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Abstract
Background  Robotic devices have shown promise in supporting motor (re)learning. However, there is a limited 
understanding of how personality traits influence the effectiveness of robot-aided training strategies.

Methods  We conducted a motor learning experiment with 40 unimpaired participants who trained to control 
a virtual pendulum using a robotic haptic device. Before the experiment, we assessed personality traits including 
the perceived control over life events (Locus of Control), the tendency to turn challenges into engaging activities 
(Transform of Challenge), and other subscales from Autotelic and Hexad gaming style questionnaires. Participants 
were divided into two groups, one receiving haptic guidance during training and a second one without assistance. 
Short- and long-term retention was assessed, and relationships between personality traits, performance metrics, and 
human-robot interaction metrics were analyzed.

Results  Participants with high Transform of Challenge or external Locus of Control characteristics who received 
physical guidance during training reduced the human-robot interaction forces to a lesser extent compared to the 
ones who did not receive guidance. Additionally, participants with a high Free Spirit gaming style showed greater 
sensitivity to how their perception of the guidance affected their performance during the retention phases.

 Conclusion  Our findings suggest that autotelic personality, Locus of Control, and gaming style modulate motor 
learning outcomes during robotic-assisted training, affecting both performance and human-robot interaction metrics. 
This highlights the potential of integrating personality-based adaptations in robot-aided rehabilitation protocols to 
enhance performance and motor (re)learning. Future works should explore the relationship between personality traits 
and psychological states (e.g., perceived difficulty, attention) across diverse tasks and guidance methods in clinical 
populations.
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Introduction
Damage of the central nervous system, e.g., after stroke, 
often results in motor impairments that require re-learn-
ing of lost motor skills  [1]. Technological advances, such 
as robotics and virtual reality (VR), have shown promise 
in supporting motor (re)learning by providing augmented 
feedback, e.g., in the form of visual, auditory, haptic, or 
their multimodal information combinations  [2]. Among 
these, the provision of haptic feedback is one of the most 
popular approaches in robot-aided training. Haptic feed-
back has shown potential in positively influencing motor 
learning when combined with other feedback forms [2, 3]. 
In particular, haptic guidance — where robots physically 
assist users in achieving correct movements [4]—has been 
shown to enhance motor learning, especially in those ini-
tially less skilled or in the early stages of stroke neuroreha-
bilitation [3, 5]. There is also evidence that robotic training 
strategies that challenge users, e.g., by amplifying errors, 
may benefit more skilled users [6, 7].

Despite previous research pointing towards individual 
differences in robot-assisted motor learning, there is a 
lack of understanding of how to optimally select haptic 
training strategies for each individual trainee. Different 
training strategies affect not only motor performance 
during training but also trainees’ motivation  [3, 8–10], 
which in turn influences motor learning  [11]. To date, 
determining the most suitable training approach for each 
individual is hindered by insufficient knowledge of the 
intrinsic human factors that play a role in the effective-
ness of robot-aided training [12, 13].

Factors that might differentiate trainees are multi-
faceted, ranging from variations in individual char-
acteristics — e.g., physiological or psychological 
differences [14, 15] — to environmental and social fac-
tors  [16, 17]. Adapting robotic assistance to trainees’ 
physiological measures and physical capacities has 
shown benefits in motor learning and neurorehabili-
tation  [18, 19]. Yet, there is increasing recognition of 
the potential value of incorporating other character-
istics, such as personality traits, personal preferences, 
and psychological states to provide more personalized 
robotic training programs [20–24].

While psychological states — e.g., motivation and 
engagement — are dynamic and can change depend-
ing on circumstances  [14, 25], personality traits are sta-
ble characteristics that shape how people consistently 
think, feel, and behave over time  [15]. Since personality 
traits are expected to be stable, such information could 
reduce the need for in vivo data collection. Personality 
traits have been shown to be relevant in different areas 
such as sports  [26], employee productivity  [27], online 
gaming [28], or academic learning [29]. However, despite 

the potential relationship between personality traits and 
motor learning, their interplay with robotic-aided train-
ing has not been systematically investigated.

To address this gap, we performed a parallel design 
experiment involving 40 unimpaired participants who 
learned to control a virtual pendulum with one inter-
nal degree of freedom to hit upcoming targets with the 
pendulum mass in a VR-based game. Participants could 
control the pendulum by moving the pendulum’s pivot-
ing point through a haptic device. Participants could feel 
the pendulum dynamics through the haptic device. Dur-
ing training, the device supported half of the participants 
(Experimental group) through haptic guidance. This 
group was compared against a Control group that did not 
receive this guidance. Using questionnaires, we measured 
two personality traits and two gaming styles for each 
participant.

 	• Autotelic personality. According to the challenge 
point framework [30], optimal learning occurs when 
learners face challenges that are neither too easy 
nor overwhelming, facilitating task engagement. 
Therefore, personality traits that influence how 
individuals perceive and approach challenges may be 
crucial during robotic-assisted motor learning. The 
autotelic personality trait gives information about 
the disposition to seek challenges or enter the “flow” 
state [31] and has already shown its potential to predict 
engagement in sports settings [32]. In this study, we 
assessed autotelic personality using the Transform of 
Challenge and Transform of Boredom subscales from 
the Autotelic Personality Questionnaire [33]. These 
subscales reflect an individual’s tendency to transform 
“challenging” or “boring” situations, respectively, into 
personally motivating ones. These subscales might 
be relevant when interacting with robotic devices, as 
they might interact with how the robotic assistance 
influences participants’ engagement in tasks whose 
functional difficulty — i.e., how challenging the task is 
perceived — can be modulated by physically assisting 
the movement [9].

 	• Locus of Control (LOC) is related to individuals’ 
sense of control over their actions and 
outcomes [34]. Autonomy and perceived control 
can be of particular interest when interacting with 
robotic devices that provide physical assistance [20]. 
Previous research indicated that participants’ LOC 
(internal vs. external) can impact how they react to 
external feedback [35], as well as their interaction 
with robotic devices [36]. For instance, in this last 
work, Acharya et al. found that LOC was correlated 
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with how participants behaved under different types 
of assistance in a robotic teleoperation task.

 	• Gaming styles. Gamification can motivate trainees [37] 
but can be intricate as it intertwines with personal 
preferences and characteristics that can either boost 
or hinder engagement [38]. An established method 
for capturing this is to classify the user’s gaming style, 
which characterizes users based on their interaction 
preferences within game-like environments [39]. 
Though not a personality trait, gaming style can be 
potentially used to assess the trainee’s personality 
profile [40]. Here, we assessed participants according to 
two gaming styles: Achiever — reflecting a preference 
for challenges — and Free Spirit — reflecting a 
tendency for exploration [41]. These gaming styles may 
influence how users respond to structured interactions 
like haptic guidance, which can be perceived as a game 
element that limits free exploration or directly impacts 
task difficulty.

The experimental protocol was divided into two sessions, 
1–3 days apart. The first session included a personality 
traits assessment, a baseline to determine participants’ 
initial skill level, a training phase, and a short-term reten-
tion (STR) evaluation. The second session included a 
long-term assessment of motor learning. During the 
baseline and the two retention phases, the participants 
performed two transfer tasks to asses the generalization 
of the acquired skill [3, 42]. The transfer tasks were simi-
lar to the trained task (referred to as the main task) but 
included slight design variations. In the position trans-
fer task, the targets were randomly re-located from the 
trained main tasks to evaluate the participants’ ability to 
adapt to unfamiliar spatial patterns. The second transfer 
task, referred to as dynamics transfer task, introduced 
variations in the pendulum dynamics, i.e., the pendulum 
rod length was reduced by 70%, while the target positions 
were the same as in the main task.

In this paper, we present results on the analysis of the 
relationship between personality traits, haptic guidance, 
human-robot interaction forces, and participants’ motor 
learning by testing the following hypotheses.

H1 Personality traits and presence of haptic 
guidance influence how task performance and 
human-robot interaction force change from 
baseline to retention.

H1.1 Haptic guidance: Participants were anticipated 
to perform worse during short-term retention if 
they were allocated to the Experimental group, 

compared to those allocated to the Control group, 
due to reliance on the haptic guidance.

H1.2 High Transform of Challenge participants: For 
participants allocated to the Experimental group, 
performance during short-term retention was 
expected to decline even more if they had high 
levels of the Transform of Challenge trait. This 
is based on findings in [43], where participants 
with high Transform of Challenge showed worse 
performance when receiving guidance compared 
to not receiving guidance during the training 
phase.

H1.3 High Achievers: Participants with high 
levels of Achiever gaming style were expected 
to outperform average participants. This is 
irrespective of the training group they were 
allocated to and based on their improved 
performance w.r.t. average participants during the 
training phase [43].

H1.4 Human-robot interaction force and Free Spirits: 
Participants with high Free Spirit gaming style in 
the Control group were expected to exhibit higher 
interaction forces with the haptic device during 
short- and long-term retention compared to an 
average participant, which they already showed 
during the training phase [43].

H1.5 Human-robot interaction force and Locus 
of Control: Participants with high LOC scores 
(external LOC) allocated in the Experimental 
group were expected to exhibit greater interaction 
forces from baseline to STR compared to a 
participant with low LOC scores (internal LOC), 
as they already showed this trend during the 
training phase [43].

H2 Different movement patterns (target positions) 
and pendulum dynamics affect task performance 
and human-robot interaction force and are 
influenced by personality traits.

H2.1 Transfer task with different target positions: 
During baseline, participants were expected to 
perform worse in terms of both performance and 
interaction force metrics in the position transfer 
task compared to the main task. This is due to 
the potential added challenge of adjusting to 
new, less familiar target positions. However, we 
hypothesized this effect would diminish during 
the retention phases due to learning after the 
training.

H2.2 Transfer task with different pendulum dynamics: 
Participants were expected to perform better 
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during this transfer task compared to the main 
task in all phases. In this transfer task, as the 
pendulum rod was shortened, the pendulum’s 
natural frequency increased. In [44], Özen et al. 
showed how operating the system far from the 
pendulum’s natural frequency was correlated with 
higher control. We hypothesized that keeping the 
same target positions within walls, but increasing 
the pendulum’s natural frequency, would facilitate 
controlling it.

H2.3 Transfer task and Transform of Challenge: 
Participants with high Transform of Challenge 
were expected to improve the performance metric 
in a smaller amount than the average participant 
in those tasks potentially less challenging — i.e., 
the pendulum is easier to control (H2.2) — and 
outperform average participants in those involving 
new and unexpected target positions (H2.1).

H3 Subjective perception of human-robot 
interaction correlates with task performance 
metrics and personality traits.

H3.1 Interaction perception and performance: Positive 
responses to the robot interaction perception 

questions (e.g., perceiving the robot as permitting, 
helpful, or non-frustrating) were expected to be 
associated with better performance improvements 
after training.

H3.2 Interaction perception and personality traits: We 
also expected that the subjective perception of the 
haptic guidance would interact with personality 
traits and affect the performance and human-
robot interaction force decrease after training.

We did not include hypotheses specifically addressing the 
relationship between personality traits, haptic guidance, 
and motor performance during training, as this specific 
experimental phase was analyzed in a prior study pub-
lished in a conference proceeding (see [43]).

Methods
Experimental setup
The experimental setup included a Delta.3 haptic robot 
(Force Dimension, Switzerland) placed on a desk next to 
a display monitor (Fig. 1). The device is capable of mea-
suring positions and providing forces up to 20.0 N in the 
three translational directions (x, y, and z axes, Fig. 1). The 

Fig. 1  The experimental setup (up left) consists of the screen and the Delta.3 (Force Dimension, Switzerland). Down left: Game screenshot with the 
pendulum, walls in black and yellow, targets as vertical red lines, and the score in green numbers. Right: The device could be controlled by holding the 
black ball attached to the robot end-effector
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device control was implemented in C++, operating at 
4 kHz. Motion data was recorded at 1.67 kHz.

The pendulum game
The game, inspired by the work of  [44] and created 
in Unity 3D (Unity Technologies, USA), consisted of 
controlling a virtual pendulum to hit moving targets 
approaching the participant. The pendulum consisted 
of a black ball (pivoting point) and a red ball (pendulum 
mass), with a rigid link connecting both balls, as shown 
in Figs. 1 and 2. The pendulum’s pivoting point could be 
moved horizontally and vertically (y and z axis in Fig. 2) 
by displacing the haptic device’s end-effector (black ball 
in Fig. 1 Right; 1:1 movement mapping). The pendulum 
could only swing in the vertical plane (y-z), and therefore, 
movements of the haptic device in the x-direction were 
not mapped to the pendulum.

The task consisted of hitting vertical targets with 
the pendulum mass. The targets were located on walls 
approaching the participants in the x direction, i.e., per-
pendicular to the screen plane. The walls were spaced by 
1 m and their speed was set to 1 m/s. The targets could 
appear in three different positions: the center point of the 
wall or ± 0.12 m to the right/left. The target’s width was 
0.02 m, and the pendulum ball and pivoting point diam-
eter were set to 0.03 m.

By moving the pendulum pivoting point through the 
device end-effector, participants influenced the swing of 

the pendulum, which behaved according to the equation 
of motion of a simple pendulum:

	
θ̈ = −1

l
((z̈ + g) sin θ + ÿ cos θ) − c

ml2 θ̇,� (1)

where y and z are the horizontal and vertical coordi-
nates of the robot end-effector position and θ̈ the angular 
acceleration of the pendulum’s internal degree of free-
dom (DoF). Since the internal DoF was located at the 
pendulum’s pivoting point, θ was defined relative to the 
pendulum rod, as illustrated in Fig. 2. The robot’s coor-
dinates were referenced with respect to its initial posi-
tion after calibration, similar to the one shown in Fig. 1 
right. The pendulum mass was set to m = 0.6 kg, the rod 
length to l = 0.25  m, gravity to g = 3.24  m/s2, and the 
constant c = 3.00e−6  N s/rad. These parameters were 
adjusted and chosen in order to minimize passive stabili-
zation of the pendulum and maintain task difficulty.

As the pendulum crossed a wall, a score based on the 
absolute distance of the pendulum’s mass to the center 
of the target in the y-direction (|Error|) was briefly dis-
played for 0.5  s to provide feedback regarding partici-
pants’ performance. The score ranged between 0 and 100 
and was calculated as:

	
Score =

{
0 if |Error| ≥ 0.2 m,
100 − 500 · |Error| if |Error| < 0.2 m. � (2)

Fig. 2  Left: Front view of the pendulum with forces applied on the pivoting point. FHG represents the force from the haptic guidance while Frod is the 
force from the pendulum dynamics. Center: 3D representation of the game. Right: Top view representation of the game with exemplary trajectories of the 
pivoting point and the pendulum mass, in black and red dashed lines respectively. The red lines within the walls represent the targets. The variable b rep-
resents the target position with respect to the centerline, while the variable a represents the absolute error between the pendulum mass and the target
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Each phase of the experiment was organized into wall 
sets, with 20 walls presented per set (see the Study proto-
col Section). A final score, based on the average of all 20 
scores, was shown at the end of each set to inform par-
ticipants of their overall performance in that set.

Haptic rendering and haptic guidance
To enhance the ecological validity of the task — ensuring 
the experimental conditions closely replicate real-world 
scenarios — we incorporated haptic rendering through-
out the whole experiment, i.e., the provision of the forces 
originating from the pendulum dynamics on the device 
end-effector. Participants could feel the pendulum force 
dynamics (Frod), calculated as:

	 Frod = m((z̈ + g) cos θ − ÿ sin θ + θ̇2l),� (3)

using the same constants as in Eq. (1).
Participants allocated to the Experimental group were 

also provided with haptic guidance during training to 
physically assist them in the target-hitting task. This was 
achieved by first calculating an optimal end-effector tra-
jectory between the pendulum state at the moment of 
target wall collision and the target at the following wall, 
and then enforcing this trajectory using a Proportional-
Derivative (PD) controller.

The optimal end-effector trajectory was calculated 
every time the pendulum hit a target wall using the 
ACADO toolkit [45]. The cost function included terms to 
maximize accuracy (i.e., minimize the distance between 
the pendulum ball and the next target’s centerline), maxi-
mize the pendulum stabilization (i.e., penalizing the 
velocity components of the pendulum ball), and mini-
mize end-effector acceleration based on the current state 
of the pendulum, as described in the Appendix B.

The PD controller aimed to minimize the distance 
between the end-effector and the reference trajectory in 
the y-direction at each time point by applying a guiding 
force FHG at the end-effector. We only provided guid-
ance in the y-axis as it was sufficient to achieve the target-
hitting tasks. By not guiding in the z-direction, we also 
reduced the potential masking effects of the guidance on 
the perception of the haptic rendering of the pendulum 
dynamics. The resulting equation for the PD controller is 
as follows:

	
FHG = Kpe(t) + Kd

d

dt
e(t),� (4)

where the y-axis error between the actual and the refer-
ence trajectory was denoted as e(t), and the proportional 
(Kp) and derivative (Kd) gains were set to 75.0 N/m and 
15  N s/m, respectively. The guiding force was added to 
the haptic rendering force (Frod in Eq. (3)). The order of 

magnitude of the guidance force was around four times 
the haptic rendering.

Participants
Forty-two unimpaired participants performed the 
experiment. Data from two participants were excluded 
from further analysis. One participant exhibited errors 
three standard deviations higher than the average of 
all participants. We encountered a technical problem 
when recording the data of a second participant, lead-
ing to missing data within the dataset. Thus, 40 partici-
pants were included in the analysis (age = 27 ± 6 yrs; 
19 identified as female, 21 identified as male; no partici-
pants identified as non-binary). The target sample size of 
approximately 40 participants was determined based on 
a power analysis, as detailed in Appendix A. Handedness 
was assessed using the Short-Form Edinburgh Handed-
ness Inventory  [46], resulting in 35 right-handed, four 
left-handed, and one ambidextrous participant. All par-
ticipants signed the informed consent to participate in 
the study, which was approved by the TU Delft Human 
Research Ethics Committee (HREC).

Participants were allocated into two training groups: 
Control or Experimental. The Experimental group 
received haptic guidance during some parts of the train-
ing phase (see the Study protocol Section), while the 
Control group practiced without any physical assistance. 
To promote an even distribution between groups, we 
used an adaptive randomization method. We randomly 
allocated the first twenty participants into one of the 
two training groups and distributed new ones into each 
group based on their sex and results from the Locus of 
Control questionnaire (see the Outcome metrics Sec-
tion), similar to [7]. The Locus of Control was employed 
as it directly relates to the perception of control, which 
aligned with the groups’ training conditions (guidance vs. 
no guidance).

Study protocol
The experiment was conducted in two locations: Delft 
University of Technology, Delft, the Netherlands, and 
Alten Netherlands B.V., Rotterdam, the Netherlands. The 
experimental setup and protocol were identical in both 
locations. Minor environmental differences (e.g., room 
layout, lighting) were not expected to systematically 
affect performance. The overview of the experimental 
protocol can be found in Fig. 3.

The experiment took place in two sessions on different 
days, with one to three days between sessions, following 
recommendations to evaluate motor learning [3]. At the 
beginning of the first session, participants were invited 
to sit at the set-up table. The chair height was adjusted 
based on personal preferences to ensure a comfortable 
arm movement within the robot’s workspace. The haptic 
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device was placed at a reachable distance with a relaxed 
posture on the dominant hand’s side. The screen was 
placed on the opposite side of the device in front of the 
participant. Participants were informed about the goal of 
the pendulum task at the beginning of the first session. 
No extra information was given during the rest of the 
experiment.

The experiment began by inviting participants to fill 
out the first block of questionnaires, including demo-
graphic data collection and the questionnaires to quantify 
the personality traits (see the Outcome metrics Section). 
Participants were then invited to familiarize themselves 
with the haptic device and the virtual environment for 
40  s. During this familiarization phase, they were asked 
to move the pendulum freely in the virtual environment 
without loading any target. They could observe the pen-
dulum moving and feel the haptic rendering of the pen-
dulum dynamics through the haptic device end-effector. 
Once the 40  s were over, participants were instructed 
again about the game goal: move the pendulum such that 
the red ball hits each wall as close as possible to the tar-
get’s center. They were then invited to play a first set of 20 
targets.

Once the familiarization was completed, the main 
experiment began. Participants underwent three main 
phases during Session 1: baseline, training, and short-
term retention. During these phases, participants per-
formed one or three different tasks. The main task 
consisted of playing 20 targets in a specific order. Each 
time the main task was played, targets were set in the 
same sequence of positions, except during the training 
phase, in which some of the sets were mirrored (fur-
ther explained later in this section). Participants also 

played two transfer tasks to asses the generalization of 
the acquired skill. Those tasks were similar to the main 
task but included slight design variations. In the posi-
tion transfer task, the targets were randomly re-located 
(still appearing every 1  s) to introduce new movement 
sequences. During the dynamics transfer task, the target 
positions were kept the same as during the main task, 
but the pendulum dynamics were changed. While the 
appearance of the pendulum did not change, the pen-
dulum rod length was reduced by 70% in Eq. (1) and (3). 
This variation affected the pendulum’s natural frequency, 
which increased from 0.573  Hz to 0.685  Hz. For both 
transfer tasks, the goal remained the same: Use the pen-
dulum mass to hit each target.

The baseline included two sets of 20 targets for the 
main task. The game did not stop between sets within the 
same task, but there was an extended pause of three sec-
onds in which no new targets were loaded. After the sec-
ond set was finalized, participants completed a new set of 
questionnaires to assess motivation and agency. To keep 
our analysis focused on answering the listed hypotheses, 
the analysis of motivation and agency are out of the scope 
of this work. Participants were then asked to play the 
game two more times, for two sets of the position transfer 
task and two sets of the dynamics transfer task, with an 
on-demand break offered between the two tasks.

After the baseline trials were complete, participants 
began the training. They completed two rounds of 15 
sets of the main task of 20 targets each. Participants 
had the opportunity to take a break between rounds. 
During training, the Experimental group received hap-
tic guidance on top of the haptic rendering. However, 
to avoid participant reliance on the guidance, guidance 

Fig. 3  The study protocol included two sessions spaced by 1 to 3 days. A set comprised 20 targets. D.C.: Data collection, QUEST.: Questionnaires, s: Sec-
onds, T1: Position transfer task, T2: Dynamics transfer task, STR: Short-Term retention, LTR: Long-Term retention, Exp.: Experimental
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was removed during the first set and once every five sets 
(“catch sets”). In addition, to avoid only learning the spe-
cific movement patterns and target positions, mirrored 
sets were interspersed within the non-catch sets for both 
groups. The position of the targets during these sets 
was mirrored with respect to the walls’ y-axis. The dis-
tribution of “catch sets” and mirrored sets can be found 
in Fig. 3. Participants were informed that they might or 
might not be assisted during training to promote active 
participation. The Control group only experienced the 
haptic rendering from the pendulum dynamics during 
training.

Immediately following the last training set, participants 
took a 10-minute break. During this time, they filled in a 
new set of questionnaires. The Experimental group was 
asked questions about their subjective experience with 
the robotic guidance, i.e., how disturbing, frustrating or 
restrictive it was perceived (see the Outcome metrics 
Section). Following the break, a washout set of the main 
task was conducted by both groups to mitigate any tem-
porary effects from training with haptic guidance, e.g., 
“slacking” [47].

Right after the washout set, participants performed the 
short-term retention phase. The structure was similar to 
the baseline but without the questionnaire. Participants 
returned after one to three days to perform a long-term 
retention phase, which was structured identically to the 
baseline tests.

Outcome metrics
Personality traits questionnaires
Before the familiarization phase, participants completed 
a battery of questionnaires assessing the selected person-
ality traits to study. These personality traits included the 
LOC scale  [34], the Transform of Challenge and Trans-
form of Boredom sub-scales from the Autotelic personal-
ity questionnaire  [33], and the Achiever and Free Spirit 
sections of the Hexad Gaming style questionnaire  [39]. 
All the questionnaires, except for the LOC, were formed 
by seven-point-based questions and normalized between 
0 and 1 (low to high level of trait/characteristic). The 
LOC questionnaire was formed by 23 multiple-choice 
questions, and the overall score for the whole question-
naire ranged from 0 to 23. To improve interpretability 
and facilitate later modeling (see the Statistical analysis 
Section), this range was normalized from -1 to 1 to reflect 
the continuum between Internal LOC (-1) and External 
LOC (1), which are widely recognized classifications in 
literature and commonly used to interpret behavior. In 
addition, the LOC scores usually follow an approximate 
Gaussian distribution centered near zero. This makes 
this range statistically practical and close to the centered 
scale. Internal and external LOC differ in whether out-
comes from an action are attributed to oneself or external 

circumstances, respectively. The employed questions for 
all the questionnaires can be found in the Appendix C.

Human-robot interaction experience questionnaire
Three questions were filled in by only the Experimental 
group after training. These questions related to frustra-
tion, disturbance, and restrictiveness perception during 
the training (see Appendix C). They were answered on a 
seven-point scale, which was then normalized between 0 
and 1 (low to high).

Task performance: absolute error
To assess motor learning, the distance between the pen-
dulum’s mass position and each target’s centerline at the 
time of pendulum-wall contact was calculated (|Error|), 
in meters. This was used as our performance metric and 
one value per wall was obtained.

Human-robot interaction: interaction force
To assess participants’ interaction with the haptic device, 
the human-robot interaction force was estimated. This 
estimate was computed using Reaction Torque Observers 
based on recorded motor currents and the robot dynamic 
model, as implemented in [44]. For the analysis, we used 
the average force per target in Newtons. We calculated 
this average force within the interval from consecutive 
midpoints between walls.

Statistical analysis
To evaluate the hypotheses outlined in the Introduction 
Section, we used Linear Mixed Models (LMMs). These 
models were fitted using the lmer function from the 
lmerTest package in R. Statistical significance was set at 
p < 0.05, and p-values were adjusted for multiple com-
parisons using Bonferroni correction.

The employed LMMs were selected as outlined in 
Appendix  D. We group them throughout the current 
section depending on the hypotheses they are tailored 
to evaluate. Table  1 summarizes the variables that can 
be included in the models. Task performance (|Error|) 
and human-robot interaction force (|IntForce|) met-
rics were analyzed as dependent variables depending on 
the model. Logarithmic transformations were applied 
to correct skewed distributions and achieve normality 
requirements.

Models to infer motor learning (M1.1 and M1.2)
To evaluate the impact of personality traits and the train-
ing condition on motor learning outcomes across differ-
ent experimental phases (related to hypotheses H1 and 
H2) we employed two models, one for each dependent 
variable. These models include independent variables 
regarding the training group, the task type, the stage, and 
the personality traits (see description in Table 1). Given 
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the extensive number of variables and potential interac-
tions, a stepwise comparison between models of different 
complexity was performed using the Akaike Informa-
tion Criterion (AIC) and Bayesian Information Crite-
rion (BIC) to prevent overfitting and ensure stability (see 
Appendix D).

For the performance metric (|Error|), the following 
model (M1.1) with the smallest AIC and BIC was chosen:

	

log10|Error| = Group × (Task + Stage)
+ (TCc + LOCc)
× (Task + Stage + sIndex)
+ Task × Stage + Group

× TCc × Stage + (1|ID)
+ (1|wIndex : NewWalls).

In this equation, the normalized and centered results 
from the Transform of Challenge (TCc) and Locus 
of Control (LOCc) were included as traits of inter-
est, as others did not show statistical significance dur-
ing model selection. Therefore, the hypothesis related 
to the Achiever gaming style (H1.3) is not supported by 
the data. A nested random effect for wall index (wIn-
dex  : NewWalls) was adjusted to account for changes in 
wall positioning during the position-based transfer task.

A similar model (M1.2) was developed for the interac-
tion force metric. Notably, this model included an addi-
tional interaction term, Group × LOCc × Stage. When 
compared with other configurations, the model with this 
extra interaction led to a lower AIC and slightly increased 
BIC (see Appendix  D). In view of these competing 
results, previous literature was used to guide the choice. 
This extra relationship was considered of interest as LOC 
was found to correlate to the interaction force metric 
during the training phase when the haptic guidance was 
active (see [43]). The final model has the form:

	

log10 |IntForce| = Group × (Task + Stage)
+ (TCc + LOCc)
× (Task + Stage + sIndex)
+ Task × Stage + Group × TCc

× Stage + Group × LOCc

× Stage + (1|ID)
+ (1|wIndex : NewWalls).

Note that while this model does not include the Free 
Spirit gaming style, results from an alternative model 
(see Appendixes  D  and  E) suggest a potential relation-
ship between this trait and interaction force outcomes, 
which can be considered of interest for hypothesis H1.4. 
Yet, fully evaluating this effect would require studying 
the model complexity beyond the current study’s scope, 
complicating the understanding of the results. As such, 
we leave a thorough investigation of H1.4 for future work.    

Human-robot interaction perception model (M2)
To investigate whether subjective perceptions of human-
robot interaction (HRI) influenced task performance 
(H3), we employed the following model:

	

log10 |Error| = (ACc + FSc + TCc + LOCc)
× HRIQuestion × Stage

+ (1|ID) + (1|wIndex),

where the HRIQuestion represents the normalized and 
centered response to each of the specific HRI perception 
questions. The normalized and centered version of four 
of the traits were considered of interest for this model, 
i.e., the Achiever (ACc) and Free Spirit (FSc) gaming 
styles, Transform of Challenge (TCc), and Locus of Con-
trol (LOCc). All the phases were included in this dataset 
(baseline, training, short- and long-term retention) while 
the transfer tasks were excluded as HRI questions were 

Table 1  Variables employed for the LMM. Data was structured at the target level; However, in models where this structure was not 
applicable, the dataset was reduced to eliminate duplicate entries. The variables |Error| and |IntForce| were log-transformed to address 
skewness in their distributions
Variable Type Description Values
ID Int Participant number 1 to 40
wIndex Int Wall number within a set 0 to 19
Task Cat Task type1 (main task or transfer task) mn, t1, t2

Stage Cat Experimental stage1 (baseline, training, short- and long-term retention) BL, TR, STR, LTR

sIndex Int Set identifier within a Task in a specific Stage 0 to (Nset-1)
XXc   Cont Normalized and mean-centered value of the trait score. XX are substituted 

by the corresponding personality trait.
0-XXnorm to 1-XXnorm

|Error| Cont Absolute error values –
|IntForce| Cont Interaction force values –
NewWalls Int Wall number within the position transfer task 0 to 40
 Int: Integer, Cat: Categorical, Cont: Continuous
1Depending on the model, some variables may not include all levels, e.g., when the training phase was excluded from a model, the variable “Stage” would only 
include BL, STR, and LTR
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asked exclusively after the training phase, which did not 
include the transfer tasks.

Results
The results from the LMM are visually summarized in 
Figs. 4, 5, 6 and 7, and tables with the full outputs from 
the models are available in the Appendix  E. The figures 
within this section show bar plots illustrating expected 
changes in performance or interaction force between 
two conditions. These changes compare the relative dif-
ference between a reference case, e.g., a participant in 
baseline with average trait levels (or a specific trait value), 
and a case of interest, e.g., the same participant in a later 
phase. The expected performance or interaction force 
in these individual conditions was calculated based on 
the corresponding LMM estimates, with the differences 
reflecting the predicted percentage of improvement or 
decline. Furthermore, we provide 95% confidence inter-
vals around these estimated changes to show the uncer-
tainty around our estimates.

Note that some of the changes shown in the figures 
may not be significantly different from each other after 
applying the Bonferroni correction (see the correspond-
ing corrected and uncorrected p-values in Appendix E). 
We decided to include them for consistent comparisons 
across conditions and to highlight emerging patterns that 
could guide future work.

Throughout this section, to illustrate the comparison 
cases, we refer to high or low levels of personality traits 
or gaming styles. We set those values to be 10% above 
(high level of a trait/gaming style) or below (low level of 
a trait/gaming style) the average participant levels. This 
percentage was selected as it represents a small, realis-
tic shift within the observed data range, allowing us to 
meaningfully illustrate potential individual differences. 
This does not apply to the Locus of Control, in which we 
will compare external LOC (LOC = 1) or internal LOC 
(LOC = -1), as these well-established endpoints represent 
psychologically meaningful behavioral profiles. For all 
the cases, this is explicitly indicated in each figure.

Motor learning results (M1.1 and M1.2)
Outputs from model M1.1 were used to calculate 
expected |Error| evolution across phases. Those predic-
tions are shown in Fig. 4 (main task) and Fig. 6 top (trans-
fer tasks). Outputs from the model M1.2 were used to 
calculate the expected |InteractionForce| evolution and 
are shown in Fig. 5 (main task) and Fig. 6 bottom (transfer 
tasks).

When focusing on the Control group, Fig. 4 illustrates 
how a participant with average levels of every personality 
trait (av. participant) is expected to show an error reduc-
tion of 38% from baseline to short-term retention (STR) 

Fig. 4  Barplot showing results from the M1.1 LMM regarding exclusively the main task. Each bar shows the error reduction that the model predicts a 
participant will show in different situations, i.e., from baseline to short-term retention (left) and from baseline to long-term retention (right). Note that the 
terms related to the influence of LOC in the Experimental group from baseline to STR or LTR were excluded from the model M1.1 to improve interpret-
ability by reducing unnecessary complexity. White bars refer to a participant with average levels of every trait. Colored bars represent the same situation 
for a participant with a higher (solid) or lower (striped) level of a specific trait. Error bars represent the confidence interval associated with each estimated 
error reduction. The square brackets at the bottom represent the corrected p-values associated with those comparisons. Note that the ones in gray 
represent triple interactions; therefore, comparison of comparisons. STR: Short-term retention, LTR: Long-term retention, Av.: Average, Exp.: Experimental, 
LOC: Locus of Control
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and 39% from baseline to long-term retention (LTR) if 
completing the main task.

Regarding the effect of personality traits in the Control 
group, a higher Transform of Challenge reduces even 
more the error from baseline to STR/LTR compared to 
an average participant; i.e., these participants showed 
improved performance. However, the p-values associated 
with these effects were only significant before Bonferro-
ni’s correction (after the correction: p = 0.147 and p = 1 
respectively). A high level of this trait corresponded with 
around 5% performance improvement in addition to the 
error reduction expected from an average participant 
from baseline to STR. LOC also slightly influenced per-
formance changes from baseline to LTR in the Control 
group (p-value only significant before Bonferroni’s cor-
rection, after: p = 0.277). An external LOC was associ-
ated with degraded performance from baseline to LTR 
compared to an average participant from baseline to LTR.

The Experimental group exhibits a degraded perfor-
mance metric, with reductions of around 28% from base-
line to STR (corrected p-value: p = 0.05) and around 
31.5% from baseline to LTR (corrected p-value: p = 1). 
Those values can be compared to the 38% (STR) and 39% 
(LTR) error reduction seen in the Control group. In 
the Experimental group, a high level of the Transform 
of Challenge trait did not show better improvement 

compared with the improvement shown in the Control 
group (Corrected p-values for the STR and LTR were 
p = 0.729 and p = 1 respectively).    

We found that the human-robot interaction force was 
correlated with personality traits. Figure  5 shows how 
high levels of Transform of Challenge were associated 
with different changes from baseline to STR depending 
on the training group. Participants in the Control group 
with higher levels of this trait exhibited a larger reduction 
in the interaction forces from baseline to STR, compared 
to participants with this trait in the Experimental group 
(corrected p-value p = 1.56e−9). For participants allo-
cated to the Experimental group, LOC also had a nota-
ble influence. While participants with an internal LOC 
showed larger interaction force reductions from baseline 
to STR and LTR, those participants with external LOC 
demonstrated a force increase. In this case, the p-values 
associated with both personality trait effects showed 
statistically significant after the Bonferroni correction 
(p = 5.84e−2 and p = 5.17e−5 respectively).

Results regarding the transfer tasks can be found 
in Fig.  6. Both metrics (performance and interaction 
force) were affected by the transfer task. Some tenden-
cies were found in the Control group. Participants in 
this group showed better performance in the dynam-
ics transfer task w.r.t. the main task during baseline 

Fig. 5  Barplot showing results from the M1.2 LMM regarding exclusively the main task. Each bar shows the interaction force reduction that the model 
predicts a participant will show in different situations, i.e., from baseline to short-term retention (left) and from baseline to long-term retention (right). 
White bars refer to a participant with average levels of every trait. Colored bars represent the same situation for a participant with a higher (solid) or lower 
(striped) level of a specific trait. Error bars represent the confidence interval associated with each estimated interaction force reduction. The square brack-
ets at the bottom represent the corrected p-values associated with those comparisons. Note that the ones in gray represent triple interactions; therefore, 
comparison of comparisons. STR: Short-term retention, LTR: Long-term retention, Av.: Average, Exp.: Experimental, LOC: Locus of Control
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(p = 6.303e−4). Participants with high levels of Trans-
form of Challenge in the same group showed smaller 
differences (p = 4.719e−2). The position-based transfer 
task was associated with differences in the interaction 
force metric. In particular, participants in the Control 
group reduced, to a smaller degree, the interaction force 
from baseline to STR and LTR in the position transfer 
task as compared to the main task (p = 6.417e−3 and 
p = 7.124e−7 respectively).

Human-robot interaction perception results (M2)
We did not find significant effects between the subjec-
tive experience of the haptic guidance (HRI questions) 
and changes in performance or interaction force from 
baseline to any of the other phases. However, we found 
that a high frustration combined with a high Free Spirit 
will cause a significantly higher error in the long-term 
retention (LTR) for those participants allocated in the 
Experimental group (p = 5.772e−3), i.e., they showed 

Fig. 6  Top: Barplot showing results from the M1.1 LMM regarding the dynamics transfer task. Bottom: Barplot showing results from the M1.2 LMM regard-
ing the position transfer task. Each bar shows the error (top) or interaction force (bottom) reduction that the model predicts a participant will show in 
different situations, i.e., from the main task in the baseline to the dynamics transfer task in the baseline (top) or from the baseline to STR/LTR in both, the 
main and the transfer task (bottom). White and pink bars refer to a participant with average levels of every trait. Other colored bars represent the same 
situation for a participant with a higher or lower level of a specific trait. Error bars represent the confidence interval associated with each estimated error 
or interaction force reduction. The square brackets at the bottom represent the corrected p-values associated with those comparisons. Note that the ones 
in gray represent triple interactions; therefore, comparison of comparisons. STR: Short-term retention, LTR: Long-term retention, Av.: Average
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degraded performance metric. While participants in this 
group showed error reduction from baseline to LTR, this 
improvement was no longer statistically significant when 
considering participants with both high frustration and 
high Free Spirit scores. Interestingly, those participants 
who perceived high frustration but scored lower in the 
Free Spirit gaming style questionnaire showed an error 
reduction of almost 20% more than an average partici-
pant when comparing baseline to LTR (Fig. 7).

Discussion
The influence of personality traits in motor learning (H1)
Overall, participants demonstrated learning progress, 
i.e., reduced the error and interaction forces from base-
line to STR and LTR. We observed slightly lower learning 
for those participants who trained with haptic guidance 
(Experimental group) compared to the ones who trained 
without it (Control group). Still, the p-values associated 
with these effects did not remain statistically significant 
after Bonferroni correction, contrary to our first hypoth-
esis (H1.1). This aligns with our previous findings in a 
similar pendulum task, where we did not find significant 
differences between training with haptic guidance and 
without it in terms of accuracy improvements after train-
ing  [44]. Yet, although the power analysis (Appendix A) 
confirmed that 40 participants were enough to detect the 
effect size, it could be that we overestimate that effect. 
This effect might be too small to be detected for this sam-
ple size; repeating the experiment with a larger sample 
size is left for future work.

From the evaluated personality traits and gaming 
styles, only the Transform of Challenge (H1.2) and Locus 
of Control (H1.5) were found to influence motor learn-
ing. The Achiever gaming style was excluded from the 
LMM M1.1, as its inclusion did not improve model fit 
and resulted in higher AIC and BIC values. Therefore, 
hypothesis H1.3 is not supported by the data. Although 
exploratory analyses suggested a potential relationship 
relevant to H1.4 (related to the Free Spirit gaming style), 
fully evaluating this effect would require studying the 
model complexity beyond the current study’s scope. As 
such, we leave a thorough investigation of H1.4 for future 
work (see Appendices D and E for completeness).

The effect of autotelic personality in motor learning depends 
on the training strategy (H1.2)
In line with our second hypothesis (H1.2), we observed 
that those scoring high in Transform of Challenge 
showed different patterns in both performance and 
human-robot interaction force changes from baseline to 
STR depending on the training group they were allocated 
to. Those with high Transform of Challenge levels in the 
Control group exhibited slightly greater improvement in 
performance (lower error) from baseline to STR when 
compared to those with average trait levels. However, this 
effect did not remain statistically significant after apply-
ing Bonferroni correction to the specific cases, likely 
due to the conservative nature of the adjustment and the 
small sample size. However, differences remained sig-
nificant after the Bonferroni correction when evaluating 

Fig. 7  Barplot showing results from the M2 LMM, including only the Experimental group and the main task. Each bar shows the error reduction that the 
model predicts a participant will show in different situations, i.e., from baseline to long-term retention. The white bar refers to a participant with average 
levels of every trait. Colored bars represent the same situation for participants with a higher (solid) or lower (striped) level of a specific trait and/or high 
frustration. Error bars represent the confidence interval associated with each estimated error reduction. The square brackets at the bottom represent the 
corrected p-values associated with those comparisons. Note that the ones in white represent triple interactions; therefore, comparison of comparisons. 
LTR: Long-term retention, Av.: Average, Exp.: Experimental
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the interaction force. Participants with a high level of 
Transform of Challenge in the Control group reduced 
the interaction force substantially more from baseline to 
STR than those in the Experimental group. This greater 
force reduction in the Control group is in line with litera-
ture that shows an association between Autotelic behav-
iors and high-intensity athletes  [32], who are experts in 
movement economy and efficiency  [48]. For these sub-
jects moved by challenges, the haptic guidance may have 
reduced their perception of the task difficulty, leading 
to a smaller reduction of the interaction force in those 
allocated in the Experimental group. The haptic guid-
ance may have interfered with this group of participants’ 
engagement and focus, making the learning environment 
potentially less ideal for this personality type. This aligns 
with our observations during training: Participants with 
high Transform of Challenge demonstrated worse perfor-
mance under guidance than average participants, likely 
due to a lack of engagement caused by the reduced per-
ceived difficulty [43].

These findings suggest that individuals with Autotelic 
traits, particularly Transform of Challenge, could excel 
in economizing their effort. However, they may be sen-
sitive to interventions that reduce the perceived chal-
lenge, such as haptic guidance. That finding positions 
this trait as an intriguing subject for further study. Future 
research should explore the interplay between this trait 
and perceived difficulty and attentional focus. Addition-
ally, employing methods like error amplification, which 
increases task difficulty, could help sustain the motiva-
tion of such participants and further enhance their learn-
ing outcomes [7].

The effect of locus of control in motor learning depends on 
the training strategy (H1.5)
In line with our hypothesis H1.5, we found a signifi-
cant relationship between the LOC and the reduction 
in human-robot interaction forces from baseline to the 
retention phases. For participants in the Experimental 
group, we found contrasting tendencies in interaction 
force reduction after training depending on whether par-
ticipants exhibited a more external or internal LOC ori-
entation. In particular, participants with an external LOC 
(i.e., believe that outcomes from actions are attributed to 
external circumstances) increased their interaction force 
between baseline and STR & LTR. In contrast, those with 
an internal LOC (i.e., believe that outcomes from actions 
are attributed to oneself ) demonstrated significantly 
larger reductions when compared to participants with 
average trait levels allocated in the Experimental group.

These results align with our previous findings during 
training: Participants in the Experimental group with 
external LOC exhibited higher interaction forces during 

training than those with internal LOC  [43]. A possible 
explanation is that participants with an internal LOC 
perceived the haptic guidance as a means to enhance 
their personal control over the pendulum dynamics, 
which aligns with their intrinsic belief in self-control. 
By attributing successful performance improvements to 
their own actions, internal LOC participants may have 
been more engaged in refining their interaction strategy. 
This interpretation is consistent with previous studies 
showing that individuals with an internal LOC tend to 
perform better when provided with positive feedback, or 
in this case, perceiving better performance by obtaining a 
higher score while receiving guidance [35].

Conversely, participants with a more external LOC may 
have perceived the haptic guidance as the primary driver 
of task success, leading to less motivation to actively 
improve their performance/interaction with the device. 
Prior research in educational and behavioral psychology 
has shown that individuals with an external LOC often 
demonstrate lower persistence when facing new chal-
lenges or scenarios [49]. In the context of haptic guid-
ance, this may translate to a tendency to “lean on” the 
robotic support, resulting in higher interaction forces 
from baseline to retention phases. However, this was not 
accompanied by a statistically significant decline in per-
formance. One interpretation is that these participants, 
having attributed earlier improvements to the robotic 
guidance, may have been unprepared for its removal, 
resulting in inefficient strategies that increased physical 
interaction with the device without necessarily worsen-
ing performance outcomes.

The type of transfer task affects performance and 
interaction metrics (H2)
When examining the performance and interaction met-
rics during the transfer tasks, distinct patterns emerged. 
During baseline, participants exhibited smaller errors 
in the different dynamics transfer task as compared to 
the main task, in line with our hypothesis (H2.2). The 
dynamics transfer task involved a pendulum with a 
shorter rod, resulting in a higher natural frequency. Since 
the hand movement requirements remained unchanged 
(i.e., identical target positions as in the main task), the 
altered dynamics may have made it easier for partici-
pants to move outside the natural frequency of the pen-
dulum. Prior work from our group showed that deviation 
from the pendulum’s natural frequency is indeed corre-
lated with higher control in this particular target-hitting 
task  [44]. The improved control could have contributed 
to better performance. Interestingly, those participants 
with a high Transform of Challenge score showed smaller 
error reduction from the main to the dynamics transfer 
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task in baseline. This suggests that these individuals may 
have perceived the altered dynamics task as less difficult 
and, therefore, less engaging, in line with hypothesis H2.3 
and the previously discussed findings related to motor 
learning. The better performance observed in the dynam-
ics transfer task compared to the main task was no longer 
significant in the subsequent STR and LTR phases. This 
likely reflects participants’ increased mastery of the main 
task, which was the only task trained during the train-
ing phase. As a result, improved overall skill during the 
training phase may have reduced the performance gap 
between the two tasks.

Contrary to hypothesis H2.1, we did not find differ-
ences in performance or interaction force between the 
main and the position-based transfer task during base-
line. However, the human-robot interaction force was 
reduced less in the position-based transfer task than in 
the main task when comparing the baseline to STR in 
both cases. This transfer task was designed to promote 
wider movements, obligating the trainees to deal with 
bigger pendulum amplitudes. This could have hindered 
the generalization process, as they needed to increase the 
interaction force to overcome the challenge.

The interaction between personality traits and human-
robot interaction perception affect performance (H3)
Participants in the Experimental group were asked three 
additional questions about how restricting or permitting 
they found the guidance, how disturbing or helpful they 
found the guidance, and their level of frustration dur-
ing the task (HRI questions). Contrary to our hypothesis 
H3.1, none of the questions showed a statistically signifi-
cant effect on performance improvement. Yet, when the 
information about personality traits was included in the 
analysis, we found that participants with varying levels of 
the Free Spirit gaming style were particularly sensitive to 
frustration, affecting their performance and aligning with 
hypothesis H3.2.

The performance improvement from baseline to long-
term retention in the Experimental group — potentially 
associated with learning effects — was no longer statis-
tically significant when accounting for participants with 
both high frustration and high Free Spirit scores. Indi-
viduals with high Free Spirit gaming style scores — char-
acterized by strong exploratory tendencies [41] — did not 
experience a performance improvement from baseline to 
long-term retention if they felt frustrated. This might be 
due to the fact that the guidance restricted their explo-
ration tendencies. The Free Spirit gaming style has been 
found to negatively correlate with social design game 
elements, suggesting a preference for autonomy and self-
expression over structured interactions [50]. In contrast, 

participants who reported high frustration but scored 
low in Free Spirit showed greater performance improve-
ments from baseline to LTR. With a lower tendency 
toward exploration, these participants with a low Free 
Spirit gaming style may have been less inclined to devi-
ate from the guidance and more likely to adhere to the 
training structure. Consequently, their frustration may 
have driven them to focus on refining familiar, learned 
movements rather than seeking alternative approaches, 
ultimately enhancing their task performance over time. 
These findings also align with prior research in human-
in-the-loop systems, which emphasizes the importance 
of incorporating human preferences to maintain optimal 
human performance [20, 21].

Implications for robot-aided motor learning and 
rehabilitation and future work
Our findings suggest that autotelic personality, Locus 
of Control, and the Free Spirit gaming style may shape 
how individuals respond to haptic guidance, highlight-
ing the need for personalized robot-aided rehabilitation 
protocols. Understanding and extending our knowledge 
about how these trait-dependent differences interact with 
robotic assistance could help refine robotic rehabilita-
tion approaches by tailoring assistance levels and feed-
back mechanisms to enhance performance and motor 
(re)learning. Personality traits and individuals’ desires 
and needs might change before and after an acquired 
brain injury and through the recovery process. Yet, we 
expect these changes to follow a slowed temporal scale 
compared to changes in mental states, which vary largely 
depending on the day, the time of the day, or the task to 
be completed, reducing the need for in-vivo measure-
ments to provide tailored rehabilitation programs.

Although this work represents a first step toward 
understanding the potential value of incorporating per-
sonality traits into personalized rehabilitation protocols, 
future work should examine whether similar personality-
dependent effects influence motor recovery in individuals 
post-stroke. This entails broadening the evaluated traits, 
as stroke frequently induces new or altered psychologi-
cal traits that can be of importance when regulating their 
interaction with robotic devices [51]. Additionally, future 
studies could explore the relationship between personal-
ity traits and psychological states like perceived difficulty, 
attention focus, and engagement across diverse tasks and 
haptic training methods such as error-enhancing strate-
gies, in both unimpaired and clinical populations.
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Study limitations
This study has several limitations. Although the statisti-
cal power computation showed that 40 participants were 
sufficient to detect some effects of interest, the model 
selection process led to the inclusion of more complex 
interaction terms than originally anticipated. As a result, 
the effective power of the statistical tests was reduced, 
which is reflected in the confidence intervals and non-
statistically significant p-values observed in some results. 
This suggests that, while 40 participants is a reasonable 
sample size within motor learning experiments, it may be 
relatively small when investigating more complex effects, 
such as those involving personality traits and their inter-
actions. Future studies could address this limitation by 
using the findings presented here to inform the design of 
future experiments, with larger sample sizes or simplified 
models to maintain adequate power.

Additionally, the values used to estimate high or low 
levels of personality trait effects in this work may not fully 
represent real-world distributions. Moreover, partici-
pants were not classified into distinct personality groups 
but rather exhibited a mix of traits simultaneously, mak-
ing it difficult to isolate individual effects. Finally, we 
acknowledge that individual differences in motor learn-
ing may be shaped by a range of sociocultural influences, 
including those related to gender identity. We did not 
investigate gender-related effects in this study due to the 
already high complexity of the models. Yet, we encourage 
future work to explore this further using more inclusive 
and representative gender frameworks.

Conclusion
This study highlights the multifaceted relationship 
between personality traits, motor learning, and human-
robot interaction (HRI) in the context of robotic-assisted 
training. We conducted a motor learning experiment 
with forty unimpaired participants, half of whom 
received physical guidance from a robotic device. We 
found that trainees with high Transform of Challenge 
personalities showed less error reduction after training 
with haptic guidance, probably due to a lower perceived 
task difficulty. In addition, those with high Transform 
of Challenge characteristics who trained without haptic 
guidance improved their interaction with the robot as 
compared to the average participants. We theorize that 
participants with Autotelic personalities hold a high 
capacity to reduce effort but are substantially penalized 
by a loss of interest due to tasks that are too easy. Locus 
of Control (LOC) also showed the nuanced impact of 
personality on human-robot interaction. Internal LOC 
participants exhibited a substantial reduction in the 
human-robot interaction force after training. In con-
trast, external LOC participants demonstrated only mini-
mal improvement, underscoring the interplay between 

perceived control and the effectiveness of guidance sys-
tems. Finally, participants with a low Free Spirit gam-
ing style showed sensitivity to the subjective perception 
of frustration due to overly restrictive haptic guidance, 
resulting in an improvement in their performance after 
training.

Our work contributes to the understanding of how per-
sonality traits and human-robot interaction perception 
affect motor learning to inform the design of future per-
sonalized rehabilitation systems.

Appendix A Power analysis
To ensure the study was adequately powered to detect 
the expected effects, a preliminary power analysis was 
conducted. We began by reviewing the relevant litera-
ture to estimate a suitable sample size. Özen et al.  [44], 
who employed a similar experimental approach and set 
up, obtained statistically significant results with 40 par-
ticipants. We adopted this number as an initial reference 
point for evaluating the statistical power in our study.

To verify the adequacy of this sample size, we gener-
ated several synthetic datasets simulating 40 participants. 
Expected effect sizes were informed by prior research 
in motor learning. However, effect sizes for personality 
traits had to be determined and chosen based on theo-
retical expectations and plausible assumptions, due to 
the absence of prior data linking personality traits with 
robotic training and motor learning. Remarkably, some 
of those estimated values were designed based on the 
hypotheses presented in the Introduction Section. A sum-
mary of all parameters used in the simulation, including 
expected performance improvements and standard devia-
tions, is presented in Table 2. 

Among the traits considered, we hypothesized that only 
the Transform of Challenge and Locus of Control would 
significantly interact with the group allocated. This expec-
tation was based on theoretical reasoning: the guidance 
intervention was designed to enhance perceived control 
and, therefore, might also affect the challenge perception. 
Although one could argue that guidance may influence 
Free Spirit, we excluded this interaction under the ratio-
nale that it was not clear whether those participants would 
perceive the guidance as restrictive or as another element 
to explore. Based on these considerations, we specified 
the following linear mixed-effects model to simulate the 
outcome structure:

	

log10 |Error| = (ACc + FSc + TCc + TBc + LOC)
×Stage + (TCc + LOC) × Stage

×Group + (1|ID) + (1|wIndex),
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where each trait (e.g., ACc for Achiever) was centered 
before inclusion. Stage denotes the learning phase (base-
line, short-term retention, or long-term retention), and 
Group indicates experimental condition (Control or 
Experimental). Random intercepts were included for 
participants (ID) and wall index within set (wIndex). 
The dependent variable was the base-10 logarithm of 
absolute error, computed as described in the Outcome 
metrics section. The decision to use a logarithmic scale 
was informed by prior experimental studies conducted 
within our lab, where error distributions were typically 
right-skewed. Given that similar motor learning tasks 
often yield skewed performance metrics, we adopted 
this transformation as a precautionary step grounded in 
empirical precedent.

The simulation code and datasets are publicly avail-
able via Zenodo, ensuring reproducibility. Power esti-
mates (where the p-values have been adjusted using the 
Benjamini–Hochberg procedure) for each interaction 
of interest, along with their justification, are provided in 
Table 3.

Appendix B Haptic guidance
The haptic guidance strategy used in this study was an 
adapted version of the approach introduced in   [44]. To 
realize the haptic guidance, we combined two elements. 
First, we employed the ACADO toolkit  [52] to compute 
the optimal reference trajectory for the pendulum’s end-
effector. A proportional-derivative (PD) controller was 
then used to generate the forces required to minimize 

deviations between the device’s end-effector position 
and the reference trajectory along the y-axis (parameters 
explained in the main manuscript). The cost function 
used for optimization in the ACADO toolkit  [52] is:

	

J(x, u) =
t0+N−1∑

k=t0

h (xk, uk)⊤
Wh (xk, uk)

+ ht0+N (xt0+N )⊤
Wt0+N ht0+N (xt0+N ) ,

where t0 is the initial time step, h and ht+N  represent the 
stage cost function and terminal cost function, respec-
tively. In these functions, the criteria to be minimized 
during optimization are defined. The initial time-step t0 
is selected to be exactly one second before the next wall 
is hit. This hit occurs at the terminal time step t0 + N . N 
is the horizon length and is set to 80 steps (12.5 ms per 
step). uk is the control action, xk is the system state at 
time step k, and xt+N  is the terminal state. W and Wt+N  
are cost matrices that assign weights to different terms in 
the cost function.

For this system, the stage cost function h and the termi-
nal cost function ht+N  are defined as follows:

	

h(xk, uk) =




yk + l sin(θk)
zk − l cos(θk)
.

yk +l
.

θk cos(θk)
.

zk +l
.

θk sin(θk)
FHGy

FHGz




Table 2  Values employed to create the synthetic data. Negative values mean a reduction in the Absolute error, therefore better 
performance
Parameter Value Source/Justification
Mean Absolute Error in baseline  0 m Based on pilot
Pct Change STR Av. Participant −25%   As seen in [44]

Pct Change LTR Av. Participant −20% As seen in [44]

Pct Change Exp Group Av. Participant +10% As seen in [44]

Pct Extra Change AC (STR/LTR) −10%(C), 0%(E) Hypothesis

Pct Extra Change FS (STR/LTR) +15%(C), 0%(E) Hypothesis

Pct Extra Change TC (STR/LTR) +20%(C), −20%(E) Hypothesis

Pct Extra Change TB (STR/LTR) +10%(C), 0%(E) Hypothesis

Pct Extra Change LOC (STR/LTR) +10%(C), −10%(E) Hypothesis

Mean Quest Score AC (0 to 1) 0.7 ± 0.15 Based on prior experiments
Mean Quest Score FS (0 to 1) 0.65 ± 0.15 Based on prior experiments
Mean Quest Score TC (0 to 1) 0.65 ± 0.15 Based on prior experiments
Mean Quest Score TB (0 to 1) 0.5 ± 0.2 Based on prior experiments
Mean Quest Score LOC (-1 to 1) 0 ± 0.5 Based on prior experiments
Random Effect ID 0 ± log10(1.05) Hypothesis based on [44]

Random Effect wIndex 0 ± log10(1.02) Hypothesis

Residual Error SD log10(1.10) Hypothesis

Number of Participants 40 Sample size for simulation
Number of Simulations 200 Commonly used
Pct: Predicted, STR: Short-therm retention, LTR: Long-therm retention, C: Control, E: Experimental, AC: Achiever, FS: Free Spirit, TC: Transform of Challenge, TB: 
Transform of Boredom, LOC: Locus of Control, wIndex: Wall Index, ID: Identifier, SD: Standard deviation
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ht0+N (xt0+N ) =




yt0+N + l sin(θt0+N ) − ytarget

zt0+N − l cos(θt0+N )
ẏt0+N + lθ̇ cos(θt0+N )
żt0+N + lθ̇ sin(θt0+N )




In the cost function h, the first four rows describe the 
state of the ball (pendulum mass) at the time step k, 
expressed in terms of the robot end-effector position and 
velocity along the y- and z-axes. The last two rows rep-
resent the control actions, i.e., the forces applied to the 
end-effector by the robotic system at time step k, which 
influence the system dynamics. The terminal cost func-
tion ht0+N  represents the final state at the terminal time 
step. Notably, force terms are omitted here, as no further 

control action is required beyond this point in the opti-
mization process. The first row includes ytarget to ensure 
that the system penalizes deviations from the target posi-
tion along the y-axis.
The costs matrices W and Wt+N  are structured as 
follows:

	

W =




0 0 0 0 0 0
0 0 0 0 0 0
0 0 Qvy 0 0 0
0 0 0 Qvz 0 0
0 0 0 0 Ry 0
0 0 0 0 0 Rz




Wt0+N =




Qtarget 0 0 0
0 0 0 0
0 0 Qvy 0
0 0 0 Qvz




Each element in these matrices is designed to achieve 
specific optimization goals and chosen based on previous 
literature  [44, 53]:

 	• Qvy  and Qvz  penalize the velocity components in 
both weight matrices. They intend to avoid unstable 
behavior due to high angular velocity. In this work 
they were set to 40.0.

 	• Ryand Rz  comprise linearly decreasing weights to 
reduce abrupt accelerations caused by the forces. 
This weight starts at 0.100 at time step t0 and 
decreases to 0.050 at the terminal step, allowing 
higher support when approaching the target  [44].

 	• Qtarget is a weight that influences the deviations 
from the target at the collision time. This 
corresponds with the first row in the cost function 
ht0+N . A high value (800) is assigned only in Wt0+N  
to penalize such deviations. Since the positions in 
the z-axis are not required, the second element of the 
diagonal remains zero.

Appendix C Questionnaires

C. 1 Locus of Control (LOC)
The LOC questionnaire   [34] is formed by 23 multiple-
choice questions and 6 trap questions. Scores can be 
found at the end of the list. A high score means External 
LOC, and a low score means Internal LOC.

C.1.1 For each question, select the statement that you 
agree with the most

1.�	�� a. Children get into trouble because their parents 
punish them too much.

Table 3  List of interaction effects of interest and associated 
statistical power
Interaction Power Justification/Reason of 

inclusion
Stage STR 100% Detecting Learning Effect

Stage LTR 100% Detecting Learning Effect

Stage STR:ExpGroup 100% Detecting Guidance Ef-
fects on Learning

Stage LTR:ExpGroup 100% Detecting Guidance Ef-
fects on Learning

ACc :StageSTR 70% Detecting ACc Effect in 
STR in Control Group

ACc :StageLTR 67.5% Detecting ACc Effect in 
LTR in Control Group

F Sc :StageSTR 85.5% Detecting F Sc Effect in 
STR in Control Group

F Sc :StageLTR 84% Detecting F Sc Effect in 
LTR in Control Group

T Cc :StageSTR 95% Detecting T Cc in STR in 
Control Group

T Cc :ExpGroup:StageSTR 94% Detecting T Cc Effect in 
STR in Experimental Group

T Cc :StageLTR 93% Detecting T Cc Effect in 
LTR in Control Group

T Cc :ExpGroup:StageLTR 94% Detecting T Cc Effect in 
LTR in Experimental Group

T Bc :StageSTR 93.5% Detecting T Bc Effect in 
STR in Control Group

T Bc :StageLTR 94% Detecting T Bc Effect in 
LTR in Control Group

LOC:StageSTR 100% Detecting LOC Effect in 
STR in Control Group

LOC:ExpGroup:StageSTR 100% Detecting LOC Effect in 
STR in Experimental Group

LOC:StageLTR 100% Detecting LOC Effect in 
LTR in Control Group

LOC:ExpGroup:StageLTR 100% Detecting LOC Effect in 
LTR in Experimental Group

Considered powerful for p-value<0.05 and adjusted using the Benjamini–
Hochberg procedure. STR: Short-therm retention, LTR: Long-therm retention, 
ExpGroup: Experimental grouop, ACc : Achiever centered, F Sc : Free Spirit 
centered, T Cc : Transform of Challenge centered, T Bc : Transform of Boredom 
centered, LOC: Locus of Control
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�	�� b. The trouble with most children nowadays is that 
their parents are too easy with them.

2.	 a. Many of the unhappy things in people’s lives are 
partly due to bad luck.

	� b. People’s misfortunes result from the mistakes they 
make.

3.	 a. One of the major reasons why we have wars is 
because people don’t take enough interest in politics.

	� b. There will always be wars, no matter how hard 
people try to prevent them.

4.	 a. In the long run, people get the respect they 
deserve in this world.

	� b. Unfortunately, an individual’s worth often passes 
unrecognized, no matter how hard he tries.

5.	 a. The idea that teachers are unfair to students is 
nonsense.

	� b. Most students don’t realize the extent to which 
their grades are influenced by accidental happening.

6.	 a. Without the right breaks, one cannot be an 
effective leader.

	� b. Capable people who fail to become leaders have 
not taken advantage of their opportunities.

7.	 a. No matter how hard you try, some people just 
don’t like you.

	� b. People who can’t get others to like them don’t 
understand how to get along with others.

8.	 a. Heredity plays a major role in determining one’s 
personality.

	� b. It is one’s experiences in life which determine what 
they’re like.

9.	 a. I have often found that what is going to happen 
will happen.

	� b. Trusting fate has never turned out as well for me 
as making a decision to take a definite course of 
action.

10.	a. In the case of the well-prepared student, there is 
rarely, if ever, such a thing as an unfair test.

	� b. Many times, exam questions tend to be so 
unrelated to coursework that studying is really 
useless.

11.	a. Becoming a success is a matter of hard work; luck 
has little or nothing to do with it.

	� b. Getting a good job depends mainly on being in the 
right place at the right time.

12.	a. The average citizen can have an influence on 
government decisions.

	� b. This world is run by the few people in power, and 
there is not much the little guy can do about it.

13.	a. When I make plans, I am almost certain that I can 
make them work.

	� b. It is not always wise to plan too far ahead because 
many things turn out to be a matter of good or bad 
fortune anyhow.

14.	a. There are certain people who are just no good.
	� b. There is some good in everybody
15.	a. In my case, getting what I want has little or 

nothing to do with luck.
	� b. Many times, we might just as well decide what to 

do by flipping a coin.
16.	a. Who gets to be the boss often depends on who 

was lucky enough to be in the right place first.
	� b. Getting people to do the right thing depends upon 

ability. Luck has little or nothing to do with it.
17.	a. As far as world affairs are concerned, most of us 

are the victims of forces we can neither understand 
nor control.

	� b. By taking an active part in political and social 
affairs, the people can control world events.

18.	a. Most people don’t realize the extent to which their 
lives are controlled by accidental happenings.

	� b. There really is no such thing as ’luck.’
19.	a. One should always be willing to admit mistakes.
	� b. It is usually best to cover up one’s mistakes.
20.	a. It is hard to know whether or not a person really 

likes you.
	� b. How many friends you have depends upon how 

nice a person you are.
21.	a. In the long run, the bad things that happen to us 

are balanced by the good ones.
	� b. Most misfortunes are the result of lack of ability, 

ignorance, laziness, or all three.
22.	a. With enough effort, we can wipe out political 

corruption.
	� b. It is difficult for people to have much control over 

the things politicians do in office.
23.	a. Sometimes, I can’t understand how teachers arrive 

at the grades they give.
	� b. There is a direct connection between how hard I 

study and the grades I get.
24.	a. A good leader expects people to decide for 

themselves what they should do.
	� b. A good leader makes it clear to everybody what 

their jobs are.
25.	a. Many times, I feel that I have little influence over 

the things that happen to me.
	� b. It is impossible for me to believe that chance or 

luck plays an important role in my life.
26.	a. People are lonely because they don’t try to be 

friendly.
	� b. There’s not much use in trying too hard to please 

people; if they like you, they like you.
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27.	a. There is too much emphasis on athletics in high 
school.

	� b. Team sports are an excellent way to build 
character.

28.	a. What happens to me is my own doing.
	� b. Sometimes, I feel that I don’t have enough control 

over the direction my life is taking.
29.	a. Most of the time I can’t understand why politicians 

behave the way they do.
	� b. In the long run, the people are responsible for bad 

government on a national as well as on a local level.

Score one point for each of the following.
2.a, 3.b, 4.b, 5.b, 6.a, 7.a, 9.a, 10.b, 11.b, 12.b, 13.b, 15.b, 

16.a, 17.a, 18.a, 20.a, 21. a, 22.b, 23.a, 25.a, 26.b, 28.b, 29.a.

C.2 Autotelic personality
The subscales Transform of Challenge and Transform of 
Boredom from   [33] are based on a seven-point-based 
questionnaire. The scale depends on whether they agree 
(7) or not (1) with the statement. The higher the score, 
the higher the level of this trait.

 	• Transform of Challenge

I like solving complex problems.
I enjoy playing difficult games.
I would prefer a job that is challenging over a job that 

is easy.

 	• Transform of Boredom

Repetitive tasks are enjoyable.
I have fun doing things that others say are boring.
I am able to find pleasure even in routine types of 

work.
I make a game out of chores.

C.3 Gaming style
The subscales Achiever and Free Spirit from   [39] are 
based on a seven-point-based questionnaire. The scale 
depends on whether they agree (7) or not (1) with the 
statement. The higher the score, the more they fit in this 
subcategory.

 	• Achiever

I like mastering difficult tasks.
It is important to me to always carry out my tasks 

completely.
I like defeating obstacles.
I am very ambitious.
It is difficult for me to let go of a problem before I 

have found a solution.

 	• Free Spirit

Being independent is important to me.
It is important to me to follow my own path.
I often let my curiosity guide me.
I like to try new things.
I prefer setting my own goals.

C.4 Human-robot interaction questions
The questions regarding human-robot interaction (HRI-
questions) are three questions specifically created for this 
experiment. They aimed to reflect the subjective experi-
ence of the users who underwent the guidance approach. 
Those questions are based on a seven-point-based 
questionnaire.

 	• Was the robot interaction disturbing or helpful?

Disturbing (-3) to helpful (3)

 	• Was the robot interaction restricting or permitting 
your own movements?

Restricting (-3) to permitting (3)

 	• The robot interaction frustrated me.

Not true at all (1) to very true (7)

Appendix D Model selection

D.1 Models evaluated to infer motor learning related to 
error reduction M1.1
Several candidate models were evaluated that differed in 
the inclusion of interaction terms, fixed effects, and trait 
combinations. All models employed the same dataset as 
described in the main manuscript and were systemati-
cally reduced based on the Akaike Information Criterion 
(AIC) and Bayesian Information Criterion (BIC) reported 
in Table 4. The acronyms employed in the models corre-
spond to the following variables: ACc: Achiever gaming 
style centered, FSc: Free Spirit gaming style centered, 
TCc: Transform of Challenge centered, TBc: Transform 
of Boredom centered, LOCc: Locus of Control centered, 
ID: Personal identifier, wIndex: Wall index within the set, 
NewWalls: walls corresponding to the position transfer 
task, sIndex: Set index within the stage.

Model 1 (employed in Appendix A):

	

log10 |Error| = (ACc + FSc + TCc + TBc + LOCc)
× Stage + (TCc + LOC) × Stage

× Group + (1|ID) + (1|wIndex),

Model 2:
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log10 |Error| = (ACc + FSc + TCc + TBc + LOCc)
× (Group × Task × Stage)
+ (1|ID) + (1|wIndex : NewWalls),

Model 3:

	

log10 |Error| = (ACc + FSc + TCc + TBc + LOCc)
× (Group + Task × Stage) + (1|ID)
+ (1|wIndex : NewWalls),

Model 4:

	

log10 |Error| = (ACc + FSc + TCc + TBc + LOCc)
× (Group + Task + Stage) + Task

× Stage + (1|ID)
+ (1|wIndex : NewWalls),

Model 5:

	

log10 |Error| = (ACc + FSc + TCc + TBc + LOCc)
× (Group + Task + Stage + sIndex)
+ Task × Stage × sIndex

+ (1|ID) + (1|wIndex : NewWalls),

Model 6:

	

log10 |Error| = (TCc + LOCc)
× (Group + Task + Stage + sIndex)
+ Task × Stage × sIndex

+ (1|ID) + (1|wIndex : NewWalls),

Model 7:

	

log10 |Error| = (ACc + TBc)
× (Group + Task + Stage + sIndex)
+ Task × Stage × sIndex

+ (1|ID) + (1|wIndex : NewWalls),

Model 8:

	

log10 |Error| = Group × (Task + Stage)
+ (TCc + LOCc)
× (Task + Stage + sIndex)
+ Task × Stage + Group

× TCc × Stage + (1|ID)
+ (1|wIndex : NewWalls),

We compared models 1 to 8 with AIC and BIC. Results 
can be found in Table 4.

Model 8 was selected as the final model, as it exhib-
ited the lowest AIC and BIC values among all candidates, 
indicating the best trade-off between goodness-of-fit and 
model complexity. Notably, traits excluded from the final 
model (i.e., those not retained in Model 8) did not exhibit 
statistically significant effects in any of the candidate 
models, therefore hypothesis H1.3 was not supported by 
the data.

D.2 Models proposed for the M1.2, related to human-robot 
interaction
To maintain consistency with our modeling approach, 
facilitate parallel interpretation of effects in the main 
document in this paper, and streamline the analysis, we 
began the construction of Model M1.2 using the selected 
model to evaluate M1.1. However, inspired by the results 
in [43] related to the training phase of the experiment, an 
extra term was added for the interaction between LOC, 
group, and stage. Furthermore, we acknowledge that the 
previously excluded personality traits might lead to new 
outcomes due to the use of a different dependent vari-
able (log10 |IntForce|). Therefore, we introduced a third 
model (Model 11) that included the full set of traits for 
completeness.

Model 9:

	

log10 |intForce| = Group × (Task + Stage)
+ (TCc + LOCc)
× (Task + Stage + sIndex)
+ Task × Stage + Group × TCc

× Stage + (1|ID)
+ (1|wIndex : NewWalls).

Table 4  AIC and BIC values from models 1 to 8. These values 
were employed to select the best candidate to be the model 
M1.1
Model AIC BIC
1 19148.19 19375.44
2 19063.12 19903.94
3 18991.35 19468.57
4 18941.24 19274.54
5 18995.21 19426.98
6 18928.02 19200.72
7 18928.80 19201.50
8 18916.06 19166.04
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Model 10:

	

log10 |intForce| = Group × (Task + Stage)
+ (TCc + LOCc)
× (Task + Stage + sIndex)
+ Task × Stage + Group × TCc

× Stage + (1|ID)
+ (1|wIndex : NewWalls).

Model 11:

log10 |intForce| = Group × (Task + Stage)
+ (ACc + FSc + TBc + TCc + LOCc)
× (Task + Stage + sIndex)
+ Task × Stage + Group × TCc

× Stage + Group × LOCc × Stage

+ (1|ID) + (1|wIndex : NewWalls).

We compared models 9 to 11 with AIC and BIC. Results 
can be found in Table 5.

As AIC and BIC favored different models, we chose to 
retain Model 10 for the main analysis and to show in the 
main manuscript. This decision preserves a consistent 
results structure across sections while acknowledging 
the relevance of the added LOC-group-stage interaction, 
which showed statistical significance and aligns with prior 
findings [43].

However, Model 11 revealed a significant interaction 
between the other traits—-i.e., Transform of Boredom, 
Free Spirit, and Achiever gaming styles—-and the inter-
action force during both short- and long-term retention 
in the control group. This finding would support Hypoth-
esis H1.4. Yet, fully exploring these additional effects 
would require extensive model expansion and iteration, 
along with the presentation of a broader set of results. 
Additionally, the inclusion of a large number of variables 
and interaction terms in Model 11 raises the possibility 
that some low p-values may reflect statistical instability 

or overfitting rather than true effects, which should be 
addressed carefully. To maintain the focus and scope of 
this paper, we reserve this analysis for future work. For 
completeness, the full results of Model 11 are provided in 
Appendix E

D.3 Models proposed for the human-robot interaction 
perception analysis, M2
The development of Model M2 followed the procedure 
described in the Human-robot interaction perception 
model (M2) Section. However, given the low statistical 
significance of the coefficients associated with the Trans-
form of Boredom trait, we explored whether excluding 
this variable would improve model performance. To this 
end, we compared two versions of the model: one includ-
ing all traits, and another omitting Transform of Boredom.

Model 12:

	

log10 |Error| = (ACc + FSc + TBc + TCc + LOCc)
× HRIQuestion × Stage

+ (1|ID) + (1|wIndex),

Model 13:

	

log10 |Error| = (ACc + FSc + TCc + LOCc)
× HRIQuestion × Stage

+ (1|ID) + (1|wIndex),

The results of the AIC and BIC are shown in Table 6.
Model 13 yielded lower AIC and BIC values, indicating 

improved model fit without the inclusion of the Trans-
form of Boredom trait. As this variable did not contribute 
meaningful explanatory power in this context, Model 11 
was selected for the final analysis.

Appendix E Linear Mixed Models output
See Tables 7, 8, 9 and 10.

Table 6  AIC and BIC values from models 12 to 13. These values 
were employed to select the best candidate to be the model M2
Model AIC BIC
12 20284.14 20670.46
13 20274.72 20600.44Table 5  AIC and BIC values from models 9 to 11. These values 

were employed to select the best candidate to be the model 
M1.2
Model AIC BIC
9 – 2957.828 – 2707.853
10 – 2961.459 – 2688.759
11 – 2982.459 – 2573.410
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Table 7  Results from the LMM identified as M1.1
Variable Estimate (β) Std. Error t value p-value Corr. p-value
(Intercept) – 1.275 3.461e-02 -36.820 < 2e-16 9.495e-57***
Group E – 4.214e-02 3.714e-02 – 1.135 2.618e-01 1
t1  3.913e-02 3.503e-02 1.117 2.681e-01 1
t2 – 8.029e-02 1.887e-02 – 4.255 2.100e-05 6.303e-04***
STR – 2.053e-01 1.897e-02 – 10.820 < 2e-16 1.031e-25***
LTR – 2.089e-01 1.897e-02 – 11.020 < 2e-16 1.255e-26***
TCc – 8.841e-02 2.603e-01 – 0.340 7.356e-01 1
LOCc 3.781e-02 5.502e-02 0.687 4.948e-01 1
Set Index – 2.630e-02 7.668e-03 – 3.430 6.050e-04 1.814e-02*
Group E - t1 2.576e-02 1.912e-02 1.347 1.779e-01 1
Group E - t2 1.119e-03 1.912e-02 0.059 9.533e-01 1
Group E - STR 6.015e-02 1.914e-02 3.143 1.677e-03 5.031e-02·

Group E - LTR 4.445e-02 1.914e-02 2.322 2.022e-02 6.067e-01
t1 - TCc – 6.802e-03 8.063e-02 – 0.084 9.328e-01 1
t2 - TCc 2.549e-01 8.063e-02 3.161 1.573e-03 4.719e-02*
STR -TCc – 3.857e-01 1.371e-01 – 2.813 4.913e-03 1.473951e-01
LTR - TCc – 2.711e-01 1.371e-01 -1.977 4.803e-02 1
TCc- Set Index 6.474e-02 6.496e-02 0.997 3.189e-01 1
t1 - LOCc – 2.798e-02 2.770e-02 – 1.010 3.125e-01 1
t2 -LOCc -1.707e-02 2.770e-02 – 0.616 5.378e-01 1
STR - LOCc 4.206e-02 2.776e-02 1.515 1.298e-01 1
LTR - LOCc 7.228e-02 2.776e-02 2.603 9.237e-03 2.771e-01
LOCc- Set Index -6.083e-03 2.247e-02 -0.271 7.867e-01 1
t1 - STR -5.329e-02 2.300e-02 -2.317 2.053e-02 6.159e-01
t2 - STR 6.582e-02 2.300e-02 2.862 4.222e-03 1.267e-01
t1 - LTR -6.801e-03 2.300e-02 -0.296 7.675e-01 1
t2 - LTR 5.093e-02 2.300e-02 2.214 2.684e-02 8.051e-01
Group E - TCc   -1.186e-01 3.133e-01 -0.378 7.070e-01 1
Group E - STR - TCc 3.809e-01 1.691e-01 2.252e 2.431e-02 7.293e-01
Group E - LTR -TCc 2.255e-01 1.691e-01 1.334 1.823e-01 1
Values in bold indicate statistically significant results (p < 0.05). Near-significant p-values are also shown in bold but marked with a dot (·) instead of an asterisk (*)

*(p < 0.05), **(p < 0.01), ***(p < 0.001). Std.: Standard; Corr.: Corrected; E: Experimental; t1: Position transfer task; t2: Dynamics transfer task; STR: Short-term 
retention stage; LTR: Long-term retention stage; TC: Transform of Challenge; LOC: Locus of Control. Lowercase ’c’ denotes centering the questionnaire results on the 
mean
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Table 8  Results from the LMM identified as M1.2.
Variable Estimate (β) Std. Error t value p-value Corr. p-value
(Intercept) – 2.937e-01 3.765e-02 – 7.802 1.47e-10 4.842e-09***
Group E 2.711e-03 2.374e-02 0.114 9.096e-01 1
t1  – 5.991e-02 4.808e-02 – 1.246 2.200e-01 1
t2  – 3.475e-03 8.772e-03 – 0.396 6.920e-01 1
STR – 8.802e-02 8.836e-03 – 9.962 < 2e-16 8.826e-22***
LTR -7.716e-02 8.836e-03 -8.732 < 2e-16 9.196e-17***
TCc 5.077e-02 1.682e-01 0.302 7.644e-01 1
LOCc – 2.009e-02 5.566e-02 – 0.361 7.201e-01 1
Set Index 2.489e-02 3.565e-03 6.982 3.033e-12 1.001e-10***
Group E - t1 1.813e-02 8.890e-03 2.039 4.142e-02 1
Group E - t2 4.954e-03 8.890e-03 0.557 5.774e-01 1
Group E - STR 1.815e-02 8.900e-03 2.039 4.146e-02 1
Group E - LTR – 1.684e-04 8.900e-03 -0.019 9.849e-01 1
t1 -TCc 1.071e-02 3.749e-02 0.286 7.750e-01 1
t2 - TCc 6.570e-02 3.749e-02 1.753 7.967e-02 1
STR - TCc – 3.569e-01 6.378e-02 – 5.597 2.225e-08 7.342e-07***
LTR -TCc – 3.515e-02 6.378e-02 – 0.551 5.815e-01 1
TCc- Index 5.775e-02 3.020e-02 1.912 5.584e-02 1
t1 - LOCc – 7.242e-03 1.288e-02 – 0.562 5.739e-01 1
t2 - LOCc 5.274e-03 1.288e-02 0.409 6.822e-01 1
STR - LOCc – 4.314e-03 2.108e-02 – 0.205 8.379e-01 1
LTR - LOCc – 2.250e-03 2.108e-02 – 0.107 9.150e-01 1
LOCc- Set Index – 1.189e-02 1.045e-02 -1.138 2.549e-01 1
t1 - STR 3.986e-02 1.069e-02 3.727 1.945e-04 6.417e-03**
t2 - STR – 8.457e-03 1.069e-02 – 0.791 4.291e-01 1
t1 - LTR 5.991e-02 1.069e-02 5.602 2.159e-08 7.124e-07***
t2 - LTR – 2.000e-03 1.069e-02 -0.187 8.517e-01 1
Group E - TCc – 3.073e-01 2.056e-01 – .495 1.434e-01 1
Group E - LOCc – 2.149e-02 6.945e-02 – 0.309 7.587e-01 1
Group E - STR -TCc 5.197e-01 7.893e-02 6.584 4.732e-11 1.562e-09***
Group E - LTR - TCc 8.129e-02 7.893e-02 1.030 3.031e-01 1
Group E - STR -LOCc 8.337e-02 2.666e-02 3.127 1.771e-03 5.843e-02·

Group E - LTR -LOCc 1.281e-01 2.666e-02 4.805 1.567e-06 5.170e-05***
Values in bold indicate statistically significant results (p < 0.05). Near-significant p-values are also shown in bold but marked with a dot (·) instead of an asterisk (*)

 *(p < 0.05), **(p < 0.01), ***(p < 0.001). Std.: Standard; Corr.: Corrected; E: Experimental; t1: Position transfer task; t2: Dynamics transfer task; STR: Short-term 
retention stage; LTR: Long-term retention stage; TC: Transform of Challenge; LOC: Locus of Control. Lowercase ’c’ denotes centering the questionnaire results on the 
mean
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Table 9  Results from the alternative LMM showed in Appendix D and candidate for M1.2
Variable Estimate (β) Std. Error t value p-value Corr. p-value
(Intercept) – 2.923e-01 3.765e-02 – 7.763 1.75e-10 8.944e-09***
STR – 8.907e-02 8.817e-03 – 10.102 < 2e-16 3.322e-22***
LTR – 7.845e-02 8.817e-03 – 8.897 < 2e-16 3.262e-17***
FSc – 3.691e-01 1.980e-01 – 1.864 0.069757 1
TBc – 2.523e-01 8.322e-02 – 3.031 0.004295 2.190e-01
Set Index 2.489e-02 3.551e-03 7.010 2.49e-12 1.272e-10***
Group E - t1 2.036e-02 8.926e-03 2.280 0.022597 1
Group E - STR 2.238e-02 8.932e-03 2.505 0.012255 6.250e-01
STR - TCc – 3.415e-01 7.853e-02 – 4.349 1.38e-05 7.027e-04***
LTR - LOCc – 5.536e-02 2.279e-02 – 2.429 0.015133 7.718e-01
LOCc- Set Index – 2.003e-02 1.137e-02 – 1.762 0.078132 1
t1 - FSc 1.450e-01 7.264e-02 1.997 0.045847 1
t2 - FSc 1.509e-01 7.264e-02 2.078 0.037767 1
STR - FSc 3.154e-01 7.335e-02 4.300 1.72e-05 8.762e-04***
LTR - FSc 4.124e-01 7.335e-02 5.622 1.92e-08 9.814e-07***
FSc- Index 5.459e-02 5.884e-02 0.928 0.353471 1
t1 - TBc 6.351e-02 3.026e-02 2.099 0.035834 1
t2 - TBc 1.275e-02 3.026e-02 0.421 0.673420 1
STR - TBc 9.963e-02 3.085e-02 3.230 0.001242 6.333e-02
LTR - TBc 2.054e-01 3.085e-02 6.658 2.87e-11 1.466e-09***
TBc- Set Index 4.864e-02 2.470e-02 1.969 0.048972 1
t1 - ACc – 4.531e-02 5.044e-02 – 0.898 0.369039 1
t2 - ACc – 7.972e-02 5.044e-02 – 1.580 0.114015 1
STR - ACc – 2.888e-01 5.081e-02 – 5.684 1.34e-08 6.853e-07***
LTR - ACc – 2.654e-01 5.081e-02 – 5.222 1.79e-07 9.133e-06***
ACc- Index – 2.448e-02 4.116e-02 – 0.595 0.552073 1
t1 - STR 3.986e-02 1.065e-02 3.742 0.000183 9.355e-03**
t2 - STR – 8.457e-03 1.065e-02 – 0.794 0.427296 1
t1 - LTR 5.991e-02 1.065e-02 5.624 1.90e-08 9.691e-07***
t2 - LTR – 2.000e-03 1.065e-02 – 0.188 0.851097 1
Group E - TCc – 3.642e-01 2.070e-01 – 1.760 0.087370 1
Group E - LOCc -5.099e-02 7.109e-02 – 0.717 0.478027 1
Group E - STR - TCc 5.913e-01 7.939e-02 7.448 1.00e-13 5.105e-12***
Group E - LTR - TCc 1.758e-01 7.939e-02 2.214 0.026813 1
Group E - STR - LOCc 1.099e-01 2.727e-02 4.030 5.60e-05 2.854e-03**
Group E - LTR - LOCc 1.681e-01 2.727e-02 6.165 7.25e-10 3.698e-08***
Values in bold indicate statistically significant results (p < 0.05)

Only significative values are shown to reduce table space. *(p < 0.05), **(p < 0.01), ***(p < 0.001). Std.: Standard; Corr.: Corrected; E: Experimental; t1: Position 
transfer task; t2: Dynamics transfer task; STR: Short-term retention stage; LTR: Long-term retention stage; TC: Transform of Challenge; LOC: Locus of Control, ACc : 
Achiever Gaming Style, F Sc : Free Spirit Gaming Style, T Bc : Transform of Boredom. Lowercase ’c’ denotes centering the questionnaire results on the mean
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Page 27 of 28Garzás-Villar et al. Journal of NeuroEngineering and Rehabilitation          (2025) 22:238 

 Consent for publications
Consent to publish was obtained from all the participants.

 Competing interests
The authors declare no competing interests.

Received: 2 April 2025 / Accepted: 24 July 2025

References
1.	 Levin MF, Demers M. Motor learning in neurological rehabilitation. Disabil 

Rehabil. 2021;43(24):3445–53.
2.	 Sigrist R, Rauter G, Riener R, Wolf P. Augmented visual, auditory, haptic, 

and multimodal feedback in motor learning: a review. Psychon Bull Rev. 
2013;20:21–53.

3.	 Basalp E, Wolf P, Marchal-Crespo L. Haptic training: which types facilitate (re)
learning of which motor task and for whom? answers by a review. IEEE Trans 
Haptics. 2021;14(4):722–39.

4.	 Marchal-Crespo L, Reinkensmeyer DJ. Review of control strategies for 
robotic movement training after neurologic injury. J Neuroeng Rehabil. 
2009;6(1):1–15.

5.	 Dehem S, Gilliaux M, Stoquart G, Detrembleur C, Jacquemin G, Palumbo S, 
Frederick A, Lejeune T. Effectiveness of upper-limb robotic-assisted therapy 
in the early rehabilitation phase after stroke: a single-blind, randomised, 
controlled trial. Ann Phys Rehabil Med. 2019;62(5):313–20.

6.	 Milot M-H, Marchal-Crespo L, Green CS, Cramer SC, Reinkensmeyer DJ. Com-
parison of error-amplification and haptic-guidance training techniques for 
learning of a timing-based motor task by healthy individuals. Exp Brain Res. 
2010;201:119–31.

7.	 Marchal-Crespo L, Michels L, Jaeger L, López-Olóriz J, Riener R. Effect of error 
augmentation on brain activation and motor learning of a complex locomo-
tor task. Front Neurosci. 2017;11:526.

8.	 Duarte JE, Reinkensmeyer DJ. Effects of robotically modulating kine-
matic variability on motor skill learning and motivation. J Neurophysiol. 
2015;113(7):2682–91.

9.	 Wenk N, Jordi MV, Buetler KA, Marchal-Crespo L. Hiding assistive robots 
during training in immersive vr does not affect users’ motivation, presence, 
embodiment, performance, nor visual attention. IEEE Trans Neural Syst Reha-
bil Eng. 2022;30:390–9.

10.	 Marchal-Crespo L, Rappo N, Riener R. The effectiveness of robotic training 
depends on motor task characteristics. Exp Brain Res. 2017;235:3799–816.

11.	 Wulf G, Lewthwaite R. Optimizing performance through intrinsic motivation 
and attention for learning: The optimal theory of motor learning. Psychon 
Bull Rev. 2016;23:1382–414.

12.	 Trocellier D, N’kaoua B, Lotte F. Identifying factors influencing the outcome 
of bci-based post stroke motor rehabilitation towards its personalization 
with artificial intelligence. In: 2022 IEEE International Conference on Metrol-
ogy for Extended Reality, Artificial Intelligence and Neural Engineering 
(MetroXRAINE), 2022. pp. 151–156. IEEE.

13.	 Slade P, Atkeson C, Donelan JM, Houdijk H, Ingraham KA, Kim M, Kong K, Pog-
gensee KL, Riener R, Steinert M, et al. On human-in-the-loop optimization of 
human-robot interaction. Nature. 2024;633(8031):779–88.

14.	 Baumert A, Schmitt M, Perugini M, Johnson W, Blum G, Borkenau P, 
Costantini G, Denissen JJ, Fleeson W, Grafton B, et al. Integrating personal-
ity structure, personality process, and personality development. Eur J Pers. 
2017;31(5):503–28.

15.	 Diener E, Lucas RE. Personality traits. General psychology: Required reading. 
2019;278.

16.	 Lewis AF, Bohnenkamp R, Johnson L, Ouden DB, Wilcox S, Fritz SL, Stewart JC. 
Effects of positive social comparative feedback on motor sequence learning 
and performance expectancies. Front Psychol. 2023;13:1005705.

17.	 Damush TM, Plue L, Bakas T, Schmid A, Williams LS. Barriers and facilitators to 
exercise among stroke survivors. Rehabil Nurs. 2007;32(6):253–62.

18.	 Miguel-Fernández J, Lobo-Prat J, Prinsen E, Font-Llagunes JM, Marchal-Crespo 
L. Control strategies used in lower limb exoskeletons for gait rehabilitation 
after brain injury: a systematic review and analysis of clinical effectiveness. J 
Neuroeng Rehabil. 2023;20(1):23.

19.	 Zhang J, Fiers P, Witte KA, Jackson RW, Poggensee KL, Atkeson CG, Collins SH. 
Human-in-the-loop optimization of exoskeleton assistance during walking. 
Science. 2017;356(6344):1280–4.

20.	 Ingraham KA, Remy CD, Rouse EJ. The role of user preference in the custom-
ized control of robotic exoskeletons. Sci Robot. 2022;7(64):3487.

21.	 Tucker M, Novoseller E, Kann C, Sui Y, Yue Y, Burdick JW, Ames AD. Preference-
based learning for exoskeleton gait optimization. In: 2020 IEEE International 
Conference on Robotics and Automation (ICRA), 2020. pp. 2351–2357. IEEE

22.	 Koenig A, Omlin X, Zimmerli L, Sapa M, Krewer C, Bolliger M, Müller F, Riener 
R. Psychological state estimation from physiological recordings during robot-
assisted gait rehabilitation. J Rehabil Res Dev. 2011;48(4):367–85.

23.	 Anderson DI, Williams AM. Individual differences in motor skill learning. Hum 
Mov Sci. 2022;81: 102904.

24.	 Gindre C, Patoz A, Breine B, Lussiana T. Personality in motion: how intuition 
and sensing personality traits relate to lower limb rebound performance. 
PLoS ONE. 2024;19(10):0310130.

25.	 Horstmann KT, Ziegler M. Assessing personality states: what to consider 
when constructing personality state measures. Eur J Pers. 2020;34(6):1037–59.

26.	 Allen MS, Greenlees I, Jones M. Personality in sport: a comprehensive review. 
Int Rev Sport Exerc Psychol. 2013;6(1):184–208.

27.	 Macey WH, Schneider B. The meaning of employee engagement. Ind Organ 
Psychol. 2008;1(1):3–30.

28.	 Park J, Song Y, Teng C-I. Exploring the links between personality traits 
and motivations to play online games. Cyberpsychol Behav Soc Netw. 
2011;14(12):747–51.

29.	 Kutanis RÖ, Mesci M, Övdür Z. The effects of locus of control on learning 
performance: a case of an academic organization. J. Econ. Soc. Stud. (JECOSS) 
2011;1(2).

30.	 Guadagnoli MA, Lee TD. Challenge point: a framework for conceptualizing 
the effects of various practice conditions in motor learning. J Mot Behav. 
2004;36(2):212–24.

31.	 Csikszentmihalhi M. Finding flow: the psychology of engagement with 
everyday life. London, UK: Hachette UK; 2020.

32.	 Mikicin M. Autotelic personality as a predictor of engagement in sports. 
Biomed Hum Kinet. 2013;5(1):84–92.

33.	 Tse DCK, Lau VW, Perlman R, McLaughlin M. The development and validation 
of the autotelic personality questionnaire. J Pers Assess. 2020;102(1):88–101.

34.	 Rotter JB. Generalized expectancies for internal versus external control of 
reinforcement. Psychol Monogr Gen Appl. 1966;80(1):1.

35.	 Anshel MH. Effect of age, sex, and type of feedback on motor performance 
and locus of control. Research quarterly. Am Alliance Health Phys Educ 
Recreat Dance. 1979;50(3):305–17.

36.	 Acharya U, Kunde S, Hall L, Duncan BA, Bradley JM. Inference of user qualities 
in shared control. In: 2018 IEEE International Conference on Robotics and 
Automation (ICRA), 2018. pp. 588–595. IEEE.

37.	 Laver KE, Lange B, George S, Deutsch JE, Saposnik G, Crotty M. Virtual reality 
for stroke rehabilitation. Cochrane Database Syst Rev. 2017. ​h​t​t​p​s​:​​​/​​/​d​o​​i​.​​o​r​​g​​/​​1​0​​
.​1​1​​​6​1​​/​S​T​​R​O​K​​E​​A​H​​A​.​​​1​1​7​.​0​2​0​2​7​5.

38.	 Pereira F, Badia S, Jorge C, Cameirão MS. The use of game modes to pro-
mote engagement and social involvement in multi-user serious games: a 
within-person randomized trial with stroke survivors. J Neuroeng Rehabil. 
2021;18:1–15.

39.	 Marczewski A. Even ninja monkeys like to play. London Blurb Inc. 
2015;1(1):28.

40.	 Van Lankveld G, Spronck P, Herik J, Arntz A. Games as personality profiling 
tools. In: 2011 IEEE Conference on Computational Intelligence and Games 
(CIG’11), 2011. pp. 197–202. IEEE.

41.	 Tondello GF, Wehbe RR, Diamond L, Busch M, Marczewski A, Nacke LE. The 
gamification user types hexad scale. In: Proceedings of the 2016 Annual 
Symposium on Computer-human Interaction in Play, 2016. pp. 229–243.

42.	 Schmidt RA, Lee TD, Winstein C, Wulf G, Zelaznik HN. Motor control and learn-
ing: A behavioral emphasis. Human kinetics. 2018.

43.	 Garzás-Villar A, Boersma C, Derumigny A, Zgonnikov A, Marchal-Crespo L. Per-
sonality traits modulate the effect of haptic guidance during robotic-assisted 
motor training. In: 2024 10th IEEE RAS/EMBS International Conference for 
Biomedical Robotics and Biomechatronics (BioRob), 2024. pp. 1023–1028. 
IEEE.

44.	 Özen Ö, Buetler KA, Marchal-Crespo L. Promoting motor variability during 
robotic assistance enhances motor learning of dynamic tasks. Front Neurosci. 
2021;14: 600059.

45.	 Ferreau HJ, Houska B, Diehl M. Acado toolkit–an open-source framework for 
automatic control and dynamic optimization. In: 29th Benelux Meeting on 
Systems and Control, Date: 2010/03/01-2010/03/01, Location: Heeze, The 
Netherlands, 2010. pp. 57–57.

https://doi.org/10.1161/STROKEAHA.117.020275
https://doi.org/10.1161/STROKEAHA.117.020275


Page 28 of 28Garzás-Villar et al. Journal of NeuroEngineering and Rehabilitation          (2025) 22:238 

46.	 Veale JF. Edinburgh handedness inventory-short form: a revised version 
based on confirmatory factor analysis. Later Asymmetries Body Brain Cogn. 
2014;19(2):164–77.

47.	 Reinkensmeyer DJ, Akoner OM, Ferris DP, Gordon KE. Slacking by the human 
motor system: computational models and implications for robotic orthoses. 
In: 2009 Annual International Conference of the IEEE Engineering in Medicine 
and Biology Society, 2009. pp. 2129–2132. Ieee.

48.	 Burns GT, Kozloff KM, Zernicke RF. Biomechanics of elite performers: economy 
and efficiency of movement. Kinesiol Rev. 2020;9(1):21–30.

49.	 DuCette J, Wolk S. Locus of control and extreme behavior. J Consult Clin 
Psychol. 1972;39(2):253.

50.	 Santos ACG, Oliveira W, Hamari J, Rodrigues L, Toda AM, Palomino PT, Isotani 
S. The relationship between user types and gamification designs. User Model 
User-Adap Inter. 2021;31(5):907–40.

51.	 Wijenberg ML, Van Heugten CM, Van Mierlo ML, Visser-Meily JM, Post MW. 
Psychological factors after stroke: are they stable over time? J Rehabil Med. 
2019;51(1):18–25.

52.	 Houska B, Ferreau HJ, Diehl M. Acado toolkit-an open-source framework for 
automatic control and dynamic optimization. Optim Control Appl Methods. 
2011;32(3):298–312.

53.	 Özen Ö, Traversa F, Gadi S, Buetler, KA, Nef T, Marchal-Crespo L. Multi-purpose 
robotic training strategies for neurorehabilitation with model predictive 
controllers. In: 2019 IEEE 16th International Conference on Rehabilitation 
Robotics (ICORR), 2019. pp. 754–759. IEEE.

Publisher's Note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.


	﻿The interplay between haptic guidance and personality traits in robotic-assisted motor learning
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Experimental setup
	﻿The pendulum game
	﻿Haptic rendering and haptic guidance
	﻿Participants
	﻿Study protocol
	﻿Outcome metrics
	﻿Personality traits questionnaires
	﻿Human-robot interaction experience questionnaire
	﻿Task performance: absolute error
	﻿Human-robot interaction: interaction force


	﻿Statistical analysis
	﻿Models to infer motor learning (M1.1 and M1.2)
	﻿Human-robot interaction perception model (M2)

	﻿Results
	﻿Motor learning results (M1.1 and M1.2)
	﻿Human-robot interaction perception results (M2)

	﻿Discussion
	﻿The influence of personality traits in motor learning (H1)
	﻿The effect of autotelic personality in motor learning depends on the training strategy (H1.2)
	﻿The effect of locus of control in motor learning depends on the training strategy (H1.5)


	﻿The type of transfer task affects performance and interaction metrics (H2)
	﻿The interaction between personality traits and human-robot interaction perception affect performance (H3)
	﻿Implications for robot-aided motor learning and rehabilitation and future work
	﻿Study limitations
	﻿Conclusion
	﻿Appendix A Power analysis
	﻿Appendix B Haptic guidance
	﻿Appendix C Questionnaires
	﻿C. 1 Locus of Control (LOC)
	﻿C.1.1 For each question, select the statement that you agree with the most


	﻿C.2 Autotelic personality
	﻿C.3 Gaming style
	﻿C.4 Human-robot interaction questions
	﻿Appendix D Model selection
	﻿D.1 Models evaluated to infer motor learning related to error reduction M1.1
	﻿D.2 Models proposed for the M1.2, related to human-robot interaction
	﻿D.3 Models proposed for the human-robot interaction perception analysis, M2

	﻿Appendix E Linear Mixed Models output
	﻿References


