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Abstract

Disease progression in ALS is heterogeneous due to the
varying presentation of clinical symptoms. This heterogene-
ity makes it difficult to accurately quantify longitudinal disease
severity in people with ALS (pALS), making it difficult to de-
termine the efficacy of therapeutic interventions. In this work,
we explore a Bayesian Logistic Mixed-Effects model that can
help predict individual trajectories in pALS. We used metrics
extracted from 143 pALS who interacted with a cloud-based
multimodal assessment platform comprising standard speaking
exercises. We found that multimodal biomarkers can be pre-
dicted more accurately than the ALSFRS-R, the clinical gold
standard to measure disease state, with dense and sparse train-
ing data. Such non-linear models have the potential to help with
stratification of pALS into fast and slow progressors and thus
inform treatment approaches. Patient stratification is also a key
factor in designing clinical trials to test drug efficacy in slowing
progression.
Index Terms: Amyotrophic Lateral Sclerosis, speech-based
multimodal digital biomarkers, disease progression, individual
trajectories, non-linear modelling

1. Introduction
Amyotrophic Lateral Sclerosis (ALS), also known as Lou
Gehrig’s disease, is a fast-progressing neurodegenerative dis-
ease. It has an estimated prevalence of 4.42 per 100,000 per-
sons [1] and a median survival of 3 to 5 years after disease
onset [2]. Approximately 30% of patients with ALS present
with bulbar onset, which is marked by a rapid decline in speech
and swallowing abilities [3]. The rest exhibit non-bulbar on-
set, initially showing muscular atrophy in the limbs and trunk
[4]. However, most patients with non-bulbar onset ALS even-
tually develop bulbar symptoms as their disease progresses [2].
While almost all pALS decline functionally over time, the na-
ture of this decline and the clinical presentation of the disease is
highly heterogeneous [5]. Furthermore, the clinical gold stan-
dard to measure disease progression, the revised ALS Func-
tional Rating Scale (ALSFRS-R) [6], is not granular enough
to measure subtle changes in function because it is a subjec-
tive questionnaire-based assessment. Several studies have mod-
elled ALSFRS-R score progression in a linear manner [7, 8, 9].
Even clinical trials of potential therapies use the linear slope of
the ALSFRS-R score or changes from baseline as primary end-
points [10, 11, 12]. However, there is plenty of evidence sug-
gesting that ALS disease progression is non-linear in nature and
that progression rate is a function of disease severity [13, 14].

Some prior work has focused on modelling ALS progres-
sion using a two-parameter sigmoid [15, 16]. This work as-
sumes pre-specified trajectory patterns through the parameters.

To overcome this requirement, some work has taken an ap-
proach of clustering patients sharing progression patterns using
Gaussian processes and a Dirichlet process mixture model [17].
But as mentioned earlier, almost all of this work focuses on the
ALSFRS-R score and its domain-specific subscores as the pri-
mary endpoint of disease progression modelling.

Over the past few years, objective biomarkers based on
speech and facial motor movement have emerged as good prox-
ies for tracking bulbar function decline in pALS [18, 19, 20, 21,
22, 23]. A natural question therefore arises: is there a way to
incorporate information from this rich resource of multimodal
biomarkers to improve forecasting individual progression tra-
jectories in pALS?

To take a step towards this, we take inspiration from prior
work done in projecting disease progression in Alzheimer’s
disease using multivariate data [24, 25]. This work used the
leaspy software package that focuses on reconstructing long-
term trajectories from short-term observations using Bayesian
mixed-effects models. leaspy quantifies patient deviations from
group averages, assesses the impact of co-factors, imputes miss-
ing data, predicts future observations, and simulates virtual pa-
tients. The algorithm is capable of handling scalar and multi-
variate data, including clinical scores and imaging-derived data.
Model fits can be logistic, exponential or linear in nature.

In this work, we ask the following research questions:
1. (RQ1) Disease trajectory prediction: Given a set of non-

uniformly sampled digital biomarkers and the clinical-
standard ALSFRS-R score over an 8-week time period, can
individual disease progression trajectories be predicted for
the 8-week period that immediately follows?

2. (RQ2) Unseen trajectory imputation: Given only a set
of non-uniformly sampled digital biomarker values over 8
weeks, can the entire unseen clinical-standard ALSFRS-R
score trajectory be predicted for a 16-week period?

3. (RQ3a) Sparse trajectory prediction with uniform sampling:
How well can we predict disease time-course (as in RQ1) for
a desired future timepoint when multimodal digital biomark-
ers and the ALSFRS-R score are sparsely sampled at two
time points that are 8 weeks apart?

4. (RQ3b) Sparse trajectory prediction with non-uniform sam-
pling: How well can we predict disease time-course for a fu-
ture timepoint when multimodal digital biomarkers and other
clinically-relevant scores (such as perceptual score of speech
impairment and the ALSFRS-R score) are sparsely sampled
at two non-uniformly sampled timepoints?

RQ1 is important for applications such as ALS randomized
clinical trials (RCTs), where one would like to understand and
model the disease progression trajectory of a treated patient if
they hadn’t received the treatment intervention. Note that such



longitudinal prediction models have to be robust to non-uniform
sampling of data points. Another application of RQ1 is in clin-
ical care where clinicians need to decide next steps of action
depending on the predicted trajectory.

RQ2 extends the above question to the case of missing data
points, an often-encountered case in pharmaceutical RCTs [26].
Specifically, we explore if a data trajectory missing in its en-
tirety (in this case, the clinical-standard ALSFRS-R total score)
can be fully reconstructed and predicted for future timepoints,
given other objective biomarker trajectories.

Finally, RQ3a and RQ3b extend this case even further to the
edge case of just 3 observable time points. It is often the case
that certain biomarkers and clinical scales can only be sampled
at limited, specified times over the duration of clinical trials for
a variety of reasons, including but not limited to cost, the need
for manual intervention, or patient burden. For this reason, it
can be extremely valuable to be able to robustly predict such
cost-inefficient biomarkers based on cost-efficient biomarkers
that are more accessible.

To our knowledge, this work is the first to explore
non-linear trajectory modelling of remotely-collected and
automatically-extracted multimodal biomarkers to predict dis-
ease progression in ALS. The cloud-based platform and the
completely remote nature of data collection makes this ap-
proach more accessible to individuals with ALS.

2. Data
Audiovisual data was collected remotely from 143 pALS (70
female, mean age ± standard deviation = 60.4 ± 10.2 years) us-
ing the Modality platform, a cloud-based multimodal dialogue
system for neurological and mental health assessments [27]. Of
these 143 pALS, the site of onset was non-bulbar (limb, spinal,
etc.) for 107 participants and bulbar for 36 participants. This
data collection is part of an ongoing collaboration with Every-
thingALS and the Peter Cohen Foundation. The study protocol
was approved by an external Institutional Review Board and all
participants signed an informed consent form prior to partici-
pating in the study.

Participants receive a weblink that can be opened in an in-
ternet browser and device of their choice. A virtual guide, Tina,
walks participants through a structured set of tasks designed to
elicit speech and facial behaviours. Tasks include, among oth-
ers, (a) read speech (Sentence Intelligibility Test (SIT), 5-15
words; Reading Passage (RP), the Bamboo passage 99 words),
(b) oral diadochokinesis (DDK, repeating the syllables /pA/, /tA/
and /kA/ rapidly) and (c) free speech in the form of a picture
description task (PD). The audiovisual stream captured during
participants turns is uploaded to the cloud and segmented in
real-time on a turn-by-turn basis. Analytics modules extract
relevant speech acoustic, facial motoric and linguistic metrics
from each task. 3414 sessions were considered for this analysis
across all 143 pALS (2833 non-bulbar, 581 bulbar).

3. Methods
Audiovisual metrics extracted from all speech tasks result in a
large number of features. In previous work [23], we have iden-
tified 17 objective biomarkers that can distinguish pALS with
bulbar onset from those with non-bulbar onset using the follow-
ing steps. Hierarchical clustering using Spearman’s rank-order
correlations was applied to healthy controls’ data to manage
multicollinear features [28]. Ward’s method was used for clus-
tering, producing 27 clusters, with a representative feature cho-
sen for each. ROC curve analysis with 5-fold cross-validation

evaluated the features for distinguishing bulbar from non-bulbar
onset participants. 17 features with an AUC ≥ 0.65 and a mini-
mal clinically-important difference [29, 30] larger than the stan-
dard error were identified (see Table 1). In addition to these
17 multimodal biomarkers, for a subset of 357 sessions from
119 participants (3 time points per participant, 92 non-bulbar /
27 bulbar), we derived ratings of perceived speech impairment
(PSI) from three human raters (two speech scientists and one
computer science student) using a visual analogue scale (VAS).
Previous research has shown that such perceptual ratings align
with severity ratings of speech impairment as rated by clini-
cians [31, 32]. The VAS was presented to raters as a vertical
slider whose position converted to an integer score from 0 (not
impaired) to 100 (very impaired). Raters listened to the first 15
seconds of the reading passage to make a judgement.

Participants answered the ALSFRS-R survey at the end of
their session. The ALSFRS-R score evaluates physical function
of patients across 4 domains - bulbar, fine motor, gross motor
and respiratory - through 12 questions. Each question can be
scored from 0 (complete loss of function) to 4 (normal func-
tion). The ALSFRS-R total score (possible scores ranging from
0 to 48), the ALSFRS-R speech score (scores ranging from 0
to 4), the ALSFRS-R bulbar subscore (comprising responses to
three questions about speech, salivation and swallowing; scores
ranging from 0 to 12) were also considered for all sessions.

To model trajectories of disease progression, we used
Bayesian Logistic Mixed-Effects (BLME) models to predict av-
erage and individual trajectories of multivariate data based on
repeated observations [25]. The models require all features to
be normalized between 0 and 1 with an increase in feature val-
ues temporally. The leaspy package utilises a Markov Chain
Monte Carlo - Stochastic Appromixation Expectation Maxim-
imization (MCMC-SAEM) algorithm to estimate parameters
for the logistic fit. Source dimension was defined as the square
root of the number of features rounded off to the closest integer
and a Gaussian diagonal noise model was used.

To answer the first research question (RQ1), we took data
from all participants who had 16 weeks worth of data from their
first session. This resulted in data from 71 pALS (33 female,
56 non-bulbar/15 bulbar) and 851 sessions (average number of
sessions per participant ± standard deviation = 11.99 ± 3.11
sessions). We used a leave-one-out cross validation approach
to test the performance of the models in predicting the values
in the subsequent 8 weeks. Model performance was evaluated
using normalized mean absolute error (nMAE) that accounts
for the differences in feature ranges. We evaluated model per-
formance by predicting values of the 17 multimodal biomark-
ers and ALSFRS-R scores over weeks 8 to 16 given the first 8
weeks worth of data.

To answer the second research question (RQ2), we used
values of the 17 multimodal biomarkers from the 851 sessions
used in RQ1 to predict the ALSFRS-R scores over all 16 weeks.
Note that the model did not see any part of the ALSFRS-R score
trajectory during testing.

To answer the third research question (RQ3a), we took data
from participants who had completed a session 8 weeks after
their first session (56 ± 3 days) and a session at 16 weeks (112
± 3 days). We only considered these three sessions per par-
ticipant. This resulted in data from 24 pALS (72 sessions, 12
female, 6 bulbar).

To answer the fourth research question (RQ3b), we used the
17 multimodal digital biomarkers, PSI and the three ALSFRS-
R scores from the subset of 357 sessions (for which PSI was
rated) as features.



Feature name Description
Speaking duration (RP) Time taken to read the passage

cTV (DDK) Cycle-to-cycle temporal variability during diadochokinesis
CTA (RP) Canonical Timing Alignment of the reading passage, a number between 0% (non-

alignment) and 100% (perfect alignment), measured as the normalised inverse
Levenshtein edit distance between words and silence boundaries

Word count (PD) Count of words used to describe the picture
Max. eyebrow displacement (SIT) Maximum vertical displacement of eyebrows while reading sentences

PPT (SIT) Percentage pause time while reading sentences
Max. lip width (RP) Maximum lip width while reading the passage

HNR (SIT) Harmonics-to-noise ratio while reading sentences
CPP (RP) Cepstral peak prominence while reading the passage

HNR (DDK) Harmonics-to-noise ratio during diadochokinesis
Mean lip aperture (SIT) Mean aperture of the lips while reading sentences
Max. eye opening (SIT) Maximum eye opening while reading sentences

Closed class word ratio (PD) Ratio of closed class words to open class words while describing the picture
Mean F0 (RP) Mean fundamental frequency while reading the passage

Max. jaw velocity down (SIT) Maximum downward jaw velocity while reading sentences
DDK syllable count Number of syllables during diadochokinesis

Max. jaw velocity up (RP) Maximum upward jaw velocity while reading the passage
Table 1: Features; RP = reading passage, DDK = diadochokinesis, PD = picture description, SIT = sentence intelligibility test

To benchmark BLME model performance for all four re-
search questions, we fit two naive models - a linear regression
model and a multi-layer perceptron (MLP) regressor with three
hidden layers (128, 64, 32 neurons), ReLU activation, Adam
optimizer, an L2 regularization parameter of 0.0001 and a learn-
ing rate of 0.001 [33]. Note that the baseline models for RQ2
were the same as that for RQ1 because the naive regression
models would not converge for unseen trajectories.

4. Results
When it came to predicting values of multimodal digital
biomarkers and ALSFRS-R scores for an 8-week time period
based on a preceding 8-week period (RQ1), the BLME model
performed better than or as good as the linear regression and
MLP regressor model for all features and scores except closed
class word ratio (PD) in bulbar pALS. nMAE was < 0.2 for all
features and scores (see Table 2). The best performance was
for speaking duration of RP in non-bulbar pALS and mean lip
aperture for SIT in bulbar pALS (nMAE = 0.05). Also per-
forming well were predictions for RP CTA, PD word count,
maximum vertical eyebrow displacement and HNR during SIT
in non-bulbar pALS (nMAE for all four metrics = 0.07). The
worst performance was for cycle-to-cycle temporal variability
during oral diadochokinesis, maximum upward jaw velocity for
the reading passage and the ALSFRS-R total score in bulbar
pALS (nMAE = 0.17).

Predicting ALSFRS-R scores for a 16-week period un-
seen trajectory (RQ2) base on 8 weeks worth of multimodal
biomarker data had the least nMAE for the ALSFRS-R speech
score in bulbar pALS (0.24). nMAE for the ALSFRS-R total
score was higher (see Table 2) than the benchmark models.

When multimodal digital biomarkers and ALSFRS-R
scores were sparsely sampled 8 weeks apart, predicting values
at a third time point 8 weeks in the future (RQ3a) was more
accurate with the BLME than the linear regression model and
the MLP regressor. Unsurprisingly, the predictions were not as
good as those in RQ1 (denser sampling) but the model did a
great job of predicting speaking duration of RP in non-bulbar

pALS (nMAE = 0.06) and PD word count in bulbar pALS
(nMAE = 0.05). Notably, prediction of most digital biomark-
ers was much more accurate than that of the ALSFRS-R scores.

When it came to predicting values of multimodal digi-
tal biomarkers, perceived speech impairment and ALSFRS-R
scores for the third time point for the 119 participants (RQ3b),
the BLME logistic model performed better across the board ex-
cept for the ALSFRS-R speech score. For RQ3 BLME model,
nMAE was < 0.2 for all automatically-extracted multimodal
metrics (except PD closed class word ratio in bulbar pALS),
PSI and for the ALSFRS-R total score and ALSFRS-R bulbar
subscore (see Table 2). We observed the best performance for
speaking duration in non-bulbar pALS while reading a passage
(nMAE = 0.05). Model performance was the worst in predicting
the ALSFRS-R speech score (nMAE = 0.27 for bulbar pALS
and 0.26 for non-bulbar pALS).

5. Discussion
The aim of this work was to evaluate whether individual disease
progression trajectories in people with ALS can be predicted
using non-linear Bayesian logistic mixed effects models. Data
was collected remotely, thus making the system more accessible
to people with ALS who have severe mobility issues due to loss
of motor function.

We observed that when a set of non-uniformly sampled dig-
ital biomarkers and ALSFRS-R scores are available (RQ1), in-
dividual disease progression trajectories over the next 8 weeks
can be predicted well using the BLME model (see Table 2).
The ALSFRS-R speech score (range of 4) can be predicted with
an nMAE of 0.16 in bulbar pALS which is approximately just
over half a point off the observed score. Thus, the BLME ap-
proach is useful in predicting disease trajectory in pALS with
non-uniformly sampled digital biomarkers. The model perfor-
mance worsens slightly when the ALSFRS-R scores are unseen
and need to be predicted over the course of 16 weeks (RQ2).
Thus, the trajectory of ALSFRS-R scores is hard to predict
when the data is unseen. This may indicate the subjective non-
granular nature of ALSFRS-R scores. When the training data



Feature / Score Normalized mean absolute error (nMAE) values (Bulbar / Non-bulbar)
LR MLPR BLME BLME LR MLPR BLME LR MLPR BLME
RQ1/RQ2 RQ1/RQ2 RQ1 RQ2 RQ3a RQ3a RQ3a RQ3b RQ3b RQ3b

Speaking duration (RP) 0.16 / 0.13 0.15 / 0.13 0.10 / 0.05 - 0.36 / 0.18 0.56 / 0.37 0.13 / 0.06 0.19 / 0.12 0.21 / 0.12 0.15 / 0.05
cTV (DDK) 0.25 / 0.18 0.25 / 0.20 0.17 / 0.14 - 0.26 / 0.23 1.68 / 2.25 0.17 / 0.15 0.26 / 0.19 0.92 / 0.78 0.18 / 0.14

CTA (RP) 0.25 / 0.19 0.25 / 0.19 0.10 / 0.07 - 0.40 / 0.22 0.65 / 0.77 0.12 / 0.08 0.26 / 0.18 0.29 / 0.22 0.16 / 0.10
Word count (PD) 0.10 / 0.09 0.10 / 0.10 0.06 / 0.07 - 0.15 / 0.10 0.16 / 0.16 0.05 / 0.11 0.17 / 0.15 0.16 / 0.15 0.10 / 0.09

Max. eyebrow disp. (SIT) 0.14 / 0.13 0.14 / 0.14 0.08 / 0.07 - 0.19 / 0.20 0.18 / 0.21 0.14 / 0.22 0.18 / 0.14 0.22 / 0.18 0.17 / 0.13
PPT (SIT) 0.21 / 0.12 0.21 / 0.11 0.13 / 0.10 - 0.41 / 0.18 0.41 / 0.18 0.31 / 0.11 0.20 / 0.16 0.21 / 0.16 0.19 / 0.12

Max. lip width (RP) 0.17 / 0.16 0.19 / 0.18 0.14 / 0.14 - 0.25 / 0.16 0.37 / 0.25 0.17 / 0.11 0.16 / 0.15 0.24 / 0.21 0.15 / 0.13
HNR (SIT) 0.21 / 0.14 0.21 / 0.14 0.08 / 0.07 - 0.28 / 0.19 0.28 / 0.19 0.13 / 0.09 0.19 / 0.14 0.24 / 0.17 0.12 / 0.09

CPP (RP) 0.15 / 0.12 0.15 / 0.13 0.12 / 0.10 - 0.19 / 0.16 0.91 / 0.93 0.11 / 0.15 0.14 / 0.13 0.20 / 0.19 0.10 / 0.10
HNR (DDK) 0.17 / 0.14 0.17 / 0.14 0.10 / 0.08 - 0.23 / 0.19 0.23 / 0.19 0.09 / 0.14 0.19 / 0.14 0.24 / 0.17 0.16 / 0.10

Mean lip aperture (SIT) 0.12 / 0.15 0.14 / 0.15 0.05 / 0.07 - 0.20 / 0.19 0.34 / 0.51 0.10 / 0.16 0.19 / 0.17 0.21 / 0.17 0.16 / 0.16
Max. eye opening (SIT) 0.15 / 0.15 0.15 / 0.16 0.10 / 0.11 - 0.21 / 0.21 2.18 / 2.30 0.21 / 0.16 0.17 / 0.16 0.32 / 0.34 0.14 / 0.13

Closed class word ratio (PD) 0.12 / 0.07 0.12 / 0.07 0.14 / 0.07 - 0.23 / 0.09 0.55 / 0.67 0.25 / 0.09 0.16 / 0.07 0.22 / 0.11 0.22 / 0.06
Mean F0 (RP) 0.17 / 0.17 0.18 / 0.18 0.09 / 0.09 - 0.23 / 0.23 0.70 / 0.64 0.12 / 0.06 0.18 / 0.18 0.20 / 0.18 0.07 / 0.06

Max. jaw velocity down (SIT) 0.16 / 0.16 0.19 / 0.18 0.14 / 0.13 - 0.20 / 0.21 4.56 / 4.55 0.17 / 0.13 0.18 / 0.16 0.27 / 0.37 0.15 / 0.14
DDK syllable count 0.15 / 0.13 0.15 / 0.13 0.13 / 0.09 - 0.21 / 0.18 0.21 / 0.27 0.09 / 0.14 0.13 / 0.15 0.13 / 0.15 0.10 / 0.11

Max. jaw velocity up (RP) 0.16 / 0.17 0.17 / 0.17 0.17 / 0.15 - 0.19 / 0.24 1.05 / 1.11 0.23 / 0.20 0.20 / 0.18 0.49 / 0.60 0.17 / 0.19
Perceived Speech Impairment - - - - - - - 0.39 / 0.24 0.44 / 0.22 0.11 / 0.09

ALSFRS-R speech score 0.23 / 0.20 0.25 / 0.20 0.16 / 0.11 0.24 / 0.14 0.37 / 0.36 0.35 / 0.37 0.29 / 0.21 0.21 / 0.17 0.22 / 0.26 0.27 / 0.26
ALSFRS-R bulbar subscore 0.20 / 0.15 0.20 / 0.16 0.14 / 0.10 0.19 / 0.12 0.19 / 0.21 0.20 / 0.20 0.22 / 0.18 0.24 / 0.18 0.28 / 0.30 0.17 / 0.14

ALSFRS-R total score 0.18 / 0.18 0.19 / 0.17 0.17 / 0.14 0.23 / 0.19 0.27 / 0.26 0.82 / 1.04 0.33 / 0.36 0.14 / 0.18 0.22 / 0.22 0.14 / 0.16

Table 2: Normalized mean absolute error (nMAE) values; a ‘-’means the feature was not part of model testing; LR = linear regression
model, MLPR = Multi-Layer Perceptron Regressor, BLME = Bayesian Logistic Mixed-Effects model, RP = reading passage, DDK =
diadochokinesis, PD = picture description, disp. = displacement, SIT = sentence intelligibility test, cTV = cycle-to-cycle temporal
variability, CTA = Canonical Timing Alignment, PPT = percentage pause time, HNR = harmonics-to-noise ratio, CPP = Cepstral
Peak Prominence, F0 = Fundamental frequency of voice

for the model is sparse (as in RQ3a and RQ3b), model perfor-
mance is good for digital biomarkers but worse in predicting
the ALSFRS-R speech score as compared to disease trajectory
prediction with denser data. Thus, automatically-extracted mul-
timodal biomarkers may be more robust to data sparsity than
ALSFRS-R scores.

Speech timing features like speaking duration perform well
across the board, i.e. RQ1, RQ3a and RQ3b. This is consistent
with past research that shows that speech measures are more
responsive and sensitive to change in disease state in pALS [22].
However, the results suggest that orofacial motor movement can
be better predicted when the training dataset is dense (8 weeks
worth of data).

Predicting speaking duration and word count values with
great accuracy in pALS indicates that logistic models are capa-
ble of tracking individual trajectories of muscle weakness and
the resulting dysarthria due to bulbar degeneration. Such non-
linear models have the potential to help with stratification of
pALS into fast and slow progressors and thus inform treatment
approaches. Patient stratification is also a key factor in design-
ing clinical trials to test the efficacy of drugs in slowing pro-
gression. Future work will explore the use of these non-linear
models in patient stratification.

We used simple benchmark models in this work to maintain
interpretability of their performance evaluation. In future work,
we plan to use recurrent neural networks and other deep learn-
ing methods to test disease trajectory prediction. Although the
BLME algorithm was capable of handling multivariate medical
information, we did not include any neuroimaging data or data
on neurofilament protein concentrations in participant’s cere-
brospinal fluid or blood. Inclusion of such complementary data
points may improve model performance but gathering this in-
formation requires frequent visits to the clinic and invasive pro-
cedures. Distance to clinic has been shown to be a limiter in re-
cruitment of pALS for clinical trials [34]. Future work could ex-
plore whether models including remotely-collected multimodal
digital biomarkers, which can either be collected non-uniformly
and sparsely or uniformly and densely, are capable of predict-

ing disease progression as efficiently as models that combine
this information with imaging or lab biomarkers. If the answer
to this question is yes, it would greatly improve clinical trial
operations and reduce patient burden as well as costs.

6. Conclusion
In conclusion, individual trajectories of disease progres-
sion can be predicted with great accuracy in individuals
with Amyotrophic Lateral Sclerosis using remotely-collected
automatically-extracted multimodal biomarkers and non-linear
modelling methods. This work builds on prior work in non-
linear modelling of ALSFRS-R decline by demonstrating that
in certain cases, changes in automatically-extracted speech
acoustic, facial motor and linguistic objective biomarkers could
track longitudinal physiological changes more sensitively than
changes in categorical scales.
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