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Abstract—Anxiety and depression treatment is constrained
by variable adherence and limited personalization in static
virtual-reality (VR) protocols. This study developed a patient-
centered VR therapeutic system that integrates physiological
and behavioral sensing with a deep Q-learning (DQL) adaptive
interface. EEG, heart rate, galvanic skin response, gaze, and
movement data were converted into a real-time state
representation to regulate environmental stimuli within a
clinically tolerable exposure range. In a 12-week randomized
controlled trial involving 120 participants, Adaptive VRT
produced lower week-12 HAMA scores than Non-Adaptive
VRT (12.03£5.65 vs. 17.93+5.42, p<0.001) and lower HAMD
scores (12.45+5.85 vs. 15.98+5.33, p=0.002). The Adaptive group
also reported higher usability (SUS: 85.74+7.87 vs. 70.67+10.29)
and completed more sessions (11.45+0.50 vs. 9.62+1.08; both
p<0.001). The results demonstrate the clinical and human-
factors value of closed-loop, patient-centered VR adaptation for
anxiety and depression treatment.

Keywords—virtual reality therapy; deep Q-learning; patient-
centered design; adaptive user interface; anxiety and depression.

1. INTRODUCTION

Anxiety and depressive disorders impose a substantial
clinical and socioeconomic burden [1]. Although
pharmacotherapy and cognitive-behavioral therapy (CBT) are
evidence-based treatments, treatment delivery can be
constrained by adherence, dropout, and the limited capacity of
fixed protocols to accommodate variability in patients’
symptoms, preferences, and readiness [2]. Engineering
therapeutic interfaces that respond to measured patient states
is therefore clinically relevant.

Virtual reality (VR) provides a controllable, immersive
channel for delivering exposure-based and cognitive-
behavioral interventions. Recent syntheses indicate that VR-
supported therapy can reduce anxiety symptoms and can be
comparable with conventional exposure or CBT when
implemented in appropriate clinical settings [3]. However,
many VR interventions retain a predetermined scenario

progression. Fixed content can under-challenge some users
while producing excessive distress or disengagement in others,
particularly when arousal fluctuates during treatment.

Real-time physiological and behavioral sensing can extend
VR from a predefined presentation medium to a closed-loop
therapeutic interface. Deep learning provides representations
for high-dimensional multimodal data [4], while adaptive-UI
work has shown the feasibility of combining deep Q-learning
(DQL) with Golden Jackal Optimization (GJO) for
personalized interface control [5]. Jiang et al. reported 45-
epoch convergence for their DQL-GJO wearable-interface
model, compared with 70 epochs for standard DQL, together
with a task-completion time of 82 s, an error rate of 9.9%, and
user satisfaction of 78% [5]. Therapeutic VR additionally
requires that interface actions conform to exposure-based
treatment principles.

Existing systems rarely integrate multimodal sensing,
reinforcement-based interface control, and patient-centered
VR treatment in a single clinical workflow. In particular, an
adaptive policy must regulate stimulation so that exposure
remains therapeutically challenging yet tolerable, rather than
merely minimizing arousal. The engineering problem is to
translate multimodal observations into safe, interpretable
environmental actions that can be evaluated against a fixed-
progression VR control.

This study designs and evaluates a closed-loop adaptive
VR therapeutic system for adults with generalized anxiety
disorder (GAD) or major depressive disorder (MDD). The
system (1) fuses EEG, heart rate, galvanic skin response, gaze,
and movement signals into a state representation; (2) uses a
CNN-LSTM DQL model, with GJO-assisted hyperparameter
initialization, to select discrete environmental adjustments;
and (3) evaluates clinical symptoms, usability, and session
completion in a 12-week randomized controlled trial (RCT).
The contribution is a patient-centered therapeutic-interface
architecture whose adaptation target is a clinically tolerable
exposure range rather than a static scenario schedule.
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2. RELATED WORK

VR psychotherapy has advanced from static simulations to
immersive, interactive interventions, while Al-enabled
interfaces offer mechanisms for individualized control. This
section compares evidence on VRET, adaptive interaction,
and patient-centered digital mental health, then identifies the
missing integration.

2.1.  Virtual Reality in Psychotherapy

Virtual reality exposure therapy (VRET) creates
controllable, repeatable exposure contexts and is commonly
used for anxiety-related conditions. Systematic reviews have
reported clinically meaningful reductions in anxiety, while the
comparative value of VRET relative to in-vivo exposure
varies by indication, comparator, and study design [3], [6]-[8].
Modern head-mounted displays also make scenario intensity,
timing, and sensory cues adjustable within clinical sessions.

Recent evidence has expanded the focus beyond symptom
change to safety, usability, acceptability, and attrition.
Systematic reviews and clinical trials report generally
favorable effectiveness and user-experience outcomes, while
identifying simulator sickness, exposure-related distress, and
inconsistent user-experience measurement as design concerns
[9]-{13]. These findings support VR as a configurable
treatment delivery platform and underscore the need for
careful management of safety and user-experience outcomes.

2.2.  Deep Learning in Medical Device Interaction

Deep learning and reinforcement learning enable adaptive
interfaces that map observed states to actions. For wearable
medical devices, DQL-GJO has been used to adjust navigation
flow, button placement, and notification timing from real-time
user behavior [5]. In therapeutic settings, reinforcement
learning has been investigated for dynamic treatment regimes
and precision medicine, indicating that the state—action—
reward formulation can support sequential clinical decisions
when objectives and constraints are explicitly defined [14].
The broader machine-learning literature also establishes the
value of deep representations for high-dimensional data and
adaptive interaction [4], [15]-[18].

Therapeutic VR differs from ordinary UI personalization
because actions change the intensity and structure of clinically
meaningful stimuli. Therefore, the adaptation policy must
incorporate a safety-aware reward definition, use a limited
discrete action set, and preserve a graded exposure trajectory.
Existing VR literature focuses mainly on fixed scenario
delivery and clinical outcomes [3], [6]-[13], whereas general
adaptive-Ul work does not address exposure pacing,
multimodal affective input, or clinical endpoints [5], [14], [16],
[17].

2.3.  Patient-Centered Interaction Design

Patient-centered design requires systems to respond to
patients’ functional needs, preferences, and changing capacity
during care. In digital mental health, perceived usefulness,
usability, and sustained engagement are central
implementation outcomes [9], [19]-[23]. For immersive
interventions, an interface must balance agency and guidance:
it should adjust task difficulty without obscuring treatment
goals or removing clinician oversight.

Physiological and behavioral signals can be used as
proxies for momentary interaction states, but they must be
interpreted within the treatment context. VR exposure relies
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on systematic engagement with feared cues and subsequent
learning; the appropriate target is therefore a tolerable
therapeutic arousal range rather than minimal arousal.
Affective-computing, emotion-recognition, and therapeutic-
alliance studies support multimodal and patient-centered
interaction design, while contemporary VR reviews
emphasize safety and standardized user-experience
assessment [9], [10], [24]-[28].

2.4. Research Gap and Contribution

Three gaps emerge. First, many clinical VR interventions
use fixed progression rather than state-aware adaptation [3],
[6]-[13]. Second, adaptive-interface studies show the
technical feasibility of DQL-based personalization but usually
evaluate navigation or task-performance outcomes rather than
therapeutic exposure [5], [14]. Third, the link between
multimodal sensing, exposure pacing, and patient-centered
clinical evaluation remains underdeveloped [29]. An
integrated system must align data-driven control with a
clinically tolerable arousal range, measurable user experience,
and symptom outcomes.

This study addresses these gaps with a closed-loop patient-
centered VR platform. Its technical contributions are a
multimodal state representation, a CNN-LSTM DQL policy
with GJO-assisted hyperparameter initialization, and a safety-
oriented reward formulation for discrete environmental
adaptation. Its clinical contribution is a randomized
comparison of adaptive and fixed-progression VR using
symptoms, usability, and treatment completion as outcomes.
The platform is implemented as a clinician-supervised
therapeutic-interface framework.

3. METHODS

We conducted a two-arm, parallel-group RCT to evaluate
a deep learning—optimized adaptive VR interface against an
otherwise identical fixed-progression VR condition. The
protocol was approved by the institutional review board, and
all participants provided written informed consent. Clinical
assessments were conducted at baseline and at scheduled
follow-up visits in weeks 4, 8, and 12.

3.1.  Participants

A total of 120 participants were recruited from outpatient
psychiatric clinics. Inclusion criteria were: (1) age 18-65
years; (2) a primary diagnosis of GAD or MDD according to
DSM-5 criteria; and (3) a baseline score of at least 14 on the
Hamilton Anxiety Rating Scale (HAMA) or Hamilton
Depression Rating Scale (HAMD). Exclusion criteria were: (1)
a history of psychosis or bipolar disorder; (2) current
substance-use disorder; (3) significant suicide risk; and (4)
photosensitive epilepsy or severe motion sickness. All
participants provided written informed consent before
enrollment.

Eligible participants were randomly allocated to the
Adaptive VRT group (n=60) or the Non-Adaptive VRT group
(n=60) using a computer-generated, diagnosis-stratified
sequence (GAD or MDD). Allocation was completed before
the first intervention session, and each participant followed the
same schedule of clinical assessments.

3.2.  System Architecture

The therapeutic platform comprises sensing, processing,
adaptive-control, and VR-delivery modules.
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Hardware. A Meta Quest 3 headset provided visual and
auditory immersion. A non-invasive EEG headband acquired
alpha, beta, theta, and delta frequency-band features, and a
wrist-worn sensor acquired heart rate (HR) and galvanic skin
response (GSR). Sensor streams were synchronized with in-
VR event timestamps.

Software. Unity-based therapeutic environments included
low-stimulation nature scenes (e.g., forest and beach) and
graded social-exposure scenes (e.g., crowd settings and public
speaking). The Non-Adaptive VRT condition used a
predefined scenario schedule. The Adaptive VRT condition
used the same scenario library, but environmental parameters
were controlled by the adaptive engine.

Closed-loop integration. As shown in Figure 1, the
platform streams physiological sensing and in-VR interaction
data, including gaze direction and movement speed, to the
processing layer. The processor constructs a state vector and
submits it to the DQL policy. The selected action adjusts VR
parameters and is logged with the updated state, producing a
closed-loop sequence of observation, decision, rendering, and
response.

VR Environment —

Environment Adaptation Rael| [Kicaetye ‘ VK |

Affects Visuals, Audio, Scenarios

l Patient

Physiological State | Behavioral State ‘
EEG, HR, GSR Gaze, Movement

Biosensors

|
| VR Headset |
ke J

Data Processing

.

<Rea|-time Data Strearﬁ}»

A
/

N\ &

/
/

g

State Vector Generation

l Adaptive Engine
DQL Model (CNN+LSTM)

Selects Action

N

</ Action Selection \

\\\ 4 y

S

Figure 1. Closed-loop architecture of the adaptive VR therapeutic platform.

Physiological and behavioral data are continuously
acquired and aligned in time. The state vector is passed to the
DQL policy, which selects one discrete adaptation from a
constrained action set. The rendered parameters include
lighting, crowd density, ambient sound, and interactive
elements. The constrained loop preserves the therapeutic
content library while adapting pacing and stimulus intensity to
the participant’s observed state.
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3.3.  The Adaptive Interface Model

We formulated interface adaptation as a finite-action
reinforcement-learning problem. At time t, the policy observes
state s _t, selects action a_t, receives reward r_t, and updates
the Q-value estimate for subsequent decisions [18].

3.3.1. DQL Formulation

State (S). At decision time t, s_t combines the preceding
30-s window of physiological features (EEG band features,
HR, and GSR) and behavioral features (gaze, head-movement
velocity, and interaction frequency). The state representation
preserves the temporal context needed to select an
environmental adjustment.

Action (A). The action set contains discrete, bounded
adjustments to lighting and weather, virtual-crowd density,
ambient-sound volume and type, and interactive elements.
Each action changes the current scene configuration without
introducing an unplanned therapeutic scenario.

Reward (R). The reward function is designed to maintain
exposure within a clinically tolerable arousal range. Positive
reward is assigned when the participant remains engaged and
physiological arousal remains within a predefined target
interval during the planned exposure step. Reduced reward is
assigned to abrupt arousal escalation, sustained
disengagement, or an intensity change that moves the
participant outside the target interval. Thus, the policy does
not reward indiscriminate arousal reduction; it rewards safe
engagement with graded exposure.

Network architecture. Figure 2 shows a hybrid DQL
architecture. A 1D CNN extracts local multivariate patterns
from physiological data (EEG, HR, and GSR) over the
observation window. An LSTM models temporal
dependencies in the behavioral sequence (gaze and
movement). The branch embeddings are concatenated and
passed through fully connected layers to approximate Q(s_t, a)
for each permissible action.

The CNN and LSTM branches retain complementary
signal characteristics: the CNN encodes local co-variation in
the multivariate physiological window, whereas the LSTM
retains temporal structure in gaze and movement trajectories.
The fused representation is used to estimate Q-values across
the discrete action space, allowing the controller to choose the
highest-valued permissible adaptation.

GJO-assisted optimization. GJO was used during model
configuration to search the hyperparameter space and
establish the exploration—exploitation schedule for the DQL
agent [30]. The clinical trial evaluates the integrated adaptive
system, which combines these components.
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Figure 2. Hybrid CNN-LSTM DQL architecture for adaptive VR interface
control.

3.4. Procedure

All participants completed a 12-week treatment program
consisting of one 45-min VR session per week. The Adaptive
VRT group received real-time, constrained environmental
adjustments from the DQL-based engine. The Non-Adaptive
VRT group used identical hardware, session duration, and
scenario library, but scenarios followed a fixed schedule
without real-time adaptation. This design isolates real-time
adaptation within the shared VR program.

3.5. Outcome Measures

Primary outcomes were changes in anxiety and depression
symptoms from baseline to week 12, measured by HAMA and
the 17-item HAMD. The repeated-measures model also
included scheduled assessments at weeks 4 and 8.

Secondary outcomes included: (1) the Patient Health
Questionnaire-9 (PHQ-9) and Generalized Anxiety Disorder-
7 (GAD-7) for self-reported symptoms; (2) the System
Usability Scale (SUS) for perceived usability; (3) treatment
adherence, measured as completed sessions; and (4) system-
use data, including session duration and interaction frequency.

3.6.  Statistical Analysis

Data were analyzed using SPSS version 28.0. Baseline
group comparisons used independent-samples t-tests.
Repeated HAMA and HAMD measures were analyzed with
mixed-effects models that included fixed effects for group,
time (baseline, week 4, week 8, and week 12), and their
interaction, with participant-level repeated observations
modeled as a random effect. Planned post hoc group
comparisons were evaluated with Bonferroni adjustment
within each outcome family; all tests used two-sided 0=0.05.
SUS and completed sessions were compared between groups
using independent-samples t-tests. The primary model is
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4. RESULTS

4.1.  Participant Characteristics

Baseline clinical characteristics are summarized in Table
1. The two groups each contained 60 participants. Baseline
HAMA and HAMD scores did not differ significantly
between groups (both p>0.05), supporting comparability for
the clinical severity measures reported in Table 1.

TABLE 1. BASELINE CLINICAL CHARACTERISTICS OF PARTICIPANTS
Group Baseline HAMA (Mean | Baseline HAMD (Mean
+ SD) + SD)
Adaptive 24.23 +4.54 24.46 + 498
Non- 25.02 +4.63 24.23 +4.99
Adaptive

4.2.  Primary Outcomes: Clinical Efficacy

Both groups showed symptom reductions over the 12-
week treatment period; however, the Adaptive VRT group
showed a larger reduction than the Non-Adaptive VRT group.

Mixed-effects analysis showed a significant groupxtime
interaction for HAMA, F(3, 354)=8.82, p<0.001, and HAMD,
F(3, 354)=7.15, p<0.001. Figure 3 presents the group
trajectories across the scheduled assessments.

At week 12, mean HAMA was 12.03 (SD=5.65) in the
Adaptive VRT group and 17.93 (SD=5.42) in the Non-
Adaptive VRT group, t(118)=—5.49, p<0.001. Mean HAMD
was 12.45 (SD=5.85) in the Adaptive VRT group and 15.98
(SD=5.33) in the Non-Adaptive VRT group, t(118)=—3.21,
p=0.002.
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Figure 3. HAMA and HAMD trajectories for adaptive and non-adaptive
VRT over 12 weeks.

(A) Lines connect group means at baseline and scheduled
assessments (weeks 4, 8, and 12); shaded bands represent
standard deviations. The HAMA groupxtime interaction was
significant, F(3, 354)=8.82, p<0.001. (B) The corresponding
HAMD groupxtime interaction was significant, F(3,
354)=7.15, p<0.001. Week-12 group differences are reported
in the main text.

4.3.  Secondary Outcomes: Usability and Adherence

At week 12, SUS was higher in the Adaptive VRT group
(mean=85.74, SD=7.87) than in the Non-Adaptive VRT group
(mean=70.67, SD=10.29), t(118)=8.51, p<0.001 (Figure. 4).
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Figure 4. Distribution of System Usability Scale (SUS) scores by
intervention group.

The box plots show the median, interquartile range,
whiskers, and individual outlier for each group. Higher SUS
scores indicate better perceived usability and satisfaction; the
Adaptive VRT group had a higher group mean than the Non-
Adaptive VRT group.

Treatment adherence was also higher in the Adaptive VRT
group: participants completed an average of 11.45 of 12
sessions (SD=0.50), compared with 9.62 sessions (SD=1.08)
in the Non-Adaptive VRT group, t(118)=10.8, p<0.001. Table
2 summarizes the week-12 outcomes.

TABLE II. WEEK-12 CLINICAL, USABILITY, AND ADHERENCE
OUTCOMES
Group Week 12 Week 12 SUS Adherence
HAMA HAMD Score (Sessions,
(Mean = (Mean % (Mean + Mean + SD)
SD) SD) SD)
Adaptive | 12.03+5.65 | 12.45+585 | 85.74 &+ | 11.45+0.50
7.87
Non- 17.93+£542 | 1598+533 | 70.67 =+ | 9.62+1.08
Adaptive 10.29

5. DISCUSSION

The adaptive interface was associated with lower week-12
HAMA and HAMD scores, higher SUS, and more completed
sessions than fixed-progression VRT. The findings show that
aligning scenario delivery with real-time sensing can improve
the clinical and human-factors outcomes measured in this trial.

5.1. Interpretation of Key Findings

The significant groupxtime interactions show that
symptom trajectories differed between Adaptive and Non-
Adaptive VRT. Both groups used the same VR content library
and session length; the key difference was whether
environmental parameters responded to the participant’s
observed state. The pattern is consistent with the clinical

utility of individualized pacing during immersive intervention.

In exposure-based work, the goal is not to eliminate arousal
but to support safe, repeated engagement with feared stimuli
at a tolerable intensity. The reward formulation
operationalizes this principle by favoring engagement within
a target arousal range while penalizing abrupt escalation or
disengagement. The result links patient-centered interaction
control with graded exposure pacing.

The higher SUS scores and greater session completion in
the Adaptive VRT group indicate that usability and adherence
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can improve concurrently when the interface responds to
measured participant states. This finding is important for
digital mental-health interventions, in which sustained
engagement is an implementation requirement as well as a
user-experience outcome [9], [19], [21]-[23].

At the technical level, the hybrid CNN-LSTM controller
integrates physiological and behavioral channels into the state
representation, and GJO supports configuration of the
hyperparameter and exploration—exploitation settings. This
design is motivated by the DQL-GJO adaptive-interface
framework reported for wearable medical devices [5] and by
broader reinforcement-learning applications in healthcare [14].
The integrated controller serves as the intervention
mechanism in the clinical evaluation, with algorithm-level
benchmarking as a complementary engineering evaluation.

5.2.  Clinical and Theoretical Implications

Clinically, a closed-loop VR interface can support
standardized delivery of graded stimuli while retaining
individualized pacing. In outpatient settings, this can reduce
the need to manually adjust every environmental parameter
and provide a structured record of state—action trajectories for
clinician review. The platform keeps VR therapy within a
clinician-supervised workflow and treats usability as a design
variable rather than a secondary implementation issue.

The work illustrates a computational patient-centered
design approach: sensing provides a state estimate, a
reinforcement-learning policy selects a bounded action, and
clinical outcomes determine the value of the therapeutic
interface. This formulation couples human—computer
interaction metrics with clinical endpoints and establishes an
engineering basis for evaluating adaptive immersive
interventions [28].

5.3.  Limitations and Future Research

Several limitations should be considered. The sample was
recruited from outpatient clinics and may not represent the
broader population with anxiety and depression. The 12-week
intervention established short-term outcomes but did not
assess the durability of symptom changes. Multicentre trials
with longer follow-up are needed to evaluate generalizability
and maintenance effects.

The clinical comparison evaluated an integrated adaptive
system against fixed-progression VRT. Future engineering
evaluations should include pre-specified baselines, such as
rule-based adaptation, DQL without GJO, and DQL-GJO,
together with learning curves, cumulative-reward trajectories,
and component ablations for the CNN and LSTM branches.
These analyses will isolate the contributions of the controller,
signal modalities, and optimization strategy. Future trials
should also include an active CBT comparator and longer
follow-up.

The state representation can be extended with additional
clinically appropriate signals, including structured clinician
ratings, speech features, or facial-expression features. Future
work should examine how adaptation affects engagement,
therapeutic arousal, self-efficacy, and symptom change across
anxiety, depression, post-traumatic stress disorder, phobias,
and substance-use conditions.

6. CONCLUSION

This study developed a patient-centered, closed-loop VR
therapeutic system that uses multimodal sensing and CNN-—
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LSTM DQL control to adapt virtual environments during
treatment. In 120 participants, Adaptive VRT was associated
with lower week-12 HAMA and HAMD scores, higher
usability, and greater session completion than fixed-
progression VRT. The reward design aligns environmental
adaptation with a tolerable therapeutic arousal range, enabling
graded exposure rather than simple arousal suppression. The
findings support the engineering value of integrating state-
aware interface control with clinical and usability evaluation
in immersive mental-health interventions.
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