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Abstract

Recent breakthroughs in Automatic Speech Recognition (ASR)
have enabled fully automated Alzheimer’s Disease (AD) detec-
tion using ASR transcripts. Nonetheless, the impact of ASR
errors on AD detection remains poorly understood. This paper
fills the gap. We conduct a comprehensive study on AD detec-
tion using transcripts from various ASR models and their syn-
thesized speech on the ADReSS dataset. Experimental results
reveal that certain ASR transcripts (ASR-synthesized speech)
outperform manual transcripts (manual-synthesized speech) in
detection accuracy, suggesting that ASR errors may provide
valuable cues for improving AD detection. Additionally, we
propose a cross-attention-based interpretability model that not
only identifies these cues but also achieves superior or compa-
rable performance to the baseline. Furthermore, we utilize this
model to unveil AD-related patterns within pre-trained embed-
dings. Our study offers novel insights into the potential of ASR
models for AD detection.

Index Terms: AD detection, ASR errors, cross attention

1. Introduction

Alzheimer’s Disease (AD), the leading cause of dementia, is
a progressive neurodegenerative disorder causing irreversible
brain damage and cognitive decline in memory, language, atten-
tion, and executive function [1]. Early detection is crucial, and
compared to traditional clinical methods, speech-and-language-
based automatic AD diagnosis has gained increasing attention
for its non-invasive, cost-effective, and convenient nature [2—7],
further advanced by recent challenges [8-11].

Studies show that linguistic features often outperform
acoustic features alone in AD detection [12, 13]. However,
manual transcripts is labor-intensive, making it impractical for
large-scale datasets. In contrast, Automatic Speech Recogni-
tion (ASR) offers efficient, rapid transcripts, reducing manual
effort. Recent ASR advancements, such as Wav2Vec2 [14],
HuBERT [15], WavLM [16], and Whisper [17], have achieved
remarkable performance, facilitating fully automated AD de-
tection using ASR transcripts. Although previous studies sug-
gest ASR transcripts may underperform compared to manual
ones [18,19], a comprehensive evaluation of various ASR mod-
els for AD detection is limited [20, 21]. This study addresses
that gap by fine-tuning 18 variants of the four ASR models on
three datasets from DementiaBank (DB) and evaluating them
on the ADReSS challenge dataset [8], generating 36 ASR tran-
scripts with varying Word Error Rate (WER) for each sample
(18 from the original models and 18 from the fine-tuned ones).

Pre-trained language models like BERT [22] can cap-
ture complex patterns for detecting cognitive decline and have
proven effective in AD detection [23,24]. We extract BERT
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embeddings from ASR and manual transcripts of the ADReSS
dataset and design a self-attention-based model for AD detec-
tion. Our results show that certain ASR transcripts outperform
manual ones, suggesting that ASR errors may offer valuable
cues for distinguishing AD from Healthy Controls (HC). To fur-
ther explore this, we synthesize speech from ASR and manual
transcripts using the cutting-edge Text-to-Speech (TTS) model
CosyVoice2 [25]. Based on the effectiveness of the pre-trained
speech model Wav2Vec?2 [14] in dementia detection [26,27], we
extract Wav2Vec2 embeddings from these synthesized speech
and perform AD detection again. Remarkably, some ASR-
synthesized speech, exhibits higher AD detection performance
than the manual-synthesized speech. To our knowledge, no pre-
vious work has reported or explained this phenomenon, making
it worthy of an in-depth investigation.

Understanding the decision-making process of deep
learning-based medical systems is crucial for fostering trans-
parency and trust in clinical applications. Igbal et al. [28]
used interpretability tools to identify key linguistic features in
AD detection. Gimeno-Goémez et al. [29] developed a frame-
work to uncover meaningful speech characteristics for Parkin-
son’s disease detection. Inspired by these works, we propose a
cross-attention-based interpretability model to explore why cer-
tain ASR transcripts (or synthesized speech) outperform manual
ones in AD detection accuracy, and to elucidate the underlying
mechanisms driving classification. Specifically, we first select
some knowledge-based text and speech features (also used in-
dividually for AD detection), which are then fused with embed-
dings from BERT or Wav2Vec2 within our model. By analyz-
ing attention scores from the best-performing models based on
ASR and manual transcripts (or ASR- and manual-synthesized
speech), we identify which knowledge-based features are en-
hanced by ASR errors, leading to their recognition as valuable
cues for AD detection, ultimately improving classification accu-
racy. We also employ this model to unveil AD-related patterns
withih pre-trained embeddings. The overall workflow is illus-
trated in Figure 1. Our main contributions are as follows:
¢ As the first comprehensive study to investigate AD detection

using ASR transcripts with varying WER and their synthe-
sized speech, advancing ASR-assisted AD detection.

* We find that certain ASR transcripts and ASR-synthesized
speech outperform their manual counterparts, suggesting that
ASR errors may provide valuable cues for AD detection.

¢ We propose a cross-attention-based interpretability model
that identifies valuable cues from both transcript and speech
perspectives, achieving superior or comparable performance
and unveiling AD-related patterns within embeddings.

2. Dataset

We selected and organized three datasets from DB for fine-

tuning the ASR models: WLS (187 samples), Lu (54 samples),
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Figure 1: (a) refers to the overall workflow, (b) refers to the AD detection models, and (c) refers to the interpretability analysis.

and Kempler (4 samples). The ADReSS challenge dataset [8]
from Interspeech 2020 was used for binary AD detection, with
108 training samples (54 AD, 54 HC) and 48 test samples
(24 AD, 24 HC). Each sample consists of an audio record-
ing and a corresponding manual transcript, which include sub-
ject’s verbal descriptions of the “Cookie Theft” picture elicited
by the interviewer. The manual transcripts were annotated in
the CHAT format, which we processed to align with the sub-
jects’ actual speech. The WLS, Lu, and Kempler datasets were
merged, resulting in 245 samples, which were split into ASR
training (80%) and test sets (20%). Using timestamps from
the CHAT annotations, we segmented the audio recordings into
utterances that contained only the subjects’ speech. We fine-
tuned the ASR models on these utterance-level segments and
transcripts. For ADReSS, ASR subject-level transcripts were
created by concatenating the ASR utterance-level transcripts.
The ASR subject-level transcripts (synthesized speech), man-
ual transcripts (synthesized speech), and original speech of
ADReSS were used for subsequent AD detection.

3. Methods

3.1. Fine-tuning ASR models

We selected 18 variants from Wav2Vec2 [14], HuBERT [15],
WavLM [16], and Whisper [17] for fine-tuning, as these
models provide varying WER. The selected variants are:
wav2vec2-{base-100h, base-960h, large-960h, large-960h-
W60, large-960h-lv60-self, large-xlsr-53-english,  xls-r-1b-
english}, hubert-{large-1s960-ft, xlarge-1s960-ft}, wavlm-libri-
clean-100h-{base-plus, large}, whisper-{tiny, base, small,
medium, large, large-v2, large-v3}. All these ASR models are
available on HuggingFace, and we fine-tuned them using the
standard methods from the Transformers Python library.

3.2. Speech synthesis

To explore the impact of ASR transcripts with varying WER
on AD detection from a speech perspective, we utilized
Cosy Voice?2 [25] to synthesize speech from both ASR and man-
ual transcripts. CosyVoice2 is an advanced TTS model that de-
livers nearly lossless synthesis. Using its zero-shot functional-
ity, we randomly selected a segment from the subject’s original
speech as a prompt for each transcript, ensuring the synthesized
speech closely matched the original characteristics.

3.3. Feature extraction

3.3.1. Knowledge-based features

To enable interpretable analysis, we extracted 35 and 60
knowledge-based features from each text and speech sam-
ple, respectively, chosen for their proven effectiveness as AD
biomarkers in prior studies [28-30].

The 35 knowledge-based text features, extracted using the
Python libraries lexical-diversity, textstat, and spaCy, as well
as the MRC psycholinguistic database [31], were classified
into six categories: Lexical Diversity (4): type-token ratio
(TTR), mean segmental TTR (MSTTR), moving average TTR
(MATTR), measure of lexical textual diversity (MTLD); Con-
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tent Complexity (7): syllable count, stop words count, lexi-
con count, difficult words count, average sentence length, con-
tent density, propositional density; Disfluencies (2): the ratio of
filler pauses (uh, um, er, and ah) and repetition words; Part of
Speech (11): the ratio of Pronouns, Verbs, Nouns, Adjectives,
Adverbs, Conjunctions, Articles, Determiners, Prepositions,
Pronoun-Verb, and Pronoun-Noun; Readability (6): Flesch
Reading Ease (FRE), Flesch-Kincaid Grade Level (FKGL),
Gunning Fog Index (GFI), Coleman-Liau Index (CLI), Dale-
Chall Readability Score (DCRS), Automated Readability Index
(ARI); Psycholinguistic Features (5): familiarity, concrete-
ness, imagability, meaningfulness, age of acquisition rating.
The 60 knowledge-based speech features, extracted using
the DisVoice toolkit', were classified into four categories (the
full description is in the toolkit above): Articulation (4): the
mean and standard deviation (std) of the first (F1) and second
(F2) formant frequencies; Glottal (14): the mean and std of
seven descriptors: variability of time between consecutive glot-
tal closure instants (GCI), average and variability of normal-
ized amplitude quotient (NAQ) for consecutive glottal cycle,
average and variability of opening quotient (OQ) for consec-
utive glottal cycles, average and variability of harmonic rich-
ness factor (HRF); Phonation (7): the mean of jitter, shim-
mer, amplitude perturbation quotient (APQ), pitch perturba-
tion quotient (PPQ), and logarithmic energy (logE); the mean
and std of the first derivative of the fundamental frequency
(DF0); Prosody (35): the mean, std, maximum, minimum,
skewness, and kurtosis of FO contour; the mean, std, skew-
ness, and kurtosis of energy contour for voice segments; num-
ber of voiced segments per second (NVSS); the mean, std,
skewness, kurtosis, maximum, and minimum of voiced dura-
tion, unvoiced duration, and pause duration; the six duration
ratios: pause/(voiced+unvoiced) (PVU), pause/unvoiced (PU),
unvoiced/(voiced+unvoiced) (UVU), voiced/(voiced+unvoiced)
(VVU), voiced/pause (VP), unvoiced/pause (UP).
3.3.2. Pre-trained embeddings
To capture rich characteristics for AD detection, we employed
pre-trained BERT? and Wav2Vec2® models from HuggingFace
to extract embeddings. Both models consisted of 24 trans-
former layers. Previous studies [26, 29, 32, 33] have shown
that Wav2Vec2’s intermediate layers capture more acoustic and
phonetic information, while BERT’s intermediate layers con-
tain more syntactic information, offering superior AD detection
performance compared to other layers. These findings align
with our preliminary experiments. Therefore, we focused on
the 8th layer of Wav2Vec2 and the 11th layer of BERT to bet-
ter fuse these embeddings with knowledge-based features. For
each text, we used BERT to generate embeddings of dimen-
sion NV x 1024, where N was the number of tokens (excluding

Thttps://github.com/jcvasquezc/Dis Voice
2g900gle-bert/bert-large-uncased
3jonatasgrosman/wav2vec2-large-xlsr-53-english



Table 1: Mean WER (%) of ASR models on ADReSS dataset.

ASR models Original / Fine-tuned ASR models Original / Fine-tuned
w2v100 68.55/54.32 wavlm base 68.53/59.22
w2v960 61.05/50.80 wavlm large 57.76/54.13

w2v960 large 57.16/45.99 whisper tiny 62.58/43.33

w2v960 large v 51.86/45.87 whisper base 58.10/36.39
w2v960 self 49.86/42.65 whisper small 49.91/30.47
w2v xlsr 55.67/42.19 whisper medium 45.70/29.39
w2v xlsr 1b 49.89/36.79 whisper large 45.32/28.04
hubert large 50.23/41.89 whisper large v2 45.98/28.65
hubert xlarge 49.18/45.99 whisper large v3 46.00/26.36

[CLS] and [SEP]). For speech, we segmented each sample into
30-second chunks, extracted features with Wav2Vec2, and con-
catenated the segment-level embeddings along the time dimen-
sion to form subject-level embeddings of dimension 7" x 1024,
where T was the number of time steps.

3.4. AD detection models
The proposed AD detection models are illustrated in Figure 1.

3.4.1. Self-attention-based model

The model takes pre-trained embeddings or knowledge-based
features as input. It includes a linear projection with layer nor-
malization, a self-attention module, an attentive temporal pool-
ing module [26, 34] for capturing richer temporal feature statis-
tics, and a linear classification module. This model serves as a
baseline for comparison with the cross-attention-based model.

3.4.2. Cross-attention-based interpretability model
The model utilizes knowledge-based features and pre-trained
embeddings as inputs. According to Section 3.3, for each sam-
ple, we represented the knowledge-based feature as Xino €
R'*™ and the pre-trained embedding as Xenp, € R™X1024
where m was either 35 or 60, and n corresponded to the num-
ber of tokens or time steps. We modified the standard cross-
attention mechanism to effectively integrate both representa-
tions while providing interpretability, as shown in Equation 1.
Specifically, we first repeated Xy, n times to obtain X}, €
R"™*™. Then, we defined Q = Xemp - Wy, K = Xip, - Wi, and
V = Xemp - Wa, where W, W, € R1924X1024 yere learnable
weight matrices, and W}, was an identity matrix /. As a result,
the knowledge-based features directly served as K, providing a
set of interpretable dimensions that were fused with the embed-
dings. dj was the dimensionality of K, which was m. Next,
the attention score matrix A € R'°2*X™ was computed via
the scaled dot-product attention and softmax, capturing the re-
lationship between the pre-trained embeddings and knowledge-
based features. We utilized this matrix for subsequent inter-
pretability analysis. Finally, the attention scores were applied to
V, resulting in an enriched representation Y € R™*™, which
was passed through the attentive temporal pooling module and
a linear classifier to produce the final prediction. -

QK ) M

Attention(Q, K, V) =V - softmax <
(@ FV) Vi

4. Experiments and results

4.1. Experimental setup

For fine-tuning the ASR models, we employed the AdamW op-
timizer with a learning rate of 1 x 1075 and weight decay of
5 x 107, The models were trained for 20 epochs with a batch
size of 8, and performance was evaluated using WER. For AD
detection, we used AdamW with a learning rate of 4 x 1074
and weight decay of 1 x 1075, The training ran for 50 epochs
with a batch size of 16, using cross-entropy loss. To ensure ro-
bustness, we conducted 10 trials with different random seeds
and evaluated performance based on mean accuracy. All exper-
iments were performed on NVIDIA RTX 4090 or A100 GPUs.

>
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Table 2: AD detection mean accuracy (%) on transcripts (man-
ual + 36 ASR) and speech (original + synthesized from manual
and 36 ASR transcripts). The three values separated by “/” rep-
resent the accuracy of three AD detection methods: from left to
right, they correspond to inputting knowledge-based features /
pre-trained embeddings into the self-attention model, and using
the cross-attention model. In each AD detection method, the
bold accuracy from ASR transcripts (ASR-synthesized speech)
indicates its superiority over the corresponding manual tran-
scripts (manual-synthesized speech).

Speech

Original Speech: 75.83 /77.92/78.75
Manual-synthesized: 59.58 / 74.58 / 70.42

Transcripts

Manual transcripts: 79.17 / 81.67 / 80.42

ASR models

w2v100

w2v960
w2v960 large

Ww2v960 large Iv

Ww2v960 self

w2v xlsr
w2v xlsr 1b
hubert large
hubert xlarge
wavlm base

Fine-tuned

57.92/68.75/62.08
65.42/69.58 / 60.42
57.92/67.50/63.75
55.42/65.83/64.17
66.67/71.67/ 67.50
62.08/69.17/ 60.83
60.83/72.50/ 65.42
59.17/72.08/63.33
62.08/70.00/ 65.83
63.75/64.17/ 59.58

Fine-tuned

75.42/81.25/75.83
75.83/77.92/74.17
72.92/79.58/73.33
76.67/76.67/71.50
81.25/80.83/79.58
74.17/75.83/73.33
78.33/75.42/71.08
71.25/81.67/76.67
78.75/80.42/78.33
78.75/77.50/76.25

Original
59.17/72.50/ 62.92
66.67/67.08/65.83
55.42/68.33/63.33
55.00/67.08/59.17
69.58/70.83/64.17
52.92/70.42/58.96
62.08/68.75/62.08
63.75/72.92/57.71
63.75/65.00/ 58.96
63.33/69.58/57.92

Original
72.92/74.17/72.08
76.25/76.67/76.25
75.42/77.08 /75.00
69.58/74.17/72.08
75.83/77.92/75.42
72.50/77.08/69.38
77.92179.58 /74.58
81.25/78.75/74.38
77.50/79.17/75.42
77.50/75.83/75.00

wavlm large 76.25/82.50/81.25 75.42/7542/76.25 68.75/70.42/66.67 53.75/72.50/ 65.00
whisper tiny 77.50/78.75/79.17  79.58/75.00/71.25 62.08/72.08/67.50 65.42/63.33/66.67
whisper base 79.17/79.58/80.83  72.50/76.67/72.92 65.42/70.42/68.75 67.50/67.50/64.17
whisper small 80.00/82.50/81.25 80.42/82.08/76.67 69.58/75.42/72.08 64.58/65.00/65.83

whisper medium ~ 80.42/82.92/78.33  85.42/81.67/79.58 62.92/75.83/71.67 60.00/75.00/67.08

whisper large 79.58/83.33/82.50 72.50/82.08/74.17 62.08/68.33/70.83 67.50/68.75/65.42
whisper large v2  85.42/84.58/80.42 80.83/77.92/77.08 60.42/69.58/70.42 59.58/75.42/63.33
whisper large v3  77.08/79.17/80.00  77.08/78.33/75.83  60.42/70.42/70.83 61.67/77.50/64.17

4.2. ASR models performance

Table 1 shows the mean WER of original and fine-tuned 18 ASR
models on the ADReSS dataset. It can be observed that all ASR
models achieved significant performance improvements after
fine-tuning, with the fine-tuned whisper large v3 achieving the
lowest WER. Regardless of the WER values, the 36 ASR tran-
scripts from ADReSS will be used in AD detection research.

4.3. AD detection results

Table 2 presents the AD detection results on transcripts and
speech. Key observations include: (a) In each detection method,
certain ASR transcripts (ASR-synthesized speech) outperform
manual transcripts (manual-synthesized speech) in accuracy,
suggesting ASR errors may offer valuable cues for AD de-
tection. We hypothesize that these errors introduce asymmet-
ric biases between AD and HC groups, which provide useful
cues that the model may exploit to improve accuracy. (b) The
proposed cross-attention-based method outperforms or achieves
comparable performance to the self-attention-based method on
both original speech and manual transcripts, while also offer-
ing interpretability, highlighting its effectiveness and advan-
tages. (c) Accuracy from synthesized speech is consistently
lower than from original speech in all methods, indicating that
the CosyVoice2 TTS model fails to fully capture pathological
features in AD patients’ speech. (d) Accuracy from manual
transcripts exceeds that from original speech in all methods,
suggesting linguistic features are more effective than acous-
tic features alone in AD detection. (e) In the self-attention-
based method, pre-trained embeddings generally outperform
knowledge-based features, showing that pre-trained embed-
dings capture richer, more comprehensive representations.

4.4. Cross-attention-based interpretability analysis
We explored the valuable cues provided by ASR errors from
two perspectives: transcript and synthesized speech. Specifi-
cally, we compared and analyzed the attention scores generated
by best-performing classification models on ASR and manual
transcripts (or ASR- and manual-synthesized speech).
Transcript Perspective: We first selected the cross-
attention-based model with the best-performing random seed
on ASR transcripts (from fine-tuned whisper large, with the
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best detection accuracy of 87.5%), then input the correspond-
ing ADReSS test set into this model. For each correctly pre-
dicted sample, we obtained an attention score matrix (i.e., ma-
trix A in Section 3.4.2), then averaged all matrices, as shown
in Figure 2a. The x-axis (0-34) corresponded to each of the
knowledge-based text features introduced sequentially in Sec-
tion 3.3.1. This figure revealed the classification model’s at-
tention to different knowledge-based features and the rela-
tionship between pre-trained embeddings and knowledge-based
features. A similar approach was applied to manual transcripts
(the best detection accuracy was 83.33%), resulting in Fig-
ure 2b. We summed and normalized the two figures across the
embedding dimension to obtain Figure 2c, providing a clearer
contrast that highlighted which knowledge-based features re-
ceived higher attention in ASR transcripts compared to manual
transcripts. From Figure 2c, the primary features with higher at-
tention in ASR transcripts include syllable count, lexicon count,
average sentence length, filler pauses ratio, repetition words ra-
tio, FRE, GFI, DCRS, concreteness, imagability, meaningful-
ness, and age of acquisition rating. This suggests that these
features may show greater differences between the AD and
HC groups in ASR transcripts, compared to manual transcripts,
making them more discriminative and valuable cues for improv-
ing AD detection. Our additional statistical experiments sup-
port the hypothesis mentioned above: compared to manual tran-
scripts, the AD group in ASR transcripts exhibits lower syllable
count, lexicon count, and average sentence length, along with
higher filler pauses and repetition words ratios. These ASR er-
rors reflect the decline in language abilities of AD patients (e.g.,
more indistinct pronunciation and disfluencies) and amplify key
linguistic features, indicating that ASR could serve not only as
a transcription tool but also as an auxiliary tool for AD detec-
tion. Moreover, designing ASR models tailored for AD-related
speech could enhance this effect.

Synthesized Speech Perspective: We applied the same ap-
proach as in the transcript perspective, resulting in Figure 3.
The x-axis (0-59) corresponded to the knowledge-based speech
features introduced sequentially in Section 3.3.1. The best-
performing model for ASR-synthesized speech, based on the
fine-tuned whisper small, achieved 77.08% detection accu-
racy, while the best detection accuracy for manual-synthesized
speech was 72.92%. From Figure 3c, the primary features
with higher attention in ASR-synthesized speech compared to
manual-synthesized speech include the mean, maximum, and
skewness of pause duration; the maximum, minimum, and
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skewness of unvoiced duration; maximum of voiced duration;

PVU; VVU,; mean, maximum, minimum, and skewness of FO;
std of F2; mean of NAQ and OQ variability; and the std of GCI
variability and OQ average. Similar to the analysis from the
transcript perspective, the features mentioned above may serve
as valuable cues for AD detection. Since ASR errors can par-
tially reflect the dysfluencies of AD patients, dysfluency-related
features in ASR-synthesized speech may play a more significant
role, which aligns with the features related to pause, voiced, and
unvoiced duration listed above.

4.5. AD-relevant patterns within pre-trained embeddings
We employed attention scores to unveil the knowledge-based
features encoded in the pre-trained embeddings from both man-
ual transcripts and original speech (focusing on intrinsic charac-
teristics rather than comparative analysis with ASR). For man-
ual transcripts, Figures 2b and 2c (green line) show that the rep-
etition words ratio (12), content density (9), and syllable count
(4) exhibit higher attention or correlation with the BERT em-
bedding. For original speech, a similar attention score heatmap
and line plot (omitted due to space limitations) reveal that PVU,
along with the maximum and minimum voiced duration, exhibit
higher attention or correlation with the Wav2Vec2 embeddings.
These findings highlight the significance of these features in AD
detection. Additionally, we found that almost all knowledge-
based features are not encoded into specific dimensions of the
pre-trained embeddings, but instead emerge through complex
interrelationships across nearly all dimensions, suggesting that
almost all embedding dimensions contribute significantly.

_ 5. Conclusions
In this paper, we conducted a comprehensive study on AD de-

tection using ASR transcripts with various WER and their cor-
responding synthesized speech. Our results indicated that ASR
errors may offer valuable cues for improving AD detection,
which we attributed to the asymmetric biases introduced by
these errors between the AD and HC groups. Additionally, we
proposed a cross-attention-based interpretability model that not
only identified valuable cues from both transcript and speech
perspectives but also achieved superior or comparable perfor-
mance to the baseline model. We further leveraged this model to
unveil AD-related patterns within pre-trained embeddings. This
study provided new insights into the potential of ASR models
in AD detection. Our future work will focus on designing ASR
models tailored for AD speech to maximize this potential.
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