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Abstract
Amyotrophic lateral sclerosis (ALS) is an inexorably progressive neurodegenerative condition with no effective disease-
modifying therapy at present. Given the striking clinical heterogeneity of the condition, the development and validation of 
reliable prognostic models is a recognised research priority. We present a prognostic model for functional decline in ALS 
where outcome uncertainty is taken into account. Patient data were reduced and projected onto a 2D space using Uniform 
Manifold Approximation and Projection (UMAP), a novel non-linear dimension reduction technique. Information from 3756 
patients was included. Development data were sourced from past clinical trials. Real-world population data were used as 
validation data. Predictors included age, gender, region of onset, symptom duration, weight at baseline, functional impair-
ment, and estimated rate of functional loss. UMAP projection of patients showed an informative 2D data distribution. As 
limited data availability precluded complex model designs, the projection was divided into three zones defined by a functional 
impairment range probability. Zone membership allowed individual patient prediction. Patients belonging to the first zone 
had a probability of 83% (± 3% ) to have an ALSFRS score over 20 at 1-year follow-up. Patients within the second zone had a 
probability of 89% (± 4% ) to have an ALSFRS score between 10 and 30 at 1 year follow-up. Finally, patients within the third 
zone had a probability of 88% (± 7% ) to have an ALSFRS score lower than 20 at 1 year follow-up. This approach requires 
a limited set of features, is easily updated, improves with additional patient data, and accounts for results uncertainty. This 
method could therefore be used in a clinical setting for patient stratification and outcome projection.

Keywords ALS · Prognosis · UMAP · Manifold learning · Non-linear dimension reduction

Introduction

Amyotrophic lateral sclerosis (ALS) is a relentlessly pro-
gressive neurodegenerative condition involving both the 
upper and lower motor neurons, leading to progressive 
limb weakness and bulbar dysfunction. Mean survival from Electronic supplementary material The online version of this 
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symptom onset is typically 3–5 years [1], with death occur-
ring secondary to respiratory failure. The disease is charac-
terised by considerable clinical heterogeneity [2] and con-
siderable differences in progression rates [3].

In clinical practice, accurate prognostic modelling is cru-
cial for planning multidisciplinary interventions, recruitment 
into clinical trials and informing patients and caregivers. 
Disease heterogeneity is a major barrier to accurate patient 
stratification in clinical trials [4]. Previous cohort studies 
identified a number of negative prognostic indicators in ALS 
[5]. These include both demographic and clinical parameters 
and encompass age, bulbar involvement, short symptom 
onset to diagnosis interval, marked motor disability, cog-
nitive impairment, fast progression rate, low vital capacity 
and c9orf72 status [6–9]. However, prognosis prediction at 
individual patient level is not reliable based on clinical and 
demographic variables alone [6]. There is a growing trend 
to develop prognostic tools based on a combination of prog-
nostic indicators [5, 10], using supervised machine learning 
models such as random forests [11], neural networks with 
random forests [12], regression models [13], Royston–Par-
mar regression models [14] and boosting algorithms [15]. In 
recent years, prognosis research has focused more on patient 
survival [11, 12, 14, 15] than functional decline [15–17], 
although functional loss is central for personalised patient 
care.

Disease progression in ALS can be tracked by stand-
ardised clinical instruments [18], biofluid markers [19], or 
quantitative neuroimaging [20]. Functional decline is also 
predominantly appraised by the ALS Functional Rating 
Scale (ALSFRS) [21], a composite motor score evaluat-
ing key domains of mobility and daily living. The ALSFRS 
score is calculated by evaluating disability in the bulbar, 
respiratory, gross and fine motor functions. Accordingly, the 
ALSFRS scores only provide a broad overview of motor dis-
ability, and does not evaluate impairments in extrapyramidal, 
cerebellar, cognitive and behavioural domains. Currently, 
the revised version of ALSFRS (ALSFRS-R) [22] is the 
most widely used instrument to monitor motor disability in 
clinical practice and pharmacological trials. Clinical stag-
ing systems were designed to circumvent these limitations; 
stages are defined based on key clinical progression mile-
stones. Three clinical staging systems have been proposed 
for ALS: King’s [23], Milano-Torino System (MiToS) [24] 
and Fine Till 9 (FT9) [25]. King’s staging system describes 
more specifically earlier stages of disease progression, while 
MiToS details later stages of disease progression with a 
higher resolution [26]. FT9 tries to balance both [25]. Stage 
membership has already been successfully used in patient 
stratification [27] and drug performance evaluation in clini-
cal trial settings [28].

Unsupervised learning methods provide new modelling 
possibilities given their ability to evaluate data distributions 

without strong underlying statistical hypothesis [29, 30]. 
These methods support data visualisation by projecting 
data onto a new low-dimensional space. Uniform Mani-
fold Approximation and Projection (UMAP) [31] is a novel 
method based on non-linear dimension reduction which 
can be readily combined with probability assessments. The 
main objective of this study was to evaluate a UMAP-based 
1-year functional loss prediction model in ALS, designed 
using three clinical trial datasets, and validated by a real-
world (RW) dataset. ALS staging systems were analysed 
with regard to their ability to segregate patients from our 
datasets.

Methods

Patient population

Validation and test data for this research included a total of 
3756 patients from four different datasets, three of which 
originated from clinical trials. The first dataset, which is 
referred to as Trophos, was a clinical trial for olesoxime, 
a drug developed by Trophos [32] which included 512 
patients. After excluding samples with missing data, 357 
patients remained. The second dataset, Exonhit, was a 
clinical trial for pentoxifylline, a drug produced by Exon-
hit Pharma [33] which included 400 patients. Following the 
exclusion of incomplete samples, data from 227 patients 
were retained. The third database was PRO-ACT, funded 
by the ALS Therapy Alliance and released in 2012 as part of 
the DREAM Phil Bowen ALS prediction Prize4Life compe-
tition. PRO-ACT consists of pooled data from 16 completed 
phase II–III clinical trials and one observational study [34]. 
The original PRO-ACT sample size was 10723, reduced to 
2841 after discarding samples with missing data. The fourth 
dataset was population based and contained RW patient 
data. These data were obtained from the database of the 
Paris tertiary referral centre for ALS and collected between 
September 1999 and April 2008. The original sample size 
was 1377 which was reduced to 331 after the removal of 
incomplete samples. Baseline patient feature distribution for 
1-year functional loss analysis is presented for each cohort in 
Table 1. Additional information on each dataset is provided 
as supplementary information.

Clinical predictors and outcome

The primary outcome was 1-year functional loss. Second-
ary outcomes include 1-year ALSFRS subscores as well as 
1-year King’s, MiToS and FT9 clinical stages. MiToS and 
FT9 clinical stages are calculated from the ALSFRS ques-
tion set, while King’s staging can be approximated using 
ALSFRS questions [35]. 1-year ALSFRS subscores and 
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1-year clinical stages were predicted for patients who moni-
tored ALSFRS subscores, which excluded Trophos data. 
The choice of predictors was based on feature complete-
ness after database cross referencing. Predictors for data 
reduction include gender, region of onset (spinal/bulbar), 
age, symptom duration, baseline ALSFRS score, baseline 
weight, and estimated functional decline rate [36]. The 
ALSFRS-R was not recorded for all of PRO-ACTs clinical 
trials, so functional loss was assessed with the ALSFRS. 
Functional loss subscores were excluded from data reduction 
to include Trophos data. Despite the potential role of respira-
tory measures as prognostic indicators, vital capacity could 
not be included in our model, as it was missing from real-life 
data and only inconsistently recorded in PRO-ACT. Analy-
sis of functional loss subscores and of clinical stages was 
performed on patients when such information was available.

The functional decline rate was estimated using the fol-
lowing formula:

(1)

decline rate =
ALSFRSmaximum − ALSFRSbaseline

symptom duration
,

with ALSFRSbaseline , the ALSFRS score recorded at base-
line, ALSFRSmaximum , the maximum score for the ALS-
FRS (which is 40) and symptom duration , time in months 
between symptom onset and baseline.

Table 2 provides an overview of patient outcome feature 
distribution. 1-year average ALSFRS was above 23 for all 
datasets. 1-year stage distribution was skewed for all three 
clinical staging systems: skewed towards stage 3 for King’s, 
stages 0 and 1 for MiToS, and stages 2 and 3 for FT9.

Due to data collection differences between the cohorts, 
we did not perform missing data imputation and opted for 
complete case analysis. Further information on missing 
features in data is available in the Supplementary material 
section.

Data processing

Pre-processing was limited to predictor normalisation to 
the 0–1 range. Data transformation was carried out through 
non-linear dimension reduction, also called manifold learn-
ing. Dimension reduction was performed using UMAP [31]. 
UMAP works in two steps. First, a compressed embedding 

Table 1  Predictor distribution per dataset

Numerical predictors are described using mean ± standard deviation (range). N.A. stands for non-applicable

Features PRO-ACT Trophos Exonhit RW Overall

n 2841 357 227 331 3756
Gender (male/female) 1811/1030 235/122 148/79 181/150 2375/1381
Onset (spinal/bulbar) 2263/578 291/66 176/51 256/75 2986/770
Age (years) 54.8 ± 11.5 (18:81) 55.7 ± 11.2 (26:79) 53.9 ± 12.1 (22:77.9) 60.3 ± 12.2 

(27.7:88.4)
55.3 ± 11.7 (18:88.4)

Symptom duration 
(months)

21.2 ± 12.7 
(0.5:102.5)

17 ± 8.1 (5:38) 26.1 ± 12.4 (4:58) 23.9 ± 22.8 (0:153.8) 21.2 ± 12.7 (0:153.8)

Baseline weight (kg) 76.5 ± 15.8 (30:148.6) 72.3 ± 12.8 (41:130) 72.7 ± 14.4 (45:130) 70.7 ± 12.7 (40:140) 76.5 ± 15.8 (30:148.6)
Baseline ALSFRS 

(score)
31.3 ± 5.1 (11:40) 32.8 ± 4 (16:40) 29.2 ± 6.1 (10:39) 30.9 ± 6.3 (8:40) 31.3 ± 5.1 (8:40)

Baseline ALSFRS 
decline rate (score/
month)

−0.52 ± 0.42 
(–5.65:0)

−0.49 ± 0.36 
(–2.67:0)

−0.49 ± 0.33 
(–2:–0.03)

−0.59 ± 0.48 (– 
2.93:0)

−0.52 ± 0.41 (– 5.65:0)

Baseline upper limbs 
ALSFRS subscore 
(score)

5.9 ± 2 (0:8) N.A. 5.4 ± 2.3 (0:8) 5.9 ± 2.3 (0:8) 5.9 ± 2.1 (0:8)

Baseline lower limbs 
ALSFRS subscore 
(score)

5.1 ± 2.2 (0:8) N.A. 4.7 ± 2.3 (0:8) 4.9 ± 2.3 (0:8) 5 ± 2.2 (0:8)

Baseline trunk 
ALSFRS subscore 
(score)

5.9 ± 1.8 (0:8) N.A. 5.4 ± 2.1 (0:8) 5.8 ± 2.1 (0:8) 5.9 ± 1.8 (0:8)

Baseline bulbar 
ALSFRS subscore 
(score)

10.5 ± 2 (0:12) N.A. 10 ± 2.4 (0:12) 10.5 ± 2.1 (3:12) 10.5 ± 2.1 (0:12)

Baseline respiratory 
ALSFRS subscore 
(score)

3.8 ± 0.4 (1:4) N.A. 3.7 ± 0.5 (3:4) 3.8 ± 0.4 (1:4) 3.8 ± 0.4 (1:4)
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of the input space (aka initial patient data) is generated 
through topological analysis of the data structure. Subse-
quently, a low-dimensional (in our case 2D) data embed-
ding is created through a cross-entropy optimisation process. 
UMAP preserves data neighbourhood, distances and density. 
Development data were used to learn a 2D representation 
of patients. Validation data were projected using the learnt 
mapping. Information on the subject can be found in the 
Supplementary material section. Sample sizes of develop-
ment and validation data for 1-year functional loss were, 
respectively, 3425 and 331. 1-year clinical stages sample 
sizes were 2909 and 331 for, respectively, development and 
validation data, after removing Trophos data and PRO-ACT 
samples with missing ALSFRS subscores.

1-year functional loss assessment zones were manually 
identified by dividing the UMAP projection space into three 
zones, based on observed patient distribution patterns, with 
regard to ALSFRS scores at year one. Zone division was 
motivated by observed spatial correlations with regard to 
our primary outcome. Within each zone, the distribution of 
1-year ALSFRS score ranges was evaluated to identify the 
score range which included the majority of patients1.The 
outcome probability for each zone was defined as belonging 
to a 1-year ALSFRS score range. Confidence bounds were 
derived at a 95% confidence level using the area sample size 
and the following formula [37]:

with � = 1 − confidencelevel , z� , the value for two normal 
distribution, P, the outcome probability and N, the sample 
size.

Zone sample size directly influenced the functional loss 
assessment. The less populated a zone, the wider was the 
probability confidence interval and the less reliable was the 
analysis of zone membership. Validation data were projected 
onto the UMAP projection space to check if distribution pat-
terns observed for development data still held. RW patients 
were then assigned to their corresponding functional loss 
assessment zone. Validation data zone assignment was 
assessed with regard to actual 1-year functional loss.

Results

Analysis of patient characteristics—input feature 
distribution

Development data were projected using UMAP in a 2D 
space, as shown in Fig. 1a. Initial plot of data did not show 
relevant patient stratification as all patients were clustered 
together. Plot analysis helped to identify strong correlations 
between projection coordinates and predictors. This was the 
case for age and baseline ALSFRS scores (Fig. 1c and f, 
respectively) and to a lesser extent for weight and estimated 
ALSFRS decline rate (Fig. 1e and g, respectively). Onset, 
gender, and symptom duration did not show a high degree 
of correlation as demonstrated in Fig. 1a, b and d as feature 
distribution appeared to be random with regard to the UMAP 

(2)width = 2z
�

√

P(1 − P)

N
,

Table 2  Outcome distribution per dataset

Numerical predictors are described using mean ± standard deviation (range). King’s stage are 1, 2, 3, 4 and 4.5 while MiToS and FT9 stages go 
from 0 to 4. N.A. stands for non-applicable

Features PRO-ACT Trophos Exonhit RW Overall

n (functional loss) 2841 357 227 331 3756
1-year functional loss (score) 23 ± 8 (0:40) 25 ± 7 (6:38) 22 ± 8 (4:39) 24 ± 8 (4:40) 23 ± 8 (0:40)
1-Year upper limbs ALSFRS subscore 

(score)
4 ± 3 (0:8) N.A. 3.8 ± 3 (0:8) 4.1 ± 3 (0:8) 4 ± 3 (0:8)

1-Year lower limbs ALSFRS subscore 
(score)

3.2 ± 2 (0:8) N.A. 3.3 ± 2 (0:8) 3.2 ± 2 (0:8) 3.2 ± 2 (0:8)

1-Year trunk ALSFRS subscore (score) 3.9 ± 2 (0:8) N.A. 3.7 ± 2 (0:8) 3.9 ± 2 (0:8) 3.9 ± 2 (0:8)
1-Year bulbar ALSFRS subscore (score) 8.8 ± 3 (0:12) N.A. 8.3 ± 3 (0:12) 9 ± 3 (0:12) 8.8 ± 3 (0:12)
1-year respiratory ALSFRS subscore 

(score)
3.3 ± 1 (0:4) N.A. 3.3 ± 1 (0:4) 3.5 ± 1(1 ∶ 4) 3.3 ± 1 (0:4)

n (1-year staging) 2682 N.A. 227 331 3240
1-Year King’s stage distribution 360|749|1232|324|17 N.A. 24|58|117|28|0 57|95|151|26|2 441|902|1500|378|19

1-Year MiToS stage distribution 1133|1009|363|121|56 N.A. 98|76|43|9|1 147|139|41|2|2 1378|1224|447|132|59

1-Year FT9 stage distribution 70|439|806|759|608 N.A. 3|30|51|83|60 6|74|121|108|22 79|543|978|950|690

1 For example, provided the distribution of 1-year ALSFRS score 
ranges was 5%,15%,50% , and 30% for, respectively, 1-year ALSFRS 
scores below 10, between 10 and 20, between 20 and 30 and above 
30, 80% of the population had a 1-year ALSFRS score above 20 and 
the associated 1-year ALSFRS score range for that zone would be 
[20, 40].
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projection. Further analysis of ALSFRS subscores showed 
that the correlation with baseline ALSFRS scores was partly 
explained by upper limb, lower limb and trunk subscore cor-
relations with the projection, in respectively Fig. 1h, i, and j. 
Bulbar and respiratory subscores were predominantly close 
to their maximum value (respectively, 12 and 4) and did not 
seem to correlate with the projection as shown in Fig. 1k and 
l, respectively. Trophos data were not included in subscore 
analysis as these features were not available. Projection data 
seemed to be independent of cohort membership as patients 
from each source were evenly distributed in the projection 
space.

Analysis of patient outcomes—output feature 
distribution

Analysis of UMAP projection with regard to outcome vari-
ables showed spatial patterns as presented in Fig. 2. The 
1-year ALSFRS score correlated well with the UMAP pro-
jection. Patients with a low 1-year ALSFRS score tended to 
be in the lower right part of the projection, while patients 
with a higher 1-year ALSFRS score seemed to cluster in the 
upper part of the projection. Unsurprisingly, the 1-year ALS-
FRS score, in Fig. 2a, correlated strongly with the baseline 
ALSFRS score (in Fig. 1f). A similar patient distribution 
was observed for the three clinical staging systems. Patients 
with lower clinical stages, hence with weaker functional 
impairment, tended to locate in the upper part of the pro-
jection, while advanced clinical stages seemed to be in the 
lower part of the projection as shown for King’s, MiToS 
and FT9 staging systems in, respectively, Fig. 2b–d. 1-year 
ALSFRS subscore analysis showed that upper limb, lower 
limb and trunk subscores were correlated with total 1-year 
ALSFRS as shown, respectively, in Fig. 2e–g, similarly to 
baseline ALSFRS subscores shown in Fig. 1. 1-year bulbar 
and respiratory subscore analysis provided little information 
as 1-year subscores were overall close to their maximum 
values (respectively, 12 and 4) as shown in, respectively, 
Fig. 2h and i.

Analysis of projection space segmentation—zone 
division

As stated earlier, patients with marginal 1-year functional 
loss were mainly located in the upper pane of the projection 
space as seen in Fig. 2a. Further analysis of patient distribu-
tion was carried out by analysing patient subgroups based 
on ALSFRS score range and projecting these subgroups 
separately. The subgroups were: patients with a score lower 
than 10 in Fig. 3a, patients with a score between 10 and 20 
in Fig. 3b, patients with a score between 20 and 30 in Fig. 3c 
and patients with a score higher than 30 in Fig. 3d. Plot 
analysis showed a progression pattern of uneven distribution 

for patients. Healthier patients with marginal functional loss 
described by an ALSFRS score higher than 30 were located 
in the upper projection pane, while weaker patients with 
an ALSFRS score lower than 10 were in the lower pane 
of the projection. This motivated the segmentation of the 
projection space in three zones to isolate the three patient 
populations with marginal, intermediate or significant 1-year 
functional losses as shown in Fig. 3e. The patients in the 
upper projection pane were assigned to the marginal func-
tional loss zone as 40% and 43% of patients in that zone had, 
respectively, an ALSFRS score higher than 30 and between 
20 and 30. Overall for that zone, the functional loss assess-
ment was that 83% ( ±3% ) of the marginal loss zone patients 
had a functional loss above 20. The patients in the centre of 
the projection pane were assigned to the intermediate func-
tional loss zone, as 47% and 42% of patients in that zone had, 
respectively, an ALSFRS between 20 and 30 and between 10 
and 20. Overall for that zone, the functional loss assessment 
was that 89% ( ±4% ) of the intermediate loss zone patients 
had a functional loss between 10 and 30. Patients in the 
lower projection pane were assigned to the significant func-
tional loss zone, as 58% and 30% of patients in that zone had, 
respectively, an ALSFRS between 10 and 20 and below 10. 
Overall for that zone, the functional loss assessment was 
that 88% ( ±7% ) of the significant loss zone patients had a 
functional loss between 10 and 20 and below 10. Predic-
tors of patient population within each zone are presented 
in Table 3. Figure 3f–i show the distribution within each of 
the three zones for each ALSFRS score range subgroups. 
Table 4 presents zone membership distribution with regard 
to ALSFRS score range.  

Patients in the marginal loss zone appeared to have a 
shorter symptom duration period, a higher initial ALSFRS 
score, and a slower ALSFRS decline rate with specifically 
higher upper limb, lower limb and trunk baseline ALSFRS 
subscores. Although differences were subtle, baseline bulbar 
and respiratory ALSFRS subscores were higher in the mar-
ginal functional loss group than in the significant functional 
loss group. Differences in onset distribution and gender 
distribution were not deemed relevant as group sizes were 
uneven: significant functional loss patients only made up 
9% of the total patient population, marginal functional loss 
patients constituted 62% of the total patient population, and 
the remaining 29% going into the intermediate functional 
loss group. Analysis of ALSFRS score ranges with regard to 
zone membership, as presented in Table 5, showed that the 
marginal functional loss zone concentrated the majority of 
ALS patients with a 1-year ALSFRS score above 30, as 95% 
of these patients belonged to that zone. Similarly, but to a 
lesser extent, ALS patients with a low 1-year ALSFRS score 
tended to belong more to the significant functional loss zone 
than the two other zones: 46% with regard to 31% and 23% 
for, respectively, the intermediate and marginal functional 
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loss zones. Additional information on zone membership and 
staging systems are available in the Supplementary material 
section.

Analysis of the model with additional data—
external validation

The prognosis model was assessed using external RW 
patient data provided by the Paris tertiary referral centre for 
ALS. Patient distribution within the projection space was 
examined with regard to specific outcome variables. The 
different trends for outcome variables identified in Fig. 2 
remained valid with patient distribution being uneven for 
patients with marginal and significant functional loss within 
1 year. Patients with a weaker loss tended to concentrate 
in the upper pane of the projection, as shown in Fig. 4a. 
Validation data showed that MiToS stage 0 patients tended 
to concentrate in the upper part of the projection, as pre-
sented in Fig. 4c. Little can be said about King’s and FT9 
distribution patterns, except that validation data seemed to 
reproduce loosely distribution patterns of development data 
as shown in, respectively, Fig. 4b and d. Additional plots on 
distribution differences and use cases are provided in the 
Supplementary material section.

Zone division—external data evaluation

Functional loss distribution of validation data with regard to 
zone membership is presented in Table 6. Trends identified 
for development data remained true, even slightly skewed: 
validation data patients with an ALSFRS score lower than 
10 belonged at 54% to the significant functional loss zone 
as opposed to 46% for development data. The 331 patients 
were assigned to the three zones in the following way: 36, 
93 and 202 assigned to, respectively, the significant, inter-
mediate and marginal functional loss zones. Estimated func-
tional loss within the marginal, intermediate, and significant 
loss zones were, respectively, 27 ± 6 , 20 ± 6 , and 13 ± 5 . 

Adding 331 patients reduced the overall confidence bound 
for functional loss assessment relatively by 9% (from 3.18 
to 2.88% ), 9% (from 3.96 to 3.59% ) and 10% (from 6.99 to 
6.29% ) for, respectively, marginal, intermediate and signifi-
cant functional loss zones. Additional information on model 
performance comparison with two machine learning models 
can be found in the Supplementary material section.

Discussion

Our study demonstrates the utility of UMAP for functional 
loss analysis in ALS. We have successfully applied this non-
linear dimension reduction method to ALS clinical trial data 
to predict 1-year functional decline. Our results indicate that 
limited patient information, collected early in the course 
of the disease, may be sufficient to obtain a relevant low-
dimensional patient projection with regard to functional loss, 
an essential outcome variable for personalised patient care. 
These input features correlated with the different outcomes 
of interest, thus explaining the observed distribution pat-
terns. These correlations were validated in an independent 
patient cohort. Distribution patterns in the projection were 
used to identify zones with distinct functional losses. We 
propose a simple 1-year functional loss estimation model. 
The benefit of our approach with regard to standard machine 
learning methods is threefold. First, our model is simple; it 
uses only simple probabilities and readily available clinical 
features. Second, we limit prognosis error by providing a 
rough prognosis estimate. Third, our model is easily updated 
and improves with additional data. No learning was required 
for our model to work as UMAP is a dimension reduction 
method.

Data constraints, when working with the available data-
sets, were challenging. PRO-ACT units are not systemati-
cally available, for instance vital capacity units are inconsist-
ent reported either in litres or in per cent, and slow or forced 
vital capacities are used inconsistently. The datasets did not 
provide information on the genetic, cognitive or behavioural 
status, which both influence the prognosis [38–41]. Further-
more, 26% of PRO-ACT patients have missing weight units. 
As an example, a weight value of 99 could be interpreted 
both in kilograms or pounds. Inclusion criteria for all trials 
pooled within PRO-ACT are not fully documented as 6 out 
of the 23 pooled clinical trial names were not disclosed. As 
seen during baseline and 1-year ALSFRS subscores analysis, 
a majority of patients had little or no bulbar and respiratory 
involvement at baseline and after 1 year, which meant these 
features might not have contributed to the UMAP projection 
as they were uninformative.

Another data constraint was that several known prognosis 
biomarkers were not available within at least one of the four 
datasets, such as ALSFRS subscores, riluzole intake, vital 

Fig. 1  Projection of the ALS population in a 2D space with UMAP. 
The projection is coloured with regard to predictor values: onset (a), 
sex (b), age (c), symptom duration in month (d), baseline weight in 
kg (e), baseline ALSFRS score (f), estimated ALSFRS loss rate (g), 
and baseline ALSFRS subscores, with respectively upper limb (h), 
lower limb (i), trunk (j), bulbar (k) and respiratory (l), distributions 
with regard to UMAP projection. Each point represents an individual 
patient. Age ranges between 18 and 81 years old (c), symptom dura-
tion ranges between 0.5 and 78 months (d), baseline weight ranges 
between 30 and 130 kg and (e), ALSFRS score ranges between 0 
and 40 (f), estimated baseline ALSFRS slope ranges between 0.00 
and -1.50 ALSFRS points per month (g), upper limb, lower limb and 
trunk ALSFRS subscores range between 0 and 8 (h–j), bulbar ALS-
FRS subscores ranges between 0 and 12 and respiratory ALSFRS 
subscore ranges between 0 and 4. Axes are dimensionless and come 
from UMAP dimension reduction

◂
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capacity [42], time to generalisation [43] or weight loss, as 
it is thought to be more relevant than weight itself [44]. This 
limited the models ability to discriminate patients within the 
projection space. Additional clinical features, such as bulbar 
onset, or executive impairment [7], may be potential predic-
tors to feed our model. Including biofluid markers (such as 
neurofilaments levels), genetic (C9orf72 status) [45], and 
imaging features [13, 46, 47] could have improved the accu-
racy of prognostic modelling [48]. Clinical staging analysis 
was limited, as one of the four datasets used needed to be 
excluded due to missing ALSFRS subscores. Given the sig-
nificant proportion of samples with missing data, especially 
in the PRO-ACT datasets, meticulous data recording should 
be encouraged in future initiatives so that accrued datasets 
are not plagued by incomplete information.

Analysis of clinical staging systems with the available 
data showed that these systems did not capture patient evo-
lution more effectively than ALSFRS. Patient selection in 
therapeutic studies is biased towards patients in the early 
stages of the disease. Most of these patients are assigned to 
a subset of stages without covering the full staging system 
spectrum. As a result, these systems are unable to describe 
patient differences with the relevant level of granularity. 
In the context of clinical trials, it suggests that ALSFRS 
may be the most sensitive index for progression monitoring 
as well as for patient stratification. In RW settings, where 
patient heterogeneity is significantly stronger and follow-up 
is longer, these new systems of staging remain pertinent to 
capture the clinical progression of the disease.

As a non-linear unsupervised learning model, UMAP 
can capture and characterise complex relationships between 
predictors. However, it is a black-box approach. Model 
interpretability cannot be obtained: the explicit relation-
ship between UMAP input and output variables remains 
unavailable. Analysis of input feature distribution in the 
UMAP projection gives a broad overview of the importance 
of each variable with regard to the projection. Furthermore, 
similarly to other machine learning models, UMAP identi-
fies underlying data correlations but cannot reveal causal 
relationships. Nevertheless, our model provides confidence 
intervals which most machine learning techniques such as 

random forest, boosting or neural network methods do not 
ordinarily provide. This additional information can help cli-
nicians to evaluate prognosis in finer detail.

Sample size was crucial, as it directly influenced the 
level of detail for the projection space division. Although 
our dataset size was considerable (3756), a larger data sam-
ple will allow defining more zones with distinct functional 
loss estimates. Dividing the projection space into three was 
deemed most appropriate given patient distribution and 
sample size. Given the available data, we had to deal with 
the trade-off between prognosis personalisation and narrow 
confidence bounds for functional loss. Testing on external 
RW data was necessary to assess model ability to scale up 
and model validity as it was designed using trial patients. 
As such, we have to acknowledge that the model was built 
on a specific cohort of ALS patients who met entry criteria 
to clinical trials, a cohort which may not be representative 
of all patients with ALS. Minor differences were observed 
when assessing zone membership. Additional RW data 
could correct this bias and limit the resulting over-optimistic 
prognosis it entails. Overall, we successfully implemented 
a simple 1-year functional loss estimation model using a 
novel non-linear unsupervised learning method. As in all 
rare diseases, the collection of large datasets remains chal-
lenging and is our strongest limitation. International col-
laborative studies are mandatory to collect large datasets 
to circumvent that issue and design precision models [49]. 
Additionally, this approach can be extended to other medical 
and non-medical contexts. Provided only limited data with 
strong data constraints are available, combining UMAP with 
a simple probabilistic approach can help uncover relevant 
correlations in data.

Supplementary material

Datasets

The first dataset, referred to as Trophos, was a 2014 double-
blind, randomised, placebo-controlled phase II–III clinical 
trial for olesoxime, a drug produced by Trophos [32]. The 
trial lasted 18 months; recruitment started on May 4th 2009 
and ended on March 31st 2010. The final follow-up was on 
September 15th 2011. Data were collected on 512 patients 
with clinical and biological data. Patients were recruited 
from 15 tertiary referral centres in five European countries. 
Inclusion criteria included probable or definite ALS on the 
El Escorial criteria, a slow vital capacity above or equal to 
70% of the height-adjusted normative value, age between 18 
and 80 years, symptom duration between 6 and 36 months 
and riluzole treatment (50 mg of riluzole, twice a day for 
at least a month). The trial was conducted according to the 
European guidelines for Good Clinical Practice.

Fig. 2  Outcomes: 1-year ALSFRS (a); 1-year stages for respectively 
King’s (b), MiToS (c) and FT9 (d) and 1-year ALSFRS subscores, 
for respectively upper limb (e), lower limb (f), trunk (g), bulbar (h) 
and respiratory (i) distribution with regard to UMAP projection. Each 
point represents an individual patient. For 1-year ALSFRS (a), func-
tional loss ranges between 0 and 40. King’s stages are 1,2,3,4,4.5 (b), 
while MiToS (c) and FT9 (d) stages are 0,1,2,3,4. Upper limb, lower 
limb and trunk ALSFRS subscores range between 0 and 8 (e–g), bul-
bar ALSFRS subscores (h) range between 0 and 12 and respiratory 
ALSFRS subscore (i) ranges between 0 and 4. Each data point col-
our is mapped to a specific ALSFRS score (a), clinical stage (b–d) 
or ALSFRS subscore (e–i). Axes are dimensionless and come from 
UMAP dimension reduction

◂
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Fig. 3  One-year functional loss projection space segmentation: 
patients are divided into four groups based on their functional loss, 
which were patients with a 1-year functional loss lower than 10 (a), 
between 10 and 20 (b), between 20 and 30 (c) and above 30 (d). Each 
point represents an individual patient. The overall space is divided 
into three zones (e) based on functional loss distribution: the func-

tional loss estimated for each zone is calculated using patients from 
that zone. Distribution within each zone is detailed for patients with 
a 1-year functional loss lower than 10 (f), between 10 and 20 (g), 
between 20 and 30 (h) and above 30 (i). Axes are dimensionless and 
come from UMAP dimension reduction

Table 3  Predictor distribution per functional loss area for development data

Numerical predictors are described using mean ± standard deviation (range)

Features Marginal functional loss 
zone

Intermediate functional loss 
zone

Significant functional loss 
zone

Overall

n 2121 979 325 3425
Gender (male/female) 1440/681 502/477 186/139 2128/1191
Onset (spinal/bulbar) 1617/504 778/201 252/73 2647/672
Age (years) 55.6 ± 10.8 (18:81) 55.6 ± 12.5 (24:79) 47.8 ± 10.3 (26:78) 54.9 ± 11.5 (18:81)
Symptom duration (months) 18.4 ± 10.7 (2.9:72) 25.2 ± 14.3 (0.5:102.5) 24.5 ± 12 (5.1:61.8) 20.9 ± 12.4 (0.5:102.5)
Baseline weight (kg) 78.3 ± 15.3 (41.4:148.6) 70.3 ± 13.6 (30:137.8) 76.6 ± 17.6 (36.5:137) 75.9 ± 15.5 (30:148.6)
Baseline ALSFRS (score) 34.5 ± 2.5 (27:40) 28.7 ± 2.4 (19:35) 20.9 ± 3.1 (10:28.5) 31.4 ± 5.1 (10:40)
Baseline ALSFRS decline 

rate (score/month)
−0.38 ± 0.25 (– 2.27:0) −0.66 ± 0.47 (– 5.65: – 0.1) −0.98 ± 0.53 (– 4.15: – 

0.27)
−0.52 ± 0.41 (– 5.65:0)

Baseline upper limbs ALS-
FRS subscore (score)

6.9 ± 1.3 (0:8) 5.1 ± 1.8 (0:8) 2.6 ± 1.8 (0:8) 5.9 ± 2 (0:8)

Baseline lower limbs ALS-
FRS subscore (score)

6 ± 2 (0:8) 4 ± 1.9 (0:8) 2.7 ± 1.4 (0:8) 5.1 ± 2.2 (0:8)

Baseline trunk ALSFRS 
subscore (score)

6.8 ± 1.1 (3:8) 5 ± 1.4 (0:8) 2.9 ± 1.4 (0:6) 5.9 ± 1.8 (0:8)

Baseline bulbar ALSFRS 
subscore (score)

10.9 ± 1.7 (3:12) 10.1 ± 2.3 (0:12) 9 ± 2.3 (0:12) 10.5 ± 2 (0:12)

Baseline respiratory ALS-
FRS subscore (score)

3.9 ± 0.4 (1.5:4) 3.7 ± 0.5 (1.5:4) 3.5 ± 0.6 (1:4) 3.8 ± 0.4 (1:4)

1-year ALSFRS (score) 26.6 ± 7.4 (0:40) 19.5 ± 6.4 (0:36) 12.7 ± 5.9 (0:37) 23.2 ± 8.4 (0:40)
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The second dataset, named Exonhit, was a 2006 double-
blind randomised, place-controlled phase II–III clinical trial 
for pentoxifylline, a drug developed by Exonhit Pharma 
[33]. The trial lasted 18 months, with recruitment starting 
on October 3rd 2002 and ending on February 12th 2003. 
Follow-up ended on August 6th 2004. Data were collected 
on the 400 patients and were limited to clinical features and 
muscle strength testing. Patients were recruited from 12 ter-
tiary referral care centres from four countries. Patients were 
selected based on a probable or definite ALS using the El 
Escorial criteria, age between 18 and 80 years, a symptom 
duration between 6 and 47 months and riluzole treatment 
(established on 50 mg riluzole, twice a day). The trial was 
conducted according to European guidelines for Good Clini-
cal Practice.

The third database is PRO-ACT, which is funded by the 
ALS Therapy Alliance and released in 2012 as part of the 
DREAM Phil Bowen ALS prediction Prize4Life competi-
tion. It consists of pooled data from 16 completed phase 
II–III clinical trials and one observational study [34]. 
Included clinical trials were conducted between 1990 and 
2010 and lasted on average 12 months. Core patient data 
included clinical and biological laboratory results data. In 
December 2015, data from five clinical trials were added 
to PRO-ACT without additional information, totalling 22 
different clinical trial sources and 10,723 patients. Patient 
age ranged from 18 to 88, 82% were on a riluzole treatment 
(with variable dosage), but no El Escorial categorisation or 
individual vital capacity values were made available.

The fourth dataset is population based and contains 
RW patient data. Data were obtained from the database of 
the Paris tertiary referral centre for ALS (Pitié Salpètrière 

Hospital Assistance Publique des Hôpitaux de Paris, France) 
between September 1999 and April 2008. The initial patient 
sample size was 1377 and included data on baseline ALS-
FRS with subscores, age, time interval since symptom onset, 
El Escorial criteria, and muscle strength values.

As patient treatment is not relevant for our current work, 
we refer the readers to the specific clinical trial reports for 
additional information.

Missing data

Missing feature analysis focused solely on baseline predic-
tors and outcomes (1-year ALSFRS, 1-year King’s, 1-year 
MiToS and 1-year FT9 stages). Table 7 presents missing 
data ratios per feature for all datasets. Features which were 
not available in all datasets, such as testing and biological 
laboratory results, were discarded. ALSFRS subscores were 
not recorded for Trophos patients. Outcome features may be 
missing due to loss to follow-up or death. Features at time 
t+3 were less available than at baseline. Data collection was 
not disclosed for PRO-ACT data which aggregates multi-
ple clinical trials. This prevented the identification of miss-
ing data patterns. No specific details were available on the 
data collection process for PRO-ACT clinical trials which, 
amongst others, limited the use of vital capacity measure-
ments. Working solely with baseline features was motivated 
both by missing data ratios and prognostic relevance, e.g. 
the ability to provide an accurate prognosis at the first visit.

Missing data imputation was omitted and our model was 
trained solely on complete case samples. Although generally 
recommended in medical settings, data imputation seemed 
hazardous in this specific data context, specifically working 
with PRO-ACT. Multiple imputation methods often assume 
that missingness patterns are missing at random, i.e. that 
they depend on other observed variables in the dataset. This 
information is difficult to verify and these data imputation 
methods are often performed on the biggest feature subset 
available so as to improve the odds of such a hypothesis 
being true. Given the differences in the data collection pro-
cess and the limited feature subset shared between the dif-
ferent datasets, data imputation could not have been carried 
out on the global data structure. Data imputation at a dataset 
level would not have been productive and would have led 
to significant additional noise in data given small sample 

Table 4  Zone distribution with 
regard to functional loss for 
development data

FLZ functional loss zone

Group n ALSFRS < 10 10 ≤ ALSFRS < 20 20 ≤ ALSFRS < 30 30 ≤ ALSFRS

Marg. FLZ 2121 2% 15% 43% 40%

Inte. FLZ 979 7% 42% 47% 4%

Sign. FLZ 325 30% 58% 11% 1%

Overall 3425 6% 27% 41% 26%

Table 5  Patient functional loss distribution with regard to zones for 
development data

FLZ functional loss zone

Group n Sign. FLZ Inte. FLZ Marg. FLZ

ALSFRS < 10 213 46% 31% 23%

10 ≤ ALSFRS < 20 906 21% 45% 34%

20 ≤ ALSFRS < 30 1406 2.5% 32.5% 65%

30 ≤ ALSFRS 900 0.2% 4.8% 95%

Overall 3425 9% 29% 62%

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



836 Journal of Neurology (2021) 268:825–850

1 3

sizes and significant missing feature ratios for each dataset. 
Even advanced multiple imputation methods such as [51], 
which deal with missing data imputation at a study level 

(for meta-analysis purposes), require knowing the collection 
process for each study in scope, which we cannot access for 
PRO-ACT as features could be missing due to loss to follow-
up or due to clinical trial setup. Furthermore, as UMAP is 
a neighbourhood-based approach, data imputation can be 
seen as adding data where it is missing. This would have 
induced sample similarity in cases where little information 
was known on the subjects, creating visual artefacts of simi-
lar patients within the projection space and adding signifi-
cant bias to the visual representation. Our spatial distribution 
approach would have had a more limited performance had 
we worked with imputed data that would have artificially 
created spatial proximity.

Fig. 4  Outcomes with regard to UMAP projection for development 
and validation data: 1-year functional loss for development (a.1) and 
validation (a.2) data, 1-year King’s for development (b.1) and vali-
dation data (b.2), 1-year MiToS for development (c.1) and validation 
data (c.2) and 1-year FT9 for development (d.1) and validation data 
(d.2). Each point represents an individual patient. For 1-year ALS-

FRS (a), score range between 0 and 40. King’s stages are 1,2,3,4 or 
4.5 (b). MiToS and FT9 stages are 0,1,2,3 or 4 (c,d). The data point 
colour is mapped to a specific ALSFRS score (for a) or clinical stage 
(for b–d). Axes are dimensionless and come from UMAP dimension 
reduction. (a.1–d.1) represent development data plots; (a.2–d.2) rep-
resent validation data plots

Table 6  Patient functional loss distribution with regard to zones for 
validation data

FLZ functional loss zone

Group n Sign. FLZ Inte. FLZ Marg. FLZ

ALSFRS < 10 13 54% 31% 15%

10 ≤ ALSFRS < 20 92 29.3% 42.4% 28.3%

20 ≤ ALSFRS < 30 130 1.5% 34.5% 64%

30 ≤ ALSFRS 90 0% 5% 95%

Overall 331 11% 28% 61%
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UMAP

Supervised learning models usually require large amounts of 
data to avoid overfitting and lack of generalisation, which are 
not available in ALS research. Unsupervised learning meth-
ods have the advantage of capturing distribution patterns 
without data implications. Standard linear methods such as 
principal component analysis (PCA) [52] have been used 
in ALS for gene expression analysis [29]. Unfortunately, 
these conventional linear-based methods are not capable 
of describing non-linear relationships and have underper-
formed in this study context. Non-linear methods provide 
new modelling possibilities given their comprehensive abil-
ity to describe data correlations and have successfully been 
tried out for ALS phenotype identification on clinical trial 
data [30] with t Student Stochastic Neighbour Embedding 
(t-SNE), the current state-of-the-art manifold learning model 
[53]. UMAP outperforms t-SNE on the following aspects: it 
scales with regard to complexity (calculation-wise), allows 
dimension reduction for other purposes than visualisa-
tion (i.e. dimensions can be larger than 3), has a convex 
cost function (where t-SNE has a non-convex cost func-
tion that leads to initialisation based results) and preserves 

neighbourhood, distances and density (and not only neigh-
bourhood like t-SNE) [54]. All these assets make UMAP 
more suitable for clustering at a later stage than t-SNE.

UMAP is neighbourhood based and works in two steps. 
First, a compressed embedding of the input space is built 
through topological analysis of the data structure using sim-
plexes2. The compressed embedding is a simplicial simplex 
which can be seen as a neighbourhood graph of the input 
data that is built from the open cover3 of the simplexes. Sec-
ond, a low-dimensional (in our case 2D) data embedding is 
found through a cross-entropy4 optimisation process. UMAP 
preserves data neighbourhood, distances and density. The 

Table 7  Missing feature 
analysis per dataset

Feature PRO-ACT Exonhit Trophos Real world Overall

Initial sample size (n) 10723 400 512 1377 13012
Gender 0% 0% 0% 0% 0%

Onset 12% 0% 0% 2% 10%

Age 28% 0% 0% 0% 23%

Symptom duration 36% 0% 0% 0% 30%

Baseline weight 39% 3% 1% 3% 33%

Baseline height 38% 0% 100% 3% 35%

Baseline ALSFRS 36% 2% 0% 0% 30%

Baseline ALSFRS upper limb subscore 39% 0% 0% 0% 36%

Baseline ALSFRS lower limb subscore 39% 0% 100% 0% 36%

Baseline ALSFRS bulbar subscore 39% 0% 100% 0% 36%

Baseline ALSFRS respiratory subscore 39% 0% 100% 0% 36%

Baseline ALSFRS trunk subscore 39% 0% 100% 0% 36%

Baseline pulse 32% 1% 100% 100% 41%

Baseline diastolic blood pressure 32% 1% 0% 100% 37%

Baseline systolic blood pressure 32% 1% 0% 100% 37%

Baseline vital capacity (L) 23% 1% 0% 100% 29%

Baseline vital capacity ( %) 10% 1% 0% 100% 19%

1-year ALSFRS 66% 42% 30% 75% 65%

1-year King’s stage 66% 41% 75% 100% 68%

1-year MiToS stage 66% 41% 75% 100% 68%

1-year FT9 stage 68% 42% 75% 100% 68%

Overall missing ratio 36% 8% 37% 47% 37%

Overall predictor missing ratio 29% 1% 28% 39% 30%

Overall outcome missing ratio 67% 41% 75% 83% 68%

Final sample size for 1-year survival (n) 2841 227 331 357 3756

2 In geometry, a simplex is defined as a set of points, where none is 
a barycentre of the remaining points. The convex hull of these points 
corresponds to the face of the simplex. In simpler terms, a n-simplex 
can be thought of as the generalisation of a triangle in the nth dimen-
sion.
3 An open cover is essentially just a family of sets whose union is the 
whole space [31].
4 In machine learning, cross entropy is frequently used as a cost func-
tion to compare two probability distributions (p,q): p is optimised to 
approximate q the fixed target distribution.
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initial modelling step depends on whether the algorithm 
should focus on preserving the local or global input data 
structure. Data structure is estimated according to the size 
of the neighbourhood investigated. The second compression 
step is mainly defined using two parameters which are the 
output dimension size and the minimum distance permitted 
between two points in the output space, i.e. how compact the 
output projection can be.

Direct model specification is not possible as the UMAP 
projection function is a black-box approach based on nearest 
neighbours. Nonetheless, the UMAP projection function can 
be stored and used later to incorporate additional new data. 
As it is a black-box approach, projection features cannot be 
analysed to provide any interpretability. Output dimension 
analysis, as commonly performed for PCA, cannot be car-
ried out. Analysis of input feature distribution in the UMAP 
projection space is an alternative as it gives a broad over-
view of variable importance with regard to the projection. In 
Fig. 1, age and baseline ALSFRS scorer appeared to be the 
variables which mattered most distance-wise in the output 
space. Both variables had a global incidence on the over-
all UMAP projection distribution. Other variables, which 
showed a weaker or limited impact on the overall UMAP 
projection distribution, may have had a more local impact 
in the output space distance-wise.

Performance was directly related to the observed sam-
ple size (and its ability to represent the overall ALS patient 
population), as the more the data collected, the finer was the 
split in the input space with a controlled confidence bound. 
UMAP was performed on a 2D plane, as the 1D projec-
tion led to uninterpretable results and the 3D projection led 
to results similar to those observed for 2D (with a potato-
shaped form). Given the additional dimension, data density 
was lower and projection analysis and partitioning was more 
complex, so the 2D projection was preferred. Given the size 
of the dataset at our disposal, we could not explore finer 
splits without a significant increase of the confidence bound. 
As more data get collected, a finer division of the projection 
space can be performed, and a precision medicine approach 
can be implemented to provide clinicians with a more dis-
tinct patient division. Model updating is straightforward, as 
novel data points can be projected onto the 2D space using 
the learnt projection function.

UMAP projection is fitted using the clinical trial data. 
UMAP projection for additional data is not computed using 
the UMAP package, as proper mixed data type management 
(when dealing with both categorical and numerical features) 
has yet to be implemented in the official UMAP package. As 
a proxy, UMAP projection is learnt using a random forest 
model (with 10 trees). The random forest model serves as a 
proxy for now to estimate the 2D mapping of additional sam-
ples. Our random forest model reached a 99.3% coefficient 

of determination ( R2 ) score. The random forest was trained 
using 80% of the clinical trial data and was tested using the 
remaining 20%.

Use case

Novel patient data, provided all baseline features are 
recorded, can be projected in the reduced UMAP space. The 
corresponding 2D coordinates determine zone membership 
to one of the three functional loss zones. Zone membership 
and the spatial positioning within the projection space pro-
vide a broad estimate of patient 1-year functional loss. The 
following examples are provided for more details:

– Patient A (ID 1735) is a 43-year-old man with a spinal 
onset, baseline weight 55 kg, baseline ALSFRS score 31, 
symptom duration estimated at 7 months, and hence esti-
mated baseline ALSFRS decline rate is assessed at –1.16 
ALSFRS points per month. This information is used to 
compute the spatial coordinates of patient A within the 
UMAP projection space. Patients A spatial coordinates 
in the UMAP projection space are (0.82, 0.52), which 
fall into the intermediate functional loss zone. Patient A 
has a 89% probability that his resulting 1-year functional 
loss will belong to the [10, 30] range.

– Patient B (ID 1859) is a 66-year-old woman with a spinal 
onset, baseline weight 50 kg, baseline ALSFRS score 37, 
and symptom duration estimated at 7 months, and hence 
estimated baseline ALSFRS decline rate is assessed at 
–0.42 ALSFRS points per month. This information is 
used to compute the spatial coordinates of patient B 
within the UMAP projection space. Patients B spatial 
coordinates in the UMAP projection space are (0.12, 
0.70), which fall into the marginal functional loss zone. 
Patient B has an 83% probability that his resulting 1-year 
functional loss will belong to the [20, 40] range.

– Patient C (ID 2946) is a 54-year-old man with a spinal 
onset, baseline weight 73 kg, baseline ALSFRS score 22, 
and symptom duration estimated at 39 months, and hence 
estimated baseline ALSFRS decline rate is assessed at 
–0.45 ALSFRS points per month. This information is 
used to compute the spatial coordinates of patient C 
within the UMAP projection space. Patient’s C spatial 
coordinates in the UMAP projection space are (0.6, 
0.15), which fall into the marginal functional loss zone. 
Patient C has an 88% probability that his resulting 1-year 
functional loss will belong to the [0, 20] range.

The use cases are displayed in Fig. 5. Subsequent analysis of 
patients’ A, B and C status after 1 year are that patients A, B 
and C had an ALSFRS score of, respectively, 23, 35 and 17.
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Distribution differences

Differences in distribution between development and vali-
dation datasets have been analysed with regard to each out-
come in scope, for different outcome values. These were 
ALSFRS range for functional loss and stage value for clini-
cal staging systems. Visual differences for these subsets are 
presented for functional loss and clinical stages in Figs. 6 
and 7, respectively. Further analysis of distribution differ-
ences between development and validation datasets by ALS-
FRS range and zone membership is shown in Fig. 8. Little 
can be said on differences in distribution for King’s clinical 
stages 4 and 4.5, MiToS stages 3 and 4 and FT9 stage 0 
given the limited data available for such stages. Distribu-
tion according to the y-axis seemed similar for most subsets, 
while a left shift was frequently observed on the x-axis for 
validation data with respect to development data. 

Model comparison

Our model was compared to logistic regression and random 
forest models. Models were trained on development data 
and tested on validation data. Our model returned a func-
tional loss range probability and ALSFRS values overlapped 
between zones, as the significant and intermediate functional 
loss zones were associated with ALSFRS ranges between 0 
and 20 and 10 and 30, respectively. As such, direct model 
comparison with regular machine learning models was not 
possible. We chose to calculate, for each zone, the number 
of patients within the ALSFRS range using the zone prob-
ability. The number of true positives (TP), false positives 
(FP), false negatives (FN) and true negatives (TN) could 
then be approximated for each zone and model performance 
within each zone could be assessed. The two machine learn-
ing models were trained to classify patients into four groups: 
1-year ALSFRS between 0 and 10, between 10 and 20, 
between 20 and 30 and between 30 and 40. This output was 
then labelled to match with our model’s output, that is, to say 
whether the right ALSFRS range was predicted.

The number of TP, FP, FN and TN were reported for each 
model. The following classification metrics were used: accu-
racy5, precision6, specificity7, recall8, balanced accuracy9 
and F1-measure10. Patient distribution according to zone 
membership and ALSFRS range are presented in Table 8. 
Model performance is summarized in Table 9 for TP, FP, FN 
and TN and in Table 10 for classification metrics.  

88% of the 36 patients associated with the significant 
functional loss zone were labelled as belonging to the [0,20] 
ALSFRS range (32). Remaining patients are labelled as 
belonging to the [20,40] ALSFRS range (4). 89% of the 93 
patients belonging to the intermediate functional loss zone 
were labelled as belonging to the [10,30] ALSFRS range 
(83). The remaining patients are labelled as beloning to 
either the [0,10] or [30,40] ALSFRS ranges (10). 83% of the 
202 patients assigned to the marginal functional loss zone 
were labelled as belonging to the [20,40] ALSFRS range 
(168). The remaining patients are labelled as belonging to 
the [0,20] ALSFRS range (34). Performance metrics were 
approximated based on these figures. Hence for the mar-
ginal functional zone, 196 patients were associated with the 
accurate ALSFRS range (TP+TN) with six patients wrongly 

Fig. 5  One-year functional loss projection space segmentation: novel 
patient data is projected onto the reduced space and prognosis is esti-
mated based on projection coordinates. Axes are dimensionless and 
come from UMAP dimension reduction

5 Accuracy = TP+TN

TP+TN+FP+FN
.

6 Precision (positive predictive value) = TP

TP+FP
.

7 Specificity (true negative rate, selectivity) = TN

TN+FP
.

8 Recall (sensitivity, true positive rate) = TP

TP+FN
9 Balanced accuracy (average of specificity and recall) = 
Specificity+Recall

2
.

10 F1-measure (harmonic mean of precision and recall) = 
2
Precision×Recall

Precision+Recall
.
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labelled as not belonging to the target ALSFRS range (FN). 
Our proposed model outperformed the random forest and 
logistic regression models in all three zones and for most 
metrics specifically balanced accuracy and F1-measure. Due 
to the fact that functional loss ranges for each zone over-
lapped, model performance was analysed at a zone level 
and not on validation data as a whole. Given the low sam-
ple sizes for each zone and that performance metrics were 
calculated differently for our model and the other machine 
learning models, where individual predictions were avail-
able for all patients, performance results should be viewed 
with caution.

Clinical stage distribution patterns

Clinical stage distribution patterns for development data

Analysis of 1-year clinical stages distribution patterns was 
carried out in the same manner as functional loss. Fig. 9 pre-
sents patient distribution after zone division for each clini-
cal staging system and for each stage similarly to what was 

performed for ALSFRS in Fig. 3a–d. Figure 9a–e, respec-
tively, represent patient distribution within the three zones 
for King’s stages 1–4.5, respectively. In the same manner, 
Fig. 9f–j, represent MiToS stages 0–4 and Fig. 9k–o repre-
sent FT9 stages 0–4.

King’s stage analysis showed that nearly all stage 1 
patients ( 96.6% ) in Fig.  10a and a majority of stage 2 
patients ( 73% ) in Fig. 10b belonged to the marginal func-
tional loss zone, which demonstrated that King’s stages were 
fairly able to isolate patients with a weak functional impair-
ment. Division for more advanced stages (2–4.5) was less 
informative, as patient distribution within the three zones 
was evenly divided between the marginal and intermediate 
functional loss zones with only a small portion of patients 
falling into the significant functional loss zone as summa-
rised in Table 11 and shown in Fig.  10c–e. Analysis of 
zone membership with regard to patient stage is presented 
in Table 12. The significant functional loss zone was mostly 
made of stages 3 and 4 ( 90% ) with a majority of stage 3 
patients ( 67% ). Intermediate functional loss zone analysis 
also showed that a majority of patients within that zone were 

Fig. 6  Distribution patterns for development and validation data (a). 
Distribution patterns for specific subsets of data based on ALSFRS 
range: less than 10 (a), between 10 and 20 (b), between 20 and 30 

(c) and above 30 (d). Axes are dimensionless and come from UMAP 
dimension reduction
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stage 3 ( 61.5% ), but overall patient distribution was more 
skewed towards lower stages.

The marginal functional loss zone was more evenly dis-
tributed as patient distribution seemed concentrated around 
stages 1–3 ( 90.5% ). King’s stage 3 patients outnumbered the 
other stages ( 46% of patient population was at stage 3 after 
one year), partially explaining why patients from that stage 
are found in significant proportions in all three zones. Stage 
4.5 sample size was limited, hence little can be concluded 

from the analysis of this stage. Overall, as King’s stages 
increased, the proportion of patients in the marginal func-
tional loss zone decreased, while the proportion of patients 
in the intermediate and significant functional loss zone 
increased.

MiToS stage analysis was less informative than King’s, 
as 79.5% of the population was at stage 0 or 1 after 1 year, 
with only a minority of patients having undergone most 
of the disease course. Low MiToS stages concentrated in 

Fig. 7  Distribution patterns for development and validation data (a). Distribution patterns for specific subsets of data based on stage values, with 
1-year King’s for (a–e), 1-year MiToS for (f–j) and 1-year FT9 for (k–o). Axes are dimensionless and come from UMAP dimension reduction
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the marginal functional loss zone as for King’s, as 83% of 
MiToS stage 0 patients were associated with the marginal 
functional loss zone. These are presented in Fig. 10f and 
g. Table 13 presents stage distribution for each zone. As 
clinical stages increased, the proportion of patients within 
the marginal functional loss zone decreased. Initially, inter-
mediate and significant functional loss zone membership 
increased together, but as stages progressed, only signifi-
cant functional loss zone membership increased as shown in 
Fig. 10h–j. These results should be interpreted with caution 
as MiToS stage 2–4 patients were significantly underrep-
resented. Zone distribution with regard to MiToS stage is 
summarised in Table 14. The marginal functional loss zone 
was primarily made up of stage 0 patients. Unsurprisingly, as 
stage distribution was skewed towards stages 0 and 1, stage 1 
patients were predominantly represented in the intermediate 
( 51% ) and significant ( 41.5% ) functional loss zones. Little 
more can be said regarding MiToS added value with regard 
to patient stratification due to the overrepresentation of stage 
0 and 1 patients. 

FT9 stage distribution was the most balanced out of the 
three clinical stage systems, the results of which are pre-
sented in Table 15. Low stages 0 and 1 were concentrated in 
the marginal functional loss zone, as all patients from stage 

0 and 94% of stage 1 patients were assigned to the marginal 
functional loss zone as shown in Fig. 10k and l. Results 
were less clear for more advanced stages as patients at stage 
3 and 4 could be assigned to all three zones as shown in 
Fig. 10m–o. Zone distribution with regard to FT9 stage is 
summarised in Table 16. Overall, as FT9 stages increased, 
the proportion of patients within the intermediate and sig-
nificant functional loss zones increased while the proportion 
of marginal functional loss zone assignments decreased. 

Uneven patient distribution with regard to stages clearly 
stood out for King’s stage 4.5, MiToS stage 4 and FT9 stage 
0. The ability for the marginal functional loss zone to con-
centrate King’s stage 1, MiToS stage 0 and FT9 stage 1 was 
quite apparent. Distribution per staging system and per stage 
showed, in this specific data context, that staging systems 
could only help discriminate patients with a weak functional 
impairment from the rest of the patient population.

Clinical stage distribution patterns for validation data

Stage analysis of zone assignments for validation data 
with regard to King’s, MiToS and FT9 staging systems 
are presented in Tables 17, 18 and 19, respectively. Trends 

Fig. 8  Distribution patterns for development and validation data for 
1-year functional loss. Distribution patterns for specific subsets of 
data based on functional loss and the zones identified for progno-
sis estimation. Patients that belong to the significant functional loss 
zone are separated in three subsets based on ALSFRS range in (a–c). 
Patients that belong to the intermediate functional loss zone are sepa-
rated in four subsets based on ALSFRS range in (d–g). Patients that 
belong to the significant functional loss zone are separated in three 
subsets based on ALSFRS range in (h–k). Axes are dimensionless 
and come from UMAP dimension reduction

◂

Table 8  Zone distribution with 
regard to functional loss for 
validation data

FLZ functional loss zone

Group n ALSFRS < 10 10 ≤ ALSFRS < 20 20 ≤ ALSFRS < 30 30 ≤ ALSFRS

Marg. FLZ 202 3 25 100 74
Inte. FLZ 93 6 40 46 1
Sign. FLZ 36 7 27 2
Overall 331 16 92 148 75

Table 9  Model comparison on validation data

LR Logistic regression, RF random forest, PM proposed model which 
combines UMAP with spatial division, FLZ functional loss zone

Model TP FP FN TN

LR - Marg. FLZ 170 27 4 1
LR - Inte. FLZ 85 7 1 0
LR - Sign. FLZ 32 1 2 1
RF - Marg. FLZ 149 18 25 10
RF - Inte. FLZ 76 6 10 1
RF - Sign. FLZ 34 1 0 1
PM - Marg. FLZ 168 0 6 28
PM - Inte. FLZ 83 0 3 7
PM - Sign. FLZ 32 0 2 2
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identified earlier with development data seemed to be con-
firmed, as patients at a lower stage tended to concentrate 
in the marginal functional zone as 95% of King’s stage 1 
and 74% of King’s stage 2, 86% of MiToS stage 0 patients, 
100% of FT9 stage 0 and 96% of FT9 stage 1 patients were 
assigned to that zone, which confirms what was observed for 
development data. Given the limited sample size in higher 
stages for all three stages (26 and 2 patients at, respectively, 
stages 4 and 4.5 for King’s, 2 and 2 patients at, respectively, 
stages 3 and 4 for MiToS and 22 patients at stage 4 for FT9), 
little can be concluded from the obtained results. The ability 
to discriminate between marginal and non-marginal func-
tional loss at a stage level can be observed, but patients with 
a significant functional impairment cannot be identified.

Computational environment

Programs were designed in Python using the following pack-
ages: numpy, pandas, matplotlib, seaborn, umap-learn and 
scikit-learn. Programs were run on:

– Dell laptop with Windows 10 Pro, Intel Core i7-9850H 
CPU, 64BGB RAM,

– Dell remote server with Linux Fedora 28, 80 Intel Xeon 
Gold 6148 CPUs, 1.5TB RAM.

Table 10  Model comparison on 
validation data

LR Logistic regression, RF random forest, PM proposed model which combines UMAP with spatial divi-
sion, FLZ functional loss zone

Model Accuracy Precision Specificity Recall Balanced 
accuracy

F1 measure

LR Marg. FLZ 85% 86% 4% 98% 51% 92%

LR Inte. FLZ 91% 92% 0% 99% 49% 96%

LR Sign. FLZ 92% 97% 50% 94% 72% 97%

RF Marg. FLZ 79% 89% 36% 86% 61% 87%

RF Inte. FLZ 83% 93% 14% 88% 51% 90%

RF Sign. FLZ 97% 97% 50% 100% 75% 99%

PM Marg. FLZ 97% 100% 100% 97% 98% 98%

PM Inte. FLZ 97% 100% 100% 97% 98% 98%

PM Sign. FLZ 94% 100% 100% 94% 97% 97%

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



845Journal of Neurology (2021) 268:825–850 

1 3

Fig. 9  One-year staging distribution: patients are divided into five 
groups based on their clinical stage: stages 1–4.5 for King’s (a–e), 
stages 0–4 for MiToS (f–j) and stages 0–4 for FT9 (k–o). Each point 

represents an individual patient. Axes are dimensionless and come 
from UMAP dimension reduction
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Fig. 10  One-year staging with functional loss space segmentation: 
patients are divided into five groups based on their clinical stage: 
stages 1–4.5 for King’s (a–e), stages 0–4 for MiToS (f–j) and stages 
0–4 for FT9 (k–o). Each point represents an individual patient. The 
overall space is divided into three zones based on functional loss dis-

tribution. Population distribution within the three zones is calculated 
from population from each clinical stage. For each staging system and 
each stage, the percentage of the patients at that clinical stage belong-
ing to each of the three zones is displayed. Axes are dimensionless 
and come from UMAP dimension reduction
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Table 11  Patient King’s stage 
distribution with regard to zones 
for development data

KS King’s Stage, FLZ functional loss zone

n Sign. FLZ Inte. FLZ Marg. FLZ

KS1 384 0.2% 3.2% 96.6%

KS2 807 3% 24% 73%

KS3 1349 15% 39% 46%

KS4 352 20% 34% 46%

KS4.5 17 12% 47% 41%

Overall 2909 10.5% 30% 59.5%

Table 12  Zone distribution 
with regard to King’s stages for 
development data

KS King’s Stage, FLZ functional loss zone

n KS1 KS2 KS3 KS4 KS4.5

Sign. FLZ 306 0% 9% 67% 23% 1%

Inte. FLZ 870 1.5% 22% 61.5% 14% 1%

Marg. FLZ 1733 21.5% 34% 35% 9.5% 0%

Overall 2909 13% 28% 46% 12% 1%

Table 13  Patient MiToS stage 
distribution with regard to zones 
for development data

MS MiToS stage, FLZ functional loss zone

n Sign. FLZ Inte. FLZ Marg. FLZ

MS0 1231 1% 16% 83%

MS1 1085 12% 41% 47%

MS2 406 24% 37% 39%

MS3 130 31% 34.5% 34.5%

MS4 57 53% 26% 21%

Overall 2909 10.5% 30% 59.5%

Table 14  Zone distribution 
with regard to MiToS stages for 
development data

MS MiToS stage, FLZ functional loss zone

n MS0 MS1 MS2 MS3 MS4

Sign. FLZ 306 3.5% 41.5% 32% 13% 10%

Inte. FLZ 870 24% 51% 18% 5% 2%

Marg. FLZ 1733 58% 29% 9% 3% 1%

Overall 2909 42.5% 37% 14% 4.5% 2%

Table 15  Patient FT9 stage 
distribution with regard to zones 
for development data

FS FT9 Stage, FLZ functional loss zone

n Sign. FLZ Inte. FLZ Marg. FLZ

FS0 73 0% 0% 100%

FS1 469 0.2% 5.8% 94%

FS2 857 4% 29% 67%

FS3 842 14.5% 38.5% 47%

FS4 668 22.5% 40% 37.5%

Overall 2909 10.5% 30% 59.5%
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