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Summary
Background Amyotrophic lateral sclerosis (ALS) is a rapidly progressive neurodegenerative disorder with highly 
heterogeneous trajectories. The Revised ALS Functional Rating Scale (ALSFRS-R) is challenging to model due to 
irregularly spaced data and patient-level variability. Here we sought to develop and validate a short-horizon 
prediction tool leveraging a fully connected neural network (FCNN) to forecast individual ALSFRS-R trajectories, 
providing a natural history benchmark for trials and clinical practice.

Methods We retrospectively analysed 29,992 ALSFRS-R measurements from 5319 people living with ALS (plwALS) 
in the population-based PRECISION-ALS dataset. plwALS were randomised (80:20) into a training and test cohort 
using group-based splitting. A three-layer FCNN was built in TensorFlow to predict a third ALSFRS-R score given 
two historical scores and their respective time intervals. Performance was evaluated on the PRECISION-ALS test set 
and externally on the PROACT database. Linear extrapolation served as a baseline comparator.

Findings On the PRECISION-ALS test set, the FCNN achieved a mean absolute error (MAE) of 0.0552 (95% CI 
0.0547–0.0576) on a normalised 0–1 scale, corresponding to 2.65 (2.63, 2.76) points on the 48-point ALSFRS-R. 
This remained consistent across all post-diagnostic periods. The model generalised well to the PROACT dataset, 
with an improved MAE of 0.0485 (95% CI 0.0481, 0.0489). Linear extrapolation performed significantly worse 
across all metrics. Error remained consistent across all clinical groups investigated, such as sex, genotype, site of 
onset, age at diagnosis, age at onset and diagnostic delay.

Interpretation A short-horizon FCNN can provide clinically interpretable, individualised ALSFRS-R forecasts from 
sparse, irregularly spaced data. By supporting rapid identification of those who step outside of the model, this 
approach holds promise for optimising patient counselling, clinical trial monitoring, and early intervention 
strategies. This approach allows us to better utilise our growing bank of ALS patient data to support decision 
making.
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Introduction
Amyotrophic lateral sclerosis (ALS) is a progressive 
neurodegenerative disorder characterised by the 
degeneration of motor neurons, leading to muscle 
weakness, paralysis, cognitive change and death.1 The 
Revised Amyotrophic Lateral Sclerosis Functional Rat
ing Scale (ALSFRS-R) is the most widely used clinical 
tool to assess functional status in people living with 
ALS (plwALS) and monitor disease progression over 
time both in a research and clinical setting.2 The 
ALSFRS-R evaluates plwALS across four domains: 
bulbar function, fine motor function, gross motor 
function, and respiratory function. Twelve questions 
are asked, each scored between 0 and 4, totalling scores 
ranging from 0 to 48—the higher the score, the better 
the plwALS’s functional status.3

Despite its widespread use, the ALSFRS-R has well- 
documented limitations, including floor and ceiling 
effects, non-linear progression—particularly in the 
early stages of the disease—and a baseline degree of 
heterogenicity which causes difficult to predict longi
tudinal trajectories.4,5 These heterogeneous longitudinal 
trajectories are hallmarks of the background hetero
genicity of the disease and a degree of subjectivity in 
grading which is unavoidable. This complicates statis
tical analysis in a research setting and during patient 
counselling in the clinic. Nevertheless, the ALSFRS-R 
remains the primary outcome measure in almost 
every current and past ALS clinical trial.2

Advancements in machine learning and the recent 
availability of large-scale longitudinal population-based 
datasets6,7 present an opportunity to improve 

predictive modelling of ALS progression and better 
understand the differing temporal dependencies of the 
scores which make standard statistical analysis difficult. 
Other studies have focussed on post-diagnostic slope 
prediction8 or on score cluster analysis5 in the context of 
survival by using a combination of statistical tech
niques.8,9 This work tends to rely on the well-known 
PROACT clinical trial dataset due to its size, before 
adjusting for sparse population-based data. Whilst 
some success has been demonstrated with neural net
works and the ALSFRS-R using the PROACT dataset as 
training data,10 including within classification tasks,11 

this has often required sophisticated preprocessing, 
domain adaptation, or the use of a large set of features 
which may not be present at every clinic visit. Thus far 
an individualised patient-level prediction has not yet 
been explored or represented with a single statistical 
technique. The use of population-based data here as 
training data aims to capture the wider heterogeneity 
seen in clinical practice before applying this informa
tion to a clinical trial database, as validation.

Neural networks are interconnected mathematical 
relationships which aim to better represent a high- 
dimensional loss space.12 Here a fully connected 
neural network (FCNN) is used, which can be con
ceptualised as a collection of interconnected regression 
models which are tuned according to data characteris
tics before making an estimation to unseen data. Neural 
networks have been used to model time-series data in 
other domains such as stock price fluctuations13 or to 
predict global weather.14 However, the application of 
these networks to ALSFRS-R data has not been fully 

Research in context

Evidence before this study
The revised Amyotrophic Lateral Sclerosis Functional Rating 
Scale (ALSFRS-R) is the primary clinical outcome measure 
used in ALS clinical trials, capturing patient symptoms and 
function over time. Previous studies have highlighted 
significant heterogeneity in ALSFRS-R trajectories, making 
accurate prediction challenging. Sparse and irregularly-timed 
measurements further complicate efforts to reliably model 
disease progression using traditional linear methods or 
simple population averages. This presents a problem in ALS 
research and in the evaluation of clinical trial effects.

Added value of this study
This study leverages an extensive international ALS dataset 
(PRECISION ALS) comprising 29,992 ALSFRS-R 
measurements from 5319 patients within a fully connected 

neural network. The neural network demonstrates robust 
predictive performance in modelling short-term ALSFRS-R 
trajectories, effectively capturing patient-level heterogeneity 
from sparse longitudinal data. This method significantly 
outperforms linear extrapolation and generalises well to 
unseen patient data (PROACT).

Implications of all the available evidence
Using neural networks to predict ALSFRS-R trajectories 
provides a powerful tool for enhancing patient recruitment 
strategies, monitoring efficacy, and individualising patient 
management in the clinic and in clinical trials. Furthermore, 
this approach enables the development of telemedicine- 
based early warning systems, offering real-time clinical 
insights and proactive interventions based directly on patient 
data.
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explored using population-based data, due to the 
amount of patient data required.15

Here, we leverage the largest ALSFRS-R population- 
based longitudinal database to date in order to provide 
individualised predictions using a FCNN. The 
PRECISION-ALS project data is validated internally 
with unseen data and then externally on the PRO-ACT 
database, aiming to show the applicability of this 
approach to clinical trial datasets, which are known to 
be notably different from the clinical heterogenicity 
present in clinical practice.16–18

By reframing ALSFRS-R modelling as a machine 
learning time-series prediction problem, this paper 
aims to provide a virtual benchmark within a statistical 
model. Clinicians can then use this model in clinical 
trials and routine care to compare their patient’s tra
jectory against broader natural history data.

Methods
Data sources
All ALSFRS-R values in this study were collected by a 
trained investigator during a clinical interview.

Training: PRECISION-ALS
Under General Data Protection Regulation (GDPR)- 
compliant data-sharing agreements, we accessed de- 
identified longitudinal data from the PRECISION-ALS 
project.19 This dataset was manually harmonised con
taining information collected from nine specialised 
European ALS centres with active national or sub- 
national prospectively collected population-based reg
istries. Data are collected at numerous points from 
diagnosis to death according to either clinician follow- 
up in clinic, community outreach, or both. All 
plwALS diagnosed with “possible,” “probable” (with or 
without laboratory support), or “definite” ALS according 
to the revised El Escorial criteria were eligible for 
inclusion.

Validation: PRO-ACT
For external validation, we utilised the Pooled Resource 
Open-Access ALS Clinical Trials (PRO-ACT) database, 
which is publicly available to researchers and contains 
data from multiple interventional ALS clinical trials 
where the investigational medicinal product was proven 
to not have any statistically significant effect. There is 
no overlap between the PRECISION-ALS and PRO- 
ACT datasets, ensuring an unbiased assessment of 
model generalisability.

ALSFRS-R segments
50% of people living with ALS (plwALS) within the 
PRECISION database had 3 ALSFRS-R measurements 
or greater, three points were then taken as the shortest 
collection of points that can capture temporal infor
mation and variation. Using ALSFRS-R total score and 

months from diagnosis at which this score was taken, 
the data were split into all possible 3 sequential points. 
These ‘segments’ were then fed into the model; the 
model aims to predicts a third total score, given the two 
previously recorded patient scores and the time post- 
diagnosis they were taken, at the third timepoint.

Fully connected neural network (FCNN) 
construction
The model was developed in Python using Tensor
Flow,20 an open-source machine learning framework 
that facilitates the construction and training of neural 
networks. Parameters such as the number of units, 
dropout rates, and regularisation strength, were 
selected based on iterative experimentation and evalu
ation of model performance on the test and validation 
dataset. Confidence intervals were calculated by boot
strapping model errors via Scikit-learn.21

Model training factors
The neural network was implemented as a feedforward 
architecture with three hidden layers, each comprising 
ReLU-activated dense units. The first hidden layer 
contained 64 nodes, the second hidden layer 32 nodes, 
and the third hidden layer 16 nodes. Dropout was 
applied after each hidden layer to mitigate overfitting. 
The final output layer consisted of a single linear 
neuron that provided continuous ALSFRS-R pre
dictions. The network was optimised via the Adam 
optimiser, with a learning rate of 0.001 and a mean 
squared error (MSE) loss function.

Training was conducted for a maximum of 100 
epochs, with early stopping applied based on validation 
loss. The early stopping criterion was set with a 
patience of 5 epochs, meaning training would halt if no 
improvement in validation loss was observed for five 
consecutive epochs. Model convergence was achieved 
within 10 epochs, beyond which no substantial 
improvement in validation performance was noted. The 
initial training loss was 0.0610 (MSE), which progres
sively decreased, reaching a final loss of 0.0081 (MSE) 
after 10 epochs. The mean absolute error (MAE) also 
declined, starting at 0.1782 and stabilising around 
0.0665. The training and validation loss are presented 
in Fig. 1.

Long Short-Term Memory (LSTM) modelling
To assess whether neural network memory mecha
nisms improved prediction accuracy, a Long Short- 
Term Memory (LSTM) model was constructed for the 
same task.22 Inputs remained the same and two stacked 
LSTM layers with 25 units each were used with dropout 
layers in between (0.3). Return sequences was set to 
true in the first layer to pass the full temporal encoding 
to the second layer, producing a summary of the input. 
This was then combined with the future time input and 
processed through a dense ReLU layer and L2 
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regularisation. After another dropout layer, the final 
output was produced by a single linear activation 
neuron, as with the FCNN. This model was compiled 
with the same optimiser and loss function as 
previously.

Ethics and funding
All plwALS who contributed to this study have provided 
their infomed consent, which is stored locally at each of 
the participating sites. Performance of this study was 
approved by each of local instuitional ethics review 
boards and collected according to the TRICALS con
sortium agreement. PRECISION ALS is funded by 
Taighde Éireann. Robert McFarlane is supported by a 
research grant from Target ALS, a charitable organisa
tion supporting ALS research.

Role of funders
No funders had any role in study design, data collec
tion, data analysis, interpretation or writing of this 
manuscript.

Results
A total of 48,375 ALSFRS-R measurements from 10,633 
plwALS were initially obtained from the PRECISION- 
ALS dataset. After quality control, 47,341 valid 
measurements from 10,633 individuals remained. Ex
clusions occurred primarily for impossible ALSFRS-R 
values (>48 or <0) and large score increases (>4 
points). Those with three scores or greater totalled 5319 

plwALS across 29,992 measurements. The background 
clinical characteristics of the included groups are 
summarised in Table 1.

These 5319 patient trajectories were further divided 
into an 80% train set of 4272 plwALS across 29,992 
measurements and a 20% test set from 1047 plwALS 
with 5702 measurements. A group-based split was 
performed based on individual ID to ensure that a 
plwALS only appeared in either the test or train sets 
(using GroupShuffleSplit). The split features of the 
training and test sets (time from diagnosis and total 
score) were then separately passed through a MinMax 
Scaler. The train set was then fed through the model 
and performance evaluated on the test set and the 
PROACT database as external validation. The same 
preprocessing steps were performed on the PROACT 
data set, which was only used post model construction 
as validation. All those with valid ALSFRS-R measure
ments were included totalling 4610 plwALS across 
28,743 measurements.

Model evaluation
The FCNN was evaluated on the unseen test dataset 
and the external proact dataset. On the unseen PRE
CISION dataset, the model achieved a MSE of 0.0060 
(95% CI 0.0058, 0.0066), a RMSE of 0.0777 (95% CI 
0.0759, 0.0815) and a MAE of 0.0552 (95% CI 0.0547, 
0.0576). The coefficient of determination (R2) was 
0.8694 (95% CI 0.8557, 0.8752) when the predicted and 
actual values were compared, which is represented in 
Fig. 2. This MAE translates to 2.65 (95% CI 2.63, 2.76) 

Fig. 1: Model training loss diagram. A graph demonstrating the training of the FCNN model. The network was optimised via the Adam 
optimiser, with a learning rate of 0.001 and a mean squared error (MSE) loss function. A maximum of 100 epochs was set, with early 
stopping applied based on validation loss to prevent overfitting. The early stopping criterion was set with a patience of 5 epochs. Model 
convergence was achieved within 10 epochs. The initial training loss was 0.0610 (MSE), which progressively decreased, reaching a final loss of 
0.0081 (MSE) after 10 epochs. The validation loss did not show a large increase, a promising sign that there was minimal overfitting.
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points on the original 48-point scale. A lack of sys
tematic bias in prediction is demonstrated as a Bland- 
Altman plot in Supplementary Figure S1. Four 
example individual patient-level trajectories are 
included to illustrate how the model can perform on 
individual trajectories and the modelling constraints 
considered in Fig. 3.

When the model was then externally validated on the 
PROACT dataset all metrics of precision improved. 
MSE reduced to 0.0038 (95% CI 0.0037, 0.0039), RMSE 
to 0.0624 (95% CI 0.0612, 0.0628) and MAE to 0.0485 
(95% CI 0.0481, 0.0489). R2 improved to 0.8961 (95% 
CI 0.8931, 0.8992). This MAE translates to 2.33 (95% CI 
2.31, 2.35) points on the original 48-point scale. This 
confirms the model’s ability to generalise and actual 
versus predicted scores are presented on a normalised 
scale in Fig. 4. This is further supported by Bland- 
Altman plots showing no systemic bias in prediction 
as Supplementary Figure S2.

Linear approximation
As two points are being used to approximate the third, a 
linear extrapolation of the two original points was taken 
to ensure that the model is learning the temporal 
complexities of the progression profiles of plwALS 
involved rather than simply regressing to a third point. 
The model performed significantly better than the 
linear approximation across all metrics. The linear 
model achieved a MSE of 0.0814 (95% CI 0.0457, 
0.1294), a RMSE of 0.2852 (95% CI 0.2138, 0.3598), a 
MAE of 0.0961 (95% CI 0.0896, 0.1039) and a R square 
value of −0.7649 (95% CI −1.8008, 0.0428). This MAE 
translates to 4.61 (95% CI 4.30, 4.99) points on the 
original 48 point scale. All error metrics in this section 
are reported in Table 2 for comparison.

Clinical variables
As a post-hoc analysis, the degree of error was tested 
within clinical groups that are known to have differing 
effects on disease progression. A Mann–Whitney U test 
revealed no significant difference in error between 
males and females (p = 0.1385). Similarly, Kruskal– 
Wallis tests demonstrated no effect of C9orf72 status 
(p = 0.3032), SOD1 status (p = 0.5398), FUS status 
(p = 0.5403), TARDBP status (p = 0.4338), or site of 
onset (p = 0.6397) on model error.

Spearman correlation analyses found no significant 
relationship between error and age at onset (r = 0.006, 
p = 0.6763), age at diagnosis (r = 0.008, p = 0.5552), or 
diagnostic delay (r = −0.002, p = 0.8659). Collectively, 
these findings indicate that the predictive accuracy of 
the model is not meaningfully affected by the examined 
demographic or genetic variables.

Time
As indicated by other published works, the trajectory 
can change over time, the FCNN model error was then 

tested across time intervals to ensure that it can predict 
with consistent error across post-diagnostic periods. 
Short term (0–12 months), medium term (12–24 
months), long term (24–48 months) and very long term 
(>48 months) were chosen.

MAE remained constant with scores of 0.0545 (95% 
CI 0.0523, 0.0567), 0.0571 (95% Cis 0.0543, 0.0600), 
0.0514 (95% CI 0.0486, 0.0543) and 0.0415 (95% CI 
0.0382, 0.0451) respectively. RMSE showed the same 
trend with 0.0752 (95% CI 0.0711, 0.0791), 0.0819 (95% 
CI 0.0760, 0.0880), 0.0757 (95% CI 0.0698, 0.0816) and 
0.0601 (95% CI 0.0539, 0.0670) respectively. R squared 
improved sequentially with scores of 0.815 (95% CI 
0.7942, 0.8346), 0.837 (95% CI 0.8126, 0.8595), 0.886 
(95% CI 0.8671, 0.9038) and 0.9332 (95% CI 0.9166, 
0.9472) respectively. These error metrics are reported in 
Table 3 for comparison. This slight improvement 
in longer time periods points to a reduced variability in 
those who survive for a longer time period, which cor
relates to clinical experience.

ALSFRS-R sub scores
ALSFRS-R sub scores were also available in this data 
set, and a FCNN following the same architecture was 
constructed and trained according to the same data 
protocol. Model metrics were adjusted to prevent over
fitting as previously and the same early stopping 
methodology was used. All ALSFRS-R sub scores (0–4) 
for the 12 items were included as a replacement for the 
total value model feature. The number of nodes at the 
level of each dense layer was adjusted exponentially to 
ensure that the FCNN was able to have enough op
portunity to learn given the increase in dimensionality 

Train 
(PRECISION ALS)

Test 
(PRECISION ALS)

External 
validation 
(PROACT)

Male (n, %) 2851 (61.31%) 692 (65.85%) 3265 
(63.26%)

Female (n, %) 1799 (38.69%) 359 (34.15%) 1896 
(36.74%)

Bulbar Onset (n, %) 845 (18.17%) 239 (22.74%) 312 (17.97%)
Spinal Onset (n, %) 3032 (65.19%) 663 (63.18%) 1424 

(82.03%)
Time between measurements per patient 
(median, months, IQR)

3.40 (3.02) 3.61 (6.41) 2.47 (1.50)

Total duration of data capture per patient 
(median, months, IQR)

6.80 (6.05) 7.22 (6.98) 4.19 (2.95)

Age of Onset (years median [IQR]) 60.87 (17.06) 63.55 (15.66) 54.36 (15.06)
Age of Diagnosis (years median [IQR]) 62.17 (16.95) 64.25 (16.56) 55.22 (14.96)
Diagnostic Delay (years median [IQR]) 0.95 (0.92) 0.85 (0.89) 0.76 (0.64)
C9orf72 expansion (n, %) 206 (4.43%) 57 (5.43%) N/A
Pathogenic FUS variant (n, %) 22 (0.47%) 6 (0.57%) N/A
Pathogenic TARDBP variant (n, %) 71 (1.53%) 19 (1.81%) N/A
Pathogenic SOD1 variant (n, %) 255 (5.48%) 22 (2.09%) N/A

Table 1: Patient characteristics.
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of the data inputs. Error metrics however did not 
improve substantially despite this. The error metrics 
achieved were as follows: MAE was calculated as 0.0701 
(95% CI 0.0685, 0.0717), RMSE 0.0914 (95% CI 0.089, 
0.0943) and R squared 0.819 (95% CI 0.810, 0.831).

LSTM modelling
When assessed on the PRECISION dataset the LSTM 
achieved a mean absolute error (MAE) of 0.0584 (0.0570, 
0.0598), a root mean squared error (RMSE) of 0.0796 
(0.0769, 0.0823), and a mean squared error (MSE) of 
0.0063 (0.0059, 0.0068) on the normalised 0–1 scale. This 
translated to an MAE of 2.74 (2.68, 2.81) and an RMSE of 
3.74 (3.62, 3.87) on the original ALSFRS-R 0–48 scale. 
This model achieved an R squared of 0.8629 (0.8527, 
0.8725). These values are represented in Table 1.

Discussion
This study applies a deep neural network to a 
harmonised, population-based, pan-European ALS pa
tient database. This is with the aim of creating a model 

that can be used as a tool for researchers and clinicians in 
the prediction of a heterogenous, non-linear degradation 
pattern that consistently presents a statistical challenge at 
analysis stage. From a computer science perspective, the 
prediction of the third point in a series is a time-series 
prediction problem—an area which has considerable 
literature.23 There are however data volume and structure 
constraints that mean other methods of time series pre
diction are either impossible or extremely difficult in the 
context of ALS. Data here are sparse, only 50% of partic
ipants actually had three or more measurements of their 
ALSFRS-R. It is also irregularly spaced—reflecting the 
nature of actual patient follow-up—rather than consis
tently spaced, as in stock market calculations or in in
ventory management. And finally, patient-level trajectories 
can be markedly different, not following seasonal or 
cyclical trends, for which other modelling techniques are 
specifically designed.

The use of a neural network here has captured 
irregular temporal dependencies and dynamically 
modelled something which is highly heterogenous. 
Compared to other published work, this model used a 

Fig. 2: Actual versus predicted ALSFRS-R scores. A figure showing the predicted versus the actual ALSFRS-R score of the FCNN model on the 
PRECISION test dataset (1047 plwALS with 5702 measurements), after having been trained on the train dataset (4272 plwALS across 29,992 mea
surements). This is presented on a normalised 0–1 scale for interpretability; the coefficient of determination (R2) was 0.8694 (95% CI 0.8557, 0.8752).
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simpler architecture and still achieved lower RMSEs 
than domain-adapted LSTM and XGB across compa
rable time intervals.10 This is likely due to the 
population-based nature of the training data. Data 
constraints meant that a short time horizon had to be 
adopted and more complex neural network structures 
such as Long Short-Term Memory (LSTM) models were 
not superior to a FCNN in testing for this specific task. 
Indeed, when a LSTM was applied to this task, it offered 
no tangible advantage over the FCNN with the simpler 
architecture marginally outperforming in terms of a 
lower MAE (2.65 versus 2.75), RMSE (3.73 versus 3.74) 
and a higher R squared value (0.8694 versus 0.8629). 
This is likely because the sequence length is determi
nant to learning in these types of networks. The current 
most comprehensive population-based data capture 
methods are insufficient due to the nature of real-world 
data collection of the ALSFRS-R and the inherent short 
disease duration. An idea supported by other works in 
this area which show that when similar sequence 

lengths are compared, FCNNs and similar feed-forward 
networks outperform more complex architectures due 
to underutilisation of their gating mechanisms.24,25

The model’s short time horizon however is still 
useful, its prospective use in a clinical trial context 
could help with faster identification of ‘slow’ or ‘fast’ 
progressing plwALS; those which significantly step 
outside of the model’s predictions. For example, in a 
data safety and monitoring board meeting (DSMB) 
undifferentiated ALSFRS-R scores can be compared to 
this population-level benchmark when only a few points 
are available. How far a certain group steps outside of 
the model could support decision making in this 
context with sparse, incoming data. In terms of overall 
fit, the model demonstrates a strong coefficient of 
determination (R2 = 0.8694, 95% CI 0.8557, 0.8752), as 
shown in Fig. 2. However, the utility of the model is 
more clearly appreciated in Fig. 3, where the individual 
trajectories highlight the FCNN’s capacity to capture 
patterns. Linear, non-linear, plateau and static phases of 

Fig. 3: Individualised ALSFRS-R trajectories. Four ALSFRS-R patient trajectories were taken at random from four different included countries 
(Belgium, Italy, Ireland and Spain) to illustrate the heterogeneity of the dataset and therefore the difficulty in statistical analysis and the 
reason for deciding upon a Fully Connected Neural Network (FCNN). Patients can progress both linearly and non-linearly (BEL-0470 and SPA- 
0077). Some show minimal or slow change (IRE-2903) while others can show a plateau before reduction (ITA-1261). Please also note the fact 
that the follow-up period for each patient is very variable, reflecting the reality of patient follow up in a population-based context. Included is 
also the prediction of the FCNN model; this allows the error of the model to be visualised at an individual patient level, to improve 
interpretability. Importantly, where the prediction error is largest for example at approximately 50 months post-diagnosis for patient BEL- 
0470 or at 35 months post-prediction for patient ITA-1261, these are precisely the types of deviations from expected progression that are of 
greatest clinical interest.
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decline are demonstrated. This performance suggests 
the model has captured some of the clinical heteroge
neity characteristic of ALSFRS-R scores.

Importantly, where the prediction error is largest 
for example at approximately 50 months post- 
diagnosis for patient BEL-0470 or at 35 months 
post-prediction for patient ITA-1261 (Fig. 3), these 
are precisely the types of deviations from expected 
progression that are of greatest clinical interest. Us
ing this as a form of error detection, an FCNN could 

be used to prevent and identify mismatched arms of 
trials, helping to decide if a trial should be continued 
or stopped early. Additionally, certain centres have 
moved towards patient-directed ALSFRS-R measure
ments, for example through an app,26 smartphone27 

or wearable devices.28 This model can be applied as 
an initial assessment or early warning system for 
clinicians, providing a level of data-driven clinical 
governance for scores which are performed at 
distance.

Fig. 4: Actual versus predicted ALSFRS-R scores. A figure showing the actual versus the predicted ALSFRS-R scores when the FCNN model is 
used on the external validation cohort of the PROACT dataset. This is presented on a normalised 0–1 scale for interpretability. All error metrics 
improved from that of the test dataset presented in Fig. 2. The coefficient of determination (R2) was 0.8961 (0.8931, 0.8992), an 
improvement from 0.8694 (95% CI 0.8557, 0.8752). This confirms the model has the ability to generalise to unseen, out of cohort data.

Model metrics MSE (95% CI) RMSE (95% CI) MAE (95% CI) R Squared (95% CI) MAE (ALSFRS-R 
Scale) (95% CI)

RMSE (ALSFRS-R 
Scale (95% CI)

FCNN PRECISION 
(test)

0.0060 (0.0058, 0.0066) 0.0777 (0.0759, 0.0815) 0.0552 (0.0547, 0.0576) 0.8694 (0.8557, 0.8752) 2.65 (2.63, 2.76) 3.73 (3.64, 3.91)

FCNN PROACT 0.0038 (0.0037, 0.0039) 0.0624 (0.0612, 0.0628) 0.0485 (0.0481, 0.0489) 0.8961 (0.8931, 0.8992) 2.33 (2.31, 2.35) 2.99 (2.94, 3.01)
FCNN ALSFRS-R Sub 
domains

0.0084 (0.0079, 0.0089) 0.0914 (0.089, 0.0943) 0.0701 (0.0685, 0.0717) 0.819 (0.810, 0.831) 3.36 (3.29, 3.44) 4.39 (4.27, 4.53)

LSTM 0.0063 (0.0059, 0.0068) 0.0796 (0.0769, 0.0823) 0.0584 (0.0570, 0.0598) 0.8629 (0.8527, 0.8725) 2.74 (2.68, 2.81) 3.74 (3.62, 3,87)
Linear 0.0814 (0.0457, 0.1294) 0.2852 (0.2138, 0.3598) 0.0961 (0.0896, 0.1039) −0.7649 (−1.8008, 0.0428) 4.61 (4.30, 4.99) 13.69 (10.26, 17.27)

Table 2: Model error metrics.
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One way of determining the clinical utility of this 
model’s predictions is by examining them through the 
established metrics of ‘minimal detectable change’ 
(MDC)29 and ‘minimal important difference’ (MID).30 

MDC is a statistical representation of the limitations 
of the scale itself in detecting change which exceeds 
measurement error whilst MID is the minimal amount 
of change in an outcome measure that is perceived by 
plwALS or their clinicians. For the ALSFRS-R, recent 
work has idenitifed 1.59 points as the MDC and 3.24 
points as the MID.31 Our MAE of 2.65 (95% CI 2.63, 
2.76) sits between these numbers, suggesting that the 
model’s average prediction error is both plausible 
within the measurement structure whilst still smaller 
than the level of change which would be regarded as 
clinically meaningful by plwALS or their clinicans.

Extensive epidemiological work has gone into iden
tifying the clinical determinants of disease progression 
in ALS.18,32–35 Sex, age at diagnosis, genetic status, 
diagnostic delay and site of onset are all associated with 
differing clinical progression and their interaction is 
often important. This model seems to perform with a 
consistent level of error across these clinical variables, 
and across the overall disease duration.

The model also seems to generalise to unseen data. 
When applied to the PROACT dataset, a clinical trial 
dataset, the model performance improved. This likely 
represents the fact that those chosen for clinical trials 
tend to have different, and often more favourable, sur
vival characteristics than those collected in a prospective, 
whole-population manner as in the case of PRECISION- 
ALS. Previous work has shown that in ALS clinical trial 
cohorts tend to be younger, have more spinal-onset dis
ease and progress more slowly.16–18 These cohort differ
ences are demonstrated in our datasets in table one with 
a lower median age in PROACT (54.36 years versus 
PRECISION 63.55 years) and a difference in site of onset 
(82.03% spinal PROACT versus 63.18% spinal PRECI
SION). These factors suggest reduced heterogeneity of 
the PROACT dataset which was more easily predicted 
and as such all performance metrics showed improve
ment on out of cohort validation.

When the specific sub scores of the ALSFRS-R were 
incorporated into a FCNN, rather than just the total and 
time as initially presented, all performance metrics 
declined but still performed better than the linear 
approximation of the next point. This demonstrates the 

difficulty in balancing the constraints of higher 
dimensional inputs (subdomains), limited longitudinal 
follow-up, and a relatively small database in the wider 
context of machine learning research.

Adding additional sub domains allowed the model 
to memorise patient-specific trajectories, resulting in 
overfitting and a lack of ability to generalise to unseen 
data. This is a manifestation of the classical bias/vari
ance trade off in machine learning.36 Whilst more 
recent literature has called into question the U-shaped 
risk curve of this trade off in neural networks,37 this 
work is often performed in much larger datasets with 
more complex neural network architectures such as 
convolutional neural networks in the context of imag
ing analysis.38,39 This is an example of some of the real- 
life problems in modelling complex health data, where 
the modelling architecture and data structure must be 
simultaneously observed, understood, and adjusted to 
provide meaningful predictions. With growing, multi
modal datasets in ALS, such as those envisioned by 
PRECISION ALS, these more complex architectures 
may become more feasible however were not able to be 
meaningfully applied for this task due to the interaction 
between model capacity and data sparsity.

The ALSFRS-R is an imperfect scale. However, it 
measures clinical outcomes that matter to plwALS and 
that continue to be applied in a clinical trial context. 
Factors such as climbing stairs, dressing yourself and 
turning in bed matter to plwALS and have been asso
ciated with survival and quality of life.40 The model 
presented here better utilises decades of natural history 
data collected and harmonised to support real-time 
decision making, both in trials and in the clinic.

Limitations
The data here are sparse and irregularly spaced, the 
rolling window approach aims to mitigate this however 
missing data in real-world registries remains an 
inherent challenge. The plwALS included in the testing, 
training and validation are significantly biased towards 
white Europeans, and this should be considered in the 
interpretation of the results. We do not present decision 
thresholds here as further validation would be required 
before this is achieved. Whilst population-based data 
capture was used, it is also the case that those more able 
to participate in longitudinal testing are likely to have 
been overrepresented and this should be considered.

Time intervals MAE (95% CI) RMSE (95% CI) R squared (95% CI) MAE (ALSFRS-R scale) 
(95% CI)

RMSE (ALSFRS-R scale) 
(95% CI)

0–12 months 0.0545 (0.0523, 0.0567) 0.0752 (0.0711, 0.0791) 0.8150 (0.7942, 0.8346) 2.62 (2.51, 2,72) 3.61 (3.41, 3,80)
12–24 months 0.0571 (0.0543, 0.0600) 0.0819 (0.0760, 0.0880) 0.8370 (0.8126, 0.8595) 2.74 (2.61, 2.88) 3.93 (3.65, 4.22)
24–48 months 0.0514 (0.0486, 0.0543) 0.0757 (0.0698, 0.0816) 0.8860 (0.8671, 0.9038) 2.47 (2.33, 2.61) 3.63 (3.35, 3.92)
>48 months 0.0415 (0.0382, 0.0451) 0.0601 (0.0539, 0.0670) 0.9332 (0.9166, 0.9472) 1.99 (1.83, 2.16) 2.88 (2.59, 3.22)

Table 3: Model error metrics across time intervals.
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Conclusion
Decades of population-based natural history informa
tion has been captured by specialists across the world 
about how ALS and the ALSFRS-R progresses. 
Considerable heterogeneity of the trajectories presents 
a statistical challenge for clinicians and in clinical trials. 
Here we have shown how a dynamic neural network 
approach can capture this heterogenicity and provide 
individual patient-level predictions. This allows us to 
leverage extant population data to support clinical de
cision making in trials and at the bedside. Models such 
as the one presented here are becoming increasingly 
possible through the growing power of our ALS patient 
databases and international collaboration. With larger 
and more multimodal datasets, it is likely that more 
complex deep learning is possible.

Plain language summary
ALS progresses differently in every person, making it 
difficult to predict how quickly a patient’s function and 
ALSFRS-R score will decline. Using 5319 patient’s 
ALSFRS-R trajectories, we trained a simple type of 
neural network to forcast short term changes in func
tional ability. This model was tested both on unseen 
population data and unseen clinical trial databases as 
validation of performance. The model predicted more 
accurately than linear methods, even when information 
was limited or irregularly spaced. Importantly, predic
tion accuracy was not affected by genetic, demographic 
or clinical variables. This demonstrates that routinely 
collected patient data can be used to build generalisable, 
individualised prediction tools using neural networks, 
capturing natural history data. This may help clinicians 
and trial invesitigators identify patients whose disease 
course deviates from expected patterns and therefore 
respond earlier or perform further investigation.
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