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Περίληψη

Τα τελευταία χρόνια, τεράστιες ποσότητες δεδοµένων παράγονται µε ϱαγδαίο ϱυθµό,

περιέχοντας πληροφορίες που ϑα µπορούσαν να ϐελτιώσουν σηµαντικά διάφορες πτυχές

της καθηµερινής Ϲωής, εάν αξιοποιηθούν αποτελεσµατικά µε τεχνικές µηχανικής µάθησης.

Ωστόσο, η κεντρική µηχανική µάθηση συχνά υπόκειται σε προβλήµατα ιδιωτικότητας και

ασφάλειας, που εµποδίζουν την ανάπτυξη ισχυρών µοντέλων. Η οµοσπονδιακή µάθηση

είναι µια νέα προσέγγιση στο πεδίο της µηχανικής µάθησης, η οποία αντιµετωπίζει αυτά τα

Ϲητήµατα επιτρέποντας σε διάφορους ϕορείς να εκπαιδεύσουν συνεργατικά έναν αλγόριθµο

χωρίς την ανταλλαγή των τοπικών τους δεδοµένων. Μεταξύ άλλων, ο τοµέας της υγείας ϑα

µπορούσε να επωφεληθεί σηµαντικά από την οµοσπονδιακή µάθηση, καθώς τα δεδοµένα από

διάφορα κέντρα υγείας δεν µπορούν να συγκεντρωθούν λόγω του απορρήτου των ασθενών.

Στην παρούσα διπλωµατική εργασία, µελετάµε τη χρήση προηγµένων αλγορίθµων ο-

µοσπονδιακής µάθησης για την έγκαιρη πρόβλεψη του κινδύνου ϑνησιµότητας στη ΜΕΘ.

Συγκεκριµένα, επικεντρωνόµαστε στη χρήση των µετρήσεων Ϲωτικών ενδείξεων και των ερ-

γαστηριακών εξετάσεων, σε µορφή πολυµεταβλητών χρονοσειρών, από τις πρώτες 24 ώρες

παραµονής στη ΜΕΘ για να εκτιµήσουµε το ϱίσκο ϑνησιµότητας κατά τις επόµενες 48 ώρες.

Τα δεδοµένα µας προέρχονται από νοσοκοµεία των ΗΠΑ µεταξύ 2014 και 2015, επιτρέπο-

ντάς µας να κατασκευάσουµε ένα ϱεαλιστικό οµοσπονδιακό περιβάλλον. Για να αποκτήσου-

µε µια καλύτερη κατανόηση της οµοσπονδιακής µάθησης, σε σχέση µε αυτό το πρόβληµα,

σχεδιάζουµε µια σειρά πειραµατικών σεναρίων. Στόχος µας είναι να εξερευνήσουµε τη γενι-

κευσιµότητα και την ενσωµάτωση διαφορετικών µοντέλων αναδροµικών νευρωνικών δικτύων

ϐαθιάς µάθησης στο πλαίσιο της οµοσπονδιακής µάθησης, την ευαισθησία διαφορετικών

αλγορίθµων σε ανοµοιόµορφες κατανοµές των τοπικών δεδοµένων και τη συνεισφορά συγκε-

κριµένων νοσοκοµείων στην ανάπτυξη ενός µοντέλου οµοσπονδιακής µάθησης.

Τα αποτελέσµατά µας υποδεικνύουν ότι τα µοντέλα οµοσπονδιακής µάθησης παρουσι-

άζουν καλύτερες επιδόσεις από τα τοπικά µοντέλα και ελαφρώς χειρότερες επιδόσεις από τα

µοντέλα κεντρικής µηχανικής µάθησης. Στη συνέχεια, ανάλογα µε το µέγεθος και την κα-

τανοµή των δεδοµένων των συνεργαζόµενων ϕορέων, ορισµένοι αλγόριθµοι οµοσπονδιακής

µάθησης είναι πιο αποτελεσµατικοί σε συγκεκριµένα σενάρια. Επιπλέον, νοσοκοµεία δια-

ϕορετικού µεγέθους µπορούν να συµβάλλουν στη ϐελτίωση της επίδοση των προγνωστικών

µοντέλων πάνω στα τοπικά δεδοµένα τους, συµµετέχοντας στην εκπαίδευσή τους.

Λέξεις Κλειδιά

Οµοσπονδιακή Μάθηση, Βαθιά Νευρωνικά ∆ίκτυα, Αναδροµικά Νευρωνικά ∆ίκτυα, Μη-

χανική Μάθηση, Ιδιωτικότητα, Πρόβλεψη Θνησιµότητας, Εκτίµηση Κινδύνου, Χρονοσειρές
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Abstract

In the technological age, vast amounts of data are being generated continuously,

holding information that could significantly improve various aspects of everyday life, if

effectively utilized with machine learning techniques. However, traditional centralized

machine learning approaches are subject to privacy and security concerns, which impede

the development of robust, generalizable models. Federated learning is a novel approach

in the field of machine learning, which addresses the aforementioned issues by allowing

multiple parties to collaboratively train a machine learning algorithm without exchanging

their local data. One domain that could be significantly benefited from the advancement

of federated learning is healthcare, where data from multiple medical institutions cannot

be centralized due to patient privacy.

In this thesis, we investigate the application of state-of-the-art federated learning (FL)

algorithms on the early prediction of ICU mortality risk. More specifically, we focus on

utilizing the rich temporal dynamics of vital signs and laboratory results, in the form of

multivariate time series, from the first 24 hours of an ICU stay to estimate the mortality

risk in the following 48 hours. Our data originates from multiple hospitals across the

US between 2014 and 2015, therefore allowing us to recreate a realistic, multi-center

federated environment. In order to gain an insight into the FL framework, with regard

to this task, we design a series of experimental scenarios. Our aim is to explore the

generalizability and integration of different deep recurrent neural network (RNN) models

with FL, the sensitivity of different FL algorithms in the presence of heterogeneous local

data distributions and the effect of individual hospitals on the development of a FL model.

We compare our FL models with reference to the centralized machine learning (CML)

and local machine learning (LML) approaches. Our results indicate that, in settings with

non-IID datasets, the FL models are superior to the privacy-preserving LML models, in

terms of AUROC, AUPRC and F1-Score, while they perform slightly worse, in general, than

the CML models. Then, depending on the characteristics of the FL participants, in relation

to data size and class representation, certain FL algorithms exhibit better suitability for

specific scenarios. Moreover, hospitals with both smaller and larger datasets may improve

the models’ performance on their local data, by participating in FL model training.

Keywords

Federated Learning, Deep Neural Networks, Recurrent Neural Networks, Machine

Learning, Privacy, Mortality Prediction, Risk Prediction, Time Series
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Εκτεταµένη Περίληψη στα Ελληνικά

Τ
ο κεφάλαιο αυτό αποτελεί µια εκτεταµένη περίληψη της παρούσας διπλωµατικής ερ-

γασίας στα ελληνικά, όπου διατυπώνονται οι κεντρικές ιδέες από κάθε ενότητα της

εργασίας µε συνοπτικό τρόπο.

0.1 Εισαγωγή

Στη σηµερινή ψηφιακή εποχή, η εκρηκτική αύξηση της παραγωγής δεδοµένων από πλη-

ϑώρα ηλεκτρονικών συσκευών έχει δηµιουργήσει την ανάγκη για καλύτερη διαχείριση και

αξιοποίησή τους σε διάφορους τοµείς. ΄Ενας από αυτούς είναι ο τοµέας της υγείας, όπου

η συνεχής καταγραφή ιατρικών πληροφοριών και µετρήσεων, µε τη µορφή χρονοσειρών, σε

ηλεκτρονική µορφή, προσφέρει τη δυνατότητα για δραµατική ϐελτίωση της ϕροντίδας των α-

σθενών, της λήψης ιατρικών αποφάσεων και της έρευνας στο κοµµάτι της υγείας. Ωστόσο, οι

συνηθισµένες προσεγγίσεις αξιοποίησης δεδοµένων από διαφορετικές πηγές προϋποθέτουν

την συγκέντρωση των δεδοµένων σε ένα κεντρικό µηχάνηµα. Αυτό συνοδεύεται από διάφορα

Ϲητήµατα, όπως αυξηµένες υπολογιστικές απαιτήσεις για το κεντρικό µηχάνηµα, καθυστε-

ϱήσεις και διακοπές λόγω δικτυακών προβληµάτων κατά τη µεταφορά των δεδοµένων και

ϑέµατα ασφάλειας και ιδιωτικότητας ευαίσθητων δεδοµένων. Το τελευταίο Ϲήτηµα είναι µε-

ίζονος σηµασίας για τον χώρο της υγείας, καθώς η επεξεργασία προσωπικών δεδοµένων

υπόκειται σε νοµικές και ηθικές υποχρεώσεις, όπως εκείνες του Γενικού Κανονισµού για την

Προστασία των ∆εδοµένων (General Data Protection Regulation - GDPR) της Ευρωπαϊκής

΄Ενωσης [16], οι οποίες αποτρέπουν τη συγκέντρωση δεδοµένων από διάφορα ιατρικά κέντρα

για την εκπαίδευση ισχυρών προγνωστικών µοντέλων µηχανικής µάθησης. Η οµοσπονδια-

κή µάθηση (Federated Learning), µια νέα τεχνική µηχανικής µάθησης που επιτρέπει τη

συνεργατική εκπαίδευση ενός µοντέλου από πολλαπλούς συνεργαζόµενους ϕορείς χωρίς τη

συγκέντρωση των δεδοµένων εκπαίδευσης, αποτελεί µια καινοτόµο, υποσχόµενη λύση για

το παραπάνω πρόβληµα.

Στη παρούσα εργασία, εξετάζουµε το πρόβληµα της έγκαιρης πρόβλεψης του κινδύνου

ϑνησιµότητας στις µονάδες εντατικής ϑεραπείας (ΜΕΘ) στο πλαίσιο της οµοσπονδιακής

µάθησης. Η έγκαιρη πρόβλεψη του κινδύνου ϑνησιµότητας είναι µία από τα σηµαντικότερες

προκλήσεις στον τοµέα της υγείας, ενώ η ανάγκη για ισχυρά και αξιόπιστα προγνωστικά

µοντέλα είναι ακόµη πιο επιτακτική στις ΜΕΘ, όπου νοσηλεύονται ασθενείς σε κρίσιµη κα-

τάσταση. Εµείς ορίζουµε το συγκεκριµένο πρόβληµα ως ένα πρόβληµα ταξινόµησης σε δύο

κλάσεις, όπου η πρώτη περιέχει τους ασθενείς που κατέληξαν κατά τη διάρκεια της παρα-

µονής τους στη ΜΕΘ (ϑετική κλάση) και η δεύτερη εκείνους που πήραν εξιτήριο (αρνητική

κλάση). Τα δεδοµένα εκπαίδευσης είναι οι µετρήσεις Ϲωτικών ενδείξεων και τα εργαστηρια-
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κά αποτελέσµατα των ασθενών, µε τη µορφή πολυµεταβλητών χρονοσειρών, από το πρώτο

24ωρο της παραµονής τους στη ΜΕΘ, ενώ επικεντρωνόµαστε στην πρόβλεψη του κινδύνου

ϑνησιµότητας για το επόµενο 48ωρο, δηλαδή τη 2η και 3η ήµερα της παραµονής στη ΜΕΘ.

Ο στόχος της εργασίας είναι η αξιολόγηση της επίδοσης διαφορετικών αλγορίθµων ο-

µοσπονδιακής µάθησης, συγκριτικά µε την ιδανική, αλλά µη ασφαλή, κεντρική µηχανική

µάθηση και µε την ασφαλή, αλλά λιγότερο αποδοτική, τοπική µηχανική µάθηση, για το

παραπάνω πρόβληµα. Το οµοσπονδιακό σύνολο νοσοκοµείων αποτελείται από πραγµατικά

δεδοµένα, από την συνεργατική, ερευνητική ϐάση δεδοµένων eICU [17], δηµιουργώντας έτσι

ένα ϱεαλιστικό, ετερογενές πειραµατικό περιβάλλον. Αρχικά, ερευνούµε πόσο καλά ενσωµα-

τώνονται διαφορετικά ϐαθιά αναδροµικά νευρωνικά δίκτυα στο πλαίσιο της οµοσπονδιακής

µάθησης, αναφορικά µε το συγκεκριµένο πρόβληµα, καθώς και την ικανότητα γενίκευσης

των οµοσπονδιακών µοντέλων πάνω σε ένα testing σύνολο µε δεδοµένα από νοσοκοµεία

που δεν συµµετείχαν στη ϕάση της εκπαίδευσης, συγκριτικά µε την κεντρική και τοπική

προσέγγιση. ΄Επειτα, ελέγχουµε την ευαισθησία των αλγορίθµων οµοσπονδιακής µηχανικής

µάθησης σε ένα οµοσπονδιακό περιβάλλον που περιλαµβάνει τεχνητά νοσοκοµεία µε ακρα-

ία χαρακτηριστικά, σε σχέση µε το µέγεθος και την κατανοµή των δεδοµένων τους. Τέλος,

εξετάζουµε την επίδραση της συµµετοχής µεµονωµένων νοσοκοµείων σε ένα οµοσπονδιακό

περιβάλλον εκπαίδευσης, αξιολογώντας την επίδοση των οµοσπονδιακών µοντέλων πάνω στα

τοπικά τους δεδοµένα.

0.2 Θεωρητικό Υπόβαθρο

Σε αυτήν την ενότητα παρουσιάζουµε κάποιες ϐασικές ϑεωρητικές έννοιες, οι οποίες είναι

χρήσιµες για την καλύτερη κατανόηση του αντικειµένου της διπλωµατικής εργασίας, καθώς

και σχετικές ερευνητικές εργασίες.

0.2.1 Χρονοσειρές

Η ευρεία χρήση συσκευών παρακολούθησης της υγείας των ασθενών και η υιοθέτηση των

ηλεκτρονικών ϕακέλων υγείας έχουν οδηγήσει στη ϱαγδαία αύξηση των διαθέσιµων ιατρικών

δεδοµένων, µε τη µορφή χρονοσειρών. Οι χρονοσειρές αποτελούν µια συλλογή από παρατη-

ϱήσεις ταξινοµηµένες σε χρονολογική σειρά. Αναφερόµαστε στο σύνολο των µεθόδων για την

εξαγωγή στατιστικών στοιχείων και χαρακτηριστικών των χρονολογικών σειρών ως ανάλυση

χρονοσειρών, ενώ η χρήση µοντέλων για την πρόβλεψη µελλοντικών τιµών µιας χρονοσειράς,

σύµφωνα µε τις προηγούµενες τιµές, ονοµάζεται πρόβλεψη χρονοσειρών [18]. Ανάλογα µε το

πλήθος των καταγεγραµµένων χαρακτηριστικών ή µεταβλητών, οι χρονοσειρές διακρίνονται

σε µονοµεταβλητές και πολυµεταβλητές, όπως αυτές που απεικονίζονται στην Εικόνα 1.

Για την ϐαθύτερη κατανόηση των χρονοσειρών, είναι σηµαντικό να µελετηθούν ορισµένα

ϐασικά χαρακτηριστικά τους. Η τάση, η εποχικότητα, η κυκλικότητα και η στασιµότητα

είναι οι κυριότερες συνιστώσες που απαρτίζουν µια χρονοσειρά και µπορούν να αποδοµη-

ϑούν και να µελετηθούν µεµονωµένα µέσω τεχνικών αποσύνθεσης χρονοσειρών. Συχνά στις

χρονοσειρές παρατηρούνται ακραίες τιµές, δηλαδή παρατηρήσεις που δεν ακολουθούν τη

συµπεριφορά που ορίζεται από τα υπόλοιπα δεδοµένα, οι οποίες δεν µπορούν να ερµηνευ-
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Figure 1. Μετρήσεις Ϲωτικών ενδείξεων ενός ασθενή κατά τις πρώτες ώρες της παραµονής του
στη ΜΕΘ [1]

ϑούν µέσω της αποσύνθεσης και απαιτούν ειδική µεταχείριση. Τέτοιες τιµές µπορούν να

εντοπιστούν µέσω στατιστικών µεθόδων και να αντιµετωπιστούν µε διαγραφή, αντικατάσταση

µε τις κοντινότερες µη-ακραίες παρατηρήσεις [19] ή µε τη χρήση τεχνικών ανάλυσης που

είναι ανθεκτικές στην ύπαρξη ακραίων τιµών [20].

΄Επειτα, οι πολυµεταβλητές χρονολογικές σειρές ενδέχεται να περιλαµβάνουν αλληλε-

ξαρτήσεις ανάµεσα στις µεταβλητές, οι οποίες µπορεί να οδηγήσουν σε λανθασµένα συµπε-

ϱάσµατα αν δεν εντοπιστούν και ληφθούν υπόψη. ΄Ενα ακόµα χαρακτηριστικό των πολυ-

µεταβλητών χρονοσειρών είναι ο υψηλός αριθµός διαστάσεων, ο οποίος αυξάνει την πολυ-

πλοκότητα και δυσκολεύει την ανάλυση και οπτικοποίηση των δεδοµένων. Μία συνηθισµένη

διαδικασία αντιµετώπισης αυτών των προκλήσεων είναι η εξαγωγή χαρακτηριστικών κατά την

προεπεξεργασία των χρονοσειρών. Αρχικά, µπορεί να επιλεγεί ένα υποσύνολο των διαθέσι-

µων µεταβλητών, διατηρώντας τις πιο σηµαντικές πληροφορίες προς επίλυση του εξεταζόµε-

νου προβλήµατος και µειώνοντας τις διαστάσεις της χρονοσειράς [21]. ΄Επειτα, οι αρχικές

µεταβλητές µπορούν να τροποποιηθούν και να συνδυαστούν µέσω κατάλληλων αλγορίθµων

για να παράξουν νέες χρονοσειρές, οι οποίες αντιπροσωπεύουν πιο σύνθετες έννοιες των χρο-

νοσειρών, και να ϐελτιώσουν τα αποτελέσµατα της ανάλυσης και των µοντέλων πρόβλεψης

[22]. Στο ίδιο αποτέλεσµα αποσκοπεί και η κανονικοποίηση των δεδοµένων, καθώς µετα-

ϐλητές εκφρασµένες σε υψηλότερη κλίµακα µπορεί να κυριαρχούν εις ϐάρος άλλων κατά

την εκπαίδευση ενός προγνωστικού µοντέλου.

Τέλος, η ύπαρξη απουσιαζουσών τιµών είναι ένα ϐασικό πρόβληµα των χρονοσειρών και

η αποτελεσµατική αντιµετώπισή του επηρεάζει άµεσα την επίδοση ενός προγνωστικού µο-

ντέλου. ΄Ενας ενδεχόµενος τρόπος αντιµετώπισης είναι η απόρριψη των χρονοσειρών που

εµφανίζουν απουσιάζουσες τιµές, ωστόσο αυτή η προσέγγιση οδηγεί σε σηµαντική απώλεια

πληροφορίας. ΄Αλλες προσεγγίσεις επικεντρώνονται στην αντικατάσταση των απουσιαζουσών

τιµών µε τις πιο κοντινές παρατηρήσεις σε αυτές ή µε τον µέσο όρο τους [4]. Πιο σύνθετες
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τεχνικές υπολογίζουν µια εκτίµηση της απουσιάζουσας τιµής εφαρµόζοντας µια γραµµική ή

πολυωνυµική συνάρτηση στις παρατηρήσεις γύρω της, οι οποίες είναι προτιµότερες όταν οι

απουσιάζουσες τιµές είναι σποραδικές.

0.2.2 Βαθιά Νευρωνικά ∆ίκτυα

Η µηχανική µάθηση είναι ένας υποκλάδος της Τεχνητής Νοηµοσύνης που διερευνά τη µε-

λέτη και κατασκευή µοντέλων που δίνουν στους υπολογιστές την ικανότητα να ¨µαθαίνουν¨,

δηλαδή να αξιοποιούν αποτελεσµατικά ένα σύνολο δεδοµένων για να ϐελτιώσουν την επίδοσή

τους πάνω σε ένα σετ εργασιών [23]. Οι τρεις ϐασικές κατηγορίες της µηχανικής µάθησης

είναι η επιβλεπόµενη, η µη επιβλεπόµενη και η ενισχυτική µάθηση. Το πρόβληµα αυτής

της διπλωµατικής εργασίας ανήκει στην πρώτη κατηγορία, καθώς κάθε σύνολο εισόδου, δη-

λαδή οι Ϲωτικές ενδείξεις και τα εργαστηριακά αποτελέσµατα ενός ασθενή, συνδέεται µε µια

επιθυµητή τιµή εξόδου, την κατάληξη ή το εξιτήριο του ασθενή από τη ΜΕΘ.

Τα τεχνητά νευρωνικά δίκτυα αποτελούν δίκτυα απλών υπολογιστικών κόµβων, εµπνευ-

σµένα από τη διασύνδεση των ϐιολογικών νευρώνων του ανθρώπινου εγκεφάλου. Κάθε

τέτοιος υπολογιστικός κόµβος (ή νευρώνας) δέχεται ένα σύνολο αριθµητικών εισόδων από

το προηγούµενο επίπεδο, επιτελεί έναν υπολογισµό πάνω σε αυτό και προωθεί το αποτέλε-

σµα στους νευρώνες του επόµενου επιπέδου ή στην έξοδο, πολλαπλασιασµένο µε κάποιο

συναπτικό ϐάρος που αντιστοιχεί στη συγκεκριµένη σύνδεση [24]. Κατά της διάρκειας της

εκπαίδευσης ενός νευρωνικού µοντέλου µε επιβλεπόµενη µάθηση, το µοντέλο επεξεργάζεται

µε την παραπάνω διαδικασία την πληροφορία από το σύνολο εισόδου για να παράξει µία

έξοδο [2]. Αυτή η εκτιµώµενη έξοδος συγκρίνεται µε την επιθυµητή έξοδο και το νευρωνικό

µοντέλο προσαρµόζει τα ϐάρη του δικτύου ανάλογα µε το µέγεθος του σφάλµατος. Η ιδέα

των νευρωνικών δικτύων αποτέλεσε το ερέθισµα για τη ϐαθιά µάθηση, µια τεχνική µηχανι-

κής µάθησης που τοποθετεί πολλά επίπεδα νευρώνων σε ένα µοντέλο, δηµιουργώντας έτσι

υψηλού επιπέδου αναπαραστάσεις των δεδοµένων εισόδου [25].

Τα νευρωνικά δίκτυα χωρίζονται σε δύο ϐασικές κατηγορίες : στα νευρωνικά δίκτυα

πρόσθιας τροφοδότησης, που δεν περιλαµβάνουν καµία αναδροµική σύνδεση, και στα α-

ναδροµικά νευρωνικά δίκτυα, µε τουλάχιστον ένα ϐρόγχο ανάδρασης. Σύµφωνα µε τη ϐα-

σική αρχιτεκτονική αναδροµικών νευρωνικών δικτύων, οι εσωτερικοί κόµβοι ενός επιπέδου

λαµβάνουν την έξοδο του προηγούµενου επιπέδου συγχρονισµένα , καθώς και την τιµή του

γειτονικού τους κόµβου για τα δεδοµένα της προηγούµενης χρονικής στιγµής δυναµικά, για

να υπολογίσουν την τιµή τους [2]. Ο τρόπος µε τον οποίο επεξεργάζονται την πληροφορία και

το γεγονός ότι µπορούν να επεξεργαστούν εισόδους µεταβλητού µεγέθους [26] καθιστούν τα

αναδροµικά δίκτυα ιδανικά για εφαρµογές στα πεδία της επεξεργασίας ϕωνής και ϕυσικής

γλώσσας, της πρόβλεψης χρονοσειρών και, γενικότερα, σε εργασίες που αφορούν σειριακά

δεδοµένα. Τα αναδροµικά νευρωνικά δίκτυα δίνουν την αίσθηση του ϐάθους στη διάσταση

του χρόνου, ωστόσο, όπως ϕαίνεται στο Σχήµα 2, µπορούν επίσης να οδηγήσουν σε µοντέλα

ϐαθιάς µάθησης µε την τοποθέτηση πολλών εσωτερικών επιπέδων στη σειρά.

Εκτός της ϐασικής αρχιτεκτονικής ενός αναδροµικού νευρωνικού δικτύου, έχουν δη-

µιουργηθεί και πολλές παραλλαγές της. Το µοντέλο Long Short-Term Memory (LSTM)

προσθέτει µια σειρά µηχανισµών σε κάθε εσωτερικό κόµβο, οι οποίοι ϱυθµίζουν το µέγεθος
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της επίδρασης της εισόδου στην τιµή του κόµβου και του δίνουν την ικανότητα διατηρεί

πληροφορίες από δεδοµένα προηγούµενων χρονικών στιγµών, µια ένδειξη ¨µακράς µνήµης¨

[2]. Το µοντέλο Gated Recurrent Unit (GRU) ακολουθεί την προσέγγιση του LSTM, ενώ

µειώνει το πλήθος των απαιτούµενων µηχανισµών κάθε κόµβου, οδηγώντας σε ταχύτερους

υπολογισµούς και χαµηλότερες υπολογιστικές απαιτήσεις [2] (Σχήµα 3). Τέλος, µια ακόµα

προσέγγιση είναι η χρήση αµφίδροµων αναδροµικών δικτύων, που επεξεργάζονται τα σειρια-

κά δεδοµένα εισόδου ως προς την πραγµατική και την ανάποδη κατεύθυνση, καθιστώντας

τα ιδανικά για εφαρµογές όπου οι µελλοντικές τιµές µιας χρονοσειράς ενέχουν σηµαντικές

πληροφορίες για τον προσδιορισµό των προηγούµενων τιµών [2].

Figure 2. Αναδροµικό Νευρωνικό ∆ίκτυο Πολλών Επιπέδων [2]

Figure 3. Η αρχιτεκτονική ενός κόµβου GRU [2]
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0.2.3 Οµοσπονδιακή Μάθηση

Η οµοσπονδιακή µάθηση είναι µια τεχνική µηχανικής µάθησης, όπου ένας κεντρικός

εξυπηρετητής συντονίζει την εκπαίδευση ενός µοντέλου πάνω σε µια συγκεκριµένη εργασία

µάθησης από ένα σύνολο συνεργαζόµενων ϕορέων, χωρίς τη συγκέντρωση των δεδοµένων

εκπαίδευσης [27]. Αυτή η προσέγγιση αντιµετωπίζει τις υπολογιστικές δυσκολίες και, σε

µεγάλο ϐαθµό, τα ϑέµατα ασφάλειας και ιδιωτικότητας των συνηθισµένων µεθόδων µηχα-

νικής µάθησης, ενώ, σε αντίθεση µε την κατανεµηµένη µάθηση, δεν προϋποθέτει πως τα

τοπικά σύνολα δεδοµένων είναι ανεξάρτητα, οµοιόµορφα κατανεµηµένα και µε παρεµφε-

ϱή µεγέθη. Συγχρόνως, ένα περιβάλλον οµοσπονδιακής µάθησης µπορεί να περιλαµβάνει

µεγάλο πλήθος συνεργαζόµενων συσκευών (τυπικά µεγαλύτερο από το κατά µέσο όρο µέγε-

ϑος των τοπικών συνόλων δεδοµένων), καθώς επίσης είναι πιο ανθεκτικό σε αργές ή µη-

ανταποκρινόµενες συσκευές χωρίς να αναστέλλει τη διαδικασία εκπαίδευσης.

Ο στόχος της οµοσπονδιακής µάθησης είναι να ϐρεθεί ένα σύνολο ενηµερώσεων των

ϐαρών ενός ¨παγκόσµιου¨ µοντέλου από τους συνεργαζόµενους ϕορείς, ούτως ώστε να ϐελ-

τιστοποιηθούν οι παράµετροί του. Προτού ξεκινήσει η διαδικασία της µάθησης, ο κεντρικός

εξυπηρετητής επιλέγει και αρχικοποιεί το µοντέλο µηχανικής µάθησης που πρόκειται να

εκπαιδευτεί. Ακόµα, ενηµερώνει τις συµµετέχουσες συσκευές σχετικά µε τη µορφή των δε-

δοµένων που απαιτούνται για την εκπαίδευση [28]. Κάθε γύρος εκπαίδευσης της οµοσπον-

διακής µάθησης αποτελείται από τα παρακάτω ϐήµατα:

1. Επιλογή Συµµετεχόντων: Ο κεντρικός εξυπηρετητής διαλέγει ένα υποσύνολο των

διαθέσιµων ϕορέων που ϑα συµµετέχουν σε αυτόν το γύρο εκπαίδευσης [28].

2. Μετάδοση Πληροφοριών: Ο κεντρικός εξυπηρετητής αποστέλλει στους επιλεγµένους

ϕορείς τα πιο πρόσφατα ϐάρη του ¨παγκόσµιου¨ µοντέλου και τη µέθοδο εκπαίδευσης

[28].

3. Εκπαίδευση: Κάθε επιλεγµένος ϕορέας ενηµερώνει τα ϐάρη ενός αντίγραφου του

¨παγκόσµιου¨ µοντέλου µε εκπαίδευση πάνω στα τοπικά του δεδοµένα, ακολουθώντας

την προκαθορισµένη µέθοδο εκπαίδευσης [28].

4. Συγχώνευση Ενηµερώσεων: Οι επιλεγµένοι ϕορείς αποστέλλουν τα ενηµερωµένα

τοπικά ϐάρη τους στον κεντρικό εξυπηρετητή, ο οποίος τα επεξεργάζεται και τα συγ-

χωνεύει µε κατάλληλο τρόπο [28].

5. Ενηµέρωση Μοντέλου: Το ¨παγκόσµιο¨ µοντέλο, που διατηρείται στον κεντρικό ε-

ξυπηρετητή, ενηµερώνεται σύµφωνα µε τους τελευταίους υπολογισµούς. Είτε η εκπα-

ίδευση ολοκληρώνεται και το µοντέλο στέλνεται σε όλους τους συνεργαζόµενους ϕορείς,

είτε επιλέγεται ένα νέο υποσύνολο ϕορέων για τον επόµενο γύρο οµοσπονδιακής εκ-

παίδευσης [28].

Στη ϐαθιά µάθηση, ένας αλγόριθµος µε κυρίαρχο ϱόλο είναι ο gradient descent. Αυτός

ο επαναληπτικός αλγόριθµος ϐελτιστοποίησης αποσκοπεί στην εύρεση ενός τοπικού ελα-

χίστου µιας διαφοροποιήσιµης συνάρτησης σφάλµατος προσαρµόζοντας τις παραµέτρους
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του µοντέλου. Ωστόσο, επειδή η χρήση αυτού του αλγορίθµου επάνω σε ολόκληρο το σύνο-

λο εκπαίδευσης παρουσιάζει υψηλό υπολογιστικό κόστος, ο στοχαστικός gradient descent

επιλέγει ένα υποσύνολο των δεδοµένων εκπαίδευσης και εφαρµόζει τον αλγόριθµο σε αυτά.

Ο ϐασικός αλγόριθµος οµοσπονδιακής µάθησης αποτελεί µια προσαρµογή του στοχαστικού

gradient descent στο πλαίσιο της οµοσπονδιακής µάθησης και ονοµάζεται FedSGD [29].

Αντί για τη συµµετοχή όλων των συνεργαζόµενων ϕορέων σε ένα γύρο εκπαίδευσης, αυτός ο

αλγόριθµος προτείνει την επιλογή ενός υποσυνόλου αυτών και την εύρεση του µέσου όρου

των gradients που υπολογίζουν για την ενηµέρωση του ¨παγκόσµιου¨ µοντέλου.

McMahan et al. [27] πρότειναν µια γενίκευση του FedSGD, όπου ο κεντρικός εξυπηρε-

τητής υπολογίζει το µέσο όρο των υπολογιζόµενων τοπικών ϐαρών, καθώς αυτό ισοδυναµεί

µε τον µέσο όρο των gradients εφόσον τα τοπικά µοντέλα ξεκινάνε το γύρο εκπαίδευσης µε

τα ίδια ϐάρη. Αυτός ο αλγόριθµος ονοµάζεται FedAvg και είναι ο πιο ευρέως διαδεδοµένος

αλγόριθµος οµοσπονδιακής µάθησης. Ωστόσο, αυτός ο αλγόριθµος δεν εγγυάται υψηλή

επίδοση και γρήγορη σύγκλιση σε σενάρια οµοσπονδιακής µάθησης, όπου τα τοπικά σύνο-

λα δεδοµένων διέπονται από υψηλή στατιστική ετερογένεια. Προς αυτήν την κατεύθυνση,

έχουν προταθεί αλγόριθµοι που ϱυθµίζουν την εκπαίδευση στο επίπεδο των συνεργαζόµενων

ϕορέων, όπως ο FedProx µε έναν παράγοντα εγγύτητας που περιορίζει τις τοπικές ενηµε-

ϱώσεις ϐαρών πλησιέστερα στο τελευταίο ¨παγκόσµιο¨ µοντέλο [30]. ΄Επειτα, άλλοι αλγόριθ-

µοι επικεντρώνονται στην ϐελτιστοποίηση στο επίπεδο του κεντρικού εξυπηρετητή, όπως

οι αλγόριθµοι FedAdam, FedAdagrad και FedYogi [31] που προσαρµόζουν τους αντίστοι-

χους ϐελτιστοποιητές στην ενηµέρωση των ϐαρών του ¨παγκόσµιου¨ µοντέλου ή ο FedAvgM

[32, 33] που προσθέτει έναν παράγοντα momentum στις προηγούµενες ενηµερώσεις. Τέλος,

αξίζει να σηµειωθεί πως στο πλαίσιο της οµοσπονδιακής µάθησης µπορούν να ενσωµατωθούν

µηχανισµοί ιδιωτικότητας, όπως differential privacy [11], καθώς και µηχανισµοί ασφάλειας,

όπως secure aggregation [11].

Figure 4. ΄Ενα σύστηµα οµοσπονδιακής µάθησης στον τοµέα της υγείας, µε έναν κεντρικό
οµοσπονδιακό εξυπηρετητή [3]
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0.2.4 Σχετικές Ερευνητικές Εργασίες

Η εκτίµηση του κινδύνου ϑνησιµότητας ενός ασθενή είναι ένα από τα πιο σηµαντικά

προγνωστικά προβλήµατα στον χώρο της υγείας, µε ακόµα µεγαλύτερο αντίκτυπο για περι-

πτώσεις ασθενών σε µονάδες εντατικής ϑεραπείας. Για αρκετό καιρό, ο κίνδυνος ϑνησιµότη-

τας ενός ασθενή υπολογιζόταν µε τη χρήση συµβατικών συστηµάτων έγκαιρης προειδοποίη-

σης και αξιολόγησης της κατάστασης των ασθενών, όπως το APACHE [34] και το SAPS [35],

ωστόσο η ϱαγδαία αύξηση των χρονολογικών σειριακών δεδοµένων σχετικά µε την υγεία

των ασθενών, σε ηλεκτρονική µορφή, έχει δηµιουργήσει την ανάγκη για πιο ισχυρά προ-

γνωστικά συστήµατα. Τα τελευταία χρόνια, έχουν διερευνηθεί πολλά διαφορετικά µοντέλα

µηχανικής µάθησης και διαφορετικά σύνολα ιατρικών δεδοµένων για την αντιµετώπιση αυ-

τού του προβλήµατος, οδηγώντας σε αποτελεσµατικά προγνωστικά µοντέλα που σηµειώνουν

αξιοσηµείωτες επιδόσεις σε σχέση µε τα συµβατικά συστήµατα.

Συχνά τα σύνολα τοπικών δεδοµένων των κέντρων υγείας είναι περιορισµένα σε µέγεθος

και εκτεθειµένα σε ασθενείς µε συγκεκριµένα χαρακτηριστικά, γεγονός που έχει οδηγήσει

στην έρευνα µεθόδων οµοσπονδιακής µάθησης για τη συνεργατική εκπαίδευση καθολικών

προγνωστικών µοντέλων. Πρόσφατα, Dang et al. [14] αξιολόγησαν διάφορους αλγόριθµους

οµοσπονδιακής µάθησης στην αιχµή της τεχνολογίας µε τη ϐάση δεδοµένων eICU, εκτι-

µώντας τον κίνδυνο ϑνησιµότητας κατά την παραµονή των ασθενών στο νοσοκοµείο µε τη

χρήση δηµογραφικών και στατιστικών στοιχείων από το πρώτο 24ωρο της παραµονής τους.

΄Εδειξαν πως τα µοντέλα οµοσπονδιακής µάθησης είχαν παρόµοια επίδοση µε το ιδανικό

µοντέλο κεντρικής µηχανικής µάθησης, ενώ ανέδειξαν τη χρήση χρονολογικών σειριακών

δεδοµένων και σύνθετων αρχιτεκτονικών µηχανικής µάθησης στο πλαίσιο της οµοσπονδια-

κής µάθησης ως µελλοντικές ερευνητικές κατευθύνσεις.

Επικεντρώνοντας την έρευνα τους στο χώρο της ΜΕΘ µε τη ϐάση δεδοµένων MIMIC-III

[36], Mondrejevski et al. [37] πρότειναν το FLICU, µια ϱοή εργασίας για την εκτίµηση του

κινδύνου ϑνησιµότητας στη ΜΕΘ µε χρήση πολυµεταβλητών χρονοσειρών και νευρωνικών

δικτύων ϐαθιάς µάθησης στο πλαίσιο της οµοσπονδιακής µάθησης. Η προσέγγισή τους πα-

ϱουσίαζε ορισµένους περιορισµούς, όπως το ότι χρησιµοποιούν δεδοµένα από τις τελευταίες

ώρες της παραµονής των ασθενών στη ΜΕΘ, που αποτρέπουν την εφαρµογή του FLICU για

υποστήριξη κλινικών αποφάσεων. Randl et al. [15] προσάρµοσαν αυτή την προτεινόµενη

ϱοή εργασίας στις πρώτες ώρες της παραµονής των ασθενών στη ΜΕΘ, παρατηρώντας πως τα

µοντέλα οµοσπονδιακής µάθησης διατηρούν υψηλή επίδοση, κοντά σε εκείνη των ιδανικών

µοντέλων κεντρικής µηχανικής µάθησης και σηµαντικά καλύτερη από εκείνη των τοπικών

µοντέλων, καθώς αυξάνεται το πλήθος των συνεργαζόµενων τεχνητών "ιατρικών κέντρων". ΄Ο-

µως, τα πειράµατά τους επίσης παρουσιάζουν κάποια µειονεκτήµατα, όπως το γεγονός ότι τα

δεδοµένα τους πηγάζουν από ένα ιατρικό κέντρο και χωρίζονται στους τεχνητούς ϕορείς ισο-

δύναµα και οµοιόµορφα, δηµιουργώντας ένα πειραµατικό σενάριο που δεν ανταποκρίνεται

στον πραγµατικό κόσµο. Σε αυτήν τη διπλωµατική εργασία, κατασκευάζουµε ένα περιβάλλον

οµοσπονδιακής µάθησης µε πραγµατικά δεδοµένα από διαφορετικά νοσοκοµεία στις ΗΠΑ,

εξετάζοντας πλήθος αλγορίθµων οµοσπονδιακής µάθησης και αναδροµικών νευρωνικών δι-

κτύων υπό ϱεαλιστικές συνθήκες στατιστικής ετερογένειας.
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0.3 Πειραµατικό Μέρος

Σε αυτήν την ενότητα παρουσιάζουµε τη ϐάση δεδοµένων που χρησιµοποιήσαµε, το σχε-

διασµό των πειραµάτων και της διαδικασίας εκπαίδευσης των µοντέλων, καθώς και τα απο-

τελέσµατα των πειραµάτων και τα συµπεράσµατα που εξάγουµε από αυτά.

0.3.1 ∆εδοµένα & Προεπεξεργασία

Τα δεδοµένα για το πειραµατικό µέρος αυτής της εργασίας προέρχονται από τη Συ-

νεργατική Ερευνητική Βάση ∆εδοµένων eICU [17], την οποία διαχειρίζεται το Εργαστήριο

Υπολογιστικής Φυσιολογίας του MIT, και η πρόσβαση σε αυτήν εγκρίνεται έπειτα από την

επιτυχηµένη ολοκλήρωση ενός προγράµµατος σχετικά µε ηθικούς και ϱυθµιστικούς πα-

ϱάγοντες της έρευνας µε πραγµατικά δεδοµένα ευαίσθητης ϕύσης. Τα δεδοµένα της eICU

είναι πραγµατικά στοιχεία από περισσότερες από 200 χιλιάδες επισκέψεις ασθενών στη ΜΕΘ

σε 208 διαφορετικά νοσοκοµεία των ΗΠΑ την περίοδο 2014-2015. Αυτά τα στοιχεία περι-

λαµβάνουν µετρήσεις Ϲωτικών ενδείξεων, εργαστηριακές εξετάσεις, ϕαρµακευτική αγωγή,

πλάνο ιατρικής περίθαλψης, διάγνωση, ιστορικό του ασθενή, κ.α. Για την παρούσα εργασία,

αναφορικά µε το πρόβληµα που εξετάζουµε, χρειαζόµαστε τους πίνακες patient, vitalpe-

riodic και lab από τη ϐάση δεδοµένων, οι οποίοι περιέχουν ϐασικές πληροφορίες για την

επίσκεψη στη ΜΕΘ και δηµογραφικά στοιχεία των ασθενών, µετρήσεις Ϲωτικών ενδείξεων

και εργαστηριακές εξετάσεις αντίστοιχα.

Καθώς εξετάζουµε το πρόβληµα της εκτίµησης του κινδύνου ϑνησιµότητας µέσα σε ένα

συγκεκριµένο πλαίσιο, µε ασθενείς που κατέληξαν ή πήραν εξιτήριο την δεύτερη ή τρίτη ήµε-

ϱα της παραµονής τους στη ΜΕΘ και χρησιµοποιώντας τις µετρήσεις Ϲωτικών ενδείξεων και

τις εργαστηριακές εξετάσεις από το πρώτο 24ωρο ως δεδοµένα εισόδου, απαιτείται να ϑέσου-

µε κάποια κριτήρια επιλογής επισκέψεων στη ΜΕΘ από το σύνολο της ϐάσης δεδοµένων. Τα

κριτήρια που εφαρµόζουµε είναι τα ακόλουθα:

1. Επιλέγουµε επισκέψεις στη ΜΕΘ όπου το αποτέλεσµά τους (εξιτήριο ή κατάληξη του

ασθενή) έχει καταγραφεί.

2. Επιλέγουµε επισκέψεις στη ΜΕΘ όπου οι Ϲωτικές ενδείξεις του ασθενή καταγράφονταν

για τουλάχιστον 24 ώρες, ξεκινώντας από την πρώτη µέτρηση Ϲωτικών ενδείξεων µετά

την επίσηµη εισαγωγή στη ΜΕΘ.

3. Επιλέγουµε επισκέψεις στη ΜΕΘ που διήρκησαν τουλάχιστον 24 ώρες, αλλά όχι πε-

ϱισσότερες από 72 ώρες, από την πρώτη µέτρηση Ϲωτικών ενδείξεων που σηµειώσαµε

παραπάνω.

4. Επιλέγουµε την πρώτη επίσκεψη σε ΜΕΘ για κάθε ασθενή. Σε περίπτωση που δεν

µπορούµε να διακρίνουµε ποια είναι η προγενέστερη επίσκεψη, απορρίπτουµε όλες

τις επισκέψεις σε ΜΕΘ για τον συγκεκριµένο ασθενή.

5. Επιλέγουµε επισκέψεις στη ΜΕΘ όπου διεξάχθηκε τουλάχιστον µια εργαστηριακή ε-

ξέταση και το αποτέλεσµά της έχει καταγραφεί στο σύστηµα.
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Demographics Total Survival Death

Number of Patients 55,147 53,052 2,095

Age (years) 63.72 (17.13) 63.53 (17.16) 68.48 (15.53)

ICU stay (hours) 44 (14.4) 43.96 (14.41) 45.21 (14.04)

Gender

Male 29,845 28,708 1,137

Female 25,288 24,331 957

Unknown 14 13 1

Ethnicity

Caucasian 42,548 40,891 1,657

African American 5,837 5,642 195

Hispanic / Latino 2,116 2,054 62

Asian 1,012 966 46

Other / Unknown 3,634 3,499 135

Πίνακας 1. ∆ηµογραφικά στοιχεία των ασθενών µετά την προεπεξεργασία

Εφαρµόζοντας τα παραπάνω κριτήρια επιλογής, καταλήγουµε µε ένα σύνολο έγκυρων

επισκέψεων στη ΜΕΘ για το πρόβληµα που µελετάµε. Ο Πίνακας 1 παρουσιάζει κάποια

δηµογραφικά στοιχεία για αυτό το σύνολο ασθενών.

Το επόµενο στάδιο αφορά την προετοιµασία των δεδοµένων για τη διαδικασία εκπαίδευ-

σης της µηχανικής µάθησης. Αρχικά, απορρίπτουµε κάποιες ακραίες τιµές Ϲωτικών ενδε-

ίξεων και εργαστηριακών αποτελεσµάτων. Αυτές οι τιµές ξεπερνούν ένα προκαθορισµένο

διάστηµα έγκυρων τιµών από τους διαχειριστές της ϐάσης eICU και οφείλονται κυρίως σε

µηχανικά σφάλµατα των συσκευών καταγραφής. ΄Επειτα, επαναδειγµατοληπτούµε τις Ϲωτι-

κές ενδείξεις ανά µία ώρα και τις εργαστηριακές εξετάσεις ανά 8 ώρες, συγχωνεύοντας τις

µετρήσεις του κάθε διαστήµατος µε τον υπολογισµό του µέσου όρου τους. Με αυτόν τον

τρόπο, περιορίζουµε την επίδραση εσφαλµένων µετρήσεων στην εκπαίδευση και µειώνουµε

το µέγεθος του συνόλου των δεδοµένων, διευκολύνοντας έτσι την εκτέλεση των πειραµατικών

σεναρίων της εργασίας. Τέλος, οι απουσιάζουσες µετρήσεις στις χρονοσειρές συµπληρώνο-

νται πρώτα µε ολίσθηση προηγούµενων τιµών προς τα εµπρός και, έπειτα, µε ολίσθηση

µελλοντικών τιµών προς τα πίσω. Σε περίπτωση που κάποια Ϲωτική ένδειξη ή εργαστηρια-

κή εξέταση δεν καταγράφηκε κατά το πρώτο 24ωρο για κάποιον ασθενή στη ΜΕΘ, τότε οι

απουσιάζουσες τιµές συµπληρώνονται µε -1.

0.3.2 Πειραµατικός Σχεδιασµός

Μετά από προσεκτική εξέταση σχετικών ερευνητικών εργασιών, σχεδιάσαµε µια σειρά από

πειραµατικά σενάρια, µε στόχο να µας δώσουν µια πιο ολοκληρωµένη εικόνα για την επίδο-

ση των αλγορίθµων οµοσπονδιακής µάθησης σε περιβάλλον στατιστικής ετερογένειας. Στο

πρώτο πειραµατικό σενάριο εξετάζουµε ένα οµοσπονδιακό δίκτυο 8 νοσοκοµείων (Πίνακας 2),

το οποίο εκπαιδεύει ένα νευρωνικό µοντέλο που αξιολογείται πάνω σε ένα ¨ξένο¨ σύνολο δε-

δοµένων από 4 νοσοκοµεία που δεν συµµετέχουν στο οµοσπονδιακό δίκτυο (Πίνακας 3).

Στόχος µας είναι να εκτιµήσουµε το επίπεδο ενσωµάτωσης διαφορετικών αρχιτεκτονικών α-

ναδροµικών νευρωνικών δικτύων (RNN, LSTM, GRU), καθώς και να συγκρίνουµε το επίπεδο

γενίκευσης ενός µοντέλου οµοσπονδιακής µάθησης πάνω σε ένα ¨ξένο¨ σύνολο δεδοµένων,
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Datasets Total Survival Death

Hospital A 1,018 977 41 (4.0%)

Hospital B 1,041 972 69 (6.6%)

Hospital C 1,788 1,714 74 (4.1%)

Hospital D 773 746 27 (3.5%)

Hospital E 1,129 1,088 41 (3.6%)

Hospital F 1,344 1,244 100 (7.4%)

Hospital G 930 878 52 (5.6%)

Hospital H 1,316 1,248 68 (5.2%)

Training Set 9,339 8,867 472 (5.1%)

Πίνακας 2. Οι κατανοµές των τοπικών συνόλων δεδοµένων για τα 8 νοσοκοµεία του οµοσπον-
διακού δικτύου

συγκριτικά µε την κεντρική και την τοπική προσέγγιση.

Datasets Total Survival Death

Hospital I 421 398 23 (5.5%)

Hospital J 477 456 21 (4.4%)

Hospital K 420 397 23 (5.5%)

Hospital L 485 460 25 (5.2%)

Test Set 1,803 1,711 92 (5.1%)

Πίνακας 3. Οι κατανοµές των τοπικών συνόλων δεδοµένων για τα 4 νοσοκοµεία που απαρ-
τίζουν το testing σύνολο

Το δεύτερο πειραµατικό σενάριο προσθέτει δύο τεχνητά κατασκευασµένα νοσοκοµεία στο

οµοσπονδιακό δίκτυο, των οποίων τα τοπικά σύνολα δεδοµένων χαρακτηρίζονται από ακραίες

κατανοµές. Πιο συγκεκριµένα, το νοσοκοµείο Χ1 περιέχει δεδοµένα για 1900 ασθενείς, εκ

των οποίων µόνο το 0.5% κατέληξε κατά τη διάρκεια της παραµονής του στη ΜΕΘ, ενώ το

νοσοκοµείο Χ2 περιέχει δεδοµένα για 300 ασθενείς, εκ των οποίων το 25% κατέληξε στη

ΜΕΘ (Πίνακας 4). Αυξάνοντας τη στατιστική ετερογένεια του οµοσπονδιακού δικτύου µε την

προσθήκη των δύο παραπάνω νοσοκοµείων, ο στόχος µας είναι να εξετάσουµε την ευαισθησία

των αλγορίθµων οµοσπονδιακής µάθησης σε αυτά τα διαφορετικά σενάρια συνεργαζόµενων

νοσοκοµείων.

Datasets Total Survival Death

Hospital X1 1,900 1,890 10 (0.5%)

Training Set + X1 11,239 10,757 482 (4.3%)

Hospital X2 300 225 75 (25.0%)

Training Set + X2 9,639 9,092 547 (5.7%)

Πίνακας 4. Οι κατανοµές των τοπικών συνόλων δεδοµένων για τα τεχνητά νοσοκοµεία Χ1
και Χ2

Τέλος, το τρίτο σενάριο επικεντρώνεται σε δύο συγκεκριµένα νοσοκοµεία από το αρχικό

οµοσπονδιακό δίκτυο των 8 συνεργαζόµενων νοσοκοµείων, το C, µε το µεγαλύτερο τοπικό

σύνολο δεδοµένων, και το G, µε µικρό πλήθος διαθέσιµων τοπικών δεδοµένων (Πίνακας 2).

Εκπαιδεύοντας νευρωνικά µοντέλα στο πλαίσιο της οµοσπονδιακής µάθησης µε και χωρίς
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τη συµµετοχή τους, εξετάζουµε την επίδραση που έχει η συµµετοχή τους στη διαδικασία της

οµοσπονδιακής εκπαίδευσης στην επίδοση του µοντέλου πάνω στα τοπικά τους δεδοµένα.

Μέσω αυτής της πειραµατικής διαδικασίας, αποσκοπούµε στο να αποκτήσουµε µια καλύτερη

ιδέα για το πιθανό κίνητρο ενός νοσοκοµείου να συµµετέχει σε ένα οµοσπονδιακό δίκτυο και

το όφελος που ενδέχεται να έχει αναφορικά µε τα χαρακτηριστικά του.

Το νευρωνικό µοντέλο που κατασκευάζουµε αποτελείται από δύο παράλληλα κανάλια

εισόδου, ένα για τις µετρήσεις Ϲωτικών ενδείξεων και ένα για τις εργαστηριακές εξετάσεις.

Κάθε κανάλι εξ αυτών αποτελείται από 3 επίπεδα αναδροµικής αρχιτεκτονικής (RNN, LSTM,

GRU) µε 16 κόµβους το καθένα, προσδίδοντας "ϐάθος" στο µοντέλο µας και οδηγώντας σε

υψηλού επιπέδου αναπαραστάσεις των αρχικών δεδοµένων. ΄Επειτα, κάθε κανάλι συνοδε-

ύεται από ένα επίπεδο batch normalization για κανονικοποίηση των αναπαραστάσεων πριν

τη συγχώνευση τους στην ίδια διάσταση. Στη συνέχεια, δύο πλήρως συνδεδεµένα επίπε-

δα νευρώνων, µε εξόδους µεγέθους 16 και 16 αντίστοιχα, επεξεργάζονται τα συγχωνευµένα

χαρακτηριστικά. Τέλος, µια σιγµοειδής συνάρτηση εφαρµόζεται στην έξοδο του τελευτα-

ίου πλήρως συνδεδεµένου επιπέδου για να υπολογισθεί το εκτιµώµενο ϱίσκο ϑνησιµότητας

στη ΜΕΘ. Καθώς εξετάζουµε ένα πρόβληµα ταξινόµησης σε δύο κλάσεις, χρησιµοποιούµε

επίσης την binary cross-entropy ως συνάρτηση σφάλµατος και τον αλγόριθµο ϐελτιστοποίη-

σης Adam, µε αρχικό ϱυθµό εκπαίδευσης 0.001 που υποδιπλασιάζεται ανά 5 γύρους.

Σε κάθε προσέγγιση που εξετάζουµε, αρχικοποιούµε τα µοντέλα µε τα ίδια τυχαία ϐάρη

για να αποφύγουµε ϕαινόµενα µεροληψίας στα αποτελέσµατά µας. Προτού ξεκινήσει η

διαδικασία της εκπαίδευσης, τα δεδοµένα εισόδου κανονικοποιούνται και, λόγω της δυσα-

ναλογίας δειγµάτων για τις δύο κλάσεις, απονέµονται class weights σε κάθε δείγµα, ώστε

οι ενηµερώσεις των δειγµάτων των δύο κλάσεων να έχουν ισοδύναµη επίδραση στο µοντέλο.

Τα δεδοµένα χωρίζονται σε batches για πιο αποδοτική εκπαίδευση, ενώ εφαρµόζεται ένας

µηχανισµός έγκαιρης διακοπής της εκπαίδευσης, ο οποίος παρατηρεί το F1-Score πάνω

στο σύνολο δεδοµένων επαλήθευσης και επιλέγει το µοντέλο µε την καλύτερη επίδοση µε

περίοδο υποµονής 30 γύρων και µέγιστη περίοδο εκπαίδευσης 100 γύρων. ΄Επειτα, για την

προσέγγιση της οµοσπονδιακής µάθησης, ϑεωρούµε πως σε κάθε γύρο συµµετέχουν όλοι οι

συνεργαζόµενοι ϕορείς και κάθε ϕορέας εκπαιδεύει το µοντέλο του µία ϕορά πάνω στα δε-

δοµένα εκπαίδευσής του. Οι αλγόριθµοι οµοσπονδιακής µάθησης περιλαµβάνουν διάφορες

παραµέτρους, οι οποίες επιλέχθηκαν µετά από πειραµατικό έλεγχο.

Καθώς το σύνολο δεδοµένων του προβλήµατος δεν είναι ισορροπηµένα κατανεµηµένο στις

δύο κλάσεις, η ακρίβεια (accuracy) των προβλέψεων δεν µπορεί να χρησιµοποιηθεί ως αξιόπι-

στη µετρική αξιολόγησης των µοντέλων. Η πρώτη µετρική που χρησιµοποιούµε αφορά την

καµπύλη ROC (Receiver Operating Characteristic curve), η οποία σχεδιάζεται υπολογίζο-

ντας τις µετρικές recall και specificity σε διαφορετικά thresholds ταξινόµησης των δειγµάτων

στις δύο κλάσεις. Υπολογίζοντας το εµβαδόν που περικλείεται από τους άξονες και την κα-

µπύλη ROC (Area Under Receiver Operating Characteristic curve - AUROC), λαµβάνουµε

µια µετρική επίδοσης του µοντέλου που δηλώνει την ικανότητά του να ταξινοµεί τα δείγµατα

σωστά. ΄Επειτα, µε αντίστοιχο τρόπο, υπολογίζοντας τις µετρικές precision και recall σε δια-

ϕορετικά thresholds ταξινόµησης σχεδιάζουµε την καµπύλη PRC (Precision-Recall Curve),

η οποία εκφράζει το tradeoff που καλείται να γίνει ανάµεσα στις δύο µετρικές. Η µετρική

AUPRC (Area Under Precision-Recall Curve) είναι εξαιρετικά χρήσιµη σε προβλήµατα όπου
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η ϑετική κλάση έχει µεγαλύτερη σηµασία και υπάρχει υψηλή ανοµοιοµορφία στην κατανο-

µή των δεδοµένων στις κλάσεις, καθώς οι precision και recall δεν εξαρτώνται από τις σωστές

προβλέψεις της κυριαρχούσας αρνητικής κλάσης [38]. Τέλος, η µετρική F1-Score είναι ο αρ-

µονικός µέσος όρος των precision και recall, οπότε ταιριάζει αντίστοιχα στο πρόβληµα που

εξετάζουµε. Συνολικά, επικεντρωνόµαστε περισσότερο στις µετρικές AUPRC και F1-Score

λόγω της υψηλής ανισοκατανοµής του συνόλου δεδοµένων µας.

0.3.3 Αποτελέσµατα & Συζήτηση

Στο πρώτο πειραµατικό σενάριο, εξετάζουµε το µοντέλο που περιγράψαµε µε διαφορετι-

κές αρχιτεκτονικές αναδροµικών νευρωνικών δικτύων σε περιβάλλον οµοσπονδιακής µάθη-

σης. Χρησιµοποιούµε το οµοσπονδιακό δίκτυο των 8 νοσοκοµείων του Πίνακα 1 και αξιολο-

γούµε τα µοντέλα στο ¨ξένο¨ σύνολο δεδοµένων του Πίνακα 2.

Αρχικά, εξετάζουµε το µοντέλο RNN. Η ιδανική προσέγγιση της κεντρικής µηχανικής

µάθησης επιτυγχάνει AUROC 0.836, AUPRC 0.400 και F1-Score 0.473, ενώ η ϐασική µέθο-

δος της τοπικής µηχανικής µάθησης επιτυγχάνει AUROC 0.764, AUPRC 0.239 και F1-Score

0.252. Οι αλγόριθµοι οµοσπονδιακής µάθησης πέτυχαν αρκετά καλύτερες επιδόσεις από

την τοπική µηχανική µάθηση, αλλά χωρίς να προσεγγίζουν εκείνες της κεντρικής µηχανικής

µάθησης (µε εξαίρεση τη µετρική AUROC). Ο FedProx σηµείωσε την καλύτερη επίδοση για

τη µετρική AUROC (0.838), ο FedAdam για τη µετρική AUPRC (0.364) και ο FedAvg για

τη µετρική του F1-Score (0.335). Τα αποτελέσµατα για αυτό το πειραµατικό σενάριο µε το

µοντέλο RNN ϕαίνονται στον Πίνακα 5.

Method AUROC AUPRC F1-Score Best FL Round

CML 0.836 ± 0.013 0.400 ± 0.009 0.473 ± 0.029 -

LML 0.764 ± 0.009 0.239 ± 0.009 0.252 ± 0.013 -

FedAvg 0.832 ± 0.037 0.348 ± 0.052 0.335 ± 0.047 11.2 ± 4.3
FedProx 0.838 ± 0.021 0.360 ± 0.039 0.321 ± 0.035 12.5 ± 3.4
FedAdam 0.837 ± 0.022 0.364 ± 0.037 0.303 ± 0.007 9.8 ± 1.2
FedAdagrad 0.815 ± 0.016 0.318 ± 0.016 0.327 ± 0.024 9.3 ± 2.3
FedYogi 0.825 ± 0.021 0.329 ± 0.029 0.325 ± 0.041 9.1 ± 1.1
FedAvgM 0.818 ± 0.023 0.322 ± 0.035 0.314 ± 0.035 8.7 ± 2.2

Πίνακας 5. Επίδοση του µοντέλου RNN πάνω στο ¨ξένο¨ σύνολο δεδοµένων

΄Επειτα, εξετάζουµε το µοντέλο LSTM. Η ιδανική προσέγγιση της κεντρικής µηχανικής

µάθησης επιτυγχάνει AUROC 0.894, AUPRC 0.499 και F1-Score 0.489, ενώ η ϐασική µέθο-

δος της τοπικής µηχανικής µάθησης επιτυγχάνει AUROC 0.803, AUPRC 0.326 και F1-Score

0.384. Οι αλγόριθµοι οµοσπονδιακής µάθησης πάλι πέτυχαν αρκετά καλύτερες επιδόσεις

από την τοπική µηχανική µάθηση, πλησιάζοντας αυτή τη ϕορά περισσότερο στις µετρικές

επιδόσεις της κεντρικής µηχανικής µάθησης. Ο FedAvg σηµείωσε την καλύτερη επίδοση

για τη µετρική AUROC (0.899), ο FedYogi για τη µετρική AUPRC (0.476) και ο FedProx για

τη µετρική του F1-Score (0.438). Παρατηρούµε πως το µοντέλο LSTM πετυχαίνει συνολικά

καλύτερες επιδόσεις στο συγκεκριµένο πρόβληµα, ενώ ενσωµατώνεται πιο αποδοτικά στο πε-

ϱιβάλλον της οµοσπονδιακής µάθησης. Τα αποτελέσµατα για αυτό το πειραµατικό σενάριο
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µε το µοντέλο LSTM ϕαίνονται στον Πίνακα 6.

Method AUROC AUPRC F1-Score Best FL Round

CML 0.894 ± 0.007 0.499 ± 0.020 0.489 ± 0.023 -

LML 0.803 ± 0.034 0.326 ± 0.038 0.384 ± 0.020 -

FedAvg 0.899 ± 0.006 0.446 ± 0.037 0.417 ± 0.035 16.8 ± 3.9
FedProx 0.897 ± 0.010 0.456 ± 0.032 0.438 ± 0.014 18.9 ± 3.0
FedAdam 0.895 ± 0.009 0.454 ± 0.029 0.409 ± 0.028 16.5 ± 1.8
FedAdagrad 0.897 ± 0.010 0.449 ± 0.035 0.422 ± 0.036 15.4 ± 1.7
FedYogi 0.893 ± 0.010 0.476 ± 0.022 0.424 ± 0.040 14.7 ± 0.8
FedAvgM 0.897 ± 0.011 0.453 ± 0.038 0.418 ± 0.031 17.2 ± 3.8

Πίνακας 6. Επίδοση του µοντέλου LSTM πάνω στο ¨ξένο¨ σύνολο δεδοµένων

Η τελευταία εκτέλεσή µας για αυτό το πειραµατικό σενάριο αφορά το µοντέλο GRU.

Η προσέγγιση της κεντρικής µηχανικής µάθησης επιτυγχάνει AUROC 0.895, AUPRC 0.539

και F1-Score 0.541, ενώ η µέθοδος της τοπικής µηχανικής µάθησης, που εκπαιδεύει ένα το-

πικό µοντέλο για κάθε νοσοκοµείο, επιτυγχάνει AUROC 0.807, AUPRC 0.360 και F1-Score

0.413. Οι αλγόριθµοι οµοσπονδιακής µάθησης ξεπέρασαν ξανά τις επιδόσεις της τοπικής

µηχανικής µάθησης, ενώ είχαν µια αισθητή απόσταση από τις επιδόσεις της κεντρικής µη-

χανικής µάθησης. Ο FedAdagrad σηµείωσε την καλύτερη επίδοση για τη µετρική AUROC

(0.892), καθώς και για τη µετρική F1-Score (0.512), ενώ ο FedProx πέτυχε την υψηλότερη ε-

πίδοση για τη µετρική του AUPRC (0.507). Παρατηρούµε πως το µοντέλο GRU πετυχαίνει τις

καλύτερες επιδόσεις σε αυτό το πειραµατικό σενάριο για τις µετρικές AUPRC και F1-Score,

ενώ επίσης είναι πιο ¨ελαφρύ¨ υπολογιστικά σε σχέση µε το µοντέλο LSTM. Ωστόσο, οι ε-

πιδόσεις των µοντέλων οµοσπονδιακής µάθησης παρουσιάζουν µεγαλύτερη απόκλιση από

εκείνες της κεντρικής µηχανικής µάθησης, σε σχέση µε το µοντέλο LSTM. Τα αποτελέσµατα

για αυτό το πειραµατικό σενάριο µε το µοντέλο GRU ϕαίνονται στον Πίνακα 7.

Method AUROC AUPRC F1-Score Best FL Round

CML 0.895 ± 0.002 0.539 ± 0.004 0.541 ± 0.020 -

LML 0.807 ± 0.032 0.360 ± 0.021 0.413 ± 0.024 -

FedAvg 0.890 ± 0.007 0.499 ± 0.020 0.489 ± 0.023 15.2 ± 2.3
FedProx 0.891 ± 0.006 0.507 ± 0.016 0.472 ± 0.042 14.2 ± 2.5
FedAdam 0.891 ± 0.005 0.505 ± 0.014 0.480 ± 0.046 16.1 ± 2.1
FedAdagrad 0.892 ± 0.006 0.502 ± 0.018 0.512 ± 0.032 15.5 ± 1.7
FedYogi 0.887 ± 0.007 0.500 ± 0.021 0.475 ± 0.030 13.7 ± 0.7
FedAvgM 0.889 ± 0.008 0.502 ± 0.020 0.466 ± 0.039 13.9 ± 0.9

Πίνακας 7. Επίδοση του µοντέλου GRU πάνω στο ¨ξένο¨ σύνολο δεδοµένων

Στο δεύτερο πειραµατικό σενάριο, εξετάζουµε το µοντέλο GRU σε ένα οµοσπονδιακό

δίκτυο µε την προσθήκη τεχνητών νοσοκοµείων µε ακραίες κατανοµές των δεδοµένων τους

στις δύο κλάσεις, όπως ϕαίνονται στον Πίνακα 3. Στο πρώτο οµοσπονδιακό δίκτυο µε την

προσθήκη του νοσοκοµείου Χ1, η προσέγγιση της κεντρικής µηχανικής µάθησης, που εκ-

παιδεύει ένα ΄παγκόσµιο΄ µοντέλο µε πρόσβαση σε όλα τα δεδοµένα εκπαίδευσης, επιτυγχάνει

AUROC 0.870, AUPRC 0.461 και F1-Score 0.498, ενώ η µέθοδος της τοπικής µηχανικής
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µάθησης επιτυγχάνει AUROC 0.689, AUPRC 0.185 και F1-Score 0.289. Οι αλγόριθµοι ο-

µοσπονδιακής µάθησης επηρεάζονται από την πρόσθετη στατιστική ετερογένεια του δικτύου,

ωστόσο πάλι ξεπερνώντας τις επιδόσεις της τοπικής µηχανικής µάθησης. Ο FedProx σηµε-

ίωσε την καλύτερη επίδοση για τη µετρική AUROC (0.854), ο FedAvg για τη µετρική AUPRC

(0.405) και ο FedYogi για τη µετρική του F1-Score (0.433). Τα αποτελέσµατα για αυτό το

πειραµατικό σενάριο µε την προσθήκη του νοσοκοµείου Χ1 ϕαίνονται στον Πίνακα 8.

Method AUROC AUPRC F1-Score Best FL Round

CML 0.870 ± 0.004 0.461 ± 0.046 0.498 ± 0.042 -

LML 0.689 ± 0.030 0.185 ± 0.028 0.289 ± 0.046 -

FedAvg 0.852 ± 0.008 0.405 ± 0.055 0.407 ± 0.058 15.5 ± 2.3
FedProx 0.854 ± 0.008 0.402 ± 0.044 0.413 ± 0.47 16.5 ± 1.2
FedAdam 0.851 ± 0.012 0.392 ± 0.056 0.400 ± 0.072 15.6 ± 2.0
FedAdagrad 0.848 ± 0.007 0.390 ± 0.049 0.426 ± 0.060 17.2 ± 2.4
FedYogi 0.850 ± 0.008 0.399 ± 0.051 0.433 ± 0.050 16.1 ± 1.4
FedAvgM 0.851 ± 0.006 0.392 ± 0.042 0.395 ± 0.074 15.7 ± 2.5

Πίνακας 8. Επίδοση του µοντέλου στο οµοσπονδιακό δίκτυο µε το νοσοκοµείο Χ1

Figure 5. Σύγκριση των καµπυλών ROC για τα µοντέλα στο οµοσπονδιακό δίκτυο µε το
νοσοκοµείο Χ1
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Figure 6. Σύγκριση των καµπυλών PRC για τα µοντέλα στο οµοσπονδιακό δίκτυο µε το
νοσοκοµείο Χ1

Στο δεύτερο οµοσπονδιακό δίκτυο µε την προσθήκη του νοσοκοµείου Χ2, το µοντέλο

της κεντρικής µηχανικής µάθησης επιτυγχάνει AUROC 0.871, AUPRC 0.537 και F1-Score

0.526, ενώ τα µοντέλα της τοπικής µηχανικής µάθησης επιτυγχάνουν AUROC 0.728, AUPRC

0.288 και F1-Score 0.390. Οι αλγόριθµοι οµοσπονδιακής µάθησης συνολικά αξιοποιούν

καλύτερα τις διαθέσιµες πληροφορίες σε αυτό το οµοσπονδιακό δίκτυο. Ο FedAvgM ση-

µείωσε τις καλύτερες επιδόσεις για τις µετρικές AUROC (0.860) και AUPRC (0.503), ενώ ο

FedYogi πέτυχε το υψηλότερο σκορ για τη µετρική F1-Score (0.477). Τα αποτελέσµατα για

αυτό το πειραµατικό σενάριο µε την προσθήκη του νοσοκοµείου Χ2 ϕαίνονται στον Πίνακα 9.

Method AUROC AUPRC F1-Score Best FL Round

CML 0.871 ± 0.012 0.537 ± 0.029 0.526 ± 0.032 -

LML 0.728 ± 0.032 0.288 ± 0.037 0.390 ± 0.025 -

FedAvg 0.859 ± 0.011 0.481 ± 0.038 0.447 ± 0.062 19.2 ± 2.0
FedProx 0.859 ± 0.013 0.492 ± 0.027 0.405 ± 0.052 19.6 ± 3.8
FedAdam 0.857 ± 0.013 0.495 ± 0.032 0.452 ± 0.048 19.1 ± 2.6
FedAdagrad 0.857 ± 0.013 0.492 ± 0.034 0.463 ± 0.054 19.3 ± 1.5
FedYogi 0.854 ± 0.012 0.501 ± 0.036 0.477 ± 0.038 19.2 ± 3.2
FedAvgM 0.860 ± 0.011 0.503 ± 0.026 0.463 ± 0.052 20.2 ± 3.2

Πίνακας 9. Επίδοση του µοντέλου στο οµοσπονδιακό δίκτυο µε το νοσοκοµείο Χ2
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Figure 7. Σύγκριση των καµπυλών ROC για τα µοντέλα στο οµοσπονδιακό δίκτυο µε το
νοσοκοµείο Χ2

Figure 8. Σύγκριση των καµπυλών PRC για τα µοντέλα στο οµοσπονδιακό δίκτυο µε το
νοσοκοµείο Χ2
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Το τρίτο πειραµατικό σενάριο επικεντρώνεται σε δύο συγκεκριµένα νοσοκοµεία, ώστε να

εξετάσει την επίδοση µοντέλων οµοσπονδιακής µάθησης πάνω στα τοπικά τους δεδοµένα.

Το πρώτο εξ αυτών είναι το νοσοκοµείο G µε ένα σύνολο τοπικών δεδοµένων σχετικά µικρού

µεγέθους, όπως ϕαίνεται στον Πίνακα 1. Το τοπικό µοντέλο του νοσοκοµείου G επιτυγχάνει

AUROC 0.775, AUPRC 0.322 και F1-Score 0.320, ενώ η προσέγγιση της οµοσπονδιακής

µάθησης χωρίς το νοσοκοµείο G επιτυγχάνει AUROC 0.827, AUPRC 0.282 και F1-Score

0.341. Οι αλγόριθµοι οµοσπονδιακής µάθησης µε το νοσοκοµείο G πέτυχαν αρκετά κα-

λύτερες επιδόσεις από τα µοντέλα των προηγούµενων δύο µεθόδων, καθώς εκτέθηκαν κατά

τη διάρκεια της εκπαίδευσης και σε δεδοµένα του νοσοκοµείου G και προσαρµόστηκαν κα-

τάλληλα ως προς τα χαρακτηριστικά του. Ο FedYogi σηµείωσε την καλύτερη επίδοση σε

όλες τις µετρικές κατηγορίες µε AUROC 0.888, AUPRC 0.497 και F1-Score 0.488. Τα

αποτελέσµατα για αυτό το πειραµατικό σενάριο ϕαίνονται στον Πίνακα 10.

Method AUROC AUPRC F1-Score Best FL Round

LML 0.775 ± 0.055 0.322 ± 0.156 0.320 ± 0.117 -

TransferFL 0.827 ± 0.011 0.282 ± 0.057 0.341 ± 0.033 17.0 ± 1.2
FedAvg 0.887 ± 0.036 0.492 ± 0.129 0.470 ± 0.138 14.7 ± 1.1
FedProx 0.887 ± 0.037 0.494 ± 0.130 0.444 ± 0.084 15.3 ± 1.3
FedAdam 0.886 ± 0.036 0.488 ± 0.126 0.465 ± 0.095 14.0 ± 0.8
FedAdagrad 0.885 ± 0.038 0.488 ± 0.131 0.466 ± 0.159 14.6 ± 1.1
FedYogi 0.888 ± 0.039 0.497 ± 0.135 0.488 ± 0.142 14.4 ± 1.0
FedAvgM 0.886 ± 0.034 0.492 ± 0.129 0.414 ± 0.073 13.6 ± 1.4

Πίνακας 10. Επίδοση του µοντέλου στο testing σύνολο του νοσοκοµείου G

΄Επειτα, το δεύτερο περιβάλλον που εξετάζουµε σε αυτό το σενάριο επικεντρώνεται στο

νοσοκοµείο C, που περιλαµβάνει το µεγαλύτερο πλήθος δεδοµένων αναφορικά µε τα νο-

σοκοµεία του οµοσπονδιακού δικτύου εκπαίδευσης του Πίνακα 1. Το τοπικό µοντέλο του

νοσοκοµείου C επιτυγχάνει AUROC 0.792, AUPRC 0.324 και F1-Score 0.328, ενώ η προ-

σέγγιση της οµοσπονδιακής µάθησης χωρίς το νοσοκοµείο C επιτυγχάνει AUROC 0.802,

AUPRC 0.244 και F1-Score 0.320. Οι αλγόριθµοι οµοσπονδιακής µάθησης µε το νοσοκο-

µείο C ξανά οδηγούν σε µοντέλα µε τις καλύτερες επιδόσεις στις µετρικές κατηγορίες που

εξετάζουµε. Ο FedYogi σηµειώνει την καλύτερη επίδοση για τη µετρική AUROC (0.814), ο

FedAdam για τη µετρική AUPRC (0.382) και ο FedAdagrad για τη µετρική F1-Score (0.388).

Τα αποτελέσµατα για αυτό το πειραµατικό σενάριο ϕαίνονται στον Πίνακα 11.

Method AUROC AUPRC F1-Score Best FL Round

LML 0.792 ± 0.056 0.324 ± 0.154 0.328 ± 0.049 -

TransferFL 0.802 ± 0.033 0.244 ± 0.026 0.320 ± 0.026 17.9 ± 1.6
FedAvg 0.811 ± 0.058 0.371 ± 0.124 0.382 ± 0.136 14.8 ± 1.2
FedProx 0.810 ± 0.060 0.373 ± 0.132 0.367 ± 0.142 16.0 ± 1.4
FedAdam 0.812 ± 0.058 0.382 ± 0.135 0.347 ± 0.119 15.7 ± 0.7
FedAdagrad 0.811 ± 0.061 0.370 ± 0.140 0.388 ± 0.132 17.9 ± 3.6
FedYogi 0.814 ± 0.060 0.376 ± 0.140 0.354 ± 0.134 16.9 ± 0.6
FedAvgM 0.812 ± 0.059 0.378 ± 0.134 0.379 ± 0.140 19.3 ± 1.1

Πίνακας 11. Επίδοση του µοντέλου στο testing σύνολο του νοσοκοµείου C
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Από το πρώτο πειραµατικό σενάριο, παρατηρούµε πως το µοντέλο RNN πετυχαίνει τις χει-

ϱότερες επιδόσεις πάνω στο ¨ξένο¨ σύνολο δεδοµένων, έχοντας όµως την µικρότερη επιβάρυν-

ση αναφορικά µε την επικοινωνία πάνω από το δίκτυο, καθώς περιλαµβάνει το µικρότερο

αριθµό παραµέτρων και την ταχύτερη σύγκλιση στο καλύτερο F1-Score πάνω στα σύνολα

δεδοµένων επαλήθευσης. Αντίθετα, το µοντέλο LSTM προσδίδει τη µεγαλύτερη επιβάρυνση

στο δίκτυο, αλλά τα µοντέλα οµοσπονδιακής µάθησης προσοµοιάζουν περισσότερο τις επι-

δόσεις του µοντέλου κεντρικής µηχανικής µάθησης. Το µοντέλο GRU ϕαίνεται πως αποτελεί

τη "χρυσή τοµή" ανάµεσα σε αυτά τα δύο στοιχεία των πειραµάτων. ΄Επειτα, παρατηρούµε

πως ο αλγόριθµος FedAvg πετυχαίνει υψηλές επιδόσεις για τις περισσότερες µετρικές κα-

τηγορίες, ενώ αντίστοιχα αποτελεσµατικός είναι και ο αλγόριθµος FedProx. Οι αλγόριθµοι

οµοσπονδιακής µάθησης που αποσκοπούν στη ϐελτιστοποίηση στο επίπεδο του κεντρικού

εξυπηρετητή πετυχαίνουν ταχύτερη σύγκλιση σε σχέση µε τους δύο προηγούµενους αλγορίθ-

µους, όµως αυτό ϕαίνεται πως έχει αντίκτυπο στην εκπαίδευση τους, καθώς δεν σηµειώνουν

επιδόσεις ανάλογες των FedAvg και FedProx.

Το δεύτερο πειραµατικό σενάριο µας δίνει µια εικόνα για την επίδοση των αλγορίθµων

οµοσπονδιακής µάθησης σε διαφορετικά οµοσπονδιακά δίκτυα. Το νοσοκοµείο Χ1 έχει µε-

γάλη επίδραση στο δίκτυο λόγω του µεγάλου µεγέθους του συνόλου δεδοµένων του, ενώ έχει

µηδαµινή εκπροσώπηση της ϑετικής κλάσης, η οποία καθιστά την εκπαίδευση του µοντέλου

στο νοσοκοµείο Χ1 προδιατεθειµένη προς την αρνητική κλάση. Ως αποτέλεσµα, παρατη-

ϱούµε µια πτώση της επίδοσης των µοντέλων οµοσπονδιακής µάθησης σε σχέση µε εκείνο

της κεντρικής µηχανικής µάθησης, ενώ ο αλγόριθµος FedProx ϕαίνεται να είναι ο καταλ-

ληλότερος για αυτό το οµοσπονδιακό δίκτυο, αφού ο παράγοντας εγγύτητας περιορίζει την

µεροληψία του νοσοκοµείου Χ1 κατά την εκπαίδευση. ΄Επειτα, στην περίπτωση του νοσοκο-

µείου Χ2, έχουµε µικρή επίδραση στο ΄παγκόσµιο΄ µοντέλο αλλά σηµαντική εκπροσώπηση

της κλάσης που συνολικά υποεκπροσωπείται. Παρατηρούµε πως ο αλγόριθµος FedProx εδώ

µειώνει ακόµα περισσότερο τη συνεισφορά του νοσοκοµείου Χ2, ενώ οι αλγόριθµοι ϐελτι-

στοποίησης στο επίπεδο του κεντρικού εξυπηρετητή παρουσιάζουν υψηλότερη επίδοση και

καλύτερη διαχείριση των ενηµερώσεων αυτού του µικρού τεχνητού νοσοκοµείου.

Τέλος, το τρίτο πειραµατικό σενάριο εξετάζει την επίδοση µοντέλων οµοσπονδιακής µάθη-

σης πάνω στα τοπικά testing σύνολα συγκεκριµένων νοσοκοµείων, προσπαθώντας να δώσει

µια εικόνα για το κίνητρο νοσοκοµείων µε διαφορετικά χαρακτηριστικά να συµµετέχουν σε

ένα οµοσπονδιακό δίκτυο. Παρατηρούµε πως το νοσοκοµείο G επωφελείται περισσότερο από

τα µοντέλα οµοσπονδιακής µάθησης που συµµετέχει, αφού δεν έχει αρκετά δεδοµένα για

να εκπαιδεύσει ένα ισχυρό τοπικό µοντέλο και το µοντέλο οµοσπονδιακής µάθησης χωρίς

τη συµµετοχή του δεν προσαρµόζεται επαρκώς στα δεδοµένα του. ΄Επειτα, το νοσοκοµείο C

κατέχει ένα µεγαλύτερο σύνολο δεδοµένων, που του επιτρέπει να εκπαιδεύσει ένα πιο ισχυρό

τοπικό µοντέλο. Το µοντέλο οµοσπονδιακής µάθησης χωρίς τη συµµετοχή του έχει παρόµοια

επίδοση µε το τοπικό µοντέλο, ενώ τα µοντέλα οµοσπονδιακής µάθησης µε τη συµµετοχή

του πετυχαίνουν καλύτερη επίδοση, αν και όχι στον ϐαθµό που ϐελτιώθηκαν οι µετρικές

επίδοσης για το νοσοκοµείο G. Το συµπέρασµα από αυτό το πειραµατικό σενάριο είναι πώς,

ανεξαρτήτως µεγέθους, ένα νοσοκοµείο παρακινείται να συµµετάσχει σε ένα οµοσπονδιακό

δίκτυο τόσο για την κατασκευή ενός ισχυρού, γενικευµένου µοντέλου, όσο και για να το

εκθέσει στα τοπικά του δεδοµένα και να ϐελτιώσει την επίδοσή του πάνω σε αυτά.
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0.4 Επίλογος

Σε αυτήν τη διπλωµατική εργασία εξετάσαµε τη συνεργατική εκπαίδευση αναδροµικών

µοντέλων µηχανικής µάθησης από ένα δίκτυο νοσοκοµείων για το πρόβληµα της έγκαιρης

πρόβλεψης του κινδύνου ϑνησιµότητας στη ΜΕΘ, χρησιµοποιώντας Ϲωτικές ενδείξεις και

εργαστηριακές εξετάσεις µε τη µορφή χρονολογικών σειριακών δεδοµένων. Τα δεδοµένα

µας προήλθαν από τη Συνεργατική Ερευνητική Βάση ∆εδοµένων eICU, η οποία απαρτίζε-

ται από πραγµατικά δεδοµένα µονάδων εντατικής ϑεραπείας των ΗΠΑ, επιτρέποντάς µας

να εξετάσουµε ένα ϱεαλιστικό οµοσπονδιακό δίκτυο νοσοκοµείων µε στατιστική ανοµοιο-

γένεια. Σχεδιάσαµε µια σειρά από πειραµατικά σενάρια µε στόχο να παρατηρήσουµε την

επίδοση διαφορετικών µοντέλων και αλγορίθµων οµοσπονδιακής µάθησης υπό διαφορετικές

συνθήκες. Τα αποτελέσµατά µας έδειξαν ότι το µοντέλο GRU ενσωµατώνεται πιο αποδοτικά

στο πλαίσιο της οµοσπονδιακής µάθησης για το συγκεκριµένο πρόβληµα, ενώ τα µοντέλα ο-

µοσπονδιακής µάθησης πετυχαίνουν σηµαντικά καλύτερες επιδόσεις από τα τοπικά µοντέλα

και πλησιάζουν αρκετά εκείνες της ιδανικής, αλλά συνήθως ανέφικτης λόγω της ιδιωτικότη-

τας των δεδοµένων, κεντρικής µηχανικής µάθησης. ΄Επειτα, παρατηρήσαµε ότι ο αλγόριθµος

FedProx, που στοχεύει στη ϐελτιστοποίηση της οµοσπονδιακής µάθησης σε τοπικό επίπεδο,

έχει µεγαλύτερη αποτελεσµατικότητα σε δίκτυα µε την ύπαρξη νοσοκοµείων µεγάλης επιρρο-

ής και ακραίας υποεκπροσώπησης της ϑετικής κλάσης, ενώ οι αλγόριθµοι ϐελτιστοποίησης

στο επίπεδο του κεντρικού εξυπηρετητή συνεισφέρουν περισσότερο σε δίκτυα µε την ύπαρξη

νοσοκοµείων µικρής επιρροής και σηµαντικών πληροφοριών για την ϑετική κλάση που υπο-

εκπροσωπείται. Τέλος, είδαµε πως ένα νοσοκοµείο έχει σηµαντικό κίνητρο να συµµετάσχει

σε ένα οµοσπονδιακό δίκτυο, καθώς το µοντέλο που εκπαιδεύει παρουσιάζει καλύτερη ε-

πίδοση πάνω στα τοπικά του δεδοµένα σε σχέση µε άλλες εναλλακτικές, που διασφαλίζουν

σε ένα ϐαθµό την ασφάλεια και ιδιωτικότητα των δεδοµένων.
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Introduction

In the digital era, an exponential upsurge in data generation has transformed the

landscape across various domains. Sensors, trackers and connected devices capture not

only immense volumes of information, but also the temporal aspect of the data, mak-

ing it inherently time series in essence. This proliferation of time series data presents

unprecedented opportunities for extracting valuable insights, identifying patterns, and

making data-driven decisions that can drive innovation and advancements across nu-

merous industries. The distributed nature of this data, often residing in remote devices

and endpoints, calls for innovative approaches to harness its vast potential.

In response to this, traditional centralized approaches face significant challenges. A

central server may be unable to meet the computational and memory requirements for

processing massive quantities of data, leading to performance degradation, slowdowns,

or even failures. Then, the amount of communication needed introduces additional mat-

ters that should be considered. The transmission of raw data from remote devices to

a centralized location raises concerns regarding data privacy and security, as sensitive

information may be exposed. Moreover, network issues during data transfer may cause

increased latency, delays and interruptions in the overall workflow. As a result, federated

learning has emerged as a promising solution, leveraging the decentralized nature of the

data and enabling collaborative model training while preserving privacy, reducing com-

munication overhead and parallelizing the computational workload across multiple local

devices.

One domain that could be greatly benefited from the federated learning approach is

healthcare, which generates data at an unprecedented rate. The availability of electronic

health records (EHRs), containing a wealth of patient information in the form of multi-

variate time series (MTS), and the accumulation of healthcare data from multiple sources

present tremendous opportunities for improving healthcare delivery, enhancing clinical

decision-making, and advancing medical research. By aggregating data from various

medical centers, researchers and healthcare professionals can gain deeper insights into

diseases, treatment effectiveness, and patient outcomes. However, the integration and

analysis process is complicated by data heterogeneity, due to variations in data formats,

collection methods and patient populations. Moreover, privacy concerns, data security

and regulatory compliance pose significant hurdles when for data aggregation.

Federated learning offers a compelling framework to address the challenges of health-
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care data collaboration. By decentralizing the model training process, federated learning

allows healthcare institutions to retain control over their local data and collaborate on de-

veloping state-of-the-art ML models, without sharing sensitive patient information. This

approach has the potential to effectively capture the nuances and characteristics of het-

erogeneous local datasets, while it significantly reduces data privacy and security risks.

The ML models constructed in the context of federated learning often display improved

accuracy and generalizability, as they have been exposed to a diverse dataset, comprising

data from various sources. Overall, the application of federated learning in healthcare

holds great promise for revolutionizing the field and advancing patient care.

In this thesis, we investigate the application of federated learning in the healthcare

sector, with a focus on addressing the early ICU mortality risk prediction task with the

utilization of MTS data from multiple hospitals. In Chapter 2, we formulate this clas-

sification problem and describe the objectives of this study. Then, we introduce some

fundamental theoretical concepts that are prevalent throughout this thesis. In Chapter

3, we discuss about the characteristics of time series and how to handle them efficiently.

In Chapter 4, we present an overview of deep neural network architectures, focusing

on their use with time series data. In Chapter 5, we introduce the federated learning

framework, examining its basic workflow, different federated learning algorithms and

compatible privacy-preserving and security mechanisms. Afterwards, in Chapter 6, we

present some related works to this study, before we turn our focus on our experiments. In

Chapter 7, we present the eICU Collaborative Research Database and analyze our cohort

selection criteria and data preparation methodology. In Chapter 8, we elaborate on the

federated learning scenarios for our experiments, and lay out our evaluation strategy. In

Chapter 9, the results of our experiments are presented and discussed in detail. Finally,

in Chapter 10, we recapitulate the main conclusions of this study and propose some

future research directions.
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Problem Formulation

The problem studied in this thesis is the early ICU mortality risk prediction, leveraging

data from multiple healthcare centers. Patients admitted in intensive care units typically

exhibit a critical health condition that requires continuous medical care and monitoring.

Early identification of patients at high risk of mortality within a specific time frame after

ICU admission plays a crucial role in improving patient results. By developing accu-

rate, forward-looking predictive models, healthcare providers are enabled to take action

promptly to prevent adverse outcomes. Therefore, early ICU mortality risk prediction is a

significant medical task with vast and impactful potential.

We formulate the task of predicting ICU mortality as a binary classification problem,

with multivariate time series, where the patients who died during their ICU stay constitute

the positive group (output = 1) and the patients who got discharged constitute the negative

group (output = 0). The time point indicating the mortality event or discharge is defined

by the ICU discharge offset variable, while the beginning of the ICU stay is defined as

the first vital signs measurements after the ICU admission record. Since this study

focuses on early prediction, we consider an observation window during the first hours of

a patient’s ICU stay. It consists of 24 hours of vital signs (7 variables) and laboratory tests

(16 variables) after the beginning of the ICU stay. The MTS data from this observation

window are extracted and utilized for training and evaluation of the predictive models.

The resulting algorithm indicates the mortality likelihood of a patient during the 48-hour

period after the prediction time, which is at the 24-hour mark of the ICU stay.

To address the early ICU mortality risk prediction problem, deep recurrent neural

network architectures are employed across different ML setups. The typical central-

ized machine learning (CML) approach assumes that patient data from the participating

healthcare centers are collected and processed on a central server, enabling the devel-

opment of more generalizable models. However, certain challenges are presented with

concerns over data privacy, security and scalability. Its direct alternative is the local

machine learning (LML) approach, which assumes no data sharing among the partici-

pants, training a ML model on each healthcare institution on its local dataset. Even

though this method reduces privacy and security risks by eliminating the communication

of sensitive information, the obtained models are often subject to bias and limitations of

the local datasets. Counteracting the shortcomings of the aforementioned approaches,

federated learning (FL) is a promising paradigm that allows the collaboration of multiple
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medical centers on training a global predictive model, while keeping the sensitive pa-

tient data localized. Instead only local model parameters are shared and aggregated at

a central server, to construct the global model. Thus, this decentralized approach uti-

lizes the statistical power of multiple local datasets to develop generalizable models in a

privacy-preserving manner.

The goal of this study is to evaluate the performance of state-of-the-art FL algorithms

on the early ICU mortality risk prediction task, using MTS data, with a realistic, hetero-

geneous setting of participating hospitals. Initially, we aim to explore how well different

RNN architectures are integrated into the federated learning setting, with respect to this

problem, while also evaluating the ability of the FL models to generalize on a foreign test

set, compared to the CML and LML approaches. Then, we recreate FL environments with

the participation of hospitals with ’extreme’ data distributions and analyze the sensitivity

of each FL algorithm under challenging conditions for collaborative training. Finally, we

investigate the impact of participation in federated learning, by focusing on specific hospi-

tals and how their engagement in a FL training environment may improve their predictive

performance on their local data. Overall, we conduct a thorough study of the application

of federated learning methods on early prediction of ICU mortality risk with a real world,

multi-center database, showcasing the potential of federated learning in the healthcare

domain.
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Time Series

This chapter provides an overview of time series. First, the concept of time series and

their main characteristics are presented. Afterwards, we examine standard preprocessing

techniques for handling common time series problems. Then, we discuss about the role

of time series data within the healthcare domain.

3.1 Introduction to Time Series

With the advent of Internet of Things (IoT) devices, sensors, and social media plat-

forms, vast amounts of time series data are being generated every second. A time series

is a sequence of data instances indexed in time order, where each data instance repre-

sents an observation or measurement that corresponds to a specific moment or period of

time. These measurements are referred to as metrics, when they are collected at regular

time intervals, or as events, when the observations are unevenly spaced over time [39].

Time series data has numerous applications in a wide range of fields, from finance and

healthcare to engineering and environmental science.

The unprecedented amount of data being generated in today’s world has led to an

increasing need for an advanced set of methods for extracting useful statistics and char-

acteristics of time series data, referred to as time series analysis. Depending on the nature

of the application domain, the primary goals of the analysis vary. In the context of signal

processing, the analysis aims first and foremost at signal detection, while within data

mining and pattern recognition, the primary objective could be clustering, or anomaly de-

tection. However, most applications focus on constructing a model to predict the future

values of a time series by studying the relationship of previous values with each other, a

procedure which is called time series forecasting [18].

3.2 Characteristics of Time Series

There are two main categories of time series data, depending on the amount of ob-

served variables. Univariate time series are observations of a single variable or feature

over a time period. Because they have only one dimension other than time, they can

be visualized easily, leading consequently to easier overall analysis. On the other hand,

multivariate time series (MTS) are observations of two or more variables over time [40].
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The multiple features make the analysis of the time series more challenging, however

a successful analysis of the interdependencies among the the variables can give better

insights about the nature of the data. In healthcare, both types of time series can be

utilized. A healthcare professional could focus on a single aspect of a patient’s health

condition, such as their heart rate, or they could analyze their condition from various

angles, assessing the underlying patterns of a combination of patient data (Figure 3.1).

Figure 3.1. Patient vital signs during the first hours of an ICU stay [1]

However, in both cases, in-depth understanding of the characteristics of a time series

data is crucial for developing effective models for classification, prediction and other tasks.

Below, we present certain basic characteristics of a time series:

• Trend is a pattern that indicates the tendency of a time series to increase or decrease

over a long period of time [40]. A pattern of movement towards higher values for

a time series is called an uptrend, while a downwards trend is called a downtrend.

When the time series values increase or decrease with a constant rate, the trend is

linear, while a nonlinear trend is characterized by a changing rate. Early detection

of trend is important for many applications in various domains. For instance, in

clinical decision-making, if the heart rate or respiratory rate of a patient display a

trend, then this could indicate the deterioration of their condition to their healthcare

provider.

• Seasonality is a common time series characteristic that refers to the repeating

pattern of periodic fluctuations, occurring at regular intervals over time [40]. De-

pending on the problem at hand, a variety of factors can cause seasonality. For

instance, in healthcare, a patient could be administered a specific drug at a certain

time each day, causing lower-than-normal measurements of his respiratory rate

within a short period of the drug administration. Consequently, seasonality, when

detected, is an important factor that should be taken into account for forecasting.
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• Cycle is a time series feature that refers to a repeating pattern that occurs over

a period of time, similar to seasonality. However, there are some key elements

distinguishing cycle from seasonality. Cycles describe medium-term changes in

the time series, in contrast to the short-term seasonal patterns [40]. Then, if the

period of a pattern is stable and connected to a specific aspect of the time frame,

this behavior is characterized as seasonal, whereas an irregular period indicates

cyclical, variable behavior. The detection and modeling of cycles in time series data

has various applications across different domains and, thus, it is a crucial aspect

of time series analysis.

• Stationarity is a key property of a time series that refers to the constancy of its

statistical properties over time, thus indicating neither trend nor seasonality. In

other words, the mean and variance of a stationary time series do not fluctuate.

There are two types of stationarity: strict stationarity, which requires that the joint

distribution of any subset of the time series remains the same regardless of the

observation time points, and weak stationarity, which requires that the mean value

of the time series is constant and the auto-covariance of two observations depends

only on the chronic difference of the observations and not the observation time

intervals themselves [41]. A stationary time series is ideal for stable analysis and

modelling, because the underlying patterns and relationships are not obscured by

trends or seasonality.

• Outliers are irregular data points in a time series that deviate from the expected

from the expected pattern of the data over time [40]. These random fluctuations do

not indicate a specific pattern by repeating themselves over time and, as a result,

they cannot be predicted by any statistical technique. The cause of their sudden

appearance may be an external unpredictable factor, such as the rapid increase of

the patient admissions to ICUs after the outbreak of a contagious disease or an error

during data collection. Outliers pose as a major challenge for time series analysis,

since, without careful treatment, they may lead to false results.

The aforementioned time series characteristics are equally important in studies of both

univariate and multivariate time series. Nevertheless, the nature of MTS data showcases

the need for considering even more aspects of a time series during the analysis process,

in order to gain a multifaceted understanding of the subject and construct more robust

models [42]. Thus, we point out some key aspects that are more often present in MTS

data:

• Interdependencies among the observed variables require a good understanding,

in order to design accurate and efficient models. Studying the cross-correlation

between each pair of variables may give fruitful insights about the underlying rela-

tionships and indicate the need for a multivariate transformation of the data, such

as using principal component analysis (PCA) [42] [43]. For example, the cause-effect

relationship of the administration of a drug to a patient and the subsequent changes
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to their vital signs should be taken into account when assessing a patient’s medical

condition.

• High dimensionality is, as expected, more common in multivariate time series

data than univariate. A higher dimensional space leads to increased complexity

and makes the analysis and visualization of the data more challenging [44]. It is

important to use appropriate tools for dimensionality reduction and visualization

or select a subset of features accurately, to effectively reduce the overall complexity

and retain as much useful information as possible.

• Missing values is a major obstacle in time series analysis. Because MTS data com-

prise of observation of multiple variables, the problem of missing values occurs more

frequently. By using the appropriate technique to handle missing values, depend-

ing on the task, the results of a time series analysis could be considerably better

and more insightful [45]. Regarding a patient’s hospital stay, different methods to

handle missing vital sign measurements may lead to quite divergent conclusions

about his health status.

3.3 Time Series Preprocessing Techniques

In the previous section, we presented some key time series features that should be

taken into consideration before the phase of time series analysis and forecasting com-

mences. These characteristics require specialized preprocessing techniques to be effec-

tively utilized. Thus, the preprocessing phase should be carefully designed and imple-

mented for the subsequent success of the analysis and modeling stages. Below, we

present some basic preprocessing techniques that deal with each of the aforementioned

time series characteristics.

3.3.1 Time Series Decomposition

Decomposition of a time series is a common preprocessing method that aims to the

isolation and analysis of individual time series components. Usually, a time series is

decomposed to three underlying components [4]. The first is a combination of trend and

cycle into a trend-cycle component (usually referred as trend), which captures the overall

trend and medium and long-term patterns of the time series. Then, the seasonal compo-

nent consists of the short-term regular changes to the time series. Finally, the remainder

component contains anything that cannot be explained by the other two components [4].

The classical time series decomposition method was introduced in the 1920s and

forms the basis for many modern decomposition techniques [4]. The first step of this

method is the application of a moving average filter, to produce an estimation of the

trend-cycle component. The equation of a moving average filter of order m can be written

as

T̂t =
1

m

k∑
j=−k

yt+j,
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where T̂t is the estimate of the trend-cycle component at time t by calculation of the

average values of the time series yt within k periods of t and m = 2k + 1 [4]. This

technique eliminates any seasonal patterns and some of the randomness introduced by

noise to produce a smooth trend-cycle component [46].

There are two models of classical decomposition: the additive model, when the level

of the time series does not have an effect on the variations around the trend, and the

multiplicative model, when the trend and the level of the time series are proportional. For

the additive model

yt = T̂t + Ŝt + R̂t ,

where T̂t , Ŝt and R̂t are the trend-cycle, seasonal and remainder component respec-

tively, the seasonal component is calculated by averaging the values of the de-trended

series, yt − T̂t ,for each defined season, and the remainder component is the residue of

the other two components, yt − T̂t − Ŝt . Similarly, for the multiplicative model

yt = T̂t × Ŝt × R̂t ,

the component calculations are the same, but with divisions instead of subtractions

to isolate the time series components. Figure 3.2 shows an example of the use of additive

decomposition method on a time series of the total retail employment across the US.

However, the classical decomposition methods have significant drawbacks, such as

the over-smoothing of the trend-cycle component and the inability to estimate it for the

first and last observations, the assumption that seasonal patterns remain unchanged over

time and the mishandling of irregular time series observations over small periods [4]. As a

result, modern methods have been developed to tackle with these problems. Some of the

most popular techniques that are widely used by statistics agencies are the X-11 Method

[47], originating from the US Census Bureau and further developed by Statistics Canada,

SEATS (Seasonal Extraction in ARIMA Time Series) Method [47], developed by Bank of

Spain, and the STL (Seasonal and Trend decomposition using Loess) Decomposition,

developed by R.B.Cleveland et al. [48], and their variations.

3.3.2 Handling Outliers

As explained earlier, outliers are observations that deviate from the overall behavior

of the series, which is dictated by the majority of the observations. As such, it is vital that

they are detected with precision and handled carefully, in order to limit their detrimental

effect on the analysis of the time series. One approach on the detection of outliers is

using statistical methods, namely the Z-Score, the Modified Z-Scores, the Median Absolute

Deviation (MADe) method and the Tukey boxplot method [49]. These techniques use the

distribution of the data and their statistical properties to determine a range of values that

would be accepted as normal, pointing out every observation that falls outside of it as an

outlier.

Once the outliers are detected, the proper course of action should be considered re-
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Figure 3.2. US retail employment series and the additive decomposition components [4]

garding how to handle them. One approach is to exclude outliers from the dataset. There

are two common methods to exclude outliers: trimming, where the outliers are simply

discarded, and Winsorising, where the outliers are replaced with the nearest observation

that is not considered an outlier [19]. However, if the number of available observations is

limited, these techniques may lead to significant loss of information.

Another approach to deal with outliers for time series analysis is to use analysis

methods that are resistant to the effects of outliers. Using robust time series analysis

techniques minimizes the impact of outliers on the results, while they are not excluded

with the techniques that were previously mentioned. For instance, regression types, such

as standard square error loss, have desired properties if their underlying assumptions

are true, which outliers may violate, thus obscuring the results. Robust regression [20]

reduces the outliers’ contributions to the results by using robust alternatives, such as

the Huber loss function [50].

3.3.3 Feature Selection, Engineering & Scaling

Multivariate time series data usually involve multiple variables with different units,

scales and ranges. Therefore, the high dimensional space and scale differences of MTS

data pose as major challenges, in terms of computational cost and performance, for time

series analysis tasks and model training. As a result, it is important to address them in
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the preprocessing phase [51].

Feature selection is a method for selecting a subset of the available time series features,

thus improving the predictive performance of ML models by avoiding overfitting and going

into a lower dimensional space, often with lower computational costs and fewer trainable

ML model weights [21]. Moreover, the results could be an easily interpreted representation

of the objective function [52], thus providing a better understanding of the nature of the

data and their importance for the task at hand [21]. However, feature selection is a

costly procedure that should be carefully implemented, in order to limit the loss of useful

information and approximate the assumed optimal performance, which utilizes all the

available information [51].

Another solution for the high dimensionality problem and for better usage of the time

series features within the ML framework is feature engineering. This method involves

studying the original features of a time series and, by using domain knowledge, con-

structing new features from the pre-existing ones [22]. These new features represent

different, more complex aspects of the time series. Since the representation of the feature

vector has a direct effect on the performance of ML models [22], these constructed fea-

tures could significantly improve the quality of the results. Some typical methodologies to

engineer useful features are clustering algorithms [53], PCA [43], category encoders [54]

(such as one-hot encoder), group aggregated values and mathematical transformations

[55].

A common feature engineering technique is feature scaling (or data normalization),

which is an essential step in preprocessing multivariate time series data. Variables with

different scales may deteriorate the performance of a machine learning algorithms, since

some may unjustly dominate over others causing bias in the model. Through feature

scaling, the MTS data are transformed such that each variable lies within a specific range

or scale, thus eliminating any phenomena of bias. Moreover, deep neural network training

is expedited, because gradient descent convergence is achieved considerably faster after

data normalization [56]. Two of the most common feature scaling methods are min-max

scaling, which re-scales each variable within a range [a, b], and standardization (or z-

score normalization), which transforms each variable such that it has zero-mean and

unit-variance.

3.3.4 Handling Missing Values

Missing values are a common phenomenon in time series data, often due to sensor

malfunctions, data corruption or errors during data collection [57], leading to biased re-

sults and inaccurate predictions. Consequently, it is crucial to deal with missing values

effectively during the preprocessing stage. There are several sequential imputation meth-

ods for missing observations. One approach is to delete data that contain missing values,

however this may lead to significant information loss [4]. Other approaches focus on re-

placing the missing observations by employing information from the existing data. Some

common techniques are replacing a feature’s missing values with the mean value, with

the value of the median observation, with the closest previous observed value or with the
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closest following observed value [4].

An alternative approach is interpolation, which estimates missing values by using the

observations around them. Some common interpolation techniques utilize adjacent data

observations to make this estimation, by using a linear function (linear interpolation), low-

degree polynomial functions (spline interpolation) or higher-degree polynomial functions

(polynomial interpolation). The simplicity of the interpolation techniques favour them

over imputation methods, when the missing values are sporadic.

3.4 Time Series in Healthcare

With the widespread adoption of electronic health records (EHRs) and registries, vast

amounts of patient time series data are generated within the healthcare sector. They

inform on genetic and lifestyle health risks, signal the onset or presence of diseases,

indicate the time and stage of diagnosis and record the drafting of treatment plans and

their outcomes [5]. This has motivated further research on how time series data can be

utilized to provide solutions to many healthcare-related problems [58].

Figure 3.3. Development of machine learning models within the healthcare domain, using
time series [5]

By employing time series analysis methods to recognize trends, patterns, and anoma-

lies in patient data, and by developing powerful machine learning models, healthcare

providers can make more accurate diagnoses, predict the trajectory of patients’ medical

conditions and their outcomes, as well as shape personalized treatment plans, tailored

to each individual patient’s needs [59]. Gradually, machine learning could be the cor-

nerstone for developing long-term comprehensive patient management programs that

monitor the patient’s life and adjust accordingly [5]. Potential benefits of such practices

can be also pointed out for the overall operation of a medical center. Time series anal-

ysis techniques and ML models can help medical centers optimize resources allocation,

including staff, equipment and supplies, to meet patient needs and minimize the spread

and impact of infectious diseases with early detection [60].

However, time series introduce some unique challenges to model development. Some

originate from the nature of the data, such as missing values and outliers which we
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discussed earlier, while others are related to the sensitive nature of the healthcare domain.

Healthcare problems pose some additional requirements for the deployment of ML models

to tackle them. The outputs of the models should be actionable, informative and reliable,

for a healthcare professional to take them into account and act on them [5].The models

should also offer uncertainty estimates, which may lead a healthcare professional to give

an analogous weight to their suggestions when assessing a situation. Moreover, the

models’ suggestions should ideally be interpretable, in order to assist clinicians gain new

insights and explain to their patients the reasons behind a specific course of action [5].

Consequently, time series data in healthcare constitute an exciting research domain.

Combined with the computational capabilities of machine learning models, healthcare

professionals gain a deeper understanding of individual health and disease trajectories,

thus being able to aid patients in their health-related decision making and designing

effectively their treatment plans [5].
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Chapter 4

Deep Neural Networks

This chapter contains an overview of deep neural networks (DNNs). First, it presents

some fundamental concepts to better understand DNNs, such as machine learning and

artificial neural networks. Then, it delves deeper into feedforward and recurrent neural

network architectures, discussing their characteristics and process of learning.

4.1 Central Concepts

4.1.1 Machine Learning

Machine learning (ML) is a subfield of Artificial Intelligence (AI) that focuses on un-

derstanding and developing models that enable computer systems to "learn", which is

to improve their performance on a set of tasks by effectively utilizing data, according to

Mitchell et al. [23]. A model is constructed using a machine learning algorithm, which

is trained on a set of data. During the training process, the algorithm learns underlying

patterns and relationships in the training data and, then, uses this gained experience to

make a prediction on new data

There are three main categories of approaches to machine learning, depending on

the provided feedback from the training data. Supervised learning is a machine learning

paradigm, where the available data consist of both a set of inputs for the model (features)

and the desired outputs (labels) [61]. In this scenario, supervised learning algorithms

attempt to optimize an objective function, which, subsequently, can be used to predict

the label associated with a set of features of a data point [62]. When the data do not

contain desired outputs for the learning process, then the respective learning algorithms

fall under the unsupervised learning paradigm. The goal of unsupervised learning is to

explore the nature of the data itself and discover underlying patterns that can be used

to group similar data instances into clusters or project the data into a lower-dimensional

space, while retaining as much useful information as possible. Finally, the reinforcement

learning paradigm is used in dynamic environments, which an intelligent agent navigates

according to a set of rules, with a specific goal. The agent aims to maximize the rewards

they earn with their actions, which is a form of feedback in this paradigm [63]. This thesis

is concerned with a supervised learning classification problem.
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4.1.2 Artificial Neural Networks

Artificial neural networks (ANNs), commonly referred as neural networks (NNs), are

computing systems designed after the structure and function of biological neural net-

works. Neural networks consist of layers of interconnected computing cells, referred as

neurons or processing units, while the weighted connections among them are called links

or synapses [24]. During training, each neuron takes its weighted sum of the inputs

from the previous layer, processes it using an activation function and, then, passes the

output to the neurons of the next layer it is connected to (Figure 4.1). To optimize the

performance of the neural network, in a supervised learning scenario, the weights of the

connections are adjusted to minimize the difference between the predicted outputs and

actual outputs of the training data.

Figure 4.1. The structure of an artificial neuron [6]

The basic concept of ANNs has inspired deep learning (DL), a class of machine learn-

ing algorithms that employ multiple layers in the network to extract higher-level features

from the input data [25]. Each layer of these deep neural networks learns to transform its

input into more abstract and complex representations, thus identifying subtle patterns

and relationships that would otherwise be extremely difficult or impossible to detect. De-

pending on the task, machine learning models are based on one of two types of networks,

feedforward neural networks and recurrent neural networks, which will be presented in

the following sections of this chapter.

4.1.3 Learning via Training

As stated previously, a neural network adjusts the synapses weights based on the

deviation of the predictions from the desired outputs of the training data, in a supervised

learning setting. Nevertheless, it is important to dive deeper into the training procedure

and understand exactly how the model evolves to optimize its performance.

The first phase of the training process is called the forward pass. The features of a

data instance are passed as input to the first layer of the network. Following the workflow

mentioned earlier, each neuron processes its input and passes its new output as input to

the corresponding neurons of the next layer. When the last layer of the network receives

its input, it produces a prediction for this data instance [2]. At this time, a selected
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loss function is employed to quantify the error of the prediction in regard to the actual

output, an evaluation metric for the performance of the network. Then, the second phase

of the training, called backpropagation, commences. Backpropagation is a commonly

used algorithm for computing the gradient of a prediction-label pair, with respect to the

loss function. However, this term is often used to describe how the gradient is utilized

afterwards, such as by stochastic gradient descent [64]. In reverse order, according to

the chain rule, the gradients of all the layers up to the input layer are computed [2]. The

gradients of each layer are used to update the weights of the layer’s nodes, in order to

decrease the total loss.

For each sample of the training set, the forward pass and backpropagation are used

interchangeably, updating the network weights with the gradients calculated by back-

propagation. This procedure is repeated for a predefined number of training epochs or

until convergence is achieved. Although the final model could have excellent performance

on the training data, the goal is produce a model capable to generalize beyond the training

set [2]. As a result, it is important to overcome the challenge called overfitting, that is a

model performing excellent on the training data, but poorly on an unknown dataset. A

method to overcome this problem is to calibrate the ML model properly with regularization

techniques, either on the loss function, such as L1-Regularization and Dropout, or on the

time dimension, by using early stopping criteria on the training [2].

4.2 Feedforward Neural Networks

The feedforward neural network (FNN) is the first and simplest type of artificial neural

network [65], where the information flows only forward, from input to output, as there

are no recurrent connections [66]. Successive layers are fully connected, meaning each

neuron is connected to all the neurons of the following layer. Depending on the number of

layers that constitute the network, FNNs are characterized as single-layer or multi-layer

FNNs. A single-layer FNN (also called single-layer perceptron) consists of a single layer

of neurons, where the input is multiplied by a single set of weights and passed directly

through an activation function to produce the output. Marvin Minsky and Seymour

Papert proved in their monograph titled Perceptrons that it was impossible for a single-

layer perceptron to learn the XOR function [67], which showcased the inability of single-

layer FNNs to learn non-linear relationships. On the other hand, a multi-layer FNN (also

called multi-layer perceptron) contains one or more hidden layers between the inputs and

the output layer, addressing the non-linearity limitations of single-layer models [2]. The

transformations through the hidden layers enable the model to learn complex patterns in

the input data.

Deep learning refers to the number of hidden layers in a neural network. Each hidden

layer transforms the input into more abstract representations, thus allowing the network

to gain a "deeper" understanding of the data. Except from the size of each hidden layer

and the "depth" of the network (the amount of hidden layers and output layers for FNNs),

a DNN organizes the transformations and the derived representations of each layer on its

own [25] during training. Even though the resulting model learns composite underlying
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patterns of the input data, often allowing it to perform exceptionally in the objective task,

its mathematical manipulations of the input and the respective abstract representations

are hardly impossible to be interpreted by a human.

Figure 4.2. A shallow multi-layer FNN with 1 hidden layer and a deep multi-layer FNN
with 3 hidden layers [7]

4.2.1 Convolutional Neural Networks (CNN)

There are two major challenges related to the fully-connected layers of deep feedfor-

ward neural networks. First, an increase in the size of the input data subsequently leads

to an increase in the number of trainable weights and the overall complexity of the deep

FNN. Then, the "full-connectivity" makes the deep FNN prove to overfitting on the training

data. A regularized version of deep FNNs that deals with these problems is the convolu-

tional neural network (CNN), a class of deep neural network that is widely used in image

recognition and processing [68], with applications for time series tasks as well [69].

The most fundamental component of the CNN architecture is the convolutional layer,

which transforms its input to an abstract representation called feature map [64]. Similarly

to the cortical neurons that inspired them, the neurons of a convolutional layer receive

input from a restricted area of the previous layer that constitutes their receptive field.

Then, the dot product of this input with a convolutional kernel is calculated to generate

a representation of the input. For two-dimensional tensors f and g, the mathematical

expression of convolution [2] is:

(f ∗ g)(i, j) =
∑

a

∑
b

f (a, b)g(i − a, j − b).

By repeating this procedure for all the layer’s neurons, the feature map is constructed

and, subsequently, used as input to next layer of the network. The convolution ap-

proach requires significantly less parameters to process the data than deep FNNs, thus

allowing the construction of "deeper" neural networks [70], capable to learn increasingly

complex patterns and representations of the input. The convolutional layers are usually

intertwined with pooling layers, with the goal to reduce the dimensions of the data by

aggregating the outputs of a cluster of neurons into a single cluster [2]. A pooling layer
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is characterized as global, when it is applied on all the neurons of the previous layer’s

feature map, and local, when it combines small clusters of neurons. Then, the two most

popular pooling aggregation methods are max pooling and average pooling, where the

representative value of a cluster of neurons is the max or the average value respectively.

Finally, the last layers of a CNN are often fully-connected layers, referred as dense layers.

Figure 4.3. A CNN for handwritten digit image classification [8]

4.2.2 Temporal Convolutional Networks (TCN)

Following the paradigm of the convolutional neural networks, temporal convolutional

networks (TCNs) were recently proposed to explore long-range temporal patterns, using

a hierarchy of temporal convolutions [71]. Similarly to a recurrent neural network (pre-

sented later), a TCN can map an input sequence of any length to an output sequence

of the same length, by using a one-dimensional, fully convolutional network architecture

[9]. One other key characteristic of TCNs is the use of causal convolutions, which prevents

information "leakage" from future observations to the past [72]. By applying zero-padding

at the left side of the input tensor, an output at time t is convoluted only with elements

of the previous layer from time t or earlier, thus ensuring causal convolution.

One desirable feature of temporal convolutional networks is the ability to effectively

deal with long time series. However, a simple causal convolution can only look back at a

history of linear size, depth-wise in the network [72]. To tackle this challenge, the dilated

convolution is employed, which enables an exponentially large receptive field [73]. The

dilated convolution operation on a one-dimensional input sequence s of a parameter p is

defined [9] as:

(p ∗d f )(s) =
k−1∑
i=0

f (i)ps−d.i ,

where d is the dilation factor, k is the size of the filter f and s − d.i accounts for the
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direction of the past. The dilation factor corresponds to a fixed step between adjacent

filter taps. Larger dilation factors and larger filter sizes allow the expansion of the re-

ceptive field, as illustrated in Figure 4.4. By stacking multiple TCN layers on top of one

another, the construction of deep learning models is enabled, while the characteristics of

TCNs make them a strong candidate for complex time series problems [74]. The convo-

lution architecture allows the parallel process of long input sequences, leading to lower

computational time and better memory usage than RNNs, which process the input data

in a sequential manner [74].

Figure 4.4. Architecture of a TCN with causal convolution and different dilation factors [9]

4.3 Recurrent Neural Networks

A recurrent neural network (RNN) is a class of artificial neural networks that captures

the dynamics of input sequences via recurrent connections in the network [2], which

create a cycle that allows the output of some nodes to influence the subsequent input of

the same nodes. The basic RNN architecture consists of the input layer, a hidden layer and

the output layer. As shown in Figure 4.5, recurrent neural networks are unrolled over time

steps, corresponding to the sequential input, with the application of the same underlying

parameters at each step [2]. There are two types of behavior that can be identified within

the RNN: through the regular connections, one layer’s outputs are passed synchronously

to the subsequent layer, while the recurrent connections are dynamic, passing data across

adjacent time steps asynchronously [2]. In other words, the hidden state Ht of the current

time step t is determined by the input of the current time step from the previous layer Xt

and the hidden layer of the previous time step Ht−1 as:

Ht = f (XtWxh + Ht−1Whh + bh),

where f is an activation function, Wxh and Whh are the weight parameters for the
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input from the previous layer and the hidden layer of the previous time step respectively

and bh is the selected additive bias of the hidden layer. Afterwards, the output Ot of the

current time step t is calculated, similarly to the multi-layer FNNs, as:

Ot = HtWho + bo,

where Who is the weight parameter for the output layer of the current time step and

bo is the selected additive bias of the output layer [2]. Because of the way the recurrent

neural networks process information and the fact that they can process input sequences

of variable lengths [26], RNNs are often used in speech recognition, time series prediction,

natural language processing and, generally, in many tasks with sequential data.

Figure 4.5. Depiction of a RNN via cyclic edges and unfolded over time steps [2]

Despite the fact that the basic RNN approach consists of only one hidden layer, the

recurrent connections give a sense of depthness in the time dimension [2]. However,

stacking hidden layers on top of one another can make a RNN deep in the direction of the

input towards the output for each discrete time step, similar to the construction of deep

CNNs. Figure 4.6 illustrates a deep RNN with L hidden layers.

Figure 4.6. Deep RNN architecture [2]
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4.3.1 Long Short-Term Memory (LSTM)

In theory, a classic RNN, as presented above, can keep track of long-term dependencies

of the input sequences. However, during backpropagation, the long-term gradients of the

basic RNN can turn to zero, a phenomenon called the vanishing gradient problem [75]. In

order to address this problem, the Long Short-Term Memory (LSTM) model was proposed,

replacing the previous recurrent nodes with memory cells. Each memory cell contains

an internal state, which ensures that the gradient is going to pass through many of the

subsequent time steps without vanishing [2], and a number of multiplicative gates that

regulate the functions of the LSTM unit.

As shown in Figure 4.7, the main components of a LSTM unit are the forget, input and

output gates and the candidate memory. Based on these mechanisms, the hidden state

is updated or reset. The values of the three gates are computed via three fully connected

layers with sigmoid activation functions, in the range of (0, 1), while the candidate memory

is calculated in a similar manner by using a tanh function with a value range of (−1, 1)
[2]. The mathematical equations for these calculations are:

Ft = σ(XtWxf + Ht−1Whf + bf ),

It = σ(XtWxi + Ht−1Whi + bi),

Ot = σ(XtWxo + Ht−1Who + bo),

C̃t = tanh(XtWxc + Ht−1Whc + bc),

where, for each of the three gates and the candidate memory, Wx are the weight

parameters for the input, Wh are the weight parameters for the hidden state and b are

the additive biases [2]. In order to calculate the internal state of the memory cell Ct at the

current time step t, we take into account the internal state at the previous time stepCt−1

and the candidate memory C̃t , which contains new data. The forget gate Ft dictates how

much of the previous internal state Ct−1 we retain, while the input gate It determines the

importance of the new data, via C̃t , to the current internal state [2]. This function can be

expressed in a mathematical way as:

Ct = Ft ⊙ Ct−1 + It ⊙ C̃t ,

where ⊙ is the Hadamard element-wise product operator. Afterwards, the output gate

Ot determines whether the current internal state Ct should affect the current output (or

hidden state) Ht at time step t [2]. This leads to the following equation:

Ht = Ot ⊙ tanh(Ct)

Overall, the LSTM has the ability to decide whether the internal state should be ad-

justed in response to subsequent inputs and whether the hidden state should be impacted

by the internal state [2]. This flexibility allows the information to be propagated across

many time steps, without affecting the network, and influence a later hidden state, thus
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enabling long-term memory effects on the network [2]. Deep LSTM networks are con-

structed in a similar manner to deep RNNs, employed many applications in time series

prediction tasks within the healthcare domain [76].

Figure 4.7. The architecture of a LSTM unit [10]

4.3.2 Gated Recurrent Unit (GRU)

Gated Recurrent Unit (GRU), proposed by Cho et al. [77], requires fewer parame-

ters than LSTM, while retaining the LSTM memory cell approach. As a result, the less

resource-intensive GRU leads to faster computations [78] than LSTM and comparable

performance on certain tasks. The main components of a GRU unit are the reset and

update gates and a candidate hidden state. Similarly to the LSTM, two fully connected

layers with sigmoid activation functions, in the range of (0, 1), are employed to compute

the values of the two gates. The reset gate Rt controls how much of the previous state

should be retained, while the update gate Zt controls how much of the old state is copied

to the new state [2]. The respective mathematical equations are:

Rt = σ(XtWxr + Ht−1Whr + br),

Zt = σ(XtWxz + Ht−1Whz + bz),

where, for each of the reset and update gates, Wx are the weight parameters for the

input, Wh are the weight parameters for the previous hidden state and b are the additive

biases [2]. Similarly to the calculation of the hidden state for a RNN, we compute the

candidate hidden state H̃t , with the integration of the reset gate as:

H̃t = tanh(XtWxh + (Rt ⊙ Ht−1)Whh + bh)

where, for the candidate hidden state, Wxh are the weight parameters for the input,

Whh are the weight parameters for the previous hidden state and bh are the additive

biases. Finally, the update gate determines how much each of the previous hidden state
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Ht−1 and the candidate hidden state H̃t contribute to the current hidden state Ht [2]. This

leads to this final update equation:

Ht = Zt ⊙ Ht−1 + (1 − Zt) ⊙ H̃t

Overall, the GRU captures short-term dependencies via the reset gate and long-term

dependencies via the update gate in the input sequences, thus emulating the behavior of

LSTM [2].

Figure 4.8. The architecture of a GRU unit [2]

4.3.3 Bidirectional Recurrent Neural Network (BRNN)

The standard RNN and its variants process the past values of a sequence to make fu-

ture predictions. However, many tasks require the predictive models to take into account

the overall context, both from past and future values, to enhance their performance. On

this front, building upon the standard unidirectional RNN structure with another RNN

layer, which processes the same input backwards, the bidirectional recurrent neural net-

work (BRNN) is implemented [79]. Therefore, the BRNN contains a forward hidden state

−→
Ht and a backward hidden state

←−
Ht , which are computed for the time step t similarly to

the standard RNN hidden state, as:

−→
Ht = f (XtW

(→)
xh +

−→
H t−1W (→)

hh + b(→)
h ),

←−
Ht = f (XtW

(←)
xh +

←−
H t−1W (←)

hh + b(←)
h ),

where, for each of the forward and backward hidden states, f is an activation function,

Wxh and Whh are the weight parameters for the input from the previous layer and the

hidden layer of the previous time step respectively and bh is the selected additive bias

of the hidden layer [2]. Next, the forward and backward hidden states are concatenated

into a final hidden state Ht , which is passed to the output layer or, in the case of a deep

BRNN, to the next RNN layers. Afterwards, the output Ot at the current time step t is
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computed as:

Ot = HtWho + bo,

exactly the same as for a standard unidirectional RNN [2]. In general, bidirectional

RNNs are slower models that have high computational cost, thus requiring more time for

training. The bidirectional approach is applicable to the other variants (BiLSTM, BiGRU)

as well. It is especially useful for natural language processing tasks, such as language

translation and sentiment analysis, for time series forecasting and for audio processing

tasks, such as speech recognition [80].

Figure 4.9. Architecture of a bidirectional RNN [2]

63





Chapter 5

Federated Learning

In this chapter, we delve deeper into the concept of federated learning and its imple-

mentation. We start by discussing the advantages of federated learning over centralized

and distributed ML and presenting the key elements of a typical FL system. We then

examine some widely used FL algorithms that aim to optimize different aspects of the FL

workflow. Finally, we turn our attention to the privacy and security concerns that arise in

FL systems and how mechanisms can be integrated into the FL context to mitigate them.

5.1 Introduction to Federated Learning

5.1.1 Limitations of Centralized Machine Learning

Artificial Intelligence (AI) has been evolving rapidly during these last decades, showing

its strengths in numerous industries and in many aspects of everyday life. As a result,

researchers and businesses attempt to incorporate ML solutions in continuously more

domains, with applications in transportation, healthcare, finance, etc. One of the key

factors that drives these tremendous developments in AI is the Big Data availability [81].

As it was explained earlier, ML models, in particular, learn to perform specific tasks by

training and understanding underlying relationships on available data. Since enormous

amounts of data are generated every second, it is expected that ML models will become

more accurate, ubiquitous and capable of generalizing. However, the real world scenario

does not agree with these expectations. In most domains, the available, centralized data

are often limited and of poor quality, impeding the realization of AI technology [81].

The traditional ML workflow is based on the assumption of centralized data training,

where the data are gathered and the whole training process takes place at a central server

[82]. Nevertheless, there are several challenges to the wide adoption of this approach. In

today’s world, data privacy and security has evolved into a major issue, prohibiting orga-

nizations and businesses to access personal data without the users’ agreement. Often,

this agreement presupposes explicitly informing the users about how their data are go-

ing to be handled and utilized, thus complicating the process of collecting their data.

For instance, the General Data Protection Regulation (GDPR) [16], enforced by the Euro-

pean Union on May 25, 2018, aims to protect the personal data of EU citizens in such

a manner. Recent breaches of data privacy, such as the collection of personal data from

Facebook users from the British consulting firm Cambridge Analytica without consent in
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the 2010s [83], have led to stricter regulations on data collection and processing, which

make their utilization more difficult, even though they are an important step towards data

security and transparency. Even within a single organization, data integration between

its different sectors is often subject to complex administrative procedures, which further

complicate the centralized data gathering [81].

Furthermore, traditional centralized ML algorithms show limitations in terms of scal-

ability and efficiency, thus being unable to handle large-scale data and model parameters

[84]. These limitations translate into the inability of a single computer system to address

the high computational and memory requirements of large-scale ML applications. First,

as the sizes of the model and the training data grow, the training time becomes increas-

ingly longer, slowing down the development of ML models and the experimentation with

different structures. Then, the memory of a training system is often inadequate for fitting

a large ML model and batches of data during training, leading to performance degrada-

tion or even system failure. A potential solution to this problem is vertical scaling, that is

the upgrade of the system’s components to improve the memory capacity and processing

power, which is expensive and not always sufficient [85]. As a result, it is important to

come up with efficient, cost-effective alternatives to centralized machine learning, tackling

the aforementioned limitations.

5.1.2 Distributed Machine Learning

One approach, that addresses the latter challenges of large-scale data and model

parameters, is distributed machine learning (DML), an amalgamation of distributed com-

puting and machine learning [11]. The main idea behind DML is to partition the training

data and model to multiple devices, referred as clients, which learn each partition as a

subtask [11]. A central server is responsible for the model partitioning and instructing

the data manager, which could be the server or a third-party storage system, on data

partitioning [11]. As each client works on their allocated subtasks, the training process

is parallelized. The clients could work independently or communicate with each other, if

a specific subtask depends on the output of another [11]. Once all clients have completed

their work, a central server aggregates the clients’ models into a final, complete model

[11]. Figure 5.1 shows a simple DML system, in accordance with the workflow described

above.

However, the DML framework is also accompanied with its own basic assumptions.

In order to design the data partitioning scheme, the central server needs to have access

to the whole dataset [11]. Otherwise, if the clients generate the data locally, it is assumed

that the local datasets are independent and identically distributed (IID) and have roughly

the same size [86]. This powerful assumption on data homogeneity significantly restricts

the applications of DML, as the local datasets can be subject to privacy regulations and

often showcase certain levels of heterogeneity. Then, DML relies heavily on communica-

tion between the central server, the data manager and the participating clients, causing

high communication costs, slow training times and increased vulnerability to malicious

attacks. Consequently, the participants are often computing nodes within a data cen-
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ter, with powerful computational capabilities, supported by a fast and reliable network

infrastructure [28]. Overall, distributed machine learning mainly aims at the horizontal

scaling of the training system, while it shows certain limitations related to data privacy

and security and the system requirements.

Figure 5.1. A basic distributed machine learning system [11]

5.1.3 The Concept of Federated Learning

Federated learning (FL) is a term first introduced by McMahan et al. [27], to describe

a machine learning framework where "the learning task is solved by a loose federation

of participating devices (which we refer to as clients) which are coordinated by a central

server" [27]. This approach aims at reducing the data privacy and security risks deriving

from traditional, centralized ML, as multiple clients collaboratively train a model while

keeping the training data decentralized [28]. Only the locally-computed client updates on

a global model are communicated via the network, which are subsequently aggregated by

the central server to perform an update on the global model [27].

The underlying assumptions of federated learning are what differentiates it from dis-

tributed machine learning. One of the main properties of federated learning is that the

local datasets are not required to be independent and identically distributed. Far from it,

the local datasets are typically non-IID, thus not representing the population distribution,

and vary in size [27]. This enables the application of federated learning in domains where

local dataset heterogeneity is expected, such as in finance, healthcare, IoT and telecom-

munications. For instance, federated learning is a potential solution for the collaboration

of medical centers with privacy-sensitive data on various tasks, such as the early ICU

mortality risk prediction that is studied in this thesis. Then, depending on the federated

setting, the requirements on the participating devices are looser than in DML. In the

cross-device federated setting, the number of participants is expected to be significantly

larger than the average size of the local datasets [27], while slow or non-responsive clients
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do not cause the FL training process to be aborted. Consequently, federated learning ad-

dresses many of the limitations of centralized ML and distributed ML, thus representing a

promising approach for training ML models on decentralized data in a privacy-preserving

manner.

Figure 5.2. A federated learning system in healthcare, with a federated server and a
privacy-preserving mechanism [3]

In this work, we focus on the non-IID and unbalanced properties of federated opti-

mization [27] within the healthcare domain. We recreate a horizontal federated learning

scenario, where the participants share the same feature space, but their local datasets

contain different samples [81]. In our setting, this corresponds to a group of medical

centers that monitor the same health indicators for their own ICU patients.

5.2 Federated Learning Workflow

The basic federated learning setting consists of a centralized server, orchestrating

the training process, and the participating nodes, which locally compute updates to the

global model [28]. The objective function for federated learning is the weighted average of

the local objective functions of each participating client. In a mathematical manner, the

objective function can be expressed as:

f (w) =
K∑

k=1

nk

n
Fk(w),

where w are the model weights, K is the number of participating clients, n is the total

number of samples in the local datasets of the K clients, nk is the size of the local dataset

of client k and Fk is the local objective function of client k [27]. The goal is to minimize

this objective function, that is to find a set of weight updates to a global model from the

clients that lead to the optimal global model parameters.

68



5.2 Federated Learning Workflow

Before the learning process commences, the central server decides on the most suit-

able machine learning model for the FL task at hand. This model can be initialized either

with a random set of weights or with the weights of a pre-trained model on this task. At

the same time, if needed, the clients are instructed to collect and store their training data

locally [28], structured in a specific way for training the ML model. Each iteration of the

learning process constitutes a FL round, which leads to an update to the global model by

the central server. A typical FL round consists of the following steps:

1. Client Selection: The central server selects a subset of the clients to participate

in the subsequent round of federated learning, if they meet certain eligibility re-

quirements [28]. For instance, mobile devices could be required to be fully charged

and connected to a stable, fast Wi-Fi network, in order to participate in the training

process.

2. Broadcast: The server broadcasts the current global model parameters and the

chosen training method to the selected cohort of clients [28].

3. Client Computations: Each client computes an update to the current global model

on their local dataset, following the training algorithm that was predefined by the

central server [28].

4. Aggregation: Once the clients have computed their model updates, they are com-

municated and aggregated to the server. A privacy-preserving mechanism may be

incorporated in this stage, such as differential privacy or secure aggregation, as an

additional security measure [28]. The training round is considered successful if a

sufficient number of clients reports their local model updates on schedule. Other-

wise, it is aborted and a new FL round commences [87].

5. Model Update: Afterwards, the global model, maintained by the server, is updated

based on the aggregated client update, computed at the current round [28]. If the

termination criterion is met (a certain number of training rounds is reached or an

early stopping mechanism is activated), the server updates all the clients with the

final model and signals the end of the training process [87]. Otherwise, the server

broadcasts the latest model parameters to a new cohort of clients and the next FL

round commences.

The model updates, in the procedure described above, are considered synchronous.

However, asynchronous federated learning approaches have been proposed as well. One

such approach is asynchronous SGD, where each client’s local update is applied to the

global model, once it is computed, without aggregation with other client updates [28]. Ad-

ditionally, split learning techniques for deep learning have been suggested, where clients

train certain layers of deep neural networks and communicate them to the server, which

completes the model training with forward propagation, without access to the raw data

[88]. Another assumption of basic FL strategies is that the local models share the same

global model architecture. Aiming to address client heterogeneity, the HeteroFL frame-

work was proposed in 2020, which enables the training of heterogeneous models from
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clients with varying computational and communication capabilities to produce a single

global inference model [89].

Figure 5.3. Federated machine learning process in steps, altexsoft [12]

Then, certain decentralized FL settings eliminate the need of a central server, to co-

ordinate the learning process (Figure 5.4), thus preventing single point system failures.

For instance, a blockchain-based FL setting for autonomous vehicles was proposed by

Pokhrel et al. [90], which integrates federated learning with blockchain technology. How-

ever, the network topologies to support this approach may affect the overall performance,

by increasing the communication costs [28]. Also, a central authority may still be re-

quired to set up the learning process, deciding on the model, the training algorithm, the

hyperparameters, etc. [28]

Figure 5.4. A decentralized federated setting, without the orchestration of a central server
[13]
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5.3 Federated Learning Algorithms

The selection of the FL training algorithm is paramount to the performance of the final

global model. Heterogeneous federated learning environments present challenges that

need to be addressed by employing effective, federated strategies. Different algorithms

aim to optimize different aspects of the FL workflow, such as the design of the global and

local objective functions, server and client optimization, etc. In this section, we present

some state-of-the-art federated learning algorithms, some of which are implemented in

the stage of experimental analysis of this thesis.

5.3.1 Federated Stochastic Gradient Descent (FedSGD)

In Chapter 4, the central role of gradient descent, as an optimization method in deep

learning training, was highlighted. The gradient descent algorithm iteratively adjusts the

model’s parameters using the gradients of the loss function on the whole training set, as:

w := w − η∇Q(w) = w −
η

n

n∑
i=1

∇Qi(w),

where w are the model’s weights, η is the learning rate, n is the number of data points

in the training set, Qi is the value of the loss function on the i-th data point and Q the

value of the loss function on the training set. Gradient descent moves in the direction

of the steepest descent to minimize prediction error. However, calculating a step of the

gradient descent on the entire training set can be computationally expensive, slowing

down the learning process. Stochastic gradient descent (SGD) addresses this challenge

by computing gradients on a random subset of the training dataset at each iteration.

Typically this subset contains more than 1 data point, to achieve smoother convergence

and reduced variance in the weight update and to enable the use of highly optimized

matrix operations (thus referred as mini-batch) [91].

Federated stochastic gradient descent (FedSGD) [29] is a basic adaptation of the SGD

algorithm to the federated setting. A federated environment contains another level of

separation among the data, as they are split into multiple local datasets. As a result, on

each round, a random fraction C of the FL clients is selected to participate in training,

where the gradient of the loss function is computed on the entire local dataset of each

of these clients [27]. The gradients are averaged, according to the number of training

data per client, to produce the next gradient descent step. This can expressed with the

following mathematical equation:

wt+1 := wt − η∇F (wt) = wt − η
∑
i∈K

ni

n
∇Fi(wt),

where K is the subset of clients that participate in the FL training round. Parameter

C determines the global mini-batch size, as C = 1 means all the clients participate in the

FL round (corresponding to the full-batch gradient descent algorithm) [27], and C = 1

n

means only one random client participates in the FL round (corresponding to the SGD

algorithm).
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5.3.2 Federated Averaging (FedAvg)

Federated Averaging (FedAvg), introduced by McMahan et al. [27], is a generalization

of FedSGD and constitutes one of the most widely used federated learning algorithms.

FedAvg proposes that the server takes a weighted average of the client model weights,

rather than the computed gradients, to update the global model. This approach was

developed under the premise that, if all clients start with the same model, averaging the

gradients is equivalent to averaging the model weights themselves [27]. Consequently,

this model weight update can be expressed as:

wt+1 =
∑
i∈K

ni

n
wi

t+1
.

Respective of how the FedAvg algorithm is formulated, each client may perform more

than one training round on their entire local dataset, before the model averaging phase

[27]. Therefore, the number of local training epochs E and the local mini-batch size B are

two additional parameters that need to be set before the FL process commences, along

with the fraction of participating clients C [27].

In homogeneous federated scenarios, where all local datasets are independent and

identically distributed (IID), the FedAvg algorithm performs considerably well. However,

its efficiency is not guaranteed in the presence of data heterogeneity, with non-IID local

datasets. The final global model may become biased towards the datasets of certain FL

participants, unable to generalize sufficiently to unseen data.

5.3.3 Federated Optimization in Heterogeneous Networks (FedProx)

A federated learning setting may present two types of heterogeneity. Systems hetero-

geneity refers to the differences, in terms of system characteristics, on each participating

node [30]. Typically, devices with limited computational and communication capabil-

ities may be ignored during FL training, if they are straggling to complete their tasks

[87]. However, by excluding these clients from the learning process due to their techni-

cal limitations, one may negatively affect convergence and induce bias in the final model

[30]. Statistical heterogeneity refers to non-IID, unbalanced local datasets and poses a

challenge for the generalizability of the final model, as it was discussed above.

To address the heterogeneity in a FL environment, Li et al. [30] proposed FedProx,

a FL framework that can be seen as a generalization and re-parametrization of FedAvg.

This algorithm aims to correct client drift, a drift of local updates that causes slower

convergence, due to heterogeneity. In order to do so, FedProx introduces a proximal term

to the client tasks, which restricts the local updates to be closer to the latest global model

update [30]. Instead of minimizing their local loss function Fi(w), a client i approximately

minimizes a new objective function hi :

hi(w; wt) = Fi(w) +
µ

2
∥w −wt∥2,

where µ is the proximal term, w are the variable weights of the local model during
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training and wt
are the weights of the latest global model. The use of the proximal term

deals with the issue of statistical heterogeneity with the restrictions on local updates and

enables the efficient aggregation of variable amounts of local training, by removing the

need to manually set the number of local training epochs beforehand [30].

A similar approach, addressing the phenomenon of client drift, is SCAFFOLD [92].

It measures the drift in the local updates of each client, during every FL round, and

adjusts their local updates accordingly. Client drift can be expressed as the difference

between the global model update and the client’s local update. Overall, both FedProx and

SCAFFOLD are FL approaches that focus on the optimization of local training, to address

slow convergence and generalizability issues.

5.3.4 Adaptive Federated Optimization (FedOpt)

Another approach, addressing the undesirable convergence behavior of FedAvg in het-

erogeneous settings, is to experiment with different optimization methods both on client

and server level. The server update of FedAvg is equivalent to applying SGD optimization

with learning rate η = 1 to the aggregated "pseudo-gradient" [31]. However, in non-

federated learning environments, adaptive optimization techniques have demonstrated

considerable performance in tackling convergence issues. This motivated Reddi et al.

[31] to propose an adjustment of adaptive optimizers in a federated setting. They refer

to the family of algorithms, that employ different optimization techniques than SGD for

client optimization or the model update on the server, as FedOpt. By maintaining SGD

for client optimization and using adaptive optimization methods on the server-side, they

specialize FedOpt from a global perspective. Their proposed algorithms are FedAdagrad,

FedAdam and FedYogi, which employ the Adagrad, Adam and Yogi optimizers in the

server optimization step respectively. The optimization step for each of these algorithms

is expressed as:

ut = ut−1 + ∆
2

t (FedAdagrad)

ut = �2ut−1 − (1 − �2)∆2

t (FedAdam)

ut = ut−1 − (1 − �2)∆2

t sign(ut−1 − ∆
2

t ) (FedYogi)

where �2 is a decay parameter and ∆t is the weighted average of the local gradients,

obtained from each client. The model weights are updated based on the following mathe-

matical expression:

xt+1 = xt + η
mt
√

ut + τ
,

where η is the learning rate and τ is referred as degree of adaptivity. Variable mt

has been previously updated based on the current "pseudo-gradient" and another decay

parameter �1, according to the equation mt = �1mt−1 + (1 − �1)∆t [31]. Since these
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FL algorithms concentrate on server-side optimization, they can be integrated with the

previous algorithms that focus on client-side optimization (FedProx, SCAFFOLD) for better

results. Overall, FedAdagrad, FedAdam and FedYogi are promising FL algorithms that

enhance the efficiency and performance of federated learning, especially in complex, non-

stationary data environments.

5.3.5 Federated Averaging with Server Momentum (FedAvgM)

Following the direction of the previous FedOpt algorithms, Hsu et al. [32, 33] propose

the use of adaptive server optimization in the FL setting by adding momentum at the

server, with their FL algorithm FedAvgM. It has been proven that momentum on top

of SGD leads to faster convergence by a running accumulation of gradient history to

dampen oscillations. This behavior seems applicable to heterogeneous FL settings, where

participants have a sparse distribution of data and a limited number of samples [32].

Instead of updating the model weights with the weighted average of the local updates in

the basic version of FedAvg, a variable u is calculated:

u = �u + ∆w,

where � is the momentum parameter and ∆w is the weighted average of the local

model weights. Then, the global model weights are simply updated according to u:

w = w − u.

By testing FedAvgM on FL scenarios with increasingly non-IID data, it was shown that

FedAvgM maintains a relatively good performance even in highly heterogeneous settings.

On the same FL scenarios, the performance of FedAvg deteriorated significantly, as the

datasets became progressively more non-identical [32].

5.4 Privacy and Security in Federated Learning

One of the main advantages of federated learning is the improvement of data privacy

and security over centralized and distributed machine learning. Gathering the raw client

data to a central server creates an attractive attacking point for potential adversaries,

since they may gain access to the entire dataset. The FL framework keeps the data

decentralized, making client devices the only breach point for accessing raw data. Even

if these adversaries hack a client device, they acquire only a small, single-sourced subset

of the entire dataset.

Nevertheless, federated learning still has certain vulnerabilities and security risks that

prevent it from guaranteeing privacy and security [11]. The local client updates can be

targeted for individual inference attacks, while the global model parameters provide an

insight into the characteristics of the entire dataset. Most data leaks occur when data are

in transit, highlighting the need for secure communication. This has motivated the de-

velopment of encryption mechanisms, which ensure that any malicious third party would
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be unable to make any inferences from the ciphered version of the data. The federated

learning framework can be integrated with modern privacy and security algorithms, which

further strengthen it as a privacy-preserving alternative to other ML frameworks.

5.4.1 Differential Privacy

Differential privacy (DP) is a privacy-preserving concept, built upon the premise that,

if a substitution of single item does not significantly affect the statistical properties of the

database, then joining the database does not expose any individuals to large inference

attacks [93, 94]. Regarding centralized DP, a randomized algorithm M gives ϸ-differential

privacy for any pair of neighbouring datasets D and D′ (which differ on a single element)

and every set of outcomes Ω when:

Pr[M(D) ∈ Ω] ≤ expϸ ·Pr[M(D′) ∈ Ω],

where ϸ is the parameter that controls the level of privacy preservation [11]. As ϸ

grows smaller, the criteria for differential privacy are stricter, thus guaranteeing a higher

level of privacy. Randomized algorithms for DP add noise to the dataset from a predeter-

mined distribution, leading to the widely used Laplacian and Gaussian mechanisms for

the respective distributions. However, in many instances, the individuals require further

protection, even against the data manager that gathers their data. As a result, an im-

proved model, referred as ϸ-local differential privacy, was proposed, preventing the data

manager to learn too much sensitive information about any individual data contributors

[11]. The algorithm is similar to the one presented above, for any two inputs x and x ′ and

any possible output Ω:

Pr[M(x) = Ω] ≤ expϸ ·Pr[M(x ′) = Ω].

Local DP adds randomized noise over each user’s data separately, in contrast to the

standard DP, where randomized noise, deriving from the same algorithm, is added to the

combined dataset [11]. As a result, local DP is considered a stronger privacy-guaranteeing

mechanism, since the data collector is unable to distinguish between the original data x

and the noise-distorted data x ′.

These differential privacy models are often incorporated into deep learning, because

of their desirable properties of composability, group privacy and robustness to auxiliary

information[95]. McMahan et al. [27] were the first to suggest using DP to protect

client data in the federated learning setting. In the FL setting, the standard DP model

works on the server-side, treating the client updates as a "dataset", where each client

update is a "data instance". The goal of DP in this scenario is to "hide" the individual

client updates during the model aggregation process [11]. Setting the sensitivity of DP

is crucial for improving privacy without deteriorating the global model’s performance.

However, this procedure may prove to be quite challenging, since the server should not

be able to distinguish individual client updates [11]. In a similar manner, local DP can

be adapted into the FL setting, with clients sending noisy local updates to the server for
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aggregation. Even though it provides greater privacy, the total volume of added noise

to the local updates is significantly higher than in standard DP, which can negatively

affect performance. Overall, there is a trade-off between privacy and performance with

the integration of DP into the FL setting, which requires further exploration in the future.

5.4.2 Secure Aggregation

Security mechanisms are typically employed to provide secure data transmission over

a communication channel, with the use of cryptography techniques and protocols. In the

FL setting, the phase of model aggregation involves the largest amounts of communication,

since the participants send their local model updates to the central server for averaging.

To better protect individual model updates, the secure aggregation protocol encrypts each

client update before their transmission over the network. Secure aggregation guarantees

that any third party, including the central server, may have access only to the encrypted

version of local updates [11]. Some widely used security protocols are secret sharing

schemes, homomorphic encryption and secure multiparty computation, the family of

security algorithms where secure aggregations belongs into.

Yao et al. [96] was the first to propose the concept of secure multiparty computation.

The underlying problem is that a set of parties with private inputs collaborate to compute

an agreed-on function over their data, without compromising their privacy. The idea of

secure multiparty computation is that an encryption scheme can provide this privacy

guarantee without diminishing the utilization of the data. These algorithms seem directly

applicable to federated learning, where client updates, containing sensitive information,

are aggregated to a server and both privacy and model performance are of utmost impor-

tance [11].

Secure aggregation is a subclass of secure multiparty computation algorithms, where

a group of trustless parties with sensitive information cooperate in calculating an aggre-

gated value [11]. Bonawitz et al. [97, 98] proposed the first secure aggregation protocol for

federated learning, where the server learns only the sum of clients’ model updates. This

initial approach later developed into a full version for practical applications, where each

local client update is masked by a random number, preventing the server from accessing

it directly, and each client generates a private-public key pair for each FL round and a

private shared key with a hash function, by combining their private key with the public

keys of the other participants. The hash function guarantees that each pair of private

shared keys is additive inverse, thus allowing the server to effectively offset the effect of

the masks during aggregation to calculate an accurate result [11]. However, client dis-

connections and reconnections at various moments can prevent the server from offsetting

the effect of the masks, a problem that can be tackled with additional properties, such

as a second mask. Overall, this protocol provides a comprehensive and robust security

guarantee over the model aggregation process [11].
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Related Work

Mortality risk prediction tasks hold paramount importance in the healthcare domain,

as they assist in identifying patients who are at high risk and require immediate attention.

As such, predicting the probability of a patient dying during hospitalization is one of the

most researched clinical prediction tasks [99]. The need for developing effective models

that address this challenge is even more prominent in the ICU setting, where patients with

a severe health status and critical medical conditions are admitted and treated. Regarding

this issue, early warning and scoring systems, like APACHE [34] and SAPS [35], have been

utilized to estimate patient mortality, since they monitor various clinical variables, such as

vital signs and lab results, during the first hours of an ICU stay. However, the widespread

adoption of electronic health records (EHRs), leading to vast amounts of patient data with

rich temporal dynamics being generated rapidly, has motivated researchers to seek other

techniques to utilize the available information better for early mortality prediction.

6.1 Centralized ML Approaches

Machine learning algorithms can learn complex relationships among clinical variables

and patient outcomes that conventional models may be unable to capture, and develop

effective, data-driven models that make accurate estimations of patients’ mortality risk.

Johnson and Mark [100] focus on real-time mortality prediction in the ICU, developing

Logistic Regression (LR) and Gradient Boosting (GB) models having both dynamic fea-

tures, such as physiologic and laboratory measurements, and static features, such as

gender, age, etc., as their input. Their results on the MIMIC-III database [36] showed

that the AUROC score of a GB model (0.920) was considerably higher than the AUROC

of the conventional SAPS-II scoring system (0.809). Working on the MIMIC-III database

as well, Purushotham et al. [101] presented a benchmark of deep learning models on

various medical tasks, including mortality prediction, and showed that they consistently

outperform both traditional machine learning models and conventional scoring systems,

especially when the input data were not pre-processed.

Subsequently, Awad et al. [102] proposed a framework for early mortality prediction

in the ICU and conducted a thorough time-series analysis on the performance of different

mining methods, namely random forest (RF) classifiers, partial decision trees (PART) and

Bayesian Networks (BN) algorithms, during the first 48 hours of an ICU stay. Their results
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on the MIMIC-II database [103] showed that ML classifiers, with data from the first 6 hours

of ICU stays, outperformed conventional scoring systems, with access to data from the first

48 hours of ICU stays, while their best performing model was a RF classifier on 48 hours

after ICU admission with an AUROC of 0.83. Additionally, Pattalung et al. [104] proposed

a data-driven framework for ICU mortality prediction with time-series, combining high-

accuracy RNNs with the SHAP system [105] that calculates the contribution of each

variable for a prediction, thus providing an interpretable explanation. Their experiments

were conducted on three public critical care databases (MIMIC-III, MIMIC-IV [106] and

eICU [17]) with their models achieving an AUROC of 0.87-0.91.

6.2 Federated Learning Approaches

With regard to multi-center collaboration and patient data privacy, several federated

learning solutions have been proposed, however, focusing on in-hospital mortality predic-

tion rather than on the ICU setting. Lee and Shin [107] experimented on the MIMIC-III

database by setting up a federated environment with 3 clients and evaluating the perfor-

mance of a LSTM model. Their results indicated that the FL model can reach a comparable

performance to the CML model, in terms of AUROC and F1-Score, while they observed

that the performance of FL with imbalanced client datasets (regarding size, not distribu-

tion) was scarcely affected. Budrionis et al. [108] extended on the work of Purushotham

et al. [101] on the MIMIC-III database, studying different parameters that may affect a

federated learning environment. Their experiments include increasing the amount of data

in the system with a constant number of FL clients, increasing the number of FL clients

with a constant amount of data and using imbalanced local datasets (as with [107], only

in terms of size). Their predictive models performed better as the training data increased,

while their performance remained largely unaffected by an increase in the number of FL

clients or different local dataset sizes.

At the same time, many federated learning solutions shift their focus to other clinical

variables and setups to address the mortality prediction task. Huang et al. [109] proposed

community-based federated learning (CBFL), a novel method that clusters EMR data into

several clinically meaningful communities training their own FL models. The clustering

criteria and training features were the drugs administered to the patients during the first

48 hours of the ICU stays. Besides training, the clustering process is also incorporated

into the FL framework. Their results in different FL scenarios were comparable to CML, in

terms of AUROC, both for ICU mortality prediction and for length of ICU stay prediction,

another crucial medical task. Moreover, motivated by the recent COVID-19 outbreak,

Vaid et al. [110] employed federated learning, utilizing real-world data from 5 hospitals to

address 7-day mortality prediction for hospitalized COVID-19 patients. They developed

LASSO and multi-layer perceptron (MLP) models and compared their performance with

various ML approaches. Their results showed that the FL models outperformed their

locally-developed counterparts, enhancing the view that federated learning is a promising

privacy-preserving alternative to traditional ML approaches within healthcare.
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6.3 Recent Relevant FL Studies

Regarding more recent studies, Dang et al. [14] experimented on the real world,

multi-center eICU database and evaluated the performance of several state-of-the-art FL

algorithms on two significant medical tasks, in-hospital mortality and AKI prediction.

Their results on the in-hospital mortality prediction task, shown in Figure 6.1, indicate

that the performance of most FL algorithms was comparable to CML, in terms of AUROC

and AUPRC, despite the existence of statistical heterogeneity across participants. Their

features were static, obtained at the 24-hour mark after ICU admission, and consisted

of basic demographics and statistics of several measurements up to that point, while

their predictive model was a simple neural network with 2 fully-hidden layers. It is

important to mention that the authors propose the evaluation of different FL methods on

time series data and more complex model architectures (which are the focus of this work)

in healthcare, as a future research direction.

Figure 6.1. Global Test Performance on the In-Hospital Mortality Prediction Task, Dang et
al. [14]

Furthermore, giving more emphasis to the ICU setting, Mondrejevski et al. [37] pro-

posed FLICU, a workflow for analyzing ICU mortality with MTS data by integrating sequen-

tial deep neural network models into the FL framework, using the MIMIC-III database.

In terms of data pre-processing and model architecture, they follow the approach de-

scribed in Pattalung et al. [104]. They evaluated their models (CNN, RNN, LSTM and

GRU) with a varying number of FL participants (2, 4 and 8 clients) and with different time

windows of vital signs and lab results before ICU discharge or death (8-hour, 16-hour,

24-hour, and 48-hour windows). Their FL approach, using the standard FedAvg algo-

rithm, showed comparable performance to the ideal CML approach and outperformed the

privacy-preserving, but inefficient, LML approach, unaffected by the number of FL par-

ticipants. However, in their study, they assume that the moment of discharge or death
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is known beforehand, as they use data from the end of the ICU stay that do not allow

early prediction. Thus, the retrospective nature of their analysis prevents the use of their

workflow for clinical decision-support.

In response to these limitations, Randl et al. [15] built upon their research, focusing

on predicting ICU mortality at an early stage with MTS data from the beginning of the ICU

stay. They adjust the workflow of Mondrejevski et al. [37] to the vital signs and laboratory

results from the beginning of the ICU and evaluate their GRU-based models on analogous

scenarios. They also suggest that F1-Score is a more suitable early stopping criterion

for training, as it is the harmonic mean between precision and recall and shows a more

defined maximum during training, compared to minimum loss. Figure 6.2 shows their

results, indicating that the performance of FL is comparable to CML and considerably

better than LML, especially as the number of participating clients increases. However,

both works [37, 15] show certain limitations. The MIMIC-III database consists of data from

a single medical center, which have been allocated to the simulated FL clients horizontally

with stratified splits. Therefore, the federated environment is largely homogeneous, both

in terms of data distribution and patient characteristics, which does not correspond to

real-world cases.

Figure 6.2. Results of Randl et al. [15] with F1-Score as early stopping criterion

In this thesis, we address the aforementioned limitations by using the real world,

multi-center eICU database. It allows us to use actual hospitals as FL clients, thus

recreating a realistic, heterogeneous federated environment to conduct our experiments.

Since our FL scenarios involve non-IID datasets, we do not limit ourselves to the stan-

dard FedAvg algorithm, but evaluate other federated learning algorithms that address the

challenges of heterogeneous environments, similar to Dang et al. [14]. Moreover, we

built upon Randl et al. [15], evaluating more RNN model architectures on the early ICU

mortality risk prediction and their incorporation into the federated learning framework.
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In this chapter, we focus on presenting the dataset utilized in the study. It begins by

introducing the eICU Collaborative Research Database and presenting some key informa-

tion about its contents. Next, the cohort selection criteria are discussed and the cohort

demographics are displayed. Following the cohort selection, the chapter delves into the

data preparation process that precedes ML training and evaluation.

7.1 Dataset

For the purposes of this thesis, we utilize the eICU Collaborative Research Database

[17], managed by the MIT Laboratory for Computational Physiology. The eICU is popu-

lated with real-world data from multiple critical care units throughout the United States,

participating in the Philips eICU telehealth program. The multi-center nature of the eICU

database makes it an ideal choice for recreating a realistic, heterogeneous federated learn-

ing environment. It contains over 200 thousand patient intensive care unit (ICU) stays

for over 139 thousand unique patients, admitted to 208 different hospitals between 2014

and 2015. In order to meet the safe harbor provision of the US Health Insurance Portabil-

ity and Accountability Act (HIPPA), each database table is de-identified and all protected

health information is removed, in addition to hospital and unit identifiers to protect the

privacy of data contributors [17].

Before receiving access to the eICU database, researchers are required to complete

training in human research and data privacy. As recommended by the database man-

agers from the MIT Laboratory for Computational Physiology, the "Data or Specimens

Only Research" course, provided by the Collaborative Institutional Training Initiative (CITI

Program), was successfully completed. This course contains an overview of ethical and

regulatory considerations involved in conducting research using existing data or speci-

mens that are not collected specifically for the research study. It covers topics such as

informed consent, data privacy and confidentiality, and the ethical use of existing data

or specimens, among other modules. It also provides guidance on how to comply with

regulatory requirements and best practices for data management and sharing. Besides

the training course, researchers are obliged to agree not to share or attempt to de-identify

the data, as well as not release code related to any publication involving the data.

Patient ICU stays assumed a central role in the construction and composition of the

81



Chapter 7. Data & Preprocessing

eICU database, providing comprehensive and rich clinical information. The collected data

include vital sign measurements, laboratory measurements, medications, care plan infor-

mation, admission diagnosis, patient history, drug infusions, etc. Across the database,

identifiers are used to identify unique concepts and link different tables. These include

hospitalID, uniquepid and patientHealthSystemStayID to identify hospitals, patients and

hospital stays respectively, though the primary identifier for most tables is patientUnit-

StayID, used to uniquely identify ICU stays. Throughout the database, time is represented

through time stamps that are measured as offsets from the time of ICU admission.

For the task of early ICU mortality risk prediction with MTS data, the most rele-

vant information consist of vital sign measurements, lab test results, ICU admission and

discharge time stamps, ICU discharge patient status and the necessary identifiers. We

briefly present the eICU database tables containing this information, which we utilize in

our experiments.

• patient table: It is a core part of the eICU database, as it contains patient de-

mographics and important admission and discharge information, both for hospital

and ICU stays, with patientunitstayid as the primary identifier. Related to our

task, columns unitdischargestatus and unitdischargeoffset inform us about the ICU

stay patient outcome (Alive or Expired) and the ICU discharge time, as the num-

ber of minutes from ICU admission, respectively. Then, the ICU stay is linked via

uniquepid to a unique patient and via hospitalid to a specific hospital. The afore-

mentioned columns are the ones that correspond to the problem studied in this

thesis.

• vitalperiodic table: "Periodic" data refers to data which is consistently obtained

from bedside vital signs monitors and loaded into the eCareManager system. The

vital signs in the vitalperiodic table are not validated by care staff. In order to avoid

most cases of spurious observations, data are typically interfaced as 1 minute aver-

ages and archived into the table as 5 minute median values. Even though numerous

vital signs are observed, we are concerned with heart rate (heartrate), respiratory

rate (respiration), temperature (temperature), peripheral oxygen saturation (saO2)

and systolic, diastolic and mean blood pressure (systemicsystolic, systemicdiastolic

and systemicmean respectively). They are linked to a ICU stay via the patientunit-

stayid, while their time stamp is available via the observationoffset column.

• lab table: This table contains laboratory test results that have been mapped to a

standard set of measurements. Even though some rarely conducted lab tests are not

interfaced into the system, their absence does not necessarily mean they were not

conducted. On the other hand, if the result of an interfaced lab test is missing, then

this lab test was not conducted. The labname and labresult columns indicate the

laboratory test and the obtained value respectively. In this thesis, we utilize a group

of common laboratory tests, namely albumin, band neutrophi, bicarbonate, biliru-

bin, blood urea nitrogen, chloride, creatinine, glucose, hematocrit, hemoglobin, lac-

tate, partial thromboplastin time, platelet count (platelet), potassium, sodium and
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(a) Vital sign measurements (b) Lab test results

Figure 7.1. Data availability in hospitals [1]

white blood cells. Similarly to the vitalperiodic table, the columns patientunitstayid

and labresultoffset are employed to link a lab result with an ICU stay and determine

its time stamp, in relation to the ICU admission.

As shown in Figure 7.1, the vast majority of the hospitals interfaced vital signs and

laboratory tests into the eCareManager system for most stays in their intensive care units.

High data coverage is extremely important for successfully training machine learning

models on these features.

7.2 Cohort Selection

Let us reiterate the binary classification problem investigated in this thesis. Early ICU

mortality risk prediction is defined as the estimation of a patient’s risk of dying within

a specific timeframe after ICU admission. For this study, we focus on estimating the

mortality risk during the second and third day of an ICU stay (that is 24h-72h after ICU

admission). The patients who died during their stay in the ICU constitute the positive

label group (output=1), while the patients who got discharged from the ICU comprise the

negative label group (output=0). Our observation window consists of observations of 7

vital signs and 16 laboratory values, in the form of multivariate time series, obtained

during the first 24 hours of an ICU stay. The data within this specific timeframe were

extracted and utilized for the purposes of training and evaluating the predictive models.

Regarding the eICU database, an exact time of death is not recorded for patients who

died during their ICU stay. As a result, we assume the discharge time stamp corresponds

to the end of their ICU stay, similarly to the patients who survived. Moreover, a patient’s

first vital signs measurements may occur a considerable amount of time after their ICU

admission, signifying an ICU admission may be interfaced into the eCareManager system

before the patient is set up with clinical monitoring devices. Consequently, we consider

the first vital signs observation, after the official ICU admission (that means with an

observation offset larger or equal to 0), as the beginning of the ICU stay and take into

account only vital signs and laboratory tests that happened after that.

In order to extract a subset of ICU stays for our experiments, we follow the approaches

described in Pattalung et al. [104], Mondrejevski et al. [37] and Randl et al. [15] with
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some adjustments. The cohort selection criteria applied to the eICU database are the

following:

1. Filter for ICU stays with a recorded patient outcome (Alive for survival and Expired

for death).

2. Filter for ICU stays, where the patient’s vital signs were observed for at least 24 hours

after the beginning of the ICU stay. This condition guarantees that the patient was

alive and periodically monitored up until the time of prediction, which is at the

24-hour mark.

3. Filter for ICU stays that lasted at least 24 hours, but not more than 72 hours.

This ensures that each patient of the final cohort either survived or died during the

second and third day of their ICU stay, and, therefore, is valid for this task.

4. Filter for the first ICU stay of each patient. If a patient is linked with multiple ICU

stays at the same hospital, then the first stay can be inferred from the hospital

admission offset values for each ICU admission and the hospital admission time.

However, the eICU database does not contain specific dates for ICU and hospital

stays, making it impossible to determine the first ICU stay of patient among a

number of ICU stays across different hospitals. Consequently, we exclude these

patients from our study.

5. Filter for ICU stays where at least one laboratory test result is available and inter-

faced into the eCareManager system.

After applying the above selection criteria, our final study cohort consists of 55,147

ICU stays, each linked with a unique patient. Table 7.1 summarizes the patient demo-

graphics for our study cohort. It should be mentioned that the age of patients over 89

years old is not explicitly stated for privacy issues, so, in order to calculate the mean and

standard deviation for the age of the cohort, they are assumed to be 90 years old. It is

evident that the positive label class (patients who died during their ICU stay) is underrep-

resented, constituting 3.8% of the total ICU stays of the study cohort. This highlights that

our final dataset is highly imbalanced, in favor of the negative label class (patients who

survived their ICU stay). Consequently, we should take it into account when designing

our experiments and evaluation strategy.

7.3 Data Preparation

After selecting the study cohort, the next step involves preparing the data for machine

learning training. This data preparation process is crucial to ensure that the data is in a

suitable format for training ML models. It typically includes steps such as pruning out-

liers, re-sampling time series variables, handling missing values and encoding categorical

variables. By performing these preparatory tasks, we aim to enhance the quality and

reliability of the data, facilitating effective training and evaluation of machine learning

algorithms.
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Demographics Total Survival Death

Number of Patients 55,147 53,052 2,095

Age (years) 63.72 (17.13) 63.53 (17.16) 68.48 (15.53)

ICU stay (hours) 44 (14.4) 43.96 (14.41) 45.21 (14.04)

Gender

Male 29,845 28,708 1,137

Female 25,288 24,331 957

Unknown 14 13 1

Ethnicity

Caucasian 42,548 40,891 1,657

African American 5,837 5,642 195

Hispanic / Latino 2,116 2,054 62

Asian 1,012 966 46

Other / Unknown 3,634 3,499 135

Age and ICU stay values are mean (standard deviation)

Table 7.1. Patient demographics for our study cohort

For our work, we are only concerned with the vital signs and laboratory tests that

are mentioned in the presentation of the vitalperiodic and lab tables respectively. First,

we remove outliers from these features, which are most likely caused by malfunctions

of the monitoring devices. In order to accomplish this, we do not take into account

observations that deviate from a valid range of values for each feature. These valid ranges

are obtained from the eICU Collaborative Research Database Code Repository [1], as

provided by the database managers. By the initial removal of these outliers, we exclude

faulty measurements that could tamper with our results.

The following preparatory procedure is to re-sample the variables. The reasons for

this are three-fold. First, by re-sampling the time series data in less frequent intervals,

the size of the data reduces considerably, facilitating the ML training and evaluation in

terms of both time and computational requirements. Then, this process further reduces

the effect of spurious readings, by applying a suitable aggregation function on a group

of successive observations. Moreover, the re-sampling time intervals are consistent with

related work [104, 37, 15], allowing a more direct comparison of different methodologies

and results.

Vital signs measurements were typically taken 2.5-12 times per hour, while laboratory

test measurements were typically taken 1-2 times per eight hours. Initially, we align the

time offsets of the vital signs and lab tests to the beginning of the ICU stay, as we defined

it, in contrast to the record of ICU admission. Next, we aggregate each vital signs variable

into a 1-hour time interval from the beginning of the ICU stay, while each lab test variable

was aggregated into an 8-hour time interval from the beginning of the ICU stay. For every

time interval, we calculate a single value for each variable by using the mean function on

the variable values of the time interval. Up to this point, the re-sampling methodology

and selected time intervals correspond to [104, 37, 15]. In addition to this,we use the

min and max functions on three selected vital signs (heart rate, respiratory rate and

peripheral oxygen saturation), as they are the most important vital signs features for
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mortality prediction in the eICU database, according to Pattalung et al. [104]. In this

way, we also address their rich temporal dynamics, which may be partly suppressed due

to the re-sampling.

To address phenomena of missing values, we use imputation methods, since most

patients are linked to some variables with missing values and their elimination would

bias the study. Starting from the beginning of the ICU stay, missing values are filled

with forward and, then, backward imputation. However, some variables may not be

measured at all, because of the lack of the respective monitoring devices, the severity

of the patient’s condition or the hospital’s decision to not interface this specific variable

into the eCareManager system. In this case, the feature’s values are replaced with -1,

indicating the absence of observations.

Figures 7.2 and 7.3 present the vital signs measurements and the lab test results,

during the first 24 hours of an ICU stay, for a patient who got discharged, after the

above preparation steps. We observe that temperature was never recorded during this

time period, since it constantly has the value -1. Depending on the frequency and the

intervals for the original observations, some vital signs are updated every hour, while other

measurements change every few hours. Then, many laboratory results have a constant

value, indicating that they were conducted only once during this period. Figures 7.4

and 7.5 show the same features for a patient who died during their ICU stay. We observe

that many vital signs showcase a different behavior from the previous patient, in terms

of the range of values and fluctuations. Lab measurements again do not show many

fluctuations, as some tests do not need to be conducted very often.

The last step is encoding the categorical variable of the ICU discharge status to map

the ICU stays to the positive and negative classes. As such, we replace the status Expired

with 1, indicating the positive label class, and the status Alive with 0, indicating the

negative label class. After following this multi-step procedure, we have formatted our

data for ML training and evaluation in our experiments. The overall experimental setup

is described in the following chapter.
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Figure 7.2. Vital signs measurements during the first 24 hours of an ICU stay, for a patient
who survived (output=0).

Figure 7.3. Laboratory test results during the first 24 hours of an ICU stay, for a patient
who survived (output=0).
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Figure 7.4. Vital signs measurements during the first 24 hours of an ICU stay, for a patient
who died (output=1).

Figure 7.5. Laboratory test results during the first 24 hours of an ICU stay, for a patient
who died (output=1).
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Experimental Setup

In this chapter, we describe the experimental strategy of our work. First, we introduce

the experimental scenarios of this thesis, as well as their accompanying goals. Then, we

present the architecture of the constructed neural network models, the design of their

training process and the employed metric scores for evaluating their performance on the

task of early prediction of ICU mortality risk.

8.1 Experimental Scenarios

This thesis focuses on the application of federated learning in the healthcare domain,

addressing the early ICU mortality risk prediction task with the use of MTS data. After

careful examination of recent related studies, we designed a series of experimental scenar-

ios that aim to give us an insight into how well federated algorithms address the challenge

of statistical heterogeneity in a federated environment. Through our experiments, we ana-

lyze the integration of different RNN architectures into the federated learning framework,

the performance of current state-of-the-art FL algorithms (FedAvg, FedProx, FedAdam,

FedAdagrad, FedYogi, FedAvgM) and the impact of certain FL participants with specific

characteristics in the training process. Therefore, we present our experimental FL scenar-

ios and the objectives we aim to achieve with each of them in the following subsections.

8.1.1 Scenario 1: Model Architecture and Generalizability

This first scenario constitutes our basic experimental setup. Due to the high com-

putational and memory complexity of a simulated FL environment, we select 8 hospitals

from our study cohort to comprise our FL training participants. This allows us to ex-

periment more with different models and setups, facilitates the analysis of the different

factors that affect federated learning and enables a direct comparison of our results with

those of Randl et al. [15]. Our selection is based on the diversity of the patient pop-

ulations and demographics, in order to ensure the statistical heterogeneity of our local

training datasets. Table 8.1 summarizes the data distributions of each single training

hospital and the training set as a whole. It is evident that the datasets of the participating

hospitals differ in terms of size and class distribution, highlighting the non-IID settings

of our experiments.
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Datasets Total Survival Death

Hospital A 1,018 977 41 (4.0%)

Hospital B 1,041 972 69 (6.6%)

Hospital C 1,788 1,714 74 (4.1%)

Hospital D 773 746 27 (3.5%)

Hospital E 1,129 1,088 41 (3.6%)

Hospital F 1,344 1,244 100 (7.4%)

Hospital G 930 878 52 (5.6%)

Hospital H 1,316 1,248 68 (5.2%)

Training Set 9,339 8,867 472 (5.1%)

Death column also contains (% over total)

Table 8.1. Data distributions for the participating training hospitals in Scenario 1

There are two goals linked with this scenario. The first one is to evaluate the extent

of the generalizability of the obtained models with each FL algorithm, by comparing them

with the respective models of the CML and LML approaches. With regard to this, we use

a foreign test set, consisting of patient data from 4 hospitals that do not participate in

the training process. Table 8.2 summarizes the data distributions of each single testing

hospital and the testing set as a whole. By combining data from 4 different hospitals

to assemble the test set, we may gain a better understanding of the ability of each FL

algorithm to utilize information from all FL clients to build a robust, effective model.

Datasets Total Survival Death

Hospital I 421 398 23 (5.5%)

Hospital J 477 456 21 (4.4%)

Hospital K 420 397 23 (5.5%)

Hospital L 485 460 25 (5.2%)

Test Set 1,803 1,711 92 (5.1%)

Death column also contains (% over total)

Table 8.2. Data distributions for the test set in Scenario 1

The second goal is to evaluate the incorporation of different RNN models (RNN, LSTM,

GRU) into the federated learning framework. We do not limit ourselves to comparing their

performance on the chosen evaluation metrics, but we also aim to assess the computa-

tional overhead of each architecture. In order to achieve this, we take into account the

number of trainable parameters that are transmitted over the network and the average

FL rounds until convergence. Overall, this scenario aims to assess the ability of each

FL algorithm to develop generalizable models and their integration with different RNN

architectures.

8.1.2 Scenario 2: ’Extreme Cases’ of Participating Hospital

Our second experimental scenario considers the robustness of the different FL meth-

ods under the presence of artificial ’extreme’ FL participants, in terms of data size and

class distribution. Our FL environment consists of the 8 training hospitals from the first

scenario and each of two ’extreme’ hospitals, which we construct by aggregating ICU stays
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from the remaining hospitals. Hospital X1 includes the most ICU stays, compared to the

rest 8 training hospitals, however it is characterized by an extreme class imbalance, with

just above 0.5% of their ICU stays in the positive class (mortality). As the FL participant

with the most data, hospital X1 influences the aggregated FL model more than any other

FL client and our goal is to regulate this effect. On the other hand, hospital X2 includes

data only for 300 ICU stays with 25% of them belonging to the positive class. This positive

class distribution is much higher than for any other training hospital (hospital F is the

second highest with 7.6%). As this hospital contains much useful information for the

under-represented positive class, our aim is to process and utilize its information in the

best possible way. Table 8.3 summarizes the data distributions of each ’extreme’ hospital

and the derived 9-hospital training sets for these experiments.

Datasets Total Survival Death

Hospital X1 1,900 1,890 10 (0.5%)

Training Set + X1 11,239 10,757 482 (4.3%)

Hospital X2 300 225 75 (25.0%)

Training Set + X2 9,639 9,092 547 (5.7%)

Death column also contains (% over total)

Table 8.3. Data distributions for the datasets in Scenario 2

For these experiments, we split the 9-hospital datasets into training, validation and

test sets with sizes 68%, 12% and 20% of the original datasets respectively. Overall,

the goal of this experiment is to evaluate the sensitivity of each FL algorithm in 2 FL

environments that require special attention. Either with a highly influential FL client

with a negative-biased dataset, or with a limited FL client with valuable information,

these FL environments provide serious challenges to the proposed FL methods.

8.1.3 Scenario 3: Importance of Participation

One of the cornerstones of federated learning is the participation of a party in the

training process and the construction of a ML model, along with other parties. In the

first scenario, we evaluate the performance of the final model on a foreign test set and,

in the second scenario, on a test set assembled by data from the FL participants. This

third experimental scenario evaluates the performance of the FL models on the test set

of specific FL clients. Our FL environment consists once again of the 8 training hospitals

from scenario 1, however we focus on two hospitals G and C, the former with fewer data

and the latter with the most data within this training set. These two hospitals will serve

as our scenario subjects, each of them providing as with a test set for our experiments.

We explore the performance of FL on each of these two hospitals in an isolated sub-

scenario. In the first sub-scenario, we use 20% of the hospital G’s data as a test set and

consider 3 different approaches. The first is the LML approach, with hospital G training

its own local model. The second is the privacy-preserving FL approach without the partic-

ipation of hospital G (utilized with transfer learning). Finally, the third is the FL approach

with the participation of hospital G. Through this experiment, we want to measure the
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impact of hospital G’s participation in the FL setup on its own test set, compared to the

other two aforementioned approaches. The other sub-scenario concerns hospital C in a

similar manner. By experimenting with two hospitals with different characteristics, such

as hospital G and C, we aim to draw conclusions with regard to how much a hospital

with adequate or insufficient amount of data can be benefited from participating in a FL

environment.

8.2 Model Architecture & Optimization

As mentioned earlier throughout this thesis, the input data of this task are vital signs

and laboratory results, in the form of multivariate time series, from the first 24 hours of a

patient’s ICU stay. The temporal nature of the data dictates the use of sequential neural

network architectures, which are capable to learn complex temporal dynamics from the

input. With regard to this, we employ recurrent neural network architectures (RNNs) as

the basic building block of our predictive model.

Our model consists of two parallel input channels, one of them processing the vi-

tal signs measurements and the other processing the laboratory test results. The input

data have already been pre-processed and prepared for training, as we discussed in the

previous chapter. Each of these branches is implemented with 3 recurrent layers of 16

units each, conferring a sense of depthness on the model and allowing the progressive ab-

straction of the information and its transformation into high-level representations. Each

of these two branches is followed by batch normalization, before we concatenate their

outputs along the channel dimension. Subsequently, two fully-connected layers (with 8

outputs and 1 output respectively) fuse these feature maps and a sigmoid layer applies

a sigmoid function to the single, final output to calculate the risk of mortality in the ICU

in the range [0,1]. We explore 3 different variants of RNNs (RNN, LSTM, GRU), leading

to different amounts of trainable parameters, shown in Table 8.4. The number of train-

able parameters is of great importance in a federated learning setting, as it signalizes the

communication overhead of the whole training procedure, in accordance with the total FL

training rounds and the number of FL clients.

Model Trainable Parameters

RNN 4,001

LSTM 13,361

GRU 10,529

Table 8.4. Trainable parameters for our model with each RNN architecture

Since we aim to predict whether a patient is going to die or not during their ICU stay, we

use the binary cross-entropy loss function and the Adaptive Moment Estimation (Adam)

optimization algorithm, which are suitable optimization methods for binary classification

tasks.
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8.3 Training Process

We evaluate three different approaches, CML, LML and FL, on the three experimental

scenarios we described earlier. Depending on the scenario, the testing data could either be

a foreign test set, an aggregated test set from the training hospital cohort or an individual

test set from a specific hospital. For the foreign test set, we use 5-fold cross-validation on

the training-validation splits to eliminate any randomness induced by data partitioning.

For the two latter test sets, we use 5-fold cross-validation on the test splits, allocating

20% of the data for testing, and then split the remaining data into an 85% training set and

a 15% validation set. As our data are, in fact, an aggregation of several local datasets,

the above procedure is applied to every local dataset individually. Moreover, for every

approach, the training models are initialized with the same randomized weights to tackle

any additive bias from choosing different initial weights as the models’ starting point in

each experiment.

For all three CML, LML and FL approaches, we initially normalize the training and

validation datasets before the training commences. Then, we address the problem of class

imbalance by assigning class weights to data instances during training, in order to give

equal importance to the gradient updates of both classes. The CML models are trained on

a mini-batch size of 256, while the local and FL models are trained on a mini-batch size

of 32, respective to the size of local datasets compared to the size of the aggregated global

dataset. Training starts with a local initial learning rate of 0.001, which drops by 50%

every 5 epochs, in order to avoid undesirable divergent behavior with the loss function.

Furthermore, we implement an early stopping mechanism, monitoring the F1-Score on

the validation set, which presents a more defined maximum during validation than the

other metrics, with a patience period of 30 epochs and a maximum training period of 100

epochs. When the early stopping mechanism is triggered, we restore the weights of the

best model during training, in terms of F1-Score on the validation set.

Since federated learning involves more hyperparameters, it requires additional setup

steps. All FL clients are trained for 1 epoch per FL round, in order to maintain a high

training speed. We assume total participation of the federated network, which corre-

sponds to the real-life scenario, since hospitals are typically considered powerful and

reliable computational nodes. The weight aggregation of the standard FedAvg algorithm

is based on the relative sizes of the FL participants. The FedProx algorithm involves a

proximal term that regulates the local model updates, which is set to 0.1 after calibra-

tions within our experiments. Regarding the server-side optimization FL algorithms, the

decay rates �1 and �2 are set to 0.9 and 0.99 respectively, while the server-side learning

rate and τ are adjusted based on the experimental setting. Similarly, the learning rate of

FedAvgM is adjusted to each experiment, while the momentum factor of the optimization

step is set to 0.9. The overall FL training design and the rest of the training parameters

are the same as the ones presented above for the CML and LML approaches.
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8.4 Evaluation Metrics

The performance of each model is evaluated on a test set dictated by the chosen

experimental scenario. Either it is a foreign test set (scenario 1), a test set consisting of

data from all participating FL clients (scenario 2), or a test set with data from a specific

hospital (scenario 3). Moving forward, we consider a true positive (TP) as the result of

a correct mortality prediction, a true negative (TN) as the result of a correct discharge

prediction, a false positive (FP) as the result of a wrong mortality prediction and a false

negative (FN) as the result of a wrong discharge prediction.

Typically, for ML tasks, accuracy is the most commonly used evaluation metric, de-

fined as the proportion of correct classifications over the total predictions. However,

on imbalanced problems, accuracy can be a misleading criterion for the performance of a

model, since it could achieve high accuracy by simply predicting only the over-represented

class, thus being unable to capture the patterns of the under-represented class and gen-

eralize. As a result, we need to utilize other metrics to effectively assess the model’s

performance and better understand its characteristics. In order to do so, we first define

some basic evaluation metrics:

Recall =
TP

TP + FN

Specificity =
TN

TN + FP

Precision =
TP

TP + FP

NegativePredictiveValue(NPV ) =
TN

TN + FN

Recall indicates how many of the total positive class instances were correctly identified,

while specificity is its symmetrical counterpart regarding the negative class instances.

Then, precision measures the ability of the model to correctly classify the positive class,

whereas the analogous negative predictive rate is not often employed for model evaluation.

By plotting recall and specificity at different classification threshold values, one can

generate the receiver operating characteristic (ROC) curve. The area under the ROC (AUC)

is a metric that describes the overall classification performance of a predictive model and

it constitutes the main focus of many related studies [104, 14], with respect to model

evaluation. Respectively, by plotting precision against recall in a similar manner, one can

generate the Precision-Recall curve (PRC) and utilize the area under the PRC (AUPRC) as

a performance metric. PRC visualizes the precision-recall tradeoff, a frequent challenge

for predictive tasks, allowing researchers to find the optimal classification threshold in

accordance with the goals of their experiments. Another metric that is expressed as

a relationship between precision and recall is F1-Score, which is the harmonic mean
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between the two. AUPRC and F1-Score are most informative about a model’s performance,

when identifying the positive class correctly is more important than predicting the negative

class.

In our work, we evaluate the performance of our models on these three aforementioned

metrics (AUROC, AUPRC and F1-Score). As we address a binary classification task with

a highly imbalanced dataset, we tend to focus more on AUPRC and F1-Score. The results

of the AUROC metric are often unreliable, when the minority class is heavily under-

represented, while the AUPRC is more suitable for such problems and provides more

useful information for the behavior of a model [38]. Besides these metric scores, we also

monitor the training rounds that each FL algorithm requires until achieving the best F1-

Score on the validation set, as the communication overhead is an important aspect of the

FL setting.
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Results & Discussion

This chapter presents the experimental results and discussion pertaining to the eval-

uation of the proposed methodologies for early prediction of ICU mortality risk using

federated learning with multivariate time series data. Our main objectives are to ex-

amine the performance of different RNN models integrated within the federated learning

framework, conduct a comparative analysis of various state-of-the-art federated learning

algorithms and explore the impact of participation in a FL setting for individual clients.

The first experimental scenario focuses on evaluating the FL models on a foreign test

set, thus exploring their generalizability and the degree of incorporation of each RNN

model within the FL environment. Then, the second experiment investigates the sensi-

tivity and robustness of FL algorithms in federated learning environments with varying

degrees of statistical heterogeneity, by including a ninth artificially constructed hospital

with ’extreme’ data distribution into the FL training cohort. The third scenario focuses

on two specific hospitals and measures the effect of their participation, in training a FL

model, on their local test sets, thus indicating the motivation for potential hospitals to

engage in a federated learning environment.

Through the discussion on the results, we provide a comprehensive analysis of the

performance and limitations of the proposed approaches. We aim to gain a deeper un-

derstanding of the attributes of a federated learning environment and the potential of

federated learning for early prediction of mortality risk, which may expand to other prob-

lems both within the healthcare domain and in other industries and fields of interest
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9.1 Results for Experimental Scenario 1

9.1.1 RNN architecture

Table 9.1 contains the metric scores for the CML, LML and FL approaches with the

RNN model. The CML model, which treats the local datasets as a single, centralized

dataset, achieved an AUROC of 0.836, an AUPRC of 0.400 and a F1-Score of 0.473. These

scores are considerably better than the ones obtained with the localized models, which

reached an AUROC of 0.764, an AUPRC of 0.239 and a F1-Score of 0.252 respectively.

Overall, all FL models outperformed the LML models by a significant margin. In terms

of AUROC, the FedProx algorithm, with a score of 0.838, outperformed all the other FL

algorithms, as well as the CML model, while FedAdam had a similar performance, with

a score of 0.837. Then, FedAdam achieved the best AUPRC among the FL models, with

a score of 0.364. However, the F1-Score achieved with FedAdam (0.303) was the worst

among the FL models, whereas the standard FedAvg, with a F1-Score of 0.335, was the

best performing FL model. Besides F1-Score, the FedAvg obtained good AUROC and

AUPRC scores as well, narrowly behind FedProx and FedAdam that led in these metrics.

The remaining server-side optimization FL algorithms, namely FedAdagrad, FedYogi and

FedAvgM, obtained the lowest AUROC and AUPRC scores between the FL models, while

their F1-Scores were comparable to FedProx. The ROC and Precision-Recall curves ob-

tained with the CML, LML and FL approaches and RNN-based models are visualized in

Figures 9.1 and 9.2 respectively.

Regarding the FL training rounds, we observe that the best F1-Score on the validation

set was achieved, on average, after 10 rounds for most FL algorithms. FedProx required

the most training until convergence, achieving it after 12.5 FL rounds, on average, while

FedAvg required 11.2 FL rounds respectively. Among the server-side optimization algo-

rithms, FedAdam reported the best F1-Score on the validation set after 9.8 FL rounds, on

average, while the remaining FL algorithms trained for approximately 9 FL rounds. This

could possibly partly explain their lower AUROC and AUPRC scores in comparison to the

other FL algorithms, as they may have obtained them slightly earlier than the optimal

training time. Overall, the performance of the FL algorithms was significantly better than

the one achieved with the LML approach, while they achieved comparable AUROC and

AUPRC with the CML approach.

Method AUROC AUPRC F1-Score Best FL Round

CML 0.836 ± 0.013 0.400 ± 0.009 0.473 ± 0.029 -

LML 0.764 ± 0.009 0.239 ± 0.009 0.252 ± 0.013 -

FedAvg 0.832 ± 0.037 0.348 ± 0.052 0.335 ± 0.047 11.2 ± 4.3
FedProx 0.838 ± 0.021 0.360 ± 0.039 0.321 ± 0.035 12.5 ± 3.4
FedAdam 0.837 ± 0.022 0.364 ± 0.037 0.303 ± 0.007 9.8 ± 1.2
FedAdagrad 0.815 ± 0.016 0.318 ± 0.016 0.327 ± 0.024 9.3 ± 2.3
FedYogi 0.825 ± 0.021 0.329 ± 0.029 0.325 ± 0.041 9.1 ± 1.1
FedAvgM 0.818 ± 0.023 0.322 ± 0.035 0.314 ± 0.035 8.7 ± 2.2

Table 9.1. Test Performance with RNN architecture
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Figure 9.1. Comparison of ROC curves obtained with CML, LML and FL approaches with
the RNN architecture

Figure 9.2. Comparison of Precision-Recall curves obtained with CML, LML and FL ap-
proaches with the RNN architecture
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9.1.2 LSTM architecture

Table 9.2 contains the metric scores for the CML, LML and FL approaches with the

LSTM model. The ideal CML model achieved an AUROC of 0.894, an AUPRC of 0.499

and a F1-Score of 0.489. The LML approach, which treats each hospital as an isolated

data silo and trains a local model for each hospital, obtained an AUROC of 0.803, an

AUPRC of 0.326 and a F1-Score of 0.384. Among the FL algorithms, FedAvg provided

the best AUROC score, but the worst AUPRC score, 0.899 and 0.446 respectively. It is

important to note that all FL models, except FedYogi, achieved better AUROC scores than

the CML model, with FedProx, FedAdagrad and FedAvgM roughly equalizing the score

of FedAvg with an AUROC of 0.897. The best AUPRC score among the FL methods was

obtained with FedYogi (0.476), approximating the AURPC of the CML model, while the

FedProx, FedAdam and FedAvgM models reached AUPRC scores ranging from 0.453 to

0.456, considerably lower than FedYogi. Regarding F1-Score, FedProx performed the

best with a score of 0.438, whereas FedYogi and FedAdagrad followed up with scores

0.424 and 0.422 respectively. Once again, all FL models outperformed the LML models

in every metric category, showing a better predictive behavior on the foreign test set. The

ROC and Precision-Recall curves obtained with the CML, LML and FL approaches and

LTSM-based models are visualized in Figures 9.3 and 9.4 respectively.

We observe that the LSTM models required further FL training rounds before triggering

the early stopping mechanism, which is probably caused by the increased number of

trainable parameters (the LSTM model involves over three times more parameters than

the RNN model). Again, FedProx required the most FL training rounds until convergence,

18.9 on average, followed by FedAvgM with an average of 17.2 FL rounds and FedAvg

with an average of 16.8 FL rounds. The remaining federated optimization algorithms

achieved convergence in less FL rounds, ranging from 14.7 to 16.5 on average. The

models constructed following all 3 learning approaches were benefited from the LSTM

architecture, achieving better scores for every metric. However, the FL models showed the

most significant improvement, in comparison with the CML approach, as their reported

AUPRC and F1-Scores were closer to the ideal scores of the CML model.

Method AUROC AUPRC F1-Score Best FL Round

CML 0.894 ± 0.007 0.499 ± 0.020 0.489 ± 0.023 -

LML 0.803 ± 0.034 0.326 ± 0.038 0.384 ± 0.020 -

FedAvg 0.899 ± 0.006 0.446 ± 0.037 0.417 ± 0.035 16.8 ± 3.9
FedProx 0.897 ± 0.010 0.456 ± 0.032 0.438 ± 0.014 18.9 ± 3.0
FedAdam 0.895 ± 0.009 0.454 ± 0.029 0.409 ± 0.028 16.5 ± 1.8
FedAdagrad 0.897 ± 0.010 0.449 ± 0.035 0.422 ± 0.036 15.4 ± 1.7
FedYogi 0.893 ± 0.010 0.476 ± 0.022 0.424 ± 0.040 14.7 ± 0.8
FedAvgM 0.897 ± 0.011 0.453 ± 0.038 0.418 ± 0.031 17.2 ± 3.8

Table 9.2. Test Performance with LSTM architecture
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Figure 9.3. Comparison of ROC curves obtained with CML, LML and FL approaches with
the LSTM architecture

Figure 9.4. Comparison of Precision-Recall curves obtained with CML, LML and FL ap-
proaches with the LSTM architecture
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9.1.3 GRU architecture

Table 9.3 contains the metric scores for the CML, LML and FL approaches with the

GRU model. The model constructed with the CML approach obtained an AUROC of 0.895,

an AUPRC of 0.539 and a F1-Score of 0.541. On the other hand, the LML approach with

the localized hospital models achieved an AUROC of 0.807, an AUPRC of 0.360 and a

F1-Score of 0.541, deviating significantly from the metric scores of CML. With regard to

AUROC, the FedAdagrad optimization algorithm reported the highest score, specifically

0.892, while FedAdam, FedProx and FedAvg roughly achieved an equivalent score. In

terms of AUPRC, the model trained with the FedProx algorithm reached a score of 0.507,

the FedAdam model achieved a score of 0.505 and the remaining FL algorithms had a

similar performance ranging from 0.499 to 0.502. The FedAdagrad algorithm also led to

the best F1-Score among the FL methods, reporting a score of 0.512. For this metric,

the other FL algorithms scored considerably lower, with FedAvg scoring 0.489 and the

remaining methods ranging from 0.466 to 0.480. Overall, the FL GRU-based models

performed significantly better than the LML models, while they achieved better AUPRC and

F1-Scores than the respective LSTM-based models. The ROC and Precision-Recall curves

obtained with the CML, LML and FL approaches and GRU-based models are visualized in

Figures 9.5 and 9.6 respectively.

Considering the number of FL training rounds, we observe that the FL algorithms

required on average less FL rounds than the LSTM-based models until convergence, but

considerably higher than those of the RNN-based models. In these experiments, FedAdam

achieved the best F1-Score on the validation set after 16.1 FL rounds on average, while

FedAdagrad and FedAvg required 15.5 and 15.2 FL rounds on average respectively. Then,

FedYogi, FedAvgM and FedProx reported their best FL model approximately after 14 FL

training rounds. Taking everything into account, the GRU-based models achieved a

comparable AUROC to the LSTM-based models, however they reported an improvement

in terms of AUPRC and F1-Score.

Method AUROC AUPRC F1-Score Best FL Round

CML 0.895 ± 0.002 0.539 ± 0.004 0.541 ± 0.020 -

LML 0.807 ± 0.032 0.360 ± 0.021 0.413 ± 0.024 -

FedAvg 0.890 ± 0.007 0.499 ± 0.020 0.489 ± 0.023 15.2 ± 2.3
FedProx 0.891 ± 0.006 0.507 ± 0.016 0.472 ± 0.042 14.2 ± 2.5
FedAdam 0.891 ± 0.005 0.505 ± 0.014 0.480 ± 0.046 16.1 ± 2.1
FedAdagrad 0.892 ± 0.006 0.502 ± 0.018 0.512 ± 0.032 15.5 ± 1.7
FedYogi 0.887 ± 0.007 0.500 ± 0.021 0.475 ± 0.030 13.7 ± 0.7
FedAvgM 0.889 ± 0.008 0.502 ± 0.020 0.466 ± 0.039 13.9 ± 0.9

Table 9.3. Test Performance with GRU architecture
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Figure 9.5. Comparison of ROC curves obtained with CML, LML and FL approaches with
the GRU architecture

Figure 9.6. Comparison of Precision-Recall curves obtained with CML, LML and FL ap-
proaches with the GRU architecture
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9.2 Results for Experimental Scenario 2

9.2.1 Extreme Hospital X1

Table 9.4 contains the metric scores for the CML, LML and FL approaches with the

participation of hospital X1 in the FL training process. The CML model, our point of

reference, achieved an AUROC of 0.870, an AUPRC of 0.461 and a F1-Score of 0.498. The

local models were heavily affected by the increased statistical heterogeneity, leading to an

AUROC of 0.689, an AUPRC of 0.185 and a F1-Score of 0.289. In terms of AUROC, all FL

models performed slightly worse than the CML model, with FedProx achieving the best

AUROC among them (0.854). FedAvg follows up with an AUROC score of 0.852, while the

remaining FL algorithms reported AUROC scores in the range of 0.0848-0.851. Regarding

AUPRC, the FL algorithms were considerably affected by the presence of hospital X1 among

the participants, with FedAvg performing the best with an AUPRC of 0.405. The second

best performing FL algorithm was FedProx with an AUPRC of 0.402, while the server-

side optimization FL algorithms reached an AUPRC ranging from 0.390 to 0.392, besides

FedYogi with an AUPRC of 0.399. Considering the F1-Scores, two of the server-side

optimization FL algorithms, FedYogi and FedAdagrad, stand out, recording a F1-Score of

0.433 and 0.426 respectively, while FedProx and FedAvg achieved a F1-Score of 0.413

and 0.407. Overall, each approach was affected by this new experimental environment,

with the performance of the FL methods slightly deviating from the scores of the CML

approach, compared to the previous experiment with the GRU-based models. The ROC

and Precision-Recall curves obtained with the CML, LML and FL approaches and the

participating hospital X1 are visualized in Figures 9.7 and 9.8 respectively.

Observing the best FL round of each FL algorithm, the first thing to notice is that

the FL methods trained longer before triggering the ES mechanism, compared to the

previous experiment. FedAdagrad required 17.2 FL training rounds on average, while

FedProx and FedYogi needed more than 16 FL rounds before reporting their best F1-

Score on the validation set. The other FL methods converged approximately after 15.5

FL rounds on average. Taking everything into account, the participating hospital X1

altered the characteristics of the global dataset and the FL environment, affecting every

ML approach. The FL methods still outperformed the LML approach, even though they

deviated more from the ideal CML performance.

Method AUROC AUPRC F1-Score Best FL Round

CML 0.870 ± 0.004 0.461 ± 0.046 0.498 ± 0.042 -

LML 0.689 ± 0.030 0.185 ± 0.028 0.289 ± 0.046 -

FedAvg 0.852 ± 0.008 0.405 ± 0.055 0.407 ± 0.058 15.5 ± 2.3
FedProx 0.854 ± 0.008 0.402 ± 0.044 0.413 ± 0.47 16.5 ± 1.2
FedAdam 0.851 ± 0.012 0.392 ± 0.056 0.400 ± 0.072 15.6 ± 2.0
FedAdagrad 0.848 ± 0.007 0.390 ± 0.049 0.426 ± 0.060 17.2 ± 2.4
FedYogi 0.850 ± 0.008 0.399 ± 0.051 0.433 ± 0.050 16.1 ± 1.4
FedAvgM 0.851 ± 0.006 0.392 ± 0.042 0.395 ± 0.074 15.7 ± 2.5

Table 9.4. Test Performance with ’extreme’ hospital X1
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9.2.1 Extreme Hospital X1

Figure 9.7. Comparison of ROC curves obtained with CML, LML and FL approaches with
the ’extreme’ hospital X1

Figure 9.8. Comparison of Precision-Recall curves obtained with CML, LML and FL ap-
proaches with ’extreme’ hospital X1
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9.2.2 Extreme Hospital X2

Table 9.5 contains the metric scores for the CML, LML and FL approaches with the

participation of hospital X2 in the FL training process. The model trained with the CML

approach achieved an AUROC of 0.871, an AUPRC of 0.537 and a F1-Score of 0.526. The

local models performed again significantly worse with an AUROC of 0.728, an AUPRC

of 0.288 and a F1-Score of 0.390. The FL models maintained a performance relatively

closer to that of the centralized ML method, both in terms of AUROC and AUPRC. The

best performing FL algorithm in these two metric scores was FedAvgM, with 0.860 and

0.503 respectively. Regarding AUROC, the remaining FL algorithms showed a similar

performance ranging from 0.854 (FedYogi) to 0.859 (FedAvg and FedProx). With respect

to AUPRC, FedYogi reported the second best score (0.501), while the remaining FL algo-

rithms obtained scores ranging from 0.492 to 0.495, besides the standard FedAvg method

(0.481). Moreover, FedYogi achieved the best F1-Score (0.477), followed by the rest of the

server-side optimization FL methods, with FedAvgM and FedAdagrad reaching a F1-Score

of 0.463. FedProx considerably underperformed in comparison to the other FL algorithms,

achieving a F1-Score of 0.405, a slight improvement upon the F1-Score of the LML ap-

proach. On average, the FL methods effectively handled the additive statistic heterogeneity

of hospital X2, maintaining their performance with reference to the CML approach. The

ROC and Precision-Recall curves obtained with the CML, LML and FL approaches and

the participating hospital X2 are visualized in Figures 9.9 and 9.10 respectively.

Considering the number of FL training rounds for each FL algorithm, we observe that

all FL algorithms required more FL training on average than in the previous experiments,

before reaching the best F1-Score on the validation set and triggering the early stopping

mechanism. The FedAvgM method required the most FL rounds on average (20.2), while

FedAdam needed the least for convergence (19.1). Overall, we observe that CML obtained

comparable metric scores to our previous basic experiment with the GRU-based models,

while the FL algorithms were slightly affected in a negative manner.

Method AUROC AUPRC F1-Score Best FL Round

CML 0.871 ± 0.012 0.537 ± 0.029 0.526 ± 0.032 -

LML 0.728 ± 0.032 0.288 ± 0.037 0.390 ± 0.025 -

FedAvg 0.859 ± 0.011 0.481 ± 0.038 0.447 ± 0.062 19.2 ± 2.0
FedProx 0.859 ± 0.013 0.492 ± 0.027 0.405 ± 0.052 19.6 ± 3.8
FedAdam 0.857 ± 0.013 0.495 ± 0.032 0.452 ± 0.048 19.1 ± 2.6
FedAdagrad 0.857 ± 0.013 0.492 ± 0.034 0.463 ± 0.054 19.3 ± 1.5
FedYogi 0.854 ± 0.012 0.501 ± 0.036 0.477 ± 0.038 19.2 ± 3.2
FedAvgM 0.860 ± 0.011 0.503 ± 0.026 0.463 ± 0.052 20.2 ± 3.2

Table 9.5. Test Performance with ’extreme’ hospital X2
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9.2.2 Extreme Hospital X2

Figure 9.9. Comparison of ROC curves obtained with CML, LML and FL approaches with
the ’extreme’ hospital X2

Figure 9.10. Comparison of Precision-Recall curves obtained with CML, LML and FL ap-
proaches with ’extreme’ hospital X2
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9.3 Results for Experimental Scenario 3

9.3.1 Examination of Hospital G

Table 9.6 contains the metric scores for the LML and FL approaches with and without

the participation of hospital G in the FL training process on its local test set. It is important

to restate that hospital G consists of only 930 ICU stays, showing a 5.6% mortality ratio.

The local model of hospital G achieved an AUROC of 0.775, an AUPRC of 0.322 and a

F1-Score of 0.320, unable to learn more complex relationships about its data due to the

limited size of the training dataset. The FedAvg algorithm with the training hospitals

besides hospital G (TransferFL) achieved an AUROC of 0.827, an AUPRC of 0.282 and a

F1-Score of 0.341, improving in terms of AUROC and F1-Score upon the local hospital G

model, but still showing limitations, which can be pinpointed on the AUPRC metric score.

Nevertheless, all FL methods that included hospital G in the training process performed

better than TransferFL. FedYogi was particularly effective, obtaining the best scores for

every evaluation metric, with an AUROC of 0.888, an AUPRC of 0.497 and a F1-Score

of 0.488. Regarding AUROC, the other FL methods reported scores ranging from 0.885

to 0.887, while, in terms of AUPRC, FedProx reached the second highest score (0.494),

followed by FedAvg and FedAvgM (0.492). In relation to F1-Score, besides FedProx (0.444)

and FedAvgM (0.414), the other FL algorithms reached more similar scores to FedYogi,

ranging from 0.465 to 0.470. It is evident that the participation of hospital G in the

federated network had a significant positive impact on the final model, as it performs

considerably better than both the corresponding FL model without hospital G and the

local model of hospital G.

TransferFL achieved convergence slower than the FL algorithms with the participation

of hospital G. It required 17 FL rounds on average for achieving the best F1-Score on the

validation set, while the other FL models required from 13.6 (FedAvgM) to 15.3 (FedProx)

FL rounds on average. Overall, hospital G provided useful information to the FL network,

thus helping in developing a more robust and efficient predictive model for its local data

as well. It outperforms the FL model without hospital G, thus providing strong motivation

for its participation in FL training.

Method AUROC AUPRC F1-Score Best FL Round

LML 0.775 ± 0.055 0.322 ± 0.156 0.320 ± 0.117 -

TransferFL 0.827 ± 0.011 0.282 ± 0.057 0.341 ± 0.033 17.0 ± 1.2
FedAvg 0.887 ± 0.036 0.492 ± 0.129 0.470 ± 0.138 14.7 ± 1.1
FedProx 0.887 ± 0.037 0.494 ± 0.130 0.444 ± 0.084 15.3 ± 1.3
FedAdam 0.886 ± 0.036 0.488 ± 0.126 0.465 ± 0.095 14.0 ± 0.8
FedAdagrad 0.885 ± 0.038 0.488 ± 0.131 0.466 ± 0.159 14.6 ± 1.1
FedYogi 0.888 ± 0.039 0.497 ± 0.135 0.488 ± 0.142 14.4 ± 1.0
FedAvgM 0.886 ± 0.034 0.492 ± 0.129 0.414 ± 0.073 13.6 ± 1.4

Table 9.6. Test Performance on Hospital G
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9.3.2 Examination of Hospital C

Table 9.7 contains the metric scores for the LML and FL approaches with and without

the participation of hospital C in the FL training process on its local test set. Hospital

C contains the most data samples among the training hospitals, with 1,788 patient ICU

stays and a 4.1% mortality ratio. The local model of hospital C achieved an AUROC of

0.792, an AUPRC of 0.324 and a F1-Score of 0.328. On the other hand, the FL model

with the collaboration of the other 7 training hospitals, referred as TransferFL, reached

an AUROC score of 0.802, an AUPRC score of 0.244 and a F1-Score of 0.320. However,

both approaches are outperformed by the FL models with the training cohort of all 8

hospitals. FedYogi achieves the best AUROC score of 0.814, while the other FL algorithms

reported scores in the range of 0.810 to 0.812. In terms of AUPRC, another server-

side optimization FL algorithm, FedAdam, achieved the best score of 0.382, followed by

FedAvgM and FedYogi with scores 0.378 and 0.376 respectively. Then, regarding F1-

Score, FedAdagrad reached a score of 0.388, the best among the implemented methods in

this experiment. FedAvg and FedAvgM provided the best F1-Scores besides FedAdagrad,

0.382 and 0.379 respectively, and FedAdam obtained the worst F1-Score among these FL

algorithms (0.347). Once again, the local model of hospital C and the FL model trained

by the remaining 7 hospitals fail to perform as good as the FL models that were developed

with the participation of hospital C in the collaborative training process.

Regarding the FL round when the best F1-Score on the validation set was observed,

FedAvgM required 19.3 training rounds on average, more than any other FL method.

Then, TransferFL and FedAdagrad needed 17.9 FL rounds on average before obtaining the

best F1-Score on the validation set, while, for the remaining FL algorithms, the training

rounds before achieving this ranged from 14.8 (FedAvg) to 16.9 (FedYogi). Overall, hospital

C, as the hospital with the most data within the training cohort, should theoretically be

capable to train a powerful predictive model on its own, reducing the positive impact of

FL on its local dataset. However, we observe that the FL methods, with the participation

of hospital C, also led to a considerable increase in the evaluation metric scores for the

local test set of hospital C.

Method AUROC AUPRC F1-Score Best FL Round

LML 0.792 ± 0.056 0.324 ± 0.154 0.328 ± 0.049 -

TransferFL 0.802 ± 0.033 0.244 ± 0.026 0.320 ± 0.026 17.9 ± 1.6
FedAvg 0.811 ± 0.058 0.371 ± 0.124 0.382 ± 0.136 14.8 ± 1.2
FedProx 0.810 ± 0.060 0.373 ± 0.132 0.367 ± 0.142 16.0 ± 1.4
FedAdam 0.812 ± 0.058 0.382 ± 0.135 0.347 ± 0.119 15.7 ± 0.7
FedAdagrad 0.811 ± 0.061 0.370 ± 0.140 0.388 ± 0.132 17.9 ± 3.6
FedYogi 0.814 ± 0.060 0.376 ± 0.140 0.354 ± 0.134 16.9 ± 0.6
FedAvgM 0.812 ± 0.059 0.378 ± 0.134 0.379 ± 0.140 19.3 ± 1.1

Table 9.7. Test Performance on Hospital C
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9.4 Discussion

In this work, we studied the performance of federated learning on task of early predic-

tion of ICU mortality risk, using multivariate time series data, with a real world, multi-

center database. We simulated various FL environments, each of them designed to gain

insight into the efficiency of FL algorithms in the presence of statistical heterogeneity. We

integrated different RNN-based models into the federated learning setting, while testing

the generalizability of the FL models on a foreign test set. Then, we explored how ’extreme’

FL clients, that increase the heterogeneity of the federated network, affect the training of

FL models in comparison to the ideal centralized ML approach. Finally, we focus on

single hospital units and evaluate the performance of models created collaboratively be-

tween them and a cohort of training hospitals in comparison to other privacy-preserving

approaches (a local model of the studied hospital or a FL model without its participation).

The results of our experiments, which we previously presented, indicate the advantages

of federated learning over the standard privacy-preserving approach of localized mod-

els, while its performance often approximates the performance of the ideal, but heavily

restricted due to data privacy risks, CML approach.

9.4.1 Experimental Scenario 1

One of the main objectives of the first scenario was to assess the performance of

different recurrent neural network architectures (RNN, LSTM and GRU) on this problem.

Studying tables 9.1, 9.2 and 9.3, we observe that the RNN-based model produced the

worst performance scores for every evaluation metric, regardless of the learning approach

that was followed. However, we expected this type of predictive behavior, as the basic

RNN architecture involves significantly less trainable parameters than the LSTM and

GRU-based models, as shown in Figure 8.4, therefore being unable to understand more

complex relationships from the input data. Then, the LSTM-based model performed

significantly better, learning underlying patterns that allowed it to achieve higher scores

with the CML, LML and FL approaches. Nevertheless, the less resource-intensive GRU-

based model obtained the best metric scores among the 3 different RNN architectures,

with all 3 approaches (the only exception is the AUROC metric with the FL approach, since

the best federated learning LSTM-based model achieved a score of 0.899, slightly better

than the best federated learning GRU-based model with a score of 0.892 respectively).

Another aspect of FL training that should be taken into account is the communication

overhead. In our experiments, we utilize an early stopping mechanism, monitoring the

F1-Score on the validation set. Consequently, faster convergence to the best F1-Score on

the validation set would reduce the required FL training rounds for developing a robust

model, therefore reducing the total transmission of model parameters over the network.

The FL algorithms employed in this thesis, needed approximately 10 FL rounds before

obtaining their best F1-Score on the validation set during training with the RNN model,

Respectively, when training the LSTM model, the FL methods required just above 16.5

rounds on average, while the training of the GRU model needed less than 15 training
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rounds. Considering the number of trainable parameters for each model, the number

of clients and the FL training process, we calculate that training the LSTM-based model

induced the heavier communication overhead (transmission of over 3.5 million trainable

parameters in total), while the GRU-based model was approximately 30% lighter (with

the transmission of less than 2.5 million parameters in total) and the RNN-based model

was the most resource-efficient among the three, with approximately a fifth of the com-

munication overhead of the LSTM model(with the transmission of roughly 650 thousand

parameters in total).

Then, it is important to evaluate the effectiveness of federated learning, by comparing

the performance of FL models with the CML and LML approaches, which constitute our

two points of reference as the ideal and baseline performance respectively. Table 9.8

shows the performance gap between the best FL approach and the CML and LML ap-

proaches for each model architecture and evaluation metric, thus giving us an insight of

how well the FL models approximate the ideal CML and build upon the baseline LML.

Metric RNN LSTM GRU

FL-CML FL-LML FL-CML FL-LML FL-CML FL-LML

AUROC +0.002 +0.074 +0.005 +0.096 −0.003 +0.085

AUPRC −0.036 +0.125 −0.023 +0.150 −0.032 +0.147

F1-Score −0.137 +0.083 −0.051 +0.054 −0.029 +0.099

Table 9.8. Performance analysis of the best FL model of each RNN architecture, in compar-
ison to the CML and LML

We observe that the LSTM-based models, trained within a federated learning environ-

ment, perform more similarly to the respective CML model, in terms of AUROC (+0.005)

and AUPRC (-0.023), and indicate a larger improvement in performance over the base-

line LML models (+0.096 and +0.150 respectively). Regarding F1-Score, the GRU-based

model seems to be the one better adapted to the FL setting, scoring only 0.029 less than

the CML approach and a substantial 0.099 more than the LML approach. These obser-

vations, along with the communication overhead analysis, render GRU architecture the

most suitable for the task of early prediction of ICU mortality risk using MTS data, within

the FL framework we conduct our experiments.

All models were evaluated on a foreign test set, consisting of data from 4 hospitals

that did not participate in the training phase. This allows us to draw conclusions about

the performance of the model, with regard to its predictions, and the model’s ability

to generalize beyond the training hospitals. We observe that, despite the non-IID local

datasets of the FL clients, the FL models achieve noteworthy metric scores, closely re-

sembling the performance of the CML approach which has access to the entire global

dataset and optimizes the training process. We observe that, based on the performance

on each evaluation metric, the standard FedAvg algorithm performs considerably well,

especially in combination with the RNN-based and LSTM-based models. This highlights

the inherent robustness of the simplest and most commonly used FL algorithm in an
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environment with a certain degree of heterogeneity. The FedProx algorithm, which reg-

ulates the client updates with a proximal term, outperformed FedAvg for certain metrics

and model architectures, such as the F1-Score of the LSTM model (0.438 over 0.417) and

the AUPRC score of the GRU model (0.507 over 0.499), highlighting its ability to han-

dle statistical heterogeneity more efficiently. The server-side optimization FL algorithms,

namely the 3 FedOpt algorithms and FedAvgM, generally converged faster than FedAvg

and FedProx when training the models with the RNN and LSTM architectures, as they

incorporate additional optimization techniques, usually resulting in increased training

efficiency. However, this may have led them to slightly underfitting during training with

the RNN and LSTM models, performing worse than FedAvg and FedProx on average. Con-

sidering the GRU architecture experiment, FedAdam and FedAdagrad required more FL

rounds than FedAvg and FedProx before convergence, which translated into an improve-

ment in their predictive performance, with FedAdagrad providing the best AUROC and

F1-Score among the FL algorithms on this experiment. Taking everything into account, a

more exhaustive fine-tuning could potentially lead to some FL algorithms performing even

better under certain circumstances, however our results indicate that federated learning

is robust to heterogeneous federated networks, leading to the development of powerful,

generalizable models, in contrast to the privacy-preserving localized ML.

9.4.2 Experimental Scenario 2

This second scenario investigated the performance of federated learning in the pres-

ence of ’extremely’ divergent FL clients, in terms of dataset size and class distribution,

from the cohort of training hospitals. First, we added hospital X1 to the training cohort,

which contains 1,900 ICU stays, with just 10 of them resulting in mortality, a mere 0.5%.

Due to its size, this hospital has a contribution of 17% during the aggregation of local

model parameters, significantly affecting the final FL model. As the test set for this exper-

iment derives from the training hospitals and is characterized by a mortality ratio of 4.3%,

we would want to regulate the influence of this hospital, while simultaneously developing

a robust global model.

At first glance, it seems that the federated learning algorithms perform considerably

well, nevertheless affected by the addition of hospital X1. One of our points of focus is

FedProx, which surpasses the standard FedAvg in terms of AUROC and F1-Score and is

slightly behind regarding AUPRC. Even for AUPRC, Figure 9.8 shows that FedAvg achieves

a better combination of precision and recall only as recall is substantially reduced, roughly

approximating 0. This is an indicator of the effect of the proximal term on the client

updates, as they tend to remain closer to the global model of the previous FL round.

Even though increasing the proximal term could further restrict the divergent behavior of

hospital X1, it could deteriorate the FL system’s ability to capture underlying patterns and

relationships from the other FL clients. On a similar note, the server-side optimization FL

algorithms displayed worse performance in these highly heterogeneous settings (in terms

of AUROC and AUPRC), with the exception of FedYogi and FedAdagrad, which provide the

best F1-Scores. This highlights a weakness of this category of algorithms to effectively
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handle this type of client heterogeneity. As a result, we deduce that, in heterogeneous

federated networks with highly influential ’extreme’ clients, local-side mechanisms are

more suitable to regulate local model updates, such as a proximal term with FedProx

or control variates with SCAFFOLD. However, the FL approach is seriously impacted, in

comparison to CML. As shown in Table 9.9, the best FL metric scores diverge considerably

more from the respective CML scores, in the presence of hospital X1. Even though the

FL performance is significantly better than the performance of LML models (which also

include hospital X1), we evaluate federated learning with CML as a point of reference,

therefore regarding this scenario demanding for federated learning.

Analogously, our second sub-scenario involves hospital X2, which contains only 300

ICU stays, with 75 of them resulting in mortality, a ratio of 25%. With regard to its

size, hospital X2 has a small contribution of 3% during the aggregation of the local

model updates. Once more, the dataset of this artificial hospital is biased in comparison

to the other participating hospitals and the global data distribution, requiring special

treatment during FL training, while the combined test set from the participating hospitals

is characterized by a mortality ratio of 5.7%.

The results for this experiment provide us with an insight into the performance of the

FL algorithms from another point of view. The FedProx algorithm could be considered the

most unsuitable among the FL optimization algorithms for this sub-scenario. In this case,

the regulation of the local model updates with the proximal term does not allow hospital

X2 to train ’freely’ its local model. As a result, the minor contribution of hospital X2 to

the final model is actually reduced even further, since the hospital X2 model update is

limited to be closer to the previous global model. This can be observed both with AUPRC

and F1-Score, where especially the value of the latter for FedProx is considerably lower

than the other FL methods. Similarly, we observe that the standard FedAvg algorithm is

outperformed by the server-side optimization FL algorithms, as it also fails to effectively

utilize the available information from the heterogeneous network of clients. On the con-

trary, the 3 FedOpt algorithms (especially FedYogi) and FedAvgM perform significantly

better, in relation to AUPRC and F1-Score which are the most informative metrics for

this imbalanced task. This indicates that server-side optimization and local-side training

without regulations is a more appropriate FL approach to this problem, as it does not

further weigh down the influence of clients with smaller datasets. Table 9.9 shows that

the difference between the best FL and CML scores has increased, however not as much

as in the first sub-scenario, partly because of the size of hospital X2.

Metric GRU GRU + X1 GRU + X2

FL-CML FL-LML FL-CML FL-LML FL-CML FL-LML

AUROC −0.003 +0.085 −0.016 +0.165 −0.011 +0.132

AUPRC −0.032 +0.147 −0.056 +0.220 −0.034 +0.215

F1-Score −0.029 +0.099 −0.065 +0.144 −0.049 +0.087

Table 9.9. Performance analysis of the best FL models from scenario 2 and the GRU-based
model from scenario 1, in comparison to the CML and LML
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9.4.3 Experimental Scenario 3

The third scenario focuses on individual hospitals, evaluating the impact of their

participation in a FL environment on their local test sets. Our first point of interest is

hospital G of the training cohort, containing 930 ICU stays with a 5.6% mortality ratio.

Table 9.6 indicates that hospital G contains few data to train a robust predictive model

and the privacy-preserving transfer learning alternative, adopting a FL model trained on

the remaining hospitals of the training cohort, fails to generalize sufficiently to capture the

characteristics of the hospital G’s dataset. By incorporating hospital G into the federated

training network, we observe a substantial improvement in every metric score, regardless

of the employed FL method. Even though hospital G has a minor 8% contribution during

the model weights aggregation at the server-side, it clearly improves the final model by

exposing it to a subset of its local data during training. FedYogi algorithm achieved

the best scores in every evaluation metric, however most FL algorithms had roughly

similar performance in terms of AUROC and AUPRC. As we expected, by participating in

FL training, hospital G advances the development of a more generalizable model, which

simultaneously constitutes the most effective, privacy-preserving solution for predictions

on its local data.

Since hospital G contains limited data, it is strongly motivated to participate in a FL

environment, in order to develop a robust model that has also been trained on its unique

set of patient ICU stays. Our next step was to explore the impact of participation for a

larger hospital, thus focusing on hospital C. It contains data for 1,788 ICU stays with a

4.1% mortality ratio, the largest hospital of our training cohort. According to our results,

shown in Table 9.7, the local model of hospital C achieves slightly better metric scores

than those achieved earlier by the local model of hospital G, mainly due to the increase

in data availability. The transfer learning FL model performs overall worse than the local

model, potentially due to the absence of the hospital C that provided the most data to the

federated network (which also changes the dynamics of the FL environment, with all FL

clients now contributing more to the final model). Then, we observe that the FL methods

with the participation of hospital C achieve the best scores for all evaluation metrics,

even though they do not improve upon the performance of the local model as much as

for hospital G. One of the main reason behind this behavior is that hospital C already

has a sufficient amount of data to train a satisfactory predictive model. Nevertheless,

participating in the development of a FL model again leads to a noticeable improvement,

especially in terms of AUPRC and F1-Score. Consequently, even though a larger hospital

seems to gain less from FL participation, in contrast to a smaller-sized hospital, there are

still significant advantages to be reaped from collaboratively building a FL model, with

regard to both improving performance on the local data and obtaining a generalizable

model with respect to the global data.
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This thesis addressed the problem of multi-center collaboration on the early ICU mor-

tality risk prediction problem with multivariate time series data. We studied the effective-

ness of different privacy-preserving FL algorithms on a realistic, non-IID federated net-

work of hospitals, comparing them to the ideal centralized ML approach and the baseline,

privacy-preserving local ML approach. Our study cohort derives from the eICU Collab-

orative Research Database, which contains real world data for ICU stays from multiple

hospitals across the US, thus allowing us to recreate a real-life, heterogeneous environ-

ment. To train our models, we employed deep neural network architectures, focusing

on RNN, LSTM and GRU, and their integration within the FL framework. We designed a

series of experimental scenarios in order to gain insight into different aspects of federated

learning, such as global model generalizability, sensitivity to ’extreme’ FL clients and the

importance of participation in the FL setting.

The results of our experiments showcase the potential of federated learning in a task

where data privacy and security is of paramount importance. Among the three recurrent

neural network models we implemented, we observed that the GRU-based model consti-

tutes the golden ratio in the tradeoff between performance and communication overhead

in the FL setting for this task, whereas the LSTM-based model was the most resource-

intensive and the performance of the RNN-based model deviated the most from the ideal

CML method. Simultaneously, the FL models achieved robust scores on a foreign test set,

therefore highlighting the capacity of FL models to generalize beyond the training data

in contrast to localized models. Then, in the presence of a FL client with an ’extreme’

data distribution against the under-represented class and significant contribution to the

model aggregation phase, our results indicate local-side mechanisms, such as the proxi-

mal term of FedProx, are more suitable to regulate any negative effects on the final model.

On the other hand, in the presence of a FL client with an ’extreme’ data distribution

towards the under-represented class (in comparison to the training cohort) and minor

contribution to the global model, we observe that server-side optimization FL algorithms

(such as FedYogi) perform better, as they allow the FL clients to train without restrictions

and employ optimization techniques during weight aggregation. Moreover, we measure

the impact of a hospital partaking in a FL training process, showing that, besides smaller

sized hospitals, larger sized, more ’powerful’ hospitals can also be individually benefited

from contributing to the development of a FL model.
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However, we should state certain limitations of our experiments, which point out some

intriguing future research directions. Initially, regarding the task of early ICU mortality

risk prediction, it would be interesting to develop ML models that process both temporal

variables, such as vital signs and lab tests, but also static characteristics, such as age,

diagnosis and patient history, and integrate them into the FL setting, measuring their per-

formance. Another interesting direction would be to explore the re-sampling frequency

of the MTS data used in this thesis and determine the frequency that provides the most

useful information to the predictive models. Then, regarding the federated learning set-

ting, experiments with a larger number of participating hospitals would create different

dynamics in the FL environment and provide more representative results of the study

cohort. Moreover, one could focus on specific FL algorithms and study their behavior in

different settings with a more exhaustive hyperparameter fine-tuning, as well as develop

personalized federated learning algorithms to adapt more effectively to individual client

datasets.
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IoT Internet of Things

LSTM Long Short-Term Memory

ML Machine Learning

MTS Multivariate Time Series

NN Neural Network

PCA Principal Component Analysis

RNN Recurrent Neural Network

SGD Stochastic Gradient Descent

TCN Temporal Convolutional Network
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