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Abstract—In product design and HCI, the way one chooses
to deal with system 1 cognitive processes affects the ability
to accurately predict users’ individual differences in decision-
making patterns. Cognitive biases associated with heuristics are
written off as insidious to performance and are thereby targeted
as patterns one must avoid or mitigate, which in return impacts
user experience and performance. The goal of this study was
to assess if individual susceptibilities to bias were correlated
to the subject’s personality profile and if those biased decision-
making patterns could be empowered by applying nudge theory
and choice architecture to adaptive interfaces. Results from the
first phase of the study showed positive correlations between the
Openness to Experience trait and resistance to sunk cost fallacy.
Facets such as Fantasy, Tender-mindedness, Modesty and Delib-
eration were found to be significant predictors of susceptibility.
Guidelines on how to adapt to different levels of deliberation
and susceptibility to the sunk cost fallacy were proposed and
evaluated through differences in quantitative performance met-
rics in a learning platform environment with 30 participants
(N = 30). While data trends suggested the adapted design
improved learning quality, results from the within-subjects study
did not achieve statistically significant differences in performance
between the adaptive and control interface. Further research and
guideline refinement through larger population study samples are
recommended to enhance the probability of extracting a sizable
effect from the detected data trends.

Index Terms—personality, cognitive bias, sunk-cost fallacy,
decision-making competence, adaptive design, nudge theory

I. INTRODUCTION

In the field of Interaction and User Experience Design, the
questions ”Who are our users?” and ”What do they need?” are
the starting point for most professionals at the beginning of
any design project. However, most design thinking initiatives
happen in a corporate environment, where business goals focus
on scalable over adaptive solutions. Designing through the
lens of product development methodologies such as Agile and
Lean, which invest in the Minimum Viable Product (MVP)
[1], produces digital products whose features are able to solve
surface-level pain points without necessarily investing in the
construction of detailed user models that reflect individual
differences and needs.
For example, mental models are constructed to capture how
users solve problems and make decisions, among other cog-
nitive processes [2] but intuitive thinking patterns that can
lead to bias is left undocumented. This can severely alienate
groups of users who systematically think in specific patterns
that are discarded in the user experience as atypical, biased

or even irrational. This dissertation addresses the lack of
adaptability to potentially biased thinking patterns and
wield the user’s intuition to their own advantage.
A cognitive bias is broadly defined as ”a systematic deviation
from rational thinking” [3] that is pervasive to all of humanity.
While it has been painted has the enemy of rationality, positive
perspectives on bias such as error management theory and
nudge theory believe that: biases are part of being human;
they have a purpose; they can be triggered positively to serve
that purpose in the right environment.
In light of these perspectives, this study investigates the
role of personality in decision-making and proposes adap-
tive solutions to deal with individual patterns of bias.
The proposed hypothesis is that designing a controlled
environment according to personality (embedded with
appropriate choice architecture and digital nudges that
encourage desired behaviors) can influence users to use
their natural thinking patterns constructively and enhance
their performance.
To do so, personality and decision-making data was collected
to create a prediction model to classify users by their level
susceptibility to the sunk cost bias. Two learning environments
were created and tested by users: one control interface, which
was kept basic to avoid any cognitive triggers, and a bias-
adapted interface that nudges the student to answer questions
more deliberately and influences them to focus on the ideal
learning strategy by framing it as a sunk cost. This paper
starts by presenting theoretical backgrounds on the topic of
personality, decision-making, and cognitive bias. Then the data
collection phase and respective results are presented. After-
wards, guidelines are conceptualized through the application of
nudge theory on an Instructional System Design methodology.
Finally, the prototypes are presented, tested and discussed,
giving place to the final conclusions.

II. BACKGROUND

In order to better understand how to adapt to individual
differences, a review of fundamental notions regarding per-
sonality, cognition and decision-making was compiled.

A. Personality

Notions of adaptability are centered around the concept
of individual difference. According to the American Psycho-
logical association (APA) [4], personality may, in a rather



simplified sense, be defined as ”individual differences in
patterns of thinking, feeling and behaving.” This definition is,
however, endlessly tricky.
Recurring investigation showed the prevalence of five basic
traits that serve as dimensions of personality, which led to the
general acceptance of the Five Factor Model (FFM), which is
composed by the following dimensions:

• Extraversion - social energy levels, approach to a social
environment.

• Agreeableness - approach to social order and collective
good.

• Conscientiousness - level of self-control, adherence to
norm and mindfulness towards goal-driven behaviors.

• Neuroticism - level of emotional stability, balance of
positive and negative emotionality.

• Openness to experience - approach to new experiences,
concepts, world views and creativity.

In order to assess the intensity of each dimension on a given
test subject, Costa and McCrae developed and validated the
NEO-PI-R [6]. It measures feelings, thoughts and behaviors
through simple assertions to which one can express agreement
or disagreement in five-level Likert scale. This particular
model allows one to focus on a particular aspect of individual-
ity. The cognitive perspective of personality focuses heavily on
the link between personality traits and reasoning. For example,
Fujino found that Agreeableness and Conscientiousness traits
had a significant effect on vulnerability to the sunk cost
fallacy [7]. The next section will dive into cognition, reasoning
and, particularly, the decision-making aspects of reasoning.

B. Cognitive processes in Decision-making

Decision theory pertains to goal-directed behaviours when
one is presented with options [8]. It studies aspects of reason-
ing underlying ones choices. Decisions can be studied from
two distinct perspectives: normative and descriptive. Norma-
tive decision theories focus on how decisions should be made
while descriptive theories reflect on how decisions are actually
made by human beings. Normative theories propose decision-
making strategies that assume a perfect logical-rational reason-
ing model within the decision-making agent. The notion that
humans satisfy this assumption defines the theoretical concept
of an Econ, or a perfectly rational human [9].
Descriptive decision theories describe the various strategies
used by real humans in decision-making processes. Individual
differences in decision-making style account for strategy se-
lection patterns. The strategies one selects is a direct result of
individual preference for one system over the other, which in
return influences decision outcome. Therefore, individuals also
differ in decision-making competence. Bruine de Bruin [?],
proposed the A-DMC to assess decision-making competence
in function of one’s resistance to systematic deviations in
rationality. These systematic deviations in human thought
processes can lead to poor decision-making. Such deviations
are known as cognitive biases and will be further discussed in
section the next section.

C. Cognitive bias

The main body of research regarding reasoning in the
realm of psychology and social cognition has been molded
by what is generically referred to as dual-process theories
[11] - theories that lie on the principle that mental processes
can be divided into two categories, automatic processes and
controlled processes. Given this perspective, decision-making
is molded by these two distinct forms of reasoning. In
”Thinking fast and slow”, Kahneman [12] emulates dual-
process theories when describing the act of thinking as two
separate mental systems operating simultaneously: System
1 (thinking fast) and System 2 (thinking slow). System 1 is
the most active and encompasses intuitive thought processes,
feeding insights to the more complex and analytic System 2
that builds the core belief system of a given individual. He
construed that cognitive biases are triggered by events that
challenge the cohesion and integrity the System 1 created and
stored in System 2. Its an attempt to bring sense to the new
unabridged information.
For the purpose of this study, we shall settle on the definition
that a cognitive bias is any instance in human cognition
[that] reliably produces representations that are systematically
distorted compared to some aspect of objective reality. [13].
Thus, one can define biases without constructing judgments
on their implications in other areas.
Decision making biases are those that cause one to consider
otherwise irrelevant data as being an important factor in
the decision making process. The most popular popular
biases within this category are the the sunk cost fallacy and
the framing effect. The sunk cost fallacy emphasizes past
investments over future costs and benefits. It causes individuals
to be unable to walk away from projects and activities they
already feel invested in. The framing effect causes decisions
to vary according to how the information surrounding the
problem is presented. This study chose to focus on this type
of biases as they are the most well-documented and the
ones that present more design implications regarding content
framing and information architecture.

III. RELATED VENTURES

A. Digital Nudging

Nudge theory is a concept in behavioural economics that
disagrees with the notion that humans are Econs (as defined
in the previous Section) [18] and highlights the benefit
from being ”nudged” into making the best choice, all things
considered. A nudge is defined as ”any aspect of the choice
architecture that alters peoples behavior in a predictable way
without forbidding any options or significantly changing their
economic incentives.” [19]. The application of this theory to
design is referred to digital nudging, where the design of
a digital environment influences the user’s decision-making
[20] [21]. On this front, studies such as the one conducted
by Turland et al researched the effects of color coding and
presentation order in promoting cyber-security [22]. With the
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intent of nudging users to choose safer wi-fi networks, they
used color and order to present the different wi-fi connections
from most to least secure. They found that while order alone
did not influence decision-making, color coding was quite
effective in influencing users to choose the safest connections.
More so when both nudges were combined.
While approaches surrounding the concept of digital nudging
to frame one’s cognitive susceptibilities in a positive way are
significantly novel, there has been an increased non-academic
discussion of the idea of designing for cognitive bias [37].
Designing for bias refers to creating a controlled interactive
environment where biased behavior leads to positive outcomes.

B. Adaptive interfaces for individual differences

It is rather common to find articles that juxtapose personality
to personal preferences [14] [15]. An elegant example of so
was conducted by Sarsam % Al-Samarraie in an attempt to op-
timize attention in a mobile learning app [16]. They collected,
analyzed and clustered the personality and design preferences
of 87 students into two personality types: neuroticism and
conscientiousness. Each interface was designed to the visual
preferences of each group and setup to capture eye movement
and pupil dilation in order to infer cognitive load and focus.
Results showed that design adaptations favored increased user
satisfaction and low cognitive loads.
Abrahamim et al were able to use the Myer-Briggs Type
Indicator (MBTI) to enhance learning by exposing students
to learning structures that best matched their personality [17].
When controlling for differences in Sensing/Intuition and
Introversion/Extroversion traits, they found that intuitive extro-
verts performed better in well-structured environments, while
intuitive introverts were able to perform just as well in non-
structured environments. This also reflects how personality and
cognition seem intertwined.

IV. PRELIMINARY STUDIES:
DATA COLLECTION AND PREDICTION MODELS

A. Research Questions

This study attempts to answer the following questions.
(Q1.1) Is there a relationship between personality and the type
of cognitive bias to whom one is most susceptible? (Q1.2) Is
it possible to predict one’s susceptibility to certain cognitive
biases solely through personality test scores?

B. Assumptions

The main assumption throughout this document is that
errors that occur in a systematic, predictable pattern can be
defined as cognitive biases. When assessing competence in
decision-making, one assumes that a higher competence is
associated with having a higher resistance to common cog-
nitive biases associated with that certain type of decision. For
example, a higher competence in making consistent decisions
when a problem is framed in both positive and negative ways
indicates a higher resistance to framing bias.
Low competence for making a particular type of decision can

be defined as a potential susceptibility to the cognitive biases
that surround said decision. So a lower competence in making
consistent decisions despite how a problem is framed would
signify that the subject is more susceptible or vulnerable to
the framing bias.

C. Instruments

The following instruments were chosen to best address the
questions pertinent to this study and shall were adapted to be
administered in European Portuguese.

• NEO Personality Inventory.
Composed by 240 items devised to evaluate personality
according to the Big Five personality traits (Neuroticism,
Extroversion, Agreeableness, Openness, Conscientious-
ness) [6]. The items displayed in this questionnaire are
in the form of brief assertions to which one can express
different levels of agreement (or disagreement) by the use
of a Likert scale format.

• Adult Decision Making Competence Questionnaire.
Originally composed by a total of 87 items divided in the
following sub-scales: resistance to framing, recognizing
social Norms, under/overconfidence, applying decision
Rules, consistency in risk perception, resistance to sunk
costs and path independence [10].

Since this study focuses on decision-making biases, the sub-
jects were only required to fill out the following components
of the A-DMC:

• Resistance to Framing (FR), consisting of 28 items (14
positively frames + 14 negatively frames) that measure
the ability to maintain decision consistency despite the
way a problem is framed;

• Overconfidence assessment (CAL), consisting of 34
items that measure one’s level of confidence in their own
perception of facts;

• Resistance to Sunk Costs (SC), consisting of 10 items
that measure the subject’s ability to walk away from a
situation that is no longer fruitful to them.

These specific components were translated from English to Eu-
ropean Portuguese and reviewed by three Portuguese reviewers
and one British reviewer. All other components corresponding
to social and probabilistic cognitive biases were left out and
untranslated.

D. Participants

Subjects in this data collection phase were merely required
to be at least 18 years old due to the specificity of the age
range of the A-DMC. The participants were invited through
social media platforms and on sight (near the campus grounds)
to apply to individual study sessions scheduled between 8:00
and 20:00. While 77 sessions were successfully recorded, 26
records were discarded due to the accidental printing of an
outdated translation of the A-DMC questionnaires.
Therefore, the results from 51 participants were submitted to
analysis, which included 28 males, 23 females and an age
range between 18 and 36 (M = 21, 67;SD = 3, 21).
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E. Procedure

As each participant arrived to their scheduled session, they
were given an introduction on the motivation for this study and
the data they would be providing. After signing a consent form
that authorized the use of said data for academic purposes,
they were presented a Google form with the following ques-
tionnaires to complete: Demographic Survey; Technological
Familiarity; Adult Decision-making Competence (A-DMC);
Personality (NEO-PI-R) test.

V. DESCRIPTIVE STATISTICS

A. Demographic data and Technological Familiarity

The demographic survey recorded the participants’ gender,
age, level of education, type of degree they are pursuing and
how far along they are in said pursuit (academic year). As
expressed in section 4.1.4, the study gathered data from a total
of 28 males and 23 females (M = 21, 67;SD = 3, 21). No
participants identified as non-binary in this study sample. In
terms of level of education, the vast majority had a licentiate
degree in Computer Engineering or were completing said
degree with a complete high school education. The techno-
logical familiarity survey recorded the participant’s most used
operating system, browser and social media platform on their
computer and mobile devices. The participants in this sample
were most familiar to the use of Google Chrome as their
main browser, Windows as their main operating system on
a computer, Android as their main mobile operating system
and Instagram as their main social media platform (although
Facebook was a close second).
This survey also recorded how often they perform specific
tasks on their computer such as checking their e-mail and
shopping online and a self-reported estimate of daily hours
spent interacting with each of their preferred products. The
three most frequent tasks that participants do on a daily basis
is check their e-mail, look for pictures/videos and do search
queries on new concepts that are of interest to them (i.e.,
using the internet to obtain and learn new information). The
least frequent task was online shopping (only once every few
months). Participants spend on average 6 to 8 hours a day on
the computer compared to an average of 2 to 4 hours on a
smartphone.

B. Decision-making data

As mentioned in section IV-D, 26 questionnaires were dis-
carded due to the incidental printing of an outdated translation
of the A-DMC, which could potentially skew the participant’s
answers and their subsequent validity.
To analyze the remaining 51 responses, one must recall one
of the main assumptions of this study: ”A lack of competence
when making a particular type of decision can be defined as
a potential susceptibility to the cognitive biases that surround
said decision.” With this assumption in mind, low scores in
the FR component were attributed to framing bias, the CAL
component to overconfidence bias and the SC component
to the sunk cost fallacy. Since susceptibility can occur in a

spectrum, categorization in low, medium and high (or non-
susceptible, potentially susceptible and highly susceptible)
seemed most appropriate. To ensure that the collected data
was normally distributed, box plots were analyzed along
with Shapiro-Wilk normality tests. Despite the notion that
Shapiro-Wilk test is reserved for trials up to 50 subjects
(N < 50), it was considered that our sample (N = 51)
would benefit from this test due to the rather small difference
margin. The overconfidence component failed the normality
test (D(51) = 0, 916; p = 0, 002) and was discarded from
further analysis.
This test was not significant for data from the FR component
(D(51) = 0, 962; p > 0, 05) and SC component (D(51) =
0, 987; p > 0, 05). This encouraged the use of mean and
standard deviation to define the cut-off values. These values
were then used to classify the current data sample as seen
on Table I. Drawing inspiration from the names of each

TABLE I
CUT-OFF VALUES FOR THE A-DMC SCORES IN EACH TESTED

COMPONENT.

Cut-off FR SC
Truly Resistant >M+SD >4,02 >4,762
Potentially Resistant [M; M+SD] [3,61 ; 4,02] [4,28 ; 4,762]
Potentially Susceptible [M-SD; M[ [3,2 ; 3,61[ [3,798 ; 4,28[
Truly Susceptible <M-SD <3,2 <3,798

component, Resistance to Framing and Sunk Costs scores
determined if the subject was classified as Truly Resistant
or Truly Susceptible to its given bias. Susceptible individuals
were those who scored less than one standard deviation below
the mean, while Resistant individuals were those that scores
greater than one standard deviation above the mean. To create
a proper dychotomy, an additional cut-off value was placed
directly on the mean to help place subjects that could be
Potentially Resistant (scores above the mean) and Potentially
Susceptible (scores below the mean) in one of the two main
groups so as to avoid having a disproportionately large portion
of inconclusive scores.

The observed scores in FR ranged from 2,57 to 4,5 (M =
3, 61;SD = 0, 41). When applying the cut-off values, 25
participants were sorted into the Resistant group, where 5 were
classified as Truly Resistant. In comparison, the Susceptible
group contained 26 participants, where 7 were identified as
being Truly Susceptible to the framing bias.

The observed scores in SC ranged from 3 to 5,3 (M =
4, 281;SD = 0, 482). When applying the cut-off values, 27
participants were sorted into the Resistant group, where 8
were identified as being Truly Resistant. In comparison, the
Susceptible group contained 24 participants, where 8 were
classified as Truly Susceptible to the framing bias.

VI. RESULTS

With the findings from the previous sections, we calculated
Pearson correlations and multivariate regression models be-
tween the A-DMC and NEO-PI-R scores.
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A. Correlation studies

The goal for this study phase was to find correlations and
interesting relationships between different decision-making
competences and personality traits. Having performed a Pear-
son’s correlation tests on a sample of N = 51, it was
found that the Resistance to Framing component (M = 3,61
; SD = 0,41), had significant correlations with the following
personality traits:

• Extraversion (M = 116, 8;SD = 20, 12), r =
0, 297, p < 0, 05)

• Openness to experience (M = 130, 24;SD =
17, 88), r = 0, 307, p < 0, 05)

• Conscientiousness (M = 115, 37;SD = 23, 26), r =
0, 313, p < 0, 05)

The Resistance to Sunk Costs component (M =
4, 28;SD = 0, 48) also had a significant correlation with
Openness to experience (M = 130, 24;SD = 17, 88; r =
0, 377; p < 0, 01). In an effort to deepen the understanding
of these correlations, another Pearson test was also conducted
on the 30 different facets that characterize these personality
traits. For the FR component, there were positive correlations
with:

• Achievement Striving facet of Conscientiousness (M =
19,92 ; SD = 5,25, r = 0,337; p = 0,016)

• Competence facet of Conscientiousness (M = 20,67; SD
= 4,175 ; r = 0,334; p = 0,016)

• Ideas facet of Openness to experience (M = 23,61; SD =
5,250 ; r = 0,285 ; p = 0,043).

The SC component had positive correlations with Fantasy (M
= 22,65 ; SD = 4,556 ; r = 0,335; p = 0,016) and Ideas (M =
23,61; SD = 5,250 ; r = 0,334 ; p= 0,017) from the Openness
to experience trait. In the conscientiousness trait, there were
positive correlations between resistance to sunk costs and both
the Competence facet (M = 20,67; SD = 4,175 ; r = 0,324; p
= 0,021) and the Deliberation facet (M = 17,8 ; SD = 4,682
; 0,335; p = 0,010). The Pearson test also detected a negative
correlation with the Hostility facet from the Neuroticism trait
(M = 13,59 ; SD = 5,21 ; r = -0,305; p = 0,030), which was
unexpected.
This would mean that, in theory, achievement driven individu-
als that are more comfortable exploring abstract scenarios and
display more confidence in their decision-making abilities tend
to be more resistant to framing effects. Likewise, more delib-
erative individuals that enjoy thinking about a problem and
consider more angles when entertaining fictitious scenarios in
their mind would potentially be more resistant the sunk cost
fallacy. No correlations were found between A-DMC scores
and the demographic data.

B. Prediction model

Having found some interesting correlations between
decision-making competences and personality traits, the next
step was to ascertain if there was a comprehensive model that
could, through the results of any NEO-PI-R test, accurately
predict the subject’s susceptibility to specific decision-making

biases. Multiple regression analysis was used for this effect.
While there were no adequate predictions found for resistance
to framing effect, a regression model for resistance to the sunk
cost fallacy presented eight predictors that explained 57,3%
of total variance (F (8, 42) = 7, 045, p < 0, 000007, R2 =
0, 573). Its respective equation is as shown below: Within
this model, the following facets significantly predicted SC
scores: Fantasy (β = 0, 05, p < 0, 001); Tender-mindedness
(β = 0, 063, p < 0, 001); Modesty (β = 0, 023, p < 0, 01) and
Deliberation (β = 0, 053, p < 0, 001). This results were quite
useful for the next phase of the study.

VII. DESIGNING FOR SUSCEPTIBILITY

A. Targeting sunk costs

As mentioned before, a sunk cost can be defined as any
form of investment in a project or activity that one cannot
recover. The sunk cost fallacy occurs because human beings
become emotionally attached to their investments [23].
Intuitive notions on common triggers for sunk cost fallacies
make one instantly gravitate towards the concept of monetary
investment and loss. With this in mind, an e-commerce inter-
face could provide immediate triggers for the bias in question,
but demonstrating palpable differences in decision-making in
such an environment seemed to be difficult to express in terms
of objective usability metrics.
Exploring concepts of cost outside of normal currency, gam-
ification principles such as point systems and rewards were
considered. There is evidence that point and rewards systems
in game-like environments are also susceptible of triggering
sunk costs effects [27]. So it seems it is possible to trigger
this bias in any type of interface as long as it contains these
gamification components. The results found in the technolog-
ical familiarity survey played an important role in choosing
the type of interface. Looking at the most common tasks
performed on a daily basis, the participant pool seemed to
gravitate away from online shopping and was most familiar
with computer interactions that involved search queries for
media content (looking at pictures and videos) and new topics
they wanted to learn more about. Since the objective was
to showcase the effect of design on user performance when
adapting to individual differences, and considering the fact that
most participants were in fact students, a learning platform was
chosen as the ideal environment.
Choosing to design a learning platform not only enabled the
illustration of variance in metrics such as improvement and
information retention over time but also allowed gamification
components such as point systems, rewards and challenges to
be applied to increase exposure to the bias being explored.

B. Targeting Deliberation

The prediction model only highlighted facets as significant
predictors. Designing for the parent trait does not guarantee an
adequate adjustment, since high Modesty does not necessarily
equate to high Agreeableness.
While all facets seemed equally viable, featuring at least four
components that individually encapsulate all four significant
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predictors (Fantasy, Tender-mindedness, Modesty and Delib-
eration) could limit the objectivity of data interpretation during
the validation process, as it would render a proper independent
analysis of each facet effect unviable. It would be wise to first
study each facet in isolation before compiling their effects in
future research.
Considering the ABCD decomposition proposed by Wilt &
Revelle [24], it is made evident that standardized tests such
as NEOPIR and the IPIP [25] do not assess each personality
trait with an even number of items pertaining to the influence
of affects, behaviors and cognitions. One could use this im-
balance to justify a selection of facets most influenced by the
behavioral and cognitive domains of personality. According
to the authors, the traits that contain the most behavior
and cognitive related content and least affective content is
Conscientiousness.
Therefore, this design effort focused on adapting to the facet
that suggests effects that would be more influential in a learn-
ing interface environment: deliberation. Deliberation reflects
on one’s capacity to reflect on an issue before making a
decision[6]. People that are more deliberative plan ahead and
ponder options more carefully while less deliberative people
are spontaneous and tend to not reflect on consequences too
much.

C. Environment and choice architecture

Students are usually exposed to two learning environments:
structured and unstructured[29]. In a structured learning envi-
ronment, the student learns from an expert performer (a teacher
or tutor) in an organized session (the teacher is responsible
for the logical structure of the lesson). Outside of classroom,
students engage in unstructured autonomous study, where
they learn by themselves without a specific lesson structure
through their accessible resources (notes they take in class, for
example). While there are advantages to both types of learning
environments, there is evidence that structured spaces are
conducive to improved knowledge acquisition and autonomous
learning incentives [30]. By providing a space for structured
learning outside of the classroom and access to all available
learning resources such as slides, books and practicing materi-
als, one can facilitate autonomous learning. There are several
principles with which to structure learning [31]. Since this
project attempts to designing an environment which emphasize
differences in decision-making competences, the inductive-
inquisitory method seems to be the best option. Students
are presented with examples and then expected to induce
new information. Learning through this method emphasizes
individual learning strategies, principles of problem solving
and the use of heuristics to navigate through the content
that is presented.This is also ideal for students with a wide
range of base knowledge and fosters deeper information reten-
tion [32]. In order to populate the learning space more easily
in the future, the completion-strategy principle is applied. This
principle presents students with problems that require partial
solutions in a way that allows them to induce larger solutions
in more complex tasks [31].

In order for this learning space to remain adaptable, one must
consider how the content of the lesson will be laid out and how
the deliberation facet plays a part in the student’s navigation of
the space. For content to be structured, it must suggest some
type of learning sequence. Usually that sequence is done by
topic, which emphasizes vertical, in-depth content searching.
In parallel, horizontal searching can be seen as a more gen-
eralist, free-form way of learning. Both types of searches can
be optimal depending on the task and environment. Since De-
liberation is a facet of Conscientiousness, we can expect that
a deliberate individual is more likely to ponder both strategies
than a spontaneous one [6]. Therefore, spontaneous individuals
might benefit from a choice architecture that emphasizes the
most beneficial strategy.

D. Nudges and the deliberation facet

The next factor to be considered is lack of motivation. How
can one motivate a student to practice more? Gamification ini-
tiatives heavily target learning environments and have shown
to have a positive effect on learning and motivation[33]. As
suggested in section VII-A, gamification components such as
point systems are ideal triggers for the sunk cost fallacy. Sunk
costs themselves can have a strong motivational power to them.
They inspire individuals to persevere in the completion of a
task by reminding them of past investments and how far they
has come. Baliga & Ely theorized that the sunk cost fallacy
can function as an heuristic in environments where the subject
must deal with limited memory [34]. When memory capacity
is exceeded, the details on what motivated the investment are
lost, so the sunk cost fallacy steps in to remind the subjects
of the costs of said investment and compel them to complete
the journey. When sunk costs are positively framed, they are
referred to as sunk rewards. However, it is important to note
that simply adding a point system to encourage training does
not guarantee learning quality or information retention. Since
all types of students are expected to interact with this interface,
it is natural to assume that some will be more conscientious
than others. Considering the personality facet at hand, there
is the possibility that less deliberative students might just
aimlessly answer the questions to accumulate points without
retaining any information. So how could one create a learning
experience that could adapt to these individual differences?
This is where digital nudging comes into play. As discussed
in section III-A, nudges are used to influence peoples behavior
toward the option that would make them better off [19]. Within
this definition, a scoreboard could be consider a nudge towards
motivating the student to use the learning space of the platform
to practice their skills in the first place. As reported in Section
VI-B, the deliberation facet of a subject’s personality is a
significant predictor of their level of susceptibility to the bias
in question, meaning that less deliberative students are more
likely to be more sensitive to sunk costs. And considering the
environment requirements listed in the previous section, by
adding a bonus for achieving specific learning milestones, one
would be nudging the student to invest in an optimal learning
strategy.
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VIII. IMPLEMENTATION

In order to bring this learning environment to life and test
the assumptions from the last stage, an interactive prototype
was created using Proto.io prototyping software. Considering
the findings in Section V-A, the interface was built with
components from Material Design to visually emulate the
users’ most common browsing experiences.
The learning platform was branded as ”Centro de Estudos
Online da Universidade de Lisboa” or CEO-UL, and simulated
an online learning center that could hypothetically serve as
a repository for pedagogic content across all courses at the
University of Lisbon and a social platform where students
could communicate with their teachers and log on hour of
autonomous by using the learning space to study or train for
test. This is, however, a simple framing mechanism. The only
interactive portion of the interface encapsulated the learning
space. The prototype featured the learning space already open
on a particular lesson.

A. UI components

The design delivered a familiar interface environment - a
website layout with vertical menu, user account, breadcrumbs
to simulate navigation and a lessons page. The base UI
components in the learning space were:

A. Lesson modules, which divide the lesson content into
separate tabs;

B. Questions and multiple options, which populate the
modules;

C. ”Next” buttons, which record each answer and proceed
to the next question within the module.

The lesson modules emulate the notion of lesson structure
and allow the student to choose either content exploration
strategies (vertical, horizontal or a mix of both). The multiple
option questions embody the completion-strategy principle,
where each question simulates a smaller version of the more
complex task being learned. The next buttons present an
instance of choice architecture as they navigate vertically
through the lesson.

Fig. 1. Question Screen in Module A-F (PMM)

Fig. 2. Answer Screen in Module A-F (PMM)

Fig. 3. A-F Module Completion screen (PMM)

Specific components were created to produce an adaptive
digital nudge to support individual differences in the Deliber-
ation facet:

D. Module progress bar, which informs the user of how
close they are of completing a given module;

E. User scoreboard, which displays how many learning
points the user has collected;

G. Module Completion bonus, which is a simple visual
reminder displayed at the end of each completed module.

These components collectively produce a nudge that ensures
more spontaneous individuals maintain a optimal learning
strategy throughout the interaction. The scoreboard is not
simply used as a fun gamification principle, it creates the
notion of value and prompts the loss aversion heuristic [3]. The
module completion bonus rewards the student for completing
a module by giving them free points. The progress bar brings
additional information about lesson structure, allowing more
deliberative people to plan their content search accordingly
and less deliberative people to feel anchored to the sequence
being promoted. Through these three mechanisms, the student
is nudged towards vertical content search. The questions the
student answers, the closer they get to the bonus the harder it
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becomes to change strategy due to loss aversion.

B. Split design: two evaluation modes

An additional component (see Fig. 4 on next page) was
added in the initial screen so the students were led to one
of two different interaction modes: the Per Question Mode
(PQM) and the Per Module Mode (PMM). These different
paths were presented as different evaluation methods for
their lesson, which in return attributed points differently.
Both modes express the ability to explore the modules freely.
When the user selects PQM, the lesson only exhibits basic UI
components and the scoreboard since it was defined as a basic
requirement for student motivation. This mode embodies
current design philosophies. It does not support adaptability
and it avoids triggering biased thinking patterns. It is used
as the control interface. This particular mode attributes +2
learning points for every item answered correctly. When the
user selects PMM, the interface displays all available UI
components. This mode encapsulates notions of adaptability
and positively designing for intuition. It is out bias-adapted
interface. This mode attributes +1 learning points for every
item the user answers correctly. Additionally, the user receives
a +10 bonus for completing each module. The maximum
score in both designs is +80 learning points, which guarantees
there is no particular advantage to picking one evaluation
mode over the other. Once the user enters this mode, they are
shown a scoreboard at the top right corner of the interface
and a module progress bar that visually illustrates how far
they are from completing a given module. Users are also
visually reminded of their bonus in the ”Module Completed”
screen (see Fig. 3).

Fig. 4. Initial Screen

IX. EVALUATION

A. Lesson content

For this study, participants from the data collection phase
would be invited back along with the potential recruitment of
new subjects. Due to the possibility of a more heterogeneous
participant pool, it was important that the topic of the lesson

on the prototypes was accessible to different degrees and
levels of education. Thus, CEO-UL was populated with a
lesson on the topic of vocabulary acquisition. The following
sections document in detail how the exercises were formulated
and which instruments were created to evaluate how well
vocabulary was retained after each lesson.

B. Questions and hypotheses

With the prospect of validating the proposed design guide-
lines, this section presents the primary questions that should
be answered by the end of the evaluation process. (Q2.1)
Do the adaptive design guidelines produce any impact on
user performance and perception of usability? (Q2.2) Which
design strategy yields the best user performance: avoiding sus-
ceptibilities (standard design) or empowering susceptibilities
(personality-adapted design)?
Since the personality-adapted interface (PMM) was created to
consider individual differences and enhance user performance,
it lead to definition of the following hypotheses:

• Hypothesis 1.1 (H2.1): Susceptible users will display
higher rates in one or more performance metrics when
using the PMM design, compared to the PQM design.

• Hypothesis 1.2 (H2.2): Non-susceptible users will main-
tain or display higher in one or more performance metrics
when using the PMM design, compared to the PQM
design.

• Hypothesis 2 (H2): The PMM design will result in higher
usability scores than the PQM design on the SUS scale.

C. Instruments

Along with the instruments used in the collection phase
(see Section IV-C), which are necessary for the registration of
new participants, three additional instruments were created to
evaluate changes in performance, information acquisition and
retention:

• Vocabulary diagnostic test
This test collects a baseline for the extent of the subject’s
advanced vocabulary comprehension. It includes 30 items
scored in a multiple choice format, featuring complex
verbs, nouns and adjectives from A to Z.

• PQM comparative test
A test with a fixed selection of 15 items taken from
the diagnostic test, allowing for score comparison and
study of vocabulary acquisition under the prototype’s ”Per
Question” evaluation method.

• PMM comparative test
A test with a fixed selection of 15 items taken from
the diagnostic test, allowing for score comparison and
study of vocabulary acquisition under the prototype’s ”Per
Module” evaluation method.

The System Usability Scale (SUS) was also used in this
phase. It presents the user with a scale that allows for a
subjective usability assessment through a total of 10 items in
a Likert scale response format [35]. This scale was included
at the end of each comparative tests so that the user could
evaluate each design.
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D. Usability metrics

In alignment with the ISO/IEC 25010 directive for quality
control of the International Standard Organization (ISO), this
study will consider two particular qualities when defining
objective metrics. Effectiveness, defined as ”accuracy and
completeness with which users achieve specified goals” and
Efficiency, defined as ”resources expended in relation to the
accuracy and completeness with which users achieve goals”.
Effectiveness was operationalized through Answer effective-
ness - defined as the ratio between the number of correct
answers and the number of items answered in total - and
Score improvement rate - defined as the difference between
the number of correct answers in a comparative test and the
original number of correct answers in the corresponding items
in the diagnostic test, divided by the total number of items in
the comparative test. Efficiency was operationalized through
the Lesson completion rate - defined as the ratio between
the number of answers and the total number of items in the
lesson - and the Module completion rate, defined as the ratio
between the number of completed modules and total number
of modules. Subjective metrics will be obtained through the
SUS score to analyze the user’s perception of usability in
comparison with objective metrics of usability.

E. Participants

Aside from the same age restriction, subjects were now
required to speak European Portuguese as a native language.
A total of 31 participants participated in the validation phase
of this project, from which 30 data pairs were deemed viable
(16 males and 14 females). The age range fell between 18
and 36 as in the first phase (M = 23, 18;SD = 4, 16).
The collected personality data was inserted into the prediction
model to classify subjects according to their level of bias (see
Section VI-B). Recalling the classification criterion in Section
V-B, participants’ predicted SC scores ranged from 3,70 to
5,54 (M = 4, 39;SD = 0, 36), resulting in 15 participants
being classified as Resistant (where 4 were identified as
truly resistant) and 15 classified as Susceptible (where 1 was
classified as truly susceptible). Since only 50% of the subjects
were correctly classified through the model, participants were
re-classified based on their actual scores on the SC component
(M = 4, 23;SD = 0, 46), resulting in 14 participants catego-
rized as Resistant (with 5 truly resistant) and 16 as Susceptible
(where 5 truly susceptible).

F. Procedure

On arrival, subjects were asked to sign a consent form and
register as a new or repeating participant. They were given
a user guide that helped direct them during the session. Said
guide included an introduction to the platform and the tasks
they were required to complete. During the diagnostic test, a
timer was set to go off after five minutes to familiarize the
user with the sound and help mitigate the planning fallacy,
which is the tendency to underestimate the time it takes to
complete a task. It is also related to our perceptual attention
to the passage of time. They were allowed to continue after the

timer went off and see their score one they’ve completed the
test. After enabling the Windows Game bar recorder, Tasks A
and B on the user guide were randomly assigned to ensure no
design was being favoured. After each interaction, they were
able to see how many points they had collected and were then
asked to complete the comparative test associated with the
task at hand. Finally, they repeated this process for the other
design. Users were allowed to see their test scores after each
comparative test.

X. RESULTS

Participants that were identified as Potentially Susceptible or
Potentially Resistant were attributed to their respective parent
group (Resistant or Susceptible). Box plots were analyzed
and demonstrated consistent trends in favor of the adapted
design. Susceptible students consistently scored higher rates
across all objective performance metrics. Since the box plot
analysis suggested the data did not follow normal distributions
so Shapiro-Wilk tests were performed to assess normality.
Tests were significant for the following data groups:

• PQM Module Completion, both Resistant (D(14) =
0, 819, p < 0, 05) and Susceptible group (D(16) =
0, 859, p < 0, 05)

• PMM Module Completion, both Resistant (D(14) =
0, 833, p < 0, 05) and Susceptible group (D(16) =
0, 819, p < 0, 05)

• PQM Answer Effectiveness, Susceptible group (D(16) =
0, 753; p < 0, 05)

• PQM Score Improvement, Resistant group (D(14) =
0, 913; p < 0, 05)

Given the non-parametric nature of the data, in order to prove
hypothesis H1.1 proposed in section IX-B, a Wilcoxon Signed
Ranks test was conducted to assess differences in the perfor-
mance metrics after interacting with both designs, regardless
of SC group. Despite the fact that most ranks fared in favor
of the adaptive design, there were no significant differences
reported by the test (p > 0, 05). Upon conducting further tests
to each level of sunk cost resistance, the Wilcoxon test showed
no significant differences between groups. This could simply
be due to considerably small test sample (N = 30) and believe
a larger number of participants would ultimately report signif-
icant effects in performance. Perception of usability was more
polarized in the adaptive design. Minimum observed score
decreased in both groups after interacting with the adaptive
design. In both designs, the Resistant consistently gave higher
average usability scores than the Susceptible group. However,
the minimalist control interface had an higher average score
from both Resistant subjects (M = 90, 36;SD = 1, 794) and
Susceptible subjects (M = 90;SD = 1, 661) in comparison
to the scores given to the adapted design. A Shapiro-Wilk test
was performed to guarantee the data was close to a normal
distribution. None of the tests were found to be significant
(p > 0, 5), which motivated a preliminary matched-pairs t-
test to assess differences in scores for the entire sample. The
test did not find significant differences in perceived usability
(t(29) = 1, 464, p > 0, 05). A two-way mixed ANOVA was
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conducted to assess the effect of the within-subjects factor
(susceptibility to sunk costs) on the independent variable
(perceived usability). Since the independent variable only has
two levels of the repeated measure in question, proof of
sphericity does not apply. A Levene’s test was performed
to assess the homogeneity of variance assumption. The tests
were non-significant (p > 0, 05), so homogeneity was secured.
Again, no significant differences were detected. This could be
the result of the lack of empirical user research in the design
process, as the proposed guidelines were built upon theoretical
articles and academic insights.

XI. DISCUSSION

The existence of an observable effect in the box plots
suggested an answer for Q2.1: the adaptive design did, to some
degree, have an impact of performance and usability metrics.
Trends indicated that the adaptive design fostered higher
performance rates across all objective metrics, which hinted to
the conclusion that empowering susceptibilities is the optimal
design strategy for better user performance. Trends aside,
the size and significance of these effects remain paramount
to the validation process. Since no significant differences in
performance were detected between designs (p > 0, 05), all
hypotheses were, for now, refuted. This could simply be the
result of the loss of several research sessions which led to
the relatively small data sample in the evaluation portion of
this project (N = 30 and ultimately seemed to obscure any
statistically significant findings and sizable effects that could
prove the hypotheses.
Alternatively, the study of more complex metrics such as word
retention and video analysis from the resulting data could
describe a more accurate portrait of exactly how much new
information was retained by the students. Considering that
the design process was mostly a theoretical exercise (where
most design decisions were supported by articles and academic
insights instead of palpable user research), the solution to
obtain better usability perception would entail further user
studies, workshops and interviews to establish a more iterative
solution.

XII. CONCLUSION

We began by discussing the key elements that are missing
from better user experience and performance. It focused on
two distinct issues: the lack of proper adaptability to diverse
thinking patterns and the lack of positive design strategies
regarding individual susceptibilities to decision-making biases.
Preliminary investigations focused on the characterization of
decision-making competences as individual differences. In
particular, research focused on ascertaining the role of per-
sonality traits in decision-making strategies, reasoning patterns
and cognitive pitfalls. Several correlations were found to link
cognitive resistance to framing and sunk costs to specific
traits such as Openness to Experience and Conscientiousness.
Additionally, facets such as Deliberation, Tender-mindedness,
Fantasy and Modesty were found to be significant predictors
of susceptibility toward sunk cost fallacies.

This promoted a second body of research that focused on
investigating design initiatives with positive approaches to
cognitive biases. Disciplines such as behavioural economics,
decision theory and evolutionary theory of cognition has
contributed to this theme with methods such as digital nudging
and choice architecture that constitute constructive strategies
towards designing for bias.
After constructing a conceptual learning platform prototype
that featured components designed to adapt to the student’s
susceptibility to sunk cost fallacies and level of deliberation,
it was tested in its ability to produce palpable performative
effects in terms of knowledge acquisition and grade improve-
ment. Students that were more susceptible to the sunk cost
fallacy displayed behavioral shifts in both efficiency and effec-
tiveness. Preliminary results implied that the adaptive interface
was successful in producing digital nudges towards more
deliberative reasoning (higher answer effectiveness) and using
biased behaviors to the advantage of the student (promoting
vertical content search through higher module completion).
While there were no statistically significant differences in
performance to report, the data seemed to suggest that in-
dividuals who were more susceptible to the sunk cost fallacy
benefited from the adapted learning environment across all
objective performance metrics to some small degree. Since
the initial proposal expected to gather a sample size of at
least 100 subjects to adequately study the role of personality
in susceptibility to decision-making biases and the effect of
personality-adaptive design methods on user performance and
experience, the refutation of the hypotheses proposed in this
dissertation might simply be the circumstantial product of the
small population sample in the validation process (N = 30).
While there was no proof of concept for the design portion
of this dissertation, significant contributions were given to the
scientific community in the form of a large scale review of
design strategies for learning platforms using the ISD method,
a journal article on the societal implications of designing for
personality (publication pending) and a prediction model that
can predict susceptibility to sunk cost fallacies based purely
on personality traits with an accuracy of 57,3%, which will
no doubt be of use in future design efforts that focus on
personality adaptability in HCI research.
In light of these conclusions, there are two primordial invest-
ments to be made in the future. Additional exploratory user
studies are needed empirically inform design choices outside
of theoretical proofs of concept. This could be achieved by
incorporating digital nudging and enhanced choice architecture
to the Design Thinking process. Given the 100 different
types of bias that not only affect decision-making but also
memory and social perception, it is imperative to promote
further holistic data collection to not only refine the sunk
cost prediction model but also build additional models. This
could be done through the incorporation of machine learning to
develop intelligent interfaces that provide dynamic predictions
and subsequent adaptability.
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