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Abstract

INTRODUCTION: Alzheimer’s disease (AD) prevalence is increasing, with no cur-

rent cure. Natural language processing (NLP) offers the potential for non-invasive

diagnostics, social burden assessment, and research advancements in AD.

METHOD: A systematic review using Preferred Reporting Items for Systematic

Reviews and Meta-Analyses guidelines explored NLP applications in AD, focusing

on dataset types, sources, research foci, methods, and effectiveness. Searches were

conducted across six databases (ACM, Embase, IEEE, PubMed, Scopus, and Web of

Science) from January 2020 to July 2024.

RESULTS:Of 1740 records, 79 studies were selected. Frequently used datasets

included speech and electronic health records (EHR), along with social media and sci-

entific publications. Machine learning and neural networks were primarily applied to

speech, EHR, and social media data, while rule-based methods were used to analyze

literature datasets.

DISCUSSION:NLP has proven effective in various aspects of AD research, including

diagnosis, monitoring, social burden assessment, biomarker analysis, and research.

However, there are opportunities for improvement in dataset diversity, model inter-

pretability, multilingual capabilities, and addressing ethical concerns.
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Highlights

∙ This review systematically analyzed 79 studies from six major databases, focus-

ing on the advancements and applications of natural language processing (NLP) in

Alzheimer’s disease (AD) research.

∙ The study highlights the need for models focusing on remote monitoring of AD

patients using speech analysis, offering a cost-effective alternative to traditional

methods such as brain imaging and aiding clinicians in both prediagnosis and

post-diagnosis periods.
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∙ The use of pretrained multilingual models is recommended to improve AD detec-

tion across different languages by leveraging diverse speech features and utilizing

publicly available datasets.

1 INTRODUCTION

Dementia is a clinical syndrome marked by a gradual, persistent, and

progressive decline in cognitive function, which significantly impairs

an individual’s capacity for independent living.1 Dementia ranks as

the seventh leading cause of death and is a significant contributor to

dependency and disability worldwide.2

Alzheimer’s disease (AD) is the predominant form of dementia,

impacting over 27 million individuals and accounting for 60% to 70%

of all dementia cases.3 The predominant impact of AD on individuals

is the creation of atrophy in diverse brain areas, causing the deteri-

oration of brain cells and, in turn, cognitive impairment.4 AD hinders

cognitive functions, resulting in symptoms such as memory decline,

decision-making difficulties, impaired communication, reduced focus,

planning issues, and changes in perception.5 AD’s far-reaching preva-

lence has extensive societal and economic impacts, affectingmore than

just patients and caregivers.6

The rise of artificial intelligence (AI) introduces novel capabilities to

assist ADpatients in various capacities. One area showing great poten-

tial in AD diagnosis is natural language processing (NLP)-powered

models, which are attracting considerable attention. The manual diag-

nosis of AD and other forms of dementia has become increasingly

complex, and current diagnostic protocols rely heavily on specific

clinical assessments and neuropsychological tests, which are both

time-consuming and expensive. As a result, early detection remains a

significant obstacle.4 However, recent studies, including the ADReSS

Challenge at the Interspeech 2020 conference and the ADReSSo Chal-

lenge at the Interspeech2021 conference, have proven the potential of

the NLP-driven model for AD diagnosis and monitoring using patients’

speech. These challenges offered research groups a platform to test

their methods on two benchmark datasets of spontaneous speech

from AD patients and healthy controls (HC). Researchers primarily

competed using NLP and signal processing techniques to differenti-

ate AD from non-AD in classification tasks and to evaluate cognitive

impairment through a Mini-Mental State Examination (MMSE) score

prediction task.

Several studies have reviewedNLPapplications inAD-related fields.

Shi et al.7 concentrated on deep learning (DL) approaches for dementia

diagnosis based on speech and language data, specifically differen-

tiating HC from dementia cases. Their review exclusively targeted

studies that employed DL for dementia diagnosis. De la Fuente Gar-

cia et al.6 also explored AI applications in monitoring AD based on

patients’ speech and language. They reviewed acoustic and linguistic

features that AI-based approaches extract to monitor and diagnose

AD stages using speech. A study by Petti et al.8 investigated auto-

matic AD detection using speech data, concentrating on identifying

different categories of acoustic and linguistic features present in vari-

ous patient cohorts, such as AD and mild cognitive impairment (MCI).

They asserted that language and speech could be effectively utilized

for the automatic detection of dementia. The review study carried out

by Patra et al.9 presented a systematic review of state-of-the-art NLP

approaches and tools designed to identify and extract social determi-

nants of health such as smoking status, substance use, homelessness,

and alcohol use from unstructured clinical text in electronic health

records (EHR). They concluded that extracted data could aid in the

development of screening tools, risk prediction models, and clinical

decision support systems.

While the previous reviews provided valuable insights into demen-

tia, our study differs in range and scope.We not only focus on language

and speech data but also include studies utilizing other sources of tex-

tual data, such as EHR, comments posted by AD caregivers or their

families on social media platforms, and medical publications extracted

from scientific databases. However, the focus of our study is based on

AD, which is the most predominant form of dementia. This system-

atic literature review (SLR) distinguishes itself from existing ones by

proposing a thorough approach to recognizing the areas in which NLP

can serve AD patients to provide an in-depth view of research in the

field. This review addressed the following six research questions:

1. RQ1Which types of data are utilized for AD analysis using NLP?

2. RQ2What are themost popular datasets in each category?

3. RQ3What are the research goals?

4. RQ4What are emerging trends in the field?

5. RQ5What NLP approaches are employed in AD analysis?

6. RQ6How effective are NLP approaches in AD analysis?

The remainder of this paper is structured as follows. Section 2

describes the methodology and search and selection processes used

in this SLR. Section 3 presents the results and provides the findings

from the data synthesis. Section 4 discusses the findings and potential

directions for future work, and Section 5 concludes the review.

2 METHODOLOGY

We chose to implement a systematic approach as it is well suited for

broadly evaluating diverse studies across multiple disciplines, partic-

ularly those that hold clinical significance.7 The review followed the

PRISMA checklist as its protocol.10 The process began by identifying

the need for the SLR, followed by a formulation of research questions.

We then conducted an extensive search and selection of primary stud-

ies, assessed the quality of these studies, and extracted relevant data.
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F IGURE 1 PRISMAworkflow of reviewed studies. PRISMA,
Preferred Reporting Items for Systematic Reviews andMeta-Analyses
flowchart. 10

The article assessment procedure is depicted in Figure 1. Finally, we

interpreted the results and reported the findings of the SLR.

2.1 Search process

We searched six scholarly databases – ACM, PubMed, Scopus,WebOf

Science, Embase, and IEEE – to identify all relevant articles related to

AD and NLP. We conducted searches within a defined timeframe to

identify studies that met our criteria for inclusion. The first database

query was executed from January 2020 to November 2023, and then

the search was updated by July 2024. As a result, this SLR concen-

trates on the latest developments in AD analysis using NLP, with a

specific focus on the developments from the past 4 years. This focus

reflects the rapid advancements in NLP, aiming to provide a concise

and current reviewof recent innovations, keeping researchers and clin-

icians updated on the latest developments in this fast-evolving field.

To manage the search results effectively, we restricted the choice of

keywords to two sets corresponding to AD and NLP. Those linked

to AD encompassed “AD,” “Alzheimer’s,” “Alzheimer,” “Alzheimer’s dis-

ease,” “dementia,” and “Alzheimer’s Disease and Related Dementia,”

and keywords related to NLP included “natural language processing,”

“text mining,” “data mining,” “datamining,” “information storage and

retrieval,” “information retrieval,” “NLP,” “medical language process-

ing,” “information extraction”. When executing queries in a database,

the keywords within each group were combined using the OR opera-

RESEARCH INCONTEXT

1. Systematic review: We performed a systematic review

across ACM, Embase, IEEE, PubMed, Scopus, and Web

of Science databases to assess recent advancements and

potential uses of NLP in Alzheimer’s disease (AD) analy-

sis. Adhering to Preferred Reporting Items for Systematic

Reviews and Meta-Analyses (PRISMA) guidelines, this

review is unique in its specific focus and scope.

2. Interpretation: Analysis of 79 studies revealed four key

trends in NLP applications for Alzheimer’s research: (1)

detection andmonitoring ofADusing speechdatasets, (2)

identification of AD risk factors based on EHR, (3) sum-

marizing the current state of knowledge in AD-related

publications, and (4) exploring the social burden experi-

enced byADpatients, caregivers, and their families based

on social media comments.

3. Future directions: The study suggests future research

should address developing larger speech datasets for AD

analysis, enhancingmonitoring and remoteADdiagnostic

models, incorporating geo- graphically diverse datasets,

and integrating privacy-preserving AI tools.

tor, while the two keyword sets related toADandNLPwere connected

using the AND operator to refine the search results.

2.2 Eligibility criteria

We excluded review papers and established our criteria to encom-

pass a range of studies that fit the scope of this SLR. Our selection

encompassed studies utilizing NLP approaches either independently

or in conjunction with other methodologies. Papers selected for inclu-

sion cover the period from January 2020 to July 2024. Table 1 outlines

detailed inclusion and exclusion criteria.

2.3 Selection process

A sole reviewer carried out the initial screening of studies for the

review. Initially, automated searches were conducted across the six

previously mentioned databases using the two sets of keywords

described in Section 2.1 to identify relevant articles. The preliminary

search yielded a collection of 3861 articles. Following the removal

of duplicate entries, 1740 distinct articles remained. Subsequently, a

rigorous screening process was initiated, wherein papers were evalu-

ated based on predefined keywords, titles, and abstracts, identifying

104 pertinent papers. At this stage, a more inclusive approach was

adopted when titles and abstracts did not explicitly specify the cog-

nitive impairments addressed, the nature of the datasets processed,
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TABLE 1 Exclusion and inclusion criteria for reviewed research
articles.

Exclusion criteria

– Studies that did not employ datasets of patients with AD orMCI

– Conference proceedings and preprints

– Review articles

– Studies dependent on neuroimaging techniques likemagnetic

resonance imaging (MRI) but without relevance to language,

speech, EHR, or other types of text-based datasets

– Conference abstracts, poster presentation

– Failure tomeet the quality checklist criteria outlined in Table 2

Inclusion criteria

– Studies considered in the review utilized text-based data either in

isolation or in conjunctionwith other data types

– Studies must incorporate NLP techniques independently or in

connectionwith other methods such as signal processing orML

– Full articles were accessible in the English language

– Peer-reviewed journal articles and conference papers

TABLE 2 Quality assessment questions for different parts of a
quantitative study proposed by Kitchenham and Charters.11

Question Section

– Are the objectives clearly defined? Design

–Was the study plannedwith their research questions

as the focus?

Design

–Whatmethodwas used to obtain the sample (eg,

interview, web-based)?

Design

– Is the technology clearly described if the study

includes an evaluation of a technology?

Design

– Are the variables in the study adequately measured

to ensure they are likely valid and reliable?

Design

– Are themeasures employed in the study clearly

defined?

Design

– Are themethods for collecting data sufficiently

detailed?

Conduct

– Do the researchers specify the data types (eg,

continuous, categorical)?

Analysis

–Was there a sufficient description of the basic data? Analysis

– Is the objective of the analysis clearly outlined? Analysis

– Are all the study questions addressed? Conclusion

– Are negative findings included in the study? Conclusion

–How do the results enhance the current body of

literature?

Conclusion

or the application of NLP methodologies. After this initial screening

phase, a secondary round of screening was undertaken, involving an

inclusive review of full-text articles, culminating in the retention of

79 papers. In the final stage, papers were excluded if they lacked full-

text access, focused on dementia types other than MCI or AD, or did

not fulfill the quality checklist criteria for bias risk assessment as out-

lined in Table 2. Studies focusing onMCIwere included, given thatMCI

has the potential to progress into AD. Furthermore, a detailed exam-

ination of the papers not meeting the inclusion criteria presented in

Table 1was undertaken to ensure a thorough selection process. Zotero

and EndNotewere essential tools tomanage study records throughout

this process.

2.4 Bias risk assessment

Adherence to the PRISMA guidelines10 minimized selection bias and

ensured a comprehensive review. For quality assessment, we used

the checklist for quantitative studies from Kitchenham and Charters’

guidelines for SLRs.11 We applied the 12 questions listed in Table 2 to

evaluate the design, implementation, analysis, and conclusions of the

papers. This led to the exclusion of papers that failed to meet these

criteria, reducing internal biases such as measurement and reporting

biases and thereby enhancing the objectivity and reliability of our con-

clusions. Consequently, the identified biases were minor and did not

have amajor impact on the impartiality or quality of this review.

2.5 Data extraction and synthesis

Data were directly gathered from the chosen papers and organized

into MS Excel for further analysis. The extracted information com-

prised the publication year, methodology details, dataset details, per-

formance metrics, objectives, key findings, future prospects, and limi-

tations.

3 RESULTS

Having discussed the identification of reviewed papers, we now

address the six underlying research questions.

3.1 RQ1: Which types of data are utilized for AD
analysis using NLP?

NLP is a highly adaptable field, allowing for various applications in

the analysis of AD. This flexibility means that NLP techniques can be

employed in multiple, diverse ways to tackle the complexities of AD

research. In the section being introduced, the objective is to highlight

and discuss the primary directions in which NLP has been applied to

AD analysis. This will be done by examining the types of data uti-

lized in the studies that have been reviewed. We identified four major

trends in how NLP is used for AD analysis. In addition to these four

specific trends, we identified an additional category that encompasses

approaches that do not fit neatly into the major classes and have been

used infrequently. The details and citations of all reviewed papers are

provided in Tables 3–5, each corresponding to a specific data type (Cat-

egory). The detailed analysis of the 79 reviewed papers revealed that a

total of 59 distinct datasets were utilized across these studies.

Speech dataset: The primary type of data utilized comprises speech

datasets, accounting for 40.68% (24 out of 59) of the total dataset.
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TABLE 3 Overview of research goals, datasets, NLP techniques, and evaluationmetrics in studies utilizing speech datasets.

Ref Goal Dataset NLP technique Best result

28 AD detection based on

Nepali speech dataset

Translated version of Pitt

corpus: 255 transcripts from

168 AD patients and 244

transcripts from 98HC

BoW, TF-IDF,Word2Vec, fastText,

DT, KNN, SVM, NB, RF, AdaBoost,

XGB, CNN, BiLSTM

Domain-specificWoed2Vec and

CNN: Acc= 0.968, F1-score= 0.968,

Precision= 0.969, Recall= 0.968

51 Predicting cognitive status

from neuropsychological test

voice recordings

Custom dataset: 35 HC, 55

MCI, 110 participants with

dementia

Acoustic, linguistic, and

paralinguistic feature extraction, LR

Based on all types of features and LR

classifier: AUROC= [0.80, 0.90]

52 MMSE score prediction and

AD detection

ADReSS dataset: 54 AD and

54HC in the training dataset

and 48 unlabeled samples in

the test dataset

TF-IDF, DistilBERT, DistilRoBERTa,

BERT, RoBERTa, GBDT, SVM, CRF,

LASSO regression, and LR

CRF, SVM, andDistilBERT: Acc=
0.81, DistilBERT and LASSO linear

model: RMSE= 4.58

53 AD detection using

multimodal feature fusion

ADReSS dataset: 78 AD and

78 non-AD

TF-IDF, linguistic and acoustic

feature extraction, SVM, LR, linear

regression

Audio and readability features and

LR: Acc= 0.7708, audio and

readability features and SVM: RMSE

= 4.4388

54 MMSE score prediction and

AD detection

ADReSS dataset: 78 AD and

78 non-AD

Linguistic and acoustic feature

extraction, and fine-tuning BERT,

SVM, NN, RF, NB

Fine-tuned BERTmodel: Acc=
0.833, 35 linguistic and acoustic

features using ridge regression:

RMSE= 4.56

12 Analysis of influence of

different embeddingmodels

on AD detection

Pitt corpus: 104HC and 208

dementia patients

Generic and domain-specific word

embedding computation of fastText,

Word2Vec, and GloVe algorithms,

CNN, LSTM

Domain-specific fastText

embeddings and a CNN+BLSTM
model: Acc= 0.91, Precision= 0.91,

Recall= 0.91, F1-score= 0.91

55 AD detection ADReSS challenge dataset:

78 AD and 78 non-AD

Wikipedia2Vecword embedding,

linguistic feature extraction, BERT,

DistilBERT, Bio-Clinical BERT, LR,

DT, SVC, LDA, QDA, GNB, XG-Boost,

AdaBoost, extra tree classifier

Leave-one-subject-out result based

onGaussian Naive Bayes, linguistic

features: Acc= 0.90, F1-score= 0.90

56 Comparing text and audio

modalities for AD detection

ADReSS dataset: 78 AD and

78 non-AD

X-vectors, BERTmodel, probabilistic

linear discriminant analysis classifier,

SVR, FFNN

BERT embedding, acoustic features,

and probabilistic linear discriminant

analysis: Acc= 0.75, BERT

embedding, acoustic, and silence

features, and SVR: RMSE= 5.32

57 MMSE score prediction ADReSS dataset: 78 AD and

78 non-AD

Lingustic and acoustic feature

extraction, linear regression

Linear regression and

correlation-based feature selection:

RMSE= 3.9

58 Comparing text and audio

modalities for AD detection

ADReSSo dataset: 78 AD

recordings and 79HC

recordings in the training set

and 71 recordings in the test

set

X-vectors, prosody vector

extraction, BERT, LR, and ensemble

method

Fusion of acoustic, linguistic, and

BERTmodel: Acc= 0.845,

fine-tunned BERTmodel: RMSE=
3.85

59 Data augmentation

technique evaluation for AD

detection

ADReSS dataset: 78 AD and

78 non-AD and

Text augmentations: noise, lexical

substitution, paraphrase, text

generation, audio augmentations:

Standard transformations, vocal

tract length perturbation and

generativemodels, BERT, audio

spectrogram Transformer, TF-IDF,

RF, and SVM

Paraphrasing using back-translation

fromRussian language and SVM: Acc

= 0.85

60 Exploring the role of PoS

features in AD detection

DementiaBank dataset: 208

AD and 104HC

PoS feature extraction,

Transformer-based classifier

PoS features and a

transformer-based deep learning

model: Acc= 0.922, F1-score=
0.955, Precision= 0.935, Recall=
0.971

61 Investigation of usefulness of

the stopwords in AD

detection

Pitt corpus: 194 dementia

participants and 98HC

CountVectorizer, TF-IDF, NB, SVM,

DT, KNN, LR, ADB, XGB, RF, LGBM,

CatBoost

SVMwithout removing stopwords

and TF-IDF features, 10-fold CV:

F1-score=0.840

(Continues)
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TABLE 3 (Continued)

Ref Goal Dataset NLP technique Best result

62 Exploring the influence of

interviewer on AD detection

ADReSSo dataset: 87 AD and

79HC recordings for the

train set and 71 recordings

for the test set

X-vectors, prosody, and emotional

embeddings, linguistic feature

extraction, SVM, linear regression

Fusion of prosody, valence,

dominance, BERT embeddings, and

RBF-SVM: Acc= 0.80, F1-score=
0.80. Perplexity scores, BERT

embedding, and linear regression:

RMSE= 4.56

63 Comparison of manually

corrected transcription

against automatic

transcription for

neurodegenerative disease

classification

Custom dataset: data from

72memory clinic patients

and 77HC

Feature extraction, text parsing

using CoreNLP, Google

speech-to-text software, LR, GNBs,

RF

Linguistic and psycholinguistic

features, and LR AUROC= 0.755

64 AD detection DementiaBank dataset: 147

AD patients and 98HC

participants

Linguistic and pragmatic feature

extraction, RF

Lexicosemantic and pragmatic

features and RF: Acc= 0.855

65 Deriving digital voice

biomarkers for AD patients

Custom dataset: 92 HC and

114 impaired participants

Meta-semantic and acoustic feature

extraction, LR, NN, ensemblemodels

AUC= 0.80

26 AD detection based on

Japanese language

Custom dataset: 42 AD

patients and 52HC

Automatic speech transcription

using spaCy andGiNZA libraries,

linguistic feature extraction,

eXtreme gradient boosting

PoS and dependency parsing

features, eXtreme gradient boosting:

F1-score= 0.84, Recall= 0.84,

Precision= 0.85

66 Developing speech-based

diagnostic test for dementia

Custom dataset: 26 AD

patients and 42HC

Charniak Parser, linguistic and

acoustic feature extraction, Kaldi

software, HMM, DNN, GA-SVM, RF

MMSE score, pause and silence

features, an ANN algorithm, and

manual transcription: Acc= 0.958,

sensivity=0.962, specifity= 0.957

67 AD detection using a large

languagemodel

Pitt corpus: 194 dementia

participants and 98HC

Extraction of embedding based on

BERTLargemodel, LR

BERT embedding, LR: Acc= 0.880,

F1-score= 0.872, Precision= 0.905,

Recall= 0.843

68 Investigating the impact of

different types of speech task

for AD detection

Custom dataset: 25 HC, 13

mild AD, and 12MCI

Linguistic and paralinguistic feature

extraction, LR, SVM

Linguistic features, SVM: Acc= 0.90,

AUC= 0.94, Sensitivity= 0.8,

Specificity= 0.96 (AD vs HC),

linguistic features, SVMAcc= 0.78,

AUC= 0.82, Sensitivity= 0.67,

Speifity= 0.90 (MCI vs HC)

69 Investigation of correlation

of NLP and automated

speech analysis extracted

features with clinically

identified language

impairment

Subset of DementiaBank

dataset: audio recordings of

30 participantswith AD,MCI,

and controls, linguistic and

acoustic feature extraction

Exploratory factor analysis –

24 Quantifying the role and

contribution of disfluency

and interactional features in

AD detection

Custom dataset: 15 AD and

15 non-AD participants

Disfluency and interactional feature

extraction, LR, SVM,MLP

Disfluency and interactional

features and SVMwith LOOCV: Acc

= 0.90, Precision= 0.90, Recall=
0.90, F1-score= 0.90, AUC= 0.89

30 AD detection based on

Chinese language

IFlytek dataset: 68 AD, 144

MCI, and 111HC

Feature extraction using TF-IDF,

word segmentation, keyword

extraction, KNN

TF-IDF features, cosine similarity,

and KNN using Acc= 0.98, Precision

= 0.98, Recall= 0.98, F1-score=
0.98

70 AD detection ADReSS dataset: 78 AD and

78 non-AD

Word-frequency network analysis,

graph classificationmethods,

spectral feature embeddingmethod

Graphmeasures with RSVMwith

RBF kernel classifier: Acc= 0.667.

MMSE score prediction using graph

measures and RF: RMSE= 5.675

21 Examining the practicality of

incorporatingWLS dataset

with ADReSS dataset for AD

detection

WLS dataset: 839HC and 98

cognitively impaired;

ADReSS dataset: 78 AD and

78 non-AD

BERTmodel, NN Result on ADReSS test dataset using

BERTmodel classifier: Acc= 0.819,

AUC= 0.912

(Continues)
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TABLE 3 (Continued)

Ref Goal Dataset NLP technique Best result

27 Indication of potential of

remote screening tool for

early-stage cognitive decline

diagnosis based onGreek

language

Custom dataset: 11MCI

patients and 12HC

Keystroke (CNN) and linguistic

feature extraction, KNN, LR,

ensemblemethods

Keystroke dynamics and linguistic

features and KNN classifier: Acc=
0.77, AUC= 0.78, Specifity= 0.64,

Sensitivity= 0.92

71 Developing ADRD screening

tool

Pitt corpus: 122 ADRD and

115HC

iZotope RX8 for noise reduction,

phonetic motor planning, semantic,

syntactic, psycholinguistic features

extraction, DistilBERTmodel, LR, RF,

Extra Trees, XGB, AdaBoost, and

SVM

Fusion of linguistic, phonetic,

psycholinguistic features and

embedding fromDistilBERT and

SVM: Acc= 0.901, F1-score= 0.895

Recall= 0.857, Precision= 0.937,

and AUC-ROC= 0.938

72 AD detection ADReSS dataset: 78 AD and

78 non-AD

Linguistic, acoustic, psycholinguistic

and demographic feature extraction,

CNN-LSTM

Linguistic, psycholinguistic,

demographic features, and a DL

model: Acc= 0.7292

73 Determining advantages of

using domain knowledge

versus pretrained transfer

models for automatic AD

detection

ADReSS dataset: 78 AD and

78 non-AD

Linguistic and acoustic feature

extraction and BERTmodel, SVM,

NN, RF, NB

Fine-tunned BERTmodel: Acc=
0.8332, Precision= 0.8389, Recall=
0.8333, F1-score= 0.8327, linguistic

and acoustic features, Ridge

regression: RMSE= 4.56

74 Characterize progressive

speech changes in

prodromal-to-mild AD

cohort through a longitudinal

study

Custom dataset: 130

dementia participants

Acoustic and linguistic feature

extraction, spaCy, Stanford parser,

Praat/Parselmouth27–30, statistical

analysis, linear mixed-effects

models, Pearson correlation

computation

–

75 Determining

transfer-learning approach

advantages for AD detection

ADReSS dataset: 78 AD

participants and 78 non-AD

participants

DistilBERT, BERT, and ERNIE

models, CNN, RF, AdaBoost, SVM,

LR

DistilBERT embedding, and LR: Acc

= 0.88, Precision= 0.88, Recall=
0.88, F1-score= 0.87

76 Developing NLP tool for

identifying different

dementia stages

Custom dataset: 410HC and

387MCI participants

Google Speech tool for transcription,

ALBERT-xlargemodel for diarization,

NER, ALBERTmodel, BERTmodel,

MLP, and LR

Subtest sampling, random sampling,

demographic information, and LR:

AUC= 0.926, Acc= 87.1 (HC vs

Dementia). AUC= 0.88, Acc= 0.831

(HC,MCI, and dementia). AUC=
0.744, Acc= 0.695 (HC vsMCI)

20 Proposing a novel feature

purification network for

transformermodel for AD

detection

Pitt corpus, ADReSS, and

iFLY datasets

Transformer feature extractor, BERT,

ERNIE, CNN, LR, RCNN, DPCNN

Transformer and feature purification

network: Acc= 0.935, Precision=
0.94, Recall= 0.89, F1-score= 0.91

(Pitt), Acc= 0.786 (ADReSS), Acc=
0.83 (iFLY)

14 Development of remote

automated story recall task

for longitudinal assessment

in older adults with and

withoutMCI or mild AD

Custom dataset: 78 HC and

73mild AD orMCI

Linguistic feature extraction,

Google’s speech-to-text automatic

speech recognition system, LR, and

linear regression

–

13 Exploring the potential of

semantic fluency tasks in AD

detection

Custom dataset: 42 HC, 24

amnestic-MCI, and 18 early

AD

Word2vec, semantic fluency feature

extraction, formulating the semantic

space, t-SNE dimensionality

reduction technique, multinomial LR

–

25 Analysis of speech data

collected via mobile

application for automatic AD

detection

Custom dataset: 43 HC, 46

MCI patients, and 25 AD

patients

Linguistic (information units,

numbers of each PoS tag, and

Brunét’s index, word tokenization,

PoS tagging, andword

lemmatization using Japanese

morphological analyzer Janome),

prosodic and acoustic feature

extraction, KNN, RF, LR, a light

gradient boostingmachine, SVM

Speech features and SVMwith RBF

kernel and nested leave-one-out

procedure: Acc= 0.786 (AD,MCI,

and HC), Acc= 0.912, F1-score=
93.5 for (AD vs HC) and Acc= 87.6,

F1-score= 87.1 (MCI vs HC)

(Continues)
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TABLE 3 (Continued)

Ref Goal Dataset NLP technique Best result

77 AD detection using

multimodal data fusion

ADReSS dataset: 78 AD and

78 non-AD

BERT, Vision Transformer,

Co-Attention,Multimodal Shifting

Gate, a variant of the self-attention

mechanism, NN

BERT, ViT, Gated Self-Attention Acc

= 0.90, Precision= 0.90, Recall=
0.89, F-score= 0.89, RMSE= 3.61

78 Developing a personalized

assistance system for

mentally affected patients

such as AD

Custom dataset: auditory

sensors data fromAD

patients

Speech-to-text synthesizer,

tokenization, stop words removal,

lemmatization, PoS tagger, Naive

Bayes classifier, an ensemble

approach for abnormality tracking of

AD patients, CNN-based emotion

detection, IoT-based assistance

mechanism

RNN (DeTrAsmodel) with Acc=
88.63, Precision= 0.83, Recall=
0.886 F-score= 0.84

29 Investigation of generalizable

language features in AD

detection

ADReSS dataset: 78 AD and

78 non-AD, French dataset:

22 ADRD and 25

non-dementia participants

Linguistic and Paralinguistic feature

extraction, LR, SVM,MLP

–

79 AD detection ADReSSo dataset: 87 AD and

79 non-AD

Generation of text embedding from

GPT3model and acoustic feature

extraction,Wav2Vec2, RF, LR, SVC,

SVR, RR

GPT-3 embedding (Babbage) with

SVR: Acc= 0.8028, Precision=
0.723, Recall= 0.971, F1-score=
0.829,MMSE prediction: RMSE=
5.46

80 To create amultimodalML

model for early detection of

cognitive decline based on

remote, telephone-based

interviews

Custom dataset: 29 HC, 30

AD, and 32 amnesticMCI

Traditional linguistic features, LSA,

word2vec, GloVe, USE, BERT

embeddings, DT

Acoustic features andDT: Acc=
0.65,Macro-avg-F1-score= 0.66,

Macro-avg-Precision= 0.67,

Macro-avg-Recall= 0.65

81 To enhance AD detection by

employing NLP on

spontaneous speech and

leveraging audio

enhancement techniques and

innovative transcription

methods

Pitt corpus: 234 probable

AD, 21 possible AD, 42MCI,

and 242HC

SyntheticMinority Over-sampling

Technique, locally basedWav2Vec

andWhisper transcription tools,

GPT-based embeddings, SVM

AD versus HC usingWav2Vec and

GPT-based embedding and K-NN:

Acc= 0.99, F1-score= 0.99,

Precision= 0.99, Recall= 0.99. AD

versusMCI versus HC usingmanual

transcription: Acc= 0.97, F1-score=
0.97, Precision= 0.97, Recall= 0.99.

Note: “Custom dataset” refers to datasets that are institutionally sourced and not publicly available.

Abbreviations: Acc, accuracy; AUROC, area under the receiver operating characteristic curve; DT, decision tree; NB, Naive Bayes; XGB, XGBoost; BiLSTM,

bidirectional long short-term memory; GBDT, gradient boosted decision tree; CRF, conditional random field; RBF, radial basis function; RMSE, root mean

square error; NPV, negative predictive value.

These speech datasets consist of recordings from patients with cog-

nitive impairments such as AD and MCI, as well as HC. The speech

samples are collected through various tasks and settings, including in-

clinic interviews and remote self-assessment tools on smart devices.

These tasks include the Cookie Theft description,12 semantic flu-

ency task, story recall, and sentence construction. The Cookie Theft

description task is a component of the Boston Diagnostic Aphasia

Examination,12 specifically within the conversational and expository

speech domain. This task involves depicting a domestic scene featur-

ing a mother and her two children in a kitchen setting. Participants are

instructed by the examiner to describe in detail everything occurring

in the image. The semantic fluency task involves asking participants to

generate asmanywords as they canwithin a specific semantic category

(such as animals, fruits, and tools) within a set time period. This task

can be understood as individuals navigating through a mental network

of relatedwords, where theymove from one concept to the next based

on theway their brains organize and storewords and concepts.13 Story

recall is a cognitive assessment method designed to evaluate verbal

episodic memory and is frequently utilized to monitor declines associ-

atedwith AD.14 The story recall task is administered differently across

various studies. For instance, in the approach applied by Skirrow et al.,
14 participants are presented with a series of stories consecutively.

After each story, they are required to immediately recount the story in

as much detail as possible. Sentence construction is another task used

in collecting speech samples for AD analysis, as individuals with proba-

ble AD often have difficulty with tasks that require generating specific

nouns or verbs. Their responses frequently show signs of word-finding

errors, dysfluent speech, and numerous lexical substitutions.15

EHR dataset: The second most frequently utilized data type is the

EHR, accounting for 35.59% (21 out of 59) of the distinct datasets.

EHR serve as a centralized repository of patient-centered records,

encompassing records from healthcare providers across the full con-

tinuum of a patient’s care.16 The content of an EHR dataset can

vary significantly depending on the dataset provider, encompassing a
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TABLE 4 Overview of research goals, datasets, NLP techniques, and evaluationmetrics in studies utilizing EHR-based datasets.

Ref Goal Dataset NLP technique Results

34 Investigation of motor signs and

predicting adverse outcomes in

routine patient care based onNLP

pipeline

11,106 AD, vascular dementia, and

mixed-type dementia

Bespoke NLP algorithm using

GATE software, Adverse Drug

Event annotation Pipeline

–

82 Evaluation of documentation of

cognitive tests and biomarkers in

EHR

A 48,912 subset of AD and ADRD

cohort fromUniversity Florida

Health system

A rule-basedNLP pipeline based

on a total of 53 rules to extract

all AD and ADRD cognitive test

scores and biomarkers from

clinical notes

F1-score= [0.83,0.96]

83 Developing HomeADScreen and

risk-identifier tool based on clinical

notes

Clinical notes of 15,973HHC

patients without ADRD diagnosis

and 8901 ADRD cases

Word2Vec and topic modeling F1-score= 0.63, AUC=
0.76, sensitivity= 0.75

31 Investigation of patterns of

unplanned hospital admissions of

people with dementia from diagnosis

until death or study end

A combination of clinical datasets of

SLaMBRC clinical record interactive

search, hospital episode statistics,

and a death registry

GATE –

84 Analysis of EHR data to assess the

prevalence and influencing factors of

cognitivemeasures before dementia

diagnosis or AD

Deidentified EHR of 111,125 of

dementia and 30,203 of AD patients

Speech recognition, speech

diarization, and a

transformer-based sentence

encoder, theOptumNLP system

–

85 Developing a rule-basedNLP

algorithm for identifying social

determinants of health

1000medical notes from 231

ADRD-diagnosed patients

Custom rule-basedNLP

algorithm

Acc= [0.98,1.0],

specificity>0.99,

F1-score>0.93

32 Investigation of link betweenweight

loss andmortality and

hospitalization in various dementia

subtypes

Extensive dementia care health

records of 11,607 AD, VD, or DLB

cases

GATE —

86 Investigation of reasons for cost

factors associatedwith nurse

practitioner dementia care

EHR of 856 individuals enrolled in an

Alzheimer’s and dementia care

program and EHR of 3139 dementia

cases not in program

CustomNLP algorithm —

35 Assessing link between lithium use

and dementia and its subtype

incidence

EHR of 29,618 patients CRATE, GATE –

87 Investigation of association between

covert cerebrovascular disease and

dementia

EHR of 241,050 individuals enrolled

in Kaiser Permanente Southern

California health system

MedTagger –

88 Analysis of clinical notes to estimate

risk of developing ADRD

Deidentified clinical notes between

2009 and 2017

fastText AUC= [0.85,0.94], PPV=
[45.07%,68.32%]

89 Comparing NLPmodels for lifestyle

status detection

Clinical notes of AD patients Rule-based NLP, PubMedBERT,

UnifiedMedical Language

SystemBERT, Bio BERT, and

Bio-clinical BERT

Precision= 0.93, Recall=
0.93, F1-score= 0.93

90 Developing NLP system forMCI

identification from clinical text

143,153 clinical notes between

2004 and 2015

Locally developedNLPmodel

called pyTAKES

AUC= 0.67, Sensitivity=
1.7%, Specificity= 99.7%,

PPV= 70%, NPV= 70.5%

37 Comparing neuropsychiatric

symptoms in AD patients by clinician

versus proxy-based instruments

Combination of twomemory clinic

cohorts of AmsterdamUMC (count

= 3001, 2004–2020) and Erasmus

MC (count= 646, 1993–2020) with

patients havingMCI, AD dementia,

or mixed AD/VaD dementia

NLP algorithm for mapping

clinical text fragments onto

ontology concepts

AUC= [0.51,0.93]

36 Investigating atypical antipsychotics’

impact onmortality in dementia

patients

Patient records in SHFT database

(2013–2017)

Med-7 –

(Continues)
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TABLE 4 (Continued)

Ref Goal Dataset NLP technique Results

91 Developing NLP algorithm for

identifying neuropsychiatric

symptoms in ADRD cases

Cohort of 2.6million free-text notes

for 89,459 patients admitted to

non-profit HHC agency

NimbleMiner Software F1-score= 0.88,

Precision= 0.87, Recall=
0.91

33 Exploring factors associatedwith

suicidal ideation at time of dementia

diagnosis

EHR of 18,252 dementia patients CRIS NLP SERVICE –

17 Investigating antipsychotic

prescription risks across

neuropsychiatric syndromes

Cohort of 10,106 dementia cases GATE –

92 Assessing predictive potential of

electronic dental records for AD and

Parkinson’s disease

Electronic dental records of Temple

University School of Dentistry,

including information on 27,138

patients from January 2017 to

December 2021

CustomNLP pipeline for feature

extraction using named entity

recognition program

Acc= 97%

18 Validating a NLP system for

identifying Alzheimer’s signs in

clinicians’ notes and predicting new

ADRD diagnoses within 4 years

OASIS assessment data linkedwith

Medicare (a federal health insurance

program) claims data for a 6-month

look-back and 4-year follow-up

CustomNLP pipeline for

ADRD-related concept

extraction usingWord2Vec and

NimbleMiner

–

93 MLmodels for detecting activities of

daily living and instrumental

activities of daily living impairment

in dementia clinical notes

Data fromResearch Patient Data

Repository linked toMedicare

fee-for-service records of more than

700,000 individuals spanning 2007

to 2017

TF-IDF, Bio+Clinical BERT AUC>0.97

94 Determining availability and type of

caregivers for patients with

dementia usingmedical notes

2016–2019 telephone-encounter

medical notes fromMichigan

Medicine

Custom rule-basedNLP

algorithm

F1-score= 0.94, Acc=
0.95, Sensitivity= 0.97,

Specificity= 0.93

Abbreviation: PPV, positive predictive value.

broad range of information. This may include antipsychotic prescrip-

tions, diagnoses,MMSE scores, mortality data, hospitalization records,

clinicians’ free-text notes, patient demographics, living arrangements,

informal support systems, comorbidities, symptom severity, risk fac-

tors, prognosis, therapies, medication and equipment management,

pain assessments, wound care, and neurocognitive and behavioral

status.17,18

Literature dataset: This data type constitutes 10.17% (six out of 59)

of the total datasets. A literature dataset is generated from publica-

tionswithin scientific databases, such asPubMed, and is employed for a

variety of purposes, including detecting potential drug-to-drug interac-

tions, summarizing relevant information, and extracting insights from

extensive text corpora.

Social dataset: Social datasets make up 8.47% (five out of 59) of

the total datasets and are sourced from social media platforms. These

datasets typically include user reviews of AD-related mobile applica-

tions and posts from AD stakeholders on social media. This type of

dataset is often utilized to support disease management, gain insights

into patients’ needs, investigate the experiences of family caregivers,

address behavioral and psychiatric challenges, and evaluate healthcare

access and barriers.

Other dataset: As previously noted, this dataset category does not

fit into the other four primary dataset sources and exhibits a diverse

range of characteristics. Therefore, it is classified as “Other,” compris-

ing 5.08% (three out of 59) of the total datasets. This category includes

various types of data, such as free-text survey responses related to the

development of newAD treatments and experimentally verified glyco-

protein datasets. Glycoproteins are a prevalent class of proteins linked

to a range of diseases, including AD.19

To summarize the answer to RQ1, we identified four primary types

of data utilized inADanalysiswithNLP: speechdatasets, EHRdatasets,

literature datasets, and social datasets. Additionally, we recognized

an additional type of dataset called “Other” that does not align with

these primary categories, covering unique or non-standard datasets

employed in AD research.

3.2 RQ2: What are the most popular datasets in
each category?

In this section, we aim to present the most frequently utilized dataset

within each of the five dataset types.

Concerning studies focused on speech datasets, a frequently uti-

lized source is the open-access, password-protected DementiaBank

database. DementiaBank12 is a collaborative database encompassing

multimedia interactions in English, German, Mandarin, Spanish, and

Taiwanese, specifically designed to examine communication in individ-

uals with dementia. In the extensive exploration of 43 papers focused

on speech datasets, 27 of them (62%) incorporated datasets from

DementiaBank, with distribution as follows: Pitt corpus (10 papers),
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TABLE 5 Overview of research goals, datasets, NLP techniques, and evaluationmetrics in studies utilizing social media-based, literature, and
“Other” types of datasets.

Ref Goal Dataset NLP technique Results

Studies using social media-based datasets

44 Automated identification of X users

with family members affected by

dementia

10,733 tweets of 8846 users BERT, DistilBERT, RoBERTa,

BioBERT, Bio+ClinicalBERT,
BERTweet-Largemodels

BERTweet-Large:

F1-score= 0.962,

Precision= 0.946,

Recall= 0.979

47 User review analysis of 10 selected

mobile apps for individuals with

Alzheimer’s

A collection of 1675 user reviews TF-IDF, SVM, LR, and RF SVM and TF-IDF:

F1-score= 99.46, Acc=
99.43, Precision= 99.3,

Recall= 99.70

48 Uncovering barriers in Alzheimer’s

patient journey through social media

insights

225,977 AD-related social media

posts from 112 public sources

RLS Reveal software platform –

45 Analyzing emotional valence and

caregiving perspectives based on

Korean tweets on

dementia/Alzheimer’s

12413 Korean tweets on

dementia/Alzheimer’s

Afinn, Syuzhet, and Bing –

46 Analyzing shifts in topics and

sentiment in dementia/Alzheimer’s

caregiver tweets before and during

COVID-19 pandemic

58,094

dementia-Alzheimer’s-caregiver

tweets

Topic modeling and sentiment

analysis

–

Studies using literature datasets

38 Leveraging knowledge graphs for

insights into probable drug-to-drug

interactions for AD and lung cancer

Biomedical publications from

PubMed and disease ontology, Gene

Ontology, andMeSH hierarchy

Project iASiS OpenData Graph

generation pipeline, SemRep

–

39 Identify AD risk factors, potential

therapeutics targeting these risk

factor pathways

PubMed19 andMedical Subject

Headings (MeSH) thesaurus,

DrugBank, Therapeutic Target

Database repositories

MeSH term extraction, manual

filtering, custom relevance and

confidence scoring based on

search tool for retrieval of

interacting genes/proteins

–

40 Enhance efficiency of

literature-based discovery for end

users

Corpus of 33+million articles from

PubMed

SemNet 2.0 framework –

41 Developing automatedNLP pipeline

for extraction of information of

randomized controlled trial (RCT)

abstracts

EBM-NLPmod dataset, 150

coronavirus disease 2019

(COVID-19) RCT abstracts, 150 AD

RCT abstracts

Named entity recognition (NER)

model, prompt-based learning

using hierarchical sequential

labeling network, BERT,

PubMedBERT, BioBERT,

BioM-ELECTRA

Proposed prompt-based

sentence classification

model using

PubMedBERT: F1-score

= 0.962, Recall= 0.962,

Precision= 0.963

42 Evaluation of semi-automatic

method of generating knowledge

graphs from biomedical texts in the

scientific literature

A set of scientific paper abstracts on

AD

PoS taggers, constituency and

dependency parsers, and NER,

pattern recognition using

Stanford’s TokensRegex,

abbreviation detection utility for

biomedical terms using ScispaCy,

constituency parsing,

dependency parsing,

co-reference resolution,

Stanford’s neural co-reference

model, sentence simplification

–

43 Creating a user-friendly web portal

to access gene-specific AD

information based on PubMed

database

Publication information for 9983

genes fromAD and other

neurodegenerative disease-related

studies from PubMed

Punkt sentence tokenization

models, NLTK package, PoS

tagging

–

(Continues)
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TABLE 5 (Continued)

Ref Goal Dataset NLP technique Results

Studies using “Other” datasets

49 Developing patient-centric app for

pre-dementia AD clinical trials

Set of 80,000+ free text answers to

self-reported clinical survey

GloVe –

50 Integratingmachine efficiency and

human intelligence for clinical trial

eligibility criteria conversion

Demographic and feature-specific

questionnaires

Automated eligibility criteria

prescreening, Valx System, EliIE

System, Criteria2Query 1.0,

Att-BiLSTMModel, BERT,

BioBERT, and ClinicalBERT,

DILBERT, PubMedBERT

Negation scope detection

using Criteria2Query 2.0:

Acc= 0.924, F1-score=
0.922, Precision= 0.963,

Recall= 0.884

19 Enhancing prediction of

glycosylation and glycation sites

Two public glycosylation and

glycation site prediction datasets:

Ngly and Kgly datasets

BERT, ProtBert-BFD, ProtBert,

ProtAlbert, ProtXLNet

(transformermodel designed for

protein sequences), ESM-1b,

TAPE A transformermodel

designed for protein sequences

Proposed PTG-PLM

model using

ProtBert-BFD

embedding: Acc= 0.64,

Recall= 0.67, Precision=
0.64, F1-score= 0.65,

AUC= 0.64,MCC= 0.28

ADReSS (15 papers), ADReSSo (three papers), and the Wisconsin

Longitudinal Study (WLS) (one paper). Notably, one study20 analyzed

both Pitt and ADReSS datasets, while Guo et al.21 incorporated both

ADReSS andWLS datasets.

The Pitt corpus was compiled over a 5-year period from 1983 to

1988 every year as part of the Alzheimer Research Program at the

University of Pittsburgh.12 The Pitt corpus comprises speech record-

ings from 104 HC, 208 dementia participants, and 85 individuals with

an unknown diagnosis. Eligibility requirements included being over the

age of 44, having completed at least 7 years of education, not hav-

ing a history of neurological disorders or current use of neuroleptic

medications, an initial MMSE score of 10 or higher, and the ability to

provide informed consent.22 This dataset covers various tasks, includ-

ing theCookie Theft picture description, word fluency, story recall, and

sentence construction tasks.

The ADReSS dataset, introduced as part of the Alzheimer’s Demen-

tia Recognition through Spontaneous Speech Challenge at the INTER-

SPEECH 2020 conference, provides a standardized dataset for eval-

uating various methods of automated AD detection based on spon-

taneous speech. As a subset of the Pitt corpus, the ADReSS dataset

is meticulously balanced with respect to age and gender, compris-

ing recordings from 78 participants with AD and 78 HC. The dataset

includes both audio recordings and transcriptions of participants’

speech, specifically focusing on the Cookie Theft description task from

the Boston Diagnostic Aphasia Exam.

The ADReSSo dataset, introduced as part of the ADReSSo Chal-

lenge 2021, serves as a benchmark for analyzing spontaneous speech

inADresearch. This dataset is acoustically pre-processed andbalanced

with respect to age and gender, making it ideal for comparing various

approaches toAD recognition in spontaneous speech. The dataset con-

sists of two parts. The first set includes 105 recordings of AD patients

engaged in a semantic fluency task, while the second set comprises

237 recordings of both ADpatients andHC participants describing the

Cookie Theft picture.23

Guo et al.21 combined the ADReSS Challenge 2020 dataset with

the public dataset collected through theWisconsin Longitudinal study.

The WLS dataset is a longitudinal study of 10,317 graduates from

Wisconsin high schools in 1957, containing cognitive test results and

recordings of cognitive tests such as semantic verbal fluency. The Car-

olina Conversation Collection dataset is another open-access resource

examined by Nasreen et al.24 This dataset comprises over 200 inter-

views with elderly individuals experiencing 12 chronic diseases, as

well as over 400 interviews with those facing cognitive impairment,

collected in 2011. Access to this dataset requires an application

process.

Several other studies tapped into non-English speech datasets,

including Japanese datasets,25,26 a German dataset,13 a Greek

dataset,27 a Nepali speech dataset created using the DementiaBank

dataset,28 and a French dataset.29 Two studies by Liu et al.20,30 utilized

an open-access Chinese dataset from the Predictive Challenge of AD

organizedby iFlytek in2019. This dataset encompasses111 individuals

in theHCgroup and68 individuals in theADgroup. Basedonour analy-

sis,most datasets used in the speech-based reviewed articles (36 out of

43) are inEnglish. Somestudies utilizedmultiple datasets in their analy-

sis. For example, one studyby Liu et al.20 usedbothEnglish andChinese

datasets, while Lindsay et al.29 utilized English and French datasets.

Among the 79 studies reviewed, 22 employed EHR datasets. These

EHR datasets were gathered from various locations: seven from the

UK, 14 from the US, and one from the Netherlands. Notably, the South

London andMaudsley NHS Foundation Trust (SLaM) clinical records, a

major European provider of dementia andmental health services, were

prominently featured, appearing in five of the 21 studies.17,31–34 Since

2006, SLaM has served 1.36 million residents across four South Lon-

don boroughs (Lambeth, Lewisham, Southwark, and Croydon) with a

comprehensive electronic health system. The Clinical Record Interac-

tive Search (CRIS) platform provides research access to over 400,000

anonymized health records from SLaM, supported by a robust gov-

ernance framework.17 Additionally, two studies, by Chen et al.35 and
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Phiri et al.36, utilized EHR datasets from the secondary care mental

health services of the Cambridgeshire and Peterborough NHS Foun-

dation Trust (CPFT) and the Southern Health NHS Foundation Trust

(SHFT) from the UK. In the US, EHR datasets are sourced from dif-

ferent institutional databases such as the University of Florida health

system, the Outcome and Assessment Information Set (OASIS), Michi-

gan Medicine EHR database, Kaiser Permanente Southern California

health system, a the clinical data repository of the University of Min-

nesota. The OASIS comprises standardized data elements developed

for the purpose of assessing and comparing patient outcomes within

home healthcare environments. EHR data in the Netherlands have

been collected from two sources: the Alzheimer Center Amsterdam at

the Amsterdam University Medical Centers, spanning the period from

March 1993 to December 2020, and the Alzheimer Center Erasmus

MC at the ErasmusMCUniversity Medical Center, covering data from

January 2004 to April 2019.37

Turning to literature datasets assessed in the six studies,38–43 four

drew on data from PubMed, utilizing its extensive repository of publi-

cations and abstracts. These studies employedNLP pipelines to extract

and analyze biomedical information from PubMed. PubMed, estab-

lished in 1996 and maintained by the National Center for Biotechnol-

ogy Information (NCBI) at the US National Library of Medicine (NLM),

is a publicly accessible database offering over 36 million citations and

abstracts of biomedical literature.

Among the five studies that analyzed social datasets, three primarily

used X (formerly Twitter) as their data source,44–46 where researchers

developed and annotated datasets by extracting tweets related to

dementia or AD. Another study by Alroobaea et al.47 analyzed com-

ments from 10 applications designed for AD patients. Additionally,

Tahami et al.48 examined posts from AD stakeholders collected from

112 publicly accessible social media platforms indexed bymajor search

engines such as Google and Bing.

The minor dataset category, labeled “Other,” comprises three out

of the 79 reviewed papers. This category includes studies utilizing

questionnaires49,50 and public protein language datasets for glycosy-

lation and glycation site prediction.19 A comprehensive description of

all datasets employed in the reviewed papers is detailed in the dataset

column in Tables 3–5.

To address the second research question succinctly: ADReSS is

the most frequently analyzed dataset among studies focusing on

speech datasets. In the context of EHR datasets, SLaM, a prominent

European EHR provider, is the dataset most commonly utilized. For

studies concentrating on social data, X is the most frequently exam-

ined source. Regarding literature datasets, PubMed is the primary

resourceemployed. In the “Other” category, thedataset sourcesexhibit

considerable variability.

3.3 RQ3: What are the research goals?

In this section, we briefly discuss the objectives of the papers

reviewed. For detailed research goals and corresponding citations for

all reviewed papers, please refer to the goal column in Tables 3–5.

The primary goal in the reviewed papers, particularly those uti-

lizing speech datasets (40 out of 79 studies), was AD detection

through classification tasks. Studies in Table 3 mainly extracted fea-

tures from speech data to distinguish between AD and HC and to

predict cognitive scores, such as the MMSE score. Another preva-

lent research aim involved identifying the optimal data modality

for automatic AD detection – whether text, audio, or a combina-

tion of both – and the most effective methods for integrating these

modalities. The findings of three reviewed papers53,56,58 indicate

that combining linguistic and acoustic features enhances performance

compared to unimodal approaches in AD detection. However, these

studies report mixed conclusions regarding which modality – lin-

guistic or acoustic – is more effective. For instance, Pappagari58

found that linguistic models typically outperform acoustic ones in

detecting AD and estimating MMSE scores. However, under certain

conditions, acoustic models can outperform linguistic models, par-

ticularly when errors are present in automatic speech recognition

transcriptions.58

In studies analyzing EHR datasets (referenced in Table 4), the

primary focus has been on employing rule-based NLP pipelines to

extract risk factors associated with AD. These factors include motor

issues, cognitive test results, biomarkers of AD and AD and related

dementias (ADRD), uncooperative behavior, delusions or hallucina-

tions, and neuropsychiatric symptoms. Furthermore, studies in this

category explored the association between these factors and adverse

outcomes in AD or dementia patients, with adverse outcomes being

variably defined across studies ranging from death and hospitalization

to weight loss.

The primary focus of studies assessing literature datasets (refer-

enced in Table 5) has been the development and optimization of NLP

pipelines aimed at summarizing information and generating insights

from large text-based corpora derived from AD-related biomedical

publications. These efforts are directed toward various objectives,

such as identifying potential drug-to-drug interactions, uncovering

preventive strategies for AD, and extracting AD-related gene-specific

information. The underlying motivation in this area is the critical need

forAD researchers to reviewpreviouswork and remain up to datewith

the rapidly expandingbodyofAD literature, a task that is both essential

and increasingly challenging.43

Research on social datasets (referenced in Table 5) primarily focuses

onunderstanding theneedsof patients, providingdiseasemanagement

support outside of hospitals, and exploring the experiences andmental

health needs of family caregivers of individuals with ADRD.

The studies categorized under the “Other” dataset (referenced in

Table 5) had a wide range of focuses, including the prediction of spe-

cific proteins associated with AD using protein language models, the

evaluation of patient awareness regarding their brain health in the

predementia period, and various aspects of patient management.

In summary, the primary goals in the context of AD analysis span

several key areas: automatic AD detection using speech data, identifi-

cation of AD risk factors through EHR, summarization of AD-related

literature, and examination of the social burden on AD patients and

caregivers as expressed on social media platforms.
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3.4 RQ4: What are emerging trends in the field?

An emerging trend in AD detection using speech datasets is the shift

towardmore complexmulticlass classification tasks.Only twoof the43

studies25,76 listed in Table 3 addressed the more complex task of mul-

ticlass classification, differentiating between AD, MCI, and HC. How-

ever, the remaining studies concentrated onbinary classifications, such

as AD versus HC or AD+MCI versus HC. The multiple-classification

approach holds greater practical significance, asMCI represents amild

stage of cognitive impairment that may or may not progress to AD,

making it challenging formodels to differentiate betweenAD,MCI, and

HC. Importantly, if a model can accurately detect MCI, it offers a criti-

cal opportunity for clinicians to take preventive measures to delay the

onset of AD.

Five studies14,25,71,74,76 focusedondeveloping automatic diagnostic

tools using longitudinal speech datasets. Analyzing longitudinal speech

data is another developing direction, as it may uncover temporal pat-

terns in AD speech pathology, offering insights that single-time-point

analyses cannot provide. The type of features used for AD detection

is another crucial aspect. Some studies21,67,75 relied solely on embed-

dings extracted from pretrained large language models, which operate

as black boxes. However, a rising tendency involves comparing and

combining various feature types, such as linguistic, acoustic, and psy-

cholinguistic features, alongside embeddings from pretrained models,

as demonstrated in the studies by refs. [54, 55].

Data augmentation techniques are also attracting attention in the

AD detection domain, particularly for speech datasets, which are often

small and imbalanced, potentially compromising model reliability. Two

studies59,81 explored data augmentation methods, with Runde et al.81

employing standard numerical techniques, over-sampling, after con-

verting text to numerical representations, while Woszczyk et al.59

have utilized audio-based or text-based augmentation methods, such

as paraphrasing and lexical substitution. Furthermore, a recent trend

involves directly inputting speech audio files into models, bypassing

manual transcription, as investigatedbyRundeet al. 81. Theynoted that

for an automatic AD detection model to be practical, it must be capa-

ble of processing real-time speech and making continuous inferences.

This necessitates research into the usability of automatic audio-to-text

transcription tools and audio enhancement techniques.

An evolving direction in EHR-based research involves leveraging

these datasets to identify social determinants of health, such as hous-

ing, transportation, food,medication access, and financial difficulties, in

order to address the social needs of AD patients. However, a limitation

in the current body of research is the predominant reliance on datasets

collected from specific locations, which may limit the generalizability

of findings. Expanding studies to include datasets from diverse geo-

graphical regions could provide a more comprehensive understanding

of AD-related risk factors and outcomes.

According to Shao et al., 95 a noteworthy advancement is the devel-

opment of a transformer-based model architecture capable of jointly

learning from both longitudinal and non-longitudinal inputs, which

has demonstrated high performance in predicting AD outcomes. This

study underscores the significant potential of EHR data not only for

identifying AD risk factors but also for improving diagnostic accuracy.

Mahmoudi et al.94 showed that EHR studies also have the potential

to inform better care planning within health systems by identifying

factors such as caregiver availability for dementia patients. Given the

lack of effective therapies for AD, prevention through lifestyle changes

and interventions has become increasingly important. Analyzing EHR

data to understand the impact of lifestyle on AD, as examined by Shen

et al.,89 represents a valuable approach for advancing our understand-

ing of how lifestyle modifications can influence the progression and

prevention of AD.

A development in the AD literature summarization field is the work

by Rossanez et al.,42 which facilitates a deeper understanding of AD

and potential treatments by linking entities and relationships repre-

sented in knowledge graphs derived from biomedical publications to

concepts from existing biomedical ontologies available on the web.

However, this approach has certain limitations, such as the lack of

direct accuracy assessment and the absence of qualitative analyses

involving AD experts, which could further validate the findings.

In the domain of social datasets, a growing focus is on demonstrat-

ing how social media, such as X, can be harnessed to gain insights into

the experiences and needs of dementia family caregivers. Klein et al.44

identified a notable gap in leveraging social media for interventions.

In response, they developed an annotated dataset and benchmark

classification models to automatically identify X users who are fam-

ily caregivers of AD patients, showcasing the platform’s potential to

facilitate large-scale interventions. However, this study assumes that

all identified users are actual caregivers, which may not always be the

case, highlighting a limitation in the definition used for family care-

givers on X. Building on this, Sunmoo46 provided an in-depth analysis

of sentiments and topics expressed inADand dementia-related tweets

during the COVID-19 pandemic. This study provided critical insights

into themental healthneedsof family caregivers, suggesting thepoten-

tial for social media analysis to extend beyond the pandemic period.

Such research lays the groundwork for ongoing studies that could

provide a more comprehensive understanding of the challenges and

experiences faced by AD patients and their caregivers, illustrating the

valuable role of social media data in addressing the broader impacts

of AD.

Exploration of studies utilizing datasets in the “Other” category

revealed a distinct trend, as exemplified by the work of Alkuhlani

et al.,19 which integrates transformer-based language models into

the proteomics field. Specifically, these researchers developed pro-

tein language models for the representation of protein sequences.

This innovative approach adapts NLP principles to analyze protein

sequences, paving new paths for biomarker discovery in AD research.

This study demonstrates the potential of repurposing computational

linguistic models to significantly advance biomedical research.

3.5 RQ5: What NLP approaches are employed in
AD analysis?

In the reviewed articles, researchers utilized diverse NLP techniques

tailored to the datasets and research questions at hand. In what fol-

lows, we provide a concise overview of these methodologies, offering
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a clear understanding of the approaches employed. Detailed informa-

tion on the methodologies applied in each study is provided in the NLP

technique column in Tables 3–5.

3.5.1 Traditional linguistic features

Various hand-coded linguistic features have been employed to

analyze speech in patients with AD. Chandler et al.80 eval-

uated poverty of speech by utilizing the type-token ratio

(
count(word types)

count(word tokens)
), part-of-speech (PoS) tag counts and Brunét’s

index (count(word tokens)(count(word types))−0.165 ) and poverty

of content by measuring through the content density feature

(
count(verbs+ nouns+ adjectives+adverbs)

count(word tokens)
). Furthermore, they evaluated

verbigeration and language fluency by analyzing phrase- and word-

level repetitions, including counts of filler words like “um” and “ah.”

Syntactic complexity was examined using sentence parse trees and

speech graphs. Additionally, semantic features were assessed by

measuring coherence through cosine distances between adjacent text

windows using embeddings.

Paralinguistic features, which refer to aspects of communication

not related to the actual spoken words but rather to non-speech

sounds and socially significant gradations that influence the meaning

of utterances, were also examined for AD detection based on patients’

speech.96 These features are not confined to a rigidly defined set of

units and include elements such as pitch contours, prominence, tempo,

and rhythm.96 For example, Tavabi et al.51 extracted paralinguistic fea-

tures, including speech time variables such as total speaking time, the

mean and standard deviation of word and pause lengths (in seconds),

fraction of time spent pausing, total section time, and the fraction of

that section in which the participant was speaking.

Psycholinguistic features have also been explored for diagnosing

AD, as shifts in emotional expression among ADRD patients can occur

alongside cognitive decline.71 These changesmay affect the psycholin-

guistic elements of their speech, potentially impairing their ability

to communicate effectively and convey their needs. Psycholinguis-

tic indicators in speech can be evaluated through both non-verbal

vocalizations (such as non-word utterances) and semantic language.

The reviewed articles also investigated cross-modal linguistic and

task-specific features. Cross-modal linguistic features involve exam-

ining the interactions between language and acoustic elements, such

as correlating acoustic features with linguistic features and analyzing

time-aligned language and acoustic features.80 Task-specific features,

for example, include counting the unique animals mentioned in the

animal fluency task.

3.5.2 Sparse text representation

While sparse text representation is fundamentally a type of linguistic

feature, we categorize it under sparse text representation due to the

nature of the features generated,which result in sparsematrices (often

containing zero elements) owing to the underlying algorithms. In the

reviewed studies, two primary sparse text representation techniques

were frequently used for feature extraction, particularly with speech

datasets, to convert text into numerical formats. The first one is the

bag of words (BoW) technique, which represents a document as a vec-

tor of word frequencies, disregarding grammar and word order. This

approach is commonly implemented using theCountVectorizer class in

scikit-learn.97 The second one is the term frequency-inverse document

frequency (TF-IDF) approach, which extends the BoWmodel by incor-

porating a weighting mechanism that accentuates more informative

words. This method evaluates the significance of a word by consider-

ing its commonality or rarity across the entire corpus, assigning greater

weight to rarer words.97

3.5.3 Static dense text representation

Dense text representation is a type of linguistic feature usually gen-

erated through neural networks (NNs), allowing for meaningful inter-

pretation of the resulting features. Dense representation involves text

encoding where most elements in the resulting vectors are non-zero.

These vectors typically have lower dimensionality compared to the full

vocabulary size and are capable of capturing rich semantic information

about words, phrases, or entire documents.97 The reviewed articles

frequently employed dense representation methods such as fastText,

Word2Vec, and GloVe.

GloVe learns a single fixed embedding for each word in the vocab-

ulary. GloVe generates dense word embeddings by factorizing a word

co-occurrencematrix, thereby capturing global statistical relationships

between words and encoding semantic meaning into vectors.98 In the

study by Jain et al.12 both domain-specific and general-purpose ver-

sions of GloVe word embeddings were generated. The domain-specific

embeddings were trained on a specialized corpus relevant to the

area of interest, while the generic embeddings were trained on large,

general-purpose corpora. These embeddings were then used for AD

versus HC classification on the Pitt corpus. The results indicated that

domain-specific embeddings outperformed generic word embeddings.

Word2Vec is an embedding technique that generates dense word

embeddings by training on large text corpora. It utilizes two main

algorithms: Skip-Gram, which predicts context words from a target

word,98 and Continuous BoW, which predicts a target word from its

surrounding context. This model learns word vectors such that words

appearing in similar contexts have similar embeddings, effectively cap-

turing semantic relationships within the vector space. In the study

by Saranpää et al.,13 Word2Vec was applied to extract feature-rich

semantic vectors from participants’ speech. These vectors were then

visualizedby reducing the300-dimensional space toa two-dimensional

map using a data-driven dimensionality reduction technique. This visu-

alization helped identify and label semantic subcategories, providing

insights into how patients with prodromal and early AD navigate the

semantic space during fluency tasks compared to control participants.

fastText extends Word2Vec by addressing challenges related to

unknown words and sparsity in morphologically rich languages. fast-

Text represents each word as a combination of the word itself and its
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constituent n-grams. A skip-gram model is then used to learn embed-

dings for each n-gram, with the word’s final representation being the

sum of these embeddings.97 The study by Jain et al.12 demonstrated

that domain-specific fastText embeddings yielded the best results for

dementia versus HC classification using the Pitt corpus.

3.5.4 Contextualized dense text representation

Contextualized embedding models, which are a type of dense text

representation, were frequently used to generate text features. In

these models, the vector representation of a single word varies

depending on its context. There was a particular focus on different

versions of Bidirectional Encoder Representations from Transform-

ers (BERT), such as DistilBERT, DistilRoBERTa, RoBERTa, Bio-clinical

BERT, ALBERT, PubMed BERT, BioBERT, ProtBERT-BFD, ProtBERT,

and ProtALBERT.19 Each of these models builds upon BERT and is

tailored for specific tasks, domains, or improvements in efficiency

through different training data, numbers of layers, attention heads,

or hidden sizes. Twenty-two studies in the review examined BERT-

derived embeddings either individually or in conjunction with other

acoustic or linguistic features for AD detection through classification

tasks (for a detailed description, see Tables 3–5). For instance, Shen

et al.89 used BERT models to classify lifestyle status in an EHR dataset

of AD patients, while Klein44 applied BERT to create a pipeline for

identifying dementia-related families and caregivers on X. BERT is a

transformer-basedmodel thatpretrainsdeepbidirectional representa-

tions by considering both left and right contexts across all layers, using

large volumes of unlabeled text.99

ESM-1B, TAPE, and ProtXLNet are pretrained transformer-based

protein languagemodels used to encode peptide sequences in ref. [19].

ESM-1B, developed by Facebook AI Research, is based on the BERT

language model and trained on the UniRef50 dataset. TAPE, another

BERT-based model, was trained on the Pfam database, which includes

approximately 31 million protein sequences. ProtXLNet is built on

the XLNet language model and trained on the UniRef100 database,

containing around 216 million protein sequences.19 The embeddings

obtained from these models were input into a conventional NN model

to predict glycosylation and glycation sites, as detailed in ref. [19].

These predictions are vital because modifications at glycosylation and

glycation sites are linked to various diseases, including AD.

GPT-3,OpenAI’sGenerativePre-trainedTransformermodel, gener-

ated embeddings employed in two reviewed articles79,81 for AD detec-

tion. The embeddings of ADandHCparticipantswere fed intomachine

learning (ML) classifiers for AD versus HC classification. Agbavor79

demonstrated that the text embeddings generatedby theGPT-3model

significantly outperformed conventional feature-based approaches.

3.5.5 Acoustic features

In the reviewed articles, awide range of acoustic featureswere utilized

for AD detection.

Yeung et al.69 extracted several acoustic features, including proper-

ties of the sound wave, speech rate, and the number of pauses, using

automatic speech analysis tools. The study by Tavabi et al.51 computed

a comprehensive set of acoustic features, including Mel-Frequency

Cepstral Coefficients (MFCCs), fundamental frequency (F0), voicing

probability, local jitter, difference of differences jitter, local shimmer,

harmonics-to-noise ratio (HNR), power spectrum (audspec), relative

spectral transform (RASTA), zero crossing rate, and root mean square

(RMS) energy. These features were extracted using theMassachusetts

Institute of Technology’s featurization algorithm and the openSMILE

toolkit.51

Pappagari et al.56 employed x-vectors to characterize the speech

signals of AD patients for AD versus HC classification. They noted that

x-vector embeddings capture various speech characteristics including

emotion, speaking rate, gender, and various articulatory, phonatory,

and prosodic characteristics, which can be leveraged to identify neuro-

logical disorders such as Parkinson’s disease.56 X-vectors56 are acous-

tic features primarily used for speaker recognition, generated by a

deepNN (DNN) trained to distinguish between speakers. They convert

variable-length speech utterances into fixed-dimensional embeddings,

making them particularly useful for tasks like speaker verification and,

in this context, detecting neurodegenerative diseases.

3.5.6 NLP digital tools

A variety of NLP digital tools were employed in the reviewed articles

to organize and analyze large volumes of unstructured text, with each

tool typically tailored for specific text annotation purposes.

Emotional text annotation: Tools such as Affine, Syuzhet, and

Bing were utilized for sentiment analysis in ref. [45] to assign emo-

tional valence scores to tweets regarding AD. Affine and Syuzhet are

dictionary-based algorithms, while Bing operates on aML algorithm.

Medical text annotation: In ref. [48], RLS Reveal, a taxonomy-based

and semantic text-mining NLP algorithm, was applied to extract med-

ical, clinical, and functional terms from unstructured clinical data.

Med-7, a transferable clinical NLP model for EHR, was employed in

ref. [36] to identify medications within patient notes. NimbleMiner, an

open-sourcenursing-sensitiveNLPsystembasedonwordembeddings,

is utilized to annotate neuropsychiatric symptoms in EHR datasets, as

demonstrated in refs. [18,91]. The General Architecture for Text Engi-

neering (GATE) toolkit was the most frequently utilized NLP toolkit

for extracting relevant information from free-text clinical documen-

tation, as seen in studies such as in refs. [31,32,34,35]. This toolkit

can address a variety of text processing challenges. MedTagger, an

open-source NLP pipeline, was applied in ref. [87] to identify individ-

uals with covert brain infarction and white matter disease reported in

neuroimaging reports. Additionally, the Adverse Drug Event annota-

tion Pipeline (ADEPt), a semantically enriched pipeline for extracting

adverse drug events from free-text EHR, was employed in ref. [34] to

detect specific motor signs from clinical free text.

Custom NLP pipelines: The CRIS NLP SERVICE was leveraged in

ref. [33] to extract symptoms, treatments, and patient outcomes from
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EHR, enhancing mental health research by utilizing NLP techniques to

mine unstructured clinical records. In a separate study, Chen et al.82

developed a custom rule-based NLP pipeline using the BRAT annota-

tion tool to extract the most frequent cognitive measurements from

clinical notes. A study by Zolnoori et al.83 applied two NLP methods

to develop pipelines for identifying potential risk factors: a semi-

supervised Word2Vec method to extract specific predefined home

health ADRD risk factors and unsupervised topic modeling to identify

emerging topics from clinical notes. Finally, Wu et al.85 developed a

custom rule-based NLP algorithm to identify seven domains of social

determinants of health, where the rule-based algorithm outperformed

DL and regularized logistic regression (LR) methods.

3.5.7 Machine learning models

A wide range of ML models are applied for regression and classifi-

cation tasks in the reviewed papers. Examples of classification tasks

include detecting AD or distinguishing between AD and HC based on

speechor lifestyledataderived fromEHR. Studies commonlyemployed

ML classifiers, including support vector machine (SVM), random for-

est (RF), K-nearest neighbor (KNN), LR, convolutional neural network

(CNN), and recurrent neural network (RNN). Detailed descriptions of

MLmodels can be found in the NLP technique column of Tables 3–5.

In terms of regression tasks, such as predicting cognitive scores

based on speech datasets or analyzing AD risk factors from EHR

datasets, linear regression57 and Cox regression34 were the most

frequently utilized methods. Aryal et al.57 utilized 10 distinct lin-

ear regression models, leveraging a combination of handcrafted and

learned acoustic-linguistic features to assess and score mental status.

Al-Harrasi34 employed the Cox regression model to explore the asso-

ciations between survival, hospitalization, and a range of explanatory

variables. The Cox regression model, often referred to as the pro-

portional hazards model, is a statistical tool used to investigate the

relationships between a time-to-event outcomeand a set of covariates.

3.6 RQ6: How effective are NLP approaches in
AD analysis?

In the field of AD detection using speech data, studies typically evalu-

ate performance metrics such as F1-score, recall, accuracy, precision,

and area under the curve (AUC). These metrics are summarized in the

results column of Table 3, where the most frequently reported metric

is accuracy, noted in 32 out of 43 studies. The accuracy scores ranged

from 0.65 to 0.99, with 27 studies reporting scores above 0.80.

The most effective results often employ transformer-based meth-

ods for contextualized embedding production, either alone or in con-

junction with classical machine-learning approaches. Notably, Runde

et al.81 reported an accuracy and anF1-score of 0.99 for differentiating

AD fromHCusing a combination ofGPT embeddings and aKNNclassi-

fier. However, non-public details of GPT models restrict their research

utility. Transformer models, particularly various versions of BERT, are

extensively studied21,54,67,71,73,75,77 due to their capability to capture

rich semantic information and effectively encode context-dependent

meanings. However, a major limitation of transformer models is their

“black box” nature, which poses challenges for interpretation and its

high demand for computational power and extensive training data.

Among ML classifiers, SVM showed the best results in eight stud-

ies, followed by LR in five, with RF-, KNN-, and DL-based classifiers

such as CNN, RNN, and BLSTM also being employed. In terms of static

word embeddings, domain-specific adaptations ofWord2Vec and fast-

Text demonstrated superior performance, with the accuracy reaching

0.96 in ref. [28] and 0.91 in ref. [12], respectively. However, these static

embedding models are limited compared to contextual models such

as BERT and GPT, as they cannot adjust representations dynamically

based on the text’s context, potentially limiting their effectiveness in

variable scenarios. TF-IDF, a method for sparse text representation,

proved effective, as evidenced by Linu et al.30 who achieved an accu-

racy and F1-score of 0.98 using TF-IDF features combined with a KNN

classifier. This approach is advantageous in terms of computational

resources and runtime, and it facilitates interpretation since it relies

solely on the frequency of words in the text, making it particularly suit-

able for clinical applications. In contrast, TF-IDF disregards syntax and

word order, leading to the potential loss of context and meaning. Its

focus on rare words might overemphasize terms that are unique yet

contextually irrelevant, potentially skewing the analytical outcomes.

Traditional linguistic features are frequently usedalongside classical

ML classifiers in AD detection. These features offer a clear, quanti-

tative analysis of speech characteristics such as lexical diversity and

syntax and are advantageous for their explainability. Conversely, they

might fall short of capturing nuanced changes in semantics and prag-

matics, in contrast to dense text representation models. Traditional

linguistic features demonstrate moderate to low effectiveness in accu-

rately detecting AD, as evidenced by the results shown in Table 3

and highlighted by ref. [80]. This shortcoming could be attributed to

the methods used for feature selection, the relevance of the selected

features, or the limited size of datasets.

Tavabi et al.51 demonstrated that paralinguistic features were the

primary contributors to distinguishing between HC and dementia

cases. A disadvantage of analyzing paralinguistic features is their sus-

ceptibility to external influences, such as stress and excitement, which

might not be directly related to AD. Furthermore, analyzing psycholin-

guistic cues can enhance the accuracy of screeningmethods, according

to Zolnoori et al.71 However, psycholinguistic analysis can be com-

plex and may depend heavily on the context of the conversation. In

accordance with results reported in several studies,53,56,62,80,81 the

analysis of acoustic features such as x-vectors and MFCC features

provides comprehensive information on speech dynamics and quality

and has proven beneficial. In contrast, acoustic features demand high-

quality audio recordings and can be susceptible to background noise

and recording inconsistencies, which may complicate data collection

and analysis in less controlled environments.

In studies utilizing EHR, 11 employed standard evaluation metrics

such as F1-score, accuracy, and AUC, as referenced in the results col-

umn of Table 4. Six of them reported F1-scores ranging from 0.63 to
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0.96, highlighting theirmodels’ capabilities in extracting relevant infor-

mation from unstructured health data. The remaining studies, which

did not explicitly present metrics, relied on NLP digital tools for data

extraction, followed by various statistical analyses such as significance

testing and Cox regression, indicating a descriptive rather than predic-

tive approach common in EHR data analysis. A key advantage of Cox

regression is that it does not require specific distributional assump-

tions and can effectively incorporate both baseline and time-varying

clinical factors, making it ideal for analyzing complex data.100

Regarding analyses of social datasets, Alroobaea et al.47 achieved an

accuracy and F1-score of 0.994 using TF-IDF features and a SVM clas-

sifier for classifying user reviews into positive and negative categories.

Furthermore, a study by Klein et al.44 demonstrated high performance

with BERTweet-Large, attaining an F1-score of 0.962 for identifying

tweets related to family members with dementia. The remaining three

studies in this category did not explicitly report results. For literature

datasets, the only reported study is the one by Hu et al.41 which uti-

lized a prompt-based approach with PubMedBERT to extract relevant

information fromRCT abstracts, achieving an F1-score of 0.962.

In the “Other” category, Fang et al. achieved an accuracy of 0.924

and an F1-score of 0.922 in negation scope detection using their pro-

posedmodel, Criteria2Query 2.0. This model integrates medical entity

recognition and concept mapping from free-text eligibility criteria,

employing a transfer learning approach with PubMedBERT. Addition-

ally, Alkuhlani et al.19 utilized CNNs and embeddings generated from

six protein language models, including ProtBert-BFD, ProtBert, Pro-

tAlbert, ProtXlnet, ESM-1b, and TAPE for protein site prediction. The

model leveragingProtBert-BFDembeddingsdemonstrated thehighest

performance, achieving an accuracy of 0.64 and F1-score of 0.65. The

reviewed papers collectively demonstrate that the transfer-learning

approaches using BERT models are effective not only in AD detec-

tion using speech but also in analyzing EHR and in social-driven and

literature datasets related to AD.

4 DISCUSSION AND FUTURE WORK
PROPOSALS

To contribute to the progress of the field, enhance comparability across

studies, and improve research reproducibility, we make the following

recommendations for future studies:

Improving remote monitoring: Only three studies14,27,80 have

focused on developing remote, automated AD detection tools using

speech. According to ref. [27], substantial work remains to be done to

make these models clinically viable, particularly regarding privacy and

security of speech and medical data. We believe advancing models for

AD patient monitoring through speech analysis could enhance both

pre- and post-diagnosis stages. Remote monitoring also offers a cost-

effective alternative to brain imaging, accessible via smartphones, but

demands careful attention to ethical and privacy standards.

Addressing dataset limitations: Studies by refs. [53,63] highlight the

limitations of small datasets and the outdated collection period of the

ADReSSdataset from themid-1980s,whichmaynot alignwithmodern

diagnostic standards, potentially reducing the effectiveness of contem-

porary ML models. A critical factor for developing reliable models is

access to large, balanced datasets. Enhancing dataset utility through

augmentation, merging multiple sources, and standardizing collection

protocols, particularly for speech data, could foster robust model

development and facilitate more accurate performance comparisons

across studies.

Utilizing pretrained multilingual models: Our review of NLP tech-

niques, as listed in the NLP technique column in Table 3, reveals that

no reviewed papers employed pretrained multilingual models for AD

detection using speech. We recommend utilizing models such as M-

BERT, which is trained across over 100 languages, to overcome the

scarcity of extensive training datasets in multiple languages. Such

models could facilitate the identification of speech features that are

generalizable across languages and cross-language AD detection.

Expanding classification focus: Only two studies25,76 conducted a

multiple AD versusMCI versus HC classification task described in Sec-

tion 3.4. Future research should explore multicategory classification,

given its complexity and relevance over binary tasks and its potential

benefits for diagnosis and preventive measures in early-stage AD.

Improving model interpretability and error analysis: Chandler

et al.80 attempted to address the interpretability issue of automatic

AD detection by developing dashboards to interpret the results of

multiclass cognitive decline prediction models. Additionally, Mart-

inc et al.53 emphasized the importance of detailed error analysis to

comprehend the model’s behavior. Future research should conduct

a thorough analysis of a speech-based assessment tool to facilitate

informed decision-making and clinical integration of automated AD

detection tools. Focusing on these aspects may illuminate previously

hidden facets of the disease, thereby offering valuable insights and

enhancingmodels’ overall reliability and effectiveness.

Exploring alternative architectures: Despite considerable progress

in large language models, it is important to note that various versions

of the BERT model, an encoder-only architecture, dominate among

studies employing transformer architectures. Specifically, as shown

in Table 3, 16 out of 43 studies primarily used different versions of

the BERT model for AD detection through speech analysis. Future

research could explore alternative approaches by evaluating the per-

formance of advanced models such as the encoder-decoder or the

decoder-only model, for example, Gemini, which can handle differ-

ent modalities, including audio, that allows us to use audio as well

as text for AD detection and is available through the Application

Programming Interface.

Addressing language diversity in speech datasets: The primary

language for speech sample datasets predominantly relies on English

datasets, as discussed in Section 3.2. This highlights a significant gap

in non-English datasets for AD diagnostic and monitoring tools. The

development of models that work across various languages is essen-

tial. Notably, only two studies among the reviewed articles20,29 utilized

datasets from more than one language, indicating a constraint on the

practical applications of such amodel.

Standardizingmetrics: According to the result column inTables3–5,

studies have taken varying approaches to reporting their work. We
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advocate for using a standardized set of evaluation metrics in classi-

fication tasks, rather than relying on a single metric such as AUC or

accuracy. Reporting a comprehensive set ofmetrics, including accuracy,

F1-score, precision, recall, and AUC, enablesmoremeaningful compar-

isons across studies and ensures balanced performance evaluation.

Training rule-based algorithms on larger datasets: As stated by

Wu et al.85 a significant challenge is training rule-based algorithms on

larger datasets of social worker notes, which contain detailed insights

on crucial issues such as housing and medication insecurities. Expand-

ing datasets is crucial to enhancing the algorithm’s ability to accurately

identify social determinants associated with AD risk factors.

Integrating privacy-preserving generative AI tools: Another unre-

solved issue is the potential for improving rule-based algorithms by

integrating privacy-preserving generative AI tools, as discussed in ref.

[85]. Such tools could significantly enhance the handling and analysis

of sensitive data, ensuring confidentiality while improving the over-

all effectiveness of the algorithms in identifying and analyzing critical

social determinants within EHR data.

Enhancing model generalizability: Given the challenges outlined in

ref. [82] related to accurately identifying AD or ADRD and monitor-

ing their severity through EHR, there is an evident need for models

that can both detect dementia and track disease progression using

cognitive test results and biomarkers derived from clinical narra-

tives. EHR datasets, which are more readily accessible and available

in larger quantities compared to speech datasets, provide a crucial

resource for such developments. Additionally, the potential of EHR

data in biomarker analysis for dementia and AD is underscored by

findings from Chen et al.35 which suggest that lithium treatment

may reduce dementia risk. However, the study’s focus on a specific

mental health patient cohort curtails its broader applicability. Expand-

ing research to include larger and more varied populations would

help further elucidate the relationship between lithium levels and

dementia outcomes.

Utilizing computational NLP pipelines: Four out of six

studies38–40,43 analyzing the literature datasets focused on a sin-

gle source of publications, PubMed. While this source is valuable,

there is considerable scope for broadening the range of literature

sources analyzed to provide a more comprehensive view of the field.

According to Vitali et al.39 there is significant potential in utilizing a

computational NLP pipeline to analyze existing literature systemati-

cally and rank specific therapeutics for AD prevention. This approach

could help address open research questions, such as how demographic

data can be effectively integrated into computational models to

improve the stratification and efficacy of therapeutic interventions in

disease prevention.

Enhancing social analysis of AD usingNLP: The study by Alroobaea

et al.47 underscores the need for more nuanced research in the social

analysis of AD using NLP. Beyond binary classification of feedback

as positive or negative, future research should explore specific AD

applications, such as gaming or caregiving assistants, to pinpoint their

strengths and weaknesses. This could include extracting significant

patterns or keywords from user reviews to refine these applications.

Recognizing that feedback is not always clearly positive or negative –

often being neutral or inquisitive – can provide amore accurate reflec-

tion of user sentiment. Further, Klein et al.44 demonstrated a method

for identifying dementia stakeholders on X, which presents an oppor-

tunity to extend this approach to other platforms, such as Reddit, to

boost the robustness and applicability of themodels.

Advancing research on dementia subtypes and caregiver insights:

Sunmoo et al.46 investigated the sentiment and topics discussed by

ADRD caregivers on X before and during the COVID-19 pandemic

to offer insights into patients’ mental well-being during the pan-

demic. This study could be furthered into a post-pandemic era to

obtain updated insights into patients’ well-being. Onemore illustrative

approach could be to focus on dominant dementia subtypes such asAD

and vascular AD to get a better understanding of challenges specific to

each subtype.

5 CONCLUSION

In this study, we followed the PRISMA protocol to conduct a com-

prehensive review of publications utilizing NLP methodologies for AD

analysis, covering the period from January 2020 to July 2024.We sys-

tematically synthesized and examined the findings from 79 selected

studies, identifying four primary trends in AD analysis: (1) detection

and monitoring of AD using speech datasets, (2) identification of AD

risk factors based on EHR, (3) summarizing the current state of knowl-

edge in AD-related publications, and (4) exploring the social burden

experienced by AD patients, caregivers, and their families.

The studies leveraging speech and EHR datasets frequently

employed NN, ML classifiers, and various linguistic features, while

rule-based NLP approaches were primarily used for extracting

relevant information from EHR data. Analyses of social datasets pre-

dominantly utilized sentiment analysis and topic modeling, whereas

studies focusing on literature datasets developed custom NLP

pipelines for generating knowledge graphs and conducting network

analysis.

Overall, NLP techniqueshavedemonstratedeffectiveness in detect-

ing AD, as indicated by reported performance metrics. However,

significant gaps remain, as outlined in Section 4, including dataset

limitations, model interpretability, and privacy concerns. To address

these issues,wepropose several future researchdirections: developing

larger speech datasets for AD, enhancing monitoring and remote AD

detection models, incorporating geographically diverse datasets, and

integrating privacy-preserving AI tools.
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