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ABSTRACT

Accurate detection of dementia is crucial for timely intervention and care, and leveraging multi-
modal data holds significant potential for improving diagnostic accuracy. In this study, we explore
deep learning approaches for dementia classification using the Pitt corpus, which includes brief
participant descriptions of a cookie theft scene. We analyze 242 control and 307 dementia au-
dio clips to investigate various representation learning techniques. Our best-performing approach
fuses audio spectrograms with advanced language models, including Whisper model transcriptions
and transformer-based feature extraction. We rigorously evaluate these models and find that our
multimodal approach with an F1-score of 86.42% eclipses other single modality approaches by a
considerable margin. Our findings underscore the promise of multimodal deep learning techniques in
advancing the reliability of dementia detection through audio analysis, possibly paving the way for
more robust and accessible diagnostic tools.
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1 Introduction

Dementia, particularly Alzheimer’s disease (AD), represents a growing global health challenge. The number of dementia
cases is projected to surge from 57.4 million in 2019 to 152.8 million by 2050, largely driven by the aging global
population [1]. Dementia is not a single disease but a collection of symptoms marked by a decline in cognitive abilities
relative to an individual’s previous level of functioning [2]. It includes several distinct types, such as Alzheimer’s disease
(AD), Vascular Dementia (VaD), Lewy Body Dementia (LBD), Frontotemporal Dementia (FTD), and Mixed Dementia
(MD) [3], with AD being the most prevalent, accounting for 60-70% of all dementia cases [4]. AD is marked by the
buildup of intracellular neurofibrillary tangles and extracellular β-amyloid plaques, along with widespread synaptic
loss and neuronal atrophy in the brain [5]. These neuropathological changes can begin years before clinical symptoms
manifest [6]. However, a definitive diagnosis of AD can only be established through microscopic examination of brain
tissue, typically during an autopsy. As a result, the term Dementia of the Alzheimer’s Type (DAT) is used to refer
to suspected cases of AD that have not yet been clinically confirmed [7]. Early and accurate diagnosis of DAT is
crucial for improving patient outcomes, emphasizing the need for accessible diagnostic methods capable of detecting
cognitive impairments in the earliest stages. Traditional diagnostic approaches—based on clinical assessments and
neuropsychological testing—are often time-consuming and subject to variability in interpretation. This has driven
growing demand for automated, scalable diagnostic solutions that offer greater consistency, efficiency, and earlier
detection [8, 9, 10, 11, 12].
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While memory loss is often regarded as the primary symptom of DAT, language provides a valuable source of clinical
information as well. Speech analysis, in particular, presents a promising non-invasive and cost-effective method
for detecting cognitive decline. Linguistic and paralinguistic features of speech—such as fluency, articulation, and
prosody—are well-established markers of dementia, offering insights into the early signs of cognitive impairment
[13, 14, 15]. Recent advancements in machine learning and multimodal representation learning, which combine acoustic
and linguistic features, have demonstrated significant potential for improving the accuracy of dementia detection.

In this paper, we utilize the Pitt dataset [16], which contains speech samples from both diagnosed dementia patients and
a control group, to evaluate multimodal approaches. For transcription, we employ Whisper [17], while BERT [18] and
Stella1 are used for language representation. Additionally, spectrograms are utilized to extract audio features. Our goal
is to improve dementia classification performance by comparing a variety of machine learning models, with a particular
focus on integrating both audio and text features for a more comprehensive analysis.

Our multimodal dementia detection system improves upon existing single modality systems like [19] or [20] by a
considerable margin. We achieve a Classification Accuracy of 86.59% and F1-Score of 86.42% on our hold-out test set,
demonstrating the feasibility of our approach.

In the following sections, we first discuss related studies. Section 3 describes our methodology. Thereafter, we highlight
our experiments and results in Section 4. We close this paper with a conclusion and an outlook on future work.

2 Related Work

Several studies have explored the use of machine learning to automatically detect dementia and cognitive decline.
Early approaches employed classical machine learning techniques, such as decision trees or Naive Bayes classifiers
[21, 22, 23].

Modern dementia detection systems predominantly rely on deep neural networks and can be broadly categorized into
three primary modalities: imaging data, clinical variables, and voice/language data [3].

Imaging data, particularly magnetic resonance imaging (MRI), has been extensively studied in dementia detection
[24, 25, 26]. Image-based methods often outperform other modalities in terms of accuracy. For instance, one study
reported 97% accuracy in multi-class Alzheimer’s disease (AD) stage classification using the ADNI dataset and a pre-
trained VGG19 model [27]. Despite their high performance, imaging-based techniques require expensive hardware and
the involvement of skilled professionals for data acquisition and interpretation, which limits their practical application.

Clinical variables constitute the second major modality in dementia detection. These approaches typically involve
cognitive assessments such as the Mini-Mental State Examination (MMSE) [28], as well as the analysis of biomarkers
like amyloid, p-tau, and t-tau, often integrated with demographic factors such as age and gender [29]. Some studies
also incorporate mRNA-based biosignatures [30] or leverage socio-demographic, basic health, and cognitive reserve
proxy data [31]. While these methods have demonstrated promising results, they require specialized testing and expert
interpretation, limiting their feasibility for routine, large-scale implementation.

The third modality focuses on voice and language data, which stands out due to its simplicity, non-invasive nature, and
minimal hardware requirements. Initial efforts to utilize speech and language features for dementia detection were
pioneered in studies like [32], [33], and [34], which laid the groundwork for future research in this area. More recent
studies have shown that both linguistic and paralinguistic features of speech can be powerful indicators of dementia
[35, 36, 37, 38, 39, 40, 41]. To establish standardized benchmarks for voice/language data, the ADReSS Challenge was
introduced by [42], aiming to standardize Alzheimer’s dementia detection through spontaneous speech analysis. This
challenge provided a benchmark dataset and tasks for dementia classification and MMSE score regression, reinforcing
the need for more robust models to improve upon existing techniques. Moreover, [19] demonstrated that purely acoustic
features, particularly paralinguistic ones, could yield competitive accuracy in Alzheimer’s detection using the Pitt [16]
corpus. Their novel Active Data Representation (ADR) method achieved 78.70

Our work builds on these studies by integrating acoustic and textual features more effectively. We combine audio
spectrograms with the Whisper transcription model [17] and use advanced language models to capture rich linguistic
representations, aiming to improve dementia classification performance through a comprehensive multimodal approach.

For a more thorough review of recent advances in neurodegenerative disease detection using machine learning, we refer
readers to the work of [43], [3], and [8].

1https://huggingface.co/dunzhang/stella_en_1.5B_v5
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3 Methodology

We split this section into three parts: The first describes how we extract features from the audio signal, the second how
we can leverage transcription models and language models to find a linguistic representation, and the third sheds light
on how we combine these two methods to arrive at our final model architecture.

3.1 Audio

To convert the raw audio signal into a feature representation suitable for dementia detection, we compute the Mel-
spectrogram. Given a one-dimensional audio signal with Na total number of samples,

x[n], n = 0, 1, 2, ..., Na − 1, (1)

we first divide it into overlapping frames. Each frame is windowed using a Hann window w[m] [44], defined as:

xw[m] = x[n+m] · w[m], (2)

where m is the index of the time sample within the current windowed frame, ranging from 0 to L− 1, and w[m] is the
Hann window function:

w[m] = 0.5

(
1− cos

(
2πm

L− 1

))
(3)

and L is the window length.

For each windowed frame, we compute the Short-Time Fourier Transform (STFT) to obtain the frequency domain
representation:

Xw[k] =

L−1∑
m=0

xw[m] · e−i2π km
L , k = 0, 1, . . . ,K − 1 (4)

where k corresponds to the frequency bins. The magnitude spectrogram is obtained by taking the magnitude of the
Fourier coefficients:

Sw[k] = |Xw[k]|, (5)

where Sw[k] represents the magnitude of the frequency component at bin k for the current windowed frame.

Next, we apply a set of M triangular filters spaced on the Mel scale [45] to transform the linear frequency f axis to the
Mel scale, which is defined as:

M(f) = 2595 · log10
(
1 +

f

700

)
(6)

Each Mel filter sums the energy in its corresponding frequency band:

Sm[j] =

K−1∑
k=0

Sw[k] ·Hj [k], (7)

where Hj [k] is the j-th Mel filter. The resulting Mel-spectrogram is a time-frequency representation where each row
corresponds to a Mel frequency band and each column corresponds to a time frame. To compress the dynamic range of
the values, we apply logarithmic scaling:

Slog[j, t] = log(Sm[j, t] + ϵ), (8)

where t is the index of the time frame and ϵ is a small constant to avoid taking the logarithm of zero. This Mel-
spectrogram is then used as an input feature vector for our classification models.
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3.2 Language

Similar to the previous section, we start with a raw audio signal. To compute a linguistic representation, we first
transcribe the audio to text using a transcription model, namely Whisper [17]. This results in a string representation s,
which is tokenized into sub-word units wi, totaling Nl tokens. We then generate an embedding matrix E for the sentence
s by passing the tokenized sequence s, represented as a vector of size Nl (with input IDs), through an “encoder-only”
transformer model [46] T (·), which has an embedding size of Te.

E = T (s), (9)

where E is the resulting matrix of size Nl×Te, with Nl corresponding to the number of tokens and Te to the embedding
size. This matrix is then the input to a pooling function p(·), such as max pooling, mean pooling, or CLS pooling, which
aggregates the matrix along the first dimension. The resulting vector of dimension Te is the second component of the
feature vector used for our classification model.

3.3 Complete Model Architecture

We combine the models described in the previous sections by concatenating both representations and adding a
classification head on top of these. We test a random forest and a multilayer perceptron as classifiers. The model
architecture and training approach is shown in Figure 1.

4 Experiments

In this section, we outline the experiments conducted, the datasets utilized, and the results obtained. The model
architecture employed is described in detail in Section 3. For hyperparameter optimization, we utilize Optuna [47], and
for the classification task, we apply cross-entropy loss. All experiments were executed on a shared computing cluster
equipped with four Nvidia A40 GPUs (48 GB VRAM each), two Intel Xeon 4309Y CPUs, and 400 GB of RAM.

4.1 Data

The dataset used in this study is sourced from the Pitt corpus [16], a widely recognized resource from the University of
Pittsburgh’s Alzheimer’s Research Program. It consists of audio recordings of spontaneous speech from participants
categorized into two groups: Dementia and Control (healthy). The participants in the study are 44 years or older,
have at least seven years of formal education, no history of nervous system disorders, and are not taking neuroleptic
medications that could affect cognition. Additionally, all participants had an initial Mini-Mental State Examination
(MMSE) score of 10 or higher [28], ensuring that they could provide reliable and meaningful speech data.

The dataset includes 99 control participants and 194 dementia patients, each contributing varying numbers of speech
recordings across multiple visits. Control participants provided a total of 242 recordings, while dementia patients
contributed 307. The demographic distribution of the dataset reflects a balanced representation of males and females,
with most participants falling within the 65–70 and 70–75 age ranges. Both groups participated in a variety of tasks,
including the Cookie Theft picture description [16], fluency exercises, story recall, and sentence construction. These
tasks varied in duration, ranging from brief 1–2 minute activities to extended story recall sessions lasting up to an hour.
The diversity of verbal tasks in this dataset enables a comprehensive analysis of cognitive and linguistic functions in
both healthy individuals and those with dementia.

4.2 Results

To evaluate the various configurations and combinations outlined in Section 3 and depicted in Figure 1, we conducted a
total of 42 experiments. The corresponding results are presented in Table 1. We began by testing a configuration that
utilizes only the representation generated by the spectrogram, as described in Equations (1) to (8). Next, we evaluated
five different Whisper models ranging from tiny to large [17] across two transformer architectures, Stella and BERT
Base [18], yielding 10 configurations in total. For this, the transcriptions generated by the Whisper models are passed
through the corresponding transformer model (See Equation (9)) to get the representations for classification. Finally,
we combined the spectrogram-based and language model-based approaches into a multimodal system that integrates
both audio and text features. This full model, as illustrated in Figure 1, combines the spectrogram with a transcribed
text input processed by a language model. The results for this multimodal system are shown in the final two blocks
of Table 1. We repeated the entire process using two different classifiers: a random forest (Table 1a) and a multilayer
perceptron (Table 1b), allowing us to compare performance across these classifier architectures.
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Vector

Language
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The scene is in the kitchen.

The mother is wiping dishes

and the water is running on

the floor. A boy is trying to get

cookies ...

+

(a) Creating a feature vector from an audio sample.
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(b) Using the created feature vector to train a model, optimize hyperparameters, and determine the best classification model.

Figure 1: Feature vector creation and model training and optimization. We use Optuna [47] as the framework for
hyperparameter optimization.

As shown in Table 1, our system’s performance improves significantly when multimodality is introduced by combining
the Mel-Spectrogram with a language model using transcribed text. The best-performing configuration, which integrates
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Stella, Whisper, and the Mel-Spectrogram, achieves an impressive F1 score of 86.42% and an accuracy of 86.59%,
substantially outperforming single-modality approaches such as [19], which reported a classification accuracy of
78.70%. Additionally, as expected, configurations using a Multilayer Perceptron proved to be considerably more
powerful than those utilizing a Random Forest classifier.

5 Conclusion

This study introduced a multimodal deep learning approach for dementia detection using the Pitt [16] dataset, which is
a collection of audio samples made by dementia patients and a control group. By combining audio spectrograms with
language models, specifically, Whisper [17] for transcription and transformer-based models like BERT [18] and Stella
for linguistic feature extraction, we developed a comprehensive framework that captures both acoustic and linguistic
markers indicative of dementia.

Our experiments demonstrated that the multimodal approach significantly outperforms single-modality methods. The
integration of Whisper transcriptions with a Stella model consistently yielded higher Classification Accuracy and F1

scores compared to models utilizing only audio spectrograms or text features. The best-performing configuration
achieved a classification accuracy of 86.59% and an F1-Score of 86.42% on the hold-out test set, marking a substantial
improvement over previous studies that relied solely on acoustic or linguistic features.

These results highlight the importance of capturing the multifaceted nature of dementia, affecting both speech patterns
and the use of language. By effectively combining acoustic and linguistic features, our approach provides a more
complete understanding of the patient’s condition, which is crucial for early detection and intervention.

Future work could add another, crucial modality into our multimodal system: neuroimaging. A plethora of studies
have found it effective in predicting dementia [48, 49, 50], which leads us to believe that adding neuroimages to our
classification system would improve its predictive power even further. Additionally, evaluating the system’s performance
in real-world clinical settings will be essential to determine its practical applicability and scalability.

Furthermore, we plan to test various additional configurations, like adding a Tempogram [51] to include rhythmic
analysis or augmenting the audio data, e.g., time stretching, pitch shifting, and adding background noise, to improve the
stability of our models and size of the dataset. In a similar vein, we plan to utilize and test our system on other corpora
available at the DementiaBank [52], possibly in other languages, like the Spanish or Mandarin one introduced in [53]
and [54], respectively.

In conclusion, this research demonstrates the efficacy of multimodal deep learning techniques in enhancing the reliability
of dementia detection through audio and linguistic analysis. The proposed approach holds promise for developing more
robust and accessible diagnostic tools, contributing to earlier interventions and improved patient outcomes.
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Table 1: Results with various configurations.

(a) Results in % with a Random Forest as classifier.

Configuration Accuracy Precision Recall F1-Score AUROC
Mel-Spectrogram 54.88 55.54 57.77 56.63 46.43

BERTBase + WhisperTiny 68.29 68.81 72.70 70.70 76.67
BERTBase + WhisperBase 78.05 78.39 80.58 79.47 77.86
BERTBase + WhisperSmall 69.51 70.06 74.83 72.37 76.67
BERTBase + WhisperMedium 75.61 75.95 77.95 76.75 80.66
BERTBase + WhisperLarge 74.39 74.76 77.07 75.74 79.82

Stella + WhisperTiny 76.83 77.14 78.84 77.48 85.00
Stella + WhisperBase 78.05 78.33 79.75 79.04 89.29
Stella + WhisperSmall 75.61 75.95 77.95 76.75 86.55
Stella + WhisperMedium 76.83 77.14 78.84 77.48 85.95
Stella + WhisperLarge 76.83 77.14 78.84 77.48 87.14

Mel-Spectrogram + BERTBase + WhisperTiny 69.51 72.56 69.94 71.23 72.92
Mel-Spectrogram + BERTBase + WhisperBase 78.05 80.58 78.39 79.47 78.45
Mel-Spectrogram + BERTBase + WhisperSmall 70.73 75.65 71.25 73.38 77.98
Mel-Spectrogram + BERTBase + WhisperMedium 71.95 74.40 72.32 73.34 78.63
Mel-Spectrogram + BERTBase + WhisperLarge 73.17 76.19 73.57 74.86 78.45

Mel-Spectrogram + Stella + WhisperTiny 76.83 79.73 77.20 78.45 84.82
Mel-Spectrogram + Stella + WhisperBase 73.17 76.19 73.57 74.86 89.29
Mel-Spectrogram + Stella + WhisperSmall 75.61 77.19 75.89 76.53 86.31
Mel-Spectrogram + Stella + WhisperMedium 73.17 74.08 73.39 73.73 87.32
Mel-Spectrogram + Stella + WhisperLarge 79.27 80.67 79.52 80.09 88.93

(b) Results in % with a Multilayer Perceptron as classifier.

Configuration Accuracy Precision Recall F1-Score AUROC
Mel-Spectrogram 60.98 60.30 65.02 62.57 64.35

BERTBase + WhisperTiny 67.07 67.38 68.47 67.92 74.35
BERTBase + WhisperBase 76.83 77.08 78.14 77.61 76.67
BERTBase + WhisperSmall 73.17 73.45 74.63 74.04 77.68
BERTBase + WhisperMedium 76.83 76.73 76.97 76.85 82.98
BERTBase + WhisperLarge 78.05 78.16 78.29 78.22 80.00

Stella + WhisperTiny 81.71 81.91 82.58 82.24 86.37
Stella + WhisperBase 81.71 81.73 81.71 81.72 89.94
Stella + WhisperSmall 80.49 80.66 81.10 80.88 86.85
Stella + WhisperMedium 81.71 81.85 82.13 81.99 88.93
Stella + WhisperLarge 82.93 82.98 82.98 82.98 89.23

Mel-Spectrogram + BERTBase + WhisperTiny 73.17 73.21 73.21 73.21 79.64
Mel-Spectrogram + BERTBase + WhisperBase 81.71 81.71 81.73 81.72 79.94
Mel-Spectrogram + BERTBase + WhisperSmall 79.27 83.60 79.70 81.61 84.76
Mel-Spectrogram + BERTBase + WhisperMedium 81.71 81.71 81.73 81.72 83.60
Mel-Spectrogram + BERTBase + WhisperLarge 82.93 82.98 82.98 82.98 83.81

Mel-Spectrogram + Stella + WhisperTiny 81.71 82.13 81.85 81.99 85.83
Mel-Spectrogram + Stella + WhisperBase 86.59 87.79 86.37 86.42 87.98
Mel-Spectrogram + Stella + WhisperSmall 82.93 82.98 82.98 82.98 88.33
Mel-Spectrogram + Stella + WhisperMedium 84.15 84.60 84.29 84.13 89.82
Mel-Spectrogram + Stella + WhisperLarge 85.37 85.42 85.42 85.37 89.35
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