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Abstract
Early detection of Mild Cognitive Impairment
(MCI) is essential for timely intervention before
progression to dementia. This study presents
automaticMCI detection based on the Delaware
corpus within DementiaBank, focusing on the
Cookie Theft Picture Description task. A re-
producible multimodal framework was devel-
oped to align and process 1,386 paired au-
dio–text segments, representing audio as log-
Mel spectrograms or waveforms and text as ei-
ther orthographic or phonetic (ARPAbet) tran-
scripts. Unimodal audio (ViT, CNN, HuBERT),
unimodal text (BERT, DistilBERT), and mul-
timodal cross-attention fusion configurations
were systematically compared. Hyperparame-
ters were optimized via Bayesian optimization,
and statistical validation was performed using
Welch’s unequal-variance t-tests on participant-
level splits. The Vision Transformer (ViT)
achieved the highest F1 (0.77) and balanced
accuracy (0.65), confirming the strong discrim-
inative power of acoustic features. Phonetic
ARPAbet transcriptions improved BERT stabil-
ity, particularly withinmultimodal fusion frame-
works, while DistilBERT performed best on or-
thographic text. Among multimodal models,
CNN–BERT (non-ARPA) achieved the highest
balanced accuracy (0.65) and precision (0.64),
showing small but statistically significant differ-
ences (p < 0.001) relative to the best unimodal
model. Acoustic explanations revealed inter-
pretable spectro–temporal patterns consistent
with clinical markers of cognitive decline, un-
derscoring the potential of speech-based screen-
ing for early detection of cognitive impairment.

Keywords: mild cognitive impairment, Demen-
tiaBank, Cookie Theft Picture Description, multi-
modal fusion, cross-attention, Vision Transformer,
BERT, phonetic transcription (ARPAbet)

1 Introduction

Early detection of cognitive decline is a major ob-
jective in neurodegenerative research, as timely

identification of Mild Cognitive Impairment (MCI)
can enable preventive interventions before pro-
gression to dementia [42]. Traditional diagnos-
tic methods rely on neuroimaging and neuropsy-
chological testing, whereas speech provides a non-
invasive, cost-efficient, and easily deployable al-
ternative for monitoring cognitive status [2, 10,
33, 39, 46]. Subtle changes in lexical diversity,
syntactic complexity, fluency, and prosody have
been shown to indicate early cognitive deterio-
ration [2, 10, 32, 33, 39, 46, 48, 49]. Building
on these findings, recent community challenges
such as the Alzheimer’s Dementia Recognition
through Spontaneous Speech (ADReSS) and its
follow-up ADReSSo have introduced standardized
datasets and evaluation protocols for automatic
Alzheimer’s detection and MMSE regression from
spontaneous speech [27, 28]. However, these
initiatives primarily target Alzheimer’s dementia
rather than the prodromal MCI stage and typically
model either acoustic or linguistic features in iso-
lation [2, 10, 32, 33, 39, 45, 46]. Systematic in-
vestigations of integrated audio–text modeling for
distinguishing cognitively healthy controls (HC)
from individuals with MCI remain limited.

To address this gap, this study introduces a uni-
fied multimodal framework for classifying MCI ver-
sus HC from the Cookie Theft Picture Description
(CTP) task [9] within the Delaware corpus of De-
mentiaBank [24]. The framework temporally aligns
and processes paired audio–text segments and en-
ables systematic comparison across unimodal and
multimodal configurations. Three audio encoders
(Vision Transformers, CNN, HuBERT) and two
text encoders (BERT,DistilBERT) are implemented
under both orthographic and phonetic (ARPAbet)
transcription conditions to evaluate complementary
acoustic–linguistic cues. Hyperparameters are opti-
mized via Bayesian optimization using Optuna [1],
and performance is statistically compared using
Welch’s unequal-variance t-tests [52] across trials.
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Accordingly, the study investigates (1) the dis-
criminative power of unimodal audio and text mod-
els, (2) the benefit of multimodal cross-attention
fusion, and (3) the impact of orthographic versus
phonetic transcriptions on model performance and
stability.

2 Theoretical Background

2.1 Clinical Background of Cognitive
Impairment

MCI represents an intermediate state between
healthy aging and dementia, characterized by mea-
surable decline in one or more cognitive domains
while functional independence is preserved [2,
12, 39, 42, 48]. Longitudinal studies indicate
that 19–50% of individuals with MCI progress to
Alzheimer’s disease within three to five years [8, 16,
30], highlighting the importance of early detection.
However, MCI outcomes are heterogeneous, with
some individuals remaining stable or reverting to
normal cognition [22, 31]. While Alzheimer’s de-
mentia involves pronounced anomia and discourse
deficits, MCI manifests subtler lexical retrieval and
semantic impairments that often precede overt de-
cline [22, 31]. Speech and language are therefore
promising non-invasive markers of prodromal cog-
nitive change [2, 10, 32, 33, 46].

2.2 Speech and Language as early Biomarkers
of Cognitive Decline

Speech production involves multiple cognitive pro-
cesses such as memory, attention, executive con-
trol, and linguistic formulation, making it highly
sensitive to neurocognitive deterioration [2, 10, 32,
48, 49, 55]. In MCI, studies consistently report re-
duced lexical diversity, reliance on high-frequency
or vague terms, and word-finding difficulties [9, 10,
32, 46, 48]. Utterances become shorter and syntac-
tically simpler, and fluency decreases due to hesi-
tations, pauses, and self-corrections [2, 32, 48, 49].
Acoustic changes such as slower speech rate, longer
pauses, flatter intonation, and reduced articulatory
precision are also observed [10, 33]. Together, these
linguistic and prosodic features form measurable
indicators of early cognitive decline.

2.3 Cookie Theft Picture Description Task
The CTP task from the Boston Diagnostic Aphasia
Examination [9] is a standard method for eliciting
connected speech under controlled but naturalistic
conditions [4, 32, 46, 48]. By describing a fixed

visual scene, speakers reveal semantic, syntactic,
and pragmatic patterns that differ across cognitive
conditions [2, 32, 46]. The fixed stimulus mini-
mizes memory and attentional demands, enabling
reliable comparison of discourse organization and
informativeness between healthy and cognitively
impaired groups [32, 48].

2.4 Machine Learning Approaches for
Cognitive Impairment Detection

Machine learning techniques have been widely ap-
plied to speech-based cognitive assessment [2, 28,
33, 39, 46]. Acoustic approaches often use Mel-
frequency cepstral coefficients, prosodic descrip-
tors such as pitch, energy, and pause statistics, and
standardized feature sets like eGeMAPS to capture
voice markers of decline [39, 46, 49]. Text-based
models leverage pretrained Transformers such as
BERT and DistilBERT to model contextual seman-
tics and mitigate data sparsity [39, 45]. Recent
multimodal studies combine audio and text using
feature concatenation, ensembling, or attention-
based fusion to exploit complementary informa-
tion [2, 33, 46]. These developments position ML
as a scalable and non-invasive complement to tra-
ditional clinical diagnostics.

2.5 Challenges in Multimodal Dementia
Detection

Despite recent progress, multimodal dementia
detection faces persistent challenges. Available
datasets are small and imbalanced, increasing the
risk of overfitting [2, 12, 33]. Participant-level
splits are often neglected, which can lead to speaker
leakage [33]. Precise temporal alignment between
modalities remains difficult, and inconsistent eval-
uation practices hinder comparability [2, 32, 46].
Finally, most frameworks lack integrated explain-
ability that links model attributions to clinically
interpretable speech markers [10].

3 Methodology

3.1 Dataset
The dataset analyzed in this study was derived from
the Delaware corpus within DementiaBank, a clini-
cally curated repository comprising discourse elic-
itation tasks recorded from individuals diagnosed
with MCI and HC [24]. All recordings and tran-
scripts are in English. Participants range in age
from approximately 60 to 90 years, with a predom-
inance of female speakers. Cognitive status was
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assessed in the original corpus using the Montreal
Cognitive Assessment, with scores between 19 and
30 (clinical cutoff = 26), confirming that the origi-
nal cohort included only HC and MCI participants.
The analyzed subset includes 64MCI and 48HC
participants, restricted to samples corresponding
to the CTP task. Only participant utterances were
included, while interviewer turns and non-task dis-
course were excluded.

Each CTP recording is accompanied by a man-
ual transcript in the CHAT format [29], containing
linguistic content, time annotations, and participant
metadata. Using these timecodes, utterance-level
segments were extracted to create synchronized
audio–text pairs annotated with diagnostic labels.
The resulting dataset comprised 1,386 paired seg-
ments with an average duration of 3.17 s (maximum
19.10 s), representing multiple temporally ordered
utterances per participant.

To prevent participant leakage and ensure unbi-
ased evaluation, the data were split at the partic-
ipant level into disjoint training, validation, and
test partitions (70%, 15%, 15%). Stratified sam-
pling on diagnostic labels (MCI vs. HC) was used
to maintain class balance across subsets, and multi-
ple deterministic random seeds were tested until the
test partition achieved a minority-to-majority ratio
above 0.9. The final splits were approximately bal-
anced, with the segment-level test set comprising
149HC and 138MCI samples.

3.2 Data Preprocessing
The preprocessing workflow (Figure 1) transforms
raw audio and transcript data from the Delaware
corpus into synchronized, model-ready inputs for
unimodal and multimodal modeling. It comprises
standardized audio processing, text normalization,
tokenization, augmentation, phonetic alignment,
and temporal synchronization across modalities.

3.2.1 Audio Preprocessing
Standardization. All recordings were resampled
to 16 kHz and converted to single-channel wave-
forms for consistency across participants. Segment
boundaries were derived from transcript timecodes
to ensure precise temporal alignment between au-
dio and text. To ensure consistent input length
during training, audio segments longer than the
95th-percentile length (≈ 8.3 s) were truncated, and
shorter ones were zero-padded.

Feature Extraction. Log-Mel spectrograms
were computed using 128 Mel filters, a 2 048-

sample Hann window, 512 -sample hop length,
and 2 048-sample-point fast Fourier transform,
providing balanced time–frequency resolution at
16 kHz [18]. The resulting spectrograms were
converted to the decibel (log) scale and later
resized to 224× 224 pixels during data loading
to match the input resolution of convolutional
and transformer backbones. Each spectrogram
constituted a standardized single-channel feature
representation for model input.

Data Augmentation. Offline spectrogram aug-
mentations included light frequency masking,
adapted from the SpecAugment framework [35],
while omitting time masking and warping to pre-
serve alignment with transcript boundaries and
maintain lexical–acoustic correspondence across
modalities. This procedure perturbed only spec-
tral energy distributions while preserving the origi-
nal segment duration and spectrogram shape. Both
original and augmented log-Mel spectrograms were
stored for subsequent training use (see Section 3.4).

3.2.2 Text Preprocessing
Transcript Representations. Two complemen-
tary textual forms were prepared: (1) the origi-
nal orthographic transcripts and (2) phoneticized
ARPAbet counterparts. Orthographic transcripts,
extracted from the CHAT-formatted files, were
cleaned by removing nonlinguistic annotations,
filler tags, and special symbols. Disfluencies such
as uh and um were retained, as they constitute clin-
ically informative markers of fluency disruption
and lexical retrieval difficulty in MCI speech [49].
Text was lowercased, punctuation-normalized, and
segments containing fewer than twenty characters
were excluded. For brevity, orthographic inputs are
referred to as non-ARPA in the result tables (see
Section 4)

Tokenization. Tokenization was performed dy-
namically during data loading to ensure consis-
tent truncation and padding before model input,
which conceptually belongs to the preprocessing.
Text sequences were tokenized using pretrained
transformer tokenizers [54] with a fixed sequence
length of 128 tokens, following common sentence-
level classification practice. In unimodal text ex-
periments, complete transcript segments were tok-
enized, whereas in multimodal setups, orthographic
and ARPAbet strings were truncated or padded
based on pre-aligned temporal segments (see Sec-
tions 3.2.3–3.2.4).
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Figure 1: Overview of the data preprocessing pipeline. Alignment details are omitted for clarity (see Section 3.2.4).

3.2.3 Phonetic Preprocessing

Forced Alignment. Phonetic representations
were generated using the Gentle forced aligner [34],
executed in a controlled environment to ensure
cross-platform reproducibility. For each participant,
Gentle aligned the cleaned transcript text segments
to the corresponding audio at word and phoneme
levels, producing time-stamped boundaries. The
resulting phoneme sequences were converted to
ARPAbet strings, which served as phoneticized text
for all ARPA-based experiments. For brevity, these
phoneticized inputs are referred to as ARPA in the
result tables (see Section 4).

3.2.4 Temporal Alignment.

For multimodal experiments, both orthographic
and phonetic transcripts were temporally aligned
with their corresponding audio segments using
transcript-based timecodes at the word level to
ensure lexical–acoustic synchronization. When a
boundary intersected a spokenword, the entire word
was retained to preserve semantic and phonetic in-
tegrity. Text spans were proportionally truncated
to match the normalized audio duration (as in Sec-
tion 3.2.1). This adjustment was applied only in
multimodal setups; unimodal text models used the
full-length transcript segments.

3.3 Model Architectures

As illustrated in Figure 2, the developed frame-
work comprises three processing branches: an au-
dio branch, a text branch, and a multimodal cross-
attention fusion branch. All model architectures
were implemented in PyTorch [37]. Backbone
choices and architectural design were guided by
prior research on DementiaBank and related patho-
logical speech datasets [2]. Depending on the con-
figuration, the output layer produced either two un-
normalized logits (for softmax-based classifiers)
or a single scalar logit (for sigmoid-based classi-
fiers), representing the probability of the MCI class.
Details of optimization and loss formulations are
provided in Section 3.4.

3.3.1 Unimodal Audio
Audio encoders were implemented using three back-
bone families: Vision Transformers (ViT), convo-
lutional neural networks (CNNs), and HuBERT.
Both ViT and CNN models operated on log-Mel
spectrogram representations (224× 224), captur-
ing time–frequency patterns through complemen-
tary architectural principles: global self-attention
for ViT and local convolutional filtering for CNNs.
ViT models followed the standard implementation
provided in the timm library [13, 53] with 16× 16
patch embeddings, where the small variant served
as the default backbone and tiny/base versions were
explored during optimization (see Section 3.5).
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Figure 2: Overview of the unimodal and multimodal architectures. Each branch corresponds to an encoder configu-
ration (audio, text, or joint audio–text fusion). For brevity, BERT and DistilBERT are shown as a shared text branch.

CNN encoders included a custom four-block CNN
and a ResNet-18 variant adapted for single-channel
input [19]. HuBERT (base) operated directly on
raw 16 kHzwaveforms [21], generating transformer-
based acoustic representations with 768 hidden
units, with lower layers optionally frozen for sta-
bility (see Section 3.4). In unimodal experiments,
each audio encoder acted as a standalone end-to-end
classifier trained on its respective input representa-
tion.

3.3.2 Unimodal Text

Text encoders were based on pretrained BERT-
base-uncased and DistilBERT-base-uncased mod-
els [11, 44]. The uncased variants were chosen
to reduce sparsity and improve robustness to cap-
italization differences in spontaneous speech tran-
scripts. The [CLS] token from the final transformer

layer was used as a sentence-level representation
and passed through a two-layer classification head
(64-unit ReLU, dropout, and linear output). The
transformer backbone could be either frozen or fine-
tuned depending on the experimental configuration
(see Section 3.4).

3.3.3 Multimodal Audio–Text Fusion

For multimodal modeling, the same audio and
text encoders were reused as feature extractors.
Their outputs were projected into a shared 256-
dimensional latent space and fused via a Cross-
Attention Fusion (CAF) module [50, 51], allowing
each modality to attend to salient features of the
other. The attended representations were concate-
nated (512 dimensions), normalized, and processed
by a 128-unit GELU layer [20] with dropout be-
fore the final linear classifier. This design allows
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flexible substitution of the different audio and text
backbones without modifying the overall training
pipeline.

Design Rationale. Given the limited size and het-
erogeneity of the dataset, the CAF module was
implemented as a single-head bidirectional atten-
tion mechanism with residual connections to ensure
stable gradient propagation, rather than a deeper
multi-head transformer. This lightweight design
was adopted to reduce overfitting risk and improve
interpretability while maintaining stable conver-
gence on small clinical datasets. This choice aligns
with prior findings that shallow cross-modal at-
tention is sufficient for effective fusion under low-
data conditions (cf. [6, 50]). Moreover, since both
the audio and text encoders are pretrained trans-
former architectures that already employmulti-layer
self-attention internally [11, 13, 21, 44], additional
multi-head fusion was considered redundant given
their existing representational capacity.

3.4 Training Setup
Optimization. All models were optimized using
the AdamW optimizer, chosen for its stable con-
vergence and effective decoupling of weight decay
from the adaptive learning rate [26]. Optimization
hyperparameters (learning rate, batch size, dropout,
weight decay) were defined via configuration set-
tings and, when applicable, tuned through Bayesian
optimization [1] (see Section 3.5 for details). A dy-
namic learning-rate scheduler reduced the learning
rate when the validation objective (i.e., the com-
posite score described below) plateaued, and early
stopping terminated training after a predefined num-
ber of non-improving epochs [40]. Together, these
mechanisms enhanced stability and prevented over-
fitting under limited data conditions. For text and
multimodal experiments, a configuration option
specified whether models were trained on cleaned
orthographic transcripts or ARPAbet phonetic tran-
scriptions. Optional encoder freezing policies for
HuBERT and text backbones were controlled via
configuration flags.

Training Augmentation. Precomputed spectro-
gram augmentations were sampled during training
to improve robustness and mitigate overfitting. For
spectrogram-based models (CNN, ViT), roughly
half of training items were replaced by their pre-
computed frequency-masked counterparts. For
waveform-based models (HuBERT), online aug-
mentations (Gaussian noise, pitch shift, temporal

shift, and gain variation) were applied stochastically
per sample, each with an independent activation
probability. All augmentations preserved segment
duration to maintain alignment. Validation and test
sets were evaluated on unaltered signals.

Threshold Optimization and Model Selection.
Validation performance was monitored using a com-
posite score combining binary F1, balanced accu-
racy, and precision (weights 0.4, 0.4, 0.2). At each
epoch, the optimal decision threshold was deter-
mined by sweeping a predefined range on the val-
idation set and maximizing this composite objec-
tive [43]. The resulting epoch-specific threshold
was then applied to compute all validation metrics,
ensuring consistent evaluation at the optimal oper-
ating point. The combined use of binary F1 and bal-
anced accuracy ensured stable model selection by
jointly capturing precision–recall balance and class-
level sensitivity under imbalance (cf. [43]). Al-
though precision contributes to the F1metric, it was
included separately to offset recall-oriented config-
urations and preserve clinically relevant specificity.
The best-performing model according to this com-
posite validation score was retained for subsequent
analyses.

Loss Functions. Loss functions were modality-
specific and class-imbalance aware. Unimodal
spectrogram-based and text models used weighted
cross-entropy with class weights computed via the
scikit-learn [38] balanced scheme on the training
split, and produced two logits. HuBERT-based and
multimodal models produced a single scalar logit
and used binary cross-entropy with logits, with the
positive-class weight set to the ratio of negatives
to positives in the training split. Both formulations
balanced gradient contributions under moderate la-
bel imbalance.

Experiment Tracking. All experiments were
logged (offline) with Weights & Biases [7]. Per-
epoch metrics (loss, accuracy, precision, recall,
F1, and balanced accuracy) were computed using
the scikit-learn [38] metrics API, while opti-
mal decision thresholds and learning-rate sched-
ules were determined within the PyTorch training
loop. Validation confusion matrices were exported
each epoch, and all configurations, model check-
points (best/final), and logs were versioned and
timestamped.
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3.5 Hyperparameter Optimization
Optimization Strategy. Hyperparameter opti-
mization combined manual range exploration with
automated Bayesian search using Optuna [1]. Op-
tuna maximized the validation F1-score, while early
stopping and model checkpointing during training
were governed by a composite validation objective
combining binary F1, balanced accuracy, and pre-
cision (weights 0.4, 0.4, 0.2; see Section 3.4). This
distinction mitigated overfitting to a single metric
and promoted balanced sensitivity and specificity.

Parameter Space Definition. Stable search
ranges for key hyperparameters (learning rate,
dropout rate, batch size, weight decay, and early-
stopping patience) were empirically established
through preliminary experiments. These intervals
served as bounded search spaces across audio (ViT,
CNN, HuBERT) and text (BERT, DistilBERT) en-
coders. Model-specific categorical switches, such
as pretrained initialization or encoder freezing,
were included when applicable.

Unimodal Optimization. Unimodal optimiza-
tion was conducted in two sequential phases, con-
trolled via configuration flags: an initial archi-
tecture search and subsequent fine-tuning. Ar-
chitecture (Arch) search was applied primarily to
ViT-based models, treating the backbone variant
(tiny, small, base) as a categorical parameter
while jointly optimizing continuous hyperparam-
eters within broad predefined ranges. The best-
performing ViT variant from this stage defined the
architecture used in the fine-tuning phase. Fine-
tuning then refined the parameter space by narrow-
ing each numeric hyperparameter to the empirically
most promising interval observed across the top 10
trials of the architecture search. During fine-tuning,
Optuna jointly optimized learning rate, dropout rate,
batch size, weight decay, and early-stopping pa-
tience, while categorical switches tested relevant
options such as pretrained initialization (ViT, CNN)
or feature-extractor freezing (HuBERT). Text mod-
els (BERT-base and DistilBERT-base) did not un-
dergo architecture search but were fine-tuned sepa-
rately under orthographic and ARPAbet input condi-
tions using analogous hyperparameter and encoder-
freezing configurations.

Multimodal Optimization. Multimodal opti-
mization followed the same Optuna-based fine-
tuning procedure as the unimodal experiments. The
audio branch (ViT, CNN, or HuBERT) was opti-

mized within a shared search space, while the text
encoder (BERT or DistilBERT) remained fixed per
configuration. Each multimodal configuration was
evaluated for both orthographic and ARPAbet tran-
scriptions to assess the influence of phonetic rep-
resentations on cross-modal learning. Categori-
cal switches controlled encoder freezing, and for
ViT-based runs, the backbone variant could be op-
tionally sampled (tiny, small, base). The cross-
attention fusion module and projection dimension-
ality (256) remained fixed to ensure comparability
across backbones.

Experiment Execution and Logging. Each Op-
tuna study executed 100 trials per configuration,
with all trial metrics and parameter settings auto-
matically logged for evaluation and subsequent sta-
tistical analysis.

3.6 Reproducibility
All preprocessing, training, and optimization steps
were executed deterministically to ensure full ex-
perimental reproducibility. Global random seeds
were fixed across all components to guarantee de-
terministic behavior in data loading, augmentation,
and model initialization. Participant-level splits
were strictly enforced to prevent data leakage be-
tween subsets, and all configuration settings, model
checkpoints, and log artifacts were versioned and
timestamped to ensure complete traceability.

3.7 Post-Hoc Evaluation
After hyperparameter optimization, all Optuna
study outputs were subjected to a standardized post-
processing procedure designed to assess hyperpa-
rameter stability and to statistically compare model
families and input representations. Analyses were
conducted separately for unimodal audio, unimodal
text, and multimodal experiments.1

Based on these analyses, the best-performing con-
figurations were retrained on the combined training
and validation data and subsequently evaluated once
on the held-out test set to verify generalization.

Unimodal Audio Evaluation. For the unimodal
audio experiments, Optuna trials were aggregated
across the three backbone families (ViT, CNN, and
HuBERT). Summary statistics and kernel density
estimates (KDEs) [36] were computed for each per-
formance metric to characterize distributional ten-

1Complete evaluation outputs, including summary tables
and visualizations (e.g., kernel-density, violin, swarm, and
correlation plots), are available upon request.
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dencies across 100 trials per configuration. Parame-
ter–metric relationships (e.g., learning rate, dropout
rate, pretrained status) were examined to identify po-
tential sensitivity trends, which were retained only
for descriptive reporting. Pairwise performance dif-
ferences between backbones were additionally eval-
uated using Welch’s unequal-variance t-tests [52]
to assess statistical significance.

Unimodal Text Evaluation. For the unimodal
text experiments, Optuna trials were analyzed anal-
ogously to the unimodal audio evaluation, grouping
results by transformer backbone (BERT-base vs.
DistilBERT) and text representation (orthographic
vs. ARPAbet). Welch’s unequal-variance t-tests
were pre-specified to test for potential effects of
phonetic versus orthographic representations across
all validation metrics.

Multimodal Evaluation. For the multimodal ex-
periments, analyses encompassed all audio–text
backbone combinations (ViT, CNN, HuBERT with
BERT or DistilBERT) under both text modalities
(orthographic and ARPAbet). Pairwise Welch’s
unequal-variance t-tests were applied to evaluate
the influence of text representation within each au-
dio architecture. Validation metrics were summa-
rized per configuration, and cross-modal hyperpa-
rameter patterns (e.g., dropout, learning rate) were
analyzed to delineate stable regions within the mul-
timodal search space.

Consistency Across Analyses. All procedures
were predefined and applied consistently across
unimodal and multimodal branches to ensure com-
parable statistical treatment of Optuna outcomes.
Pairwise performance differences were evaluated
using Welch’s unequal-variance t-tests, which were
selected for their robustness to unequal variances.
Given the extensive number of model configura-
tions, exhaustive factorial testing was impractical;
hence, Welch’s tests were employed as exploratory
analyses to identify consistent performance trends
across configurations.

3.8 Hardware
Experiments were executed on both CPU and GPU
environments. Local preprocessing and lightweight
evaluations were conducted on an Apple M4 Mini
with 16 GB of unified memory, whereas all deep
learning experiments were trained on an NVIDIA
Tesla V100 GPU (16 GB VRAM, CUDA 12.6).
High-memory GPU resources were required pri-

marily for multimodal configurations due to the
increased batch and feature tensor dimensions.

4 Results

This section reports the quantitative performance
of all unimodal and multimodal models, including
validation metrics and pairwise significance tests
based on Welch’s unequal-variance t-test. Unless
otherwise stated, bold values denote the best result
per metric within each table, and bold p-values indi-
cate statistically significant differences (p < 0.05).
Extremely small p-values (< 0.0001) are displayed
as 0.0000 for readability and represent highly sig-
nificant effects rather than numerical zero.

4.1 Unimodal Audio
Table 1 reports the validation performance of audio-
based classifiers using ViT, CNN, and HuBERT
backbones. The ViT-tiny model achieved the high-
est F1 score and balanced accuracy, while HuBERT
obtained the highest recall.

Model F1 Bal. Acc. Prec. Rec.
ViT(-tiny) 0.7654 0.6510 0.6327 0.9688
CNN(-custom) 0.7373 0.6260 0.6214 0.9062
HuBERT 0.7287 0.5698 0.5802 0.9792

Table 1: Performance of unimodal audio models.

Pairwise comparisons in Table 2 show that ViT
differs significantly from both CNN and HuBERT
across most metrics.

Comparison F1 Bal. Acc. Prec. Rec.
ViT vs CNN 0.0000 0.0000 0.0000 0.0000
ViT vs HuBERT 0.0000 0.0000 0.0000 0.4353
CNN vs HuBERT 0.0868 0.0000 0.0000 0.0000

Table 2: Pairwise Welch’s unequal-variance t-test (p-
values) between unimodal audio models.

4.2 Unimodal Text
Table 3 summarizes the validation performance of
text-based models using BERT and DistilBERT un-
der ARPA and non-ARPA transcription variants.
BERT with ARPA transcription achieved the joint-
highest F1 and balanced accuracy (tied with Dis-
tilBERT on non-ARPA), while DistilBERT per-
formed comparably across both representations.

Configuration F1 Bal. Acc. Prec. Rec.
BERT (ARPA) 0.7287 0.5922 0.5960 0.9375
BERT (non-ARPA) 0.7111 0.5185 0.5517 1.0000
DistilBERT (ARPA) 0.7200 0.5737 0.5844 0.9375
DistilBERT (non-ARPA) 0.7287 0.5922 0.5960 0.9375

Table 3: Performance of unimodal text models.
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Pairwise comparisons in Table 4 show signifi-
cant differences between BERT and DistilBERT
under non-ARPA conditions, whereas ARPA-based
variants were largely comparable.

Comparison F1 Bal. Acc. Prec. Rec.
BERT: ARPA vs non-ARPA 0.0000 0.0000 0.0000 0.0013
DistilBERT: ARPA vs non-ARPA 0.0000 0.0055 0.0159 0.9553
BERT vs DistilBERT (non-ARPA) 0.0000 0.0000 0.0000 0.0000
BERT vs DistilBERT (ARPA) 0.6652 0.1206 0.1028 0.0419

Table 4: Welch’s unequal-variance t-tests (p-values) for
ARPA vs. non-ARPA and BERT vs. DistilBERT.

4.3 Multimodal Audio–Text Fusion
Table 5 presents the best multimodal configurations
across all backbones. Among them, CNN–BERT
(non-ARPA) achieved the highest balanced accu-
racy, precision, and F1.

Audio Encoder Text Encoder ARPA F1 Bal. Acc. Prec. Rec.
ViT BERT No 0.7531 0.6416 0.6294 0.9375
ViT BERT Yes 0.7364 0.6188 0.6154 0.9167
CNN BERT No 0.7615 0.6530 0.6364 0.9479
HuBERT BERT No 0.7154 0.5756 0.5867 0.9167

Table 5: Best multimodal configurations across all back-
bones.

Welch’s unequal-variance t-test results in Table 6
reveal that ARPA versus non-ARPA differences are
significant primarily for ViT- and CNN-based ar-
chitectures.

Audio Encoder Text Encoder F1 Bal. Acc. Prec. Rec.
ViT BERT 0.0000 0.0000 0.0000 0.3895
ViT (Arch) BERT 0.0319 0.0221 0.0494 0.7238
CNN BERT 0.0000 0.0179 0.0728 0.0000
HuBERT BERT 0.1170 0.4832 0.8879 0.5993

Table 6: Welch’s unequal-variance t-tests (p-values)
for ARPA vs. non-ARPA multimodal models, all us-
ing BERT as text encoder.

Table 7 compares BERT and DistilBERT en-
coders within multimodal setups. Most variants
exhibit significant differences, particularly in ViT-
and CNN-based configurations.

Model ARPA F1 Bal. Acc. Prec. Rec.
ViT Yes 0.0000 0.0000 0.0000 0.1265
ViT No 0.8343 0.0000 0.0000 0.0000
ViT (Arch) Yes 0.0002 0.6331 0.7432 0.0064
ViT (Arch) No 0.1289 0.0003 0.0000 0.0024
CNN Yes 0.8827 0.0001 0.0001 0.0303
CNN No 0.8838 0.9974 0.9765 0.8659
HuBERT Yes 0.3558 0.0011 0.0050 0.0294
HuBERT No 0.1371 0.0000 0.0000 0.0055

Table 7: Welch’s unequal-variance t-tests (p-values) for
BERT vs. DistilBERT in multimodal configurations.

Table 8 contrasts ViT–BERT backbones under
ARPA and non-ARPA text conditions. The ViT-

Small and ViT-Tiny models show marginal yet sig-
nificant F1 differences between transcription vari-
ants.

Backbone Text Encoder F1 (ARPA) F1 (non-ARPA) ∆ p
ViT-Base BERT 0.7116 0.7169 −0.0052 0.2927
ViT-Small BERT 0.7190 0.7078 +0.0112 0.0410
ViT-Tiny BERT 0.7243 0.7276 −0.0033 0.0469

Table 8: Comparison across ViT backbones (architecture
search), all using BERT as text encoder.

4.4 Comparison Across Modalities

Table 9 summarizes the best-performing config-
urations across unimodal and multimodal setups.
The unimodal ViT-tiny model attained the highest
overall F1, while the multimodal CNN–BERT con-
figuration yielded the best balanced accuracy and
precision.

Configuration F1 Bal. Acc. Prec. Rec.
Unimodal Audio (ViT) 0.7654 0.6510 0.6327 0.9688
Unimodal Text (BERT, ARPA) 0.7287 0.5922 0.5960 0.9375
Multimodal (ViT + BERT, non-ARPA) 0.7531 0.6416 0.6294 0.9375
Multimodal (CNN + BERT, non-ARPA) 0.7615 0.6530 0.6364 0.9479
Multimodal (HuBERT + BERT, non-ARPA) 0.7154 0.5756 0.5867 0.9167

Table 9: Best results across unimodal and multimodal
configurations.

Across all settings, the unimodal ViT model
confirmed the strong discriminative capacity of
spectro–temporal features, whereas the multimodal
CNN–BERT (non-ARPA) system provided supe-
rior balanced accuracy and precision. A direct
Welch’s unequal-variance t-test between these two
top-performing models indicated a small but sig-
nificant difference (p < 0.001), suggesting comple-
mentary rather than strictly superior information
between modalities.

Held-Out Test Evaluation. Evaluation on the
held-out test set confirmed the generalization per-
formance of the retrained unimodal and multimodal
configurations. Test results closely mirrored the
validation patterns, with an average F1 decrease
of approximately 0.1. Validation–test correlations
confirmed this consistency, showing significant
associations for balanced accuracy and precision
(r ≈ 0.6–0.65, p < 0.05) and non-significant asso-
ciations for F1 and recall (r ≈ 0.1–0.2, p > 0.5).

5 Discussion

This section interprets the experimental results
presented in Section 4, examining model-specific
trends, modality interactions, and the clinical rele-
vance of observed performance patterns.

9



5.1 Unimodal Audio Models

The ViT encoder significantly outperformed CNN
and HuBERT on F1 and balanced accuracy (Ta-
ble 1), supporting the hypothesis that transformer-
style patch embeddings capture longer-range spec-
tro–temporal dependencies in audio representa-
tions [13, 17].

HuBERT achieved the highest recall but lower
precision and balanced accuracy, reflecting a typical
sensitivity–specificity trade-off. This pattern may
correspond to the slowed but articulatorily intact
speech patterns often observed in MCI [2, 12, 49].

CNN outperformed HuBERT in balanced accu-
racy and precision but achieved lower recall (Ta-
ble 2), suggesting that convolutional representations
provide more specific but slightly less sensitive dis-
crimination of pathological cues.

5.2 Unimodal Text Models

ARPA transcriptions improved F1 and balanced
accuracy for BERT, while DistilBERT performed
best on non-ARPA text (Table 3). Significance tests
revealed differences for BERT across all metrics
and for DistilBERT across F1, balanced accuracy,
and precision (Table 4). BERT and DistilBERT
performed similarly under ARPA conditions but
diverged significantly on non-ARPA text. KDE
and violin plots indicated that ARPA reduced per-
formance dispersion and stabilized tokenization-
sensitive models. Overall, the text branch achieved
strong recall but lagged behind audio models in
balanced accuracy.

The gain from ARPA likely reflects its explicit
phonemic tokenization, which aligns more closely
with transformer subword embeddings than ortho-
graphic text [25, 47]. DistilBERT’s compressed ar-
chitecture [44] may limit its ability to exploit such
fine-grained phonetic cues, explaining its compar-
atively better performance on orthographic inputs.
This contrast suggests that transcription granular-
ity interacts with model capacity, suggesting that
phonemic abstraction benefits larger encoders but
not distilled variants.

5.3 Multimodal Audio–Text Fusion

Given the limited benefit of phonetic ARPAbet tran-
scriptions for DistilBERT in multimodal configura-
tions (see Table 7), DistilBERT was excluded from
further multimodal comparisons.

Cross-attention fusion with CNN–BERT (non-
ARPA) achieved the highest balanced accuracy

and precision overall, with F1 comparable to the
best unimodal ViT(-tiny) (Table 5). ARPA ver-
sus non-ARPA effects were significant for ViT-
and CNN-based BERT fusion (Table 6) but largely
non-significant for HuBERT, indicating that tran-
scription choice interacts with the audio backbone.
These results suggest that the contribution of pho-
netic information depends on architectural charac-
teristics: measurable for spectrogram-based models
but negligible for waveform-level encoders. Within
ViT–BERT variants, small yet significant F1 dif-
ferences between ARPA and non-ARPA were ob-
served for the small and tiny configurations but not
for base, suggesting mild sensitivity to model ca-
pacity and patch scale (Table 8).

The superior performance of CNN–BERT com-
pared to ViT–BERT may result from CNNs’
smoother, lower-dimensional feature maps, which
align more effectively with text embeddings dur-
ing cross-attention. In contrast, ViT’s patch-based
representations, though rich in local detail, may in-
troduce redundancy that complicates alignment at
small sample sizes [13, 50].

Overall, these findings may indicate that mul-
timodal fusion leverages complementary acous-
tic and linguistic cues, capturing lexical diver-
sity, narrative cohesion, and syntactic simplifica-
tion [10, 32, 48]. Together, these cues may help
stabilize decision boundaries and improve discrimi-
nation in borderline cases. The effectiveness of pho-
netic transcriptions, which bridge audio and text
by encoding sub-lexical units aligned with spec-
tro–temporal structure, appears to depend on the
representational overlap and abstraction level of the
involved encoders [6, 21, 25, 47].

Comparing Top Systems. A direct Welch’s
unequal-variance t-test between the best unimodal
and best multimodal configuration confirmed their
complementarity rather than dominance (p <
0.001), indicating that multimodal fusion con-
tributed additional but not superior diagnostic in-
formation.

Held-Out Test Set Generalization. Evaluation
on the held-out test set was consistent with the
validation-based trends: the best-performing uni-
modal and multimodal configurations preserved
their relative ranking, with only a modest F1
decrease consistent with expected generalization
gaps on small clinical datasets. Pairwise Welch’s
unequal-variance t-tests confirmed that the ob-
served performance differences across model fami-
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lies and transcription variants remained statistically
significant on the held-out test data (p < 0.05), in-
dicating that validation metrics provided reliable
and robust estimates of true model performance and
that the framework generalizes consistently beyond
the validation split.

Correlation analyses further revealed strong as-
sociations for balanced accuracy and precision and
weaker, non-significant relationships for F1 and re-
call. This consistency supports the robustness of
the observed trends, confirming the superior perfor-
mance of ViT and CNN backbones and the stabiliz-
ing effect of ARPA-based transcriptions for BERT.

5.4 Explainability and Clinical
Interpretability

To enhance clinical interpretability, segment-level
explanations were generated using LIME [41] on
log-Mel spectrogram inputs. All explanations
were derived from single-channel log-scaled Mel-
spectrograms (128 Mel filters, 16 kHz sampling
rate) corresponding to unaugmented validation sam-
ples. During the explanation process, low-energy
and padding regionsweremasked to reduce artifacts
introduced by LIME perturbations, and color over-
lays were added solely for visualization without af-
fecting inference. Despite this masking, some high-
lighted regions occasionally appear near padding
areas, indicating that the explanation method or
model may attribute importance to silent or low-
energy regions.

Figure 3 illustrates the corresponding LIME ex-
planations for an HC participant, with the same
utterance visualized under HC and MCI prediction
perspectives. The explanations appeared to reveal
distinct spectro–temporal patterns for HC and MCI
predictions. For HC, the model appeared to rely
on stable harmonic stacks and regular voiced–un-
voiced transitions, corresponding to smooth articu-
lation and rhythmic prosody. ForMCI, explanations
tended to emphasize spectrally diffuse and tempo-
rally unstable regions with blurred harmonic bound-
aries, consistent with reduced articulatory precision
and weakened prosodic regularity [10, 32, 49]. Al-
though classifier confidence was generally higher
for HC samples, the contrast between LIME maps
revealed interpretable and clinically meaningful dis-
tinctions, suggesting that the model captured rele-
vant acoustic cues rather than spurious correlations.

Text-based LIME analyses produced inconsistent
importancemaps due to tokenization variability and
limited sample size; therefore, only acoustic expla-

nations were retained for qualitative interpretation.

5.5 Limitations and Future Work

Data Limitations and Architectural Constraints.
The dataset remains relatively small (64MCI and
48HC participants), limiting statistical power and
generalizability. This constraint is amplified for
multimodal architectures, which typically require
substantially larger datasets to learn stable cross-
modal representations [6]. Given this limitation,
the framework was deliberately designed to remain
compact and interpretable (e.g., single-head cross-
attention, lightweight classifiers) to mitigate over-
fitting, which may reduce representational capacity
compared to larger multimodal transformers.

Statistical Reliability and Evaluation. All main
results were obtained using a single random seed
for systematic reporting, with exploratory reruns
for verification. While Welch’s unequal-variance
t-tests provide informative comparisons under fixed
participant splits, they do not replace uncertainty es-
timates at the participant level. Future work should
therefore employ repeated experiments with multi-
ple seeds or k-fold cross-validation [23] and report
confidence intervals (e.g., via bootstrap over partic-
ipants [14]) to obtain more stable estimates.

Explainability Limitations. LIME approxi-
mates model behavior through local perturbation-
based surrogates [41], which may not fully
capture global decision boundaries and can
yield unstable explanations in high-dimensional
spaces [3]. Text-based LIME produced highly
variable patterns, preventing reliable interpretation;
thus only acoustic explanations were reported.
Interpretability results should therefore be viewed
as exploratory and complementary rather than
definitive evidence of model reasoning.

Linguistic Representation. The ARPAbet tran-
scription scheme encodes coarse phonemic cat-
egories and lacks the fine-grained articulatory
detail of the International Phonetic Alphabet
(IPA) [5]. Extending preprocessing to IPA or hybrid
grapheme–phoneme representations could improve
phonetic resolution and enhance interpretability.

Future Directions. Beyond acoustic–lexical fu-
sion, future research should incorporate discourse-
level features of the CTP task, such as spatial or-
ganization, sequencing, and referential cohesion-
markers of executive control and cognitive planning

11



Figure 3: LIME explanations for a ViT-based log-Mel spectrogram from an HC participant, highlighting regions
that show evidence for HC (left) and MCI (right). Yellow boxes denote the most influential time–frequency patches.

in MCI [15]. Extending the framework to sponta-
neous or conversational speech (e.g., human–ma-
chine interactions) would further improve ecolog-
ical validity. Finally, real-world deployment will
require standardized protocols for data acquisition
and task administration to ensure reproducibility
and clinical applicability.

6 Conclusion

This study presented a unified multimodal frame-
work for classifying MCI versus HC using synchro-
nized speech and text from the Delaware corpus
within DementiaBank. The framework integrates
audio and text encoders via cross-attention fusion
and supports flexible unimodal and multimodal con-
figurations under consistent training, optimization,
and evaluation protocols.

Across all modalities, the Vision Transformer
(ViT) provided the strongest unimodal audio base-
line, confirming the discriminative potential of
spectro–temporal representations, whereas BERT-
based text models achieved the best balance be-
tween precision and recall. Multimodal fusion with
CNN–BERT (non-ARPA) yielded slightly higher
balanced accuracy and precision than unimodal
models, indicating complementary acoustic–lin-
guistic cues that enhance diagnostic consistency
across classes. Although multimodal gains were
modest, they were statistically significant (p <
0.001) and demonstrated that combining speech
and language information provides complementary
diagnostic value.

Phonetic ARPAbet transcriptions improved the
stability and performance of BERT models, partic-

ularly within multimodal fusion frameworks, while
providing limited benefit for DistilBERT. This in-
dicates that transcription granularity interacts with
both model capacity and the nature of audio–text
fusion architectures.

Segment-level LIME analyses revealed inter-
pretable spectro–temporal regions associated with
articulatory and prosodic irregularities character-
istic of early cognitive decline, underscoring the
clinical relevance of learned acoustic features.

Overall, the findings highlight the potential of
transparent and reproducible multimodal modeling
for speech-based cognitive screening. Future work
could extend this framework to larger and more di-
verse datasets, enriched linguistic representations
(e.g., IPA or discourse-level features), and standard-
ized evaluation pipelines to enhance reliability and
clinical applicability.
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