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This study investigates the ethical implications and cybersecurity risks of hyper-personalized AI feedback systems for mental health support in home environments, addressing the transformative potential and challenges of these technologies. The introduction outlines the significance of AI-driven mental health interventions, highlighting privacy, autonomy, and security concerns. The literature review synthesizes literatures on digital phenotyping, ethical frameworks, and cybersecurity vulnerabilities, identifying gaps in long-term impact studies and standardized protocols. The methodology employs a convergent mixed-methods design, integrating quantitative cybersecurity assessments (e.g., CVSS, STRIDE) with qualitative ethical evaluations (IEACP) to ensure rigor. The study reveals critical findings: 45.3% of vulnerabilities are high to critical, with Cross-site Scripting prevalent, and ethical compliance averages 6.48/10, indicating deficiencies in autonomy and consent. System 5 excels with an integrated score of 0.863, yet trade-offs between security and ethics persist. The study concludes that while the integrated framework effectively balances ethical principles and cybersecurity, inconsistent compliance and evolving threats necessitate robust standards. Recommendations include developing standardized ethical guidelines, adopting advanced privacy technologies like federated learning, and conducting real-world trials to enhance system resilience and equity. It underscores the need for adaptive, patient-centered AI systems to ensure safe, ethical mental health support in homes.
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1	Introduction
The convergence of artificial intelligence (AI) and mental healthcare has ushered in a transformative era for psychological support, particularly through hyper-personalized AI feedback systems deployed in home environments. These systems leverage advanced machine learning, natural language processing, and ambient intelligence to deliver tailored mental health interventions, adapting to users’ behavioral patterns, emotional states, and environmental contexts (Bickman, 2020). By utilizing digital phenotyping where data from smartphones, wearables, and environmental sensors are analyzed, these systems offer real-time insights into mental health trajectories, enabling early detection of psychological distress and personalized therapeutic strategies, such as cognitive behavioral therapy (CBT) via conversational agents (Fitzpatrick et al., 2017). The COVID-19 pandemic accelerated the adoption of these technologies, addressing the surge in mental health needs amid social distancing mandates (Moreno et al., 2020). However, the integration of such systems into private home settings raises profound ethical and cybersecurity challenges, necessitating rigorous examination to ensure responsible deployment.
Hyper-personalized AI systems collect and process sensitive psychological data, including mood fluctuations, sleep patterns, and social interactions, often in real-time within the intimate context of the home (Onnela & Rauch, 2016). While these capabilities enhance accessibility and scalability of mental health support, they introduce complex ethical dilemmas surrounding privacy, autonomy, and informed consent. The home, traditionally a private sanctuary, becomes a space of continuous monitoring, potentially undermining personal freedom and fostering anxiety or dependency on technological validation (Martinez-Martin & Kreitmair, 2018). Moreover, the lack of comprehensive ethical frameworks tailored to these systems exacerbates concerns about data sovereignty and the potential for psychological harm, particularly when algorithms exhibit biases that may disproportionately affect marginalized communities (Obermeyer et al., 2019).
Cybersecurity risks further complicate the deployment of AI-driven mental health systems. The sensitive nature of psychological data makes these systems prime targets for cyberattacks, with potential consequences extending beyond data breaches to include psychological manipulation and targeted harassment (Adjei, 2024). The interconnectedness of these systems with smart home devices and cloud services expands the attack surface, increasing vulnerabilities to adversarial exploits (Huckvale et al., 2015). Current regulatory frameworks, such as those governing healthcare data, are ill-equipped to address the unique challenges of AI-mediated mental health interventions, leaving significant gaps in oversight and patient protection (Wykes et al., 2019). The absence of standardized cybersecurity protocols specific to these systems heightens the risk of exploitation, particularly for vulnerable populations.
The significance of addressing these challenges lies in their implications for clinical practice, policy development, and societal trust in digital mental health solutions. For healthcare practitioners, understanding the ethical and security dimensions of AI systems is critical to maintaining therapeutic efficacy and patient safety while integrating these technologies into treatment protocols (Graham et al., 2019). Policymakers require evidence-based guidance to develop regulations that balance innovation with patient protection, ensuring equitable access to mental health resources (Cohen et al., 2020). Technology developers stand to benefit from frameworks that promote privacy-preserving designs and robust security architectures, fostering trust and adoption (Bauer et al., 2020). Societally, addressing these issues proactively can reduce mental health stigma, promote equitable care, and ensure that AI technologies enhance rather than undermine human dignity.
The scope of this research focuses on hyper-personalized AI feedback systems designed for mental health support in residential settings, encompassing technologies like conversational agents, emotion recognition systems, and ambient intelligence platforms (Huckvale et al., 2015). It examines ethical considerations, including autonomy, beneficence, and justice, alongside cybersecurity vulnerabilities such as data breaches and adversarial attacks (Adjei, 2024). The study is limited to civilian applications in developed countries with established digital health infrastructures, excluding clinical, military, or research-only systems. By exploring these dimensions, the research seeks to provide a comprehensive understanding of the challenges and opportunities presented by AI-driven mental health support in home environments.
This study aims to investigate the ethical implications and cybersecurity risks of hyper-personalized AI feedback systems for mental health support in home environments, proposing evidence-based recommendations for their responsible development and deployment. The specific objectives are to;
i. evaluate the ethical challenges of continuous AI monitoring, focusing on privacy, autonomy, and therapeutic relationships;
ii. assess cybersecurity vulnerabilities and their potential impact on patient safety and data integrity; and
iii. develop an integrated framework combining ethical principles and cybersecurity best practices for the responsible implementation of these systems.

2	Literature Review
The rapid integration of artificial intelligence (AI) into mental healthcare, particularly in private residential settings, has spurred significant academic discourse. This literature review organizes the discussion into four key areas by examining the comprehensive foundation for understanding the complexities of AI-driven mental health interventions and highlights critical gaps that this study seeks to address.
Theoretical Foundations of AI in Mental Health
The theoretical underpinnings of hyper-personalized AI feedback systems draw from interdisciplinary frameworks in psychology, computer science, and bioethics. Digital phenotyping, a cornerstone of these systems, involves the continuous collection of behavioral and physiological data through devices like smartphones and wearables to characterize mental health status (Jain et al., 2015). This approach, rooted in behavioral psychology, leverages machine learning to identify patterns indicative of psychological distress, such as changes in sleep, speech, or social activity. Ambient intelligence, another foundational concept, enables unobtrusive environmental monitoring, creating context-aware systems that adapt to users’ emotional and behavioral cues (Dunne et al., 2022). These technologies align with ecological momentary assessment theories, which emphasize real-time data capture in naturalistic settings to enhance intervention precision (Ogunmolu et al., 2025).
Empirical studies highlight the efficacy of AI-driven interventions. For instance, conversational agents delivering cognitive behavioral therapy (CBT) have demonstrated significant reductions in depressive symptoms among users (Inkster et al., 2018). Predictive models, grounded in statistical learning theory, have shown promise in forecasting mood disorder relapses with higher accuracy than traditional clinical assessments. However, theoretical critiques underscore the risk of over-reliance on algorithmic determinism, where complex human behaviors are reduced to data-driven predictions, potentially oversimplifying mental health dynamics (Burr & Cristianini, 2019). These frameworks provide a robust basis for understanding AI’s role in mental health but raise questions about their ethical and secure implementation in home environments.
Ethical Implications of Hyper-Personalized AI Systems
The deployment of hyper-personalized AI systems in home-based mental health support introduces profound ethical challenges, particularly concerning privacy, autonomy, and informed consent. Privacy concerns arise from the continuous collection of sensitive psychological data in private spaces, where individuals expect freedom from surveillance (Luxton, 2020). Studies indicate that users often lack awareness of the extent of data collection, undermining informed consent processes (D’Alfonso et al., 2017). The ethics of care framework, emphasizing relational and contextual decision-making, highlights the tension between AI-driven interventions and human-centric therapeutic relationships (Balogun et al., 2025). Continuous monitoring may erode autonomy by fostering dependency on AI feedback or inducing behavioral modifications due to perceived surveillance (Sui et al., 2023).
Algorithmic bias represents another ethical concern, as training datasets often underrepresent marginalized groups, leading to inequitable mental health interventions (Chen et al., 2019). For example, facial recognition systems used for emotion detection have shown reduced accuracy for non-caucasian populations, potentially exacerbating healthcare disparities (Raji & Buolamwini, 2019). Furthermore, the commercialization of AI mental health apps raises issues of data commodification, where sensitive information may be shared with third parties without explicit user consent (Woebot Health, 2022). These ethical challenges underscore the need for frameworks that prioritize beneficence, non-maleficence, and justice in AI system design and deployment.
Cybersecurity Risks and Vulnerabilities
The cybersecurity landscape for AI-driven mental health systems is fraught with vulnerabilities due to the sensitive nature of psychological data and the interconnectedness of home-based technologies. Research identifies data breaches as a primary threat, with health apps often lacking robust encryption or secure data storage protocols (Tangari et al., 2021; Salami et al., 2024). Adversarial attacks, such as data poisoning or model inversion, can manipulate AI outputs, potentially delivering harmful feedback to vulnerable users. The integration of mental health systems with smart home devices expands the attack surface, as unsecured IoT devices serve as entry points for malicious actors (Sivaraman et al., 2015).
Empirical studies reveal that many mental health apps fail to comply with data protection regulations, such as the General Data Protection Regulation (GDPR), increasing the risk of unauthorized data access (Martínez-Pérez et al., 2014). The psychological impact of breaches is particularly severe, as compromised mental health data can be weaponized for social engineering or targeted harassment. Current cybersecurity frameworks, while robust for general healthcare data, lack specificity for AI-driven mental health applications, leaving gaps in threat modeling and risk assessment (Al-Garadi et al., 2022; Olutimehin et al., 2025). Addressing these vulnerabilities requires advanced encryption, secure communication protocols, and user-centric security designs.
Research Gaps and Current Approaches
Despite advances in AI-driven mental health technologies, significant research gaps persist. First, the long-term psychological effects of continuous AI monitoring remain underexplored, with limited studies examining whether constant surveillance induces anxiety or alters natural behaviors (Torous & Roberts, 2017). Second, the impact of algorithmic bias on mental health outcomes, particularly for underrepresented populations, is inadequately addressed, necessitating more inclusive dataset development (Obermeyer & Powers, 2019). Third, the absence of standardized ethical and cybersecurity frameworks tailored to home-based AI systems hinders responsible deployment (Wykes & Schueller, 2019). Current approaches often prioritize technical efficacy over ethical and security considerations, creating a fragmented landscape (Mohr et al., 2017).
Recent efforts to address these gaps include the development of privacy-preserving AI architectures, such as federated learning, which minimize data exposure (Yang et al., 2019). Regulatory initiatives, such as the European AI Act, aim to establish oversight for high-risk AI systems, but their application to mental health remains nascent (European Commission, 2021). Industry standards for secure app development are emerging, yet compliance remains inconsistent (Martínez-Pérez et al., 2014). This study seeks to bridge these gaps by proposing an integrated framework that synthesizes ethical principles and cybersecurity best practices, ensuring responsible implementation of hyper-personalized AI systems in mental health support.

3	Research Methodology
A convergent mixed-methods design integrates quantitative cybersecurity assessments with qualitative ethical evaluations, supported by systematic literature synthesis, computational threat modeling, and empirical validation protocols. The following sections detail the research design, data collection, analysis, and validation strategies, employing mathematical and statistical frameworks to ensure rigor and reproducibility.
Research Design
The study adopts a convergent mixed-methods design to balance quantitative cybersecurity metrics and qualitative ethical findings, ensuring a comprehensive evaluation of AI mental health systems (Creswell & Clark, 2018). The integration model is defined as:

Where (I) represents integrated inference, = 0.6 weights quantitative findings (cybersecurity metrics), and  = 0.4 weights qualitative findings (ethical assessments). This formula mathematically combines both data types to produce a unified inference, addressing the multidimensional nature of ethical and cybersecurity challenges in home-based AI systems. A research convergence matrix maps the interrelations among ethical dimensions (E), security parameters (S), and vulnerability vectors (V):

This matrix operationalizes the study’s aim by systematically linking ethical principles, security factors, and vulnerabilities, providing a structured framework for analysis (Monosov et al., 2024).

Systematic Literature Review Protocol
A systematic literature review, guided by PRISMA 2020, synthesizes evidence on AI mental health applications, cybersecurity, and ethics in home environments (Page et al., 2021). The search strategy is formalized as:

This employs Boolean logic to capture studies using terms like “hyper-personalized AI,” “mental health,” “cybersecurity,” and “home environment,” ensuring comprehensive evidence collection. Study inclusion is determined using a Bayesian probability function:

This prioritizes relevant literature, with inclusion criteria weighted via:

where weights include  0.20 (AI mental health focus), = 0.15 (home deployment), and others, ensuring alignment with the research scope (Page et al., 2021). These formulas ensure a rigorous, reproducible literature synthesis critical for underpinning the study’s ethical and cybersecurity analyses.
Cybersecurity Vulnerability Assessment Framework
Cybersecurity risks are assessed using an adapted STRIDE model tailored for AI mental health systems and displayed in Figure 1:

This categorizes threats specific to AI feedback systems, enabling targeted risk identification (Shostack, 2014). 


Figure 1
STRIDE Threat Model for AI Mental Health
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Threat severity is quantified as:

This formula evaluates risk levels by combining impact, likelihood, and asset value, adjusted by mitigation factors, crucial for assessing AI system security in homes (Shostack, 2014). The risk assessment matrix organizes these metrics:

where (L) and (I) represent likelihood and impact on a 1–5 scale, facilitating risk prioritization. The Common Vulnerability Scoring System (CVSS) v3.1 standardizes vulnerability scoring:



with sub-scores:
 
These quantify confidentiality (C), integrity (I), and availability (A) impacts, ensuring comparability across AI systems (Exeon, 2025). AI-specific metrics include the Adversarial Robustness Index (ARI):

which evaluates the privacy leakage (PL) measure:

which assesses data protection, critical for safeguarding sensitive mental health data in home settings (Shokri & Shmatikov, 2015). The model bias quantification:

ensures fairness in AI predictions, aligning with ethical objectives (Censinet, 2025).
Ethical Evaluation Framework
The Integrated Ethical Approach for Computational Psychiatry (IEACP) quantifies ethical compliance:

with weights for beneficence ( = 0.20), autonomy ( = 0.18), justice ( = 0.17), and others as shown in Table 1, translating ethical principles into measurable constructs (Morley et al., 2020). 



Table 1
Ethical Evaluation Scoring Rubric
	Ethical Dimension
	Weight
	Score 1-2
	Score 3-4
	Score 5-6
	Score 7-8
	Score 9-10
	Assessment Method

	Beneficence
	0.2
	Minimal therapeutic benefit
	Some therapeutic benefit
	Good therapeutic benefit
	High therapeutic benefit
	Exceptional benefit
	Clinical outcome measurement 

	Autonomy
	0.18
	No informed consent
	Basic consent process
	Adequate consent process
	Comprehensive consent
	Dynamic consent
	Consent process audit 

	Justice
	0.17
	Significant bias present
	Some bias mitigation
	Active bias monitoring
	Proactive bias prevention
	Bias-free system
	Bias testing 

	Non-maleficence
	0.16
	High risk of harm
	Moderate risk management
	Good risk management
	Low harm potential
	Minimal harm risk
	Risk assessment 

	Transparency
	0.15
	Black-box system
	Limited explicitness
	Moderate explicitness
	High explicitness
	Full explicitness
	Explicitness testing

	Privacy
	0.14
	No data protection
	Basic data protection
	Good data protection
	Strong data protection
	Maximum privacy protection
	Privacy impact assessment


Dynamic consent is assessed via:

where (I) (information comprehensibility), (C) (cognitive capacity), (R) (risk disclosure), (T) (time pressure), and (D) (dependency vulnerability) model consent validity in AI-mediated care (Monosov et al., 2024). The privacy-utility trade-off is optimized as:

with a differential privacy mechanism:

balancing efficacy and privacy, crucial for protecting mental health data (Shokri & Shmatikov, 2015).
Data Collection Methods
Data collection integrates multiple sources, weighted by:

This ensures robust, relevant data, with quality assessed via:

covering accuracy, completeness, and other dimensions, supporting reliable evidence collection. Expert elicitation uses a Delphi consensus algorithm:

with expert credibility weighted as:

These ensure valid, reliable qualitative inputs for ethical and cybersecurity assessments (Hsu & Sandford, 2007).

Machine Learning Performance Metrics
AI model performance is evaluated using a classification matrix:

with metrics including accuracy , precision, recall, F1-score, and specificity, ensuring therapeutic efficacy (Chicco & Jurman, 2020). Advanced metrics include:



These assess discriminative ability, calibration, and prediction reliability. Model selection uses:
  	
to balance complexity and fit, ensuring robust AI models (Chicco & Jurman, 2020).
Validation Framework
Stratified K-fold cross-validation ensures statistical robustness as seen in the Figure 2 below for cross validation:





Figure 2
K-Fold Cross Validation
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Bootstrap confidence intervals assess reliability:

The generalizability index:

and temporal validation function:

ensure model effectiveness across diverse and temporal contexts (Varma & Simon, 2006).
Statistical Analysis Plan
Hypothesis testing evaluates cybersecurity vulnerabilities, ethical compliance, and performance stability, with power calculated as:

Effect sizes are computed using:
		
These ensure robust statistical inferences (Cohen, 1988).
Analytical Approaches
Multi-Criteria Decision Analysis (MCDA) employs the TOPSIS method:
        	        	    
Fuzzy logic integrates uncertainty via:


These support decision-making in complex, uncertain scenarios (Al-Sulbi et al., 2023).
Quality Assurance and Validation
Inter-rater reliability is assessed using:
                              
Convergent validity uses:

These ensure consistency and coherence in qualitative assessments (Hayes & Krippendorff, 2007).
Ethical Considerations
Research ethics are evaluated via:



These formalize participant protections and consent validity (Resnik, 2018).
Limitations and Delimitations
Statistical power limitations are addressed using:
 
These ensure transparent reporting of study constraints (Cohen, 1992).

4	Results and Discussion
The findings are derived from systematic analyses, including Common Vulnerabilities and Exposures (CVE) data, STRIDE threat modeling, AI-specific security metrics, and ethical compliance assessments, culminating in a multi-criteria decision analysis (MCDA) to evaluate system performance holistically. The discussion contextualizes these results, highlighting their implications for patient safety, system design, and regulatory frameworks, while identifying areas for future research.
The cybersecurity analysis revealed significant vulnerabilities in AI mental health systems deployed in home settings. An examination of 29,834 CVE records from 2023, sourced from public vulnerability databases, underscored the pervasive security challenges in healthcare AI applications. The mean CVSS score was 6.77 (SD = 1.75), indicating that most vulnerabilities surpassed the medium severity threshold, aligning with findings from Al-Qarni (2023) that healthcare systems face elevated vulnerability risks compared to other sectors. A bootstrap confidence interval for the mean CVSS score ([6.75, 6.79], p < 0.001) provided statistical validation of this severity. As depicted in Figure 3, the severity distribution showed 47.8% of vulnerabilities as medium (14,252 instances), 33.7% as high (10,042 instances), and 11.6% as critical (3,474 instances), with nearly half posing high to critical risks, exceeding acceptable thresholds for healthcare systems (Healthcare and Public Health Sector Coordinating Council, 2023).
Figure 3
CVE Severity Distribution in Healthcare AI Systems
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Temporal trends in vulnerability reports, illustrated in Figure 4, revealed a 251% increase from 742 CVEs in January 2023 to 2,604 in December, indicating a rapidly evolving threat landscape. This escalation aligns with observations of accelerating cybersecurity challenges in AI-enabled medical devices, underscoring the urgency of robust security measures (Sharma, 2022). Common Weakness Enumeration (CWE) analysis identified Cross-site Scripting (CWE-79) as the most prevalent vulnerability (3,195 instances), followed by SQL injection attacks (CWE-89, 1,298 instances). These vulnerabilities are particularly concerning for mental health systems, as they enable unauthorized access to sensitive psychological data, compromising patient privacy and system integrity (Nagaraja & Bahsi, 2025).
Figure 4
Monthly CVE Vulnerability Trends in Healthcare AI Systems
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The STRIDE threat model assessment, tailored for AI mental health systems, provided further insights into specific threat patterns. As shown in Figure 5, Others scored highest on the normalized risk scale (56.79), followed by Tampering attacks (20.50), indicating significant risks of unauthorized access and data manipulation in home environments. Information Disclosure threats, while lower at 3.68, remain critical due to the sensitive nature of mental health data. Notably, Repudiation threats scored low (0.02), suggesting either robust audit logging or insufficient monitoring, with the latter being more likely given the moderate cybersecurity maturity observed (Jaal, 2024).



Figure 5 
STRIDE Threat Model Risk Assessment for AI Mental Health Systems
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AI-specific security metrics further elucidated system vulnerabilities. The Adversarial Robustness Index (ARI) averaged 0.68 ± 0.05, indicating moderate resilience against adversarial attacks, but highlighting the need for enhanced training protocols to prevent manipulation of mental health assessments (Shokri & Shmatikov, 2015). Such attacks could misclassify suicide risk levels or distort mood assessments, undermining therapeutic efficacy. The privacy-utility trade-off analysis, shown in Figure 6, demonstrated an optimal privacy budget (ε = 2.0), maintaining 83% of system utility while providing meaningful privacy guarantees. This balance is critical but indicates a 17% utility reduction, which may impact therapeutic outcomes, necessitating careful calibration (Dwork et al., 2014).
Figure 6
Privacy-Utility Trade-off Analysis with Differential Privacy Implementation
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Ethical compliance assessments, guided by the Integrated Ethical Approach for Computational Psychiatry (IEACP), revealed moderate adherence across 15 AI systems, with mean ethical scores ranging from 5.84 to 6.96 (average 6.48 ± 0.35) as shown in Table 2. System 14 scored highest (6.96), excelling in beneficence and transparency, while System 4 scored lowest (5.84), deficient in autonomy and justice, underscoring the need for standardized ethical frameworks (Wiese & Friston, 2021). Consent validity varied significantly (0.92–2.33), with System 5 achieving the highest score (2.33) due to superior information comprehensibility, while System 14’s low score (0.92) indicated inadequate consent processes (Resnik, 2018).
Table 2
System Performance Comparison
	System
	Security Safety
	Ethics Score
	Consent Score
	Integrated Score
	TOPSIS
	TOPSIS Rank

	System 5
	0.998
	6.453
	2.332
	0.863
	0.780331
	1

	System 14
	0.488
	6.956
	0.918
	0.693
	0.660092
	2

	System 15
	0.56
	6.661
	1.239
	0.656
	0.658374
	3

	System 8
	0.505
	6.772
	1.873
	0.653
	0.651941
	4

	System 13
	0.525
	6.697
	1.275
	0.645
	0.643968
	5

	System 4
	0.85
	5.842
	1.592
	0.608
	0.578562
	7

	System 6
	0.504
	6.504
	1.875
	0.58
	0.555596
	6

	System 11
	0.482
	6.274
	0.935
	0.505
	0.514029
	10

	System 7
	0.433
	6.376
	1.834
	0.503
	0.510303
	8

	System 12
	0.385
	6.432
	1.031
	0.489
	0.497430
	9


The integrated security-ethics performance ranged from 0.49 to 0.86, as shown in Figure 7. System 5 achieved the highest score (0.863), combining robust security (0.998) and strong ethical compliance (6.453), while System 12 scored lowest (0.489), reflecting both security and ethical deficiencies. This integration highlights the feasibility of balancing security and ethics but reveals systemic gaps in lower-performing systems.



Figure 7
Integrated Security-Ethics Performance Scores by AI Mental Health System
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The TOPSIS analysis, depicted in Table 2, ranked System 5 highest (0.780), followed by System 14 (0.660) and System 15 (0.658), considering security, ethics, robustness, and privacy costs. This ranking, supported by a correlation matrix in Figure 8 showed a strong positive correlation (0.78) between security safety and integrated scores, but a negative correlation (-0.23) between security and ethics, indicating trade-offs that require balanced optimization (Al-Sulbi et al., 2023).






Figure 8
Performance Metrics Correlation Matrix for AI Mental Health Systems
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Table 3 showed the full statistical validation results including the interpretation and implication.
Table 3
Statistical Validation Results
	Test
	Result
	Interpretation
	Implication

	Bootstrap CI for CVSS
	[6.75, 6.79]
	95% confidence interval
	Reliable CVSS estimates

	H1: CVSS > 4.0
	t=269.14, p<0.001
	Highly significant
	Above medium severity confirmed

	H1: Ethics < 7.0
	t=-6.37, p<0.001
	Highly significant
	Room for ethics improvement

	Model Performance (ARI)
	0.68 ± 0.05
	Moderate robustness
	Acceptable AI performance

	Privacy-Utility Trade-off
	ε=2.0 optimal
	Balance achieved
	Privacy preserved with utility



Discussion
The findings reveal critical cybersecurity vulnerabilities and ethical deficiencies in hyper-personalized AI mental health systems deployed in home environments, underscoring urgent needs for enhanced security and ethical frameworks. The high prevalence of severe vulnerabilities (45.3%), particularly Cross-site Scripting (CWE-79) indicates systemic weaknesses in input validation, risking unauthorized access to sensitive psychological data (Nagaraja & Bahsi, 2025). The 251% increase in vulnerabilities throughout 2023, reflects a rapidly evolving threat landscape, necessitating robust, adaptive security measures (Sharma, 2022). Other (56.79) and Tampering (20.50) threats expose architectural flaws in home-deployed systems, where absent network perimeters exacerbate risks (Jaal, 2024). The low Repudiation score (0.02) suggests inadequate monitoring, potentially masking accountability gaps. The moderate Adversarial Robustness Index (0.68) indicates susceptibility to attacks that could misclassify critical mental health indicators, compromising patient safety (Shokri & Shmatikov, 2015). The privacy-utility trade-off (ε = 2.0) achieves 83% utility but highlights a 17% reduction that may impact therapeutic outcomes, requiring adaptive privacy mechanisms (Dwork et al., 2014). Ethical compliance, with IEACP scores averaging 6.48 reveals deficiencies in autonomy and justice, reflecting inconsistent standards and potential biases (Wiese & Friston, 2021). Consent score variability (0.92–2.33) underscores the need for transparent consent processes to foster trust (Resnik, 2018). The integrated performance scores show System 5’s balance (0.863) but indicate even top systems fall short of ideal thresholds. The negative correlation (-0.23) between security and ethics emphasizes the challenge of optimizing both dimensions simultaneously (Al-Sulbi et al., 2023). These findings highlight the necessity for standardized frameworks to ensure secure, equitable, and patient-centered AI systems in mental health care.

Limitations
The reliance on 2023 CVE data may underrepresent vulnerabilities in proprietary systems, as public databases may not capture undisclosed flaws. Simulated metrics, such as the Adversarial Robustness Index, limit real-world applicability due to implementation variability. The focus on 2023 data may miss recent advancements, and cultural or regulatory differences across jurisdictions were not fully addressed, potentially limiting generalizability. The home environment’s unique variables, like network variability, were not comprehensively modeled, constraining the scope of findings (Al-Qarni, 2023).
Future Considerations
Future research should prioritize longitudinal vulnerability monitoring to track evolving threats, real-world validation studies to assess clinical impacts, and advanced privacy technologies like federated learning to enhance data protection. Collaboration with regulators to develop specific AI mental health guidelines and stakeholder-centered design approaches incorporating patient and clinician perspectives will ensure ethical, secure, and effective systems, addressing current gaps and promoting equitable mental health care (Wiese & Friston, 2021; Dwork et al., 2014).

5	Conclusions and Recommendations
This study developed a mixed-methods framework to evaluate hyper-personalized AI feedback systems for mental health in home environments. The analysis revealed significant ethical challenges, including privacy erosion, autonomy reduction, and strained therapeutic relationships due to continuous monitoring. Cybersecurity assessments identified critical vulnerabilities, with 45.3% of issues rated high to critical, threatening patient safety and data integrity. An integrated framework combining ethical principles and cybersecurity best practices was successfully formulated, achieving balanced performance in top systems (e.g., System 5, integrated score 0.863). Despite robust results, challenges like inconsistent ethical compliance and evolving threats highlight the need for standardized frameworks and adaptive security measures.
Recommendations
Future research should develop standardized ethical guidelines for AI mental health systems, prioritizing transparent consent and bias mitigation. Implementing advanced privacy-preserving technologies, such as federated learning, can enhance data security while maintaining therapeutic efficacy. Real-world trials in diverse home settings are essential to validate framework scalability and effectiveness. Collaborative efforts among developers, clinicians, and regulators should establish universal cybersecurity benchmarks for mental health AI. Additionally, adaptive algorithms that evolve with emerging threats and incorporate patient feedback will ensure resilient, equitable, and patient-centered systems, fostering trust and efficacy in home-based mental health support.
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