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Abstract : Given the global prevalence of mental health conditions, particularly anxiety and depression, innovative approaches are
needed to increase access to diagnosis, care, and treatment. Artificial intelligence (Al) has emerged as a game-changing technology
that has the potential to completely change the way mental healthcare is delivered. integrates findings from various Al techniques.
Natural language processing (NLP) techniques are increasingly being used to analyze speech and text patterns from social media,
medical records, and direct user interactions to find linguistic markers associated with anxiety and depression. Predictive analytics
employs machine learning models that are regularly trained on a range of datasets (e.g., sensor data, app usage, and other data) to
identify individuals who are at risk, forecast treatment response, or predict symptom exacerbation.

This review also pays close attention to the rapidly evolving role of Large Language Models (LLMs) in mental healthcare.
We look into how they can assist clinicians with documentation, enhance chatbots’ human-like interaction, produce tailored
therapeutic content, and potentially alter treatment regimens. Simultaneously, we critically analyze the inherent ethical issues and
potential biases of LLMs and other Al tools, such as data privacy, algorithmic fairness across demographic groups, accountability,
transparency (explainability), and the possibility of inaccurate or harmful outputs.

Numerous methods are used to assess these Al tools. We discuss quantitative assessments that focus on clinical efficacy
(e.g., symptom reduction as measured by standardized scales), engagement metrics, and comparisons with traditional care. The
practical impacts on users’ daily lives, including perceived utility, adherence, and routine integration, are also considered. Cost,
platform availability, the need for digital literacy, and reaching marginalized groups are all aspects of accessibility that remain vital.
User experience, which encompasses usability, interface design, and the nature of human-Al interaction (e.g., therapeutic alliance
with chatbots), has a significant impact on adoption and efficacy.

The paper’s conclusion highlights how Al has enormous potential to enhance the accessibility, scalability, and
personalization of mental healthcare while summarizing the key findings. There are still many obstacles to overcome, though, such
as the requirement for thorough validation through excellent clinical trials, the creation of strong ethical standards and legal
frameworks, guaranteeing fair access, reducing bias, and elucidating the best way to incorporate Al tools into current clinical
workflows in conjunction with human specialists. To responsibly harness Al’s potential in the global effort to lessen the burden of
anxiety and depression, future directions highlight the need for longitudinal studies, comparative effectiveness research, explainable
Al (XAIl) methods, and interdisciplinary collaboration.[1]

1. Introduction

Anxiety and depression disorders affect millions of people globally and are a major public health concern because they lead to
disability and a markedly reduced quality of life. The World Health Organization (WHO) regularly identifies mental health disorders
as the main causes of the global burden of disease. A significant treatment gap persists despite the high prevalence; many individuals
with anxiety and depression do not receive prompt, appropriate, or evidence based care[1]. High costs, geographic limitations, a
shortage of trained mental health professionals, the stigma associated with seeking help, and practical challenges like finding
childcare or scheduling time off work are just a few of the challenges facing traditional mental healthcare. Furthermore, due to the
subjective character of symptom reporting and the episodic nature of conditions, accurate diagnosis, and ongoing, intricate care.

The quick development of digital technologies in recent decades, especially artificial intelligence (Al), has created new
opportunities to address these issues in mental health care. Machine learning (ML), natural language processing (NLP), computer
vision, and robotics are just a few of the methods that fall under the broad definition of artificial intelligence (Al), which is the
simulation of human intelligence processes by machines. These technologies have the potential to significantly improve and
revolutionize mental health services because they can analyze enormous volumes of complex data, spot subtle patterns, make
predictions, and automate tasks. Al is being used in mental health across the whole spectrum of care, from risk assessment and early
detection to individualized treatment, continuous symptom monitoring, and relapse prevention.

There are strong arguments for the potential advantages of using Al to treat depression and anxiety. By offering assistance
through widely accessible plat forms like websites and smartphones, Al-powered tools can improve accessibility by overcoming
geographic limitations and possibly lowering costs. They can provide anonymity, which could lessen stigma and promote asking
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for help. Text, speech, physiological signals from wearables, and behavioral patterns from app usage are just a few of the data
streams that Al algorithms can analyze to provide objective, ongoing, and personalized insights into a person’s mental state [1].
This could help detect the onset or worsening of symptoms earlier.

Individuals at high risk may be identified by predictive models, enabling focused preventive measures. Al can also power
scalable interventions, like immersive virtual reality (VR) environments for exposure therapy or mindfulness training, or chatbots
that deliver psychoeducation or evidence-based therapeutic techniques (like Cognitive Behavioral Therapy, or CBT). The potential
for complex, human-like interaction and customized content creation is further increased by the recent development of advanced
Large Language Models (LLMs).

However, there are serious obstacles and moral dilemmas associated with integrating Al into such a delicate field as mental
health. Given the extremely personal nature of mental health information, concerns about data security and privacy are critical.
Disparities in the quality of care received by various demographic groups may result from algorithmic bias, a phenomenon in which
Al systems reinforce or even magnify preexisting societal biases found in training data. Although rigorous scientific evaluation is
essential for ensuring the clinical validity and safety of Al tools, it frequently falls behind the rapid advancement of technology.
Transparency (knowing how Al models make decisions), account ability (assigning blame when mistakes happen), and the function
of human oversight are important topics of conversation.

Careful thought should also be given to the possible effects on the therapeutic alliance and the danger of becoming overly
dependent on technology. The goal of this review paper is to present a thorough analysis of the state of Al applications that are
especially geared toward the diagnosis and treatment of depression and anxiety. The various Al approaches that are being used will
be methodically examined, along with the different kinds of tools that have been created (from VR systems to mobile apps), their
usefulness and practical implications, and the unique opportunities and difficulties presented by LLMs.

This paper attempts to give researchers, clinicians, policymakers, and developers insights into the advancements, potential, and
challenges associated with the application of Al in addressing the significant issue of anxiety and depression by synthesizing the
body of existing research, looking at important case studies, and critically evaluating the inherent challenges and limitations.

2. Method

This study used a thorough and methodical approach to investigate the state of artificial intelligence (Al) applications used to
diagnose and treat depression and anxiety symptoms. The methodology was created to guarantee that pertinent research and
advancements in this quickly changing field were captured in a broad yet targeted manner. In order to achieve transparency, rigor,
and reproducibility in the identification, selection, and synthesis of evidence, our methodology complies with accepted guidelines
for conducting systematic re views.

Data Sources and Search Methods: A thorough search of the literature was carried out using a number of reputable electronic
databases that are well-known for covering technological, psychological, and biological research. Platforms like Google Scholar,
PubMed/MEDLINE, PsycINFO, IEEE Xplore, and the ACM Digital Library were the main sources from which we obtained the
papers. These databases were selected to include relevant technical reports, conference proceedings, and peer-reviewed journal
articles that address the topic’s clinical and computational facets.

In order to ensure that recent developments were included and to acknowledge the quick speed of Al development, the search
was conducted to include literature published up until the end of 2024. Grey literature searches were also carried out to augment the
database searches and find new tools or trends that aren’t yet well-known in peer-reviewed literature. These searches included
looking through credible websites for mental health technology, reports from government health organizations, and pre-print servers
like arXiv for cutting edge research.

Criteria for Inclusion and Exclusion: Studies that satisfied the following requirements were accepted: (4) described a particular
Al methodology, tool, or system; (5) were published in English; (3) involved human participants or used human-derived data (e.g.,
text, speech, physiological data, clinical records); (5) addressed the identification, screening, monitoring, prediction, management,
or treatment of anxiety and/or depression symptoms or disorders; and (5) concentrated on the application of Al or ML techniques.

The following were among the exclusion criteria: (1) research in which artificial intelligence (Al) was not the main focus or
technology employed; (2) research that only addressed other mental health conditions without mentioning or analyzing anxiety or
depression specifically; (3) theoretical papers that lacked empirical data or a description of the system; (4) research that only ad
dressed the underlying Al algorithms without applying them to mental health; (5) publications that were not in English; and (6)
editorials, commentaries, or abstracts that lacked adequate detail.

2.1 Selection and Screening of Studies:

There were several steps in the study selection procedure. Initially, two reviewers independently screened the abstracts and titles of
every record that was retrieved using the inclusion and exclusion criteria. A third reviewer was consulted or discussed in order to
settle disagreements. Second, studies that might be eligible were screened for final inclusion after their full texts were acquired. In
order to find any more studies that were overlooked by the first database searches, the reference lists of the included studies and
pertinent review articles were also manually scanned (snowballing)[2].

2.2 Extraction and Synthesis of Data:

A standardized data extraction form was used to extract pertinent information from the included studies. Study objectives, study
design (e.g., RCT, observational, feasibility), participant characteristics (if applicable), type of AI/ML technique used, specific
application (e.g., detection, monitoring, intervention), data sources used for Al training/testing, outcome measures (e.g., diagnostic
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accuracy, symptom reduction scores, user engagement, usability), key findings, reported limitations, and ethical considerations
discussed were among the important data points.

A narrative synthesis approach was chosen because of the variety of study designs, methodologies, and results anticipated
in this field. The predetermined structure of this review paper was followed in the thematic grouping of the extracted data, which
focused on various Al techniques (NLP, predictive analysis), particular tool types (apps, chatbots, wearables, VR/AR), the function
of LLMs, and evaluation aspects (quantitative, practical impact, accessibility, user experience)[2]. A thorough analysis of the state
of Al in treating anxiety and depression is made possible by this methodical and thorough approach, which also recognizes the need
for continued research to fill in the gaps and overcome the difficulties that have been found. Additionally, where appropriate, we
will discuss emerging trends found during the synthesis process or provide context by including pertinent points based on additional
research beyond the initial systematic search.

3. Results Overview

3.1 Natural Language Processing (NLP)

In the context of anxiety and depression, Natural Language Processing (NLP), a subfield of artificial intelligence (Al)
devoted to giving computers the ability to comprehend, interpret, and produce human language, has become a potent tool. In order
to find linguistic and paralinguistic indicators suggestive of these mental health conditions, its applications primarily entail the
analysis of textual and vocal data. Analysis of blog entries, forum posts, and social media posts is one important use. To identify
patterns in language use that are associated with self-reported or clinically diagnosed depression and anxiety, researchers have
created natural language processing (NLP) models. These patterns include increased use of first-person singular pronouns (1,”
”me”’), negative emotion words, specific semantic themes (e.g., hopelessness, social isolation), or changes in linguistic complexity.

Although ethical concerns regarding consent and privacy are crucial, this strategy has the potential to identify people who
might benefit from outreach and conduct population-level mental health surveillance. NLP is used in clinical settings in addition to
social media. It is possible to extract pertinent clinical information and spot subtle linguistic cues that manual review would miss
by analyzing electronic health records (EHRs) or therapy session transcripts. To help clinicians with diagnosis, treatment planning,
and progress tracking, NLP can, for example, quantify sentiment, track thematic content over time, or identify specific cognitive
distortions expressed by patients. The core technology that enables conversational agents, or chatbots, to engage with users in
meaningful ways is natural language processing, or NLP[3].

NLP is used by these chatbots to comprehend user statements and inquiries, spot distress signals, and react sympathetically.
They frequently offer psychoeducation, lead users through therapeutic exercises (such as cognitive behavioral therapy), or conduct
preliminary symptom screening[3]. The level of interaction quality and the possible therapeutic benefit of these digital tools are
directly impacted by the complexity of NLP models. There are still issues with managing sarcasm, ambiguity, cultural linguistic
quirks, and making sure that models are reliable in a variety of settings and demographics.

3.2 Predictive Analysis

Using real-time and historical data, predictive analysis in the context of de pression and anxiety forecasts future mental
health outcomes using machine learning algorithms. In order to enable prompt and focused interventions, the main objective is
frequently the early identification of individuals at risk or the prediction of symptom fluctuations.

These models can be trained on a variety of datasets, such as speech characteristics, genetic markers, data from mobile
apps (such as usage patterns and typed text), clinical history from EHRs, data from standardized questionnaires (such as the PHQ-
9 and GAD-7), demographic data, and physiological data from wearable sensors (such as heart rate variability, sleep patterns, and
activity levels). Predictive models seek to increase diagnostic precision and customize care pathways by spotting intricate patterns
and correlations in these high-dimensional datasets that might be invisible to human clinicians.

Key applications include risk stratification, predicting the likelihood of devel oping anxiety or depression in currently
unaffected individuals based on known risk factors and subtle early warning signs detected through passive monitoring. For
individuals already diagnosed, predictive models can forecast symptom exacerbation or relapse, allowing for proactive adjustments
to treatment plans or increased support. Another significant area is predicting treatment response; models might forecast which
patients are likely to benefit from a specific therapy (e.g., a particular medication, CBT, a digital intervention), guiding clinical
decision-making towards more personalized and effective care.

To forecast long-term adherence and clinical outcomes, for instance, models may examine baseline characteristics and
early engagement data with a digital therapeutic. Despite the enormous potential for proactive and individualized care, there are a
number of obstacles to overcome, such as making sure the model is generalizable across various populations, securing high-quality
longitudinal data for training, resolving data biases that might result in unfair predictions, and testing predictive models in actual
clinical settings before they are widely used. These models’ explainability and transparency are also essential for clinical acceptance
and confidence.
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3.3 Al Techniques and Resources for Managing Depression and Anxiety

3.3.1 Mobile Apps

One of the most widely used and easily accessible channels for providing Al enhanced mental health support for depression
and anxiety is mobile applications. These applications, which take advantage of smartphones’ widespread use, provide a variety of
features and frequently incorporate Al to improve efficacy and customize the user experience. With features like journaling, symp
tom diaries, and mood tracking, many apps serve as digital assistants for self management [4].

These user-inputted data streams can be analyzed by Al to find patterns, give tailored feedback, find possible causes of
anxiety or depression episodes, and show mood trends over time, all of which help users become more self aware. Based on the
user’s reported mood or identified challenges, certain apps use basic machine learning to customize the way content is delivered,
making recommendations for pertinent articles, psychoeducational resources, or coping mechanisms.

Many mental health applications concentrate on providing elements of evidence based treatments, especially Dialectical
Behavior Therapy (DBT) and Cognitive Behavioral Therapy (TCT)[4]. Al, particularly natural language processing (NLP), can
power interactive modules that allow users to practice cognitive restructuring, confront negative thoughts, or learn mindfulness
techniques through simulated dialogues. The Al element can lead users through exercises, give them instant feedback on their inputs,
and change the focus or level of difficulty according to their progress. Certain sophisticated applications use sensor data from the
smartphone as passive data streams, such as the GPS for location based activities, accelerometer for physical activity levels, and
microphone for speech patterns or background noise.

Together with active user inputs, machine learning models can evaluate this passive data to determine context, identify
behavioral changes that might be a sign of worsening symptoms (such as social disengagement or decreased activity), and initiate
tailored prompts or interventions. Although mobile apps are convenient and scalable, there are drawbacks, such as the need to
manage data privacy, maintain user engagement over time, ensure clinical efficacy through rigorous testing, and navigate the largely
unregulated app marketplace to find evidence-based options[4].

3.3.2 Chatbots

Al-powered conversational agents, or chatbots, have become increasingly popular as resources for mental health assistance,
especially for depression and anxiety. By simulating human communication, these systems give users a safe, accepting environment
in which to talk about their emotions, develop coping mechanisms, and get psychoeducation.

NLP is the fundamental Al technology that powers chatbots; it allows them to comprehend user text input, decipher intent,
and produce pertinent and sympathetic responses. Simpler chatbots follow preset guidelines and scripts and frequently lead users
through structured activities that are modeled after therapies such as cognitive behavioral therapy. Through facilitated conversational
flows, they could assist users in recognizing harmful thought patterns, confronting cognitive distortions, or practicing relaxation
techniques. Although these rule-based systems are consistent, they might not be adaptable or able to efficiently handle intricate or
subtle user expressions[5].

In order to facilitate more organic, dynamic, and customized conversations, more advanced chatbots make use of machine
learning and deep learning method ologies, such as LLMs. Large volumes of text data are used to train these Al models to better
comprehend context, produce responses that are more human like, and possibly modify their conversational style in response to the
user’s recorded emotional state or previous exchanges.

Certain Al-powered chatbots are made to screen for symptoms, ask users questions based on standardized tests (such as
the GAD-7 or PHQ-9), and then offer comments or suggestions for additional actions [5]. Others concentrate on offering
companionship, sympathetic reflections, and supportive listening in an effort to lessen feelings of isolation and loneliness. Even
though chatbots provide anonymity and round-the-clock availability, there are still many obstacles to overcome. Important areas for
continued research and development include ensuring clinical safety, handling crisis situations appropriately (often requir ing clear
escalation pathways to human support), preserving the “’therapeutic alliance,” addressing ethical concerns about manipulation or
over-reliance, and thoroughly assessing their efficacy in comparison to other interventions or hu man therapists.

3.3.3 Wearables and Biosignals

Wearable technology, such as fitness trackers, smartwatches, and specialized biosensors, presents a special chance to
continuously and objectively monitor behavioral and physiological indicators associated with depression and anxiety. The data
gathered from these devices can be examined to identify trends and alterations that are associated with mental health conditions by
incorporating artificial intelligence (Al), more especially machine learning algorithms. This can be done inconspicuously in the
user’s natural surroundings. Heart rate (HR) and heart rate variability (HRV), skin temperature, respiration rate, and electrodermal
activity (EDA or galvanic skin response) are examples of common physiological signals that are monitored. These signals can be
processed by Al models to detect times of increased autonomic arousal, which are frequently linked to stress or anxiety reactions.
For instance, stress and anxiety are frequently associated with lower HRV and higher EDA.

Wearables can record behavioral data such as physical activity levels (step counts, intensity), sleep patterns (duration,
quality, and interruptions), and occasionally social interaction proxies (e.g., frequency of communication via a smartwatch). Since
sleep disturbances and a decline in social or physical activity are known to be associated with anxiety and depression, Al algorithms
examine changes in these behaviors over time.

In order to provide a more comprehensive assessment of a person’s state than any one measure alone, artificial intelligence
(Al) can integrate multiple data streams (multimodal sensing) and analyze intricate, non-linear relationships over time. Early
detection of symptom onset or relapse before the per son may consciously notice or report it may be made easier with this passive
monitoring technique. Wearable data can yield Al-driven insights that can be used as objective outcome measures in clinical trials,
warn clinicians of possible problems, or give users personalized feedback. Individual differences in physiological responses, signal
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noise and artifacts, user acceptance and adherence, data privacy, and clinically validating the inferred mental states against accepted
diagnostic criteria are some of the difficulties.

3.3.4 Virtual Reality (VR)

With the help of artificial intelligence (Al), virtual reality (VR) technology—which transports users to interactive,
computer-generated environments—is being investigated more and more as a treatment for depression and anxiety. Exposure
Therapy (VRET) is one of the most well-known uses of virtual reality (VR) in mental health for anxiety disorders, including PTSD,
social anxiety disorder, and specific phobias (such as a fear of heights, flying, or spiders). Addition ally, by enabling clinicians to
create safe, controlled, and customized simulated environments, virtual reality (VR) allows patients to be gradually exposed to
situations or objects they are afraid of.

Al can be used to dynamically modify the exposure’s intensity in response to the user’s behavioral reactions in the virtual
environment or their real-time physiological responses (e.g., tracked by integrated biosensors like heart rate monitors). This
guarantees that the challenge stays within the patient’s tolerance window (also known as “graded exposure”) and enables a more
individualized and possibly more successful desensitization procedure[6].

Beyond exposure, virtual reality is used to build stress-reduction, mindfulness training, and relaxation immersive
environments. Users can be led through mindfulness exercises while being taken to serene virtual environments, such as beaches or
forests. Based on user preferences or biofeedback, Al may be able to customize these settings or the guided narration. VR can also
help with skill training, such as helping people with social anxiety practice social interactions in simulated situations. These
scenarios offer a platform for repeated practice and feedback because Al-driven virtual characters (avatars) can be programmed to
react realistically and modify their behavior based on the user’s performance or anxiety levels.

The cost and accessibility of VR hardware, possible negative effects like cybersickness, the need for qualified therapists to
lead VR sessions (particularly for VRET), and the need for additional research to determine long-term efficacy and compare its
effectiveness against other digital interventions and traditional therapies are some of the challenges, despite VR’s unique advantages
in terms of control and immersion.

3.3.5 Therapy Using Augmented Reality (AR)

Another approach to Al-enhanced mental health treatments for anxiety and depression is Augmented Reality (AR), which
superimposes digital data or virtual objects on the user’s view of the real world, usually through smartphones, tablets, or specialized
glasses. AR incorporates digital elements into the user’s real environment, in contrast to VR’s complete immersion. This can be
useful for some therapeutic applications, especially those that aim to apply skills learned in therapy to real-world situations[6]. AR
is a type of exposure therapy that can be used to treat anxiety disorders.

In order to facilitate in-situ exposure exercises that bridge the gap between imagination/VVR and real-life confrontation, a
person with a spider phobia, for instance, could use an AR app to see a virtual spider realistically superimposed onto their own desk
or floor. Al may be able to manipulate the virtual stimulus’s appearance or behavior in response to biofeedback or user input.

Additionally, AR can be used to contextually deliver therapeutic prompts or psychoeducation. In order to promote
mindfulness practice during daily routines, an augmented reality app may superimpose visual cues or instructions for mindfulness
exercises onto the user’s view of their current surroundings. In order to promote behavioral activation for depression, augmented
reality (AR) may be utilized to develop gamified tasks or inspiring visualizations that are integrated into the user’s environment
(e.g., rewarding completion of real-world tasks with virtual elements).

These overlays and prompts could be customized by Al according to the user’s location, the time of day, or their stated
mood. Additionally, by super imposing pertinent patient information or therapeutic prompts during sessions, AR may help therapists.
Smartphones are making AR technology more widely available, but its use in mental health is still in its infancy compared to VR.
The creation of engaging and therapeutically effective augmented reality experiences, usability and intrusiveness assurance, privacy
issues with camera use and environmental mapping, and rigorous research to prove clinical efficacy for managing anxiety and
depression are some of the major obstacles.

3.4 Using Large Language Models (LLMs) to Treat Depression and Anxiety

3.4.1 The Potential of Large Language Models

AT’s capacity to comprehend and produce text that is human-like has advanced significantly with the introduction of Large
Language Models (LLMs), such as those in the Generative Pre-trained Transformer (GPT) family. They have a wide range of
quickly developing potential uses in the treatment of depression and anxiety[7]. Improving the capabilities of chatbots for mental
health is one of the main areas. Compared to previous rule-based or simpler ML models, LLMs can facilitate conversations that are
more organic, sympathetic, and contextually aware. They may be able to better recall past exchanges, comprehend user subtleties,
and produce responses that more closely resemble human therapeutic dialogue, all of which could increase user engagement and
the perceived level of support.

Notwithstanding chatbots, LLMs can serve as effective psychoeducational tools by producing individualized explanations
of mental health concepts, available treatments, or coping mechanisms based on a person’s particular circumstances, preferred
language, or reading level.

LLMs have the potential to support human clinicians as well. In order to lessen administrative load and possibly improve
clinical insight, they can examine therapy session transcripts to highlight important themes, monitor patient development, or even
recommend possible research directions[7].

Based on patient input or session recordings, they could help with the creation of clinical notes or reports. For self-help
apps, LLMs could also be used to create customized therapeutic content, like journal prompts, mindfulness scripts, or CBT exercises
that are based on the user’s ongoing experience as deduced from their inputs or other data sources. By examining vast amounts of
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textual data (such as literature and online forums), LLMs may also be able to support research by spotting patterns, themes, or new
linguistic indicators linked to depression and anxiety. There are many opportunities to develop more individualized, scalable, and
captivating mental health interventions thanks to LLMs’ capacity to process and produce complex language.

3.4.2 Analyzing the Potential Biases and Ethical Issues

Notwithstanding their potential, the use of LLMSs in mental health treatment presents serious moral questions and possible
biases. Since training and optimizing these models frequently necessitates large volumes of text data—which can be extremely
sensitive in a mental health context—data privacy is a significant concern. It is crucial but difficult to ensure secure data handling,
anonymize data, and get informed consent before using data. There is a serious risk of algorithmic bias; LLMs trained on massive
online datasets could inherit and reinforce racial, gender, socioeconomic, and other societal biases.

This could exacerbate already-existing health disparities by causing models to respond to members of particular
demographic groups in less effective, in appropriate, or even harmful ways. Additionally, models trained primarily on data from
one cultural group may not be able to comprehend or react appropriately to others due to cultural differences in the specific nuances
of expressing distress.

Explainability and transparency are significant obstacles. Because complex LLMs are “’black boxes,” it can be challenging
to pinpoint exactly why a model produced a given response. Accountability is hampered by this lack of interpretability; it is difficult
to assign blame if an LLM gives harmful advice or fails to recognize important warning indicators, such as suicidal thoughts.

In a therapeutic setting where accuracy is crucial, the possibility that LLMs will produce illogical or factually inaccurate
information (also known as “hallucinations”) is a major worry. The nature of the human-Al relationship raises additional ethical
concerns, such as whether an LLM is capable of genuine empathy. What dangers exist for users who develop unhealthy dependencies
or attachments? Does the extensive use of LLM therapists diminish interpersonal relationships? Thorough testing, the creation of
techniques for bias detection and mitigation, the establishment of precise usage guidelines, the application of strong safety
procedures (such as those for crisis detection and escalation), and the maintenance of human oversight are all necessary to ensure
safety.

3.4.3 Future Prospects and Ideas for Enhancement

Rather than completely replacing human care[8], the future of LLMs in the treatment of anxiety and depression probably
rests in their careful integration and ongoing development. The creation of hybrid models, in which LLMs support human therapists
rather than working independently, is a promising avenue. To free up more time for direct patient interaction, LLMs could help
therapists with tasks like documentation, information retrieval, or suggesting evidence-based techniques. Additionally, under the
supervision of a human professional, they could power tools that patients use in between sessions to reinforce therapeutic concepts.
Although careful data governance is necessary, future LLMs may become more specialized and refined on premium, carefully
selected clinical datasets rather than generic internet text, potentially increasing their accuracy, safety, and clinical relevance while
lowering bias.

Enhancements in explainability (XAl) are essential. Building trust and guaranteeing responsible use will require research
into techniques that let clinicians and users comprehend the logic behind LLM outputs. It is crucial to create strong assessment
frameworks especially for LLM-based mental health tools. This involves using well-designed trials (e.g., RCTs) to measure clinical
outcomes (symptom reduction, functional improvement) rigorously in addition to evaluating conversational quality and user
engagement[8].

To control the development and application of these potent technologies, it is essential to establish clear regulatory
pathways and ethical guidelines that were created through multi-stakeholder collaboration (including clinicians, Al developers,
ethicists, legislators, and patient representatives). Safety features like smoother escalation to human support and more accurate crisis
situation detection should be given top priority in future iterations. After deployment, ongoing observation for bias and performance
drift will also be required. Using LLMs to supplement compassionate, evidence-based human care—rather than to replace it—
should be the main goal.

3.4.4 Improving Psychiatric and Psychological Care’s Precision and Effectiveness

LLMs have the potential to significantly increase the accuracy and efficacy of psychiatric and psychological treatments for
anxiety and depression. When it comes to processing and synthesizing vast amounts of data, LLMSs are far more accurate than
humans. They could look at a patient’s complete medical history, including clinical notes, self-reported symptoms, and potentially
data from wearables or apps, to identify subtle patterns or risk factors that might otherwise go overlooked. This could lead to a more
accurate and timely identification of individuals who need intervention, or it could support the improvement of diagnostic criteria.

By comparing patient characteristics to extensive datasets of treatment out comes, LLMs may also help with personalized
treatment selection, potentially predicting which interventions are most likely to work for a given person and advancing precision
psychiatry. LLMs can help physicians make better clinical decisions by giving them summarized information and emphasizing
important details.

Efficiency improvements can be significant. Time-consuming administrative tasks, like creating preliminary drafts of
clinical notes, summarizing sessions, or extracting pertinent data from patient records or medical literature, can be automated or
semi-automated by LLMs. Clinicians can spend more time guiding patient interactions and applying sophisticated clinical reasoning
thanks to this administrative offloading. To expand access to mental health support, especially for those with mild-to-moderate
symptoms or those waiting for human therapy, LLMs can power scalable platforms that deliver psychoeducation and low-intensity
interventions (such as guided self-help based on CBT principles) through chatbots or apps. By evaluating patient self-reports or
passively collected data, they can help with more effective symptom monitoring in between appointments, which may allow for
faster treatment plan modifications[9].
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LLMs can help maximize the distribution of scarce human resources towards people with more complex needs by
optimizing workflows and increasing access to basic support, thus improving the overall effectiveness of the mental health care
system. But achieving these advantages depends on resolving the safety, validation, and ethical issues mentioned above.

4. Evaluation of Al Tools- Case Studies

Assessing the usefulness, impact, and efficacy of Al tools for depression and anxiety is a challenging task that calls for a variety of
methods that go be yond straightforward technical performance indicators. Thorough assessment is essential to guarantee that these
tools are secure, useful, and appropriate for practical implementation. This section looks at important evaluation-related topics,
frequently using knowledge from case studies and research trials that have been published in the literature[9].

4.1 Quantitative Evaluation:

Measuring the clinical effectiveness and engagement metrics of Al tools is the main goal of quantitative evaluation, which frequently
uses structured research designs like Randomized Controlled Trials (RCTSs). Case studies assessing mobile apps (Calm, Headspace,
specialized CBT apps) or CBT-based chatbots (Woebot, Wysa) usually compare results to waitlist controls, psychoeducation only
groups, or occasionally even therapist-guided interventions. Standardized symptom scales, such as the Generalized Anxiety Disorder
scale (GAD-7) for anxiety and the Patient Health Questionnaire (PHQ-9) for depression, are frequently used as key outcome
measures. When compared to control groups, users of Al-driven apps and chatbots reported statistically significant decreases in
self-reported symptoms in multiple studies, indicating possible clinical bene f its, especially for mild-to-moderate symptoms.

For example, over a period of weeks, RCTs on Woebot have demonstrated decreases in anxiety and depression symptoms.
Metrics like accuracy, sensitivity, specificity, and Area Under the Curve (AUC) are used to assess predictive models’ ability to
identify at-risk individuals or forecast outcomes, frequently with the use of historical datasets. The effectiveness of wearable-based
systems is assessed based on their capacity to reliably identify stressful situations or link physiological trends to verified mood
ratings. Because sustained engagement is frequently required for therapeutic benefit[10], engagement metrics—such as frequency
of use, session duration, and task completion rates—are also essential quantitative indicators. However, many tools still lack long-
term efficacy data, and effect sizes are frequently small when compared to active controls (such as human therapy).

4.2 Practical Impact of Al Tools on Users’ Daily Lives:

Assessing the practical impact goes beyond clinical scores and entails knowing how these tools fit into users’ lives and influence
their everyday functioning and general well-being. Here, qualitative research, surveys, and user interviews offer insightful
information. Case studies frequently show that users value Al tools’ anonymity and round-the-clock accessibility, which enables
them to seek help when they need it without fear of repercussions. Some people incorporate short CBT techniques or mindfulness
exercises offered by smartphone apps into their daily stress-reduction routines. Wearable sensors that provide biofeedback on stress
levels (for example, through HRV) can help users become more self-aware and encourage them to use coping mechanisms
immediately.

For certain users, chatbots can provide a sense of camaraderie and lessen feelings of isolation. However, issues like
notification fatigue, technical difficulties, or the tool’s gradual feeling of impersonality or repetition may limit the usefulness. If the
tool results in significant behavioral changes (such as greater participation in worthwhile activities, better sleep hygiene, or enhanced
emotional regulation abilities) that last after active use, that is the real indicator of impact. Measuring the transferability of skills
acquired through Al tools to real-world scenarios is crucial but difficult.

4.3 Accessibility:

Akey component of the promise of Al mental health tools is accessibility, which aims to get past conventional obstacles. In this
context, evaluation takes into account a number of factors. Cost is the main factor; although some chatbots and apps have free tiers,
many require subscriptions, which may prevent low-income people from using them. Reach is also determined by platform
availability (iOS vs. Android, web access). Another important consideration is language; the majority of tools were first created in
English, which restricts their usability for non-native English speakers.

Prerequisites such as digital literacy, dependable internet access, and appropriate gadgets (such as smartphones and virtual
reality headsets) may exclude older adults or people living in resource-poor environments, resulting in a digital divide.” These
difficulties are brought to light by case studies that look at deployment in various contexts. Al tools, on the other hand, can improve
accessibility by reaching people who live in remote areas without access to mental health professionals or who are reluctant to seek
traditional care because of stigma. Population reach, demographic usage trends, and affordability models (such as insurance or
public health system coverage) must all be considered when evaluating accessibility.

4.4 User Experience (UX):

User experience has a big impact on engagement and, in turn, how effective Al tools can be. Usability (the tool’s ease of use and
intuitive interface), aesthetics, engagement (the tool’s level of interest and motivation), and perceived quality of interaction are all
evaluated in a UX evaluation. Perceived empathy, conversational naturalness, and trustworthiness are important UX elements for
chatbots and LLM-based tools. Rapid disengagement can result from poor UX, such as unclear navigation, technical malfunctions,
or impersonal or robotic interactions. Usability testing, heuristic assessments, user satisfaction questionnaires (like the System
Usability Scale, or SUS), and qualitative input are some examples of evaluation techniques. Users frequently favor designs that are
straightforward, aesthetically pleasing, and provide unambiguous instructions, according to case studies comparing various chatbot
personas or app interfaces. In the context of Al, the idea of a therapeutic alliance”—the cooperative relationship usually developed
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with a human therapist—is examined to determine whether users feel that the tool understands and supports them. A positive user
experience is crucial for both initial adoption and sustaining the sustained engagement required for therapeutic change. In design
and evaluation, striking a balance between technological sophistication and usability continues to be a major challenge[10].

5. Discussion, Challenges, and Limitations

The results summarized in the Results section demonstrate the growing potential of Al to tackle the worldwide issues of
depression and anxiety. Al provides a wide range of tools that could improve accessibility to detection, monitoring, and intervention,
from NLP’s analysis of language for distress markers to predictive models that forecast risk, and from mobile apps that are widely
used to immersive virtual reality environments and advanced LLMs. Users frequently value these tools’ convenience and anonymity,
and quantitative evaluations and case studies indicate that many of them can result in statistically significant improvements in
symptoms, especially for those with mild-to-moderate conditions. Al’s capacity to handle intricate multimodal data streams from
passive sensing and wearables opens up new possibilities for ongoing, impartial mental health monitoring. Specifically, LLMs
promise previously unheard-of levels of interaction quality and customization.

Alongside this promise, the review also identifies significant obstacles and constraints that need to be overcome for the
ethical and successful incorporation of Al in mental health care[11]. The lack of thorough clinical validation is a significant overall
issue. Large-scale, high-quality Randomized Controlled Trials (RCTs) comparing Al interventions against standard care, across
diverse populations, and over longer time frames are still relatively rare, despite the fact that numerous feasibility studies and
preliminary trials show promise. It is essential to establish long-term results and clinically significant effects in addition to statistical
significance. Commercially available apps frequently proliferate more quickly than scientific validation, resulting in a ”"Wild West”
situation where users find it difficult to recognize evidence-based resources.

Ethical issues are very important. Data security and privacy are crucial but difficult to ensure, particularly when models
are trained on large, potentially sensitive datasets. In order to prevent or worsen health disparities, Al tools trained on
unrepresentative data may perform poorly for or even discriminate against specific demographic groups (e.g., based on race,
ethnicity, gender, age, and socioeconomic status). This is known as algorithmic bias.

It takes deliberate work in data collection, algorithm design, and testing to achieve fairness and equity in Al mental
healthcare. Explainability and transparency are still major technical challenges, especially for intricate models like LLMs and deep
learning networks. The inability to completely comprehend the reasoning behind a particular prediction or recommendation made
by an Al undermines confidence and makes it more difficult to hold people accountable when mistakes are made. This is especially
problematic when making important decisions about diagnosing or treating mental health issues.

Ethical issues are very important. Data security and privacy are crucial but difficult to ensure, particularly when models
are trained on large, potentially sensitive datasets[11]. In order to prevent or worsen health disparities, Al tools trained on
unrepresentative data may perform poorly for or even discriminate against specific demographic groups (e.g., based on race,
ethnicity, gender, age, and socioeconomic status). This is known as algorithmic bias. It takes deliberate work in data collection,
algorithm design, and testing to achieve fairness and equity in Al mental healthcare. Explainability and transparency are still major
technical challenges, especially for intricate models like LLMs and deep learning networks. The inability to completely comprehend
the reasoning behind a particular prediction or recommendation made by an Al undermines confidence and makes it more difficult
to hold people accountable when mistakes are made. This is especially problematic when making important decisions about
diagnosing or treating mental health issues. Another important constraint is user engagement and adherence. Digital mental health
tools can be widely adopted at first, but it can be notoriously challenging to sustain engagement over time. The potential therapeutic
impact is limited by high dropout rates, which are typical in both studies and real-world usage. Poor user experience, repetitive
content, a lack of perceived personalization, technical difficulties, and a lack of a strong human connection or accountability are
some of the factors that lead to disengagement. The digital divide also restricts the use of these technologies; people who do not
have access to the devices they need, dependable internet, or digital literacy are left out, which frequently reflects already-existing
health disparities. Addition ally, there are real-world difficulties in incorporating Al tools into current clinical workflows. How
should medical professionals utilize the information produced by wearables or patient apps? How can clinical judgment and the
therapeutic alliance be preserved while using Al tools to safely triage patients or assist in clinical decision-making? There must be
precise rules and procedures. It’s important to carefully consider the risk of becoming overly dependent on technology, which could
detrain clinicians or replace crucial human empathy and connection[11]. Due to the possibility of producing false information
("hallucinations”) or failing to identify serious risk situations (such as suicidality), LLMs in particular require strict safety procedures
and frequently human supervision or moderation (also known as “human-in-the-loop” systems). Lastly, the legal environment
surrounding Al in mental health is still developing. Clear regulatory frameworks are necessary to ensure safety, efficacy, and ethical
standards, but striking a balance between innovation and proper oversight is difficult. This review’s limitations include the
possibility of publication bias favoring favorable findings and the quick development of Al, which means that things are always
changing.

6. Conclusions and Future Directions

Conclusions:

The various and quickly growing uses of artificial intelligence in the diagnosis and treatment of anxiety and depression
have been methodically reviewed in this review. According to the compiled data, artificial intelligence (Al) has a great deal of
potential to revolutionize the provision of mental healthcare by increasing accessibility, permitting personalization, promoting early
detection, and possibly increasing care efficiency. While predictive analytics uses machine learning to predict risk and treatment
response, techniques like natural language processing are demonstrating proficiency in gleaning significant mental health signals
from language data. Numerous Al-powered tools, such as wearables, chatbots, mobile apps, VR, and AR systems, provide
innovative means of delivering objective monitoring, therapeutic exercises, psychoeducation, and immersive therapeutic
experiences. A paradigm shift has occurred with the introduction of large language models, which offer extremely complex
conversational and content-generation potential but also come with substantial ethical challenges. Numerous Al tools can provide
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observable advantages, according to evaluations that include quantitative metrics, practical impact assessments, accessibility
considerations, and user experience analysis. The ease, privacy, and promptness of support are frequently valued by users. Certain
interventions have been shown to statistically significantly reduce symptoms of anxiety and depression, especially in self-guided
contexts for mild-to-moderate severity levels. Wearable AI’s ability to monitor continuously and passively offers objective data
streams that were previously unattainable, potentially revolutionizing individualized interventions and relapse prevention.

However, there is still much work to be done in order to fully translate this technological potential into broad, equitable,
and clinically sound improvements in mental health outcomes. There are still significant obstacles that cloud the hopeful picture.
The main issues center on the requirement for thorough, extensive clinical validation to verify safety and effectiveness in a variety
of settings and populations. The creation of strong governance frameworks and immediate attention are needed to address ethical
conundrums pertaining to data privacy, algorithmic bias, transparency, and accountability. Realizing Al’s potential for everyone
still depends on ensuring fair access and closing the digital divide.

One of the ongoing challenges for digital health interventions is sustaining user engagement over time. Finally, cautious
planning and assessment are necessary for the safe and successful integration of Al tools into current clinical pathways, elucidating
the complementary roles of human professionals and Al systems. The intricacy of LLMs increases the potential advantages and
hazards, necessitating a very careful and morally sound approach to their use in mental health treatment.

Future Directions:

Several important future directions are crucial in order to responsibly harness Al’s potential for treating
anxiety and depression while minimizing the risks:

1. Make Thorough Clinical Validation a Priority: More large-scale, high quality RCTs assessing Al mental health tools are
desperately needed. Active control groups, such as standard care and therapist-led interventions, should be used in these
trials. Long-term outcomes should be evaluated, clinically meaningful changes should be measured (rather than just
statistical significance), diverse participant populations should be included to evaluate generalizability and equity, and both
positive and negative findings should be openly reported. Research on comparative effectiveness is required to determine
which tools are most effective for different people and in different situations.

2. To create clear ethical guidelines and regulatory standards for Al in mental health, researchers, developers, clinicians,
ethicists, legislators, and patient advocates must work together to create strong ethical frameworks and regulations. Data
governance, privacy protection, bias detection and mitigation techniques, accountability systems, transparency
requirements (particularly for ”black box” models), and safety procedures (including crisis management) must all be
covered by these frameworks. Harmonizing standards may benefit from international cooperation.

3. Promote Explainable Al (XAI) in Mental Health: It is essential to conduct research on XAl methods that can be used to
predict and treat mental health issues. To promote trust, allow for informed use, and ease error analysis, clinicians and
users must comprehend, at least in part, how Al tools arrive at their conclusions or recommendations.

4. Prioritize Equity and Accessibility: The digital divide needs to be proactively addressed in future developments. This
includes creating tools for low resource environments, making sure they are multilingual, making sure they are usable for
a range of age groups and literacy levels, and investigating cost models that are equitable and sustainable (e.g., integration
into public health services or insurance coverage). To guarantee that tools are equitable and useful for all demographic
groups, research must specifically examine and address algorithmic bias.

5. Enhance User Engagement Techniques: Research ought to concentrate on figuring out what factors influence sustained use
of digital mental health resources. In order to improve accountability and the therapeutic alliance, this entails investigating
personalization strategies (beyond content tailoring), successfully implementing gamification, refining UX design, and
possibly incorporating human support elements (blended care models).

6. Examine Hybrid Human-Al Models and Clinical Integration: Synergistic human-Al cooperation is probably the most
promising aspect of the future. In order to complement human clinicians rather than replace them, research should examine
the best models for incorporating Al tools into clinical workflows. Creating Al tools for clinical decision support,
automating administrative work, enabling measurement-based care, and enabling blended care models—where Al tools
support human therapy—are all examples of this. Clinical systems and patient-used tools must have clear protocols for
data interpretation and exchange.

7. Specialize and Validate LLMs for Mental Health: Although general purpose LLMs are effective, future research should
concentrate on utilizing high-quality, representative clinical data to refine and validate LLMs especially for mental health
applications. To reduce bias and improve clinical relevance, training data must be carefully curated and managed. Before
being widely used, extensive testing for safety, accuracy, and the capacity to manage delicate situations (such as suicidality
or abuse disclosure) is a must.

8. Ecological Momentary Assessment (EMA) and Longitudinal Research: Longitudinal studies are required to comprehend
the dynamic interaction between behavior, physiology, environment, and mental state over time, utilizing AI’s capacity for
continuous data collection (wearables, apps). When passive sensing and EMA (real-time self-reports) are combined, rich,
contextualized data can be obtained to improve prediction models and assess the impact of interventions in practical
contexts.

To sum up, Al offers a revolutionary chance to enhance the quality of life for people who suffer from anxiety and
depression. However, a coordinated, multidisciplinary effort centered on rigorous science, ethical responsibility, user centered
design, and equitable implementation is needed to realize this potential. The substantial burden of these prevalent mental health
disorders can be lessened in the future when Al safely and successfully supplements human expertise by carefully navigating
the difficulties and following these future directions.
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