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Abstract

In the context of escalating data flows through diverse channels, multimodal machine learning holds the potential to simultaneously
process varied data formats from multiple sources, offering robust solutions for uncertainty in various applications. The study high-
lights the often under-explored correlation information among data modalities and emphasizes the importance of disentangling
enriched interactions for more informed decision-making. This paper navigates the burgeoning field of multimodal artificial in-
telligence (AI) by proposing Autofusion, a pioneering framework addressing representation learning and fusion challenges. Our
proposed approach integrates autoencoder structures to address overfitting issues in unimodal machine learning, simultaneously
tackling information balancing challenges. The framework’s application in Alzheimer’s disease detection, using DementiaBank’s
Pitt corpus, demonstrates promising results, outperforming unimodal methods and showcasing a substantial advantage over tradi-
tional fusion techniques. This research significantly contributes by introducing Autofusion as a comprehensive multimodal machine
learning solution, demonstrating its efficacy through DementiaBank’s Pitt corpus to detect Alzheimer’s disease, and shedding light
on the influential role of cross-modality interaction for enhanced performance in complex applications.
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1. Introduction

As technologies evolve and data flows through multiple channels, the enormous amount of data from various
modalities provides an excellent opportunity for further analysis to support multimodal artificial intelligence (AI) tasks
[30]. Multimodal AT has the advantage of simultaneously processing data coming from multiple sources in different
formats to combine useful information for making final predictions to tackle uncertainty in real-world applications,
such as autonomous vehicles [27] and multi-sensory healthcare monitoring [11]. However, the correlation information
among data modalities is often omitted in existing multimodal machine learning approaches; hence, it is valuable to
disentangle enriched interactions among the data points.
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Fig. 1. Autofusion Motivating Example

In unimodal machine learning, autoencoder has been widely adopted as a common class of representation learning
techniques [25]. Nevertheless, autoencoder methods have the tendency to overfit towards the learning of identity-
function between the input and the output that could slow down the training and testing process [26]. On the other
hand, information balancing refers to the challenge of loss control between the autoencoder loss and that of the down-
stream task, which significantly decides the learning pattern and progress of the model. Due to the heterogeneity of
multimodal data streams, the multimodal data fusion mechanism has been one of the main issues with multimodal
representation learning and downstream Al tasks. The cross-modality interaction has been considered a promising
factor to leverage fusion among multimodalities [6, 28]. Hence, this paper delves into the realm of multimodal ma-
chine learning and proposes Autofusion, an autoencoder-infused fusion architecture that harnesses the cross-modality
interaction among different modalities to overcome the discussed issues of representation learning and fusion in multi-
modal machine learning. Figure 1 illustrates a motivating example that compares common autoencoder-based models
and Autofusion architecture.

On a worldwide scale, around 55 million people suffer from dementia, which is increasing by 10% annually.
Accounting for 60-80% of dementia cases, Alzheimer’s disease (AD) is a degenerative cognitive condition that not
only interferes with the patient’s daily activities, work routine, and social interaction, but it can result in immobility
and organ failure in later stages [1]. To help with early screening of this disease, this study demonstrates the use of
Autofusion architecture to detect AD using DementiaBank’s Pitt corpus.

This research makes meaningful contributions on three fronts. Firstly, the paper introduces Autofusion, an end-
to-end multimodal machine learning framework that leverages autoencoder structures for learning representation and
cross-modality interactions to achieve a highly effective fusion of modalities. Secondly, the paper benchmarks Auto-
fusion architecture on DementiaBank’s Pitt corpus, a real-world dataset for Alzheimer’s disease. Autofusion achieves
a promising performance of 79.89% in accuracy, 83.85% in recall, 81.72% in precision, and 82.47% in F1. The tech-
nique consistently outperforms all unimodal methods by an average of 5.24% across all metrics. Especially against
the late fusion technique, our method shows a significant difference of 20% on average across metrics. Finally, this
study captures the impact of the cross-modality interaction term as its incorporation enhances the model performance
by 2-3% across metrics. The proposed approach harnesses the power of the interaction effect as a leveraging element
to achieve superior results over unimodal baselines and common fusion alternatives. The paper is structured with a
review of related literature, methodology, experiments, results discussion, and a conclusion summarising the findings.

2. Related Works
2.1. Multimodal Machine Learning

The world is designed for humans to experience with different senses. Seeing, hearing, touching, smelling, and
tasting contribute to our perception of life. Fascinatingly, while these senses are often connected to generate a complete
understanding of something, even its fragmented pieces can infer the whole picture. Different ways of experiencing
are forms of modalities. The concept of integrating multiple facets of a subject transcends human natural senses. This
idea has been investigated and adopted in machine learning, now known as multimodal machine learning. Joining
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information from two or more modalities to predict an outcome measure has been one of the original focuses of
multimodal machine learning.

Model-agnostic approaches do not directly rely on the architecture of a specific machine learning model. Early
fusion methods gained popularity because (1) fusion at an initial stage gives an opportunity for low-level features
from modalities to interact and potentially provide cross-modality correlation, and (2) only one model is required
for fine-tuning. However, modality-specific features need to be represented in a similar format prior to fusion, which
could put a toll on the multimodal representation step [19]. In other words, time synchronisation is a challenge for
early fusion. Since features from various modalities often vary significantly, they must be standardised before fusion
can occur. On the contrary, late fusion integrates the outcomes of modality-wise predictions after model training.
Late fusion allows for more flexibility and impacts training each modality separately and offers scalability regarding
the number of modalities involved [2]. Nevertheless, this method necessitates the training of multiple models, which
can render the learning process computationally intensive and protracted. Additionally, this technique might overlook
potential correlations at the feature level within individual modalities. For a comprehensive analysis of these methods,
refer to [3], which provides a detailed examination of the advantages and disadvantages of each approach.

Model-based. In terms of the fusion level, this group of methods is model-level. In contrast to model-agnostic
approaches, model-based fusion incorporates the fusing step into the architecture of the models, which allows for
more involvement during the fusion process. Popular models used in hybrid fusion often employ classic methods such
as Support Vector Machine (SVM) [7, 17], graphical models [31, 23], and neural networks [15, 14]. Some works also
explore the use of autoencoders in the fusion process and achieve promising results because of their advantages over
early and late fusion [24, 10]. To utilise the flexibility and scalability of model-based fusion, this paper introduces
autoencoder-based fusion into the Autofusion architecture.

2.2. Multimodal Machine Learning in Dementia Detection

In recent years, machine learning and deep learning techniques have been proven reliable in predicting degenerative
conditions [5]. Utilising automated detection schemes to analyse EHR data has the potential to improve the quality of
life for those with dementia and their families. Despite multimodal machine learning achieving great performance 88%
F1 for Pitt Corpus [21], this group of techniques is still under-explored for AD detection. Even for those multimodal
papers whose performances are promising, their fusion techniques are limited at hard voting (i.e., late fusion) [21]
and simple concatenation early fusion [18]. Achieving a potential result using model-based fusion, [16] explores joint
fusion using a simple feed-forward neural network combining text and image modalities. All considered papers use
classification models. The majority of papers focus on traditional machine learning techniques, including Support
Vector Machine (SVM) [13, 20]. [21] opted for a designed neural network to classify AD patients. Based on the
analysis of performance evaluation for AD detection, it is apparent that there is a significant need for automated
detection models. The initial results indicate ample opportunities for growth and improvement in this area.

3. Approach

This section describes the proposed framework to detect dementia using multiple modalities: audio and transcripts.
Regarding model features, the proposed framework employs those engineered by [21] to be valid for benchmarking.
The framework is inspired by the potential cross-modality interaction and denoising effects of autoencoders in multi-
modal machine learning; thus, the input features will be compressed using an autoencoder, and its bottleneck will be
used for the primary classification. Figure 2 illustrates the detailed architecture of the network.

3.1. Feature Processing

The processing of the audio and transcript files from the DementiaBank Pitt dataset results in three distinct feature
types. Table 1 presents general statistics on the generated feature sets which are inspired by [21].

e Acoustic: We applied ComParE 2013 feature set [9] using the OpenSMILE toolkit to extract 6,373 features from
audio files. These features include MFCC, low-level descriptors (LLDs), and other statistical features. We apply
a linear network to reduce the dimensionalities of acoustic data.
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Table 1. Statistics of generated features

o Disfluency: Disfluency is a set of 11 hand-crafted features from the transcript, including word rate and pause
rates, to reflect any discontinuity in the speech.

e [ntervention: The intervention feature set provides more context for the transcript by extracting a sequence of
speakers to identify whether it is the interviewer or the participant speaking. The intervention feature set is
padded or truncated to a fixed length of 32 with 3 channels of one-hot values (i.e., 1 or 0).

As different feature sets have different value ranges, some normalisation operation is conducted to ensure homo-
geneity in the input scale. Hence, a standard scaler is applied to address the varied ranges. Specifically, we imple-
mented the StandardScaler function from the scikit-learn library to achieve this transformation, which standardises
features by removing the mean and scaling to unit variance.

3.2. Autofusion Mechanism

Autoencoders have been studied for their reconstructive, denoising qualities and their potential in multimodal
fusion that can encourage interactions among modalities [3]. We use a modified version of the bottleneck’s outer
product with itself as the input of the classification network. This component shall be referred to as the cross-modality
interaction or the interaction term interchangeably in the subsequent sections.

After feature transformations, three feature sets become inputs of the Autofusion network for multimodal fusion.
Different from traditional early and late fusion, the Autofusion mechanism focuses on studying the interactions among
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modalities. First, three feature sets are concatenated and fed through an autoencoder with an undercomplete architec-
ture. The bottleneck of the Autofusion network is computed as follows:

ho = X, D x4 D x; )]

h = o (Woho) 2)

Xportleneck = 0 (Wihy) 3)
where:

X4, X4, X;: Input feature acoustic, disfluency, and intervention respectively
@®: Concatenation

h: Input

W: Weight

o Activation function

Xportleneck - Bottleneck vector

3.2.1. Classification Network

The classification network comprises two main components: the Autofusion bottleneck and its linearly transformed
version. The two inputs are combined using the outer product function, creating the interaction term. The calculation
of the interaction term can be found in Equation 4.

hinteraction = Xpottleneck @ Xbottleneck (4)

Equation 5 and 6 describe the calculation of the network inputs of the first layer 4 and the following layers /;.

ho = Ninteraction + Xbottleneck (@)
hy = o (Wu-1y hg-1y) (6)

where:

Xportleneck- Bottleneck vector from Autofusion
Ninteraction: Interaction term among feature sets
®: Outer product

h: Input

W: Weight

o Activation function

[: Layer number [0, number of layers]

3.2.2. Objective Function and Evaluation
We used Mean Square Error (MSE) loss to monitor the autoencoder training process and Binary Cross Entropy
(BCE) loss for classification. The formulas of MSE and BCE losses are summarised in Equation 7 and 8, respectively.

N
1 o .
Luse = 5 D 0= 5 (M Lece = ~Olog) + (1 - y) log(1 - $))
i=1
o Lyse: Mean Square Error (MSE) loss e [pcg: Binary Cross Entropy (BCE) loss
e N: Total number of samples e y: Label
o y: Label o §: Prediction
o §: Prediction

To calculate the total loss of the network, we applied the loss formula in Equation 9 with a 0.1 loss factor for
autoencoder loss and a 0.9 loss factor for classification loss.

Lioiat = (Ause X Lyse) + (Apce X Lpck) 9

®)
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where:

L;0:a1: Total loss function

Ayske: Loss factor of the Autofusion network ranged [0.0, 1.0]
Apcg: Loss factor of classification network ranged [0.0, 1.0]
Lyse: MSE loss from autoencoder network

Lpcr: BCE loss from classification network

4. Experiments
4.1. Dataset

We select DementiaBank’s Pitt corpus [4] as our benchmarking dataset. The dataset has audio recordings and text
transcripts of an image description task in which the participants are required to describe the activities in the Cookie
Theft image. Some highlighted variables in the dataset include demographic data (i.e., gender, age, education level),
psychological test scores, and diagnosis codes. The complete list of variables is referenced in [4]. The Pitt corpus is
selected for benchmarking since it is one of the largest corpra there is for AD detection tasks. Additionally, due to the
gradual degradation of AD, longitudinal studies are impactful; hence, the Pitt corpus is our dataset choice.

To identify labels for the experiment, we selected individuals with a primary diagnosis code of 800 as the control
group and those with a diagnostic code of 100 as patients with AD dementia. Diagnostic codes were assigned via
clinical assessment. For our experiments, in total, we used 552 samples, which included 243 speech samples from 99
control healthy subjects and 309 speech samples from 194 AD subjects. Table 2 provides essential statistics.

Sample Individual Sex
male (1) female (0)
Control 243 99 41 58
Dementia 309 194 68 126
Total 552 293 109 184

Table 2. Dataset statistics

Of the 293 individuals included in the dataset, their entry age range varies between 46 and 88 years old. It is
noteworthy that age data is approximate because (1) the study only records the age upon entry of an individual but not
updated age for each participating year, and (2) no date of birth is given. On average, the mean age is 67.4 years old.
In terms of participants’ genders, 37.2% (109 out of 293) of the participants are male, while 62.8% (184 out of 293)
are female.

4.2. Resources

This section describes the computational power used for the experiments and the framework for the experiment
setup. Our proposed model is implemented using PyTorch (1.13.1). The experimental setup is running on Ubuntu
22.04 with Intel Core 19 10900X 10 Cores, 256 GB RAM and Nvidia 3090 24 GB.

4.3. Running Parameters

In our experiments, we ran 300 epochs and utilised the Adam optimizer for all networks. K-fold cross-validation
method was selected with k£ = 10. The autoencoder training network was implemented with a fanh activation, while the
classification network used ReLU. Additionally, we applied a learning rate decay mechanism with an initial learning
rate of Ir;,; = 5 x 107* that decreases by 20% every 100 epochs, as shown in Equation 10, to fine-tune training and
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prevent local minima. This approach has been proven effective in other studies and allowed us to achieve accurate
results while avoiding common machine learning issues, like overfitting.

Ire = Irii; X 0.270 (10)
where:

o [riy;: Initial learning rate (= 5 X 1074
e ¢: Current epoch
o 155: Integer quotient of current epoch number divide by 100

We run our experiments in 10 folds with the Adam optimizer, as well as tanh (for autoencoder) and ReLU (for
classification) as activation functions. The initial learning rate is 5 x 10™*, with a decay rate of 20% per 100 epochs.
The loss factors are 0.1 for MSE loss and 0.9 for classification loss, respectively. We used a random seed of 0 and
a batch size of 24 for all experiments. For fold indexes, we employed the stratified K-fold method with 10 folds, a
random state of 999, and shuffling set to True.

4.4. Benchmarking Baselines

We compare the results of our approach to the benchmarks set out in [21]. This paper was submitted for the IN-
TERSPEECH ADReSS Challenge 2020. Three factors led to the selection of this paper. First, the experiment’s source
code is made public, allowing for the potential reproducibility of the findings. Second, this article compares results
using the DementiaBank Pitt Corpus. Finally, this paper has the highest reported performance on DementiaBank’s Pitt
Corpus among those meeting the above requirements.

The source code of the paper is accessible on Github !. While the article is also assessed using the ADReSS Dataset
and DementiaBank’s Pitt Corpus, the Pitt corpus is our main focus. [21] presents a baseline employing late fusion
(hard voting) with accuracy, recall, precision, and F1 scores of 0.88, 0.82, 0.92, and 0.88, respectively. We made an
effort to replicate the experiments using the source code; however, the outcome is different from what was originally
published. There are a few theories as to why this occurs. Firstly, the random elements used in the experiments, such as
the random seed number, are not specified in the source code. Secondly, although both papers perform 10-fold cross-
validation on the dataset, there is no provided information on fold index (i.e., sample indexes in each fold), which
implies different fold splits and contributes to the performance disparity. Last but not least, while all experiments in
the benchmarking study are trained and assessed on the ADReSS Dataset before being retrained on DementiaBank’s
Pitt Corpus, only the Pitt corpus is used in our paper for training and evaluation. Consequently, this enhances the
possibility of a data leak. Therefore, we re-baselined the published solutions for reproducibility and reliability.

5. Results and Discussion
5.1. Results

Table 5.1 summarises the results of both unimodal and multimodal experiments. These results are reported as the
average performance of 10-fold cross-validation.

(1) Comparison with Unimodal Baselines

We conducted experiments to compare our proposed technique against three single-input models, including acous-
tic, intervention, and disfluency models similar to the unimodal baselines in [21]. Autofusion achieved a performance
of 79.89% in accuracy, 83.85% in recall, 81.72% in precision, and 82.47% in F1. It consistently outperformed all
unimodal methods by an average of 5.24%. Specifically, our proposed method surpassed acoustic, intervention, and
disfluency unimodal baselines with an average improvement of 7.4%, 6.2%, and 2.1% across all metrics, respectively.

1 https://github.com/ wazeerzulfikar/alzheimers-dementia
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Type Experiment Accuracy Recall Precision F1
Acoustic 72.01 (£0.07) 76.61 (£0.08) 74.33 (£0.06) 75.35 (+0.06)
Unimodal  Intervention 70.82 (£0.07)  82.26 (£0.15) 74.08 (£0.12)  75.92 (+0.04)
Disfluency 7770 (£0.07)  80.58 (£0.07)  80.93 (£0.09)  80.30 (+0.05)
Late fusion 56.87 (£0.03) 60.84 (£0.06) 61.56 (£0.02) 61.09 (+0.04)
Multimods  E#TY fusion 78.07 (£0.06) 81.22 (£0.07) 80.19 (£0.06)  80.53 (+0.05)
Autofusion 79.89 (£0.08) 83.85 (£0.07) 81.72 (£0.09) 82.47 (+0.06)
Autofusion 77.91 (+0.08) 84.15 (+0.06) 78.62 (+0.08) 81.12 (+0.06)

(No interaction)

Table 3. Experiment results

In terms of accuracy, autofusion achieves a higher accuracy of 79.9% compared to the accuracy of 72%, 70.8%,
and 77.7% achieved by the acoustic, intervention, and disfluency models correspondingly. Regarding F1 performance,
autofusion achieves an F1 score of 82.5%, surpassing the acoustic model by 7.1%, intervention model by 6.6%, and
disfluency model by 2.2%. Given the imbalanced nature of the Pitt corpus with 309 AD and 243 control samples, F1
is a more robust and reasonable metric compared to other evaluation metrics in this case.

In addition to the evaluation metrics, the stability of the models is another noteworthy factor. Stability refers to
the consistency of a model’s performance across different fold splits (i.e., standard deviation across folds). Most
experiments report a variation of 0.03 - 0.09% across 10 folds, except for intervention models, which have a variation
of 0.15% in recall and 0.12% in precision. Autofusion shows relative robustness compared to other single-input models
as it deviates marginally from the unimodal averages. This demonstrates that multimodal machine learning models
are a highly effective method for automated medical screenings.

(2) Comparison with Other Fusion Baselines

We compare the autofusion method against the other fusion alternative methods. For the early fusion technique,
three input streams are concatenated and fed into the same classification network architecture as the autofusion tech-
nique. Autofusion outperforms early fusion with an average of 2% improvement in overall metrics. Specifically, the
performance increases from 78.07% to 79.89% in accuracy, from 81.22 to 83.85% in recall, from 80.19% to 81.72%
in precision, and from 80.63% to 82.47% in F1 with the addition of autofusion mechanism prior to classification.
Regarding the stability of the two fusion models, autofusion shows a greater standard deviation of 0.02% in accuracy,
0.03% in precision, and 0.01% in F1 compared to early fusion. As early fusion and autofusion share a similar classifi-
cation architecture, the main difference lies in the fusion mechanism of concatenation versus autoencoder-incorporated
fusion to capture the interaction effect.

As per the guidelines in [21], we use the hard-voting late fusion technique as another baseline. The result presents
a notable improvement of 20% average across all metrics using autofusion against late fusion. Although the three
single-input models perform well independently, their combination through late fusion does not work as effectively.
Late fusion likely ignores the relationships between modalities and their representations in earlier stages, resulting in
a potential disconnect between predictions. Where the models are unstable, non-overlapping predictions may occur,
resulting in a lower-performing majority vote outcome. Regarding the stability of the two models, the late fusion
model establishes a smaller variation across folds than the autofusion model. The standard deviations of the late
fusion model vary from 0.02 to 0.06%, while those of autofusion range from 0.06 to 0.09%. Based on the experiment
results, the proposed autofusion method outperforms both early and late fusion.

(3) Additional Ablation Studies

The inputs of the classification network comprise two elements: (1) the autoencoder latent representation (i.e.,
bottleneck) and (2) an interaction term, which is a form of outer product between the bottleneck and itself. The use
of the outer product is inspired by the Tensor Fusion Network in which the outer product contributes to the model
acquiring both intra-modality and inter-modality dynamics [29]. When we omit the interaction term, the results reduce
by roughly 2% from 79.89% to 77.91% in accuracy, 3% from 81.72% to 78.62% in precision, and 1.4% from 82.47%
to 81.12% in F1. One exception is that by removing the interaction term, the model presents a 0.03% increase from
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83.85% to 84.15% in recall. In terms of stability, as there is a minimal difference of 0.01% in recall and precision
standard deviations between experiments across 10 folds.

5.2. Discussion

5.2.1. Domain Explainability

The empirical results indicate that the disfluency model outperforms the other two models by a considerable margin,
suggesting that speech discontinuity has the potential to serve as a valuable predictor of AD. Semantic characteristics
have been proven to be potential indicators of other disorders. Speech disfluency has been identified as a promising
indicator for identifying individuals with social anxiety disorder, particularly in terms of speech duration, jitter, and
shimmer [22], in line with observations made by psychologists. This finding from the study not only highlights the
effectiveness of the disfluency model in detecting AD, but also provides a basis for further research into the relationship
between speech patterns and other disorders.

5.2.2. Impact of Cross-modality Interaction in Multimodal Fusion

This finding corresponds to the effectiveness of previous literature on model-based fusion techniques. Empirical
results show that the interaction term improves the overall performance by 2-3% of the model. Although modest,
the improvement provided by the interaction term suggests that when used in conjunction with multimodal fusion,
autoencoders can enhance the correlation among participating modalities. Therefore, refinement in this area could lead
to significant advancements in multimodal fusion techniques. Autofusion model stability, however, can be improved
as the standard deviations across folds exhibit a slight increase compared to early and late fusion.

5.2.3. Implications

The recent research study has substantial implications for machine learning and medical research. The study intro-
duces a new approach to multimodal fusion by incorporating autoencoders, which can be further explored to improve
the current state-of-the-art. The network architecture proposed in this study can serve as a valuable reference and
benchmark for developing solutions for DementiaBanks’s Pitt corpus. Furthermore, the study confirms that auto-
mated medical screening using multimodal machine learning can effectively leverage the complementary effect of
different data streams. This has the potential to transform chronic disease detection, as the condition is notoriously
difficult to diagnose and often takes years to identify.

6. Conclusion

This paper explores the application of cross-modality interaction in the context of multimodal fusion, focusing on
its validation in the domain of mental disorder detection. The study delves into the intricacies of multimodal fusion
through the introduction of the Autofusion mechanism, which is then assessed on DementiaBank’s Pitt corpus for
Alzheimer’s disease detection. Autofusion demonstrates promising performance. Notably, it consistently outperforms
all unimodal methods by an average of 5.24% across all metrics. To summarise, this paper contributes novel insights in
multiple respects. Firstly, it elucidates the predictive capabilities of speech disfluency characteristics for Alzheimer’s
Disease, advancing speech analysis within clinical diagnostics through the demonstration of specific speech mark-
ers’ effectiveness. Secondly, it introduces an innovative use of autoencoders in the Autofusion technique to improve
cross-modality interaction in multimodal fusion, achieving important performance improvements. This paper outlines
potential avenues for future research. To further validate the technique, it could be benchmarked against additional
datasets, such as DAIC-WOZ [12] for depression and Bipolar Disorder Corpus [8] for bipolar disorder, which would
provide insights into the performance across various mental conditions. Secondly, while this study focuses on au-
dio and transcript samples, expanding the range of modalities by incorporating medical data, such as physiological
features, could advance the model’s architecture and broaden its applicability.

Acknowledgement. This publication has emanated from research conducted with the financial support of Science
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