
Citation: Jorge, H.; Duarte, I.C.;

Baptista, C.; Relvas, A.P.;

Castelo-Branco, M. Trust-Based

Decision-Making in the Health

Context Discriminates Biological Risk

Profiles in Type 1 Diabetes. J. Pers.

Med. 2022, 12, 1236. https://

doi.org/10.3390/jpm12081236

Academic Editor: Prasanth

Puthanveetil

Received: 11 June 2022

Accepted: 23 July 2022

Published: 28 July 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

Journal of

Personalized 

Medicine

Article

Trust-Based Decision-Making in the Health Context
Discriminates Biological Risk Profiles in Type 1 Diabetes
Helena Jorge 1,2 , Isabel C. Duarte 1 , Carla Baptista 3, Ana Paula Relvas 4 and Miguel Castelo-Branco 1,*

1 Coimbra Institute for Biomedical Imaging and Translational Research, CIBIT/ICNAS, Faculty of Medicine,
University of Coimbra, 3004-531 Coimbra, Portugal; helena.vmjorge@gmail.com (H.J.);
catarinaduarte@uc.pt (I.C.D.)

2 PIDFIF-Inter-University PhD Program in Clinical Psychology, Family Psychology and Family Intervention,
Faculty of Psychology and Educational Sciences of Coimbra, Faculty of Psychology of Lisbon,
1649-013 Lisboa, Portugal

3 Endocrinology, Diabetes and Metabolism Department (SEMD), University and Hospital Center of Coimbra,
3004-561 Coimbra, Portugal; cfmbaptista@gmail.com

4 Faculty of Psychology and Educational Sciences & Center for Social Studies, University of Coimbra,
3004-531 Coimbra, Portugal; aprelvas@fpce.uc.pt

* Correspondence: mcbranco@fmed.uc.pt

Abstract: Theoretical accounts on social decision-making under uncertainty postulate that individual
risk preferences are context dependent. Generalization of models of decision-making to dyadic
interactions in the personal health context remain to be experimentally addressed. In economic
utility-based models, interactive behavioral games provide a framework to investigate probabilistic
learning of sequential reinforcement. Here, we model an economic trust game in the context of a
chronic disease (Diabetes Type 1) which involves iterated daily decisions in complex social contexts.
Ninety-one patients performed experimental trust games in both economic and health settings and
were characterized by a multiple self-report set of questionnaires. We found that although our groups
can correctly infer pay-off contingencies, they behave differently because patients with a biological
profile of preserved glycemic control show adaptive choice behavior both in economic and health
domains. On the other hand, patients with a biological profile of loss of glycemic control presented
a contrasting behavior, showing non-adaptive choices on both contexts. These results provide a
direct translation from neuroeconomics to decision-making in the health domain and biological risk
profiles, in a behavioral setting that requires difficult and self-consequential decisions with health
impact. Our findings also provide a contextual generalization of mechanisms underlying individual
decision-making under uncertainty.

Keywords: human decision-making; diabetes type 1; context-dependent trust game; probabilistic
learning; norm violation; treatment adherence; metabolic control

1. Introduction

A large array of behavioral studies investigating decision-making under uncertainty
have been used to explain individual preference differences through experimental neuroe-
conomic games involving a difficult choice under ambiguity with money as reward [1–5].
These studies involve the following cognitive processes: option representation, valuation,
action selection, outcome evaluation and learning, using update rules.

Most studies focus on the valuation system, but only in the monetary domain. It
remains to be investigated how people assign a value to potential health rewards and
punishments that could result from the choice. Previous studies have been based on sub-
jective monetary value; sensitivity to reward and how delayed a reward will be in time
and consider the factors that may contribute to this computation [6–8]. These include
payoff, probability, variance, cost/effort and context. It is also important how individual

J. Pers. Med. 2022, 12, 1236. https://doi.org/10.3390/jpm12081236 https://www.mdpi.com/journal/jpm

https://doi.org/10.3390/jpm12081236
https://doi.org/10.3390/jpm12081236
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/jpm
https://www.mdpi.com
https://orcid.org/0000-0003-1745-6891
https://orcid.org/0000-0002-5620-2424
https://orcid.org/0000-0001-9011-2230
https://doi.org/10.3390/jpm12081236
https://www.mdpi.com/journal/jpm
https://www.mdpi.com/article/10.3390/jpm12081236?type=check_update&version=1


J. Pers. Med. 2022, 12, 1236 2 of 13

perceptions about outcome probability relate to real outcome [4]. In this context, estima-
tion, anticipation risk, error monitoring and prediction error are important factors. It is
also important to consider sequential decision-making as risk behavior changes due to
probabilistic learning, including the balance between previous choices and experienced out-
comes [9–11]. Finally, it is important to investigate prosocial contexts/situations by keeping
some contingencies, relevant to social interactions [12], in particular in the health domain.

Here we address decision-making in the context of self-consequential health issues.
Diabetes is a particularly relevant condition in this regard, given the fact that it is a chronic
disorder with lifelong impact [13,14]. Individual decision-making is driven by context
which is very distinct in the health domain. This was clearly demonstrated in our previous
work analyzing the role of social and family context and personal choice profiles [14].
Compliance with prescribed treatments can be interpreted as health investment, which
is very different from contextual decision in the economic domain. In both cases, past
experiences updated by feedback and emotional processes play an important role. This
is in line with the suggestion of Tarrant et al. [15], who claimed that the study of patients’
decisions to comply and collaborate in doctor-patient interactions can be envisaged within
the framework of interactive decision-making and economic utility models. This proposal
inspired our study.

Studies of risk-taking and feedback processing in social interactions can be extended
beyond the economic domain. It is relevant to consider these concepts also when people
engage in risky health behavior and lack avoidance of future complications with high
probability. In general, this type of research in traditional approaches highlights individual
differences in proneness to maladaptive behavior [3] or suboptimal economic decisions
during a repeated interaction trust game in which participants learn to expect different
monetary returns through trial-to-trial feedback to choose the most advantageous way
to invest. In other words, participant investment (option selection) is based on positive
or negative feedback, because the participant expects fair treatment. Similarly, social
collaboration or prosocial behavior is less likely to occur continuously if other’s behaviors
are perceived as unfair or result from norm violation [16,17].

Importantly, successful decision-making under uncertainty requires adaptive learning,
requiring as the “ability to estimate expected uncertainty” [18]. The variability of outcomes
affects the capability to correctly infer probabilistic models. The learning rate is based on
the computation of difference between the expected value and the real outcome, called
the reward prediction error (RPE). Methodologically, using different reward magnitudes
associated with different probability distributions (same mean reward) and with a fixed rel-
ative uncertainty from trial to trial allows estimation of the expected uncertainty (standard
deviation of a reward distribution–taken as risk) [19]. Furthermore, as participants do not
know outcome probabilities in advance, their initial decisions are made under complete
ambiguity, meaning that that they can learn through feedback [20].

We aimed at extending economic utility-based models to decision-making within the
health domain. Participants (91 adults with Type 1 Diabetes) completed two experimental
interactive neuroeconomic game tasks, namely, trust games with decision-making under
uncertainty in matched economic and health contexts. As decision-making is suggested
to be strongly context dependent [21] we asked the question whether different decision-
making profiles emerge from economic and health tasks.

We expected that decision-making profiles would be associated with the quality of
metabolic control in diabetes. Better ability to learn health attitudes, leads to better com-
pliance and therefore to better metabolic control. We hypothesized that compliant (trust-
worthy in dyadic interactions) patients have better metabolic control than non-compliant
patients. Furthermore, we hypothesized that both groups (with adequate and non-adequate
metabolic control) can learn context contingencies in all tasks, but the control group (with
good metabolic control) will consider updated values when they are selecting an op-
tion, while no significant switching is expected in the group without metabolic control.
Third, we aimed to investigate how patient collaboration (health choice) changes with
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different feedback (patterns of doctor-patient interaction) in a trial-and-error feedback
processing paradigm.

2. Materials and Methods

Written informed consent forms were signed by all subjects after an explanation of the
nature and duration of the study. It was approved by the Ethics Committee of the Faculty
of Medicine of the University of Coimbra, in accordance with the Declaration of Helsinki.

2.1. Sample Characterization

A total of 91 volunteers from University Hospital, referred to the clinical assessment of
the Department of Endocrinology, Diabetes and Metabolism at the University Hospital of
Coimbra, Portugal (EDM), were divided in 2 groups according to the dynamics of HbA1c
values over time: 42 patients with no glycemic control (mean age: 36.19 ± 8.67, mean
educational level: 1.36 ± 0.075) and 49 patients (clinical control group) with glycemic
control (mean age: 37.20 ± 9.47; mean educational level:1.65 ± 0.07). We focused on the
comparison between clinical groups with or without metabolic control. By definition,
healthy participants have unchanged and preserved metabolic control. Because metabolic
status is considered stable in patients with glycemic control (clinical control group), per-
formance results from a healthy control group (N = 53) are normative and presented as
supplementary material (Tables S1–S4).

Table 1 summarizes the groups’ demographic, cognitive/neuropsychological, clinical
characteristics, and risk measures. It shows the most relevant data (for more details see
below). Groups are matched for age, gender, and civil status. All these patients had a
similar access to and level of medical care with periodic 6 months consultations at the
same hospital and similar medication protocols. All these patients had medical devices to
monitor glucose levels and medication was being adjusted accordingly. Clinicians involved
in the consultation at the University Hospital evaluated current and past symptoms and
complications. Body Mass Index (BMI) and biochemical data were also collected. To divide
patients into groups with or without successful metabolic control, values of HbA1c for
the patient consultation history over multiple time points were collected. For the first
group (Metabolic Control-MC), we included (1) patients with continuously descending
and improving values of HbA1c over time, (2) patients with low (normal) stable/invariant
values that did not change beyond 0.5 and (3) patients whose values varied more than
0.5, but the maximum value of this oscillation was lower than 8.0 (64 mmol/mol). For
the second group (No Metabolic Control-NoMC), we included patients with the following
dynamic profiles: (1) continuously ascending values of HbA1c over the time, (2) patients
with high (abnormal) stable values that did not change beyond 0.5 over the time and
(3) patients whose values varied more than 0.5, but the minimum value of this oscillation
was more than 8.0.

Participants were asked to completed a number of self-reported questionnaires, vali-
dated to the Portuguese population, to characterize the sample: the Eysenck Personality
Questionnaire (EPQ) (Portuguese version from [22]) to evaluate personality traits; Behavior
Impulsivity Scale-11 (BIS-11; translated by [23]; validation for the Portuguese population
by [24]) to evaluate impulsivity in general; DOSPERT ([21,25]; Portuguese translation
by [26]) for individual perception of risk taking assessment in economic and health do-
mains; past and present risk taking to evaluate variations of risk profile across the life span;
an intertemporal choice questionnaire, where participants were asked to choose one of
three options that differ in risk or sacrifice to delay reward for three different contexts,
economic, general health and diabetes specifically [27] (see Supplementary material). In
the economic context, participants had to choose between three levels of wait time to win
money: more time, more money. In general health, participants had to choose between three
drugs to avoid possible heart infarct: more effective, more secondary effects. In diabetes
context, participants had to choose between three levels of number of insulin therapeutic
pricks (the larger the number, the better the investment in metabolic control–more pricks
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corresponding to delay in long term ocular complications (see Supplementary informa-
tion). Finally, the Dutch Eating Behavior Questionnaire (DEBQ) [28,29] was administered
to evaluate three types of eating styles: restrained (avoid eating more than was initially
defined), external (to eat motivated by external factors such as good food smell and how it
looks) and emotional (to eat in response to emotions). Participants also performed cognitive
tests with Portuguese population norms, to verify if they could be included in this study:
fluid intelligence (Raven Progressive Matrices) [30], crystalized intelligence (Vocabulary
of WAIS-III) and executive functions such as attentional processes and working memory
(Digits Forward and Backward subtests of WAIS-III) [31]. Participants aged more than 50
filled out MOCA (Montreal Cognitive Assessment) [32].

Table 1. Demographic characteristics, cognitive results, and relevant clinical features and self-report
risk measures for NoMC and MC groups (N = 91).

Variables MC (N = 49) NoMC
(N = 42) X2 t U gl p d

Demographic data
Gender (M/F) 31/18 25/17 0.134 —– —– —– 0.824 0.07

Age (y) 37.20 (9.47) 36.19 (8.67) —– 0.529 —– 89 0.59 −0.11
Civil State (Single/Couple) 22/27 24/18 1.367 —– —– 1 0.244 0.07

Household members (1/2/3) 17/28/3 16/21/5 1.695 —– —– 1 0.428 0.08
Household income B (1/2) 33/15 16/26 8.94 —– —– 1 0.003 0.66

Residence 20/12/16 16/17/9 2.97 —– —– 2 0.226 0.36
Education level (1/2) 17/32 27/15 7.93 —– —– 1 0.005 0.61

Cognitive data
Vocabulary 32.33 (3.47) 33.60 (2.81) —– —– 807 —– 0.075 0.034

Digit Memory 14.82 (2.15) 14.10 (1.92) —– —– 1273 —– 0.05 0.416
RPMT 8.04 (0.90) 8.05 (1.01) —– —– 981 —– 0.688 0.08

Clinical features
Disease onset (</>18) 24/25 24/18 0.605 —– —– 1 0.382 0.16
Disease Dealing Time 17.56 (10.38) 17.21 (9.58) —– −0.161 —– 89 0.870 −0.034

HbA1c(%/mmol/mol) 7.19/55 (0.65) 8.52/70 (1.22) —– 6.329 —– 89 <0.001 0.07
BMI 24.95 (3.31) 25.20 (3.81) —– —– 989 —– 0.750 0.067

Complications (Y/N) 21/28 30/12 7.94 —– —– 1 0.006 0.62
Smoking status (Y/N) 11/38 7/35 0.48 —– —– 1 0.49 0.14
Self-report measures

Neuroticism 6.49 (4.02) 9.95 (4.22) —– 4.005 —– 89 <0.001 0.84
Extroversion 13.12 (3.49) 10.98 (3.61) —– −2.88 —– 89 0.005 −0.61
Impulsivity 54.11 (7.06) 58.05 (8.03) —– 2.138 —– 89 0.035 0.45

Lack of planning 14.32 (3.76) 17.03 (4.41) —– —– 657.5 —– 0.003 3.34
Health risk perception 37.65 (5.25) 35.98 (8.8) —– —– 1273 —– 0.029 0.41

Past Risk 14.60 (3.73) 12.00 (3.29) —– 3.52 —– 89 0.001 0.74
Present Risk 10.67 (2.80) 13.64 (4.31) —– 3.83 —– 89 <0.001 0.81

Health Intertemporal Choice 25/15/9 13/24/5 6.51 —– —– 2 0.039 0.55
Emotional Eating Behavior 2.34 (0.54) 2.29 (0.78) —— 2.84 —– 89 0.006 0.59
External Eating Behavior 2.34 (0.54) 2.58 (0.51) —— 2.10 —– 89 0.039 0.44

Educational level (1 = 12 years, secondary education; 2 = university degree or higher; Household income
(1 = stable; 2 = unstable); Members of the household (1 = living alone; 2 = living as a couple; 3 = living with
children); Residence as distance to health services, in travel time (1 = Coimbra; 2 = <1 h; 3 = >1 h) RPMT = Raven’s
Progressive Matrices Tests; BMI = body mass index. Health Intemporal choice (longer and larger reward; interme-
diate reward; small sooner reward).

Exclusion criteria were: other people in the nuclear family diagnosed with diabetes
for at least one year and other current major chronic disease, evidence for past or current
history of neurological and psychiatric disorders, recent diseases, major medical illness
(cancer, anaemia, and thyroid dysfunction) and severe visual or hearing loss. In total,
2 patients were excluded, having presented a history of psychiatric disorder.
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2.2. Experimental Interactive Game Decision-Making Tasks

As in game theory, each player has a way of acting; the strategy, and actions of
two or more decision-makers lead to option selection [33]. To mimic this situation, we
presented two experimental interactive games, named: 1. Computer and Human Mediator
Neuroeconomics Experiment and 2. Health Context Interaction Experiment (inspired by
the neuroeconomics framework) (see Figures 1 and 2).

Risky behavior in the health context is an option among others with uncertain proba-
bilistic consequences (leading to heath preservation or loss) while in the economic domain
risky behavior is understood as a statistical uncertainty expressed as variance in monetary
gain or losses [34]. The first experiment refers to situations without a medical context and
the second is a tailored task with a medical risk and reward value. It was played in iterated
form, where the game is made up of several rounds (runs), repeated 7 times between each
type of players. At each trial, participants know with whom they are playing through face
recognition of the mediator in that run. All trials, 21 in total, require that participants press
one of three buttons to indicate their action selection.

Figure 1. Example of economic experimental design considering a run sequence in trustor-trustee
interaction. M0—the non-human mediator—has the same reward contingencies as M1. For details
see text.
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Figure 2. Example of health experimental design considering a run sequence in doctor-patient
interaction. For details see text.

Experiment 1: Computer and Human Mediator Neuroeconomics Experiment (Economic
Trust Game)

The first game is a classic neuroeconomic experiment and it helps define risk profiles.
Participants’ challenge during this trust game was to learn the optimal investment choice
based on three mediator’s outcomes. Within three distinct risk alternatives (0 €, 30 € or 50 €),
they had to choose one (option selection), to wait for the respective outcome (feedback)
and to indicate how much money they expect to receive from that mediator in the next
run (estimate expected uncertainty). Mediator 1 has a low range for reward. Mediator 2
has an extreme range, reinforcing optimal decision. Mediator 3 has a moderate range,
mid-way between the M1 and M2 profile (trust investment is reciprocated in a moderate
way). Outcome reward was also different according to the participant’s option (0, 30 or
50 euros) for all mediators: 1. For the “0” option (no risk investment), the participant
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received a known low fixed gain (40 euros). 2. For the “50 euros” option (risk investment),
a low average gain was offered (same mean reward, (40 euros) that could vary from
20 to 60 euros. 3. For the “30 euros” option (adjusted risk) the average gain that was earned
depended on the mediator, who gave a low, extreme or moderate reward: Mediator 1
“35–75 euros“ Mediator 2 “100–140 euros”; Mediator 3 “55–95 euros”. All of them have
the same interval (range of 40). We also introduced a computer mediator (MO) with the
same reward contingencies as M1. Participants were exposed in alternation during the
7 runs for each mediator. Eachoutcome pattern differed in terms of reward distribution
(low, moderate, or extreme) for optimal choice. More specifically, each trial was divided
into three phases: monitoring phase, decision phase and outcome phase (Figure 1).

The experiment began with the monitoring phase: the subjects had to indicate an
expected value (euros gain or loss) for the next trial which varied between +20 to +140,
answering the template question. At the first trial, as the participant did not know each
mediator’s payoff contingencies, we could obtain the initial risk profile and learn how
the subject initially performed with each mediator (presence or absence of game strat-
egy/planning). Participants had to remember past feedbacks (outcomes) to update the
expected value and decide the next investment for each mediator (estimated expected uncer-
tainty). In that way, we could gather empirical evidence to support different psychological
profiles of rational decision-making.

Experiment 2: Extending Utility Based Neuroeconomics to the Health Context (Health
Trust Game)

The health context interaction experiment, inspired by the classical neuroeconomics
experiment, used clinical human mediators. In this second game, we adapted previous
experiments to the health context and added a rule/norm: more patient cooperation
allowed less waiting time to consultation (less waiting time meaning larger reward). So,
we presented one of three different clinicians one at a time, in order to represent three
different types of human mediator feedback as in Game 1 (Low, Moderate and Extreme
Rule Following) for optimal choice. Mediator 1 has a low range for reward. Mediator 2 has
an extreme range, reinforcing optimal decision fulfilling the pre-established rule. For this
mediator, the average waiting times is lowest, precisely because of the reinforcement levels.
Mediator 3 has a moderate range, between the M1 and M2 profiles. Outcome rewards also
differed according to participant option (1, 4 or 6 pricks) for all mediators: 1. For “4” option
(moderate cooperation), a known low fixed gain (160′) was received. 2. For “1” option
(no cooperation), a low average gain was offered (same mean reward, 160′ but it could
vary from 10 to 240 min). 3. For “6” option (highest cooperation), a high average gain was
earned, depending on the mediator: Mediator 1 “90–170” Mediator 2 “10–90”; Mediator 3
“50–130”. All of them have the same interval “80”.

In the first phase we presented different health impact levels of developing negative
symptoms (for example, diabetic foot) due to impaired glycaemic control. Subjects choose
to cooperate (health investment) or not by accepting several therapeutic needle pricks
(1 prick meaning no cooperation; 4 pricks meaning medium cooperation; 6 pricks meaning
highest cooperation) without prior knowledge of the priority reward (amount of time
needed to wait for consultation). So, 6 pricks means that the participant is accepting a more
intensive insulin therapy (more injections), which means more investment in the health
domain. The final priority outcome rank is in parallel with the final monetary outcome
Neuroeconomic Game 1. Note that in this case priority for being received corresponds
to low amount’s (less time) and in turn to a better outcome. Priority is defined by the
number of minutes needed to wait before a consultation (0 to 260). In this game, a computer
mediator (available from experiment 1) was not used (Figure 2).

2.3. Data Analysis

Data were analyzed using IBM SPSS Statistics (v24) [35]. Descriptive statistics are
reported as mean ± SD. Prior to analysis, raw data were examined for normality by the
Shapiro–Wilks goodness-of-fit test [36]. Null-hypothesis statistical tests were evaluated
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according to an alpha value of p = 0.05. The chi-square test was used to compare categor-
ical variables, and nonparametric tests (Kruskal—Wallis) were used to compare ordinal
variables. To assess possible between group-differences from expected value, investment
and feedback, data were submitted to independent sample t-tests. Non-parametric tests,
such as Friedman tests, were applied to analyze differences between expected value, in-
vestment, and feedback within each group for the economic and health context, searching
for post-hoc differences between mediators. We performed Friedman tests to investigate
the main effects of the experimental 7 runs for each mediator (M0, M1, M2 and M3) and
subsequent post-hoc comparisons. Paired t-tests were performed to investigate whether
participants learned the optimal choices, comparing feedback and expected values means
for each mediator in different groups.

3. Results

We investigated the role of context (economic and health) and risk behavior patterns
in diabetic patients as a function of group profile (with and without metabolic control) con-
sidering initial decision options and their subsequent update through sequential learning.

Interestingly, self-report measures showed important behavioural differences of the
groups defined by the biological division of metabolic control (for details see Table 1). The
group lacking metabolic control showed higher levels of impulsivity, lack of planning, low
perception of health risk, high past and present risk, and intermediate (lower) rewards
for health intertemporal choice (more secondary effects). Scales of emotional and external
eating behaviour were also significantly different between groups with more external eating
behavior for the NoMC group.

Concerning the experimental tasks assessing choice behavior under uncertainty and
initial game strategy, we examined the initial risk profile as assessed by initial Decision
Phase results. Thereafter, we investigated how participants adjusted decision-making
(choice impact) if probabilistic learning feedback was accomplished. For learning achieve-
ment, we measured differences on the Expected Value for each mediator, according to
mediator feedback payoff contingencies. In this way, we were able to verify if there were
different risk profiles according to context and groups and make inferences about learning
probabilities and their impact on investment, particularly in the health context, which fea-
tured different patterns of doctor-patient interactions in patient compliance. Compliance in
this context is seen as a personal investment in health. Table 2 presents results from descrip-
tive statistics of expected value, investment and feedback depending on each mediator (M0,
M1, M2 and M3) for both groups in the economic and health context. The mean difference
between feedback and expected values for each mediator in both groups is not statisti-
cally significant (suggesting good predictive ability) except in the economic context for
M2 (NoMC and MC group) and M3 (NoMC group): M2-NoMC mean difference = 33.85;
SD = 25.27; t (41) = 5.97, p < 0.05; M2-MC group mean difference = 31.90; SD = 27.91;
t (48) = 6.14 p < 0.05; M3-NoMC group mean difference = 39.72; SD = 24.61; t (41) = 11.15,
p < 0.05.

3.1. Decision-Making under Uncertainty (The First Play Move)

Considering the first play move, we observed distinct profiles. The group with
preserved metabolic control (MC) showed a consistent behavior across both contextual
tasks and initial strategy (similar investment for all mediators at the first play move, with
planning investment). There is an association between initial strategy for both contexts in
the MC group [x2 (1) = 5.38, p = 0.02]: subjects tended to be strategically consistent (if they
invested the same with all mediators in the economic task, they used the same procedure
in the clinical task). We did not find an association between initial strategy for both tasks in
the NoMC group (no planning investment).
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Table 2. Descriptive statistics, using the experimental outcome variables for either economic or health
contexts in both groups (No-MC, no metabolic control achieved; MC–successful metabolic control).
These are sorted in terms of expected value, investment and feedback values.

Economic Context

NoMC MC
Variable M SD M SD

Expected Value
M0 66.96 21.55 64.13 19.47
M1 63.64 20.91 67.88 18.41
M2 72.91 24.42 74.90 22.64
M3 67.08 25.58 61.96 27.19

Investment
M0 37.41 23.59 36.56 18.73
M1 36.83 19.42 39.64 17.71
M2 40.82 21.16 40.07 16.44
M3 55.97 31.26 54.88 33.28

Feedback
M0 75.55 18.53 73.95 16.52
M1 73.28 18.36 79.56 18.36
M2 106.86 38.14 106.80 33.94
M3 106.80 33.94 71.83 29.43

Health Context
NoMC MC

Variable M SD M SD
Expected Value

M1 125.53 23.55 116.81 28.22
M2 106.70 26.26 96.70 36.67
M3 106.99 27.16 105.62 29.32

Investment
M1 4.68 0.76 4.82 0.86
M2 5.17 0.72 5.10 0.86
M3 4.87 0.85 4.87 1.04

Feedback
M1 149.14 17.52 144.95 14.22
M2 98.13 37.69 97.42 36.21
M3 125.91 22.51 119.08 26.59

3.2. Adjusted Decision-Making during Probabilistic Learning (Sequential Play Move)

Friedman tests showed a significant main effect of mediator concerning Expected
Values, Investment and Feedback, for both groups in both tasks. The exception was that in
the MC group there was no mediator effect for investment in the health task. Posthoc tests
showed that sensitivity to mediators stemmed mainly from mediators M2 and M3 (the ones
that show clear feedback differences in the trust games). (For details see Supplementary
material, Table S4).

Concerning changes during the tasks, subjects were able to learn each mediator’s
profile (Monitoring Phase) presenting differences in expected values according to feedback
on mediator contingencies, expecting to receive more money (economic task) and less
waiting time (health related task) from Mediators 2 and 3 (Table 1).

Despite being able to learn mediator feedback contingencies, groups differed in their
options for investment in economic and health domains. According to Table 3, patients
without metabolic control chose to invest in mediator 3 (M3) whereas in the health context
they opted finally for collaboration with Mediator 2 (the clinician who did not violate
the norm and follow the rule: high compliance less waiting time). In turn, patients with
adequate metabolic control (Table 4), revealed no significant preference (or only very
marginal) for investment in both contexts. Interestingly, in the health context they opted to
collaborate regardless of the doctor payoff contingencies.
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Table 3. A Repeated measures comparison of investment during the 7 runs for each type of human
mediator (M1–M3), to investigate learning of mediator feedback contingencies (Friedman non-
parametric test) on economic and health related context experimental tasks for patients without
metabolic control. ** p value < 0.05.

NoMC Group

Variable Economic Context (N = 42) Health Related Context (N = 42)
Friedman gl p W Friedman gl p W

Investment
M0 (1–7) 7.23 6 0.300 0.03
M1 (1–7) 4.86 6 0.560 0.02 7.29 6 0.294 0.03
M2 (1–7) 7.14 6 0.308 0.03 17.85 6 0.007 ** 0.07
M3 (1–7) 14.13 6 0.028 ** 0.60 7.79 6 0.254 0.03

Table 4. Repeated measures comparison of investment during the 7 runs for each type of human medi-
ator (M1–M3), to investigate learning of mediator feedback contingencies (Friedman non-parametric
test) on economic and health related context experimental tasks for patients with metabolic control.

MC Group

Variable Economic Context (N = 49) Health Related Context (N = 49)
Friedman df p W Friedman df p W

Investment
M0 (1–7) 12.76 6 0.050 0.05
M1 (1–7) 10.54 6 0.104 0.10 2.53 6 0.865 0.03
M2 (1–7) 6.86 6 0.334 0.02 5.57 6 0.473 0.02
M3 (1–7) 12.47 6 0.052 0.04 2.53 6 0.860 0.01

4. Discussion

The main aim of this study was to investigate the role of health context (defining
patterns of risky behavior) in decision-making under uncertainty in clinical groups where
such decisions are extremely relevant, such as in diabetes. This was achieved using
trust games, going beyond traditional economic utility-based tasks to health context. By
separating different stages of the decision-making process, we gained evidence about
feedback processing (update) and how groups differ in considering these update values
on subsequent investment. Finally, our findings provide insight into a special form of
social decision-making based on patient-doctor interactions and how different payoff
contingencies influence differently the collaboration by patients with and without glycemic
control. This enabled us to directly relate decision-making profiles to biological status.

Our results extend prior evidence that human decision-making is context depen-
dent [21] in the health domain, while providing clues for its relation with biological out-
comes. Different decision-making profiles emerged from both economic and health tasks.
In the same way, different decision-making profiles emerged from categorical differences
in the quality of metabolic control.

In initial strategy for investment, each group behaved differently, showing that strategy
and planning were related to the adequacy level of metabolic control. Considering iterative
decision making, groups also behaved differently according to context even though they
dealt with the same disease (allowing for group matching while differentiating biological
outcome). In general, both groups were able to detect payoff contingencies (incorporate
feedback processing, updating the experience [37]). For M2 in economic contexts it seems
that the large amount of reward is still a positive surprise and this may why participants
expected less than they received on average, in this particular case. However, regarding the
health domain, patients without metabolic control seem to be more dependent on external
reinforcement than the glycemic control group. Our results suggest that they tend to be
more sensitive to putative social norm violations in the clinical setting because patient
collaboration changed when faced with different doctors’ payoff contingencies. These
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results reveal that patients without metabolic control are not indifferent to the patient-
clinician relationship, which is a somewhat reassuring finding from this study, despite the
non-compliant profile. In contrast, MC patients seem to keep taking good health decisions,
right from the start, independently of payoff contingencies. Therefore, compliant patients
had good metabolic control as we expected. Our pattern of studies could be linked to the
statement of Gray et al. [38]: “A patient may become ‘stuck’ with a doctor in whom he or
she lacks confidence”, with a direct impact on adherence. For clinical practice, this requires
counteracting health providers’ desire to withdraw when a patient persists in maladaptive
behavior, preventing a cycle of non-cooperation [39].

Our data supports the notion that risk taking behavior profiles can lead to distinct
levels of outcome for a biological variable (in our case glycemic control), suggesting
distinct mechanisms of behavioral control. This implies that early detection of these
behavioral profiles can enable swift intervention approaches to improve compliance and
prevent complications.

5. Limitations

The role of the type of human mediator in the experimental games could not be fully
explored because this would require a larger sample size. With our experiment, differences
in decision phase (investment) were due to context and a biological variable (HbA1C, a
measure of metabolic control), but it remains unclear if there are other mediator variables
or if contextual cues are ignored or salient depending on other variables.

Further evidence for matching of economic and health related tasks would also be
valuable, to show that these tasks share similar neural correlates. Neuroimaging studies
could be advantageous to further demonstrate the ecological validity of this approach.

6. Future Directions

Despite these shortcomings, the current study could guide future studies on dyadic
interactions (family members and patient adherence) and neuroimaging approaches. These
studies will be helpful to understand the neural correlates of prediction error (High/Low
Expected Value versus Low/High Feedback); the neural correlates on how updated values
could explain shifting decisions (High/Low Feedback versus High/Low Investment) and
to investigate the neural basis of risk perception and risk taking (High/Low Expected
Value versus Low/High Investment). Finally, further studies could validate intervention
programs that promote treatment adherence with training of socioaffective and interaction
skills [40].

7. Conclusions

Through modelling interactive trust games and translating them into the health do-
main, our findings suggest a strong role of context and biological status in decision-making
under uncertainty since different decision-making profiles emerged between patients with
and without metabolic control. Furthermore, by distinguishing different stages of the
decision-making process (monitoring, decision, and outcome) we were able to disentangle
feedback processing from choice itself, getting evidence that probabilistic learning is not
enough to explain decision-making in these contexts and groups. Our findings also con-
tribute to better understanding howpatient collaboration varies in function of perceived
social norm violation in the health domain, highlighting a biologically determined decision-
making profile and, consequently, providing information that could guide adherence to
treatment programs with clinical implications.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/jpm12081236/s1, Table S1. Demographic Characteristics, Cog-
nitive results, personality, self-report risk measures and eating behavior for healthy participants;
Table S2. Descriptive statistics on economic and health context experimental task for healthy par-
ticipants; Table S3. Repeated measure comparison (Friedman Non-parametric test) on economic
and health related context experimental tasks for healthy participants; Table S4. (A) Repeated mea-
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sures comparison between each mediator for Expected Value, Investment and Feedback (Friedman
Non-parametric test for main effects of mediator and posthoc tests) on economic and health related
context experimental tasks for NoMC and MC groups; (B) Posthoc tests for each variable (expected,
investment and feedback) on economic and health related context experimental tasks for NoMC and
MC groups.
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