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Abstract001

Spoken language analysis is a compelling tool002
for detecting signs of Alzheimer’s disease (AD).003
However, most language-based AD detection004
resources are only available in English, leav-005
ing multilingual or crosslingual AD detection006
understudied. We review the current state of007
the field with respect to this topic, compiling008
recent approaches, constraints, and potential009
solutions from original work published across010
engineering, natural language processing, and011
medical databases from 2004 to the present.012
From the 776 search results, we identified 42013
articles meeting predefined eligibility criteria014
and summarized their findings. Promising re-015
sults are reported in almost all studies, but few016
are integrated into clinical practice. The main017
limitations of the field are poor standardization,018
the lack of benchmark data repositories (which019
in turn hinders direct results comparison), and020
some disconnect between the study goals and021
the clinical applications. Active efforts from022
the research community and industry to close023
these gaps would support robust integration of024
research across languages into clinical practice.025

1 Introduction026

Recently, the natural language processing commu-027

nity has collectively devoted increased attention028

to the detection of Alzheimer’s disease (AD) and029

related cognitive impairment (Ding et al., 2024).030

This is a welcome development, creating opportu-031

nity for transformative support technologies in in-032

novative language use contexts. Popular challenges033

have been organized to stimulate research on au-034

tomated dementia detection from text (Luz et al.,035

2020b) and acoustic (Luz et al., 2021a) features,036

accelerating progress. Smaller bodies of work have037

investigated the relationship between linguistic fea-038

tures and biomarkers of AD (Hajjar et al., 2023;039

Farzana et al., 2024) and tracking AD progression040

over time (Gkoumas et al., 2023).041

Unfortunately, this flurry of progress has been 042

constrained almost entirely to the English language 043

(Luz et al., 2023a). This follows trends across the 044

NLP community; although precise estimates vary, 045

it is widely accepted that the vast majority of NLP 046

research is conducted using English text (Søgaard, 047

2022). However, it is also problematic: people ex- 048

perience AD across the globe, and less than 20% of 049

the world population speaks English (Bahji et al., 050

2023). This means that most of the world is miss- 051

ing out on the benefits of convenient, cost-effective, 052

and customized technologies resulting from con- 053

temporary spoken-language AD detection research. 054

Some research has begun to examine non- 055

English or multilingual approaches for these set- 056

tings (Luz et al., 2023a). Unique challenges arise 057

when developing systems for languages less re- 058

sourced (Hedderich et al., 2021), and these can be 059

compounded by applying them to a task already 060

under-resourced (Farzana and Parde, 2023). In this 061

review, we synthesize existing research in NLP and 062

adjacent research communities on the automated 063

detection of Alzheimer’s disease in crosslingual 064

and multilingual settings to answer four questions: 065

• What are the characteristics of currently avail- 066

able multilingual AD detection datasets? 067

• How is multilingual AD detection currently 068

modeled? 069

• How well do multilingual AD detection ap- 070

proaches currently perform? 071

• What are the challenges and limitations of 072

these studies to date? 073

Through our review, framed using PRISMA 074

scoping review guidelines (Tricco et al., 2018), 075

we hope to provide a starting point for other re- 076

searchers interested in pursuing multilingual AD 077

detection. We make all resources resulting from 078
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our review publicly available to further promote lit-079

eracy in this area and facilitate follow-up by others.080

2 Materials and Methods081

2.1 Initial Search082

We conducted our search using the following elec-083

tronic databases: ISCA-SPEECH,1 ACL Anthol-084

ogy,2 ACM,3 IEEE,4 PubMed, Computer Speech &085

Language,5, Springer,6, Frontiers,7 and Research-086

Gate.8 We selected these databases to ensure com-087

prehensive coverage of our target material. Some088

of the sources (ISCA-SPEECH, ACL Anthology,089

and Computer Speech & Language) are prominent090

databases for publications in the NLP and broader091

speech and language processing community. Oth-092

ers (ACM and IEEE) are popular databases for093

computer science research in general. PubMed094

is a premier database for healthcare publications,095

and ResearchGate is a social network platform for096

researchers to share their work.097

We were specifically interested in reviewing pa-098

pers that focus on analyzing spoken language data099

(e.g., speech recordings and transcripts) from el-100

derly people with AD, mild cognitive impairment101

(MCI),9 and age-matched healthy controls (HC).102

Unlike most previous surveys on the detection103

of Alzheimer’s disease (Voleti et al., 2019; de la104

Fuente Garcia et al., 2020; Yang et al., 2022), we fo-105

cused solely on articles that dealt with crosslingual106

and multilingual approaches to AD detection. We107

define crosslingual approaches as those that learn108

from data in one language to make predictions in109

another, and multilingual approaches as those that110

learn from multiple languages to make predictions111

in all of those languages.112

For our initial search, we used the following key-113

words: ((dementia OR Alzheimer* OR cognit*114

OR "decline” OR impair*) AND (screen* OR115

diagnos* OR monitor* OR speech OR audio OR116

voice OR "multilingual" OR "crosslingual"117

1https://www.isca-speech.org/archive/
2https://aclanthology.org/
3https://dl.acm.org/
4https://ieeexplore.ieee.org/Xplore/home.jsp
5https://www.sciencedirect.com/journal/

computer-speech-and-language
6https://link.springer.com/
7https://www.frontiersin.org/journals/

aging-neuroscience
8https://www.researchgate.net/
9MCI is the intermediate stage between expected age-

related cognitive decline and Alzheimer’s diagnosis. MCI
may or may not ever convert to AD.

Figure 1: Study selection process, from initial search
retrieval (n = 776) to final included studies (n = 42).

OR "cross-lingual" OR language*)). We di- 118

vided the databases among co-authors, assigning 119

each co-author to apply the predetermined search 120

keywords to retrieve papers from their assigned 121

database(s). This resulted in the retrieval of 776 122

papers, of which 107 were duplicates. Figure 1 123

summarizes our search process. We conducted our 124

final search for this review on December 16, 2025. 125

2.2 Step 2: Selection Process 126

Our exclusion criteria were: (1) studies that did not 127

use corpora from at least two languages, consider- 128

ing different dialects of a language (i.e., American, 129

Canadian, and British English (Gao et al., 2025)) as 130

the same language; (2) studies that did not focus on 131

speech or text data; (3) studies without AD or MCI 132

samples (i.e., studies focusing on other neurocog- 133

nitive disorders such as aphasia or Parkinson’s dis- 134

ease); (4) papers that were not written in English; 135

and (5) studies that were not full peer-reviewed aca- 136

demic papers (e.g., dissertations or posters). While 137

it is possible that exclusion criterion (4) overlooked 138

some relevant papers in non-English venues, set- 139

ting this criterion was necessary to ensure that we 140

were able to manually review all included studies 141

in a fair and equitable manner. All authors were flu- 142

ent English speakers, but did not have overlapping 143

proficiency in languages other than English. 144

The screening process (see Figure 1) was inde- 145

pendently undertaken by two co-authors to deter- 146

mine which of the remaining 669 papers to retain 147

according to the predefined inclusion and exclu- 148

sion criteria. In the first phase of screening, the 149
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Figure 2: Frequency distribution of multilingual
Alzheimer’s detection studies per period by machine
learning models. SVM are most frequently used for AD
detection.

two co-authors screened the titles and abstracts ex-150

cluding 44 documents, resulting in 625 remaining151

papers. As an outcome of full-text screening, 584152

documents were excluded due to meeting prede-153

fined exclusion criteria. This resulted in a final154

set of 42 studies included in the review. Disagree-155

ments among two reviewers at any of the stages156

were discussed, and when necessary, a third author157

was consulted for resolution. We summarize the158

included papers by year of publication in Figure 2.159

160

2.3 Collating, Summarizing, and Reporting161

Results162

For all included papers, data was extracted by the163

lead author in close consultation with other authors164

and stored in a spreadsheet. We extracted data for165

each paper based on the following characteristics:166

• Dataset Characteristics: We extracted in-167

formation on the datasets used in each study,168

including their names, sizes, supported task169

types, languages, availability and access links170

(if provided), diagnostic label distribution, the171

inclusion of audio and/or transcripts, and the172

presence of cognitive scores (e.g., MMSE,173

MoCA). Results are reported in §3.1.174

• Feature Characteristics: We collected de-175

tails on the speech processing pipeline, includ-176

ing automatic speech recognition (ASR) for177

transcription, language identification, and the178

extraction of linguistic, acoustic, or phonetic179

features from both transcripts and audio. We180

also noted the tools and models used through-181

out the pipeline. More details are in §3.2.182

• Modeling Techniques: We gathered data on 183

the machine learning approaches used for AD 184

prediction, including the training strategy (uni- 185

, multi-, or crosslingual), evaluation methods, 186

and outcomes. More details are in §3.3. 187

As an outcome of this process, we summarized 188

key trends and insights from the papers across lan- 189

guages and levels of granularity. We also discuss 190

system challenges along with actionable recom- 191

mendations for future research in §4. 192

2.4 Standardization 193

The steps outlined above seek to enforce standard- 194

ization across search and study selection, data ex- 195

traction, and data synthesis and comparison. All 196

studies were screened using the identical eligibil- 197

ity criteria defined a priori. The same variables 198

were collected (when available) from each study. 199

To measure performance, accuracy (for classifica- 200

tion) and root mean squared error (for regression) 201

were extracted preferentially, although other per- 202

formance metrics were accepted when preferred 203

metrics were unavailable. This approach ensured 204

consistent evaluation of the included studies, en- 205

abling robust synthesis of evidence while account- 206

ing for language-specific challenges or differences. 207

3 Results 208

We organize our findings into subsections focusing 209

on Dataset Characteristics, Feature Characteris- 210

tics, Modeling Techniques, and Challenges for mul- 211

tilingual AD detection. This structure was chosen 212

to synthesize key themes and trends emerging from 213

the literature in each area. Our review resulted in a 214

roadmap and broad taxonomy of methods and mod- 215

eling decisions for language-agnostic and language- 216

specific AD detection, shown in Figure 4. 217

3.1 Dataset Characteristics 218

Across the reviewed studies, several interesting pat- 219

terns emerge regarding their dataset characteristics. 220

Details regarding the datasets used in reviewed pa- 221

pers are in Table 1. The most prominent observa- 222

tion is the heavy reliance on a small set of bench- 223

mark corpora, particularly the Pitt Corpus from 224

DementiaBank and its derivatives like ADReSS 225

and ADReSS-M (Fraser et al., 2019a; Luz et al., 226

2023b, 2024b). The derivatives are balanced in 227

terms of participant age, gender, and education, 228

making them popular choices for AD detection. 229

3



Figure 3: Language distribution in multilingual AD
studies. Frequency = studies. North America = English;
Arabic regions shown due to unspecified origins.

Although the Pitt Corpus and ADReSS are English-230

only, the ADReSS-M corpus includes both English231

and Greek recordings (Jin et al., 2023; Tamm et al.,232

2023). We show the distribution of datasets used233

in the papers across languages in Figure 3. We234

observed that most non-English datasets are small,235

consisting of fewer than 50 participants. Aside236

from the shared task datasets (e.g. ADReSS-M237

or TAUKADIAL), most are unbalanced in demo-238

graphics (Gosztolya et al., 2021; Santos et al., 2017;239

Pérez-Toro et al., 2022). This imbalance limits gen-240

eralizability and raises concerns that differences in241

speech might actually reflect variations in age or242

education level rather than in disease status itself.243

A second consistent pattern involves the types244

of tasks used to elicit speech. Picture description245

tasks, particularly using the Cookie Theft Picture,246

are the most common, appearing in the majority of247

datasets (Fraser et al., 2019b; Santos et al., 2017;248

Pérez-Toro et al., 2022). Other frequent tasks in-249

clude semantic verbal fluency (e.g., naming ani-250

mals within a time limit), story narration (like the251

Cinderella story), and narrative recall (immediate252

or delayed retelling of short stories) (Santos et al.,253

2017). Some corpora also incorporate reading-254

aloud tasks, though these are less common. Picture255

description and verbal fluency likely dominate due256

to their diagnostic sensitivity and ease of adminis-257

tration. Many datasets focus on one or two tasks,258

which facilitates consistency in feature extraction259

(Martinez et al., 2017; Fraser et al., 2019b).260

The majority of datasets include audio record-261

ings, and some also provide transcripts, either262

manually created or derived using ASR. Some263

datasets offer additional multimodal content, in-264

cluding video or longitudinal follow-ups (Ortiz265

et al., 2024; Ablimit et al., 2022; Barrera et al., 266

2024). Most speech data was gathered through in- 267

person assessments, often in clinical or research 268

lab settings. While some well-known corpora are 269

available through repositories like DementiaBank, 270

many datasets are only accessible by request, and 271

several do not report availability at all (Pérez-Toro 272

et al., 2023, 2022; Martinez et al., 2017). This in- 273

consistency in sharing practices makes it difficult to 274

compare models and slows progress toward more 275

reproducible, generalizable AD detection systems. 276

There is a clear need for more accessible, diverse, 277

and demographically balanced datasets to support 278

robust multilingual research in this space. 279

3.2 Feature Characteristics 280

Many multilingual AD detection pipelines develop 281

rich feature extractors. In general, these feature 282

extractors are either (1) language-agnostic or (2) 283

language-specific. Language-agnostic pipelines are 284

designed to be independent of specific languages 285

and capture general patterns present in the speech 286

data. Language-specific pipelines first identify the 287

language of the data, and then extract language- 288

dependent information (e.g., linguistic features). 289

As shown in the roadmap followed by multilingual 290

and crosslingual AD detection papers (Figure 4), 291

the process begins with raw speech input that is 292

preprocessed and converted into acoustic signals. 293

Language-agnostic and language-specific features 294

are extracted from the preprocessed data. These 295

features are then used to train multilingual, crosslin- 296

gual, or monolingual models; feature selection and 297

optional model ensembling are applied prior to 298

language-agnostic or language-specific inference. 299

3.2.1 Language-Agnostic Features 300

Language-agnostic features are often acous- 301

tic, and can be extracted using engineered or 302

supervised/self-supervised processes. Audio pre- 303

processing involves sampling the speech signal 304

at a fixed rate, normalizing volume, LLM-based 305

anomaly detection, and chunking utterances in 306

overlapping frames. Studies leveraging engi- 307

neered acoustic features focused on spectrogram- 308

based MFCC features (Favaro et al., 2024), dis- 309

fluency/silence features using voice activity de- 310

tection (VAD) (Mei et al., 2023; Chen et al., 311

2023b), speech timing features (Pérez et al., 2024), 312

speech tempo (Luz et al., 2024b; Mei et al., 2023; 313

Lopez et al., 2013; Gosztolya et al., 2021; Kálmán 314

et al., 2022; Luz et al., 2024b), emotional re- 315
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Language-agnostic
feature generation
(prosodic, spectral

features, etc.)

Language-Specific
feature generation

(linguistic, phoneme-
level features, etc.)

Language-Specific
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Prediction
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Figure 4: Diagram of the modeling framework highlighting language-agnostic and language-specific pathways for
cognitive decline prediction. White boxes indicate input, green boxes show shared processing steps, blue and orange
boxes represent language-agnostic and language-specific paths, respectively, and dotted outlines are optional.

sponse (Pérez-Toro et al., 2023), temporal features,316

(Lopez et al., 2014; Martinez et al., 2017; Kálmán317

et al., 2022), acoustic embeddings (Jin et al., 2023),318

and generated acoustic and paralinguistic features319

(Schäfer et al., 2022; Lindsay et al., 2021a; Mei320

et al., 2023; Lindsay et al., 2021b). Non-acoustic321

engineered features focused on patient-level demo-322

graphic characteristics, such as age, gender, and323

education level (Mei et al., 2023; Jia et al., 2025a;324

Azadmaleki et al., 2025).325

Supervised and self-supervised features are typi-326

cally generated using pre-trained language models,327

for example by generating high-dimensional acous-328

tic embeddings from preprocessed audio wave-329

forms. Popular tools for generating these types330

of feature have included Whisper (Radford et al.,331

2023), Wav2vec 2.0 (Baevski et al., 2020), mul-332

tilingual pre-trained XLSR-53 (Conneau et al.,333

2021) HuBERT (Hsu et al., 2021), and Prosody334

UnitY2 (Seamless et al., 2023). Multilingual ASR335

(e.g., Whisper) enabled automatic transcription336

that, when paired with prompting, supports a scal-337

able and language-agnostic AD detection pipeline338

(Jia et al., 2025a). These tools were used across339

many studies (Luz et al., 2024a; Gosztolya and340

Tóth, 2024; Pérez et al., 2024; Pérez-Toro et al.,341

2022; Jin et al., 2023; Mei et al., 2023; Pérez-Toro342

et al., 2023; Duan et al., 2024; Jia et al., 2025a).343

3.2.2 Language-Specific Features344

To first identify language, language-specific fea-345

ture extractors often leverage deep learning-based346

ASR systems (Agbavor and Lia, 2024; Luz et al.,347

2024a; Duan et al., 2024; Gosztolya et al., 2021;348

Pérez et al., 2024). 15 studies used ASR to gener-349

ate either phone-level transcripts with nonverbal la-350

bels (i.e., filled pauses or coughs) (Gosztolya et al.,351

2021) or token-level transcripts from which text fea- 352

tures were extracted (Agbavor and Lia, 2024; Pérez 353

et al., 2024). Whisper ASR was used to capture 354

speech patterns using fine-grained transcriptions 355

with pauses and filler words (Duan et al., 2024). 356

Language-specific textual feature extraction in- 357

volved both supervised/self-supervised and en- 358

gineered features. Popular multilingual pre- 359

trained language models for this purpose in- 360

cluded XLM-RoBERTa-base (Conneau et al., 361

2020), Distilbert-base-multilingual-cased (Sanh 362

et al., 2019), Text2vec-base-multilingual (Xu, 363

2023), XLM-Roberta-Large-Vit-L-14 (Radford 364

et al., 2021), LaBSE (Feng et al., 2022), Lealla 365

(Mao and Nakagawa, 2023), and Multilingual-e5- 366

large (Wang et al., 2024). Language-specific ver- 367

sions of BERT (Devlin et al., 2019), RoBERTA 368

(Zhuang et al., 2021), Voyage-large-v210, and 369

FLag11 were also used to generate fixed-length 370

embeddings from ASR-generated token-level tran- 371

scripts (Agbavor and Lia, 2024; Duan et al., 2024). 372

Engineered features typically captured lex- 373

icosyntactic and lexicosemantic information 374

(Favaro et al., 2024; Fraser et al., 2019a). For 375

instance, Li et al. (2019) transformed Mandarin 376

Chinese feature vectors to English feature vectors 377

using a parallel out-of-domain corpus to learn 378

mappings between the two languages. To address 379

crosslingual distributional shift in feature spaces, 380

Hoang et al. (2024) applied crosslingual alignment 381

by extracting embeddings from backtranslated 382

text while maintaining the semantic information 383

10https://huggingface.co/voyageai/
voyage-large-2-instruct/tree/
57bd79078480bd6a36669407bfbc59bb4ac1ddcf

11https://huggingface.co/BAAI/bge-large-zh-v1.
5
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between two languages. Domain adaptation384

was also applied in crosslingual settings (Fraser385

et al., 2019a). To select the best features across386

languages, Li et al. (2019) applied joint feature387

selection, and Martinez et al. (2017); Kálmán388

et al. (2022); Lindsay et al. (2021b,b); ? used389

the nonparametric Mann-Whitney U test or390

Kruskal–Wallis non-corrected significance test.391

3.3 Modeling Techniques392

The papers formulated their modeling tasks as ei-393

ther: (1) classification (16 studies categorized AD394

versus healthy control subjects, 17 studies catego-395

rized MCI versus healthy subjects, and 2 studies396

performed multiclass classification across differ-397

ent pre-AD and AD stages); or (2) regression (14398

studies performed MMSE score prediction). All399

papers used supervised learning for classification400

and regression. Figure 2 summarizes the machine401

learning models applied across papers. At a broad402

level, language-agnostic modeling involved train-403

ing a single model on the feature set irrespective404

of the language of the data, whereas language-405

specific modeling tailored the modeling process406

to specific languages after language identification407

and feature extraction. During inference, language-408

specific pipelines were also activated for the final409

prediction dependent on the identified language.410

Overall, we observed three training settings:411

(1) multilingual model training and testing, in412

which two or more languages were incorporated in413

the same pool of training samples; (2) crosslin-414

gual training, in which the model was trained415

in one language and tested in another; and (3)416

monolingual training, in which different models417

were trained for different languages using differ-418

ent training sets, and then were applied to test in-419

stances dependent on the sample’s identified lan-420

guage. Language-specific modeling uses monolin-421

gual training, whereas language-agnostic modeling422

may use multilingual or crosslingual training.423

3.3.1 Language-Agnostic Modeling424

Preliminary studies show promise in using crosslin-425

gual data for AD detection (Fraser et al., 2019a;426

Guo et al., 2020; Duan et al., 2024; Li et al., 2019;427

Pérez-Toro et al., 2023); when transforming data428

to a shared domain with concept-based language429

model features, AUCs of 89% (French) and 64%430

(English) were reported (Fraser et al., 2019a). Li431

et al. (2019) used a large parallel corpus to align432

lexicosyntactic features in English and Mandarin,433

attaining Spearman ρ = 0.549 and outperform- 434

ing monolingual models. BERT-based monolin- 435

gual representations with a contrastive autoencoder 436

reached 81.6% accuracy in Mandarin AD detection 437

(Guo et al., 2020). 438

Multilingual training with multimodal features 439

has recently outperformed crosslingual models 440

(UAR up to 70% for English–Spanish) (Pérez-Toro 441

et al., 2023). Multilingual training with backtrans- 442

lated embeddings achieved 45.1% balanced accu- 443

racy for MCI and RMSE=2.578 for MMSE predic- 444

tion in TAUKADIAL (Hoang et al., 2024). Over- 445

all, English-to-other-language crosslingual perfor- 446

mance (e.g., Hungarian, French, Spanish) is better, 447

likely due to larger English datasets. 448

Since data availability tends to be especially low 449

for non-English AD detection (see Table 1), many 450

reviewed papers explored the use of external data 451

to boost performance (Fraser et al., 2019a; Duan 452

et al., 2024; Lindsay et al., 2021a; Guo et al., 2020). 453

Increasing the amount of source data when the 454

target domain data was small was found to im- 455

prove performance in multilingual training with do- 456

main adaptation (Fraser et al., 2019a; Duan et al., 457

2024). Lindsay et al. (2021a) found that crosslin- 458

gual increase in clinical data (combining English 459

and Swedish MCI samples) was more effective 460

than simply increasing language-specific healthy 461

control data. A similar finding was that the addi- 462

tion of bilingual representation for data learning 463

in the cross language improved performance over 464

other methods when using a large general domain 465

English corpus (Guo et al., 2020). 466

3.3.2 Language-Specific Modeling 467

Ten papers focused on language-specific modeling, 468

either aggregating performance across languages or 469

reporting language-specific performance separately 470

(Agbavor and Lia, 2024; Favaro et al., 2024; Tsai 471

et al., 2021; Santos et al., 2017; Schäfer et al., 2022; 472

Gosztolya et al., 2021; Tsai et al., 2021; Kálmán 473

et al., 2022; Pérez-Toro et al., 2022; Lindsay et al., 474

2021a). Language-specific ensembles of models 475

ranked first and second in the TAUKADIAL chal- 476

lenge for MMSE prediction and MCI classifica- 477

tion respectively (Agbavor and Lia, 2024). Mono- 478

lingual training of models (NN, SVR, XGB Re- 479

gressor (XGBR), and Bagging Regressor (BAGR)) 480

followed by ensembling also achieved their best 481

accuracy (75.0%; RMSE=2.44) over multilingual 482

training (Favaro et al., 2024). 483

When comparing performance across languages, 484
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several studies reported better performance on a485

non-English dataset (i.e., Chinese, Portuguese, and486

Hungarian) than in English (Tsai et al., 2021; San-487

tos et al., 2017; Gosztolya et al., 2021). A paper per-488

forming AD detection in three languages achieved489

the best AUC in German (compared to French and490

Dutch) when training an SVM with different lin-491

guistic embeddings (Lindsay et al., 2021a). An-492

other study reported that monolingual performance493

in both English and Spanish (F1 = 81% both) was494

better than multilingual training (F1 = 78%) for495

AD classification (Pérez-Toro et al., 2022).496

With monolingual training, strong language de-497

pendencies in English were observed for linguistic498

embeddings, whereas a lower language dependency499

was observed for acoustic embeddings (facilitating500

stronger performance in Spanish) while detecting501

AD across English and Spanish samples. Spanish’s502

simpler phonetics may explain this, but language-503

specific grammar and semantics warrant further504

study(Pérez-Toro et al., 2022). In addition to fea-505

ture dependencies and multilingual model training,506

narrative length plays a role: SVM was found to507

perform the highest for English and Portuguese508

datasets with medium-length narratives, but did not509

outperform much simpler models for very short510

transcripts (Santos et al., 2017).511

3.3.3 Ensemble Models512

Finally, ensemble models generally led to improved513

multilingual AD classification outcomes. Ensem-514

ble models combine the predictions of multiple al-515

gorithms, with the idea that multiple weak learners516

merge to form a stronger prediction. Seven of the517

reviewed papers used ensemble approaches. In the518

TAUKADIAL (Favaro et al., 2024) and ADReSS-519

m (Luz et al., 2023b) challenges, the best perform-520

ing models applied ensembles of language-specific521

models (Agbavor and Lia, 2024; Jin et al., 2023).522

Most ensemble approaches used majority voting for523

classification and averaging for regression (Favaro524

et al., 2024; Chen et al., 2023b; Mei et al., 2023;525

Lindsay et al., 2024; ?). CONSEN (Jin et al., 2023)526

updated AD and MMSE scores complementarily527

and simultaneously until a threshold was reached,528

which outperformed more standard ensembling in529

crosslingual settings but not in multilingual settings530

(Jin et al., 2023; Favaro et al., 2024).531

4 Discussion532

Our review revealed common limitations across533

multilingual AD detection settings. We summa-534

rize those here, followed by recommendations for 535

addressing them in future work. 536

Limited Generalization across Languages. The 537

papers reported strong performance from language- 538

specific monolingual models combined through en- 539

semble approaches; however, accuracy and MMSE 540

prediction performance both declined sharply when 541

the models were applied to unseen languages. This 542

highlights the challenge of achieving generalization 543

across languages without adaptation or alignment. 544

Due to limited non-English corpora, Fraser et al. 545

(2019a) showed that domain adaptation enables 546

data-efficient learning, allowing models trained on 547

high-resource languages like English to transfer ef- 548

fectively to low-resource ones. Multilingual train- 549

ing often gains more from adding data in new lan- 550

guages than from additional same-language data. 551

While fine-tuning multilingual pretrained models 552

improves performance on represented—especially 553

low-resource—languages, frozen pretrained mod- 554

els typically exhibit stronger generalization to 555

under-represented or unseen languages, revealing 556

a trade-off between in-language gains and cross- 557

lingual robustness (Jia et al., 2025a). Five papers 558

found that monolingual and multilingual models 559

outperformed crosslingual alternatives, particularly 560

when the language tasks differed across languages. 561

Prosodic features were most relevant for AD/MCI 562

detection in mono- and multilingual setups, but less 563

transferable in crosslingual settings. However, si- 564

lence or pause-based acoustic features remain rela- 565

tively robust across languages, as reported by 13 pa- 566

pers. Embedding-level multimodal fusion appears 567

most promising for multilingual and crosslingual 568

training. Eight studies show that fusing acoustic 569

and linguistic features (via concatenation or self- 570

attention) enhances multilingual MMSE prediction 571

(RMSE 1.87 in TAUKADIAL) and MCI/AD clas- 572

sification (UAR 83%), though some report better 573

MCI performance from acoustic-only models. 574

Risk of Bias. Achieving balance across class, 575

age, gender, and education in multilingual datasets 576

is crucial for unbiased detection of AD, yet only 577

8 corpora in the reviewed papers meet this crite- 578

rion for all or some factors. To handle class im- 579

balance, studies commonly employ subsampling, 580

stratified cross-validation, and evaluation metrics 581

such as UAR or AUROC. Two studies with imbal- 582

anced data report accuracy only. Thirty-six studies 583

use cross-validation and/or held-out sets to prevent 584

overfitting, but nine multilingual or crosslingual 585
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studies rely on small (<50) non-English datasets,586

making tuning and evaluation difficult. Except587

for TAUKADIAL (Luz et al., 2024a), ADReSS-M588

(Luz et al., 2024b), PREPARE (Azadmaleki et al.,589

2025), ADReSS (Luz et al., 2020a), ADReSSo590

(Luz et al., 2021b), NCMMSC (Chen et al., 2023a),591

no reviewed corpus includes a held-out test set,592

indicating a substantial risk of model overfitting.593

Actionable Recommendations. Based on our594

findings in the review, we recommend that several595

topics take priority in near-future multilingual AD596

detection research. Addressing these points will597

foster easier, more accessible translation of existing598

research progress to global clinical practice.599

First, we recommend immediate focus on cre-600

ating a diverse, multilingual, multimodal bench-601

mark dataset (extending efforts such as those be-602

hind TAUKADIAL) that is heterogeneous in terms603

of language resources, diagnoses (e.g., different604

stages of AD and/or MCI), and cognitive test scores.605

The benchmark dataset should be balanced in terms606

of age, gender, and education. A larger, hetero-607

geneous benchmark dataset would support more608

rigorous evaluation practices and enable the assess-609

ment of model performance across linguistically610

diverse populations, contributing to the develop-611

ment of more equitable and generalizable meth-612

ods. Moreover, rich multimodal datasets spanning613

speech, video, clinical records, imaging, social de-614

terminants of health, and digital text can enable615

LLM-based pipelines, and detection models to sup-616

port scalable Alzheimer’s disease screening and617

longitudinal monitoring in clinical settings.618

Second, the majority of the corpora (n = 14)619

in reviewed papers used semi-spontaneous speech620

tasks (e.g., picture description) to elicit language621

data. Although such tasks are effective as a stim-622

ulus compared to verbal fluency tasks, they often623

need to be adapted according to the country and624

culture of the participants, which limits broader625

generalization. We recommend that future multilin-626

gual AD research should focus on the spontaneous627

speech present in natural conversations. This data628

would be more straightforward to collect passively,629

continuously, and longitudinally without need for630

adaptation to new language collection settings.631

Third, focusing on cohorts already diagnosed632

with AD is less useful from the perspective of even-633

tual practical deployment, and the reviewed studies634

generally reported strong performance on AD de-635

tection already. Future work should prioritize early636

onset detection, refocusing on identifying preclini- 637

cal stages of AD. Multilingual corpora should inte- 638

grate early biomarkers such as cerebrospinal fluid 639

and blood-based plasma markers, which are valu- 640

able indicators of early AD. Multilingual speech 641

features linked to biomarkers (SLaCAD (Farzana 642

et al., 2024)) may support less invasive, more glob- 643

ally accessible early detection. 644

Finally, although most reviewed papers claim 645

some level of automation, only 18 employ a fully 646

automatic pipeline spanning LLM-enabled audio 647

processing, ASR-based transcription, and down- 648

stream classification or regression. The rest use 649

partial automation, typically for feature extraction 650

or classification, while relying on manual tran- 651

scription, audio processing, or result evaluation. 652

Across studies, common acoustic features (Com- 653

ParE, eGeMAPS, emobase, and acoustic embed- 654

dings) and text-based features (word embeddings 655

and frequency-based metrics such as type–token 656

ratio) are observed, yet overall feature sets remain 657

highly heterogeneous. Automation and general- 658

ization are further hindered by the need for lan- 659

guage identification and speech-to-text processing, 660

especially in low-resource languages. Although 661

eight studies demonstrate the effectiveness of AI- 662

based remote cognitive health monitoring, design- 663

ing such platforms requires standardized, user- 664

friendly, language-agnostic, and transcription-free 665

end-to-end systems. We recommend an explicit 666

focus on standardization and automation in near- 667

term multilingual AD detection research. 668

5 Conclusion 669

In this work, we conducted the first scoping review 670

on automated multilingual and crosslingual AD de- 671

tection. Given the prevalence of studies on general 672

AD detection, surprisingly limited work has been 673

done on multilingual and crosslingual approaches, 674

likely because most resources for training AD de- 675

tection models are in English (de la Fuente Gar- 676

cia et al., 2020). After careful review of 42 pa- 677

pers meeting inclusion criteria from among 776 678

retrieved, we find promise of a field that could bene- 679

ficially transform clinical practice. Almost all stud- 680

ies report relatively high performance, despite the 681

difficulties inherent to this under-resourced space. 682

This leaves us optimistic for eventual real-world 683

global integration of automated AD detection sys- 684

tems, especially with targeted focus toward the 685

identified actionable recommendations. 686
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Limitations687

Our work is limited by several factors. First, we688

conduct the survey for a specific time period (2004689

to 2025), limited to databases relevant to the speech690

processing and medical domains. Despite our at-691

tempts at thorough coverage of these databases, we692

may have missed some relevant sources, limiting693

the breadth of our survey.694

Second, when studying the reproducibility of695

the reviewed work, we were unable to report the696

availability of all data sources and code repositories697

since some were not publicly available. We tried to698

contact the respective authors of such works, which699

in some cases yielded helpful new information, but700

was not always successful.701

Third, we did not perform an independent risk as-702

sessment for the included papers. A compelling di-703

rection for future work, although beyond the scope704

of this scoping review, may be to operationalize a705

systematic review tool such as QUADAS-2 (Whit-706

ing et al., 2011) for the AI context to assess items707

such as whether different varieties of included lan-708

guages are adequately represented, whether AD709

diagnoses are based on clinical assessments and710

(if so) whether the diagnostic criteria are consis-711

tent across languages, whether sociolinguistic con-712

founds are acknowledged, and many other factors.713

Finally, it is unclear to what extent the findings in714

this survey can extend to languages for which no715

corpora were identified in reviewed papers. Pend-716

ing the pursuit of this research topic by an increas-717

ingly global community, an interesting avenue for718

follow-up work would be to validate these findings719

at a future time horizon, when a greater variety of720

languages are hopefully represented.721

Ethical Considerations722

Automated models for AD detection from spoken723

language present potential benefits in real-world724

scenarios: they offer opportunity to expand health-725

care access, minimize cost of care, and reduce care-726

giver burden. However, they may also pose risks727

if used in unintended ways. We consider intended728

use of our study findings to extend to the following:729

• People may use these findings to study lan-730

guage differences between individuals with731

and without AD, as a way of building further732

understanding of the condition.733

• People may use the findings developed in this734

work to further their own research into low-735

resource NLP tasks, including those associ- 736

ated with this and other healthcare problems. 737

• People may use the findings developed in this 738

work to build early warning systems to flag in- 739

dividuals about potential AD symptoms, pro- 740

vided that the technology is not misconstrued 741

as an alternative to human care. 742

We reiterate our caution against building systems 743

that function as intended or perceived replacements 744

for human medical care. Future research pursuing 745

these goals should be done in careful coordination 746

with clinical professionals and other stakeholders. 747
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Table 1: Detailed Data information. Abbreviations: domain:dom., Gothenburg:Got., Karolinska:kar, OpenSubti-
tles:OS., available:avail., not available:NA, Speech Biomarker for Cognition: SB-C, Mini Mental State Examination:
MMSE, Classification: cls., Regression:reg., age associated cognitive decline:AACD, Narrative recall:NR, Bio-
graphical interview:BI, Reading task: RT, Logical memory test: LM, Cookie theft picture description:CTP, Cat
rescue picture description:CR, Coming & going picture description:C&G, Lion lying with a cub in the desert
while eating.:LWC, Semantic verbal fluency:SVF, Voice Assistant Interactions:VAI, Language code: English:EN,
Spanish:ES, Swedish:SWE, Chilean Spanish:ES-CL, Mandarin Chinese:Mnd. CHI, Taiwanese Mandarin Chinese:
Tai. Mnd., Hungarian:HU, Greek:GRK, German:GER, Dutch:DE, Catalan:CAT, Basque:BSQ, Arabic:ARB,
French:FR, Portuguese:PRT, Turkish:TRAfrican:AFR

Study Database, task &
balance Data annotation Task type

(Cls./Reg.) Data avail. Language

(Pérez et al.,
2024; Agbavor
and Lia, 2024;
Luz et al.,
2024a; Ortiz
et al., 2024;
Gosztolya and
Tóth, 2024;
Duan et al.,
2024; Favaro
et al., 2024;
Hoang et al.,
2024; Barrera
et al., 2024)

TAUKADIAL
(n=507(train/ test:/387
(129 subjects)/120 (40
subjects), EN:PD
(CTP, CR, C&G); CHI:
PD (3 pictures on
Taiwanese culture)
(rec.)); age & gender
balanced

MCI/HC: train:(222/165),
test:(63/57);MMSE: avail.

MCI & MMSE
reg. avail.12 train & test: EN

(246), CHI (261).

(Luz et al.,
2023b; Jin
et al., 2023;
Tamm et al.,
2023; Mei et al.,
2023; Melistas
et al., 2023;
Chen et al.,
2023b; Luz
et al., 2024b; ?)

ADReSS-M
(n=279(train/dev/
test:225/8/46, PD
(CTP, LWC) (rec.));
age, gender balanced
and adjusted for
education

AD/HC: train:(110/115),
dev:(4/4), test:(22/24);MMSE:
avail.

AD vs. HC &
MMSE reg. avail.22

train: EN,
dev:GRK,
test:GRK.

(Santos et al.,
2017)

Pitt(n=86, PD (CTP) ),
CN (n=40, SN),
ABCD (n=43, NR),
rec. & tr. for all;
balanced: no

HC/MCI: Pitt: (43/43), CN:
(20/20), ABCD: (20/23);
Pitt:MMSE, CN:NA,
ABCD:NA;

MCI vs. HC
CN, ABCD: avail.
as upon request;
Pitt: avail.22

Pitt: EN, CN:
PT-BR,
ABCD:PT-BR

(Fraser et al.,
2019b)

Got.:n=67, Kar.(n=96,
SS (Written))
Pitt(n=116, PD(CTP)
(rec. & tr.)); age and
gender balanced (Pitt),
education adjusted
(Pitt, Got., Kar.).

Got / Kar / Pitt: HC: 6/96/97;
MCI: 31/NA/19; Pitt &
Got.:MMSE

MCI vs. HC
Got &
Kar:unreported,
Pitt:avail.22

Got & Kar:SWE.,
Pitt: EN

(Lopez et al., 2014)

AZTIAHORE, n=40
(subset of
AZTIAHO13, SS
video); AD class
gender balanced, AD
and HC not age
balanced

HC/ADES/ADIS/ AD vs. HC
(multiclass) unreported

EN, FR, ES,
CAT, BSQ, CHI,
ARB, PRT

HC/ADAS:20/4/10/6;
MMSE:NA

Continued on next page

12https://talkbank.org/dementia/
1350 HC and 20 AD subjects. AD has 3 severity stages: ES (early), IS (intermediate) and AS (advanced);
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Table 1 – Continued from previous page

Study Database, task &
balance Data annotation Task type

(cls./Reg.) Data availability Language

(Lopez et al.,
2013)

AZTITXIKI: n=10
(subset of
AZTIAHORE, SS
video); not balanced

HC/ADES/ADIS/ADAS: 5/1/2/2;
MMSE:NA

HC vs. AD (ES,
IS, AS)
(multiclass)

unreported
EN, FR, ES,
CAT, BSQ, CHI,
ARB, PRT

(Martinez et al.,
2017)

ALZUMERIC CVF
(AN)14:n=225
PD:n=18 (rec.), SS
(AZTIAHORE):n=40
,video all; balanced:
CVF and PD not
gender balanced; SS
gender balanced across
classes; age balance
not reported

CVF :HC/MCI:187/38,
PD:HC/AD:12/6, SS:HC/AD:
20/20; MMSE:NA

PD and SS :
AD vs HC AN :
MCI vs HC

unreported
EN, FR, ES,
CAT, BSQ, CHI,
ARB, PRT

(Li et al., 2019)

Pitt:n=551 PD(CTP),
Lu:n=49 , PD (CTP),
SVF, PN ; tr., OS
n=50k narrations
(parallel corpus); age,
gender and education
not balanced (Pitt, Lu)

Pitt:HC/AD:241/310 tr. & rec.
Lu:HC/AD(score exhibit
various degrees of
dementia):NA/49 , OS:NA;
Pitt:MMSE, Lu:NA

AD vs. HC
Pitt: avail.22,
Lu:avail.,
OS:avail.

Pitt EN, OS:
CHI/EN, Lu: Tai.
Mand.

(Guo et al.,
2020)

Pitt:n=498, PD(CTP)
tr. & rec., other:n=208
PD (CTP), OS n=9.9m
lines dialogs (parallel
corpus), tr. ; age and
gender not balanced
(Pitt, other)

Pitt:HC/AD:242/256,
other:HC/AD:104/104,
OS:HC/AD:NA/NA; Pitt,
other:MMSE, OS:NA

AD vs. HC OS:avail.,
other:unreported

Pitt EN, OS:
CHI/EN, other:
Mand. CHI

(Gosztolya
et al., 2021)

corpus-1:( n=33 )
corpus-2: (n=33),
(NR) both corpus; not
balanced for age,
gender, education

corpus-1:HC/MCI:19/14,
corpus-2:HC/MCI:20/13;
corpus-1&2: MMSE, CDT,
GDS score

MCI vs. HC corpus-
1&2:unreported

corpus-1:EN,
corpus-2:HU

(Campbell
et al., 2021)

AcceXible: n=154
,CVF (AN, LF),
ADReSS: n=156 (PD
(CTP)) rec. & tr.;
AcceXible: not
balanced for age,
ADReSS: age, gender
balanced

AcceXible:HC/AD:81/73,
ADReSS (train):HC/AD:54/54,
ADReSS (test):HC/AD:24/24;
AcceXible: MMSE, CDT, GDS
score, ADReSS: MMSE

AD vs. HC
AcceXi-
ble:unreported,
ADReSS:avail.22

AcceXible:ES,
ADReSS:EN

(Pérez-Toro
et al., 2023)

Pitt: n=186, PD (CTP),
corpus-3:n=56 (PD
(CTP)) rec. & tr.,
corpus-4: n=205 (PD),
rec. & tr. ; corpus-3&4:
not balanced for age
and gender, Pitt: age,
gender balanced

Pitt:HC/AD:93/93,
corpus-3:HC/AD:27/29,
corpus-4:HC/AD:58/147; Pitt:
MMSE, corpus-1&2:unreported

AD vs. HC corpus-
1&2:unreported

Pitt:EN,
corpus-1:ES,
corpus-2:DE

(Pérez-Toro
et al., 2022)

corpus-5:: n= 39,Pitt:
n=186 ;PD (CTP), rec.
& tr.; Pitt & corpus-5:
age, gender, education
matched

corpus-5:HC/AD:18/21,
Pitt:HC/AD:93/93; corpus-1:
MMSE (for AD class), Pitt:
MMSE

AD vs. HC corpus-5:
unreported corpus-5:ES-CL

(Lindsay et al.,
2024)

Private study, n=138
(PD: 1-min free speech,
phone), age balance
not fully detailed;
MMSE mostly >25

No HC/MCI/AD breakdown;
MMSE and SB-C collected

Correlation
(MMSE, SB-C),
not
classification

private ES, CAT, DE,
NL

Continued on next page

14Gipuzkoa-Alzheimer Project: https://www.cita-alzheimer.org/es/investigacion/proyectos
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Table 1 – Continued from previous page

Study Database, task &
balance Data annotation Task type

(cls./Reg.) Data availability Language

(Hernández-
Domínguez
et al., 2016)

Carolinas
Conversations (Latin
America cohort),
n=112 (natural
dialogue, video),
longitudinal;
age/gender balance not
specified

AD: ≥57, MCI/Other: 25, HC:
30; clinical diagnosis

Data collection
only (no
modeling)

Not public yet
(planned)

EN, ES (USA,
MX, EC)

(Schäfer et al.,
2022)

DeepSpA: n=121,
H70: n=404; RAVLT,
SVF via mobile app;
speech-based score
pipeline

DeepSpA: 52 MCI/69 SCI;
H70: 48 MCI/356 HC;
MMSE/CDR

MCI vs. HC avail. upon
request NL, SWE

(Lopez et al.,
2018)

AZTIAHO , n = 283,
AN, PD, SS ; multiple
environments;
age/gender balance
varies by task

AN: 38 MCI/187 HC; PD: 6
AD/12 HC; SS: 20 AD/20 HC;
MMSE and others

MCI or AD vs.
HC (task-
dependent)

private
ES, CAT, BSQ,
EN, FR, ARB,
PRT, CHI

(Kálmán et al.,
2022)

Speech-GAP Test®
English/Hungarian
monologue task, n=66;
phone-based, not fully
balanced

EN: 19 HC/14 MCI; HU: 20
HC/13 MCI; MMSE-based
criteria

MCI vs. HC private EN, HU

(Ablimit et al.,
2022)

ILSE : n=108 (91
participants, BI, rec. &
tr.), ADReSS: n= 156;
(CTP), ILSE not
balanced

ILSE:HC/AD/AACD:108/16/21,
ADReSS train:HC/AD:54/54,
test:HC/AD:24/24; ILSE:
MMSE (main dataset)

AD vs. HC ILSE: avail. on
request GER, EN

(Lindsay et al.,
2021a)

Corpus-6: n=132;
SVF (AN); balanced
for age and education
in each language

HC/AD: 27/27(FR),
23/23(GER), 16/16 (DE) MCI vs. HC

private; clinical
data from 3
memory clinics

FR, GER, DE
(original), EN
(translated)

(Fraser et al.,
2019a)

Pitt: n=550, corpus-7:
n=58 , PD (CTP), rec.
& tr.

Pitt:HC/AD:241/309,
corpus-7:HC/AD:25/33; Pitt &
corpus-7: MMSE

AD vs. HC Pitt: avail.15;
corpus-7: private

Pitt:EN,
corpus-7:FR

(Beckett, 2004)

Case-study of
bilingualism in AD
detection; spontaneous
conversation with a
researcher about past
life on predefined
topics (e.g. Home,
School, Names,
Housekeeping,
Christmas, Gifts,
Romance, Children,
Work)

2 AD participants qualitative
analysis

transcripts avail.
in the paper EN, AFR

(Lindsay et al.,
2021b)

ADReSS (subset):
n=106, age, gender
balanced EIT-Digital:
n=47, educ. balanced,
not age ; PD (CTP);
rec. & tr.

ADReSS’20:HC/AD:52/54,
EIT-Digital:HC/AD:25/22;
MMSE avail.

AD vs. HC
ADReSS:avail 16,
EIT-Digital:
avail.17

ADReSS:EN,
EIT-Digital: FR

Continued on next page

15https://talkbank.org/dementia/
16https://talkbank.org/dementia/
17upon request to: alexandra.konig@inria.fr
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Table 1 – Continued from previous page

Study Database, task &
balance Data annotation Task type

(cls./Reg.) Data availability Language

(Azadmaleki
et al., 2025)

PREPARE:
(n=2058(train/
test:1646/412), BI, NR,
PD, SVF, VAI, RT
(rec.), age, gender,
educ. not
balanced);(Chou
corpus: n=87
(train/val/test:51/17/19));
rec.

PREPARE:AD/MCI/HC:
1140/268/650, Chou
corpus:MCI/HC:47/40;
PREPARE: MMSE (partially
avail. in original dataset), Chou
corpus: no MMSE

PREPARE: AD
vs. MCI vs.
HC, Chou
corpus: MCI vs.
HC

PREPARE &
Chou corpus:
avail.18

PREPARE: EN,
Mnd. CHI, ES,
Chou corpus:
Mnd. CHI

(Melistas et al.,
2023)

ADReSS-M; Ivanova
(n=271, RT, not
balanced); rec.

Ivanova: AD/HC:74/197,
MMSE: not avail. AD vs. HC both corpus:

avail.19

ADReSS-M: EN,
GRK, Ivanova:
ES

(Jia et al.,
2025b)

ADReSS-M(n=8 PD
(LWC)); ADReSSo’21
(n=237
(train/test:166/71), PD
(CTP),
balanced);NCMMSC
(n=124, PD);Ivanova
(n=360, RT); balance
not reported); rec.

ADReSSo’21:
AD/HC:train(87/79),
test(35/36);
NCMMSC:AD/MCI/HC:
26/54/44;
Ivanova:AD/MCI/HC:
74/91/197; ADReSS-M:
AD/HC:4/4; ADReSSo’21:
MMSE; NCMMSC: MMSE not
avail.

AD vs. HC
MCI in Ivanova
corpus
reclassified as
AD)

ADReSSo’21,
ADReSS-M,
Ivanova: avail20,
NCMMSC:
avail.21

ADReSS-M:
GRK,
ADReSSo’21:
EN, NCMMSC:
CHI, Ivanova:ES

(Tsai et al.,
2021)

Pitt PD (CTP), not
balanced;NTUHV
(PD, LM) ;rec. and tr.,
balanced

AD/HC:Pitt(257/242),
NTUHV(40/40) MCI/HC:
Pitt(43/43), NTUHV(30/30);
MMSE avail.

AD vs. HC &
MCI vs. HC NTUHV: private EN, CHI

(Ceyhan et al.,
2024)

ADReSS: (n=153, age
and gender balanced );
MUDC: n=60; PD
(CTP); rec., tr.,

MUDC:AD/HC:37/23;
ADReSS: AD/HC: train:53/52
test:24/24; MMSE avail.

AD VS. HC
MUDC: on
request,
ADReSS:avail.22

ADReSS: EN,
MUDC: TR

18https://talkbank.org/dementia/
19https://talkbank.org/dementia/
20https://talkbank.org/dementia/
21https://web.ee.tsinghua.edu.cn/satlab/en/gxsj/7552/content/1011.htm?utm_source=chatgpt.com
22https://talkbank.org/dementia/
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