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Abstract

Foundation models (FMs) are increasingly applied to dementia for multiple purposes, but their main
scopes and limitations remain unclear. We examined how FMs are used for dementia detection,
diagnosis, prognosis and risk prediction. Eligible studies applied a pre-trained, fine-tuned or commercial
LLM FM to these tasks in people with or at risk of dementia, in English, January 2022 to August 2026.
Searches of PubMed, Europe PMC, arXiv and Google Scholar yielded 474 unique records, screened to 50
analysed papers, charted by taxonomy, scope, dataset, performance and validation. Of these, 8 used pre-
trained FMs, 26 fine-tuned FMs and 16 commercial LLMs (detection and diagnosis predominated).
Performance was not comparable across classes (tasks, datasets and metrics differed). Demographic
reporting was poor: race and ethnicity in 4/50 studies, age in 24/50, studies concentrated in the USA.
The literature remains at proof of concept, requiring larger, diverse datasets and rigorous validation.

1 Introduction

Dementia poses a significant social care and health challenge costing the UK economy £42 billion per
year (1), and by 2050 it is expected to cost the world economy $15 trillion (2). It is the leading cause of
death in the UK, with the expectation that 1 in 3 people born today will develop dementia, and of these, 2
in 3 people will develop Alzheimer's disease (AD)(3, 4). As life expectancy increases, cases of dementia
are expected to rise correspondingly. New treatments, such as Lecanemab and Donanemab show
promise in early disease stages (5), yet they have critical limitations and are not reimbursed in many
countries due to concerns about cost effectiveness (6). Therefore, the urgency to improve early
detection to enable the identification of effective disease-modifying treatments has never been greater.

Artificial Intelligence (Al) has shown promise within multiple areas of research, including dementia.
Foundation models (FMs) are Al models trained on extensive and highly diverse data, covering multiple
domains, generally with self-supervision, that can be adapted to a wide range of downstream tasks (7).
Traditional supervised learning requires task-specific feature engineering and produces fixed, closed-
form outputs, such as binary classification. FMs instead learn generalisable representations from large-
scale, heterogeneous data and generate flexible, high-dimensional outputs, better suited to the
complexity and multimodality of clinical data (8, 9). Literature nonetheless uses the term inconsistently.
Studies involving FMs may be using Large Language Models (LLMs), Vision Transformers (ViTs), self-
supervised learning, transfer learning, or conventional neural networks with pre-trained components.
Instead of basing ourselves on a term, we defined an explicit Population, Concept, Context (PCC) and
taxonomy (Tables 1-2). FMs are advancing rapidly in industry: learning from current applications,
alongside challenges researchers may have faced, will accelerate progress in the field.

To gain firmer footing in this evolving area, we conducted a scoping review on the usage of FM
approaches applied to dementia care research. This review therefore 1) examined how models are being
used across different stages of the dementia care pathway by systematically categorising studies into
their respective scopes and research objectives, 2) assessed their performance to identify patterns in
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model performance, 3) identified research gaps that require further investigation, to realise the clinical
potential of Al-driven approaches in dementia healthcare.

FMs may offer advantages where dementia research requires representation of heterogeneous
information, transfer across tasks, or integration of multiple modalities. These properties matter
because dementia data are siloed, expensive to annotate, and inconsistently available across sites.
However, these theoretical advantages do not eliminate the requirement for sufficiently large,
representative and accessible clinical datasets. In many of the articles reviewed here, smaller task-
specific models remained competitive.

The evidence showed in this review should therefore be read as demonstrating a research opportunity as
the state of FMs in dementia (strengths, limitations, and optimal methods of usage) is still not
understood. The question therefore is to understand under which data, task and validation conditions
their additional complexity provides a benefit that task-specific models do not. Specifically, we address
the following questions: i) how FMs are built or applied in dementia research, exploring scopes,
architectures and methods, ii) what the current evidence on their clinical performance is by
understanding the performance ranges for each architecture, and iii) delving into limitations of each
research paper to understand what the critical knowledge gaps are.

2 Methods
2.1 Design

This review adheres to PRISMA-ScR (10) guidelines and the five-stage scoping review framework of
Arksey & O'Malley (11), updated by JBI (12). Eligibility was structured with the Population Concept
Context (PCC) framework found in Table 1. This review analysed published literature only, no human
participants were involved, and ethical approval was not required.

2.2 Eligibility Criteria

Concepts following the taxonomy set out in Table 2, applied to detection, diagnosis, prognosis or risk
prediction. Window: January 2022 - August 2026, starting the year after the FM paradigm was formalised
(Bommasani et al,, first posted August 2021) (7).
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Table 1

Population, Concept, Context (PCC) criteria for inclusion and exclusion of papers.

Element Include Exclude

Population  Studies discussing people with or at risk of Do not include papers discussing

dementia (AD, vascular, Lewy body,
frontotemporal), MCI and pre-diagnostic

Parkinson’s diseas_e without dementia
outcomes. Do not include non-human

cohorts studies. Do not include any form of

review papers.

Concept Models in taxonomy classes 1-3 (Table 2) Traditional ML or statistical models

for detection, diagnosis,

as the index model, technical metrics

prognosis/progression or risk prediction, without clinical outcomes. Do not
traditional ML admissible as comparator arm  include convolutional neural networks
only within studies when they are the index model.

Context Any geography or setting, peer-reviewed and Do not include conference papers. Do
preprint full papers, English language, 2022- not include non-English publications.
2026 Do not include papers that were

published before 2022.

Table 2

Model taxonomy, where all models are foundation models, each falling under one classification.

Class

1. Foundation
Model (pre-
trained)

2. Foundation
Model (fine-
tuned)

3. Commercial
LLMs

Definition

A model trained from randomly initialised weights, ground-up, on a large-scale
general corpus, optimising for an objective. All weights, across all layers, are
learned from scratch. Continued pretraining of an existing checkpoint on a large-
scale corpus is also included (7).

A model that starts from pre-trained weights (already initialised and not random)
and performs further gradient updates on smaller, task specific, or domain
specific, datasets. Does not rebuild the model. This can be done with full
finetuning: every parameter in the model is updated, or parameter-efficient
finetuning (PEFT) such as LoRA, adapters, prefix-tuning (base weights are frozen
and only a small set of additional or low rank parameters are trained (8).

Large language models used with frozen wights (no gradient updates) through
prompting, retrieval or in-context learning. Most are commercial (proprietary
weights, architecture not visible), open-weight models used without weight
updates are also included. Control is limited to input (prompt, context, attached
doclu;n(er)ns) and configuration (max tokens, temperature, system instructions,
tools) (9).

There are multiple research papers that utilise multiple models, e.g. one paper can use two models: one

that is used to translate speech audio to speech transcripts, and the other uses the speech transcripts to
fine-tune the FM. For such cases, the model that determines the results discussed in the research papers

is classed as the index model. The index model is the model that falls under the 3 taxonomy classes.

2.3 Search Strategy

Figure 1 depicts the search pipeline in detail. A systematic search of research studies was conducted
following a combined manual approach and LLM research tools. The manual search was conducted
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through Google Scholar and Pubmed using the following Boolean search strategy: (“foundation models”
OR “fm” OR “large language model” OR “llm” OR “pre-trained transformer” OR “self-supervised learning”
OR “ssl”) AND (“alzheimer*” OR “dementia”), with the window 2022-2026. This search returned 1,369
records.

Manual search results were screened using the same exact-match and deduplication procedure applied
to the LLM deep research output (below). Of 1,369 combined records, 336 satisfied the Boolean string
exactly in title, abstract, or keywords. Deduplication reduced this to 309, and 95 were excluded at
screening (conference/workshop papers, books/theses, patents, and records where terms matched only
as homonyms (FM as fibromyalgia or authors initials in reference list)), leaving 214 included records.

For the LLM-assisted portion of the search, we used a human-in-the-loop deep research approach.
Prompts for the LLM deep research were generated using Claude Sonnet 5 (full input and output
prompts in Supplementary Data Prompt 1, August 2026). The same search string used in the manual
portion of the search was incorporated into the LLM deep research prompt.

We instructed Claude Sonnet 5 to search five databases: Scopus, IEEE Xplore, Embase, Google Scholar,
and Pubmed. As several of these were not directly searchable by the LLM, Claude instead searched
PubMed, Europe PMC, and arXiv. All outputs were manually checked to confirm that titles and DOIs
existed and were not hallucinated (i.e., not fabricated by the model). This stage resulted in 2,216 records
(PubMed 348, Europe PMC 281, arXiv 1,587). Each was screened to satisfy the Boolean string exactly in
the title, abstract, or indexed keywords. This returned 715 records (PubMed 288, Europe PMC 248, arXiv
179), which were deduplicated (DOI as primary key, then title + first author + year) to 480. These were
screened for publication type, homonym matches, and Al scope, excluding 42, leaving 438 included.

The 438 records from the LLM deep research stage and 214 from the manual stage (N = 652) were
merged using the same DOI-primary, then title + first author + year key (a title-only fall back resolved
three cases where a preprint (deep research stage) and its later published version (manual stage) carried
different DOIls and years, with both DOls retained on the merged record). This removed 178 duplicates,
leaving 474 unique records. The manual PubMed search contributed no records beyond those found by
Claude deep research.

A final stage of full text screening was conducted to confirm the papers met the PCC criteria. Full text
was obtained via a combination of automated open-access retrieval (Unpaywall, CORE, and PubMed
Central) and manual retrieval through institutional library access for papers not available through these
sources. Of the 474 papers, 133 were excluded prior to full text screening as they were inaccessible
through institutional access or judged, on the basis of title and abstract, to fall outside of the scope of
the review and two duplicate papers were dropped at this stage as well, returning 339 papers to screen.

The remaining 339 papers were screened at full text using a purpose-built agent (Claude Sonnet 5,
accessed via Anthropic Batches API) with a metaprompt (Supplementary Data Prompt 2 and 3, Code
available at: https://github.com/MatildaBeinat/Scoping-Review-Screening-System/tree/main)
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incorporating the PCC criteria (Table 1). For each paper, the script evaluated the PCC criteria
independently, returning a structured decision for each meets / fails / insufficient information decision,
supported by a verbatim quotation located in the supplied text. When a quote could not be found, the
criterion was coded as insufficient information rather than inferred. An overall decision of Include,
Exclude, or Maybe was derived from the three sub-decisions (PCC), with a reviewer not summarising the
decision made based on each subdivision: 113 Include, 223 exclude, and 3 Maybe.

To assess the reliability of the automated full-text screening stage, a random stratified sample of 30
papers (seed = 42) was drawn from the 339 full-text-screened records, stratified by the agent's overall
decision (Include, Exclude, Maybe) to ensure all three categories were represented: all 3 Maybe decisions
were retained, and the remaining 27 papers were allocated proportionally between Include (n =9) and
Exclude (n = 18), reflecting their relative representation in the full set. These 30 papers were screened
independently by the lead author (M.B.), blind to the agent's decisions, against the same PCC criteria
(Table 1), and Cohen's kappa was computed between the human and agent decisions.

Agreement was 76.7% (23/30), k = 0.57, indicating moderate agreement (Supplementary Data Table 1:
confusion matrix). Disagreement was concentrated around the Maybe category: 3 of 7 disagreements
involved a Maybe decision on one side, whereas agreement on the binary Include/Exclude distinction
was considerably higher (84%, 21/25 non-Maybe agent decisions).

Across the full set, the final full-text screening stage returned a valid decision for all 339 papers: 113
Include, 223 Exclude, and 3 Maybe. Given the volume of literature and resource constraints, as a
pragmatic decision, the present analysis was restricted to the subset of Include papers receiving a high-
confidence decision (N = 50), the remaining Include papers were rated medium confidence. Confidence
was self-assessed by the screening agent as part of its structured output rather than governed by an
explicit rubric and should therefore be interpreted as suggestive rather than a calibrated measure. An
exploratory review of reviewer notes (created by the agent, gives formal reasoning for each decision
made) associated with the medium-confidence Include decisions showed recurring PCC classification
ambiguity, warranting further analysis in future work. A summary of the research corpus of included
papers is listed in Table 3, with the complete table listed in Supplementary Data Table 2.
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Table 3

Summary of research corpus (n = 50) data grouped by taxonomy class: Number of studies, typical
approach, data type, main datasets, sample size, metric range, validation, USA-involved author teams.

Studies FM pre-trained  FM fine-tuned Commercial LLM All

8 ()1 6%) (13- 26 (52%) (21-46) 16 (32%) (47-62) 50

20
Typical Ground up BERT/RoBERTa, speech Prompted or RAG,
approach transformers, encoders, Qwen/LLaMA GPT4/40, Claude, Bard,

Vision with LoRA, QLoRA, Vision  frozen open-weight

Transformers, Transformer with LoRA LLMs

Mamba, EHR

foundation

models
Main Multi-cohort ADReSS/ADReSSo/Pitt, ADReSS/ADReSSo/Pitt,
datasets PSG, ADNI, ADNI, NACC, LEADS, in house clinical

OASIS-3, UK PREPARE cohorts, MGB, OHSU

Biobank, NYU

Langone
Sample 155-1,288,333, 156 - 54,535, median 1-384,925, median 1-
size, median 1,057, 1QR 403-2,043 196.5,1QR 67 - 1,049 1,288,333,
median 18,169.5, IQR median
(IQR) 3,655-47,182 843, IQR

244-3,655

Metric Most frequent Most frequent band Most >0.90
range band 0.65- 0.80-0.90 (38.5%)

0.79 (50%)
External 6/8 10/26 2/16 18
validation
Statistical 4/8 8/26 5/16 17
testing
No 0 0 4 4
validation
USA 7/8 18/26 10/16 35
involved
authors

2.4 Data Extraction

Relevant information from each paper was extracted: publication year, paper geolocation, taxonomy
class, model used, datasets used, demographics (including female/male splits, and number of
participants), scope, results, validation method, limitations stated by research papers.

This data was extracted manually and analysed using Microsoft Excel (Version 16.113.1).

Descriptive quantitative and qualitative analysis was conducted: frequency counts, median sample sizes
and parameter ranges, proportion of papers falling into metric bands, themes, narrative comparisons,
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and validation cross tabulating. There was no statistical comparison between taxonomy classes
conducted as the research papers are heterogenous, metrics reported diverge and scopes for methods
are too small to compare and reach a robust conclusion.

Agreement between the screening agent and the human rater was quantified as percentage agreement
and unweighted Cohen's k (n = 30). High and medium-confidence Include papers were compared on
scope (detection versus diagnosis; n = 84 scope assignments, dual-scope papers counted in each) with
Pearson's X2 test of independence (two-sided, a = 0.05, no continuity correction, all expected counts > 5),
exact P values are reported. Class distributions were compared descriptively. No statistical comparisons
were made between taxonomy classes.

3 Results
3.1 Study selection and characteristics

The search returned 50 records: two were published in 2022, two in 2023, seven in 2024, 23 in 2025, and
16 in 2026. Thirty-one papers were peer reviewed and 19 were preprints. By taxonomy class, eight were
FMs pre-trained (16%), 26 were FMs fine-tuned (52%), and 16 were Commercial LLMs (32%). Total study
sample size, including pretraining data where authors performed pretraining, was highly right skewed
(median 843, interquartile range 244-3,655, range 1 to 1,288,333). The median sample size for FMs pre-
trained was 18,169.5, for FMs fine-tuned was 1,057, and for Commercial LLMs was 196.5. The model
parameter sizes per taxonomy: Commercial LLMs have the largest parameters (estimated at about 1.7T
for GPT4 and 200B for GPT4o0 (63)), FMs fine-tuned range from 13M to 30B, and FMs pre-trained 44K to
1.2B.

To describe how the analysed set relates to the remaining eligible studies, the 63 medium-confidence
Include papers were compared descriptively with the 50 high-confidence papers on taxonomy class and
scope (Supplementary Data Tables 3-5). This was a descriptive check, not a test of selection bias, and
the medium-confidence papers were not analysed further.

The rank order of classes was identical in both sets (fine-tuned FMs > commercial LLMs > pre-trained
FMs). Fine-tuned FMs made up 52% versus 41% of the high and medium-confidence sets, commercial
LLMs 32% versus 32%, and pre-trained FMs 16% versus 27%.

A chi-square test of independence examined the association between scope (detection vs. diagnosis)
and confidence classification (high vs. medium) across the 84 scope assignments falling under these
two scopes (Supplementary Data Table 6). High-confidence studies were more frequently detection-
focused (28/46, 60.9%) than diagnosis-focused (18/46, 39.1%), while medium-confidence studies
showed the reverse (detection: 16/38, 42.1%; diagnosis: 22/38, 57.9%). This association did not reach
statistical significance (x?(1, N = 84) = 2.94, p = 0.087), although the comparison is descriptive and the
samples are small. The divergence in scope distribution, together with scopes in the medium set that fall
outside the four analysed (screening, staging, monitoring, biomarker discovery), indicates the medium-
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confidence set is not a direct extension of the high-confidence set's composition and should be
interpreted with this difference in mind.

3.2 Scopes

Four scopes were identified: detection (28), diagnosis (18), risk prediction (7), prognosis (3). Six studies
addressed dual scopes: diagnosis & risk prediction (1), detection & risk prediction (1), detection &
diagnosis (3), and diagnosis & prognosis (1). Figure 2 shows the distinct counts of papers for each
category.

3.3 Geography, datasets, and data modalities

Author affiliations spanned 16 unique countries. The majority of papers had a single country author team
(n=41). The most common country was the United States of America (USA) (n = 35): followed by China

(n=5) (Fig. 3).

There were 72 unique datasets used, with 30 papers using a single dataset. The most common data set
used was ADNI (n =11), followed by the ADReSS challenge dataset (n = 8), DementiaBank Pitt Corpus (n
= 8), and the ADReSSo challenge dataset (n = 8, updated version of the ADReSS challenge) (Fig. 4).

Speech transcripts were the predominant modality (n = 22), followed by speech audio (n =11), clinical
notes (n = 8), structural MRI (n = 7), structured EHR (n = 5), functional MRI (3). Figure 5 shows the full
paper count vs modality per component. Out of the 50 papers, 34 were unimodal and 16 were
multimodal. The modality most used in unimodal papers were speech transcripts (n = 12) and clinical
notes (n = 6). For multimodal papers it was speech audio & speech transcripts (n = 8). Table 4 shows
complete analyses.
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Table 4

Unimodal and multimodal classifications.

Unimodal Paper Multimodal Paper
Count Count

speech transcripts / 12 speech audio + speech transcripts / language 8

language

clinical notes / free text 6 speech audio + image + speech transcripts / 1
language

structural MRI 3 structural MRI + PET imaging 1

structured EHR / clinical 3 clinical notes / free text + structured 1

tabular data neuropsychological/language test scores +
structural MRI

structured clinical 2 structured EHR / clinical tabular data + clinical 1

tabular data (non-EHR) notes / free text

functional MRI (fMRI) 2 functional MRI (fMRI) + demographic / 1
phenotypic data

speech audio 1 structural MRI + structured EHR / clinical tabular 1
data

polysomnography 1 structural MRI + genomic / genetic data 1

signals

digital pathology (whole- 1 speech audio + speech transcripts / language + 1

slide imaging) demographic / phenotypic data

retinal imaging 1 Total 16

wearable / sensor data 1

multi-omic / genomic 1

data

Total 34

3.4 Demographic reporting and analysis

Only 4/50 papers reported race/ethnicity with a breakdown, of which the majority participants were
white. Twenty-six papers did not report the age of participants. Out of the 50 papers, only 20 reported
female and male demographics separately, with a higher proportion of female participants (49.4%
female - 58.96% female). Only 2 of the 50 papers reported sex differences in their models (TRADE:
model performance broken out by gender and SpeechCARE: includes a fairness audit the reports
equality of opportunity scores for males and females). However, no papers built models specifically for
each sex.

3.5 Performance of corpus
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Performance is summarised descriptively: tasks, modalities, datasets and metrics differ between
studies, so values are not comparable across classes and no ranking is implied.

Commercial LLMs (n = 16):

Widest range of reported metrics of any class. Some results match or beat fine-tuned models, these
were all bigger models, with larger parameter sizes (RAG GPT-40 F1 0.933 (47), GPT-4 + attention-based
deep neural network + XGBoost ensemble F1 92.1% (53), linguistic-feature classifier Acc 97.88%,
specificity 0.99 and precision 0.98 (61)). Others sit near chance (Bard/GPT-4/GPT-3.5 chatbot prompting,
overall accuracy 38—54% and F1 29-71% despite specific/precision 96%/89% - with BARD performing
better than GPT models (59), LLaMA2 pipeline F1 0.34 (51), however this was due to lack of
demographics in input data). A tabular in-context FM was comparable to tuned XGBoost (AUC 0.879 vs
0.887,p>0.05 (55) (55)). Limitations for the highest-performing models in this class followed a pattern:
small, single site, or narrow sourced samples that generalise poorly. Reference standards (gold standard
to compare to) are incomplete proxies for real diagnosis, and external/multi-site validation is mostly
missing. Studies with the weakest results reported limitations in prompting. This class had the most
research papers with metrics above 0.90 (43.75%).

Foundation Model fine-tuned (n = 26):

Most results sit in the 0.80—0.99 range on accuracy/F1/AUC (CD-Tron F1 0.929 (26), RoBERTa AUC
0.988 (45), DeepSeek-R1 SLM Acc 91.67% and F1 91.71% (42), mixture of dataset R-GenIMA Acc 99.01%
and F1 98.50% (39), T5-large Acc 0.95 (46). Weak outliers exist (GRPO-tuned LLaMA-3.1 BACC 67.33%
(22), LUNAR MCI F1 0.53 (29)) but these are harder multi-class or MCl-specific tasks, not a class-wide
weakness. This class focused on LLM/FM pipelines built on pre-trained weights that were further fine-
tuned, including parameter-efficient methods. This taxonomy class leaned towards explainability, using
SHAP, attention, or synthetic rationale generation/reasoning chains, as a first-class design goal, majority
with the scope of detection and/or diagnosis (n =21). This class had the most research papers with
metrics between 0.80-0.90 (38.46%), with 30.77% reaching 0.90+.

Foundation Model pre-trained (n = 8):

Reported values were more tightly grouped than in the commercial class and rarely reached the 0.90 +
band. Representative AUC/accuracy values were 0.73-0.86 (TRADE AUROC 0.735 (18), mosGraphGPT
Acc 75.09% (17), ViT-B AUC 0.8619 (20)). Two results are exceptions at the high end (ADFound AUC
0.967 (14), SleepFM C-index up to 0.99 for risk prediction of senile dementia with AUROC 0.87/C-index
0.85 for dementia risk prediction (13)). Notably, in at least one paper, a foundation-model backbone did
not beat a simpler CNN baseline (DenseNet121 CNN AUC 0.8865 vs best ViT-B PEFT variant 0.8619
(20)). FMs show promise but did not always outperform simpler baselines. This class had the most
research papers with metrics between 0.65-0.79 (50%), with 12.5% reaching 0.90+.

3.6 Validation
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Validation varied. Thirteen of the 50 papers used internal train/test/validate split only. External validation
was reported by 18 papers: seven alongside cross validation and 11 without it. Statistical testing
(analysing whether there is significant difference between test and validation performance) was reported
by 17 papers. Of the 18 papers with external validation, nine reported no statistical testing. Of the 17
papers with statistical testing, eight had no external validation. Only five papers combined cross &
external validation and statistical testing. Four papers used none of these approaches because their
design did not allow it: zero-shot prompting with no training step, a same session comparison against a
clinical reference standard, a single case study, and a diagnostic accuracy study without a data split.
Two papers used postmortem neuropathology as the reference standard.

3.7 Limitations of corpus
Limitations reported by the research corpus followed 7 recurring themes.

1. Sample bias and single source data, with most papers using single datasets, making results difficult
to transfer to other populations.

2. Demographic and linguistic narrowness, with cohorts skewed towards English speakers, white
race/ethnicity or highly educated populations.

3. Black box interpretability, with papers acknowledging that LLMs, cannot be explained
mechanistically.

4. LLM specific instability, suffering from hallucinations, sensitivity to prompt phrasing and rapid
model obsolescence.

5. Many papers relying on single modality data.

6. Research to clinic gap, with authors stating that the tools they developed were not clinically
deployable.

7. Absent or vague limitations (missing entirely) and are inferred ‘from future’ work statements.

4 Discussion

4.1 Principal findings

This review analysed 50 research papers applying FMs to detect, diagnose, predict the progression, and
risk of dementia. Most papers focused on detection (n = 28) or diagnosis (n = 18). Performance
depended on type of model used. Fine-tuned models (n = 26) performed best and most reliably, and
many were designed to explain their reasoning. Commercial LLMs (n = 16) showed the widest range of
results: some outperformed fine-tuned models, while others barely performed better than random
guessing. This inconsistency stemmed from small sample sizes, weak prompt design, and incomplete
patient data. Pre-trained models (n = 8) performed moderately and more consistently than commercial
LLMs but rarely reached top performance.

The central finding reveals a trade-off between model size and reliability. Commercial LLMs, despite
having most parameters (internal settings that determine a model’s capabilities) and never being
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adjusted for this specific task, produced the highest individual results. Fine-tuned models, with fewer
parameters, delivered the most dependably strong performance (scores range 0.80—0.90). Pre-trained
models, with the fewest parameters, showed the lowest typical performance of this cohort (scores range
0.65-0.79) (Fig. 6).

4.2 Equity

Reporting of demographic and geographic characteristics was inconsistent across the studies reviewed
(section 3.3-3.4). Race/ethnicity were rarely reported recorded, and where the population was
described, it was mostly white. Age was often left unreported, and while sex was reported more
frequently, results were never broken down by sex in the analysis. Authorship was also heavily
concentrated in the USA. These gaps limit what can be concluded about how these models perform
across people who differ in ethnicity, language, age, or sex. The body of research is not yet diverse
enough to support claims that the findings generalise to these groups, and there is a real risk that results
do not hold up for populations that were underrepresented in the studies.

4.3 Corpus results

Distributions across model type and research scope are reported in sections 3.1-3.3. The concentration
of studies in detection and diagnosis, whether considered together or separately, suggests these are
either the main research priorities for foundation models in this field, or simply the task best suited to
what these models can currently do. Speech-based approaches were the most common (3.3), which fits
with FMs’ particular strength in processing large volumes of text and audio, compared with structured
data or brain scans.

Performance also appeared to track a plausible trade-off with computing cost, though no study in this
review directly reported how much computing power or money was spent on training. Pre-trained
models, built from scratch, are by definition the most resource intensive approach, yet had the lowest
typical performance: half of these studies scored between 0.65 and 0.79, one failed to outperform a
simpler, older type of model (20), and another cited high computing costs as a barrier to further progress
(15). Fine-tuned models, which adjust an existing model rather than training one from scratch, were often
described using cheaper techniques (PEFT/LoRA), and produced the most consistent results (0.80-0.99,
where 38.46% falling between 0.80-0.90). Commercial LLMs required no training computing power,
since their internal settings are fixed, yet some of these studies produced the highest scores in the entire
review (43.75% above 0.90), consistently by relying on larger underlying models (47, 53, 61).

On the measures reported here, the two cheaper approaches outperformed the most expensive one. This
is a small sample of studies, none of which test cost against performance directly, so this is a pattern,
not a controlled comparison. Even so, the current evidence does not show that training a FM from
scratch delivers a performance advantage that justified its resource cost, comparing with fine-tuning an
existing model or simply using a commercial Al system.

4.4 Validation
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Validation methods varied considerably across the studies. The most common approach was internal
validation, splitting a single dataset into training, testing, and validation subsets (13/50). External
validation, testing a model on entirely separate data, without additional cross validation was the single
most frequent method (11/50), while 7 papers combined external validation with cross validation.
Statistical testing to determine whether differences between test and validation results were meaningful
was carried out in only 17/50 papers. Among the papers that used external validation, 9 did not perform
statistical testing, among the papers that did perform statistical testing, 8 relied only on internal
validation.

Just 5 papers combined all three approaches. Four papers used none of them, in each case because the
study’s design ruled them out. Only 2 papers validated their findings against postmortem brain tissue
analysis, the gold standard for confirming a dementia diagnosis.

This pattern indicates that rigorous validation, particularly the combination of external data with
statistical testing, remains limited, and this held true regardless of model type. These findings should be
treated cautiously given the size of the review, but they point to a clear need for validation against gold-
standard methods wherever possible. Notably, only 2 papers used postmortem validation. Postmortem
data will not be feasible for every dataset, since it depends on brain donation (a practice whose
frequency itself is understudied (64)). Yet to establish real-world clinical usability, establishing a gold-
standard is encouraged. As things stand, this research cannot progress toward clinical application and
will remain at the proof of concept stage until validation practices improve.

4.5 From research to clinical utility

This body of literature sits at the pilot stage. Recurring limitations reported by the studies include data
drawn from a single research site, instability specific to LLMs (such as sensitivity to how questions are
phrased, model quickly becoming outdated, and generating plausible by false information), reliance on a
single type of data, and explicit statements from authors that their tool was not ready for clinical use.
Less commonly, some papers lacked a formal limitations section altogether, instead folding their
limitations into a more optimistically framed “future work” section.

The performance figures in this review therefore show what these models can do on specific, sometimes
narrow, groups of patients and against the particular reference standards each study chose, not what
they would achieve in a broader, representative clinical population. This matter because, with one
exception (48), none of the studies validated their results against postmortem brain tissue analysis, even
though this remains the gold standard for a definitive dementia diagnosis (65). This distinction is
especially important for commercial LLMs: studies reporting the strongest results attributed them to
careful prompt design and complete input data, while studies with weaker results cited shortcomings in
exactly these areas. This suggests these models are highly sensitivity to how they are implemented,
which may make results difficult to reproduce elsewhere. The limitations found across this body of
research are what reveal the shaky foundations underlying current FMs in dementia research.
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Understanding why these tools are not ready yet for clinical use is essential for guiding future research
toward genuinely usable tools in everyday dementia care.

4.6 Strengths and limitations of this review

This review’s main methodological contribution is a three-category classification system, developed to
address inconsistent use of the term “foundation model” in the existing literature. The review
demonstrates that distinguishing between these three categories, rather than grouping them under one
broad label, is itself a meaningful finding, and this distinction shapes how the results are structured
throughout.

The search and screening process combined a manual keyword-based search with Al-assisted research
to identify relevant papers. Only one reviewer assessed each paper (rather than a more rigorous
approach of two independent reviewers), but agreement between the Al system and the human reviewer
on which papers to include or exclude was high (84%), lending some confidence to the Al's screening
decisions, though the human reviewer was stricter than the Al on three occasions. The statistical
measure of agreement used here (Cohen’s kappa) reflects agreement between the Al and the person,
this is not the same as an independent check. Future work should include a second, independent
reviewer to confirm these results.

The final analysis was included 50 papers that the Al screening system rated as high confidence for
inclusion after reading the full text. A further 63 papers rated medium confidence were excluded from
analysis, and this confidence rating was the Al's own self-assessment, made without explicit criteria, so
it should be treated as indicative rather than a rigorously calibrated measure. The model type and
research scope of these 63 excluded papers were nonetheless counted (Supplementary Data Tables 3-
4) and compared descriptively against the 50 included papers. The ranking of model types was the same
in both groups, but pre-trained models appeared proportionally more often in the excluded group (27%
versus 16%) and detection studies appeared less often (42% versus 61% of detection and diagnosis
papers combined), this difference in scope was not statistically significant (p = 0.087). This comparison
did not extend to performance, validation methods, or demographic reporting, and cannot rule out the
possibility that the excluded papers differ from the included ones in other important ways.

4.7 Recommendations

Based on the findings of this review, 5 main recommendations are made.

1. Prioritise larger, multimodal, and demographically diverse datasets (where possible). Single source,
single country, and single modality studies dominate the literature corpus, and this limits
generalisability more than any modelling choice.

2. Report race/ethnicity, age, and sex as a standard. With only 4/50 reporting ethnicity, and 26/50 not
reporting age, the corpus does not support conclusions about how these models perform across
demographic groups.
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3. Conduct sex stratified performance analyses, rather than just reporting sex differences. This
uncovers sex specific biological patterns, and ensures risks are accurately understood for both
sexes. This is more important for dementia research as sex differences are yet to be understood
fully, and evidence shows there are real sex differences (66—73).

4. Expand external validation and statistical comparison together. Only 5/50 combined cross
validation, external validation, and statistical comparison. Validation types should be selected to
match claims made in a study, rather than defaulting to internal splits.

5. Treat FMs as a research trajectory under construction rather than an established performance
advantage. The evidence in this review shows continued investment in FM approaches due to the
heterogeneity of data, but it does not yet support claims that they outperform task-specific or
classical models at scale.

5 Conclusion

This review found evidence of technical promise across all three types of FMs to dementia research.
Most studies focused on models fine-tuned specifically on dementia-related data, while commercial
LLMs produced widely varying results and general pre-trained models produced moderate, more
consistent results.

At present, this research resets on a narrow evidence base: it is dominated by USA based studies,
typically drawn from a single research site, with demographic characteristics often poorly reported,
inconsistent or incomplete validation practices, and a recurring but varied pattern of limitations. As a
result, this body of research cannot yet demonstrate how these models perform across populations
differing in ethnicity, language, age, or sex.

Moving these tools toward real clinical use will require larger, more diverse datasets that combine
multiple types of data, external validation on independent datasets, and testing in real-world clinical
settings.
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Screening stage 2: Claude Sonnet 5 Agent
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Figure 2

Upset Plot for spread of scopes in the research corpus analysed. Some papers had dual scopes, seen by
the lines linking each scope.
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Figure 3

Country of author distribution per paper.

Page 26/29

30

40



Dataset Usage by Individual Paper
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Figure 4

Count of datasets used by individual paper.
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Paper count vs Modality (component)
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Paper count vs individual modality of input data.
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Reported accuracy / F1 / AUROC / C-index



Parameter counts and reported performance across commercial LLMs, fine-tuned FMs, and pre-trained
FMs.
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