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Allows computers to learmn (Improve
performance with experience). Often
Involves training an algorithm
(rule-based problem-solving

instructions implemented A subset of machine learning
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Dementia

Automatic diagnosis
Prediction of evolution
Treatment personalization

Data: neuroimages, genomics, cognitive
assessment data, EEG, biomarkers.

Deep learning techniques for PET and

tau-PET, interpretability, temporal models

from blood biomarkers, graph neural

networks for PPI, evolutionary feature
selection from cognitive tests,
personalized TMS protocol from EEG data

4 clinical trials, more than 10 Q1 journal
papers, 3 PhD thesis
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Migraine %ngbroinguard

Prediction of pain
Treatment personalization
Patient profiling

Data: ambulatory hemodynamic

data, blood biomarkers, clinical scales,
self-reported questionnaires, atmospheric
variables.
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Signal processing techniques for real-time
data from wearables, predictive machine
learning models, patient's response to
Botox from blood tests, gamification
techniques to improve adherente to apps,
mHealth

3 clinical trials, 5 Q1 journal papers, 2 PhD
thesis, 3 patents, 1 spin-off company, 10
innovation awards
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Deep learning techniques for
immunotherapy and

chemotherapy personalization, signal proc
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machine learning models, mHealth

2 clinical trials, 1 Q1 journal paper, 1 patent,
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Stroke

Automatic diagnosis
Prediction of evolution
Treatment personalization

Data: hemodynamic data, clinical
scales, clinician's feedback.

Machine learning models

for automatic subtype diagnosis,
and prediction of events (exitus,
bleeding), real-time
recommender systems to
support acute treatment
decisions.

1 in-hospital clinical trial, 1
out-of-hospital clinical trial, 2 Q1
journal papers, 2 PhD thesis, 1
national large-scale cooperative
network, 1 running demonstrator
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Table 9: Stroke diagnosis model: performance metrics

‘;: [ Hospital Universitario

w« de La Princesa

Perf. metric
Sensitivity
Specificity
F-Measure
Accuracy
ROC Area
PRC Area
Avg

DTW
0.8736
0.9509
0.8930
0.9221
09123
0.9169
09115

Nearest Neighbour
09134
0.9701
0.9301
0.9490
0.9417
0.9794
0.9473

Gradient Boost
0.9783
0.9957
0.9855
0.9893
0.9870
0.9994
0.9892

Random Forests  Decision Tree

0.9567
0.9893
0.9689
0.9772
0.9730
0.9975
0.9771

0.8881
0.9594
0.9077
0.9329
0.9237
0.9290
0.9235

Table 10: Exitus prediction: performance metrics

Perf. metric
sensitivity
Specificity
F-Measure
Accuracy
ROC Area
PRC Area
Avg

Random Forests
0.9812
1.0000
0.9905
0.9936
0.9906
0.9999
0.9926

Perf. metric
Sensitivity
Specificity
F-Measure
Accuracy
ROC Area
PRC Area
Avg

DTW  Nearest Neighbour  GradientBoost ~ AdaBoost
0.8757 0.9416 0.9981 0.9718
0.9407 0.9844 0.9990 0.9825
0.8798 0.9551 0.9981 0.9690
09185 0.9699 0.9987 0.9788
0.9082 0.9630 0.9986 0.9771
0.9010 0.9836 1.0000 0.9940
0.9040 0.9663 0.9988 0.9789
Table 11: Stroke recurrence prediction: performance metrics
DTW  Nearest Neighbour ~ GradientBoost ~AdaBoost
0.9231 0.9038 0.9231 0.9808
0.9896 0.9792 0.9583 0.9375
0.9505 0.9307 0.9231 0.9358
0.9662 0.9527 0.9459 0.9527
0.9563 0.9415 0.9407 0.9591
0.9648 0.9841 0.9892 0.9919
0.9584 0.9487 0.9467 0.9596

Random Forests
0.9808
0.9896
0.9808
0.9865
0.9852
0.9993
0.9870
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estado actual

INTRAHOSPITALARIO
- refinamiento modelos de prediccion establecidos (diagnostico y
pronostico)
- busqueda y validacion de nuevos modelos de prediccion
- puesta en marcha recomendador

EXTRAHOSPITALARIO
- estableciendo el flujo de datos clinicos y hemodinamicos, asi
como su ETIQUETADO de forma fluida y dinamica
- PREPARADOS PARA ANALIZAR

A



conclusiones _

A

Es posible diagnosticar (hemorragia vs isquemia) y
predecir complicaciones en la fase aguda del ictus con
datos de monitorizacion mediante técnicas de aprendizaje
automatico en un medio “controlado” de monitorizacion

Diseno y puesta en marcha SISTEMA RECOMENDADOR
para evitar complicaciones neuroldgicas fase aguda.

Confirmar que es posible en el ambito extrahospitalario -
diagnostico de OCLUSION DE GRAN VASO

ABIERTOS A COLABORAR...



