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Dementia poses major challenges to healthcare worldwide. Traditional diagnostics rely on lengthy
assessments, and access to specialist clinicians is limited. Large language models (LLMs), like Genera-
tive Pre-trained Transformer 4 (GPT-4) present new avenues for enhancing dementia diagnosis and care
through advanced language processing. Whilst research into their applications is in its infancy, LLMs
can harness vast datasets and powerful algorithms, with significant potential to enhance diagnostic
accuracy in dementia, monitor symptom progression, and provide personalised care recommendations.
While dementia serves as the primary example, the ethical and practical considerations discussed are ap-
plicable to the wider use of LLMs across different areas of medicine. This review explores the prospect
of LLMs transforming dementia management and addresses the ethical and practical considerations
involved.
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Introduction

Neurodegenerative dementias cause progressive cognitive decline. This has
a devastating effect on both those diagnosed and their families. With an ageing
global population, neurodegenerative diseases have become an urgent healthcare
challenge. Over 55 million individuals are currently living with dementia world-
wide and this is expected to increase to 115.4 million in 2050 (Prince et al, 2013).
The development of new amyloid-targeting drugs for Alzheimer’s Disease adds to
the strain on diagnostic services, as they necessitate precise and early detection of
amyloid pathology for disease modification (Koychev et al, 2024). Additionally,
neurocognitive diagnostic assessments are often inaccurate, with approximately
one-quarter of patients receiving a different dementia diagnosis at autopsy (Gau-
threaux et al, 2020). Innovative solutions are needed to improve dementia diagno-
sis, treatment, and caregiving, reducing the global burden of the disease.

Advanced artificial intelligence (Al) tools, such as large language models (LLMs),
offer significant promise in healthcare (Min et al, 2023). LLMs are an advanced
form of natural language processing (NLP). Unlike early rule-based NLP systems,
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modern LLMs have greatly evolved (see Supplementary Fig. 1, for details). De-
veloped using advanced neural networks and transformers (Hughey and Krogh,
1996), LLMs are capable of understanding and generating natural language. They
are also capable of processing vast amounts of medical data. This capability is be-
ing harnessed to improve memory assessment and intervention by analysing clin-
ical records, speech patterns, and neuroimaging data. It could be transformative
for diagnostics, treatments, and patient-caregiver communication in dementia care
and research (Meng et al, 2024). However, they also present ethical, practical, and
scientific challenges (Li et al, 2023). This review examines the benefits and risks
of using LLMs in diagnosis and treatment, using dementia as an example, aiming
for their informed and careful integration into practice.
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Fig. 1. Architecture and functioning of large language models (LLMs). This figure illustrates
the steps involved in processing text data using a transformer-based LLM architecture. The process

begins with Input Processing, where diverse data sources, such as medical records and patient ques-
tionnaires, are tokenised and embedded. The Transformer Encoder and Decoder components apply
multi-head attention and positional encoding to understand the context and relationships within
the text, supporting the generation of human-like output. In Output Processing, the model pro-
duces example outputs like diagnostic suggestions and risk assessments, which may aid clinicians
in evidence-based decision-making. The Feedback Loop enables continuous learning, improving
model accuracy over time with additional data. Software used for figure creation: Microsoft Pow-
erPoint (Stable release 2013; Microsoft, Redmond, WA, USA).

Fig. | shows transformer-based LLM architecture. Examples of LLMs include
Google’s bidirectional encoder representations from transformers (BERT) (Devlin
et al, 2019) and Chat Generative Pre-trained Transformer (ChatGPT) (Radford et
al, 2019). Several companies have developed open-source LLMs, which could be
adapted for academic or clinical use (See Supplementary Material for examples
of these). The process of LLM training, shown in Table |, demonstrates how these
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Stage Pre-training Fine-tuning In-context learning

Objective Teach general linguistic and health- Specialise the model in dementia- Adapt the model to patient-specific
care patterns specific domains needs during interaction

Method Train on a large corpus, including Continue training on dementia Use patient-specific prompts, such
healthcare texts datasets and clinical guidelines as ‘Provide caregiver information’

Outcome Encodes general medical knowl- Enhances dementia-specific diag- Provides personalised and contextu-
edge nostic and care capabilities ally relevant responses

Type Adjusting model weights Adjusting model weights Enhancing patient interactions with-

out altering model structure

Computational Intensity

High

High

Low

Relevance to neurodegen-
erative conditions

Learns general dementia concepts,
such as symptoms and terminology

Specialises in diagnosing and man-
aging dementia subtypes

Adapts responses to support users
(e.g., caregivers or clinicians) with
real-time feedback

Key references

(Vaswani et al, 2017)

(Min et al, 2023)

(Weietal, 2022; Yao et al, 2024; Ya-
sunaga et al, 2024)
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models could be tailored to improve diagnostic accuracy and management of pa-
tients with neurodegenerative conditions.

After training, LLMs can incorporate additional knowledge using techniques
like Retrieval-Augmented Generation (RAG), which integrates external, up-to-date
data. This approach could be particularly useful for evidence-based recommenda-
tions and clinical decision support in memory assessment and therapeutics. RAG
could be used to improve diagnostic accuracy by combining real-time patient data
with clinical knowledge. However, to ensure relevant and coherent responses in
dementia contexts, high-quality data and seamless integration are essential, and
validation in neurocognitive clinical settings is needed (Chen et al, 2024; Gao et al,
2024).

Machine Learning in Dementia

Machine learning (ML) methods are established in dementia research. ML in-
cludes techniques like Support Vector Machines (SVMs), random forests and con-
volutional neural networks (CNNs). For instance, various ML algorithms have
been used to analyse neuroimaging data to detect early signs of Alzheimer’s Dis-
ease, with deep learning models achieving high accuracy in identifying Alzheimer’s
years before clinical symptoms appear (Borchert et al, 2023). ML can also enhance
insights from cognitive testing data, potentially improving the accuracy and scala-
bility of neurocognitive screening tools (Li et al, 2022). ML can identify speech
and linguistic markers associated with cognitive decline (Brewer et al, 2021) and
electroencephalogram (EEG) features that could serve as biomarkers for diagnosis
and disease progression (Jiao et al, 2023).

ML with multi-modal data could improve dementia diagnostic accuracy. For
example, a recent study tested a multi-modal ML model designed to perform differ-
ential diagnosis of dementia using a variety of data including demographics, med-
ical history, neuroimaging, and neuropsychological assessments. The model was
validated on over 51,000 participants from diverse datasets and demonstrated high
accuracy in distinguishing between normal cognition, Mild Cognitive Impairment
(MCI), and dementia, as well as different dementia etiologies. The model outper-
formed clinician-only assessments, aligning with biomarker and postmortem find-
ings, suggesting its potential for integration into clinical settings to enhance mem-
ory screening and management (Xue et al, 2024). An example of a ML model
predicting progression from Mild Cognitive Impairment to Alzheimer’s Disease is
summarised in Box | (Lin et al, 2020). However, none of these ML methods has
yet crossed the translational divide into routine clinical care.

Emerging Applications of LLLMs in Dementia
Research and Clinical Care

While traditional ML models have shown great promise, particularly in the
diagnosis of neurodegenerative diseases, LLMs are emerging as powerful comple-

mentary tools (Zheng et al, 2025). Their abilities go far beyond processing and
generating human language. LLM techniques can be combined to allow integra-
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tion of narrative information, such as the history provided by a patients’ caregivers,
alongside biomarkers, including neuroimaging using embedded neural networks
and ML algorithms (Feng et al, 2023). Although the field of LLMs in dementia
is still nascent, the integration of these models with established ML methods will
significantly enhance both research and clinical practice (Meng et al, 2024).

This case study demonstrates an ML model, specifically an Extreme Learning
Machine (ELM), which combines multiple types of data to predict Mild Cogni-
tive Impairment to Alzheimer’s Disease (MCI-to-AD) conversion with enhanced
accuracy.

Data Sources and Processing

* MRI: Provides detailed images of brain structure, allowing for the assess-
ment of atrophy patterns in areas commonly affected by AD.

* FDG-PET: Measures glucose metabolism in the brain, with reduced
metabolic activity often observed in AD-affected regions.

* CSF Biomarkers: Levels of amyloid-beta and tau proteins are early indi-
cators of AD pathology and are increasingly measured in clinical practice.

* Genetics: Information on APOE €4 status, a genetic marker associated
with higher AD risk, adds a hereditary risk factor to the analysis.

Machine Learning Model — Extreme Learning Machine (ELM)

* Each data type (MRI, FDG-PET, CSF, and genetics) was first analysed
individually to produce scores that indicate how closely an MCI patient’s profile
resembles those of AD or control groups.

* These scores were then combined and processed through the ELM model,
which produced a final prediction on whether the patient’s MCI would likely
progress to AD.

Results

* This multimodal ML approach achieved an 84.7% accuracy in predicting
MCI-to-AD conversion over a 3-year period.

* When compared to using single data sources, integrating multiple data
types improved prediction accuracy by about 10%.

Box 1. Case Study—The Extreme Learning Machine: Using Machine Learn-
ing to Predict Alzheimer’s Disease Conversion from Mild Cognitive Impair-
ment (Lin et al, 2020). Acronyms: ML, Machine Learning; AD, Alzheimer’s Dis-
ease; MRI, Magnetic Resonance Imaging; FDG-PET, Fluorodeoxyglucose Positron
Emission Tomography; CSF, Cerebrospinal Fluid; APOE, Apolipoprotein E.

Models based on Google’s BERT are established in genomics, methylomics
and transcriptomics research (Liu et al, 2024). For example, a version of BERT
trained on genomic data—known as DNABERT—has shown state-of-the-art per-
formance in predicting which segments of the genome are regulatory elements (Ji
et al, 2021). This will improve the annotation and interpretation of genomic data,
facilitating the identification of genetic risk factors for dementia (Ji et al, 2021).
There are hopes that the application of LLMs in molecular biology, trained on large
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proteineamic datasets, could enable researchers to pinpoint novel drug targets for
neurodegenerative conditions (Tripathi et al, 2024). This is a major area of invest-
ment in the pharmaceutical industry at present (Arnold, 2023).

LLMs can streamline the analysis of scientific literature, aiding systematic re-
views in dementia. For example, a recent study tested a number of open-source
LLMs with different prompt designs to screen titles and abstracts based on prede-
fined inclusion criteria (Dennstadt et al, 2024). They reported that some classifiers
and models achieved high sensitivity and specificity, but noted that such techniques
remain exploratory and should not be relied on (Dennstadt et al, 2024).

Recruitment of memory clinic patients to clinical trials could be streamlined us-
ing LLMs. In a detailed experiment, Yuan et al (2024) tested a version of BERT for
improving patient-trial matching in healthcare. They used data from the electronic
health records (EHR) of stroke patients, and from Medical Information Mart for In-
tensive Care (MIMIC-III), a well-known critical care database, alongside clinical
trial criteria from stroke studies. Their proposed pipeline, LLM-based Patient Trial
Matching (LLM-PTM), used privacy-conscious methods to augment the language
model with patient data. The enriched semantic knowledge produced a 7.32% im-
provement in patient-trial matching and a 12.12% increase in generalisability (Yuan
et al, 2024). Such techniques could be particularly useful for expedited recruitment
to trials of new dementia therapies. Similar methods could be applied to facilitate
EHR-based studies focused on understanding disease progression and evaluating
the efficacy of treatments (Wang et al, 2023).

Clinical applications of LLMs in neurocognitive disorders are still in the ex-
perimental phase. Speech analysis for detecting cognitive impairment is the most
advanced application of LLMs, with several studies using actual patient data (Ag-
bavor and Liang, 2022; Bang et al, 2024; Cohen and Pakhomov, 2020; Guo et al,
2019). Box 2 shows a Case Study of this. This approach has shown promise in
identifying early signs of cognitive decline through the analysis of language pat-
terns, and distinguishing Alzheimer’s Disease patients from healthy controls (Bang
et al, 2024). It is a potential non-invasive LLM tool for detecting dementia.

Several groups have conducted proof-of-concept studies using simulated clini-
cal data. LLM tools aiming to provide cognitive support, enhance social interaction,
and offer companionship for individuals with dementia are in development (Favela
et al, 2023; Hossain et al, 2024). One study used simulated patients to investigate
the potential to automate cognitive stimulation therapy for neurodegenerative dis-
eases (Favela et al, 2023). Others have assessed the quality of LLM responses to
dementia caregivers’ questions, using either simulated scenarios and dialogues, or
questions taken from social media (Aguirre et al, 2024; Saeidnia et al, 2024). Gen-
erally, the LLM provided high-quality information that was relevant to the scenario,
although it lacked knowledge about the patient’s context (Aguirre et al, 2024; Saei-
dnia et al, 2024). This is a significant limitation, as contextual information, such
as the structure of local health and social care services, is particularly important in
dementia care.
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This study tests the effectiveness of using a large language model, GPT-3, to assess
dementia through spontaneous speech. Language impairment, an early indicator
of Alzheimer’s Disease (AD), manifests in speech patterns, vocabulary use, and
sentence structure. By analysing these characteristics, GPT-3 can assist in early
diagnosis without the need for invasive tests.

Methodology

1. Speech-to-Text Conversion: Audio recordings of patient speech were
converted to text using Wav2Vec 2.0, a model designed for accurate speech tran-
scription.

2. Text Embeddings with GPT-3: GPT-3 generated text embeddings (vec-
torised representations) from the transcribed speech. These embeddings capture
linguistic nuances, such as word choice, syntax, and semantics, which are rele-
vant for detecting cognitive decline.

3. Classification and Prediction: Machine learning models, including sup-
port vector classifiers and random forests, were trained using the GPT-3 embed-
dings. These models performed two key tasks:

o AD Classification: Differentiating between individuals with AD and
healthy controls based solely on speech data.

o Mini-Mental State Examination (MMSE) Score Prediction: Pre-
dicting cognitive test scores from speech features.
Results

* GPT-3 embeddings significantly outperformed traditional acoustic feature-
based methods, achieving high accuracy in both AD classification and MMSE
score prediction.

* Notably, the GPT-3-based approach was competitive with fine-tuned mod-
els, demonstrating the potential for LLMs to serve as effective tools in dementia
screening.

Box 2. Case Study—Predicting Dementia from Spontaneous Speech Using
GPT-3 (Agbhavor and Liang, 2022). Acronyms: GPT-3, Generative Pre-trained
Transformer 3; LLM, Large Language Model.

LLMs are being studied as potential clinical decision-making tools for diag-
nosing neurocognitive diseases. The LLM was presented with clinical vingettes
including descriptions of their patients’ complaints, physical examination, as well
as biomarkers, neuroimaging findings, and neuropsychological data, and was asked
to give the likely dementia subtype diagnosis. The results demonstrated clear con-
cordance with human raters, albeit in a very small sample of synthetic cases (E] Haj
et al, 2024).

The attention mechanism used in many LLMs is particularly well-suited for
analysing multi-modal data. A recent study applied ChatGPT to the problem of
Alzheimer’s Disease diagnosis (Feng et al, 2023). Feng et al (2023) used pub-
licly available data from the Alzheimer’s Disease Neuroimaging Initiative (ADNI)
dataset, which includes clinical, neuropsychological, genetic, and imaging data.
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Table 2. Comparison of traditional methods vs. potential LLM-enhanced clinical methods
for neurocognitive disease assessment and management.

Aspect Traditional methods LLM-enhanced methods Reference
Clinical data collec- Manual data entry from Ambient voice recording and wear- (Topol, 2019)
tion patient visits able devices, integrated with Elec-
tronic Health Records (EHR)
Data processing Typically based on clin- Advanced natural language process- (Jiang et al, 2021)
ician judgment ing (NLP) and machine learning algo-
rithms
Risk identification  Typically based on clin- EHR data-driven risk factor identifi- (Andrews et al, 2024)
ician judgment cation
Symptom tracking & Periodic assessments ~ Continuous monitoring via wearable (Knapp et al, 2022;
Remote monitoring devices and questionnaires Xie et al, 2020)
Decision support Clinical guidelines and Real-time recommendations based on (Meng et al, 2024)
experience comprehensive data
Care plans Standardised care plans Tailored care plans using patient- (Knapp et al, 2022)

specific data
Continuous learning Limited updates based Continuous improvement through on- (Meng et al, 2024)
on new research going data training

Various methods, including embedding and modality alignment, were used to pro-
cess and fuse data types like Magnetic Resonance Imaging (MRI), Positron Emis-
sion Tomography (PET), and non-image information. The LLM-based model achieved
state-of-the-art performance, surpassing traditional ML models in correctly classi-
fying participants as Alzheimer’s Disease or MCI patients, or normal controls (Feng
et al, 2023). This study included data from over 400 research participants, rather
than simulated patients. However, it should be noted that the highly phenotyped
subjects included in the ADNI cohort may not be representative of dementia cases
in other populations. Further replication of these methods is necessary.

There are ongoing investigations into the effectiveness of human-Al collabora-
tion in healthcare, particularly in medical diagnosis. While Al can enhance diagnos-
tic accuracy and efficiency (Cabitza et al, 2023), human expertise remains crucial
for interpreting contextual information and maintaining ethical standards (Formosa
et al, 2022; Sezgin, 2023). Research suggests that human-Al teams can outperform
both humans and Al alone in various medical tasks, including radiology (Caccia-
mani et al, 2023) and endoscopy (Reverberi et al, 2022). However, the success of
human-AlI collaboration depends on factors such as Al interpretability, predictabil-
ity, and control (Bienefeld et al, 2024). Examples of potential LLM technology for
cognitive evaluation and therapeutics are shown in Table 2.

Whilst the potential of LLMs in research and clinical care is clear, there are
a number of knowledge and capability gaps. For example, LLMs may struggle
to interpret imperfect real-world multi-modal data. It may prove difficult to inte-
grate LLMs with EHRSs or to provide appropriate contextual information. Further
replication of exploratory studies is required, including empirical testing on actual
clinical data. Although much of the available literature on LLMs is disseminated
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Table 3. Causes and mitigations of hallucinations in LLMs.

Causes of hallucinations in LLMs

Mitigation strategies for hallucinations

Inaccurate or inconsistent training data

Errors or inconsistencies in dementia datasets can lead
to incorrect suggestions around diagnosis or manage-
ment (Ye et al, 2024; Zhang et al, 2023).

Model constraints

LLM interpretative limitations can result in incorrect
conclusions, especially for subtle cognitive symptoms
(Ye et al, 2024; Zhang et al, 2023).

Prompt quality

Low-quality or ambiguous prompts can lead to hallu-
cinations, such as misidentifying dementia subtypes.
(Zhang et al, 2023).

Poor calibration

Poor calibration, or the lack of adjustment in a model’s
confidence levels, can cause LLMs to overestimate
their certainty in factually incorrect dementia-related
outputs, leading to potentially misleading conclusions
(Jiang et al, 2021).

High-quality data

Using well-curated dementia-specific training data
and allowing users to flag errors improves accuracy
over time (Liu et al, 2023).

Explainability

Requiring LLMs to provide references for their claims
allows clinicians to verify the source of information,
reducing the risk of hallucinations (Liu et al, 2023).
Self-verification

Fact-checking tools or chain-of-thought reasoning,
where the model generates intermediate steps to im-
prove problem-solving accuracy, help ensure the ac-
curacy of outputs against the model’s knowledge base
(Dhuliawala et al, 2024; Wei et al, 2022).
Continuous monitoring

Metrics like Truthful QA help quantify and monitor
hallucinations, enabling continuous improvement in
dementia-related applications (Lin et al, 2022).

through pre-print servers like arXiv, clinical applications—especially for serious
health conditions like dementias—must undergo rigorous peer-reviewed validation.
Finally, although initial research indicates that these technologies are generally
well-received by patients and caregivers (Treder et al, 2024), concerns persist re-
garding their acceptability, particularly if their use reduces face-to-face interactions
with clinicians.

When LLMs Go Wrong—And What to Do About
It

Hallucinations

LLMs function as completion engines, predicting the next word based on their
training data. In LLMs, ‘hallucinations’ describe generated text that sounds con-
vincing but is factually incorrect (IBM, 2023). This might include producing in-
correct treatment suggestions that could mislead clinicians, patients or caregivers,
potentially leading to harmful interventions. There are several reasons why this can
happen, and strageies have been developed to address them (See Table 3).

Bias
LLMs are known to be susceptible to bias (Obradovich et al, 2024). Studies

have shown that GPT-4 exhibits encoded racial and gender biases, raising serious
concerns about the potential harm these biases could cause when using LLMs for
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medical decision support (Zack et al, 2024). Furthermore, biases in LLMs could
disproportionately affect vulnerable populations, such as older adults, by reinforc-
ing stereotypes or underrepresenting specific ethnic groups in neurocognitive dis-
ease diagnosis (see Case Study in Box 3). Mitigation strategies for bias, tailored
to dementia-focused LLMs, should involve rigorous validation against high-quality,
dementia-specific datasets, regular bias audits (systematic evaluations conducted to
detect and measure biases in outputs), and continual monitoring to ensure clinical
safety, as described in Table 4.

This study examines racial biases in large language models (LLMs), specifically
GPT-3.5-turbo and GPT-4, when generating medical reports. Using synthetic pa-
tient profiles, researchers assessed how LLM outputs varied across racial and eth-
nic groups, revealing potential biases in treatment recommendations, cost projec-
tions, and survival predictions.

Methodology

1. Patient Profile Creation: Synthetic profiles representing patient groups
racialised as white, Black, Hispanic, and Asian were created using de-identified
data from PubMed Central. Profiles included variations in demographics, medical
history, and racial identifiers to test for differential outputs.

2. Prompting LLMs for Reports: LLMs were prompted to generate med-
ical reports for each profile, providing predictions on hospitalisation duration,
treatment recommendations, projected costs, and survival outcomes. Each pro-
file’s race was systematically altered to isolate the effect of racial identifiers on
LLM outputs. al stay, and associated costs across racial groups.

3. Comparative Analysis: The generated reports were analyzed to identify
differences in treatment aggressiveness, length of hospital stay, and associated
costs across racial groups.

Results

* LLMs projected longer hospital stays, higher costs, and more aggressive
treatment recommendations for white patients compared to other groups.

* For Black patients, LLMs tended to suggest more conservative treatment
approaches, such as ICU care over surgical intervention, even when medical pro-
files were otherwise identical.

Box 3. Case Study—Racial Bias in LLM-Generated Medical Reports (Yang et
al, 2024).

Ethical and Regulatory Considerations in
Al-Driven Dementia Care: Privacy, Transparency,
Fairness, and Accountability

Privacy

Using generative Al models, especially when trained on personal health data,
raises significant privacy concerns, particularly in sensitive fields like the treatment
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Table 4. Causes and mitigations of bias in LLMs.

Causes of bias in LLMs

Mitigation strategies for bias

Bias in training data

LLMs can learn and perpetuate biases from unbal-
anced or biased datasets, reinforcing stereotypes and
underrepresenting certain groups in dementia (Blod-
gett et al, 2020).

Bias in learning processes

The model’s learning process itself may amplify ex-
isting biases, leading to unfair treatment or recom-
mendations for certain demographic groups (Treder
et al, 2024).

Encoded biases

Pre-existing racial or gender biases in LLMs like
GPT-4 can affect medical decision support, raising
concerns for dementia diagnosis and treatment (Zack
et al, 2024).

Pre-processing

Ensure diverse and balanced training data to reduce
biases, such as ensuring equal representation of dif-
ferent demographic groups in dementia studies, with
appropriate data annotation (Bender et al, 2021).
In-training adjustments

Modify the training process by adapting model archi-
tecture to minimise bias during learning (Lauscher et
al, 2021).

Intra-processing

Apply bias reduction techniques post-training to fil-
ter or rewrite biased outputs, improving fairness in
dementia-related responses (Gallegos et al, 2024).

Post-processing

Rewriting or filtering generated text post-training
can help mitigate biased suggestions or conclusions
(Gallegos et al, 2024).

Self-correction

Use chain-of-thought reasoning and model instruc-
tions to guide LLMs towards more unbiased outputs,
particularly for sensitive medical contexts like de-
mentia diagnostic assessments (Ganguli et al, 2023;
Wei et al, 2022).

11

of older adults (Ong et al, 2024). Patients with cognitive impairments may un-
knowingly contribute personal data without informed consent, heightening ethical
challenges. This is essential in clinical research, where stringent data protection is
required. Compliance with regulations such as the General Data Protection Reg-
ulation (GDPR) and the UK Data Protection Act 2018 is necessary to protect vul-
nerable patients and maintain trust in Al-driven dementia diagnosis and care tools
(Health Research Authority, 2018; Mesk6 and Topol, 2023; NHS England, 2023).

To further strengthen patient privacy, advanced anonymisation techniques such
as differential privacy should be considered. Even anonymised data can sometimes
be re-identified, particularly in cases where it is combined with other spatiotempo-
ral data points, increasing risks of privacy breaches (Mesko and Topol, 2023). Addi-
tional cybersecurity measures, including regular penetration testing and resilience
against adversarial attacks, are essential to protect sensitive health data from unau-
thorised access and adversarial attacks. Rigorous benchmarks to evaluate the bal-
ance between privacy and model utility are also necessary, ensuring that LLMs
used in dementia care deliver valuable clinical insights while safeguarding confi-
dentiality (He et al, 2023).
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Transparency, Explainability, and Data Provenance

Transparency in data collection and Al decision-making is essential for clini-
cal use, especially in cognitive evaluation, where patient outcomes rely on accurate
and explainable models. LLMs are often seen as ‘black boxes’ due to their com-
plex algorithms, making it challenging to understand their decision-making process
(Mesko and Topol, 2023). Companies like Google, Microsoft, and OpenAl, which
have produced many of the open-source LLMs suitable for dementia innovations,
often limit external scrutiny, hindering verification of their capabilities. This lack
of transparency complicates accountability in Al-driven dementia diagnoses (NHS
England, 2023). Addressing this issue also requires education for clinicians on Al
fundamentals. Limited Al literacy among clinical educators, combined with com-
peting demands on curricula, could perpetuate the current skills gap. Closing this
gap is essential to prepare clinicians to interpret and responsibly apply Al outputs
(Misra et al, 2024).

To build trust, developers should prioritise transparent architectures and ex-
plainable Al techniques. These approaches clarify how models arrive at predic-
tions, allowing clinicians to make better-informed decisions based on Al outputs
(Mokander et al, 2024). Transparency should also extend to data provenance, as
LLMs often ingest data from a wide array of sources, some of which may include
proprietary content. Ensuring that training data is legally and ethically sourced min-
imises the risk of intellectual property violations and supports ethical accountability
in clinical applications of LLMs (Minssen et al, 2023).

Regulatory Frameworks for AI-Enabled Healthcare

Regulators globally are working to effectively oversee healthcare innovations
involving LLMs, including for neurodegenerative diseases. The UK Government
has chosen a principles-based framework outlined in its AI White Paper published
in March 2023 (Department for Science, Innovation & Technology, 2024). This
approach enables existing regulators, such as the Medicines and Healthcare Prod-
ucts Regulatory Agency (MHRA), to apply flexible, context-specific guidance tai-
lored to respective sectors (Dennis and Vollers, 2023; Yaros et al, 2022). In an
attempt to identify and address the challenges associated with Al in medical de-
vices, the MHRA has developed an Al and Software as Medical Device (SaMD)
Airlock (Medicines and Healthcare Products Regulatory Agency, 2024). This initia-
tive aims to safely integrate Al technologies, including Al-driven medical devices,
into healthcare by offering developers a controlled environment to test and refine
Al solutions while ensuring they meet safety and quality standards.

To establish fairness, particularly in healthcare, it is important to test LLMs for
biases that may disadvantage certain patient groups. As discussed in Table 4, bias
audits, representative datasets, and continuous stewardship help reduce inequities
and improve the inclusivity of Al models. This is particularly crucial in dementia
diagnosis, as LLMs may inherit biases from training data that underrepresents mi-
noritised communities, where dementia is often underdiagnosed or diagnosed later
in the UK (Gove et al, 2021; Tsamakis et al, 2021). This disparity in diagnostic tim-
ing and frequency could skew predictive models, potentially leading to reduced ac-
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curacy or missed early diagnoses for these populations (Farina and Lavazza, 2023).
Ongoing algorithmic monitoring and adjustment are essential, as they allow Al
models to evolve while maintaining fairness and safety over time (Liu et al, 2022).

Patient Autonomy and the Right to Data Control

Determining who is liable when Al-generated recommendations lead to pa-
tient harm is complex, particularly in memory assessment and treatment, where
decisions are nuanced. To date, healthcare systems have always required a learned
intermediary or a human-in-the-loop. This is especially relevant in dementia diag-
nosis and management, where Al can assist but should not replace clinical judgment.
The General Medical Council (GMC) emphasises that doctors using Al systems are
responsible for their clinical decisions, even when influenced by Al-generated rec-
ommendations. Ultimately, clinicians must ensure that Al does not compromise
the safety of patients in dementia services (General Medical Council, 2024).

Respecting patient autonomy is essential when using personal health data in
LLMs. Patients should be aware of their rights, including the right to access, rectify,
and delete their data, which is especially pertinent in dementia care given cognitive
impairments that might limit patients’ understanding of these rights (European Data
Protection Supervisor, 2023). Consent procedures should clearly explain the pos-
sible secondary uses of health data for future Al model improvement, and patients
should have the option to limit data processing. Adhering to these principles not
only strengthens ethical compliance but also fosters trust in Al-driven dementia
care solutions (Reddy et al, 2020).

Conclusion

LLMs have significant potential to enhance both neurodegenerative disease re-
search and clinical care. Adopting advanced technologies is imperative to meet
the demographic and treatment challenges posed by dementia in the coming cen-
tury. Addressing the ethical, practical, and regulatory challenges is of utmost impor-
tance, ensuring data privacy, mitigating biases, and establishing clear guidelines for
liability and transparency. Future research should explore integrating multimodal
data—such as imaging, genetics, and clinical notes—to create a more holistic under-
standing of dementia. Additionally, exploring the feasibility of combining LLMs
with other ML models may further optimise diagnostic accuracy and personalised
patient care. With a critical, informed approach, LLMs could cross the translational
divide from research to practical dementia care, ultimately improving outcomes for
patients and caregivers.
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e Dementia is a growing healthcare challenge globally, requiring innovative
solutions for diagnosis, treatment and caregiving to alleviate its burden.

e Large language models (LLMs) have promising potential to improve de-
mentia care by transforming diagnostic methods, treatments, and commu-
nication.

e Integrating LLMs in dementia care introduces risks, such as hallucina-
tions and biases.

e To address these challenges, strategies such as high-quality training data,
promoting explainability, and self-verification techniques could be em-
ployed at different stages of LLM training.

e Rigorous regulation of LLM use in healthcare to address data privacy,
transparency, and medical liability to uphold ethical standards.
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