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Abstract

Dysarthria due to Amyotrophic Lateral Sclerosis (ALS) progressively affects both source and filter components of speech. We analyze
the discriminative abilities of cues related to these components for automatic dysarthria severity classification specific to ALS, which is
not yet well explored. We manipulate speech utterances using WORLD vocoder to retain only the desired component while removing
other attributes. Temporal statistics of mel-frequency cepstral coefficients (MFCC) extracted from these modified utterances act as the
input speech features. However, the primary challenge in developing dysarthria severity classification systems is the limited availability
of data. Though transfer learning is often utilized to mitigate this issue, only one such effort has been reported in the context of ALS-
related dysarthria. We propose to use transfer learning, specifically, fine-tuning from an auxiliary task and multi-task learning, with
novel source and filter characteristics based auxiliary tasks. These tasks involve reconstructing or predicting source, filter and overall
attributes from the input speech features on the same ALS speech dataset or on some auxiliary dataset comprising healthy utterances of
varied speech tasks in different languages. Experimental results suggest that filter related cues capture better discriminative information
providing higher severity classification performances whether transfer learning is used or not. The transfer learning approaches improve
the classification accuracies, especially for the mild dysarthria class, though the optimal auxiliary task and data configuration varies
with the input speech feature and transfer learning protocol used. We achieve the highest mean classification accuracy of 85.92% which
is 13.29% higher than the corresponding case without transfer learning.
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1. Introduction

Amyotrophic Lateral Sclerosis (ALS) is a rapidly progressing neurodegenerative disease that impairs motor functions, including speech.
Approximately 30% of the ALS patients experience dysarthria, a motor speech disorder, as an early sign of the disease, and nearly all
patients develop it at some point as the disease progresses [1]. Though there is no cure for ALS or the associated dysarthria to date,
regular treatment, and individualized disease management strategies can help slow the disease progression, and enhance the quality of
life of the patients. Continuous monitoring of the disease severity is crucial for tailoring therapeutic interventions to a patient’s evolving
needs. Clinically, Speech-Language Pathologists (SLPs) assess dysarthria severity in ALS patients using methods such as the Frenchay
Dysarthria Assessment [2] and the Revised Amyotrophic Lateral Sclerosis Functional Rating Scale (ALSFRS-R) [3]. However, these
assessments can be tedious, time-consuming, and costly. Moreover, factors like the clinician’s familiarity with the patient or the subject
matter being spoken may influence the judgment and introduce subjective biases in the assessment [4]. Therefore, there is a pressing
need for objective and consistent automatic systems for predicting dysarthria severity.

This paper aims to perform automatic 3-class dysarthria severity level classification for patients with ALS where the classes under
consideration are severe dysarthria (SV), mild dysarthria (ML), and normal speech (NS). We propose to exploit cues related to the
source and the filter components of speech for this purpose. According to the source-filter model [5], speech is produced by passing
a source signal through a linear time-varying filter. The source signal models the glottal and/or supra-glottal excitation caused by the
vibration, abduction, and adduction of the vocal folds, whereas, the filter models the effect of the vocal tract and the lip radiation.
Dysarthria due to ALS impairs both the source and the filter components of speech utterances. Erroneous voicing, abnormal prosodic
patterns like reduced pitch range, and poor voice quality are some signs suggesting source impairment [6]. Poor laryngeal control
and compromised respiratory functionality are the primary causes of such source impairments [6]. On the other hand, imprecise and
irregular articulations, voice nasality as well as atypical spectral characteristics of speech utterances indicate impairments in the filter
component [1]. Restricted articulatory mobility and dysfunctions in the resonatory sub-system of speech give rise to such impaired
filter functions [6]. Impairments creep in different speech sub-systems at different severity levels during the course of progression of
dysarthria. The degree of involvement of different speech sub-systems also increases with increasing severity. As a result, the forms
and extents of the impairments in the source and the filter components of speech also vary with the dysarthria severity level. Hence,
the source and filter representations obtained from the speech utterances can be highly informative for automatic dysarthria severity
classification.
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A few efforts have been reported in the literature on speech-based automatic dysarthria severity classification for ALS. Different
speech representations, like raw time-domain speech signal and log-mel spectrogram, have been explored [7, 8]. Though these repre-
sentations implicitly contain both source and filter related information, no study has yet been conducted to explicitly examine the utility
of source and filter specific features for ALS-related dysarthria severity classification. This paper proceeds to look into that angle.

The typical severity classification systems are trained in a supervised manner using speech data and corresponding severity labels.
Researchers have used different machine learning and deep learning systems for this purpose [7, 8, 9]. A major challenge in building
such systems is the limited availability of speech data from dysarthric speakers of different severity levels, particularly the more severe
ones. Collecting speech samples from individuals with speech impairments is both challenging and time consuming. The process
becomes even more demanding as clinical annotations for severity levels of these speech samples are required. Scarcity of data
resources not only hampers the efficiency of the classifiers but also often leads to overfitting of the classifiers to the small amount of
training data. This, in turn, compromises the classifiers’ ability to generalize to unseen test conditions. Therefore, it is crucial to employ
data-efficient techniques for training the dysarthria severity classification systems.

In the domain of deep learning, transfer learning is a widely used approach to address the issue of limited data availability. This
method leverages the knowledge gained from auxiliary tasks or datasets to aid model training for the primary objective on the primary
(often small) dataset. This technique has been successfully applied in various areas of dysarthric speech research, including dysarthric
speech recognition [10, 11, 12, 13, 14], dysarthric speech enhancement [15], classification between dysarthric and healthy speech
[16], ALS vs. healthy control (HC) classification [17], and Parkinson’s Disease (PD) detection [17, 18]. Though a few studies have
explored transfer learning methods to classify dysarthria severity in PD and Cerebral Palsy (CP) [19, 20], our previous work [21] is the
only one which uses transfer learning for dysarthria severity classification specific to ALS. In the current work, we propose to leverage
information related to the source and the filter components of speech in the transfer learning framework by introducing novel source and
filter characteristics driven auxiliary tasks. Since cues related to dysarthria severity are expected to be embodied in both the source and
the filter components, such auxiliary tasks can help in reinforcing discriminative information in the learned representations, which in
turn, can complement the severity classification performance. A comparative analysis of the auxiliary tasks can also help us understand
reinforcement of information related to which component is more beneficial for the severity classification purpose. No such effort has
yet been made in the domain of dysarthria severity classification for either ALS or other diseases.

To capture the effects of either the source or the filter component in speech, we propose to manipulate the utterances using the
WORLD vocoder [22] such that only the required component is retained in the modified utterances while suppressing the redundant
attributes. We extract MFCC from the modified utterances. MFCC extracted from the utterances containing only the source information
are denoted here as S-MFCC and those obtained from the utterances containing only the filter effects are denoted here as F-MFCC.
We also consider MFCC obtained from the original utterances, referred to as O-MFCC in this paper, which incorporates information
about both the source and the filter components of speech [23]. Temporal statistics of each of these three representations are utilized as
the inputs for performing the 3-class dysarthria severity classification using dense neural networks (DNNs). We employ two types of
transfer learning approaches, namely, fine-tuning from auxiliary tasks and multi-task learning, as well as their combinations, for aiding
the classifier training. As auxiliary tasks in the transfer learning frameworks, we propose to predict the temporal statistics of one or all
of S-MFCC, F-MFCC, and O-MFCC from the temporal statistics of the input representation at hand. Learning to reconstruct or predict
these component-specific or overall representations as the auxiliary tasks can help in obtaining latent representations where source and
filter based discriminative cues are reinforced. In one scenario, transfer learning is executed within the ALS speech dataset, without
using any auxiliary dataset, by utilizing only the auxiliary tasks. In another setup, we leverage knowledge from auxiliary datasets of
healthy speech through the auxiliary tasks. These approaches can improve the performance as well as the generalizability of the severity
classifier. We explore different auxiliary datasets in this context to analyze the effect of using varied speech tasks and languages, same
as or different from those of the ALS dataset, for performing the transfer learning.

2. Literature Survey and Contribution of Current Work

Efforts have been made in the literature to exploit acoustic properties of speech for severity classification of ALS-induced dysarthria.
Suhas et al. [7] have developed a 2D Convolutional Neural Network (CNN) for this purpose. They found log-mel spectrogram to
outperform O-MFCC as the input speech representation for the proposed system. Vieira et al. [8] have designed a CNN model to
predict the ALSFRS-R bulbar subscore directly from raw speech signals. Wisler et al. [9] employed both acoustic and articulatory data
to estimate the ALSFRS-R bulbar subscore using linear ridge regression and support vector regression.

Though very few efforts have been made to perform dysarthria severity classification specific to ALS, several other works exist
which deal with severity classification of dysarthria caused by other disorders like CP. The publicly available UA-speech [24] and
TORGO [25] datasets are usually considered in these works. Different spectro-temporal speech representations, like log mel spectro-
gram, raw magnitude and phase spectra, MFCC, constant-Q cepstral coefficients, perceptually enhanced Fourier transform spectrograms
and Constant-Q transform spectrograms, have been utilized together with different machine learning and deep learning based classi-
fiers, like Gaussian mixture model (GMM), support vector machine (SVM), DNN, CNN, gated recurrent units (GRU), long short term
memory networks (LSTM), and residual neural network [26, 27, 28, 29, 30, 31]. Glottal features have also been used [32, 33]. CNN
models with squeeze-and-excitation networks and residual blocks have been proposed in [34] for dysarthria severity classification using
mel spectrograms. Variable continuous wavelet transform layered CNN [35] and variable short-time Fourier transform layered CNN
[36] have also been explored. Javanmardi et al. [37] have used speech representations obtained using pre-trained wav2vec2-BASE
[38], wav2vec2-LARGE [38], and HuBERT [39] models for automatic detection and severity classification of dysarthria. They have
explored SVM and CNN as the classifiers. All these approaches suffer from the challenge of limited availability of ALS speech data
for training.

Another group of researchers have explored the accuracy of off-the-shelf automatic speech recognition (ASR) systems as potential
markers for grading speech intelligibility and severity of dysarthric speech [40, 41]. They have observed significant correlation between



ASR performance and speech intelligibility or severity of dysarthric speech. Since off-the-shelf ASR models are generally trained
on speech data obtained from healthy individuals, the accuracy of these models degrades as the speech becomes more atypical or
unintelligible with increasing dysarthria severity. A major advantage of this approach is that significantly less amount of ALS speech
data are needed. However, Gutz et al. [42] claimed word error rate of ASR systems to be insufficient for grading dysarthria severity for
ALS.

Several works reported in the literature have demonstrated superior severity prediction results while employing transfer learning
methods. Vasquez et al. [19] have proposed a CNN-based multi-task learning framework for assessing dysarthria severity in PD
patients. They have incorporated eleven auxiliary tasks including PD vs. HC classification and assessments of the degree of impairment
of different articulators like lips, palate, tongue, and larynx. Soleymanpour et al. [43] have trained a 1D CNN for dysarthria severity
assessment using cross-dataset transfer learning. Joshy et al. [20] have explored multi-head attention in combination with multi-task
learning to classify dysarthria severity in individuals with CP. They have considered gender, age, and disorder-type identification as the
auxiliary tasks. Chowdary et al. [44] have performed few-shot learning using pre-trained transformer based whisper-large-v2 model
[45] for detection and severity classification of dysarthria. Different variants of Vision Transformers [46] with a classification head of 6
linear layers are fine-tuned in [47] for the severity classification purpose. In our previous work [21], we have explored the approaches of
fine-tuning from auxiliary tasks and multi-task learning, as well as their combinations, to perform dysarthria severity classification for
ALS. Input feature reconstruction and gender classification, on the same ALS speech dataset or other available healthy speech corpora,
have been explored as the auxiliary tasks. We have used temporal statistics of O-MFCC as the input features and DNNs as models for
performing the primary and auxiliary tasks. To the best of our knowledge, no effort except this work [21] has yet been made to apply
transfer learning techniques for dysarthria severity classification specific to ALS. Moreover, transfer learning leveraging source and
filter information of speech also remains unexplored to date in this particular domain of research.

The scope and contributions of the work in this paper, in contrast to that presented in [21], can be summarized as follows.

* This study compares the discriminative abilities of source (S-MFCC), filter (F-MFCC), and overall (O-MFCC) cues for performing
dysarthria severity classification, unlike only O-MFCC explored in [21].

* We propose source and filter characteristics based auxiliary tasks here, whereas, reconstruction of input O-MFCC statistics and
gender classification have been used as the only auxiliary tasks in [21].

* In this work, we explore the effects of employing single and multiple auxiliary tasks in the transfer learning approach, as opposed to
only single tasks in [21].

* In [21], the auxiliary datasets under consideration had only spontaneous speech (SPON) and read speech tasks. The current work
explores auxiliary datasets having additional speech tasks, e.g. sustained phoneme production (PHON), diadochokinetic rate (DDK)
task, and image description (IMAG) task, along with the ones used in [21].

3. Method
3.1. Estimation of source-filter representations

The proposed method of extracting source and filter representations of speech utterances comprises four steps, namely, decomposition,
modification, synthesis and feature extraction, as illustrated in Figure 1.

First, an utterance is decomposed into fundamental frequency (fo), spectral envelope (SP) and aperiodicity (AP) components
using the WORLD analyzer [22]. The estimates of the components are obtained at a frame period of 5 ms. fo estimates are first
extracted using the Harvest algorithm [48], where 50 Hz and 450 Hz are used respectively as the floor and ceiling frequencies for
the fo estimation range [49]. The SP and AP estimates are then computed using the CheapTrick [50] and the D4C [51] algorithms,
respectively. Following modifications are then applied to the fo, AP, and SP components to retain either the source or the filter attributes
in the signal synthesized subsequently.

1. To remove the effect of filter from an utterance, the estimated SP is modified to 1s in all frequency bands. Speech is then synthesized
by WORLD synthesizer using the modified SP along with the unchanged fo and AP. This makes the filter allpass in nature, and
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Figure 1: Proposed method of extracting source, filter, and overall attributes from speech utterances using WORLD vocoder



hence, the modified signal captures only source attributes without any influence of the vocal tract. We refer to this modified signal
as the filter-removed waveform. MFCC features obtained from this modified utterance, referred to as S-MFCC, serve as the source
representation.

2. To extract filter information without any influence of source, we devoice an utterance by replacing the fo estimates obtained from
WORLD analyzer with Os and the AP for all frequency bands with 1s [52]. Speech is then synthesized by WORLD synthesizer with
the modified fo and AP along with the unchanged SP. This makes the source white throughout the utterance while retaining the filter
characteristics. This modified signal is denoted as the source-removed waveform. MFCC computed from this modified signal serve
as filter cues and are denoted as F-MFCC in this work.

We also extract MFCC from the original speech utterances which include information from both the source and the filter compo-
nents of speech [23]. This is referred to as O-MFCC in this work.

Each of S-MFCC, F-MFCC, and O-MFCC comprise 12D MFCC (excluding energy coefficient) with delta and double-delta mea-
sures leading to 36D vectors. These are extracted from every 20 ms frame of the source-removed waveforms, the filter-removed
waveforms, and the original speech, respectively, using the KALDI speech recognition toolkit [53]. A 10 ms overlap is maintained
between consecutive frames. We extract temporal statistics, e.g. mean, median, Root Mean Square (RMS) value and standard deviation
(SD), of these S-MFCC, F-MFCC, and O-MFCC over complete utterances. The temporal statistics vectors are concatenated to form
144-D feature vectors corresponding to each of S-MFCC, F-MFCC, and O-MFCC for every utterance. Lastly, each dimension of the
feature vector undergoes z-score normalization using the mean and SD of the corresponding dimension derived from the training set.

3.2. Classification of dysarthria severity

We employ DNNs to perform the 3-class (SV vs. ML vs. NS) dysarthria severity classification. The feature vector comprising the
temporal statistics of one of S-MFCC, F-MFCC, and O-MFCC extracted from a speech utterance is used as the input to the network.
Figure 2 illustrates different approaches studied in this work for training the network. The paradigms are discussed briefly in our
previous work [21].

3.2.1. Single task direct learning (STDL)

As a baseline framework of this study, we perform the severity classification without employing transfer learning. We refer to this
approach as Single Task Direct Learning (STDL). Here, an encoder module is used to extract latent representations from the input
speech features. These representations are then passed through a classifier module to predict the severity class label. The parameters
of the encoder-classifier network are initialized randomly and subsequently learned jointly by minimizing the categorical cross-entropy
loss of the 3-class severity classification.

3.2.2. Transfer learning protocols

This study explores 3 different transfer learning paradigms - (1) fine-tuning (FT), (2) multi-task learning (MTL), and (3) multi-task
learning with pre-training and layer freezing (MTLp).

In FT, a randomly initialized network, comprising an encoder module (like STDL) followed by an auxiliary task module, is first pre-
trained for an auxiliary task. The auxiliary task module is then replaced with a randomly initialized classifier module (as in STDL) while
retaining the pre-trained encoder. Finally, the complete network (encoder and classifier) is fine-tuned together for severity classification
by minimizing the cross-entropy loss. In this protocol, the pre-training phase may help the encoder learn some useful information by
virtue of the auxiliary task which is typically related to the primary objective. Thus, this phase provides a more informed initialization
to the encoder-classifier network during the fine-tuning phase and hence may benefit the severity classification performance. Moreover,
pre-training has a regularization effect which helps in improving the generalizability of the severity classification network to unseen
data [54].

In MTL, the latent representations obtained at the output of the encoder module (as in STDL) are processed parallely by the
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classifier and the auxiliary task module for simultaneously performing severity classification and the auxiliary task. Starting from a
random initialization, the complete network comprising the encoder, classifier, and the auxiliary task module is adapted by jointly
minimizing the loss functions associated with severity classification and the auxiliary task. Both losses are given equal weightage. In
this protocol, since the network is trained on multiple related tasks at once, the latent representation learned by the encoder can capture
more robust and general features which can be shared across the tasks. Thus the auxiliary tasks act as regularizers to the primary task of
severity classification, reducing the risk of overfitting to the noise or peculiarities of the feature to label mapping in the training dataset
of the severity classification task [55]. As a result, the generalizability of the severity classification network to unseen data improves
significantly [55].

MTLp integrates the best of both FT and MTL. First, a pre-training step is performed in the same fashion as FT. Next, a randomly
initialized classifier module is added in parallel to the pre-trained auxiliary task module in the pre-trained network, forming the same
architecture as in MTL. While the auxiliary task module is frozen to its pre-trained weights, the encoder and classifier modules are
fine-tuned through joint minimization of the severity classification loss and the auxiliary task loss, both given equal weightage. Thus
the pre-training phase provides the final network with an informed initialization, or in other words, some prior knowledge about the
source and filter attributes. MTL then exploits the auxiliary tasks for the purpose of learning robust source, filter, or overall cues in the
latent representation which can further benefit the primary task of severity classification. Moreover, regularization effects from both
pre-training and MTL come into play, thereby improving the generalizability of the classifier.

3.2.3. Auxiliary tasks

‘We consider two types of auxiliary tasks in this work.

1. Input feature reconstruction: Here, the same speech feature that is used as the input to the network has to be reconstructed at the
output. We refer to this auxiliary task as S-S, F-F, and O-O, when the input speech feature under consideration is temporal statistics
of S-MFCC, F-MFCC, and O-MFCC, respectively. This task can help the encoder to concisely retain the crucial properties of the
input feature in the learned latent representation, which can further aid the severity classification performance.

2. Other feature prediction: In this case, we propose to predict the temporal statistics of one of S-MFCC, F-MFCC, and O-MFCC
which is not used as the input speech feature to the network. For example, when S-MFCC statistics are used as the input feature, we
propose to predict the temporal statistics of F-MFCC or O-MFCC as the auxiliary tasks. We denote these two tasks as S-F and S-O,
respectively. Similarly, the tasks of predicting the S-MFCC and O-MFCC statistics from those of F-MFCC are referred to as F-S and
F-O, respectively, and the tasks of predicting the S-MFCC and F-MFCC statistics from those of O-MFCC are denoted as O-S and
O-F, respectively.

In all of these auxiliary tasks, the mean squared error (MSE) between the predictions and the ground truths for the required output
feature statistics is used as the auxiliary loss function. These tasks might help in reinforcing essential cues related to the source, filter or
both components of speech in the learned latent representations. Since both of these components get affected progressively at different
severity levels of ALS-induced dysarthria, cues related to these components when reinforced in the latent representations can aid in
better classification of dysarthria severity.

Moreover, we perform transfer learning with single or multiple auxiliary tasks. In the single auxiliary task case, one of the nine
auxiliary tasks S-S, S-F, S-O, F-S, F-F, F-O, O-S, O-F, and O-O is incorporated in the learning framework. In the multiple auxiliary
task case, we propose to reconstruct/predict the temporal statistics of all of S-MFCC, F-MFCC, and O-MFCC from the input feature
at hand. These tasks are respectively named as S-SFO, F-SFO, and O-SFO when the temporal statistics of S-MFCC, F-MFCC, and
O-MEFCC are used as the input features. Equal weightage is given to the primary loss and all auxiliary losses.

3.2.4. Learning within and across datasets

We explore two different setups of data usage while carrying out the transfer learning processes at hand.

1. The first setup relies solely on the ALS dataset for both severity classification as well as the auxiliary tasks. Here knowledge transfer
occurs within the same dataset by leveraging the auxiliary tasks only.

2. In the second setup, auxiliary speech datasets obtained from HC subjects are used for transfer learning. For FT and MTLp, pre-
training for auxiliary tasks are conducted using the auxiliary HC data. Moreover, in the cases of MTL and MTLp, a subset of the
auxiliary dataset is incorporated alongside the ALS dataset during the joint learning of primary and auxiliary tasks. To integrate this
additional HC data into the severity classification framework, the task is modified from a 3-class to a 4-class classification problem,
with HC speech forming the additional class. Equal numbers of HC subjects as in the least-represented dysarthria severity class are
selected randomly for the joint learning purpose. No auxiliary data is used during the testing phase and the ALS utterances classified
as HC speech are reassigned to the NS class of ALS. Besides these, two variations of MTLp are explored in this work, as listed next.

(a) MTLp1: Here, the network adaptation through multi-task learning leverages only the ALS data after pre-training is performed
using the auxiliary data.

(b) MTLp2: Here, pre-training is conducted using the auxiliary data while network adaptation through multi-task learning involve
both the ALS dataset and the auxiliary HC data.

3.2.5. Network architecture

As shown in Figure 2, all aforementioned encoder, classifier, and auxiliary task modules are built using DNNs. The encoder is a 2-layer
dense network with 128 neurons and ReLU activation in each layer. It takes the 144-D temporal statistics of S-MFCC, F-MFCC, or
O-MFCC as input and generates 128-D latent representations. The classifier is a single dense layer with softmax activation which



takes the 128-D latent representations as input and predicts the severity class labels. This classifier layer has 3 neurons in all cases
except MTL and MTLp with auxiliary data where this layer has 4 neurons. The auxiliary task module contains 2 dense layers with
128 neurons and ReL.U activation in the first layer, and 144 neurons and linear activation in the second layer. This module takes the
128-D latent representations as input and predicts the 144-D temporal statistics of S-MFCC, F-MFCC, or O-MFCC depending on the
auxiliary task at hand. For transfer learning with multiple auxiliary tasks, three units of this auxiliary task module are used in parallel
to predict the temporal statistics of all three representations. Dropout layers with probability 0.3 are inserted after every layer except
the output one in the networks formed using the encoder, classifier, and auxiliary task modules in order to regularize the training. Also,
batch normalization is performed on the output of the first dense layer of the encoder module before applying the dropout layer.

The networks are trained using the Adam optimizer with a learning rate of 0.001 and a batch size of 32. Training continues for a
maximum of 100 epochs. To prevent overfitting, early stopping is implemented with a patience of 8 determined by validation loss.

4. Dataset
4.1. ALS dataset

In this study, we perform dysarthria severity classification using spontaneous speech (SPON) utterances obtained from ALS subjects.
The ALS dataset being utilized here is identical to the one used in our previous work [21]. Data collection was performed at the
National Institute of Mental Health and Neurosciences (NIMHANS), Bengaluru, India. Diagnosis of ALS for the subjects was done
by neurologists following the Revised El-Escorial criteria [56]. During data collection, the subjects were instructed to speak in their
respective native languages for approximately one minute each on two topics, namely, a festival they celebrate and a place they recently
visited. They were also given a few minutes to prepare before speaking. The subjects spoke on one or both of the topics depending on
their level of comfort. A Zoom H-6 recorder with XYH-6 stereo X/Y capsule high quality unidirectional microphone [57] was used
for recording the speech data. The device was placed at a distance of 2 feet from the subject. Data were recorded at 44.1 kHz and
subsequently downsampled to 16 kHz for all further processing. Three SLPs rated the dysarthria severity of the subjects by listening
to the recorded SPON utterances. The rating followed a 5-point scale [0 (loss of useful speech) - 4 (normal speech)], consistent with
the speech function item of ALSFRS-R [3]. The final severity score was determined by taking the mode of the 3 SLPs’ ratings. The
subjects, who received 3 different ratings from 3 SLPs, were not included. The data collection protocol was approved by the hospital
ethics committee, and each participant provided written consent before data collection.

The final dataset used in this work comprises 3.94 hours of SPON data (227 utterances) obtained from 120 ALS subjects (74 male,
and 46 female). The subjects had a mean age of 54.26 years with a SD of 11.19 years. The native languages of the subjects include
Bengali, Hindi, Tamil, Telugu and Kannada, with approximately equal proportion of subjects belonging to each language. The severity
ratings given by all 3 SLPs agreed in the case of 53.33% of these subjects, whereas, ratings given by 2 out of the 3 SLPs matched for
the remaining subjects. The inter-rater agreement, as measured by Fleiss’ kappa [58], is 0.6006 indicating moderate agreement among
the raters. We have 22 (9 male, and 13 female), 18 (12 male, and 6 female), 20 (15 male, and 5 female), 20 (11 male, and 9 female),
and 40 (27 male, and 13 female) subjects with the final severity scores as 0, 1, 2, 3, and 4, respectively. We group severity scores 0
and 1 in the SV class, scores 2 and 3 in the ML class, and score 4 in the NS class. Thus, all three severity classes considered in this
work have data from equal number (40) of subjects. The number of SPON utterances obtained from the three classes are 71, 78, and
78, respectively. Further details about the dataset can be found in [21].

4.2. Auxiliary datasets for transfer learning

Three datasets other than the ALS corpus are used in this work for the purposes of transfer learning.

1. In-house HC (IHC) dataset: This corpus contains speech data recorded in-house from 88 HC subjects (67 male, and 21 female)
having mean and SD of age as 43.02 years and 9.13 years, respectively. These subjects had the same five native languages as the ALS
subjects. The recording setup was also the same as that used for ALS dataset collection. Along with the SPON task, the HC subjects
performed 3 other speech tasks, namely, PHON, DDK, and IMAG. In PHON, the subjects were asked to take a deep breath and produce
a sustained utterance of a phoneme at comfortable fy and loudness levels. Four vowels, namely /a/, /i/, /o/, /u/, and three fricatives,
namely /s/, /sh/, /f/, were considered for this task. In DDK, the subjects had to take a deep breath and keep repeating a monosyllabic
or a tri-syllabic target as fast as they could without any interruption. Three monosyllabic targets, namely pa, ta, ka, and two tri-syllabic
targets, namely pataka, badaga, were considered. Up to 3 utterances of each PHON and DDK task were recorded from a subject
depending on his/her level of comfort. In IMAG, the subjects were asked to briefly describe images presented to them on a computer
screen in their respective native languages. The images were selected from diverse domains like animals, food, festival, sports, daily
life, natural phenomena etc. The number of images described by a subject varied depending on the subject’s level of comfort. Further
details about the speech tasks can be found in [59]. A total of 1596, 1189, 5762, and 175 utterances were collected from the HC subjects
for the PHON, DDK, IMAG, and SPON tasks, respectively. The corresponding durations of speech data were 2.19, 1.91, 6.64, and
2.90 hours, respectively.

2. IndicTIMIT [60]: This dataset comprises 187360 read speech utterances in English, corresponding to 234.47 hours of speech data,
collected from 80 native Indian HC speakers (39 male, and 41 female).

3. TIMIT [61]: This dataset contains 6300 read speech utterances in American English, corresponding to 5.38 hours of speech data,
recorded by 630 native HC speakers (438 male, and 192 female).

The motivation behind exploring varieties of auxiliary datasets is to analyze how the language and the speech task of the auxiliary
dataset impact the transfer learning. IHC SPON is the auxiliary dataset which is matched exactly to the ALS dataset in terms of both
language and speech task. IHC PHON, IHC DDK, and IHC IMAG have speakers with same native and recording languages as those of
the ALS dataset, but the speech tasks are different. IndicTIMIT differs more from the ALS dataset in the sense that, though the speakers
are native Indian, the recording language is English in this dataset. Moreover, the speech task (read speech in this case) is also different



from the ALS dataset (SPON task). Lastly, we consider TIMIT as an auxiliary dataset having no similarity with the ALS dataset,
i.e. both the native and recording languages of the speakers, as well as, the speech tasks performed are different. Thus exploration of
this wide spectrum of auxiliary datasets can help us understand if having matched configurations of the primary and auxiliary datasets
provides any added advantage for the purpose of transfer learning in our application.

5. Experimental setup

All experiments involving the ALS dataset are performed in a 5-fold cross-validation setup. The ALS dataset is divided into 5 disjoint
folds. Each fold contains equal number of subjects, and hence nearly equal number of utterances, from each of the 3 severity classes.
The distributions of age, gender, and language are similar across the folds. In every iteration of cross validation, data from 3 folds are
used in training while data from 1 fold each are used in validation and testing. Thus, testing is done in unseen subject condition.

Different auxiliary datasets have different numbers of utterances, and hence, different number of data-points available for training
and validation purposes. IHC SPON has the lowest number of utterances (i.e. 175), whereas, IndicTIMIT has the largest number (i.e.
187360). The larger datasets may have some advantages over the smaller ones in the context of transfer learning. Hence, in order to
eliminate the effect of the number of data-points available, we consider the smallest auxiliary dataset IHC SPON entirely and select
random subsets, containing equal number of utterances as IHC SPON, from all other auxiliary datasets. During the subset selection,
the number of subjects in the subsets are maintained as close as possible to the number of subjects present in IHC SPON (i.e. 88).
Since IHC PHON, IHC DDK, and IHC IMAG have same number of subjects as IHC SPON, we select at least one utterance from
each subject for these auxiliary datasets. IndicTIMIT has a total of 80 subjects. In this case also, at least one utterance is chosen from
each subject. On the other hand, since TIMIT comprises 630 subjects, we select the utterances from randomly chosen 88 subjects only
(70 and 18, respectively, from the train and test partitions defined by the authors of the dataset). The subjects are chosen in a gender
balanced manner.

All selected THC datasets are randomly split into training and validation sets containing 70 and 18 subjects, respectively. For
IndicTIMIT, the training and validation sets contain randomly chosen 64 and 16 subjects, respectively. In the case of TIMIT, the
subjects chosen from the train split defined by the authors are considered to constitute the training set, while those chosen from the test
split form the validation set. The entire training and validation splits of these auxiliary datasets are employed during pre-training using
auxiliary data for FT and MTLp. Thus a single common pre-training step is performed for all 5 folds of cross-validation of the 3-class
severity classification. During joint learning of primary and auxiliary tasks in MTL and MTLp, random subsets of these training and
validation sets of the auxiliary datasets are used. The subsets contain same number of HC subjects as is present in the least represented
severity class in the corresponding fold of cross-validation. No auxiliary data is used in the testing phases of cross-validation.

6. Results
6.1. STDL

Table 1 summarizes the classification performances obtained in the STDL framework, i.e. without leveraging any transfer learning,
while using temporal statistics of S-MFCC, F-MFCC, and O-MFCC as the input features. The corresponding confusion matrices, aver-
aged over the 5-folds of cross-validation, are illustrated in Figure 3. F-MFCC statistics achieves the highest mean severity classification
accuracy of 72.63%. It is followed by O-MFCC with a 3.09% drop in the mean classification accuracy. S-MFCC statistics is observed
to deliver 40.36% and 37.27% lower mean classification accuracy than F-MFCC and O-MFCC, respectively. Its mean classification
accuracy is even less than the chance level accuracy for 3-class classification problems. The confusion matrices of Figure 3 further
suggest that the ML class is most prone to mis-classification in all the three cases of the STDL approach. In fact, the SV and NS classes
are identified with high degree of accuracy when F-MFCC and O-MFCC statistics are used as the input features, though that is not true
for S-MFCC.

Table 1: Mean classification accuracies in % (SD in bracket) obtained using different input speech representations in STDL

S-MFCC F-MFCC O-MFCC
3227 (5.78) 72.63 (3.72) 69.54 (4.29)
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Figure 3: Confusion matrices averaged over 5-folds of cross-validation for STDL with different input speech features; here, the entry
in the cell (i, j) of each matrix indicates the % of samples of true class i which are classified as class j



6.2. Transfer learning with single auxiliary task

Tables 2, 3, and 4 present the classification accuracies obtained using different transfer learning approaches with single auxiliary tasks
where temporal statistics of S-MFCC, F-MFCC, and O-MFCC are used as the input speech features, respectively. Performances with
different auxiliary data configurations are reported. For every input representation, transfer learning is observed to improve the severity
classification performance as compared to the corresponding STDL case, irrespective of the transfer learning protocol, auxiliary task
and auxiliary data configuration used.

6.2.1. S-MFCC statistics as input

A comparison of Tables 1 and 2 suggest that, for S-MFCC statistics as input, transfer learning results in a minimum improvement
of 4.28% in the mean classification accuracy than STDL in the case of MTL with S-F as the auxiliary task and IHC SPON as the
auxiliary data. The maximum improvement of 20.25% is achieved while using the MTLp2 configuration with S-F as the auxiliary
task and IndicTIMIT as the auxiliary data. Figure 4(a) shows the average confusion matrix for this case. The performances on all
classes are observed to improve, as compared to the STDL case with S-MFCC input (Figure 3(a)), while making the mis-classification
percentages for SV and ML classes to be at par. However, even with this maximum improvement, the mean classification accuracy
obtained using S-MFCC as the input (52.52%) is 20.11% and 17.02% lower than those of STDL with F-MFCC and O-MFCC as the
inputs, respectively. Averaging over all transfer learning protocols, auxiliary tasks, and auxiliary data configurations, S-MFCC statistics
achieves a mean severity classification accuracy of 42.81%.

Though the average performance of the four transfer learning protocols over all auxiliary task and data configurations are not largely
different, the maximum mean classification accuracies for all auxiliary data configurations except IHC SPON are achieved using one of
the three MTL based approaches. For all the three auxiliary tasks, as well, the highest mean classification accuracies (over all auxiliary
data configurations and transfer learning protocols) are attained using the MTL based protocols only.

It can be observed further that, though the relative performance of the three auxiliary tasks varies with the transfer learning protocol
and the auxiliary data configuration used, S-F achieves the highest mean classification accuracy (43.52%) when the performances
are averaged over all transfer learning and auxiliary data configurations. In that case, the other two tasks, S-O and S-S, attain mean
classification accuracies of 42.70% and 42.21%, respectively.

When the classification accuracies are averaged over all transfer learning protocols and all auxiliary tasks, the auxiliary dataset
IndicTIMIT achieves the highest mean accuracy of 45.57%, followed by IHC PHON achieving a mean accuracy of 44.76%. All
auxiliary datasets except IHC SPON are found to achieve higher mean accuracies than the case with no auxiliary data (40.62%). IHC
SPON attains the mean classification accuracy of 39.73%, which is only 0.89% lower than the case with no auxiliary data.

Table 2: Mean classification accuracies in % (SD in bracket) obtained using different transfer learning schemes with single auxiliary
tasks when S-MFCC statistics act as the input speech representation; here, the entry in red indicates the case with the highest mean
classification accuracy

Auxiliary data  Auxiliary task FT MTL MTLp1 MTLp2
S-0 38.45(6.56) 39.24 (4.97) 43.61(3.77) -
- S-S 39.77 (6.69)  40.93 (3.61) 39.76 (5.23) -
S-F 40.11 4.91) 36.99 (6.06) 46.70 (4.33) -
S-0 43.64 (5.51) 48.11(6.05) 47.21(6.05) 44.54 (5.87)
I[HC PHON S-S 45.03 (6.20) 47.69(5.99) 40.59 (4.65) 45.05 (5.67)
S-F 37.96 (6.00) 49.43 (5.87) 41.91(4.29) 45.91(5.52)
S-O0 40.66 (6.08) 47.68 (4.90) 41.87 (5.55) 41.94 (4.68)
THC DDK S-S 38.47 (5.66) 44.15(5.45) 40.57(5.27) 41.82(5.76)
S-F 38.86(5.10) 44.12(5.14) 41.85(3.53) 47.60 (1.43)
S-O 40.08 (3.25) 45.47(4.79) 42.72(4.21) 4494 (5.85)
THC IMAG S-S 36.62(2.47) 4549 (5.01) 36.98(5.76) 41.48 (5.66)
S-F 43.29 (5.09) 44.61(6.50) 44.54 (4.68) 47.26 (6.29)
S-0 39.76 (5.51) 37.81(3.43) 38.00(5.38) 37.87(4.99)
THC SPON S-S 38.86(5.10) 41.46 (5.12) 38.35(5.28) 38.42(4.31)
S-F 44.54 (6.03) 36.55(5.88) 42.34 (2.41) 42.78 (5.28)
S-0 41.89 (6.07) 44.59 (4.75) 43.20(6.33) 48.49 (4.32)
IndicTIMIT S-S 4542 (3.37) 47.72(6.59) 49.37 (6.38) 45.49 (5.43)
S-F 38.71(3.88) 45.86(5.99) 43.63(4.63) 52.52(5.77)
S-O 39.71(5.09) 4591 (5.13) 39.26 (3.34) 46.36 (4.57)
TIMIT S-S 40.58 (5.86) 45.42(4.78) 38.78 (2.18) 45.49 (6.43)
S-F 39.11 (4.47) 48.18 (6.87) 43.76 (6.09) 45.89 (6.35)

6.2.2. F-MFCC statistics as input

In the case of F-MFCC, the minimum hike of 3.98% in the mean classification accuracy, as compared to STDL, is achieved in the
case of MTL with F-F as the auxiliary task and IHC DDK as the auxiliary data. On the other hand, MTLp1 with F-S as the auxiliary
task and IHC PHON as the auxiliary data achieves the maximum improvement of 13.29% attaining the mean classification accuracy of



85.92%, which is also the best accuracy obtained in this work. The average confusion matrix for this case is shown in Figure 4(b). The
performance on the ML class is observed to improve as compared to the STDL case with the same F-MFCC statistics as input, though
the performance on the NS class has declined. When averaged over all transfer learning protocols, auxiliary tasks, and auxiliary data
configurations, F-MFCC statistics reaches a mean severity classification accuracy of 79.98%.

Among the four transfer learning protocols, the maximum mean classification accuracies for all auxiliary data configurations except
TIMIT are achieved using one of the three MTL based approaches. Similar trend is observed among the auxiliary tasks also, except for
F-O.

Table 3 further suggests that when either no auxiliary data is used or any of IHC PHON, IHC DDK, and IHC SPON is used as the
auxiliary data, the auxiliary task of F-S outperforms F-O and F-F with respect to the mean classification accuracy in the cases of all four
transfer learning protocols. On the contrary, F-F is found to outperform F-O and F-S in all cases where IHC IMAG, IndicTIMIT, and
TIMIT are used as the auxiliary data. However, when averaged over all auxiliary data configurations and all transfer learning protocols,
the three auxiliary tasks achieve similar mean severity classification accuracies (79.49% for F-O, 80.28% for F-S, and 80.16% for F-F).

When the classification accuracies are averaged over all transfer learning protocols and all auxiliary tasks, the auxiliary dataset
IHC PHON and IndicTIMIT are found to outperform the case with no auxiliary data in terms of mean accuracy. IHC PHON achieves
the highest mean accuracy of 82.21%, followed by IndicTIMIT with a mean accuracy of 81.04%, whereas 79.33% mean accuracy is
achieved when no auxiliary data is used. The other auxiliary datasets achieve mean performances similar to the case with no auxiliary
data.

Table 3: Mean classification accuracies in % (SD in bracket) obtained using different transfer learning schemes with single auxiliary
tasks when F-MFCC statistics act as the input speech representation; here, the entry in red indicates the case with the highest mean
classification accuracy

Auxiliary data  Auxiliary task FT MTL MTLp1 MTLp2
F-O 78.39 (4.11)  77.05(3.79) 79.74 (3.68) -
- F-S 81.07 (2.79) 81.04 (5.65) 81.49 (5.62) -
F-F 77.13 (4.91) 80.09 (5.73) 77.94 (4.08) -
F-O 83.24 (5.78) 80.19 (5.54) 80.25(5.33) 82.79(3.38)
IHC PHON F-S 84.24 (5.04) 81.50 (4.92) 85.92(4.35) 83.29 (5.06)
F-F 81.06 (4.63) 79.68 (5.95) 81.98(5.70) 82.34 (3.00)
F-O 79.33(4.92) 79.73(6.34) 80.63(5.83) 77.52(5.57)
IHC DDK F-S 80.22 (4.74)  80.59 (3.35) 81.90 (5.76) 81.47 (5.64)
F-F 78.41(5.15) 76.61 (6.37) 76.66 (2.78) 79.30(5.19)
F-O 80.58 (5.59) 77.95(6.48) 79.36(4.91) 81.07(5.83)
IHC IMAG F-S 79.30 (3.55) 77.00(4.98) 77.92(5.20) 79.71(6.41)
F-F 81.49 (6.26) 78.32 (5.46) 81.50(3.99) 83.26 (5.25)
F-O 77.96 (3.74)  77.06 (5.81) 77.05(4.26) 76.99 (5.02)
THC SPON F-S 79.78 (4.54) 81.94 (4.63) 80.58 (5.59) 77.53 (3.68)
F-F 7749 (4.03) 79.27(5.80) 77.99 (5.05) 77.07 (4.21)
F-O 82.37(3.67) 80.12(3.50) 82.34(5.26) 80.59 (6.03)
IndicTIMIT F-S 81.51(4.33) 77.50 (4.14) 77.55(4.04) 78.45(4.78)
F-F 83.67 (5.93) 81.93(3.95) 84.11(4.93) 82.34(3.72)
F-O 81.46 (4.26) 77.08 (4.78) 77.01(5.65) 78.36(5.73)
TIMIT F-S 78.41(6.19) 78.83(5.77) 80.11 (4.69) 78.84(6.21)
F-F 82.86 (4.82) 79.25 (4.28) 81.96 (4.15) 80.56 (3.68)

6.2.3. O-MFCC statistics as input

Comparing Tables 1 and 4 we observe that, in the case of O-MFCC statistics as input, the minimum improvement of 4.48% in the
mean classification accuracy, as compared to STDL, is achieved in the case of MTLp1 with O-S as the auxiliary task and TIMIT as the
auxiliary data. The maximum improvement of 14.54% is attained in the case of MTLp1 with O-F as the auxiliary task and IHC DDK
as the auxiliary data. The mean classification accuracy obtained in this case is 84.08%, which is 1.84% less than the maximum mean
accuracy achieved using F-MFCC statistics with single auxiliary task (85.92% as mentioned in Table 3). The average confusion matrix
for the best performing configuration of O-MFCC is shown in Figure 4(c). Similar to the case of F-MFCC, here also, the performance
on the ML class improves as compared to the STDL approach with the same O-MFCC statistics as input. The performance on the SV
class has also improved, though that on the NS class has declined slightly. O-MFCC statistics attains a mean severity classification
accuracy of 78.32% when averaged over all configurations of transfer learning protocols, auxiliary tasks, and auxiliary data.

When averaged over all auxiliary task and data configurations, the four transfer learning protocols with O-MFCC statistics as input
achieve similar mean performances. This observation matches with the cases of S-MFCC and F-MFCC statistics as inputs. Moreover,
for O-MFCC, the maximum mean classification accuracies for all auxiliary data configurations except IndicTIMIT are achieved using
one of the three MTL based approaches. The same trend of MTL variants achieving the best performances is also present in all of the
three auxiliary tasks considered here.

For O-MFCC, in all transfer learning paradigms for every auxiliary data configuration, O-F is found to provide higher mean
classification accuracy than both O-O and O-S tasks. However, in most of the cases, the differences in the performances of the three



auxiliary tasks are not large.

When the classification accuracies are averaged over all transfer learning protocols and all auxiliary tasks, all auxiliary datasets are
found to achieve slightly higher mean accuracies than the case with no auxiliary data (77.55% mean accuracy). [HC DDK achieves the
highest mean accuracy of 78.87%, followed by IHC PHON with a mean accuracy of 78.70%.

Table 4: Mean classification accuracies in % (SD in bracket) obtained using different transfer learning schemes with single auxiliary
tasks when O-MFCC statistics act as the input speech representation; here, the entry in red indicates the case with the highest mean
classification accuracy

Auxiliary data  Auxiliary task FT MTL MTLp1 MTLp2
0-0 77.08 (5.76) 76.21(5.25) 76.20 (4.83) -
- O-S 77.95(5.41) 77.63 (6.04) 77.53(1.52) -
O-F 78.00 (5.95) 78.01(5.86) 79.34 (6.23) -
0-0 76.25(5.00) 78.41(2.82) 77.17(4.75) 78.38 (5.68)
THC PHON O-S 77.56 (4.43) 75.25(4.65) 79.74 (5.29) 80.62 (4.19)
O-F 79.21(5.97) 79.23(5.58) 81.50 (5.99) 81.04 (4.16)
0-0 76.63 (5.67) 78.91(5.76) 78.86(5.65) 78.00 (4.79)
IHC DDK O-S 7747 (6.13) 78.46(3.67) 76.23 (5.25) 78.93 (5.90)
O-F 78.42 (5.01) 80.21 (4.13) 84.08 (6.08) 80.19 (3.48)
0-0 75.73 (4.33)  80.16 (3.12)  77.55(2.96) 79.74 (4.20)
IHC IMAG O-S 77.09 (2.98) 75.75(4.61) 76.70 (5.54) 75.42(5.92)
O-F 80.62 (4.13) 81.97 (4.86) 79.32(5.95) 81.01 (4.86)
0-0 75.34 (5.14) 78.42(4.96) 78.79 (5.87) 79.33(4.92)
THC SPON O-S 76.11 (5.21) 77.44(6.28) 76.24 (4.03) 77.50 (3.65)
O-F 79.35(6.28) 79.75(2.74)  83.29 (5.06)  80.65 (5.24)
0-0 79.31(6.08) 78.46(5.79) 78.45(6.12) 78.88 (5.04)
IndicTIMIT O-S 77.05(5.93) 78.77 (6.04) 74.37(5.51) 77.12(5.94)
O-F 80.20 (4.57) 79.27 (4.83) 79.21(5.62) 79.26 (4.81)
0-0 78.40(5.83) 7794 (4.97) 77.09(5.63) 77.06 (5.81)
TIMIT O-S 75.78 (4.50)  76.23(5.25) 74.02 (3.34) 76.26 (5.46)
O-F 79.24 (5.64) 78.43(5.61) 81.06 (5.25) 80.20 (5.40)
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Figure 4: Confusion matrices averaged over 5-folds of cross-validation for the best performing configurations of the transfer learning
approaches with single auxiliary task for different input speech features; here, the entry in the cell (i, j) of each matrix indicates the %
of samples of true class i which are classified as class j

6.3. Transfer learning with multiple auxiliary tasks

Table 5 reports the classification performances obtained using different transfer learning approaches with multiple auxiliary tasks
(i.e. S-SFO, F-SFO, and O-SFO) in the cases of S-MFCC, F-MFCC, and O-MFCC statistics as the input features. The obtained
mean classification accuracies are found to be higher than the corresponding STDL cases with the same input feature irrespective
of the transfer learning protocol and auxiliary data configuration used. For S-MFCC, in 9 out of the 27 combinations of transfer
learning protocol and auxiliary data configuration explored, S-SFO is observed to achieve higher mean classification accuracies than
the best performing single auxiliary task. For F-MFCC and O-MFCC, the same is true for respectively 12 and 14 cases out of the
27 combinations. When averaged over all of these 27 configurations, S-SFO, F-SFO, and O-SFO achieve mean severity classification
accuracies of 44.23%, 81.13%, and 80.24%, respectively.

While using S-SFO and F-SFO as the auxiliary tasks, the respective maximum mean classification accuracies of 50.71% and
84.56% are obtained in the MTLp2 approach with IndicTIMIT as the auxiliary data. For O-SFO, as well, the maximum mean classi-
fication accuracy of 83.29% is obtained in the MTLp2 approach. However, IHC DDK is used as the auxiliary data in this case. It can
be observed from Tables 2, 3, 4, and 5 that the maximum mean classification accuracies achieved using transfer learning with single



auxiliary tasks for S-MFCC, F-MFCC, and O-MFCC statistics as the input features are respectively 1.81%, 1.36%, and 0.79% higher
than those of the transfer learning with multiple auxiliary tasks scenarios. The average confusion matrices for these best performing
configurations of S-SFO, F-SFO, and O-SFO are shown in Figure 5(a), 5(b), and 5(c), respectively. It can be observed that the perfor-
mances on the ML class improve as compared to the STDL cases, though the degree of improvements are less than those achieved in
the corresponding best performing configurations of transfer learning with single auxiliary task, as shown in Figure 4. However, the
performances on the SV and NS classes decline as compared to the STDL case when F-MFCC statistics is used as the input feature.
For the other two input features, the performances on these two classes are better than or similar to those in the corresponding STDL
cases.

Similar to the case of transfer learning with single auxiliary tasks, here also, the average performance of the four transfer learning
protocols over all auxiliary task and data configurations are mostly similar. However, for all the three auxiliary tasks, the highest mean
classification accuracies are obtained using the MTLp2 approach only. Moreover, for all auxiliary data configurations except IHC
IMAG, the maximum mean classification accuracies are achieved using one of the MTL variants.

When the classification accuracies are averaged over all transfer learning protocols, the use of IndicTIMIT as the auxiliary dataset
is observed to deliver the highest mean classification accuracies for all of S-SFO (48.18%), F-SFO (81.92%), and O-SFO (80.95%).

Table 5: Mean classification accuracies in % (SD in bracket) obtained using different transfer learning schemes with multiple auxiliary
tasks for different input speech features

Auxiliary data  Auxiliary task Input FT MTL MTLp1 MTLp2
S-SFO S-MFCC 4279 (4.01) 39.62 (3.52) 44.06 (5.13) -
- F-SFO F-MFCC 8191 (3.32) 82.83(5.80) 81.00(5.93) -
O-SFO O-MFCC 80.66 (4.46) 80.68 (5.75) 80.61 (5.84) -
S-SFO S-MFCC 41.02 (3.87) 48.05(3.76) 45.03 (4.00) 49.39 (3.23)
IHC PHON F-SFO F-MFCC 80.97 (4.47) 81.94(4.20) 79.76 (5.10) 81.53 (4.04)
O-SFO O-MFCC 79.75(591) 80.21 (3.38) 79.38 (4.64) 80.22 (5.12)
S-SFO S-MFCC  38.35(5.28) 44.61 (4.74) 37.44(5.09) 43.31 (5.55)
[HC DDK F-SFO F-MFCC 7932 (3.03) 77.48(5.06) 78.52(5.93) 81.08 (4.09)
O-SFO O-MFCC 77.57 (5.50) 82.91(5.72) 79.36(4.91) 83.29 (5.06)
S-SFO S-MFCC  47.21 (5.31) 48.54(5.38) 43.19 (4.16) 48.11 (5.69)
IHC IMAG F-SFO F-MFCC 82.83 (4.11) 82.39(4.52) 79.75(5.91) 81.04 (5.65)
0-SFO O-MFCC 79.31(5.16) 82.81(5.03) 78.84(2.72) 79.77 (3.84)
S-SFO S-MFCC  43.27 (5.22) 44.56(4.98) 37.55(4.07) 41.97 (5.79)
IHC SPON F-SFO F-MFCC 81.95(5.33) 81.03(3.19) 82.82(3.16) 80.61(5.07)
O-SFO O-MFCC 81.50(2.17) 77.00(5.17) 81.47 (4.59) 76.62 (5.79)
S-SFO S-MFCC 4587 (5.69) 46.82(5.74) 49.30 (5.26) 50.71 (5.41)
IndicTIMIT F-SFO F-MFCC 84.16 (4.38) 77.45(5.47) 81.52(3.22) 84.56 (5.60)
O-SFO O-MFCC 83.23(5.18) 81.05(5.13) 81.52(4.39) 77.99 (4.84)
S-SFO S-MFCC 40.98 (4.90) 48.55(4.53) 38.83(5.28) 45.05 (4.67)
TIMIT F-SFO F-MFCC  79.70 (3.77) 80.58 (5.01) 80.99 (5.64) 82.74 (4.39)
O-SFO O-MFCC 78.84 (5.66) 81.95(5.33) 78.46(5.79) 81.57 (4.76)
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Figure 5: Confusion matrices averaged over 5-folds of cross-validation for the best performing configurations of the transfer learning
approaches with multiple auxiliary tasks for different input speech features; here, the entry in the cell (i, j) of each matrix indicates the
% of samples of true class i which are classified as class j

6.4. Performance with varying ALS data size

The primary motivation behind employing transfer learning approaches in this work is to alleviate the scarcity of speech data from
dysarthric speakers of different severity levels. Figure 6 illustrates the variations in the dysarthria severity classification performance
when decreasing proportion of the ALS training and validation dataset are used for building the classification system with or without



employing transfer learning. Here, we compare the best STDL configuration, i.e. STDL with F-MFCC statistics as the input, and the
best transfer learning configuration, i.e. MTLpl with F-MFCC statistics as the input, F-S as the auxiliary task and IHC PHON as the
auxiliary data. It can be observed that, though the accuracies reduce as lesser percentage of data is used for training and validation
in both the cases, the accuracy obtained using the transfer learning based approach with only 20% of the ALS training and validation
dataset is similar (0.6% higher) to that achieved by the STDL approach with 100% of the concerned dataset. This suggests the suitability
of the proposed transfer learning based configuration as the data-efficient way of building dysarthria severity classifiers.

100

—8—Best STDL configuration
—&— Best transfer |learning configuration | |

8

80

70+

Classification accuracy (%)

100 80 60 40 20
% of ALStrain and validation data used

Figure 6: Mean classification accuracies (SD in error bar) obtained with and without using transfer learning for varying size of the
ALS train and validation dataset

6.5. Analysis of generalizability

We now analyze if the transfer learning protocols under consideration helps in improving the generalizability of dysarthria severity
classification. To this end, we select a random 1/ 374 segment of every utterance of the training ALS set and form a seen test set
using those segments. The remaining portion of the utterances constitute the new reduced training set, where, the feature statistics are
computed over the entire remaining portion of an utterance. The validation set is kept as it is, and the original test set acts as the unseen
test set. This configuration is used in all iterations of the 5-fold cross validation. All models are trained and tested using this setting.
Same data splits are maintained for STDL and different transfer learning approaches. Table 6 reports the classification performances
obtained on the seen and unseen test sets while using different learning protocols and auxiliary tasks with F-MFCC as the input speech
representations. The differences between the mean seen and unseen classification accuracies are also reported. In this analysis, we
consider transfer learning approaches without using any auxiliary dataset, so as to ensure that the effect is of the learning protocol and
not of the auxiliary data usage. It can be observed that, the performance gap between the seen and unseen test reduces drastically when
the transfer learning protocols are employed, as compared to the case of STDL. This indicates better generalizability of the dysarthria
severity classification systems trained using transfer learning. Similar trends are also observed for the other input features, namely,
S-MFCC and O-MFCC statistics. All auxiliary tasks considered in this work are closely related to the primary task of dysarthria
severity classification since these auxiliary tasks focus on learning source, filter, and overall attributes inherent in the utterances, which
can provide useful information about the speech characteristics and the dysarthria severity levels. Transfer learning using these related
auxiliary tasks has a regularization effect which in turn improves the generalizability [54, 55].

Table 6: Mean classification accuracies (SD in bracket) on seen and unseen test subjects, along with their differences, obtained using
STDL and different transfer learning methods where F-MFCC statistics act as the input speech representation; here, transfer learning
is performed without using any auxiliary data

Difference in

Learning  Auxiliary Seen test Unseen test mean accuracy (%)
protocol task accuracy (%) accuracy (%) (Seen - Unse};n)o

STDL - 90.74 (3.90) 73.04 (5.53) 17.70
F-O 80.62 (2.18) 77.97 (5.58) 2.65
FT F-S 87.96 (2.49) 81.49 (3.80) 6.47
F-F 82.97 (3.38) 78.37 (4.41) 4.60
F-SFO 83.12 (2.57) 80.53 (5.61) 2.59
F-O 79.45 (2.50) 76.18 (4.37) 3.27
MTL F-S 86.48 (2.39) 80.11 (5.32) 6.37
F-F 80.18 (1.50) 79.71 (5.55) 0.47
F-SFO 81.50 (2.44) 81.43 (3.92) 0.07
F-O 78.27 (5.42) 78.79 (4.66) -0.52
F-S 80.77 (2.62) 80.13 (5.65) 0.64
MTLpl F-F 81.94 (3.17) 78.42 (5.95) 3.52
F-SFO 82.68 (1.57) 82.82 (4.03) -0.14




7. Discussion

Results suggest that, though both the source and the filter components of speech are reported to get affected in ALS-related dysarthria,
higher dysarthria severity classification accuracies are obtained when filter-related features are used as the inputs to the models, as
compared to source-related features. This is true for both STDL and transfer learning based cases. Thus, the filter-related features seem
to carry better discriminative cues, than the source-related features, for classifying different dysarthria severity levels. The slightly
inferior performance of O-MFCC than F-MFCC, in most cases, might be because O-MFCC contains both source and filter related
information, and the inclusion of source attributes may introduce variability that does not necessarily benefit the classification. Even
with the auxiliary task of O-F, though filter attributes are expected to be reinforced in the latent representations obtained from O-MFCC
statistics, it may not be possible to completely eliminate the source related information.

For transfer learning with single auxiliary task, when O-MFCC statistics are used as the inputs (Table 4), O-F achieves the highest
mean classification accuracies among the three auxiliary tasks O-O, O-S, and O-F, in the cases of all transfer learning protocols
for all auxiliary data configurations. This is expected as filter cues are found to carry major discriminative information for severity
classification, thereby making the O-F task closely related to the primary task of severity classification. The auxiliary task of O-S is
also observed to help in severity classification to a great extent, in spite of S-MFCC delivering the lowest performance individually in
STDL. Though much inferior to O-F, the O-S task also might help the encoder in capturing some cues which are not easy to learn using
the primary classification task only. Similarly, when F-MFCC statistics are used as the inputs in the case of transfer learning with single
auxiliary task (Table 3), either of F-S or F-F performs the best. For S-MFCC, no one auxiliary task delivers better performance than
others in majority of the cases. Since the accuracies obtained in the cases of S-MFCC are relatively low, we do not delve deep into this
scenario. On the other hand, incorporating multiple auxiliary tasks does not provide an edge over using single auxiliary tasks in terms
of the maximum mean accuracies achieved in severity classification. Trying to predict all components at once might be difficult, and
hence, may introduce variabilities in the latent representations.

We observe that transfer learning aids severity classification whether any auxiliary data is used or not. Nonetheless, we observe the
best average performances (over all transfer learning protocols and auxiliary tasks) in both transfer learning with single and multiple
auxiliary tasks for all input speech features in the configurations where auxiliary data is incorporated. It can be observed further that,
exact matching of both the languages and the speech tasks between the primary ALS dataset and the auxiliary data is not essential
for the auxiliary data to deliver the best average severity classification performance. Our ALS dataset contains SPON utterances in 5
different Indian languages spoken by native speakers. When S-MFCC statistics act as the input features, the best mean classification
performances in the cases of transfer learning using both single auxiliary task as well as multiple auxiliary tasks are obtained while
using IndicTIMIT as the auxiliary dataset. Same is the case for transfer learning with multiple auxiliary tasks when F-MFCC statistics
are used as the input features. IndicTIMIT differs from the ALS dataset in terms of both the recording language (English) and speech
task (read speech). Only similarity between the two datasets is that both have native Indian speakers. In the case of transfer learning
with single auxiliary task and F-MFCC statistics as inputs, the best mean performance is obtained using IHC PHON as the auxiliary
dataset. For O-MFCC as input, IHC DDK delivers the best performances in both single and multiple auxiliary task configurations of
transfer learning. Though both IHC PHON and IHC DDK are matched to the ALS dataset in terms of language, the speech tasks are
different in both cases. Only IHC SPON has the exactly same configurations of speech task and language as the ALS dataset. However,
in many cases, the highest mean classification accuracies (over all auxiliary tasks and transfer learning protocols) obtained using the
other auxiliary datasets, including TIMIT (which has all of speech task, native language, and recording language different from the
ALS dataset), are similar to or higher than the best mean accuracy achievable by IHC SPON. Thus, languages and speech tasks do not
appear to be a barrier while performing transfer learning.

In most cases, the four transfer learning protocols are observed to perform similarly. This agrees with the observation in our previous
work [21]. All transfer learning frameworks explored in this work improve the severity classification performances as compared to
STDL. Similar to [21], the primary improvement is attained in the classification performance on the ML class. The highest performances
achieved here using F-MFCC and O-MFCC statistics as inputs are higher than the highest performance attained in [21]. Though the
performances on the SV and NS classes also improve while using transfer learning with S-MFCC statistics as input, these are observed
to degrade with transfer learning in a few cases where F-MFCC and O-MFCC statistics act as the inputs. However, the decline is not
remarkable.

Lastly, it is to be noted that, in the experimental setup, we employ equal number of utterances from all auxiliary datasets for
transfer learning purposes so that the results are not affected by the auxiliary dataset size. Employing more utterances (if available in
the auxiliary dataset) may seem to enhance the classification performances. However, we do not observe much changes in performances
on repeating the experiments with all utterances present in each auxiliary dataset.

8. Conclusions

This paper analyzes source and filter related cues for 3-class dysarthria severity classification specific to ALS and finds that the filter
related cues carry better discriminative information. Transfer learning approaches with novel source and filter characteristics based
auxiliary tasks are explored to mitigate the low data availability issue often encountered in training dysarthria severity classification
systems. We empirically confirm the utility of these approaches in improving the performance and generalizability of the classifiers.
The major benefit is obtained on the classification performance for the mild dysarthria class. However, the optimal auxiliary task
is found to vary depending on the input speech feature used as well as the auxiliary data configuration considered. Moreover, no
significant difference is observed among the four transfer learning protocols explored. The speech task and language of the auxiliary
dataset also do not seem to pose any difficulty in transfer learning. In future, we would like to explore auxiliary tasks which can bring
in more explainability in the decision of the severity classifier. We would also like to predict the ALSFRS-R scores directly instead of
performing the 3-class severity classification.
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