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Abstract
Previous studies on early Alzheimer’s disease (AD) detection

using speech have been limited by small sample sizes, scarce pro-
dromal phase recordings, and minimal longitudinal data. Many
also rely on standardized tasks that do not reflect natural language
use. To address these gaps, we introduce ADCeleb, a longitudinal
speech dataset comprising publicly available recordings from
individuals who later disclosed an AD diagnosis. It includes
samples from 40 individuals with prodromal AD and 40 cogni-
tively normal controls (CNs), matched by age and sex, spanning
1 to 10 years before diagnosis. Classification experiments using
multimodal models integrating speech and text achieved 0.72
accuracy in distinguishing AD from CNs in the 6- to 10-year
pre-diagnosis window and 0.80 in the 1- to 5-year pre-diagnosis
window. These results highlight the potential of speech-based
technologies as non-invasive tools for early AD detection in
real-world settings or for triage improvement in clinical trials.
Index Terms: Alzheimer’s disease, speech, language, data
collection, early detection

1. Introduction
Alzheimer’s disease (AD) is a neurodegenerative disorder char-
acterized by progressive cognitive decline and memory loss,
significantly impacting patients’ quality of life and posing a grow-
ing burden on healthcare systems globally [1]. Despite advances
in diagnostic technologies, early and accurate detection remains
a critical challenge. Speech and language offer a non-invasive,
cost-effective approach to early AD detection, as linguistic and
acoustic changes might emerge years or even decades before
diagnosis [2, 3]. Early signs include word-finding difficulties,
reduced lexical diversity, and alterations in syntax, semantics,
discourse, fluency, and acoustics [3, 4].

Observational studies have identified early markers of AD
in speech and writing. Le et al. [5] analyzed the writings of Iris
Murdoch, Agatha Christie, and Phyllis Dorothy James, finding
that Murdoch’s novels exhibited signs of impoverished vocabu-
lary and syntax before her dementia diagnosis. Berisha et al. [6]
found that President Reagan, later diagnosed with AD, exhibited
reduced lexical diversity, using fewer unique words and more low-
imageability verbs over time. His speech also showed increased
fillers and nonspecific words, patterns not observed in President
Bush, suggesting early signs of dementia before diagnosis. More
recently, Petty et al. [7] analyzed two corpora of spontaneous
speech recordings from public figures who later developed AD
and matched cognitively normal individuals (CNs). The first
corpus included 10 AD-CN pairs, while the second contained 9
AD-CN pairs, with recordings spanning several decades, includ-
ing 30 years before diagnosis. Their findings suggest that reduced
lexical diversity and changes in pronoun usage are promising

early markers of cognitive decline. While the studies provide
valuable insights into early linguistic changes, they remain largely
observational. Other studies on early AD detection have pri-
marily focused on detecting Mild Cognitive Impairment (MCI)
using data collected post-diagnosis. Fraser et al. [8] combined
MMSE scores with linguistic features, achieving 87% accuracy
in MCI detection. More advanced methods have leveraged neural
models such as BERT, HuBERT, and other Transformer archi-
tectures [9–12]. Moreover, multimodal approaches combining
acoustic, linguistic, and demographic features reported improved
classification performance over unimodal models using single
modalities in isolation [3, 13, 14].

Previous longitudinal studies examining early signs of AD
were often constrained by small sample sizes and focused on
limited periods. The scarcity of datasets capturing the prodromal
stage further hampers the development of reliable predictive
models. Existing studies predominantly rely on cross-sectional
data from individuals with MCI, but the heterogeneity in disease
progression limits their prognostic utility for identifying prodro-
mal AD. Moreover, many AD speech datasets are collected in
controlled settings, ensuring consistency but failing to capture the
variability of natural speech. While connected speech analysis
provides a more ecologically valid and multidimensional assess-
ment of language decline, most available datasets do not reflect
real-world conversational dynamics, limiting their applicability
for early detection. To address these limitations, we introduce
ADCeleb1, a novel dataset of spontaneous speech from individ-
uals with AD, recorded from up to 10 years before diagnosis
until the year preceding the year of diagnosis (YoD). It contains
recordings from 40 public figures diagnosed with AD, matched
with 40 CNs based on age, sex, and ethnicity. ADCeleb offers
a resource for analyzing prodromal speech patterns and their
temporal evolution.

To address the gap in prodromal speech-based AD detection,
this study leverages ADCeleb to establish baseline classification
performance by training acoustic and linguistic non-interpretable
feature-based models (NIFMs) (see Section 2). We explore
the complementarity of speech and text-based representations
through multimodal fusion, assessing their impact on classifi-
cation accuracy. Specifically, we aim to identify the prodromal
stage at which integrating acoustic and linguistic features yields
the greatest improvement over single-modality models in AD
detection. While interpretable models could provide deeper
insights into prodromal speech changes, this study focuses on
NIFMs as prior studies demonstrated the superior performance
of neural embeddings compared to hand-crafted features for early
detection of AD and other neurological disorders [14, 15].

1All metadata required to compile ADCeleb is publicly available on
Zenodo, at this link: https://zenodo.org/records/15515841.
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2. Methods
2.1. Dataset Description
ADCeleb encompasses 5347 recordings, amounting to approxi-
mately 25 h of speech, from 80 celebrities, split evenly between
40 diagnosed with AD and 40 CNs. The speech samples were
extracted from videos uploaded to YouTube. The dataset includes
various accents (e.g., British, American, Canadian), professions,
and age groups, annotated in the dataset. The AD and CN groups
are matched based on age, sex, and ethnicity. Additionally, to
ensure that speech recordings are comparable across both groups,
each CN participant was matched to an AD participant by de-
mographics and birth year (±5 years). This ensures that both
groups’ speech samples reflect similar linguistic and acoustic en-
vironments, minimizing confounding factors related to historical
recording quality or linguistic shifts over time. The videos in the
dataset feature a limited variety of complex multi-speaker acous-
tic environments, primarily including settings like calm studio
interviews, public conferences, TV show talk delivered to large
audiences, and informal talk in daily conversation. To accurately
capture spontaneous language use, we manually reviewed the
recording context and included only those featuring spontaneous
speech. Public addresses and scripted monologues were excluded
to eliminate read speech from the analysis. Notably, these videos
have been subject to background noise, such as chatter, laughter,
overlapping speech, reverberation, and variations in recording
equipment quality and channel conditions.

Table 1 presents the overall dataset statistics, grouping data
into two time intervals relative to the YoD of individuals with AD.
CN individuals are assigned to corresponding intervals based on
the YoD of their matched AD counterparts. The two intervals
are defined as follows: time interval -2 includes recordings from
6 to 10 years before the YoD, while time interval -1 includes
recordings from 1 to 5 years before the YoD. Figure 1 illustrates
the distributions of the two groups according to sex, ethnicity,
and nationality. During data collection, more videos featuring
male celebrities were identified compared to female celebrities,
primarily due to the greater availability of interview footage for
male celebrities. Public figures, like celebrities or politicians,
who have openly disclosed an AD diagnosis may be primarily
male, as men have traditionally had more prominent roles in
public life. It is also possible that cultural factors or biases in
media coverage lead to more documentation of men with the
condition [16]. Moreover, ADCeleb only features prodromal data,
as the limited availability of videos from celebrities after their
public AD diagnosis restricted the collection of post-diagnosis
recordings.

2.2. Data Collection Pipeline
ADCeleb was created following the same pipeline as ParkCeleb2

[17], a novel longitudinal speech dataset from people with
Parkinson’s Disease, including speech samples from up to 20
years before to 10 years after the YoD. The main stages of the
data collection pipeline are outlined below.

1. Creation of a list of people with AD. A list of 40 English-
speaking public figures diagnosed with AD was created using
publicly available information, such as the Wikipedia page
Category: People with Alzheimer’s disease [18].

2. Identification of demographics. We then collected demo-
graphic details for each subject, including YoD, sex, age,
nationality, and profession.

3. Audio download. For each subject, we manually searched

2https://zenodo.org/records/13954768

(a) Sex

(b) Ethnicity

(c) Nationality

Figure 1: Demographic distributions of the dataset across (a)
sex, (b) ethnicity, and (c) nationality.

for high-quality audio from television interviews and other
sources on YouTube.

4. Diarization: WhisperX [19] was used for automatic speech
recognition and speaker diarization to partition segments based
on speakers’ identity.

5. Annotation of the target speaker and year. Each speaker
in the recordings was labeled as target or non-target, with
intervals annotated relative to the YoD.

6. Creation of a CN group: After completing data collection
for the AD group, we replicated the pipeline to gather data for
the CN group.

2.3. Data Pre-processing and Feature Extraction
First, recordings were resampled at 16 kHz. Only recordings with
a length greater than 8 s were considered, as we observed shorter
audio segments were more likely to contain speech segments
from other speakers, different from those of interest. The two
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Time Interval Group # Speakers # Recordings # Recordings/Speaker # Segments/Speaker Segment Length (s)

-2 AD 34 72 1/2.12/4 2/39.88/224 8.01/16.13/109.76
CN 39 73 1/1.87/2 1/30.54/189 8.01/16.01/134.13

-1 AD 35 83 1/2.37/5 1/34.48/141 8.01/17.67/153.60
CN 38 82 1/2.16/4 1/41.95/197 8.01/16.62/150.00

Table 1: Dataset statistics for the AD and CN groups across time intervals -2 and -1, including the number of speakers, recordings per
speaker, segments per speaker, and segment lengths (in seconds). Fields with three values represent the minimum, average, and
maximum. Recordings refer to audio linked to videos, while segments denote portions containing the target speaker’s speech.

groups (i.e., AD and CN) were balanced in all the experiments,
considering sample size, sex, age, and ethnicity. Second, we
extracted non-interpretable acoustic and linguistic embeddings
from spontaneous speech samples using foundation models. In
particular, these representations are high-dimensional embed-
dings derived from state-of-the-art neural network models, which
offer deeper insights into nuanced speech and language patterns.
These models were employed purely as feature extractors, with
their pre-trained weights remaining unchanged. A separate
classifier was then trained on the embeddings for task-specific
classification (see Section 3). Table 2 summarizes the extracted
acoustic and linguistic embeddings.

3. Experimental Setup
Our experiments utilized a nested cross-validation scheme (NCV).
In each iteration of the 10-fold cross-validation, the data were
split so that speakers in training were never seen in testing. We
applied Principal Component Analysis (PCA) for dimensionality
reduction, followed by Probabilistic Linear Discriminant Anal-
ysis (PLDA) for binary classification (AD vs CN). The PCA
transformation matrix was trained using the training embeddings
and applied to training and testing embeddings in each iteration.
The PLDA model3 was then trained on the PCA-reduced training
subset. The mean embeddings of PCA-reduced AD and CN
training samples were used as enrollment embeddings in PLDA
scoring. A log-likelihood ratio was computed against the two
enrollment embeddings for a given PCA-reduced testing embed-
ding. This ratio was compared to the equal error rate threshold
derived from the training subset. If the ratio exceeded the equal
error rate threshold, the sample was classified as AD; otherwise,
it was classified as CN.

Moreover, a fusion-based prediction framework was lever-
aged to integrate outputs from models trained using different
features. Specifically, two feature groups were considered: acous-
tic and linguistic embeddings (see Section 2.3). Separate models
were trained for each feature type, and the top three models for
each type were selected based on the average F1-score from the
inner loop of the NCV. For each speaker, the binary predictions
(0 or 1) generated by the six selected models (three acoustic
and three linguistic) on the test set were averaged to produce
a continuous prediction score. A threshold of 0.5 was then
applied to classify speakers, with scores equal to or above the
threshold categorized as CN (1) and scores below the threshold
categorized as AD (0). This fusion approach leverages comple-
mentary strengths across feature domains, improving robustness
and generalizability, especially in noisy or small datasets. Model
performance was evaluated in terms of accuracy (ACC), F1-score
(F1), specificity (SPEC), sensitivity (SENS), and area under the
ROC curve (AUC). Binary classification results were computed
at the speaker level. To do so, each embedding underwent initial

3Implemented using SpeechBrain: https://speechbrain.read
thedocs.io/en/latest/API/speechbrain.processing.html

Model Description

Acoustic Embeddings

X-vectors [20]
512-dimensional embeddings from a neural net-
work trained on VoxCeleb datasets, capturing
prosodic and fluency changes.

TRILLsson [21]
1024-dimensional embeddings from a CAP12
Conformer-based model, capturing non-lexical
speech features.

Wav2Vec 2.0 [22]
768-dimensional embeddings pre-trained on Lib-
riSpeech, capturing nuanced acoustic and pho-
netic features.

HuBERT [23]
768-dimensional embeddings extracted from the
seventh layer of a HuBERT model, averaged over
10-second segments.

Whisper [24]
384-dimensional embeddings from the final en-
coder layer of the Whisper tiny model, capturing
prosodic features.

Linguistic Embeddings

XLM-
RoBERTa [25]

768-dimensional embeddings capturing lexical
and syntactic features.

Text2vec [26]
384-dimensional embeddings optimized for mul-
tilingual data, based on the CoSENT architecture.

Multilingual-e5-
large [27]

1024-dimensional embeddings trained on mul-
tilingual data, capturing semantic and syntactic
features.

LaBSE [28]
768-dimensional embeddings optimized for se-
mantic and syntactic analysis.

DistilBERT-
multilingual [29]

768-dimensional embeddings capturing syntac-
tic and semantic relationships in multilingual
data.

Distiluse-
multilingual [30]

512-dimensional embeddings optimized for
cross-lingual semantic analysis.

Cross-en-de-
roberta [30]

768-dimensional cross-lingual embeddings opti-
mized for English and German using transformer
architecture.

BERT-
multilingual [31]

768-dimensional embeddings trained on over
100 languages, capturing syntactic and semantic
relationships.

Llama3 [32]
4096-dimensional embeddings trained on a mul-
tilingual corpus, capturing intricate syntactic,
semantic, and contextual relationships.

Table 2: Summary of the acoustic and linguistic models used to
extract embeddings for the classification tasks.
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length normalization, followed by averaging across all segments
corresponding to a given speaker. A final length normalization
was applied to the aggregated embeddings.

4. Results and Discussion
4.1. Acoustic Modeling
The first section of Table 3 reports the performance of models
leveraging acoustic embeddings, with Wav2Vec 2.0 achieving
the highest accuracy: 0.67 in time interval -2 and 0.72 in time
interval -1, reflecting the model’s contrastive pretraining on raw
audios. The enhanced performance observed across models in the
time interval closer to diagnosis aligns with the expectation that
speech alterations associated with AD become more pronounced
as the disease progresses. These results highlight the potential of
NIFMs to detect subtle acoustic variations during the prodromal
phase of AD, reinforcing their viability for early detection.
4.2. Linguistic Modeling
The second section of Table 3 presents the performance of
NIFMs using linguistic embeddings, with Multilingual-e5-large
achieving the highest accuracy of 0.73 in time interval -2 and
Cross-en-de-roberta reaching 0.75 in time interval -1. While the
improvement between these intervals is modest, it aligns with the
progressive nature of the linguistic decline in AD, which becomes
increasingly pronounced over time, facilitating differentiation be-
tween AD and CN groups, similar to trends observed in acoustic
models. These findings underscore the effectiveness of NIFMs in
detecting subtle linguistic changes associated with early cognitive
decline, even during the prodromal stage, reinforcing their poten-
tial for early diagnosis and intervention. Moreover, the results
suggest that linguistic representations may offer greater sensitiv-
ity and robustness than acoustic ones in prodromal AD detection,
especially in the earlier stages. This supports the hypothesis that
linguistic dysfunction precedes acoustic impairments in AD and
dementia [33].
4.3. Fusion Based Modeling
The final section of Table 3 presents the performance of fusion-
based models integrating predictions from acoustic and linguistic
models. At time interval -2, the fusion model achieved an ac-
curacy of 0.72, closely resembling the performance of the best
unimodal linguistic model (0.73) in the same interval. This
similarity suggests that linguistic markers alone may be suffi-
cient for distinguishing AD from CNs in the earlier prodromal
stages, as language impairments tend to emerge before noticeable
speech alterations. However, at time interval -1, the fusion
model outperformed both unimodal approaches, reaching an
accuracy of 0.80. This improvement underscores the increasing
relevance of acoustic features as individuals approach the YoD.
While linguistic dysfunctions are often the earliest indicators
of cognitive decline, speech production deteriorates over time,
making acoustic markers more informative in later stages [33,34].
The multimodal approach leverages the complementary nature
of these features, capturing a more comprehensive profile of
AD-related speech and language changes.

5. Conclusion and Future Work
This study introduces ADCeleb, a novel speech dataset com-
prising recordings from 40 individuals with AD and 40 CNs,
spanning from 10 years before diagnosis up to the year of official
AD diagnosis. Through binary classification experiments, we ex-
amine the complementary role of acoustic and linguistic models
in detecting prodromal AD. Our findings indicate that linguis-
tic models outperform acoustic models in earlier stages when
language impairments are more prominent than speech-related
deficits. However, as individuals approach diagnosis, integrating

Feature Name F1 ACC AUC SENS SPEC
Acoustic

Time Interval -2
X-vectors 0.52 0.52 0.53 0.53 0.50
TRILLsson 0.53 0.53 0.56 0.57 0.50
HuBERT 0.50 0.50 0.52 0.53 0.47
Wav2vec 2.0 0.67 0.67 0.68 0.70 0.63
Whisper 0.53 0.53 0.56 0.50 0.57

Time Interval -1
X-vectors 0.67 0.67 0.70 0.67 0.67
TRILLsson 0.65 0.65 0.69 0.63 0.67
HuBERT 0.72 0.72 0.76 0.77 0.67
Wav2vec 2.0 0.72 0.72 0.75 0.73 0.70
Whisper 0.70 0.70 0.71 0.73 0.67

Linguistic
Time Interval -2

Bert-based-multilingual-cased 0.60 0.60 0.71 0.53 0.67
Cross-en-de-roberta 0.70 0.70 0.71 0.67 0.73
Distilbert-base-multilingual-cased 0.63 0.63 0.67 0.63 0.63
Distiluse-base-multilingual-cased-v1 0.72 0.72 0.72 0.73 0.70
Multilingual-e5-large 0.73 0.73 0.76 0.70 0.77
LaBSE 0.70 0.70 0.72 0.70 0.70
Text2vec 0.68 0.68 0.71 0.70 0.67
XLM-RoBERTa 0.68 0.68 0.66 0.73 0.63
Llama3 0.65 0.65 0.69 0.63 0.67

Time Interval -1
Bert-based-multilingual-cased 0.53 0.53 0.55 0.53 0.53
Cross-en-de-roberta 0.75 0.75 0.78 0.70 0.80
Distilbert-base-multilingual-cased 0.56 0.57 0.59 0.63 0.50
Distiluse-base-multilingual-cased-v1 0.68 0.68 0.79 0.63 0.73
Multilingual-e5-large 0.72 0.72 0.79 0.70 0.73
LaBSE 0.66 0.67 0.74 0.57 0.77
Text2vec 0.68 0.68 0.77 0.7 0.67
XLM-RoBERTa 0.62 0.62 0.66 0.57 0.67
Llama3 0.73 0.73 0.78 0.73 0.73

Fusion
Time Interval -2

Distiluse-base-multilingual-cased-v1,
Wav2vec 2.0, HuBERT, X-vectors,
Multilingual-e5-large,
Cross-en-de-roberta

0.74 0.72 0.77 0.80 0.63

Time Interval -1
Multilingual-e5-large, Llama3,
Wav2vec 2.0, Whisper, HuBERT,
Cross-en-de-roberta

0.81 0.80 0.86 0.87 0.73

Table 3: Per-speaker classification results for acoustic,
linguistic, and fusion models across two time intervals. Metrics
reported include F1-score (F1), accuracy (ACC), area under the
ROC curve (AUC), sensitivity (SENS), and specificity (SPEC).
Models are evaluated separately across two time intervals
relative to the year of diagnosis (YoD). Bold values indicate the
highest F1, ACC, and AUC scores in each time interval.

acoustic and linguistic models enhances classification robustness
by capturing both linguistic and paralinguistic changes associated
with disease progression. The superior performance of multi-
modal models underscores the complementary nature of acoustic
and linguistic markers, reinforcing the potential of speech-based,
non-invasive screening tools for early AD detection and timely
intervention. Future research will expand the dataset with ad-
ditional recordings, allowing for a more detailed longitudinal
analysis of speech changes across prodromal stages. Additionally,
we will enhance data diversity by incorporating speakers from
various linguistic, national, and ethnic backgrounds to analyze
the robustness and generalizability of speech-based AD detec-
tion models. This will ensure their applicability across diverse
populations, making them more inclusive for early diagnosis and
monitoring.
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