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ABSTRACT: This research presents the design, implementation, and evaluation of an artificial intelligence (Al)-driven closed-
loop system aimed at mental health intervention. The system incorporates an innovative multimodal emotion recognition engine
alongside a personalized therapeutic feedback module, addressing significant limitations in the scalability, accessibility, and real-
time responsiveness inherent in conventional mental healthcare approaches. A 12-week, three-arm randomized controlled trial (N
= 60) was conducted to evaluate the clinical efficacy of the Al-assisted therapy platform relative to traditional talk therapy and a
no-intervention control condition. The Al system analyzes vocal patterns, facial expressions, and physiological signals to
dynamically tailor cognitive-behavioral therapy (CBT)-based interventions. Primary outcome measures included changes in scores
on the Beck Depression Inventory (BDI) and the State-Trait Anxiety Inventory (STAI). The results indicated statistically significant
superiority of the Al-assisted therapy. Specifically, the Al group exhibited a mean reduction in BDI scores of 9.5 (SD = 1.2),
compared to 8.2 (SD = 1.5) in the traditional therapy group (#38) = 3.24, p < .05). Similarly, the Al group demonstrated a mean
decrease in STAI scores of 7.2 (SD = 1.1), versus 6.9 (SD = 1.3) for the traditional therapy group (#(38) =2.87, p <.05). Additionally,
by week 12, 93% of participants in the Al group achieved emotional stability, significantly surpassing the 74% observed in the
traditional therapy group (#38) = 9.15, p <.001). User satisfaction ratings were also higher for the Al platform at 85%, compared
to 78% for traditional therapy. These findings offer compelling empirical support that the proposed closed-loop Al architecture not
only complements but may enhance therapeutic outcomes by providing scalable, continuous, and personalized mental health
support. The study further addresses critical challenges related to Al interpretability and algorithmic bias, proposing a framework
to guide responsible innovation in digital mental health technologies.
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I. INTRODUCTION (Norcross & Wampold, 2011). From an engineering

1.1 The Engineering Challenge in Modern Mental
Healthcare

The increasing global incidence of mental health disorders,
currently impacting over one billion individuals, constitutes a
significant large-scale systems challenge that conventional
clinical frameworks are inadequately prepared to address
(WHO, 2022). Traditional psychotherapeutic approaches,
including cognitive behavioral therapy (CBT), face inherent
limitations related to scalability, accessibility, and the
capacity for real-time adaptation. These interventions are
resource-intensive, requiring highly specialized clinicians,
which leads to elevated costs and prolonged waiting periods,
thereby creating substantial bottlenecks within healthcare
delivery systems (Cook et al., 2017). Additionally, the
effectiveness of such treatments often varies and relies
heavily on subjective clinical judgment, lacking the data-
driven accuracy necessary for genuinely personalized care

standpoint, the fundamental issue is the lack of a scalable,
closed-loop system that can continuously monitor patients’
conditions and deliver timely, adaptive therapeutic
interventions.

1.2 AI-Powered Systems as a Transformative Solution
The integration of artificial intelligence (Al), particularly
advancements in deep learning, natural language processing
(NLP), and affective computing, represents a transformative
approach to addressing this complex issue. Al methodologies
facilitate the creation of systems capable of analyzing
extensive, multimodal datasets — including textual
information, speech, and physiological signals — to model
and predict mental states with progressively enhanced
precision (Rajkomar et al., 2018). Al-based platforms, such
as conversational agents or chatbots, have shown promise in
delivering standardized therapeutic interventions (Vaidyam
et al., 2019; Casu et al., 2024). These technologies operate
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continuously, thereby overcoming spatial and temporal
limitations and substantially reducing the cost associated with
care provision. More sophisticated systems employ
multimodal emotion recognition techniques to infer affective
states in real time, enabling the dynamic adaptation of
therapeutic strategies beyond static, uniform protocols (Hu &
Flaxman, 2018; Mohamed et al., 2024).

Nonetheless, the application of Al within this sensitive
domain presents significant technical and ethical challenges.
The opaque, "black box" nature of many deep learning
models engenders critical concerns regarding interpretability
and user trust (Markus et al., 2021). Furthermore, the
potential for algorithmic bias — where models may reinforce
or exacerbate existing societal disparities due to
unrepresentative training datasets — poses a substantial risk
to clinical safety and equity (Obermeyer et al., 2019; Chin et
al., 2023).

1.3 Contribution of This Study

Previous research has investigated the use of artificial
intelligence for diagnostic purposes and chatbots for support;
however, there remains a notable deficiency in rigorous,
empirical assessments of integrated, closed-loop Al systems
that combine real-time multimodal sensing with adaptive
therapeutic feedback within clinical environments. This study
aims to address this critical gap by:

1. designing and implementing an innovative Al-driven
closed-loop mental health intervention platform that
integrates a multimodal emotion recognition engine
with a personalized therapy module;

2. conducting a rigorous randomized controlled trial
(RCT) to empirically evaluate the clinical efficacy and
user acceptance of the system in comparison to
traditional therapy and a control group;

3. quantitatively demonstrating the superiority of the Al-
assisted approach in improving clinical outcomes
related to depression and anxiety, as well as enhancing
emotional stability; and

4. analyzing key challenges such as interpretability and
bias, while proposing a framework for the responsible
development of future digital mental health
technologies.

To the best of our knowledge, this research constitutes the
first robust RCT evidence supporting the effectiveness of
such a closed-loop Al system, providing significant
engineering and clinical insights for the advancement of
digital therapeutics.

II. SYSTEM
METHODOLOGY
2.1 Research Design
A 12-week, three-arm, parallel-group randomized
controlled trial was implemented. A total of 60 participants
were enrolled and randomly allocated to one of three
experimental conditions: (1) the Al-Assisted Therapy

ARCHITECTURE AND

Group, which engaged exclusively with the Al platform
developed for this study; (2) the Traditional Therapy
Group, which participated in weekly in-person
psychotherapy sessions conducted by a licensed psychologist;
and (3) the Control Group, which did not receive any active
intervention but maintained access to standard community
support resources. The primary objective of the study was to
evaluate the hypothesis that the Al-assisted therapeutic
intervention would demonstrate greater efficacy in alleviating
symptoms of depression and anxiety compared to both
traditional therapy and the control condition.

2.2 The AlI-Driven Closed-Loop Intervention System

The central component of this research is a proprietary
artificial intelligence system, designed with three principal
modules functioning within a closed-loop framework:
A) Multimodal Data Acquisition Module

This module is responsible for collecting real-time data
streams from participants during their interaction with the
system. It captures:

1. Vocal Features: Prosodic characteristics such as pitch,
jitter, shimmer, and speech rate, which have been
empirically linked to emotional arousal and valence.

2. Facial Expressions: Video data are analyzed using a
pre-trained convolutional neural network (CNN) to
identify facial action units (AUs) associated with
fundamental emotions (e.g., joy, sadness, anger).

3. Physiological Signals (optional, if applicable): Data
from wearable sensors, including heart rate variability
(HRV) and galvanic skin response (GSR), are acquired
via Bluetooth connectivity.

B) Emotion Recognition and State Assessment Engine

The multimodal data streams obtained are input into a deep
learning-based fusion model. This model employs an
attention mechanism to dynamically weight the relevance of
each modality (e.g., vocal, facial) in real time, thereby
producing a continuous evaluation of the user’s emotional
state. The emotional states are categorized into classifications
such as ‘high anxiety’, ‘low mood’, or ‘calm’.

C) Personalized Intervention Module:

Informed by the assessed emotional state, this module
adaptively selects and administers an appropriate intervention
from a repository of cognitive-behavioral therapy (CBT)-
based exercises. For instance:

1. Upon detection of ‘high anxiety’, the system may
initiate a guided breathing exercise or a cognitive
restructuring task.

2. If ‘low mood’ is observed to persist across multiple
sessions, the system may introduce a behavioral
activation intervention.
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2.3 The AI-Driven Closed-Loop Intervention System
A) Primary Outcome Measures

Primary outcome variables were evaluated at baseline and
at the 12-week follow-up utilizing two standardized and
validated assessment tools:

1. Beck Depression Inventory (BDI): A 21-item self-
administered questionnaire designed to quantify the
severity of depressive symptoms.

2. State-Trait Anxiety Inventory (STAI): An instrument
measuring both state and trait anxiety levels.

B) Secondary outcome variables included:

1. Emotional Stability: Operationalized by the artificial
intelligence system as the inverse metric of emotional
state volatility, defined by the frequency and
magnitude of negative emotional fluctuations, assessed
on a weekly basis.

2. Treatment Satisfaction: Assessed at week 12 through a
bespoke 10-item questionnaire evaluating participants’
perceptions of treatment efficacy, convenience, and
support.

2.4 Data Analysis Procedures

Statistical analyses were conducted using SPSS version 26,
adhering to an intention-to-treat framework. Baseline
demographic and clinical characteristics were compared

Table 1: Demographic Characteristics of Participants

across groups employing one-way analysis of variance
(ANOVA) for continuous variables and chi-square tests for
categorical variables. Primary hypotheses were examined via
independent samples t-tests comparing mean change scores
(calculated as post-treatment minus baseline values) on the
BDI and STAI across the three study groups. A two-tailed
significance threshold of o = 0.05 was applied for all
inferential tests. Additionally, qualitative data derived from
participant feedback were subjected to thematic analysis to
provide contextual insights complementing the quantitative
results.

IIL.RESULTS
3.1 Participant Characteristics

A total of 60 individuals were randomly assigned to one of
three groups, with 20 participants per group. The average age
of the sample was 34.5 years (SD = 3.8), and females
comprised 57.7% of the cohort. No statistically significant
differences were observed among the groups regarding
baseline demographic variables or initial scores on the Beck
Depression Inventory (BDI) and State-Trait Anxiety
Inventory (STAI) (all p-values > .05), confirming the
effectiveness of the randomization process (see Table 1).

Group Number of Mean Male Female Baseline Baseline
Participants Age (%) (%) Depression Score  Anxiety Score

Al Treatment 20 34.6 42 58 21.4 23.7

Traditional Treatment 20 35.1 40 60 22.1 24.2

Control 20 33.8 45 55 20.9 23.1

3.2 Clinical Efficacy: Depression and Anxiety Outcomes
Both intervention groups exhibited statistically significant
improvements relative to the control group. Notably, the
group receiving Al-assisted therapy demonstrated the most
pronounced symptom reduction. Specifically, the mean
decrease in BDI scores for the Al-assisted therapy group was
-9.5 (SD =1.2), which was significantly greater than the mean
reduction of -8.2 (SD = 1.5) observed in the traditional

therapy group (#(38) = 3.24, p < .05). In terms of anxiety
outcomes, the Al-assisted group showed a mean STAI score
reduction of -7.2 (SD = 1.1), which was also statistically
superior to the traditional therapy group’s reduction of -6.9
(SD=1.3) (#(38) =2.87, p <.05). The control group exhibited
minimal changes across these measures (refer to Tables 2 and
3).

Table 2: Changes in Depression and Anxiety Scores Before and After Treatment

Group Change in Depression Score Change in Anxiety Score
Al Treatment -9.5 -7.2
Traditional Treatment -8.2 -6.9
Control -1.5 -2.0

Table 3. T-test Results for Depression and Anxiety Score Changes

Indicator

Al Treatment Group (Mean =

Traditional Treatment Group
t-value p-value

SD) (Mean + SD)
Depression Score Change -9.5+ 1.2 -82+1.5 3.24 <0.05
Anxiety Score Change -72+1.1 -69+13 2.87 <0.05

7539

Yih-Chang Chen.!, ETJ Volume 10 Issue 10 October 2025



“An Al-Driven Closed-Loop System for Mental Health Intervention: A Randomized Controlled Trial Evaluating a
Multimodal Emotion Recognition and Personalized Therapy Platform”

3.3 System Performance: Real-Time Emotion
Recognition and Stability

The AI system demonstrated a robust capacity for
delivering real-time, adaptive interventions, which

contributed to enhanced emotional regulation among its users.

The emotional stability metric, derived from continuous
system monitoring, exhibited a marked and consistent
improvement within the Al cohort, reaching 93% by the
twelfth week. This level of stability was significantly greater
than the 74% observed in the traditional therapy cohort at the
same time point (#38) = 9.15, p < .001). Furthermore, the
disparity in performance between the Al and traditional
therapy groups progressively increased throughout the 12-
week duration, underscoring the cumulative benefits of the Al
system’s ongoing feedback mechanism (see Tables 4 and 5).

Table 4. Comparison of Emotional Stability

Week 4 Week 8 Week 12
Group Emotional Emotional Emotional
Stability Stability Stability
Al
86% 91% 93%
Treatment
Traditional
radiionat - co4 68% 74%
Treatment
Control 50% 51% 52%

Table 5. T-test Results for Emotional Stability

Traditi
] Al Group racition
Time al Group ¢
. (Mean <+ p-value
Point SD) (Mean <+ value
SD)

Week 4 86%+32  62%+5.1 592 <0.001

Week 8 91%+28 68%=+46 824  <0.001

Week 12 93%+25  74%+43 9.15 <0.001

3.4 User Acceptance and Satisfaction

Participants expressed a favorable reception toward Al-
assisted therapy. The Al group reported a mean satisfaction
score of 85% (SD = 4.1), which was significantly higher than
the 78% (SD = 5.2) reported by participants receiving
traditional therapy (#(38) = 2.45, p < .05). Qualitative data
revealed that users particularly appreciated the Al system’s
continuous availability, its perceived non-judgmental
approach, and the empowerment derived from engaging with
a personalized therapeutic platform.

IV.DISCUSSION
4.1 Interpretation of Findings

The findings from this randomized controlled trial offer
robust empirical evidence supporting the clinical
effectiveness of our Al-driven closed-loop intervention
system. Notably, the Al-assisted therapeutic approach
demonstrated statistically significant superiority over

conventional methods in alleviating symptoms of both
depression and anxiety. This enhanced efficacy is primarily
attributed to the system’s fundamental engineering
characteristic: a real-time, adaptive feedback loop. In contrast
to traditional therapy, which depends on weekly sessions and
patient self-reporting, our system continuously monitors user
states through multimodal sensing and delivers immediate,
context-sensitive micro-interventions. This approach aligns
with reinforcement learning principles within a therapeutic
framework, wherein timely and pertinent feedback facilitates
accelerated acquisition of skills such as emotional regulation.

The pronounced improvement in emotional stability
observed in the Al intervention group further substantiates
this interpretation. The system’s capacity to identify early
signs of emotional distress and to intervene proactively
appears more effective in preventing substantial mood
deterioration than the intermittent support characteristic of
traditional therapeutic models. Additionally, the elevated user
satisfaction ratings indicate that Al-based interventions may
mitigate some inherent challenges associated with human-to-
human therapy, including perceived stigma and scheduling
constraints (Yeh et al., 2024).

4.2 Engineering and Clinical Implications

This investigation holds considerable implications for both
engineering and clinical domains. From an engineering
standpoint, the study validates the feasibility and practical
utility of developing closed-loop, multimodal Al systems
tailored for complex behavioral interventions. It demonstrates
that the integration of sensing, data processing, and actuation
(i.e., intervention delivery) can yield fully autonomous
therapeutic agents. Future research should aim to enhance
system sophistication by incorporating advanced natural
language processing techniques to better interpret semantic
context (Lai et al., 2023; Xie et al., 2024) and by developing
more robust models capable of long-term state tracking.

Clinically, this technology introduces a novel paradigm for
care delivery. Rather than supplanting clinicians, Al systems
are designed to augment their capabilities, fostering a hybrid
model of care. Such systems can manage continuous
monitoring and provide frontline support, thereby allowing
human therapists to concentrate on more complex cases. This
model significantly enhances the scalability and cost-
effectiveness of mental health services, with the potential to
extend care to underserved populations on an unprecedented
scale.

4.3 Limitations and Future Research Directions

Despite the encouraging outcomes, several limitations
warrant consideration. First, the relatively small sample size
and the demographic specificity of the participant pool may
constrain the generalizability of the results. Subsequent
studies should incorporate larger and more diverse
populations. Second, the 12-week intervention period may be
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insufficient to evaluate long-term efficacy and relapse rates
comprehensively.

More critically, technical and ethical challenges remain.
The interpretability of the employed deep learning model
continues to pose difficulties; although the system is effective,
the rationale underlying specific intervention decisions is not
always transparent to users or supervising clinicians. Future
efforts must prioritize the advancement of explainable Al
(XAI) methodologies specifically adapted for therapeutic
contexts (Markus et al., 2021).

Moreover, the potential for algorithmic bias is an ongoing
concern. Given that the model was trained on a finite dataset,
its performance across underrepresented demographic groups
cannot be assured. Establishing a rigorous framework for
continuous bias auditing and model retraining is imperative
prior to widespread deployment (Challen et al., 2019). Future
research should also investigate federated learning strategies
to enable model training on diverse, decentralized datasets
while preserving user privacy.

V. CONCLUSION

This study successfully demonstrated the design,
implementation, and superior clinical efficacy of an Al-
driven closed-loop system for mental health intervention.
Through a rigorously conducted randomized controlled trial,
we provided quantitative evidence that our multimodal,
adaptive platform outperformed traditional therapeutic
approaches in reducing symptoms of depression and anxiety
and in enhancing emotional stability. These findings highlight
the transformative potential of engineering intelligent
systems to address the global mental health crisis by
delivering scalable, personalized, and continuous care. While
significant challenges related to interpretability, bias, and
equity must be systematically addressed, this research offers
a validated framework and a compelling impetus for the
ongoing development of responsible and effective Al
applications in digital therapeutics.
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