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Abstract

This paper presents our submission to the PROCESS Challenge
2025, focusing on spontaneous speech analysis for early demen-
tia detection. For the three-class classification task (Healthy
Control, Mild Cognitive Impairment, and Dementia), we pro-
pose a cascaded binary classification framework that fine-tunes
pre-trained language models and incorporates pause encoding
to better capture disfluencies. This design streamlines multi-
class classification and addresses class imbalance by restructur-
ing the decision process. For the Mini-Mental State Examina-
tion score regression task, we develop an enhanced multimodal
fusion system that combines diverse acoustic and linguistic fea-
tures. Separate regression models are trained on individual fea-
ture sets, with ensemble learning applied through score averag-
ing. Experimental results on the test set outperform the base-
lines provided by the organizers in both tasks, demonstrating
the robustness and effectiveness of our approach.

Index Terms: Dementia Detection, Cascaded Binary Classifi-
cation, Pre-trained Language Models, Multimodal Fusion

1. Introduction

Dementia is a neurodegenerative disease that worsens over
time and causes irreversible damage to the brain, manifested
by a persistent deterioration of an individual’s cognitive and
functional abilities, including memory, attention, and executive
function [1]. Mild Cognitive Impairment (MCI), an early de-
mentia symptom, is typically regarded as a transitional stage be-
tween normal aging and dementia, leading to a mild decline in
cognitive functions without significantly impairing daily activi-
ties. Today, several biochemical methods, such as magnetic res-
onance imaging and positron emission tomography, have been
developed for early dementia evaluation [2, 3] . However, these
methods are often expensive, demanding, time-consuming, and
require validation by neurologists in manual clinical settings.
Therefore, more efficient and reliable automated methods are
needed to achieve early dementia detection [4]. While memory
impairment is widely recognized as the hallmark symptom of
dementia, speech and language impairments are equally preva-
lent and serve as critical indicators for the early detection of the
disease [5,6]. Compared to traditional clinical methods, speech-
and language-based automatic dementia diagnosis has garnered
increasing attention due to its non-invasive, cost-effective, and
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convenient nature [7—11]. PROCESS (Prediction and Recog-
nition Of Cognitive declinE through Spontaneous Speech) Sig-
nal Processing Grand Challenge [12] focuses on early demen-
tia detection through the analysis of spontaneous speech. This
challenge consists of two tasks: a classification task and a re-
gression task. Unlike the binary classification tasks in previous
challenges [13—15], PROCESS involves a three-class classifica-
tion task, aiming to predict the diagnostic label of the subjects as
Healthy Control (HC), MCI, or Dementia. The inclusion of the
MCI category increases the difficulty of the classification task.
The regression task is similar to those in previous challenges,
aiming to predict the Mini-Mental State Examination (MMSE)
score reflecting cognitive decline. In this work, we propose:

* A cascaded binary classification framework that incorporates
pause encoding to effectively address multi-class challenges.

¢ An enhanced multimodal fusion system that seamlessly in-
tegrates diverse acoustic and linguistic features for improved
performance.

Experimental results, in contrast to the baseline, validate
the efficacy of our approach and highlight its potential in multi-
class classification and early detection of dementia.

2. Related Work

Current research primarily utilizes two types of features ex-
tracted from spontaneous speech for dementia detection: acous-
tic features from raw audio signals and linguistic features from
transcripts [10, 14, 16]. Both features offer unique insights into
cognitive decline associated with Dementia. Based on the re-
cent studies [17-20], acoustic features used in dementia de-
tection can be divided into prosody, duration of pauses, emo-
tional embeddings, pre-trained models embeddings features,
and more. Key linguistic features include, but are not limited
to, lexical richness, syntactic complexity and pre-trained tex-
tual embedding features [21-23]. Previous research has shown
that, compared to using acoustic features alone, employing lin-
guistic features extracted from transcripts is more effective in
distinguishing between Dementia and HC [18,24]. Advanced
Natural Language Processing (NLP) techniques, particularly
those involving Pre-trained Language Models (PLMs) such as
BERT [25], RoBERTa [26], and ERNIE [27], are capable of
capturing complex patterns and contextual information that are
crucial for detecting cognitive decline, and have proven effec-
tive in dementia detection [28,29].

Nevertheless, very limited research has explored the three-
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Figure 1: Architecture of methods for classification and regression tasks. PLMs refer to the pre-trained language models BERT,
RoBERTa, and ERNIE. Non-HC refers to a label that is either MCI or Dementia. For the training phase, we use manual transcripts,
while during the testing phase, ASR transcripts are used. The regression task shown in the figure represents the training phase.

class classification problem in dementia detection, posing chal-
lenges in the early diagnosis of dementia, particularly MCI. To
address this long-standing issue, we propose a cascaded binary
classification approach. Furthermore, we investigate the inte-
gration of multimodal features to enhance performance in the
regression task.

3. Dataset

The provided dataset contains a total of 157 subjects, later di-
vided into training and validation sets. Each subject has a diag-
nostic label (82 HC, 59 MCI, 16 Dementia) for the classification
task. For the regression task, MMSE scores are available for
a subset of 69 subjects. To evaluate language communication
and cognitive function, subjects completed three standardized
English elicitation tasks commonly used in dementia research:
the Cookie Theft Description (CTD), Phonemic Fluency Test
(PFT), and Semantic Fluency Test (SFT).

For the CTD task, subjects describe the “Cookie Theft” pic-
ture, originally part of the Boston Diagnostic Aphasia Exami-
nation and later widely used for dementia detection. This task
evaluates cognitive functions, including language comprehen-
sion and memory. In the PFT task, subjects list as many words
as possible starting with the letter “P” within one minute, ex-
cluding proper nouns and country names, assessing verbal flu-
ency and executive language functions. The SFT task requires
subjects to name as many animals as possible in one minute, pri-
marily evaluating naming skills and language comprehension to
identify potential language impairments.

Each of the 157 subjects has an audio recording and a corre-
sponding manual transcript for each of the elicitation tasks de-
scribed above. The manual transcripts include annotations for
speaker identities, external noises, and durations between utter-
ances. To align the transcripts with the actual spoken content,
we remove these annotations. For the test set, only the audio
recordings are available, while manual transcripts and diagnos-
tic labels are withheld.

The dataset presents a significant class imbalance, with
a predominance of HC subjects and relatively few Dementia
cases. While this mirrors real-world clinical distributions, it
complicates the training of classification models and motivates
our cascaded binary classification approach. Another challenge
lies in the substantial overlap of MMSE scores between HC
and Dementia groups, despite the expectation of clear separa-
tion. For instance, two Dementia subjects scored 29 out of 30,
highlighting the subjectivity inherent in clinical assessments.
Furthermore, MMSE scores are available for only 69 subjects,
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adding complexity to the regression task.

4. Methods
This section outlines our methods for classification and regres-
sion tasks, covering data preprocessing, architectural details for
both tasks (Figure 1), and the ensemble strategies applied.

4.1. Preprocessing for classification and regression
4.1.1. Denoising

Through manual inspection of the dataset, we identified some
audio recordings with loud background noise, beeping sounds
at the start and end, and occasional interviewer interventions.
To address the first two issues, we applied the MP-SENet model
[30], which denoises both magnitude and phase spectra in par-
allel. Since interviewer interventions can negatively impact de-
mentia detection performance [31], we explored the use of an
advanced speaker diarization model [32] to exclude the inter-
viewer’s speech. However, initial experiments revealed fre-
quent misclassifications, with substantial portions of the sub-
ject’s speech wrongly identified as the interviewer’s. Further
comparisons between manual removal and retaining the in-
terventions showed minimal impact on performance. Conse-
quently, we opted to omit this step in subsequent study.

4.1.2. Fine-tuning ASR model

To enhance transcription accuracy for the test set, we fine-tune
the advanced Automatic Speech Recognition (ASR) model,
Whisper-large-v3', using the challenge dataset. The 157 sub-
jects are split into ASR training and validation sets in a 3:1 ratio,
stratified by diagnostic labels, incorporating data from all three
elicitation tasks for fine-tuning. Given the extended duration of
the audio recordings, we first apply forced alignment [33] be-
tween each audio file and its corresponding manual transcript.
Based on the alignment timestamps, we segment the audio and
transcripts into 30-second audio-transcript pairs for fine-tuning.

Fine-tuning is conducted using the WhisperForCondition-
alGeneration and WhisperProcessor modules from the Trans-
formers Python library. The model checkpoint achieving the
highest accuracy on the ASR validation set is selected for final
transcription.

4.1.3. Pause encoding

We encode pauses between words in input transcripts to better
capture disfluency patterns. Specifically, transcripts are force-
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aligned with audio recordings using the same forced aligner across modalities. For acoustic features, we extract 1024-

[33], where pauses are marked as “SIL”. Pauses at the start dimensional embeddings from the 24th transformer layer of
and end of recordings are removed. Following [29], pauses are Wav2Vec2, computed as the mean of all token embeddings. Ad-
categorized as short (<0.5s), medium (0.5-2s), or long (>2s), ditionally, we design a 10-dimensional silence feature set com-
and encoded using “,”, “.”, and “...”, respectively. Since origi- prising the number of silence occurrences per second, the ratio
nal punctuation is removed, these symbols exclusively represent of silence to speech duration, and statistical descriptors (maxi-
pause information. mum, minimum, mean, and standard deviation) of both silence
and speech durations. Silence segments are identified using a
4.2. Classification task Recurrent Neural Network (RNN)-based Voice Activity Detec-
4.2.1. PLMs tion (VAD) model from pyannote”.
Modern PLMs based on the Transformer architecture [34], such To capture low-level acoustic features, we employ the
as BERT?, RoBERTa®, ERNIE*, have proven capable of captur- OpenSMILE toolkit® to extract the eGeMAPS (88-dimensional)
ing a wide range of linguistic facts, including lexical knowl- and ComParE (6373-dimensional) feature sets. For linguistic
edge, SyntaX, and semantics. We fine-tuned these three PLMs features, we obtain 1024-dimensional embeddings of the [CLS]
for dementia classification. Notably, we excluded speech- token from the 24th transformer layer of RoBERTa. Conse-
related features, as incorporating Pre-trained Speech Models quently, we construct a total of five distinct feature sets.
(PSMs) such as Wav2Vec2 [35] or traditional handcrafted fea-
tures did not yield noticeable performance gains. 4.3.2. Regression models

We use Support Vector Regression (SVR)’, XGBoost®, and Cat-
Boost’, as existing research demonstrates their effectiveness in
dementia detection [17].

4.2.2. Cascaded binary classification

Due to the significant data imbalance among diagnostic classes
in the dataset and the inherent complexity of the three-class

classification task, we propose a cascaded binary classification 4.4. Model ensemble
strategy to mitigate these challenges. Specifically, we replace For both classification and regression tasks, we conduct exper-
the three-class classifier with two independently trained binary iments on each individual elicitation task. Each model under-
classifiers. As shown in Figure 1, during the training phase, goes 10 training runs with different random seeds to ensure ro-
we first relabel all MCI and Dementia samples in the training bustness. In the classification task, for both Classifier 1 and
set as Non-HC. We then train a binary classifier to differen- Classifier 2, we employ majority voting across the output labels
tiate HC from Non-HC using the entire training set (i.e., HC of three PLMs, three elicitation tasks, and 10 random seeds, re-
and Non-HC samples). This approach simplifies training, as the sulting in a total of 3 x 3 x 10 = 90 models contributing to the
challenge dataset provides an approximate HC:MCI:Dementia final decision.
ratio of 5:4:1, resulting in a nearly balanced HC:Non-HC dis- For the regression task, we first compute the average pre-
tribution of approximately 1:1. Additionally, the distinction be- dictions across the 10 random seeds. Subsequently, we select
tween Healthy Controls (HC) and patients (Non-HC) is likely models with a Root Mean Square Error (RMSE) below 3, drawn
more pronounced than the differences among the three original from three regression models applied to five feature sets across
classes (HC, MCI, and Dementia). three elicitation tasks (3 x 5 x 3 = 45 models in total), and fur-
For the second classifier, we train a binary model exclu- ther refine the final MMSE score by averaging their outputs.
sively on MCI and Dementia samples. While this reduces the
number of available training samples (excluding HC), the clas- 5. Experiments

sification task is potentially less challenging than the original

three-class classification, as it focuses solely on distinguishing 5.1. Experimental setup

between MCI and Dementia. For the classification task, we partitioned the 157 subjects into
During the testing phase, we first feed the preprocessed training and validation sets in a 3:1 ratio based on diagnos-
samples into an initial classifier to determine whether they be- tic labels. To enhance robustness, we conducted four different
long to the HC or Non-HC. If a sample is classified as HC, it data splits and evaluated performance using the Macro F1 score.
is directly assigned the HC label. Otherwise, it undergoes fur- Similarly, for the regression task, 69 subjects were divided into
ther processing by a second classifier to refine the classification training and validation sets in a 3:1 ratio, maintaining the distri-
into either MCI or Dementia. To construct these classifiers, we bution of MMSE scores. We also performed four different splits
fine-tune PLMs. Specifically, for each preprocessed transcript, and assessed model performance using RMSE.
we input it into a PLM, such as BERT, and extract the 1024- The fine-tuning of PLMs was conducted over 20 epochs
dimensional embedding of the [CLS] token from the 24th layer. with a batch size of 8 and a learning rate of 2 x 1075, We em-
This embedding serves as input to a simple classification mod- ployed the AdamW optimizer and used cross-entropy loss for
ule comprising a linear layer with a Tanh activation function, a classification tasks. For regression models, optimal hyperpa-
dropout layer, and a final linear layer with binary output. rameters were determined via 4-fold cross-validation combined
with a grid search strategy.
4.3. Regression task All experiments were conducted on NVIDIA RTX 4090 or

A100 GPUs. Participants were allowed to submit up to three

4.3.1. Feature extraction . .
models for evaluation by the organizers.

We extract both acoustic and linguistic features from speech

and text, respectively, to leverage complementary information Shttps://github.com/pyannote/pyannote-audio
Shttps://github.com/audeering/opensmile-python
Zhttps://huggingface.co/google-bert/bert-large-uncased 7https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVR . html
3https://huggingface.co/FacebookAl/roberta-large 8https://github.com/dmlc/xgboost
“https://huggingface.co/nghuyong/ernie-2.0-large-en 9https://github.com/catboost/catboost
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Table 1: Macro F1 score (%) of the classification task.

Validation set

Different splits Test set
Cascaded binary  Direct three-class

Split 1 59.9 55.3 -
Split 2 57.9 57.3 -

Split 3 63.6 v 59.9 45.1
Split 4 61.8 61.1 —

Majority voting (4 splits)v’ 57.8

Majority voting (Retraining(4 splits))v 58.6

Baseline 55.0

5.2. Results and analyses
5.2.1. ASR model performance

After fine-tuning, the Word Error Rate (WER) of Whisper on
the ASR validation set decreased from the original 29.7% to
23.2%, demonstrating the effectiveness of the method.

5.2.2. Classification task

For the classification task, we conducted experiments by fine-
tuning PLMs for direct three-class classification, serving as
a baseline for comparison with the proposed cascaded binary
classification approach. The three submitted models were se-
lected based on the following criteria: (1) the model that
achieved the highest validation performance among the four
data splits; (2) an ensemble model leveraging majority voting
across all models from the four splits; and (3) a model obtained
by retraining all models using the entire dataset, followed by
majority voting to aggregate their predictions.

Table 1 presents the performance comparison between the
proposed cascaded binary classification approach and the di-
rect three-class classification method, both employing model
ensemble, on the validation set of each split. Additionally, it
reports the performance of the selected models on the test set
based on the predefined criteria. From the results, we observe
the following key findings:

1) The proposed cascaded binary classification approach
consistently outperforms direct three-class classification on the
validation set, effectively simplifying multiclass classification
and mitigating data imbalance across diagnostic classes. 2) On
the test set, our method achieved an F1 score of 58.6%, exceed-
ing the baseline (55%) by 3.6%, further confirming its effec-
tiveness. 3) Although Split 3 showed strong validation perfor-
mance, it suffered a significant drop on the test set, indicating
potential overfitting. However, a multi-split ensemble strategy
improved the test F1 score, enhancing model robustness. 4)
Finally, retraining on the entire dataset yielded further perfor-
mance gains, underscoring the advantages of full data utiliza-
tion for model optimization.

5.2.3. Regression task

For the regression task, we explored fine-tuning RoOBERTa and
Wav2Vec2 by appending a single-output linear layer to each
model and averaging their outputs to predict the MMSE score.
This approach was compared against our proposed method,
which extracts multimodal features and integrates them with
machine learning regression models. The selection criteria for
the three submitted models were aligned with those used in the
classification task: (1) selecting the model from the split that
achieved the highest validation performance among the four
splits; (2) averaging the scores from all models across the four
splits; and (3) retraining all models using the entire dataset and
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Table 2: RMSE of the regression task.

Validation set

Different splits Test set
Multimodal ~ Fine-tuning RoB+W2V

Split 1 2.88 2.95 —

Split 2 2.56 v 2.83 2.88
Split 3 2.66 2.98 —
Split 4 2.92 2.97 -

Score averaging (4 splits)v’ 2.87

Score averaging (Retraining(4 splits))v’ 2.89

Baseline 2.98

subsequently averaging their predicted scores.

Table 2 presents the performance of the proposed multi-
modal feature fusion method alongside fine-tuned RoBERTa
and Wav2Vec2 models with ensemble learning, evaluated on the
validation set of each split and the test set for selected models.
Key observations include:

1) The proposed multimodal feature fusion method con-
sistently outperforms fine-tuned pre-trained models in terms
of RMSE on the validation set. Fine-tuned models often pre-
dict MMSE scores near the mean of the training data, likely
due to the dataset’s limited size (69 subjects). The complexity
and larger parameter size of pre-trained models make it chal-
lenging to capture dementia-specific features from such a small
dataset. This highlights the advantage of multimodal feature
extraction combined with simpler machine learning models for
regression tasks. 2) All three submitted models surpassed the
baseline (RMSE = 2.98), with the best achieving an RMSE of
2.87, an 0.11 improvement, demonstrating the effectiveness of
our proposed approach for MMSE score prediction. 3) Model
ensembles integrating diverse acoustic and linguistic features
consistently achieved superior performance across all splits, un-
derscoring the complementary nature of these modalities and
validating the multimodal fusion framework. 4) Despite these
gains, the model exhibited mild overfitting on the validation
set, indicating the need for stronger generalization strategies.
Additionally, dataset-specific challenges, such as overlapping
MMSE scores across diagnostic categories and class imbalance
(Section 3), further complicate model optimization.

6. Conclusions

In this paper, we present the results and analyses of our sub-
mission to this year’s PROCESS challenge. For the classifica-
tion task, we introduce a cascaded binary classification strat-
egy to tackle the underexplored three-class problem, with par-
ticular emphasis on the early diagnosis of MCI. This approach
simplifies multi-class classification and mitigates data imbal-
ance across diagnostic classes. For the regression task, we pro-
pose an enhanced multimodal framework that integrates diverse
acoustic and linguistic features, leveraging their complemen-
tary strengths for improved performance. Experimental results
on the test set demonstrate that our methods outperform the pro-
vided baseline in both tasks, underscoring the potential of our
approach for advancing early dementia detection. Future work
will focus on developing more robust and generalizable auto-
mated dementia detection models for real-world applications.
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