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1|Introduction    

In the modern world, sensitive data in different fields are prone to data breaches [1], [2]. One such data source 

is patient data in healthcare. Health care is a field where sensitive data highly needs security and privacy; 

considering fields like psychiatry, the data is highly sensitive where the patient records containing health 

history, diagnostic evaluations, therapy notes, patient narratives, and session transcripts, which, when 
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Abstract 

In this digital era, secure management of psychiatric data has become a key challenge due to the highly sensitive nature of the 

information it encompasses- from personal histories to therapeutic notes and behaviors up to diagnostic findings. Its unauthorized 

access or inappropriate handling might lead to privacy breaches, discrimination, and further erosion of trust in these mental health 

systems. This paper discusses how two disruptive technologies, Large Language Models (LLM) and blockchain, come together 

to address these challenges. The LLM is particularly good at analyzing unstructured data and, as such, provides deep, insightful 

clinical analytics for personalized mental health interventions while maintaining patient confidentiality. Blockchain technology 

ensures data integrity, immutability, and decentralized storage for the robustness of security and controlled access to sensitive 

psychiatric records. The combination of technologies will yield a secure, efficient, and privacy-preserving system for managing 

psychiatric data, advanced clinical decision-making, and trust protection of patients. The proposed framework will include a 

blockchain-based decentralized storage layer, a data analysis layer powered by LLMs, and a secure interface for controlled access 

to data with ethical and regulatory compliance. This integration is a significant step forward in attending to the special needs that 

psychiatric data management presents within healthcare.  
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  neglected may lead to privacy violations, damage patients trust and affect clinical outcomes [2]. The healthcare 

industry faces major database security challenges driven by sensitive information and HIPPA regulations. Due 

to its highly sensitive nature, psychiatric data requires stringent security measures to prevent breaches and 

ensure confidentiality. 

Advanced technologies and sensitive medical data present unpredicted challenges, which can be seen more 

evidently in different healthcare management systems but most prominently in psychiatric care. The 

combination of two cutting-edge technologies, Large Language Models (LLM) [3] and blockchain 

technologies [4]. The management of psychiatric data is one of the major concerns in health care. The patient 

records include sensitive information like personal histories, diagnoses, treatment plans, behavioral data, and 

notes from therapy sessions. Unauthorized access to such data can pose severe consequences to the patients, 

both physically and mentally. Traditional database systems that cannot manage such confidential information 

are functional and often can't provide a high level of data security and data privacy.  

The two primary technologies, LLM's and blockchain technologies, when worked together, work as barriers 

for most prominent and sensitive data.  

1.1|Large Language Models 

I. Interpret and analyze large unstructured data. 

II. Facilitate data analysis.  

III. Decision support by maintaining patient privacy.   

 1.2|Blockchain  

I. Handles immutable records keeping for data integrity. 

II. Provide decentralized data storage not relying on traditional systems. 

III. A secure foundation for storing and accessing sensitive data.   

When both technologies work together, they form an effective system for managing psychiatric data and help 

prevent data breaches. 

1.3|LLM’s and Blockchain Technologies 

These integrated advanced technologies provide significant development in healthcare, especially in 

psychiatry, where large amounts of complex and sensitive data can be found. Incorporating these technologies 

ensures proper management and analysis of large unstructured data. It also ensures privacy regarding 

behavioral data, diagnosis tests, unstructured therapy notes, and confidential patient information and helps 

provide proper clinical analysis for doctors.  

These technologies are often distinct from traditional methods as they can effectively work with large amounts 

of unstructured data while maintaining privacy and high security. 

Blockchain technology is uniquely distinguished for allowing secured storage, limited access to data, integrity, 

and transparency. On the other hand, LLMs are well known for their Natural Language Processing (NLP) 

capabilities, which ensure the analysis of large unstructured data, tracking the latest trends, and providing 

accurate treatment. When implemented together, both focus entirely on ensuring data storage, privacy, 

analytics, and proper meaningful insights.  

When combined [5], these advanced technologies work as barriers to securing large amounts of data and 

confidential data, which are more prominent in the healthcare industry and, more specifically, in psychiatry. 
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  2|Literature Review 

The intelligence era is upon us, and the LLM are storming worldwide. These models are revolutionizing how 

we interact with technology and have demonstrated exceptional capabilities in tasks such as reasoning, 

summarization, inference, etc. Due to this, they are widely applicable in fields like finance, healthcare, 

marketing, analytics, etc. Organizations are moving fast and waste no time incorporating these technologies 

into their products. Fundamentally, these models are trained on vast amounts of existing data. However, it is 

important to understand that the data security requirements vary across sectors, and some are more stringent 

than others. The healthcare sector is a highly regulated industry governed by stringent laws like the Health 

Insurance Portability Act (HIPAA). This ensures that high data security, confidentiality, and integrity 

standards are maintained for patient health information, and exposure to personal data could have serious 

consequences for the organization. Given the huge potential of LLMs in healthcare, the strict data security 

regulations cannot hold back its applicability in the industry. To address the security needs of the healthcare 

sector, incorporating blockchain with LLM has been recommended [6]. Further, this literature survey will 

examine current research on LLMs in mental health care and the challenges and ethical considerations 

surrounding their use. 

LLMs have demonstrated remarkable abilities in comprehending human language and its sentiment, 

demonstrating huge potential for application in psychiatric care. The review by Smith et al. explored using 

LLMs like ChatGPT in psychiatric care. They noted the remarkable potential of LLMs in clinical reasoning 

and the ability to assist in diagnosing mental health disorders, managing depression, etc. LLMs could offer 

personalized assistance to patients and aid them in overcoming their clinical conditions. However, they also 

highlighted the limitations of these models in understanding complex cases and underestimating the suicidal 

risks in patients [7]. 

A systematic review of blockchain technology in healthcare was conducted by Agbo et al. [8], exploring the 

potential of blockchain in various healthcare-related fields. It highlighted blockchain's ability to enhance the 

confidentiality and security of healthcare data. Moreover, it could also facilitate the secure sharing of medical 

information amongst hospitals, thereby improving the interoperability of healthcare systems. This increases 

the transparency of the healthcare system and renders data tampering practically impossible. It also grants the 

patients greater control over their healthcare data. However, the review also identified challenges that may 

arise from adopting blockchain technology. The healthcare industry handles huge volumes of data stored in 

various formats. Implementing blockchain technology at this scale may lead to scalability issues and challenges 

from blockchain integration with existing systems. Given the industry's highly regulated nature, compliance 

with regulatory norms and data protection laws may pose a challenge. The immutable nature of blockchain 

records may be a drawback in specific scenarios as it may cause privacy concerns. Hence, there is a need to 

build consensus over the use of blockchain in healthcare and its implementation and integration with the 

existing systems. 

The paper "future of digital health with federated learning" argued that the immense potential of machine 

learning models in healthcare was curtailed because huge volumes of data are restricted in silos, and privacy 

concerns often prevent their usage [9]. It proposes using federated learning to assuage data privacy concerns 

and simultaneously unlock the true potential of the data. Federated learning is a decentralized learning process 

where the machine learning models are trained on the data stored locally in the system. Hence, it satisfies the 

industry's data protection requirements and, at the same time, allows insights to be gained from the distributed 

datasets. As discussed, blockchain relies on the decentralization of data to ensure the entire system's security. 

Likewise, in federated learning, models are trained on the edge devices, and the data never leaves the local 

systems. A similar approach could be employed for language models that are developed using federated 

learning, thereby satisfying the data requirements of the industry and enabling insights to be gained from it. 

Since artificial intelligence models rely heavily on data quality and representativeness, biases, and inaccuracies 

can be perpetuated [10]. Also, given that LLM are trained using neural networks, they operate as black boxes 



Database security in psychiatry: leveraging large language models and blockchain for … 

 

4

 

  having very low interpretability. Hence, it may be challenging for psychiatrists to understand the reasoning 

behind the AI-generated responses. Artificial intelligence systems may struggle to understand the minor 

nuances in human speech, such as sarcasm and exaggeration. Language models may not adequately capture 

the time-varying nature of mental disorders, and over-reliance on AI-generated responses may prove 

detrimental in critical situations. Also, the accountability for life-threatening events that AI-generated 

responses may cause is poorly defined. The loneliness caused by the digital revolution may be exacerbated by 

the use of AI, especially in situations where human experiences and empathy are paramount [10]. The 

immense potential of AI in healthcare is undeniable. However, at this stage, it may be prudent to use AI to 

help psychiatrists better understand their patients and help them diagnose rather than permitting the language 

models to provide unsupervised guidance to patients. 

3|Methodology 

3.1|Data Collection in Psychiatry 

Structured assessments, including specialized insight scales, psychological questionnaires, personality 

inventories, and clinical interviews are very important in the diagnosis of mental disorders and in gauging the 

patients' insight or awareness of their illness. These assessments enable clinicians to study the multiple 

dimensions within the patient's self-awareness of the mental state regarding his surroundings and the intent 

to learn about one's condition. For example, the insight scales elaborated for specific disorders, such as 

schizophrenia or depression, use detailed questionnaires to probe into awareness of hospitalization, attitude 

toward mental illness, and mastery over one's situation. In turn, insight assessment may give qualitative and 

quantitative information about patient improvement, allowing clinicians to monitor changes in self-concept 

and symptom awareness over time. These assessment findings also yield data on insight into an association 

with the severity of illness for an overall representation of a patient's mental health status and course [11]. 

Notes from the therapy sessions: unstructured data, such as the therapist session notes or therapy session 

transcripts, is full of sensitive information regarding patients and case histories and expressions about 

emotions, helping to understand the patient's mentality in a subjective manner. 

Diagnostic tools and test results: examples include standardized diagnostic tools such as the DSM-5 and 

psychometric tests, like PHQ-9 and GAD-7 for depression and anxiety, respectively, that provide structured 

quantitative data on the status of mental health. 

Behavioral data: behavioral data includes observed behaviors, treatment responses, and real-time monitoring 

when using digital tools or apps. This gives it a digital dimension, considering that it may come from wearables 

or mHealth applications. 

Medication and treatment plans: medical and treatment plans will contain prescribed medication, including 

dosages and treatment outcomes. This information enables tracking of treatment effectiveness and adherence. 

This is a very diverse type of data, adding to the psychiatrist's knowledge of the patient. Its sensitive nature, 

demanding storage securely and restricted access, makes management very complex. 

3.2|Data Sensitivity and Security Needs 

High sensitivity of psychiatric data: mental health data is highly personal [12]; it contains data about patients' 

trauma experiences, behavior, interpersonal relationships, and even mental states. This makes the data very 

sensitive because disclosing it improperly may affect a patient's privacy and security. 

Vulnerability to abuse: psychiatric data, if accessed without authorization, could lead to severe impacts such 

as social ostracism, discrimination, or even harm to self or others. For example, disclosures on mental health 

may affect a person's chances of getting employment, insurance eligibility, or even their relationships. 

Legal and ethical compliance: regulative frameworks, like HIPAA in the United States, raise the bar with strict 

protection of privacy for health care data, including those on mental health. Ethical standards in psychiatry 
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  also require that the data not only be correct but also stored in a manner that respects patient confidentiality 

and protects it legally. 

Secure data collection and storage: data sensitivity, vulnerability, and other compliances have created the need 

for secure data storage systems that offer controlled access, immutability, and transparency. Blockchain [13–

15], combined with access controls and encryption, provides just the right solution. It provides data privacy 

on the one hand and enables authorized use to do analytics or even treatment monitoring on the other. 

Access control and traceability: any secure system should log onto those who accessed data so that traceability 

is enabled only to authorized personnel, leaving clear touch points. This helps increase accountability, 

particularly when data is used for research or AI-based analysis. 

3.3|Implementing LLMs for Data Analysis in Psychiatry 

With LLMs, the range of psychiatric data analysis is huge, clinical insight is enhanced, and patient care is 

enhanced [16]. The nature of data collection in psychiatry encompasses several unstructured forms, such as 

therapist notes, session transcripts, and assessment summaries. LLMs use NLP techniques to decode complex 

language forms and extract information, such as identifying the sentiment or emotional tone in a patient's 

speech, which is essential when monitoring mental health. For instance, LLMs may pick up minute linguistic 

cues of changing a patient's mental state, giving broader insight into the patient's emotional status [17]. With 

topic modeling and summarization, LLMs systematize information from several sessions to effectively allow 

clinicians to review patient history and symptom changes without going through vast notes. The synthesis 

and prioritization capability further enhances patient monitoring and allows practitioners to rivet their 

resources on a few important areas that really need intervention. 

 Privacy-preserving approaches can be integrated into LLMs using differential privacy techniques. These 

introduce controlled statistical noise, anonymizing individual data points but leaving the aggregate analysis 

intact. Therefore, such measures allow LLMs to generate insights without risking patient confidentiality, 

which is central to maintaining trust in AI-enhanced psychiatric tools. Using the former, through analyzing 

general patterns rather than specific ones and thus shielding sensitive information regarding patients, LLMs 

can significantly assist clinicians in grasping broad mental health trends and personalizing treatment. Applying 

LLMs in psychiatry would enhance the diagnosis and precision of therapy. At the same time, all benefits 

would be lucratively secured responsibly through given privacy safeguards. 

Despite the advantages, implementing LLMs in psychiatry raises essential challenges concerning data bias, 

ethical considerations, and transparency [18]. LLMs would be trained on large datasets, which tend to expose 

models to socio-cultural biases that might afterward affect clinical acumen unintended and result in biased or 

unfair assessments. In mental health, this might be particularly problematic, as behavioral misinterpretation 

based on demographic or cultural variables may occur. Therefore, these LLMs in psychiatry should be trained 

on carefully curated data, reflecting balanced perspectives, so that bias becomes minimal and the model 

outputs align with accurate and just mental health assessments. 

The sensitive nature of psychiatric data also builds up very strong demands regarding ethical practices 

concerning privacy and informed consent. Any unauthorized access or improper data handling might result 

in a serious breach of confidentiality for a patient. It might slowly lead to losing confidence in using AI 

technologies within healthcare. Psychiatric institutions must use robust anonymization processes and clearly 

inform patients about the usage and analysis their data will be put to. Similarly, building clinician confidence 

requires transparent and explainable AI practices. As many LLMs are black-box models, it might be non-

intuitive for the clinician to understand how some conclusions have been derived. By using explainability 

techniques, such as summarized insight or confidence scores, clinicians will more easily validate and build 

trust in LLM output and thoughtfully integrate it into patient care. 

Besides data privacy and transparency, patients' autonomy must be preserved by being entitled to consent to 

or opt out of analyses based on LLMs. Thus, the added advantage of accessing data with controls is that it 
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  secures such information against unauthorized access, which also aligns the application of the LLM to privacy 

and ethical standards. These ethical measures form a basis for responsible use that, together with technical 

safeguards, enables AI to support mental health care in ways that put the welfare of patients first and uphold 

clinical integrity. 

3.4|Blockchain for Psychiatry-Ensuring Security of Data Storage 

Coupled with blockchain technology, which securely stores psychiatric data, is a revolution in the mental 

health sector's data management field. The decentralized and immutable nature of the blockchain especially 

applies to handling sensitive psychiatric information, where confidentiality and data integrity are the primary 

concerns. Psychiatric records often contain highly sensitive personal data; if unauthorized access or alteration 

occurs, it may interfere with the patient's privacy and trust. It enables blockchain technology to meet these 

challenges by storing data transparently and effectively controlling access based on cryptographic mechanisms 

and identification protocols. 

3.4.1|Designing a blockchain solution for psychiatric data  

Psychiatric data stored using a blockchain solution provides security and tamper evidence through 

cryptographic techniques. Data about each patient can be encrypted and kept in a distributed ledger, with 

access controlled by cryptographic keys. Only the corresponding decryption keys, held by authorized parties 

such as designated clinicians or other authorized healthcare providers, could view or update the information 

and, therefore, keep patient information confidential [8]. This can be achieved by implementing asymmetric 

cryptography, in which one participant has a private key, kept secret, and a public key that lets others verify 

their identity without revealing the private information [19]. This creates opportunities for strict control over 

access on a very granular, role-based level, preventing unauthorized exposure or editing of sensitive data. 

Moreover, immutability in blockchain means that data cannot be removed after being recorded or 

retroactively altered [20]. Any modifications are written as new entries, leaving the original recordings intact, 

thereby allowing for an audit trail that is quite transparent and really states who accessed or changed 

information related to a patient. In psychiatric contexts where data integrity bears consequences in clinical 

decision-making, this kind of auditability is demanded. In addition, permissioned blockchain architectures, 

such as Hyperledger Fabric, can be used interchangeably to introduce an additional layer of access control, 

allowing access to selected nodes within the network only to the owner. Thus, in such scenarios, only certified 

network participants, such as licensed psychiatrists or institutional administrators, would be authorized to 

participate and, by doing so, further minimize unauthorized access or potential data breach incidents. 

3.4.2|Interfacing LLMs with blockchain 

Things become further complicated when LLM are given access to psychiatric data stored in blockchains. 

This requires creating a method that allows LLM to securely interface with blockchains, where data access 

and model analysis can only be performed with proper oversight [21]. This is the point at which a secure API 

or oracle would serve as a bridge between the LLM and the blockchain. This means that the oracles fetch 

only selected data from the blockchain, depending on what the AI model queries. This way, LLMs will not 

directly access raw blockchain data but get only relevant and authorized information. This structure will also 

ensure that data integrity is maintained and that the LLM is not allowed uncontrolled access to sensitive 

patient records. 

To ensure that the data is kept secure during this interface, each data request by the LLM could be validated 

via a smart contract [22]. These smart contracts, baked into the blockchain, verify a requester's identity and 

permission level before divulging data. This approach avoids requests for unauthorized or unwarranted access 

and safely automates interaction with the blockchain and LLM. Additionally, methods of encryption and 

anonymization can be employed such that even LLMs receive data in de-identified form, according to privacy 

standards such as HIPAA. 
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  Time-stamped and immutable records from blockchain further enhance the security of LLM integrations by 

providing tamper evidence logs for each access request and interaction. When training LLMs on trends in 

aggregate data is necessary, this may be done using privacy preservation techniques such as federated learning 

or differential privacy. While LLMs learn psychiatric data, they do so without compromising individual 

patients' privacy and also follow the ethical use of such data for mental healthcare. 

4|Integration of Blockchain and LLM for Psychiatry Medical Care 

This system will integrate blockchain technology with LLM to enable secure and efficient psychiatric care. 

The system's design should collect, store, and analyze sensitive psychiatric data with an emphasis on data 

privacy, integrity, and access authorization, furthering clinical insights through AI-driven data analysis. 

4.1|System Components 

Data collection and storage layer (blockchain): data come from psychiatric data, including structured 

assessments-for example, insight scales, and diagnostic questionnaires-unstructured sources, such as therapist 

notes and session transcripts, behavioral data, like real-time monitoring with wearable devices, and treatment 

records, such as lists of medications and dosages. 

Storage: each entry will be encrypted and stored in a decentralized, tamper-proof ledger by a permission 

blockchain like Hyperledger Fabric. Because this is blockchain, any entry in the database is traceable and 

immutable, and each entry will show timestamp information about the identity of authorized personnel who 

accessed it. 

Control access: asymmetric encryption only makes Patient information available to authenticated users, 

clinicians, and other caregivers. Data is protected by cryptographic keys in that no third party can access the 

data except a select few who have been allowed to decrypt the keys; thus, there is data confidentiality and 

consideration of privacy laws such as HIPAA. 

4.2|Layer of Data Processing and Analysis 

Unstructured data NLP: the LLM will process unstructured text from the therapy notes, session transcripts, 

and patient self-assessments; perform the overall sentiment and topic modeling to provide insight into the 

patient's state of mind, their behavioral modifications, and improvement that the clinicians review for 

temporal monitoring of mental health. 

Data summarization and prioritization: LLM summarizes patient history to identify symptoms or areas that 

need intervention, saving clinicians the work of going through voluminous notes manually. It will also track 

subtle linguistic changes that may signal shifts in mental health features, which will be particularly useful for 

early detection and response to changes in mental health conditions. 

Privacy-preserving data processing: a classic example is differential privacy, a technique that allows LLM to 

analyze the trend across patients with assurance that individual patient data is anonymous and, hence, 

confidential while supporting personalized and population-level insights. 

4.3|Secure API/Oracle 

Data bridge: an intermediary could allow controlled data access based on pre-defined permissions in the 

interaction between the blockchain and the LLM. This oracle fetches relevant data fields from the LLM but 

does not reveal raw data from underneath the blockchain. 

Smart contracts for validation: each request for data is first validated by smart contracts, which ensure that 

only the authorized queries are returned. This would prevent unauthorized access because smart contracts 

impose permissions and audit each interaction with the LLM. 



Database security in psychiatry: leveraging large language models and blockchain for … 

 

8

 

  Anonymization and encryption: the interfacing layer further anonymizes data as required and ensures that all 

privacy standards are satisfied without exposing sensitive identifiers to the LLM's data processing pipeline. 

4.4|Audit and Compliance Module 

Access logs: the blockchain log's immutable record logs each access or modification request, leaving a clear 

audit trail that traces data interactions. This level of transparency enhances accountability and can be reviewed 

against compliance or auditing purposes. 

Real-time alerts: each unauthorized attempt to access or modify data will trigger alerts to the administrator 

for timely responses in case of a possible security breach. This ensures that psychiatric records remain intact 

and unviolated. 

Patient consent management: the patient may grant or revoke consent to perform certain analytics on their 

data. The system will register the patient's preferences transparently using the blockchain. This gives the 

patient control over how their data are used and adheres to ethical guidelines related to informed consent. 

Fig. 1. System design. 

 

5|Conclusion 

Integration of blockchain and LLMs for sensitive psychiatric data: blockchain is a decentralized, immutable 

ledger that allows unparalleled security, transparency, and access to data, while LLMs are advanced in 

uncovering meaning from unstructured data and providing clinical insights. Put together, these technologies 

meet the challenges of protecting psychiatric data from breaches, ensuring regulatory compliance, and 

protecting patient confidentiality. 

A synergy that offers a better guarantee of security and integrity for psychiatric records and advances quality 

in care through data-driven, personalized interventions. The sensitive data analytics are done responsibly and 
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  ethically as the proposed system design incorporates secure APIs, techniques that preserve privacy, and real-

time monitoring. This integration is poised to disrupt psychiatric data management by empowering clinicians 

with actionable insights while ensuring patient privacy, enabling trust, improving outcomes, and setting a new 

standard in innovation for mental health. 
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