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Integrative biomarker discovery in
neurodegenerative diseases

André V. Carreiro,’ Alexandre Mendonca,? Mamede de Carvalho?®
and Sara C. Madeira'

Data mining has been widely applied in biomarker discovery resulting in signif-
icant findings of different clinical and biological biomarkers. With developments
in technology, from genomics to proteomics analysis, a deluge of data has become
available, as well as standardized data repositories. Nonetheless, researchers are
still facing important challenges in analyzing the data, especially when consid-
ering the complexity of pathways involved in biological processes and diseases.
Data from single sources appear unable to explain complex processes, such as
those involved in brain-related disorders, including Alzheimer’s disease, Parkin-
son’s disease and amyotrophic lateral sclerosis, thus raising the need for a more
comprehensive perspective. A possible solution relies on data and model integra-
tion, where several data types are combined to provide complementary views. This
in turn can result in the discovery of previously unknown biomarkers by unraveling
otherwise hidden relationships between data from different sources, and/or vali-
date such composite biomarkers in more powerful predictive models. © 2015 Wiley
Periodicals, Inc.
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Need for Biomarkers and Predictive Models
(Data Mining/Machine Learning)

Disease Disease Patient profiles
prognostic progression
markers rates
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High Dimensional and Heterogeneous Data Analysis

STATIC/TEMPORAL DATA

clinical data
STATIC DATA /’
demographic/
biological data static data
HIGH
DIMENSIONAL
DATA
BIG DATA £ /
_g o~
]
What type of data **do we have** ? What do we want to do with the data ?
- Clustering
*** WHAT HAVE WE BEEN DOING ? *## - Classification

- Pattern Discovery
@NEUROCLINOMICS2 OF PATIENTS



PATIENT SNAPSHOTS AND TIME WINDOWS

PROGNOSTIC PROGRESSION PATTERNS
PRED'CT'ON |N AI_S « PROGRESSION GROUPS

*** WHAT HAVE WE BEEN DOING ? ***
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High Dimensional and Heterogeneous Data Analysis

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

>
>
>
>

Demographic data

Clinical evaluation data What data **do we have** ?
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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Prognostic Models using Patient Snapshofts

and Time Windows - One Snapshot

Using One Snapshot
(Patient’s Current
Condition)

Time Window (k days)
90 days (next appointment)
180 days
360 days

Does not
evolve

After k days /
Does the patient
) .

(at i+ k days)

+ " \

Evolves

Patients’ current
condition (at time /)

(ﬁ'ﬁ

Can we predict if a patient with ALS will require NIV k days from today?




Prognostic Models using Patient Snapshots and Time Windows

Original Data
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Prognostic models based on patient snapshots and time windows: @Cwm
Predicting disease progression to assisted ventilation in Amyotrophic
Lateral Sclerosis

André V. Carreiro™*, Pedro M.T. Amaral ?, Susana Pinto ”, Pedro Tomds ?, Mamede de Carvalho®,
Sara C. Madeira®”

*INESC-ID Lishon and Instituto Superior Técnico, Universidade de Lisboa, Portugal
®Translational Clinical Physiology Unit, Institute of Molecular Medicine, Faculty of Medicine, Universidade de Lisboa, Portugal

ARTICLE INFO ABSTRACT

Am'df‘ history: Amyotrophic Lateral Sclerosis (ALS) is a devastating disease and the most common neurodegenerative dis-

:ec?’:dt’d] ;95"9‘”“3;: 22‘2)1155 order of young adults. ALS patients present a rapidly progressive motor weakness. This usually leads to
_Vis eptember deathin a fi iratory failure. ect predicti f iratory insuffici is thus k

Accepted 23 Seoteinber 2018 eath in a few years by respiratory failure. The correct prediction of respiratory insufficiency is thus key

for patient management. In this context, we propose an innovative approach for prognostic prediction

Avalizbie.onliae 8 Desber 2013 based on patient snapshots and time windows. We first cluster temporally-related tests to obtain snap-

) shots of the patient's condition at a given time (patient snapshots). Then we use the snapshots to predict
m‘g‘; el the probability of an ALS patient to require assisted ventilation after k days from the time of clinical eval-
Disease progression uation (time window). This probability is based on the patient’s current condition, evaluated using clinical
Amyotrophic Lateral Sclerosis features, including functional impairment assessments and a complete set of respiratory tests. The
Time windows prognostic models include three temporal windows allowing to perform short, medium and long term
Patient snapshots prognosis regarding progression to assisted ventilation. Experimental results show an area under the

receiver operating characteristics curve (AUC) in the test set of approximately 79% for time windows of
90, 180 and 365 days. Creating patient snapshots using hierarchical clustering with constraints outper-
forms the state of the art, and the proposed prognostic model becomes the first non population-based
approach for prognostic prediction in ALS. The results are promising and should enhance the current clin-
ical practice, largely supported by non-standardized tests and clinicians’ experience,

© 2015 Elsevier Inc. All rights reserved.
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Prognostic Models using Patient Snapshots and
Time Windows — Set of Shapshots (Follow-Up)

Using a Set of Snapshots
(Follow-up data)

Does not
evolve

Does the patient “

require NIV?
(at T+1)

|/ |
tT+1 Evolves @ .
First T evaluations of the patient

Can we improve prediction if we use T evaluations of the patient ?
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Prognostic Models using Patient Snapshots and
Time Windows — Set of Shapshots (Follow-Up)

Using a Set of Snapshots
(Follow-up data)

Does not
evolve

Does the patient “

require NIV?
(at T+1)

|/ |
tT+1 Evolves @ .
First T evaluations of the patient

Can we improve prediction if we use T evaluations of the patient ?
Can we improve prediction if we use progression patterns ?
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Prognostic Models using Patient Snapshots and

Time Windows — Set of Shapshots (Follow-Up)

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

Simple
Prediction predicted
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Prognostic Models using Patient Snapshots and
Time Windows — Set of Shapshots (Follow-Up)

Can we improve prediction if we use progression patterns ? Temporal Preprocessing

1 |
|
e | Creating re : . i
Original Data : Snapshots Discretization | Creating Learning Examples "
Attl Attl ! :
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Prognostic Models using Progression Groups

After k days

Does the patient
)
{atis kdays)
~ + v
Patients’ current
condition {at time /)
Compute
Progression -
Group

Patient's current
condition (at time /)

Can we improve prediction if we use progression groups and group-specific predictive models ?
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Predicting Non-Invasive Ventilation in ALS Patients
using Stratified Disease Progression Groups
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Abstract—Amyotrophic Lateral Sclerosis (ALS) is a neurode- over 10 years [3]. This aspect of the disease hinders our un-

generative disease highly known for its rapid progression, leading  derstanding of it, making it difficult to provide early diagnosis
to death usually within a few years. Respiratory failure is the and devaelan trestmente haced nan Aiceace nrnoraceinn



Ongoing and
Future Work

WORKING ON PROGNOSTIC MODELS
Patient snapshots and fime 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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