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Abstract— Social robots have gained significant importance
in Human-Robot Interaction, particularly in domains requiring
personalized support, such as education, healthcare, and enter-
tainment. The rise of e-sports has created a demand for effective
coaching systems that can provide tailored guidance to players,
paving the way for the integration of social robots as e-coaches.
This pilot study explores the role of Furhat, a social robot, as
an e-coach in a football video game. Thanks to computer vision
techniques, Furhat analyzes the human player’s performance in
real-time and provides adaptive feedback tailored to individual
gameplay styles. The study investigates the effectiveness of
the robot in providing both technical guidance and emotional
support. Forty participants, divided into casual and hardcore
gamers, engaged with Furhat in a controlled experimental
setting. Results revealed that casual gamers sought general
guidance and linguistic clarity, while hardcore gamers pri-
oritized context-relevant, well-timed feedback. Although robot
gender had a minimal overall impact, a statistically significant
interaction was observed between robot gender and gamer
type on adaptability perception (p = 0.046). Performance data
showed that 85% of participants either maintained or improved
their gameplay, with a majority reporting positive comfort and
engagement levels during robotic interaction.

I. INTRODUCTION

The rise of e-Sports has led to a demand for effective
coaching systems that can provide personalized feedback and
support to players [1]. Traditional coaching methods often
rely on human coaches, who may not always be available
or able to provide the level of personalized attention that
players need [2]. Advances in Artificial Intelligence (Al),
Human-Robot Interaction (HRI), and affective computing
have opened up the application of social robots as personal-
ized coaches in e-Sports. Social robots have already been
successfully integrated into education [3], healthcare [4],
and entertainment [5], but their potential to provide adaptive
coaching in competitive gaming is still an emerging area of
research. Although human coaches excel in natural commu-
nication and empathy, research showed that robotic coaches
could achieve comparable outcomes over time with a higher
degree of consistency [6], while integrating adaptability and
emotional awareness [7], [8], [9].

Despite the promising advancements, several challenges
remain in the development of effective robotic e-coaches.
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One key challenge is understanding how different gamer
profiles interact with and respond to robotic coaching [3].
Players have diverse preferences, personalities, and emo-
tional responses, which makes it difficult to design a one-
size-fits-all coaching system [10]. Furthermore, integrating
technical and emotional coaching strategies [11] can make
the robot unnatural and limit the engagement of the players.
Additionally, the influence of robot characteristics, such as
gender cues and personality traits, on player perception and
performance is not yet addressed.

Examples of existing robotic coaching systems in different
domains have shown the potential of social robots to provide
personalized feedback and support. For instance, Lee et al.
[12] developed an interactive social robot exercise coaching
system to give personalized corrective feedback to patients,
while Spitale et al. [13] implemented a multimodal robot
coach for mental well-being that adapts to users’ behaviors.

In light of these challenges and advancements, this study
aims to explore the effectiveness of a social robot as an
e-coach in the context of e-Sports. This study investigates
Furhat robot [14] effectiveness as an e-coach in the context of
FIFA [15], a widely played football simulation game. Using
computer vision techniques, Furhat analyzes player perfor-
mance in real-time, providing dynamic feedback to enhance
technical gameplay and respond to players’ emotional states
during challenges. This study aims to bridge the gap between
real coaching and e-coaching by assessing Furhat’s impact on
player performance and engagement. The robot’s gender in-
fluence on player perception and performance improvements
are explored to tailor a personalized robot coach. Through
pre- and post-experiment questionnaires, Furhat’s coaching
strategies are evaluated, including adaptive feedback and
emotional support mechanisms.

The study contributes to the understanding of how social
robots can effectively coach e-Sport players in competi-
tive gaming, gathering gamers feedback and evaluating the
robot’s social capability and emotional awareness.

II. STATE OF THE ART

Research in AT and HRI enabled the transition from rigid,
rule-based instruction to adaptive, context-aware mentorship.
This section reviews key developments in e-coaching sys-
tems, emotion-aware coaching, long-term engagement strate-
gies, and comparisons between robotic and human coaching.

E-coaching systems aim to facilitate goal-oriented behav-
ior changes by adapting their strategies based on real-time
data. Ochoa and Gutierrez [16] proposed a Loosely Cou-
pled Architecture for E-Coaching Systems (LAES), which
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separated system structure from coaching mechanisms to
enhance flexibility and personalization. Their model empha-
sized context-aware adaptation, dynamically adjusting coach-
ing strategies based on user performance metrics. In gaming
applications, this adaptability allows for tailored guidance
that optimizes player engagement and skill development.

Some studies explored Al-driven personalization in coach-
ing environments. Liu et al. [17] examined reinforcement
learning-based coaching, demonstrating that personalized
feedback improves user engagement and task completion
rates. Such frameworks highlighted the need for real-time
adaptation in robotic coaching systems, particularly in fast-
paced environments like e-sports.

Emotional intelligence plays a crucial role in learning and
motivation. Traditional assistive technologies often struggle
to align with users’ emotional states, limiting their effec-
tiveness. Robillard and Hoey [18] introduced the Bayesian
Affect Control Theory, a computational model that integrates
social psychology and Al decision-making. This approach
enables coaching robots to dynamically adjust their feedback
based on users’ emotions, offering encouragement during
moments of frustration and strategic insights when moti-
vation is high. In the context of gaming, studies showed
that emotionally aware coaching improved user retention and
learning outcomes. For instance, Johnson et al. [19] found
that gaming Al that adapted to players’ emotional states
enhanced engagement, particularly for novice players. These
findings supported the integration of affective computing
techniques into e-coaching to optimize player experience.

Beyond emotional intelligence, sustaining user engage-
ment for extended periods remains a challenge in coaching
environments. Jelinek and Fischer [20] demonstrated that
social robots employing multimodal feedback (e.g., gestures,
vocal reinforcement, and facial expressions) were more effec-
tive at maintaining user motivation than text-based coaching.
Additionally, longitudinal studies examined user acceptance
of coaching robots over time. Bodala et al. [21] investigated
the adaptation of personality awareness in robotic coaching
and found that traits such as conscientiousness and neuroti-
cism influenced the acceptance of the user. These results
underscored the importance of designing coaching robots
that evolve with users by incorporating personality-aware
interaction models.

Despite the significant advancements in robotic e-
coaching, several critical gaps remain. First, the influence of
robot gender on user perception [22] has not been studied in
dynamic, competitive environments such as e-Sports, where
emotional and performance-based evaluations may differ
significantly from static or observational settings. Second,
although coaching strategies, whether technical [12] or emo-
tional [13], were deployed in social robotics, their relative
effectiveness on user engagement in the context of gaming
and in particular of e-Sports is already open. Third, there
is limited evidence on whether real-time, adaptive robotic
coaching can actively improve in-game performance during
interactive tasks such as FIFA.
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Fig. 1.

III. METHODOLOGY

To investigate the effectiveness of a social robot as an
e-coach in gaming, this study used Furhat, a socially inter-
active robot designed for naturalistic human-robot interac-
tions. Furhat was chosen for its expressive facial animations
and multimodal communication capabilities. These attributes
make it an ideal candidate for e-coaching in a dynamic
gaming environment such as FIFA, where players require
both technical feedback and emotional support.

To enhance the personalization of the coaching experience,
Furhat was configured with two distinct identities featuring
different genders: a male persona named Giorgio and a
female persona named Bianca. Participants were randomly
assigned one of these personas to explore potential differ-
ences in perception and effectiveness of robotic coaching
based on robot gender. Each persona was characterized by
specific voices and facial animations. Participants were not
informed in advance about the robot’s gender to prevent
biasing their expectations.

Computer vision techniques allowed Furhat to analyze
FIFA gameplay in real-time by processing visual input on
the television screen. A camera recorded the ongoing match,
allowing Furhat to interpret the game state and adjust its
coaching strategy accordingly. The external camera was in-
troduced to allow the robot to have eye contact with the users,
providing facial expressions during the coaching activity to
simulate human coaches’ behavior. As illustrated in Figure 1,
the system used key CV components: Pytesseract OCR [23]
detected score changes in real-time, while OpenCV’s Blob
Detection [24] analyzed player movements and directional
patterns to infer whether the participant was engaged in an
offensive or defensive phase. By interpreting visual cues
like score changes, shifts in ball possession, and directional
movement patterns, the robot selected appropriate responses
from a predefined set of coaching utterances tailored to
specific in-game scenarios.

To evaluate participants’ expectations from the robotic
coach before the experiment and their opinions after the
experiment, a topic analysis strategy has been employed on
the questionnaire’s open-ended questions. The topic analysis
has been conducted using a Large Language Model (GPT-
40 [25]), where each answer was classified according to the
words and lexical choices contained in the response. This
classification allowed the identification of recurring themes
in the answers based on assigned semantic labels (e.g.,
technical feedback, emotional engagement). This approach



Fig. 2. Experiment Settings. From the left: a camera catching information
from the television about the gameplay, a person playing FIFA, and a Furhat
robot acting as a coach.

provided an overview of the participants’ feedback and
supported the understanding of how different gamer profiles
perceived the coaching interaction with the robot.

IV. PROCEDURE

The experiment was structured into three phases. First,
the gaming background and expectations from the system
were assessed, followed by a hands-on coaching session. The
experiment concluded with a post-experiment questionnaire
to collect participants’ feedback and considerations.

A. Pre-Experiment Questionnaire: Assessing Player Profiles

Before the experiment, participants completed a pre-
experiment questionnaire, where one of the aims was to
categorize them according to their gaming preferences and
play style. This questionnaire collected:

e General gaming background, including frequency of

play, experience with FIFA, and self-identification as
a Casual or Hardcore gamer.

 Prior experience with Al or robotic coaching, influenc-
ing their initial expectations of Furhat’s role.

o Anticipated benefits from robotic coaching, whether
technical improvement, strategic insights, or motiva-
tional support.

This pre-experiment data establishes a baseline under-
standing of how different player types might respond to
robotic coaching, allowing for a comparative analysis of their
expectations versus actual experiences.

B. Gameplay Phase: FIFA Session with Real-Time Robotic
Coaching

Participants played a full FIFA match, during which Furhat
continuously monitored their performance thanks to the
computer vision system (see Figure 2).

During the gameplay session, Furhat adopted distinct
behavioral strategies according to the phases of the match.
Specifically, in the first half, the robot assumed the role of
a motivational coach, offering encouraging verbal feedback
such as “Don’t give up now, one goal would be enough to
win” while using expressive non-verbal cues like nodding
and smiling. During the second half, Furhat assumed a

tactical coaching style, giving technical guidance to improve
participants’ performance with phrases like “Congratulations,
you scored, keep possession now”.

Furhat’s behavior was designed to be flexible and context-
aware and both feedback types were delivered every 45-
60 seconds or when a change in game phase (e.g., goal,
half time) was detected. Using computer vision techniques,
the robot continuously monitored the participants’ in-game
actions and real-time performance metrics, including the
score, to dynamically tailor its responses. This adaptive
mechanism allowed the robot to integrate technical advice
with motivational support and vice versa while preserving
the overall behavior of the game’s half.

C. Post-Experiment Questionnaire:
Coaching with PSI

Following the hands-on coaching session, participants
completed a post-experiment questionnaire based on the
Psychosocial Interaction (PSI) framework, assessing their
experience with Furhat coaching in four key categories:

Evaluating Furhat’s

o Adaptation to Human Behavior (AB): Assessing
Furhat’s ability to respond appropriately to players’ real-
time actions and in-game behavior.

o Adaptation to Human Cognition (AC): Evaluating
how well Furhat tailored its feedback to match the
players’ understanding and decision-making processes.

o Social Competence (SOC): Measuring effectiveness
in managing social interactions, including its ability to
communicate appropriately and empathetically.

o Helpfulness (HLP): Reflecting participants’ percep-
tions of how useful and supportive Furhat was in
enhancing their gameplay experience.

Additionally, the questionnaire includes questions about
their experience with the e-coach session and open-ended
questions, allowing participants to share qualitative feedback
on their experience and suggest potential improvements for
Furhat’s coaching capabilities.

V. RESULTS

The experiment involved 40 participants, aged from 23
to 27 (Mean: 25.13, Std: 1.08), with 65% being males and
35% being females. All participants reported prior experience
with soccer video games, such as FIFA, and exhibited a
medium-to-low frequency of play, with a mean self-reported
value of 2.65 on a scale ranging from 1 to 5. Half of the
participants (50%) had previously interacted with a robot,
and 41% believed that such interaction could enhance their
performance during gameplay. Conversely, 25.6% of the
participants expressed skepticism regarding the potential ben-
efits of robot interaction, while 33.3% remained uncertain.

Moreover, 75% of the participants self-classified as Casual
gamers, whereas the remaining 25% were self-classified as
Hardcore gamers. All participants provided their informed
consent before participation. The study, including the pre and
post-experimental questionnaires, was approved by the Uni-
versity Ethics Committee, ensuring compliance with ethical
regulations for research with human subjects.



TABLE I
PARTICIPANTS’ EXPECTATIONS FROM THE ROBOTIC E-COACH
PRE-EXPERIMENT

Player Type | Label Percentage (%)

Motivational Support 28.57

Tactical Advice 28.57

Hardcore Performance Enhancement 14.29
Teammate/Companion Role 14.29
Uncertainty/No Opinion 14.29

Game Guidance 22.72

No Advice/ No Opinion 22.72

General Advice 18.18

Casual Tactical Advice 13.64
Performance Enhancement 9.10
Teammate/Companion Role 4.55

Opponent Role 4.55

Motivational Support 4.55

A. Pre-Experiment Analysis

The pre-experiment questionnaire explored participants’
expectations regarding how the Furhat robot could assist
them in FIFA gameplay. The responses highlighted key
differences between Hardcore and Casual gamers in terms
of their perceived need for robotic coaching.

Table I summarizes the participants’ expectations from
a robotic e-coach system. For Hardcore gamers, benefits
included Tactical Advice and Motivational Support, each
accounting for 28.57% of responses. These players, already
proficient in FIFA, did not seek fundamental gameplay in-
structions but rather strategic insights to refine their decision-
making. Other responses from Hardcore gamers pointed to
Performance Enhancement and the Teammate/Companion
Role (14.29% each), indicating that some players viewed
the robot as a tool for advanced skill improvement or as
an interactive training partner. A small percentage (14.29%)
expressed uncertainty or no clear opinion, suggesting that
not all Hardcore players were convinced of the usefulness of
robotic coaching.

Casual gamers, however, had different priorities, primar-
ily seeking Game Guidance (22.72%) and General Advice
(18.18%). These responses highlighted their relative lack
of confidence in gameplay mechanics and their expectation
that the robot would act as a learning assistant, helping
them understand how to improve performance early on.
Another portion of responses was left blank (22.72%), pos-
sibly indicating a lack of familiarity with robotic coach-
ing or uncertainty about how the robot could contribute
to the participants. Other minor expectations encompassed
Performance Enhancement, utilizing the robot as either a
Teammate Companion or an Opponent, as well as providing
motivational support.

B. Post-Experiment Analysis

The post-experiment questionnaire examined possible im-
provements that could enhance the interaction with the
Furhat robot as an e-Coach. The responses for both Casual
and Hardcore gamers revealed key differences in their expe-
riences and expectations after interacting with the system.

TABLE I
PARTICIPANTS’ ADVICE POST-EXPERIMENT

Player Type | Label Percentage (%)

Context Relevance 57.13

Hardcore N.atl.lral Interaction 14.29
Timing of Feedback 14.29

No Advice 14.29

Linguistic Fluency 25.0

No Advice 25.0
Personalization of Feedback 14.29

Casual Context Relevance . 10.71
Responsiveness and Realism 7.14

Coherence and Consistency 7.14

Technical Issues 7.14

Aesthetic Perception 3.57

1) Topic Analysis on Open-ended Questions: To evalu-
ate the participants’ feedback after the gameplay supported
by the robotic coach, a topic analysis of the open-ended
questions has been conducted to determine the degrees of
improvement of the system. The summary of the participants’
advice is presented in Table II. For casual gamers, the most
frequently mentioned factor was Linguistic Fluency (25%),
indicating that many participants focused on how well the
robot communicated and expected human-like interaction.
Additionally, Personalization of Feedback (14.29%) and
Context Relevance (10.71%) were highlighted as important,
suggesting that some casual players expected more person-
alized and situational-aware robot guidance. Some casual
gamers found the robot to be not responsive and too artificial
(7.14%), while 7.14% encountered technical issues during
gameplay. Aesthetic perception (3.57%) was mentioned by a
small fraction, indicating that the robot’s physical or visual
appeal played a minimal role in their evaluation. Finally, 25%
of the casual gamers did not express any advice. Overall,
after the hands-on robotic coaching session, casual gamers
placed greater value on the robot’s human-like behavior and
responsiveness, suggesting that the support provided during
gameplay satisfied their initial expectations.

Hardcore gamers, however, placed a significantly greater
emphasis on Context Relevance (57.13%), demonstrating
that their primary concern was whether the robot’s sug-
gestions were appropriate to in-game scenarios. This is in
contrast to casual players, who sought more general guid-
ance. Natural interaction (14.29%) and timing of feedback
(14.29%) were also noted as relevant factors, suggesting that
Hardcore players valued accurate and well-timed coaching.
Interestingly, no opinion (14.29%) was still present among
some Hardcore participants. In contrast to casual gamers,
Hardcore gamers did expect to have motivational support
initially, which was satisfied during the hands-on robotic
coaching session, since their final advice was more focused
on getting technical and context-aware feedback.

2) Perceived Social Intelligence (PSI) Scales Analysis:
The PSI questionnaire allowed the interpretation of partici-
pants’ opinions about the adaptability, social capabilities, and
helpfulness of the robotic coach during the experiments. To
assess whether the robot’s gender influenced such a partici-
pant’s opinion, a statistical analysis has been conducted.
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Fig. 3. Perceived Social Intelligence (PSI) scales results according to robot
gender. AB: Adaptability to Human Behavior; AC: Adaptability to Human
Cognition; SOC: Social Competence; HLP: Helpfullness

A three-way ANOVA analysis was conducted to inves-
tigate the effects of participants’ gender, participant gamer
types, and robot gender on the PSI scales. The findings
revealed that most of the comparisons did not reach statistical
significance. However, the interaction between robot gender
and participant player type yielded a p-value of 0.046 on
the AB (Adaptation to Human Behavior) scale. This finding
suggests that the perceived adaptability of the robot to
human behavior may be influenced by the robot’s gender,
depending on the participant player type. Specifically, the
female version of the robot elicited higher AB scores in
casual gamers. Future research will aim to explore this
interaction in more depth by expanding the participant cohort
and incorporating customized questions.

Although the three-way ANOVA did not reveal substantial
group-level differences, notable variations were observed
across the individual PSI scales. The distributions of PSI
scores, categorized by robot gender, are illustrated in Fig. 3.
In general, the scale ranges show minimal variation based on
the robot’s gender, thereby confirming the statistical findings.
On the AB, AC, and SOC scales, participant responses
predominantly clustered around the neutral midpoint. Inter-
estingly, the HLP scale stood out as participants consistently
reported higher levels of agreement, indicating a generally
positive perception of the robot’s helpfulness.

C. Performance Improvement and the Impact of Furhat’s
Coaching

To assess Furhat’s capabilities as an e-coach and its impact
on the players’ performance, a progression analysis has been
conducted on the scores between the first and second halves
of the matches and the consequent match’s outcome.

To evaluate the impact of robotic coaching on gameplay
performance, participants’ match outcomes were categorized
into four distinct types based on in-game statistics:

o Win - participants who maintained their initial advan-
tage and secured overall victory;

o Big Win — participants who overcame an initial deficit
and won both halves;

o Big Lose — participants who began with an advantage
but ultimately lost the match;
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Fig. 4. Participants’ Opinions Post Experiment. Q1: I played better thanks
to the robot; Q2: The robot made me feel comfortable during the game; Q3:
I think the robot should provide more game advice during the game; Q4:
I think the robot should focus more on motivational support to the player.
Each question was rated on a scale between 1 and 5.

o Lose — participants who were defeated in both halves
of the game.

Using these classifications, 85% of the participants
achieved a positive outcome, with 65% falling into the Win
category and 20% demonstrating significant improvement,
resulting in a Big Win. Conversely, only 15% of players
exhibited a decline in performance, with 10% classified as
Big Lose and 5% as Lose. The majority of participants either
maintained or improved their gameplay performance from
the first to the second half of the match. These findings
suggest that Furhat’s strategic and motivational coaching
may have had an impact on the participants, however,
further analysis is required to discern if such changes are
attributable to the coaching strategy or to the participants’
self-improvements during the match.

Finally, an analysis of the overall experience of the partic-
ipants with the robotic coach has been conducted based on
evaluative questions scored on a numerical scale up to 5. The
findings are presented in Fig. 4. The majority of participants
perceived an improvement in their gaming performance due
to the interaction with the robot, with 47.5% assigning a
score of 4 or higher on a 5-point scale. Similarly, when asked
whether they felt comfortable during the game with the robot
assistance, 75.0% of respondents rated their agreement 4 or
above, suggesting a positive acceptance of the system.

However, participants expressed a desire for more in-game
feedback: 65.0% agreed that the robot should provide more
strategic advice (scores 4 and 5), while 55.0% believed it
should place greater emphasis on motivational support. Such
findings reflect participant willingness to use such a system;
however, the intentional design of the experiment, in which
the robot was programmed to adopt a non-intrusive coaching
style, could have limited a higher positive rating. By non-
intrusive, we refer to the robot delivering feedback at prede-
fined intervals and only during clear breaks in the gameplay.
This approach was chosen to ensure that participants would
perceive the robot as supportive without disrupting their
gameplay experience. Future studies will address the partic-
ipants’ concerns and will evaluate different levels of support
to estimate an overall frequency of interaction. Furthermore,



a personalized interaction will be introduced according to the
participant’s preferences and emotional state.

VI. CONCLUSIONS

This study explored the potential of socially intelligent
robotic coaching in the context of e-Sport, with a specific
focus on the Furhat robot. Through a combination of quali-
tative and quantitative analysis, the research investigated how
different gamer profiles, hardcore and casual, perceived the
robot’s utility, how the robot’s gender might have influenced
its social acceptance, and whether there could have been an
impact on player performance and experience.

Findings indicate that players generally responded pos-
itively to the robot’s presence. Most participants reported
feeling comfortable during gameplay and perceived some
level of improvement in their performance. However, they
advised for personalized and comprehensive motivation sup-
port during the gameplay. While hardcore gamers valued
context-aware and timely feedback to support strategic re-
finement, casual gamers emphasized the need for clear
guidance and general advice. This distinction highlights the
importance of tailoring robotic support to user experience
levels. Additionally, performance outcomes suggested that
a significant proportion of participants either maintained or
improved their gameplay, hinting at the potential of robotic
coaching to enhance in-game performance.

The PSI scale analysis revealed that the robot was gen-
erally perceived as helpful and that the perceived social
capability of the robot can be affected by the robot’s gender
and the participant player type. From a performance stand-
point, 85% of participants demonstrated stable or improved
gameplay outcomes, with a notable portion experiencing
significant improvement.

These results validate the potential of social robots as
adaptive e-coaches in competitive gaming environments.
However, to fully realize this potential, future research should
investigate the optimal degree of interaction, incorporate a
comparison between coached and non-coached participants,
and evaluate long-term effects on performance. Moreover,
expanding the participant pool to include a broader age
range, especially teenagers who may be more emotionally
sensitive to game outcomes, could provide valuable insights
into the robot’s effectiveness across diverse profiles. In addi-
tion, integrating multimodal context awareness and real-time
emotion recognition may enhance the system’s responsive-
ness and effectiveness, paving the way for more sophisticated
and human-centered robotic coaching solutions.
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