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Abstract. As feedback is an important part of learning and motivation, we investigate how to adapt the feedback
of a conversational agent to learner personality (as well as to learner performance, as we expect an interaction
effect between personality and performance on feedback). We investigate two aspects of feedback. Firstly, we
investigate whether the conversational agent should employ a slant (or bias) in its feedback on particular test
scores to motivate a learner with a particular personality trait more effectively (for example, using “you are slightly
below expectations” versus “you are substantially below expectations” depending on learner conscientiousness).
Secondly, we investigate which emotional support messages the conversational agent should use (for example:
using praise, emotional reflection, reassurance or advice) given learner personality and performance.

We investigate the adaptation of this feedback to a learner personality, in particular the traits in the Five
Factor Model. Five experiments were run where participants gave progress feedback and emotional support to
students with different personalities and test scores. The type of emotional support given varied between different
personalities (e.g. neurotic individuals with poor grades received more emotional reflection). Two algorithms
were created using different methods to describe the adaptations and evaluated on how well they described the
experimental data using DICE scores. A refined algorithm was created based on the results. Finally, we ran a
qualitative study with teachers to investigate the algorithm’s effectiveness and further refine the algorithm.
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1 INTRODUCTION

Keeping learner motivation high is a key challenge in digital educational systems, with the lack of per-
sonalized approaches traditionally delivered by human tutors increasing drop out rates. As also reported
in this journal, there has been considerable research in developing Intelligent Tutoring Systems and
Adaptive Learning Environments which intelligently adapt the learning environment to learner charac-
teristics (e.g. Wenger, 1987; Cerri et al., 2012; Lane et al., 2013b). Common learner characteristics for
this adaptation include affective state (Nkambou, 2006; Woolf et al., 2009), motivational state (McQuig-
gan et al., 2008), learning styles (El-Bishouty et al., 2014), learner skills (Desmarais and Baker, 2012)
and performance on a task (Varnosfadrani and Basturkmen, 2009). This paper investigates adaptation
to an under-explored learner characteristic, namely personality, in particular the traits in the Five Factor
Model (also known as the Big 5).
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Table 1
Four examples of learners

Matt procrastinates and wastes his time. He finds it dif-
ficult to get down to work. He does just enough work to
get by and often doesn’t see things through, leaving them
unfinished. He shirks his duties and messes things up. He
doesn’t put his mind on the task at hand and needs a push
to get started. Matt tends to enjoy talking with people.

Peter is always prepared. He gets tasks done right away,
paying attention to detail. He makes plans and sticks to
them and carries them out. He completes tasks success-
fully, doing things according to a plan. He is exacting in
his work; he finishes what he starts. Peter is quite a nice
person, tends to enjoy talking with people, and quite likes
exploring new ideas.

David often feels sad, and dislikes the way he is. He is
often down in the dumps and suffers from frequent mood
swings. He is often filled with doubts about things and is
easily threatened. He gets stressed out easily, fearing the
worst. He panics easily and worries about things. David
is quite a nice person who tends to enjoy talking with
people and tends to do his work.

Andrew seldom feels sad and is comfortable with him-
self. He rarely gets irritated, is not easily bothered by
things and he is relaxed most of the time. He is not eas-
ily frustrated and seldom gets angry with himself. He
remains calm under pressure and rarely loses his compo-
sure.

As feedback is an important part of learning and motivation (Deci and Ryan, 1980), we investigate
how a conversational agent could adapt feedback to learner personality and performance.
Consider the learners in Table 1 – suppose they have all achieved the same score on a test. Would you
praise them? Obviously, this would depend on the score they achieved. Suppose the pass mark is 50%.
Would you provide praise if the learner scored 90%? Most likely, yes. However, what if the learner only
achieved 55%? We believe that the answer to this question depends on the circumstances surrounding
the learner. It may depend on how much effort the learner has put in1, how you believe they will be
feeling about the score, and how they may react to feedback. We postulate that teachers use the learner’s
personality as a guide for both the effort they put in (e.g. conscientiousness; compare example learners
‘Matt’ and ‘Peter’ in Table 1) and how they would respond to their progress (e.g. neuroticism; compare
‘David’ and ‘Andrew’). For example, if a student is highly conscientious (such as ‘Peter’) then the
teacher may assume that have put in considerable effort and praise them even if they achieved a bare
pass. If the student is highly neurotic, then they may be easily upset about a failing score and may need
more encouragement than an emotionally stable learner (such as ‘Andrew’).

In this paper, we investigate two aspects of feedback. Firstly, we investigate whether the conversa-
tional agent should employ a slant (or bias) in its feedback on particular test scores to motivate a learner
with a particular personality trait more effectively (e.g., using “you are slightly below expectations” ver-
sus “you are substantially below expectations” depending on learner conscientiousness). Secondly, we
investigate which emotional support messages the conversational agent should use (e.g., using praise,
emotional reflection, reassurance or advice) given learner personality and performance. Table 2 shows
examples of feedback. The empirical research will lead to an algorithm for providing tailored feedback.

The paper is organized as follows. Section 2 describes the background to the research and the
related work. Section 3 introduces the methodology used in the studies. This includes a summary of

1It could also depend on the learner’s past performance or learner goal. This is beyond the scope of this paper, but it will be
discussed under future work.
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Table 2
Examples of different types of feedback on performance

Feedback Example Emotional Support used Slant

You are meeting my expectations on topic A. I am proud of you, just keep
practising.

praise & advice neutral if score 55%

You are meeting my expectations on topic A. Just keep practising – you will
get the hang of it eventually.

advice & reassurance neutral if score 55%

You are below my expectations on topic A. I understand that you may be
upset, you will get the hang of it eventually, just keep practising.

emotional reflection,
reassurance & advice

neutral if score 30%

You are substantially below my expectations on topic A. You will get the
hang of it eventually, just keep practising.

reassurance, advice negative if score 30%

how personality stories were constructed and validated, how slant was defined and validated, and how
emotional support categories and statements were produced and validated. Sections 4-8 present five
studies, one for each factor of the Five Factor Model. This results in empirical insights on what feedback
(slant and emotional support) people use when providing feedback to a learner with a certain personality
and a certain performance. Section 9 describes the creation of an algorithm to produce the adaptations
in feedback discovered to through the studies and an initial evaluation of the algorithm in terms of DICE
scores. Section 10 presents a qualitative study with teachers and trainee teachers to evaluate whether the
adaptations produced by the algorithm are appropriate and to further refine the algorithm. Section 11
concludes the paper, discusses its limitations and presents future work.

2 BACKGROUND AND RELATED WORK

The overarching goal of our research is to tailor feedback to learner personality and performance in order
to motivate learners to study. Motivation is a complicated concept, so we first wanted to establish through
a literature review how it relates to personality, and how it can be influenced through feedback. The
Intelligent Tutoring Systems community have started investigating the relationships between feedback
types, momentary confidence and learning (Boyer et al., 2008; Calvo and Ellis, 2010). However, they
do not provide a fine grained model of the relevant factors. This section first discusses the concepts of
motivation, personality, affective state, empathic support and performance feedback, and the relationship
between them (as investigated through a literature survey in (Dennis et al., 2012c) and summarized in
Figure 1). Next, it discusses related work on adaptive learning systems.

2.1 Motivation

Motivation is defined as “the process that energizes and/or maintains a behaviour”2. Many theories
of motivation exist (see Graham and Weiner (1996) for an overview). Table 3 shows relevant modern
theories of motivation. There are also several theories specifically about learner motivation. For example,
the ARCS model identifies four factors that facilitate motivation, namely the learner’s attention, the

2AllPsych Dictionary: http://allpsych.com/dictionary/m.html
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relevance of instruction to the learner (goals, past experience, learning styles), the learner’s confidence
(including self-efficacy and attribution theory) and satisfaction (establishing a positive feeling towards
the learning experience) (Keller and Suzuki, 2004). A distinction is often made between intrinsic (coming
from oneself; doing things for personal enjoyment), and extrinsic (coming from external sources, such
as the need to pass) motivation (Ryan and Deci, 2000). It has been argued that people have an evolved
propensity for intrinsic motivation (Ryan et al., 1997). We will distinguish between the propensity for
motivation (motivation in general) and momentary motivation (motivation at a particular moment).

Motivation is an important part of the learning process- as without the drive to achieve, students
may fail to complete tasks and lose the will to learn new skills. If a learner experiences high levels of
motivation, they are likely to perform better at academic tasks, and also experience positive affective
states while learning (Zakharov et al., 2008). Blanchard and Frasson (2004) found that motivation was
important for successful learning, and that a lack of motivation would have negative emotional impacts.

2.2 Personality

Chambers Dictionary defines Personality as “a person’s nature or disposition; the qualities that give one’s
character individuality”3. Personality is a complex area, which has led to the development of theories
of personality to aid understanding of oneself and others including Psychoanalytic, Neopsychoanalytic,
Trait, Life-span, Humanistic, Cognitive, Behavioural, Social Learning and Limited-Domain theories
(Nunes, 2008). In this paper, we focus on Trait theories.4.

Personality traits can be defined as “relatively enduring patterns of thoughts, feelings and behaviours
that represent a readiness to respond in particular ways to specific environmental cues” (Fayard et al.,

3http://www.chambers.co.uk
4We also considered the Social Learning models of Locus of Control (Rotter, 1966) and Self-Efficacy (Bandura, 1994).

However, Locus of Control seemed most useful when adapting feedback that compares the learner’s performance to that of
others, and Self-Efficacy has been shown to be a subfacet of Emotional Stability
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Table 3
Contemporary Motivational Theories and Constructs

Theory /
Construct

Description

Expectancy
/ Value

E/V theories advocate increasing the expectancy for success, which will raise the value of the
task, increasing motivation.
For example, task value theory aims to explain why individuals do different tasks. This can
be defined as four motivational components of task value: Attainment Value: The personal
importance of doing well on a task; Intrinsic Value: the enjoyment one gets from doing the
activity; Utility Value: How well the task relates to current and future goals; Cost: How doing
one task affects other possible tasks (see (Wigfield et al., 2008)). These self-concepts and
expectancies have been shown to reliably predict performance in mathematics, English and
sport activities (Wigfield et al., 2008).

Attribution Attribution theory gets the learner to focus on effort and controllable causes. Weiner’s At-
tribution Theory (Weiner, 1985) states that an individual’s causal attributions of achievement
affect subsequent behaviours and motivation. A primary assumption is that people interpret
their environment in such a way as to maintain a positive self-image .

Goal Orien-
tation

Goal theories argue that setting reasonable goals and encouraging mastery increases motiva-
tion.

Intrinsic
Motivation

Intrinsic Motivation to complete a task comes from oneself; such as a person who voluntarily
masters a skill. Extrinsic motivation is motivation coming from an external source, such as
pressure from parents to pass an exam. (Deci and Ryan, 1985) found that rewards for a task
were usually perceived as controlling, and lead to a decrease in intrinsic motivation. They
argue that people have a built in tendency to become competent at tasks.

Self-
Determination
(SDT)

Building on Intrinsic Motivation theory, SDT describes behaviour that originates from the indi-
vidual themselves (Wigfield et al., 2008). Deci and Ryan (2002) state that there are three basic
needs: The need for competence, for autonomy, for relatedness. They developed a taxonomy
to describe the different stages of motivation experienced when transitioning from being exter-
nally to internally motivated. They investigate how external rewards may undermine intrinsic
motivation, and title this cognitive evaluation theory. There is debate about when this occurs,
but convincing evidence that this does occur in the real world (Wigfield et al., 2008).

Flow Flow is defined as the immediate subjective experience that occurs when engaged in an activity.
Characteristics of being in flow are: Feeling of being immersed in an activity; Merging of ac-
tion and awareness; Focus of attention on a limited stimulus field; Lack of Self-Consciousness;
Feeling in control of one’s actions and the environment (Csikszentmihalyi, 1988).

Self-
Efficacy

Self-Efficacy is a person’s belief in how well they can complete a task. This has been argued
to be one of the main determinants of motivation and performance (Bandura, 2012).

Control Rotter (1966) distinguishes between internal or external locus of control, where individuals
with an internal locus of control believe they can control events and consequently feel respon-
sible; whereas those with an external locus of control believe they cannot control much and
may proportion blame onto others. Later, control beliefs were categorised into a model (e.g.
Wigfield et al. (2008)): Strategy Beliefs: particular causes produce a certain outcome; Control
Beliefs: expectations that individuals have about how they can produce desired events and
avoid undesired ones; and Capacity Beliefs: the belief that an individual has about whether
they have access to the materials they need to produce outcomes.

Social Cog-
nitive

In social cognitive theory, the self (thoughts, feelings and actions) plays a key role in human
behaviour. It has been applied to learning, borrowing constructs such as Self-Efficacy, Locus
of Control and Self-Worth (Schunk and Ertmer, 1999).
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2012). Over the past century, trait theorists have sought to identify and categorise these traits in various
ways, resulting in many trait models. The number of traits identified has varied over the years, with
several competing theories. Some of the most well known are Eysenck’s three factors (Eysenck, 2013),
Cattell’s 16PF (Cattell, 1957), and the Five-Factor Model (Goldberg, 1993). However, in recent years
there has been a general trend towards Five main traits (or dimensions) (e.g. Digman, 1990).

We have adopted the Five Factor Model, as it is considered robust by most psychologists (Magai
and McFadden, 1995), and a 45 year study found that the levels of the traits in individuals remained
relatively stable (Soldz and Vaillant, 1999). See Digman (1990) on how the most popular trait models
can be mapped to the Five-Factor Model. Psychologists may generally agree that there are five traits,
however they do not agree on their names. In this paper, we adopt the nomenclature and definitions from
John and Srivastava (1999) and refer to them as follows:

• Extraversion (I): How talkative, assertive and energetic a person is.
• Agreeableness (II): How good natured, cooperative and trustful a person is.
• Conscientiousness (III): How orderly, responsible and dependable a person is.
• Emotional Stability (vs neuroticism) (IV): How calm, non-neurotic and imperturable a person is.
• Openness to Experience (V): How intellectual, imaginative and independent-minded a person is.

The Five-Factor model has several advantages for use in our research. In addition to having broad
consensus amongst psychologists, it provides a relatively simple way of identifying the personality of an
individual as there are several validated questionnaires which measure it, with varying numbers of items
from as few as 10 to 300 (e.g. Gosling et al., 2003; Goldberg et al., 2006).

The link between personality and propensity for motivation is well documented. Colquitt and Sim-
mering (1998) examined the relationship between conscientiousness and motivation to learn, and found
that conscientiousness was linked to Self-Efficacy and learner motivation. In further research, Major
et al. (2006) found that Extraversion, Openness to Experience, Conscientiousness and Proactivity are
good predictors of motivation to learn.

According to (Fayard et al., 2012), emotions can constitute part of personality traits. As such, there
has been considerable research on the link between personality and emotions, with the link between
Extraversion and positive affect, and Neuroticism and negative affect being well established (Rusting
and Larsen, 1997). Conscientiousness is linked to both positive and negative affect: it is related to the
positive affect facet attentiveness (Watson et al., 1998) and the negative facet guilt (with conscientious
individuals likely to feel guilt when failing to meet their aspirations) (Fayard et al., 2012). Conscientious
individuals also become more stressed when they receive negative feedback on their performance as they
are more ambitious (Cianci et al., 2010). Personality can be used as a predictor of affective state, when
coupled with performance related to a goal (Robison et al., 2010).

2.3 Affective State and Momentary Motivation

Although personality provides an indication of how likely somebody is to become motivated, whether
they are feeling motivated at any given time (so, momentary motivation) also depends on the individ-
ual’s affective state (which as discussed above, is influenced by personality). Earlier research treated
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affective state as an output after motivation (e.g. (Weiner, 1985)), and affective state does not form part
of many motivational constructs (Meyer and Turner, 2002). However, more recent research has found
that affective state is important as an input to motivation; it contributes to the establishment of goals
and self-efficacy (Turner et al., 1998). Positive affective states, such as interest, also increase motiva-
tion in learners (Meyer and Turner, 2002) and negative affective states such as anger and anxiety can
reduce motivation (Assor et al., 2005). Effective motivational strategies need to consider affect (Meyer
and Turner, 2002). The relationship between affective state and momentary motivation is complex. In
general, positive affective states are seen as conducive to motivation, however certain negative emotions,
in particular guilt, can increase motivation (Fayard et al., 2012). Propensity for motivation however can
outweigh this relationship (Fayard et al., 2012).

2.4 Emotional Support

The Psychology Dictionary defines emotional support as: “the reassurance, encouragement and under-
standing we give . . . to a person”5. Emotional support has been described as messages or actions assuring
an individual they are loved, cared for, esteemed and valued (Cobb, 1976). Emotional support is impor-
tant in learning (Meyer and Turner, 2002) as it can encourage and reassure a learner and support their
well-being when faced with negative affect. Table 4 shows examples of emotional support types used
by other researchers. Statements can provide reassurance (“don’t worry”), encouragement (“you can do
it”) and praise (“good job”). They can also empathise with emotional state (“I know you may be feeling
anxious”) and provide perspective (“yes, this topic is difficult”).

Several researchers have built systems which provide emotional support to improve learning (e.g.
Robison et al. (2009a)), and reduce negative affect (e.g. Prendinger and Ishizuka (2005); Nguyen and
Masthoff (2009); Klein et al. (2002)). Studies have shown that providing emotional support leads to
increased user satisfaction and system likeability (e.g Brave et al. (2005); Paiva et al. (2004); Nguyen and
Masthoff (2009); Prendinger and Ishizuka (2005); Klein et al. (2002)) and can indeed impact emotions.

2.5 Performance Feedback

Performance is how well the learner has performed a learning related task. There are three common
types of feedback in Intelligent Tutoring Systems literature: Empathic Feedback, Task-Based Feedback,
and Progress-Based feedback (Robison et al., 2009b; Jackson and Graesser, 2007). Empathic feedback
is a type of Emotional Support and has been discussed above. Task-based feedback gives practical and
domain specific advice on how to complete an activity (e.g. hints on a maths quiz) or how to avoid
mistakes made next time. Progress feedback is an assessment provided to a learner on their advancement
(Jackson and Graesser, 2007), and reflects on their performance compared to teacher expectations.

Feedback can be slanted by emphasising good or bad aspects of the learner’s performance. This
can be achieved by omitting items (e.g., “you are below expectations on A and above expectations on
B” versus “you are below expectations on A”), and by changing the phrasing (e.g., “you are substantially
below expectations” versus “you are slightly below expectations”). There have been some studies on

5http://psychologydictionary.org/emotional-support/
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Table 4
Examples of types of Emotional Support

Author Empathy Praise Advice Reassurance Encouragement Other

Barbee et al. (1993) solace solve
Brave et al. (2005) empathy
Burleson and Picard (2007) mirroring,

affect
Cutrona and Russell (1990) concern love interest,

care
Cutrona (1996) nuturant esteem problem

solving
Fogg and Nass (1997) praise
Gilliland (2011) praise explaining reassurance encouragement
Hone (2006) affect sup-

port
Johnson et al. (2004) praise
Klein et al. (2002) affect sup-

port
Lee (2008) flattery
Masthoff (1997) praise
Nguyen and Masthoff (2009) sympathy,

empathy
perspective

Paiva et al. (2004) empathy
Picard and Klein (2002) sympathy,

empathy
Prendinger et al. (2004) empathy
Prendinger and Ishizuka (2005) empathy congratulate encouragement
Robison et al. (2010) parallel

empathy
reactive
empathy

Rook and Underwood (2000) appreciate,
respect

reassurance encouragement

the language used in feedback. Subtle variations in language can result in differences in self-reported
affective state (van der Sluis and Mellish, 2010), with positive phrasing of feedback after an IQ test
having a beneficial effect on study participants’ affective state. Wang et al. (2008) describe a study
where learners received feedback that was “polite” appealing to the desire for approval (positive face), or
direct. The learners that received the “polite” feedback reported higher learning gains than those with the
direct feedback, and the authors highlight the need to focus on the social-intelligence of agents, rather
than just their appearance. Porayska-Pomsta and Mellish (2013) describe the modelling of feedback by
human tutors to inform a Natural Language Generation system which can provide politeness in feedback
as well as feedback tailored to the learner’s immediate situation. Feedback can be given during or after a
task. In this paper, we focus on Emotional Support and Progress feedback given after a task.

2.6 Adaptation of Learning Systems to Motivation and Affective State

There has been considerable research on adapting learning systems to learner motivation and in particular
affective state. For example, Autotutor (D’Mello et al., 2008) is a sophisticated intelligent tutoring
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system which can recognise moods such as boredom, confusion, frustration and engagement. Autotutor
interacts with learners in two ways – via natural language dialogues and an embodied pedagogical agent
which expresses affective responses to the learner. Autotutor aims to change negative affective states
into positive ones which promote more engagement in learning using feedback tailored to emotions. As
feedback, the embodied pedagogical agent can produce surprise, delight, disappointment, compassion
and skepticism. Autotutor uses many physiological measurements to establish learner affect, and has
shown considerable success in using learning tactics from expert tutors to improve learning gains.

Robison et al. (2009b) describe a methodology to decide whether to use task based (hints on how to
proceed with the task) or affect based feedback (feedback depending on the affective state of the learner).
They found that affect-based feedback was often rated as helpful, and that learners often benefit more
from affect-based feedback than hints and reminders.

VanLehn et al. (2014) describe the development of an affective intervention using a learning com-
panion. The learner’s behavioural categories after a task were modelled, and an affective message given
afterwards. For example, if a learner was suspected of gaming the system, the companion would respond
with messages such as “It seems that you need to put quality time into your tasks. Maybe trial-and-
error is not always the best strategy”. The system’s performance shows promising accuracy at predicting
learner behaviour. However, the effects of the intervention on learners are yet to be investigated.

Lane et al. (2013a) describe ‘Mike’ an animated conversational agent which is placed in a science
museum and teaches children to program. They describe an experiment where Mike’s feedback on
learner progress was designed to increase the learner’s self efficacy at programming a robot. Mike had
two conditions: enthusiastic and cold. In the enthusiastic condition, Mike offered praise in feedback such
as “I am so impressed” when the learner performed a correct action, and offered more human like hints
(“think about what you do when you turn around” vs “the robot needs to turn left and right”). A small
improvement in self-efficacy was found in the condition where Mike provided enthusiastic feedback.

Martin et al. (2011) describe the development of the SIgBLE framework which aims to provide
adaptable feedback for teachers, learner and learning environments (actors), with the goal of improving
learning outcomes. The main objectives are to detect failure and success from the actions of the actors
and provide reliable, adaptable feedback for each actor. Presently, their work has focussed on deducing
learner characteristics (in the SIgBLE prototype), which teachers can use when deciding on feedback.

Arroyo et al. (2014) describes a system that identified and targeted affective states, additionally
using measures of progress and motivation to improve student cognition, engagement and affect.

Outside of learning, Prendinger and Ishizuka (2005) developed an empathic companion to help
with the preparation of a job interview. The agent was able to interpret the affective state of users by
measuring physiological data. It then provided empathic support with the goal of mitigating negative
affective states. Whilst an overall effect was not found, the empathic support did succeed in reducing
stress when the user was being asked interviewer questions.

2.7 Adaptation of Learning Systems to Personality

There has also been some work on adapting to learner personality. Firstly, there is research on adapting
motivational tactics. Del Soldato and Du Boulay (1995) describe a motivational planner which is able
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to react and use motivational tactics. They describe how to model confidence and effort in learners, and
how to select different tactics based on these levels. For example, if a learner has completed a task, then
the planner will select a tactic to increase confidence. However, if the learner has given up, then the
planner will pick a tactic to increase effort.

Secondly, there is research on adapting tutoring materials to learner personality and learning styles.
For example, Beal and Lee (2005) describe the creation of a pedagogical model that adapts instruction
(problem selection, problem difficulty, topic area, choice of activity, choice of help type, and availabil-
ity of help) to learner motivation (including Self-Efficacy and domain specific criteria) and mood. El-
Bishouty et al. (2014) developed a smart e-course recommender tool which analyses online courses and
recommends learning objects which improves the support level for those with different learning styles.

Finally, there has been research into the role that personality plays when different types of feedback
are given to learners. Robison et al. (2010) investigated whether personality could be used as a predictor
of the effect of different types of feedback on learner affect. In their experiment, learners played an
interactive game to solve a mystery about the cause of an outbreak of disease on a fictional island.
When they were asked a question, a virtual agent appeared and asked them how they were feeling.
Learners indicated this by completing a short self-report questionnaire, which measured the valence of
nine emotions (anger, anxiety, boredom, curiosity, confusion, delight, excitement, flow and frustration).
The agent then gave a randomized type of feedback to the learner, which was selected from task-based
(e.g. “You might consider reading a book on pathogens, you can find a good book in the lab”), parallel-
empathic, which gave feedback reflecting the learner’s current affective state (e.g.“I know it’s frustrating
not knowing what is causing the problem”) or reactive-empathic, which aimed to place the learner in a
more positive affective state (e.g. “I know this is a tough problem, but if you keep working at it, I’m sure
you’ll get an answer soon”). Learners then rated how effective they thought the feedback was using a
scale, before taking a second self-report affect questionnaire. Robison et al. were thus able to measure the
transition of affective state that the feedback had caused in the learner. As they also required the learners
to take a personality test prior to the study, they were able to use this to correlate the transitions that
occurred for each feedback type with their scores on the Five-Factor model. Personality had a significant
effect on the transitions overall (for example, Conscientious learners were less bored after feedback),
however the effects for each feedback type were not investigated in this paper.

3 STUDY DESIGN FOR INVESTIGATING HOW TO ADAPT EMOTIONAL SUP-
PORT AND SLANT IN FEEDBACK TO PERSONALITY AND PERFORMANCE

This paper investigates if those taking the role of a teacher adapt emotional support strategies in addition
to slant based on a learner’s personality and performance. As the Five-Factor model presents a complete
model of personality, we performed five experiments with the same design, one for each of the traits,
using personality trait stories to convey learner personality. This series of experiments utilize the User-
as-Wizard approach (Masthoff, 2006), where participants take the role of a system giving feedback to a
learner. This section describes the common design of the experiments, sections 4-8 present the results,
section 9 provides an over-arching discussion of the results.
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Table 5
Stories used for each of the traits, high and low.

Trait Level Story

Extraversion

low Jack has little to say to others, preferring to stay in the background. He would
describe his life experiences as somewhat dull. He doesn’t like drawing atten-
tion to himself, and doesn’t talk a lot. He avoids contact with others and is hard
to get to know. He retreats from others, finding it difficult to approach them. He
keeps people at a distance. Jack is quite a nice person.

high Jack feels comfortable around people and makes friends easily. He is skilled in
handling social situations, and is the life and soul of the party. He knows how
to start conversations and easily captivates his audience. He warms up quickly
to others, and likes talking to a lot of different people at parties. He doesn’t
mind being the centre of attention and cheers people up. Jack can sometimes be
insensitive.

Agreeableness

low Charlie has a sharp tongue and cuts others to pieces. He suspects hidden motives
in people. He holds grudges and gets back at others. He insults and contradicts
people, believing he is better than them. He makes demands on others, and is
out for his own personal gain. Charlie tends to be calm and quite likes exploring
new ideas.

high Charlie has a good word for everyone, believing that they have good intentions.
He respects others and accepts people as they are. He makes people feel at ease.
He is concerned about others, and trusts what they say. He sympathizes with
others’ feelings, and treats everyone equally. He is easy to satisfy. Charlie tends
to be quite anxious.

Conscientiousness

low Josh procrastinates and wastes his time. He finds it difficult to get down to
work. He does just enough work to get by and often doesn’t see things through,
leaving them unfinished. He shirks his duties and messes things up. He doesn’t
put his mind on the task at hand and needs a push to get started. Josh tends to
enjoy talking with people.

high Josh is always prepared. He gets tasks done right away, paying attention to
detail. He makes plans and sticks to them and carries them out. He completes
tasks successfully, doing things according to a plan. He is exacting in his work;
he finishes what he starts. Josh is quite a nice person, tends to enjoy talking
with people, and quite likes exploring new ideas.

Emotional Stability

low James often feels sad, and dislikes the way he is. He is often down in the dumps
and suffers from frequent mood swings. He is often filled with doubts about
things and is easily threatened. He gets stressed out easily, fearing the worst.
He panics easily and worries about things. James is quite a nice person who
tends to enjoy talking with people and tends to do his work.

high James seldom feels sad and is comfortable with himself. He rarely gets irritated,
is not easily bothered by things and he is relaxed most of the time. He is not
easily frustrated and seldom gets angry with himself. He remains calm under
pressure and rarely loses his composure.

Openness

low Oliver is not interested in abstract ideas, as he has difficulty understanding them.
He does not like art, and dislikes going to art galleries. He avoids philosophical
discussions. He tends to vote for conservative political candidates. He does
not like poetry and rarely looks for a deeper meaning in things. He believes
that too much tax money goes to supporting artists. He is not interested in
theoretical discussions. Oliver is quite a nice person, and tends to enjoy talking
with people.

high Oliver believes in the importance of art and has a vivid imagination. He tends to
vote for liberal political candidates. He enjoys hearing new ideas and thinking
about things. He enjoys wild flights of fantasy, getting excited by new ideas.
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Table 6
Selected emotional support statements to be used in the series of studies

Cat. Statements used

P That was hard but you did it; I am proud of you; Well done
ER I know what you’re feeling; You must be really happy; I understand that you may be

upset
R Everyone is wrong sometimes; Everyone finds this hard; You will get the hang of it

eventually
A Just keep practising; Just take a bit longer next time; Just read the questions more care-

fully

3.1 Materials

Personality Stories. To vary learner personality, participants were given one of two stories about a
fictional learner, (see Table 5), which described a Big 5 factor at a high or low level. By taking this
approach, rather than a more simplistic one (such as “John is an extrovert”), we hoped to provide enough
information for participants to identify and empathise with them. We adapted personality Self-Report
Questionnaires (the IPIP-NEO scales from Goldberg et al. (2006)), to create short stories which describe
one personality trait at a polarized level. To ensure that the stories expressed the trait that they were
designed for, and did not inadvertently express another trait at the same time, we designed a validation
experiment where participants saw the story about a learner, and rated the story using a validated person-
ality questionnaire (the Mini-Markers scale, (Saucier, 1994)). If needed, the stories were adjusted and
re-validated; Dennis et al. (2012b) describes the development and validation of the stories in detail.

Progress Feedback Options. In (Dennis et al., 2011), we developed a systematic way for participants
to provide progress feedback. Participants can use a set of descriptions (above, below, meeting) and
modifiers (slightly, substantially) to describe the learner’s performance compared to their expectations,
see Table 7.

Emotional Support Options. We provided participants with a range of different types of emotional
support that they could use to support the learner (see Table 6). To establish these, we ran a brainstorming
exercise which asked three teachers to generate as many examples of emotional support as they could. A
card sorting exercise was performed to group the emotional support statements that were related together.
These became a set of categories, which were labelled. A validation experiment was implemented which
showed participants each emotional support statement in turn and asked them to place it into one of the
categories. Statements which were not reliably categorised were discarded. This resulted in a set of
categories of emotional support, each having a set of validated statements that were examples of them.
See (Dennis et al., 2013) for details.

Score. The performance of the learner was conveyed by a percentage score that they had achieved on a
mock test on Aromathy (a fake topic). There were six possible scores: a poor fail (10%), a fail (30%), a
marginal fail (45%), a marginal pass (55%), a good pass (70%), and a strong pass (90%).
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Fig.2. The interface for the main study. In this example, the participant has already given performance feedback in
step one, and is now adding emotional support.

3.2 Experimental Procedure

We used a 6x2 between-subjects design; participants were shown a story about a learner conveying the
personality trait (e.g. Conscientiousness) at high or low levels, and a score they had achieved on a test.
Thus there were 12 variants of the study per trait, with participants only giving feedback on a single
score. Participants were asked to give the learner progress feedback: whether he was above, meeting or
below expectations. They could also use the two modifiers (substantially or slightly) if they wished.

Participants could opt to add emotional support statements (shown in Table 6). They could add as
many of the statements as they wished, but they could only add each statement once. A conjunction
(one of “and”, “but”, “however”, a full stop, a semi-colon or a comma) could also be added between
the statements to make the feedback statement flow more naturally. Participants were then shown their
feedback paragraph, and given the opportunity to give any comments. Figure 2 shows the interface used.

3.3 Variables

There were two independent variables: The learner’s personality Trait Level: high or low, and the Score
the learner has achieved. We used six measures for the dependent variables: The number of Emotional
Support statements used for each category (Reassurance, Praise, Emotional Reflection or Advice), the
total number of Emotional Support statements (NS), and the Slant exhibited.
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Table 7
The slant expressed by each description/modifier combination for each score.

Passing Failing

Score Description Modifier Slant Score Description Modifier Slant

90%
above

substantially, none neutral

45%

above all positive

slightly negative meeting n/a positive

meeting n/a negative
below

slightly, none neutral

below all negative substantially negative

70%
above

substantially positive

30%

above all positive

slightly, none neutral meeting n/a positive

meeting n/a negative
below

slightly, none neutral

below all negative substantially negative

55%
above

substantially positive

10%

above all positive

slightly, none neutral meeting n/a positive

meeting n/a neutral
below

slightly positive

below all negative none, substantially neutral

The slant is the result of progress feedback, and can be positive, negative or neutral. For example,
if a score of 90% is described as ‘slightly above’ expectations then this constitutes a negative slant.
To establish and validate which modifier and description combinations exhibited which type of slant,
we conducted a focus group with three judges (who were teachers) and asked them to indicate which
combinations exhibited a positive, negative or neutral slant (Dennis, 2014). This resulted in a set of rules
for slant, for each modifier/description combination and score, shown in Table 7.

3.4 Participants

The experiments were administered as an online questionnaire on Amazon’s Mechanical Turk (MT,
2012). Mechanical Turk allows the creators of tasks (requesters) to approve or reject completed work
before payment. Mechanical Turk holds many statistics on each participant (worker), including their
location and acceptance rate. The acceptance rate is a global statistic available to all requesters on
Mechanical Turk. Thus if a worker consistently submits poor or incomplete work, their acceptance rate
will drop. As requesters usually set a high acceptance rate as as requirement for their tasks, this causes
workers to take their acceptance rate very seriously, and to complete the tasks to the best of their ability.

In our experiments, we included a Cloze Test for English Fluency that served as an attention check
to ensure that workers were reading the instructions carefully, and possessed enough literacy skills to
understand the language based nature of the task. Participants had to have an acceptance rate of 90%, be
based in the United States and pass the fluency test. Each of the experiments described in this paper used
unique participants, and Table 8 shows their demographic information.
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Table 8
Participant demographics for each trait experiment (C = conscientiousness, ES = Emotional Stability, EXT = Extraversion,
AGR = Agreeableness, OE = Openness to Experience).

trait n
age gender occupation

avg time
16-25 26-40 41-65 over 65 M F unknown student teacher other

C 242 34% 41% 24% 1% 46% 53% 1% 33% 7% 60% 2.5m
ES 240 45% 39% 15% 1% 63% 36% 1% 38% 5% 58% 2.5m
EXT 241 28% 47% 23% 2% 57% 42% 1% 23% 7% 70% 2.5m
AGR 240 21% 45% 31% 3% 52% 47% 1% 22% 7% 71% 2.5m
OE 240 40% 42% 17% 1% 59% 41% 0% 31% 5% 64% 2.4m

3.5 Analysis of Results

To analyse the results for each of the experiments, a 2-way MANOVA was used to test the effect of
the two independendent variables: trait-level (high or low) and Score on each of the dependent vari-
ables6. Where a significant effect was found, we performed a post-hoc pairwise comparison to produce
homogeneous subsets of score, and the interaction of trait-level × score on the dependent variables. All
comparisons are Bonferroni corrected. For Emotional Support type, if the subset mean for a particular
range of scores was ≥ 0.5, we recommended that type of emotional support to be used. For Slant, if the
subset mean was ≤ −0.5, we recommended a negative slant be used. If the subset mean was ≥ 0.5, we
recommended a positive slant be used. Otherwise, a neutral slant was recommended. To decide on the
number of emotional support statements to recommend, we rounded the subset mean.

4 EXPERIMENT 1: CONSCIENTIOUSNESS

In this study, we examine the effect of learner Conscientiousness (III). Conscientiousness describes how
efficient, organized, reliable and responsible an individual is (McCrae and John, 1992).

We would expect tutors to use Emotional Support when giving feedback to conscientious learners,
when performance has been poor, to attempt to mitigate negative affective states such as stress and guilt.

4.1 Hypotheses

Based on the results of a previous experiment on progress feedback and conscientiousness described in
(Dennis et al., 2012a), we expected the use of positive slant for a mark which was almost passing (around
45%) and a learner with high conscientiousness. However, the design of this study differs as participants
only see one grade as opposed to a range, and can also provide emotional support.

We expect Praise to be used only for passing scores, as good work is usually rewarded, and praising
failing scores may seem inappropriate, patronizing or sarcastic. We expect Emotional Reflection to be
used when strong emotions are being experienced, so it seems likely that it will be used for the highest and
lowest scores. We do not expect Advice to be used for the two highest scores, as the learner performed

6The dependent variables distribution were checked for normality, and the homogeneity of variance was checked to ensure
that the assumptions for the MANOVA were met.
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Fig.3. Average number of Emotional Support statements used, for high and low conscientiousness, as score in-
creases.

well and further advice may not be required. We expect Reassurance to be used for the middle scores
(30%, 45%, 55% and 70%), as reassuring a learner who scored 10% that they can do better is perhaps
not true, and a score of 90% does not require it. Therefore the hypotheses were:

H1: The type of emotional support given will depend on the score the learner achieved

H1a: Praise will only be used when the score is passing (>50%).
H1b: Emotional Reflection will mainly be used for 10% or 90%.
H1c: Advice will not be given for the very high scores (70% or 90%).
H1d: Reassurance will be given for scores between 30% and 70%.

H2: The quantity of emotional support utilized will be higher for high learner conscientiousness
H3: The slant utilized will differ depending on the level of conscientiousness

H3a: Slant will be positive for a 45% score and high conscientiousness

In addition to testing specific hypotheses, we investigated more in general which types of emotional
support and slant participants gave for learners with high or low conscientiousness for the different
scores, in order to provide recommendations for what a system should do.

4.2 Results

Figure 3 shows the different types of Emotional Support (A, ER, P, R) used per trait-level. Table 9 shows
the significant effects of the 2-way MANOVA of trait-level × score on the use of A, ER, P, R, Slant, NS.

Effects of Score

The score had a significant effect on all of the different types of emotional support used and slant
employed. Hypothesis H1 (the type of emotional support given will depend on the score the learner
achieved) is thus confirmed.
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Table 9
Significance values of 2-way MANOVA for Conscientiousness. Independent variables are the columns, and dependent variables
are the rows. – indicates no significance. P = number of Praise statements, A = number of Advice statements, ER = number of
Emotional Reflection statements, R = Number of Reassurance Statements, NS = Total number of Emotional Support Statements.

score trait-level trait-level × score

A F (5, 230) = 7.43, p < .01 – F (5, 230) = 2.90, p < .05
ER F (5, 230) = 2.32, p < .05 – –
P F (5, 230) = 24.17, p < .01 – –
R F (5, 230) = 6.30, p < .01 – –
NS – – –
Slant F (5, 230) = 7.48, p < .01 F (1, 230) = 18.72, p < .01 F (5, 230) = 4.73, p < .01

Table 10
Conscientiousness: homogeneous subsets arising from a post-hoc pairwise comparison of score, and the interaction effect of
trait-level × score, on the average number of each type of emotional support statement given (A, ER, P, R), slant, and mean
total amount of emotional support given (NS).

Effect of Score Effect of trait-level x score
High Low

Variable Scores (%) in subset mean Scores (%) in subset mean Scores (%) in subset mean

A 10, 30, 45, 55, 70 0.74 10, 30, 45, 55 0.77 30, 45 1.04
90 0.15 70, 90 0.23 10, 30, 55, 70 0.71

10, 90 0.19

ER 10, 30, 45, 55, 70, 90 0.25 no effect

P 90 0.88
55, 70 0.35 no effect
10, 30, 45, 55 0.09

R 10, 30, 45 0.56
10, 45, 55 0.43

no effect
45, 55, 70 0.30
55, 70, 90 0.16

Slant 10, 45, 90 -0.08 10, 30, 45, 55, 90 -0.08 10, 45 -0.06
45, 55, 90 -0.17 30, 45, 55, 70, 90 -0.13 45, 50, 90 -0.23
30,55,70,90 -0.31 30, 70 -0.66

NS no effect no effect

The left hand columns in Table 10 show the results of the pairwise comparisons of the effect of
score on the average number of each type of emotional support statement given, the slant used, and the
average number of emotional support statements given. For Advice, a pairwise comparison indicates
that there are two homogeneous subsets. These indicate that advice should be used for all scores except
90%. This partially supports hypothesis H1c, in that Advice is not used for 90%, however it is used
for 70%. For Emotional Reflection, the significance was not powerful enough to generate more than
one subset. None of the means are above 0.5, which indicates that ER was seldom used by participants.
Thus, hypothesis H1b is not supported. For Praise, a pairwise comparison yields three subsets. Praise is
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only used for passing scores, which supports H1a. However, whilst Praise is used for 90%, it is seldom
used for the other passing scores (55% and 70%). For Reassurance, a pairwise comparison reveals four
homogeneous subsets, with reassurance being given for failing scores. This partially supports H1d in
that it was given for 30% and 45%, however reassurance was only used for the failing scores rather than
all the middle scores and was also given for 10%, contrary to what we expected. For slant, a pairwise
comparison shows 3 subsets. However, the means still indicate a neutral slant for all scores.

Effects of Trait-Level

Hypothesis H2 does not hold, the total number of emotional support statements used does not signif-
icantly differ between levels of conscientiousness. However, there is a significant effect of trait level
on slant, supporting H3. The mean for high trait level is -0.11 and low trait level mean is -0.33. This
indicates that there is more negative slant used for the low trait level, which is contrary to H3a which pre-
dicted a positive slant for learners with high conscientiousness. Unlike our previous findings in (Dennis
et al., 2012a), there is no evidence for a positive slant being used.

Effects of Trait-Level × Score

The right-hand columns in Table 10 show the results of the pairwise comparisons of the effect of score x
traitlevel on the average number of each type of emotional support statement given, the slant used, and
the average number of emotional support statements given.

Interestingly, the MANOVA did show an interaction effect between the level of conscientiousness
and the score achieved on the usage of advice and slant. For high conscientiousness, there are 2 homoge-
neous subsets for advice. This indicates that for scores between 10% and 55% inclusive, advice is used.
For low conscientiousness, the pairwise comparison reveals three homogeneous subsets for Advice. This
indicates that when conscientiousness is low, advice is used for 10% to 70% inclusive, which contrasts
with high conscientiousness, where Advice is not used for 70%. This might be because participants
thought that this learner had worked hard, and that adding advice was therefore less appropriate for these
scores. Contrasting with low conscientiousness, they do offer advice at 70%, which may mean that par-
ticipants thought that if the learner had achieved 70% with little assumed effort, they could gain a higher
score if they worked harder. For high conscientiousness, 2 homogeneous subsets were found for slant,
however a neutral slant was used for both groups. For low conscientiousness, there were 3 homogeneous
subsets, with a negative slant being used for scores of 30% and 70%, and a neutral slant for all other
scores. It seems likely that participants used negative slant to incentivise the learner to work harder.

5 EXPERIMENT 2: EMOTIONAL STABILITY

Emotional Stability (also frequently described as Neuroticism - see Section 2, Section 2.2) describes
such personality features as moodiness, nervousness and temperamentality (Goldberg, 1993).
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Fig.4. Average number of Emotional Support statements used, for high and low Emotional Stability, as score
increases.

5.1 Hypotheses

As learners with low Emotional Stability (therefore being very neutrotic) are more likely to be nervous
about their performance, we expect to see more Emotional Reflection being used, particularly when the
scores are low. There may also be a tendency to praise neurotic learners when they pass, as opposed to it
being reserved for the very high scores (like we saw in the Conscientiousness study). Overall, we expect
this to lead to more Emotional Support being used for low Emotional Stability (H2). Conversely, a more
emotionally stable learner would be able to accept criticism more readily. As such, there may be negative
slanting used on poorer marks, and less Emotional Reflection used. Based on the results for the usage
of Emotional Support on score from the previous study on Conscientiousness, we modified H1, as this
concerns the use of Emotional Support on score only. H3a is based on the results of a previous study for
Generalized Self-Efficacy (Dennis et al., 2011), as it is correlated with Neuroticism (Judge et al., 2002).

H1: The type of emotional support given will depend on the score the learner achieved

H1a: Praise will only be used when the score is a good pass (≥ 70%)
H1b: Emotional Reflection will rarely be used
H1c: Advice will not be given for the highest score (90%)
H1d: Reassurance will be given for the failing scores (<50%)

H2: The quantity of emotional support utilized will be higher for low Emotional Stability
H3: The slant utilized will differ depending on the level of Emotional Stability

H3a Slant will be positive for a 10% score and low Emotional Stability

5.2 Results

Figure 4 shows the different types of Emotional Support used per trait-level. Table 11 shows the signifi-
cant effects of the 2-way MANOVA of trait-level × score on the use of A, ER, P, R, Slant, NS.
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Table 11
Significance values of 2-way MANOVA for Emotional Stability. Independent variables are the columns, and dependent vari-
ables are the rows. – indicates no significance. P = number of Praise statements, A = number of Advice statements, ER =
number of Emotional Reflection statements, R = number of Reassurance Statements, NS = Total number of Emotional Support
Statements.

score trait-level trait-level × score

Slant F (5, 228) = 3.72, p < .01 F (1, 228) = 4.28, p < .05 –
A F (5, 228) = 14.68, p < .01 – F (5, 228) = 2.42, p < .05
ER F (5, 228) = 3.57, p < .01 F (1, 228) = 6.21, p < .02 F (5, 228) = 2.27, p < .05
P F (5, 228) = 35.22, p < .01 – –
R F (5, 228) = 12.18, p < .01 – –
NS F (5, 228) = 4.61, p < .01 – F (5, 228) = 2.30, p < .05

Table 12
Emotional Stability: homogeneous subsets arising from a post-hoc pairwise comparison of score, and the interaction effect of
trait-level × score, on the average number of each type of emotional support statement given (A, ER, P, R), slant, and mean
total amount of emotional support given (NS).

Effect of Score Effect of trait-level x score
High Low

Variable Scores (%) in subset mean Scores (%) in subset mean Scores (%) in subset mean

A 10, 30, 45, 55 0.88 10, 30, 45, 55 0.90 10, 30 1.10
70 0.41 70, 90 0.24 45, 55, 70 0.56
90 0.05 90 0.00

ER 10, 30, 45, 55, 70 0.32 10, 30, 45, 55, 70, 90 0.21 10, 30, 45 0.58
45, 55, 70, 90 0.20 45, 55, 70, 90 0.22

P 90 1.15
70 0.59 no effect
10, 30, 45, 55 0.10

R 10, 30, 45 0.79
10, 30, 55 0.66

no effect
55, 70 0.36
70, 90 0.12

Slant 10, 30, 45, 70, 90 -0.04
no effect

30, 45, 55, 70, 90 -0.11

NS 10, 30, 45, 55 2.05 10, 30, 45, 55 1,97 10, 30 2.65
45, 55, 70, 90 1.60 10, 30, 55, 70, 90 1.64 45, 55, 70, 90 1.53

Effects of Score

H1 is confirmed, as there is a significant effect of score on the use of Advice, Reassurance, Praise and
Emotional Reflection. For Advice, a pairwise comparison (see Table 12) indicates that there are three
homogeneous subsets. These indicate that advice should be used for all scores except 70% and 90%.
This supports hypothesis H1c, in that Advice is not used for 90%, however, in contrast to what we found
in the Conscientiousness study, Advice is now not used for a score of 70%, which would have been
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in agreement with the stronger hypotheses we posed in the previous study. For Emotional Reflection,
although there are two distinct homogeneous subsets, the subset mean is never above 0.5. This supports
Hypothesis H1b in that Emotional Reflection seems to be rarely used. For Praise, a pairwise compari-
son yields three subsets, with Praise being used for 70% and 90%. This supports hypothesis H1a. For
Reassurance, we hypothesized in H1d that it would be used for failing scores. The pairwise compari-
son supports this, but also indicates that Reassurance can be used for 55% additionally (though this is
marginal). There was an unexpected effect of Score on the total number of Emotional Support state-
ments given. The pairwise comparison indicates that the passing scores receive slightly less Emotional
Support than the failing ones, however the subset average still recommends 2 statements overall for both
passing and failing scores. There was also an effect of score on slant, the pairwise comparison reveals
two homogeneous subsets, however the slant appears to be neutral for both.

Effects of Trait-Level

For slant, H3 expected that slant would differ based on the level of Emotional Stability. There was a
significant effect for slant (shown in Table 11). The mean slant for high Emotional Stability was -0.13,
and -0.02 for low Emotional Stability. Although High Emotional Stability has more negative slant than
low, the means indicate that we should offer neutral slant for both, as neither is ≤ −0.5. Hypothesis
H2 does not hold, the total number of emotional support statements used does not significantly differ
between levels of Emotional Stability. There was also an effect for trait level on Emotional Reflection.
The mean for high was 0.20 and low was 0.36 which indicates that leaners with low emotional stability
receive slightly more ER overall. This is explored further in the next section, as there was also an
interaction between trait level and score for the use of ER.

Effects of Trait-Level × Score

For high Emotional stability, the pairwise comparison suggests only one subset for Emotional Reflection,
and does not recommend the use of this strategy. However, for low Emotional Stability, the pairwise
comparison shown in indicates two subsets, with the mean for ER being ≥ 0.5 for failing scores. This
may mean that participants felt it helpful to reflect on the stronger negative emotions that they expected
learners with low Emotional Stability to be experiencing. There was also a significant effect of trait-
level × score for Advice. For high Emotional stability, the pairwise comparison suggests two subsets
for Advice, and Advice seems to be used for all but the top two scores (70% and 90%). However, when
Emotional Stability is low, the pairwise comparison indicates three subsets, with Advice being used for
all scores but 90% (though this is marginal for 70%). There was also an effect of trait-level × score
on the total number of emotional support statements given. For high Emotional Stability, the pairwise
comparison reveals two homogeneous subsets, however both recommend the use of two statements for
all scores. For low Emotional Stability, the pairwise comparison indicates 2 homogeneous subsets, with
scores 30% and 10% getting three statements and the remainder receiving two. Therefore participants
may have wanted to give additional emotional support to learners whom they expected to be very upset.
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Fig.5. Average number of Emotional Support statements used, for high and low extraversion, as score increases.

6 EXPERIMENT 3: EXTRAVERSION

Extraversion describes how outgoing someone is and how comfortable they are in social situations (Costa
and McCrae, 1992).

6.1 Hypotheses

We do not expect there to be great variance in the use of emotional support between the two levels of
extraversion, perhaps Emotional Reflection would be used differently in this case.

H1: The type of emotional support given will depend on the score the learner achieved

H1a: Praise will only be used when the score is a good pass (≥ 70%)
H1b: Emotional Reflection will rarely be used
H1c: Advice will not be given for the highest score (90%)
H1d: Reassurance will be given for the failing scores (<50%)

Although we do not expect there to be a difference based on the level of Extraversion, we left the hy-
pothesis as is, as we can test this with the statistics:

H2: The quantity of emotional support utilized will differ depending on the level of extraversion.
H3: The slant utilized will differ depending on the level of Extraversion

6.2 Results

Figure 5 shows the use of the different types of Emotional Support (A, ER, P, R) per trait level. Table 13
shows the significant effects of the 2-way MANOVA of trait-level × score on the use of A, ER, P, R,
Slant and NS. Table 14 show the results of the pairwise comparisons.
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Table 13
Significance values of 2-way MANOVA for Extraversion. Independent variables are the columns, and dependent variables are
the rows. – indicates no significance. P = number of Praise statements, A = number of Advice statements, ER = number of
Emotional Reflection statements, R = number of Reassurance Statements, NS = Total number of Emotional Support Statements.

score trait-level trait-level × score

Slant F (5, 229) = 2.72, p < .03 – –
A F (5, 229) = 10.90, p < .01 – –
ER F (5, 229) = 3.16, p < .01 F (1, 229) = 4.67, p < .04 –
P F (5, 229) = 25.27, p < .01 F (1, 229) = 6.22, p < .02 –
R F (5, 229) = 11.72, p < .01 – –
NS F (5, 229) = 5.59, p < .01 F (1, 229) = 5.67, p < .02 –

Table 14
Extraversion: homogeneous subsets arising from a post-hoc pairwise comparison of score, and the interaction effect of trait-
level × score, on the average number of each type of emotional support statement given (A, ER, P, R), slant, and mean total
amount of emotional support given (NS).

Effect of Score Effect of trait-level x score
High Low

Variable Scores (%) in subset mean Scores (%) in subset mean Scores (%) in subset mean

A 10, 30, 45 0.94
10, 55, 70 0.58 no effect
55, 90 0.29

ER 10, 30, 45, 70, 90 0.23
no effect

10, 45, 55, 70, 90 0.18

P 90 0.98
55, 70 0.44

no effect
30, 45, 55 0.12
10, 30, 45 0.04

R 10, 30, 45 0.74
no effect

55, 70, 90 0.19

Slant 10, 30, 45, 70, 90 -0.10
no effect

30, 45, 55, 70, 90 -0.16

NS 10, 30, 45, 70 1.88
no effect

10, 55, 70, 90 1.39

Effects of Score

H1 is confirmed as there is a significant effect of Score on the type on the use of Advice, Praise, Re-
assurance and Emotional Reflection. For Advice, the pairwise comparison reveals three homogeneous
subsets, and confirms H1c in that Advice should not be given for 90%, however it also indicates that Ad-
vice should not be given for 55% either. However, this is marginal (as 55% is also in the second subset,
which recommends the use of Advice). The pairwise comparison for Emotional Reflection reveals two
homogeneous subsets, however the use of Emotional Reflection is not recommended for either, confirm-
ing H1b. For Praise, a pairwise comparison reveals four homogeneous subsets. H1a is mostly confirmed,
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with praise only recommended for 90%. For Reassurance, the pairwise comparison reveals two homo-
geneous subsets, which confirm H1d in that Reassurance should only be used for failing scores. We
also found an effect of score on the slant employed. The pairwise comparison shows two homogeneous
subsets, however these both result in neutral slant. There was an additional effect of Score on the total
number of emotional support statements. There are two homogeneous subsets, which indicate that two
statements should be used for 45% and 30%, and one statement should be used for 90% and 55%. 10%
and 70% appear in both subsets, so could be offered one or two statements. Based on their means, we
recommend using 2 for 10% and 1 for 70%.

Effects of Trait-Level

For Extraversion, there is an unexpected effect of the trait level overall on Praise, Emotional Reflection
and Total number of statements. For Praise, the mean for high extraversion is 0.25 and the mean for
low extraversion is 0.40, meaning learners receive slightly more praise if they are less extrovert. For
Emotional Reflection, the mean for high is 0.14 and low is 0.26, showing a similar small effect. For
number of statements, there is a similar effect again, the mean number of statements for high extraversion
is 1.46 and the mean for low extraversion is 1.83, showing that less extroverted learners receive more
emotional support overall. This confirms H2. There was no effect for Extraversion on Slant employed,
so H3 is rejected, as expected.

7 EXPERIMENT 4: AGREEABLENESS

Agreeableness describes general affability of a person (Costa and McCrae, 1992).

7.1 Hypotheses

Although learners with high agreeableness may be more pleasant to work with, we do not expect that
feedback given to learners should vary greatly. Futhermore, giving learners who are less agreeable
negative slant on feedback, or less Emotional Support would not be ethical.

H1: The type of emotional support given will depend on the score the learner achieved

H1a: Praise will only be used when the score is a good pass (≥ 70%)
H1b: Emotional Reflection will rarely be used
H1c: Advice will not be given for the highest score (90%)
H1d: Reassurance will be given for the failing scores (<50%)

H2: The quantity of emotional support utilized will differ between high and low Agreeableness7

H3: The slant utilized will differ between high and low Agreeableness6
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Fig.6. Average number of Emotional Support statements used, for high and low agreeableness, as score increases.

Table 15
Significance values of 2-way MANOVA for Agreeableness. Independent variables are the columns, and dependent variables
are the rows. – indicates no significance. P = number of Praise statements, A = number of Advice statements, ER = number of
Emotional Reflection statements, R = number of Reassurance Statements, NS = Total number of Emotional Support Statements.

score trait level trait level × score

Slant F (5, 240) = 7.60, p < .01 – –
A F (5, 240) = 7.66, p < .01 – –
ER – – –
P F (5, 240) = 24.85, p < .01 – F (5, 240) = 2.74, p < .02
R F (5, 240) = 13.01, p < .01 – –
NS F (5, 240) = 4.96, p < .01 – –

7.2 Results

Figure 6 shows the use of the different types of Emotional Support (A, ER, P, R) per trait level. Table 15
shows the significant effects of the 2-way MANOVA of trait-level × score on the use of A, ER, P, R,
Slant and NS. Table 16 show the results of the pairwise comparisons.

Effects of Score

H1 is confirmed as there was a significant effect of score on the number of Advice, Praise and Reas-
surance statements given. H1b is confirmed as there is no significant effect for ER, and the average for
each score (see Figure 6) is below 0.5. For Advice, a pairwise comparison indicates that there are three
homogeneous subsets. These indicate that advice should not be used for 90%, confirming H1c. 45% and
70% appear in subsets 2 (which recommend Advice) and 3 (which does not), however the means are both
below 0.5 so advice should probably not be given for these scores. For Praise, a pairwise comparison
yields three subsets– this supports H1a in that Praise is only given for 90% as predicted, though not 70%.

7Although we do not expect there to be a difference, we left the hypothesis as is, as we can test this with the statistics.
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Table 16
Agreeableness: homogeneous subsets arising from a post-hoc pairwise comparison of score, and the interaction effect of trait-
level × score, on the average number of each type of emotional support statement given (A, ER, P, R), slant, and mean total
amount of emotional support given (NS).

Effect of Score Effect of trait-level x score
High Low

Variable Scores (%) in subset mean Scores (%) in subset mean Scores (%) in subset mean

A 10, 30, 55 0.72
10, 45, 55, 70 0.52 no effect
45, 70, 90 0.31

ER no effect no effect

P 90 0.80 90 0.95 90 0.65
55, 70 0.29 70 0.43 55, 70 0.28
10, 30, 45, 55 0.09 10, 30, 45, 55 0.05 10, 30, 45, 70 0.09

R 10, 30, 45 0.66

no effect
10, 55 0.44
55, 70 0.22
70, 90 0.05

Slant 10, 45, 90 -0.02
no effect30, 45, 70, 90 -0.14

55, 70 -0.34

NS 10, 30, 45, 55 1.56
no effect

10, 45, 55, 70, 90 1.24

For Reassurance, the pairwise comparison reveals four homogeneous subsets. This supports H1d– that
Reassurance should be given for failing scores. There was an unexpected effect of score on slant, the
pairwise comparison reveals three homogeneous subsets, but each recommend a neutral slant. We also
found an effect of score on NS. There are two homogenous subsets. For the failing scores and 55%, two
statements are indicated. For the remaining scores, one statement is indicated, however 45%, 10% and
55% appear in both subsets. From their means, we recommend 2 for 45% and 10%, and one for 55%.

Effects of Trait-Level × Score

As expected, we found no evidence to support Hypotheses H2 and H3. However, we did find an in-
teraction effect of trait-level × score on Praise. However, both pairwise comparisons for high and low
Agreeableness recommends Praise to be used for 90% only, meaning there is no difference in strategy
recommended between trait levels.

8 EXPERIMENT 5: OPENNESS TO EXPERIENCE

Openness to Experience describes qualities such as active imagination, aesthetic sensitivity, attentiveness
to inner feelings, preference for variety, and intellectual curiosity (Costa and McCrae, 1992).
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Fig.7. Average number of Emotional Support statements used, for high and low openness to experience, as score
increases.

8.1 Hypotheses

Openness to Experience is a difficult trait to describe precisely, and as such, differences in feedback are
hard to predict. We thus take the same approach to Extraversion and Agreeableness when forming our
hypotheses.

H1: The type of emotional support given will depend on the score the learner achieved

H1a: Praise will only be used when the score is a good pass (≥ 70%)
H1b: Emotional Reflection will rarely be used
H1c: Advice will not be given for the highest score (90%)
H1d: Reassurance will be given for the failing scores (<50%)

H2: The quantity of emotional support utilized will differ depending on the level of Openness to Expe-
rience.

H3: The slant utilized will differ depending on the level of Openness to Experience

8.2 Results

Figure 7 shows the use of the different types of Emotional Support (A, ER, P, R) per score and trait-level.
Table 17 shows the significant effects of the 2-way MANOVA of trait-level × score on the use of A, ER,
P, R, Slant and NS. Table 18 show the results of the pairwise comparisons.

Effects of Score

H1 is confirmed as there is a significant effect of score on the amount of Advice, Emotional Reflection,
Praise and Reassurance given. For Advice, a pairwise comparison shows three homogeneous subsets,
with Advice being recommended for all scores except 90%. This supports H1c. For Emotional Reflec-
tion, a pairwise comparison shows three subsets, however no subset mean is greater than 0.5, meaning
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Table 17
Significance values of 2-way MANOVA for Openness to Experience. – indicates no significance. P = number of Praise
statements, A = number of Advice statements, ER = number of Emotional Reflection statements, R = number of Reassurance
Statements, NS = Total number of Emotional Support Statements.

score trait-level trait-level × score

Slant F (5, 228) = 6.66, p < .03 – –
A F (5, 228) = 9.80, p < .01 – –
ER F (5, 228) = 4.12, p < .01 – F (5, 228) = 2.63, p < .03
P F (5, 228) = 26.14, p < .01 – –
R F (5, 228) = 8.23, p < .01 – –
NS – – –

Table 18
Openness to Experience: homogeneous subsets arising from a post-hoc pairwise comparison of score, and the interaction effect
of trait-level × score, on the average number of each type of emotional support statement given (A, ER, P, R), slant, and mean
total amount of emotional support given (NS).

Effect of Score Effect of trait-level x score
High Low

Variable Scores (%) in subset mean Scores (%) in subset mean Scores (%) in subset mean

A 10, 30, 45, 55 0.77
10, 30, 55, 70 0.64 no effect
90 0.02

ER 10, 30, 45, 55 0.28 10, 45 0.45 30, 45 0.41
10, 30, 55, 90 0.20 30, 55, 70, 90 0.13 10, 45, 55, 70, 90 0.12
10, 55, 70, 90 0.13

P 70, 90 0.89
no effect30, 45, 55 0.19

10, 30, 45 0.08

R 10, 30, 45, 55 0.56
no effect55, 70 0.28

70, 90 0.09

Slant 10, 45, 90 0.01
no effect45, 70, 90 -0.08

30, 55, 70 -0.28

NS no effect no effect

this strategy is not recommended for any score, which supports H1b. For Praise, a pairwise compari-
son shows three homogeneous subsets. Praise is recommended for 90% and 70%, supporting H1a. For
Reassurance, hypothesis H1d is partially confirmed by the pairwise comparison, as reassurance is rec-
ommended for failing grades, but also 55%. However, this is marginal, as 55% also appears in subset 2,
and has a mean less than 0.5, so reassurance should perhaps not be given for this score. We also found
an effect of score on slant. A pairwise comparison reveals that although there are three homogeneous
subsets, the slant should remain neutral for all scores.
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Table 19
Summary of significant effects of the Emotional Support experiments. Bold indicates where the significant effect made a
difference to the recommendations. A = amount of advice given, ER = amount of emotional reflection given, P = amount of
praise given, R = amount of reassurance given, NS = total amount of emotional support given overall.

Trait score trait level trait level × score

Extraversion Slant, A, ER, P, R, NS ER, P, NS –
Agreeableness Slant, A, P, R, NS – P
Conscientiousness Slant, A, ER, P, R Slant A, Slant
Emotional Stability Slant, A, ER, P, R, NS Slant, ER A, ER, NS
Openness to Experience Slant, A, ER, P, R – ER

Effects of Trait-Level × Score

There was no evidence for H2 and H3, as we found no significant effect for the interaction between trait-
level × score for slant or NS. However, we found an unexpected interaction between trait-level × score
for Emotional Reflection. The pairwise comparison between high and low Openness to Experience on ER
reveals differences in the homogeneous subsets, however there is no overall effect on the recommendation
that Emotional Reflection should not be used for either level of Openness to Experience.

9 DISCUSSION OF RESULTS

Above, we have presented a series of experiments which examined how the provision of feedback (emo-
tional support and slant) differs between trait levels for all five traits of the five-factor model. We found
a number of significant effects (summarized in Table 19) and conducted a post-hoc pairwise analysis on
each to make recommendations for the type of emotional support to give, how much to give and the slant
to use, based on the significant effects. Table 20 summarizes the recommendations from the analysis.

To decide on the types of emotional support strategy to recommend for a particular trait level and
score, we first considered the cases where there was a significant interaction of trait-level × score for
each of the types of emotional support (see summary in Table 19), and used the recommendations from
the post-hoc analysis of trait-level × score, by rounding the average of each of the homogeneous subsets
to decide whether to recommend a particular emotional support strategy (if ≥ 0.5). These are the blue
items in Table 20. For example, for conscientiousness, there was a significant effect of trait-level × score
for Advice. Based on the homogeneous subsets (see Table 10), Advice should be used for 10%-55%
for high conscientiousness, and 10%-70% for low conscientiousness, resulting in the blue ‘A’s in the
Conscientiousness rows in Table 20.

Thereafter, if the score has a significant effect for the strategy type, we use the recommendations
from the post-hoc analysis on score in a similar way to decide which strategies to give (excluding those
strategies already used in the previous step). These are the red items in Table 20. For example, for
extraversion, there was a significant effect of score on Praise. Based on the homogeneous subset table
14, Praise should only be given for a score of 90%. This resulted in the red P in the extraversion row.

Sometimes, a score could appear in a homogeneous subset for a particular strategy with an overall
mean greater than 0.5, but the individual mean for that score in particular was less than 0.5, meaning
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Table 20
Summary of findings for each trait and score. Strategy (the emotional support strategy), Slant and NS (number of statements)
were recommended by mean (from pairwise analysis). – indicates no recommendation. Blue = recommendation from trait level
× score. Red = recommendation from Score only. * indicates that the recommendation is made where the mean was lower than
0.5

Score (%)
Trait Level

10 30 45 55 70 90

Strategy A, R A, R A, R A* A P
NS 2 2 2 1 1 1Extraversion High & Low
Slant Neutral Neutral Neutral Neutral Neutral Neutral

Strategy A, R A, R A*, R A A* P
NS 2 2 2 1 1 1Agreeableness High & Low
Slant Neutral Neutral Neutral Neutral Neutral Neutral

Strategy A, R A, R A, R* A – P
NS 2 2 2 2 2 2High
Slant Neutral Neutral Neutral Neutral Neutral Neutral

Strategy A, R A, R A, R* A A P
NS 2 2 2 2 2 2

Conscientiousness

Low
Slant Neutral Negative Neutral Neutral Negative Neutral

Strategy A, R A, R A, R A, R* P P
NS 2 2 2 2 2 2High
Slant Neutral Neutral Neutral Neutral Neutral Neutral

Strategy A, ER, R A, ER, R A, ER*, R A, R* A*, P P
NS 3 3 2 2 2 2

Emotional Stability

Low
Slant Neutral Neutral Neutral Neutral Neutral Neutral

Strategy A, R A, R A, R A, R* A*, P P
NS 2 2 2 2 2 2Openness to Experience High & Low
Slant Neutral Neutral Neutral Neutral Neutral Neutral

the recommendation is weak. These are the items marked with a * in Table 19. If a score appeared in
two subsets, one for which a particular strategy was recommended and the other not, the strategy was
recommended regardless.

There was one exceptional case. For high conscientiousness at 70%, we cannot make a recom-
mendation: the subset for Advice and high conscientiousness does not recommend its use at this score,
however disregarding the trait level, the subsets of score on Advice recommend it. Examining the subsets
for score only, no other types of emotional support are recommended for this score.

To decide on the number of statements to give, we followed a similar procedure as for the type of
emotional support strategies, by first considering the significant interaction of trait level × score to decide
how many statements to give, then the significant effects of score based on the pairwise analysis. A score
can appear in more than one subset. Where this occurred, we rounded the average for the individual
score to decide. If there were no significant effects for the number of statements to give, we used the
average across all scores as our recommendation.

To decide on the slant to use, we used the same process. The only trait where slant had a subset mean
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greater than 0.5 or less than -0.5 was Conscientiousness, with a negative slant being used for learners
with low conscientiousness at 30% and 70%.

There were a few cases where there was a significant effect for trait-level, but not the interaction
of trait level × score. For Extraversion, these were for the amount of Emotional Reflection to give, the
amount of Praise to give, and the number of statements overall. For Emotional Reflection and Praise,
the mean for each trait level was below 0.5, so these can be discounted. For the total number of state-
ments, we know that there is a difference, but as there is no interaction effect, we do not know at which
scores these differences can be used (given there is also a significant effect on score). For Emotional
Stability, there was a difference for slant, but the difference was too small to matter, and we found little
evidence to recommend anything other than neutral slant. Thus these differences were discounted when
we constructed our recommendations.

Finally, where the recommendations from the analysis were the same for both levels of a trait, these
were collapsed into one row (Extraversion, Agreeableness and Openness to Experience).

10 CREATION OF AN ALGORITHM TO ADAPT EMOTIONAL SUPPORT AND
SLANT TO PERSONALITY & PERFORMANCE

We now have a large dataset of the use of Emotional Support for different learner personalities and
scores. To enable a Conversational Agent to use these adaptations, we need to create an algorithm which
describes the adaptations present in the data. Above, we performed a statistical analysis on the dataset,
and created a set of recommendations for the type(s) of Emotional Support and slant to use for each
personality trait and score. However, this is not yet an algorithm as there are cases where we have a
mismatch between the number of statements to give and the number of strategies recommended, and for
high conscientiousness at 70%, we have no strategy recommendation at all. We also have not considered
the order of the Emotional Support types. For example, we know that Advice and Reassurance are used
together often, and it may be that reassurance is used after advice, or vice versa.

This section describes the creation and evaluation of an algorithm for recommending the types of
Emotional Support and slant in feedback for each personality type and score, which also considers the
order of strategies. We first describe how we can evaluate how well an algorithm describes the data it
was based on. We then present the evaluation of two algorithms, generated in different ways. We finish
by presenting a final algorithm which takes elements from both, and investigate the best order to give
different types of emotional support in.

10.1 Evaluation (Validation) Measure for Algorithms

To calculate how well the algorithm describes the emotional support data gathered in Section 3, we used
the DICE scoring measure (van Deemter et al., 2012). For each response by a human participant, a DICE
score is calculated as follows:

DICE =
2× ESu

(NSr +NSa)
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Where ESu is the number of Emotional support strategies that the participant’s response and algorithm
have in common, NSr is the total number of Emotional Support statements in the participant’s response,
and NSa is the total number of Emotional Support statements that the algorithm recommends. For
example, if the algorithm recommends emotional support feedback of length 2, containing one Advice
statement (A) and one Reassurance statement (R), and the participant’s response contains one emotional
support statement, namely A, then: ESu = 1, NSr = 1, and NSa = 2.

The DICE score for this response would be as follows:

DICE =
2× 1

(1 + 2)
= 0.666 . . .

For each trait level and score, the DICE scores for each individual response was calculated and then
averaged. These score averages were then averaged again to give the DICE average for the trait (and
level, where appropriate). The closer the score is to 1, the better the algorithm is at describing the data it
is being compared to.

Baseline DICE score

Once the DICE score for the adaptive algorithm was calculated, we required a DICE score for a non-
adaptive algorithm to compare it to, to check how well our algorithm performed compared to a baseline.
To establish a baseline, we created an algorithm with a random recommendation of Emotional Support
for each trait level and score combination: we provided a 50% chance of each type of emotional support
being selected. We ran this algorithm ten times, calculating the DICE score each time by comparing
the random emotional support with the experimental data, and averaged the resulting DICE scores. The
resulting DICE score for this non-adaptive baseline is 0.33. An alternative baseline algorithm of always
providing all emotional support categories provides similar results with a DICE score of 0.38.

10.2 Algorithm based on Statistical Analysis for Emotional Support

The statistical analysis resulted in a set of recommendations (see Table 20) which indicated how many
strategies to use, and the types of Emotional Support to use for each personality trait and score. We
transformed this into a statistical algorithm using the following procedure:

• Where the number of statements recommended was higher than the number of strategies recom-
mended, we used multiple statements of the same type. For example, for high conscientiousness,
there are two statements recommended for 90%, and one strategy, Praise, so we treated this as two
Praise statements.

• Where the number of statements recommended was lower than the number of strategies recom-
mended, we used the strategies with the highest means. There was only one instance of this, low
Emotional Stability at 45%, which recommended 2 statements picked from Advice, Emotional Re-
flection or Reassurance (see Table 20). We used Advice and Reassurance, as these had the highest
means.
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• Where the statistical algorithm could make no recommendation for the type of emotional support to
give, we treated this as no emotional support. This only occurred once, for high Conscientiousness
and a score of 70%.

We were interested to see how well this algorithm performed compared to the actual data from
the responses. For Agreeableness, Extraversion and Openness to Experience, the statistical analysis
showed that the significant differences found were not strong enough to recommend different strategies
for their trait levels. We thus DICE scored the responses independent of trait level in these cases. For
Conscientiousness and Emotional Stability, there were clear differences in the recommendations from
the statistical analysis and so we treated them independently. Table 21 shows the resulting algorithm and
the calculated the DICE score for each of the trait levels.

The DICE score is modest for the statistical algorithm, with a mean DICE score of 0.52, though
this still substantially outperforms the two baseline scores (see Section 10.1) of 0.33 and 0.38. The
DICE score is sensitive to participants’ responses which contained no emotional support at all (these
have a DICE score of 0), and we hypothesised that these were bringing the DICE score averages down.
As emotional support was always recommended, we calculated an adjusted DICE score, which only

Table 21
Algorithm based on statistical analysis of all trait experiments.

Score (%) Avg DICE
Trait Level

10 30 45 55 70 90 (Avg Adj)

Strategy A R A R A R A A P
DICE 0.54 0.64 0.61 0.34 0.34 0.66 0.52Extraversion High and Low
DICE Adjusted 0.66 0.73 0.68 0.47 0.42 0.75 0.62

Strategy A R A R A R A A P
DICE 0.53 0.59 0.54 0.41 0.24 0.67 0.50Agreeableness High and Low
DICE Adjusted 0.66 0.69 0.64 0.55 0.38 0.86 0.63

Strategy A R A R A R A A X P P
DICE 0.61 0.54 0.50 0.35 0.25 0.54 0.46High
DICE Adjusted 0.65 0.60 0.66 0.48 0.00 0.56 0.49

Strategy A R A R A R A A A A P P
DICE 0.42 0.55 0.64 0.35 0.39 0.40 0.46

Conscientiousness

Low
DICE Adjusted 0.64 0.73 0.68 0.49 0.41 0.53 0.58

Strategy A R A R A R A R P P P P
DICE 0.57 0.69 0.64 0.52 0.28 0.62 0.55High
DICE Adjusted 0.68 0.72 0.64 0.52 0.35 0.65 0.59

Strategy A ER R A ER R A R A R A P P P
DICE 0.71 0.64 0.57 0.53 0.58 0.55 0.60

Emotional Stability

Low
DICE Adjusted 0.75 0.71 0.67 0.66 0.58 0.69 0.68

Strategy A R A R A R A R A P P P
DICE 0.50 0.55 0.52 0.42 0.53 0.58 0.52Openness to Experience High and Low
DICE Adjusted 0.69 0.68 0.63 0.54 0.64 0.68 0.65

Overall DICE Average for Algorithm: 0.52
Adjusted: 0.61
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compared the algorithm with the responses that contained emotional support. These are the adjusted
scores shown in italics in Table 21. This saw a small improvement of the DICE scores as the mean
adjused DICE score of the algorithm as a whole is 0.61.

The DICE score is also affected by the case where we do not know which emotional support cate-
gory to recommend, which was treated in the scoring as a recommendation to give no support at all. We
could have substituted this for a recommendation of a random strategy, however this would be arbitrary.
A further problem with the statistical method is the total number of emotional support statements to give.
Where there were no statistically significant effects for number of statements (e.g. conscientiousness),
the recommendations (see Table 20) used a rounded average. However, this mean tended to be around
1.5, which is rounded to 2, causing a poor fit when tested against the original data as we may be rec-
ommending to give more emotional support than the majority of the participants originally gave. So we
investigated an alternative approach to generate the algorithm, described in the next section.

10.3 Algorithm based on Data analysis

To generate the alternative algorithm for each trait, we took the median number of statements given (NS)
for each trait level and score, and then picked the most commonly used strategies for a response with this
NS. Where the median was a decimal, we used the mode NS as a guide to decide whether to round up or
down.

When deciding on the most common feedback type, we identified three alternative approaches. For
example, if the median NS was 3, we could:

• Find the most common single strategy, then the most common pair of strategies containing that
single, then find the most common triple containing that pair, or

• Find the most common triple overall, or
• Find the three most common strategies overall

We computed the results for all three approaches, and the results were the same for all traits and scores.
In this part of the analysis, we do not consider the order that the strategies were used in. So, in other

words, P & A would count the same as A & P.
We could have used the mode NS to generate the algorithm, however this raises problems reconcil-

ing the number of statements to give to use when there are multiple modes (for example, even numbers
of participants gave 1, 2 or 3 statements). The issue is further complicated by the mode being 0 when the
number of statements given varies considerably (2,3,4,5,6 statements) leaving 0 as the most common,
despite more participants wanting to give emotional support than those wishing to omit it. This is not
representative of what most participants wanted, so we decided that the median was the best compromise.

When we evaluated the statistical algorithm, we used an adjusted score. However, in this approach,
it raises some difficulties. The participants who gave no Emotional Support were factored into the gener-
ation of the algorithm as their total number of statements was zero, affecting the calculation of the median
(which was used to decide how many statements to give). It seems unfair to take them into account when
generating the algorithm, but not when evaluating it. So we decided to ignore the results from partici-
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Table 22
Alternative algorithm from data analysis of all trait experiments, only considering those instances where emotional support was
given. Bold = recommendation performs better than the statistical algorithm. Italic = recommendation performs worse than the
statistical algorithm.

Score (%)
Trait Level

10 30 45 55 70 90
Avg adj DICE

Strategy A R A R A R A A P P
Extraversion High and Low

DICE 0.66 0.73 0.68 0.47 0.59 0.75
0.65

Strategy A R A R R A A P
Agreeableness High and Low

DICE 0.66 0.69 0.54 0.55 0.38 0.86
0.62

Strategy A ER A A ER A P P P
High

DICE 0.59 0.57 0.60 0.64 0.58 0.80 0.63

Strategy A R A R A R A R A P PConscientiousness
Low

DICE 0.64 0.73 0.68 0.54 0.51 0.53 0.60

Strategy A R R A R A R P P
High

DICE 0.68 0.42 0.64 0.52 0.46 0.83 0.59

Strategy A ER R A ER R A R A P PEmotional Stability
Low

DICE 0.75 0.71 0.67 0.59 0.51 0.81 0.67

Strategy A R A R A R A P P
Openness to Experience High and Low

DICE 0.69 0.68 0.63 0.53 0.65 0.87 0.68

Overall DICE Average for Algorithm: 0.62

pants who gave no Emotional Support when calculating the median, as the analysis (described in Section
9) always recommended giving some Emotional Support for every trait level and score.

Table 22 shows the alternative algorithm and DICE scores. The overall mean DICE score for the
algorithm is 0.62, which is slightly better than the score generated by the statistical algorithm. However,
although some of the differences in this algorithm perform better than those recommended in the sta-
tistical one (the bold items), some perform worse (the italic items) when comparing the DICE adjusted
scores. For example, for high conscientiousness, A and ER are recommended, which is contrary to what
our statistical analysis recommends and has a lower DICE than A R, which the statistics recommended.

To decide on the Slant to employ, we compared the statistical recommendation with the most com-
mon slant employed for every response, and there was no difference between the two. We thus only
recommend to use a negative slant for Low Conscientiousness at 30% and 70% in our final algorithm.

10.4 Overall algorithm

We now have two algorithms: one based on statistical analysis (Table 21) and the other based on data
analysis (Table 22). Both have their strengths and weaknesses for certain trait levels and scores, with one
performing better than the other. We thus decided to combine the algorithms. Where recommendations
differed, we picked the best scoring one and used that in our final algorithm.

We now investigate the order to provide combinations of strategies in, when they are used together:
Advice and Reassurance; Advice and Praise; and Advice, Reassurance and Emotional Reflection.
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Table 23
Final algorithm, with the order of Emotional Support Strategies included.

Score (%)
Trait Level

10 30 45 55 70 90
Avg adj DICE

Strategy R A R A R A A P A P
Extraversion High and Low

Slant neutral neutral neutral neutral neutral neutral
0.65

Strategy R A R A R A A A P
Agreeableness High and Low

Slant neutral neutral neutral neutral neutral neutral
0.64

Strategy R A R A R A P A P P
High

Slant neutral neutral neutral neutral neutral neutral
0.66

Strategy R A R A R A R A A P P
Conscientiousness

Low
Slant neutral negative neutral neutral negative neutral

0.60

Strategy R A R A R A R A P P
High

Slant neutral neutral neutral neutral neutral neutral
0.64

Strategy ER R A ER R A R A R A P A P
Emotional Stability

Low
Slant neutral neutral neutral neutral neutral neutral

0.69

Strategy R A R A R A R A P P
Openness to Experience High and Low

Slant neutral neutral neutral neutral neutral neutral
0.68

Overall DICE Average for Algorithm: 0.65

Advice and Reassurance were only given together for scores up to 55%. We thus considered the
data from all five trait experiments for 10% – 55%. Reassurance followed by Advice is the most popular
for scores of 30% (58% for R then A) and 55% (66% R then A). For a score of 10%, A then R was more
popular, however this was very close (52% for A then R and 48% for R then A), so we decided to always
give Reassurance followed by Advice.

Praise and Advice were only given together for a score of 70%. Following a similar procedure, we
found that 81% of participants use Praise followed by Advice, so this is what we recommend.

The combination of Advice, Emotional Reflection and Reassurance is only used for scores of 10%
and 30%, so following the same procedure as before, we found that ER, R, A is the most popular order
overall, so we decided on this for our recommendation.

Our final algorithm including order is shown in Table 23. We now have an algorithm which de-
scribes the adaptations that we observed with reasonable accuracy. Next, we describe a qualitative study
to investigate whether the recommendations from the algorithm are appropriate for learners. We also
investigate what to recommend for a learner who has normal conscientiousness and emotional stability,
by using the recommendations for the three traits which do not distinguish between trait levels.

11 EVALUATION & REFINEMENT OF ALGORITHM

This section uses a study to evaluate and refine the algorithm developed in Section 10, which recommends
different types of Emotional Support and slant in feedback tailored to learner personality and progress.
While we know how well our algorithm describes the experimental data gathered, we do not know
whether the feedback it recommends is appropriate (i.e. is it good for the learner’s well-being, and does
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it reflect what a teacher would do in a real-world setting?).
There are multiple ways in which the algorithm’s appropriateness could be tested. One approach

would be to observe the effect of the feedback on learners following a short learning exercise. However,
at this stage, the algorithm can only adapt to one polarized trait at once, and finding learners with the exact
personality type required for evaluation would be difficult. Additionally, as the feedback recommended
by the algorithm is untested, there could be ethical implications of this on the learner’s well-being.
A second approach is to evaluate the feedback choices recommended by the algorithm with real life
teachers. This could be done via a further quantitative study. However, finding a large enough sample of
teachers for robust statistical analysis would be difficult. Furthermore, this approach would not lead us
to fully understand why they came to their decisions.

So we decided that a qualitative study would be more suitable. Focus groups were chosen as they
provide a good way of discovering opinions, and why people hold them. Focus groups also allow partici-
pants to reach a consensus where opinions originally differ, and the ensuing discussion provides insights.

A second objective is to resolve conflicts in the algorithm for each score where the level of a trait did
not seem to matter. For example, for a score of 55%, there was no difference in the recommendation of
Emotional Support between high and low levels for Extraversion (recommended: A), Agreeableness (rec-
ommended: A), Openness to Experience (recommended: R A) and Emotional Stability (recommended:
R A) (see Table 24). If the trait level truly does not matter, we would expect the same recommendation
for all of these traits (like we see for a score of 45%, where R A is recommended in all cases). Thus, we
investigated this in the focus groups as a secondary objective.

11.1 General rules considering all traits and deviations

First, we considered those trait and score combinations where the trait level did not matter:

• For 10%, 30% and 45%, R and A is given for all of these scores.
• For 90%, P is given.
• For 55%, there is an unexpected difference between traits: for Extraversion and Agreeableness, A

is given for high and low levels, whilst for Openness to Experience and Emotional Stability, R and
A are given for high and low levels (see the red items in Table 24).

• For 70%, there is an unexpected difference between traits. For Extraversion, A and P are given. For
Agreeableness, A is given. For Openness to Experience, P is given (see the red items in Table 24).

Next, we considered those trait and score combinations where trait level did matter (the blue items
in Table 24):

• For 10% and 30%, for low Emotional Stability, ER is added to the standard R and A.
• For 55%, for high Conscientiousness, P and A are given, while R A is recommended for low

Conscientiousness.
• For 70%, for high Conscientiousness and high Emotional Stability, P is given. For low Conscien-

tiousness, A is given. For low Emotional Stability, A and P are given.
• For 90%, for low Conscientiousness, an additional P statement is given.
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Table 24
Algorithm for providing emotional support resulting from the work in this paper. Red=differences in traits that did not mat-
ter between levels, that we were interested in resolving. Blue = differences between trait levels that we were interested in
discussing.

Score (%)
Trait Level

10 30 45 55 70 90

Strategy R A R A R A A P A P
Extraversion High and Low

Slant neutral neutral neutral neutral neutral neutral

Strategy R A R A R A A A P
Agreeableness High and Low

Slant neutral neutral neutral neutral neutral neutral

Strategy R A R A R A R A P P
Openness to Experience High and Low

Slant neutral neutral neutral neutral neutral neutral

Strategy R A R A R A P A P P
High

Slant neutral neutral neutral neutral neutral neutral

Strategy R A R A R A R A A P PConscientiousness
Low

Slant neutral negative neutral neutral negative neutral

Strategy R A R A R A R A P P
High

Slant neutral neutral neutral neutral neutral neutral

Strategy ER R A ER R A R A R A P A P
Emotional Stability

Low
Slant neutral neutral neutral neutral neutral neutral

We investigate whether teachers believe that the algorithm’s adaptations to learner personality and
progress (highlighted in blue in Table 24) are appropriate. We also investigate which of the differences
highlighted in red in Table 24 teachers think are important to keep, and which are deemed inappropriate
(and may just have been caused by slight differences in the median when the algorithm was generated).
We hope that some of the conflicts may be resolved, leaving us with a clearer picture, and facilitating the
creation of an algorithm which can adapt to more than one polarized trait at once.

11.2 Focus Groups

Four focus groups (FG1, FG2, FG3 and FG4) were held, in which participants provided their opinions
in a group setting. Fifteen participants took part in the focus groups, selected through convenience
sampling. There were eight women and seven men, four participants were 18-25 years old and eleven
participants aged 26-40. The eight participants of FG1 and FG2 were training to be primary school
teachers, the seven participants of FG3 and FG4 had experience as teaching assistants or lecturers in
Computing Science in higher education. As materials we used: the 10 stories expressing polarized
personality traits (see Table 5), the emotional support categories and definitions (Dennis et al., 2013),
the emotional support statements for each category (see Table 6), and the algorithm predictions (see
Table 24).

We defined research questions (RQ1 – RQ6): these are provided in the results section below in bold.
We investigated RQ6 in FG1 and 2. In FG3, we investigated all research questions except RQ3(d) and
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RQ3(e) (as time did not permit it), and in FG4 we investigated all research questions.
In FG1 and FG2, participants were shown the stories for low and high Extraversion, and low and

high Agreeableness, and examples of praise and advice. Participants then gave their opinion on what
emotional support to give for a score of 70% only. In FG3 and FG4, participants were introduced to the
scores, personality traits and types of emotional support. They were shown the stories about the learners
and examples of emotional support. They were informed that we were assuming that the learners were
equal in ability. A group discussion was held, in which participants gave their opinion on each of the
research questions.

11.3 Results

In this section, we will summarize the discussion for each of the research questions, and briefly indicate
our conclusion for each.

Appropriateness

RQ1. Is the general adaptation pattern of the usage of different emotional support types to learner
scores appropriate? Participants of FG3 and FG4 agreed that it was appropriate. They said that they
“would expect that” and “that makes sense” to them. We conclude that the general adaptation to score
is appropriate.

RQ2. Is the adaptation of different Emotional Support types to trait level for Emotional Stability
and Conscientiousness, but not for the other traits, appropriate? All participants in FG3 and FG4
agreed that this is sensible. For conscientiousness, they said that “[it] makes sense [to adapt to conscien-
tiousness] as it is how they approach the work in the first place”. For emotional stability, they thought that
someone with low emotional stability would require “much more reassurance” whereas someone who
is more emotionally stable “would require more advice”. One participant in FG3 said that extraversion
would matter if there was a group of learners. However, another participant stated that whilst in group
work Extraversion would matter, “I think it makes sense in this context if it is just one teacher to one
person because the degree of how many friends they have would not make a difference”. We conclude
that it makes sense to adapt to levels of Emotional Stability and Conscientiousness, but not Extraversion,
Openness to Experience and Agreeableness.

RQ3. Are the differences in feedback between high and low Conscientiousness appropriate?
a) for Emotional Support with a score of 55%: All participants in FG3 agreed that praising the high
person with 55% made sense. “The advice definitely for both low and high, but the praise for high makes
sense [. . . ] as someone who is highly conscientious will need it.” FG4 also agreed with giving praise
for a learner with high conscientiousness for this score, as “you know that they would have tried”. We
conclude that this adaptation is appropriate.

b) for Emotional Support with a score of 70%: All participants in FG3 agreed that this was appropriate
and that “it makes sense”, as if a learner had high conscientiousness, they would have “worked harder
and deserve praise”. On the other hand, if they were low in conscientiousness, they are “used to coasting
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through” and the advice may make them work harder, and you don’t want to “praise bad behaviour”. In
FG4, one participant said they would still praise, however other participants said that “they liked the idea
of a learner with low conscientiousness getting some advice” as they could probably do better. However,
in FG4, two participants leaned towards both Advice and Praise for this score. We conclude that this
adaptation should be kept as Advice, as the majority of participants felt it was appropriate.

c) for Emotional Support with a score of 90%: Participants in FG 3 and 4 thought that this may
be due to surprise that the learner who was not conscientious managed such a good score, or that this
particular learner who is not normally conscientious has put extra effort in this time. “If someone who
doesn’t normally work hard comes out with a score that is this high, then I’d give them a lot of praise
as they might think ‘next time I’ll work hard again’.” When asked if this was ethical, participants said
“Yes as this may motivate them to be more motivated in the future”. We conclude that this adaptation is
appropriate.

d) for negative Slant with a score of 30%, and low conscientiousness: FG4: All participants agreed
this was ok -“I think that using [negative slant] for someone that has not worked hard will make them see
that we expected more from them”. We conclude that this adaptation is appropriate.

e) for negative Slant with a score of 70%, and low conscientiousness: FG4: Most participants thought
this was ok, and they understood why it had happened. However, one participant did not as they had
concerns about being “negative for a good mark”. Others disagreed as “70% is closer to the pass rather
than the top mark, so negative slant is ok”. We conclude that this adaptation is appropriate.

RQ4. Are the differences between high and low Emotional Stability appropriate?
a) For Emotional Support with a score of 10% and 30%: In FG3 and FG4, participants agreed with
the algorithm as “These are the people that I would reassure”. However, one participant in FG3 worried
about giving ER without knowing they are really upset. One participant said they would like to add
more perspective (reassurance). One participant in FG4 also added that “Advice can also help to mitigate
worry in learners”. We conclude that this adaptation is appropriate.

b) For Emotional Support with a score of 70%: For low emotional stability, participants in FG3 and
FG4 disagreed with Advice being given as well as Praise for 70%, as “they may take this very negatively”
and that “they have done well”. They would prefer to have just Praise for this score. We conclude that
this adaptation is not appropriate, and learners with low Emotional Stability should receive Praise only.

Conflicts

RQ5. For a score of 55%, independent of trait level for Extraversion, Agreeableness, Openness to
Experience and Emotional Stability, is it appropriate that A is sometimes used, and sometimes R
and A, and which of these would be better for learners who are “normal” on all traits? In both FG3
and FG4, the majority of participants felt that there should be no difference between the traits. However
one participant in FG3 noted that a person who is very introverted or very extroverted may require
different feedback than a normal person and that this may cause differences between the traits. In FG3,
participants leaned towards giving Advice and Reassurance for this score as “you want to reassure [the
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learner] as they have passed, but you also want to give them advice about how to improve in the future”.
In FG4, participants were more divided. One participant “wouldn’t give reassurance at all because for
some people 55% might be the best that they can do”. However, they would definitely give “Advice [
. . . ] if they were looking to improve their grade for the next time”. We conclude that there should not be
a difference between Agreeableness, Extraversion and Openness to Experience for a score of 55% and
the majority of participants decided to recommend R A for a “normal” person.

RQ6. For a score of 70%, independent of trait level for Extraversion, Openness to Experience and
Agreeableness, is it appropriate that A is sometimes used, P or P and A, and which of these would
be better for learners who are “normal” on all traits? In FG1 and FG2, participants were shown
the four stories representing Extraversion and Agreeableness at high and low levels. For each of these
traits, participants were completely divided whether to give Praise or Advice for a score of 70%. So, they
did not really make a differentiation between the traits as such. It was more a difference of opinion on
whether a score of 70% should be praised or not, as it can be improved on, but is also a good score. One
participant was concerned with giving praise – “I think saying ‘I’m proud of you’ to someone I didn’t
know would be weird”. However, they would be fine with saying “well done”, so they agreed that this
was due to the text of the statement rather than the category of emotional support. In FG2, one participant
stated “If I could pick both [Praise and Advice] I would, but if I had to pick one, I’d pick praise”. In FG4,
participants said that “it made no sense” that different strategies were offered for Openness, Extraversion
and Agreeableness. In FG3 this issue was not discussed, with discussion centring on what to do for a
“normal” learner. Most participants in FG3 and FG4 leant towards praising this mark for a ‘normal’
learner - “you’d probably just say ‘well done’ ”. “Unless they weren’t particularly happy with it, I’d
say 70% is a good score and I would give praise”. We conclude that there should not be a difference
between Agreeableness, Extraversion and Openness to Experience for a score of 70% and the majority
of participants decided to recommend P for this score for a “normal” person.

11.4 Refined Algorithm

Based on the results of the focus groups, we refined the algorithm (shown in Table 24) to take into account
the perspectives of the participants. The final algorithm is shown in algorithm 1. The only case where
we had a conflict in the algorithm was for slant at scores of 30% and 70%, when a learner has both low
Conscientiousness (where a negative slant is recommended) and high or low Emotional Stability (where
a neutral slant is recommended). In our final algorithm, we decided to not use the negative slants for
learners with low Emotional Stability and low conscientiousness, as negative slanting is likely to have an
adverse effect on neurotic learners. If a learner has high Emotional Stability but low Conscientiousness,
we used the negative slants on scores of 30% and 70% as this learner is likely to be stable enough for it
to be appropriate. However, this requires further investigations in the future.
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Algorithm 1: Refined Algorithm for Emotional Support

Input : score the score the learner achieved; emotional stability the learner’s level of emotional stability; conscientiousness
the learner’s level of conscientiousness

Output: slant the slant to use in feedback; ES the categories of emotional support to use in feedback
1 begin
2 switch score do
3 case 10%
4 slant = neutral;
5 if emotional stability = low then
6 ES = ER R A;
7 else
8 ES = R A;
9 end

10 end
11 case 30%
12 if emotional stability = low then
13 ES = ER R A;
14 else
15 ES = R A;
16 end
17 if conscientiousness = low ∧ emotional stability 6= low then
18 slant = negative;
19 else
20 slant = neutral;
21 end
22 end
23 case 45%
24 slant = neutral;
25 ES = R A;
26 end
27 case 55%
28 slant = neutral;
29 if conscientiousness = high then
30 ES = P A;
31 else
32 ES = R A;
33 end
34 end
35 case 70%
36 if conscientiousness = low then
37 ES = A;
38 else
39 ES = P;
40 end
41 if conscientiousness = low ∧ emotional stability 6= low then
42 slant = negative;
43 else
44 slant = neutral;
45 end
46 end
47 case 90%
48 slant = neutral;
49 if conscientiousness = low then
50 ES = P P;
51 else
52 ES = P;
53 end
54 end
55 endsw
56 end
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12 CONCLUSIONS AND FUTURE WORK

We have found that learner personality is considered by humans when adapting slant and emotional sup-
port in feedback to learners, particularly conscientiousness and emotional stability. We have generated
and evaluated an algorithm which encapsulates these adaptations. These results are encouraging but there
are several limitations. The feedback was provided without much history or context for the given learner.
So far, we only informed participants that the teacher expected the learner to pass. However, prior learner
performance is likely to change the expectations of the teacher. For example, it may be that the learner
in question really struggles with the topic, and would require extra praise for a much lower score than
the algorithm recommends if they suddenly improve. This would likely mean that the algorithm should
change the recommendations for emotional support and slant as a learner progresses through a course.

We have also only examined adaptation to one polarized trait at once. Although the algorithm can
adapt to polarized levels of emotional stability and conscientiousness at the same time, it may be that the
recommendations would differ if participants see more than one polarized trait in a story. Additionally,
the other three traits which did not seem to matter may interact with conscientiousness and emotional
stability. For example, a neurotic learner who is an extrovert may receive different feedback to an intro-
verted neurotic learner. Investigating this will require further story development.

We have investigated the adaptations in feedback to six scores, roughly mapped to grade boundaries
(e.g. A-F in the UK). However, we presented a percentage score to participants, thus we do not know
what to do for an exact pass (we provided a marginal pass and a marginal fail). Furthermore, although we
know that the type of emotional support changes as grades increase, we do not know the exact point at
which this change should happen. Further experiments could be devised where participants see a random
percentage score.

The methodology could also be adapted to deal with performance on multiple topics. This would
enable an intelligent conversational agent to provide feedback on an end of term report, for example.

Our research has taken place with a western perspective (using participants the US). The adaptations
that we have discovered are unlikely to be appropriate in other cultures which have different perspectives.
The methodology we have used in this paper could be used to examine how adaptations occur in other
cultures, however this would require translation and re-validation of the stories.

When the Emotional Support statements were selected, we chose the ones that were most reliably
categorized, as this provided us with the best way of investigating how the use of the categories differed.
However, we do not know how emotionally supportive our statements actually are. It may be that our
requirement for validated categories led to the elimination of the statements that are in fact best at sup-
porting negative affective states. Further investigations need to establish how effective our remaining
emotional support statements are at mitigating negative affect, and new ones developed if necessary. Ad-
ditionally, we have only examined the use of emotional support category, however it may be that some
statements in those categories were used more than others, and that this depends on learner score and
personality. A future study could investigate this and discover which statements in each category are
thought of as the best by participants.

A final limitation is that we have not empirically investigated the effect of the adapted feedback on
the motivational levels of real learners in a longitudinal study.
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