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Abstract

The close link between cognitive decline and
language has fostered long-standing collabo-
ration between the NLP and medical com-
munities in dementia research. To examine
this, we reviewed over 240 papers apply-
ing NLP to dementia-related efforts, drawing
from medical, technological, and NLP-focused
literature. We identify key research areas,
including dementia detection, linguistic bio-
marker extraction, caregiver support, and pa-
tient assistance, showing that half of all
papers focus solely on dementia detection us-
ing clinical data. Yet, many directions remain
unexplored, such as artificially degraded lan-
guage models, synthetic data, digital twins,
and more. We highlight gaps and opportuni-
ties around trust, scientific rigor, applicability,
and cross-community collaboration. We raise
ethical dilemmas in the field, and highlight
the diverse datasets encountered throughout
our review including recorded, written, struc-
tured, spontaneous, synthetic, clinical, social
media–based, and more. This review aims to
inspire more creative, impactful, and rigorous
research on NLP for dementia.

1 Introduction

Dementia is a broad term for a decline in cognitive
function caused by various underlying patholo-
gies. It is a progressive, irreversible condition that
worsens over time, with no known treatment or
cure. The global impact of the disease is stagger-
ing. According to the World Health Organization
(WHO),1 dementia is currently the seventh leading
cause of death globally. As of 2023, approxi-
mately 55 million people worldwide are living
with dementia, and this number is expected to
nearly double every 20 years (Prince et al., 2015).
Global dementia costs are estimated in the tril-
lions of US dollars, with approximately half of
these costs attributed to care provided by informal
carers (e.g., family members and close friends), as
hospitals and care facilities are overcrowded, and

healthcare professionals require specialized train-
ing to diagnose patients and address their complex
needs.

There are multiple types of dementia, including
Alzheimer’s (accounting for 60%–70% of cases1),
vascular dementia, Lewy body dementia, and
others. Although these differ in pathology, with
some manifesting as abnormal protein deposits
and others as reduced blood flow to the brain, they
often share common symptoms such as memory
loss, confusion, behavioral changes, and language
deterioration (McKhann et al., 2011). In this re-
view, we use the general term ‘dementia’ to en-
compass all forms and levels of severity of the
illness.

Dementia is currently diagnosed through patho-
logical tests (e.g., brain imaging, blood tests) and
cognitive assessments, such as Naming and Verbal
Fluency tests, which assess the ability to identify
objects or generate words in specific categories
(Kaplan et al., 2001), and Picture Description
tests, evaluating language and narrative skills
through descriptions of complex images (Mueller
et al., 2018). In these face-to-face interviews, clin-
icians seek linguistic markers of cognitive decline,
such as repetitive language, empty or disorganized
speech, word-retrieval difficulties, and excessive
descriptions (‘‘the thing you write with’’ instead
of ‘‘pen’’).

Given the prominent role of language in our un-
derstanding and diagnosis of the disease, it is no
surprise that NLP methodologies are widely used
in both the NLP and medical communities. Cog-
nitive assessments and similar diagnostics often
result in recorded and transcribed data, offering
a wealth of textual content that is well-suited for
NLP analysis. This, combined with relatively new
sources of data (such as social media posts or
conversations with LLMs), enhance the potential

1https://www.who.int/news-room/fact-sheets
/detail/dementia.
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of NLP to advance dementia research in various
directions.

Previous literature reviews on NLP for demen-
tia focus on detection methods (Clarke et al., 2020;
Petti et al., 2020; Saleem et al., 2022; Parsapoor,
2023; Qi et al., 2023; Hiremath and Biradar, 2023;
Vrindha et al., 2023), with some specifically cov-
ering deep learning approaches to detection (Shi
et al., 2023; Javeed et al., 2023). Other reviews
extend beyond detection, addressing tasks like
linguistic biomarker extraction (Gagliardi, 2024)
or exploring the role of technology in patients’
lives (D’Onofrio et al., 2017; Shahapure et al.,
2022; Saragih et al., 2023; Peres and Campos,
2024), though these are not fully focused on NLP
methods. A few reviews are even more specific,
covering dementia-related data (Mueller et al.,
2018; De la Fuente Garcia et al., 2020; Yang
et al., 2022).

Our review stands out by covering the full spec-
trum of dementia-related NLP efforts, rather than
focusing on specific aspects like tasks (e.g., de-
tection), technologies (e.g., deep learning), data
types (e.g., clinical), or communities (NLP vs.
medical). Moreover, we created our review with
NLP readers in mind, unlike prior reviews, which
were primarily published in medical literature and
aimed at clinicians (Figure 3). Additionally, our
work is distinguished by its scope and coverage.
We review 242 papers from four distinct scientific
communities, categorized by publication venue:
the medical community (e.g., Nature Medicine);
the NLP community (e.g., ACL); the Speech
community (e.g., Interspeech); and a broader tech-
nological community that is not necessarily NLP-
or Speech-specific (e.g., Frontiers in Computer
Science). In Section 2, we detail the construction
of our cohort.

In Section 3, we describe the main task fami-
lies identified in our reviewed papers: linguistic
biomarker extraction, caregiver support, patient
assistance, and, most prominently, dementia de-
tection, which accounts for over 56% of the
cohort’s focus. For each task family, we review
motivations, current approaches, and potential
future directions.

Section 4 examines gaps and opportunities.
We highlight, for instance, that the vast major-
ity of studies, across all four task families, rely
on a handful of well-known datasets, despite the
existence of many unique datasets varying in size,
type, and purpose (a summary of 17 dementia-

specific datasets can be found in Table 2). We then
dive into the field’s scientific rigor and explores
NLP’s potential to influence medical research-
provided trust between the two communities is
established.

To provide readers with a concrete takeaway
on future research directions, Section 5 outlines
open challenges such as personalized LLMs for
patients and caregivers, artificially degraded lan-
guage models, and many more. We conclude
with the unique ethical considerations of the field
(Section 6) and the limitations of our review
(Section 7).

Our work aims to inspire researchers from
various fields to tap into the vast potential of
NLP in dementia research. We hope to provide
a fresh perspective on the domain, emphasizing
that the opportunities extend far beyond detection.
Whether developing clinical applications, analyz-
ing disease progression, or alleviating caregiver
burden, this review serves as a valuable resource
for those looking to contribute to the fight against
dementia.

2 Methodology

This review was conducted according to the
PRISMA guidelines (Moher et al., 2009). We
searched for NLP- and dementia-related papers in
titles, abstracts, and keywords across ACL An-
thology, PubMed, DBLP, IEEE Xplore, Springer,
and Wiley (full query details in Appendix A).
An automatic screening ensured papers were full
academic studies (rather than posters or theses),
peer-reviewed, and in English. We then manu-
ally screened for eligibility, selecting studies that
(1) focus on text as a primary modality, (2) use
datasets that are at least partially in English (to
narrow our scope while still addressing multilin-
gual studies), and (3) were relevant to this review.
For instance, while the paper of Botros et al.
(2020) mentions dementia and language models
in its abstract and keywords, it focuses on smart
home sensors, making it ineligible. Appendix A
provides further examples of papers that do not
meet our relevance criteria, alongside a fully de-
tailed overview of our query, screening process,
inclusion criteria, and a PRISMA flowchart.

Our screening resulted in 242 relevant papers,
which we then manually annotated with their main
contributions, datasets used, algorithmic methods
and whether statistical significance was reported
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Figure 1: Number of papers per period by task family.

(where applicable). Among this cohort, we iden-
tified four distinct task families, described below.

3 Task Families

We identified four distinct research verticals dif-
fering by tasks and motivations: dementia detec-
tion, linguistic biomarker extraction, caregiver
support, and patient assistance (see Section 3).
Two additional, more general categories are liter-
ature reviews and dataset introduction papers,
which we describe throughout our work. The num-
ber of studies on NLP for dementia has been
steadily growing (Figure 1), reflecting a signifi-
cant interest in the field. While there has been a
rise in studies on patient assistance, caregiver sup-
port, and literature reviews, there is still an over-
whelming focus on dementia detection (Figure 2).
Naturally, this imbalance between the four tasks is
reflected in our cohort, with over 130 dementia de-
tection papers versus 15–60 papers for each other
task family, affecting the depth of our analysis
of specific dementia detection studies. Therefore,
Appendix B offers further details on the dementia
detection papers we reviewed.

Dementia Detection Can an algorithm accu-
rately predict dementia from a provided text?
Remarkably, 56% of the papers we reviewed ad-
dress this exact question. This focus stems from
two key factors. First, a tangible impact: NLP can
improve the diagnostic process by making it faster,
less invasive, and more affordable. Pathological
changes can begin 15–20 years before cognitive
symptoms are noticeable to others (Jack et al.,
2010), and if NLP algorithms can detect early
stages of dementia (for example, mild cognitive
impairment [MCI]) they may enable earlier inter-

Figure 2: Distribution of task families across papers.

vention, potentially slowing disease progression
and delaying costly care.

The second motivation to pursue dementia de-
tection is a data-driven one. NLP research is in-
herently empirical, and in this domain, data is
often structured, spanning medical, audio, or tex-
tual modalities, and annotated with categorical
labels such as ‘healthy’ or ‘dementia.’ This struc-
ture perfectly suits classification algorithms, mak-
ing dementia detection a well-defined challenge
for researchers.

NLP-based dementia detection has been an ac-
tive research domain for over a decade, primarily
leveraging well-known datasets such as the Pitt
corpus (Becker et al., 1994), part of the Dementia-
Bank cohort (Lanzi et al., 2023). The Pitt corpus
provides transcribed recordings of cognitive as-
sessments, such as picture descriptions. These
transcribed text excerpts (e.g., ‘there’s a young
boy, uh, going in a cookie jar, and there’s a lit... a
girl...’) are annotated with the speaker’s cognitive
state (e.g., Healthy, MCI, Alzheimer’s) allowing
for text-based classification. The transcriptions are
also annotated with demographic information and,
for some participants, other cognitive assessment
scores. Two other widely used data sources, the
ADReSS and ADReSSo challenge datasets (Luz
et al., 2021a,b, respectively), are derivatives of
the Pitt corpus, offering refined transcripts and a
more demographically balanced sample.

Unlike these datasets, which build on structured
conversations, the widely used CCC dataset (Pope
and Davis, 2011) contains transcriptions of spon-
taneous conversations, about memories, health,
and daily life (e.g., ‘hmm. This is my problem
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(...) maybe you could help me find it’). These four
popular datasets (Pitt, ADReSS, ADReSSo, and
CCC) exemplify the most common data acquisi-
tion approach in dementia detection: transcribed
conversations (whether from well-known datasets
or self-collected clinical data) annotated with
Dementia or Healthy Control labels.2

Across the 136 detection papers we reviewed,
several algorithmic approaches emerged. Please
note that we present representative citations here;
for the complete list of references, see Appendix B.
Before 2017, many studies relied on classic
machine learning methods like SVM and Ran-
dom Forests using straightforward features like
N-grams (Jarrold et al., 2014; Fraser et al., 2016a;
Zhou et al., 2016; Santos et al., 2017), achieving
accuracy rates around 85%. From 2018 onwards,
there was a surge in transformer-based classifiers,
particularly applied to the ADReSS and ADReSSo
challenges published around that time (Pappagari
et al., 2020; Edwards et al., 2020; Haulcy and
Glass, 2021; Balagopalan et al., 2021). These
methods pushed accuracy over 90%, which are
currently state-of-the-art results on the Pitt corpus
and its subsets. Recently, large language mod-
els (LLMs) have been utilized for detection via
prompt design, embedding extraction, and feature
design (Agbavor and Liang, 2022; Wang et al.,
2023a; Runde et al., 2024; BT and Chen, 2024;
Bang et al., 2024).

Given the straightforward nature of the de-
mentia detection (a text classification task), ex-
tensive body of research, and the impressive
classification results, one might assume that de-
mentia detection is a solved problem. From a
modeling perspective, it has indeed evolved like
other text classification tasks, from classic meth-
ods to word embeddings, neural networks, and
LLMs. However, it remains fundamentally dif-
ferent, requiring tailored preprocessing, posing
challenges in data collection from older adults,
and demanding specialized linguistic metrics for
evaluation, which are complexities we explore
further in our review. As for the truly impres-
sive results, they are (a) largely based on the
Pitt corpus or its subsets: small, homogeneous
datasets with specific characteristics (structured
conversation, English only, etc.); (b) only 29% of
studies report statistical significance or assess the

2Some datasets offer more granular annotations, such as
Dementia, MCI, Alzheimer’s, etc.

robustness of their findings; and (c) despite strong
performance, no NLP-based classification tool, to
our knowledge, has been deployed in real-world
applications. We explore these gaps further in
Section 4.

Linguistic Bio-Markers Extraction Some
studies leverage NLP for linguistic exploration,
rather than straightforward detection. They often
wish to confirm, on a large scale, the existing
knowledge we have about the language of cogni-
tively impaired individuals. For instance, studies
such as those of Orimaye et al. (2014), Rosas et al.
(2019) and Ilias and Askounis (2022a) used NLP
methods to verify that linguistic cues associated
with cognitive decline, such as repetitions (e.g.,
‘the... the...’), revisions (e.g., ‘the woman, uh,
mother’), and overuse of pronouns (e.g. ‘she’
instead of ‘mother’), are indeed behaviors signif-
icantly more common in texts produced by the
cognitively impaired (Clark et al., 2014; Fraser
et al., 2016a; Voleti et al., 2019).

Other studies introduce linguistic markers and
metrics to assess a speaker’s cognitive state. For
example, Roark et al. (2007) extracted complexity
scores from parse trees, quantifying the extent to
which sentences produced by cognitively impaired
individuals are structurally and grammatically less
complex. Sirts et al. (2017) calculated idea den-
sity to measure how efficiently dementia patients
convey ideas, while Pompili et al. (2020a) quanti-
fied the number and order of topics mentioned by
speakers in cognitive interviews. In other studies,
such as Choi et al. (2019), the use of meta-semantic
terms (words implying emotion, emphasis, or
opinion) was analyzed in picture descriptions as an
indicator of cognitive performance. The frequency
of disfluencies, including silent pauses, reformula-
tions, and context switches (Adhikari et al., 2021;
Farzana et al., 2022; Williams et al., 2023), has
also been identified as a strong linguistic marker,
even enabling the longitudinal tracking of disease
progression (Martinc et al., 2021; Robin et al.,
2023).

Findings from this task family impact both
the fields of NLP and medicine. From an NLP
perspective, they underscore that the language
of cognitively impaired individuals differs dras-
tically from typical language, presenting unique
challenges to standard NLP practices. For exam-
ple, these studies show that certain preprocessing
steps traditionally used in NLP, such as removing

1207



repetitions and stop words, could inadvertently
erase dementia-related linguistic signals that are
critical for tasks like dementia detection. From
a medical perspective, these studies have the
potential to challenge conventional scoring prac-
tices in cognitive assessments. One example is
Prud’hommeaux et al. (2011), who explored nar-
rative recall tasks, where participants are asked
to retell a story after hearing it. The researchers
found that scoring this cognitive assessment based
on the presence of specific story elements may be
more effective for detecting MCI than scoring
based on the overall summary, which is the tra-
ditional approach, thus challenging the current
perspective on this task.

Notably, 75% of papers in this task family report
statistical significance, which is the highest ratio
among all task families. This likely stems from
the motivation to ensure that existing knowledge,
or any new linguistic insights, are robust.

Caregiver Support With the growing number
of dementia patients, the demand for caregivers
rises. In the US alone, an estimated 11 million
Americans serve as caregivers for those with de-
mentia, contributing billions of hours of care each
year.3 Research indicates that nearly half of these
caregivers experience depression, and are at a
higher risk of chronic health conditions (Huang,
2022). NLP methods can support these devoted
caregivers by detecting emotional distress, pro-
viding answers to their concerns and offering
companionship.

Around 6% of our cohort consists of stud-
ies on NLP for caregiver support, a field that
emerged post-COVID-19. Early research focused
on the emotional well-being of personal care-
givers (family and friends) mainly through social
media posts (Monfared et al., 2021; Azizi et al.,
2024). For example, Sunmoo et al. (2022, 2023)
used graph-based topic modeling and sentiment
analysis to show that tweets posted through-
out the pandemic shifted from practical care to
emotional distress (e.g., depression, helplessness,
elder abuse) and coping strategies (e.g., thera-
peutic reading). Posts beyond dementia-specific
communities (Ni et al., 2022; Lal et al., 2023) and
across social media profiles (Klein et al., 2022) re-
veal that caregivers express more than emotional

3https://www.alzint.org/about/dementia
-facts-figures/.

distress, asking also for financial aid and legal
advice.

Other studies focus on professional caregivers.
One example is Zhu et al. (2022b), who analyzed
clinical notes by nurses in aged care facilities.
Disturbingly, their analysis shows dozens of dis-
tinct aggressive behaviors targeted towards the
nursing team, such as pushing, shouting, and using
profane language, involving over 50% of dementia
patients studied. This line of research highlights
the potential of NLP in detecting when to as-
sist caregivers, whether through advice, emotional
support, or enhanced workforce training.

Another growing body of research is explor-
ing whether LLMs could provide caregivers with
expert answers to dementia-related inquiries. Cur-
rent studies show that models like ChatGPT
offer relevant and factually correct advice and
recommendations (Hristidis et al., 2023; Dosso
et al., 2024), but often lack the depth of infor-
mation available through Google Search or expert
sources. LLMs also fall short in offering the emo-
tional support needed when a caregiver seeks to
manage a loved one’s memory loss, confusion, or
aggression (Aguirre et al., 2024). To bridge these
gaps, Zaman et al. (2023) and Parmanto et al.
(2024) explore the novel concept of fine-tuning
LLMs to specifically address caregivers’ deli-
cate emotional needs. These studies pave the way
for AI-based caregiver companions, a field likely
to gain traction with the growing popularity of
LLMs. While groundbreaking, these agent-based
solutions also present critical ethical dilemmas,
explored in Section 6.

Patient Assistance Individuals with dementia
can live with the disease for decades,4 and NLP
solutions can significantly improve their daily
lives. NLP can also help researchers decode the
mental landscapes of patients, where agitation, de-
pression, and cognitive decline intersect. Research
indicates that depression affects 30%–50% of de-
mentia patients (Lyketsos and Lee, 2003), with
15% experiencing suicidal thoughts (Naismith
et al., 2022). This highlights the importance of
studies such as Fraser et al. (2016b) and Ehghaghi
et al. (2022), who aim to detect depression among
dementia patients. These studies demonstrate that

4https://www.alzheimers.org.uk/about-dementia
/symptoms-and-diagnosis/how-dementia-progresses
/later-stages-dementia.
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it is extremely challenging to detect depression
from the transcribed cognitive assessments alone,
and that adding multi-modal data, particularly
audio, drastically helps.

Apart from assessing the mental well-being of
patients, NLP can also aid in text simplifica-
tion, making online information more accessible
to those who often find it unreadable (Espinosa-
Zaragoza et al., 2023). Engineer et al. (2023) an-
alyzed dementia-related texts online and found an
average readability level equivalent to 12 years of
education, making them potentially inaccessible to
many at-risk communities, given the link between
lower education and dementia susceptibility.5 The
study also reveals a consistently negative tone in
the texts (e.g., emphasizing the grim nature of
the disease), potentially affecting the mental state
of patients who are already prone to depression.
NLP tools are natural candidates to help simplify
texts, enhance readability, and rephrase to a more
supportive tone. They can also assist writers and
content creators ensure their work does not pro-
mote or reinforce stigma against patients (Pilozzi
and Huang, 2020).

Researchers are also trying to help patients
sustain meaningful conversations and prevent
communication breakdowns, shown to occur in
over a third of interactions involving individu-
als with dementia. Studies such as Green et al.
(2012) and Chinaei et al. (2017) have devel-
oped systems to detect confusion and disfluent
speech patterns within transcribed interviews, sug-
gesting real-time repair strategies to minimize
misunderstandings. Such solutions may enhance
conversations for dementia patients while also
easing the burden on caregivers.

A growing body of research explores LLM-
powered chatbots to enhance social engagement,
provide cognitive stimulation, and reduce loneli-
ness (Kostis et al., 2022; Xygkou et al., 2024; Qi,
2023; Gholizadeh et al., 2023). Studies show that
participants appreciate the novelty and cognitive
stimulation, reporting reduced loneliness and in-
creased social support. However, they note some
limitations such as handling emotionally sensi-
tive conversations. Encouragingly, studies like
Addlesee and Eshghi (2024) focus on improv-
ing chatbot patience and empathy, advancing the
development of more suitable LLMs for patients.

5https://www.ncbi.nlm.nih.gov/pmc/articles
/PMC6937498/.

Additionally, as with all AI tools, building trust
with patients and caregivers is essential. Gilman
et al. (2024) propose specialized GPT training
for dementia patients as a way to help establish
this trust. Studies such as Pacheco-Lorenzo et al.
(2024) and Treder et al. (2024) interviewed pa-
tients, healthy individuals, and caregivers about
their views on such technologies, revealing con-
cerns about bias, data privacy, and emotional
intelligence, alongside a heartwarming, cautious
optimism. As one patient experimenting with a
chatbot noted: ‘‘I could talk to the robot longer
than I could talk to a human... she didn’t tell me if
I’ve repeated myself... she [the bot] didn’t think I
was boring’’. (Xygkou et al., 2024)

Overview Figure 3 shows the contributions
of different scientific communities to the dis-
cussed task families, including literature reviews
and dataset introductions. While all communities
engage in dementia detection and dataset publica-
tion, caregiver support remains unexplored in NLP
and Speech research. Additionally, we found no
literature review similar to ours in NLP venues,
highlighting a significant gap. The next section
explores these and other gaps, highlighting oppor-
tunities for deeper, more rigorous research, as well
as ethical dilemmas and innovative directions.

4 Gaps and Opportunities

4.1 Data Variety

Classic We begin our discussion of gaps by ad-
dressing a core aspect of NLP research: the data.
As noted in Section 3, the most popular datasets
in the field are the Pitt corpus and its deriva-
tives (ADReSS and ADReSSo), along with the
CCC dataset (see additional details in Table 1).
These datasets are foundational and have sig-
nificantly shaped the current state of NLP for
dementia. However, like all data sources, they
have limitations, including size constraints and
demographic biases. For instance, the Pitt cor-
pus includes data from more women than men,
as well as an imbalanced ratio of 35% healthy,
48% dementia, and 17% likely dementia partic-
ipants. The ADReSS dataset was created as a
balanced subset of Pitt, offering a smaller but
evenly split sample by age, gender, and diagno-
sis (Ševčı́k and Rusko, 2022). Additionally, these
datasets capture only the language of individuals
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Figure 3: Distribution of venues across each of the task families.

Name Year Type Population Modalities Size

Pitt 1994 Cognitive Assessments Patients Transcribed speech 196 Dem vs. 98 Ctrl

ADReSS 2020 Cognitive Assessments Patients Transcribed speech 78 Dem vs. 78 Ctrl

ADReSSo 2021 Cognitive Assessments Patients Transcribed speech 121 Dem vs. 116 Ctrl
Classic

CCC 2011
Health and Wellbeing

Patients Transcribed speech 125 Dem vs.125 CtrlConversations

CareD 2023 Social media posts Caregivers Caregivers written text 1005 Posts

LoSST-AD 2024 Public interviews Patients (Celebrities) Transcribed Interviews 10 Dem vs. 10 CtrlContemporary

Li et-al 2023
Clinical Notes +

Clinicians / Patients
(1) Human + Synthetic clinical notes 30k sentences

Synthetic Sentences (2) Synthetically generated sentences

Table 1: Comparison between classic, widely-used datasets focused on transcribed interviews and
cognitive assessments, and examples of contemporary datasets showcasing caregiver data, synthetic
data, and more. For the full list of 17 datasets encountered throughout our review, see Appendix B.

with the access, ability, and willingness to partic-
ipate in clinical trials. As a result, communities
with less access to such trials, limited education,
or intellectual and physical disabilities (factors
known to impact cognitive assessments) are not
represented (Bruhn and Dammeyer, 2018). This
underrepresentation also extends to rural popula-
tions, ethnic minorities, and individuals navigating
dementia outside of formal healthcare systems,
further limiting the datasets’ generalizability.

Sixty percent of dementia patients live in low-
and middle-income countries,6 making it crucial
to gather data multilingual data from such com-
munities. Some studies try to bridge this gap using
translation, transfer learning, or cross-lingual sta-

6https://www.alzint.org/about/dementia
-facts-figures/.

tistical methods for resource-limited languages
(Drame et al., 2012; Fraser et al., 2019; Lindsay
et al., 2021; Guo et al., 2020; Pérez-Toro et al.,
2022, 2023; Kabir et al., 2023; Meng et al.,
2023; Melistas et al., 2023). One such example is
Nowenstein et al. (2024), who applied translation
for dementia detection in Icelandic. They cau-
tion that despite their promise, such methods need
extensive validation due to varying grammatical
complexities and dementia-related nuances across
languages. For instance, languages like Japanese
omit pronouns in many contexts, which makes
it harder to track referential errors, which are a
known dementia marker in English (Hasegawa,
1985; Carlomagno et al., 2005). Translations may
also remove culturally specific idioms, metaphors,
or indirect expressions, potentially impacting di-
agnosis. Thus, while translation and cross-lingual
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methods are valuable, English-based data cannot
fully substitute for original language data, espe-
cially when it comes to underrepresented linguistic
and cultural communities.

Another concern with these classic datasets is
their timeliness. For instance, the Pitt Corpus, pub-
lished in 1994, had a median participant age of 67
years. There is a significant difference between
67-year-olds now versus 30 years ago, including
changes in technological proficiency and language
use. This raises questions about whether models
trained on these datasets are effective for detec-
tion in today’s elderly population, and whether
these datasets may be reproduced with updated
protocols.

Additionally, these classic datasets were man-
ually transcribed. As such, they contain clean,
standardized transcriptions with expert annota-
tions of linguistic nuances such as disfluencies,
pauses, and correction. However, manual tran-
scription and annotation are neither scalable nor
cost-effective. In real-world applications, texts
will therefore likely be transcribed using automatic
speech recognition (ASR), which produces noisier
outputs and often fails to capture critical linguis-
tic markers of cognitive decline (Al Hanai et al.,
2018; Balagopalan et al., 2019; Gómez-Zaragozá
et al., 2023; Heitz et al., 2024). As a result, mod-
els trained on these clean, expert-transcribed da-
tasets may struggle to generalize to real-world
settings.

A final limitation of these classic datasets stems
from the dementia stakeholder they represent,
namely, the patient. Other humans involved, such
as caregivers, family members, and even the in-
dividuals conducting the cognitive assessments
(Tahami Monfared et al., 2022), are not repre-
sented. Given the data-driven nature of NLP, this
may naturally cause practitioners to focus on pa-
tients and inadvertently constrain the scope of
research on all other dementia stakeholders.

Contemporary We now turn to data sources
beyond clinical trials. Social media posts have
proven valuable for capturing the broad spectrum
of communication across various dementia stake-
holders (discussed in Section 3). Some studies
creatively used non dementia-specific datasets,
like IMDB, leveraging their size and multilin-
guality or translation or embedding extraction for
dementia-related tasks (Mirheidari et al., 2018; Li
et al., 2019).

An additional direction is freely available data
of public figures diagnosed with dementia. Petti
et al. (2023a,b) and Asllani and Mullen (2023) ex-
amine personal writings and spontaneous speech
from well-known individuals with dementia, while
Petti and Korhonen (2024) curated a corpus of a
similar nature (mentioned in Table C). This data
source is unique in spanning celebrities of dif-
ferent cultures and origins, various types of data
sources (interviews, written texts, etc.), and multi-
ple modalities (video, audio, etc.). Additionally, it
allows for tracking these public figures throughout
their disease journey, exploring their individual
progression. Berisha et al. (2015) and Wang et al.
(2020a) emphasize this in their detailed case stud-
ies on the linguistic decline of President Ronald
Reagan throughout his political career.

LLMs offer another promising approach to
data collection, annotation, and augmentation, with
proven success in enhancing clinical notes (Liu
et al., 2023a; Koga et al., 2024; Latif and Kim, 2024).
In a unique study, Li et al. (2023) showed that
LLMs can label clinical records, generate clinical
data, and spontaneous speech, improving detec-
tion performance beyond that of purely human-
created datasets. The datasets they present are,
to the best of our knowledge, the only dementia-
related synthetic datasets currently available.

Future Historically, ‘NLP for dementia’ was
synonymous with dementia detection, and the
classic datasets containing annotated clinical re-
cords have proven well-suited for detection clas-
sifiers. However, to advance dementia research in
all tasks and frontiers, NLP requires data that is
abundant, diverse, and reflective of the disease’s
complexity. Table 1 compares the traditional clin-
ical datasets with the more contemporary ones
we discussed, representing a small part of the 17
datasets we identified in our review (Table 2 in
Appendix C).

The table summarizes each dataset’s source and
type (recorded, written, structured, spontaneous,
synthetic, clinical, social media-based, and more)
as well as its modalities (e.g., text, audio, images).
We also describe dataset size and diagnosis dis-
tribution (when available), and provide references
for each dataset so that readers can consult the
original sources for full demographic and method-
ological data collection details. All 17 datasets are
English-focused, in line with the scope of this
review (as detailed in Sections 2 and 7).
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While these 17 datasets have some limitations,
such as modest size, incomplete demographic
coverage, or older collection dates, they have
nonetheless enabled a rich body of research and
supported hundreds of studies, substantially ad-
vancing NLP for dementia. We hope that curating
these resources into an accessible and comprehen-
sive summary will encourage researchers to enter
the field, make use of the growing body of data,
and pursue creative approaches to data collection
that reflect a broader range of dementia stakehold-
ers, languages, genders, cultures, and educational
backgrounds. This, in turn, can drive the devel-
opment of NLP solutions that are inclusive and
globally relevant.

4.2 Personalized Approaches

Every dementia patient experiences the disease
progression uniquely, shaped by their individ-
ual characteristics and ‘distinct personal language
model’. As each generation produces more acces-
sible data, a 60-year-old today has likely generated
significantly more text than a 60-year-old two
decades ago. Given this wealth of textual data
sourced from older adults, NLP may facilitate
personalized approaches for managing, tracking,
or even diagnosing dementia by building individ-
ualized language models that monitor cognition
on a personal level.

NLP-based digital twins for dementia patients
represent a promising frontier in healthcare. These
virtual models replicate a patient’s cognitive and
behavioral patterns through their language, en-
abling personalized care by monitoring cognitive
decline and adjusting treatment plans based on
simulated behaviors (Andargoli et al., 2024). A
notable example is Hong et al. (2024), who de-
veloped digital twins by fine-tuning an LLM on
longitudinal data from the I-CONECT clinical
trial,7 using these twins to evaluate a patient
support chatbot.

An intriguing, yet unexplored, research di-
rection involves creating personalized LLM
companions modeled after loved ones, as cog-
nitive stimuli from familiar individuals can
positively impact dementia patients (Woods et al.,
2012). An LLM trained on family-curated data
could engage patients with their personal history,
family stories, and interests, such as favorite bands
or recipes, potentially offering a non-clinical treat-

7https://www.i-conect.org/.

ment. Given the vast amount of personal data
generated today, this approach seems both feasi-
ble and effective. With these research directions,
NLP has the potential to shape the future of per-
sonalized dementia treatments, both medical and
alternative.

4.3 Trust and Scientific Rigor

A key contribution of our work is drawing com-
parisons between the medical and technological
communities, particularly in scientific modeling.
Medical research typically begins with a hypoth-
esis, followed by study design and data collection
for analysis. In contrast, data scientists often start
with pre-collected data, retrospectively identify-
ing patterns without necessarily defining a specific
hypothesis. This conceptual gap may be critical
in medical contexts. Is retrospective data relevant
to future cases (e.g., will a model trained on the
1994 Pitt corpus capture the same signals in to-
day’s dementia patients)? Do the results indicate
correlation rather than causation? The medical
community may be hesitant to adopt solutions they
perceive as correlations derived from retrospec-
tively collected, often small datasets (El-Sappagh
et al., 2023).

Hesitance to adopt NLP-based solutions may
grow when studies do not report statistical sig-
nificance or assess robustness. We manually
annotated each paper in our cohort, excluding liter-
ature reviews, to indicate whether statistical tests
or p-values were reported. Among all reviewed
papers, only 33% report statistical significance.
While about half of NLP and medical papers in-
clude it, nearly 86% of Speech publications, which
cover a significant portion of detection studies,
particularly those using the popular ADReSS and
ADReSSo datasets, do not (see Figure 4).

Another crucial aspect of scientific model-
ing is robustness. We found few studies in our
cohort which explicitly addressed this topic or
evaluated the robustness of their models. Two
notable examples are Novikova (2021), who ex-
amined BERT-based dementia detection under
data perturbations, and Favaro et al. (2024), who
assessed the consistency of linguistic features
across corpora.

Explainability, a key pillar of scientific rigor,
remains rare in dementia detection, with few ex-
ceptions like Ilias and Askounis (2022a). A dis-
connect exists between the NLP community,
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Figure 4: Statistical significance per publication type.

which favors deep learning for higher accuracy,
and the medical community, which prioritizes
transparency and tends to distrust ‘‘black-box’’
models (Adadi and Berrada, 2020). As a result,
clinicians often prefer traditional, inherently in-
terpretable models. Another gap exists as NLP
practitioners’ favor feature-attribution methods,
explaining prediction by assigning importance
scores to individual tokens or features (Karlekar
et al., 2018; Ilias and Askounis, 2022a; Vimbi
et al., 2024). While straightforward for research-
ers, these methods often produce overwhelmingly
low-level explanations (e.g., assigning an impor-
tance score to every token in a lengthy tran-
script), potentially confusing both clinicians and
patients, especially those with cognitive im-
pairments. Addressing these challenges requires
cross-disciplinary collaboration to develop inter-
pretability methods that are both scientifically
rigorous and clinically meaningful. We encourage
researchers to consult surveys such as Stiglic et al.
(2020), Calderon and Reichart (2024), and Viswan
et al. (2024), which outline NLP interpretability
paradigms applicable across various algorithms.

Ensuring scientific rigor is just as crucial, and
equally challenging, for tasks beyond dementia
detection. Studies on caregiver support and patient
assistance often lack a gold standard or clear
objective. For example, evaluating LLMs that
answer medical questions or simplify texts for
dementia patients poses challenges in assessment
and statistical rigor. Developing benchmarks to
evaluate these tools is therefore a vital research
direction.

4.4 Application State-of-Mind
To combat dementia in real-world settings, NLP
practitioners must not only adopt rigorous meth-
ods and build trust, they should also consider the

applicability of their work, and ask themselves,
‘How can my work be applied in practice?’ De-
mentia detection exemplifies this gap. Despite
decades of promising results and hundreds of sur-
veyed papers, our research found no evidence
that these approaches have been integrated into
real-world detection processes.8 What hinders the
clinical adoption of such promising NLP tech-
niques? First, we believe that trust issues (as
discussed earlier) are a major factor, as integrat-
ing these tools into medical workflows is too risky
without rigorous testing across diverse datasets
and real-world scenarios. However, they are not
the only barrier.

One applicative challenge in dementia detection
lies in the reliance on spoken responses, which
must be transcribed in real time or post-recording.
Clinicians often cannot record assessments due
to privacy concerns and technological constraints,
and even if recordings were conducted regularly,
transcription would remain a bottleneck. Man-
ual transcription is costly and time-consuming,
making ASR the most practical alternative. Some
studies have explored ways to adapt ASR sys-
tems to dementia related tasks, such as training
models on domain specific speech data (Abulimiti
et al., 2020), or fine tuning state of the art models
like Whisper on cognitively impaired speech (Li
and Zhang, 2024; Radford et al., 2023). Others
use ASR to generate transcripts automatically, ex-
tract features for clinical scoring, and compare the
results to those derived from manual transcripts
(Lehr et al., 2012, 2013). While not focused on
ASR improvements per se, these studies further
demonstrate that adapting ASR systems to the
dementia domain can improve transcription qual-
ity for downstream domain-specific tasks. Still,
ASR systems often introduce errors and miss crit-
ical cognitive signals like disfluencies and silent
pauses, making it difficult to distinguish between
patient incoherence and transcription errors (Li
et al., 2024b). As long as NLP relies on ASR sys-
tems that introduce complexities and errors, they
may add more burden than they alleviate.

Applicative thinking extends beyond dementia
detection, relevant to all dementia-related tasks.
Topaz et al. (2020), Zolnoori et al. (2023), and
Ryvicker et al. (2024), who tailor their NLP ap-
plications to the home healthcare setting, help
professional caretakers in identifying, clustering,

8Based on publicly available data.

1213



and analyzing dementia symptoms and behaviors
(e.g., anxiety, delusions, hoarding). These sys-
tems were designed for real-world deployment,
aiming to flag dementia-related signals in un-
diagnosed individuals and facilitate information
transfer across healthcare settings, supporting both
professional and personal caregivers. Casu et al.
(2024) present another form of applicative con-
sideration, designing LLMs for dementia-related
tasks and optimizing them for local fine-tuning to
ensure data safety, an approach that might be more
acceptable to the healthcare community compared
to cloud-based training.

Demand for dementia-related applications is
evident from a business perspectives as well. The
dementia treatment market is projected to sur-
pass US$36 billion by 2030, with independent
technological solutions rapidly emerging.9 For in-
stance, the ChatGPT ‘app store’ now features
over 30 dementia-related chatbots for cognitive
stimulation or virtual companionship.10 People
are taking initiative, leveraging LLMs to cre-
ate these tools, and scientists can follow suit,
using this framework to develop LLM-based play-
grounds for large-scale applicative experiments.
Such applications may also empower older adults
to administer self-assesment and monitoring, as
shown by Skirrow et al. (2022).

To summarize, the need for practical NLP
solutions is undeniable, and we encourage the
community to focus on solutions that are not only
innovative but also truly applicable in real-life
settings.

4.5 NLP Insights for Medicine

With many scientific communities advancing de-
mentia research, cross-disciplinary collaboration
is key. While NLP and other technological fields
draw from medical insights and data, we argue that
the reverse, integrating NLP insights into medical
science and practice, holds immense potential.

One example is the concept of artificially de-
graded language models, which explore ‘healthy’
vs. ‘cognitively impaired’ models replicating the
linguistic behavior of dementia patients. Cohen
and Pakhomov (2020) achieved this by fine-tuning
an LSTM on the DementiaBank cohort, while Li

9https://www.sphericalinsights.com
/reports/dementia-drugs-market.

10Searched on https://chat.openai.com/,
August 2024.

et al. (2022a) degraded different layers of GPT-2.
Both approaches yielded models that impressively
demonstrated dementia-like linguistic patterns.
The two studies utilized perplexity (a derivative
of cross-entropy) as a measure of cognitive de-
cline, a concept introduced in Roark et al. (2011).
The degraded models exhibit significantly lower
perplexity when exposed to dementia-related lin-
guistic anomalies compared to ‘healthy’ models.
We believe that this research area might shed light
on the biological mechanisms of dementia and its
pathologies; for example, degrading an LLM by
mimicking protein deposits on its neurons might
offer insights into the mechanisms of Alzheimer’s.

Li et al. (2024a) use a degraded model to explore
similarities between children’s language and that
of dementia patients. Their model shows lower
perplexity than GPT-2 on picture descriptions
by young children and dementia patients, and
significantly higher perplexity on descriptions by
children over 8, whose language aligns with that
of with healthy adults. This work suggests that
NLP can aid in developing dementia biomarkers
or cognitive assessments inspired by children’s
language.

NLP can also help craft novel cognitive assess-
ments that examine more than the patient’s per-
formance of the task at hand. Farzana et al.
(2020), Nasreen et al. (2021a), Farzana and Parde
(2022), and Dawalatabad et al. (2022) analyze
interaction dynamics between patients and in-
terviewers, demonstrating that rare dialogue acts,
such as clarification exchanges and interviewer ut-
terances, can signal cognitive variations. Reeves
et al. (2020) propose an alternative assessment,
focusing on narrative descriptions following video
observations.

Another research direction can illuminate pa-
tients’ lifestyle factors and experiences for the
medical community. Studies such as Yi et al.
(2020), Shen et al. (2022), Wu et al. (2023), and
Zhou et al. (2018) focus on extracting patients’
lifestyle factors from clinical records and social
worker notes. They identify, for example, whether
patients experience sleep deprivation, suffer from
social isolation, or report substance abuse. Such
NLP-based automated approaches can provide in-
sights into a patient’s unique experience of the
disease and even allow for cognitive profiling
(Upadhyay et al., 2022), potentially allowing cli-
nicians to tailor interventions that improve indi-
vidualized patient outcomes.
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Figure 5: Key research directions we view as foundational, actionable, and yet-to-be fully explored.

Finally, NLP can prompt clinicians to recon-
sider existing hypotheses about dementia risk
factors. Zhou et al. (2019, 2021) conducted exten-
sive analyses of health records, uncovering con-
tradictions with prevailing medical assumptions.
While many medical studies emphasize cardio-
vascular risks, such as high-fat, high-calorie,
and high-carbohydrate diets, these factors were
rarely noted in dementia patient records. Instead,
deficiencies in potassium, calcium, and other nu-
trients, as well as frequent mentions of dietary
supplements (or their absence), appeared in over
25% of dementia patients’ records. Actual lab
results for nutrient levels, however, were rarely
documented, a result which challenges exist-
ing hypotheses, and exposes potential gaps in
medical procedures.

5 Directions for Future Work

Previous sections outlined the state of NLP for
dementia and identified gaps and opportunities.
Along the way, we highlighted open challenges
that struck us as meaningful, practical, and yet-to-
be fully explored (see Figure 5). We now distill
these into concrete takeaways for researchers.

In Section 4.2, we discussed personalized LLMs
as a research direction that holds immense poten-
tial. One example is digital twins of dementia
patients, LLMs tuned on a patient’s own lin-

guistic data, such as clinical interviews, personal
journals, or text messages, that can mirror how
their language changes over time. These models
may help simulate the progression of dementia
under different treatment conditions, assist in tai-
loring interventions, or even serve as training tools
for caregivers by generating simulated dialogues.
Alternatively, LLMs based on a patient’s loved
ones, i.e., fine-tuned on texts from the patient’s
family and friends, could provide personalized,
emotionally resonant interactions. Prompting a
patient to recall life experiences or discuss their
favorite movies and songs could potentially assist
with reminiscence therapy.

However, to move from promising prototypes
to reliable tools, LLM companions require ded-
icated benchmarks tailored to each use case.
These should assess trustworthiness, factuality,
emotional alignment, and ethical behavior: for ex-
ample, avoiding hallucinations, adapting tone to
emotional needs, and preserving the dignity and
privacy of the user. Such benchmarks must be
developed in collaboration with clinicians, care-
givers, and domain experts, to define ‘‘desired’’
and ‘‘undesired’’ behaviors in these sensitive,
high-stakes interactions.

We also encourage researchers to explore
synthetic data augmentation, alteration, and
generation. LLMs can generate synthetic texts, in-
cluding patient speech and caregiver interactions,
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offering a scalable way to curate larger, linguis-
tically inclusive datasets. Such datasets may sup-
port models that are more robust to distribution
shifts and data perturbations. Another option is to
synthetically enhance patient transcriptions to bet-
ter represent populations excluded from clinical
trials (see Section 4.1). This could involve altering
transcripts to reflect diverse discourse styles, add
slang, or incorporate contemporary language from
a broader range of demographic backgrounds. For
example, some participants in the Pitt corpus re-
fer to the boy in the Cookie Theft picture as
‘‘Johnny,’’ a naming habit typical of a narrow
generational and demographic group represented
in the dataset. Such highly specific patterns may
introduce linguistic bias, which synthetic augmen-
tation could help alleviate. Crucially, the quality
and effects of synthetic alterations and genera-
tion should be validated through both clinician
inputs and empirical comparisons, i.e., evalu-
ating detection accuracy with and without syn-
thetic data.

Researchers should also prioritize multilingual,
multimodal datasets to ensure that dementia re-
search reflects true linguistic, demographic, and
cultural diversity. NLP datasets underrepresent
languages from low- and middle-income coun-
tries, where over half of dementia patients live
(Prince et al., 2012; Tillmann et al., 2019). Coun-
tries with high dementia-related mortality, such as
Finland, Slovakia, Vietnam, and Indonesia, also
remain underrepresented in existing NLP datasets
(World Population Review, 2025). Even countries
that could benefit from English-based dementia
NLP research still require multilingual solutions.
For example, in Australia, 21% of dementia pa-
tients in aged care facilities are immigrants from
non-English-speaking backgrounds, and language
barriers with caregivers have been linked to in-
creased agitation and aggression (Edith Cowan
University, 2024). As noted in Section 4.1, ad-
dressing dementia on a global scale requires more
than translating English datasets. Multilingual data
should be actively collected to capture dialectal
variation and cultural nuance. This data should
also extend beyond patients to include caregivers,
clinicians, and dementia-related content creators.
Multimodal coverage is equally important, span-
ning speech, video, medical records, imaging,
personal writing, social media, and more. These
datasets could support a wide range of NLP
tools, including detection models and LLM-based

agents, that are linguistically robust, culturally
sensitive, and globally relevant.

Another important direction is reproducing
classic protocols, such as the Pitt interviews, to
collect updated data from today’s older adults.
This would help assess the continued relevance
of these protocols, detect generational shifts in
language use, and evaluate whether models trained
on legacy data generalize to current populations.
Linguistic norms have changed: Older adults today
are more likely to use technological terms, com-
municate online, and reflect greater sociocultural
diversity. As a result, their discourse may differ
significantly from that captured in the 1990s and
early 2000s, when many benchmark datasets were
created (Ladzekpo et al., 2023). Without revisit-
ing these protocols, we risk biasing models against
linguistically diverse older adults. Collecting new
data using established tasks may allow researchers
to compare linguistic patterns across generations
and support more inclusive, up-to-date detection
methods.

From a medical perspective, we see artificially
degraded LLMs (discussed in Section 4.5) as a
promising direction. By selectively disrupting in-
ternal components of an LLM, researchers might
be able to simulate various dementia pathologies
and explore structural and functional parallels
between neural networks and the human brain.
For example, they might alter specific layers
to simulate frontotemporal dementia or deacti-
vate neurons in a more broad manner to mimic
Alzheimer’s. These experiments may allow us to
ask whether linguistic symptoms emerge in ways
that align with clinical observations. For instance,
does an LLM simulating frontotemporal symp-
toms display impaired inhibition or aggression
in its language? Comparing outputs from de-
graded models to real patient transcripts could help
evaluate clinical plausibility and identify which
components of the LLM support fluency, coher-
ence, or semantic integrity. These simulations also
offer practical value: enabling continuous model-
ing of disease progression, supporting hypothesis
testing, and generating synthetic patient data in a
safe, controllable manner.

Finally, for NLP to meaningfully support early
detection, models must focus on the MCI stage.
While NLP studies report high accuracy in de-
tecting advanced dementia stages, this has limited
clinical utility: (a) such cases are often diagnos-
able by clinicians without NLP assistance, and
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(b) few interventions remain effective at that
stage. Instead, researchers must prioritize the
detection of MCI, when both symptomatic and
disease-modifying treatments may have the great-
est impact (Rasmussen and Langerman, 2019;
Sims et al., 2023). This requires developing mod-
els sensitive to the subtlest linguistic changes
and optimizing for the unique characteristics of
early-stage decline. It also demands suitable data:
Researchers should prioritize datasets with suffi-
cient MCI representation or curate MCI-specific
resources using writings or interviews from
recently diagnosed individuals.

These research paths demand careful ethical
considerations, as we discuss in the next section.

6 Ethical Discussion

Ethical dilemmas regarding AI and healthcare
have been widely examined (Rigby, 2019; Gerke
et al., 2020; Keskinbora, 2019; Harrer, 2023).
However, in this section, we highlight those spe-
cific to NLP and cognitive decline. One example
is collecting data from the cognitively impaired,
which is an ethically delicate task, as these in-
dividuals often cannot provide informed consent,
raising questions about autonomy and data use.
Fairness and diversity is another challenge, as NLP
systems may misinterpret silent pauses, repeti-
tions, or corrections, mistaking them for cognitive
decline when they actually stem from non-native
speech or even simply from stress.

The classic precision-recall trade-off also takes
on new ethical weight in dementia research, par-
ticularly in detection. For treatable conditions like
certain cancers, prioritizing recall to err on the side
of caution is often justified. But for untreatable,
progressive illnesses like dementia, false positives
can be deeply harmful. A misdiagnosis, especially
at a younger age, can lead to severe emotional
distress, depression, and even suicidal thoughts
(Lyketsos and Lee, 2003; Naismith et al., 2022).
Misdiagnosed individuals may even be prescribed
newly emerging drugs and treatments, exposing
them to serious side effects like brain edema and
hemorrhages- despite not needing the medication.

Another challenge may arise from using LLMs
to generate patient speech. LLM hallucinations
(non-factual outputs; Smith et al., 2023) and
confabulations (false memories without intent to
deceive; Brown et al., 2017) are problematic for
many NLP tasks but are also key characteristics of

dementia patients. How does one distinguish be-
tween LLM fabrications and authentic simulations
of cognitive impairment? This raises both techni-
cal and ethical concerns: While some generated
patterns (e.g., excessive empty speech or extreme
hallucinations) may enhance accuracy, they can
also introduce bias and reduce interpretability.
Misleading data risks distorting our understanding
of dementia, its cognition, and lived experience.
Establishing benchmarks and ethical guidelines
for synthetic data in this domain is essential.

Finally, researchers must ensure that models
communicate predictions responsibly and safely.
Dementia patients, often experiencing impaired
judgment, may overshare sensitive information,
act on unsafe advice, or follow suggestions with
unintended consequences. For instance, if a chat-
bot recommends taking a walk to feel better, a
patient might do so and become lost, which is
an entirely plausible scenario. Addressing these
ethical challenges demands cross-disciplinary
collaboration, rigorous risk assessment, robust
evaluation, and a strong sense of responsibility
and accountability.

7 Limitations

Like all surveys, our work represents a snapshot in
time. With NLP advancing extremely rapidly, new
relevant studies are highly likely emerge after this
review’s publication. Additional limitations stem
from deliberate choices to maintain a manageable
scope and focused analysis. For instance, we relied
on relatively broad dementia-related terms rather
than expanding to all specific pathologies (e.g.,
Lewy Body, Vascular) or other potentially related
medical conditions (e.g., Parkinson’s disease).
Additionally, we focused on studies using data
that is fully or partially in English, thus exclud-
ing research conducted solely in other languages.
Finally, we confined our survey to peer-reviewed
articles, acknowledging that in NLP, innovation
often originates in open-source publications. De-
spite these limitations, we believe our review
provides comprehensive coverage of the NLP for
Dementia domain and provides a solid starting
point for researchers looking to advance this field.

8 Conclusions

Through a cohort of 242 papers, we uncovered the
depth and richness of NLP research for demen-
tia. Multiple scientific communities are working

1217



to advance early detection, support patients, and
caregivers, and much more, all through language.
Yet, many gaps and opportunities remain, and the
data is out there. We urge researchers to collabo-
rate, share knowledge through rigorous research,
and uphold the highest ethical standards to make
a true impact and help combat this disease.
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A Cohort Construction

A.1 Search Methodology
We searched in six data sources: ACL Anthol-
ogy, PubMed, DBLP, IEEE Xplore, Springer,
and Wiley. The database search was conducted

between April and July 2024, with an additional
search in January 2025 as part of our revised sub-
mission. Our research strategy focused on papers
addressing dementia, Alzheimer’s, and Mild Cog-
nitive Impairment (MCI) using NLP, including
but not limited to large language models (LLMs).
We searched for papers including the keywords
(‘‘NLP’’ OR ‘‘Natural Language Processing’’
OR ‘‘LLM’’ OR ‘‘Language Model’’ OR ‘‘Chat-
GPT’’) AND (‘‘Dementia’’ OR ‘‘Alzheimer’’ OR
‘‘MCI’’ OR ‘‘Cognitive Impairment’’) in their ti-
tle, abstract, and/or keywords. While we do not
include keywords for specific dementia patholo-
gies (e.g., Lewy body), we believe that using
the general term dementia in the title, abstract
and/or keywords will effectively capture papers
on various types of the condition.

A.2 Paper Inclusion and Exclusion Criteria

We screened the extracted articles against the
following criteria:

1. Only fully accessible, English-language pa-
pers were included.

2. Only peer-reviewed papers were included.

3. Only full academic papers (excluding posters
and theses) were included.

4. Studies focusing on text as the primary
modality or employing multi-modal ap-
proaches that incorporate textual analysis
were included.

5. Papers focusing solely on audio, visual, or
other non-textual data were excluded.

6. Papers that, despite mentioning our defined
keywords, do not directly deal with NLP
applications to Dementia, were excluded.

Papers were deemed irrelevant to our liter-
ature review if they contained dementia- and
NLP-related terms in their title, abstract, or key-
words but focused on entirely unrelated topics.
For example, Botros et al. (2020) mentions ‘de-
mentia’ in the abstract and ‘language model’ in
the keywords, but primarily focuses on sensor lo-
cations. Similarly, Daudet et al. (2016) includes
‘Alzheimer’s’ and ‘Language Model’ as keywords
but primarily discusses the design of an applica-
tion for diagnosing brain injuries using youth
speech data.
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As mentioned in Section 2, the first three
steps of our screening process were automated,
while the remaining steps, including gauging gen-
eral relevance, were conducted manually by two
PhD students from our NLP lab, one of whom
has a medical background in Alzheimer-related
projects. We encountered discrepancies in fewer
than 10% of reviewed works, and resolved them
through discussion until a final consensus was
reached.

A PRISMA flowchart describing our search
process can be seen in Figure 6.

A.3 Dataset Inclusion and Exclusion Criteria
Throughout our review, we discuss classic and
contemporary datasets, summarized in Table C.
The datasets mentioned in the paper and listed
in this table were screened against the following
criteria:

1. Only datasets referenced in the reviewed
papers were included.

2. The dataset must contain data that is fully or
partially in English.

3. Sufficient information about the dataset must
be available online or obtainable through
private requests to researchers or institutions.

4. Datasets do not need to be publicly accessible
to be included in our review.

5. As these datasets are part of the peer-
reviewed literature we selected, we assume
they have also undergone peer review.

A.4 Paper Annotation
For each paper, we extracted the title, authors,
year of publication, and venue. We then manually
annotated the following:

1. Task Family: Dementia detection, linguistic
bio-marker extraction, caregiver support, pa-
tient assistance, literature review, or dataset
introduction. While some papers may ad-
dress multiple categories, we selected the
most prominent motivation and novelty as
described by the authors.

2. Venue type: NLP (e.g., ACL), Medical (e.g.,
NIH), Speech (e.g., Interspeech), or Other
Technological (e.g., Frontiers in CS).

3. Datasets used (if applicable).

4. Technologies applied (if applicable), such as
SVM or BERT.

5. Statistical significance reported: yes or no,
depending on whether any statistical tests
were conducted on data or algorithmic
results.

B Extended Mention of Studies

In Section 3, we cited a representative sample of
dementia detection studies we reviewed. Below,
we cite the remainder of the papers according
to internal categorization used for our internal
analysis.

Detection papers using classic ML clas-
sifiers on a wide range of features, from
straightforward N-grams and part-of-speech
tagging to information content units ex-
tracted from picture descriptions and even
dementia patients’ dental records and motor
signs: Prud’hommeaux and Roark (2011); Fraser
et al. (2013); Jarrold et al. (2014); Prud’hommeaux
and Roark (2015); Fraser et al. (2016a); Yancheva
and Rudzicz (2016); Zhou et al. (2016);
Weissenbacher et al. (2016); Mirheidari et al.
(2016); Santos et al. (2017); Wankerl et al.
(2017); Klumpp et al. (2018); Pou-Prom and
Rudzicz (2018); Eyre et al. (2020); Chen et al.
(2020); Searle et al. (2020); Martinc and Pollak
(2020); Hane et al. (2020); Al-Harrasi et al.
(2021); Nasreen et al. (2021b); Clarke et al.
(2021); Gónzalez Atienza et al. (2021); Soni
et al. (2021); Penfold et al. (2022); Ablimit et al.
(2022b); Dey and Mittal (2022); Amini et al.
(2023); Liu and Wang (2023); Taghibeyglou and
Rudzicz 2023; Wen et al. (2023); Patel and Wu
(2024); Sharma et al. (2024).

Studies using classic neural models such as
LSTMs and transformer-based models like BERT:
Karlekar et al. (2018), Pompili et al. (2018),
Pou-Prom and Rudzicz (2018), Hong et al. (2019),
Di Palo and Parde (2019), Chen et al. (2019),
Fritsch et al. (2019), Pan et al. (2019), Edwards
et al. (2020), Syed et al. (2020), Koo et al.
(2020), Sarawgi et al. (2020), Pompili et al.
(2020b), Cummins et al. (2020), Balagopalan et al.
(2020), Yuan et al. (2020), Pappagari et al. (2020),
Haulcy and Glass (2021), Valsaraj et al. (2021),
Balagopalan et al. (2021), Wang et al. (2021), Qiao
et al. (2021), Campbell et al. (2021), Nambiar
et al. (2022), Khan et al. (2022b), Rohanian et al.
(2021a), Syed et al. (2021), Pappagari et al. (2021),
Pérez-Toro et al. (2021), Mirheidari et al. (2021),
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Figure 6: PRISMA flowchart displaying study screening and selection process.

Liu et al. (2021), Zhu et al. (2021), Saltz et al.
(2021), Khan et al. (2022a), Deng et al. (2022),
Bouazizi et al. (2022), Horigome et al. (2022),
Zheng et al. (2022), Liu et al. (2022b), Liu et al.

(2022a), Wang et al. (2022), Matošević and Jović
(2022), Amini et al. (2023), Rauniyar et al. (2023),
Abdelhalim et al. (2023), Bouazizi et al. (2023),
Gkoumas et al. (2023), Cai et al. (2023), Wang
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et al. 2023b), Shakeri et al. (2024), Dong et al.
(2024), Kim et al. (2024), Laurentiev et al. (2024).

Studies classifying between more granular
stages of the dementia (e.g., ‘MCI’, ‘Alzhei-
mer’s’), assess disease progression or differen-
tiate between dementia types (e.g., Alzheimer’s
versus Frontotemporal), through classification:
Thomas et al. (2005); Orimaye et al. (2016);
Wang et al. (2020b); Padhee et al. (2020);
Merone et al. (2022); Mao et al. (2023); Liu
et al. (2023b); Amini et al. (2024); Laurentiev
et al. (2024); Panahi et al. (2024). Studies fo-
cusing on text-based MMSE score regression
for dementia detection: Yancheva et al. (2015),
Pou-Prom and Rudzicz (2018), Farzana and Parde
(2020), Rohanian et al. (2021b), (Stoppa et al.,
2023),Aryal et al. (2023).

Studies presenting multi-modal approaches
(with audio / video) as well as augmentation
methods using synthetic, noisy, cross-domain, or
semantically and structurally different datasets:
Che et al. (2017); Gligic et al. (2020); Gupta
et al. (2020); Amin-Nejad et al. (2020); Mahajan

and Baths; Guo et al. (2021); Zhu et al.
(2021, 2022a); Ablimit et al. (2022a); Mirheidari
et al (2022); Hlédiková et al. (2022); Ilias and
Askounis (2022b); El-Sappagh et al. (2022); Li
et al. (2022b); Maclagan et al. (2023); Chen et al.
(2023b); Farzana and Parde (2023); Cui et al.
(2023); Chen et al. (2023a); Cai et al. (2023); Lin
and Washington (2024); Fard et al. (2024).

Studies leveraging LLMs for detection or data
augmentation: Bullard et al. (2016), Liu et al.
(2019), Chintagunta et al. (2021), Liu et al.
(2023a), Cai et al. (2023), Duan et al. (2023),
Koga et al. (2024), Latif and Kim (2024), Casu
et al. (2024).

C Full Dataset Table

Table 2 showcases the dementia-related datasets
encountered throughout our review. Datasets such
as the Reagan Library and IMDB, though cre-
atively used in some papers, are excluded as they
are not dementia-specific. Private health records
or unreleased clinical notes are excluded as well.
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General Data Source Modalities Participants
Dataset Longi- Clinical Social Non-clinic. Synt. Trans. Written Audio Video Medical Physical Patients Other

tudinal setting media interviews data speech text imaging markers
DementiaBank

x x – – – x – x – – –
196 Dem –

(Becker et al., 1994) 98 Ctrl
ADReSS

– x – – – x – x – – –
78 Dem –

(Luz et al., 2021b) 78 Ctrl
ADReSSo

– x – – – – – x – – –
121 Dem –

(Luz et al., 2021a) 116 Ctrl
CCC

x – – x – x – x x – –
124 Dem –

(Pope and Davis, 2011) 125 Ctrl
B-SHARP

– x – – – x – x – – –
144 Dem –

(Li et al., 2020) 185 Ctrl
IVA

– x – – – – – x – – –
45 Dem –

(Pan et al., 2020) 25 Ctrl
Farmington Heart Study x x – – – x x x – x x >15,000 over decades –
CareD (Garg and Sohn, 2023) – – x – – – x – – – – – 1005 caregiver posts
ADNI (Petersen et al., 2010) x x – – – – x – – x x >2500 over several cohorts –
Wisconsin WLS (Herd et al., 2014) x x – x – x x – – – x >10,000 over 60 years –
MCSA (Roberts et al., 2008) x x – – – – x – – x x >3000 –
Layton Aging and Alz.

– x – x – x – x x x x
Depending

Disease Research Center Sub-cohort
I-CONECT x – – x – x – x x – – 320* –
LoSST-AD

x – – x – x – – – – –
10 Dem –

(Petti and Korhonen, 2024) 10 Ctrl
SLaCAD

x x – – – x – x – – x
9 Dem –

(Farzana et al., 2024) 82 Ctrl

Li et al. (2023) – x – – x – x – – – – –

(1) Clinicians
(2) Synt. Annotated
(3) Synt. Generated
16,000 sentences each.

Gkoumas et al. (2024) x – – x – x x x – – –
12 Dem

–
10 Ctrl

Table 2: Overview of datasets reviewed. Most datasets originate from transcribed or written speech in clinical settings, with quite a few offering longitudinal data. Two
under-represented categories here are synthetic datasets and social media-based datasets, with only one of each category. For additional sources of social media data we refer
the readers to Sunmoo et al. (2023) and Masrani et al. (2017). While they do not publish full datasets, they provide code to replicate their scraping process. For non-English
datasets, see Yang et al. (2022).
** Estimated number of participants in the I-CONECT clinical trial are based on publicly available data.
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