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NEUROCLINOMICS2

Unravelling Prognostic Markers in 

NEUROdegenerative diseases through 

CLINical and OMICS data integration 
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Need for Biomarkers and Predictive Models
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What type of data **do we have** ? What do we want to do with the data ?

- Clustering

- Classification

- Pattern Discovery

OF PATIENTS

High Dimensional and Heterogeneous Data Analysis

STATIC DATA

STATIC/TEMPORAL DATA

*** WHAT HAVE WE BEEN DOING ? ***

@NEUROCLINOMICS2



PROGNOSTIC 

PREDICTION IN ALS

• PATIENT SNAPSHOTS AND TIME WINDOWS

• PROGRESSION PATTERNS

• PROGRESSION GROUPS
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*** WHAT HAVE WE BEEN DOING ? ***



 NEUROCLINOMICS2 data - 1200 national patients, with definite or probable ALS.

 Demographic data 

 Clinical evaluation data

 Respiratory tests data

 Neurophysiological data 

 European project OnWebDuals extended NEUROCLINOMICS2 data with genetic information - 500 Portuguese 
patients (300 controls) were sequenced to collect detailed genotype-phenotype data. 

 OnWebDuals data with 1300 patients

 complete demographic

 clinical (phenotype)

 genetic (genotype) information,

 enriched with detailed results on laboratory and respiratory function, in addition to family history, professional 
activity, environmental risk factors (smoking and physical activity), and survival 
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High Dimensional and Heterogeneous Data Analysis

What data **do we have** ?



Prognostic Models using Patient Snapshots 

and Time Windows - One Snapshot
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Can we predict if a patient with ALS will require NIV k days from today?

Time Window (k days)

90 days (next appointment)

180 days

360 days

Using One Snapshot

(Patient’s Current 

Condition)
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Prognostic Models using Patient Snapshots and Time Windows 

Machine Learning
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Using a Set of Snapshots 

(Follow-up data)

Prognostic Models using Patient Snapshots and 

Time Windows – Set of Snapshots (Follow-Up) 

Can we improve prediction if we use T evaluations of the patient ?
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Using a Set of Snapshots 

(Follow-up data)

Can we improve prediction if we use T evaluations of the patient ?

Can we improve prediction if we use progression patterns ?

Prognostic Models using Patient Snapshots and 

Time Windows – Set of Snapshots (Follow-Up) 
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Can we improve prediction if we use T evaluations of the patient ?

Prognostic Models using Patient Snapshots and 

Time Windows – Set of Snapshots (Follow-Up) 
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Using Frequent Sequential Patterns as 

features. Using Temporal Dynamic Patterns as Features. 

Can we improve prediction if we use progression patterns ?

Prognostic Models using Patient Snapshots and 

Time Windows – Set of Snapshots (Follow-Up) 



Prognostic Models using Progression Groups
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Can we improve prediction if we use progression groups and group-specific predictive models ?
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Ongoing and 

Future Work

• WORKING ON PROGNOSTIC MODELS 

• Patient snapshots and time windows

• + Progression patterns 

• + Progression groups

• STUDY PROGNOSTIC MODELS USING OTHER 
PROGNOSTIC OUTCOMES (DECLINE IN ALSFRS, ETC)

• INTEGRATE GENOTYPE-PHENOTYPE DATA (FROM 
PATIENTS AND JPND PROJECT “ONWEBDUALS –
ONTOLOGY-BASED WEB DATABASE FOR 
UNDERSTANDING AMYOTROPHIC LATERAL SCLEROSIS”) 
WITH CLINICAL DATA

• IDENTIFY DISEASE PROGRESSION PATTERNS USING
LONGITUDINAL DATA FROM PATIENTS’ FOLLOW-UP
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