provides its own estimate. 

• In addition, there are three communication devices that process the estimates they observe from the 
estimators and then return an estimate derived from those estimates. 

• Please look again at Figure 2 in your instructions. There you can see which estimates each 
communication device is observing, how they are processed, and how they are incorporated into 
the estimates reported by communication devices. 

• For each estimation task you get the following information: You see the estimation of measuring 
device A as well as the estimations of communication devices 1, 2 and 3. 

• After observing this information, you have 7 minutes to think about your own estimate and enter it 
into your computer. 
 
 



 67 

6. REFERENCES 

 

Adams, R., & Ferreira, D. (2010). Moderation in groups: Evidence from betting on ice break-ups 
in Alaska. Review of Economic Studies, 77, 882–913. Retrieved from 
https://academic.oup.com/restud/article-abstract/77/3/882/1572031 

Agranov, M., Caplin, A., & Tergiman, C. (2015). Naïve play and the process of choice in guessing 
games. Journal of the Economic Science Association, 1(2), 146–157. 
https://doi.org/10.1007/s40881-015-0003-5 

Akerlof, G. A. and Shiller, R. J. (2009). Animal Spirits: How Human Psychology Drives the 
Economy, and Why it Matters for Global Capitalism. Princeton, NJ: Princeton University 
Press. 

Bandiera, O., Barankay, I., & Rasul, I. (2013). Team incentives: Evidence from a firm level 
experiment. Journal of the European Economic Association, 11(5), 1079–1114. Retrieved 
from https://academic.oup.com/jeea/article-abstract/11/5/1079/2315903 

Barahona, R., Cassella, S., & Jansen, K. A. (2021). Do Teams Alleviate or Exacerbate Cognitive 
Biases? Evidence from Extrapolation in Mutual Funds (February 10, 2021). SSRN 

Barber, B. M., Heath, C., & Odean, T. (2003). Good Reasons Sell: Reason-Based Choice Among 
Group and Individual Investors in the Stock Market. Management Science, 49(12), 1636–
1652. https://doi.org/10.1287/mnsc.49.12.1636.25109 

Bénabou, R. (2013). Groupthink: Collective Delusions in Organizations and Markets. The Review 
of Economic Studies, 80(2), 429–462. https://doi.org/10.1093/restud/rds030 

Buffat, J., Praxmarer, M., & Sutter, M. (2020). The Intrinsic Value of Decision Rights: A Note on 
Team vs Individual Decision-Making. MPI Collective Goods Discussion Paper, (2020/30). 

Charness, G., Oprea, R., & Yuksel, S. (2021). How do people choose between biased information 
sources? Evidence from a laboratory experiment. Journal of the European Economic 
Association, 19(3), 1656-1691. 

Cooper, D. J., & Kagel, J. H. (2005). Are Two Heads Better Than One? Team versus Individual 
Play in Signaling Games. American Economic Review, 95(3), 477–509. 
https://doi.org/10.1257/0002828054201431 

Davis, J. H. (1992). Some Compelling Intuitions about Group Consensus Decisions, Theoretical 
and Empirical Research, and Interpersonal Aggregation Phenomena: Selected Examples, 
1950 –1990. Organizational Behavior and Human Decision Processes, 52(1), 3–38. 

DellaVigna, S., & Pope, D. (2018). Predicting experimental results: who knows what?. Journal of 
Political Economy, 126(6), 2410-2456. 

DellaVigna, S., Pope, D., & Vivalt, E. (2019). Predict science to improve science. Science, 
366(6464), 428-429. 

Dennis, A. R., & Valacich, J. S. (1994). Group, sub-group, and nominal group idea generation: 
New rules for a new media?. Journal of Management, 20(4), 723-736. 

Enke, B. (2020). What you see is all there is. The Quarterly Journal of Economics, 135(3), 1363-
1398. 

Fischbacher, U. (2007). z-Tree: Zurich toolbox for ready-made economic experiments. 
Experimental Economics, 10(2), 171-178. 

Greiner, B. (2004). The Online Recruitment System ORSEE. University of Cologne (No. 10). 
Working Paper. 

Houghton, S. M., Simon, M., Aquino, K., & Goldberg, C. B. (2000). No safety in numbers: 



 68 

Persistence of biases and their effects on team risk perception and team decision 
making. Group & Organization Management, 25(4), 325-353. 

Kocher, M. G., Praxmarer, M., & Sutter, M. (2020). Team Decision-Making. Handbook of Labor, 
Human Resources and Population Economics, 1-25. 

Kocher, M., Strauß, S., & Sutter, M. (2006). Individual or team decision-making—causes and 
consequences of self-selection. Games and Economic Behavior, 56(2), 259-270. 

Kocher, M. G., & Sutter, M. (2005). The decision maker matters: Individual versus group 
behaviour in experimental beauty‐contest games. The Economic Journal, 115(500), 200-
223. 

Lehner, P., Seyed-Solorforough, M. M., O'Connor, M. F., Sak, S., & Mullin, T. (1997). Cognitive 
biases and time stress in team decision making. IEEE Transactions on Systems, Man, and 
Cybernetics-Part A: Systems and Humans, 27(5), 698-703. 

Luhan, W. J., Kocher, M. G., & Sutter, M. (2009). Group polarization in the team dictator game 
reconsidered. Experimental Economics, 12(1), 26–41. https://doi.org/10.1007/s10683-007-
9188-7 

Maciejovsky, B., & Budescu, D. (2007). Collective induction without cooperation? Learning and 
knowledge transfer in cooperative groups and competitive auctions. Journal of Personality 
and Social Psychology, 92(5), 854. Retrieved from https://psycnet.apa.org/record/2007-
06231-007 

Mancuso, V. F., Finomore, V. S., Rahill, K. M., Blair, E. A., & Funke, G. J. (2014, September). 
Effects of cognitive biases on distributed team decision making. In Proceedings of the 
Human Factors and Ergonomics Society Annual Meeting (Vol. 58, No. 1, pp. 405-409). 
Sage CA: Los Angeles, CA: SAGE Publications. 

Minas, R. K., Potter, R. F., Dennis, A. R., Bartelt, V., & Bae, S. (2014). Putting on the thinking 
cap: using NeuroIS to understand information processing biases in virtual teams. Journal 
of Management Information Systems, 30(4), 49-82. 

Monteiro, S. (forthcoming). Visual representation training to debias selection neglect in individual 
belief formation. Working paper. 

Selten, R. (1998). Axiomatic characterization of the quadratic scoring rule. Experimental 
Economics, 1(1), 43-61. 

Sutter, M. (2007). Are teams prone to myopic loss aversion? An experimental study on individual 
versus team investment behavior. Economics Letters, 97(2), 128–132. Retrieved from 
https://www.sciencedirect.com/science/article/pii/S0165176507000699 

 

 

 

 

 

 

 



 69 

Chapter 2. Visual representation training to debias selection neglect 

in belief formation 
 

Sofia Monteiro* 

 

Max Planck Institute for Research on Collective Goods, Bonn 

University of Cologne 

 

 

Abstract. This paper tests whether instructing participants in a novel Bayesian reasoning exercise 

increases the proportion of Bayesian updaters in a setting of selection neglect; a series of estimation 

tasks in which a substantial proportion of people have been shown to neglect the problem of 

selected information. The exercise comprises a story of a dice game played between each 

participant and a fictitious person, and uses visual representation and experience sampling. In an 

online experiment, I replicate laboratory results demonstrating selection neglect in the median 

regressions. The results were not robust to Ordinary Least Squares (OLS) winsorised and OLS 

trimmed models. The treatment significantly attenuates the bias, but there is only weak evidence 

for this. This is the first test of visual representation training in an incentivised belief formation 

setting.  
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1. INTRODUCTION 

 

Visual art uses both actual and implied volume.21 “Positive space” refers to the space of the defined 

shape, while “negative space” describes the space around shapes and figures. Shape, volume, and 

space, whether actual or implied, are the foundation of the perception of reality. On social media 

platforms, such as Instagram, the stories we do not “see” can be just as influential on the picture 

we form about the world even though they fade into the background as implicit information. 

Information, whether as art or virtual “stories”, has to compete for our limited attention. We 

commonly face a problem of selected information, and presentation can distort our perception of 

reality. A social media algorithm – aiming to optimise engagement with the platform – faces a 

budget constraint on what it can show us in the first few posts that we scroll through. Consequently, 

it prioritises the types of subjects with which we have previously engaged. To form a rational 

perception of reality, we have to draw inferences from the “absence” of information or the 

“negative space”.  

 

I use Enke’s (2020) paper as a framework with which to further study the problem of selection 

neglect with an online sample and how one might go about debiasing beliefs with a practical 

treatment. In the laboratory, he observes that participants often form beliefs that reflect a complete 

neglect of the selected information problem. His paper provides a theoretical and empirical basis 

for the notion that some people use a “misspecified mental model” of the environment, namely, 

“what you see is all there is”. A subject’s mental model describes the way they set up, rather than 

solve, the problem of calculating posterior beliefs from the information that is revealed to them 

after initially having formed a prior belief about the state of the world.  

 

The relevance of misspecified mental models is covered by an active theoretical literature in 

economics (Bohren & Hauser, 2017; Bordalo, Gennaioli, & Shleifer, 2017; Bushong & Gagnon-

Bartsch, 2016; Enke & Zimmermann, 2019; Eyster & Rabin, 2010; Gabaix, 2014; Gagnon-

Bartsch, Rabin, & Schwartzstein, 2018; Gennaioli & Shleifer, 2010; Heidhues, Kőszegi, & Strack, 

2018; Jehiel, 2001; Schwartzstein, 2014; Spiegler, 2016). Empirical work, however, is scarce 

 
21 For an overview of elements of art and design see: lumenlearning.com. [Date Accessed: 30 September 2021]                                                                                    
Located at: https://courses.lumenlearning.com/boundless-arthistory/chapter/visual-elements/                                                                    

https://courses.lumenlearning.com/boundless-arthistory/chapter/visual-elements/
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(Charness, Oprea, & Yuksel, 2021; Enke & Zimmermann, 2019). Charness et al. (2021) find 

convincing evidence of confirmation-seeking heuristics leading people to choose information 

sources biased towards their priors. It is suggested that participants follow this type of heuristic 

because of fundamental errors in reasoning about the relative value of the information from biased 

sources (Charness et al., 2021). Enke (2020) shows that mental models respond predictably to 

variations in the environment. At least part of the reason that subjects neglect selection in this 

setting is that they do not focus on the selection problem in the first place. They seem overly 

concerned with implementing a solution strategy, jumping to the calculations, and in doing so, 

miss that their assumptions rest on an erroneous mental model. The bias is quite resistant to various 

treatment variations designed to eliminate it (detailed below), including explicitly nudging people 

to pay attention to signals not shown to them on the decision screen (Enke, 2020).  

 

Gigerenzer et al. (2007) advocate for statistical literacy as a necessary precondition for an educated 

citizenship in a technological democracy. Several papers suggest statistical inference can be taught 

to almost anyone (even to children) using frequency statements instead of single-event 

probabilities, absolute risks instead of relative risks, mortality rates instead of survival rates, and 

natural frequencies instead of conditional probabilities (Hoffrage & Gigerenzer, 1998; Hoffrage, 

Krauss, Martignon, & Gigerenzer, 2015; Kurzenhäuser & Hoffrage, 2002; Sedlmeier & 

Gigerenzer, 2001; Zhu & Gigerenzer, 2006). Improved Bayesian reasoning achieved by presenting 

information in natural frequencies (rather than conditional probabilities) can be further enhanced 

by teaching people to use frequency tree representations. For example, Sedlmeier and Gigerenzer 

(2001) teach one of two groups how to represent probabilities in terms of natural frequencies, 

supported by two visual diagrams – frequency grid and frequency tree (representation training) – 

while the other group was taught Bayes’ rule for probabilities (rule training). Participants are then 

tested on tasks in which the statistical information is always provided in terms of probabilities. 

The representation training group improves from 10 to 90% Bayesian answers, while the rule 

training group improves from 0 to about 65% Bayesian answers. Bayesian answers in the 

representation training group remain high at 90%, even five weeks after training. In contrast, the 

rule training group’s performance declines to about 20%. These results are achieved for basic 

Bayesian tasks (i.e. two hypotheses, and one dichotomous cue). The findings suggest a 

comparative advantage of representation training over rule training for robust learning over time. 
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It is an open question whether this type of training would increase the number of Bayesian updaters 

in the setting of selection neglect, which is a markedly different set of estimation tasks to previous 

learning environments. Moreover, the present paper’s use of incentivised beliefs distinguishes it 

from the existing psychology literature on training in Bayesian reasoning with visual 

representation.   

 

There is some evidence of transfer learning. Hoffrage et al. (2015) investigate whether learning 

from representation training with a basic Bayesian task transfers to complex Bayesian tasks (for 

which they do not receive any training). The researchers use simple written instructions on how to 

solve a basic task (as opposed to a computerised training program above). First, each participant 

receives a two-page instruction sheet on how to solve the mammography task, which is a basic 

task with two hypotheses and one dichotomous cue. Participants are then randomly assigned to 

one of three groups. For Group 1, the mammography task is presented in terms of probabilities, 

and training includes how to insert probabilities into Bayes’ rule to solve the problem. For Group 

2, the task is presented in terms of probabilities, and training includes how to translate probabilities 

into natural frequencies, put the natural frequencies into a frequency tree diagram, and calculate 

the answer from the tree. For Group 3, the task is presented in terms of natural frequencies only 

(no probabilities), and training includes instructions on how to solve it using the frequency tree. 

After studying their instructions, participants have to solve two complex Bayesian tasks. 

Participants in Groups 1 and 2 receive probability versions, while Group 3 receive natural 

frequency versions. Group 1 performed the worst (18% and 22%), a significant improvement was 

observed for Group 2 (40% for both tasks), and the top performer was Group 3 (73% and 81%, 

respectively).  

 

A problem that goes unnoticed cannot be attempted, let alone solved. Often, we do not understand 

what health statistics mean or unwittingly draw erroneous conclusions. This inability to understand 

the meaning of numbers is pervasive (Gigerenzer et al., 2007). “Collective statistical illiteracy is 

common to patients, journalists and physicians; it is created by nontransparent framing of 

information that is sometimes an unintentional result of lack of understanding but can also be a 

result of intentional efforts to manipulate or persuade people; and can have serious consequences 
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for health” (Gigerenzer et al., 2007: 53).22 Interestingly, Enke (2020) shows that even when the 

information-generating process is transparent and known to individuals, selection neglect still 

occurs in a substantial amount of cases. 

 

In this paper, I test whether instructing participants online in a novel Bayesian reasoning exercise 

increases the proportion of Bayesian updaters. The short educational activity is completed directly 

before the series of estimation tasks identical to Enke’s setting. It comprises a story of a dice game 

played between yourself and another person during lockdown and uses visual representation 

training of Bayesian reasoning in the spirit of Hoffrage and Gigerenzer (1998), Zhu and Gigerenzer 

(2006), and Hoffrage et al. (2015). The original laboratory experiment by Enke (2020) is 

successfully replicated with an online student sample in the median regressions but not robust to 

Ordinary Least Squares (OLS) winsorised or OLS trimmed models. The novel Training treatment 

significantly attenuates the bias, shifting a majority of subjects towards the Bayesian benchmark. 

However, there is only weak evidence of this treatment effect since it is not robust to alternative 

regression specifications.  

 

In this paper, at the median, the Control group is approximately at the rational benchmark (𝜒̂𝑖
𝑗 = 

0) as expected, the Selected group shows significant neglect (for reference, full neglect is 𝜒̂𝑖
𝑗= 1) 

as expected, and my novel Training treatment group exhibits significantly lower selection neglect 

compared to Selected. Note that 𝜒̂𝑖
𝑗 is the naïveté parameter defined by Enke’s theoretical 

framework and is explained further below. However, at the mean, these differences between 

treatment groups are not significant. The median neglect parameter for Training is 𝜒̂𝑖
𝑗= 0.10, so 

the treatment reduces neglect by 0.50 units of 𝜒̂𝑖
𝑗 compared to Selected. This level of neglect is 

comparable to Enke’s (2020) Nudge treatment in which participants were told explicitly on their 

decision screens: “HINT: Also pay attention to those randomly drawn balls that are not shown to 

you by the information source.”  Treatment Nudge reduces neglect by about 0.2 - 0.4 units of 𝜒̂𝑖
𝑗, 

which corresponds to about half of the difference between Selected and Control in the original lab 

experiment. Enke finds that in Selected, the median and average neglect are 𝜒̂𝑖
𝑗 = 0.50 each, while 

 
22 For example, the statement ‘1 less woman out of 1000 will die of breast cancer due to mammography screening’ 
can be emotively reframed as ‘mammography screening reduces the risk of dying from breast cancer by 25%’. 
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in Nudge, the median is 𝜒̂𝑖
𝑗 = 0.10 and the average is 𝜒̂𝑖

𝑗 = 0.30. This explicit nudge is arguably 

not a practicable policy, however. In a less explicit attentional nudge of  endogenous information 

acquisition23, Enke’s treatment Endogenous generates lower levels of neglect than Selected 

(median 𝜒̂𝑖
𝑗 = 0.14, while the mean is 𝜒̂𝑖

𝑗 = 0.34), but is only marginally significant at the 10% 

level. Enke’s additional mechanism treatments that reduced complexity in the set of signals – 

namely, Simple and Few – caused a reduction in neglect by about 0.2 – 0.3 units of 𝜒̂𝑖
𝑗. This 

indicates that the increased cognitive load has a systematic effect on how subjects approach the 

initial conceptual stage of forming a mental model. Interestingly, Enke (2020:15) finds that 

feedback on the true state and expected profits from a subject’s submitted belief do not lead to less 

neglect. Feedback does not significantly reduce neglect beliefs between treatments, nor does 

neglect decrease across periods as participants accumulate feedback.  

 

These previous findings provide some context as to what effectively shifts beliefs to be more 

rational and what does not. This paper builds on these insights to test a more practicable policy of 

visual representation training to increase the proportion of Bayesian updaters. The rest of the paper 

proceeds as follows: Section 2 details the experimental design, Section 3 presents the results of the 

replication and extension, and Section 4 concludes. 

 

 

2. EXPERIMENTAL DESIGN 

 

2.1. The Dice Game 

 

Before reading the estimation task instructions (detailed below), subjects randomly assigned to 

treatment Training click through a short, interactive “warm-up” exercise called “The Dice Game”, 

which I designed. It consists of a story in which your girl-/boyfriend challenges you to a game and 

asks you to guess the average of the six dice they threw (hidden to you). You have the chance to 

click on an interactive die to gain sampling experience with the uniform distribution. In the story, 

 
23 Subjects were required to deliberately choose between different information structures that provide predominantly 
high or low signals, respectively (Enke, 2020: 26).  



 75 

your girl-/boyfriend reveals one randomly chosen die to you, and then reveals a subsample of the 

five remaining dice aligned with your prior belief (high or low). After you have made your guess, 

they explain how to solve the task the Bayesian way using visual representation, taking you 

through the logic step by step with words and pictures. For details of the game, refer to the 

Appendix.  

 

2.2. The Estimation Tasks 

 

Participants are asked to estimate an ex ante unknown state of the world 𝜃. A computer had 

generated 𝜃 by drawing six times; six draws with replacement, from the set {50, 70, 90, 110, 130, 

150}. The average of these six draws makes the true state 𝜃, which Enke refers to as the “variable” 

that subjects need to estimate. I follow Enke’s nomenclature and refer to the random draws as 

“signals”. For the purpose of replication, I use the same predetermined true states of the world and 

original experimental instructions translated from the German.  

 

During the experiment, a participant interacts with a computerised information source that shows 

her subsets of the signals. Table 1 summarises the multiple stages of the task as devised by Enke 

(2020). All subjects, no matter which treatment arm they are initially assigned to, follow this 

pathway:  

 

(i) A subject is shown one randomly selected signal from the set of signals generated by a 

computer.  

(ii) Based on the first signal, participants provide an incentivised guess b1, which indicates 

whether they believe 𝜃 to be greater or smaller than 100, b1 ∈{low, high}. 

(iii) The information source reveals additional signals. This is the only stage in which 

baseline treatments Selected and Control differ, as detailed below in Section 2.3. 

(iv) After subjects are shown messages from the information source, they enter an 

incentivised belief about the state b2 ∈[50, 150], with at most two decimals. 
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TABLE 1  

Overview of the experimental design 

 
Note. This table replicates Table 1 in Enke (2020: 7). 

 

In total, participants complete four periods (eight tasks). These are summarised in Table 2. The 

first guess (high/low) only serves the purpose of imposing a selection problem. The second guess 

is the subject of interest. The first guess is made incentive-compatible to reduce noise, i.e. earnings 

from the first guess would be maximised in expectation if they follow the first signal, stating a 

guess below (above) if the signal was below (above). This acts as an attention check for reading 

the instructions. 72.88% of 2400 observations (i.e. 1749 observations) followed the first signal.24  

 

TABLE 2 

Overview of the experimental tasks 

 
Notes. This table replicates Table 2 in Enke (2020: 9). There is a typo in the original paper, first column on the left, 
bottom row. The table shows an overview of the belief formation tasks in order of appearance. The categorisation into 
observed and unobserved signals applies to the case in which subjects follow their first signal, i.e. guess ≥ 100 if their 
signal was larger than 100, and < otherwise. Subjects in the Selected and Training treatment observed only their own 
signal and the “observed” signals. Subjects in the Control condition additionally had access to a coarse version of the 
“unobserved” signals, i.e. if the corresponding signal was less than 100, they saw 70, and if the signal was larger than 
100, they saw 130. See derivation of the Bayesian and neglect benchmarks in text.   
 

 

 
24 “Control questions serve a very different purpose in online experiments than in lab experiments because in the 
former people are on average less attentive, so screening becomes more important” (Enke, 2021: correspondence 
13.05.21). 



 77 

2.3. The Treatments 

 

Enke’s between-subject design emphasises transparency and the full knowledge of participants 

when it comes to the data generating process. The experimenter has full control over the data 

generating process and can exogenously manipulate the degree of selection. A control group 

provides the benchmark of rational beliefs without selected information. In addition, there is 

incentive-compatible belief elicitation, where participants are rewarded for the accuracy of their 

beliefs. The two baseline treatments, Control and Selected from the original design, make up two 

sets of signals which result in the same Bayesian posterior, but only the Selected group has the 

problem of selected information.  

 

Treatment Selected differs from Control in that it faces a budget constraint; a limitation on how 

many signals it can display. It has to condition its decision on which out of the remaining five 

signals to reveal on the subject’s first guess, their prior b1. In particular, if the participant’s first 

guess is higher than 100, the information source displays all signals above 100. If the subject’s 

first guess is smaller than 100, the information source reveals to her all signals below 100. In either 

case, the participant is always shown at least three signals.25 The “missing” signals that subjects 

“do not see” are described as “coarse information” (Enke, 2020: 7). Given the discrete, uniform 

distribution of the known signal space {50, 70, 90, 110, 130, 150}, it is relatively straightforward 

to infer which types of signals are missing. Being sophisticated about selection requires that a 

subject understands that when she first guesses b1  = low, a missing signal is 130, in expectation, 

while it is 70 if she guesses b1  = high.  

 

Enke designed the Control treatment to give the same Bayesian posterior as Selected without the 

issue of a selection problem. The participant faces two types of signals on her decision screens. 

First, she sees those signals that subjects in the Selected treatment are also shown. Second, she 

observes a coarse version of the signals that subjects in the Selected condition do not observe. If a 

missing signal is in {50, 70, 90}, the information source communicates 70 to her, while if the 

missing signal is in {110, 130, 150}, the information source communicated 130. These coarse 

 
25 “For example, if a participant’s first guess was above 100 and only two of the remaining five signals were above 
100, the information source showed the subject these two signals and one randomly selected signal of those below 
100. If four signals were above 100, the subject would be shown (only) these four.” (Enke, 2020: 7). 
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messages equal the expected signal conditional on a subject’s first guess in Selected. This means 

that the informational content of the Selected and Control treatments is the same (Enke, 2020: 8).  

 

Information presented in the third group, Training, is the same as Selected. For the purposes of 

evaluating the main treatment effect of interest in this paper, Training versus Selected is the 

relevant comparison. For the purposes of replication of the selection effect with an online sample, 

I also include the Control. Table 3 provides an overview of all treatments. Treatments are 

randomised within the session with equal probability to one of three treatment groups, Control, 

Selected or Training.26 

 

2.4. Procedural details 

 

The experimental participants were recruited using Prolific (www.prolific.co) [May 2021, pilot 1; 

6 September 2021, pilot 2; 8 September 2021, Session 1; 13 September 2021, Session 2; 21 

September 2021, Session 3] (Palan & Schitter, 2018). The experiment is programmed in oTree 

(Chen, Schonger, & Wickens, 2016).27 Pre-screening filters on Prolific restrict the experiment to 

students aged 18-34, fluent in English with a 90% approval rating on the platform. The sample is 

53% female, with a mean age of 22.6 years. To familiarise themselves with the task, all subjects 

scroll through written instructions taken from Enke (2020). There is no required reading time set 

nor a limitation on reading time in the online experiment. They can click on a link to download 

the instructions as a pdf, which opens in a new tab.28  Experimental instructions are available in 

the Appendix. 

 

 

 

 

 

 
26 The small sample size in Control (one third of the total sample) reflects the fact that it serves a “straw man” with 
very little expected noise (Enke, 2020: 9). 
27 Enke’s (2020) experiment was programmed in zTree (Fischbacher, 2007) and conducted in the BonnEconLab of 
the University of Bonn. My decision to go online allowed for data collection during Covid-19 lockdown which closed 
labs in Germany. 
28  Enke’s participants had 10 minutes to read instructions in the lab. 

https://prolific.co/
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TABLE 3 

Treatment overview 

 
Notes. This table shows variable earnings from decisions only. Total payments include a show-up fee of 5 GBP in all 
treatments, which is not included here. Treatments are randomised within the same experimental session with equal 
probability. 
 

After the instructions page, participants complete five multiple-choice control questions. I devised 

these control questions to ensure participants understood the data generating process.29 Only 

28.33% of the sample made zero mistakes, 35% made 1 mistake, 24.33% made 2 mistakes, 10% 

made 3 mistakes and 2.33% made 4 mistakes.30  

 

Subjects then enter the first round. Each round consists of two computer screens. On the first 

screen, subjects are informed of the first signal and issue a binary guess. The initial part of the 

estimation task effectively acts as an incentivised control for reading instructions and is paid out 

with 10% probability. On the second screen, participants receive messages from the information 

source and state a point belief.  

 

All decisions are financially incentivised in expectation. In total, subjects make 16 decisions, one 

of which is randomly selected for payment. This constitutes an incentive-compatible reward 

mechanism in such a setup (Azrieli, Chambers, & Healy, 2018). The probability that a second 

(point) belief is randomly selected for payment is 90%, while one of the binary first guesses is 

chosen with probability 10%. The binary first guess is such that subjects receive 180 points if the 

guess is correct and nothing otherwise. Points are converted into British Pounds (GBP) at the end 

of the experiment, where 100 points correspond to 5 GBP. The continuous point beliefs are 

incentivised using a quadratic scoring rule with maximum variable earnings of 9 GBP, i.e. variable 

 
29 For example, participants were asked, “Assume that you submitted a first guess of larger than 100. Which draws 
will the information source show you no matter what? (a) None. (b) Those above 100. Those below 100.” 
30 There were two feedback messages from prolific.co participants about the instructions being difficult to understand 
for second-language English speakers even though I pre-screened for English fluency. The original instructions could 
possibly have been clearer. In future replications, it may be helpful for the instructions to be rewritten to be more 
accessible to the average reader.   
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earnings in given task j equalled 𝜋𝑗 = 𝑚𝑎𝑥 {0; 18 − 0.2 × (𝑏𝑗 − 𝜃𝑗)2}, where b denotes the 

belief. There is also a show-up fee (fixed payment) equal to 5 GBP.  

 

2.5. Theoretical Considerations 

 

This subsection outlines Enke’s simple formal framework underlying the experimental design of 

the model of selection neglect. This model is used for the empirical analyses in Section 3. The true 

state of the world is given by 𝜃 = ∑ 𝑠𝑘
6
𝑘=1 /6. Let N denote the number of signals a subject actually 

sees on their screen. Given a set of signals, a Bayesian updater would calculate the mean posterior 

belief bB as 

𝑏𝐵 = ∑ 𝑠𝑣
𝑁
𝑣=1 +∑ 𝐸[𝑠𝑙|𝑏1]6

𝑙=𝑁+1
6

,                                                              (2) 

 

where sv denotes a signal that appears on the decision screen, and sl denotes an unobserved (coarse) 

signal.  

 

If individuals simply base their beliefs on what they see (that is, the set sv), this introduces a 

selection problem in the sense that 𝐸[𝑠𝑖] = 100, but 𝐸[𝑠𝑙|𝑏1] ≠ 100. The set of signals that 

subjects do not observe is systematically different from the unconditional expectation. As an 

analogue to the benchmark of rational inference above, Enke defines the full neglect benchmark 

as: 

𝑏𝑁 = ∑ 𝑠𝑣
𝑁
𝑣=1

4
                                                                             (3) 

 

It is possible that individuals partially adjust for selection. Let 𝜒 ∈ [0,1] parameterise the degree 

of neglect such that 𝜒 = 1 implies full neglect. Then, the belief formed b can be expressed as a 

weighted average of bB and bN plus decision noise 𝜖: 

 

𝑏 = (1 − 𝜒)𝑏𝐵 + 𝜒𝑏𝑁 + 𝜖 = 𝑏𝐵 + 𝜒 6−𝑁
6

(𝑠̅𝑣 − 𝑠̅𝑙) + 𝜖                               (4) 

≡ 𝑏𝐵 + 𝜒𝑑 + 𝜖,                                                                                          (5) 
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where 𝑠̅𝑣 ≡ 1/𝑁 ∑ 𝑠𝑣
𝑁
𝑣=1  is the average visible signal, 𝑠̅𝑙 ≡ 1/(6 − 𝑁 − 1) ∑ 𝐸(𝑠𝑙|𝑏1)6

𝑖=𝑁+1  the 

average expected “non-visible” (coarse) signal, and 𝜖 is a mean zero random computational error. 

That is, the systematic component of a subject’s belief b can be expressed as the Bayesian belief 

plus a distortion term d times the neglect parameter 𝜒. Throughout the paper, this formal 

framework is used to compute estimates of neglect 𝜒̂ and decision noise |𝜖̂|. The treatment Training 

is expected to affect the neglect parameter as follows:  𝜒𝐶𝑜𝑛𝑡𝑟𝑜𝑙 ≤ 𝜒𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 < 𝜒𝑆𝑒𝑙𝑒𝑐𝑡 . This leads 

to beliefs closer to Bayesian or completely eliminates the bias.  

 

 

3. RESULTS 

 

3.1. Replication and extension 

 

The object of interest in Enke’s analysis is a potential treatment difference in the second (point) 

beliefs that subjects state. In the present experiment, in Control, 70.57% of all first binary guesses 

follow the first signal and enter a high (low) first guess if the first signal is above (below) 100. In 

Selected, 72.77% follow the first signal.31 In Training, 75.41% follow the first signal. The analysis 

was conducted in Stata/IC 15. 

 

Table 4 presents an overview of the results in each of the eight tasks for the three treatment groups. 

The first two treatments (Control and Selected) serve as a replication of Enke (2020). The third 

treatment, Training, tests whether beliefs can be debiased with visual representation training in 

Bayesian reasoning. For ease of comparison, I provide the benchmarks of full neglect and Bayesian 

beliefs, respectively. Panel A considers the full sample, while Panel B considers those observations 

for which the participants follow the first signal in the first part of the estimation task, i.e. pass an 

incentive-compatible attention check. Considering Panel B, the median beliefs in the Control 

condition mostly follow the Bayesian prediction closely, suggesting that the experimental setup is 

probably not systematically misconstrued by participants. In the absence of selected information, 

subjects state rational beliefs in five out of eight tasks. In the Selected treatment, median beliefs 

 
31 As a comparison, across Control and Selected treatments, 93% of Enke’s sample follow the first signal. 
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are mostly distorted away from the Bayesian benchmark towards the full neglect belief. In seven 

out of eight tasks, the distributions of beliefs significantly differ between Control and Selected 

treatments at least at the 5% level, and, in five out of eight tasks, beliefs differ at the 1% level 

(Wilcoxon rank-sum tests).32 In four out of eight tasks, the median belief in Training is closer to 

the Bayesian belief than Selected, but the difference between the distributions is only significantly 

different in one out of eight tasks (Task 6) at the 10% level. In four out of eight tasks, the median 

belief is the same in Selected and Training.  

 

TABLE 4 

Overview of beliefs across tasks 

 
Notes. Overview of the estimation tasks in order of appearance. See Table 2 for details on the signals in each task as 
well as the computation of the Bayesian and full neglect benchmarks. High (low) first signals are defined as signals 
above (below) 100. Median beliefs are rounded to the nearest integer. The p-value (C v. S) refers to a Wilcoxon rank-
sum test between beliefs in Selected and Control, while the p-value (S v. T) refers to the same test between beliefs in 
Selected and Training. Panel A includes the full sample (300 subjects). Panel B includes those observations for which 
the participant followed the first signal in the first part of the task, i.e. passed an incentive-compatible attention check 
(217 subjects). 
 

 

 
32 As a comparison, in all eight tasks, beliefs differ between treatments at least at the 10% level, and five out of eight 
at the 1% level in Enke (2020: 12).  
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3.2. Econometric analysis 

 

In the remainder of the paper, treatment comparisons will be conducted by pooling the data across 

tasks. Enke (2020: 12) justifies this approach with a view to brevity and to remove potential 

multiple testing concerns. Pooling the data requires transforming the beliefs data into a scale that 

has the same meaning across tasks. For this purpose, Enke (2020) makes use of the simple belief 

formation rule, which has the additional advantage that, going forward, all estimated quantities 

will have direct theoretical counterparts. In particular, he uses equation (5) to compute the 

estimated neglect implied in the belief of subject i in task j: 

 

𝜒̂𝑖
𝑗 = 𝐸[𝑏𝑖

𝑗] = 𝑏𝑖
𝑗−𝑏𝐵

𝑗

𝑑𝑗 = 6(𝑏𝑖
𝑖−𝑏𝐵

𝑗 )

(6−𝑁𝑗)(𝑠𝑣̅
𝑗−𝑠𝑙̅

𝑗)
                                                (6) 

 

Enke (2020: 12) notes that this analytical tool corresponds to a simple linear transformation of the 

raw beliefs data (subtract the Bayesian belief and divide by the distortion term d, which is only a 

function of the signal realisations). This method thus only converts the data into a consistent 

interval, so that subjects’ beliefs are, firstly, on the same scale across tasks and, secondly, can be 

directly interpreted as reflecting Bayesian (𝜒̂𝑖
𝑗 = 0), full neglect (𝜒̂𝑖

𝑗 = 1), or intermediate levels. 

 

While 𝜒̂𝑖
𝑗, for individual i in task j, should in principle be between zero and one, in the experimental 

data not all observations lie within this interval. Enke (2020: 13) attributes this in part to typing 

mistakes and random computational errors. This produces outliers that are partly severe. Across 

the treatments in Table 3 (N=2334 belief statements), the minimum implied naïveté parameter 𝜒̂𝑖
𝑗 

= -69 and the maximum 𝜒̂𝑖
𝑗 = 60 To avoid arbitrary exclusion criteria – while at the same time 

dealing with outliers – Enke (2020: 13) presents three different sets of regression specifications. I 

follow the same strategy as Enke. First, I present an analysis with median regressions that includes 

the full sample of beliefs, including large outliers. Second, I present an OLS analysis in which I 

winsorise the data at |𝜒̂𝑖
𝑗 | = 3. That is, I replace each belief that is larger (smaller) than 3 (-3) by 

the corresponding value. This affects 17.92% of all 2400 observations. Third, I present an OLS 

analysis on a trimmed sample, where I drop all observations with |𝜒̂𝑖
𝑗 | > 3.   
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Table 5 presents the results. In these analyses, the unit of observation is a subject-task, for a total 

of usually eight observations per subject, unless the subject does not enter a belief on time, in 

which case the observation would be missing. Timeout happened in only 0.25% of observations. 

The standard errors are clustered at the subject level. All regressions include experimental session 

fixed effects, exploiting random assignment into the three treatments within sessions. In Table 5 

Panel A, the replication of Control versus Selected treatment is shown. In column (1), the median 

regression controls for session fixed effects. Column (2) adds a vector of controls with fixed effects 

for each experimental task interacted with the first guess (high / low) of the subject, as well as 

controls for individual characteristics. In columns (3)-(4), the dependent variable is winsorised at 

|𝜒̂𝑖
𝑗 | = 3, and I estimate OLS regressions. In columns (5)-(6), the sample excludes observations 

with |𝜒̂𝑖
𝑗 | > 3. Table 5 Panel B, columns (7)-(12), follows the same estimation approach but for 

Selected versus Training.  

 

In Table 5 Panel A, the median regression coefficient is quantitatively large and suggests that 

relative to the control treatment, subjects in Selected exhibit a neglect of 0.25-0.50 units of 𝜒̂𝑖
𝑗. The 

winsorised OLS model does not show a significant selection neglect effect. Likewise, for the OLS 

trimmed model. The replication is successful to some extent. However, Enke’s range of 0.4-0.6 

units of 𝜒̂𝑖
𝑗 was robust across all three regression specifications, whereas my online sample was 

not.  

 

In Table 5 Panel B, the median regression coefficient is negative and large, 0.23-0.25 units of 𝜒̂𝑖
𝑗, 

and becomes significant after adding controls for session and task-fixed effects as well as controls 

for participant characteristics. This suggests that the treatment works in the expected direction, 

shifting the median belief towards the Bayesian benchmark (𝜒̂𝑖
𝑗 = 0). Again, this significant effect 

is not apparent in the other two regression specifications. 

 

The selection bias implies lower earning of subjects in the Selected treatment compared to those 

in Control. The expected profit over all eight belief formation tasks (i.e. the average hypothetical 

profit from each belief) is 2.01 GBP in Selected, 2.55 GBP in Control, and 2.65 GBP in Training. 

Actual profits, which include a show of fee of 5 GBP and depend on a random draw, are 7.57 GBP 
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in Selected, 7.84 GBP in Control and 8.19 GBP in Training. Kruskal-Wallis equality-of-

populations rank tests rejected the hypothesis that the distributions were equivalent: (1) Control 

versus Selected (p = 0.0065), and (2) Selected versus Training (p = 0.0003). 

 

TABLE 5 

Treatments Control vs. Selected, and Selected vs. Training 

 
Notes. Regression estimates with robust standard errors (clustered at subject level) in parentheses. The dependent 
variable is the neglect that is implied in a given belief. In the top panel, the sample includes each of the subjects’ eight 
beliefs in Control and Selected conditions (replication). In the bottom panel, the sample includes each of the subjects’ 
eight beliefs in Selected and Training conditions (extension). Columns (1)-(2) and (7)-(8) report median regressions, 
and columns (3)-(6) and (9)-(12) are OLS regressions. In columns (3)-(4) and (9)-(10), the dependent variable is 
winsorised at -3  ≤ 𝜒̂𝑖

𝑗 ≤ 3. In columns (5)-(6) and (11)-(12), the sample is trimmed at -3  ≤ 𝜒̂𝑖
𝑗 ≤ 3. Controls include 

age, gender and highest education. The sample is restricted to participants who achieved at least 4/5 control questions 
correctly. The median coefficients remain significant, and OLS trimmed in the top panel becomes significant when 
mistakes in my control questions are ignored. * p < 0.10, ** p < 0.05, *** p < 0.01.  
 

 

3.3. Shifting mental models: The rationalising effect of visual representation  

 

Relative to Selected, subjects’ median beliefs in Training tended to exhibit coefficients closer to 

the Bayesian belief. The negative sign indicates the treatment works to make beliefs closer to 

rational (𝜒̂𝑖
𝑗 = 0), as opposed to full neglect (𝜒̂𝑖

𝑗 = 1). This suggests a significant debiasing effect 
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on beliefs of the visual representation training activity. However, there is only weak support for 

this treatment effect as the results are not robust to the other regression specifications. 

 

Figure 1 gives an overview of neglect 𝜒̂𝑖
𝑗 across the three treatments. It plots the median (left) and 

mean (right) of all subject-task-specific 𝜒̂𝑖
𝑗 across treatments along with standard error bars. 

Motivation for this analysis is establishing grounds for a practicable treatment for debiasing beliefs 

in a setting in which participants do not seem to learn over the course of the experiment. 

Previously, in a feedback treatment arm, Enke (2020:15) finds that feedback on the true state and 

expected profits from a subject’s submitted belief does not lead to less neglect. Indeed, feedback 

does not significantly reduce neglect beliefs between treatments, nor does neglect decrease across 

periods as participants accumulate feedback. For applied contexts, a relevant question is whether 

people can learn to reason the Bayesian way and not fall prey to the heuristic “what you see is all 

there is”. My short training exercise draws on previous work on visual representation training with 

adaptations suited to convey Bayesian reasoning logic in the context of selection information.33 It 

was an open question whether such training would be effective in a different context with 

incentivised beliefs.  

 

Figure 1 shows that at the median, the Control group is roughly at the rational benchmark, the 

Selected group exhibits significant neglect, and the Training group shows significantly lower 

selection neglect compared to Selected treatment group. These between-group differences are not 

significant at the mean, however. The median for Training is 𝜒̂𝑖
𝑗= 0.10, so the treatment reduces 

neglect by 0.50 units of 𝜒̂𝑖
𝑗.  

  

 
33 Unlike in the original feedback treatment, assignment to Training treatment was randomised within the session. 
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Notes. The left panel shows the median 𝜒̂𝑖

𝑗  across all subject-task observations. The right panel shows the average 𝜒̂𝑖
𝑗 

across all subject-task observations, whereas, in columns (3)-(4) of Table 5, the data are winsorised at |𝜒̂𝑖
𝑗 | = 3. 

Standard error bars are computed based on clustering at the subject level. N = 680 – sample was restricted to 
participants who answered all my additional control questions correctly. 
 

FIGURE 1 

Overview of neglect across treatments  

 

 

3.4. Heterogeneity Analysis 

 

Type distribution. To characterise participants’ belief patterns in more detail, I examine the 

subject-level distribution of neglect. In order to do this, I plot the median naïveté coefficient of 

each subject. Figure 2 presents kernel density plots of median naïveté parameter for each subject 

in treatments Selected and Training. The weight of the distribution of Training is shifted more 

towards the Bayesian belief (𝜒̂𝑖 = 0) than full neglect (𝜒̂𝑖 = 1). This is in contrast to Selected, 

which shows many more subjects forming naïve beliefs. Overall, these patterns suggest that the 

extreme types of 𝜒̂𝑖
𝑗 = 0 and 𝜒̂𝑖

𝑗 = 1 represent a substantial part of the empirical data compared to 

intermediate types. A Kruskal Wallis equality-of-populations rank test rejected the hypothesis that 

the distributions were equivalent at the 10% level (p=0.0677). This approximately bimodal 

distribution is consistent with Enke (2020: 17) and the literature from cognitive science and 

economic theory, which stresses the importance of misspecified mental models for belief 

formation. There are still many cases of partial adjustment of selected information, however. 

Training appears to be quite effective at shifting median beliefs towards the Bayesian benchmark.  
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Notes. Heterogeneity in the distribution of median neglect parameter 𝜒̂𝑖  in Selected and Training. A subject’s type is 
determined by taking the median implied neglect parameter over the eight tasks. The sample is restricted to subjects 
who answered all of my 5 additional control questions correctly. The sample is trimmed at |𝜒̂𝑖

𝑗|=3.  
 

FIGURE 2 

Heterogeneity in distribution of types 

 

 

4. CONCLUSION 

 

This paper tests a practicable policy of visual representation training aimed to increase the 

proportion of Bayesian updaters in a setting in which a large proportion of individuals typically 

exhibit selection neglect in belief formation. The present online experiment replicates Enke’s 

(2020) laboratory experiment, which manipulated the degree of selected information in treatments 

Control and Selected. In the extension, a novel visual representation exercise I designed is tested 

in treatment Training, in which individuals faced the same selected information problem as 

Selected. The replication of the original treatment groups is largely successful with the online 

sample of participants. The results aligned with Enke’s finding that the majority of people can be 

classified into Bayesian updaters and full neglect types. As previously observed, there were 

substantial amounts of extreme outliers. These were addressed in several different regression 
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models. Only the effects in the median regressions were significant, however. The coefficients 

were not robust to the OLS winsorised and OLS trimmed regression specifications.  

 

The main contribution of this paper is to show that the selection neglect mental model can 

potentially be shifted towards a Bayesian one, with a simple Bayesian reasoning exercise that uses 

visual representation and a real-world scenario to explain abstract statistical problems. However, 

only weak evidence supports this treatment effect. The paper relates to other research that seeks to 

design practicable strategies for debiasing beliefs relevant to applied settings, e.g. the effect of 

team rather than individual decision-making (Monteiro, Praxmarer & Sutter, forthcoming) and a 

model of technological learning in which people “learn through noticing” (Hanna, Mullainathan, 

& Schwartzstein, 2014). A limitation of the online setting is lower attention than the laboratory 

and potentially poorer comprehension of the experimental instructions, judging from the high 

number of mistakes in my additional control questions. Pre-screening online participants for first-

language-English speakers instead of English fluent would be advisable, if not a rewriting of the 

instructions to be at the high school reading level and more accessible. To my knowledge, this 

paper is the first to test visual representation training in an incentivised beliefs setting, that is, 

where participants are rewarded financially for accuracy. This is an important methodological 

contribution since belief accuracy is significantly higher with incentivisation (Gächter & Renner, 

2010). The results weakly support literature from psychology (e.g. Hoffrage et al., 2015), which 

demonstrates that visual representation training can be a practicable means to combat collective 

statistical illiteracy in non-incentivised settings. A follow-up experiment with the Selection and 

Training groups would be potentially interesting to see whether any treatment effect remains after 

some time has elapsed.     

 

 

Acknowledgements. Michael Kuelper provided excellent research assistance with programming 

the experiment in oTree.  

 

Data. The data are available upon request from the author. 
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5. APPENDICES 

 

A. Training Treatment Exercise (The Dice Game) 
 

Notes: The following contain the text explanation and screenshots from the visual representation 
training. It proceeds over several screens which subjects click through. 

 

SCREEN 1 
 
Your task will be explained to you shortly. First, let’s warm up with a quick game. 
 

Warm up: The Dice Game 
Imagine you are stuck at home with your girlfriend, boyfriend or housemate during Covid-19. They come 
up with a game to amuse both of you. You decide to switch off Netflix, and agree to play, since the stakes 
are appealing. If you guess correctly you will not have to do the washing up for one week. 

They grab six dice. They throw them, you hear them land on the table but you can’t see the what 
numbers they landed on.  

They tell you, “your task will be to guess the average of the six dice”.  
 

Click on the interactive dice a few times to experiment with the possible outcomes.  
 

 
 

 “I will give you several clues,” they say. 
 

“Get ready for your first clue!”  
     CONTINUE     .        
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SCREEN 2 
 

“Here is your first clue.” They randomly show you one of the dice.   
Here it is, below. It was a 2. 

 
They say, “do you think the average of the six dice is above or below 3.5? (That is, HIGH or LOW). 

You can base your decision on the die I just showed you. 
You say, “LOW”. 
She says, “OK, great. Now I will show you three more dice. You will also be able to see ALL of 

the dice that fell on a LOW number.” 
 

     Back     .        
     CONTINUE     .        

 

SCREEN 3 
 

 
FIGURE A1  

Example screenshot of the dice game 
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SCREEN 4 
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FIGURE A2 

Example screenshots of the dice game explanation 

Notes: After this, participants proceed to the task below. 

 

 

B. Experimental Instructions for Selected Treatments (including Training) 
 
Your task 
In this experiment, your task is to estimate two so-called “variables.” In what follows, we will refer to these 
variables as variable A and B. You will receive information about these variables from an information 
source. Based on this information, you will need to provide your estimates. In what follows, we will explain 
how these variables are generated and which type of information you will receive. 
 
How variables A and B get determined 
Every variable is determined through random draws from an urn. Figure 1 depicts these urns. Each urn 
contains exactly six balls with numbers 50, 70, 90, 110, 130, and 150. The letters are meant to help you in 
distinguishing between the urns. 

The computer randomly determines variables A and B by drawing balls from the respective urn. 
From each urn, the computer draws six balls, i.e., six balls from urn A and six balls from urn B. Please note 
that, at each draw, each ball is equally likely to get drawn. 
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When a ball gets drawn, it gets replaced by another ball with the same number. That is, if the 
computer draws, say, a 130, then a new ball with number 130 is put into the urn before the next ball gets 
drawn. Thus, any given number can get drawn multiple times from the same urn. 

 

 
 

Thus, the computer draws six balls from each urn. The average of the six balls then equals the respective 
variable: 

• The average of the six balls from urn A equals variable A. 
• The average of the six balls from urn B equals variable B. 
 

In this experiment, you need to estimate the value of variables A and B. As you can see, these variables are 
fully independent from each other, so that you cannot learn anything from one variable about the other one. 
Thus, you should always distinguish between these variables in the course of the experiment. 

 
Your information 
You receive your information from an information source. This information source does not draw balls 
from the urn itself. Rather, it observes all 12 balls that got drawn from urns A and B, i.e., all balls that 
determine the value of variables A and B. The experiment proceeds in multiple steps: 
 

1. The information source observes the balls that got drawn from urns A and B. 
2. For each variable, the information source shows you one of these randomly selected balls. Each 

ball is equally likely to be shown to you. You then have one piece of information about each 
variable, A and B. 

3. Subsequently, you need to provide your first estimate about each variable. In this first step, you 
only need to estimate whether a variable is greater or smaller than 100. You can base this decision 
on the first ball that was shown to you by the information source. As will be explained to you in 
greater detail below, you will earn the highest amount of money on average if: 

• You estimate that the variable is greater than 100 if the first ball had a number greater than 
100. 

• You estimate that the variable is smaller than 100 if the first ball had a number smaller than 
100. 

4. Subsequently, you receive further information from the information source. It shows you some 
balls for variable A and some balls for variable B. In doing so, the information source depends on 
your first estimates: 
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• If you estimated that a variable is greater than 100, the information source definitely shows 
you all balls with numbers greater than 100. In case that there are less than three of such balls, 
the information source shows you additional randomly drawn balls with numbers smaller than 
100, all of which previously got drawn from the urn. The information source continues with this 
process until you have seen three balls per variable. 
• If you estimated that a variable is smaller than 100, the information source definitely shows 
you all balls with numbers smaller than 100. In case that there are less than three of such balls, 
the information source shows you additional randomly drawn balls with numbers greater than 
100, all of which previously got drawn from the urn. The information source continues with this 
process until you have seen three balls per variable. 

5. This means that for each variable you will see at least three additional balls on your decision screen. 
In addition, as a reminder, you will also see the first ball that you had already seen in the first step. 

6. Then, you need to provide an estimate for each variable. These estimates can take on any value 
between 50 and 150. You have a total of up to six minutes to do so. As will be explained to you in 
greater detail below, you will maximize your earnings with your second estimate if your estimate 
is as close as possible to the value of the respective variable. 
 

We will implement this entire procedure four times. These four “rounds” are entirely independent from 
each other: each time, the variables A and B get drawn anew and you receive new information about these 
variables. This means that variables A and B are determined in each round separately, so that you cannot 
learn anything from one round about another one. 
 
Your payment 
In addition to your fixed payment, you will be paid based on your estimates. 

In each round, you can earn up to 180 points with your first estimate if you correctly estimate 
whether the respective variable is greater or smaller than 100. You receive 0 points if your estimate is not 
correct. 

In each round, you can also earn up to 180 points with your second estimate. The further away your 
response from the truth, the less you earn. This is determined by the following equation (in points): 
 

Earnings = 180 - 2 * ( Difference between estimate and truth)2 

 

This means that the difference between your estimate and the truth gets squared and multiplied by 
2. This value then gets subtracted from the potential maximum earnings of 180. While this formula may 
look complicated, the underlying principle is very simple: the smaller the difference between your 
estimate and the true value, the higher your earnings. However, your earnings can never be less than 
zero, i.e., you cannot incur losses. You can also see that your earnings only depend on the absolute 
difference. For example, it is hence immaterial for your earnings whether you over- or underestimate the 
true value by 5. 

In total, you will provide 16 estimates in the course of this experiment (two for each of the two 
variables, in each of four rounds). The computer will randomly determine one of these estimates, and your 
payment will then depend on this estimate. In every round, one of your first estimates gets randomly 
selected with probability 10% and one of your second estimates with probability 90%. Thus, you should 
work on each estimate as well as you can because each estimate may be relevant for your payment. 

IMPORTANT: Please note that in this experiment you maximize your earnings on average if you 
always truthfully report your estimates! Because only one of your decisions gets selected for payment, there 
is no point for you in, say, strategizing by sometimes providing a high and sometimes a low estimate. You 
should simply try to make the best decision possible to maximize your earnings. 
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Example 
Suppose that the computer has drawn six balls from each urn and has thereby determined the values of 
variables A and B. The information source now shows you a first randomly selected ball. As depicted in 
Figure 2, you then need to estimate, for each variable, whether it is greater or smaller than 100. 

 

 
Figure 2. Example screenshot for the first estimates 

 
Subsequently, the information source shows you additional balls. Figure 3 presents an example. As you 
can see, you also get reminded of the first ball that you have already seen on the previous screen. 

Then, you need to provide an estimate about each variable. 
 

 
Figure 3. Example screenshot for the second estimates. 

 
You can get a piece of paper and pen and write personal notes for yourself if you like.  
 
Are you ready? If you are finished reading the instructions, then click OK to begin the experiment. 
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C. Experimental Instructions for Control Treatment 
 
 
Your task 
In this experiment, your task is to estimate two so-called “variables”. In what follows, we will refer to these 
variables as variable A and B. You will receive information about these variables from an information 
source. Based on this information, you will need to provide your estimates. In what follows, we will explain 
how these variables are generated and which type of information you will receive. 
 
How variables A and B get determined 
Every variable is determined through random draws from an urn. Figure 1 depicts these urns. Each urn 
contains exactly six balls with numbers 50, 70, 90, 110, 130, and 150. The letters are meant to help you in 
distinguishing between the urns. 

The computer randomly determines variables A and B by drawing balls from the respective urn. 
From each urn, the computer draws six balls, i.e., six balls from urn A and six balls from urn B. Please note 
that, at each draw, each ball is equally likely to get drawn. 

When a ball gets drawn, it gets replaced by another ball with the same number. That is, if the 
computer draws, say, a 130, then a new ball with number 130 is put into the urn before the next ball gets 
drawn. Thus, any given number can get drawn multiple times from the same urn. 
 

 
 

Thus, the computer draws six balls from each urn. The average of the six balls then equals the respective 
variable: 

• The average of the six balls from urn A equals variable A. 
• The average of the six balls from urn B equals variable B. 
 

In this experiment, you need to estimate the value of variables A and B. As you can see, these variables are 
fully independent from each other, so that you cannot learn anything from one variable about the other one. 
Thus, you should always distinguish between these variables in the course of the experiment. 
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Your information 
You receive your information from an information source. This information source does not draw balls 
from the urn itself. Rather, it observes all 12 balls that got drawn from urns A and B, i.e., all balls that 
determine the value of variables A and B. The experiment proceeds in multiple steps: 
 

1. The information source observes the balls that got drawn from urns A and B. 
2. For each variable, the information source shows you one of these randomly selected balls. Each 

ball is equally likely to be shown to you. You then have one piece of information about each 
variable, A and B. 

3. Subsequently, you need to provide your first estimate about each variable. In this first step, you 
only need to estimate whether a variable is greater or smaller than 100. You can base this decision 
on the first ball that was shown to you by the information source. As will be explained to you in 
greater detail below, you will earn the highest amount of money on average if: 

• You estimate that the variable is greater than 100 if the first ball had a number greater than 
100. 

• You estimate that the variable is smaller than 100 if the first ball had a number smaller than 
100. 

4. Subsequently, you receive further information from the information source. More specifically, the 
information source in some way shows you all balls that determine variables A and B: 

• Case A: If your first estimate was greater than 100: 
–Then, the information source definitely shows you all balls with numbers greater than 

100. In case that there are less than three of such balls, the information source shows 
you additional randomly drawn balls with numbers smaller than 100 until you have seen 
three balls per variable. 

– In addition, the information source shows you a “70” for all remaining balls with 
numbers smaller than 100, which corresponds exactly to the midpoint of this interval. 

• Case B: If your first estimated was smaller than 100: 
– Then, the information source definitely shows you all balls with numbers smaller than 

100. In case that there are less than three of such balls, the information source shows 
you additional randomly drawn balls with numbers greater than 100 until you have seen 
three balls per variable. 

– In addition, the information source shows you a “130” for all remaining balls with 
numbers greater than 100, which corresponds exactly to the midpoint of this interval. 

• Thus, in some way, you will see all variables that determine variables A and B. It is not 
important for you why you observe these balls in different ways. 

5. This means that for each variable you will see five additional balls on your decision screen. In 
addition, as a reminder, you will also see the first ball that you had already seen in the first step. 

6. Then, you need to provide an estimate for each variable. These estimates can take on any value 
between 50 and 150. You have a total of up to six minutes to do so. As will be explained to you in 
greater detail below, you will maximize your earnings with your second estimate if your estimate 
is as close as possible to the value of the respective variable. 

 
We will implement this entire procedure four times. These four “rounds” are entirely independent from 
each other: each time, the variables A and B get drawn anew and you receive new information about these 
variables. This means that variables A and B are determined in each round separately, so that you cannot 
learn anything from one round about another one. 
 
Your payment 
In addition to your fixed payment, you will be paid based on your estimates. 
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In each round, you can earn up to 180 points with your first estimate if you correctly estimate 
whether the respective variable is greater or smaller than 100. You receive 0 points if your estimate is not 
correct. 

In each round, you can also earn up to 180 points with your second estimate. The further away your 
response from the truth, the less you earn. This is determined by the following equation (in points): 
 

Earnings = 180 - 2 * ( Difference between estimate and truth)2 

 

This means that the difference between your estimate and the truth gets squared and multiplied by 
2. This value then gets subtracted from the potential maximum earnings of 180. While this formula may 
look complicated, the underlying principle is very simple: the smaller the difference between your 
estimate and the true value, the higher your earnings.  However, your earnings can never be less than 
zero, i.e., you cannot incur losses. You can also see that your earnings only depend on the absolute 
difference. For example, it is hence immaterial for your earnings whether you over- or underestimate the 
true value by 5. 

In total, you will provide 16 estimates in the course of this experiment (two for each of the two 
variables, in each of four rounds). The computer will randomly determine one of these estimates, and your 
payment will then depend on this estimate. In every round, one of your first estimates gets randomly 
selected with probability 10% and one of your second estimates with probability 90%. Thus, you should 
work on each estimate as well as you can because each estimate may be relevant for your payment. 

IMPORTANT: Please note that in this experiment you maximize your earnings on average if you 
always truthfully report your estimates! Because only one of your decisions gets selected for payment, there 
is no point for you in, say, strategizing by sometimes providing a high and sometimes a low estimate. You 
should simply try to make the best decision possible to maximize your earnings. 
 
Example 

Suppose that the computer has drawn six balls from each urn and has thereby determined the values 
of variables A and B. The information source now shows you a first randomly selected ball. As depicted in 
Figure 2, you then need to estimate, for each variable, whether it is greater or smaller than 100. 

 

 
Figure 2. Example screenshot for the first estimate 
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Subsequently, the information source shows you additional balls. Figure 3 presents an example. As you 
can see, you also get reminded of the first ball that you have already seen on the previous screen. 

Then, you need to provide an estimate about each variable. 
 

 
Figure 3. Example screenshot for the second estimate 

 
You can get a piece of paper and pen and write personal notes for yourself if you like.  
 
Are you ready? If you are finished reading the instructions, then click OK to begin the experiment. 
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1. INTRODUCTION 

 

According to the Global Burden of Disease Study in 2015, much of non-communicable diseases 

(NCDs) is driven by what people eat and drink, so influencing dietary behaviour for the prevention 

and management of NCDs is a key challenge for policymakers (Wang et al., 2016). For example, 

how do we persuade people to eat better and lose weight? (Roberto & Kawachi, 2015). How do 

we make the healthier choice the easier choice? (Hallsworth, 2017). There is arguably a need for 

evidence-based, sustainable dietary interventions that consider how people allocate the scarce 

resources of money and time to improve health (Cawley, 2004). Yet, on top of the challenge to 

change people’s dietary preferences, there is the additional concern of how to measure such 

changes properly. While this is typically done with self-reported survey measures, there is reason 

to believe that what people say is not always what they do – as is, for instance, well known with 

regards to physical activity (Prince et al., 2008), but also debated with respect to dietary intake 

(Archer et al., 2018; Medic et al., 2016). In this paper, we provide both an intervention to study 

how to improve food preferences and an evaluation of its effects by measuring them with two 

different instruments – a survey and a behavioural measure – in order to study how well aligned 

what people say is to what they actually do. 

 

Epidemiological observational studies, such as the much-cited Nurses’ Health Study, have 

significantly influenced public health policy and practice globally (Liu et al., 1999; Colditz and 

Hankinson, 2005; Crous-Bou et al., 2014; Colditz et al., 2016). Such studies of dietary risk factors 

use assessments that require subjective responses, namely the Food Frequency Questionnaire 

(FFQ), 24-hour food recalls and food diaries, to make conclusions about the optimal diet for 

populations. It is understood that subjective measures of food preferences may suffer from 

hypothetical bias and a lack of incentive for accuracy (Lusk and Schroeder, 2004; Alemu and 

Olsen, 2018), and in Food Frequency Questionnaires, there may be noise due to people’s 

inattention to what they eat, inability to recall fully, and social desirability bias (Archer et al., 2018; 

Medic et al., 2016). The motivation for the present research is to provide the first evidence on 

whether a behavioural measure of food choice corresponds to what people say they do in the Food 

Frequency Questionnaire, and in so doing provide a more credible channel to understand whether 

a programme may be said to affect dietary behaviour change. Our study contributed to an emerging 
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literature on the behavioural economics of food choice (Ginon et al., 2014; List and Samek, 2015; 

Crosetto et al., 2016; Müller and Prevost, 2016; VanEpps et al., 2016; Alemu and Olsen, 2018; 

Charness et al., 2020).  

 

Various diets are touted both in the nutrition literature and in public opinion, but the quality of 

evidence for them varies (Freire, 2020). We posit that the behavioural measurement of food choice 

is a complementary tool that could increase methodological credibility of nutrition intervention 

studies. There is, however, no gold standard for directly assessing the validity of the FFQ (Cade 

et al., 2002). Moreover, an evidence base founded on self-report survey instruments is arguably 

problematic (Archer et al., 2018). Therefore, we pose the question, do revealed food preferences 

corroborate self-report responses in the FFQ? This is an open empirical question since in another 

health-related behaviour, physical activity, no correlation between self-report responses and 

behaviour is found (Prince et al., 2008). The present cross-sectional study compares food choice 

behaviour of 44 women that had taken part in a nutrition education programme to 51 similar 

women who had not yet taken part but qualified for the programme, using complimentary diet 

assessment tools. 

 

We collaborated with the Eat Better South Africa! (EBSA) programme in Ocean View and 

Atlantis, two under-resourced communities in the Western Cape.34 Past EBSA programmes were 

six weeks long and involved weekly two-hour educational sessions at a central community hall 

with a group limited to about 30 women. These sessions aim to teach participants about nutrition, 

NCDs, shopping on a budget, cooking and how to access healthier foods. Peer support via the 

instant messaging group is central to the programme, and engagement in the group chat continues 

after the six-week course ends. In our previous qualitative study, the nutrition education 

programme is evaluated using a different methodology, namely focus group discussions on 

women’s perceptions of the programme, lifestyle choices and shopping habits (Pujol-Busquets 

Guillen et al., 2020).  

 

 
34 EBSA is a non-profit organisation, created to address health and socioeconomic issues faced by underprivileged 
South Africans, particularly women. 
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In the present research, the behavioural component is a grocery shopping activity at a local 

supermarket where the women could spend a ZAR 250 (~16 USD) retail voucher. Participants take 

home whatever food they buy and send photos of their groceries and the receipt via instant 

message. Eligible participants are drawn from the communities where the programme already 

operates or plans to operate in the near future. Adult women could participate in the study if they 

had taken part in the programme or were eligible to take part in future programmes. Thus, two 

groups of women are included and their responses compared.  

 

Data were collected in 2020 during a Covid-19 lockdown. Despite the adverse conditions, we 

observe a marked difference in food choice behaviour by the programme group in line with its 

advice. While only an approximation of usual eating habits, the study shows that the inexpensive 

FFQ is representative of women’s revealed food preferences. The results from this research 

suggest that when it comes to food: what she says is what she does. Future nutrition research could 

make use of complementary diet assessment tools that take into consideration revealed preferences 

in an ecologically valid setting. In particular, how people choose to allocate scarce resources of 

time and money when faced with lifestyle choices (Cawley, 2004).  

 

 

 

2. METHODS 

 

2.1. Study procedures 

 

Participation in the study takes about 90 minutes. Each participant completes: (a) informed 

consent; (b) a questionnaire on socioeconomic status, medical conditions, food insecurity and 

shopping habits; (c) a task, in which they purchase food and (non-alcoholic) drink items in a local 

supermarket with a retail voucher and photograph their groceries and receipt; (d) a Food Frequency 

Questionnaire; and (e) a feedback questionnaire about their experience. Interview 1 comprises (a) 

and (b), while Interview 2 later in the week comprises (d) and (e).  
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2.2. Participant eligibility  

 

Eligible participants are: women; 18-69 years old; capable of providing informed consent; able to 

understand and speak English or Afrikaans, not using private health care, and without access to 

health insurance. To be eligible as a previous programme participant, they must have attended at 

least four out of six weekly sessions from one of the four previous Western Cape programmes. 

Controls are drawn from similar communities through nomination to the study by a participant or 

EBSA community coach/ambassador. This is typically how EBSA recruits future programme 

participants who are relatively naïve to its Low-Carbohydrate High-Fat diet.  

 

2.3. Participant recruitment 

 

Our sampling strategy allows us to identify the effect of participating in the programme. To form 

a convincing counterfactual to the treatment group, control participants should be similar in 

observable characteristics.  The educators and community coaches are asked to assist with 

recruiting women who were enrolled in previous programmes, either using the WhatsApp group 

or by telephone. For the non-programme participants, a person identified in the community is 

asked to help recruit women and participants are invited to nominate a non-programme woman to 

take part in the study. Those women interested in taking part are given the appropriate participant 

information sheet electronically (Appendix A, Control; Appendix B, Treatment). Women are not 

necessarily expected to read it but are asked if an investigator may contact them to explain the 

study. Women who communicate their willingness to participate in the study and meet the 

recruitment criteria are all contacted by a researcher. The infographic explaining the 10 steps to 

complete the study (Appendix C) is sent electronically to each person’s mobile phone. A researcher 

confirms eligibility, explains the study, answers any questions and invites interested women to 

take part. 

 

2.4. Data 

 

The participant receives a R250 (~16 USD) voucher via SMS. This amount equates to about a 

week’s typical grocery shopping in our underprivileged communities. The shopping activity is 
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held at a major local supermarket. Participants can choose from a selection of grocery items (at 

current retail prices), in particular from fresh produce and cupboard groceries. The researcher 

explains the activity according to Interview 1 Transcript (Appendix D) and conducts the demographic 

questionnaire (Appendix E). Each participant has a week to purchase her groceries at her 

convenience. An online shopping account with which the vouchers are purchased allows the 

investigators to track which vouchers have been spent. Purchasing decisions are made privately in 

the store, as per regular grocery shopping. The participant has access to her phone to keep track of 

the total cost of her shopping. When she has finished selecting items, she proceeds to the checkout. 

At home, she takes a photo of both her groceries and the till slip, and sends them to the researcher. 

The researcher ticks off on a checklist with the participant’s code the types of food she chose to 

buy and notes the total spent on the receipt.   

 

When the shopping activity is completed, the follow-up interview is booked, usually on the same 

day or the following day. Participants complete an interviewer-administered FFQ on a phone call 

with a researcher asking about foods eaten in the past four weeks (Appendix F). This questionnaire 

was developed and used previously as an online FFQ. The FFQ was developed according to 

guidelines proposed by Cade et al. (2002). The South African Medical Research Council’s (MRC) 

FFQ (Steyn and Senekal, 2004) was adapted to include food items frequently eaten by people 

following a Low-Carbohydrate High-Fat (LCHF) diet and foods reportedly eaten by previous 

programme participants. It also included standard portion sizes and frequency options. It 

underwent a period of pilot testing in volunteers that habitually followed a LCHF diet and was 

modified accordingly (Webster et al., 2019). The FFQ data was primarily used to assess the types 

of foods eaten. 

 

2.5. Data cleaning and variable transformation 

 

To measure average dietary intake, the FFQ asks respondents how frequently they have eaten a 

standard portion of a particular food in the past 4 weeks. For example, “In the past 4 weeks, how 

often did you eat a slice of white bread?” to which the participant may choose one of nine fixed 

responses, e.g. “None”, “1 or less per month”, “2-3 per month, “1-2 per week”, 3-4 per week”, “5-

6 per week”, “1 per day”, “2-3 per day” or “3 or more per day”. For analysis, categorical variables 
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are converted into continuous numerical variables, in particular, an estimate of the number of 

standard portions eaten per week. e.g. if a participant responded “1 per day”, this was converted 

to “7 per week”.  

 

The food purchases that the sample of women make with a retail voucher are coded as a list of 

dummy variables. If a food item (e.g. bread) is purchased, 1 is captured, and 0 otherwise. The list 

of food types corresponds to the EBSA programme’s traffic lights list of foods (Appendix G) and 

the FFQ items for ease of comparison. 5 Control observations are excluded from the analysis 

because these women were part of a gym group run by an EBSA community coach and already 

eating according to the programme’s dietary guidelines. A RED index score is created that adds 

up the binary food choice variables, with a maximum score of 8 if all RED foods are purchased 

with the R250 voucher. An ORANGE index score is created that adds up the binary food choice 

variables, with a maximum score of 3 if all three ORANGE list foods are purchased with the R250 

voucher. A GREEN index score is created that adds up the binary food choice variables, with a 

maximum score of 8 if all eight GREEN list types of food are purchased with the R250 voucher.  

 

2.6. Data analysis 

 

Individual characteristics are examined to motivate that the Control group can be used as a valid 

counterfactual to evaluate the impact of the programme. The non-parametric Kruskal-Wallis H test 

is conducted to test for significant differences in the distributions of individual and household 

characteristics. The self-report dietary intake of participants is categorised into RED, ORANGE 

and GREEN traffic-light lists published by EBSA (Appendix G). In order to evaluate the impact of 

the programme on women presumably attempting to follow the recommended LCHF diet, the 

types of foods eaten by the Control and treatment groups are compared. If the programme 

influenced eating habits according to its recommendations, one would expect to see fewer RED 

food items and more GREEN items consumed by the treatment group compared to the Control 

group. We control for observable characteristics in the Ordinary Least Squares (OLS) regression 

analysis with robust standard errors. The types of food purchases of the Treatment and Control 

groups are compared. In the Linear Probability Model (LPM) regression analysis, we control for 

observable characteristics. Finally, we consider the relationship between surveyed responses and 

https://thenoakesfoundation.org/news/media/the-noakes-foundation-food-lists
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purchasing behaviour, which allows us to make an evaluation of the validity of the FFQ. If the 

FFQ correlates well with our behavioural measure, this would support its use as a valid instrument 

to assess the impact of the programme on food preferences.   
 

 

3. RESULTS 

 

3.1. Sample characteristics 

 

The Treatment (EBSA programme) and Control groups are balanced in terms of household 

characteristics: number of household members, number of employed household members, 

shopping frequency and food insecurity.35 About half of all participants worried they would not 

have enough food because of lack of money in the preceding four weeks. In addition, Table 1 

shows that the two groups are well balanced and similar on a number of observable individual 

characteristics. Participants predominantly reported their ethnic heritage as Cape Coloured (χ2(1) 

= 1.639, p = 0.2005). According to the 2011 Census, the sample is representative of the ethnicity 

and language of our Western Cape communities (Ocean View and Atlantis). It should be noted, 

however, that the treatment group is older on average (χ2(1) = 10.760, p = 0.0010). The mean age 

for the Control group is about 44 years old, while the mean age for the programme group is about 

51 years old. In the regression analysis, we control for observable characteristics. 

 

Almost all the women have children (mode: 2; max: 5), and 75% share a household with a partner. 

The women are usually responsible for household groceries (χ2(1) = 1.639, p = 0.2005). On 

average, households have four members, with one or two members typically employed. 53% of 

the Control group are employed compared to 32% in the Treatment group (χ2(1) = 4.251, p = 

0.0392). We examine if there is a difference between the two groups in employed, working-age 

individuals (i.e. less than 60 years old). The test shows no significant difference between the two 

groups at the 5% level, χ2(1) = 2.833, p = 0.0924. In the pooled sample, 43% completed primary 

school only, 35% completed high school and 21% higher education. The Treatment group has 

 
35 See Supplementary Table S1 in the Appendix. 
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more participants with primary school only (less educated), and this difference is significant at the 

5% level, χ2(1) = 5.226, p = 0.0222. However, there is no significant difference at the 5% level 

between the groups in basic education (where primary school and high school are pooled), χ2(1) 

= 3.378, p = 0.0661. In South Africa, the returns to education are convex, in that the marginal rate 

of return is extremely high for tertiary levels of education and approaches zero for lower levels of 

education (Keswell and Poswell, 2004). Thus, completing school versus not is arguably the more 

relevant characteristic with which to consider differences in life chances between the two groups. 

There are no significant differences between groups in NCD risk factors at the 5% level, however, 

the Control group has a lower incidence of diagnosed high blood pressure at the 10% level.   

 

TABLE 1 

Sample characteristics of participants 
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3.2. Women’s self-reported dietary intake in the past four weeks 

 

Figure 1 shows histograms of total weekly consumption of standard portions of foods from the 

RED-list (e.g. fast food, sugar, bread, pasta, processed seed oils), ORANGE-list (e.g. fruit, such as 

bananas and apples) and GREEN-list (e.g. eggs, unprocessed meat, unsweetened full cream dairy, green 

leafy vegetables), respectively.36 In each histogram, blue bars indicate the distribution of the Control 

group’s responses, gold bars indicate the distribution of the Treatment group’s responses, and 

brown bars indicate where the two group’s distributions overlap. The Treatment group’s total 

weekly consumption of RED foods is clearly left-shifted compared to the Control group (i.e. fewer 

standard portions of unhealthy items were consumed, Kolmogorov-Smirnov test: Treatment < 

Control, p < 0.001), while for GREEN foods, the weight of the distributions is reversed (Control 

< Treatment, p < 0.001).37 In general, for ORANGE list foods, there is not much interesting 

variation. However, as we did not have particular hypotheses for the consumption of ORANGE 

list foods, we focus on the GREEN and RED lists in the main paper and discuss ORANGE in the 

Supplementary Information for completeness. 

 

 
36 See Appendix A for the EBSA programme’s traffic-lights lists which summarise its low-carbohydrate dietary 
advice. 
37 For total consumption of standard portions of ORANGE list foods there is no difference (Treatment < Control, p = 
0.500). We had no strong prior expectation for the ORANGE list. 
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FIGURE 1 

Histograms of reported intake from the various food lists 

 

Figure 2 shows coefficients from Ordinary Least Squares (OLS) regressions of the number of 

standard portions of food consumed per week on a treatment dummy variable = 1 if Treatment, 

and 0 if Control, controlling for age and highest education. Each regression coefficient illustrated 

originates from a separate model. We model the treatment effect of participating in the nutrition 

education programme on total weekly intake of RED, ORANGE, and GREEN list foods, 

respectively. The treatment effect on particular foods should be interpreted with caution because 

of multiple hypothesis testing concerns with a sample of 95 women. The OLS models in Figure 2 

consider only the self-reported FFQ data. The corresponding regression results can be seen in 

Table 2. 

 

The treatment group reports significantly fewer total portions per week from the RED list: i.e. 56 

in Treatment versus 86 unhealthy standard portions per week in the Control, a 35% lower intake 

by the Treatment group. Conversely, the treatment group reports significantly higher intake from 
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the GREEN list.38  

 

 
Note: OLS regression coefficient plots include controls for age and education. 

 

FIGURE 2 

Post-intervention treatment effect on weekly intake from the various food lists 

 

 

 

 

 

 

 
38 “Eggs in particular were highly regarded as a versatile food. Participants expressed an appreciation that eating 
certain fats like butter and animal fat was permitted more freely with the EBSA diet and said that this improved the 
taste of their food. Adding coconut oil or butter to coffee (Bulletproof coffee) as a meal substitute was reported quite 
often.”  (Pujol-Busquets Guillen et al., 2020: p. 7). 
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TABLE 2 

OLS models of treatment effect on total weekly intake of unhealthy and healthy foods 

 
 

Result 1. Women who have participated in the nutrition education programme reported 

significantly lower (higher) weekly intake of standard portions of unhealthy RED (healthy 

GREEN) list foods than the Control group. 
 

 

3.3. Women’s incentivised food choices with a supermarket voucher  

 

In the Control group, 86% of participants purchase at least one RED-list item with their voucher, 

compared to 52% of programme participants. On average, the Control group selects 2.39 (sd = 

1.42) out of eight different types of RED list foods, while the Treatment group selects 1.02 (sd = 

1.23). The modal RED index score in the Control is 3 (out of 8), while the Treatment group’s 

modal RED index score is 0. A Kolmogorov-Smirnov test rejects the hypothesis that the two 

distributions are equivalent (Treatment < Control; p < 0.001).  

 

In the Control group, 96% of participants purchase at least one GREEN-list item with their 

voucher, compared to 100% of programme participants. On average, the Control group selects 

2.45 (sd = 1.06) out of 8 possible GREEN foods, while the treatment group selects 3.43 (sd = 

1.32). The modal GREEN index score in the Control group is 3 (out of 8), while the Treatment 

group’s modal GREEN index score is 4. A Kolmogorov-Smirnov test rejects the hypothesis that 

the two distributions are equivalent (Control < Treatment, p < 0.001).  
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The following coefficient plots are from Linear Probability Model (LPM) regressions of binary 

dependent variables equal to 1 if the food is purchased, and 0 otherwise, on a treatment dummy = 

1 if Treatment and 0 if Control. These models use only the behavioural food choice data from 

receipts, verified by photos of groceries. All the LPM models include controls for age and highest 

education. The second main result confirms the first main result: The nutrition education 

programme influences not only self-reported eating habits but also behaviour. 

 

In Figure 3, the LPM model “RED” shows that programme participants are about 40% less likely 

to purchase a RED-list item with the retail voucher. The LPM model “GREEN” shows that 

programme participants are as likely as the Control group to purchase at least one GREEN list 

food. It is necessary to consider the separate LPM models of each of the GREEN list foods to learn 

more about the likelihood of healthy food choices. Programme women are significantly more 

likely to spend their voucher on five out of eight GREEN items compared to the Control group.  

 

Result 2. Women who had participated in the programme were less likely to purchase a RED 

(unhealthy) item compared to the Control group. The Treatment group bought more GREEN 

(healthy) items. 
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Note: LPM coefficient plots include controls for age and education. 

 

FIGURE 3 

Probability of purchasing foods from the various lists by treatment group 

 

 

3.4. The relationship between incentivised choices at the supermarket and self-reported 

dietary intake in the past four weeks 

 

The following coefficients in Figure 4 are from OLS models of total weekly intake of RED, 

ORANGE and GREEN list foods, respectively. Controls for age and highest education are 

included in all regressions. In the first model, total weekly intake is regressed on a binary variable, 

e.g. “RED” = 1 if one or more RED foods are purchased with the voucher, and 0 otherwise. This 

model allows us to test the hypothesis that buying any RED food with a voucher is positively 

associated with reporting to have eaten RED food in the past 4 weeks. In the second model, total 

weekly reported intake is regressed on an index score variable which reflects the number of 
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different types of RED list items purchased with the voucher. This model allows us to test the 

strength of the association between buying more types of RED foods and reported eating habits in 

the past month. Buying more types of RED items should also be represented in greater reported 

consumption of RED food if the behavioural measure validates the survey. 

 

Figure 4 shows that the association between behavioural and survey responses is significant and 

positive for RED items. Buying any RED-list food is associated with an increase in total weekly 

intake of about 20 standard portions.39 There are eight different types of food in the RED list that 

were used to generate the RED index score. A one-unit increase in the RED behavioural index is 

significantly associated with reporting eight more standard portions of RED list foods in the 

survey. Overall, buying RED in the supermarket is associated with greater reported total weekly 

RED intake in the past four weeks. 

 

The association between behavioural and survey responses is significant and positive for GREEN 

list foods. There are eight different types of food from the GREEN list, which form the behavioural 

GREEN index score we generated. A one-unit increase in the GREEN index score (i.e. buying one 

more GREEN product) is significantly associated with reporting five more standard portions of 

GREEN in the survey.40  

 

In general, the relationship between purchasing behaviour and reported food intake tends to be 

positive and significant. The more unhealthy or healthy products bought with the voucher, 

respectively, the more the women report to have consumed in the past month. This finding 

validates the FFQ as a tool to evaluate eating habits. Therefore, we infer there is utility in 

measuring the impact of the nutrition education programme using the FFQ in this population.  

 

 
39 An example of a standard portion of a RED list food in the FFQ is “a slice of white bread”. 
40 An example of a standard portion of a GREEN list food in the survey is “an egg”. 
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Note: OLS regression coefficient plots control for age and education 

 

FIGURE 4 

The association between purchasing behaviour and reported dietary intake 

 

 

Result 3. Spending the voucher on at least one RED (unhealthy) item is associated with 20 more 

unhealthy standard portions reported in total weekly consumption in the past four weeks. A one-

unit increase in the behavioural RED/GREEN index score is significantly positively associated 

with surveyed consumption. 
 

 

4. CONCLUSION 

 

This paper examines the question of methodology in studies of food choice and, in particular, how 

to evaluate an intervention designed to improve healthy eating. Much of global NCDs, such as 

type 2 diabetes, are driven by dietary behaviour (Wang et al., 2016). Behaviour is the mechanism 

or channel through which to explain changes in blood markers, weight and blood pressure. Thus, 

being able to show that a nutrition education programme affects revealed food preferences is 

critical for demonstrating evidence of sustainable behaviour change in lifestyle. In hugely 
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influential observational studies, such as the Nurses’ Health Study (e.g. Colditz and Hankinson, 

2005), the measurement of dietary intake is self-reported in Food Frequency Questionnaires at 

intervals (i.e. every two years). Such measures are open to bias (Archer et al., 2018), and it is an 

empirical question whether the FFQ would be validated by revealed food preferences when 

spending a retail voucher on real food in the supermarket. Previously, Lusk and Schroeder (2004) 

showed that hypothetical responses predict higher probabilities of purchasing beef steaks than non-

hypothetical responses, suggesting that people overestimate their “willingness-to-pay”. The 

present study contributes to an emerging literature on the behavioural economics of food choice 

(e.g. Ginon et al., 2014; List and Samek, 2015; Crosetto et al., 2016; Müller and Prevost, 2016; 

VanEpps et al., 2016; Charness et al., 2020).  

 

We address three questions: (a) Does self-reported dietary intake in the past month differ between 

past programme participants and a similar Control group of women? (b) Does incentivised 

decision-making with a supermarket voucher differ between women who have been through the 

programme versus Control? (c) Do incentivised food choices validate self-reported dietary intake 

in the past four weeks? Participants spend a voucher valued at one week’s shopping and complete 

an interviewer-administered Food Frequency Questionnaire over the phone. Data are analysed 

using the programme’s traffic-lights lists. The treatment group reports 30 fewer RED (unhealthy) 

standard portions per week and 24 more GREEN (healthy) portions per week. Women from the 

nutrition education programme are also less likely to purchase an unhealthy item and instead buy 

more healthy items. Spending the voucher on an unhealthy RED food is associated with reporting 

an additional 20 unhealthy food portions per week. Our results on reported versus behavioural 

dietary measures are in contrast to Prince et al. (2008), which shows no correlation between 

reported and behavioural measures in physical activity. The researcher’s independence from the 

education programme and anonymity of responses was emphasised to participants to address 

concerns of possible experimenter demand effects. The study design puts the behavioural measure 

first, so there is no concern about participants trying to match what they buy to their survey 

responses, although the reverse is possible. Participants may potentially have the desire to be 

consistent, but there is no reason to believe that this desire would be greater amongst our 

participants than Prince et al. (2008). We show how the credibility of evaluations can be strengthened 
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using incentivised measures of revealed food preferences when they corroborate inexpensive 

complementary diet assessment tools such as the Food Frequency Questionnaire.   

This study contributes to the limited literature on behavioural economics of food choice, building 

on behavioural experiments such as List and Samek (2015), which examined incentives for 

improving children’s snack choices and Charness et al. (2020), which examined the impact of 

several non-incentivised interventions on children’s snack choices. Our study offers 

interdisciplinary behavioural insights into the nutrition literature by examining the validity of a 

standard survey instrument for measuring food intake. Building on Cawley’s (2004) economic 

framework for understanding eating behaviour, our study empirically shows that economics offers 

useful insights into nutrition because it is the study of how people allocate their scarce resources 

of time and money. We show that the EBSA programme influences food choice behaviour and 

how this methodology could strengthen the quality of evidence generated by impact evaluations 

since it is reflected in women’s survey responses about their eating habits.    

 

While purchased groceries are likely strongly correlated with actual food intake, it is not a measure 

of direct intake. Food could be wasted or given to other household members. When asked, “Are 

there any grocery items that you bought for someone else that you don't plan to eat at all yourself?” 

less than 20% of participants answered in the affirmative. When analysing food choice behaviour, 

we did an “intention to eat” analysis since we cannot rule out that the women would not eat the 

treats they bought since all groceries become part of the home food environment. A second 

limitation of our shopping activity is the value of the supermarket voucher. What women choose 

to buy with R250 (16 USD) is certainly not a complete picture of their dietary intake. However, 

we argue that the purchases we observe are nevertheless a reasonable sample of the types of foods 

our participants would buy given a limited budget. Allowing for unlimited food expenses would 

also not be a valid measure of their usual behaviour. Our voucher is equivalent to about a week’s 

shopping value, which is less than what participants normally spend on a particular shop.41 Over 

90% of the sample answered affirmatively to “Is what you bought similar to what you normally 

buy?”. The choice of R250 was taken with consideration of the research budget and achieving the 

 
41 The modal shopping frequency reported by participants was bulk buys with R1000 or more, followed by R500 - 
R700 and R300 - R500. 
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sample size needed for statistical analysis. A third limitation is the cross-sectional nature of the 

data.  
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5. SUPPLEMENTARY INFORMATION 

 

5.1. Supplementary Table S1: Household Characteristics 
 

TABLE S1 

Balance test of household characteristics 

 
 

5.2. The ORANGE list foods 

 

As we did not have particular hypotheses about consumption of the ORANGE list foods, we 

provide discussion of the ORANGE list here in the Appendix for completeness. There is no 

significant difference in total weekly intake of ORANGE list foods between the two groups in the 

past four weeks. In the Control group, 66.67% of women purchase at least one ORANGE food 

item with their voucher, compared to 54.55% of programme participants. On average, the Control 

selects 0.94 (sd = 0.79) out of 3 and the treatment group selects similarly 0.61 (sd = 0.62) out of 

3. The modal ORANGE index score is 1 for both groups. A Kolmogorov-Smirnov test fails to 

reject the hypothesis that the two distributions are equivalent (Treatment < Control; p = 0.134). 
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There is no significant difference between the two groups’ ORANGE list purchases.  The LPM 

model “ORANGE” indicates that programme participants are about 20% less likely to purchase 

an ORANGE list food. The association between behavioural and survey responses is not 

significant for ORANGE. Buying any ORANGE list food is not significantly associated with an 

increase in total weekly intake. There are three different foods in the ORANGE list that form the 

ORANGE index score we create. A one-unit increase in the ORANGE index score is not 

significantly associated with reporting more standard portions of ORANGE list foods in the 

survey. Overall, buying ORANGE is not significantly associated with reporting greater total 

weekly intake of ORANGE in the FFQ.  
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6. APPENDICES 

A. Participant information sheet Control group  
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B. Participant information sheet EBSA treatment group  
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C. Infographic for participants: 10 steps to complete the study 
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D. Interview 1 Transcript for Researcher/Research Assistant 
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E. Baseline Questionnaire 

 
Survey Flow 

Block: Introduction (7 Questions) 
Standard: Demographics (13 Questions) 
Standard: Tobacco Use (1 Question) 
Standard: Alcohol Consumption (2 Questions) 
Standard: History of Raised Blood Pressure (4 Questions) 
Standard: History of Raised Blood Sugar or Diabetes (5 Questions) 
Standard: History of Cardiovascular Diseases (3 Questions) 
Standard: Household Food Insecurity Access Scale (20 Questions) 
Standard: Shopping/Cooking Behaviour (9 Questions) 
Page Break  

 

Start of Block: Introduction 

 
[Instructions for Interviewers are in PURPLE. Do not read purple instructions to the participant.]   
    
Goed, laat ons begin!   
Ek sal u vrae stel oor uself en u huishouding.   
Die opname duur ongeveer 15 minute.   
    
U antwoorde is sterk vertroulik. Slegs die studie-ondersoekers sal u kan identifiseer. As ek enige vrae vra 
wat u nie wil beantwoord nie, laat weet my dan; dan gaan ek na die volgende vraag. U kan ook die 
onderhoud te eniger tyd stop. Ons hoop egter dat u aan die opname sal deelneem omdat u antwoorde vir 
ons belangrik is.   
     
Most of the questions are in English. If you want me to clarify, I can do that in Afrikaans.   
__________________________________ 
 
(English): I will ask you some questions about yourself and your household.   
    
The survey will take about 15 minutes.   
    
Your answers are strictly confidential. Only the study investigators will be able to identify you. If I ask 
any questions you do not want to answer, please let me know; then I will move on to the next question. 
You can also stop the interview at any time. However, we hope that you will participate in the survey 
because your answers are important to us.   

 

 
participant_code Enter Participant Code (see CHECKLIST for Interviewers if you forget what it is): 
__________________________________________________________ 
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interviewer Interviewer, please select yourself:____________________ 
 
 
consent_given Has participant completed the consent form? Check yes if you have done this step. 

o Yes  

o No  
 
mobile_number What is your cellphone number? (You can add this since you have their number) 

________________________________________________________________ 
 
 
first_language What is your first or home language? 

▢ English  

▢ Afrikaans  

▢ Other ________________________________________________ 
 
 
other_languages What other languages can you understand and speak? 

▢ None  

▢ English  

▢ Afrikaans  

▢ Other ________________________________________________ 
 

End of Block: Introduction 
 

Start of Block: Demographics 

 
 
age_years How old are you? (years) 

________________________________________________________________ 
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height_cm What is your height? (centimetres)  

________________________________________________________________ 
 
 
weight_kg What is your weight? (kg) 

________________________________________________________________ 
 
cultural_heritage In your own words, please can you describe your racial, ethnic or cultural background. 
We are interested in this because it can have an impact on food traditions and choices.     [Probe: If they 
are confused, add: So for example, some people may say: Cape Coloured, White European, Black South 
African, etc] 

________________________________________________________________ 
 
 
partner_shares_hh Do you share a household with a partner? 

o Yes  

o No  

o Prefer not to answer  
 
 
parent Do you have children? 

o Yes  

o No  
 

Skip To: highest_education If Do you have children? = No 

 

 
 
number_children How many children do you have? 

 

number_children_hh How many children and grandchildren currently live with you in your household?  

________________________________________________________________ 
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highest_education What is the highest level of education you have completed? 

o No formal schooling  

o Less than primary school  

o Primary school completed  

o High school completed (Matric)  

o College/University completed  

o Post graduate degree  

o Prefer not to answer  
 
 
employed Are you currently employed? 

o Yes  

o No  

o Prefer not to answer  
 

 

Display This Question: 

If Are you currently employed? = No 

 
Covid_unemployed Do you currently have less employment or no job because of Covid-19 or lockdown? 

o Yes  

o No  
 
number_hh_members How many people in total, including yourself, live in your household? [Enter 
number] 

________________________________________________________________ 
employed_hh_members How many people, including yourself, in your household are employed? [Enter 
number] 

________________________________________________________________ 
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End of Block: Demographics 
 

Start of Block: Tobacco Use 

 
smoker Do you currently smoke any tobacco products every day?  [If needed prompt, cigarettes, cigars or 
pipes?] 

o Yes  

o No  

o Prefer not to answer  
 

End of Block: Tobacco Use 
 

Start of Block: Alcohol Consumption 

 
alcohol_past_year Have you consumed any alcohol within the past 12 months? 

o Yes  

o No  
 

Skip To: End of Block If Have you consumed any alcohol within the past 12 months? = No 

alcohol_freq During the past 12 months, how frequently have you had at least one alcoholic drink? 

o Daily  

o 5-6 days per week  

o 3-4 times a week  

o 1-2 days per week  

o 1-3 days per month  

o Less than once a month  

o Never  
 

End of Block: Alcohol Consumption 
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Start of Block: History of Raised Blood Pressure 

 
high_BP Have you ever been told you have high blood pressure by a doctor or health care worker? 

o Yes  

o No  
 

Skip To: End of Block If Have you ever been told you have high blood pressure by a doctor or health care 
worker? = No 

 
BP_diagnosis_12mo Have you been told you have high blood pressure in the past 12 months? 

o Yes  

o No  

 

Display This Question: 

If Have you been told you have high blood pressure in the past 12 months? = Yes 

 
BP_past_6mo Have you been told in the past 6 months? 

o Yes  

o No  
 
BP_meds In the past two weeks, have you taken any medication for high blood pressure prescribed by a 
physician? 

o Yes  

o No  
 

End of Block: History of Raised Blood Pressure 
 

Start of Block: History of Raised Blood Sugar or Diabetes 
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diabetes_diagnosed Have you been told you have diabetes (that is high blood sugar) by a doctor or 
health care worker? 

o Yes  

o No  
 

Skip To: End of Block If Have you been told you have diabetes (that is high blood sugar) by a doctor or 
health care worker? = NoDisplay This Question: 

If Have you been told you have diabetes (that is high blood sugar) by a doctor or health care 
worker? = Yes 

diabetes_past_12mo Have you been told in the past 12 months? 

o Yes  

o No  

Display This Question: 

If Have you been told in the past 12 months? = Yes 

diabetes_past_6mo Have you been told in the past 6 months? 

o Yes  

o No  

Display This Question: 

If Have you been told you have diabetes (that is high blood sugar) by a doctor or health care 
worker? = Yes 

diabetes_meds In the past two weeks, have you taken any medication for diabetes? 

o Yes  

o No  

Display This Question: 

If Have you been told you have diabetes (that is high blood sugar) by a doctor or health care 
worker? = Yes 

 
insulin Are you currently using insulin for diabetes? 

o Yes  

o No  
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End of Block: History of Raised Blood Sugar or Diabetes 
 

Start of Block: History of Cardiovascular Diseases 

 
CVD_event Have you had a heart attack or chest pain from heart disease or a stroke? 

o Yes  

o No  
 
asprin Are you currently taking Disprin regularly to prevent or treat heart disease? [aspirin] 

o Yes  

o No  
 
statins Are you currently taking statins, which is medicine for high cholesterol? 

o Yes  

o No  
 

End of Block: History of Cardiovascular Diseases 
 

Start of Block: Household Food Insecurity Access Scale 

 
Now I'd like to ask you ten YES or NO questions about food security (Voedselsekuriteit) in your 
household.   
    
If you answer YES, I will ask you how frequently. Rarely, Somtimes or Often? (Selde, soms of gereeld?)   
    
[Remember this is a sensitive topic for some families. Keep this in mind as you ask the following 
questions. Afrikaans is in brackets if needed] 
 
V268 In the past four weeks, did you worry that your household would not have enough food?     (Was u 
die afgelope vier weke bekommerd dat u huishouding nie genoeg voedsel sou hê nie?) 

o Yes  

o No  
 

Skip To: V270 If In the past four weeks, did you worry that your household would not have enough 
food?   (Was u di... = No 
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V269 How often did this happen? Rarely, Sometimes or Often?  
    
[Let participant respond and then clarify what that option means to confirm it's correct]. 

o Rarely (once or twice in the past four weeks)  

o Sometimes (3 to 10 times in the past four weeks)  

o Often (more than 10 times in the past four weeks)  
 
V270 In the past four weeks, were you or any household member not able to eat the kinds of foods you 
preferred because there was not enough money? 
  
 (Kon u of enige huishoudelike lidmaatjie die afgelope vier weke nie die soorte kosse eet wat u verkies nie 
omdat daar nie genoeg geld was nie?) 

o Yes  

o No  
 

Skip To: no_luxury_foods If In the past four weeks, were you or any household member not able to eat the 
kinds of foods you p... = No 

V271 How often did this happen? Rarely, Sometimes or Often?   
    
[Let participant respond and then clarify what that option means to confirm it's correct e.g. "Rarely, so 
once or twice...? Is that right?"]. 

o Rarely (once or twice in the past four weeks)  

o Sometimes   (three to ten times in the past four weeks)  

o Often    (more than ten times in the past four weeks)  
 
no_luxury_foods In the past 4 weeks were you or any household member not able to eat any luxury foods 
you wanted to eat because there was not enough money? 
  
 (Kon u of 'n huishoudelike lidmaatjie die afgelope vier weke nie luukse kos eet wat u wou eet nie omdat 
daar nie genoeg geld was nie?) 

o Yes  

o No  
 
V272 In the past four weeks, did you or any household member have to eat a limited variety of foods due 
to a lack of money? 
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 (Het u of enige huishoudelike lidmaatjie die afgelope vier weke 'n beperkte verskeidenheid kosse moes 
eet as gevolg van 'n tekort aan geld?) 

o Yes  

o No  

Skip To: V274 If In the past four weeks, did you or any household member have to eat a limited variety of 
foods du... = No 

V273 How often did this happen? Rarely, Sometimes or Often?   
    
[Let participant respond and then clarify what that option means to confirm it's correct]. 

o Rarely   (once or twice in the past four weeks)  

o Sometimes   (three to ten times in the past four weeks)  

o Often    (more than ten times in the past four weeks)  
 
V274 In the past four weeks, did you or any household member have to eat some foods that you really did 
not want to eat because there was not enough money? 
  
 (Het u of enige huishoudelike lid die afgelope vier weke 'n paar kosse geëet wat u regtig nie wou eet nie 
omdat daar nie genoeg geld was nie?) 

o Yes  

o No  

Skip To: V276 If In the past four weeks, did you or any household member have to eat some foods that 
you really di... = No 

V275 How often did this happen? Rarely, Sometimes or Often?   
    
[Let participant respond and then clarify what that option means to confirm it's correct]. 

o Rarely   (once or twice in the past four weeks)  

o Sometimes   (three to ten times in the past four weeks)  

o Often    (more than ten times in the past four weeks)  
 
V276 In the past four weeks, did you or any household member have to eat a smaller meal than you felt 
you needed because there was not enough money for food? 
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 (Moet u of enige huishoudelike lidmaatjie die afgelope vier weke 'n kleiner maaltyd eet as wat u gevoel 
het dat u nodig het omdat daar nie genoeg geld vir kos was nie?) 

o Yes  

o No  

Skip To: V278 If In the past four weeks, did you or any household member have to eat a smaller meal 
than you felt... = No 

V277 How often did this happen? Rarely, Sometimes or Often?   
    
[Let participant respond and then clarify what that option means to confirm it's correct]. 

o Rarely   (once or twice in the past four weeks)  

o Sometimes   (three to ten times in the past four weeks)  

o Often    (more than ten times in the past four weeks)  
 
V278 In the past four weeks, did you or any other household member have to eat fewer meals in a day 
because there was not enough money for food? 
  
 (Het u of enige ander huishoudelike lidmaat in die afgelope vier weke minder maaltye op 'n dag moes eet 
omdat daar nie genoeg geld vir kos was nie?) 

o Yes  

o No  

Skip To: V280 If In the past four weeks, did you or any other household member have to eat fewer meals 
in a day be... = No 

V279 How often did this happen? Rarely, Sometimes or Often?   
    
[Let participant respond and then clarify what that option means to confirm it's correct]. 

o Rarely   (once or twice in the past four weeks)  

o Sometimes   (three to ten times in the past four weeks)  

o Often    (more than ten times in the past four weeks)  
 
V280 In the past four weeks, was there ever no food to eat of any kind in your household because of lack 
of money to buy food? 
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 (Was daar in die afgelope vier weke ooit voedsel in enige huishouding om te eet as gevolg van 'n gebrek 
aan geld om kos te koop?) 

o Yes  

o No  
 

Skip To: V282 If In the past four weeks, was there ever no food to eat of any kind in your household 
because of la... = No 

V281 How often did this happen? Rarely, Sometimes or Often?   
    
[Let participant respond and then clarify what that option means to confirm it's correct]. 

o Rarely   (once or twice in the past four weeks)  

o Sometimes   (three to ten times in the past four weeks)  

o Often    (more than ten times in the past four weeks)  
 
 
V282 In the past four weeks, did you or any household member go to sleep at night hungry because there 
was not enough money to buy food? 
  
 (Het u of enige huishoudelike lidmaat die afgelope vier weke snags honger geslaap omdat daar nie 
genoeg geld was om kos te koop nie?) 

o Yes  

o No  

Skip To: V284 If In the past four weeks, did you or any household member go to sleep at night hungry 
because there... = No 

V283 How often did this happen? Rarely, Sometimes or Often?   
    
[Let participant respond and then clarify what that option means to confirm it's correct]. 

o Rarely   (once or twice in the past four weeks)  

o Sometimes   (three to ten times in the past four weeks)  

o Often    (more than ten times in the past four weeks)  
 
V284 In the past four weeks, did you or any household member go a whole day and night without eating 
anything because there was not enough money for food? 
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 (Het u of 'n huishoudelike lid die afgelope vier weke 'n hele dag en nag gegaan sonder om iets te eet 
omdat daar nie genoeg geld vir kos was nie?) 

o Yes  

o No  
 

Skip To: End of Block If In the past four weeks, did you or any household member go a whole day and 
night without eating a... = No 

Display This Question: 

If In the past four weeks, did you or any household member go a whole day and night without eating 
a... = Yes 

 
V285 How often did this happen? Rarely, Sometimes or Often?   
    
[Let participant respond and then clarify what that option means to confirm it's correct]. 

o Rarely   (once or twice in the past four weeks)  

o Sometimes   (three to ten times in the past four weeks)  

o Often    (more than ten times in the past four weeks)  
 

End of Block: Household Food Insecurity Access Scale 
 

Start of Block: Shopping/Cooking Behaviour 

We are almost done. 
Finally, I'd just like to ask you a few questions about grocery shopping and cooking. 
 
shopping_freq How often do you go shopping for groceries? 

o Every day  

o 2-3 times per week  

o Once a week  

o Less than once a week  
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hh_shopper Who normally does the grocery shopping for your household?  

▢ Myself  

▢ My partner  

▢ Children  

▢ Other (specify) ________________________________________________ 
 
number_of_mouths When you buy groceries, how many household members excluding yourself eat the 
food you buy? ______________________________________________________ 
 
 
purchase_factors What is important for you in deciding what food to buy? List the 3 most important 
things from the following choices: 

▢ Price  

▢ Taste  

▢ Distance to travel to shop  

▢ Healthy food  

▢ Brand of food/shop  

▢ Environmental impact  

▢ Food my other household members like  

▢ Other (specify) ________________________________________________ 
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favourite_shops What shops do you/your household buy food from most often? List the 3 most common 
shops from the following:  

▢ Pick n Pay  

▢ USave  

▢ Checkers  

▢ Food Lovers Market  

▢ Shoprite  

▢ Fruit and Veg  

▢ Woolworths  

▢ Spar  

▢ Street Vendors  

▢ Local supermarket  

▢ Local farm outlets  

▢ Other (Specify) ________________________________________________ 

▢ Don't know  
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hh_cook Which statement most accurately describes your cooking situation at home: 

o I don't normally cook for myself or my household  

o I normally cook just for myself  

o I normally cook for myself and other members of my household  

o I normally don't cook for myself but I cook for other members of my household  

Display This Question: 

If Which statement most accurately describes your cooking situation at home:(pause for a second 
betw... = I don't normally cook for myself or my household 

 
other_cook If you don't cook for yourself, who normally cooks for you? 

o Partner  

o Child  

o Other ________________________________________________ 

Display This Question: 

If Which statement most accurately describes your cooking situation at home:(pause for a second 
betw... = I normally cook for myself and other members of my household 

Or Which statement most accurately describes your cooking situation at home:(pause for a second 
betw... = I normally don't cook for myself but I cook for other members of my household 

 
hh_members_fed If you cook for other members of your household, how many people do you normally 
cook for, excluding yourself? 

o 1  

o 2  

o 3  

o 4  

o 5  

o 6 or more  
 

End of Block: Shopping/Cooking Behaviour 
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F. Food Frequency Questionnaire 

 
Survey Flow 

Block: Introduction (2 Questions) 
Standard: Breads (7 Questions) 
Standard: Cereals and grains (7 Questions) 
Standard: Fruit and Veg (9 Questions) 
Standard: Animal protein (15 Questions) 
Standard: Dairy (9 Questions) 
Standard: Added fats (11 Questions) 
Standard: Legumes, nuts and seeds (8 Questions) 
Standard: Drinks (9 Questions) 
Standard: Junk food (5 Questions) 
Standard: Dessert, biscuits, sweets (10 Questions) 

Page Break  

Start of Block: Introduction 

 
This is a Food Frequency Questionnaire (FFQ) asking about foods you have eaten in the past month.  
It is important that you only answer about foods that you actually ate and just in the past month.  
I will read out a list of foods and the portion units for each food. You will be asked to say on average how 
many of these portions you usually eat at a time and how times you have eaten them.  Try to think about 
all the times that you have eaten the particular food, including in take-aways, as snacks, or as part of other 
dishes. 
For example, I may say: 'A piece of chicken'. If you normally eat only one piece whenever you eat 
chicken and you eat chicken twice a week, you would answer: 'One piece, twice a week'. If you normally 
eat 3 pieces but only on one day of the week, you would answer: 'Three pieces, once a week'.  
Another more complicated example may be 'A cup of non-starchy vegetables' and I would give examples 
such as 'broccoli, spinach, cabbage, peppers, salad greens etc'. Try to think of all the times you have eaten 
any type of non-starchy vegetables like these in the past month. So you would add up all the times you ate 
any of them in salads, soups, as snacks on their own, in curries etc. You would then think how many cups 
you usually ate each time. So some answers may be: 'half a cup, once a day' or '2 cups, 3 times a week' or 
'none' if no starchy vegetables were eaten in the past month. 
Try to be as honest as possible. Please try not to let your answers be affected by what you think you 
should have eaten. We want to know what you actually ate and will keep your answers strictly 
confidential. Everyone else besides me will only see a code next to your answers so they won’t know they 
are yours.  
Take as much time as you like to think about your answers. Once we get going, it should be more clear 
what to do but please feel free to ask me questions at any time.   
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Shall we start? 
There are 18 questions in this survey. 
 
id Enter the code that was given to you by the researchers. 

________________________________________________________________ 
 

End of Block: Introduction 
 

Start of Block: Breads 

 
instructions Thinking back over just the past month, on average, how often did you eat the following 
foods? Remember to state the number of portions you usually ate at a time and how often you ate them.   
 
 
 
breads[white] A slice of white bread or roll. 

o None  

o 1 or less per month  

o 2 to 3 per month  

o 1 - 2 per week  

o 3 - 4 per week  

o 5 - 6 per week  

o 1 per day  

o 2 - 3 per day  

o More than 3 per day  
 
 
Notes: Unless otherwise listed all the dropdown choices are the same for each of the following questions. 
We omit them here for brevity. 
 
 
breads[brown] A slice of brown, wholewheat or rye bread or roll. 
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breads[roti] A roti. 
 
breads[lowcarb] A slice of low carb bread (e.g. Heba or other) 
 
breads[crackers] A savoury cracker or biscuit. 
 
breads[pastry] A savoury pastry (e.g. croissant). 
 

End of Block: Breads 
 

Start of Block: Cereals and grains 

 
cereals[cereal] A bowl of regular breakfast cereal or granola (e.g. All Bran, musli, Cornflakes etc.)  
 
cereals[oats] A bowl of cooked porridge or oats. 
 
cereals[lowcarb] A bowl of cooked (low carb) Heba pap. 
 
cereals[pap] A bowl of regular cooked pap. 
 
cereals[pasta] A cup of cooked pasta or noodles. 
 
cereals[rice] A cup of cooked rice. 
 
cereals[millet] A cup of other cooked grains (e.g. millet, cous cous, sorghum). 
 

End of Block: Cereals and grains 
 

Start of Block: Fruit and Veg 

 
instructions For the following fruit and vegetables, try to think about all the times you have eaten them 
either alone, as salads or as parts of other dishes.  
 
fruit&veg[potatoes] A medium white potato (excluding hot chips and crips). 
 
fruit&veg[starchy] A cup of starchy vegetables (e.g. sweet potato, butternut, pumpkin, carrots, corn, peas 
etc.) 
 
fruit&veg[nonstarchy A cup of non-starchy vegetables (e.g. broccoli, spinach, cabbage, peppers, salad 
greens etc.). 
 
fruit&veg[olives] A small handful of olives. 
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fruit&veg[avocado] An avocado. 
 
fruit&veg[berries] A small handful of berries. 
 
fruit&veg[banana] A piece of any other type fruit (e.g. an apple, naartjie, orange, banana, grapes, mango 
etc.) 
 
fruit&veg[driedfruit A small handful of dried fruit. 
 

End of Block: Fruit and Veg 
 

Start of Block: Animal protein 

 
protein[red_meat] A palm sized piece of fresh red med e.g. beef, lamb or pork (including sausage but 
excluding dried and cured meats below) 
 
protein[poultry] A piece of fresh poultry e.g. chicken, turkey etc. 
 
protein[biltong] A small handful of biltong or droewors. 
 
protein[processed] A slice of any type of cured/cold meats e.g. bacon, salami, sandwich ham, chicken 
roll, polony, viennas etc. 
 
protein[offal] A cup of organ meats e.g. liver or kidneys. 
 
protein[freshfish] A palm sized piece of fresh or frozen fish. 
 
protein[canned_fish] A can of tinned fish e.g. pilchards, sardines, tuna etc. 
 
protein[shellfish] A palm sized portion of shellfish (e.g. mussels, oysters). 
 
protein[egg] An egg.  
 
protein[shakes] A heaped table spoon of protein powder. 
 
protein[bonebroth] A cup of bone broth or homemade stock. 
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Display This Question: 

If A palm sized piece of fresh red med e.g. beef, lamb or pork (including sausage but excluding drie... 
!= None 

meat_fat When you ate red meat (beef, lamb, pork, game etc.) in the past month, how often did you also 
eat the fat with the meat?  

o Never ate the fat  

o Some of the time  

o About half the time  

o Most of the time  

o Always ate the fat  
 
Display This Question: 

If A piece of fresh poultry e.g. chicken, turkey etc. != None 

chicken_skin When you ate poultry (e.g. chicken), how often did you also eat the skin? 

o Never ate the skin  

o Some of the time  

o About half the time  

o Most of the time  

o Always ate the skin  
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Display This Question: 

If A piece of fresh poultry e.g. chicken, turkey etc. != None 

chicken_breaded When you ate poultry (e.g. chicken) in the past month, how often was it breaded 
(crumbed), or battered (dipped in flour)? 

o Never breaded or battered  

o Some of the time  

o About half the time  

o Most of the time  

o Always breaded or battered  
 
Display This Question: 

If A palm sized piece of fresh or frozen fish. != None 

 
fish_breaded When you ate fish, how often was it breaded (crumbed), or battered (dipped in flour)? 

o Never breaded or battered  

o Some of the time  

o About half the time  

o Most of the time  

o Always breaded or battered  
 

End of Block: Animal protein 
 

Start of Block: Dairy 

instructions In the past month, how often did you have: 
 
dairy[wholemilk] A cup of milk (add up all milk in hot drinks, cereal, on own etc.). 
 
diary[cream] A tablespoon of cream or sour cream. 
 
dairy[yoghurt] A cup of yoghurt. 
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dairy[hard_cheese] A matchbox sized portion of hard cheese e.g. gouda, cheddar, edam, feta etc. 
 
dairy[soft_cheese] A matchbox sized portion of soft cheese e.g. cottage cheese, cream cheese etc. 
 
milk_full_cream When you drank milk in the past month, how often was it full cream? 

o Never full cream  

o Some of the time  

o About half the time  

o Most of the time  

o Always full cream  
 
yoghurt_double_cream When you ate yoghurt in the past month, how often was it full or double cream? 

o Never full cream  

o Some of the time  

o About half the time  

o Most of the time  

o Always full cream  
 
yoghurt_flavoured When you ate yoghurt in the past month, how often was it flavoured? 

o Never flavoured  

o Some of the time  

o About half the time  

o Most of the time  

o Always flavoured  
 

End of Block: Dairy 
 

Start of Block: Added fats 
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instructions For the following added fats, try to think of how much you ate altogether including when 
used for cooking meals, on their own, or when added to prepared food.  
 
fats[butter] A table spoon of real butter or ghee. 
 
fats[margarine] A table spoon of margarine. 
 
fats[lard] A table spoon of lard or animal fat (excluding fat as part of meat). 
 
fats[olive_oil] A table spoon of olive oil. 
 
fats[coconut_oil] A table spoon of coconut oil. 
 
fats[canola] A table spoon of any other vegetable oil like sunflower, canola, soybean, corn, or palm oil. 
 
fats[coconut_milk] A cup of coconut milk or coconut cream. 
 
fats[salad_dressing] A table spoon of salad dressing (only if not included in the oils mentioned above) 
 
fats[mayonnaise] A table spoon of mayonnaise 
 
fats[condiments] A table spoon of condiment sauces added to food e.g. tomato ketchup, chutney, BBQ, 
chilli, mustard etc. 
 

End of Block: Added fats 
 

Start of Block: Legumes, nuts and seeds 

 
legumes[baked_beans] A cup of baked beans. 
 
legumes[beans_other] A cup of soy beans. 
 
legumes[kidney_beans A cup of other beans e.g. kidney, butter etc 
 
legumes[lentils] A cup of lentils. 
 
legumes[peanuts] A small handful of peanuts or cashew nuts 
 
legumes[nuts_other] A small handful of other nuts e.g. macadamia, pecans, walnuts, almonds, brazil etc. 
 
legumes[nut_butter] A table spoon of nut butter e.g. peanut butter 
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legumes[seeds] A small handful of seeds 
 

End of Block: Legumes, nuts and seeds 
 

Start of Block: Drinks 

 
drinks[coke] A can of regular soft drink e.g. coke, sprite, jive (340 ml) 
 
drinks[diet_coke] A can of diet soft drink (340 ml) 
 
drinks[juice] A glass of fruit juice or squash (300 ml) 
 
drinks[energy] A can of energy or sports drink (340 ml) 
 
drinks[milo] A cup of hot chocolate, milo or other milk drink (250 ml) 
 
drinks[beer] A can of beer (340 ml) 
 
drinks[wine] A glass of wine (175 ml) 
 
drinks[cider] A can of alcoholic cooler or cider (340 ml) 
 
drinks[spirits] A shot of spirits e.g. whiskey, vodka, gin etc. (25ml) 
 

End of Block: Drinks 
 

Start of Block: Junk food 

 
snacks[pizza] A medium pizza 
 
snacks[samosa] A small samosa 
 
snacks[hot_chips] A cup of hot chips or french fries 
 
snacks[pie] A regular sized pie 
 
snacks[crisps] A small packet of crisps or popcorn 
 

End of Block: Junk food 
 

Start of Block: Dessert, biscuits, sweets 
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sugar[dessert] A bowl of any kind of pudding dessert e.g. ice cream, chocolate mouse etc. but not cakes 
below. 
 
sugar[cake] A medium sized piece of any kind of cake or sweet pastry e.g. cake, muffin, brownie, waffle, 
pancake, milk tart, doughnuts, koeksisters, chelsea bun etc. 
 
sugar[biscuit] A sweet biscuit 
 
sugar[rusk] A rusk 
 
sugar[sweets] A packet of sweets (50g) 
 
sugar[milk_choc] A small bar of milk chocolate (50 g) 
 
sugar[dark_choc] A small bar of dark chocolate (50 g) 
 
sugar[tsp_sugar] A teaspoon of sugar - on its own or added to foods and drinks e.g. in tea, coffee, cooked 
meals, cereal etc 
 
sugar[honey_jam] A teaspoon of honey, syrup, jam, or nectar eg coconut nectar - on own or added to 
foods and drinks 
 
sugar[non_caloric] A teaspoon of non-caloric sweeteners added to foods or drinks e.g. aspartemine, 
stevia, sucralose, xylitol etc. (excluding in food products such as diet sodas) 
 

End of Block: Dessert, biscuits, sweets 
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G. Traffic lights lists of the Eat Better South Africa programme 
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 171 

7. REFERENCES 

 

Alemu, M. H., & Olsen, S. B. (2018). Can a Repeated Opt-Out Reminder mitigate hypothetical 
bias in discrete choice experiments? An application to consumer valuation of novel food 
products. European Review of Agricultural Economics, 45(5), 749-782. 

Archer, E., Lavie, C. J., & Hill, J. O. (2018). The Failure to Measure Dietary Intake Engendered a 
Fictional Discourse on Diet-Disease Relations. Frontiers in Nutrition, 5. 
https://doi.org/10.3389/fnut.2018.00105 

Cade, J., Thompson, R., Burley, V., & Warm, D. (2002). Development, validation and utilisation 
of food-frequency questionnaires–a review. Public Health Nutrition, 5(4), 567–587.  

Cawley, J. (2004). An economic framework for understanding physical activity and eating 
behaviors. American Journal of Preventive Medicine, 27(3), 117-125. 

Charness, G., Cobo-Reyes, R., Eyster, E., Sánchez, Á., & Sutter, M. (2020). Improving healthy 
eating in children: Experimental evidence. MPI Collective Goods Discussion Paper, 
(2020/1). 

Colditz, G. A., & Hankinson, S. E. (2005). The Nurses' Health Study: lifestyle and health among 
women. Nature Reviews Cancer, 5(5), 388-396. 

Colditz, G. A., Philpott, S. E., & Hankinson, S. E. (2016). The impact of the Nurses’ Health Study 
on population health: prevention, translation, and control. American Journal of Public 
Health, 106(9), 1540-1545. 

Crosetto, P., Muller, L., & Ruffieux, B. (2016). Helping consumers with a front-of-pack label: 
Numbers or colors?: Experimental comparison between Guideline Daily Amount and Traffic 
Light in a diet-building exercise. Journal of Economic Psychology, 55, 30-50. 

Crous-Bou, M., Fung, T. T., Prescott, J., Julin, B., Du, M., Sun, Q., ... & De Vivo, I. (2014). 
Mediterranean diet and telomere length in Nurses’ Health Study: population based cohort 
study. BMJ, 349. 

Freire, R. (2020). Scientific evidence of diets for weight loss: Different macronutrient 
composition, intermittent fasting, and popular diets. Nutrition, 69, 110549. 

Hallsworth, M. (2017). Rethinking public health using behavioural science. Nature Human 
Behaviour, 1(9), 612-612. 

Keswell, M., & Poswell, L. (2004). Returns to education in South Africa: A retrospective 
sensitivity analysis of the available evidence. South African Journal of Economics, 72(4), 
834-860. 

List, J. A., & Samek, A. S. (2015). The behavioralist as nutritionist: leveraging behavioral 
economics to improve child food choice and consumption. Journal of Health Economics, 39, 
135-146. 

Liu, S., Stampfer, M. J., Hu, F. B., Giovannucci, E., Rimm, E., Manson, J. E., … Willett, W. C. 
(1999). Whole-grain consumption and risk of coronary heart disease: results from the Nurses’ 
Health Study. The American Journal of Clinical Nutrition, 70(3), 412–419. 
https://doi.org/10.1093/ajcn/70.3.412 

Lusk, J. L., & Schroeder, T. C. (2004). Are Choice Experiments Incentive Compatible? A Test 
with Quality Differentiated Beef Steaks. American Journal of Agricultural Economics, 86, 
467–482. https://doi.org/10.2307/30139569 

Medic, N., Ziauddeen, H., Forwood, S. E., Davies, K. M., Ahern, A. L., Jebb, S. A., … Fletcher, 
P. C. (2016). The Presence of Real Food Usurps Hypothetical Health Value Judgment in 



 172 

Overweight People. ENeuro, 3(2). https://doi.org/10.1523/ENEURO.0025-16.2016 
Müller, L., and Prevost, M. (2016). What cognitive sciences have to say about the impacts of 

nutritional labelling formats. Journal of Economic Psychology, 55, 17-29. 
Prince, S. A., Adamo, K. B., Hamel, M. E., Hardt, J., Connor Gorber, S., & Tremblay, M. (2008). 

A comparison of direct versus self-report measures for assessing physical activity in adults: 
a systematic review. The International Journal of Behavioral Nutrition and Physical Activity, 
5, 56. https://doi.org/10.1186/1479-5868-5-56 

Pujol-Busquets, G., Smith, J., Larmuth, K., Fàbregues, S., & Bach-Faig, A. (2020). Exploring the 
Perceptions of Women from Under-Resourced South African Communities about 
Participating in a Low-Carbohydrate High-Fat Nutrition and Health Education Program: A 
Qualitative Focus Group Study. Nutrients, 12(4), 894.  

Roberto, C., & Kawachi, I. (2015). Behavioral Economics and Public Health. Retrieved from 
https://books.google.co.za/books?hl=en&lr=&id=WXQ_CgAAQBAJ&oi=fnd&pg=PP1&d
q=roberto+and+kawachi+2015&ots=fZh0dkRYM4&sig=4FKHNhTOMwFnFMz1JX1Xa5
EoTz0 

VanEpps, E. M., Downs, J. S., & Loewenstein, G. (2016). Calorie Label Formats: Using Numeric 
and Traffic Light Calorie Labels to Reduce Lunch Calories. Journal of Public Policy & 
Marketing, 35(1), 26–36. https://doi.org/10.1509/jppm.14.112 

Wang, H., Naghavi, M., Allen, C., Barber, R. M., Bhutta, Z. A., Carter, A., ... & Bell, M. L. (2016). 
Global, regional, and national life expectancy, all-cause mortality, and cause-specific 
mortality for 249 causes of death, 1980–2015: a systematic analysis for the Global Burden of 
Disease Study 2015. The Lancet, 388(10053), 1459-1544. 

Webster, C. C., Murphy, T. E., Larmuth, K. M., Noakes, T. D., & Smith, J. A. (2019). Diet, 
Diabetes Status, and Personal Experiences of Individuals with Type 2 diabetes Who Self-
Selected and Followed a Low Carbohydrate High Fat diet. Diabetes, Metabolic Syndrome 
and Obesity: Targets and Therapy, 12, 2567–2582. http://doi.org/10.2147/DMSO.S227090 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

https://doi.org/10.1186/1479-5868-5-56
https://doi.org/10.1509/jppm.14.112
http://doi.org/10.2147/DMSO.S227090


 173 

Chapter 4. The effect of technology-assisted behavioural 

interventions in type 2 diabetes42 
 

Sofia Monteiro*1,2 Kate Larmuth3 Daniel Wiesen4 Jacolene Kroff3 Matthias Sutter1,2,5 

 
1Max Planck Institute for Research on Collective Goods, Kurt-Schumacher-straße 10, 53113 

Bonn, Germany 
2Faculty of Economic and Social Sciences, University of Cologne, Universitätsstraße 24, 50931 

Cologne, Germany 
3Division of Exercise Science and Sports Medicine (ESSM), Department of Human Biology, 

Faculty of Health Sciences, University of Cape Town, South Africa 
4Department of Business Administration and Healthcare Management, Faculty of Economic and 

Social Sciences, University of Cologne, Universitätsstraße 91, 50931 Cologne, Germany 
5University of Innsbruck, Austria 

 

 

Abstract. The burden of lifestyle-driven type 2 diabetes (diabetes) is a growing global problem. 

There is a gap in the literature on experiments evaluating the use of Continuous Glucose 

Monitoring (CGM) to counsel patients to follow a ketogenic diet with the aim to reverse diabetes. 

We provide the first evidence. Here, 95 diabetic patients (not using insulin) are randomly assigned 

to one of three stepwise treatments. CONTROL is a self-monitoring programme that includes 

ketogenic dietary advice (<25g carbohydrate/day) from a primary care physician, fingerprick 

testing before and after meals and reviewing a CGM report at doctor’s visits only. INFO adds real-

time feedback CGM as part of the same programme. COACH adds one-to-one online health 

coaching sessions on top of INFO. All groups show significant improvement in mean glucose 

levels as measured by the CGM. The rich report of the CGM closes the information gap between 

patient and doctor, and offers an accountability mechanism. However, we do not find evidence of 
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the value added by real-time information on its own. All groups achieve the time in target goal of 

70%. After a sustainability period of two months without CGM, INFO has significantly worse 

outcomes than CONTROL, though an improvement compared to baseline. COACH achieves the 

greatest reduction in Haemoglobin A1c (HbA1c, average blood glucose over the past 2 months 

used to diagnose diabetes) of about 19%, while CONTROL reduces by 14% and INFO 11%. OLS 

regression results show that COACH achieves clinically significantly better HbA1c. Only COACH 

significantly improves other blood markers of metabolic health, HDL (cholesterol) and 

triglycerides. In the blood tests, INFO performs significantly worse than CONTROL after the 

sustainability period in which the CGM effect is allowed to wash out. The success of the coaching 

group was not due to scanning the real-time CGM more often. COACH scans significantly less 

often, but the additional weekly support from someone besides the doctor appears to provide 

important supervision of real-time CGM in this population in South Africa. All treatments see a 

significant reduction in HbA1c compared to baseline. In the pooled sample, 43% of patients 

reversed diabetes (HbA1c<6.5%), notable compared to the best practice standard of care reversal 

rate of <1%.  

 
JEL classification: C19, D91, I12 

Keywords: Field Experiments, Health Behaviour, Diabetes, Coaching, Continuous Glucose Monitoring 
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1. INTRODUCTION 

 

1.1. The diabetes burden  
 

Diabetes is a growing global public health burden (Cho et al., 2018; IDF, 2019). Globally, an 

estimated 463 million adults live with diabetes, with 59 million in Europe alone (IDF, 2019). Its 

prevalence is rising rapidly, with millions of new cases diagnosed each year (Cho et al., 2018). 

Diabetes increases the risk of kidney disease, vascular disease, blindness and amputations, and 

thus poses a considerable burden on patients, families, health insurance providers and the wider 

mailto:sofia.g.monteiro@gmail.com
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economy (IDF, 2017). Diagnosed diabetes cost the United States $327 billion in 2017 (up 26% 

since 2012).43 It is a serious threat to human health that respects neither socioeconomic status nor 

national boundaries (IDF, 2019).  

 

In the next 25 years, Sub-Saharan Africa (SSA) will have the greatest increase of diabetes in the 

world at 143% (Mba & Mbanya, 2020). Only 5.5% of the GDP in SSA was spent on health in 

2016 compared to the global estimate of 10% (Mba & Mbanya, 2020). Although SSA has 

witnessed a recent increase in diabetes incidence, the current diabetes-related expenditure of 

US$9.5 billion represents only 1% of the overall global expenditure on this disease (Mba & 

Mbanya, 2020). These include the direct costs associated with medical care and the indirect costs 

resulting from unemployment or lower productivity because of disease-related disability or 

premature death. Indirect cost per patient with diabetes in SSA is higher than direct expenditures, 

contributing over 60% of the total cost (Mba & Mbanya, 2020). In South Africa, diabetes was the 

leading underlying cause of death among women in 2016 (StatsSA, 2018: Mortality and Causes 

of Death Report). The Global Burden of Disease Study (Wang et al., 2016) estimates that in 2015, 

the overall cost of diabetes in sub-Saharan Africa was $19.45 billion or 1.2% of cumulative gross 

domestic product (GDP). Preventing and reversing metabolic disease has considerable economic 

value for stakeholders across countries (Mba & Mbanya, 2020). Type 2 Diabetes Mellitus (T2DM) 

is a disorder of metabolism due to insulin resistance. Lifestyle choices play an important role in 

the management of all diabetes conditions (IDF, 2019; Wang et al., 2016; Moholdt et al., 2021). 

Societies have to consider designing health-promoting environments that enable people to make 

the healthy choice the easier choice (IDF, 2019). 

 

The development of T2DM is regularly preceded by a collection of modifiable risk factors known 

as Metabolic Syndrome (Alberti et al., 2005).4445 There is evidence from multiple randomised 

control trials (RCTs) (Bazzano et al., 2014; J. S. Volek et al., 2009; J. Volek et al., 2004), meta-

analyses (Hashimoto et al., 2016; Meng et al., 2017) and narrative reviews (Hallberg et al., 2019; 

 
43 The American Diabetes Association (2018). Economic Costs of Diabetes in 2017. 
44 These include expanding waist circumference, elevated blood glucose, blood triglycerides and blood pressure, and 
lowered high-density lipoprotein (HDL) levels (Alberti et al., 2005). 
45 With regard to diet, overconsumption of ultra-processed foods that are rich in added sugar, carbohydrates and 
ultra-processed vegetable oils are believed to play a predominant role (Simopoulos, 2016; Stanhope, 2016).  
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Noakes & Windt, 2017; Paoli, Rubini, Volek, & Grimaldi, 2013; J. Volek, Fernandez, & Feinman, 

2008) that reducing consumption of sugar and carbohydrates and increasing consumption of 

healthy fats can improve Metabolic Syndrome and T2DM. Compared to control diets, lower-

carbohydrate diets consistently improve metabolic health (e.g. reducing fasting glucose, HbA1c, 

body weight, body fat, blood triglycerides, and fasting insulin) (Hallberg et al., 2019a; Noakes & 

Windt, 2017). This motivates the use of the Low-Carb Healthy-Fats diet and blood tests that we 

use in this paper. 

 

T2DM has long been identified as an incurable, progressive chronic disease.46 About 50% of 

patients with T2DM need to start injecting insulin within ten years of diagnosis (Hallberg et al., 

2019b). However, the 2016 WHO global report on diabetes acknowledged that reversal (HbA1c 

under the diabetes threshold of 6.5% for an extended period of time) can be achieved through 

weight loss and calorie restriction. Best practice standard of care has a remission rate of only 0.23% 

(Kaiser Permanente, 2014). This is one benchmark that we compare our rate of reversal to in this 

study. A 2019 review of the evidence suggests that T2DM reversal is possible through alternative 

approaches of bariatric surgery, low-calorie diets or carbohydrate restriction (Hallberg et al., 

2019b). Guidelines for standard of care should arguably reflect the best available evidence. 

 

Continuous glucose monitors (CGM) and mobile applications (apps) can provide the patient and 

the supervising health practitioner with real-time feedback on the patient’s glucose levels over the 

preceding eight hours with detailed insights into time spent in target glucose range, signalling 

hyper- and hypoglycaemia – measures that have predictive value for diabetes complications. The 

value of such technology in behaviour change lies in its ability to teach individuals about their own 

hyperglycaemic responses to certain foods and drinks, of which they would otherwise be unaware. 

However, there is limited evidence on using CGM to advise changes in diet. This is discussed 

further below. Individual-level data from CGM provide an opportunity to understand how 

behavioural interventions might produce healthier food choices and, in some cases, reverse 

diabetes.   

 

 
46 The best expected outcome with standard of care has been to ameliorate symptoms (high blood glucose and its 
associated extreme thirst and appetite, frequent urination, fatigue, blurred vision) and slow the inevitable progression 
with increasingly costly prescriptions. 
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In this paper, we conduct a behavioural experiment to evaluate the effect of real-time feedback 

from CGM alone, or in combination with online health coaching, on blood glucose levels and diet 

adherence. All patients receive the same dietary advice and set a goal to bring their HbA1c below 

6.5% and their time in target range (3.9 - 8 mmol/L) to 70% or more by restricting total 

carbohydrate intake to less than 25g per day and cutting out processed foods containing vegetable 

oil.  

 

This study highlights the use of CGM in a largely overlooked demographic – patients with T2DM 

– which far exceeds type 1 diabetics, for which CGM are typically prescribed. This research brings 

attention to the potential of CGM reports as a targeted behaviour-change tool for patients with 

T2DM. Changing dietary behaviour, ingrained by habit and societal norms, is a challenge that may 

require complementary accountability mechanisms. This research is highly relevant in the context 

of the global chronic disease burden, aggravating comorbidities to Covid-19 and preventing 

diabetes-related complications in particular. Below we examine the related literature and then 

provide a preview of the results. 

 

1.2. Related literature  
 

Recently, researchers observed 57 participants who were given a CGM to wear (Hall et al., 2018). 

Most were ostensibly healthy, some had prediabetes, and five had type 2 diabetes. They found that 

glucose fluctuations or spikes in apparently healthy people were sometimes as high as levels in 

people with diabetes and occurred after eating specific foods, i.e. refined or starchy 

carbohydrates.47 Some participants exhibited more extreme glucose spikes than others. The 

researchers categorised them as low, moderate and severe glycaemic responses. These categories 

were positively correlated with clinically relevant measures of metabolic health (e.g. HbA1c, 

fasting glucose, fasting insulin and BMI). The researchers found that glucose fluctuations occurred 

much more widely than presumed and that traditional measuring methods (e.g. single-measure 

fingerprick48) were unable to predict the observed variability with the same accuracy. The study 

suggests there are many people experiencing glucose spikes regularly without knowing it. Real-

 
47 “A standardised meal of cornflakes and milk caused glucose elevation in the range of prediabetes in 80% of 
individuals in our study”. 
48 A standard fingerprick or fingerstick test of blood capillary glucose level. 
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time information provision could facilitate learning, healthier choices and habit formation by 

diabetics compared to fingerprick testing. Our study design allows us to empirically test this 

hypothesis, addressing a gap in the literature. The effect of real-time feedback in the behavioural 

economics literature has been explored in papers such as Fang et al. (2020), but it is not clear that 

their findings on energy conservation behaviour extend to health decision-making. Food habits, 

unlike energy consumption, are mediated by cultural identities, traditions and social interactions. 

Fang et al. (2020) argue that when multiple barriers are present, such as imperfect information and 

limited attention (and in our setting of food choice, self-control and impatience too), a single 

intervention that does not address all barriers simultaneously might fail to fulfil its potential. This 

motivates our third treatment that combines real-time feedback with health coaching.   

 

An observational study of worldwide glucose testing patterns with the Abbott FreeStyle Libre 

CGM using data from their consumers showed greater testing frequency is associated with greater 

glucose control across countries (Dunn et al., 2018). Flash CGM users scanned on average 16.3 

times per day [median (IQR): 14 (10-20)]. This is striking in contrast to rates of fingerprick tests 

by patients with diabetes doing self-monitoring of blood glucose (2.1 tests per day in the UK). 

Worldwide, estimated HbA1c gradually reduced from 8.0% to 6.7% as the scanning rate increased 

from lowest (4.4 scans/day) to highest (48.1 scans/day). Time in hypoglycaemia (< 3.9 mmol/L) 

decreased by 15% and time in hyperglycaemia (> 8 mmol/L) decreased by 44%, from 10.4 to 5.7 

hours/day. Time in range increased by 40% from 12 to 16.8 hours/day. Real-world patterns clearly 

show that the flash CGM allows for frequent glucose checks and that higher scan rates are 

correlated with better glucose control indicators. These cross-country data provide useful reference 

points for us to assess the benefit of our treatments, but they do not include South Africa. There 

may be challenges to technology adoption in low income and low health-literacy settings.  

 

Patients who only do a fingerprick test before meals do not observe their post-meal glucose 

excursions. They miss glucose response patterns that would allow them to learn more about their 

disease and carbohydrate intolerance. Real-time glucose feedback can potentially give individuals 

a unique understanding of how specific foods and drinks impact their glucose responses and enable 

them to make informed dietary choices accordingly (Ehrhardt & Al Zaghal, 2019). However, it is 

necessary to know what the information means in order to know how to base decisions on it. 
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Behavioural science suggests that public health could focus more on interventions that require 

little to no effort on the part of individuals (Hallsworth, 2017). Immediate feedback and self-

monitoring can potentially teach CGM users through direct experience of linking cause and effect 

(Ehrhardt & Al Zaghal, 2019). This feature arguably makes it a relatively low-cost tool for making 

healthier choices, with negligible effort and pain for the diabetic patient. It is an open question 

whether providing real-time information on glucose patterns leads to better food choices compared 

to a structured fingerprick testing regime before and after meals with only intermittent feedback 

on CGM patterns discussed with a doctor.  

 

A few existing studies explore diet quality and CGM data, as well as the potential for CGM in type 

1 and type 2 diabetes management (Allen et al., 2009; Block, 2008; Carlson et al., 2017; Ehrhardt 

& Al Zaghal, 2019; Nansel et al., 2016). Beck et al. (2017) demonstrate that individuals with 

T2DM increase their Time in Range by 10.3% (from 55.6% to 61.3%) after 24 weeks of CGM 

use. Lower Time in Range is associated with worse diabetes complications. Beck et al. (2017) 

show that the hazard rate for retinopathy progression increases by 64% for each 10% reduction in 

Time in Range. The relationship between Time in Range (3.9 - 8 mmol/L) of 70% and 50% 

strongly correspond with an HbA1c of approximately 7% and 8%, respectively. An increase in 

Time in Range of 10% (2.4 h per day) corresponds to a decrease in HbA1c of approximately 0.5%. 

A change of 0.5% in HbA1c is considered clinically significant (Campbell et al., 2019; Lenters-

Westra et al., 2014). Similar associations are made in an analysis of 18 randomised controlled trials 

by Vigersky and McMahon (2019). In two previous studies, clinicians use CGM data to counsel 

patients with type 2 diabetes to exercise more, finding a significant increase in physical activity 

compared to a non-CGM control group (Park & Le, 2018). A meta-analysis of 18 studies suggests 

there is strong evidence for the efficacy of smartphone apps for lifestyle modification in type 2 

diabetes and inconclusive efficacy for other subtypes (Wu et al., 2019). Even small incremental 

improvements yield clinically significant glycaemic benefits. There is a gap in the literature on 

how CGM feedback (intermittent or real-time) can assist in nutrition education programmes for 

type 2 diabetics. 

 

Efforts to change individual behaviour are frequently unsuccessful. This is despite the large 

amount of evidence-based literature that informs health and wellbeing guidelines (Kelly & Barker, 
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2016). Information does not necessarily lead to behaviour change. Our environment, social 

support, routine, emotions, strengths, and internal reward system all feed into our behaviour. 

Instilling long-term behaviour change arguably requires an understanding of motivation and the 

social and economic pressures that impact them (Kelly & Barker, 2016). Health coaching has 

emerged as a promising intervention in the management of non-communicable diseases. A 

functional medicine health coach supports clients in discovering their own strategies and 

motivations for change. They help clients to identify and overcome obstacles and to implement 

protocols that have either been prescribed by a clinician or that the client has chosen to implement 

on their own. Health coaches use behaviour change techniques such as positive psychology, 

motivational interviewing, and habit formation and reversal to implement lasting change. Health 

coaching interventions for patients with diabetes, cardiovascular disease, cancer and chronic 

obstructive pulmonary disease show positive effects on health outcomes (Thomas et al., 2011; 

Vale et al., 2003; Wolever et al., 2013; Wang et al., 2018). We incorporate health coaching in an 

outpatient primary care treatment that includes real-time feedback from a CGM, with the insight 

from behavioural economics that we expect multiple barriers to healthier food choices besides 

information, which can be measured using behavioural economics’ and psychological scales of 

time, risk preferences, and grit. 

 

A number of studies explore the effects of a diabetes health coaching intervention compared to 

usual practice within the standard model of diabetes care (Cho et al., 2011, Cinar et al., 2014, 

Frosch et al., 2011, Orsama et al., 2013, Ruggiero et al., 2010, Varney et al., 2014, Whittemore et 

al., 2004, Wolever et al., 2010). The goal of treatment is to achieve glycaemic targets while 

minimising adverse events to reduce the risk of short-term and long-term negative consequences. 

The pooled effect of health coaching overall is a reduction of HbA1c levels by 0.32 percentage 

points over a health coaching period of less than six months. This is one of the benchmarks that 

we compare our results to. We assume these studies use a standard dietary approach (and not a 

nutritional ketosis approach) since they did not explicitly report dietary recommendations. 

 

A few studies explore health coaching within a continuous care intervention (CCI) programme as 

a tool to complement nutritional ketosis for the management of T2DM (Athinarayanan et al., 2019; 

Hallberg et al., 2018). The CCI includes bio-marker tracking, access to a mobile app, education, 
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and telecommunication with a multidisciplinary team including a health coach and medical 

practitioner for advice and medical monitoring over a period of one year (Hallberg et al., 2018) or 

two years (Athinarayanan et al., 2019). Participants are advised to achieve and sustain nutritional 

ketosis (Beta-Hydroxybutyrate (Blood) level of 0.3-0.5 mmol/L) (Athinarayanan et al., 2019; 

Hallberg et al., 2018). It is shown that the CCI and nutritional ketosis is associated with 

significantly lower HbA1c, medication use and weight within 70 days (Hallberg et al., 2018), and 

this improves or is maintained over a one-year period. Over a two-year period, nutritional ketosis 

and CCI is associated with improvements in blood glucose, fasting insulin, HbA1c, weight, blood 

pressure, triglycerides, liver function and inflammation, and reduced dependence on medication 

over two years49 (Athinarayanan et al., 2019). The authors do not state the typical frequency or 

duration of individual coaching sessions. The behavioural techniques utilised by the health coach 

and medical provider included education of “natural consequences”, shaping knowledge, goal-

setting and self-monitoring, feedback, monitoring and reinforcement (Hallberg et al., 2018). In 

both studies, the CCIs focus on education and support regarding dietary intervention, behaviour 

modification techniques for maintenance of lifestyle change and education modules covering core 

concepts on achieving nutritional ketosis (Athinarayanan et al., 2019). 

 

In another study, physicians and health coaches are trained in the basic principles of achieving and 

maintaining nutritional ketosis and the CCI is limited to 90-minute weekly education seminars. A 

health coach is available for one-to-one texting advice and problem-solving, and clients have 

access to support via an online community of peers. In addition, they are supervised by a physician 

(McKenzie et al., 2017). However, no one-on-one virtual health coaching session is provided. At 

baseline, average HbA1c is 7.6%, and only 19.8% of participants have an HbA1c level of less than 

6.5% (i.e. most are in the diabetic range). After ten weeks, average HbA1c is lowered by 1.0 

percentage point, 56.1% achieved an HbA1c level of 6.5%, 65.1% of individuals achieved an 

HbA1c level of less than 6.5% (i.e. diabetes reversal), and 56.8% of individuals had one or more 

diabetes medications reduced or eliminated. 

 

Several studies have shown the clinical benefits of early achievement of near-normal glycaemic 

control in people with diabetes (see Clinical Targets for Continuous Glucose Monitoring Data 

 
49 For CCI participants, the mean dose of prescribed insulin decreased by 81% from baseline to 2 years. 
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Interpretation by Battelino et al., 2019). We incorporated the SMART (Specific, Measurable, 

Achievable, Relevant, Time-bound) goal approach for our intervention, which is directly 

applicable to setting targets for Time in Ranges and originated with Lawlor and Hornyak (2012). 

This approach includes five key behavioural change components relevant to goal setting: 1. The 

goal is specific and defines exactly what is to be achieved, 2. The goal is measurable, and there is 

tangible evidence when it has been achieved, 3. The goal is attainable but stretches the participant 

so that they feel challenged, 4. The goal is relevant to the participant’s wellbeing and health, and 

5. The goal should be attainable over a short period of time. The CGM data strengthens the 

measurability of this SMART goal. As a biofeedback tool, it potentially allows the participant to 

identify specific foods that elevate their glucose level beyond the recommended target range of 3.9 

- 8 mmol/L.   

 

1.3. Contribution of this study 
 

Behavioural economics is emerging as a key field in the modifying of self-destructive behaviour, 

such as lifestyle choices contributing to diabetes (John et al., 2011). This research contributes to a 

growing literature showing that insights from behavioural economics and psychology can help 

people engage in behaviours that are consistent with their long-term wellbeing. Providing 

outpatients with education on nutritional ketosis and CGM technology for a limited period of 1 

month (alone or combined with personalised online health coaching) is yet to be explored as a 

relatively cheap, scalable behavioural model to improve glucose time in target range (3.9 - 8 

mmol/L). Additional complexity is introduced by technology adoption in a developing country 

setting where education and health literacy may be limited. The experimental design allows us to 

rigorously evaluate the impact of real-time feedback from CGM with and without the continuous 

care component of health coaching. Our protocol of technology-assisted behavioural interventions 

for T2DM reversal could be built into a mobile app in order to bring it to scale. We contribute to 

the still controversial literature on nutritional ketosis for the management and reversal of T2DM 

by providing the first evidence from a developing country on a nutritional ketosis dietary 

programme with (1) structured fingerprick self-monitoring and intermittent CGM feedback versus 

(2) real-time CGM feedback alone or (3) real-time CGM feedback as part of a comprehensive CCI 

intervention with health coaching. Unpacking some components from the black box of a 
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behavioural intervention allows us to draw conclusions about the minimal effective treatment 

necessary for reversing T2DM.  

 

A second contribution of the study is to address the gap in the literature on experiments that 

evaluate the utility of CGM as a tool for doctors to advise a ketogenic diet with the aim to reverse 

diabetes. The extent to which intermittent and real-time glucose feedback shapes the food choices 

of patients with T2DM is of critical interest. We track dietary intake at baseline and at the 3-month 

follow-up using the food frequency questionnaire. We also compared the composition of dietary 

intake between CONTROL, INFO and COACH.  Thirdly, this study contributes to the active 

behavioural economics literature on habit formation. In particular, it considers an approach to 

solving problems of nutrition through interventions informed by behavioural insights (e.g. List and 

Samek, 2015; Charness et al., 2020). What measures of support are required in combination with 

ketogenic nutrition education to help patients to implement physician-prescribed dietary guidelines 

at 3 months, time in target range at 70% or more and HbA1c below 6.5%?  

 

The results show that all three treatment groups achieve a significant reduction in HbA1c on 

average at 3-months (endline). All three groups achieve the goal of 70% time in target range at 1-

month (mid-line). Contrary to our hypothesis, the real-time CGM group (INFO) does not have 

better glucose control than CONTROL while wearing the CGM for one month, as shown in CGM 

patterns. There is no significant difference between groups in average glucose levels after one 

month of wearing the CGM with or without real-time feedback. This suggests that the rich report 

of the CGM closes the information gap between patient and doctor, and offers an accountability 

mechanism. Moreover, when the effect of the CGM is allowed to wash out, we do not find evidence 

of further value added by real-time CGM feedback on endline HbA1c. The success of the coaching 

group is not due to scanning the real-time CGM more often than INFO. COACH scans the device 

significantly less often than INFO but is more able to use the supervised information to implement 

the diet. 

 

Endline HbA1c is taken after a two-month sustainability period without CGM. The COACH group 

achieves the biggest reduction in HbA1c of 19%, and regression results indicate that COACH 

performs significantly better than CONTROL (14% reduction) and INFO (11% reduction). All 
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treatment groups report a significant decrease in unhealthy food intake. At endline, there is no 

significant difference between treatment groups in reported weekly consumption of unhealthy 

RED and healthy GREEN list foods. We categorise foods according to the Noakes’ Foundation’s traffic 

lights lists (see Appendix). In the regressions, lower RED and higher GREEN consumption at the 

endline is significantly associated with better glucose control. The rate of reversal is 43% at 3-

months in the pooled sample, including CONTROL, INFO, and COACH. This is comparable to 

the 55% reversal rate at 3 and 6 months from a non-randomised continuous care intervention study 

including coaching and nutritional ketosis in the United States (Athinarayanan et al., 2019). Our 

study differs because we have a sustainability period in which the effects could wash out. In 

addition, we randomise patients into different treatment groups (stratifying on low/medium/high 

HbA1c level and gender), and we conduct the study in a developing country setting. The blood 

test results speak to the efficacy of our more conservative interventions. The rest of the paper 

proceeds as follows: Section 2 details the methods, Section 3 presents the results, and Section 4 

concludes. 

 

 

2. METHODS 

 

2.1. Experimental Design 

 

This study uses two different CGM sensors: one that shares real-time feedback with the wearer 

through a mobile app (FreeStyle Libre) and one that requires the glucose data to be downloaded 

by a healthcare practitioner in order to be viewed by the patient (Libre Pro). We use objective 

health assessments and self-report questionnaires. The study team uses the LibreLinkUp app to 

remotely monitor participants’ scanning activity. The FatSecret food diary app allows the 

participants to invite the study team to monitor their dietary intake remotely. Patients also have the 

option to use a paper diary to track their food choices. The sample size is 95 patients (excluding 

dropouts). To complete the study, participants wear three sensors consecutively over a period of 

six weeks (i.e. three times two weeks) and attend five study visits to the primary care practice as 

outlined below (Figure 1). All other contact happens remotely. Participants are compensated R200 



 185 

(~13 USD) at each of five study visits and receive CGMs, practitioner consultations and blood tests 

as part of their participation in the study. They purchase their own fingerprick test strips.  

 

Eligible participants are men or women aged 30-65 years old, with a T2DM diagnosis from a 

doctor, HbA1c 6.5 - 11%, non-insulin-dependent, with no previous experience using Abbott’s 

FreeStyle Libre, a current patient of Kenilworth Medicross Medical Centre or a referral from the 

Cape Town catchment area, able to read and speak English, use a smartphone, able to attend the 

five required study visits, wear the three CGM sensors and keep a food diary.50 A waiting room 

notice was circulated (Appendix A). 

 

 
FIGURE 1 

Study timeline.  

 

There are three distinct phases, detailed below. Briefly, Phase 1 includes the informed consent and 

baseline procedures, as well as assignment to one of the three treatment groups by a person 

independent from the research team, stratifying on gender and HbA1c level (low, medium, high). 

Phase 1 is the baseline period, then Phase 2 concerns Visit 2, 3, and 4 and is the major intervention 

phase, while Phase 3 is the follow-up and sustainability assessment (Figure 2). Refer to the 

Appendix for the informed consent procedure, baseline questionnaire, self-report dietary intake, 

health-coaching agreement and medical records release form, nutritional education materials. 

 

 

 
50 Gestational diabetes is beyond the scope of the study. Exclusion criteria include anaemia, unmanaged 
hypothyroidism, disordered eating (e.g. anorexia and bulimia), renal disease (e.g. poor kidney function or kidney 
stones) and lactation. 
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Notes. This figure shows the course of the experiment and stepwise treatment groups. All participants complete a 
baseline period of 2 weeks, during which time their bloodwork is taken, and they are assigned to one of three treatment 
groups. From top to bottom, CONTROL, INFO, and COACH treatment groups are shown. The difference between 
CONTROL and INFO is real-time monitoring. The difference between INFO and COACH is remote one-to-one health 
coaching sessions. All patients see the study doctor intermittently for nutrition education and medical advice. 
 

FIGURE 2 

Experimental design: CONTROL, INFO, and COACH treatment groups 

 

 

 

2.1.1. Phase 1 (2-weeks) Baseline  

At Visit 1, a researcher guides the participant through the informed consent procedure (Appendix B). After 

Visit 1, the patient completes the baseline questionnaire (Appendix C), Food Frequency Questionnaire 

(Appendix D) and Covid-19 Questionnaire (Appendix E) online or via phone interview. At Visit 1, the 

patient is seen by the nurse who applies a Libre Pro sensor to be worn until Visit 2 (14 days if no device 

failure). Participants are instructed to continue their usual habits during the baseline. The researcher 

instructs them on how to use the FatSecret food diary app or paper diary for a minimum of four days and 
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as much as they like. Once baseline blood tests are received, patients are randomly assigned on a rolling 

basis to one of the three treatment groups by an independent person not part of the study team. The algorithm 

stratifies on low/medium/high HbA1c level and gender. The randomisation code is available upon request. 

It is a single-blinded study. The physicians have no influence over treatment assignment but know the 

treatment group of each of his or her patients.  

 

2.1.2. Phase 2 (4-weeks) Intervention: Visits 2-4.  

At Visit 2, the nurse removes the Libre Pro. The physician reviews the results with the patient and 

delivers dietary advice for the patient to follow for the next three months (see Appendix F – Doctor’s 

Low Carb Recommendations and Appendix G – Traffic lights lists of foods). The physician explains the 

goal to bring HbA1c to 6.4% or lower by following prescribed dietary advice and a structured self-

monitoring regime. CONTROL: The second Libre Pro sensor is applied. All patients in booster 

treatments INFO and COACH use the FreeStyle Libre system for 14 days. Patients in COACH 

sign a coaching agreement (Appendix H) and receive an initial 50-minute online session, followed 

by weekly 30-minute online appointments with a certified functional health coach for 4-weeks and 

then only every 2-weeks for a total of 8 sessions over 12 weeks. In order to keep frequency of 

contact comparable, the CONTROL and INFO groups receive contact from a member of the study 

team at similar intervals but no health coaching. At Visit 3, CONTROL: the second Libre Pro 

sensor is removed, and a new one applied. INFO and COACH: the FreeStyle Libre is removed, 

and a new one is applied. The patient has a second 30-minute consultation with a study physician 

who reviews data and progress and helps fine-tune food choices. At Visit 4, CONTROL: the third 

Libre Pro is removed; INFO and COACH: the second FreeStyle Libre sensor is removed. The 

physician reviews progress and adjusts medications as needed. The next follow up (Visit 5) is 

booked for 2 months later to test HbA1c. During this time, the patient is instructed to continue 

with progress towards the goal of diabetes reversal by following prescribed advice. This allows 

for the effects of the CGM to wash out since HbA1c reflects average glucose (and dietary 

behaviour) of the past two months. 
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2.1.3. Phase 3 (2 months) Sustainability 

Patients in CONTROL and INFO are unsupervised and no longer wear the CGM. They can 

continue to use the food diary and fingerprick testing at their discretion. Patients in COACH 

continued with the coaching intervention in which they now receive a 30-minute online 

appointment with their health coach every two weeks instead of weekly. At Visit 5, the patient 

completes the final study visit to get their HbA1c tested. They also see the physician for a final 

consultation. The patient completes a FFQ about the last month and an endline questionnaire 

(Appendix I) as preparation. This sustainability period allows us to evaluate eating habits after the 

RT CGM is removed. Further details about the study protocol, including survey instruments, are 

available in the Appendix. 

 

2.1.4. Health coaching: Overview of framework  

Prospect stage. This stage commences once a participant falls into the COACHING group during 

the two-week baseline period. Before the first session, the coach makes contact with the client to 

connect, explaining the coaching procedure and designing their coaching relationship. The 

coaching programme is over a 3-month period which includes weekly sessions for 4 weeks, 

followed by biweekly sessions for an additional 2 months for a total of eight sessions. The first 

session is 50 minutes, and each following session is 30 minutes. Consent for coaching is verbally 

given, and the coach follows up the session with electronic copies of the coaching agreement.  

 

(Week 1): Intervention commencement: Session 1: Wellness vision. In this session, the coach 

explores a wellness vision for the client in which they have reversed their type 2 diabetes through 

lifestyle change. This wellness vision is the basis of the three-month arc of the coaching relationship. 

Through this vision, long-term goals are designed that move the client towards that vision.   

 

(Weeks 2-11): Ongoing coaching intervention. Each coaching session that proceeds after session 

1 follows the Adapt Model of Health Coaching (Appendix J). Each session is structured around a 

framework of engaging and opening the conversation, agenda-setting/focus, evoking, pausing 

before planning, planning, and ends with closing the session.  
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(Week 12): Closing the contract. In this coaching session, the coach and coachee review the 

progress that they have made with respect to their initial vision and plan, capture insights and 

learnings, celebrate success and create a maintenance plan.  
 

2.1.5. Baseline questionnaire (40 minutes, online) 

Our baseline questionnaire (Appendix C) includes sections from validated questionnaires. 

Prevalence and severity of diabetes is strongly associated with socioeconomic and cultural factors, 

such as income, education, gender, ethnicity and culture. The WHO STEPwise approach to chronic 

disease risk factor surveillance (STEPS) questionnaire: A few common and preventable risk 

factors are strongly associated with most non-communicable diseases (NCDs), including type 2 

diabetes. This questionnaire has been validated by WHO and includes information on education, 

marital status, employment, housing density, income, disease history, medication, as well as 

leading behavioural risk factors for NCDs e.g. tobacco use, harmful alcohol consumption, and 

physical inactivity.  

 

Standard behavioural economics measures of risk and time preferences from the validated Global 

Preferences Survey module are used (Falk, Becker, Dohmen, Huffman, & Sunde, 2016; Falk et al., 

2018). Subjective wellbeing is measured using a single standard item and scored on a scale of 1 to 

10 where 1 means “very dissatisfied” and 10 means “very satisfied”: “How do you feel about your 

life as a whole right now?”. The wording of this standard measure of subjective wellbeing is 

sourced from the South African National Income Dynamics Study (NIDS). This measure may be 

affected by social distancing and economic hardship due to lockdown restrictions. In a separate 

questionnaire we address the impact of COVID-19 on diabetics. 
 

We use the Diabetes Distress Scale (DDS) for adults with type 2 diabetes. The DDS is a 17-item 

self-report instrument. Each item is rated on a 6-point scale from (1) “not a problem” to (6) “a very 

significant problem”. The scale yields an overall distress score based on the average responses on 

the 1-6 scale for all 17 items. It can also be used to get a measure of emotional burden (average of 

5 items), physician distress (average of 4 items), regimen distress (average of 5 items) and 

interpersonal distress (average of 3 items). Average score < 2.0 reflects little or no distress. 

Average score 2.0 – 2.9 reflects moderate distress and > 3.0 reflects high distress. A total or 
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subscale score > 2.0 is considered clinically significant. Lastly, we assess patients’ confidence to 

make a lifestyle change, the importance to them of making a lifestyle change, and their stage of 

readiness.  
 

2.1.6. COVID-19 and type 2 diabetes questionnaire (10 minutes, online) 

We survey contact with COVID-19, the impact of the pandemic on access to medical care (the 

impact of the COVID-19 pandemic on productivity and lifestyle, and related challenges and fears. 

See Appendix E for the full questionnaire. 

 

2.1.7. Endline questionnaire (15 minutes, online) 

In the endline questionnaire (Appendix I) with all participants we measure self-report changes in 

habits, subjective wellbeing, Diabetes Distress Scale (DDS) and invite participants to give 

feedback on their experience.  

 

 

2.2. Research questions 

 

Each of our research questions identifies a potential barrier to T2DM reversal and tests whether the 

proposed technology-assisted behavioural intervention differentially improves the outcomes of 

glucose control and dietary intake compared to the control group, which is a limited feedback 

intervention with nutrition education. All groups receive the same dietary advice. 

CONTROL GROUP (Intermittent CGM feedback for one month): Compared to usual habits 

(baseline), is low-carbohydrate education from a physician with three intermittent checkups 

sufficient for patients to achieve: (a) Time in target glucose range at 70% or more? (b) HbA1c at 

6.4% or lower at 3-months? (c) Compliance with physician’s nutrition education on Low-Carb 

High-Fat (Ketogenic, 25g of carbs per day) at 3-month endline (i.e. avoid RED list foods and eat 

freely from GREEN list foods). We use the intermittent CGM feedback intervention group to 

isolate the minimal medical intervention of once-off low-carb nutrition education from a physician 

at a 40-minute appointment with two follow-up checkups of 30 minutes to review progress and 

adjust medications if needed. Patients are instructed on a self-monitoring programme to fingerprick 

test just before and then 1.5 hours after meals and write down the results, as well as the meal 
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associated with the glucose spike. They wear a CGM that measures glucose continuously but 

provides no feedback to the patient until the doctor reviews the downloaded data with them at each 

of the consultations.     

 

INFO TREATMENT (Real-time CGM feedback for one month): Compared to the control group, 

does the addition of real-time self-monitoring for four weeks promote better: (a) Time in target 

glucose range at 70% or more? (b) HbA1c at 6.4% or lower at 3-months? (c) Compliance with 

physician’s Low-Carb High-Fat (Ketogenic, 25g of carbs per day) dietary advice at 3 months. 

Nutrition education and fingerprick glucose testing may not be sufficient to improve glucose 

control if the patient has insufficient personalised data to fine-tune their diet. We addressed this 

information barrier by providing the patient real-time access to their glucose patterns for four 

weeks via a mobile app. This treatment tests the role of real-time self-monitoring as a limited short-

term intervention. 

 

COACH TREATMENT (Real-time CGM feedback for one month and remote continuous care): 

Compared to the real-time feedback treatment, does the addition of health coaching promote better: 

(a) Time in target glucose range at 70% or more? (b) HbA1c at 6.4% or lower at 3 months? (c) 

Compliance with physician’s Low-Carb High-Fat (Ketogenic, 25g of carbs per day) dietary advice 

at 3 months. Nutrition education and real-time self-monitoring may not be sufficient to elicit 

behaviour change and reverse diabetes. Present bias (impatience or an inability to delay 

gratification) is a cognitive barrier to achieving glucose control and building sustainable healthy 

habits. In addition to real-time self-monitoring, dedicating time to identify the goal that is 

important to the patient, visualising what it would mean to achieve it, and then identifying 

obstacles that stand in the way and how to overcome them (if/then plans), may be necessary (in 

addition to self-monitoring) to achieve behaviour change. This is described further below. Health 

coaching connects short-term goals and rewards to long-term wellbeing through interactive, 

personalised coaching. We test a comprehensive continuous care model that incorporates 

physician-prescribed nutritional ketosis advice, real-time CGM glucose feedback and online health 

coaching. 
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2.3. Hypotheses 

 

The following pre-registered hypotheses state expected treatment effects on behaviour for each of 

the primary outcome measures of glucose control and secondary outcome measures of dietary 

intake (AEA RCT Registry: AEARCTR-0005871).   

 

HbA1c. Expectations for HbA1c blood test are as follows: COACH < INFO < CONTROL < 

BASELINE. All participants begin with HbA1c 6.5-11%. Within subjects, we expect HbA1c to 

improve when carbohydrate intake is restricted. Our aim is for patients to achieve HbA1c 6.4% or 

below (i.e. diabetes reversal) at a 3-month follow-up. An HbA1c of up to 5.5% is normal, while 

5.6-6.4% is pre-diabetic.   

 

Dietary intake. Participants in the COACH treatment are expected to report greater carbohydrate 

restriction than INFO and CONTROL treatment groups, respectively, even though they received 

the same nutrition education. Within subjects, reported dietary intake is expected to favour low-

carbohydrate foods after the intervention period relative to BASELINE. Patients’ nutrition 

education is delivered through traffic lights lists that they take home with them. These are available 

in the Appendix and the same as those used in Chapter 3. We expect to see changes in diet reflected 

in a reported reduction in RED list foods and an increase in GREEN list foods. 

 

Time in Target. Expectations for Time in Target range are as follows: COACH > INFO > 

CONTROL > BASELINE. Time in Target is expected to be higher with access to FreeStyle Libre 

feedback compared to CGM with intermittent feedback every two weeks (Libre Pro). Based on 

worldwide patterns, we expect the INFO group to achieve at least 60% time in target, or about 

14.4 hours/day (Dunn et al., 2018).  

 

Engagement. Participants in the COACH treatment are expected to scan more than the INFO 

treatment. Storage of glucose values by the sensor is automatic as long as the patient scans the 

FreeStyle Libre at least once every 8 hours. Patients are advised, “the more scans, the better”. If 

gaps in CGM data are apparent, this advice is reiterated by the nurse. 
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3. RESULTS 

 

3.1. Sample characteristics 

 

Baseline Questionnaire. Table 1, Panel A shows that the sample is balanced on demographic 

characteristics measured in the baseline questionnaire, including ethnicity, age, gender, marital 

status, number of household members, who is responsible for grocery shopping and cooking in the 

household, employment status, and income category. Panel B shows the sample is balanced on 

health risks, such as smoking, high blood pressure and cardiovascular events. This indicates the 

stratified randomisation worked. The majority of our participants describe themselves as Cape 

Coloured, which reflects the majority population group of Cape Town51. The mean age is 50 years 

old and just under half of the sample are female. Annual household income is reported using eight 

categories. There is no significant difference in income category across the treatment groups (K-

Wallis, p=0.7120), and the average for the whole sample is 2.92, which is below the median 

income category range [0,7] and implies that, on average, annual household income of patients is 

R202,500 – R412,000  (~13,200 – 27,000 USD) or less.   

 

Diabetes has only caused one participant to lose their job/retire early. About two-thirds of the 

sample have been diagnosed with high blood pressure. The three groups are similar in terms of 

medications and fingerprick testing frequency. Fingerprick testing using a blood glucose meter at 

home is the most common measurement of glucose. Subjective wellbeing is balanced across 

groups. In the Global Preferences Survey question, “In general, how willing are you to take risks?”, 

the coaching group is slightly more risk-averse at the 10% significance level. In the Short-Grit 

Scale, the coaching group is slightly less gritty, significant at the 1% level. The coaching group is 

also somewhat less confident about their ability to make a change than the other groups, significant 

at the 5% level. In the regression analysis below, we control for individual characteristics. About 

half of participants (52.6%) consulted with Dr Neville Wellington and the other half with Dr Carol 

Bosch, with no significant differences across groups. Assignment of a patient to a doctor is taken 

with consideration of the availability of the doctors’ and patients’ schedules. All participants saw 

 
51 The 2011 Census showed that majority population groups in Cape Town are Coloured (42%) and Black African 
(39%). 
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the same diabetes nurse educator. Four patients failed to come in for follow-up blood tests after 

the intervention, however, there was no significant difference in dropout across groups.  

 

TABLE 1 

Sample characteristics (Panel A) 

 
 

 

 

 

 

 

 

 

 

 

 

 

 



 195 

TABLE 1 

Sample characteristics (Panel B) 

 
Notes. Kruskal-Wallis H tests are reported as a balance check between the three treatment groups. Significant 
differences are starred. * shows p-value < 0.1, ** shows p-value < 0.05, *** shows p-value <0.01. There is no 
significant difference in mean income category across the treatment groups (p=0.7120). In Panel B, for the eight 
survey scales, 1 = not willing to take risks, not patient, not good at math, do not procrastinate, low on subjective 
wellbeing, low on grit, poor confidence to change and low importance of making a change, respectively; while 10 = 
a high score on the scale. 

 

Figure 3 shows blood glucose testing frequency reported in the baseline questionnaire. Patients 

typically tested a couple times per week up to a couple times per day. A majority tested less than 

once per day. A Kruskal-Wallis test for equality of populations finds no significant differences 

across treatment groups in baseline glucose testing frequency. Baseline testing behaviour is 

important to describe since all intervention groups receive structured self-monitoring programmes 

that encourage them to test before and 1.5 hours after a meal to learn what spikes sugar levels. 

Based on this observed low testing frequency, we would expect a positive impact of increased 

testing during the intervention on glucose control.   
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Notes. This figure shows bar charts of percent of frequency of categories arranged by treatment group. Glucose testing 
frequency at baseline was reported by patients in the baseline questionnaire. K-Wallis test by treatment finds no 
significant difference in testing frequency across the three treatment groups at the 5% level (p=0.6212). 
 

FIGURE 3 

Glucose testing frequency by treatment group 

 

Covid-19 Questionnaire. Table 2 reports on the context of the study during a Covid-19 lockdown. 

This is important to describe, given that diabetics are notably an at-risk population. At baseline, 

just under a quarter of the sample have already been diagnosed with Covid and recovered. Fear of 

Covid has prevented 21% of the sample from seeking non-diabetic medical care, e.g. visiting the 

dentist. 18% of the sample are being treated for anxiety or depression. Most patients do not live 

alone, 58% are able to work from home, and 30% have a job classified as an essential service 

during the hard lockdown, enabling them to continue leaving home for work. The INFO group has 

received more remote consultations than the other two groups. Figure 4 shows that for about half 

of the sample, Covid-19 fear plays a role in the personal motivation of the sample of patients to 

get healthier and so reduce their risk of poor outcomes from the disease. Figure 5 shows that about 

a third of the sample have been making more unhealthy food choices since the Covid-19 lockdown. 

Figure 6 shows that physical activity levels have also declined for about half of the sample since 

the Covid-19 lockdown.  
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TABLE 2 

Influence of Covid-19 lockdown and anxiety on managing diabetes 

 
Notes. Kruskal-Wallis H tests are reported as a balance check between the three treatment groups. Significant 
differences are starred. * shows p-value < 0.1, ** shows p-value < 0.05, *** shows p-value <0.01. 

 

 

 
Notes. This figure shows bar charts of percent of frequency of categories, by treatment group. Source of data is online 
questionnaire taken at baseline period. 
 

FIGURE 4  

The role of Covid-19 in personal motivation to improve glucose control 
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Notes. This figure shows bar charts of percent of frequency of categories, by treatment group. Source of data is online 
questionnaire taken at baseline period. 
 

FIGURE 5 

Changes in unhealthy food consumption since Covid-19 lockdown 

 

 

 
Notes. This figure shows bar charts of percent of frequency of categories, by treatment group. Source of data is online 
questionnaire taken at baseline period. 
 

FIGURE 6 

Change in physical activity since Covid-19 lockdown 
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Notes. This figure shows bar charts of percent of frequency of categories, by treatment group. Source of data is online 
questionnaire taken at baseline period. 
 

FIGURE 7 

 Change in stress levels compared to usual since Covid-19 

 

 

3.2. Reported dietary intake pre/post intervention 

 

Figure 8 shows food intake from the unhealthy RED, ORANGE, and healthy GREEN list pre- and 

post-intervention at the time of the blood tests. The gold bars show food intake before the 

intervention, and the purple bars show the distribution of food intake after the intervention during 

the sustainability period (endline). There is no significant difference between the treatment groups 

at baseline in consumption of RED list foods (K-Wallis, p=0.9937). All three treatment groups see 

a significant decrease in RED list food intake, consistent with the dietary advice they received (K-

Wallis, p<0.001). This is aligned with our hypothesis that foods high in carbohydrates and 

processed vegetable oils would decrease. At baseline, there is no difference in intake of portions 

from the GREEN list (K-Wallis, p=0.3564). The CONTROL and INFO groups increased their 

reported GREEN food intake, significant at the 10% level (p=0.0685, p=0.0857), and there is no 

significant change in reported GREEN intake for COACH (p=0.3618). 
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Notes. This figure shows the results of the food frequency questionnaire at baseline (gold bars) and endline (purple 
bars) and where the two distributions overlap (darker purple bars). The histograms show total weekly intake of RED, 
ORANGE, and GREEN list foods (columns) by treatment group CONTROL, INFO, and COACH (rows). RED = 
unhealthy, GREEN = healthy. 
 

FIGURE 8 

Histogram showing portions per week from the various traffic lights food lists at the baseline and 

endline by treatment group 

 

Result 1. All treatment groups report a significant decrease in unhealthy RED food intake. At 

endline, there is no significant difference between treatment groups in reported weekly 

consumption of unhealthy RED and healthy GREEN list foods. 

 

3.3. Diabetes Distress Scale pre/post intervention 

 

Figure 9 shows bar charts of the mean of the total scale and subscales for the Diabetes Distress 

Scale (DDS) across treatment groups, at baseline and endline, respectively. At baseline, the distress 

in the total DDS scale is greater than 2.0 and so considered clinically significant. The groups are 
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very similar in terms of diabetes distress scores in the total scale (K-Wallis, p=0.5041). The 

subscale of most concern for all three groups at baseline was regimen distress, i.e. the feeling that 

they are failing by not managing their diabetes well, e.g. meal plan and exercise. For CONTROL 

and INFO, regimen distress is moderate (2.0-2.9) and for COACH, high (>3.0), but the difference 

between groups is not statistically significant (K-Wallis, p=0.3471). At endline for all three 

treatment groups, we observe that the total scale and three out of four subscales fall below 2.0, 

meaning little to no distress. All groups report moderate regimen distress, and this is slightly higher 

above the threshold of 2.0 in CONTROL, compared to the other treatment groups, but not 

statistically significant (K-Wallis, p=0.5429). Compared to the baseline, regimen distress 

decreased in all groups. 

 

 
Notes. Bar charts show the mean of the total scale and subscales for the Diabetes Distress Scale across treatment 
groups at baseline and endline. The red line is a distress threshold of 2.0, which is considered clinically significant. 
<2.0 means little to no distress. K-Wallis test shows no significant difference between the three groups in Total index 
score at endline. 
 

FIGURE 9 

Diabetes Distress Scale and subscales at baseline and endline 
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3.4. Subjective Wellbeing pre/post intervention 

 

Figure 10 shows bar graphs of the change in mean subjective wellbeing (SWB) measured at 

baseline and endline. The SWB scale is scored on a 5-point Likert scale. All three groups are 

similar at baseline and report an increase in SWB, on average. There is no significant difference 

in SWB between treatment groups at endline (K-Wallis, p=0.8062).  

 
Notes. Bar charts show subjective wellbeing at baseline and endline across treatment groups. Subjective wellbeing is 
scored from 1 = not satisfied, to 5 = very satisfied. 
 

FIGURE 10 

Subjective Wellbeing at baseline and endline 

 

3.5. Glucose control: HbA1c blood test pre/post intervention 

 

Figures 11-13 describe the blood test results pre/post-intervention. Figure 11 shows the change in 

HbA1c from baseline to endline for the pooled sample, which provides a within-subject 

comparison. Red lines indicate a minority of participants who do not manage to improve their 

HbA1c compared to their baseline level, while pink lines show the majority of participants 

improve. This figure provides the first evidence of the positive impact of the interventions on 

glucose control at 3 months, the primary outcome of the trial. Only six participants fail to improve 

HbA1c in the pooled sample. Next, in Figure 12, we show the bar graphs of the percentage change 

in all the blood markers we measured. In particular, total cholesterol, LDL, HDL, triglycerides, 
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HbA1c and fasting insulin. Of interest is our pre-registered hypotheses, which include that HbA1c 

is expected to fall after the intervention compared to baseline. Contrary to our hypotheses, 

however, the INFO group does not see a greater reduction than CONTROL. The INFO group sees 

a decrease of 11% on average compared to the CONTROL’s 14%. Consistent with our hypotheses, 

the COACHING group performed the best with a reduction of 19% in HbA1c, on average. In the 

regression analysis below, we test if the difference between groups is significant and robust to 

additional control variables. In the pooled sample, 42.71% achieved diabetes reversal (HbA1c < 

6.5) in 3 months; and by treatment group CONTROL: 43.75%, INFO: 37.5% and COACH: 

48.39% with no significant difference between groups (K-Wallis, p=0.6840). 

 

In Figure 13, the box plots summarise the pre/post distributions of fasting insulin and HbA1c, 

respectively, by treatment group. There is no significant difference in the pre/post distributions for 

fasting insulin in all three groups. However, compared to baseline, all three treatment groups see 

a highly significant decrease in HbA1c in the direction expected. The COACH group achieves 

better glucose control more consistently, as the weight of the distribution is shifted lower towards 

6.5% (diabetes threshold), and the median post-HbA1c is the lowest of all three groups.  

 

For completeness, we include the pre/post change in the lipid panel distributions by treatment 

group in Figure 14. The CONTROL has a significant increase in total cholesterol and LDL, and 

no difference in HDL and triglycerides compared to baseline. The INFO group has no significant 

differences in the lipid panel compared to baseline. The COACH group has no significant change 

in total cholesterol or LDL but sees a significant increase in HDL and a significant reduction in 

triglycerides. This is consistent with following a diet restricting carbohydrates and suggests that 

the COACH group was the most compliant with the physician’s nutrition advice. A significant 

reduction in blood triglycerides and an increase in HDL is considered an improvement in metabolic 

health (Alberti et al., 2005). On these blood markers, COACH is significantly better than the other 

two groups. 

 



 204 

 
Notes. This figure shows the absolute change in HbA1c (%) level from baseline (left) to endline (right) for individual 
patients. All patients had a common goal of bringing their HbA1c below 6.5% (i.e. reversing diabetes). Pink lines 
show patients that improved or stayed the same. Red lines show individual patients that worsened. 
 

FIGURE 11 

Absolute change in HbA1c level from baseline to endline (pooled sample) 

 

 
Notes. Percentage change after 3 months in total cholesterol, LDL, HDL, triglycerides, HbA1c and fasting insulin is 
shown by treatment group, (1) CONTROL, (2) INFO, (3) COACH. 
 

FIGURE 12 

Percentage change in blood markers by treatment group 
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FIGURE 13 

Box plots of fasting insulin and HbA1c by treatment group 
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Notes. This figure shows the change in total cholesterol, LDL, HDL and triglycerides pre/post intervention by 
treatment group CONTROL, INFO and COACH. 
 

FIGURE 14 

Box plots of lipid panel by treatment group 

 

Table 3 shows the results of Ordinary Least Squares (OLS) regressions of the treatment effect of 

the INFO and COACH group on glucose control, compared to CONTROL. We report clustered 

standard errors at the individual level. Column (1) reports the basic model, which includes only 

the baseline HbA1c and treatment dummies. Column (2) adds controls for female, age, education 

and household income. Column (3) adds recent diagnosis (in the past year) and reported weekly 

consumption from the various traffic lights food lists given to patients during nutrition education 

by the physician. Column (4) adds the Global Preference Survey (GPS) measures. In particular, 
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willingness to take risks in general, where 1 is “completely unwilling to take risks” and 10 is “very 

willing to take risks”; willingness to delay gratification in order to benefit more in the future, where 

1 is “completely unwilling to do so” and 10 is very willing to do so; procrastination, rating the 

statement “I tend to postpone tasks, even if I know it would be better to do them straight away”, 

where 1 is “does not describe me at all” and 10 is “describes me perfectly”; and finally the Short-

Grit Score where 1 is “not gritty” and 5 is “very gritty”.  Finally, column (5) controls for baseline 

confidence to make a change to one’s diet.  

 

A higher baseline HbA1c is a consistently significant predictor of higher endline HbA1c. A 1 

percentage point higher baseline HbA1c is associated with a 0.42 percentage point higher endline 

HbA1c, significant at the 1% level (column 5). The INFO treatment is not significantly different 

from CONTROL in columns (1)-(2) but becomes significant when we control for recent diagnosis 

and food choices in column (3) and remains significant in columns (4)-(5) with additional baseline 

controls. On average, patients in INFO ended with a 0.47 percentage point higher HbA1c than 

CONTROL, significant at the 5% level. This is in contrast with our pre-registered hypotheses. It 

means that real-time CGM patients in INFO do not do better on average than CONTROL after the 

sustainability period of two months without real-time monitoring (i.e. only fingerprick testing 

available). We infer that there is no additional benefit of real-time CGM compared to intermittent 

CGM after a sustainability period in which the effects are allowed to wash out. We speculate that 

the INFO group is less familiar with the before/after meals fingerprick testing since they are given 

costless access to their glucose levels during the main intervention period, and this is removed 

during the 2-month sustainability period. The CONTROL group is consistently fingerprick testing 

from the beginning of the intervention period and is only intermittently shown the CGM results at 

the doctor’s appointments. During the sustainability period, they simply continue as before with 

their structured monitoring programme (before/after meals), fingerprick testing at their discretion.  

 

On average, the COACH patients achieve 0.45 percentage points lower HbA1c than CONTROL 

at endline, significant at the 10% level. This is in comparison to the health coaching literature, 

which reports 0.32 percentage points. This is consistent with our pre-registered hypotheses. At 

endline, there is a greater reduction in HbA1c in COACH compared to groups with no health 

coaching. These patients also had the real-time CGM removed during the sustainability period but 
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maintained the support and accountability of the health coach every two weeks after the main 

intervention period.  

  

TABLE 3 

Treatment effects on endline average glucose (HbA1c) 

 
Notes. OLS regressions of treatment effects on HbA1c (%). CONTROL is omitted category. Weekly RED, ORANGE, 
GREEN intake refers to weekly consumption of standard portions of foods from the traffic lights food lists given to 
patients during nutrition education. Patients self-reported their dietary intake in the preceding 4 weeks at endline. 
Global Preference Survey (GPS) and S-Grit Scale are non-incentivised survey questions. Significance is starred. * p 
< 0.10, ** p < 0.05, *** p < 0.01.  
 

Table 4 provides an alternative OLS model with clustered standard errors at the individual level 

of the treatment effects to those shown in Table 3. Instead of treatment dummies for INFO and 
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COACH, we include binary dummy variables = 1 if real-time information was provided or 

coaching was provided, and 0 otherwise. The omitted category is CGM feedback for one month 

reviewed intermittently at doctor’s visits only. The effect of coaching is clinically and statistically 

significant. A change in 0.5 percentage points is considered clinically significant. In Column 5, 

with all controls included, the effect of coaching is to lower HbA1c by 0.91 percentage points. 

This is a substantial effect. The effect of coaching is robust to additional controls. The independent 

variables included in Table 4, besides real-time and coaching, are identical to Table 3. We compare 

our results to Athinarayanan et al. (2019), which also advised a ketogenic diet as part of continuous 

care in the United States and tested blood results pre/post. Similar to their observations, we find 

baseline HbA1c is a significant predictor of endline HbA1c. However, we do not find that recent 

diagnosis is a robust predictor of better HbA1c. Interestingly, female participants have higher 

HbA1c, but age, education and income are never significant. Our results provide additional 

insights into other significant correlates of lower HbA1c. Namely, self-reporting higher 

consumption from the healthy GREEN list (meat, low-carb dairy, leafy vegetables) and lower 

consumption from the RED list (processed foods and foods high in carbohydrates and containing 

vegetable oil), and grit score, where an increase of 1 unit in the 5-point grit score is associated with 

a lower HbA1c of 0.33 percentage points. Patience is not a significant predictor of lower HbA1c, 

and the coefficient is very small (0.080). The sign of the -0.071 coefficient on procrastination, 

which is significant at the 10% level, is quite surprising but the effect is very small. 

 

Result 2. Providing real-time CGM for one month compared to intermittent supervised CGM 

reports is associated with a 0.47 percentage points higher HbA1c (worse control) after a 2-month 

sustainability period where the effects of CGM are allowed to wash out. Coaching lowers HbA1c 

by 0.91 percentage points which is clinically and statistically significant (better control). 
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TABLE 4 

Real-time feedback and coaching effects on average glucose (HbA1c) 

 
Notes. OLS regressions of treatment effects on HbA1c (%). Real-time is a binary variable equal to 1 if real-time CGM 
feedback was provided (i.e. INFO/COACH treatments), 0 otherwise. Coaching is a binary variable equal to 1 if 
coaching was provided, 0 otherwise. Weekly RED, ORANGE, GREEN intake refers to weekly consumption of 
standard portions of foods from the traffic lights food lists given to patients during nutrition education. Patients self-
reported their dietary intake in the preceding 4 weeks at endline. Global Preference Survey (GPS) and S-Grit Scale 
are non-incentivised survey questions.  Significance is starred. * p < 0.10, ** p < 0.05, *** p < 0.01. 
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3.6. Continuous Glucose Monitoring patterns 

 

Figure 15 Panel A shows box-and-whisker plots of the mean glucose levels as measured by the 

CGM. Panel B shows median levels. The box plots summarise the data for CONTROL, INFO, and 

COACH from baseline (Phase A) to intervention (Phase B and C). At baseline, there is no 

significant difference between treatment groups in mean glucose levels. This shows that the 

randomisation worked. The mean significantly drops for all three treatment groups from Phase A 

to Phase B. However, the INFO group’s change from baseline to Phase B is only significant at the 

10% level. By Phase C, the INFO group has significantly reduced glucose levels at the 1% level 

compared to baseline. There is no significant difference between treatment groups in Phase C. 

After C, patients stopped wearing a CGM for the two-month sustainability period in which the 

CGM effect should wash out.  

 

 
Notes. Phase A is the baseline, Phase B and C are intervention. K-Wallis tests for differences between groups. 
Significance is starred. * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001. Not significant is indicated by ns. 

 

FIGURE 15 Panel A 

Mean glucose levels in baseline and intervention by treatment group 
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Notes. Phase A is the baseline, Phase B and C are intervention. K-Wallis tests for differences between groups. 
Significance is starred. * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001. Not significant is indicated by ns. 
 

FIGURE 15 Panel B 

Median glucose levels in baseline and intervention by treatment group 

 

 

Figure 16 below shows time in target range during the baseline (A) and 1-month main intervention 

period (B and C) in which the CGM is worn. Reassuringly, all three groups start below the clinical 

goal of 70% time in range (3.9-8 mmol/L), see A: Time in Target 64-52%. There is significant 

room for all three groups to improve. After wearing CGM A, patients review the report with the 

doctor and receive ketogenic dietary advice when they are instructed to follow until the end of the 

trial. We see this reflected in increases in time in target range in B and C in Figure 16.  
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Notes. Target range in the trial is 3.9-8 mmol/L, and the goal is to spend at least 70% of the time in target. Patients in 
INFO and COACH had access to real-time feedback and could view their time in target range between appointments. 
All three groups started below the goal, and all three groups achieved the glucose control goal of 70% after 1 month. 
 

FIGURE 16 

Time in Target Range by treatment group 

 

Figure 17 excludes the baseline period (A) and collapses the two Phases B and C shown above in 

Figure 16 by treatment group. All groups achieved their 70% time in target goal. Confidence 

intervals are shown on the bar graphs. COACH group achieves the greatest glucose control as 

measured by the CGM’s time in target range.  

 
Notes. This figure shows time in target range during Phase B and C only, i.e. it excludes the baseline measurements 
from the CGM (i.e. Phase A). 95% confidence intervals illustrated on bar graph.   
 

FIGURE 17 

Time in Target after ketogenic nutrition education, excluding baseline CGM data. 
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Result 3. All three treatment groups significantly reduced average glucose levels and increased 

time in target range to achieve the clinical goal above 70% in target range after 1 month following 

the ketogenic dietary advice. No significant difference in average glucose levels between groups 

while the CGM is still being worn (midline). Time in target range is the highest for COACH and 

not significantly different for CONTROL and INFO. 

 

Figure 18 shows the total number of scans of the real-time feedback CGM with the mobile phone 

app by treatment group. CONTROL is excluded because they could not engage with their CGM 

monitor. The INFO group increased their CGM scanning activity significantly during the 

intervention from Phase B to Phase C (p<0.0001). This is associated with improved time in target 

range within INFO over time. However, greater scanning behaviour is not sufficient to overtake 

COACH in time in target range. This goes against our hypothesis that COACH would have greater 

engagement with the real-time CGM and that this could be a mechanism for their greater glucose 

control. We do not find evidence of this. Instead, this suggests that the COACH group is better 

able or better supported to use real-time feedback to make healthier food choices with additional 

support from someone besides their doctor. A critical part of our health coaching is mental 

contrasting, implementation intentions techniques and motivational interviewing. We speculate 

that the COACH group was less overwhelmed at the adoption of the novel technology. Their 

scanning activity was initially higher than INFO in Phase B (p<0.0001) and significantly lower 

than INFO by Phase C (p<0.0001). COACH glucose control and time in target is consistently high 

after they receive nutrition education. Their better glucose control is not associated with more 

scans of the CGM, i.e. more frequent self-monitoring.  

 

The unsupervised real-time CGM caused some patients anxiety for several reasons. Firstly, they 

noticed the dawn phenomenon, in which glucose spikes in the morning before they have eaten. 

This is caused by the liver making its own glucose, and patients observed that the uncontrolled 

morning rise lessened as they followed the dietary advice. Many patients sought reassurance about 

this. Secondly, because the CGM measures interstitial glucose and not blood glucose, it is less 

accurate, and there can be a difference between blood glucose and CGM reading. Discrepancies 

caused confusion because patients were not sure which feedback to follow. It was common for the 

CGM to report a reading 1 mmol/L lower than the fingerprick. Patients were advised to double-
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check with a fingerprick if they observed a hypoglycaemic reading to ensure it was a real “low”. 

They were advised to “correct” low blood sugar readings with foods from the healthy GREEN list, 

rather than sugary items which fall on the RED list. There were also device failures, and patients 

seemed distressed when the device failed and had to be replaced. Patients reported failures via 

WhatsApp message to the research team, were invited to come in to have it replaced by the nurse, 

and received replacements when less than 9/14 expected days of data were stored by their device. 

We do not input missing data in this analysis. Abbott admitted that we had received a faulty batch 

of CGMs. This caused more interruptions and additional appointments with the nurse than we 

anticipated.  

 

 
Notes. Total number of scans by the INFO and COACH groups, which wore real-time CGM, during the one-month 
intervention. K-Wallis tests reported. Significance is starred. * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001. 
 

FIGURE 18 

Scanning behaviour by real-time CGM groups 

 

Result 4. The treatment group with real-time feedback alone (no coaching) increased its scanning 

activity during the first month of the intervention, while those with coaching slightly reduced their 

engagement with the CGM over time. After one month of the intervention, INFO scans significantly 

more often than COACH.   
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4. CONCLUSION 

 

Behavioural economics is establishing itself as an important discipline in the modifying of self-

destructive behaviour, such as lifestyle choices contributing to diabetes (John et al., 2011). This 

research contributes to a growing literature showing that insights from behavioural economics and 

psychology can help people engage in behaviours that are consistent with their long-term 

wellbeing. The experimental design allows us to rigorously evaluate the impact of real-time 

feedback from CGM with and without the continuous care component of health coaching. We 

build on previous clinical trials using nutritional ketosis for the management and reversal of 

T2DM. To our knowledge, we are the first to disentangle standard fingerprick self-monitoring 

blood glucose management and real-time CGM from a comprehensive continuous care 

intervention with health coaching. Unpacking some components from the black box of a 

behavioural intervention allows us to draw conclusions about the minimal cost- and time-effective 

treatment necessary for reversing T2DM. It is also critical to understand the underlying cognitive 

and behavioural barriers in this setting, which we explore through surveys. Finally, this study 

contributes to the active behavioural economics literature on habit formation. Fang et al. (2020) 

argue that when multiple barriers are present, such as imperfect information and limited attention 

(and in our setting of food choice and also cultural norms), a single intervention that does not 

address all barriers simultaneously might fail to fulfil its potential. This motivates our third 

treatment that combines real-time feedback with health coaching. Indeed, we find that addressing 

only the issue of real-time information is not sufficient for sustained behaviour change after the 

CGM is removed for two months.  

 

All groups show significant improvement in mean glucose levels as measured by the CGM. The 

rich report of the CGM may help to close the information monitoring gap between patient and doctor, 

and offers an accountability mechanism, but we do not find evidence of the value added by real-

time information for the patient, unless accompanied with coaching. All groups achieve the time in 

target goal of 70%. After a sustainability period of two months without CGM, INFO has 

significantly worse outcomes than CONTROL, though an improvement compared to baseline. 

COACH achieves the greatest reduction in Haemoglobin A1c (HbA1c, average blood glucose over 

the past 2 months used to diagnose diabetes) of about 19%, while CONTROL reduces by 14% and 
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INFO 11%. OLS regression results show that COACH achieves significantly better glucose 

control. COACH is the only group to significantly improve other markers of metabolic health HDL 

(cholesterol) and blood triglycerides. A significant reduction in blood triglycerides and an increase 

in HDL is considered an improvement in metabolic health (Alberti et al., 2005).  

 

In the HbA1c blood tests, INFO performs significantly worse than CONTROL after the 

sustainability period in which the CGM effect is allowed to wash out. The success of the coaching 

group was not due to scanning the real-time CGM more often. COACH scans significantly less 

often than INFO, but the additional weekly support from someone besides the doctor appears to 

provide important supervision of the adoption of real-time CGM in this population in South Africa. 

All treatments see a significant reduction in HbA1c compared to baseline. In the pooled sample, 

43% of patients reversed diabetes (HbA1c<6.5%), notable compared to the best practice standard 

of care reversal rate of <1%. This is comparable to the 55% reversal rate at 3 and 6 months from 

a non-randomised continuous care intervention study including coaching and nutritional ketosis in 

the United States (Athinarayanan et al., 2019). Our study differs from previous work because we 

have a sustainability period in which the effects could wash out, we randomise patients into 

treatment groups with varying levels of input, and we conduct it in a developing country setting. 

The high diabetes reversal rate given the potential challenges of new technology adoption and 

varying levels of health literacy in our setting speak to the efficacy of our more modest 

intervention. 

 

Reporting higher consumption of unhealthy food from the RED list is associated with higher 

HbA1c at endline, and greater consumption of food from the healthy GREEN list is associated 

with lower HbA1c at endline. Scoring higher on grit is significantly associated with greater glucose 

control at endline. Being more willing to take risks in general is significantly associated with worse 

glucose control at endline. Identifying economic preferences of patients could potentially help to 

tailor programmes in the future. For example, to predict which patients would benefit from more 

frequent accountability mechanisms and remote support. This timely research contributes to the 

behavioural and medical literatures by providing evidence of the effect of technology-assisted 

behavioural interventions that incorporate a ketogenic diet to reverse diabetes. 
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5. APPENDICES 

 
A. Waiting Room Notice  

 

You are invited to participate in research! 
  

“The effect of technology-assisted behavioural interventions in type 2 diabetics” 
  
The purpose of the study 
We want to understand how best to support type 2 diabetes patients to build sustainable healthy eating 
habits. What are the necessary elements of a program to help individuals achieve their diet and glucose 
control goals? What level of personalised feedback and technology is most helpful? We want to learn 
from your experience over the next 3-months. Your participation will help us understand important 
obstacles and cost-effective solutions to support patients’ diabetes reversal.  
 

Would like to support us by participating in our research? 
 
Who may take part in the study? 
About 90 patients will be included in the study. Eligible participants must be: men or women; age 30-65 
years old; have a type 2 diabetes diagnosis; HbA1c test above 6.5% and below 11%; not using insulin; no 
previous experience using a continuous glucose monitor, a current patient of Kenilworth Medicross, able 
to read and speak English; use a smartphone, willing and able to attend the five required study visits, wear 
three continuous glucose monitors over six weeks and keep a food diary for 8 days in total. You will be 
excluded if you are pregnant, have anemia or an unmanaged hypothyroid condition.  
 
Do You Have Any Further Questions? Contact the researchers. 
Sofia Monteiro Cell: +27 72 253 6420  Email: sofia.g.monteiro@gmail.com 
Dr. Kate Larmuth  Cell: +27 74 217 0042   Email: kateus65@gmail.com 
 
Ask your Medicross doctor about the study or contact the researchers to find out more. You can also 
contact Dr. Neville Wellington directly.   
 
Locally responsible study physician/study center 
Dr Neville Wellington 
Kenilworth Medicross Medical Centre 
TEL: 021 683 5867 
E-Mail: neville.wellington@medicross.co.za 
 
 
 
 
 
 
 
 
 

mailto:sofia.g.monteiro@gmail.com
mailto:kateus65@gmail.com
mailto:neville.wellington@medicross.co.za
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B. Study Information for Participants and Informed Consent Form 
 
Principal investigator (UCT):  
Dr. Jacolene Kroff   Tel: +27 21 650 5126   Email: jacolene.kroff@uct.ac.za 
Dr. Kate Larmuth (Co-PI)  Cell: +27 74 217 0042   Email: kateus65@gmail.com 
 
Principal investigator (University of Cologne, Germany):  
Prof. Daniel Wiesen Email: wiesen@wiso.uni-koeln.de  
 
Study director (Max Planck Institute for Research on Collective Goods):  
Prof. Matthias Sutter Email: sutter@coll.mpg.de 
 
PhD Researcher:  
Sofia Monteiro (MPI, Uni Cologne) Cell: +27 72 253 6420  Email: sofia.g.monteiro@gmail.com 
 
The overall responsibility for this study lies with  
Dr. Jacolene Kroff    
Tel: +27 21 650 5126   Email: jacolene.kroff@uct.ac.za 
Division of Exercise Science and Sports Medicine 
Department of Human Biology 
University of Cape Town 
PO Box 115 
Newlands 
7725 
Cape Town, South Africa 
 
Locally responsible study physician/study center 
Dr Neville Wellington 
Kenilworth Medicross Medical Centre 
67 Rosmead Ave 
Kenilworth 
7700 
TEL: 021 683 5867 
E-Mail: neville.wellington@medicross.co.za 
Information about Participating in this Study 
  
  
   “The effects of technology-assisted behavioural interventions in type 2 diabetics”     
  
 
Dear Madam, Dear Sir, 
We are pleased that you are interested in our research.  In it, we look at  lifestyle choices with patients who have 
type 2 diabetes. We would like to invite you to join us and help to generate more valuable research around type 2 
diabetes. 
In this document we will tell you about our study and why we are doing it. We will tell you what is asked of you and 
what the risks and benefits of participating are. At the end of the document is a page which you will have to 
complete and sign with a researcher (remotely online or in person). 
Please read the following carefully and then decide whether or not you would like to participate in this study.  

mailto:jacolene.kroff@uct.ac.za
mailto:kateus65@gmail.com
mailto:wiesen@uni-koeln.de
mailto:sutter@coll.mpg.de
mailto:sofia.g.monteiro@gmail.com
mailto:jacolene.kroff@uct.ac.za
mailto:neville.wellington@medicross.co.za
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Your participation in this study is entirely up to you. You will only be included in this study if you give your 
consent (your agreement) in writing (in the last section of this document). You may choose to leave the study at any 
point in time, however, we would really appreciate you taking part, if  you choose to sign up. 
Your doctor has already given you a lot of information about the study. This document will give you more important 
information about the study goals and your role. Please read the participant information carefully. Afterwards, a 
researcher will answer your questions. Please do not hesitate to ask questions or point out any areas  that are not 
clear to you. You may then decide, in your own time, whether or not you wish to take part. 
 
The purpose of the study 
We want to understand how best to support type 2 diabetes patients like yourself to build sustainable healthy eating 
habits. To do this we want to answer the following questions: 
What  elements of a program are required to help individuals achieve their diet and blood sugar goals?  
What level of personalised feedback and which type of technology is most helpful?  
We want to learn from your experience over the next 3-months in the program we have designed for you. Your 
participation will help us understand important obstacles and solutions to support patients’ diabetes reversal.  
 
Type of study 
This randomized controlled experiment will measure behaviour and health outcomes. There will be about 90 
participants. The study has three different  groups that receive a slightly different intervention and you will have an 
equal chance of being assigned to participate in any one of them. You will not be given information about the other 
groups. The three groups will vary in the amount of personalised feedback and healthcare practitioner contact. We 
want to find out which program is the most helpful to patients like yourself to bring your HbA1c test below 6.4% (in 
other words to put your diabetes into remission).  
We will use new continuous glucose monitoring or CGM technology to measure your sugar levels that does not 
require finger prick testing. All patients will participate in a baseline period for two weeks where we measure your 
current diet and sugar levels. Then all patients will receive a 1-month intervention which includes nutrition 
education, medical advice and regular check ups with a study doctor to monitor your progress. You will also wear a 
CGM during the intervention and baseline period. We will explore which type of feedback and support is most 
useful to patients like yourself to fine tune your diet and help you reach your health goals. We will also use health 
assessments (like your BMI, weight and cholesterol levels), questionnaires (including one on Covid-19 and your 
experiences during this time) and mobile apps. To complete the study, all participants must wear three CGM sensors 
and attend five study visits  to your doctor over three months. All other contact will happen remotely. At the 
beginning and end of the study the doctor will do blood tests to see if you have reached your health goals.. 
The project will be financed by the Max Planck Institute for Research on Collective Goods. 
The Human Research Ethics Committee of the University of Cape Town (HREC) advised on and approved the 
present research project. 
 
Who may take part in the study? 
About 90 patients will be included in the study. Eligible patients must be: men or women; age 30-65 years old; have 
a type 2 diabetes diagnosis; HbA1c test above 6.5% and below 11%; not using insulin; no previous experience using 
a continuous glucose monitor, a current patient of Kenilworth Medicross Medical Centre or a referral from the Cape 
Town catchment area, able to read and speak English; use a smartphone, willing and able to attend the five required 
study/doctors visits, wear three continuous glucose monitors over six weeks and keep a food diary for 8 days in 
total. You cannot take part in this study if you are pregnant, breast-feeding or fall pregnant during the study. You 
cannot take part if you have anemia, an unmanaged hypothyroid condition, renal disease (e.g. poor kidney function 
or kidney stones) or an eating disorder (e.g. anorexia, bulimia).  
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What are the possible risks? 
The potential dangers in taking part in this study are small. A nurse will take your blood at Visit 1 and 5, and you 
will be asked to talk about personal topics in the baseline questionnaire. Lastly,  wearing the CGM sensors means 
you will have a small device (size of a 5 Rand coin) attached to the back of your arm 

COVID-19: SARS-CoV2 infection is a danger for people with type 2 diabetes. However, this danger is not 
increased by your participation in our study. Medicross has Personal Protective Equipment (PPE), enforced social 
distancing and follows good clinical practice guidelines to keep everyone safe. All recommended care will be taken 
to ensure your health and safety. Patients must contact the researchers if they have any concerns or negative 
experiences. Please contact your study doctor if you fall ill. Do not attend a study visit to Medicross if you 
experience shortness of breath, dry cough or a temperature. Consult government websites such as 
sacoronavirus.co.za. We will use remote monitoring (email, phone calls, or zooms) to limit the need for person-to-
person contact in the study.  

Blood collection: Your study doctor will order blood tests. This is part of the normal care in diabetes 
management. Occasionally, blood collection can result in minor infection, some physical pain, mental discomfort, 
fainting and injury to a nerve or a vein. These risks are small and will be minimized by the use of staff trained to 
take blood samples and the use of disposable, single-use materials.. 
 CGM: The tiny internal part of the continuous glucose monitor is a sensor. It is inserted under the skin in an 
instant with a disposable applicator. A nurse will do this for you at Medicross to ensure it is applied correctly. The 
adhesive sticker securing the external part of the sensor may potentially irritate the skin. It is safe to shower and 
swim with your CGM on.  

Surveys: The baseline survey, COVID-19 and diabetes survey and the food frequency questionnaire have 
the potential to generate negative emotions since they cover socio-economic issues, health and disease. 
  
What are the possible benefits?  
You will take part in a short study of your glucose control that has the potential to empower you with knowledge 
and confidence to improve your long term health outcomes. For patients like you who have poor glucose control 
(HbA1c 6.5 - 11%) but are not yet on insulin medication, the potential health benefits of making food choices to stay 
in recommended glucose ranges and lowering HbA1c to at least 6.4% are substantial. Good health lowers the risk of 
poor outcomes with COVID-19. You will receive a personalised lifestyle program which aims to put your diabetes 
into remission. You may enjoy using the CGM (at no personal expense) and learn to manage and reverse your 
disease from personalised feedback. You will be given a full personal feedback report once we have collected and 
analysed all the data so you can see how you contributed to the study. You may feel a sense of fulfilment knowing 
that you are contributing to improving the lives of patients like yourself by taking part in research. You will receive 
R200 cash for transport and time at study visits. All participants will receive informative doctors  consults with one 
of the study doctors and a limited set of blood tests for free. You will contribute to the scientific understanding of 
behaviour change and diabetes. 
 
What is required of me? 
There are three distinct phases in the study. Briefly, phase 1 includes the  informed consent and baseline procedures, 
phase 2 is the major intervention phase and phase 3 the follow-up and sustainability assessment section. There are 
five study visits and your participation will take about 3 months. 

Phase 1: Baseline (2 weeks): Clinic Visit 1 (1 hour) 
After you are enrolled (given your consent to begin the study), you will complete three questionnaires about 
yourself, what you usually eat, and challenges you may have experienced because of the COVID-19 pandemic. You 
can complete these online or via telephone call. . Signing the informed consent form will allow us to collect and 
analyse standard blood tests for diabetes, body composition (eg. BMI and height and weight), individual 
characteristics, food diary entries and CGM data. You will have a half hour consultation with your study doctor. 
Your doctor will order blood tests that are standard in diabetes management. For two weeks you will carry on with 

https://sacoronavirus.co.za/
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your normal routine so we can measure your usual habits. You will wear a continuous glucose monitor and keep a 
detailed food diary for four days using the FatSecret app on your smartphone (or a paper diary if you prefer). 

Phase 2: Intervention (4 weeks): Clinic Visits 2-4 (30-minutes) 
At Visit 2, you will receive a nutritional education session from your study doctor. Your doctor will give you 
personalised medical advice and prescriptions based on your current health markers and CGM data at your 30-
minute consultation. The nutrition education is standard for diabetes patients in the study doctors practice. A nurse 
will apply a new CGM for you to wear over the next two weeks while you fine tune your diet. This will be repeated 
at Visit 3. Your goal will be to put your diabetes into remission by following your study doctor’s advice. In the final 
week of the intervention you will keep a food diary for 4 days. At Visit 4 your CGM will be removed by the nurse. 
Your study doctor will review your progress and sugar patterns at each consultation.  

Phase 3: Sustainability (2 months): Visit 5 (1 hour) 
For two months you will continue following the nutrition advice of your doctor. You will self-monitor until your 
Visit 5 doctor’s consultation and blood test. You will not wear the CGM in this period. You will be free to continue 
self-monitoring using the food diary app or fingerprick glucose tests if you wish. At the end you will complete a 
closing questionnaire about your experiences and we will ask you about what foods you ate in the last month.  
 
What happens after the study? 
Your study doctor will be invested in your long term health and wellbeing. After your participation is completed 
they will follow up with you about a year later to check up how you are doing. You may contact them immediately 
after the study if you wish to continue treatment with them. 
 
Data Processing and Data Protection 
Your data, including data on health, sex, age, weight, and height, blood pressure and biometric data will be recorded 
and analysed in coded form so that there is no way to identify you. It will only be possible to link study data to you 
personally via an identification list kept secure at UCT. Only the study researchers will have access to this list.  
The legal basis for data processing is your voluntary, written consent. You must first give your permission. 
The data collected during the study will be recorded and evaluated by an electronic data system. After  the study 
ends, all data will be stored in a secure system for a period of 10 years. Afterwards, your data will be deleted unless 
legal reasons require longer storage. 
The processing of the data is the responsibility of the researchers and the locally responsible physician. 
You have the right to access and look at your personal data which are collected. This data will not be shared with 
third parties. 
If you discover any errors in your data, you have the right to have them corrected. You also have the right to receive 
a free copy of these data. 
In addition, you have the right to request deletion of your stored data. 
Scientific publications of the results are only carried out anonymously, i.e., in a form that does not link to you 
personally. 
The running of the study will be checked by an independent person whose job is to make sure the study is run 
properly". This person and the researchers may only pass your data in a form that is anonymous and may not make 
copies of your information. 
 
Are There Any Risks Associated with Data Processing? 
Every collection, storage, use, and sending of data involves confidentiality risks (e.g., the possibility of identifying 
the person concerned). These risks cannot be completely excluded, and they increase the more data can be 
interlinked. The researchers involved in this study assure you that they will do everything possible to protect your 
privacy in accordance with the latest technology.  
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Can I Withdraw My Consent? 
You can take away your consent at any time, in writing or on the phone, without giving reasons and without any 
disadvantage to you. If you decide you want to quit, no further data will be collected.  
If you decide to quit, you may be asked for your consent that the data and blood samples already collected may be 
used further. If you do not agree all your data will be deleted immediately.  
 
Other medical treatment 
While you are participating in the study you may only undergo other medical treatment – except in emergencies – 
after prior consultation with your study doctor. You must inform the study doctor immediately of any emergency 
treatment you receive or if you have any medical concerns. 
 
Reimbursement of Expenses 
There are no costs for you or your health insurance company for participation in the study. Travel costs will be 
reimbursed to you in the amount of R200 per visit. 
 
What if Something Goes Wrong? 
The University of Cape Town (UCT) undertakes that in the event of you suffering any significant deterioration in 
health or well-being, or from any unexpected sensitivity or toxicity, that is caused by your participation in the study, 
it will provide immediate medical care. UCT has appropriate insurance cover to provide prompt payment of 
compensation for any trial-related injury according to the guidelines outlined by the Association of the British 
Pharmaceutical Industry, ABPI 1991. Broadly-speaking, the ABPI guidelines recommend that the insured company 
(UCT), without legal commitment, should compensate you without you having to prove that UCT is at fault. An 
injury is considered trial-related if, and to the extent that, it is caused by study activities. You must notify the study 
doctor immediately of any side effects and/or injuries during the trial, whether they are research-related or other 
related complications. 
 UCT reserves the right not to provide compensation if, and to the extent that, your injury came about 
because you chose not to follow the instructions that you were given while you were taking part in the study. Your 
right in law to claim compensation for injury where you prove negligence is not affected. Copies of these guidelines 
are available on request. 
Please feel free to contact the UCT Human Research Ethics Committee if you have any queries: Floor E53-Room 
46, Old Main Building, Groote Schuur Hospital, Observatory, 7925  
Phone: (021) 406 6338      Email: hrec-enquiries@uct.ac.za 
 
Do You Have Any Further Questions? 
Sofia Monteiro Cell: +27 72 253 6420  Email: sofia.g.monteiro@gmail.com 
Dr. Kate Larmuth  Cell: +27 74 217 0042   Email: kateus65@gmail.com 
 
 
INFORMED CONSENT 
 
I___________________________________________(full name) hereby consent to participate in the study visits, 
nutrition education, glucose monitoring, food diary and questionnaires as part of the study entitled:  “The effect of 
technology-assisted behavioural interventions in type 2 diabetics.” - carried out by the investigators of the 
University of Cape Town, Max Planck Institute for Research on Collective Goods and University of Cologne.  
 

All the procedures, risks and benefits have been explained to me in a language that I understand and 
all my questions have been answered. 

Yes No 

mailto:hrec-enquiries@uct.ac.za
mailto:sofia.g.monteiro@gmail.com
mailto:kateus65@gmail.com
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I am aware that I am free to ask more questions about the study procedures at any time Yes No 

I am aware that I do not have to answer any questions that I don’t want to  Yes No 

I am aware that participation in this study is entirely voluntary. I am free to withdraw from the study 
at any time.  

Yes No 

I also understand that the investigators may withdraw me from the study at any time without reason. Yes No 

By agreeing to participate in this study, I am aware that my information will be stored in a safe and 
anonymous way at UCT and will then be analysed by the investigators only, in coded form. 

Yes No 

 
 
 

DATA PROTECTION:  This scientific study will collect personal data and medical findings about you. The 
storage, transfer, and analysis of these data is carried out in accordance with all current legal regulations and 
requires the following voluntary consent prior to participation in the study 

I agree that data/diagnostic data on questionnaires and electronic data carriers collected within the scope of this 
study may be recorded in coded form and forwarded to: 

              - the principal investigator and primary researchers Yes No 

              - the study physicians and health coach Yes No 

Medical doctors have to uphold medical confidentiality of their patients. I agree that the study 
researchers (listed at the beginning of this document)  may inspect my personal data held by the study 
doctor only if it relates to the studyi. For these measures only do I release the study doctor from the 
medical confidentiality obligation. 

Yes No 

I agree that my data may be stored, for up to 10 years, after the end of the study according to 
scientific standards. After this period, my personal data will be deleted or made anonymous (any lists 
identifying you to your data code will be deleted) 

Yes No 

I have been informed that I can terminate my participation in the study at any time. In this case, I may 
choose if my data, already collected, will be deleted or made completely anonymous. 

Yes No 

 
Participant Name:_______________________________________  
Date of birth:    _______________________________________ 
 
EMERGENCY CONTACT DETAILS 
Name and Surname:   _______________________________                 
Relation:                  _______________________________ 
Home phone:              _______________________________ 
Cell phone:  _______________________________ 
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________________________  _________________  ______________ 
Print name of participant                               Signature                                 Date    
 
 
 
________________________  _________________              _____________ 
Print name of investigator               Signature    Date 
 
 
 
 
 
 

C. Baseline Questionnaire, HREC REF: 310/2020 

 
Survey Flow 

Block: Introduction (2 Questions) 
Standard: WHO STEPS: Demographics (8 Questions) 
Standard: WHO STEPS: Tobacco Use (2 Questions) 
Standard: WHO STEPS: Alcohol Consumption (8 Questions) 
Standard: WHO STEPS: Physical Activity (21 Questions) 
Standard: WHO STEPS: History of Raised Blood Pressure (4 Questions) 
Standard: WHO STEPS: History of Diabetes (9 Questions) 
Standard: WHO STEPS: History of Cardiovascular Diseases (5 Questions) 
Standard: GPS Risk Preferences (1 Question) 
Standard: GPS Delay gratification, math ability, procrastination (3 Questions) 
Standard: Subjective Wellbeing (NIDS Household Survey) (1 Question) 
Standard: Diabetes Distress Scale (DDS) (2 Questions) 
Standard: Shopping and cooking (3 Questions) 
Standard: Short Grit Scale (1 Question) 
Standard: Self-efficacy and importance of behaviour change (2 Questions) 
Standard: Stage of change (2 Questions) 
Page Break 

 

Start of Block: Introduction 

 
instructions  
Congratulations! You are enrolled into the exciting study "The effect of technology-assisted behavioural 
interventions in type 2 diabetics".    
    
This Baseline Questionnaire will take about 30 minutes.    
    
Please answer the following questions as honestly as you can. Your answers are important to us. Remember that 
your responses are confidential and there are no right or wrong answers. Your name and personal identifying 
information will not be analysed or published.    
    
Honest feedback about your personal experience managing type 2 diabetes will help us improve the program for 
other patients like you.     
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You can contact the researcher, Sofia Monteiro, if you have any questions about the study:   
 Mobile: +27 72 253 6420 
 WhatsApp: +49 152 5542 7686   
    
You can contact your study doctor if you have any concerns about your health during the study. 
 

 

 
participant_code Participant code (enter your unique participant code you received from the researchers): 

________________________________________________________________ 
 

End of Block: Introduction 
 

Start of Block: WHO STEPS: Demographics 

 
education What is the highest level of education you have completed? 

o No formal schooling  (1)  

o Some primary school  (2)  

o Primary school completed  (3)  

o High school completed  (4)  

o College/University completed  (5)  

o Post graduate degree  (6)  

o Prefer not to answer  (7)  
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ethnicity What is your ethnic/racial background? 

o Black  (5)  

o Coloured  (6)  

o White  (4)  

o Asian  (7)  

o Indian  (8)  

o Other  (9) ________________________________________________ 

o Prefer not to answer  (10)  
 
 
 
marital_status What is your marital status? 

o Never married  (1)  

o Currently married  (2)  

o Separated  (3)  

o Divorced  (4)  

o Widowed  (5)  

o Cohabiting  (6)  

o Prefer not to answer  (7)  
 

 

Page Break 
 

 
age_years How old are you? (Enter number of years e.g. 65) 

________________________________________________________________ 
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sex What is your gender? 

o Male  (1)  

o Female  (2)  

o Other  (3) ________________________________________________ 

o Prefer not to answer  (4)  
 
employment Which statement best describes your current employment status? 

o Working (paid employee)  (1)  

o Working (self-employed)  (2)  

o Not working (temporary layoff from a job)  (3)  

o Not working (looking for work)  (4)  

o Not working (retired)  (5)  

o Not working (disabled)  (6)  

o Not working (other)  (7)  

o Prefer not to answer  (8)  
 
 
hh_members How many people in total, including yourself, live in your household? 

________________________________________________________________ 
 
hh_income Information on income is important to understand. Can you give an estimate your annual household 
income?  
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We are looking for the TOTAL yearly income generated by all people who live and contribute to your household. If 
you don't have an exact amount an estimate is fine. 

o Up to R20,500  (1)  

o More than R20,500 but less than R89,000  (2)  

o More than R89,000 but less than R202,500  (3)  

o More than R202,500 but less than R412,000  (4)  

o More than R412,000 but less than R707,000  (5)  

o More than R707,000 but less than R1,512,000  (6)  

o More than R1,512,000 but less than R2,414,000  (7)  

o More than R2,414,000  (8)  
 

End of Block: WHO STEPS: Demographics 
 

Start of Block: WHO STEPS: Tobacco Use 

 
smoke_daily Do you currently smoke daily any tobacco products, such as cigarettes, cigars or pipes? 

o Yes  (1)  

o No  (2)  
 
smoke_e-cigarettes Do you currently smoke any e-cigarettes daily? 

o Yes  (1)  

o No  (2)  
 

End of Block: WHO STEPS: Tobacco Use 
 

Start of Block: WHO STEPS: Alcohol Consumption 

 
instructions The next questions ask about the consumption of alcohol. 
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alcohol_ever Have you ever consumed any alcohol such as beer, wine, spirits?  

o Yes  (1)  

o No  (2)  
 

Skip To: End of Block If Have you ever consumed any alcohol such as beer, wine, spirits?  = No 

alcohol_past_year Have you consumed any alcohol within the past 12 months? 

o Yes  (1)  

o No  (2)  

Skip To: alcohol_freq_past_yr If Have you consumed any alcohol within the past 12 months? = Yes 

alcohol_stopped Have you stopped drinking due to health reasons, such as a negative impact on your health or on 
the advice of your doctor or other health worker? 

o Yes  (1)  

o No  (2)  

Skip To: End of Block If Have you stopped drinking due to health reasons, such as a negative impact on your health 
or on t... = Yes 

Skip To: End of Block If Have you stopped drinking due to health reasons, such as a negative impact on your health 
or on t... = No 

alcohol_freq_past_yr During the past 12 months, how frequently have you had at least one alcoholic drink? 

o Daily  (1)  

o 5-6 days per week  (2)  

o 3-4 times a week  (3)  

o 1-2 days per week  (4)  

o 1-3 days per month  (5)  

o Less than once a month  (6)  

o Never  (7)  
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alcohol_past_mo Have you consumed an alcoholic drink within the past 30 days? 

o Yes  (1)  

o No  (2)  
 

Skip To: End of Block If Have you consumed an alcoholic drink within the past 30 days? = No 

 
alcohol_freq_past_mo During the past 30 days, on how many occasions did you have at least one alcoholic drink? 
(Enter number) 

________________________________________________________________ 
 
alcohol_intensity During the past 30 days, when you drank alcohol, on average, how many standard alcoholic 
drinks did you have during one drinking occasion?  

________________________________________________________________ 
 

End of Block: WHO STEPS: Alcohol Consumption 
 

Start of Block: WHO STEPS: Physical Activity 

 
instructions Physical Activity:Next we are going to ask you about the time you spend doing   different types of 
physical activity in a typical week. Physical activity is   anything that you do that's active from sports to cleaning 
the house to   gardening. Please answer these questions even if you do not consider yourself   to be a physically 
active person.               
In answering the following questions 'vigorous-intensity activities' are activities that require hard physical   effort 
and cause large increases in breathing or heart rate and some sweating. 'moderate-intensity activities' are activities 
that require moderate physical   effort and cause small increases in breathing or heart rate. 
 
instructions Physical activity at work (paid employment or unpaid work at home)    
 The following set of questions ask about your physical activity doing work. 
 
work_vigorous  
Does your work involve vigorous-intensity activity that causes large increases in breathing or heart rate like 
[carrying or lifting heavy loads, digging or construction work] that causes some sweating for at least 10 minutes 
continuously?  

o Yes  (1)  

o No  (2)  

Skip To: work_moderate If Does your work involve vigorous-intensity activity that causes large increases in 
breathing or he... = No 
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work_vigorous_freq In a typical week, on how many days do you do vigorous-intensity activities as part of your 
work? 

o Daily  (1)  

o 4-6 times a week  (2)  

o 2-3 times a week  (3)  

o Once a week  (4)  
 
work_vigorous_time How much time do you spend doing vigorous-intensity activities as part of your work on a 
typical day? (Hours: minutes) 

_____________________________________________________________ 
work_moderate Does your work involve moderate-intensity activity, that causes small increases in breathing or 
heart rate such as brisk walking [or carrying light loads]  for at least 10 minutes continuously?   

o Yes  (1)  

o No  (2)  

Skip To: instructions If Does your work involve moderate-intensity activity, that causes small increases in breathing 
or h... = No 

work_moderate_freq In a typical week, on how many days do you do moderate-intensity activities as part of your 
work?  

o Daily  (1)  

o 4-6 times a week  (2)  

o 2-3 times a week  (3)  

o Once a week  (4)  

o  
work_moderate_time How much time do you spend doing moderate-intensity activities as part of your work on a 
typical day? (Hours: minutes) 

________________________________________________________________ 
instructions Travel to and from places:The next questions exclude physical activities at work that   you have 
already mentioned earlier.  
Now we would like to ask you about the usual way you travel to   and from places.  For example to work, for 
shopping, or to place   of worship. 
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travel_walk Do you walk or use a bicycle for at least 10 minutes continuously to get to and from places? 

o Yes  (1)  

o No  (2)  

Skip To: instructions If Do you walk or use a bicycle for at least 10 minutes continuously to get to and from places? 
= No 

travel_walk_freq In a typical week, on how many days do you walk or bicycle for at least 10 minutes continuously 
to get to and from places?  

o Daily  (1)  

o 6 times a week  (2)  

o 5 times a week  (3)  

o 4 times a week  (4)  

o 3 times a week  (5)  

o twice a week  (6)  

o once a week  (7)  
 
travel_walk_time How much time do you spend walking or bicycling for travel on a typical day? (Hours: minutes) 
 
instructions Recreational/leisure activities:The next   questions exclude the work and transport activities that you 
have already   mentioned.              
Now we would   like to ask you about sports, fitness and recreational activities (leisure). 
 
sports_vigorous Do you do any vigorous-intensity sports, fitness or recreational (leisure) activities that cause large 
increases in breathing or heart rate like [running or football] for at least 10 minutes continuously?  

o Yes  (1)  

o No  (2)  

Skip To: sports_moderate If Do you do any vigorous-intensity sports, fitness or recreational (leisure) activities that 
cause... = No 



 234 

sports_vigorous_freq In a typical week, on how many days do you do vigorous-intensity sports, fitness or 
recreational (leisure) activities?  

o Daily  (1)  

o 6 times a week  (2)  

o 5 times a week  (3)  

o 4 times a week  (4)  

o 3 times a week  (5)  

o twice a week  (6)  

o once a week  (7)  
 
sports_vigorous_time How much time do you spend doing vigorous-intensity sports, fitness or recreational 
activities on a typical day? (Hours: minutes) 

________________________________________________________________sports_moderate Do you do any 
moderate-intensity sports, fitness or recreational (leisure) activities that cause a small increase in breathing or heart 
rate such as brisk walking, [cycling, swimming, volleyball] for at least 10 minutes continuously? 

o Yes  (1)  

o No  (2)  
 

Skip To: instructions If Do you do any moderate-intensity sports, fitness or recreational (leisure) activities that 
cause... = No 
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sports_moderate_freq In a typical week, on how many days do you do moderate-intensity sports, fitness or 
recreational (leisure) activities?  

o Daily  (1)  

o 6 times a week  (2)  

o 5 times a week  (3)  

o 4 times a week  (4)  

o 3 times a week  (5)  

o twice a week  (6)  

o once a week  (7)  
 
sports_moderate_time How much time do you spend doing moderate-intensity sports, fitness or recreational 
activities on a typical day? (Hours: minutes) 

instructions Sedentary behaviour:  
The next question is about sitting or reclining at work, at home, getting to and from places, or with friends including 
time spent sitting at a desk, sitting with friends, traveling in car, train, reading, playing cards or watching television, 
but does not include time spent sleeping.  
 
sedentary_time How much time do you usually spend sitting or reclining on a typical day? (Hours: 
minutes)________________________________________________________________ 
 

End of Block: WHO STEPS: Physical Activity 
 

Start of Block: WHO STEPS: History of Raised Blood Pressure 

 
instructions The next questions ask about your blood pressure. 
 
BP_raised Have you ever been told by a doctor or other health worker that you have raised blood pressure or 
hypertension? 

o Yes  (1)  

o No  (2)  

Skip To: End of Block If Have you ever been told by a doctor or other health worker that you have raised blood 
pressure or... = No 
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BP_told_past_year Have you been told you have raised blood pressure in the past 12 months? 

o Yes  (5)  

o No  (6)  
 
BP_meds_past_2wks In the past two weeks, have you taken any medication for raised blood pressure prescribed by 
a doctor? 

o Yes  (1)  

o No  (2)  
 

End of Block: WHO STEPS: History of Raised Blood Pressure 
 

Start of Block: WHO STEPS: History of Diabetes 

 
instructions The next few questions ask about your diabetes. 
 
diabetes_years How long have you had your type 2 diabetes diagnosis? [Enter number of years and/or months] 

________________________________________________________________ 
 
diabetes_test_method What method do you mainly use for testing your own sugar level? 

▢ Blood or urine tests at the doctors office only  (1)  

▢ Blood glucose test strips read by eye at home  (2)  

▢ Blood glucose test strips read by meter at home  (3)  

▢ Urine glucose test strips at home  (4)  

▢ None  (5)  
 

Skip To: diabetes_own_BGmeter If What method do you mainly use for testing your own sugar level? = None 
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diabetes_test_freq How often have you tested your blood sugar levels in the last month (4 weeks)? 

o Never  (1)  

o Once a week or less  (2)  

o About 2-6 times a week  (3)  

o Once a day  (4)  

o 2 - 4 times a day  (5)  

o More than 4 times a day  (6)  
 
diabetes_own_BGmeter Do you own a blood glucose meter (for fingerprick tests)? 

o Yes  (1)  

o No  (2)  
 
diabetes_care_freq Approximately how often do you visit a doctor for your diabetes? 

o 5 or more times a year  (1)  

o 3 to 4 times a year  (2)  

o 1 or 2 times a year  (3)  

o Once very 2 or 3 years  (4)  

o Once every 5 years  (5)  

o Never  (6)  
 
diabetes_sick_days If you are employed, how many days have you taken off work due to illness in the last 3 
months?  

________________________________________________________________ 
 
diabetes_cant_work Did your diabetes cause you to lose your job, quit or retire early? 

o Yes  (1)  

o No  (2)  
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diabetes_insurance How do you pay for your doctor prescribed medications? 

o My insurance plan covers all my prescribed medications.  (1)  

o My insurance plan covers some of my prescribed medications.  (2)  

o I only have a hospital plan. I pay for all my medications privately.  (3)  

o Other, please say more (e.g. I don't have private health insurance)  (4) 
________________________________________________ 

 

End of Block: WHO STEPS: History of Diabetes 
 

Start of Block: WHO STEPS: History of Cardiovascular Diseases 

 
instructions The next few questions ask about cardiovascular disease. 
 
CVD_heart_attack Have you ever had a heart attack or chest pain from heart disease (angina) or a stroke 
(cerebrovascular accident or incident)? 

o Yes  (1)  

o No  (2)  
 

CVD_disprin Are you currently taking disprin (aspirin) regularly to prevent or treat heart disease? 

o Yes  (1)  

o No  (2)  
 
CVD_statins Are you currently taking statins which is medicine for high cholesterol 
(Lovastatin/Simvastatin/Atorvastatin or any other statin) regularly to treat heart disease? 

o Yes  (1)  

o No  (2)  
 

Skip To: End of Block If Are you currently taking statins which is medicine for high cholesterol 
(Lovastatin/Simvastatin/A... = No 

CVD_statins_years For how many years have you been prescribed statins? 

________________________________________________________________ 
 

End of Block: WHO STEPS: History of Cardiovascular Diseases 
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Start of Block: GPS Risk Preferences 

 
GPS_willingness_risk In the following questions, drag and drop the slider to move it. 
Please tell us, in general, how willing or unwilling you are to take risks, using a sliding scale, where 0 means you 
are “completely unwilling to take risks” and 10 means you are “very willing to take risks.”  

 0 1 2 3 4 5 6 7 8 9 10 
 

1 () 
 

 
 

End of Block: GPS Risk Preferences 
 

Start of Block: GPS Delay gratification, math ability, procrastination 

 
GPS_patience We now ask you for your willingness to act in a certain way. Dragging the slider to 0 means 
“completely unwilling to do so,” and moving the slider to 10 means “very willing to do so.”  
How willing are you to give up something that is beneficial for you today in order to benefit more from that in 
the future?  

 0 1 2 3 4 5 6 7 8 9 10 
 

1 () 
 

 
GPS_good_at_math How good are you at math? Please indicate your answer on the sliding scale, choosing a letter 
from Grade A to Grade F. Drag and drop the slider to move it. 
The Grade A means “I am excellent at math,” and a F means “I am bad at math”  
 
 

 

 

1 (1) 
2 (2) 
3 (3) 
4 (4) 
5 (5) 

 
GPS_procrastinate How well does the following statement describe you as a person? Drag and drop the slider to 
answer the question. 
A 0 means “does not describe me at all,” and a 10 means “describes me perfectly.”  
 
I tend to postpone tasks even if I know it would be better to do them right away.  

 0 1 2 3 4 5 6 7 8 9 10 
 

1 () 
 

 
 

End of Block: GPS Delay gratification, math ability, procrastination 
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Start of Block: Subjective Wellbeing (NIDS Household Survey) 

 
SWB Drag the slider on the right hand side of the face down or up to select how you feel about your life as a whole 
right now from very unsatisfied to very satisfied. 

 

 

1 (1) 
2 (2) 
3 (3) 
4 (4) 
5 (5) 

 
 

End of Block: Subjective Wellbeing (NIDS Household Survey) 
 

Start of Block: Diabetes Distress Scale (DDS) 

instructions Living with diabetes can sometimes be tough. There may be many problems and hassles concerning 
diabetes and they can vary greatly in severity. Problems may range from minor hassles to major life 
difficulties.      Listed below are 17 potential problem areas that people with diabetes may experience. Consider the 
degree to which each of the 17 items may have distressed or bothered you DURING THE PAST MONTH and select 
the appropriate number.      Please note that we are asking you to indicate the degree to which each item may be 
bothering you in your life DURING THE PAST MONTH, NOT whether the item is merely true for you. If you feel 
that a particular item is not a bother or a problem for you, you would select "1. Not a problem". If it is very 
troublesome to you, you might select "6. A very serious problem".  

DDS To what degree has any of these things bothered you in the past month? 
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 1. Not a 
problem (1) 

2. A slight 
problem (2) 

3. A 
moderate 

problem (3) 

4. A 
somewhat 

serious 
problem (4) 

5. A serious 
problem (5) 

6. A very 
serious 

problem (6) 

1. Feeling that 
my doctor 

doesn't know 
enough about 
diabetes and 
diabetes care. 

(1)  

o  o  o  o  o  o  

2. Feeling that 
diabetes is 

taking up too 
much of my 
mental and 

physical 
energy every 

day. (2)  

o  o  o  o  o  o  

3. Not feeling 
confident in 

my day-to-day 
ability to 
manage 

diabetes. (3)  

o  o  o  o  o  o  

4. Feeling 
angry, scared 

and/or 
depressed 

when I think 
about living 

with diabetes. 
(4)  

o  o  o  o  o  o  

5. Feeling that 
my doctor 

doesn't give 
me clear 
enough 

directions on 
how to 

manage my 
diabetes. (5)  

o  o  o  o  o  o  

6. Feeling that 
I am not 

testing my 
blood sugar 
frequently 
enough. (6)  

o  o  o  o  o  o  



 242 

7. Feeling that 
I will end up 
with serious 
long-term 

complications, 
no matter 

what I do. (7)  

o  o  o  o  o  o  

8. Feeling that 
I am often 

failing with 
my diabetes 
routine. (8)  

o  o  o  o  o  o  

9. Feeling that 
friends or 

family are not 
supportive 
enough of 
self-care 

efforts (e.g. 
encouraging 
me to eat the 

"wrong" 
foods). (9)  

o  o  o  o  o  o  

10. Feeling 
that diabetes 
controls my 

life. (10)  
o  o  o  o  o  o  

11. Feeling 
that my doctor 

doesn't take 
my concerns 

seriously 
enough. (11)  

o  o  o  o  o  o  

12. Feeling 
that I am not 

sticking 
closely 

enough to a 
good meal 
plan. (12)  

o  o  o  o  o  o  

13. Feeling 
that friends or 
family don't 
appreciate 

how difficult 
living with 

diabetes can 
be. (13)  

o  o  o  o  o  o  
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14. Feeling 
overwhelmed 

by the 
demands of 
living with 

diabetes. (14)  

o  o  o  o  o  o  

15. Feeling 
that I don't 

have a doctor 
who I can see 

regularly 
enough about 
my diabetes. 

(15)  

o  o  o  o  o  o  

16. Not 
feeling 

motivated to 
keep up my 

diabetes self-
management. 

(16)  

o  o  o  o  o  o  

17. Feeling 
that friends or 
family don't 
give me the 
emotional 

support that I 
would like. 

(17)  

o  o  o  o  o  o  

 

End of Block: Diabetes Distress Scale (DDS) 
 

Start of Block: Shopping and cooking 

 
instructions The next few questions ask you about food and where and why you buy it. 
 
buy_groceries Are you the one who usually buys groceries for your household? 

o Yes  (1)  

o No  (2)  
 
hh_cook Are you usually the one who cooks for your household? 

o Yes  (1)  

o No  (2)  
 

End of Block: Shopping and cooking 
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Start of Block: Short Grit Scale 

S-Grit-Scale Please respond to the following 8 items from the Short Grit Scale. Be honest - there are no right or 
wrong answers! 

 Very much like 
me (1) 

Mostly like me 
(2) 

Somewhat like 
me (3) 

Not much like 
me (4) 

Not like me at 
all (5) 

1. New ideas 
and projects 
sometimes 

distract me from 
previous ones. 

(1)  

o  o  o  o  o  

2. Setbacks 
don't discourage 

me. (2)  o  o  o  o  o  

3. I have been 
obsessed with a 
certain idea or 
project for a 

short time but 
later lost 

interest. (3)  

o  o  o  o  o  

4. I am a hard 
worker. (4)  o  o  o  o  o  

5. I often set a 
goal but later 

choose to pursue 
a different one. 

(5)  
o  o  o  o  o  

6. I have 
difficulty 

maintaining my 
focus on 

projects that 
take more than a 
few months to 
complete. (6)  

o  o  o  o  o  

7. I finish 
whatever I 
begin. (7)  o  o  o  o  o  

8. I am diligent. 
(8)  o  o  o  o  o  

 
 

End of Block: Short Grit Scale 
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Start of Block: Self-efficacy and importance of behaviour change 

 
confidence_to_change How confident are you that you will be able to make a change to your diet?   
    
Answer on the sliding scale from 1 to 10, where 
 1 means "not confident at all"  ... and 10 means "extremely confident". 

 1 2 3 4 5 6 6 7 8 9 10 
 

How confident are you that you can make a change? () 
 

 
 
importance_of_change How important is making this change to you?  
 
 
Answer on the sliding scale from 1 to 10, where 1 means "not important at all" ... and 10 means "extremely 
important". 

 1 2 3 4 5 6 6 7 8 9 10 
 

How important is making this change to you? () 
 

 
 

End of Block: Self-efficacy and importance of behaviour change 
 

Start of Block: Stage of change 

 
instructions The next question will ask about the stage of behaviour change you feel you are in. We really are 
interested in your honest answer. Remember there are no right or wrong answers and your responses are 
confidential. 
 
stage_of_change Select the phase that most applies to you: 

o I am not doing a Low Carb High Fat (Banting) diet and have no intention of starting.  (1)  

o I am not doing a Low Carb High Fat (Banting) diet yet but am committed to taking action within the next 6 
months  (2)  

o I am seriously considering starting a Low Carb High Fat (Banting) diet and will start within 30 days  (3)  

o I am in the first month of following a Low Carb High Fat (Banting) diet  (4)  

o I am on a Low Carb High Fat (Banting) diet and have been doing it for 3 months  (5)  

o I am on a Low Carb High Fat (Banting) diet and have been doing it for 6 months and longer  (6)  
 

End of Block: Stage of change 
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D. Food Frequency Questionnaire 
 
Survey Flow 

Block: Introduction (2 Questions) 
Standard: Breads (7 Questions) 
Standard: Cereals and grains (7 Questions) 
Standard: Fruit and Veg (9 Questions) 
Standard: Animal protein (15 Questions) 
Standard: Dairy (9 Questions) 
Standard: Added fats (11 Questions) 
Standard: Legumes, nuts and seeds (8 Questions) 
Standard: Drinks (9 Questions) 
Standard: Junk food (5 Questions) 
Standard: Dessert, biscuits, sweets (10 Questions) 

Page Break  

Start of Block: Introduction 

 
This is a Food Frequency Questionnaire (FFQ) asking about foods you have eaten in the past month.  
It is important that you only answer about foods that you actually ate and just in the past month.  
I will read out a list of foods and the portion units for each food. You will be asked to say on average how many of 
these portions you usually eat at a time and how times you have eaten them.  Try to think about all the times that you 
have eaten the particular food, including in take-aways, as snacks, or as part of other dishes. 
For example, I may say: 'A piece of chicken'. If you normally eat only one piece whenever you eat chicken and you 
eat chicken twice a week, you would answer: 'One piece, twice a week'. If you normally eat 3 pieces but only on one 
day of the week, you would answer: 'Three pieces, once a week'.  
Another more complicated example may be 'A cup of non-starchy vegetables' and I would give examples such as 
'broccoli, spinach, cabbage, peppers, salad greens etc'. Try to think of all the times you have eaten any type of non-
starchy vegetables like these in the past month. So you would add up all the times you ate any of them in salads, 
soups, as snacks on their own, in curries etc. You would then think how many cups you usually ate each time. So 
some answers may be: 'half a cup, once a day' or '2 cups, 3 times a week' or 'none' if no starchy vegetables 
were eaten in the past month. 
Try to be as honest as possible. Please try not to let your answers be affected by what you think you should have 
eaten. We want to know what you actually ate and will keep your answers strictly confidential. Everyone else 
besides me will only see a code next to your answers so they won’t know they are yours.  
Take as much time as you like to think about your answers. Once we get going, it should be more clear what to do 
but please feel free to ask me questions at any time.   
Shall we start? 
There are 18 questions in this survey. 
 
id Enter the code that was given to you by the researchers. 

________________________________________________________________ 
 

End of Block: Introduction 
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Start of Block: Breads 

 
instructions Thinking back over just the past month, on average, how often did you eat the following foods? 
Remember to state the number of portions you usually ate at a time and how often you ate them.   
 
 
breads[white] A slice of white bread or roll. 

o None  

o 1 or less per month  

o 2 to 3 per month  

o 1 - 2 per week  

o 3 - 4 per week  

o 5 - 6 per week  

o 1 per day  

o 2 - 3 per day  

o More than 3 per day  
 
 
Notes: Unless otherwise listed all the dropdown choices are the same for each of the following questions. We omit 
them here for brevity. 
 
 
breads[brown] A slice of brown, wholewheat or rye bread or roll. 
 
breads[roti] A roti. 
 
breads[lowcarb] A slice of low carb bread (e.g. Heba or other) 
 
breads[crackers] A savoury cracker or biscuit. 
 
breads[pastry] A savoury pastry (e.g. croissant). 
 

End of Block: Breads 
 

Start of Block: Cereals and grains 
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cereals[cereal] A bowl of regular breakfast cereal or granola (e.g. All Bran, musli, Cornflakes etc.)  
 
cereals[oats] A bowl of cooked porridge or oats. 
 
cereals[lowcarb] A bowl of cooked (low carb) Heba pap. 
 
cereals[pap] A bowl of regular cooked pap. 
 
cereals[pasta] A cup of cooked pasta or noodles. 
 
cereals[rice] A cup of cooked rice. 
 
cereals[millet] A cup of other cooked grains (e.g. millet, cous cous, sorghum). 
 

End of Block: Cereals and grains 
 

Start of Block: Fruit and Veg 

 
instructions For the following fruit and vegetables, try to think about all the times you have eaten them either alone, 
as salads or as parts of other dishes.  
 
fruit&veg[potatoes] A medium white potato (excluding hot chips and crips). 
 
fruit&veg[starchy] A cup of starchy vegetables (e.g. sweet potato, butternut, pumpkin, carrots, corn, peas etc.) 
 
fruit&veg[nonstarchy A cup of non-starchy vegetables (e.g. broccoli, spinach, cabbage, peppers, salad greens etc.). 
 
fruit&veg[olives] A small handful of olives. 
 
fruit&veg[avocado] An avocado. 
 
fruit&veg[berries] A small handful of berries. 
 
fruit&veg[banana] A piece of any other type fruit (e.g. an apple, naartjie, orange, banana, grapes, mango etc.) 
 
fruit&veg[driedfruit A small handful of dried fruit. 
 

End of Block: Fruit and Veg 
 

Start of Block: Animal protein 

 
protein[red_meat] A palm sized piece of fresh red med e.g. beef, lamb or pork (including sausage but excluding 
dried and cured meats below) 
 
protein[poultry] A piece of fresh poultry e.g. chicken, turkey etc. 
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protein[biltong] A small handful of biltong or droewors. 
 
protein[processed] A slice of any type of cured/cold meats e.g. bacon, salami, sandwich ham, chicken roll, polony, 
viennas etc. 
 
protein[offal] A cup of organ meats e.g. liver or kidneys. 
 
protein[freshfish] A palm sized piece of fresh or frozen fish. 
 
protein[canned_fish] A can of tinned fish e.g. pilchards, sardines, tuna etc. 
 
protein[shellfish] A palm sized portion of shellfish (e.g. mussels, oysters). 
 
protein[egg] An egg.  
 
protein[shakes] A heaped table spoon of protein powder. 
 
protein[bonebroth] A cup of bone broth or homemade stock. 
 

Display This Question: 

If A palm sized piece of fresh red med e.g. beef, lamb or pork (including sausage but excluding drie... != None 

meat_fat When you ate red meat (beef, lamb, pork, game etc.) in the past month, how often did you also eat the fat 
with the meat?  

o Never ate the fat  

o Some of the time  

o About half the time  

o Most of the time  

o Always ate the fat  
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Display This Question: 

If A piece of fresh poultry e.g. chicken, turkey etc. != None 

chicken_skin When you ate poultry (e.g. chicken), how often did you also eat the skin? 

o Never ate the skin  

o Some of the time  

o About half the time  

o Most of the time  

o Always ate the skin  
 
Display This Question: 

If A piece of fresh poultry e.g. chicken, turkey etc. != None 

chicken_breaded When you ate poultry (e.g. chicken) in the past month, how often was it breaded (crumbed), or 
battered (dipped in flour)? 

o Never breaded or battered  

o Some of the time  

o About half the time  

o Most of the time  

o Always breaded or battered  
 
Display This Question: 

If A palm sized piece of fresh or frozen fish. != None 
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fish_breaded When you ate fish, how often was it breaded (crumbed), or battered (dipped in flour)? 

o Never breaded or battered  

o Some of the time  

o About half the time  

o Most of the time  

o Always breaded or battered  
 

End of Block: Animal protein 
 

Start of Block: Dairy 

instructions In the past month, how often did you have: 
 
dairy[wholemilk] A cup of milk (add up all milk in hot drinks, cereal, on own etc.). 
 
diary[cream] A tablespoon of cream or sour cream. 
 
dairy[yoghurt] A cup of yoghurt. 
 
dairy[hard_cheese] A matchbox sized portion of hard cheese e.g. gouda, cheddar, edam, feta etc. 
 
dairy[soft_cheese] A matchbox sized portion of soft cheese e.g. cottage cheese, cream cheese etc. 
 
milk_full_cream When you drank milk in the past month, how often was it full cream? 

o Never full cream  

o Some of the time  

o About half the time  

o Most of the time  

o Always full cream  
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yoghurt_double_cream When you ate yoghurt in the past month, how often was it full or double cream? 

o Never full cream  

o Some of the time  

o About half the time  

o Most of the time  

o Always full cream  
 
yoghurt_flavoured When you ate yoghurt in the past month, how often was it flavoured? 

o Never flavoured  

o Some of the time  

o About half the time  

o Most of the time  

o Always flavoured  
 

End of Block: Dairy 
 

Start of Block: Added fats 

 
instructions For the following added fats, try to think of how much you ate altogether including when used for 
cooking meals, on their own, or when added to prepared food.  
 
fats[butter] A table spoon of real butter or ghee. 
 
fats[margarine] A table spoon of margarine. 
 
fats[lard] A table spoon of lard or animal fat (excluding fat as part of meat). 
 
fats[olive_oil] A table spoon of olive oil. 
 
fats[coconut_oil] A table spoon of coconut oil. 
 
fats[canola] A table spoon of any other vegetable oil like sunflower, canola, soybean, corn, or palm oil. 
 
fats[coconut_milk] A cup of coconut milk or coconut cream. 
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fats[salad_dressing] A table spoon of salad dressing (only if not included in the oils mentioned above) 
 
fats[mayonnaise] A table spoon of mayonnaise 
 
fats[condiments] A table spoon of condiment sauces added to food e.g. tomato ketchup, chutney, BBQ, chilli, 
mustard etc. 
 

End of Block: Added fats 
 

Start of Block: Legumes, nuts and seeds 

 
legumes[baked_beans] A cup of baked beans. 
 
legumes[beans_other] A cup of soy beans. 
 
legumes[kidney_beans A cup of other beans e.g. kidney, butter etc 
 
legumes[lentils] A cup of lentils. 
 
legumes[peanuts] A small handful of peanuts or cashew nuts 
 
legumes[nuts_other] A small handful of other nuts e.g. macadamia, pecans, walnuts, almonds, brazil etc. 
 
legumes[nut_butter] A table spoon of nut butter e.g. peanut butter 
 
legumes[seeds] A small handful of seeds 
 

End of Block: Legumes, nuts and seeds 
 

Start of Block: Drinks 

 
drinks[coke] A can of regular soft drink e.g. coke, sprite, jive (340 ml) 
 
drinks[diet_coke] A can of diet soft drink (340 ml) 
 
drinks[juice] A glass of fruit juice or squash (300 ml) 
 
drinks[energy] A can of energy or sports drink (340 ml) 
 
drinks[milo] A cup of hot chocolate, milo or other milk drink (250 ml) 
 
drinks[beer] A can of beer (340 ml) 
 
drinks[wine] A glass of wine (175 ml) 
 
drinks[cider] A can of alcoholic cooler or cider (340 ml) 
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drinks[spirits] A shot of spirits e.g. whiskey, vodka, gin etc. (25ml) 
 

End of Block: Drinks 
 

Start of Block: Junk food 

 
snacks[pizza] A medium pizza 
 
snacks[samosa] A small samosa 
 
snacks[hot_chips] A cup of hot chips or french fries 
 
snacks[pie] A regular sized pie 
 
snacks[crisps] A small packet of crisps or popcorn 
 

End of Block: Junk food 
 

Start of Block: Dessert, biscuits, sweets 

 
sugar[dessert] A bowl of any kind of pudding dessert e.g. ice cream, chocolate mouse etc. but not cakes below. 
 
sugar[cake] A medium sized piece of any kind of cake or sweet pastry e.g. cake, muffin, brownie, waffle, pancake, 
milk tart, doughnuts, koeksisters, chelsea bun etc. 
 
sugar[biscuit] A sweet biscuit 
 
sugar[rusk] A rusk 
 
sugar[sweets] A packet of sweets (50g) 
 
sugar[milk_choc] A small bar of milk chocolate (50 g) 
 
sugar[dark_choc] A small bar of dark chocolate (50 g) 
 
sugar[tsp_sugar] A teaspoon of sugar - on its own or added to foods and drinks e.g. in tea, coffee, cooked meals, 
cereal etc 
 
sugar[honey_jam] A teaspoon of honey, syrup, jam, or nectar eg coconut nectar - on own or added to foods and 
drinks 
 
sugar[non_caloric] A teaspoon of non-caloric sweeteners added to foods or drinks e.g. aspartemine, stevia, 
sucralose, xylitol etc. (excluding in food products such as diet sodas) 
 

End of Block: Dessert, biscuits, sweets 
 

 



 255 

E. COVID-19 and T2D Questionnaire, HREC REF: 310/2020 
 
Survey Flow 

Block: Introduction (2 Questions) 
Standard: Contact with COVID-19 (8 Questions) 
Standard: COVID-19 and access to medical care (6 Questions) 
Standard: COVID-19 impact on productivity and lifestyle (16 Questions) 
Standard: General feedback (3 Questions) 

Page Break  
 

Start of Block: Introduction 

 
Q1.1  
Dear study participant,  
 
 
There is little information about how the COVID-19 pandemic has affected the type 2 diabetes community. Please 
answer the following questions. We want to know whether the COVID-19 pandemic has affected your access to 
medical care, any COVID-19 related challenges you may have faced, and any COVID-19 related fears you may 
have.  
 
 
 
Remember your responses will be kept strictly confidential and will be analysed anonymously. Your honest answers 
are valuable to our research and may help other patients with diabetes adapt to lifestyle challenges of COVID-19.  
 
 
This survey will take about 10 minutes. You can take as much time as you need. 
 
 
If you have any concerns or questions please contact one of the researchers or your study physician. You can also 
consult government websites such as: https://sacoronavirus.co.za/ 
 
 
Sofia Monteiro (PhD Candidate): sofia.g.monteiro@gmail.com (072 253 6420) 
Dr Kate Larmuth: kateus65@gmail.com  
 
Q1.2 Please enter your Participant code: 

________________________________________________________________ 
 

End of Block: Introduction 
 

Start of Block: Contact with COVID-19 
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Q2.1 The following questions ask about your contact with COVID-19. 
 
 
Page Break  
 
Q2.2 Have you ever been diagnosed with COVID-19? 

o Yes  (1)  

o No  (2)  
 

Display This Question: 

If Have you ever been diagnosed with COVID-19? = YesQ2.3 What COVID-19 symptoms did you have? Select 
all that apply. 

▢ Cough  (1)  

▢ Fever  (2)  

▢ Sore throat  (3)  

▢ Shortness of breath  (4)  

▢ Tiredness  (5)  

▢ Aches and pains  (6)  

▢ Runny nose  (7)  

▢ Nasal congestion  (8)  

▢ Diarrhoea  (9)  

▢ Other  (10) ________________________________________________ 

▢ Asymptomatic (no symptoms)  (11)  
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Display This Question: 

If Have you ever been diagnosed with COVID-19? = Yes 

 
Q2.4 When were you diagnosed with COVID-19? [Enter date] 

Q2.5 Has anyone you know personally been diagnosed with COVID-19? (e.g. family, friend, neighbour, close 
colleague) 

o Yes  (1)  

o No  (2)  
 
Q2.6 Has anyone you know personally died from COVID-19? 

o Yes  (1)  

o No  (2)  
 
Q2.7 Have you had contact with anyone with diagnosed COVID-19 in the last 14 days? 

o Yes  (1)  

o No  (2)  
 
 
 
Q2.8 Have you had symptoms such as cough, fever, sore throat, or shortness of breath in the last 14 days? 

o Yes  (1)  

o No  (2)  
 

End of Block: Contact with COVID-19 
 

Start of Block: COVID-19 and access to medical care 

 
Q3.1 The following questions ask about whether COVID-19 has affected your access to medical care, or 
medications. 
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Q3.2 Has fear of COVID-19 ever prevented you from seeking medical care for your diabetes? 

o Yes  (1)  

o No  (2)  
 
Q3.3 Has fear of COVID-19 ever prevented you from seeking medical care for other illnesses or dental problems? 

o Yes  (1)  

o No  (2)  
 
 
 
Q3.4 Have you had any remote/online consultations with a doctor or healthcare provider in the last six months (e.g. 
phone call or video call)? 

o Yes  (1)  

o No  (2)  
 
Q3.5 Has fear of COVID-19 ever prevented you from picking up your prescribed medications from the pharmacy? 

o Yes  (1)  

o No  (2)  
 
Q3.6 Do you know someone who you could call to pick up your medications if you were not able to go yourself? 

▢ Yes  (1)  

▢ No  (2)  

▢ Not applicable, the pharmacy delivers my medications to my house.  (3)  
 

End of Block: COVID-19 and access to medical care 
 

Start of Block: COVID-19 impact on productivity and lifestyle 

 



 259 

Q4.1 The following questions ask whether COVID-19 has affected your work, social life, family life and lifestyle 
choices. 
 
Q4.2 Are you able to work from home? 

o Yes  (1)  

o No  (2)  

o Not applicable  (3)  
 
Q4.3 Was your occupation/job classified as an essential service during lockdown March 2020? 

o Yes  (1)  

o No  (2)  

o Not applicable  (3)  
 
 
 
Q4.4 Has the COVID-19 pandemic and/or lockdown affected your productivity? 

o Not at all  (1)  

o It made me a lot less productive  (2)  

o It made me a little less productive  (3)  

o It made me a little more productive  (4)  

o It made me much more productive  (5)  
 
Q4.5 Has the COVID-19 pandemic and/or lockdown led to a loss of employment for you? 

o Yes  (1)  

o No  (2)  

o Not applicable (e.g. retired)  (3)  

o Other  (4) ________________________________________________ 
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Q4.6 Have you struggled financially since the COVID-19 pandemic started? 

o Not more than usual  (1)  

o A bit more than usual  (2)  

o A lot more than usual  (3)  
 
 
Q4.7 Improving your blood sugar control, and reversing your diabetes is associated with better immunity and health 
outcomes. Does fear of COVID-19 play a role in your motivation to make healthy lifestyle choices?  

o Not at all  (1)  

o COVID-19 plays a small role in my motivation to make healthy choices  (2)  

o COVID-19 plays a big role in my motivation to make healthy choices  (3)  
 
Q4.8 How stressed are you because of the COVID-19 pandemic? 

o Not more stressed than usual  (1)  

o A little more stressed than usual  (2)  

o Much more stressed than usual  (3)  
 
 
Q4.9 Do you live alone? 

o Yes  (1)  

o No  (2)  
 
Q4.10 Have you felt isolated, lonely or disconnected from other people in your life because of the COVID-19 
pandemic? 

o Not at all  (1)  

o A little more than usual  (2)  

o Much more than usual  (3)  
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Q4.11 Are you currently being treated by a medical professional for anxiety or depression? 

o Yes  (1)  

o No  (2)  
 
Q4.12 Has the COVID-19 pandemic and/or lockdown caused you to change your food choices? 

o Not at all  (1)  

o I eat more unhealthy food than usual  (2)  

o I eat less unhealthy food than usual  (3)  
 
Q4.13 Has the COVID-19 pandemic and/or lockdown affected how you or your household do your grocery 
shopping? Tick all answers that apply to you. 

▢ Not at all  (1)  

▢ More online shopping  (2)  

▢ Less frequent shopping at supermarkets  (3)  

▢ More frequent shopping at supermarkets  (4)  

▢ Less frequent grocery shopping in general  (5)  

▢ More frequent grocery shopping in general  (6)  
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Q4.14 Do you order food from restaurants or cafes to be delivered to your home? 

o Never  (1)  

o Less than once per month  (2)  

o 1 to 3 times per month  (3)  

o Once or twice per week  (4)  

o 3 or more times per week  (5)  
 
Q4.15 Have you eaten at a restaurant or cafe in the last two weeks? 

▢ Yes  (1)  

▢ No  (2)  
 
Q4.16 Has the COVID-19 pandemic and/or lockdown affected your physical activity? 

o Not at all  (1)  

o I am more physically active than usual  (2)  

o I am less physically active than usual  (3)  
 

End of Block: COVID-19 impact on productivity and lifestyle 
 

Start of Block: General feedback 

 
Q5.1 Please tell us about any other challenges that COVID-19 has caused for you personally or professionally.  

________________________________________________________________ 
 
 
Q5.2 What are your fears or concerns related to COVID-19?  

________________________________________________________________ 
 
 
Page Break  
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Q5.3 What happens if I have contact with someone with diagnosed COVID-19 during the study?  
 
 
You must self-quarantine. This means that you should stay at home for 14 days and monitor yourself for symptoms 
such as a cough, fever, sore throat and difficulty breathing. Stay away from other older people and people with a 
compromised immune system or underlying condition such as high blood pressure or diabetes.  
 
 
You must please contact one of the researchers and your study doctor immediately via phone call, text or email. This 
will let us monitor your health closely. We want to ensure that you get the best possible care. Your wellbeing is our 
priority.  
 
 
If a health worker thinks that you may have COVID-19 they may refer you to a health facility to be tested.  
 
 
For more information contact government websites such as https://sacoronavirus.co.za/ 
 

End of Block: General feedback 
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F. Low Carbohydrate Dietary Recommendations by Dr N Wellington 

 
[Phase 2: Physician reviews Libre Pro data from past two weeks with the patient and introduces 
them to low carb eating guidelines for next three months]  
 
Introduction 
All carbohydrates are digested to basic building blocks of glucose and fructose, and these are 
absorbed into the bloodstream. High levels of blood sugar (called hyperglycaemia), of levels over 
5mmol/L, stimulate the pancreas to release insulin. Insulin helps to keep blood sugar (glucose) 
levels as close to the normal range as possible (4-6mmol/L before eating and up to 7.8mmol/L 
after meals). Insulin stimulates the liver and muscles to absorb glucose, converting it to glycogen, 
and converting the extra glucose to triglycerides for storage as fat. Eventually, glucose (and 
fructose) is stored as fat and excess fat can eventually cause insulin resistance and diabetes. The 
lifestyle treatment of diabetes revolves around an understanding of carbohydrates and how to 
control their intake. It is also important to understand that fat is the primary source of energy for 
our bodies, and this means that it is necessary to preferentially eat dietary fat (mainly as saturated 
fat) i.e. to eat a diet low in carbohydrates and higher in fat. Fat is satiating - it fills you up for longer 
- and generally means the overall calorie intake is lower than on a high carbohydrate low fat diet, 
where people get hungry quickly and tend to eat more. 
 
Common carbohydrates and their approximate values 
1 tsp sugar = 5g of carbohydrates 
1 slice bread ≈ 15g 
1 plate cereal (eg 2 Weetbix biscuits) ≈ 30g 
250ml (1 cup) Coca cola = 28g 
250ml fruit juice = 32g 
100g spaghetti = 70g 
100g potato/sweet potato = 20g/32g 
1 cup cooked rice = 20g 
1 medium apple = 20g 
1 large banana = 30g (note this is equivalent to about 2 slices of bread!!) 
100ml sweetened yoghurt = 15g 
250ml sweetened yoghurt = 37.5g 
100g slab chocolate = 60g 
 
More lists of carbohydrates can be found at www.carbohydrate-counter.org the book ‘The drinking 
man’s diet’, and on all nutrition labels (see attached picture for Weetbix, oats and peanut butter.) 
 
For those with trying to lose weight it is recommended that you eat no more than 50g/day. For 
patients with diabetes you should aim to eat less than 25g per day. Each person needs to find 

http://www.carbohydrate-counter.org/
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their level. For patients with diabetes it is critical to regularly check their glucose levels before 
and about 90 minutes after meals and to adjust insulin and medication accordingly. This will 
need to be done in conjunction with your doctor or diabetes educator. For dietary advice and help 
with planning meals it is recommended that you consult with a dietician who is familiar with low 
carbohydrate lifestyles. 
 
[Show examples of typical nutrition labels] 
 
What should you avoid and what can you eat? 
As suggested above, avoid all sugars, sweets, confectionaries, breads, cereals and low fat foods. 
Low fat foods tend to have sugar added to make them taste better. Avoid all processed foods which 
generally mean foods that come in a box. While whole foods like fruit and vegetables contain 
micronutrients that your body can use, it is advisable to cut them down or avoid if it means 
exceeding your daily target of carbohydrates. 
 
Foods to eat include the following: 
Eggs 
Full fat meats 
Chicken with the skin  
Fish 
Leafy green vegetables 
Avocado 
Olive oil 
Coconut and coconut oil 
Fatty nuts like almonds and macadamia nuts 
Cheese (unprocessed) 
Full cream milk 
Butter 
Mushrooms 
 
There are many resources for this way of eating: 
You can visit www.dietdoctor.com, or www.realmealrevolution.co.za, or www.helgavan.com and 
click on the LCHF drop down tab.  
Good books to read include ‘Real Meal Revolution’, ‘The Art and Science of Low Carbohydrate 
Living’, ‘The Diet Delusion’, and ‘New Atkins, New You’. For patients with diabetes I highly 
recommend Dr Richard Bernstein’s book ‘The Diabetes Solution’ and ‘Low carb solutions for 
diabetics’ 
 
 
 

http://www.dietdoctor.com/
http://www.realmealrevolution.co.za/
http://www.helgavan.com/
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Information for patients with diabetes 
 
It is possible to reverse type 2 diabetes, but it will take a concerted effort and motivation. The 
following points are critical to this. 
 

1. Know your carbohydrates i.e. which foods contain them and how much  
2. Reduce your carbohydrates to under 25g per day 
3. Monitor, monitor, monitor! Ensure that you monitor your blood glucose levels before and 

after meals to ensure you are eating correctly, and you are taking the correct medication 
(esp if you are taking insulin) 

4. Eat whole foods (unprocessed) with healthy fats 
5. Stay motivated and don’t give up. 
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G. Traffic lights lists for dietary advice 
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H. Coaching Agreement 
 
OVERVIEW 
 
Welcome to Lauren Kim Wellness, a professional Coaching practice. This document constitutes a contract between 
us (the "Agreement"). You should read it carefully and raise any questions and concerns that you have before you 
sign it.  
 
SERVICES 
 
The services provided by Lauren Kim Wellness include Coaching on topics decided jointly with you, the client.  
Coaching is a partnership (defined as an alliance, not a legal business partnership) between the Coach and the Client 
in a thought-provoking and creative process that inspires the client to maximize personal potential. It is designed to 
facilitate the creation/development of personal health and wellness goals and to develop and carry out a 
strategy/plan for achieving those goals. Coaching utilizes strategic planning, values clarification, brainstorming, 
motivational interviewing, and other coaching techniques.  
 
FEEDBACK 
 
If, at any time, you feel that your needs are not being met, or you are not getting what you want out of the coaching 
please tell me, so we can discuss your needs and adjust your coaching program as needed. We will continue to work 
on the goals that you define unless you want to stop, which we will do whenever you ask.  
 
SESSION TIME 
 
Coaching is scheduled at the mutual convenience of the Coach and the Client. The day and time for the next call will 
be scheduled at the close of each coaching session.  
 
CANCELLATIONS  
 
I ask that you give 24 hours prior notice if you need to cancel or change the time of an appointment. The Coach will 
make reasonable efforts to reschedule sessions that are cancelled in a timely manner.  
 
TERMINATION  
 
Either party may end the coaching relationship by providing the other party with a one-week written notice, which 
may be transmitted by email. 
 
CONFIDENTIALITY 
 
I protect the confidentiality of the communications with my clients as described by the International Coach 
Federation code of ethics. I will only release information about our work to others with your written permission, or 
if I am required to do so by a court order or similar mandate. It is impossible to fully protect the confidentiality of 
information which is transmitted electronically. This is particularly true of email and information stored on 
computers connected to the Internet and if you use a cell phone.  
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NATURE OF THE RELATIONSHIP 
 
The client is solely responsible for creating and implementing his/her own physical, mental and emotional well-
being, decisions, choices, actions, and results arising out of or resulting from the coaching relationship and his/her 
coaching calls and interactions with the Coach. As such, the Client agrees that the Coach is not and will not be liable 
or responsible for any actions or inaction or for any direct or indirect result of any services provided by the Coach. 
The Client has been made aware that the coaching relationship is in no way to be construed as psychotherapy, 
psychological counselling, or any type of therapy. In the event the client feels the need for professional counselling 
or therapy, it is the responsibility of the Client to seek a licensed professional. The Client also understands coaching 
does not prevent, cure, or treat any mental disorder or medical disease.  
The coach is available on WhatsApp and email and will respond to correspondence within normal business hours 
Monday- Friday or at the coach’s discretion outside of those hours. 
 
MUTUAL NON-DISCLOSURE 
 
The Coach and Client mutually recognize that they may discuss future plans, business affairs, customer lists, 
financial information, job information, goals, personal information, and other private information. The Coach will 
not voluntarily communicate the Client's information to a third party. In order to honour and protect the Coach's 
intellectual property, the Client likewise agrees not to disclose or communicate information about the Coach's 
practice, materials, or methods to any third parties. 
 
DISPUTE RESOLUTION  
 
Any controversy or claim arising out of or relating to this agreement, or the breach of this agreement, shall be settled 
by arbitration, which will occur via telephone by an arbitrator that we mutually agree upon. The costs of the 
arbitration shall be borne by the losing party. 
 
AUTHORIZATION FOR RELEASE OF INFORMATION FOR PROFESSIONAL CREDENTIALIALING 

I____________________ give permission to _____________________ to use my name, contact information, and 
hours of coaching towards any of his credentialing processes as a coach. I further give permission for those 
credentialing agencies to contact me for verification of information he provides. This permission will remain in effect 
until specifically cancelled by me. 

_____________________________________________________________________ 

Your signature below indicates that you have read the information in this document ("Coaching Agreement and 
Informed Consent) and any Attachments, and agree to abide by its terms during our professional Coaching 
relationship.  
 

Client______________________________    Date ____________  
 

Coach______________________________   Date    _____________  
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I. ADAPT Model of Health Coaching 
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J. Endline Questionnaire HREC REF: 310/2020 
 
Survey Flow 

Block: Introduction (2 Questions) 
Standard: Self-report changes in habits (5 Questions) 
Standard: Subjective Wellbeing (NIDS Household Survey) (1 Question) 
Standard: Diabetes Distress Scale (DDS) (2 Questions) 
Standard: Feedback (1 Question) 

Page Break  

Start of Block: Introduction 

 
Q1.1 Now that we are reaching the end of the trial, we would like to follow up with you about your experience 
participating in the diabetes behaviour change study.  
 
 
Please answer the following questions as honestly as you can. The questionnaire will take approximately 15 
minutes but you can take more time if you want to. There is an unstructured text box at the end of this survey 
which you can use to share feedback with the researchers. Your answers are important to us.  
 
Q1.2 Please enter your Participant code: 

________________________________________________________________ 
 

End of Block: Introduction 
 

Start of Block: Self-report changes in habits 

 
Q2.1 We would like to ask you about any changes in your habits during the last month. Compared to before, were 
there any changes in your habits? 
 
Q2.2 Compared to before, did you smoke less, about the same or more tobacco products, such as cigarettes, cigars 
or pipes during the past 4 weeks? 

o Less  (1)  

o About the same  (2)  

o More  (3)  

o Not applicable. I don't smoke.  (4)  
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Q2.3 Compared to before, did you drink less, about the same, or more during the past 4 weeks? 

o Less  (1)  

o About the same  (2)  

o More  (3)  

o Not applicable. I don't drink.  (4)  
 
Q2.4 Compared to before, was your physical activity less, about the same, or more during the past 4 weeks? 

o Less  (1)  

o About the same  (2)  

o More  (3)  

Skip To: End of Block If Compared to before, was your physical activity less, about the same, or more during the 
past 4 we... = About the same 

Q2.5 How did your physical activity change? Use the space provided to note down any changes you made. 

________________________________________________________________ 
 

End of Block: Self-report changes in habits 
 

Start of Block: Subjective Wellbeing (NIDS Household Survey) 
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Q3.1 Using a scale of 1 to 10 where 1 means “very dissatisfied” and 10 means “very satisfied”, how do you feel 
about your life as a whole right now? 

o 1 "Very dissatisfied"  (1)  

o 2  (2)  

o 3  (3)  

o 4  (4)  

o 5  (5)  

o 6  (6)  

o 7  (7)  

o 8  (8)  

o 9  (9)  

o 10 "Very satisfied"  (10)  
 

End of Block: Subjective Wellbeing (NIDS Household Survey) 
 

Start of Block: Diabetes Distress Scale (DDS) 

 
Notes: Refer to Baseline Questionnaire for DDS – this is a repeat measurement. 
 

End of Block: Diabetes Distress Scale (DDS) 
 

Start of Block: Feedback 

 
Q5.1 Please write down any feedback about your experience participating in the study that you would like the 
researchers to know. This might be about the CGM, your diet, challenges you face, tips for success, appointment 
feedback, support feedback, your doctor, your nurse or anything else you'd like to tell us. Your comments may be 
positive or negative. We are really interested in your honest feedback. This will help other patients like you in the 
future. 

________________________________________________________________ 
 

End of Block: Feedback 
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