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Abstract— Early detection of dementia is critical for timely
medical intervention and improved patient outcomes. Neuropsy-
chological tests are widely used for cognitive assessment but
have traditionally relied on manual scoring. Automatic dementia
classification (ADC) systems aim to infer cognitive decline directly
from speech recordings of such tests. We propose Demenba,
a novel ADC framework based on state space models, which
scale linearly in memory and computation with sequence length.
Trained on over 1,000 hours of cognitive assessments adminis-
tered to Framingham Heart Study participants, some of whom
were diagnosed with dementia through adjudicated review, our
method outperforms prior approaches in fine-grained dementia
classification by 21%, while using fewer parameters. We further
analyze its scaling behavior and demonstrate that our model gains
additional improvement when fused with large language models,
paving the way for more transparent and scalable dementia
assessment tools.12

Index Terms—Dementia classification, speech biomarkers,
pathological speech processing, state-space model

I. INTRODUCTION

Dementia, including Alzheimer’s disease, is a progressive
neurodegenerative condition that severely impairs memory,
reasoning, communication, and other cognitive functions. As
the global population ages, early diagnosis of dementia has
become increasingly important for initiating timely treatment,
slowing disease progression, and improving patients’ quality
of life and life expectancy [1], [2].

A common clinical approach for assessing cognitive impair-
ment is the neuropsychological test, such as the widely used
Mini-Mental State Examination (MMSE) [3]. In these tests,
trained clinicians guide patients through a series of structured
tasks evaluating memory, attention, perception, verbal fluency
and reasoning. While effective, this process is labor-intensive,
prone to subjective biases and often inconsistent, especially
in distinguishing subtle or early-stage cognitive decline [4].
Furthermore, manual scoring may miss nuanced acoustic or
linguistic indicators that signal cognitive deterioration. To
alleviate these issues, automatic dementia classification (ADC)
systems have been developed to infer cognitive status directly
from neuropsychological tests [4]–[6]. By analyzing speech

1Code: https://github.com/lwang114/Demenba
2This work was supported by the Framingham Heart Study’s National
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AG033040. The authors would also like to thank the staff and participants of
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recordings, these systems aim to detect subtle linguistic and
paralinguistic cues (e.g., hesitations, disfluencies, semantic
anomalies) indicative of dementia. In addition to reducing clin-
ician burden, such systems offer the potential to standardize
assessment and mitigate biases, including those introduced by
leading or suggestive questions [6]–[8].

However, existing ADC systems are fundamentally lim-
ited in their ability to process long neuropsychological test
recordings — typically around one hour in duration. Most
current models, particularly those based on transformer ar-
chitectures [9], struggle to handle more than 30 seconds of
audio at a time due to quadratic growth in memory and com-
putation with input length [10]. This constraint often forces
segment-level inference using forced alignment or manual
heuristics [6], [11], [12], leading to context fragmentation and
a drop in fine-grained classification performance [13]. Alterna-
tively, transcription-based pipelines using an automatic speech
recognizer (ASR) suffer from loss of acoustic information as
well as error propagation, especially in noisy, spontaneous and
multi-speaker conversational settings.

To address these challenges, we propose leveraging state-
space models (SSMs) [10], [14], [15], a family of architec-
tures designed for efficient long-sequence modeling. Unlike
transformers, SSMs scale linearly in both space and time,
making them ideal for modeling full-length interviews without
segmentation. Furthermore, the dementia information in the
neuropsychological tests can be subtle and sporadic, with
many conversational turns offering little diagnostic value [7].
SSMs’ natural capacity for temporal compression allows them
to distill salient patterns with minimal information loss, mak-
ing them particularly well-suited for the ADC task. In this
paper, we make three main contributions:

1) We present Demenba, a memory- and compute-efficient
architecture trained on over 1,000 hours of neuropsy-
chological tests with balanced representation across de-
mentia stages;

2) Our method achieves superior ADC accuracy compared
to the state-of-the-art model [6] by up to 21% relative
AUC, particularly in fine-grained classification settings
(e.g., mild cognitive impairment vs. dementia). It also
requires significantly fewer trainable parameters. The
performance of our method further improves after fusing
with text-based large language models (LLMs);

3) We conduct extensive ablation studies to assess the
contribution of different speech segments. Our scaling
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experiments further suggest that Demenba maintains
robust performance as both data and model size change.

II. RELATED WORK

Early work on ADC tasks such as Alzheimer detection (AD)
used classical machine learning algorithms with hand-crafted
speech and linguistic features [5], [16]. More recent systems
leverage deep learning architectures such as convolutional [6]
and recurrent [17], [18] neural networks and neural embed-
dings from pretrained speech representation models such as
wav2vec 2.0 [11], [19] and Whisper [12], [20] as well as text
language models [12], [21]. Despite progress in algorithmic
design, existing work still focuses on sentence-level speech
segments and small datasets such as Alzheimer’s Dementia
Recognition through Spontaneous Speech (ADReSS) [4], [16]
and Fragmingham Heart Study (FHS) 92-hour subset [5] with
less than 30 hours of dementia speech combined due to privacy
concerns. Among the works, [6]–[8] included examiner speech
in their study and surprisingly found that AD is possible with
examiner speech only, indicating examiner bias.

State-space models (SSMs) are proposed as more memory-
and compute-efficient alternatives to transformers [9], es-
pecially when processing long sequences [10], [14], [15].
While earlier SSMs are auto-regressive with linear recurrent
layers [10], later variants improve their expressivity by in-
corporating data-dependent selective scan block [15], [22].
To further increase their modeling capacity, particularly of
two-dimensional data such as vision, bidirectional connections
from left-to-right [23] and multidirectional connections from
left-to-right and top-to-bottom [22] have been proposed. SSMs
have been successfully applied to the audio signal in tasks
such as audio event classification [13], [24], [25] and self-
supervised audio representation learning [26]. Knowledge dis-
tillation [13] from transformer teachers can help boost SSMs’
performance and even outperform the transformer teachers.
SSMs have also been used for efficient automatic speech
recognition [27], [28], separation, and synthesis [28].

III. METHOD

The overall architecture of our SSM-based ADC system is
illustrated in Fig. 1. The complete system consists of four
main components: a speech segmenter, an automatic speech
recognizer (ASR), an audio-based dementia classifier, and
a text-based dementia classifier. First, the speech segmenter
divides each hour-long recording into shorter chunks using
either a simple voice activity detector (VAD) or a more fine-
grained speaker diarization model (SD). To preserve longer
context while respecting a fixed memory budget, adjacent
chunks are merged into segments up to a predefined max-
imum length (e.g., six minutes). Each merged segment is
represented by its mel-filterbank, which serve as input to
the audio classifier. To handle long segments, we employ
Mamba [15] SSM backbone, retaining the exactly the same
model parameters as in the setup of [13]. Concretely, the
backbone consists of four groups of Mamba layers, each
followed by a downsampling factor of two; the final output

❄️Speech Segmenter ❄️

Mamba Encoder ASR

LLM/PLM-based
Classifier 

Classifier Head Interviewer: What is your marital status?


Participant: Married ...

Selective
Majority Voting

Audio-text

Fusion

🔥

🔥

🔥

❄️

Normal/MCI/Dementia

0.2 0.5 0.3

Neuropsychological interview (~1 hour)

Fig. 1: Overall architecture of the proposed ADC model.
The model consists of a frozen speech segmenter that divides
the hour-long recording into shorter segments, a trainable
SSM-based audio classifier and a trainable text-based text
classifier. The predictions from the two classifiers are then
combined via late fusion.

is mean-pooled to produce class logits. Training is performed
with a cross entropy loss. During inference, we observe that
treating every segment equally (i.e., standard majority voting)
allows noisy or uninformative segments to dilute the overall
decision. To mitigate this, we adopt a selective majority
voting scheme. After computing segment-level probabilities
p1audio, · · · , pNaudio for all N segments, we choose the top k
segments by highest peak probability (where k is tuned on
a held-out validation set). A soft majority vote over these
k segments using the estimated class probabilities produce
the recording-level score paudio. In preliminary experiments,
this selective voting consistently outperformed naı̈ve majority
voting over all segments by filtering out segments that are
neither indicative of dementia nor contain reliable audio cues.

In parallel, the SD output is fed to the ASR to obtain
speaker-tagged transcripts: for each utterance, we prepend the
speaker label (e.g., “Participant” or “Interviewer”) to the tran-
scribed text, yielding a complete transcript for the recording.
The text classifier then consumes this concatenated transcript
to produce a text-based probability ptext. We explore both zero-
shot classification with large language models (LLMs) and
finetuning approaches using either LLMs or pretrained LMs
(PLMs) such as BERT [29]. For zero-shot LLM inference, we
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construct a structural prompt that includes:
• Task description: “You are a helpful assistant that classi-

fies if a participant in an interview has dementia”;
• Interview transcript: each line formatted as [speaker
role]:[transcript], where [speaker role] is
“Participant” or “Interviewer”;

• Label set: a list valid labels for the task, e.g., “normal,
dementia” for 2-class classification.

• Instruction: simply “Answer:”.
We then extract the logit corresponding to the first token of the
model’s response and map it to a probability score over the two
labels. Because most LLMs have a strict context-length limit,
we either (a) feed the entire transcript into the model at once
– if it fits within the context window – or (b) apply the same
selective majority voting scheme as in the audio branch. For
fine-tuning experiments (both with LLMs and PLMs), we only
use selective majority voting to reduce GPU memory usage:
we fine-tune on individual segments, select the top k segment
scores at inference time, and then combine them. Lastly, we
fuse the audio and text scores via

paudio+text = (1− λ)paudio + λptext, (1)

where the fusion weight λ ∈ [0, 1]. This late fusion allows
the system to leverage complementary evidence from both
modalities while controlling for over-reliance on either branch.

IV. EXPERIMENT

We evaluate the models on tasks including dementia detec-
tion and the more fine-grained 3-class dementia classification
on the Framingham Heart Study (FHS) dataset [7]. The details
are described in the next sections.

TABLE I: Statistics of the FHS dataset. N/M/D stands for the
number of recordings for normal/MCI/dementia participants.

split # participants # interviewers N/M/D # hours

train (2-class) 378 61 400/234/173 943
train (3-class) 586 74 407/399/399 1447
test (2-class) 10 11 10/5/5 25
test (3-class) 18 11 10/10/10 36
eval 92 20 68/10/14 77

A. Dataset and training settings

We conduct all experiments on the Framingham Heart Study
(FHS) dataset [7], which consists of approximately 11,000
hour-long neuropsychological test recordings, 2,058 of which
have been reviewed for dementia. After adjudication, each
recording is labeled as one of three classes — normal, mild
cognitive impairment (MCI) and dementia — of which 936 are
normal. To balance the dataset, we randomly select roughly
400 recordings per class, yielding 1,200 recordings in total.
We consider two classification settings:

• 3-class classification using the original labels.
• 2-class classification by merging MCI and dementia into

a single “impaired” class and randomly sampling 400
recordings from the combined 800 recordings.

In both settings, the test set comprises 10 recordings per class,
sampled randomly. We ensure that participants do not overlap
between the training, test splits. Additional dataset statistics
are provided in Table I. To segment each recording, we employ
two approaches:

• A coarse-grained segmentation using a VAD3 to split the
recordings into silence and speech segments.

• A fine-grained segmentation using an SD system from
the pyannote toolkit [30], [31].

In the latter approach, we feed the entire speech waveform
into the diarizer and label the first detected speaker with a
segment duration more than 20ms as the interviewer, and
treat all the subsequent speakers as the participant. For both
methods, we merge consecutive segments — up to a maximum
duration of 360 seconds — to form the model input. For text-
based classifiers, we apply Whisper-Large v2 ASR [20] to
each diarized speech segment. To compare with prior work,
we also evaluate our approach on a disjoint 92-recording
subset of FHS [5], [6] that contains manual transcripts and
speaker diarization labels. On this subset, the ASR yields a
character error rate of approximately 60%, reflecting prevalent
disfluencies and noisy recording conditions. We also inspected
the frequency of dementia-related keywords in our training
and test sets, finding 83 occurrences of “Alzheimer” and 72
occurrences of “dementia” in the training set, and only one
occurrence of “Alzheimer” and zero occurences “dementia”
in the test set. By examining the contexts of these men-
tions, we confirmed that none directly reveal participants’
cognitive status, consistent with standard neuropsychological
testing protocols that prohibit interviewers from disclosing
such information [7]. We follow prior work [6] and extract
128-bin mel-filterbanks with a 10ms frame shift, a 25ms
frame length, and a Hanning window. Our audio classifier is
based on VMamba [22], configured exactly as in DASS [13]
and initialized with ImageNet [32]-pretrained weights, which
outperform an AudioSet [33]-pretrained alternative in prelim-
inary experiments. We refer to the larger model as Demenba-
medium, corresponding to DASS-medium [13], and to the
smaller model as Demenba-small, sharing its architecture with
DASS-small [13]. For comparison, we also implement the
previous state-of-the-art EfficientNet-based model [6], using
the b6 variant [34], which is the largest variant that fits
our GPU memory constraints when processing 360-second
segments. All models share the same input features, segment
durations, and optimization hyperparameters such as batch size
and training epochs. For the text classifier, we experiment
with two families of text models: PLMs such as BERT [29],
with a three-layer multilayer perceptron (MLP) of 768 hidden
units appended on top of BERT’s final embedding layer, and
LLMs, including Llama [35], Qwen2 [36] and phi-4 [37].
For each LLM, we apply a low-rank adaptor (LoRA) [38]
of rank 8 to every layer for finetuning. In the 2-class setting,
we compare binary cross entropy (BCE) and (multinomial)
cross entropy (CE) losses, finding that CE works best for

3https://github.com/wiseman/py-webrtcvad.git
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TABLE II: Dementia classification results for audio-only
models. We compare the proposed methods with the state-of-
the-art method based on EfficientNet [6]. only AUCs for the
better of BCE and CE losses are shown. All models are trained
on the 400 hour/class datasets with mel-filterbank features of
360-second segments as inputs. (3 → 2) means results from
a 3-class classifier by merging MCI+dementia probabilities.

# Trainable
Param.

Segment
Boundary Loss AUC (↑)

2-class Classification

EfficientNet b6 40m VAD BCE 0.76
SD BCE 0.82

Demenba-small 29m VAD CE 0.77
SD CE 0.85

Demenba-small (3 → 2) 29m SD CE 0.82

Demenba-medium 48m VAD CE 0.82
SD CE 0.87

3-class Classification

EfficientNet b6 40m VAD CE 0.62
SD CE 0.69

Demenba-small 29m VAD CE 0.68
SD CE 0.81

Demenba-medium 48m VAD CE 0.75
SD CE 0.83

Demenba, whereas BCE performs better for EfficientNet. In
the 3-class setting, we employ a weighted CE loss with
weights (1, 3, 3) (normal, MCI, dementia), which yields the
highest validation performance. We train each Demenba model
for 40 epochs with Adam [39], using an initial learning rate
of 10−5, β1 = 0.95, β2 = 0.999, weight decay = 5 × 10−7,
and a batch size of 1 (to fit the longest segments). We warm
up for 1,000 steps, then apply an exponential decay of 0.5 per
epoch starting at epoch 10. All training is done on a single
NVIDIA A6000 GPU (48 GB). We measure performance
using the Area Under the Receiver Operating Characteristic
Curve (AUC), which enables comparison across all detection
thresholds. Results from the best models on the test set are
reported, including those on the eval set.

B. Overall results

Table II summarizes our audio-only ADC performance.
In the 2-class setting, Demenba-small achieves an AUC
comparable to or better than the EfficientNet baseline with
significantly fewer parameters. Demenba-medium surpasses
EfficientNet by 6% and 5% absolute AUC using VAD and
SD boundaries respectively, despite incurring only a modest
parameter increase. For 3-class classification, Demenba-small
and Demenba-medium improve over EfficientNet by 6% and
13% AUCs using VAD boundaries and 12% and 14% AUCs
using SD boundaries respectively. This gap grows as the task
becomes more fine-grained, underscoring the benefit of SSMs
when discriminating subtle differences between MCI and
dementia. Among the Demenba classifier, medium performs
better than small by 10% absolute AUC for 2-class and 7% ab-
solute for 3-class, demonstrating the scalability of our method.
We also compare two segmentation strategies: a coarse-grained

TABLE III: Dementia classification results for text-only
and audio+text models. X+BERT models use the fully
finetuned bert-base-cased (with an MLP head) as the text
classifier. X+Llama models use the finetuned Llama-3.1-8B-
Instruct as the text-based classifier and X+Qwen2 models use
the finetuned Qwen2-7B-Instruct as the text classifier. All
audio models use segment boundaries from an SD. “Segment
length=Full” means the whole the recording is fed into the
model in one forward pass.

# Trainable
Param.

Finetuning
Method

Segment
Length (s) AUC (↑)

2-class Classification

bert-base-cased 109m Full 180 0.91

Llama-3.1-8B-Instruct
0 No Full 0.73
0 No 360 0.53

21m LoRA 360 0.83

Qwen2-7B-Instruct
0 No Full 0.60
0 No 360 0.80

20m LoRA 360 0.85

phi-4 0 No Full 0.64
0 No 360 0.65

Demenba-medium+BERT 157m Full 180 0.95
Demenba-medium+Llama 69m LoRA 360 0.90
Demenba-medium+Qwen2 68m LoRA 360 0.87
Demenba-small+Llama 68m LoRA 360 0.87
Demenba-small+Qwen2 68m LoRA 360 0.85

TABLE IV: Dementia classification results on the eval set
using the best checkpoints from the test set. X+BERT
models use the fully finetuned bert-base-cased (with an MLP
head) as the text-based classifier. “m” stands for million and
“b” stands for billion. All models use ground truth speaker
segment boundaries. ∼ denotes average length and without ∼
denotes maximal length.

# Trainable
Param.

Input
Type

Segment
Length (s) AUC (↑)

2-class Classification

EfficientNet [6] - Audio ∼8 0.78
EfficientNet+LM [6] - Audio+Text ∼8 0.83

bert-base-cased 109m Text 180 0.88
ASR text 180 0.75

Demenba-medium 48m Audio 360 0.81
Demenba-small 29m Audio 360 0.71
Demenba-medium+BERT 157m Audio+Text 360 0.92

VAD versus a fine-grained SD. Across all models and both
classification settings, SD-based boundaries outperform VAD
by as much as 5% absolute AUC. Note that we control
irrelevant variables such as the segment length to ensure the
difference is not due to change in segment length. Instead,
SD preserves the within-speaker conversational context (turn-
taking, prosodic continuity), which appears crucial for ADC.
Lastly, we observed that direct 2-class finetuning outperforms
training a 3-class model and merging MCI+dementia outputs
for 2-class evaluation by 3 AUC points.

Table III presents performance for text-only and audio+text
hybrids. In the 2-class setting, bert-base-cased achieves an
AUC of 0.91 — outperforming the best finetuned LLM
(Qwen2-7B-Instruct) by 6% absolute. Although recent LLMs
show strong general language understanding, most of them
perform poorly zero-shot for ADC, likely because of the high
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error rate of the ASR transcripts. One exception is Qwen2-
7B-Instruct, which achieves an AUC of 0.80 in the zero-shot
setting, showing that the LLM has some level of understanding
about dementia. Performing fine-tuning on LLMs further nar-
rows the gap but does not surpass BERT, which suggests that,
under noisy transcript conditions, a mid-sized PLM fine-tuned
end-to-end remains the best text approach for ADC. Impor-
tantly, combining modalities yields further gains: the hybrid
of BERT+Demenba-medium achieves an AUC of 0.95, the
single best result across all systems. This synergy indicates that
audio-based and text-based classifiers extract complementary
features: audio models capture prosodic cues such as hesitation
and intonation, whereas text models capture lexical/linguistic
patterns like filler words and semantic incoherence.

Table IV reports evaluation on the 92-recording dataset
with manual transcripts and manual diarization. We benchmark
our audio-only Demenba-medium and audio+text Demenba-
medium+BERT against EfficientNet and EfficientNet+LM. On
this subset, Demenba-medium alone outperforms EfficientNet
by 3% absolute AUC, and Demenba-medium+BERT outper-
forms EfficientNet+LM by 9% absolute AUC, demonstrating
the advantage of leveraging longer context. We also found
that BERT-based text classifier performs better using real
text than using ASR text by 13% absolute AUC, despite
being trained on ASR text. One possible reason is that the
eval set contains shorter and noisier recordings, resulting in
domain mismatch between training and evaluation. The larger
AUC gap between Demenba-small and -medium also suggests
Demenba to be more generalizable and robust to change in
recording conditions.

C. Scaling behavior: sample size and sequence length

Fig. 2 illustrates how Demenba performance evolves as we
vary (a) the amount of training data and (b) the maximum
segment duration. In Fig. 2a, we plot AUC as a function of
total training hours per class, from 50 to 400 hours, for both
2-class and 3-class ADC. Both Demenba-small and Demenba-
medium show steadily increasing AUC up to 400 hours per
class. Even at the largest data point we tested, the curves have
not plateaued for Demenba-medium, suggesting that additional
hours would likely yield further gains. The slope of AUC
versus hours is steeper for 3-class ADC than 2-class ADC
across both model sizes. This aligns with recent scaling-
law observations in sequence modeling, where more complex
tasks demand more data to resolve finer distinctions [40].
At each data level, Demenba-medium outperforms Demenba-
small, and the gap widens as we increase training hours.
Further, Demenba-small exhibits diminishing returns after
200 hours per class, whereas Demenba-medium continues
improving beyond 400 hours/class. The difference suggests
that Demenba-medium better exploits additional examples
rather than merely scaling its parameter count. Fig. 2b shows
the relationship between maximum segment duration (from
30s to 360s) and AUC. Moving from 30s to 180s yields
consistent AUC gains (e.g., 8-17% absolute improvement in
2-class, 4-5% in 3-class). This supports the hypothesis that

100 200 300 400
Hours/Class

0.65

0.70

0.75

0.80
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Model Name
Demenba-medium
Demenba-small

# Classes
2
3

(a) Classification AUC vs. training sample size

0 100 200 300
Segment Duration (s)

0.65

0.70

0.75

0.80
Be

st
 A
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Model Name
Demenba-medium
Demenba-small

# Classes
2
3

(b) Classification AUC vs. input segment length

Fig. 2: Scaling behavior of Demenba with sample size
and segment duration. (a) Scaling behavior with training
sample size. All models take 360-second segments as inputs;
(b) Scaling behavior with test segment duration. All models
are trained on the 400-hour/class datasets. Best AUC is the
highest AUC for all segment durations up to the current value.
dementia markers (hesitations, prosodic changes) often span
multiple turns. However, diminishing return occurs beyond
180s: going from 180s to 360s yields only a marginal 1-2 point
AUC increase. Across both variants, 2-class AUC grows more
sharply with segment duration than 3-class AUC. Demenba-
medium’s AUC increases by 17% between 30s and 360s (2-
class), whereas Demenba-small improves by 8%. This suggests
that Demenba-medium’s deeper architecture better captures
long-range dependencies.

D. Effect of segment types

We next analyze how different segment types — silence
vs. non-silence, and interviewer vs. participant speech —
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Fig. 3: Effect of including silences in audio on dementia
classification performance for different model sizes and
number of classes. All models are trained with 100-hour/class
subset and 360s segments. M (k) and S (k) stand for Demenba-
medium (k-class) and Demenba-small (k-class) respectively.

Demenba-medium Demenba-small 
Model Name

0.60
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al

 A
UC

Segment Type
Both
Participant only
Interviewer only

Fig. 4: Effect of including different speaker role segments
for 2-class classification on the eval set. All models are
trained with 360-second segments.

affect ADC performance. Fig. 3 compares AUC when train-
ing Demenba on only non-silence frames versus combined
speech+silence. Including silence segments yields a 10-15%
AUC boost over speech-only models for the 2-class setting,
probably because silence often signals hesitation and word-
finding difficulty — hallmarks of cognitive decline. In the
3-class setting, adding silence improves AUC by only 0-2%
over speech-only baselines. This suggests that while extreme
silences help to discriminate “normal” from “advanced de-
mentia”, they are less helpful to distinguish between MCI and
dementia due to similar hesitation patterns. Fig. 4 examines
how model performance varies when training on participant
segments only, interviewer segments only, or both. We use
speaker boundaries derived from our SD system during train-
ing and gold boundaries to isolate each role’s speech at test
time. Training with both interviewer and participant speech
yields the highest AUC of 0.81 for Demenba-medium, about
4% and 5% higher than training with participant speech only
and interviewer speech only respectively. On the other hand,
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LLM Name
Llama-3.1
Qwen2

Fig. 5: Dementia classification performance vs. audio-text
fusion weight for various audio and text models. All models
are trained with 360-second segments.

Demenba-small relies mostly on the interviewer segments,
as even training on interviewer speech alone yields similar
performance to training with both, and training on participant
speech alone degrades the AUC by 6%. In general, we found
a significant amount of dementia-related information in the
interviewer speech, consistent with prior works [6]–[8] on
unconscious interviewer bias toward impaired participants.

E. Relative importance of linguistic vs. acoustic information

Fig. 5 examines how AUC varies as we sweep the fusion
weight between the audio-only Demenba and the text-only
classifier, including LLaMA and Qwen2-7B-Instruct. We ob-
serve that the optimal fusion weight to be model-dependent.
For Qwen2-7B-Instruct (2-class), the peak AUC occurs at
λ ≈ 0.5 (50% reliance on text cues), while for Llama, the
peak occurs at λ ≈ 0.1. For both variants of Demenba, we
observe a higher fusion weight or higher reliance on the text-
based model for Qwen2-7B-Instruct than for Llama.

V. CONCLUSION

We study the use of SSMs for ADC from neuropsycholog-
ical tests. Our method outperforms previous best methods, es-
pecially in the more challenging 3-class setting. Furthermore,
we show that our approach is scalable to over 1,000 hours of
speech data during training and long audio up to 6 minutes
during both training and inference. Lastly, our analysis on
the model sheds new lights on the role of acoustic features,
speaker information, linguistic information and reasoning in
the ADC task. In the future, we would like to further im-
prove the performance and interpretability of our models by
integrating it with multimodal LLMs. Other directions include
studying more fine-grained classification of dementia subtypes
and generalization performance on other dementia datasets,
including those with de-identified speech recordings.
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P. Klumpp, M. Schuster, E. Nöth, J. Orozco-Arroyave, and K. Ried-
hammer, “Influence of the interviewer on the automatic assessment
of alzheimer’s disease in the context of the adresso challenge,” in
Proceedings of Interspeech, pp. 3785–3789, 2021.

[9] Vaswani et al., “Attention is all you need,” in NeurIPS, p. 6000–6010,
2017.
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