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Multimodal Digital Twin Architecture for Patient Monitoring in Art Therapy

Abstract: Art therapy is a promising non-pharmacological treatment to enhance emotional
well-being and psychological rehabilitation by means of engaging in activities like drawing,
painting and computer interaction as a form of creative expression. Nevertheless, traditional
art therapy assessment is mainly based on observation and subjective assessment by the
therapist which restricts the possibility of constant monitoring of patient emotional and
behavioral reactions in real-time. In a bid to overcome these drawbacks, this paper suggests
a multimodal digital twin architecture to adaptive art therapy monitoring. The suggested
architecture combines facial expressions, speech cues, physiological readings, and
interaction with behavior to build a single, intelligent healthcare monitoring system to conduct
continuous analysis of the patient-state and predictive adaptive therapy responses. The
multimodal representations are first obtained by applying ConvNeXt V2, Wav2Vec2.0, and
Temporal Convolution Networks (TCN). Next, a Mamba State Space Model is used to learn
temporal behavior, and a cross-modal attention mechanism implemented using Q-Formers
is used to create integrated contextual representations of patients. A Neural Ordinary
Differential Equation (Neural ODE)-based synchronization system is used to keep the digital
twin of the patient up-to-date in real time, and a Mixture-of-Experts prediction model is used
to predict the treatment effectiveness and produce adaptive treatment prescriptions.
Experimental results have shown the proposed framework to perform better in a variety of
evaluation tasks, including a temporal emotional prediction accuracy of 95.1% and a general
therapy-response prediction accuracy of 97.1%, and significantly lowering the latency of
computation than traditional transformer-based methods. The proposed scheme offers a
smart and responsive healthcare surveillance system to next-generation digital therapeutic
setup.

Keywords: Digital Twin, Art Therapy, Multimodal Learning, Emotion Recognition, Adaptive
Monitoring, Smart Healthcare, Neural ODE, Mamba Networks.

1. Introduction

The world has witnessed an increase in mental health disorders such as depression, anxiety,

emotional stress, and cognitive instability, which pose a dire need to develop intelligent and
personal therapeutic monitoring systems (Xing et al., 2025). Art therapy has become an
effective non-pharmacological treatment among other psychological rehabilitation methods
that allow patients to express their emotions (Pan et al., 2026), minimize psychological stress,
and enhance emotional well-being by engaging in creative tasks such as drawing, painting,
and digital artistic engagement (Zhang, 2025). In contrast to traditional verbal psychotherapy,
art therapy offers a nonverbal form of communication that is especially helpful with patients
with emotional trauma, cognitive disorders, autism spectrum disorders, and psychological
issues related to stress (Oldenburg et al., 2026). Nonetheless, although effective in terms of
therapy, traditional art therapy evaluation mainly relies on the observation and subjective
interpretation of the therapist, which restricts the potential to monitor patient emotional
reactions throughout the therapy sessions continuously and quantitatively (Phang and Hinz,
2025; Moezzi et al., 2026).
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The current development of artificial intelligence, multimodal sensing, and smart healthcare
technologies have contributed remarkably to the ability of intelligent healthcare monitoring
systems (Chen et al., 2025). Deep learning technologies have shown promising results in
emotion recognition, behavioral analysis, physiological monitoring, and adaptive healthcare
prediction with multimodal data sources (Vavekanand et al., 2026). Specifically, the research
directions of intelligent therapeutic assessment have become the facial emotion analysis,
speech emotion recognition, physiological signal processing, and behavioral interaction
modeling (Essahraui et al., 2025). However, most current systems discuss individual
modalities separately, and they do not represent the intricate interdependence between
emotional, behavioral, and physiological conditions (Wang et al., 2025). Moreover, a
significant number of current healthcare monitoring systems work under a fixed set of
conditions and do not allow continuous monitoring of the condition of patients and their
adjustment to therapeutic decisions (Chen et al., 2025). Digital twin is a relatively new
paradigm in smart healthcare systems that has become an emblem of transformation. A
digital twin is a constantly updated virtual model of a physical object, which allows it to be
monitored in real-time, analyzed predictively, and make intelligent decisions by maintaining
a constant connection between the physical and virtual worlds (Wang et al.,, 2025;
Vidyalakshmi et al., 2025). Digital twins have been applied in healthcare applications in
patient-state modeling, disease prediction, personalized medicine and intelligent clinical
monitoring (Sharma and Kaur, 2025). Digital twins can monitor emotional and physiological
states continuously and predict behavioral changes in patients by combining multimodal
patient measurements with adaptive, artificial intelligence models. Although there is a rising
interest in the use of digital twins in healthcare, their use in adaptive art therapy monitoring
has not been well-investigated (Hoffman et al., 2025).
At the same time, multimodal deep learning models have demonstrated impressive
performance at the modeling of heterogeneous healthcare data. ConvNeXt V2 advanced
vision models also offer highly discriminative facial emotional representations, whereas
speech models can readily learn contextual emotional features based on raw audio signals,
e.g Wav2Vec2.0 models (Yoon and Kim, 2025). the self-supervised Wav2Vec2.0 models.
Moreover, state-space models like Mamba have been shown to be more efficient at long-
sequence temporal learning than traditional recurrent and transformer-based models (Liang
and Li, 2026). Cross-modal attention models and continuous synchronization models based
on Neural Ordinary Differentiated Equation (Neural ODE) also allow adaptive combining
heterogeneous patient data to single intelligent representations (Li, 2025). Nevertheless, how
these sophisticated architectures can be merged into a single digital twin platform of adaptive
therapeutic monitoring has not been adequately explored.
These constraints inspired this research, which suggests a multimodal digital twin structure
to adaptive art therapy monitoring (Gkintoni and Halkiopoulos, 2025). The suggested
framework will help combine facial expression, speech cues, physiological readings, and
interacting behaviors into a comprehensive intelligent healthcare monitoring system that can
continuously analyze patient therapeutic reactions on the fly (Chaudhari et al., 2025).
ConvNeXt V2, Wav2Vec2.0 and TCN are used to extract feature per modality to establish
robust learning of multimodal representations (Li et al., 2025; Korkmaz and Jararweh, 2026).
Then, a Mamba State Space Model carries out temporal learning of behavior to learn long-
term emotional evolution patterns throughout therapy sessions. Additional cross-modal
attention mechanism based on Q-Former is used to combine heterogeneous modality
representations into a context-based embedding of patients and states (Zhao et al., 2025).
To ensure uninterrupted alignment between the real patient and the virtual image, a digital
twin mechanism based on Neural ODEs is presented, and a Mixture-of-Experts predictive
model produces adaptive therapy-response forecasts and custom therapy suggestions (John
et al., 2025).

2. Proposed Methodology
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In this section, the proposed multimodal digital twin architecture of adaptive art therapy
monitoring is presented. The framework combines facial, speech, physiological and behavioral
information in order to analyze patient responses continuously during therapy sessions. The
overall workflow for generating multimodal digital twin architecture to predict patient responses
to art therapy is depicted in in Figure 1. Patient information from multiple modalities (facial
expressions, speech signals, physiological measurements, and behavioural interactions) is
collected during therapy sessions to provide a complete picture of emotional and cognitive
responses. After which the obtained data is processed and specific feature are extracted
through modality-specific feature extraction models. The ConvNeXt V2 will be used for visual
emotional representation extraction (e.g., video), Wav2Vec2.0 (for speech) will be used to
learn contextual speech embedding, and Temporal Convolution Networks (TCN) will provide
the model for physiological signal pattern modelling. The extracted multimodal representations
are then utilized in a Mamba State Space Model to learn the long-term temporal emotional
and behavioural dependencies between patients across multiple therapy sessions. Following
temporal learning, an adaptive multimodal fusion of the two patient-state representations will
be achieved using a Q-Former-based Cross-modal Attention Mechanism to create a unified
contextual representation of the patient state. The fused patient-state representation will then
be used by the Neural ODE-based Synchronization Framework to allow for continuous real-
time updates to the digital twin of the patient. Finally, a Mixture of Experts-based prediction
architecture will provide the therapist with estimates of therapy effectiveness and patient
response probabilities and will provide the therapist with adaptive recommendations based on
patient needs and conditions, therapist expertise, availability, and previous treatment
outcomes.
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Fig. 1. The Proposed Multimodal Digital Twin Architecture for Adaptive Art Therapy
2.1Data Collection
The initial phase of the proposed framework is to gather heterogeneous patient-response
information during the art therapy sessions using various sensing modalities. To facilitate the
holistic monitoring of emotional and behavioral processes, multimodal data such as facial
expression, speech patterns, physiological data and behavioral patterns of interaction are
obtained using publicly available benchmark data as presented in Table 1. The combination
of different modalities enables the framework to not only record observable emotional
responses but also latent physiological responses, thus enhancing the reliability of the
adaptive therapy assessment (Wang et al., 2025). In case of analyzing facial emotions, we
use the AffectNet dataset because it includes a large diversity of the real-world faces with
their expression. AffectNet has over 1 million facial images retrieved on the internet, of which
around 450, 000 have been manually annotated and put into a number of emotional
conditions including happiness, sadness, anger, fear, disgust, surprise, contempt and neutral
expressions. The dataset offers a large variation in pose, light, ethnicity, and occlusion and
thus it is suitable in robust emotional representation learning in a therapeutic setting.
Table 1: Dataset Description

Dataset Modality Samples Data Type Emotional Labels
AffectNet Facial ~1 Million Facial emotion Happiness,
Expressions images (450K images Sadness, Anger,
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manually Fear, Surprise,

annotated) Disgust, Neutral,
Contempt
MAHNOB- Speech + 30 participants Audio, video, Emotional
HCI Multimodal physiological dimensions and
Signals recordings affective
responses
DEAP Physiological 32 participants, EEG, ECG, GSR, Valence, Arousal,
Signals 1,280 EMG, Respiration, Dominance, Liking
recordings Temperature
Behavioral Behavioral Session-wise  Drawing duration, = Engagement and
Interaction Modality interaction logs  cursor movement, therapy
Data interaction participation
frequency, pause indicators
intervals

The MAHNOB-HCI data is used to obtain speech-based emotional information and is a
multimodal recording of 30 participants subjected to emotionally stimulating stimuli. The data
contains concomitant audio and video and physiological recording under controlled
experimental conditions. Speech samples are high-resolution and entail a variety of
emotional patterns related to stress, involvement, and emotional behavior (Halkiopoulos et
al., 2025). The data also contains concomitant annotations of emotional dimensions, which
allows modelling the therapeutic response of speech accurately. The DEAP dataset, made
up of electroencephalogram (EEG), electrocardiogram (ECG), galvanic skin response (GSR),
respiration amplitude, skin temperature, and electromyography (EMG) data, was used to
carry out physiological and affective state monitoring on 32 participants. Each subject
watched 40 music video clips of one minute in length intended to induce different emotional
reactions. DEAP dataset contains around 1,280 multimodal physiological recordings, which
are annotated with arousal, valence, dominance, and liking scores, which is why it is very
suitable to continue emotional-state monitoring and digital twin synchronization (Yucel et al.,
2026). The interaction patterns in the behavioral aspect are further elicited through patient
engagement activities in digital art therapy sessions such as the duration of drawing, the
number of interactions, the trajectory of cursor movements, the pause time, and the behavior
of completing the activities. Those indicators of behavior offer more details about the
participation in therapy, cognitive engagement, and emotional stability. The multimodal data
obtained are then sent to the preprocessing and feature extraction phases to model intelligent
therapeutic responses.
2.2 Multimodality Feature Extraction

The multimodal stage of feature extraction is presented in Figure 2 and very important in
converting the heterogeneous raw sensory experiences into discriminative deep
representations which can be used to analyze intelligent therapy-responses. As the emotional
states of patients in art therapy are manifested in various modalities, such as facial
expression, speech features, physiological responses, and behavioral interactions, strong
feature extraction is necessary to precisely record the intricate emotional and cognitive
patterns. Under the proposed structure, each modality is represented by a separate deep
learning model to maximize the quality of the representations, but maintain modality-specific
features.
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Figure 2: Multi Modal Feature Extraction Process
In the case of learning facial emotions representation, the proposed framework applies
ConvNeXt V2 because it has a powerful hierarchical learning of features and better
computation efficiency. Images captured on the face during the therapy sessions are fed at
several convolutional steps to acquire high-level emotional embeddings of the expressions
of stress, engagement, happiness, and emotional instability. The process of extracting the
facial features can be represented as:
E, = ¢ConyNeXtV2(If ) (1)
Fv is the visual emotional feature extracted, I is the input facial image, and C onv
ConyNeXtV2 is the ConvNeXt V2 feature extraction function. Wav2Vec2.0 is used to extract
speech-based emotional characteristics and learns self-supervised contextual representation
with raw audio signals. The model represents the temporal patterns of acoustics variation,
stress, speaking rhythm, and emotional intensity that are closely linked with the psychological
state of the patients throughout the therapy sessions. Mechanism of speech feature
extraction is developed as:
Fs = ¢WapaVeca (Ar) (2)
F, is the speech emotional embedding, A; is the sequence of input audio, and ¢pW,,,V,, is
the contextual speech representation functionality. A TCN is used to examine physiological
reactions by modeling sequential physiological patterns acquired through EEG, Ecg, GSR
and respiration signals. Physiological indicators are an excellent source of information about
the stress level, emotional arousal, cognitive engagement, and responsiveness to therapy.
TCN architecture is effective in capturing long-range temporal dependencies without
compromising computational efficiency to monitor real-time healthcare. The representation
of physiological features is as follows:
F, = ¢TCN(P,) (3)
E, is the extracted physiological representation, P, is the temporal physiological signals and
¢TCN is the process of sequential feature extraction via TCN. The patterns of behavioral
interaction created during digital art therapy sessions are further codified to reflect patient

6



170
171
172
173
174
175
176
177
178
179

180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200

201

202
203
204
205
206

207
208

209
210
211
212
213
214
215
216
217
218
219
220
221

engagement features, including drawing speed, frequency of interaction, cursor path, the
duration of pauses, and the stability of activities. These behavioral clues offer further insights
into the involvement in therapy and emotional health. The learning process of behavioral
representation is stated as:
Fp = ¢B(D;) 4)
F, are the behavioral feature embeddings, D; is the pattern of digital interaction and ¢B is
behavioral encoding. Lastly, the modality-specific representations obtained are combined into
a common multimodal feature space to be learned over time and to be fused across
modalities. The total multimodal representation can be mathematically represented as:
Fm:[Fvean@Fp@Fb] (5)
E,represents the integrated multimodal feature representation and @ is the concatenation of
the features of the heterogeneous modalities.
2.3 Multimodality Feature Extraction

The temporal behavioral learning phase will simulate the dynamic change of emotional and
behavioural states of patients during art therapy sessions. Human feelings and treatment
response vary with time and so a analysis of these features is not static in time and therefore
cannot be understood in a treatment process easily by analyzing its features alone. Emotional
stability, level of engagement, variation of stress and behavioral consistency are strongly
temporally dependent and need to be learnt in a orderly fashion to be able to allow reliable
adaptive monitoring. Thus, the suggested framework involves a Mamba State Space Model
to learn the long-term temporal associations of multimodal patient representations.
The Mamba architecture offers better sequence modeling at reduced computational
complexity and enhanced long-context learning compared to traditional recurrent
architectures, including Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU).
This renders it very appropriate to real time healthcare applications in which multimodal
monitoring of patients and quick adaptive analysis is needed. Mamba model takes sequential
multi modal embeddings produced by the feature extraction phase and trains their hidden
temporal dynamics that relate to emotion development in the course of therapy.Firstly, the
integrated multimodal representation is sent to the temporal learning module where a
sequence of emotional dependencies are stored in time intervals. The learning process in the
temporal representation can be mathematically defined as:

H, = ¢Mamba(Fy,, He_y) (6)
Where H, is the hidden temporal representation at time t, Fn(f) is the multi-modal feature
embedding at time t and ¢Mamba is the transition function of the Mamba State Space. The
internal state dynamics is kept updated to capture the long-term behavioral evolution based
on sequential patient interactions and emotional observations. The transition mechanism of
states can be written:

S, = AS,_, + BE®Y (7)
S; will be the latent temporal state, A will be the state transition matrix, B the input projection
matrix and F,ff) will be the current multimodal observation. The acquired temporal
representations allow the framework to detect gradual changes in emotions, therapy
attendance patterns as well as behavioral shifts between successive therapy sessions. This
time-sensitive learning ability is especially relevant in dynamic therapeutic settings in which
conditions of patients do not change immediately but in a progressive way. The last temporal
representation produced by the Mamba model is illustrated as:

Te = {Hy,Hy, Hs, ..., Hn} (8)
T, is the sequential temporal embedding set that is learned based on multimodal therapy
observations at n time steps. Through the capability to learn long-range emotional and
behavioral dependencies, the temporal behavioral learning phase boosts the resilience of the
therapy response analysis and offers a solid basis to the following cross-modal fusion and
digital twin synchronization.

2.4Cross Model Fusion
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The cross-modal fusion and representation learning phase will be used in order to incorporate
heterogeneous multimodal information into a single patient-state representation to analyze
the responses to therapy comprehensively. As emotional and behavioral states in the process
of art therapy are manifested in various ways in facial expression, speech, physiological and
behavioral signs, the use of only one of the modalities can result in an incomplete or
inaccurate therapeutic evaluation (Zhang et al., 2025). As such, multimodal fusion is needed
to effectively combine the complementary emotional signals and enhance the strength of
adaptive monitoring. Within the framework proposed, a cross-modal attention mechanism is
based on Q-Former to acquire contextual relationships between heterogeneous modalities
and retain modality-specific properties. As opposed to conventional methods of feature
concatenation, the Q-Former architecture learns query-based attention to dynamically find
the most informative modality representations based on the current state of the patient. This
allows the framework to focus on those features that have emotional context whilst ignoring
information that is noisy or irrelevant. The temporal embeddings obtained through the Mamba
State Space Model are initially mapped to a common latent representation space and then
cross-modal interaction learning is carried out. Multimodal projection process is
mathematically defined as:

Zi = WiTi + bi (9)
Z; and T; denote the projected latent embedding of modality i and the temporal embedding
provided by Mamba model, respectively, W i is the projection matrix that can be learned and
b i is the bias vector. Q-Former subsequently conducts cross-modal attention learning by
creating adaptive query representations that engage with modality-specific embeddings to
obtain correlated emotional information. The attention computation mechanism is given as:

A(QK,V) = Softmax(Ys)v (10)

Q, Kand V are the query, key and value matrices, respectively, and d is the dimensionality
of the embedding. The cross-modal attention mechanism allows the framework to train
relationships among speech patterns of emotion, facial expression, physiological responses
and indicators of behavioral engagement (Zhao et al., 2025). In turn, emotionally correlated
characteristics of various modalities are combined into a single contextual representation that
can effectively describe the therapeutic status of the patient. The resultant fused multimodal
representation is:

F =Y, o2 (11)
F. fused contextual patient representation, Z; is a modality-specific embedding, and «; are
dynamically learned adaptive attention weights of the Q-Former architecture. To enhance
representational strength further, residual contextual learning is added to maintain valuable
modality-specific emotional features in fusion. The improved multimodal representation is
defined as:

Rf =F + 2?=1Zi (12)
Where R, refers to the residual-enhanced fused representation that will be used to
synchronize the digital twins and predict therapy-response. The proposed cross-modal fusion
mechanism, through learning contextual dependencies in heterogeneous emotional
modalities, would greatly enhance the consistency of patient-state comprehension and offer
an overall understanding of therapy effect in adaptive art therapy sessions.
2.5Digital Twin Synchronization and Adaptive Therapy Prediction

The final stage of the proposed framework as presented in Figure 3 focuses on continuously
synchronizing the patient’s digital twin and predicting therapy effectiveness in real time. Since
emotional and behavioral conditions evolve dynamically throughout art therapy sessions, the
virtual patient representation must be continuously updated according to incoming multimodal
observations. Accurate synchronization between the physical patient and the virtual digital
twin is essential for enabling intelligent monitoring, adaptive therapeutic assessment, and
personalized intervention recommendation. To achieve this objective, the proposed
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framework employs a Neural ODE -based synchronization mechanism together with a
Mixture-of-Experts (MoE) prediction architecture.
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Figure 3: The Digital Twin Synchronization and Adaptive Therapy Prediction Process
Unlike the conventional ways of patient modeling, Neural ODE enables the learning of the
dynamics of the state evolution over time hence the digital twin can dynamically adapt to the
demands of changing emotional, physiological, and behavioral states (Donker et al., 2025).
Continuous updating of the latent state of the patient over time takes place using the
multimodal representation which has been refined by the residual at the fusion step of the Q-
Former. This repeated synchronization mechanism improves time consistency and enables
accurate tracking of the progress of therapy-response in consecutive sessions. The process

of state evolution of a digital twin can be mathematically described as:
dD(t)

=2 = fo(D(6), Ry, 1) (13)
In which D(t) is the state of the digital twin at time t, Ry is the fused multimodal representation,
and fy is a transition function that is parameterized by learnable parameters 0. The continual
digital twin updating system permits the framework to document the gradual shift in emotion,
shifts in engagement in the therapy, and shifts in physiological responses. The new patient
representation at the new time would be calculated as:

Devy =D+ J7 fo (D(2), Ry, £) dt (14)
D, and D, ,, are the state of digital twin at different time intervals. Once the digital twin has
been synchronized, the new computerized representation is sent to the adaptive therapy
prediction module. As the response of patients to therapies differ markedly across different
patients, a Mixture-of-Experts architecture is used to dynamically choose specialized
prediction experts based on the current patient condition. The adaptive mechanism boosts
the personalization capacity and simplifies the heterogeneous emotional patterns to estimate
their therapy-effectiveness. The experts will be selected as:

G(D;) = Softmax(W,D,) (15)
G (D;) represents the distribution of all possible gating and G(D,) are learnable parameters
of the gating. Both professional networks propose certain therapy-response predictions on
the basis of unique emotional and behavioral patterns, which are trained on multimodal
description of a patient. The last adaptive therapy prediction is calculated:

P, = %, Gi(D)E;(Dy)
9

(16)
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P, is the predicted therapy effectiveness score, E; is the output of the i*" expert network and
and G;(D;) is the adaptive gating weight of each expert. Finally, the framework generates
reactive therapeutic recommendations based on the expected levels of emotions, the degree
of engagement in therapy and behavioral patterns. These recommendations can involve
selecting activities individually, and changing the intensity of therapy as well as modifying the
length of the session and supporting the therapist. The proposed framework will enable
intelligent, personalized, and real-time monitoring of adaptive art therapy spaces through a
continual correspondence between the digital twin of the patient and an active adjustment of
prediction of the therapy.

3. Result

To confirm the usefulness of the suggested multimodal feature extraction framework,
large-scale experiments were carried out based on the AffectNet, MAHNOB-HCI, and DEAP
datasets. The multimodal data were synchronized facial and speech signals, physiological
and behavioral signals recorded in adaptive art therapy settings. The dataset was split into
training, validation and testing subsets in the ratio of 70:20:10. The evaluation was done
experimentally on a high performance CPU with deep learning framework PyTorch. As with
the assessment plan used in the past intelligent monitoring systems, several quantitative
measures such as Accuracy, Precision, Recall, F1-score, inference latency were used to
analyze the performance.
As presented in Figure 4, the proposed ConvNeXt V2 model was compared with EfficientNet-
B3, ResNet50, and MobileNetV3 to assess the learning of facial emotional representation.
The model proposed in this work showed an average face emotion recognition of 97.8 which
is higher than the EfficientNet-B3 (91.6), ResNet50 (89.7), and MobileNetV3 (87.9) models.
Moreover, the suggested framework had a low level of computational complexity as well as
strong emotional representation ability. The greater recognition accuracy illustrates the
capacity of ConvNeXt V2 to adequately detect subtle emotional differences of the face in
terms of therapy engagement and psychological response.

FACIAL EMOTION RECOGNITION SPEECH EMOTION ANALYSIS PHYSIOLOGICAL SIGNAL MODELING
PERFORMANCE PERFORMANCE PERFORMANCE

Accuracy (%) F1-Score (%) Accuracy (%)

97.8%

95 - 95 93.2% 951  926%

ol 89.1%

801 87.4%

85 85 |
80 80

75 75

70 4 70 4
ConvNeXt V2 Effici Wav2Vec2.0 CNN-LSTM form

(Proposed) (Proposed) (Standa d)

TCN LST™M
(Proposed)

er
Precision | Recall | F1-Score | Accuracy Precision | Recall | F1-Score | Accuracy Precision | Recall | F1-Score | Accuracy
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

ConvNeXt V2 Wav2Vec2.0 TCN

(Proposed) 98.1 7.8 (Proposed) 934 (Proposed) 93.1

EfficientNet-B3 ~ 91.8 91.3 91.5 91.6 CNN-LSTM 88.6 88.4 88.5 88.7 LSTM 87.6 87.2 87.4 87.4

ResNet50 89.8  89.1 89.4 89.7 Transformer g5 4 ggg 90.1 90.3 GRU 89.3 88.9 89.1 89.1
(Standard)

MobileNetv3  88.2 87.6 87.9 87.9

Figure 4: Modality based Performance of the Proposed Framework
To analyze speech emotion, Wav2Vec2.0 was shown to be better in its contextual
representation learning ability than traditional CNN-LSTM and transformer-based speech
encoders. The proposed model had an F1-score of 93.2% in classifying emotional speeches,
compared to CNN-LSTM and the standard transformer architecture with F1-scores of 88.5
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and 90.1, respectively. The high contextual self-supervised learning ability of Wav2Vec2.0
allowed greater confidence in the extraction of stress variability, emotional intensity, and tonal
changes in the course of therapy. In the same way, the TCN-based physiological signal
modeling showed good performance in sequential emotional-state prediction. Experimental
data revealed that the proposed TCN architecture was able to predict the physiological-state
with an accuracy of 92.6, which was considerably higher than traditional LSTM (87.4%) and
GRU (89.1%) models. The fact that TCN was able to effectively capture long-range temporal
dependencies also played a significant role in continuous monitoring of emotional states.

The proposed Mamba State Space Model was compared to the BiLSTM, GRU, and Temporal
Transformer models to analyze the efficacy of temporal behavioral learning. Because the
emotional and behavioral reactions vary over time, in the course of art therapy, adaptive

monitoring requires accurate long-sequence modeling.

(a) Temporal Emotional Prediction Accuracy (%) (b) Training Loss Convergence
100 4 12 4

—e— Mamba (Proposed)
~#- Temporal Transformer
—4+— BILSTM

—+ GRU

96 1 95.1% 1.0 1

0.8 4

0.6

Training Loss

0.4 0:

02 {oa [ NCE

.0

0.0 T T T T g

Mamba Temporal BiLSTM GRU 0 20 40 60 80 100
(Proposed) Transformer Training Epochs

(c) Inference Latency Comparison (Lower is Better)
Mamba (Proposed)
Temporal Transformer 67.7ms

BiLSTM

GRU 51.2ms

0 10 20 30 40 50 60 70 80 % 100
Average Inference Latency per Sample (ms)
Figure 5. Temporal Behavioral Learning Performance Comparison of Different Sequential
Learning Architectures.

The experimental results in Figure 5 indicated that the suggested Mamba architecture had
the least temporal prediction error and converged as the fastest model among all the
comparative models. Mamba model was 95.1 and Temporal Transformer, BiLSTM, and GRU
were 92.8, 89.5 and 87.9 respectively in terms of temporal emotional prediction accuracy. In
addition to this, the Mamba architecture could compute the latency of a temporal model by
28 percent lower than a transformer-based model due to its powerful state-space
representation mechanism. The loss convergence analysis also showed that the proposed
Mamba model converged with fewer training steps and had a better generalization ability.
This demonstrates that Mamba is suitable in real-time healthcare monitoring systems where
the temporal synchronization and low-latency inference is required.

Lastly, the suggested MoE prediction model was compared to XGBoost, Multilayer
Perceptron (MLP), and Transformer-based prediction models. The experimental results in
Table 2 showed that the proposed adaptive prediction architecture was the most effective
with regards to estimating therapy-response in every assessment measure. This model
accurately predicted therapy-responses with a total accuracy of 97.1 and precision of 96.5,
recall and F1-score of 96.9 and 96.7 respectively. In comparison, Transformer, XGBoost and
MLP models had F1-scores of 93.4, 89.6 and 87.2 respectively. Adaptive gating system was
able to select specialized prediction experts dynamically depending on the heterogeneous
patient emotional profile with the help of the framework.

Table 2. Performance Comparison of Adaptive Therapy-Response Prediction Models
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Model Accuracy Precision Recall F1-Score

(%) (%) (%) (%)
Proposed Model 97.1 96.5 96.9 96.7
Transformer-Based Predictor 94.2 93.1 93.8 93.4
XGBoost 90.5 89.2 90.1 89.6
MLP 88.1 86.7 87.8 87.2

The suggested framework was also shown to have a high hierarchical discrimination capacity
of various types of therapy-response such as highly engaged, moderately responsive, and
emotionally unstable groups of patients. Like intelligent behavior assessment systems that
have been reported in recent spatiotemporal graph learning frameworks, the proposed
architecture was able to effectively discriminate between small behavioral and emotional
differences among patient groups.

The real-world validity of the multimodal digital twin framework proposed in this study was
tested further in an experimental simulation, for which an adaptive real-time therapy scenario
was developed to demonstrate the Framework's ability to facilitate Decisional Support in
clinical therapeutic environments. While many previous evaluations of therapeutic modalities
utilize a prediction-centric approach. This experiment focuses on how a Framework can allow
for Dynamic Therapeutic Adaptation by therapists based upon continuously changing
emotional conditions of the patient.

1. Real-Time Before Adaptation (Early Stage) 2. Digital Twin Synchronization & Prediction After Adaptation (Post-Intervention)
Multimodal Monitoring
Facial Emotion Analysis Digital Twin State (t) Adaptive Prediction Outcome Digital Twin State (t + At) Observed Outcomes
Sadh W 048 ™ - i ”
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s gl Aaxiety 082 Negative Response (Instability Score 4)
Neutral 015 S ( 2 219
e B High Avousal / ‘ ©73) 0 31%
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" b 3 i\ i
Emetional {
Instability ist R : -
Physiological Moritoring g Therapist Recommendation Engine snemaniiion
m HRV(RMSSD)  B26ms 1 Suggested Interventions (Interacticn Frequency *)
)
Heart Rate bgm ¢+ Temporal Behavioral Analysis @, Reduice Task Complexity Temporal Behavioral Analysis /'/ +27%
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Trend: Emotional Instability Increasing ‘ * Trend: Emotional Stability Improving
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\ x = 0 5 0 15 20 25 Music-assisted 0 5 10 15 20 5 Improvement
: N Tiene (min) n Art Interaction Tire (min) \\"‘\.—\A
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Audio / Voice Analysis Early Deterioration Detection
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50
31 % 27% 18%
Reduction o Increase Earlier Detection

Bafore Adaptation After Adaptation Bafore Adaptation After Adaptation

Figure 6: Real-Time Adaptive Therapy Decision Analysis Process
As presented in Figure 6 the experimental simulation of a patient treated with digital painting
art therapy, at the beginning of the therapy session the patient exhibited increased stress
indicators, decreased amounts of engagement in the therapy session, as well as negative
emotional expressions through facial emotion analysis. Data collected during the analysis of
the patient's facial expressions indicated that the dominant emotions displayed were sadness
and anxiety, and that the physiological monitoring of the patient during digital painting therapy
indicated that there was an increasing amount of variability in the patient's heart rate as well
as elevated levels of emotional arousal. Additionally, when using the analysis of the patients'
behavior during the therapy session, the analysis indicated a decrease in drawing activity as
well as an increase in the amount of time during which the patient was not making any
attempts to create drawings, indicating that the patient was becoming less engaged with the
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therapeutic intervention. The multimodal digital twin framework was continuously updated
with real-time multimodal data as collected from the patient's digital twin, and during the
analysis of the Behavioral Interaction Patterns of the patient via Temporal Behavioral
Analysis, the Mamba State Space Model from the Multimodal Framework identified a
progression toward increased emotional instability for the patient as therapy sessions
progressed through consecutive interaction intervals. Following this analysis of the patient's
emotional state, the Mixture-of-Experts Prediction Framework estimated a high probability
that if the current configuration of the therapeutic modality remained unchanged, the patient
would experience a negative therapeutic response to this therapy intervention.
The outcome from the prediction of the patient's adaptive therapy outcomes led to the
recommendation engine of the MultiModal Framework offering multiple Intervention
Strategies for the therapist to implement, which included (1) decreasing the complexity of the
therapeutic task assigned to the patient; (2) introducing a calming color-based exercise for
the patient to create art with calming colors, and (3) transitioning the patient from a digital
painting therapy session to a Music-Assisted Art Intervention session. Once the therapist
implemented one or more of the recommended adaptations to the therapeutic intervention,
the Multi-Modal Framework observed a progressively increasing frequency of therapeutic
engagement by the patient as well as decreasing physiological indicators of stress during the
subsequent therapy session(s).
Results from this experimental case demonstrated that the Adaptive Intervention Mechanism
reduced the amount of predicted emotional instability for the patient by approximately 31%,
while at the same time, the patient's Engagement Scores during these adaptive therapy
sessions improved nearly 27% when compared to the patients' initial pre-adaptive therapy
engagement scores. Additionally, the Capacity of the Multi-Modal Framework to continuously
synchronize real-time multimodal data with the patient's real-time emotional state allowed for
earlier detection by the therapist that the patient was entering into a deteriorating emotional
condition than was possible using conventional observational techniques.

4. Conclusion

To overcome the drawbacks of traditional therapy evaluation systems such as subjective
evaluation, inability to continuously monitor, and inability to personalize therapy, this paper
presented a multimodal digital twin architecture of adaptive art therapy monitoring. The
suggested model combined multimodal sensing modalities (facial expressions, speech
signals, physiological measurements, and behavioral interactions) with state-of-the-art deep
learning models to perform intelligent patient-state monitoring and predictive adaptive
therapy. ConvNeXt V2, Wav2Vec2.0, and Temporal Convolution Networks were used to
perform multimodal feature extraction to obtain robust emotional and behavioral analysis,
whereas a Mamba State Space Model was used to learn temporal behavioral. Moreover, an
attention mechanism based on Q-Former facilitated successful cross-modal fusion, and a
Neural ODE-based synchronization framework kept the patient digital twin image updated in
real time. Lastly, adaptive therapy-response estimation, and personalized therapeutic
recommendation generation were estimated with a Mixture-of-Experts prediction
architecture.The results of the experiments indicated that the suggested framework was
better in performance on various assessment tasks. The Mamba architecture demonstrated
the best prediction accuracy of 95.1% of the maximum temporal emotion prediction and with
minimum computational latency than traditional temporal models that were transformer
based. On the same note, the developed Q-Former fusion framework enhanced the learning
ability of multimodal contextual representations, and the Neural ODE synchronization
mechanism enabled stable and continuous tracking of patient-states. The adaptive Mixture-
of-Experts prediction model also attained the best therapy-response prediction and proved to
have great potential to discriminate against heterogeneous patient profiles of emotions and
behaviour.The suggested framework introduces a smart healthcare monitoring platform that
can assist real-time therapeutic measurement, tailored intervention prescriptions, and
dynamic analysis of emotional-state in digital therapeutic settings. The proposed system
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enhances a realistic base of adaptive mental health systems of the future by combining digital
twin technology with multimodal artificial intelligence. Future research will be directed at
lightweight edge deployment, explainable multimodal decision-making, federated privacy-
preserving healthcare learning, and real-world application and validation in large-scale
therapeutic settings.
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