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Abstract

This paper explores how technology can replicate equine-assisted services without requiring physical interaction with
horses. Human-horse interaction is utilised in equine-assisted therapy to improve mental wellbeing; however, access to
such interventions is limited due to the high horses’ cost and maintenance. Horses possess advanced emotional intel-
ligence, interpreting human gestures and non-verbal cues to respond adaptively, often mirroring human emotions. By
modelling these capabilities in a virtual environment using Artificial Intelligence (AI) and Machine Learning techniques,
users can access the replicated services while interacting with virtual horses. A system is designed to detect participants’
emotional states reflected in their motion via motion analysis and integrate these cues into an interactive virtual reality
(VR) experience to foster calmness and improve communication skills. An experiment was conducted to train an emotion-
recognition model for replicating horse-human interaction in VR. Results demonstrate the system’s accuracy in detecting
emotional states and the findings suggest the potential of VR-based equine-assisted services to replicate the real ones to

enhance accessibility and engagement with such services.

Keywords Motion capture - Machine learning - Virtual reality - Emotion recognition - Mental wellbeing - Artificial

intelligence

1 Introduction

Equine-assisted therapy services leverage human-horse
interaction in improving mental health and wellbeing. The
bond between humans and horses is utilised in equine-
assisted services (EAS) interventions to reduce incidents of
domestic violence (Hemingway and Sullivan 2022), reduce
anxiety and increase levels of calmness (Hemingway 2019).
However, not everyone can have access to such services,
as horses are expensive and high maintenance and for their
own wellbeing need to live outside in green spaces with
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other equines. In this paper, it is explored how technology
can be utilised to roll out the mental health benefits of such
interactive equine-assisted services by using technology and
interacting with virtual horses.

In terms of the mechanism of action of EAS (Hemingway
et al. 2019), horses have a sophisticated sense of awareness
and an ability to perceive human emotions and intentions.
Their emotional intelligence makes them adept at interpret-
ing non-verbal cues from humans, such as gestures and pos-
tures, enabling them to adjust their behaviour in response.
From such cues, horses can sense human emotions such as
fear, anxiety, happiness, or calmness and will respond to
requests if the human is calm, assertive and consistent. This
project considered if this body language-based emotional
communication process could be reproduced in the virtual
world where the virtual horses would respond to requests
when the human playing the game becomes calm assertive
and consistent in their body language. Furthermore, dur-
ing EAS, participants are taught to understand and respect
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the horse’s perspective as a prey animal and that the horse
requires clear, non-aggressive communication and body
language control from the human to build a method of com-
munication. The intervention is structured around partici-
pants’ learning to communicate with the horses using body
language and involves a series of horse-human interaction
games, which aim to foster calmness and improve empathy,
assertiveness and communication in participants. The proj-
ect reported here started to explore whether this process can
be replicated by use of virtual technology.

Development of technology in which emotional state is
detected from user’s motion will provide input to an inter-
active VR adapting and responding to the user’s emotional
cues. The interactive VR will adjust the intensity and con-
tent of the experience based on the user’s emotional reac-
tions, creating a more effective and engaging mental health
intervention. The face-to-face equine-assisted intervention
has proved to be highly effective for individuals and families
socially excluded due to poor psychosocial skills (Heming-
way and Sullivan 2022). This innovation will enable access
to an effective intervention at mass scale through affordable
technology. The impact will be demonstrated through devel-
opment and uptake of this innovative approach to mental
health intervention delivery.

Using technology to address social and mental health
issues benefits from the aspect that not only the technol-
ogy is scalable and can provide valuable feedback on users’
cognitive and emotional reactions to various situations, but
also it enjoys enthusiastic uptake by young people, who are
particularly vulnerable and need social services support.
Particularly, virtual reality (VR) is a technology that is still
in growth path with interest from customers depending on
available and affordable options. It is estimated that over
171 million people use VR technology globally as of 2025.
VR users mainly use this technology for gaming, education,
entertainment, and healthcare purposes (Kumar 2025).

Use of VR in healthcare is increasing for instance Food
and Drug Administration (FDA) in the USA authorised the
usage of VR treatment solution RelieVRx to help patients
manage their chronic lower back pain (Tolochkov 2025).
While it is mostly seen as an alternative to current treatment
measures, VR technology has the potential to transform
mental health care with its capabilities to create and provide
immersive experiences (Rodrick 2025; Kuleli et al. 2024).
The global market for VR therapy in mental health was val-
ued at USD1.83 billion in 2024. This market is expected to
grow significantly, reaching USD10.71 billion by 2032, with
an average annual growth rate of 24.7% (Data Bridge 2025).

In this paper, after a background review about equine-
assisted therapy services and VR technology in addressing
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mental wellbeing, it is explored how emotions can be mod-
elled informing development of a model in recognising
user’s emotions. In Sect. 3, an experiment is designed and
conducted for a pilot study to train a model for replicating
human-horse interaction in VR; and the process of model
development is discussed. Results are presented in Sect. 4
demonstrating how accurate the developed system can rec-
ognise participants’ emotion while interacting with virtual
horses. The findings are concluded in Sect. 5 on how the
equine-assisted therapy can be replicated using VR technol-
ogy to make it accessible for more users without the need
for real horses and to benefit from leading to wider utilisa-
tion of such an approach.

2 Background

Equine-assisted therapy services leverage human-horse
interaction in improving mental health and wellbeing. The
bond between humans and horses is utilised in equine-
assisted services (EAS) interventions. Quantitative research
indicates that equine assisted learning specifically (which
is the type of EAS intervention that this VR pilot was mod-
elled on (TheHorseCourse 2025) can significantly enhance
emotional regulation across a variety of participant groups.
Reported benefits include reductions in domestic violence in
families with multiple problems, (Hemingway and Sullivan
2022) improved social competence in children, (Pendry and
Roeter 2013) and improved behavioural outcomes (Pendry
et al. 2014). Hopson et al. (2023) also found notable gains in
self-efficacy among young people with disabilities partici-
pating in equine assisted learning programmes.

Qualitative studies further support these findings. Evi-
dence suggests that equine assisted learning can strengthen
self-confidence and self-esteem in young people (Burgon
2011), and enhance social, cognitive, and psychomotor skills
in school-aged children (Stoppard 2024). These improve-
ments may be linked to the sense of emotional safety fos-
tered within equine assisted learning environments, with
themes such as self-esteem, connection, and respect high-
lighted by Cagle-Holtcamp et al. (2019).

Taken together, this body of research positions equine
assisted learning as a promising approach for supporting
social development and emotional regulation across diverse
populations. Future studies could explore additional client
needs that may benefit from this method, as well as assess
the effectiveness of alternative delivery formats (e.g., virtual
reality-based programmes).

VR therapy is set to significantly change mental health-
care by providing an engaging and immersive method for
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treating various psychological conditions, helping patients
achieve substantial progress. VR therapy represents a cut-
ting-edge tool with the potential to transform a patient’s
mental well-being journey (Mihajlovic 2025). The rising
number of mental health disorders like anxiety, post-trau-
matic stress disorder (PTSD), and depression, along with a
demand for new treatments without medicine, is boosting
the market for VR therapy in mental health. This growth is
also helped by better VR technology making therapies more
engaging and effective, and by more people accepting digi-
tal health options like telehealth (Data Bridge 2025).

Using VR in mental health treatment and assessment
makes the process more engaging experiences. As VR is
interactive, patients are usually less resistant to VR than tra-
ditional tests and assessments. This approach is especially
effective for younger patients or anyone who usually resist
mental health assessments and treatments by turning the
experience into an enjoyable one (Roddick 2025). Virtual
Reality Exposure Therapy (VRET) is one of the therapeu-
tic options that is used to treat patients with anxiety orders
and psychiatric conditions in an affordable and accessible
way (Mihajlovic 2025). According to Mihajlovic (2025),
these are some examples of VRET usage customised for
the needs of patients including simulating crowded social
environments to help patients gradually become comfort-
able with interactions to treat social anxiety disorders, cre-
ating virtual scenarios that expose patients to their specific
fears and phobias in a controlled manner, allowing clini-
cians to adjust parameters like intensity and duration or
even personalise environments to target specific patient
triggers, and providing peaceful virtual natural settings for
relaxation and stress reduction.

There is evidence of an increasing demand for VR-based
solutions for mental health treatment in academic literature,
industry reports and user feedback. The increasing interest
in VR therapy is evident from the over 7 thousand research
papers published since 2015, with 1,412 of those coming out
in just 2024 (Silber 2025). Successful examples are Psious,
BehaVR, OxfordVR and DeepVR with increased interest
for VR applications to treat anxiety, depression, PTSD, and
stress management. Psious merged with XRHealth uses VR
environments to create controlled scenarios for therapy, such
as simulated heights or public speaking situations; BehaVR
and OxfordVR merged companies as RealizedCare accrued
by XRHealth are providing experience of social situation in
VR (XR Health 2025); and DeepVR provides experience of
underwater world controlled by deep breathing in rising and
falling movement (Deep VR 2025).

Challenges of using VR games for therapies are linked
to the need for further personalisation in VR therapies

instead of generic scenarios (May 2024), affordability of
VR therapy due to cost of VR headsets and scalability of
solutions (Cushnan et al. 2024), and lack of integration with
traditional therapies in which therapists monitor, adjust and
interact with patients in real time (May 2024). Therefore,
informing this research by the need for integration of the
VR to the existing therapies with personalised features
which are addressed in this paper.

2.1 System modelling

Addressing mental health through the VR technology,
there is a need to explore how emotions are represented,
recognised, and modelled using the technology to address
personalisation of the VR experience. From a psychologi-
cal perspective, emotions are represented through three
emotion models: discrete (categorical), dimensional and
appraisal. Continuous prediction of emotions is achiev-
able through utilising algorithms to find out the correlation
between a user’s physiological signal changes and the emo-
tion in a real-time manner.

In the categorical model, emotions are represented by
discrete labels such as happiness, anger, disgust, sadness,
anxiety, and surprise which are the basic emotions (Ekman,
1971). The mathematical modelling of logistic regression
for discrete classifications of the six states is to take an input
vector x and to assign it to one of k discrete classes C, where
k=1, ..., K (Murphy 2012). Therefore, it is necessary to
know the probabilities of the classes given the input data,
which are given by p (Ck|x). Using Bayes’ theorem, these
probabilities can be expressed in the form of (1).

p (x|Cyk) p(Ck)

P (Cklx) = P (x)

(1

Whereas any of the quantities appearing in Bayes’s theo-
rem can be obtained from the joint distribution p(Cy, x).
In this equation, p (C}) is the prior probability for the class
C and p (Cg|x) is the corresponding posterior probabil-
ity. The conditional probabilities can be modelled by rep-
resenting them as parametric models and then optimising
the parameters using a training set. A generative approach
can be adopted in which models the class-conditional densi-
ties given by p (x|C%), together with the prior probabilities
p (C)for the classes and then computing the required pos-
terior probabilities using Bayes’ theorem. Minimum prob-
ability of making a mistake is obtained if each value of x
is assigned to the class for which the posterior probability
p (Ck|x) is largest. This is equivalent to the minimum mis-
classification rate decision rule, which assigns each value
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of x to the class having the higher posterior probability
p (Ck|x). Therefore, solving the optimization problem, the
discrete classification can be achieved.

In the dimensional model (Fig. 1), emotions are labelled
in a two- or three-dimensional space where three indepen-
dent and bipolar dimensions, valance (pleasure-displea-
sure), degree of arousal and dominance-submissiveness
are necessary and sufficient to adequately define emotional
states (Russell 1980).

The mathematical modelling for this purpose can be seen
from Linear Regression viewpoint that is predicting the
value of one or more continuous target variables t given
the value of a dimensional vector x of input variables.
Therefore, making predictions for the target variable t
given some new value of the input variable x on the basis
of a set of training data. The input values are represented

T
) IN)
values are represented as t = (¢, ...

as x=(x1, ... and the corresponding target
, tN)T. Specifically,

there is need to fit the data using a polynomial function of
the form (2).

y(x,w):w0+w1x+...—|—waM:ZJI-\iOwj$j (2)

Whereas y (x, w) is the polynomial function, which is a
nonlinear function of x, and a linear function of the coeffi-
cients w; M is the order of polynomial and wg, ... , w s
are polynomial coefficients. The values of the coefficients
will be determined by fitting the polynomial to the training
data. This can be done by minimizing an error (cost) func-
tion which is the sum of the squares of the errors as (3).

S N w) - G)

Gradient descent algorithm which is a first-order
optimization algorithm can be utilised to find a
local minimum of the error function that takes steps

ACTIVATION

UNPLEASAN PLEASANT

DEACTIVATION

Fig. 1 Dimensional model of emotions (Russell 1980)
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proportional to the negative of the gradient (or of the
approximate gradient) of the function at the current point.
Gradient descent is also known as steepest descent in
the literature. The classification can be considered from
Bayesian curve fitting perspective whereas a Bayesian
treatment simply corresponds to a consistent application
of the sum and product rules of probability. It allows
the predictive distribution to be written in the form
fully Bayesian requires integrating over all values of
w as (4). By maximising the posterior distribution over
the parameters, it is possible to determine w by finding
the most probable value of w given the data; therefore,
achieving the classification goal.

pmﬁxw:/ﬁmampwmwmr 4

In the appraisal model, emotions are defined as processes
where appraisal of significance of an event is shown by
emotion quality, intensity and duration while considering
dynamics of emotion as discussed in Scherer et al. (2013;
Fig. 2). To mathematically represent the appraisal model,
dynamic system theory could be utilised that provides the
language in which embodied and situated stances can be
developed into a scientific theory. Dynamic field theory
(DFT) is a mathematical and conceptual framework which
was developed to model embodied human cognition
(Haratian, 2018).

The basic computational element of DFT is Dynamic
Neural Field (DNF). The response of a neural population is
modelled through a mathematical representation of DNFs.
The dynamics of DNF are mathematically formulized
as follows. In (5), w(x,t) is the activation of DNF over
dimension z, to which the underlying neural population is
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Fig.2 Geneva emotion wheel (Scherer et al. 2013)
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responsive. h is a negative resting level and S(x,t) is an
external input. The lateral interactions in DFT are modelled
through a short-range excitation and a long-range inhibition
where o inh> Ceze and cip are width and amplitude
of the excitatory and inhibitory parts of interaction kernel
as (6). The f(u(z,t)) in (7) shapes the output of DNF
through a sigmoid function where (3 is the slope of sigmoid
(Haratian 2018).

exc’ g

Tu(x,t) = 7u(z,t)+h+/ flu(z,t)w (x—2')da’ + S(z,t) %)

( /) e (‘ri‘x/)z e (l‘i‘rl)z 6
w(r—x = Cegc€X — — Cjy X -
excCXP 2% ch inh€XP 2% ?nh ( )

1
f(u(z,t) = 1+ exp[—Bu(z,t)] (7

The model parameters are 7 as the time constant of each
neuron, (3 as the slope parameter of output function for
each neuron, as well as the coupling coefficients and ker-
nel excitation and inhabitation parameters. After initialisa-
tion of model parameters, a cost function will be calculated
using the training data. The model simulator estimates the
quality and intensity regarding the input training data of
multiple trials as (8) and (9).

®)

1 N 2
COStquality = m Z lz t‘Ql (t) - Ql (t)‘
1 ~ 2
COStintansity - m Z l Z t‘Il (t) - Il (t)‘ (9)
To identify model parameter, the cost functions need to
be minimised. The cost function is calculated for training
trials and the average of all Mean Square Errors, MSEs,
of multiple trials is used as the function which should be
minimized to derive the model parameters. In (8) and (9),
the model quality and intensity estimates are represented

by Q. (t) and T (t) while the targeted ones are represented
by Q (t) and I; ().

Fig. 3 Simulated environment
with a virtual horse in low
arousal state by lowering the
head to more arousal state by
raising head and rearing from left
to right, respectively

3 Methodology

To develop an artificial intelligence (AI)-Al-driven human-
horse interaction in VR to replicate equine-assisted services,
a pilot study is conducted to design a motion-based emo-
tion recognition system learning from participants’ motion
while interacting with virtual horses. For this purpose, a VR
environment is developed in which horses can behave dif-
ferently based on the controls applied to the system (Fig. 3).

3.1 Experiment setup and design

The VR headset of Meta Quest 3 which is a standalone
device developed by Reality Labs, is utilised for the VR
experience with rendering via Meta Quest App AirLink
(Meta and quest 2025). Environment is designed and imple-
mented in Unity3D (Unity 2025) which is a cross-platform
game engine developed by Unity Technologies and simula-
tion was run from Lenovo laptop with AMD Ryzen 7 CPU,
16GB RAM and RTX 3070 laptop GPU. The full-body
motion capture framework used in this study is powered by
TGO’s etee trackers (etee Tracker 2025), which provide low-
latency, high-fidelity motion data through a proprietary BLE
streaming architecture for seamless interaction with VR.
Participants were equipped with 12 etee trackers strategi-
cally placed on the wrists, shoulders, hips, knees and ankles
to monitor full-body motion (Fig. 4). Each tracker measures
20x50%37.5 mm, weighs 60 g, and contains a 700-mAh
LiPo battery with USB-C fast charging. The trackers com-
municate via BLE using a USB-C dongle compatible with
SteamV Base Station 1.0 and 2.0, enabling precise and sta-
ble motion capture throughout the VR sessions.

The etee ecosystem supplied the Unity3D integration
modules and drivers that enabled real-time skeletal recon-
struction (Fig. 5) and seamless connectivity with the Meta
Quest VR environment. These hardware—software compo-
nents ensured accurate body-language capture and stable
long-duration data collection across all participants. As
shown in Fig. 5, the motion-capture system generates a

T NI ==,
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Fig. 4 Motion capture setup with
on-body markers and the VR
headset
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Fig.5 The stick figure generated as the result of motion capture

full-body stick-figure model based on the positional data
from the etee trackers. The input signals to the Machine
Learning (ML) model consist of the 3D positions of all
trackers expressed relative to a reference point, defined as
the trackers attached to the participant’s body.

An experiment is designed for a pilot study in which
participants interact with the virtual horses, rooted in the
idea that horses are highly perceptive to human emotion.

@ Springer

To build trust and alignment, humans are encouraged to
approach the horses in a calm state of emotion. Based on
the model developed by TheHorseCourse (2025), while
interacting with the virtual horses, the participants will
be either in the Calm state which shows a relaxed posture
and minimal movement, signalling alignment with the
horse, or in the Neutral (Ask) state which is active but
composed gestures to navigate the horse in specific direc-
tion, or Tense which is sharp or anxious movements, caus-
ing tense movement such rearing from the horse. These
states are mapped to the dimensional model on the verti-
cal axes showing the level of arousal from low arousal or
deactivation to high arousal and activation as indicated by
Calm, Neutral(ask) and Tense, respectively in TheHorseC-
ourse model. The virtual horse in low arousal (deactiva-
tion/calm) state would lower the head to more arousal
state by raising head and rearing (activation/tense).

Ethical approvals are in place for this research, and
participants provided consent in attending the experiment.
Six participants, three male and three female, attended
the experiment and participants were briefed on how to
identify and express their emotional state during the ses-
sion. As they announced their emotion, the observer would
label the experienced emotion on a scale from low (deac-
tivation) to high (activation) arousal. In reciprocation, the
virtual horse would demonstrate postures such as head
lowering and grass eating when relax for low arousal and
towards more tense state, they would be rising their head
and rearing for high arousal.
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3.2 Signal processing and machine learning

The system processes body motion signals collected from
full-body trackers, applying pre-processing, feature extrac-
tion, and data augmentation before feeding it into ML
models to predict the participants’ emotion. The primary
model, a Multi-Layer Perceptron (MLP), captures tempo-
ral patterns to classify emotional states. For comparison,
three baseline models are used including a Long Short-
Term Memory (LSTM) network, a Two-Stream MLP and
a Random Forest classifier.

Motion data from the etee full-body tracker were syn-
chronised and down-sampled from 200 Hz to 60 Hz.
Joint positions were transformed into a hip-centred coor-
dinate system to normalise inter-participant differences,
and noise artefacts caused by occlusions or signal spikes
were removed via threshold-based filtering and manual
inspection. Segments with ambiguous emotion labels
were excluded.

The cleaned dataset consisted of 2,137 overlapping
4-second windows (Calm: 569, Neutral: 1,242, Tense:
326). The model evaluation used Leave-One-Subject-Out
(LOSO) cross-validation to ensure subject-independent test-
ing. To address the class imbalance without data leakage,
augmentation was applied only to the training data within
each LOSO fold. Minority classes were up sampled using
geometric coordinate shifting, whereby a random constant
3D shift was applied to joint positions within each window.

Additional strategies, including applying Gaussian noise,
random rotation of the skeleton about the hip joint and hip-
joint centring, were implemented but not activated during
training. The post-augmentation step included each train-
ing fold balanced to the majority class, yielding an average
of approximately 1,035 windows per class, while test sets
remained unaltered.

For each 4-second window, a set of motion features was
extracted to capture the dynamics of body posture and move-
ment. These included joint velocity, joint acceleration, and
relative angles between connected body segments. Statistical
descriptors such as mean, standard deviation, and temporal
variance were computed for each feature dimension. To sim-
plify learning and reduce ambiguity, the continuous emotion
ratings collected during the experiment were grouped into
three representative categories—Calm, Neutral, and Tense—
mapped to the lower, middle, and upper levels of the arousal
axis. The resulting feature vectors were used as inputs to the
subsequent machine-learning models. Multiple machine-
learning models were evaluated to identify the most effective
approach for classifying emotional states from motion data.
A Naive Bayes classifier was first implemented to establish

a baseline and assess the separability of the dataset. More
advanced models were then explored, including a Multi-
Layer Perceptron (MLP) with three hidden layers (256, 128,
64 units), a Two-Stream MLP that separately processes kine-
matic and postural features (each stream uses a small MLP to
extract feature representations), a Long Short-Term Memory
(LSTM) network designed to capture temporal dependencies
(two hidden layers, 128 units), and a Random Forest classi-
fier with 100 estimators.

All models were trained using class-weighted loss
functions to account for imbalance across emotional
categories. To prevent over-fitting, early stopping and
learning-rate scheduling were employed throughout the
training process. Allmodels were trained using only statistics
from the training split. Loss functions were weighted to
handle class imbalance. Early stopping and learning rate
scheduling were used to prevent over-fitting. For each held-
out user, the performance measures for the machine learning
techniques are recorded accuracy, Fl-score, precision,
recall, and confusion matrices. To evaluate generalizability
across individuals, and Leave-One-Subject-Out (LOSO)
was employed for cross-validation.

4 Results

The evaluation metrics in machine learning, especially for
classification tasks are accuracy, F1-score, precision, recall,
and confusion matrices. Accuracy is defined as the propor-
tion of correctly predicted instances out of all instances as

Table 1 Confusion matrix

Predicted
Positive Negative
Actual Positive TP FN
Negative FP TN

Table 2 Binary classification performance (Mean= Standard Devia-
tion)

Model Accuracy Precision Recall Fl1
(Mean+SD) (Mean+SD) (Mean+SD) (Mean=SD)
MLP 71.94% + 63.64% = 67.58% + 63.20% +
4.81% 5.56% 5.61% 4.97%
Two- 71.99% + 61.69% + 68.15% + 62.60% +
Stream  4.12% 8.83% 4.57% 7.17%
MLP
Random 71.44% + 54.56% + 58.32% + 58.84% +
Forest 4.49% 13.24% 17.44% 9.95%
LSTM 71.40% + 60.77% + 68.35% + 62.89% +
6.39% 10.59% 6.25% 9.23%
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User 1 Confusion Matrix User 2 Confusion Matrix
Acc: 0.7754, F1: 0.7735, Prec: 0.7835, Rec: 0.7998 Acc: 0.6954, F1: 0.6325, Prec: 0.6419, Rec: 0.6279
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Fig. 6 Confusion matrix for each LOSO (binary classification)
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(10) in which TP is True Positives, TN is True Negatives,
FP is False Positives and FN is False Negatives. Such met-
ric is suitable when classes are balanced but misleading for
imbalanced datasets.

Accuracy = (TP + TN) /(TP + TN +FP + FN) (10)

Precision, which is about of all predicted positives, how
many are actually positive is defined as (11) and important
when the cost of false positives is high.

Precision = TP/ (TP 4+ TF) (11)

Recall (Sensitivity) is about of all actual positives, how
many is predicted correctly and defined as (12) and is
important when missing a positive is costly.

Recall = TP/ (TP + FN) (12)

F1-Score is Harmonic mean of Precision and Recall and
is defined as (13) and is used when balances precision and
recall, useful for imbalanced datasets.

F1 =2 x (Precision x Recall) / (Precision + Recall) (13)

Confusion Matrix is a table showing counts of predictions
vs. actual classes and has structure as Table 1 and provides
a detailed view of classification performance beyond a
single metric.

The Naive Bayes classifier was used as an initial base-
line due to its simplicity. As expected, it achieved relatively
low performance, indicating that emotional-state differ-
ences in whole-body movement cannot be captured effec-
tively through simple statistical assumptions. This baseline
confirmed the need for more expressive models (MLP, Two
stream MLP, LSTM and Random Forest) capable of han-
dling temporal and spatial dependencies in motion data.
Further manual cleaning was also conducted to improve
label consistency—removing samples where ambiguous
movements, such as trembling, introduced confusion for the
model. This helped boosting the overall reliability and clar-
ity of the classification results.

A binary classification experiment was conducted to
evaluate how well each model distinguishes between Calm
and Neutral states. Table 2 summarises the results using
LOSO cross-validation. The Two-Stream MLP, which pro-
cesses kinematic (Acceleration, velocity) and postural (joint
position) features in parallel before feature fusion, achieved
the highest overall accuracy and strong recall performance,
indicating its effectiveness in capturing complementary

movement characteristics. The confusion matrix for the
Two-Stream model (Fig. 6) across all the 6 users provides a
detailed breakdown of prediction results.

Multi-Class Classification is used for the more challeng-
ing three-class emotion recognition task, encompassing Calm,
Neutral, and Tense states, the performance of all models is
summarised in Table 3. The MLP achieved the highest over-
all accuracy among the models. The confusion matrix for the
MLP model (Fig. 7), aggregated across all six users, provides
a detailed view of the predictions for each emotional state,
highlighting which classes were most frequently misclassified.

In the three-class emotion recognition task (Calm, Neu-
tral, Tense), the MLP achieved the highest overall accu-
racy, with performance patterns consistent across models
(Table 3). Per-class evaluation and the confusion matrices
(Fig. 7) reveal that the Neutral state functions as a statisti-
cal attractor, receiving 62% of Calm misclassifications and
35% of Tense predictions. The class-level analysis confirms
that Tense is the most challenging class, reflected in lower
recall scores and its tendency to be absorbed into Neutral.
These class-specific dynamics contribute to a conservative
macro-F1 (~52%), indicating that while models accurately
identify Neutral behaviour, the boundary between Calm and
Tense remains more subtle.

With the current dataset, the model performs as reported.
However, there are considerations for future work based on
the findings in this study. Improved data collection proto-
cols in briefing participants more thoroughly to familiarise
them on how better to control the horses. Expanded data-
set would also help by including more participants and
balanced coverage across all emotional states, particularly
tense. Adaptive learning also helps exploring models
that personalise predictions over time, adapting to individ-
ual movement patterns. Furthermore, multi-modal sensor
fusion for integration of data from additional sources (e.g.,
heart rate, or audio) will complement body movement and
improve emotional state detection.

Table 3 Multi-class classification performance (Mean=Standard

Deviation)

Model Accuracy Precision  Recall F1 (+SD)
(Mean+SD)  (£SD) (£SD)

MLP 66.60% + 63.60%+  55.09%+  52.45% =+
7.44% 14.55% 13.12% 14.52%

Two- 65.27% + 63.04%+ 5851%+ 5631%+

Stream  6.90% 8.12% 11.60% 12.87%

MLP

Random 64.82% + 58.74%+  53.66%+  48.43+8.51%

Forest 5.55% 18.40% 9.40%

LSTM  65.53% + 60.78% +  57.28%+  54.17% =+
8.20% 13.26 15.54% 17.22%
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Fig. 7 Confusion matrix for each LOSO (multi-class classification)
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5 Conclusion

This study explored the feasibility of replicating aspects of
equine-assisted therapy through an Al-driven, motion-based
emotion recognition system integrated into an interactive
VR environment. In a pilot study, by combining full-body
motion capture information with machine-learning models,
the system was able to classify users’ emotional states based
on a technical foundation for emotion-state modelling from
whole-body motion. Building on these results, the proposed
study will expand the dataset to achieve more balanced rep-
resentation across the emotional states for enabling a richer
modelling of calm and tense patterns. Data collection proto-
cols will be enhanced to ensure participants are thoroughly
familiarised with tasks. In addition, the integration of multi-
modal sensor fusion from additional sources (e.g., heart
rate, or audio cues) will increase sensitivity to capture sub-
tle information providing richer signals than motion alone.
Adaptive learning will further enable models to personalize
the predictions over time capturing individuals’ movement
signation and improving long-term accuracy.
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