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Background

Amyotrophic lateral sclerosis (ALS)
► A neurological disease that causes the degradation of 

motor neurons
► A fast progressing disease that leads to increasing 

disability until death within 4-5 years since the diagnosis
► Lack of effective prognostic tools

w Hard to understand how the disease will progress

► Clinicians require tools to predict the disease 
progression in order to suggest personalised therapies or 
indicate interventions

Designing and developing AI algorithms to predict the 
progression of the disease is key
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Tasks

Two tasks on  ALS progression prediction

► Task 1 aim: rank subjects based on risk of occurrence of clinical 
events
w Sub-task 1a: non-invasive ventilation (NIV) or death, whichever occurs 

first
• NIV and death were considered as competing events (OR operation) as if 

a patient dies NIV can no longer happen
w Sub-task 1b: percutaneous endoscopic gastrostomy (PEG) or death, 

whichever occurs first
• PEG and death were considered as competing events (OR operation) as if 

a patient dies PEG can no longer happen
w Sub-task 1c: death

► Task 2 aim: predict when clinical events will occur 
w Sub-task 2a: NIV or death
w Sub-task 2b: PEG or death
w Sub-task 2c: death 

4



Runs

To evaluate whether collecting additional data after the 
baseline could improve performance, participants were 
asked to submit two types of runs for each task

►M0 runs: predictions obtained from a model trained 
using only data available at baseline

►M6 runs: predictions obtained from a model trained 
using all the data available until month 6
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Run Example: Task 1
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Patient Identifier Risk score

Example of the format required for Task 1 submission runs



Run Example: Task 2
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Patient Identifier

Predicted event time window
Example of the format required for Task 2 submission runs



Variables
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Variables
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Static variables

Dynamic variables

Outcome variables
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From survival to classification
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Subject 1
Subject 2
Subject 3

Visit 0 (baseline)

Subject N

Target time for prediction
(prediction horizon PH)

Time

To compute classification metrics the problem must be 
converted from a survival to a classification 
framework 

event

“Censored”, 
i.e. exit the 
study without 
event



From survival to classification
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Subject 1
Subject 2
Subject 3

Subject N

Visit 0 (baseline)

event

“Censored”

Time

Label 0

Label 1

Target time for prediction
(prediction horizon PH)

Label 0 to all subjects censored or with event after the PH
Label 1 to all subjects with event before the PH

NA

NA

NA

Subjects censored before the PH are 
excluded from classification metric 

computation because the outcome is 
not known at the PH



Area Under the Receiver Operating 
Characteristic Curve (AUROC)
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The AUROC is a classification metric that evaluates how well a model 
discriminates the positive class from the negative one

It is computed from the ROC curve, obtained by plotting the true 
positive rate (TP/P) against the false positive rate (1-TN/N)

The AUROC ranges from 0 to 1, an higher value is associated to a 
better discrimination performance

A reference value is 0.5, that is the performance of a classifier that 
assigns labels randomly



Area Under the Receiver Operating 
Characteristic Curve (AUROC)
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To compute AUROC from the runs the predicted risk scores 
were compared against the binary ground truth (label 0 and 
label 1) 

Considered prediction horizons: 12-18-24-30-36-48-60 
months

Example of the format required for Task 1 submission runs



Brier score (BS)

15

The Brier score is a score function used to assess model calibration 
(i.e. whether or not predicted probabilities match expected 
probabilities)

It is computed with the following equation:

𝐵𝑆 =
1
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!"#

$

𝑝! − 𝑙! %

Where:
• N is the number of subjects
• 𝑝! is the predicted probability for subject 𝑖
• 𝑙! is the ground truth for subject i

Small values of Brier score are associated to better performance as 
predicted probabilities are closer to the corresponding ground truths



Brier score (BS)

16

To compute the Brier score from the runs the risk scores were 
compared against the binary ground truth (label 0 and label 1)

Considered prediction horizons: 12-18-24-30-36-48-60 months

Example of the format required for Task 1 submission runs



Concordance Index (C-index)
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The concordance index (C-index) is a generalization of the AUROC that can take 
into account censored subjects and is thus more suitable to evaluate survival 
approaches

With the C-index model discrimination is assessed as the ability of the model to 
assign higher risks to subject who will experience the event sooner

C-index = 1 indicates perfect concordance
C-index = 0.5 represents a random prediction

With:
• ∆i, binary variable, 1 if the subject 𝑖 experienced the event at some 

point and 0 if censored
• 𝑀 predicted risk score of a subject
• 𝑇 censoring or event times



To compute the C-Index from the runs the predicted risk scores were 
used to assess whether subjects with higher predicted scores 
experienced the event sooner

Concordance Index (C-index)
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Example of the format required for Task 1 submission runs
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Confusion Matrix, Recall, Specificity
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The confusion matrix compares the true event time windows with those 
predicted by the models

Rows of the matrix correspond to 
predicted windows

Columns of the matrix correspond 
to true windows

To check whether the time interval in which the event of interest 
occurs was correctly predicted, recall &'

&'()$
and specificity &$

&$()'
were 

derived from the confusion matrix

12-186-12 18-24 …6-12
12-18

18-24
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A measure of distance between the predicted and correct time intervals

All the time intervals were replaced with the mean value of each interval

the distance was computed as the absolute value of 

Absolute Distance (AbsDist)
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A measure of distance between the predicted and correct time intervals, 
was also considered 

All the time intervals were replaced with the mean value of each interval

Example:
Predicted time window -> 6-12 months
True time window -> 12-18 months

Absolute Distance (AbsDist)
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(mid point)predicted -> 9 months
(mid point)true -> 15 months
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A measure of distance between the predicted and correct time intervals, 
was also considered 

All the time intervals were replaced with the mean value of each interval

The final metric was obtained by averaging the absolute differences across all 
subjects
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Absolute Distance (AbsDist)
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Results Overview Task 1
Risk prediction

To evaluate models developed by participants against a 
reference, results obtained from submitted runs were 
compared against the average performance of 100 random 
classifiers  

Each random classifier was obtained by assigning risk 
scores randomly sampling from a uniform distribution 
ranging from 0 to 1
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Discrimination 
C-index Sub-task 1a (NIV or Death)
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Reference discrimination

Discrimination comparable to 
reference

Discrimination better than 
reference



Discrimination
48-months AUROC Sub-task 1a (NIV or Death)
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Reference discrimination

Discrimination comparable to 
reference

Discrimination better than 
reference



Results Overview Task 1
Risk prediction (discrimination)

M6 runs (obtained by considering all data available until 
month 6) led to better discrimination than M0 runs 
(obtained by considering only data available at baseline)

Performance differences seem to be more dependent on 
task interpretation and data manipulation rather than 
methodologic approach

Results improve when:
►Using a survival framework
►Obtaining relevant features from dynamic data (e.g., 

slope, min, max, mean)
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Calibration
12-months Brier Score Sub-task 1a (NIV or Death)
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Good calibration @ 12 months

Poor calibration @ 12 months



Calibration
60-months Brier Score Sub-task 1a (NIV or Death)
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Good calibration @ 60 months

Poor calibration @ 60 months



Results Overview Task 1
Risk prediction (calibration)

M6 runs (obtained by considering all data available until 
month 6) led to better calibration than M0 runs (obtained 
by considering only data available at baseline)

Calibration performance strongly depends on the 
considered prediction horizon as results depend on how 
the models were trained

Participants may perform a censoring step before training 
the model to calibrate the model to the cumulative 
incidence at a given prediction horizon or use 
recalibration techniques
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Results Overview T2

To evaluate models developed by participants against a 
reference, results obtained from submitted runs were 
compared against several synthetic runs
►min_interval: predicted time intervals are identical to the 

minimum one
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Results Overview T2

To evaluate models developed by participants against a 
reference, results obtained from submitted runs were 
compared against several synthetic runs
►max_interval: predicted time intervals are identical to the 

maximum one
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Results Overview T2

To evaluate models developed by participants against a 
reference, results obtained from submitted runs were 
compared against several synthetic runs
► interval_18_24: predicted time intervals are identical to 

the middle one
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Results Overview T2

To evaluate models developed by participants against a 
reference, results obtained from submitted runs were 
compared against several synthetic runs
► random_interval: 100 randomly generated runs with the 

same distribution as the test set distribution 
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Results Overview T2

To evaluate models developed by participants against a 
reference, results obtained from submitted runs were 
compared against several synthetic runs
► Inverse_distr_interval: 100 randomly generated runs, 

with an inverse distribution compared to the test set 
distribution
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Results Overview T2

To evaluate models developed by participants against a 
reference, results obtained from submitted runs were 
compared against several synthetic runs
► corr_interval: 100 correlated runs, with correlation 

coefficient to the true intervals ∼ 0.7
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Recall & Specificity Sub-task 2a (NIV or Death) 
Time Interval 12-18
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Corr_interval

Other synthetic runs

Participants runs

Predicting the correct time 
of the event is challenging



Absolute Distance Sub-task 2a (NIV or Death)
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Reference distance

Distance comparable to 
reference

Distance better than 
reference

Optimal benchmark not reached



Results Overview T2

M6 runs (obtained by considering all data available until 
month 6) led to better performance than M0 runs 
(obtained by considering only data available at baseline)

For participants it was challenging to predict the correct 
time interval of the event, however, as absolute distance 
values were on average around 7 months, they were 
predicting adjacent windows
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Discussion

► 43 teams registered but only 5 submitted… why?
w Difficult/complex task ?
w Not clear survival / classification framework ?
w Not clear how to cope with competing risks ?
w Other aspects ?

►Next year same challenge with air pollution data
w Same tasks… 
w Is air pollution affecting prognosis ?
w Making more explicit the importance of predicting probability of 

events within subsequent time windows ?
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