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RESUME EN FRANCAIS

CHAPITRE I: INTRODUCTION

L'intelligence artificielle transforme le secteur de la santé a une vitesse fulgurante en intervenant
dans tous les secteurs. Parallelement, avec |'adoption massive et l'intégration des données en
ligne et réseaux sociaux dans nos vies, une nouvelle source de données a émergé qui peut étre

exploitée a des fins épidémiologiques.

Le diabete est une maladie chronique qui touche 463 millions d'adultes (agés de 20-79 ans) dans le
monde en 2019 et devrait atteindre 700 millions en 2045.*

Cette thése de doctorat explore les méthodes d'intelligence artificielle pour ['analyse des données
des médias sociaux et le développement d'un systeme d'aide a la décision clinique. Le cas d’usage
de ce travail est le diabéte et la détresse liée au diabéte dans le cadre de la World Diabetes Distress

Study.

1.1 Diabéte

1.1.1 Types de diabéte

Le diabete peut étre classé en trois types principaux. Le diabéte de type 1 (DT1) est causé par une
réponse auto-immune dans laquelle le corps attaque les cellules béta productrices d'insuline,
conduisant a une production d'insuline insuffisante ou inexistante. Les origines de cette réponse
auto-immune ne sont pas entierement connues, mais les éléments environnementaux et
génétiques sont suspectés.? Jusqu'a aujourd'hui, le seul traitement existant est l'injection
quotidienne d'insuline pour maintenir une glycémie stable. Le diabéte de type 1 affecte le plus
souvent les patients dans |'enfance, mais les symptémes peuvent parfois se développer plus tard et
représentent 5 a 10 % de tous les cas de diabete.'® Dans le diabete de type 2 (DT2), le corps perd sa
capacité a répondre correctement a l'insuline, également appelée résistance a l'insuline.* Les
origines de la résistance a l'insuline ne sont pas entierement comprises, mais les facteurs de risque

importants sont le surpoids, |'obésité, |'age, l'origine ethnique et les antécédents familiaux.>® C'est
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le type de diabéte le plus courant concernant environ 90 % de tous les cas de diabéte dans le
monde.*® Enfin, le diabéte gestationnel est défini comme une hyperglycémie qui se développe
d'abord au cours de la grossesse et sa prévalence varie fortement selon les régions (Europe : 6,1 %,

Asie du Sud-Est : 15 %, Amérique du Nord : 7 %).%"

1.1.2 Epidémie de diabéte

La prévalence mondiale du diabéte chez les adultes dgés de 20 a 79 ans était estimée a 463 millions
en 2019 (9,3 % de la population mondiale totale dans ce groupe d'age) et devrait augmenter

régulierement pour atteindre 700 millions en 2045 (10,9 % de la population mondiale).

1.1.3 Détresse liée au diabéte

Un sous-concept central du diabéte est la détresse liée au diabéte (DD) qui regroupe des facteurs
psychologiques, tels que le stress, les inquiétudes, les émotions, la fatigue et l'impuissance liés a la
gestion quotidienne du diabete.®® Tout au long de cette these, nous nous référons également aux
profils de détresse liés au diabete, qui englobent les problemes quotidiens liés au diabete exprimés
par les personnes atteintes de diabete. Les deux mesures les plus courantes et validées de DD sont
les questionnaires auto-déclarés: Problem Areas in Diabetes (PAID) et Diabetes Distress Scale
(DDS).}! Par contre, nous avons encore des connaissances limitées sur toutes les sources de
préoccupations, de stress et d'anxiété chez les personnes atteintes de diabéte, y compris celles
émergentes, et les échelles actuelles ne capturent pas l'image compléte de la DD. Les limites de ces
échelles incluent également |'auto-déclaration entrainant des inexactitudes potentielles dans les
données.*?

Une méta-analyse en 2017 a signalé une prévalence globale de 36 % pour la détresse liée au diabéte
chez les personnes atteintes de diabéete de type 2 et une prévalence significativement plus élevée
chez les femmes.® Chez les personnes atteintes de diabete de type 1, la prévalence de la DD est

estimée a environ 20 a 40 %.%

1.2 Réseaux sociaux

1.2.1 Qu’est-ce que C’est?

Le terme réseaux sociaux est apparu au début des années 2000 avec la disponibilité croissante de
l'acces Internet haut débit et peut étre défini comme des applications Web dont la fonction

principale est le développement et ['échange de contenu généré par les utilisateurs.'>* Les réseaux
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sociaux offrent un moyen direct et facile a utiliser d'échanger et de réseauter avec d'autres

personnes par rapport aux médias traditionnels.

En avril 2021, 4,7 milliards de personnes correspondant a 60% de la population mondiale utilisaient
Internet.” Parmi ces internautes, 4,3 milliards étaient des utilisateurs actifs des réseaux sociaux
(55% de la population mondiale) et passaient en moyenne 2 heures 22 minutes par jour sur les
réseaux sociaux, montrant la popularité et ['omniprésence des réseaux sociaux dans toutes nos

vies." llsinfluencent lafagcon dont nous vivons, travaillons et communiquons les uns avec les autres.

Aux Etats-Unis, la plateforme en ligne la plus populaire est Youtube avec 81 % d'utilisateurs, suivie
de Facebook avec 69 % et d'Instagram (40 %).'® Twitter se situe au milieu de terrain avec 23%
d'utilisateurs actifs et une plus grande popularité parmi les 18-29 ans par rapport aux personnes
plus agées. Les plus jeunes préferent Snapchat, Instagram, Facebook et YouTube, tandis que les
personnes plus agées sont généralement moins présentes sur les autres médias sociaux que

Facebook et YouTube.®

1.2.2 Le cas de Twitter

La thése est centrée sur les données de la plateforme Twitter, une plateforme de micro-blogging
avec 396 millions d'utilisateurs actifs en avril 2021 et 500 millions de tweets envoyés chaque jour.}"*
Une particularité de Twitter par rapport a ses homologues des médias sociaux est son caractere
public. Généralement, les informations partagées sur Twitter sont publiques et potentiellement

consultables par tous dans le monde, y compris par les personnes sans compte Twitter.”

La majorité des utilisateurs de Twitter sont des hommes (68,5 %) et 4gés de moins de 50 ans, 25,2 %
des utilisateurs ayant entre 18 et 24 ans, 26,6 % entre 25 et 34 ans et 28,4 % entre 35 et 49 ans.'” Une
enquéte sur les utilisateurs adultes de Twitter aux Etats-Unis a partir de 2019 a montré leur niveau
d'éducation élevé, avec 42% ayant obtenu un dipldme universitaire, contre 31% dans la population
générale des Etats-Unis.?? En outre, les utilisateurs de Twitter se situent souvent de maniére
disproportionnée dans la classe des revenus élevés avec 41% gagnant plus de 75 000 $, contre 32%

de la population générale qui dépasse ce seuil.?
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1.2.3 Les médias sociaux pour la recherche en santé publique

Le caractere public de Twitter et par conséquent 'acces facile aux données est certainement la
principale raison de son attrait pour les chercheurs.” Une enquéte a confirmé que les utilisateurs
des réseaux sociaux échangent sur leurs expériences personnelles de santé avec des amis ou en
groupe, collectent des fonds pour attirer l'attention sur un probleme de santé spécifique ou
recherchent des informations sur la santé.*

Le suivi de ces informations, traitements et sentiments liés a la santé, liés aux publications ou aux
discussions sur les réseaux sociaux, offre de nouvelles opportunités de développer des méthodes

pour améliorer les soins de santé.? %

Bour et al. ont fourni un apercu détaillé de ['utilisation des médias sociaux pour la recherche en
santé.?® Ils ont observé le caractere évolutif de |'utilisation des médias sociaux dans la recherche en
santé, de la concentration sur les maladies transmissibles (par exemple la grippe, le VIH)**° dans
des études antérieures a linclusion et plus récemment, des stratégies de recrutement et de la

collecte de données pour l'infoveillance (surveillance syndromique par internet).?3!

Cependant, la mauvaise qualité et la fiabilité des médias sociaux représentent des obstacles a leur
facilité d'utilisation.*? Contrairement a la médecine fondée sur les faits, qui ne met pas l'accent sur
les histoires anecdotiques, les médias sociaux ont tendance a les souligner.* Les atteintes a la vie
privée des patients peuvent potentiellement causer beaucoup plus de dommages sur les réseaux
sociaux qu'en face a face avec le professionnel de la santé en raison du caractére ouvert du SM et de
la permanence des informations numériques.> D'autres problemes éthiques liés au SM a des fins de
santé sont ['obtention du consentement des utilisateurs en ligne, en particulier pour les adolescents
ou leurs parents, et la préservation de |'anonymat des participants a l'étude.>® Pour le moment,
aucune directive générale officielle n'existe pour traiter ces questions éthiques sur les médias

sociaux.®

1.3.4 Réseaux sociaux pour la recherche sur le diabéte

Les médias sociaux, tels que Twitter, sont de plus en plus populaires parmi les personnes atteintes
de diabéte.* Dans une analyse qualitative de diverses plateformes SM, les chercheurs ont montré
que les personnes atteintes de diabeéte partagent des conseils pratiques, se connectent en groupe
et partagent des éléments de leur quotidien avec humour et fierté.>” Une autre revue souligne le role

bénéfique des communautés en ligne sur le diabéte avec relativement peu de conséquences
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négatives.*® Potentiellement, ces plateformes offrent une forme de soutien social aux personnes
atteintes de diabéte, ce qui semble étre le principal moteur de l'adhésion au traitement.®
Béguerisse-Diaz et al. ont trouvé des groupes thématiques tels que les informations sur la santé, les

actualités, les interactions sociales, les tweets commerciaux et humoristiques.*

Les interventions sur les réseaux sociaux, par le biais d'appareils technologiques (par exemple, les
téléphones portables) pour les programmes d'éducation et de sensibilisation a la santé, ont un
impact bénéfique sur laréduction de I'HbAlc et augmentent la satisfaction des patients.**? De plus,
il a été démontré que les réseaux sociaux ont un effet positif sur la réduction de I'HbAlc et

['autogestion.***

Le crowdsourcing pour recueillir des informations aupres de lacommunauté en ligne du diabéte est
également une application utile, par exemple, pour la surveillance de la sécurité des dispositifs pour

le diabéte.*>*

1.3 Langage naturel dans ’aide a la décision clinique

La quantité exponentiellement croissante de données textuelles en ligne avec un intérét clinique
(dossiers de santé électroniques, interactions médecin-patient, réseaux sociaux, etc.) rend difficile
pour les professionnels de santé d'analyser et d'extraire des informations précieuses et, par
conséquent, d'exercer une médecine basée sur les faits. Dans le systeme de santé actuel, les
professionnels de la santé sont fréquemment confrontés a des situations dans lesquelles ils ne
savent pas que des données spécifiques sur les patients sont accessibles en ligne, ni comment y
accéder, n'ont pas le temps de les rechercher ou ne sont pas a jour avec les dernieres avancées en

matiere de recherche médicale.*"*

Des outils intelligents d'aide a la décision clinique permettent de sortir de ce dilemme. Ils
permettent de filtrer efficacement ces données, d'extraire les informations pertinentes et de les
présenter de maniere compréhensible. Cependant, les freins qui entravent ['adoption a grande
échelle de ces outils dans la pratique clinique sont des interfaces utilisateur médiocres, 'incapacité
aintégrer ces outils naturellement dans la routine du professionnel de la santé, la conception de ces
outils d'un point de vue trop technique, ou un manque d'acceptation globale par les médecins.*-%

Dans un rapport, Bates et al. ont partagé dix enseignements tirés de la mise en ceuvre de systemes
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d'aide a la décision clinique, dans lesquels ils soulignent l'importance de la convivialité de ['outil,

permettant aux professionnels de la santé de « faire ce qui est juste ».

Une autre raison importante de l'adoption limitée est la nature « black box » des algorithmes
d'apprentissage automatique incorporés dans ces systemes, et leur manque d'interprétabilité pour
les médecins et les ingénieurs qui les ont développés.®*** En réponse a ce phénoméne, une feuille
deroute surl'aide a la décision clinique a été publiée par I'American Medical Informatics Association
(AMIA) identifiant trois directions principales pour parvenir a une large adoption : 1) Les meilleures
connaissances disponibles en cas de besoin; 2) Adoption élevée et utilisation efficace; 3)

Amélioration continue des connaissances et méthodes des systéemes d'aide a la décision clinique.®

Dans cette these, nous visons a examiner la premiére direction a suivre pour structurer, analyser et
présenter au mieux les connaissances et comment les lacunes connues entravant |'adoption de
systéemes d'aide a la décision clinique peuvent étre comblées, telles que l'interprétabilité, la facilité

d'utilisation et la gestion de grands corpus de données.

CHAPITRE II: OBJECTIFS

Aborder une question de recherche en épidémiologie traditionnelle repose principalement sur des
hypothéses. Contrairement a cette stratégie, dans cette these, une approche axée sur les données
est suivie. Les apports de ce travail sont doubles. Sur le plan épidémiologique, cette these
exploratoire vise a extraire des données liées au diabete des informations qui pourraient ensuite
étre utilisées dans une prochaine étape pour formuler des hypotheses qui sont étudiées dans un
cadre plus traditionnel. Coté technique, l'objectif était le développement et la validation
d'algorithmes d'apprentissage automatique innovants, qui ont ensuite été rendus open-source

pour inciter lacommunauté a les réutiliser pour leurs travaux de recherche.

2.1 Profils de diabéte et de détresse liés au diabete

Le premier objectif de cette these était d'identifier les profils de diabéte et de détresse liés au
diabéte et les préoccupations liées au diabéte a l'aide des données des réseaux sociaux. A notre
connaissance, il s'agissait de la premiere étude a recueillir des informations sur les principales

préoccupations liées au diabete a |'aide des données des réseaux sociaux.
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2.2 Relations causales

Actuellement, il est difficile d'identifier automatiquement les associations de cause a effet dans les
données textuelles. Dans le deuxieme objectif de cette these, la détection de paires cause-effet dans
les tweets liés au diabete a été étudiée en utilisant de puissants algorithmes d'apprentissage
automatique. A l'instar du premier objectif, il s'agit de la premiére étude portant sur l'identification

des paires cause-effet dans les tweets liés au diabéte.

2.3 FeedbackExplorer- Aide a la décision clinique

Les professionnels de la santé pratiquent la médecine factuelle sur la base des meilleures
connaissances disponibles. La quantité exponentiellement croissante de données biomédicales
(littérature, DSE, réseaux sociaux) pose de sérieuses difficultés pour exercer correctement ['EBM sur
la base d'informations récentes et a jour. Le troisieme objectif aborde la partie synthese de la
littérature dans le processus de prise de décision clinique et traite du développement d'une
méthodologie pour structurer, analyser et visualiser efficacement la littérature scientifique en
mettant |'accent sur l'interprétabilité, la facilité d'utilisation pour les praticiens de la santé sans

connaissances en programmation et la capacité a gérer de grands corpus de données.

CHAPITRE Ill: CONCEPTS GENERAUX

3.1 Données

La principale source de données pour le premier et le deuxieme objectifs était Twitter. Les données
ont été téléchargées via l'interface de programmation d'application de Twitter permettant aux
utilisateurs de définir des mots-clés liés au diabéte et de renvoyer les tweets correspondants a partir
d'un échantillon aléatoire de 1 % de tous les tweets. Toutes les données recueillies dans ce travail
ont été publiées publiquement sur Twitter. Conformément a la politique de confidentialité de

Twitter, les utilisateurs s'engagent a rendre ces informations accessibles au grand public.?*

Le troisieme objectif évalue ['outil de prise de décision clinique sur sa capacité a structurer les
résumés PubMed, une grande base de données bibliographiques biomédicales contenant plus de

33 millions de références a des articles de revues biomédicales et des sciences de la vie a partir de
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1946 et fournies par la National Library of Medicine.® Les résumés PubMed sont classés
hiérarchiquement via des codes MeSH (Medical Subject Headings), utilisés pour l'indexation, le

catalogage et la recherche de documents biomédicaux.

3.2 Apprentissage automatique et traitement du langage naturel

L'apprentissage automatique est une branche de l'intelligence artificielle congue pour apprendre
de l'environnement et de 'expérience.*” Une fois |'apprentissage d'un algorithme terming, il est

capable de généraliser et de traiter des données invisibles par rapport a la tache souhaitée.

Une architecture spécifique des algorithmes d'apprentissage automatique sont les réseaux de
neurones (NN), ou les réseaux de neurones artificiels (ANN), qui ont été inspirés par les efforts visant
asimuler le fonctionnement du cerveau avec les neurones, étant les nceuds, et les connexions entre
eux.”® Dans les réseaux multicouches ou a action directe, les neurones sont disposés en couches
dans lesquelles plusieurs couches cachées sont placées entre la couche d'entrée et la couche de
sortie. Une architecture de réseau de neurones comportant plusieurs couches cachées empilées les

unes sur les autres est communément appelée apprentissage en profondeur (“Deep learning”).*

Le langage humain est complexe, rempli d'ambiguités et sujet a l'interprétation d'une personne, ce
qui rend extrémement difficile le développement de programmes qui déterminent de maniére fiable
le sens voulu des données textuelles. Le traitement du langage naturel (NLP) explore comment les

ordinateurs peuvent étre utilisés pour comprendre et manipuler le langage naturel.®

3.3 Représentation des données

Les algorithmes d'apprentissage automatique fonctionnent généralement avec des données
numériques et préferent des entrées et des sorties de longueur fixe bien définies, alors que les
données textuelles sont généralement désordonnées. Ainsi, les données textuelles, telles que les
données des réseaux sociaux, doivent étre transformées en nombres. Deux percées clés ont entrainé
['essor du traitement du langage naturel ces dernieres années et ont révolutionné la fagon dont les
données textuelles sont transformées en nombres utiles : premiérement, la capacité a générer des
représentations vectorielles significatives de mots, appelées word embeddings ou vecteurs denses,
déclenchée par la méthode word2vec® et étendu par FastText;* et deuxiemement, d'améliorer les
méthodes mentionnées précédemment par la possibilité de générer des représentations de mots et

de phrases sensibles au contexte® a 'aide d'une architecture de type “Transformer”.
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Les word embeddings FastText constituent la base des trois objectifs et le modele BERT joue un réle

crucial dans notre deuxieme objectif d'identifier les associations causales.

Tout au long de ce travail, la “similarité cosinus” a été appliquée pour déterminer la similarité entre

les mots, les phrases ou les tweets.

3.4 Algorithmes supervisés

Les algorithmes d'apprentissage automatique concernent la reconnaissance de formes dans les
données. Ils sont un outil utile pour distinguer les données pertinentes des données non
pertinentes. Les méthodes d'apprentissage supervisée apprennent un modéle a partir de données

d'entrainement étiquetées pour effectuer des prédictions sur des données invisibles.

L'algorithme d'apprentissage automatique supervisé Support vector machine (SVM)%¢ vise a
trouver un hyperplan optimal qui sépare au mieux les classes en maximisant la distance entre
Chyperplan lui-méme et les points de données les plus proches. Dans le premier et le deuxieme
objectif de cette thése, le SVM a été utilisé dans le pipeline de prétraitement pour filtrer uniquement

les tweets pertinents et, par conséquent, supprimer le bruit.

3.5 Algorithmes non supervisés

Les algorithmes non supervisés visent a trouver des regroupements de documents similaires dans

une collection de documents.

L'algorithme de clustering K-means est un algorithme non supervisé simple et largement utilisé qui
crée une décomposition « plate » des données en un ensemble de clusters.® Le premier objectif a

utilisé l'algorithme K-means pour détecter les clusters a partir de tweets.

Le clustering hiérarchique (HC) est une forme de clustering dans laquelle la solution est présentée
sous forme d'arbres. Le clustering hiérarchique est idéalement situé pour l'exploration et la
visualisation interactives, car il permet 'extraction de diverses partitions plates de solutions de
clustering de différents niveaux de granularité.®* Un nouvel algorithme de regroupement
hiérarchique a été développé dans le troisiéme objectif, jetant les bases de ['outil d'aide a la décision

clinique.
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3.6 Reconnaissance d'entité nommée

Lareconnaissance des entités nommées (NER) vise a identifier les entités appropriées et a les classer
dans des catégories prédéfinies telles que les dates, les produits, les noms ou dans le domaine
biomédical des maladies, des facteurs de risque, des protéines ou des mutations. Généralement, la
tache de NER est formalisée comme une tiche de classification de séquences. Un modele
d'étiquetage de séquence est formé pour attribuer une classe d'étiquette a chaque jeton ou unité

au sein d'une séquence de jetons.

Une méthode standard pour identifier les entités dans un texte sont les champs aléatoires
conditionnels (CRF), une méthode de classification séquentielle statistique,” qui a été appliquée

dans le deuxieme objectif pour détecter les associations causales.

3.7 Apprentissage actif

L'annotation manuelle des données est essentielle pour le développement et |'évaluation réussis
de systemes d'apprentissage automatique sophistiqués. En méme temps, cela prend du temps, est
tres colteux et reste donc un défi pour les groupes de recherche.™ L'apprentissage actif (AL) est une
méthode de sélection d'échantillons visant & minimiser les colits d'annotation, tout en maximisant
les performances des modeles d'apprentissage automatique, en sélectionnant les données
d'entrainement de maniére intelligente.™

La stratégie d'échantillonnage d'incertitude est la plus simple et la plus couramment utilisée, dans
laquelle l'instance est choisie pour laquelle le systéme est le moins sdr de la fagon d'étiqueter.™
Dans le deuxieme et le troisieme objectif, une stratégie d'apprentissage actif, basée sur un
échantillonnage d'incertitude, a été adoptée pour augmenter efficacement les données

d'entrailnement et augmenter les performances tout en minimisant l'effort d'annotation.

3.8 Métriques d'évaluation

Les taches de classification binaire étaient généralement évaluées sur la base des valeurs: les vrais
positifs (TP) sont définis comme le nombre d'instances correctement identifiées et étiquetées
comme appartenant a la classe positive. Les vrais négatifs (TN) correspondent aux instances
correctement identifiées et étiquetées comme appartenant a la classe négative. Les faux positifs
(FP) font référence au nombre d'instances incorrectement identifiées appartenant a la classe
positive et les faux négatifs (FN) spécifient le nombre d'instances incorrectement identifiées comme

appartenant a la classe négative.
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Les mesures de performance typiques tout au long de cette these étaient: accuracy = TP +
TN /(TP +FP+FN+TN); precision = TP /(TP + FP); recall = TP /(TP + FN) and
F1 = 2 + (precision * recall) / (precision + recall).

Ces mesures peuvent également étre étendues pour les taches de classifications multi-classes.

CHAPITRE IV: IDENTIFICATION DES PROFILS DE DETRESSE DIABETE

4.1 Méthodologie

Un pipeline de prétraitement strict a été appliqué pour supprimer les tweets bruyants et non
pertinents. Les retweets et les doublons ont été supprimés. Les SVM ont été exploitées pour
s'entrainer sur des données étiquetées manuellement afin de se concentrer sur les tweets avec un
contenu personnel sans blague. Un moteur de géolocalisation a été développé pour déduire
'emplacement d'un tweet en fonction de ses métadonnées. Dans une derniére étape de
prétraitement, seuls les tweets contenant un élément émotionnel (mot émotionnel ou
emoji/émoticOnes) ont été conservés, pour se concentrer sur la détresse liée au diabéte, les facteurs
psychologiques et les émotions. Les mots émotionnels ont été identifiés sur la base du travail de
Parrot qui nous a fourni une liste de plus de 100 émotions classées dans une structure hiérarchique
avec six émotions primaires : joie, amour, surprise, tristesse, colere et peur. Une analyse des
sentiments a été menée pour inspecter 'opinion exprimée par les utilisateurs dans leurs
communications textuelles, si ['opinion ou l'attitude a tendance a étre positive ou négative en
adoptant l'outil open source et validé par le “Valence Aware Dictionary for Sentiment Reasoning”
(VADER).™

Le coeur de ce travail était l'identification des profils de diabete et de détresse liée au diabéte et de
caractériser ce dont parlent les personnes atteintes ou liées au diabéte. Ceci a été réalisé en utilisant
un algorithme de Kmeans. Le parametre d'entrée du nombre de clusters a été estimé a l'aide du
score Silhouette et a conduit a un nombre optimal de 30 clusters.

Une extension de ce travail a été I’étude du croisement des sujets d'intérét identifiés avec la variable
socio-économique du revenu moyen des ménages basée sur I'enquéte communautaire américaine
2017 du US Census Bureau.™ Le revenu moyen des ménages a été divisé en tertiles : faible revenu
(USS 24.609 - USS 67.224); revenu moyen (moyen) (US$ 67.225 - USS 86.758) et revenu élevé (USS
86.759 - USS 394.259). Chaque tweet a ensuite été lié au revenu moyen de sa ville géolocalisée et
affecté a son tertile respectif de revenu faible, moyen ou élevé, ce qui nous a permis de calculer les

associations entre les themes et les tertiles de revenu moyen.
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En outre, le sexe et le type de diabéte ont été estimés a |'aide de SVM sur des données étiquetées

manuellement.

4.2 Résultats

Dans ce travail, nous avons montré que Twitter est un outil utile pour capturer et décrire les
principaux sujets liés au diabéte et les émotions liées a ces clusters. Nos principales conclusions
suggerent que d'une part, parmi la communauté en ligne du diabéte, il existe beaucoup de soutien
mutuel et de solidarité avec de multiples tweets contenant des éléments de joie et d'amour. D’autre
part, que les utilisateurs partageaient des émotions de peur, de colere et de tristesse en ce qui
concerne le prix de l'insuline et les complications et comorbidités liées au diabete. En outre,
l'incapacité des gens a faire la distinction entre les différents types de diabéte a causé une grande
frustration. Alors que les femmes sur-représentent la plupart des sujets, en particulier les sujets se
référant a l'importance d'une insuline abordable et du test de tolérance au glucose par voie orale
(OGTT), les hommes ont tendance a discuter de sujets autour d'histoires liées au diabete et au “choc
diabétique/insuline”. De plus, nous avons constaté que dans les villes a revenus plus élevés, on était
plus susceptibles de discuter de sujets concernant l'insuline abordable, le prix de l'insuline,
['utilisation de la langue liée au diabéte ou a l'instabilité glycémique. Alors que les discussions dans
les villes a faible revenu moyen étaient davantage axées sur des histoires quotidiennes liées au

diabéte, les échanges dans la communauté en ligne (DSMA) et le test oral de tolérance au glucose.

4.3 Discussion

Une préoccupation majeure parmi les tweets aux Etats-Unis était le prix de l'insuline (sujets sur 5/30)
avec tout le spectre des émotions présentes. Les émotions positives (joie, amour) se sont
manifestées dans des tweets faisant référence a la solidarité dans la lutte pour une insuline
abordable au sein de la communauté du diabete. Des émotions négatives (tristesse, colere, peur)
étaient présentes lorsque les gens partageaient leur frustration concernant les prix de l'insuline,
['acceés a l'insuline et l'identification des sources d'insuline, y compris les “gardiens du glucose” ou
les dons, qui constituent des obstacles majeurs pour les personnes atteintes de diabete.™

Le premier avantage crucial de ['utilisation des données des réseaux sociaux est le fait que les
informations sont exprimées spontanément et en temps réel. Cela peut étre décrit comme un
espace numérique ouvert avec une absence de hiérarchie dans les roles pour le partage
d'informations et le développement de communautés en ligne. En conséquence, les biais potentiels
survenant dans les études traditionnelles et observationnelles, tels que le biais du répondant,

pourraient étre minimisés, car il n'y a pas de hiérarchie entre les parties. Deuxiémement, un grand
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nombre de personnes et une grande variabilité dans leurs profils ont été analysés. Troisiemement,
nous avons développé une méthodologie innovante pour nous concentrer sur des tweets
géolocalisés pertinents (personnels, émotionnels, sans blague) en provenance des Etats-Unis afin
d'identifier les sujets d'intérét et les émotions partagées au sein des sujets. Enfin, cette approche
est capable de capturer les tendances de la communauté en ligne du diabete et les facteurs socio-
économiques qui peuvent étre associés a un niveau écologique.

La principale limite est que les utilisateurs qui expriment des préoccupations liées au diabéte sur
Twitter peuvent ne pas étre représentatifs de toutes les personnes atteintes de diabéte. Néanmoins,
il a été suggéré que cela peut étre partiellement compensé par le grand nombre et malgré tout la
diversité des personnes partageant des données en premier lieu, une force majeure de
['épidémiologie numérique.”” Malgré |'observation d'une grande variabilité dans les profils, nous
avons repéré une surreprésentation des personnes atteintes de diabéte de type 1 et des femmes par
rapport a la littérature épidémiologique du diabete connue alors qu'en réalité la grande majorité
des cas de diabéte sont de type 2 (90 %).! Une deuxiéme limite tient a ce que les performances, en
particulier la précision, de nos classifieurs n'étaient pas parfaitement précises, ce qui signifie qu'il
n'y a aucune garantie que tous nos tweets aient véritablement été publiés par des personnes
atteintes de diabete partageant du contenu personnel et il n'a pas toujours été possible de
déterminer le sexe ou le type de diabete. Troisiemement, nous n'avons pas tenu compte des
facteurs cliniques et environnementaux qui auraient pu aider a identifier ces facteurs. La quatrieme
limite est le biais introduit dans notre géolocalisation en déduisant un emplacement basé sur des
emplacements fournis par ['utilisateur qui pourraient ne pas étre leurs véritables emplacements.
Enfin, l'inférence causale entre le revenu moyen des ménages par ville et les sujets d'intérét des
personnes vivant dans la ville géolocalisée ne peut étre faite car elle est sujette a un risque de biais
écologique.

A notre connaissance, il s'agissait de la premiére étude a recueillir des informations concernant les

principales préoccupations liées au diabéte sur la base des données des réseaux sociaux.

4.4 Conclusion

Nous avons démontré la faisabilité de capturer les émotions, les préoccupations et les intéréts des
individus dans la vie réelle et montré que cela était un moyen efficace d'augmenter la recherche
psychosociale, comportementale et épidémiologique. L'utilisation de l'analyse Twitter sur le
diabete pourrait éclairer le débat public sur les problemes liés au diabéte et contribuer ainsi
directement a la prise de décision publique et clinique. Les données des réseaux sociaux aideront a

développer des politiques et des interventions qui prennent en compte les principales
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préoccupations des personnes atteintes de diabéte afin d'améliorer au final les résultats de santé
publique de maniere générale. Ces éléments devront étre validés par des études cliniques

complétes pour chaque domaine.

CHAPITRE V: DETECTION DE CAUSALITE

5.1 Méthodologie

32 millions de tweets en anglais sur le diabete collectés entre avril 2017 et janvier 2021 ont été
prétraités de la méme maniere qu’exposée dans le chapitre IV. Les retweets et les doublons ont été
supprimés. Les tweets personnels, sans blagues, ont été identifiés par un modele de langage affiné
Bertweet,™ au lieu de s'appuyer sur des SVM, et finalement les tweets contenant des éléments
émotionnels ont été conservés. Pour les analyses, nous avons opéré au niveau de la phrase. Dans
un premier temps, les tweets contenant des informations causales (par exemple, observation,
opinion, préoccupations, etc.), également appelés tweets causaux, respectivement les phrases
causales, ont été détectées en ajustant un modele BERTweet basé sur un ensemble de données de
cause a effet étiqueté manuellement. Ensuite, plusieurs architectures de modeles ont été testées
pour identifier les causes et les effets correspondants a partir des tweets causaux. Une boucle
d'apprentissage active nous a permis d'augmenter efficacement les données d'entrainement. Enfin,
les paires cause-effet ont été regroupées de maniere semi-supervisée, décrites et visualisées d’une

maniére interactive.

5.2 Résultats

Les tweets causaux ont été détectés avec une accuracy de 71%. Le modele le plus performant pour
identifier les causes et les effets correspondants était un modele CRF avec des features des
embedding BERTweet atteignant une précision, un rappel et un F1 de 0,68, ce qui a entrainé 96,676
paires cause-effet détectées. Le diabéte a été identifié comme le plus grand cluster agissant
principalement comme cause de “décés” et de “peur”. Outre le “diabete”, un groupe central a été
détecté dans “la mort” agissant comme un effet pour diverses causes liées au prix de l'insuline, un
lien déja détecté dans des travaux antérieurs.™ En plus, “diabéte type 1 (DT1)” et “ Insuline” ont été
fréquemment mentionnés. Le lecteur intéressé peut explorer le réseau cause-effet dans la
visualisation interactive: https://observablehq.com/@adahne/cause-and-effect-associations-in-

diabetes-related-tweets
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5.3 Discussion

Dans ce travail, des modeles de langage puissants nous ont permis de détecter un grand nombre de
tweets contenant des relations de cause a effet explicites et implicites ayant conduit a
l'identification de 20% (96 676 / 482 583) de tweets avec des associations de cause a effet,
contrairement a d'autres approches qui ont été capable d'identifier la causalité dans moins de 2%
des tweets.® Nous pourrions éviter de définir des modeles imparfaits fabriqués manuellement pour
détecter les relations causales en nous appuyant entierement sur des algorithmes d'apprentissage
automatique. Opérer sur des données de réseaux sociaux en temps réel qui s'expriment
spontanément offre la possibilité d'étendre nos connaissances a partir d'une source de données

alternative qui pourrait compléter les sources de données épidémiologiques traditionnelles.

Une limitation est que les relations de cause a effet sont exprimées dans les tweets et cela ne peut
pas étre utilisé pour une inférence causale car la source de données Twitter est incertaine et les
informations partagées peuvent étre des opinions ou des observations. Un autre inconvénient est
que les performances de nos algorithmes causaux pour détecter les paires cause-effet ne sont pas
parfaites. Cependant, le processus global et la grande quantité de données minimisent ce probleme.
Le manque de rappel est contrebalancé par la grande quantité de données et le manque de
précision est contrebalancé par ['approche de regroupement dans laquelle les causes ou les effets
non fréquents sont écartés.®* L'amélioration de la qualité des données est certainement un point
primordial a aborder pour améliorer les performances. En outre, nous tenons a souligner que les
informations relatives au diabete partagées sur Twitter peuvent ne pas étre représentatives de

toutes les personnes atteintes de diabete.

A notre connaissance, il s'agit de la premiére étude ciblant a la fois les relations de cause a effet

explicites et implicites sur les données Twitter liées au diabéte.

5.4 Conclusion

Dans cette étude, une méthodologie innovante pour identifier d'éventuelles relations de cause a
effet explicites et implicites a plusieurs mots parmi les tweets liés au diabéte a été développée. La
faisabilité de notre approche a été démontrée en utilisant des architectures basées sur BERT dans
le prétraitement et la détection de phrases causales. Une combinaison de fonctionnalités BERT et
de couche CRF a été exploitée pour extraire les causes et les effets des tweets liés au diabete, qui

ont ensuite été regroupés dans une approche semi-supervisée. La visualisation du réseau de cause
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a effet basée sur les données de Twitter peut approfondir notre compréhension du diabéte, de

maniere a saisir directement les résultats rapportés par les patients d'un point de vue causal.

CHAPITRE VI: SYSTEME D'AIDE A LA DECISION CLINIQUE

6.1 Méthodologie

Nous avons proposé une nouvelle méthodologie pour regrouper de maniére interactive des
documents biomédicaux sous forme d'arbre hiérarchique. Dans un processus itératif, un utilisateur
modifie et manipule cette arborescence jusqu'a ce qu'une solution de regroupement de documents

définie par ['utilisateur souhaitée soit trouvée via une interface utilisateur interactive.

Un choix de conception crucial était que les documents étaient diffusés un par un, ce qui entraine
un gain radical de consommation de mémoire. L'arborescence se compose de deux types de noeuds,
les noeuds de classification et les nceuds de clustering. Un nceud de classification est un
classificateur binaire d'apprentissage automatique représentant un theme ou un concept créé par
['utilisateur. Les noeuds classificateurs sont situés au sommet de l'arbre et agissent comme une
barriere permettant uniquement aux documents de passer aux nceuds sous-jacents s'ils
correspondent au concept défini. Le role d'un noeud de clustering est de scinder (cluster) des
documents sur la base de head words identifiés automatiquement qui décrivent au mieux les

documents ayant passé ce nceud.

Gréce a une interaction active semi-guidée, un utilisateur peut incorporer des connaissances du
domaine au systéeme en choisissant des données d'apprentissage appropriées pour les
classificateurs via l'interface. De plus, un utilisateur explore davantage l'arbre de maniére itérative
et améliore ses performances de classification, en utilisant ['apprentissage actif, ce qui conduita un
regroupement plus intelligent de documents similaires et aboutit finalement a un modéle qui

converge vers une solution de clustering définie par 'utilisateur souhaitée.
Le résultat de cette procédure interactive est : 1) un cadre de visualisation calibré pour un corpus de

texte donné ; 2) une cascade de classificateurs dirigeant les nouveaux documents vers la branche

d'arbre la plus appropriée.
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6.2 Résultats

Le systéme a été évalué sur des résumés PubMed liés au diabéte structurés de maniere hiérarchique
via des codes MeSH.**® | e clustering hiérarchique a atteint des performances proches de |'état de
['art avec un score F1 de 73% par rapport a l'algorithme HC (HAC) dans scikit-learn® avec 76%.
Concernant notre stratégie d'apprentissage actif, nous avons atteint une performance moyenne
pondérée sur tous les codes MeSH d'un score F1 de 62% par rapport a la stratégie d'apprentissage
actif de Zhang et al.** avec 63%. Nous avons remarqué que la consommation de mémoire pour FBE
reste presque constante avec le nombre croissant de documents tandis que l'algorithme HAC croit
de facon exponentielle. Cependant, le gain en consommation mémoire va de pair avec un temps

d'exécution plus important.

6.3 Discussion

Un atout crucial de la méthodologie proposée est que les non-experts sans connaissances en
programmation sont capables d'explorer et de cibler des sujets d'intérét dans un corpus textuel non
structuré via une interface interactive et conviviale. La transparence est profondément améliorée
grace a la visualisation des mots principaux et de la structure arborescente.® La transparence des
systemes d'aide a la décision clinique est essentielle pour garantir l'adoption par les cliniciens.®
Gréace a l'interaction entre 'homme et le systeme, 'interprétabilité est augmentée.®’ La possibilité
de creuser dans des sujets permet d'identifier des sous-thémes et de visualiser les connaissances.
De plus, l'effort d'annotation des données est minimisé grace a la stratégie d'apprentissage actif
proposée en sélectionnant les instances de données les plus percutantes. L'injection de
connaissances de domaine potentielles pour conduire |'extraction de sujets est toujours une tache
difficile, que nous réalisons grace a la participation active des utilisateurs. Par ailleurs, le caractére
dynamique de notre approche nous permet d'ajouter plus de documents au fil du temps sans une

reconversion complete permettant |'étude des évolutions des sujets d'intérét.

L'interaction manuelle peut également étre considérée comme une limitation, empéchant la
création d'un grand nombre de classeurs. Un utilisateur a cela dit généralement une certaine idée
du domaine et est capable de cibler largement les clusters souhaités ce qui évite d'avoir a définirun
grand nombre de classifieurs. Nous n'avons évalué la méthodologie que sur un seul ensemble de
données. Une direction future des investigations est la validation de la méthodologie sur d'autres
ensembles de données pour assurer la généralisation et la portabilité dans d'autres contextes. En

raison de la nature du streaming, l'arbre construit dépend fortement de ['ordre des documents, ce
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qui peut affecter l'interprétation des données. Une future direction a explorer devrait étre
['évaluation de l'approche sur un échantillon d'utilisateurs finaux de différents profils et niveaux

d'expertise dans les techniques de clustering.

6.4 Conclusion

Une interface utilisateur interactive pour les utilisateurs sans connaissances en informatique pour
l'exploration de données textuelles biomédicales non structurées en tant qu'aide a la décision
clinique a été proposée. Grace a une participation active et semi-guidée de ['utilisateur et a la
visualisation des head words, |'algorithme converge vers une solution définie par ['utilisateur tout
enaméliorant la transparence. Nous avons abordé diverses limitations existantes dans les systemes
actuels de regroupement et de soutien clinique, telles que l'inclusion de la connaissance du
domaine; accroitre l'interprétabilité; minimiser |'effort d'annotation manuelle par un apprentissage
actif, réduisant la consommation de mémoire grace au streaming de données et permettant ainsi la
gestion de grands corpus textuels tout en atteignant des performances proches de |'état de l'art. Le
systeme développé pourrait étre bénéfique pour obtenir rapidement une vue d'ensemble sur des
sujets spécifiques afin d'améliorer finalement l'exploration de la littérature dans le processus de

prise de décision clinique.

CHAPITRE VII: CONCLUSION

Les contributions de cette these exploratoire ont été doubles: contributions épidémiologiques et

techniques.

Parmi les contributions épidémiologiques, nous avons démontré la faisabilité d'exploiter les
données des réseaux sociaux pour capturer les émotions et les préoccupations de la vie réelle,
rapportées par les patients, ce qui représente un moyen rentable et rapide d'augmenter la
recherche psychosociale et épidémiologique. En outre, nous avons démontré la possibilité
d'extraire les relations de cause a effet explicites et implicites en exploitant les architectures
modernes d'apprentissage automatique et le traitement du langage naturel. Cela offre la possibilité
d'améliorer nos connaissances sur le diabete dans un contexte réel en exploitant les résultats
rapportés par les patients.

Le débat public sur les problemes du diabete pourrait étre encouragé a l'aide des données de

Twitter et ainsi avoir des implications pour les décideurs en matiére de santé, les praticiens de la
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promotion de la santé et la prise de décision clinique. Les données des réseaux sociaux serviront a
élaborer des politiques et des interventions qui incluent les principales préoccupations des
personnes atteintes de diabéte, afin d'améliorer en fin de compte les résultats de santé. Pour que
cela devienne réalité, nos résultats nécessitent une validation dans des études cliniques, telles que
des cohortes.

En outre, nous avons abordé le manque actuel d'adoption d'outils efficaces pour analyser et extraire
des informations appropriées*®' en proposant une interface utilisateur interactive pour les
utilisateurs sans connaissances en informatique a explorer des informations textuelles cliniques
non structurées pour améliorer en fin de compte la partie de résumé de la littérature dans le
processus de prise de décision clinique. Un accent particulier a été mis sur la transparence,
l'interprétabilité et la réduction de la consommation de mémoire. Néanmoins, davantage de temps
doit étre investi pour améliorer encore |'outil et le tester sur un échantillon d'utilisateurs finaux pour

inclure leurs commentaires et confirmer la portabilité sur d'autres ensembles de données.

Concernant les apports techniques, cette thése reflete bien les évolutions du traitement
automatique du langage naturel. Le premier objectif utilisait des intégrations FastText. Avec
['avenement des plongements de mots sensibles au contexte, a savoir BERT, au cours de cette these,
nous avons également exploité ces plongements plus puissants dans le deuxieme objectif pour
lutter contre la causalité. Par ailleurs, ce travail a également été un terrain de jeu pour tester
différentes méthodes d'apprentissage automatique et de traitement du langage naturel et pour les
valider pour l'analyse des données des réseaux sociaux. Nous avons montré que |'apprentissage
actif est un moyen efficace d'augmenter les données d'entrainement et de minimiser ['effort
d'annotation.

En outre, nous avons souligné que les méthodes d'apprentissage automatique peuvent étre
appliquées a l'épidémiologie du diabete dans l'ensemble du pipeline de flux de travail :
prétraitement des données, géolocalisation des données, filtrage des données, prédiction et
regroupement des informations. Et en général, cela nous a permis de cibler des ensembles de

données plus volumineux avec une plus grande variabilité et donc une plus grande représentativité.

Avec le développement de notre aide a la décision clinique, nous avons abordé divers goulots
d'étranglement techniques allant des limitations des méthodes actuelles de PNL, telles que la
spécification préalable du nombre de sujets souhaité ou la faible évolutivité des modeles de sujets,

a l'amélioration de l'effort d'annotation gréce a l'apprentissage actif pour minimiser la
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consommation de mémoire. Avec cette méthodologie, nous avons contribué a 'objectif de plus
d'explicabilité dans les soins de santé, en décidant consciemment de ne pas utiliser les architectures
basées sur les réseaux de neurones et en proposant un systéme modulaire dans lequel des modeles

ML plus simples sont interchangeables, pour assurer la transparence.®

Les futures orientations a étudier pourraient étre |'extension a d'autres pays; croiser des facteurs
socio-économiques plus divers avec les données des réseaux sociaux; étudier la dynamique dans
les réseaux sociaux pour détecter les sujets en voie de disparition et nouvellement apparus; valider
les résultats dans un cadre plus traditionnel (ex.: cohorte); explorer une méthode plus sophistiquée
pour extraire les associations de cause a effet; et améliorer ['outil d'aide a la décision clinique et le

valider par les utilisateurs finaux.
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CHAPTER I: INTRODUCTION

Artificial intelligence transforms the healthcare sector at a tremendous speed, intervening in every
corner. At the same time, with the mass adoption and integration of social media in our lives, a new

data source has emerged which can be exploited for epidemiological purposes.

Diabetes mellitus is a chronic disease that affects 463 million adults (20-79 age) worldwide in 2019
and is expected to grow up to 700 million in 2045.*

This doctoral thesis explores artificial intelligence methods for the analysis of social media data and
the development of a clinical decision support system. The use case of this thesis is diabetes and

diabetes distress in the framework of the World Diabetes Distress Study.

This introduction is divided into four sections, with the first section highlighting the evolution of
epidemiology from its origins to the development of modern, digital epidemiology. The second
section provides an overview over diabetes epidemiology, the types of diabetes, and the diabetes
sub-concept diabetes distress. A third section motivates social media as a complementary source of
patient-reported data. The final section introduces the need for clinical decision support systems to

support health professionals in the evidence-based clinical decision making process.

1.1 Traditional epidemiology to digital epidemiology

The roots of epidemiology date back to Hippocrates (~400 B.C.) who turned the view of disease
occurrence from a supernatural to a rational one, suggesting that environmental and behavioral
factors potentially affect disease development.® From there and until the 16th century, there was a
scientific hiatus, at the bottom of which epidemiology seems to have stagnated. Indeed, its next
major evolutionary step is not identifiable until 1538, when mathematical statistics was integrated
through « Bills of Mortality » : weekly and yearly statistics that were produced from registers and
communicated the number of deaths, as well as their causes, which one would class today under

surveillance epidemiology.®®®* In the 17th century John Graunt (1620-1674) introduced systematic
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methods to examine disease occurrence and death based on these bills of mortality which can be
considered the first modern epidemiological work.”® These methods were improved from William
Farr (1807-1883) in the 19th century to better describe epidemiological problems using statistics.®
The 19th century represents a heyday for modern epidemiology, brought to life to a significant part
by French scientists. Among them, Louis-René Villermé (1787-1863) who showed that socio-
economic factors (e.g. tax, rent price, etc.) negatively correlate with mortality and thus founded
social epidemiology.” Pierre-Charles-Alexandre Louis (1787-1872), for his part, awakened clinical
epidemiology by contesting bloodletting and applying standardized methods of data collection and
analysis to medicine.” An important pioneering work marks John Snow’s investigations regarding
the causes of the 19th-century cholera epidemics in London, which made him known as one of the
most important contributors to modern epidemiology, and part of his work is still used today.
Since this moment, epidemiological methods began to flourish and many groundbreaking works
have been achieved such as Doll and Hill’s work linking cancer to smoking,* or the eradication of
smallpox disease.” A next evolution step in epidemiology constituted the integration of molecules
and genes, as risk factors for diseases, in the 1990s. Each of these evolutions were motivated by

novel methodologies or data sources.®

The advent of the internet and its massive worldwide use, whether in social media, connected
devices or e-health records, in synergy with the widespread adoption of mobile phones led to digital
footprints that can be exploited for epidemiological purposes and embody the foundation for the
next major transformation. The early 2000s saw a first attempt to name this new emerging area of
public health combined with internet-based data: “Infodemiology”.°” Later, Salathé described this
phenomenon as digital epidemiology and delivered a more sophisticated definition: epidemiology
that uses data that was not generated with the primary purpose of doing epidemiology including
search queries, social media data, mobile phone data or connected objects.?® This definition implies
a key strength in this novel data form, the fact that data is shared in real-time and epidemiologists
are able to study patient-reported outcomes in mediums with no hierarchy between patients and
doctors. Both terms “Infodemiology” and “Digital Epidemiology” coexist, but we refer in the
following to the later one. An important factor accelerating the growth of digital epidemiology is the
combination of two of its major ingredients: digital data and the rising strength of machine learning

(ML).28
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Traditional epidemiology suffers from vast inertia between identifying a research question,
designing a study, acquiring ethical approval, including all study participants and obtaining the first
research results. This process can take up to many years. Digital Epidemiology offers direct access
to quickly generate research hypotheses and test those hypotheses on real-time data. Moreover,
traditional epidemiology is based on data collected from healthcare providers, relying on people
who have access to healthcare or decide to go to a doctor. Digital epidemiology can complement
this by including people who would not go to a doctor in the first place. In addition, populations with
low prevalence, such as rare disease or LGBT minorities, can be reached through the huge number
of SM users.*'% At the same time, to leverage digital data, one depends on the access of the
population to electronic devices, which are not uniformly distributed in a population creating a
coverage issue.’™

Traditional recruitment strategies, such as flyers, print or television ads, frequently create cohorts
of suboptimal variability of trial participants due to self-selection bias.’®> Caplan and Friesen
suggested that social media offer an opportunity to overcome existing obstacles in the recruitment
process through targeted recruitment advertisements or messages.’” As a consequence, this
includes low advertising costs and reduced time to meet recruitment targets.'®-'% However, digital
epidemiology may also introduce selection bias by excluding specific subgroups in each step of the
selection process: if a user owns an electronic device, knows the functioning of the app, has no
privacy concerns, is willing to participate, is able to use Bluetooth, and is regularly using the

device.l®!

In the case of diabetes, digital technologies in interplay with artificial intelligence (Al) methods
represent a major opportunity to rethink the disease as all aspects are touched, from prevention to
research over care and management.'® To further illustrate the use of digital technologies and Al for
diabetes, it has been shown that mobile applications can help reduce HbA.. in people with type 2
diabetes;'” Machine-learning algorithms accurately predict personalized glycemic responses to
real-life meals'® and diagnose retinal disease;'”® Continuous/flash glucose monitoring and closed-
loop systems improve glycometabolic control resulting in a lower number of hypo- and
hyperglycemia.*12

These digital data represent a vast potential to identify new digital markers, monitoring systems and
thus, could potentially, in liaison with clinical data, improve quality of life and diabetes
management, and prevent complications. Figure 1.1 visualises some of the current and future

innovations for people with diabetes.
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Technology availability
In a near future
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prevention) N
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Figure 1.1: Recent and future innovations for people living with diabetes.'*®

(control of connected
devices, medical records,
telemedicine, social media,
online patients community)

Smart Weighing
Scale
(weight, body mass index,
Yfat mass, pulse wave
velocity)

Smart Drugs

It is crucial to emphasize the game-changing impact of artificial intelligence, not only for

epidemiology but the entire healthcare system. Al is not only capable of dealing with the sheer

amount of exponentially growing data but also able to detect tiny signals and extract relevant

information. Various success stories have been written, from tracking disease outbreaks via mobile

phones or social media,'* the identification of skin cancer based on clinical images,* to

electrocardiographic anomaly detection in cardiology.'*

The combination of real-world digital data with clinical data and omics features fuelled by artificial

intelligence powered systems paves the way for precision medicine to enter the era of patient-

centered care.}®
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Yet, these new opportunities go hand in hand with new challenges and ethical considerations. By
including digital data, clinical and research practices need to be updated to guarantee privacy by
design and default, to pseudonymise and to ensure data portability which should be included from
the startin a study.'*® For instance, the minimal amount of identifiable data should be used in digital
epidemiology, a central principle of data protection.**” Furthermore, transparency in research,
obtaining informed consent, exchanging constantly on the different applications of the collected
data and providing feedback to the community are essential factors to gain trust in these novel
approaches.!® Another risk is potential discrimination trough biases in the training data for Al
algorithms which necessitates vital considerations in both the used machine learning technologies
and the training data.''® Cybersecurity plays an important role for the underlying infrastructure of
digital epidemiology which is vulnerable to both cyber and physical threats.!* Moreover, the
reproducibility and replication crisis of Al technology in the medical sector poses serious issues due
to unreliable design or overfitting.'**?! To address these challenges it is crucial that Al makers,
patients, health professionals and regulatory authorities work hand-in-hand to build a system that
is created on public trust and thus benefits everyone.'*® The replication crisis could be overcome by
transitioning to the open science paradigm with open sourcing data and methods with which this

thesis aligns.'

Powerful neural network architectures require a massive amount of labeled data to detect these fine
nuances and patterns in the data, a frequent bottleneck into healthcare application. To overcome
this issue of scarce or expensive labeled data, the paradigm of transfer learning gained more and
more popularity in recent years. The idea is to overcome isolated model learning and to leverage
knowledge acquired for a task from auxiliary domains to make predictions for the related tasks and
related domains.'”” Besides, transfer learning reduces training time significantly by relying on
already pre-trained models. Thus, models have a better starting point as some knowledge is already
incorporated into the system. Throughout this thesis transfer learning is exploited multiple times.
For an overview over transfer learning on different data types, such as image, text, tabular, audio or

time series, refer to the reviews of Cheplygina et al. and Ebbehoj et al.1(P:124

This thesis explores the potential of social media as complementary data source to traditional
epidemiology and how complex artificial intelligence algorithms may serve and support health
professionals in extracting relevant information from textual data. The focus of this work lies on

diabetes research.
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1.2 Diabetes

Diabetes mellitus, or short diabetes, is a chronic disease characterized by a pancreatic deficiency to
produce enough insulin, a hormone regulating glucose, or if the body can not use it correctly.'* As
a result, blood glucose levels are too high, also referred to as hyperglycaemia, which in turn may
lead to long-term complications, including diabetic retinopathy causing vision loss, nephropathy
leading to renal failure, neuropathy provoking nerve damage with risk of foot ulcers and

amputations, cardiovascular symptoms, and ultimately premature death.'?>12¢

1.2.1 Insulin

Insulin is a vital hormone produced in the beta cells of the islets of Langerhans in the pancreas.'” It
is responsible for regulating blood glucose levels and thus plays an essential role in the development
of diabetes. Insulin allows glucose in the blood to enter the cells in which it is transformed to energy.
A high level of glucose in the bloodstream, for instance after food consumption, provokes the
secretion of insulin in the pancreas. A potential sign for diabetes is the pancreas’s failure of
producing sufficient insulin or the body’s inability to respond properly to it, resulting in elevated
blood glucose levels (hyperglycaemia).

In the context of this thesis, mentions regarding insulin mostly refer to insulin as a drug. The
proportion of patients with diabetes relying on insulin is estimated to 29.1%.'® Primarily, people
with type 1 diabetes, who do not produce insulin, or not enough, depend on external, life-saving
insulin supply. Whereas it is estimated that in 2030 between 7.4% - 15.5% of people with type 2
diabetes, whose body does not properly respond to insulin, takes insulin treatment to avoid major
morbidity and mortality from ketoacidosis or hyperglycaemic states and to reduce the risk of long-
term microvascular complications.'?® External insulin is delivered either through insulin pens which
inject the insulin via a needle or through insulin pumps which are devices providing regular insulin

throughout the day.**
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1.2.2 Type 1 diabetes

Type 1diabetes (T1D), formerly known as insulin-dependent, is caused by an autoimmune response
in which the body attacks the insulin-producing beta cells leading to an insufficient or non-existent
insulin production.! The root causes of this autoimmune response are not fully known, but it is
suggested that various elements, such as environmental, genetic and the immune system, interplay
and thus contribute to the disease development.? Until today, the only existing treatment is the daily
injection of insulin to maintain a stable glucose level. Type 1 diabetes affects most commonly
patients in childhood, but symptoms can sometimes develop later and accounts for 5-10% of all
diabetes cases.'?

Frequent symptoms of the disease are blurred vision, fatigue, weight loss, excessive thirst, constant
hunger and frequent urination.***! Living with type 1 diabetes requires disciplined self-management

including blood glucose monitoring, physical activity, healthy diet and insulin use.?

1.2.3 Type 2 diabetes

In type 2 diabetes (T2D) the body loses its ability to properly respond to insulin, also referred to as
insulin resistance. When diagnosed, a large part of patients with T2D are asymptomatic as it
develops over a long time period.* The origins of the insulin resistance are not entirely understood
but strong risk factors are overweight, obesity, age, ethnicity and family history.*”

Itis the most common type of diabetes concerning around 90% of all diabetes cases worldwide and
most commonly observed in older adults.*®* Management and prevention of T2D necessitates the
identification of people with prediabetes and intervention with lifestyle changes such as weight loss,

regular physical activity and healthy diet."3%'%

Prediabetes is a state of high risk for developing diabetes with elevated glucose levels but still below
the diabetes threshold.”* It defines people with impaired glucose tolerance and/or impaired fasting
glucose or increased glycated haemoglobin Alc (HbAlc) levels.* It signifies a risk of the future

development of type 2 diabetes and diabetes-related complications.
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1.2.4 Gestational diabetes

Gestational diabetes mellitus (GDM) is defined as hyperglycaemia that first develops during
pregnancy and its prevalence varies greatly depending on the region (Europe: 6.1%, South-East Asia:
15%, Middle East and North Africa: 15.2%, North America: 7%).%" Usually diagnosis is performed
using an Oral glucose tolerance test (OGTT), in which a woman takes glucose after having fasted
overnight and blood samples are taken to estimate how quickly it is cleared from the blood.
Overweight, obesity, advanced maternal age, westernized diet (high intake of saturated fats and
sucrose and low intake of fiber), or insulin resistance / diabetes in the family may contribute to

developing gestational diabetes.’®

1.2.5 Diabetes epidemic

The worldwide prevalence of diabetes in adults, aged 20-79, was estimated to be 463 millionin 2019
(9.3% of total world population in this age group) and is expected to steadily rise up to 700 million
in 2045 (10.9% of world population) according to the International Diabetes Federation, compare

Figure 1.2.
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-

y
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Figure 1.2: Diabetes evolution and future estimation of global prevalence in the age group 20-79
years.*
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Alarge part of people with diabetes resides in low- and middle-income countries (79.4%), see Figure

1.3 for a full picture over the diabetes prevalence.*

Figure 1.3: Age-adjusted comparative diabetes prevalence in adults (20-79 years) in 2019.!

Concerning children and adolescents (< 20 age) the prevalence for type 1 diabetes is estimated to
be 1.1 million, whereas for type 2 diabetes, prevalence cannot currently be estimated.* In 2019 the
prevalence of diabetes in men was slightly higher with 9.6% compared to 9.0% in women and
generally diabetes prevalence increases with age, from 1.4% among adults aged 20-24 to 19.9% in
adults aged 75-79.! Diabetes is responsible for roughly 4.2 million deaths resulting from diabetes
and its complications.! In addition, in 2019 the International Diabetes Federation estimates the

global health expenditures of USD 760 billion, an enormous economic burden.*

1.2.6 Diabetes distress

The most important psychosocial health factors in diabetes management are considered to be
stress, anxiety and emotions.™*® A central sub-concept of diabetes for this thesis is diabetes distress
(DD) that regroups psychological factors, such as stress, concerns, worries, emotions, fatigue and

powerlessness related to the day-to-day management of diabetes.®® Throughout this thesis, we also
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refer to diabetes distress profiles, which encompasses all these day-to-day issues related to diabetes
expressed by people with diabetes.

Itisimportant to emphasize the distinction of diabetes distress from depression.'*” A recent scoping
review from Kiriella et al. shed light on these concepts and found that despite the overlap of
concepts, depression and diabetes distress are two different constructs.'*® While depression is a
psychiatric condition based on symptoms and not on etiology, diabetes distress is an adaptive
emotional response to disease burden with an etiology based concept (diabetes).’*® A similar
characterisation describes depression as the generic feeling of depressed affect, which is not
specifically connected to a condition or experience, whereas diabetes distress is positioned in the
daily experience of living with diabetes.?

It has been shown that diabetes distress is associated with decisional conflict and for this reason
affects the day-to-day disease management and the long-term risk of diabetes-related
complications.’ Moreover, it has been found that DD is directly linked to poor glycemic control and
problematic self-care behaviors.'**'*> Furthermore, younger people experience greater diabetes
distress.’*® Reducing diabetes-related distress may improve hemoglobin Alc and reduce the burden

of disease among people with diabetes.**?

In the literature; the two most common and validated measurements for diabetes distress are the
self-reported questionnaires: Problem Areas in Diabetes (PAID) and Diabetes Distress Scale
(DDS).*** We still have limited knowledge about all the sources of concerns, stress and anxiety in
people with diabetes including emerging ones and the current scales do not capture the full picture
of DD. Limitations of these scales also include self-reporting resulting in potential inaccuracies in

the data.”?

A meta-analysis in 2017 reported an overall prevalence of 36% for diabetes distress in people with
Type 2 diabetes and a significant higher prevalence in women.? In people with type 1 diabetes,

prevalence of DD is estimated at around 20-40%.°*
Diabetes is a complicated and challenging disease. It is only understandable that people with

diabetes search for channels to communicate and exchange with other people in similar situations.

Social media provides such a channel.
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1.3 Social media

1.3.1 Whatisit?

The umbrella term Social Media (SM) emerged at the beginning of the 2000s with the growing
availability of high-speed Internet access and can be defined as web-based applications whose
primary function is the development and exchange of user generated content.>*® It conglomerates
various types spanning from micro-blogging (e.g. Twitter, Tumblr), blogging (e.g. Huffington Post),
social networking (e.g. Facebook, LinkedIn), online forums, media sharing (e.g. YouTube, Flickr) to
Wikis (e.g. Wikipedia, Wikitravel).***

Social media provides a direct and easy-to-use way to exchange and network with other people

compared to traditional media.

In April 2021, 4.7 billion people corresponding to 60% of the world’s population were using the
internet.r” Out of those internet users, 4.3 billion were active social media users (55% of the world’s
population) and spending on average 2 hours 22 minutes per day on social media demonstrating
the popularity and ubiquity of social media in our all lives.!” They influence the way we live, work
and communicate with each other. In a survey from 2021 among global internet users, the top 3
reasons for using social media were: “Staying in touch with friends and family” (49.7%), “Filling
spare time” (36.9%) and “Reading news stories” (36.1%) underlining this omnipresence of social

media in everyone’s lives.'’

In the US, the most popular online platform is Youtube with 81% users, followed by Facebook with
69% and Instagram (40%), compare Figure 1.4.*° Twitter lays in the midfield with 23% active users
and higher popularity among the 18-29 years compared to older people.*® Younger people prefer
Snapchat, Instagram, Facebook and Youtube, whereas older people generally are less present in
other social media than Facebook and Youtube.”? ANNEX 1 displays a statistic of the share of internet

users visiting social network sites in selected countries.
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Use of online platforms, apps varies - sometimes widely - by demographic group
% of US. adults in each demographic group who say they ever use ...
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Source: Survey of US, aduits conducted Jan. 25-Feb. 8, 2021

“Social Medla Use In 2021°

PEW RESEARCH CENTER

Figure 1.4: United States Demographics over different social media.*

1.3.2 The case of Twitter

Asocial media platform this thesis is centered around is Twitter, a micro-blogging platform with 396

million active users in April 2021 and 500 million tweets sent each day.'"*
From all micro-blogging platforms, Twitter is by far not the most popular one given the number of

active users. As a matter of fact, Twitter lists only at rank 16 of the social media platforms with most

active users with Facebook, Youtube and WhatsApp at the top globally, as compared in Fig 1.5.
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THE WORLD’S MOST-USED SOCIAL PLATFORMS

THE LATEST GLOBAL ACTIVE USER FIGURES (IN MILLIONS) FOR A SELECTION OF THE WORLD’S TOP SOCIAL MEDIA PLATFORMS*
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Figure 1.5 Worldwide active users over different social media platforms.’

A profound distinction of Twitter to its other social media counterparts is its public character.
Commonly, the information shared on Twitter is public and potentially searchable by everyone
worldwide, including people without a Twitter account.”

Simple interactions shape the Twitter world such as following each other (i.e. receiving more
content from the respective person), replying, liking and retweeting (i.e. sharing the content of
another person). These features allow researchers to create graphs to conduct network analyses.
Globally, the majority of Twitter users is male (63.7%) and ages under 50 with 17.1% of users being
18-24 years old, 38.5% being 25-34 and 20.7% being 35-49 years old.!” A survey on U.S. adult
Twitter users from 2019 showed their high education level with 42% having graduated from
college contrary to 31% in the general U.S. population (Figure 1.6).> Besides, Twitter users are
over-proportionally often situated in the high income class with 41% earning more than $75,000 in

comparison with 32% of the general population.?
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Twitter users are younger, more highly educated and
wealthier than general public
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U.S. adult Twitter users conducted Nov. 21-Dec. 17, 2018, and survey of
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Figure 1.6: Socio-economic characteristics of Twitter user.?

Figure 1.7 provides an overview over the leading countries in terms of the number of Twitter users.
Unsurprisingly, the USA dominates with 73 million users, followed by Japan with more than 55

million and India with 22 million users.
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Figure 1.7: Leading countries based on number of Twitter users as of July 2021 (in millions).**

When it comes to analyzing Twitter data, a high importance lies on the preprocessing of the tweets.
Usually, tweets are noisy, unstructured, containing slang or misspelled words. A key with
successfully extracting relevant information lies in the right preprocessing and analyses techniques.
Natural language processing (NLP) methods are predestined to fulfil this task and gap the bridge

between social media and public health research.

1.3.3 Social media for public health research

In recent years the number of researchers, studying Twitter data for health purposes, has been
growing tremendously. The public character of Twitter and in consequence easy data access is
certainly the main reason for its attractiveness to researchers and its dominance over other social

media.? While specific health related forums and blogs exist, such as TuDiabetes or Beyond Type 1
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in the case of diabetes,'* they appear to be less popular for health research compared to Twitter or
Facebook.?®

Sharing and searching health information in social media is already a common practice.**” A survey
from the Pew Research Center confirmed that social network users exchange about personal health
experiences with friends or in groups, raise money to draw attention to a specific health issue or
were looking for health information.*

Social mediais continuously evolving. Where a principal attribute of social media in relation to other
applications is the possibility to interact with other users via user-generated content (e.g. videos), it
nowadays includes aspects of patient empowerment or participatory medicine.**® Thus, social
media triggers the transformation of the healthcare system towards a patient-centered model
enabling patients to improve their self-management and socialize with each other.** Tracking those
health-related information, treatment and feelings related to posts or discussions on social media

offer new opportunities to develop methods to improve healthcare. 214

Bour et al. provided a detailed review over social media use for health research.?® They observed the
evolving character of social media use in health research from concentrating on communicable
diseases (e.g. influenza, HIV)**®in earlier studies to most recently including recruitment strategies*°
and data collection for infoveillance (syndromic surveillance using the internet).?®

Various health-related actors benefit from social media in one way or the other. Health professionals
and researchers stay informed about the latest scientific publications, remotely follow medical
conferences, interact with patients for education purposes, or even use SM as a tool to recruit study
participants.'®'5"1>3 Patients are able to join virtual communities to connect with peers suffering
from similar conditions, to exchange about health related information and to provide emotional
support.>*'* It also enables patients to be more engaged in their care and take a central role.*®
Physicians are able to improve their knowledge and abilities with social media.*’ Thus, social media
is a digital space with flat hierarchies between the participants enabling the access and sharing of
medical information about a patient’s health and especially their feelings and emotions, which

would not have been possible to collect in a face-to-face setting with a healthcare professional.

However social media data should be used with caution. Poor quality and reliability of social media
represents hurdles in its usability.® Contrary to evidence based medicine which de-emphasizes

anecdotal stories, social media tends to emphasize them.** Another major issue is the question of
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privacy. Patient privacy breaches can potentially cause much more harm on social media compared
to face-to-face with the healthcare professional due to the open character of SM and the
permanency of digital information.** To preserve privacy concerns, patients who desire to
communicate with their healthcare provider should be made aware of those potential privacy
breaches.’®® Chretien and Kind also warn of a decline in empathy that might come with increased
time spent interacting online with physicians and so losing the ability to relate to each other.*®
Further ethical issues arising with SM for health purposes are getting consent of online users, in
particular for adolescents or their parents, and preserving the anonymity of study participants.®
Denecke et al. further point out that digitally tracking personal behaviors in patients, such as
checking if patients really maintain a healthy diet, may threaten the trust in the patient-physician
relationship and as a result influence the patient treatment.* For the moment, no official general

guidelines exist to deal with those ethical issues on social media.*

1.3.4 Social media for diabetes research

Social media, such as Twitter, are increasingly popular among people with diabetes.*® In a
qualitative analysis of various SM platforms, researchers showed that people with diabetes share
practical tips, connect in groups with each other and share humor and pride.*” However this was
carried out on a small dataset of roughly 500 social media pieces. Nevertheless, asking people with
diabetes directly confirmed that the diabetes online community (DOC) represents a strong pillar of
support, where people encourage each other and strong engagement in online communities
correlates with better glycemic levels.*® Another review emphasizes the beneficial role of diabetes
online communities with relatively few negative consequences.*® Potentially, these platforms
provide a form of social support for people with diabetes which seems to be a main driver in therapy
adherence.® A specific example for the positive effect of the diabetes online community is the
movement #WeAreNotWaiting which raised awareness of deficits in glucose monitoring.***

Beguerisse-Diaz et al. studied topics that arise in 2.5 million tweets over a period of 8 months, using
co-occurrence graphs and the topic model Latent Dirichlet Allocation (LDA), and found thematic
groups such as health information, news, social interaction, commercial, humorous tweets.*"¢
Using network analysis, they identified the most influential users to be bloggers, advocacy groups

and NGOs related to diabetes.*
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Interventions on social media, through technological devices (e.g. mobile phones) for health
education and awareness programs, have a beneficial impact on reducing HbAlc and raise high
satisfaction in patients.***? Petrovski and Zivkovic support the positive effect of social media use on
lowering HbAlc and recommend it as an additional communication tool for adolescents and young
people with type 1 diabetes.*”* A survey showed that visiting social media sites correlates with an

improved self-management behavior.*

The effect of social media interventions on health-related quality of life is controversial with some
studies reporting an improvement,**¢2 while others did not find any difference regarding quality of

life between the groups after the intervention.'**%*

Crowdsourcing to gather information from the diabetes online community is a useful application as
well. For instance, social media has been used for diabetes device safety surveillance, where
participants reported information about blood glucose monitors, continuous glucose monitors,
insulin delivery devices, insulin pumps and insulin pens, or for monitoring health risk of patients

such as hypoglycemia.*

Concerning diabetes distress there is still a lot we do not know.® An important point in this thesis is
the investigation and identification of diabetes distress patterns on social media.
Frequent limitations in diabetes-related social media studies are the limited sample size, and self-

reported behaviors.*

Social media is one major type of textual data, but more generally textual data in the health care
setting are embedded in electronic health records (EHR), free text in questionnaires, doctor-patient
interactions or scientific literature. With the exponentially growing biomedical text, intelligent

methods are required to extract relevant clinical information from this free-text data.'®

1.4 Natural language in clinical decision support

This rapidly expanding mountain of text data makes it challenging for health professionals to
analyze and extract valuable information. In the present health system, health professionals

frequently face situations in which they often do not know that specific patient data are accessible
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somewhere, do not know how to access it, do not have time to look for it or are not up-to-date with
the latest state-of-the-art in medical research.*’*® An extreme example illustrating the problem of
exponentially growing literature is the case of COVID-19. In May 2020 the number of published
articles in the PubMed database with the term “COVID-19” in the title or abstract indicated 7440,
whereas only one month later this number rose up to 17.559 articles resulting in on average 137 new
publications per day.'*® Indeed, independently of COVID-19, the number of publishing authors and
publicationsis both increasing by around 3% a year according to areportissued by the International
Association of Scientific, Technical and Medical Publishers.®’

This sheer amount of data makes it almost impossible to be read and analyzed by single health
professionals and in consequence to exercise evidence-based medicine (EBM) properly.'¢>!% EBM
combines clinical experience with the value of the patient and the best available research

information to guide clinical decision making.'®

Intelligent clinical decision support systems (CDSS) provide a possible way out of this dilemma. They
provide the capability to efficiently filter those data, extract the relevant information and present
them in an understandable manner. Even beyond information extraction from literature they
provide alerts, prescribe recommendations, image interpretation and diagnostic assistance.*
However, bottlenecks hampering wide adoption of these tools in clinical practice are poor user-
interfaces, the failure to integrate those tools naturally in the health care professional’s routine; the
design of those tools from a too strong technical perspective or a lack of physician acceptance.*!
In a report, Bates et al. shared 10 learnt lessons in implementing clinical decision support systems
in which they point out the importance of user-friendliness of the tool, making it easy for health
professionals to “do the right thing”.”> Furthermore they emphasized that managing and

maintaining the systems is critical for the successful delivery of decision support.*

Another important reason for the limited adoption, is the nature of machine learning algorithms
integrated in those systems, often referred to as “black box models”, and their lack of
interpretability for both physicians and engineers who developed them.**** In contrast, explainable
artificial intelligence (Al) includes interpretable Al models where strengths and weaknesses of a
decision-making process are transparent.'’® Wasylewicz and Scheepers-Hoeks also see a great and
promising challenge to combine healthcare with big data, but warn from “Black box” systems and
emphasize the need for validation and acceptance of those systems.*” Simon et al. found in 2008

that only less than 1 out of 5 practices implemented some sort of decision support.'™ As an answer
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to this little adoption, a roadmap on clinical decision support was published from the American
Medical Informatics Association (AMIA) identifying three principal directions to tackle to ensure
broad use of CDSS: 1) Best knowledge available when needed; 2) High adoption and effective use;

3) Continuous Improvement of Knowledge and clinical decision support systems methods.*

In this thesis we aim to examine the first direction of how to best structure, analyze and present
knowledge and how known gaps hampering adoption of clinical decision support systems can be

addressed such as interpretability, ease-of-use and handling large data corpora.
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CHAPTER Il: OBJECTIVES

Addressing a research question in traditional epidemiology is mainly hypothesis driven. A
hypothetical idea of a relation between entities is postulated and confirmed or denied by exploiting
data related to the research question. Contrary to this strategy, in this work, a data-driven approach
is followed. A priori no hypothesis is stated on the data used in the different objectives. However,
the fundamental hypothesis of this work is that social media data, such as Twitter, is a useful
complementary source of information compared to traditional health research data to better

capture what are the main issues of people with diabetes.

The contributions in this work are two-fold. On the epidemiological side, this exploratory thesis aims
to extract information out of diabetes-related data which could then be used in a next step to
formulate hypotheses which are studied in a more traditional setting (e.g. cohort study). On the
technical side, the aim was the development and validation of innovative machine learning
algorithms, which were open-sourced to encourage the community to reuse them for their research

work.

2.1 Diabetes distress profiles

Following this data-driven approach, thefirst objective of this thesis was to identify diabetes distress
profiles and diabetes-related concerns using social media data. To the best of our knowledge this
was the first study capturing information about key diabetes-related concerns using social media

data. Chapter IV will outline this objective.

2.2 Causal relationships

Currently, itis challenging to automatically identify cause and corresponding effect relationships in
textual data. In the second objective of this thesis, the detection of cause-effect relationships in

diabetes-related tweets was studied leveraging powerful machine learning algorithms. Similarly to
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the first objective, this is the first study addressing the identification of cause-effect pairs in diabetes

related tweets. Chapter V will detail the second objective.

2.3 Feedbackexplorer - Clinical decision support

Health professionals practice evidence-based medicine on the basis of the best available
knowledge. The exponentially growing amount of biomedical data (literature, EHR, social media)
poses serious difficulties to properly exercise EBM based on recent, up-to-date information. The
third objective tackled the literature summarization partin the clinical decision making process and
dealt with the development of a methodology to efficiently structure, analyze and visualise scientific
literature with a focus on interpretability, ease-of-use for health practitioners without programming

skills and the capability of handling large data corpora. Chapter VI will illustrate the last objective.
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CHAPTER Ill: GENERAL CONCEPTS

In this chapter, the main data sources and principal methodological concept, transversal to thesis,
will be outlined. This will provide a global intuition over the concepts of natural language processing
and machine learning methods used and how these methods were evaluated. The following
chapters of this thesis, detailing the studies conducted, will each have a separate section dedicated
to the specific methodology applied to the study and refer, for the main concepts, to this general

introduction.

The first section focuses on the data used in this work, namely Twitter data for the first two
objectives addressing the identification of diabetes distress related patterns and causality in tweets
and PubMed abstracts to evaluate the third objective.

The following subsection addresses a wide variety of concepts applied starting with an introduction
on machine learning methods, explaining the data representation and in particular the principle of
word embeddings, detailing supervised and unsupervised algorithms used, their evaluation and

finishing with introducing active learning.

3.1 Definitions

In the following some initial definitions are provided based on the reference book of Baeza-Yates

and Ribeiro-Neto:!™

e Token/Word: a string (sequence of characters)
e Document: single unit of information, typically text. In this context, a document can be a
Tweet or PubMed abstract
e Index term: keyword (or group of related words) which has some meaning of its own. In
chapter VI we refer to this also as head words
e N-gram: Contiguous sequence of N items from a text sample
o Example: 3-grams of “Apple” are: <"App”>, <"ppl”’>, <“ple”>

o Example: The 3-grams of “James Dean is a great actor” are:
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<“James Dean is”>, <”Dean is a”>, <”is a great”>, <”a great actor”>

e Phrase/Sequence: Sequence of ordered tokens

e Stopwords: words which are very frequent and do not carry meaning (e.g. “the”, “a”, “of”)

e Tokenization: Process of separating a chunk of continuous text into separate words

e Lemmatization: morphological analysis of words trying to map a verb form to infinite tense
and nouns to a single form so that they can be analyzed as a single item. For instance, the
lemmatization of “walked” is “walk”.

e Corpus/collection: collection of documents

e (Word) Embedding: Encoding of a word or document into a fixed-size (high dimensional)
vector representation

e Vocabulary: Number of distinct words in a document/collection

3.2 Data

3.2.1 Twitter data

The real-time micro-blogging social network Twitter is the primary data source for the first and

second thesis objective.

3.2.1.1 Twitter’s API

Access to the data is granted via Twitter’s application programming interfaces (APIs) endpoints,
which provide broad access to the data by streaming public Tweets from the platform in real-time.
Specifically for this work, the filter stream endpoint was accessed enabling users to define keyword-
based filter rules and return the matching tweets from a random sample of 1% of all tweets. As our
work was centered around diabetes, we defined keywords like diabetes, insulin or hypoglycemia. For
a full list of keywords, please see Table 3.1. In the framework of the World Diabetes Distress Study

keywords in various other languages were defined to filter tweets from different countries.
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The Twitter APIs returns Tweet objects encoded in the JavaScript Object Notation (JSON) format,

which stores the tweet’s information based on key-value pairs with named attributes and associated

values.

All data collected in this work was publicly posted on Twitter. According to the privacy policy of

Twitter, users agree to have this information available to the general public.**

English keywords

glucose

#glucose

insulin pump
#insulinpump
typel

#typel
#bloodsugar

#doc

#insulin4all

hbalc

#hbalc

diabetic

#diabetic
gestational diabetes
#gestational
#thisisdiabetes
#stopdiabetes
#diabeticproblems
#diaversary

pwd

#pwd

insulin

#insulin

diabetes

#diabetes

t2d

#t2d

#dsma

#bgnow

dblog

#dblog

#cgm

#ghdoc

#gdm

continuous glucose monitoring
#continuousglucosemonitoring
#lifewithdiabetes

#diabadass
#justdiabeticthings
#diabetestest

#duckfiabetes

#kissmyassdiabetes

blood glucose
#bloodglucose

tid

#t1d

type 2

#type2
#type2diabetes
#wearenotwaiting
diyps

#diyps
#freestylelibre
freestyle libre
finger prick
#fingerprick
#changingdiabetes
#diabetesadvocate
#diabetesawareness
#tldlookslikeme
#t2dlookslikeme

#GBDoc

Table 3.1: English keywords used to collect tweets from the Twitter API
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3.2.1.2 Tweet description

Principally, a tweet is a short text message posted on the social network Twitter with a maximum
number of 280 characters. A sample tweet is shown in Figure 3.1. The default is to post a tweet
publicly, butitis also possible to switch to private mode which makes the tweet only visible to one's
followers. A tweet is accompanied by a large amount of metadata, including images, videos, user
information or geolocation information. The most important meta-data fields for this thesis are

summarized and explained in Table 3.2.

user name user screen name
hashtag
\ .
4 v [

. . ) , e
Twitter Support @ @TwitterSupport - Jul 23
Let the #Tokyo2020 | Games begin!

-~

F

Follow what's happening with the “#Tokyo2020 ,, " tab in Explore. Find s text
real time updates, Topics, and Lists about teams, events, and athletes —
available in select countries.

) 513 1 w7 ) 810 it
L1 % "
Mumber comments

Mumber likes
Number retweets

Figure 3.1: Sample Tweet
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Attribute Attribute Description Example
child
created_at UTC time of Tweet creation Fri May 12 11:34:23 2019
id tweet’s unique id 149385738438
text Tweet text hello, | am an example
id userid 1234567
|name |user name |TWitter Name
user |screen_name |screen name and handle |twittername
location user-defined location for this account’s|LosAngeles, CA
profile
description user-defined  description about the|l am a teacher living in Los
account Angeles
full_name Full representation of the place’s name|San Francisco, CA
with Twitter’s geo-tagging
place name Short representation of the place’s name|San Francisco
with Twitter’s geo-tagging
country_code [Shortened country code us
hashtags Represents hashtags in the Tweet text #newFeatures
entities media Represents media elements uploaded with|images
the Tweet
urls Represents URLs included in the text https://developer.twitter.co
m
lang language identifier of the Tweet text en

Table 3.2: Meta-data fields most relevant for this thesis. Examples are fictive

3.2.2 Pubmed diabetes-related abstracts

Abstracts were downloaded from PubMed, a large biomedical bibliographic database with more
than 33M references' to biomedical and life sciences journal articles starting from 1946 and provided
by the National Library of Medicine.*® A specific characteristic of PubMed abstracts is their
categorisation via MeSH (Medical Subject Headings) codes. The MeSH codes are structured
hierarchically and used for indexing, cataloging and searching biomedical documents. Each MeSH
code is composed of the MeSH descriptor name, a number indicating the location in the hierarchical
tree and a unique identifier. Figure 3.2 shows the structure of diabetes-related MeSH codes, the

MeSH codes relevant for this thesis. For instance, the MeSH code “Diabetes Mellitus” has the tree

!atest statistics: https://pubmed.ncbi.nlm.nih.gov (accessed: 29-09-2021)
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location “C19.246” and unique identifier “D003920”. One of its children “Diabetes Mellitus, Type 2”
extends the tree location to “C19.246.300” and has the unique identifier “D003924”.

The third objective of this thesis will use Pubmed abstracts of publications related to diabetes and

in particular takes advantage of its hierarchical structure to evaluate the developed methodology.

Diabetes Mellitus [C19.246] @
Diabetes Complications [C19.246.099) @
Diabetic Angiopathies [C19.246.099.500) @
Diabetic Foot [C19.246.099.500.191]
Diabetic Retinopathy [C19.246.099.500.382]
Diabetic Cardiomyopathies [C19.246.099.625]
Diabetic Coma [C19.246.099.750] @
Hyperglycemic Hyperosmolar Nonketotic Coma [G19.246.099.750.490]
Diabetic Ketoacidosis [C19.246.099.812]
Diabetic Nephropathies [C19.246.099.875]
Diabetic Neuropathies [C19.246.099.937] @
Diabetic Foot [C19.246.099.937.250]
Fetal Macrosomia [C19.246.099.968]
Diabetes, Gestational [C19.246.200]
Diabetes Mellitus, Experimental [C18.246.240]
Diabetes Mellitus, Type 1 [C19.246.267] @
Wolfram Syndrome [C19.246.267.960]
Diabetes Mellitus, Type 2 [C19.246.300] @
Diabetes Mellitus, Lipoatrophic [C19.246.300.500]
Donchue Syndrome [C19.246.537)
Latent Autoimmune Diabetes in Adults [C19.246.656]
Prediabetic State [C19.246.774]

Figure 3.2: Diabetes related MeSH structure.?

3.3 Machine learning and natural language processing

Machine learning is a branch of artificial intelligence designed to learn from the surrounding
environment and experience.”” These algorithms “learn” to achieve a desired task through
repetition based on input data which is referred to as the training data. Once the training of an
algorithm is finished, it is capable of generalizing and processing unseen data with respect to the

desired task.

2 Tree view taken from: https://meshb-prev.nlm.nih.gov/treeView
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A specific architecture of machine learning algorithms are Neural networks (NN) or Artificial Neural
Networks (ANN) which have been inspired by efforts to simulate the functioning of the brain with
neurons, being the nodes, and connections between them.*® Each neuron receives some inputs,
usually multiplied by a weight factor, which are then aggregated and passed through an activation
function to produce an output. In multi-layer or feed-forward networks, neurons are arranged in a
layered manner in which several hidden layers are placed between input and output layer. A neural
network architecture having multiple hidden layers stacked upon each-other is commonly referred
to as deep learning.”® For a broad introduction of neural networks, please refer to the report of

Schmidhuber.t™

Human language is complex, filled with ambiguities and subject to a person’s interpretation making
it tremendously difficult to develop programs which reliably determine the intended meaning of the
text data. Natural language processing (NLP) explores how computers can be used to understand
and manipulate natural language.®® Naturally it lies in the intersection of computational linguistics
- rule-based human language modeling -, computer science and mathematics. These approaches
jointly enable computers to process human language and to understand its full meaning including
a person’s sentiment and intent. NLP addresses various tasks such as translation, summarization,
entity recognition, sentiment analysis or information extraction.

A key task in natural language processing is language modeling which aims to determine the
probability of a given word or span of words in a sentence using various probabilistic and statistical
techniques. The first neural language model was introduced by Bengio et al. as a simple feed-
forward neural network which learns the parameters of the conditional probability of the next word

given all the previous ones.'™

Throughout this thesis, the machine learning, neural network and NLP concepts that will be applied

are introduced in the following sections.
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3.4 Data representation

Machine learning algorithms usually work with numerical data and prefer well defined fixed-length
inputs and outputs, whereas textual data is generally messy. Thus, textual data, such as social media

data, electronic health records or clinical notes need to be transformed to numbers.

An early model capturing the relative importance of the terms in a document is the vector space
model introduced by Salton et al.'”> The basic idea is to represent each document in a collection as
a point (vector) in a common vector space with the property that points close to each other in this
space are semantically similar.’” The values of the elements in a point are derived from frequencies,
such as the number of times a given word appears in a given context.'® Vector space models form

the basis for later developments in natural language processing.

Two key breakthroughs drove the boom in natural language processing in recent years and
revolutionised the way textual data is reshaped into useful numbers: first, the ability to generate
meaningful fixed-size vector representations of words, so called word embeddings or dense vectors,
triggered by the method word2vec®® and extended by Glove'™ and FastText;*® and secondly, to
enhance beforehand mentioned methods by the ability to generate context-aware word and
sentence representations® using a Transformer architecture.®® The Transformer architecture is the

key innovation in the popular BERT model.®

Word embeddings build the foundation of all three objectives and the Bert model plays a crucial role
in our second objective to identify causal associations. For this reason, these methods will be
introduced in the following sections. In addition, readers, who are less familiar with the NLP and ML,

shall gain an intuition about word embeddings and the way we deal with text data.

3.4.1 Word embeddings

Simply spoken, a word embedding is a fixed-size, dense vector of real numbers. Usually, they capture
context and word relations in a way that words that are similar semantically for humans also have

similar word embeddings and thus are close in their vector space.
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There exist several different techniques for constructing word embeddings. The aforementioned
first revolution in NLP started in 2013 with the work of Mikolov et al.®* who introduced the Word2Vec
method, based on a shallow neural network, composed of an input layer, one hidden layer and one
output layer. They calculated word embeddings on a large amount of unlabeled text data and
revealed interesting semantic and syntactic relationships. For instance, it was shown that the vector
representation of the word Queen can be derived by the simple algebraic vector operation:
vector(King) - vector(Man) + vector(Woman) and can be interpreted as the analogy “king is to queen
as man is to woman”.'® Figure 3.3 illustrates further examples of word embeddings in the vector

space and the idea of semantic similarity.

woman .
man '\ girl slower
\ father 4‘ con slow /
cat king dYeen boy

slowest
dog \4 mother Q faster
\ cats daughter fast

France
dogs

England longer

he fastest
Italy \ she long

himself \

herself

Paris
London

longest
Rome

Figure 3.3: Illustration of semantic similarities of the word embeddings.*™

Another intuition to the functioning of word embeddings is visualised in Figure 3.4 from Alammar.*®
Each word is represented by a dense vector of dimension 50, with colors ranging from red (value
close to 2) over white (close to 0) to blue (close to -2). Similarities and differences can be observed
when comparing the colors of the vectors between the different words. For instance, all words
represent persons except the last row “water”. This difference can be seen in the embeddings where
the persons have a strong blue line in the center. Moreover, the embeddings for “girl” and “woman”

are similar in many places.
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Intuitively, Word2Vec aims to learn the representation of every word based on the other words
surrounding it. Thus, the word embeddings are able to capture contextual relationships between

words. For a more formal introduction into Word2Vec refer to the papers from Mikolov.t*¢2

woman | |} | 1|
oir L NIl WHNIE
boy| 1 I 1IN

| [

man
king 1
queen

A1
water [l | | I A DGR I 0 AN

Figure 3.4: Word embeddings of 50 dimensions for several words. Color codes are based on their

values, going from red (close to 2), over white (close to 0) to blue (close to -2).'%°

Some efforts have been made to extend the word2vec method. Le and Mikolov prolonged word
embeddings to sentence and document embeddings.'®! Pennington et al. proposed GloVe (Global
Vectors for Word Representation) leveraging the corpus statistics by calculating word embeddings
on global word-word co-occurrence counts.'”” The FastText model extends word2vec by taking
subword information into account.®® In this method a vector is calculated not only for each word but
also for the n-grams, allowing to approximate misspelled or out of vocabulary words. This is a
practical property when working on noisy Twitter data and a reason why FastText word embeddings

have been applied throughout this thesis.

Word embeddings are perfectly suited in a transfer learning setting, as they are typically pre-trained
on a large corpus of text data to produce meaningful vectors in a first step. In a second step and
given a specific task those word vectors can be used as features to train a machine learning model.
However, it is important that the data of the pre-training and the data of the desired task resemble

each other. Word embeddings trained on a general Wikipedia corpus won’t be as impactful when
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applied on Twitter data as the language used on Twitter differs quite significantly from the one on
Wikipedia, which generally is free of misspellings, invented words, or grammatical mistakes.
Word embeddings are often used as a starting point for machine or deep learning algorithms and

serve as input features.

The cosine is commonly used as distance measure in natural language processing to measure the
similarity between two word vectors. Formally cosine similarity can be defined by the angle, or

cosine of the angle, between two vectors and is given by:
T

im( ) V1 V2
sim(vy,vy) = ——————
[vallz [v2]l2
, Where || - ||,denotes the euclidean distance and sim(v1, v2) ranges from -1, meaning an opposite

similarity, to +1, stating an exact match of similarity with an angle of 0. And the cosine distance is
defined by:

dist(vq,v5) = 1 — sim(vq,v3)

and only defined for positive values.

Throughout this work cosine similarity was applied to determine the similarity between words,

sentences or tweets.

3.4.2 Contextualized Word embeddings

Word2vec, Glove or FastText word embeddings are context independent in a way that these models
output one single word vector embedding for each word. In consequence, all different meanings of
a word are encoded in a single vector. The vector embedding for the word “bank” in the sentences
“The money on my bank account” and “At the river bank” are the same, neglecting the different word

senses depending on the context.

The second revolution in NLP tackled this issue by providing a new generation of context-sensitive
word embeddings. This profoundly moved the NLP field onto the next level, being able to calculate
different word embeddings for “bank” depending on its context. In 2018, several approaches have
been proposed to calculate deep contextualized word embeddings based on language modeling,

such as ELMo,'3? ULMFiT,*® GPT*** or BERT.** Given the relevance for this work, only the BERT model,
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probably the most utilized one, will be introduced in the following. BERT is designed on central
elements for modern natural language processing: the attention mechanism and the transformer

architecture.

Transformers

Before the emergence of the Transformer architecture,®® recurrent neural networks*®® and in
particular, one of its variants the Long-short-term-memory (LSTM)* dominated sequence-to-
sequence tasks, such as machine translation or text summarisation. However, their weakness of
modeling long sequences and their sequential nature prevented efficient computation and led to
the attention mechanism, a fundamental innovation in neural NLP and the opening for contextual

word embeddings.

The attention mechanism was proposed by Bahdanau'®’ and is a way of selectively weighting
different words in the input such that they will have an impact on the hidden states resulting in a
weighted context vector that weights the outputs of all previous prediction steps. In short, attention

allows the model to focus on the relevant parts of the input sequence.

The transformer architecture exploits the attention mechanism while processing sequences in
parallel. All words are handled simultaneously rather than word-by-word. This architecture is
boosting the training time significantly through heavy parallelization. For a broader introduction in

the attention mechanism and multi-head attention refer to ANNEX 2.

BERT

Bidirectional Encoder Representations from Transformers, BERT in short, is a masked language
model relying on a multi-layer bidirectional transformer encoder architecture.* It was introduced
in two versions: BERT, .., Which stacks 12 transformer encoder layers with 110 million parameters
and a vector dimension of 768; and BERT,, ;. which stacks 24 transformer encoders with 340 million
parameters and a vector dimension of 1024. Two training strategies are performed: Mask Language
Model (MLM) and Next sentence prediction (NSP). In the MLM some input tokens are masked
randomly, meaning replaced by the token [MASK], and the model tries to predict the masked token
based on its context. In the NSP task, given a pair of sentences the model tries to identify if the
second one follows the first sentence with the aim of capturing more long-term information.

Training BERT on both training strategies results in a pre-trained model, which can then be fine-
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tuned on various downstream tasks using labeled data. In this context, the transfer learning
paradigm is adopted. Typically, the BERT modelis pre-trained on a large dataset, and fine-tuned on
a small task-specific dataset. With this training system BERT outperformed many task-specific
architectures and achieved state-of-the-art results on a wide range of NLP tasks.® The input for the
BERT model is a sequence of tokens. A BERT-specific tokenizer then adds two artificial tokens to
each sequence. Thefirstis the [CLS] token denoting the first token of the input sequence and can be
used for classification tasks as it unites sentence specific information. The second token is [SEP]
added between two sentences and is used in the NSP task during pre-training. BERT produces a 768

dimensional vector in its base version.

Various extensions of the BERT model have been proposed with the aim of optimising the model and
adapting it to specialised use cases such as: RoBERTa (Robustly optimised BERT pre-training
approach) which applies various modifications in the training step of the BERT model such as
removing the next sentence prediction task or using longer sequences in the input data during
training;'®® Disti[BERT used distillation to reduce the BERT’s model size by 40% and being 60% faster
while retaining almost entirely its language understanding capabilities;'® BioBERT, a pre-trained
biomedical language model for biomedical text mining;**® BERTweet, a pre-trained language model
for English Tweets.”

In contrast to word2vec or FastText, which can be trained on a large dataset using multicore CPUs,

BERT models rely to a great extent on training on GPUs.

BERT-based architectures, and in particular BERTweet, were examined in the second objective in

both the preprocessing and causal models’ creation part.

3.5 Supervised algorithms

Machine learning algorithms are all about pattern recognition in data. They are a useful tool to
distinguish relevant data from non-relevant data. Supervised learning methods learn to perform
predictions on unseen data based on human-labeled training data. In this way, the classifier acts as

a mapper between the input data and the labels.
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3.5.1 Support vector machine classification

In the first and second objective of this thesis, the supervised machine learning algorithm Support
vector machine (SVM) was used in the preprocessing pipeline to filter only relevant tweets and in

consequence remove noise.

The SVM algorithm aims to find an optimal hyperplane that best separates the classes by maximising
the distance between the hyperplane itself and the closest data points, so called support vectors.®"***
The hyperplane is defined by the linear function w"x + b = 0, where w is the normal vector to the
hyperplane, x the data. Contrary to many other machine learning algorithms which output
probabilities, the SVM provides the class identity: if w”x + b > 0, SVM predicts the positive class

and forwTx + b <0, the negative one, compare Figure 3.5.

Figure 3.5: Support vectors, marked with grey squares, define the margin of the largest separation
between the two classes.'*

Additionally to undertaking linear classification, SVMs can also perform non-linear classification
exploiting the so-called kernel trick. In situations when the data can not be separated linearly, the
kernel function maps the input data to a higher dimensional space in which the data can be
separated by a linear hyperplane such that the distance between the hyperplane and the data is

maximal. The hyperplane is optimal if the margin is maximised with respect to the training data.

The overallidea can be described as: with a high enough number of dimensions, it is always possible

to find a hyperplane separating two classes.
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In the first objective the SVM was integrated in the preprocessing pipeline and in the third objective

the SVM comprised the internal classifiers in the classifier nodes.

3.6 Unsupervised algorithms

Unsupervised algorithms, also frequently referred to as clustering algorithms, aim to find groups of

similar documents in a collection of documents.

3.6.1 K-means clustering

The K-means clustering algorithm is a simple and widely used unsupervised algorithm creating a
“flat” decomposition of data into a set of clusters.®® The first step in the algorithm is to randomly
select K data points as initial cluster centers (centroids). In the second step, each data point will be
assigned to its nearest centroid based on a distance function d. In the third step, the centroids of
each cluster are recalculated as the mean of all data points in the cluster. Then repeat step 2 and 3
until convergence is achieved and clusters are stable. Cosine similarity is usually taken as a distance
function when working on text data. One of its challenges is to specify the number of clusters K to

be identified by the algorithm.

The first objective leveraged the K-means algorithm to detect clusters from diabetes-related tweets.

3.6.2 Hierarchical clustering

Hierarchical clustering (HC) is a form of clustering in which the solution is presented in the form of
trees. Different levels in the tree correspond to different levels of abstractions of the data.
Hierarchical clustering is ideally situated for interactive exploration and visualisation as it enables
the extraction of various flat partitions of clustering solutions of different levels of granularity.®
Moreover, it may be more natural to reveal the underlying structure of the data in a hierarchical
rather than a flat style.”® HC can be broadly divided into agglomerative (bottom-up) and division
(top-down) clustering. In the more common one, agglomerative HC, each data point is assigned to
its own cluster and then pairs of clusters are merged repeatedly until a single root cluster is
obtained; whereas in divisive HC initially all elements start in the same cluster and are then

consecutively split.**

71


https://www.zotero.org/google-docs/?8JQOnl
https://www.zotero.org/google-docs/?KNyeME
https://www.zotero.org/google-docs/?wgo6kB
https://www.zotero.org/google-docs/?XUF9kv

GENERAL CONCEPTS

A novel hierarchical clustering algorithm was developed in the third objective building the

foundation of the clinical decision support tool.

3.7 Named entity recognition

Named entity recognition (NER) is a natural language task aiming to identify proper entities and
classify them into predefined categories such as dates, products, names or in the biomedical
domain diseases, risk factors, proteins or mutations. Commonly the task of NER is formalised as a
sequence classification task. A sequence labeling model s trained to assign a tag class to each token

or unit within a sequence of tokens.

A standard method to identify entities in a text are conditional random fields (CRFs), a statistical
sequential classification method.” A CRF is a form of undirected graph that defines a single log-
linear distribution over label sequences given a particular observation sequence. CRF models the
label sequence jointly instead of decoding each label independently by considering the correlations
between labels in neighborhoods and jointly decoding the best chain of labels for a given input
sentence. For a sentence with words x,..., x; and associated tags (or hidden states) y;,...,yr ,a

CRF is given by:

K
1
PO 1%,6) = 7o oxp {ZZek fe O yt_l,xt)}

T
t=1k=1

The first term Z(x) in the equation is a normalisation of all possible state sequences in order to

output a probability:

Z(x) = Z exp {iigk feQe yt—l'xt)}

0y, is the weight for a feature k with feature function f; and is learned during training. Considering
only the special case of linear-chain CRF, the feature function f; looks at a pair of adjacent states
Yi—1, Ys, the input sequence x and the current position in the sequence t.

The feature functions are the core component of CRFs and can be defined in various ways. For
instance, a simple feature function might be:

16, Ve—1,x:) = 1 if y, = LOCATION and x; = Paris; 0 otherwise
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orif aword is capitalized:

e Ye—1,x) = 1 if x, = capitalized; 0 otherwise

Frequently used features are Part-of-Speechs tags, whether the word is a digit, certain prefixes or
suffixes. Moreover, word embeddings can be used as features, as will be shown in this work. An

extensive overview over conditional random fields is provided by Sutton and McCallum.***

CRFs have been applied widely in NER detection systems such as drugs'®* and also on other language
as English such as Czech® or morphologically rich languages like Turkish.**

It has also been shown that combining word embeddings with LSTMs and CRFs have been powerful
models to identify entities'®® or simply use word embeddings as features for a linear-chain CRF.**
Lample et al. examined bidirectional LSTMs combined with CRFs and features based on character-
based and unsupervised word representations.?® Recently, large scale language model pretraining

methods such as the aforementioned BERT further enhanced the NER performance.®

Typically, NER tasks label tokens in the BIO (Beginning, Inside, Outside) tagging format introduced
by Ramshaw and Marcus.?®* Each token is encoded in one of the following tags: “B-*” indicates the

“I_*”

beginning of an entity, inside the entity and “O” represents outside the entity. A simplified
variant of this format is 10 tagging relying solely on the “I-*” and “O” tag which can lead to superior
results compared with BIO tagging.?®

In the second thesis objective the two entities cause and effect were predicted applying the 10
tagging scheme resulting in the following tags: “I-C” inside cause, “I-E” inside effect and “O” neither

cause nor effect. For instance, the sentence Prediabetes forces me to change my lifestyle with cause

Prediabetes and effect change my lifestyle was encoded as:

Sentence: Prediabetes, forces, me, to, change, my, lifestyle

10 tags: I-C o O O I'E [I-E I-E

The second objective framed the cause-effect pair identification as a named entity recognition task.
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3.8 Active learning

Manual annotation of data is essential for the successful development and evaluation of
sophisticated machine learning systems. At the same time, it is time-consuming, highly expensive
and thus remains challenging for research groups.”™ In addition, manual annotation can be
subjective if clear prior rules are not defined and in consequence is a potential source of bias. Active
learning (AL) is a sample selection method with the aim to minimize annotation cost while
maximizing the performance of machine learning models by selecting training data in a smart way.”
An active learning strategy tries to select the most informative data instances from an unlabeled
dataset to be labeled by an oracle, in most cases a human. This concept is attractive in scenarios
where unlabeled datainstances are highly available, but obtaining labels is expensive. The extensive
survey of Settles details several strategies to evaluate the informativeness of unlabeled data and
how to choose training data.” The uncertainty sampling strategy is the simplest and most commonly
used one, in which the instance is chosen for which the system is the least certain about how to
label.” In the case of a binary probabilistic classifier, uncertainty sampling chooses the instances for
which the system predicted probabilities near to 0.5. A more theoretically-motivated and less often
used strategy is the query-by-committee®® in which a committee of models with different
hypotheses are used and and return the most informative query as the query the models disagree
the most about how to label. In the expected gradient length strategy, the model selects the instance
that would impart the greatest change to the current model if we knew its label.?®*

Active learning has been widely applied on text data and clinical natural language
processing.”84205206 |t has also been shown that using modern word embeddings (Word2Vec,
FastText, BERT) achieve substantialimprovement over more commonly used vector representations

such as Bag-of-Words.?"
In both the second objective and third objective an active learning strategy was adopted to

efficiently increase the training data and increase performance while minimizing the annotation

effort.
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3.9 Evaluation metrics

3.9.1 Supervised metrics

Typically, supervised machine learning algorithms are evaluated on several evaluation metrics,

commonly based on counting the number of correct and incorrect predictions of the model in

comparison with some ground truth labels. The most important metrics used throughout this work

are detailed below.

3.9.1.1 Binary classification

Table 3.3 provides a confusion matrix for a binary classification in which the model prediction and

actual true labels are compared to extract the evaluation metrics. True positives (TP) are defined as

the number of correctly identified instances labelled as belonging to the positive class. True

negatives (TN) correspond to the correctly identified instances labelled as belonging to the negative

class. False positives (FP) refers to the number of incorrectly identified instances belonging to the

positive class and False negatives (FN) specifies the number of instances incorrectly identified as

belonging to the negative class.

Actual class
Positive (P) Negative (N)
Positive True positive (TP) False positive (FP)
Prediction (PP) hit type | error, false alarm
class
Negative False negative (FN) True negative (TN)
(PN) type Il error, miss correct rejection

Table 3.3: Confusion matrix for binary classification.

Using these statistics, it is possible to define the following evaluation metrics to determine a model’s

performance:**®

e Accuracy: tests how well a model correctly identifies or excludes a condition. However,

accuracy can be misleading with high scores in scenarios of large class imbalance.
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TP+ TN

Accuracy = ——
Y = IPT FP+FN+TN

e Precision: fraction of detections reported by the model that were correctly identified as

positive class. Another term for this measure is Positive predictive value.

TP
TP+FP

Precision =

e Recall: fraction of true conditions that the model was able to detect. Another term for this

measure is True positive rate or sensitivity

Recall =
TP+FN

e F1-Score: harmonic mean of precision and recall

Precision * Recall
F1 =2

Precision + Recall

In all objectives these performance measures served to evaluate the models.

3.9.1.2 Multi-class classification

In scenarios when the number of classes exceeds two, one refers to multi-class classification. This
setting requires a redefinition of the above introduced evaluation metrics.?® Table 3.4 illustrates the
confusion matrix for the three classes A, B, C with class B being the reference class. For instance, if
the actual class is B, but the model predicted class A or class C, then both are counted as FP due to

misclassification.
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Actual class
Class A TN FP TN
Prediction | ¢|assB EN TP FN
class
Class C TN FP TN

Table 3.4: Confusion matrix for multi-class classification. Here, for the classes A, B, C. Class B is the
reference

A confusion matrixis built for each class being a reference class. Then there exist several possibilities
to aggregate these scores: micro, macro or weighted. We only present the macro score which was

applied in the second objective to evaluate the multi-class named entity recognition model.

e macro: calculates the metrics for each class and averages their values

.. TP, TP,
Precision, = P, = ——; Recall, =R, = —=—;
TP.+FP, TP.+FN,
.. 1oc 1 c
macroPrecision = Pygero = =é=1 P: ; macroRecall = Rpygcro = z c=1Rc

C

The F-score is estimated similarly to the definition in the binary case by replacing precision and

recall with macroPrecision and macroRecall.

3.9.2 Unsupervised metrics

3.9.2.1 Silhouette score

The Silhouette score helps to evaluate the correctness of the assignment of a data point to a specific
cluster instead of another cluster by measuring both intra-cluster distance a and inter-cluster
separation b.*®

For a data instance i in the cluster C; , the average distance between i and all other data instances

in the cluster C; is defined as:

o y
a®) = Fr=g D, 4D

JEC;,i#]
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with d(i, j) denoting a distance function.

The smallest average distance of a data instance i to all points in any other cluster is defined as:

1
b(i) = ming {zs D dG))

j€Ck

The silhouette score of a data point i is then defined as:

~ _ b -a@® _ P
s(i) = max (@).bD] € [-1,1] if |G| > 1

and

s@) =0 if|¢] = 1.

A value close to +1 indicates that the data point is far from the other clusters. A value close to 0
specifies that the data point is very close to the decision boundary between two neighboring
clusters. A negative score indicates that the sample might have been associated with the wrong

cluster. A global score can be obtained by averaging the silhouette score over all samples.

The Silhouette score was used in the first objective to determine the optimal number of clusters for

the clustering algorithm K-means.

3.9.2.2 Hierarchical clustering

Aglobal measure taking into account the overall set of clusters that are represented in a hierarchical
clustering tree is the FI-Score as introduced by Larsen and Aone and applied by Zhao and
Karypis.®210

Each document is associated to a class ¢ among all classes € and in an ideal clustering a cluster
(node) k regroups only documents of a respective class c.

Let’s define n, as the total number of documents for a class c. For a cluster k among all clusters K,
the total number of documents is n,. The number of documents of class ¢ in cluster k is then

described by n .. The precision, recall and F1-Score for a given class ¢ and cluster k are defined as

P(c, k) = ’;—:

R(c k) = =%

c
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2% P(c,k)*R(c, k)

Bl =+ R0

The F1-Score of the entire class c is the maximum F1-Score of any cluster/nodes in the tree,
F1(c) = max, F(c k)
leading to a global F1-Score as the weighted sum of individual class FI-Scores
F1-Score = Zlcczll% F1(c)
where n is the total number of documents.
In an optimal hierarchical clustering, every class would have a corresponding cluster containing the

exact same documents, leading to F1-Score = 1.

This F1-Score was applied in the third objective to evaluate the hierarchical clustering part of the

clinical decision support tool.

3.10 Software

The principal programming language used to realise this work was Python, especially in the first two
objectives with Scikit-learn, PyTorch and Gensim as main packages.®**'?** JavaScript with its
visualisation library D3 was used in the second objective as well.?* The third objective was
developed in Scala based on the framework Apache Spark and Apache Lucene.?>?!" JavaScript and
D3 were again applied for the visualisation and interface.

All the algorithms developed in this thesis are open-source under the GitHub account of the World
Diabetes Distress Study: https://github.com/WDDS/ and Epiconcept’s Sparkly package:
https://github.com/Epiconcept-Paris/sparkly.
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CHAPTER IV: IDENTIFICATION OF DIABETES AND
DIABETES DISTRESS PROFILES

This chapter will outline the results pertaining the first objective of this thesis of identifying diabetes
and diabetes distress related topics from social media data.
The content of this chapter has been peer-reviewed and published in the international journal: BMJ

Open Diabetes Research and Care (2020)."

4.1 Introduction

Currently, the sources of stress, anxiety and concerns among people with diabetes are still
underexplored and it is challenging for existing evaluation scales (e.g. PAID, DDS) to capture them,
due to a lack of completeness (e.g. fear of hypoglycaemia, feelings of powerlessness or work-related
stress). 912218

Social media data offer a unique opportunity to enlarge our understanding of diabetes-related
distress and assess sentiments of people with diabetes with the help of the active online diabetes
community, in particular on Twitter.?*®

Besides, exploring psychological information related to diabetes and associations between socio-
economic factors and diabetes-related concerns based on real-life social media data is still a
neglected area. Diving into social media and exploiting its data may provide new perspectives and
enable future interventions to be more appropriately tailored concerning prevention, management

and treatment of diabetes.

The objective of this study was the identification of diabetes-related concerns and the detection of

associated emotions and sentiments centered on Twitter data from the USA.
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4.2 Methods

In this study a strict preprocessing pipeline was applied to remove noisy and irrelevant tweets,
which will be detailed in the following paragraphs. Figure 4.1 provides an overview over the
preprocessing steps, followed by the identification of diabetes-related topics of interest and
concluded by associating these topics with socio-economic factors such as the mean household

income.

— Diabetes-related

Removal of

retweets & duplicates
N=84M

Removal of institutional

tweets and Spam
N=1.95M

Removal of jokes
N = 619,000

Preprocessing

Removal of tweets for which
- no location was found or

- not geolocated in the US
N = 563,000

Removal of tweets with
- neither an emotional word

Emotional tweets - nor emoji / emoticon
N = 46.407 N = 121,593

Analyses —

Association between
mean household income

& topics of interest

-

Figure 4.1: Workflow for the identification of diabetes-related topics.” The red steps involved

machine learning steps

4.2.1 Data

This study was based on 11.7 million diabetes-related tweets from all over the world, in English

language, collected from April 2017 to July 2019.

4.2.2 Data preprocessing

Data preprocessing is key in addressing the noisy and unstructured nature of Twitter data. The

following sections outline each step that has been conducted.
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4.2.2.1 Task-specific word embeddings

Word embeddings have been chosen to translate the textual data into a numerical format which is
understandable for machine learning algorithms. Choosing suitable word embeddings is critical to
ensure a healthy model performance. It has been shown that domain-specific input corpora are
better in extracting meaningful semantic relationships than generic pretrained Word2vec or GloVe
embeddings.”®® Following this advice we trained our own word embeddings using the FastText
algorithm® on the initial 11.7 M tweets of our target domain diabetes. The FastText implementation
from the topic modeling package Gensim was utilized to calculate the word embeddings.”? In
experimental tests we found that the best configuration was a vector dimension of 300, window size
of 5, n-grams from 3 to 6, min count of 1, 20 training iterations and no preprocessing of the tweets.
A vector representation of the whole tweet is then modeled as the average of its word vector

embeddings.

4.2.2.2 Unique database

To guarantee a clean database consisting of only unique tweets, retweets and duplicates were
removed. Moreover, we observed that certain Twitter accounts, probably chatbots, share the same
message repeatedly with only slight modification, for instance changing a word. These accounts
could potentially be chatbots which are becoming more and more popular.?** Those slight changes
prevented them to be recognised as duplicates and in consequence to be removed from the
database of unique tweets. To tackle this issue and remove those almost identical tweets, cosine
similarity was applied to each tweet pair based on FastText embeddings. If the cosine similarity
exceeded 0.98, they were recognised as identical tweets and in consequence the duplicate was
deleted. This threshold was determined experimentally.

Furthermore, we hypothesized that user mentions and urls create more noise than providing useful
information for our analyzes. Thus, user mentions starting with “@” were replaced with the constant

value “USER” and urls starting with “http...” were replaced with the constant value “URL".

4.2.2.3 Personal content classifier

Coming from a public health perspective, we were interested in analyzing tweets with personal
content shared by people with diabetes or talking about diabetes. As personal content we

understood information shared about their life, their opinions, their feelings and concerns.
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In consequence, institutional tweets regrouping general, not to once personal life specific
information such as health information, news articles or commercial tweets. Table 4.1 provides

some examples of personal and institutional tweets.

Johnsen et al. tried to identify personal content based on personal pronouns like ‘I’, ‘me’, ‘us’, etc.?*

Contrary to this approach, a supervised strategy was adopted to identify tweets with personal

content in a two step process.

Tweet Personal (1=yes; 0=no)
Seven yoga poses for diabetes URL 0
if i go too easy on insulin my blood sugar spikes | risk later life problems. too much 1

insulin and i go low and HAVE to eat or go into a coma

treating a hypo at 11:30 pm sucks ass he went from 225 to 64 then 56 (O please let 1
this juice work its magic #typeldiabetes

The latest Diabetes Daily! URL #t1d #dblog!! 0
Research links chemicals found in plastic used for food packaging to #type2diabetes 0
in men: URL

Table 4.1: Examples of personal tweets and institutional tweets. URLs are replaced by “URL”. Tweets
were slightly altered to ensure privacy.

First, a machine learning algorithm was trained to detect tweets from personal users. For this
purpose, 2275 randomly chosen tweets were manually labeled for being personal (label: 1) or
institutional (label: 0). Two researchers labeled the first 300 tweets, according to the definition at the
beginning of the paragraph, discussed disagreements and one researcher continued to label the
other tweets. The input for the machine learning algorithm was a tweet embedding obtained by
averaging the word vector embeddings of all words in the tweet based on the trained diabetes
FastText embeddings. The trained algorithm was then applied on all tweets per user and if their
average prediction was above 0.25 the tweets were categorised as coming from a personal user. This
threshold was determined experimentally. For example, if in our entire dataset a user X shared 5
tweets with predictions of “0, 0, 0, 1, 0”, then the user was considered an institutional user, as the
average prediction was 0.2, and consequently all his/her tweets were removed from the dataset.
This first classifier acts as a crude filter, removing obvious institutional accounts.

Secondly, a personal user can tweet both tweets with personal but also institutional content. To

separate these two categories, another 1884 tweets were randomly selected from all tweets of
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personal users and manually labeled according to personal content or institutional content.
Identically to the previous annotation, two researchers labeled the first 300 tweets, discussed
disagreements and one researcher continued to label the other tweets. Analogous to the first
classifier, a second machine learning classifier was trained on those tweets and then applied on all
personal user tweets to obtain a database consisting of tweets from personal users with personal
content.

Several machine learning algorithms were tested to determine the optimal performance for the

personal classifiers: Support Vector Machines, Logistic regression and Random Forests.

4.2.2.4 Joke classifier

Jokes about diabetes are a common phenomenon on Twitter and a large part of jokes are related to
food such as “I ate so much ice cream, that it will give me diabetes haha” or “I can taste the diabetes
in my tea” (fictional tweets). In our study, jokes are considered noise and misleading and in
consequence were removed.

Automatic detection of jokes, humour and irony in a piece of text is a challenge, even for humans.
Contrary to Zhang and Liu who identified humorous tweets based on phonetic, morpho-syntactic,
lexico-semantic, pragmatic and affective features, we again leveraged in this work a word
embeddings in combination with a binary classifier.”® For this purpose 998 random tweets were
labeled in jokes (n=250) and non-jokes (n=748). Again, two researchers labeled the first 200 tweets,
discussed disagreements and one researcher continued to label the other tweets. Due to the class
imbalance, the data augmentation technique Synthetic Minority Oversampling Technique (SMOTE)
oversampling was implemented, using the package Imbalanced-learn.?**** In contrast to random
oversampling where the data instances of the minority class are simply duplicated and so do not
add any new information to the model, SMOTE creates new synthetic data instances from the
existing training examples which increases the variances in the training set. In detail, a random
training instance A of the minority class is chosen and then its k (default: 5) nearest neighbors are
found. One of the k nearest neighbors B is chosen randomly. The synthetic new instance is then
generated by selecting a random point between the two points A and B in the feature space.
Analogous to the personal classifiers, several algorithms were tested: Support Vector Machines,

Random Forests, XGBoost and Logistic Regression.
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4.2.2.5 Geolocation

This study was conducted only on tweets from the United States of America. Yet, only a small
fraction of users share their geo-location information (geo-tags). Some studies report that less than
3% of all tweets'* contain geo-tagged information, while others report that less than 1% of tweets
are geo-tagged and less than 50% of users provide valid city-level information.?”*??" Hence,
identifying the geolocations of a tweet is a tough task. Sewalk et al. built a geolocation engine
leveraging the tweets metadata and combined them with natural language processing methods and
external services such as Google Maps Geocoding application programming interface to infer a
location.’* Another approach extends the FastText architecture to account for various user
metadata.”®

We also developed a geolocation engine to exploit the metadata of tweets and thus aim to geolocate
as many tweets as possible. Similarly to Shah et al., who identified the location of a tweet based on
the user-defined user location field in the user profile,” our geolocation engine exploits the user
location field. But in addition, we also include the geo-tagged place full name and the user
description field of the user’s biography in this process. Two external components were necessary
for the geolocation algorithm. First, the open-source geographical database GeoNames was
downloaded, containing over 11 million geographical names worldwide.”® Secondly, the open-
source software Apache Lucene was utilized, which enables full text indexing and searching

capability combined with Apache Spark to process the large amount of data in an efficient way.*%?!

Geo-tagged place full name | User location User description
San Jose, CA, USA . San Jose . Living in San Jose in CA as teacher
2T e Y

? ~ 1/-_-\. ’ —-\_\ X . |
1) \2/ 3/ ';—!4—{ Location classifier

Assigns each word with a
weight, the probability of
being a location

N-gram strategy
I/L_). X l | =Living in San=, <in San Jose=,

\ =San Jose in=, etc.

Paris, FR
Los Angeles, US
New York, US

York, GB _ q
Beriin, GE > L‘LCLILL
Fair Play, US A
- Smile, US Search engine
& )
GeoNames database l

,‘2{

San Jose, CA, USA ’ Scala SpQF

Figure 4.2: Geolocation of tweets using the metadata
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Figure 4.2 demonstrates the workflow to identify locations. First, the geolocation engine checks the
presence of the most reliable and exact indicator for a location, the ‘place full name’ field in the
meta-data. If present, it was used as the query. Otherwise, the second option to infer the location
from was the user location field. If both fields were not available, we tried to extract the location
from a third option, the user description, where users share a personal note such as their profession,
what they like or where they live. The query is then matched with the GeoNames database, using
Lucene, to extract the most similar location. Several configurations have been investigated to
improve this matching performance. The first one added the Levenshtein distance as an additional
parameter for the Lucene.?! It describes the minimal number of single-character changes, such as
insertions, deletions and substitutions) to change a word into another. A useful feature when
working with noisy Twitter data, which links misspelled to correctly spelled words. For instance, the
Levenshtein distance between “diabetes” and “diabete” is 1 (deletion) or between “Japan” and
“lapane” is two (substitution J -> |, insertions e). The motivation for another optimization was that
Lucene’s standard query concatenates all words with an OR operator, which performs well for small
queries like the user location or place full name field, but lacks precision for longer texts. For the user
description field the standard query produced a lot of false positives as many non-location words
are present in the query which inconveniently often matched a location in the vast GeoNames
database. For this reason, we developed the N-gram strategy for the user description query, with a
default parameter of 3. For instance all 3-grams in the query “Living in San Jose in California as
teacher” are <“Living in San”>, <“in San Jose”>, >“San Jose in”>, <“Jose in California”>, <“in
California as”>, <“California as teacher”>. Instead of sending the whole query to Lucene, all 3-grams
are sent separately to Lucene reducing the query size and thus the probability that an unimportant
word gets matched with a location. An additional clue has been added to the N-Gram strategy to
avoid misclassification and further improve performance. Taking the same example, imagine the
highest matching score was returned for the N-gram “San Jose in” and the matched location
returned from the database was San Jose in Costa Rica. To avoid these errors, the N-gram with
highest scores, in the example “San Jose in”, gets extended by a word to the left “in San Jose in” and
to the right “San Jose in California” and both extensions are resent to Lucene with the aim of
improving the score and prediction. Ideally the query “San Jose in California” scored higher and
returned the correct match San Jose in California from the database. The extension by a word
continues to either right or left until a maximum score in combination with the most confident

location prediction is returned.
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Working with textual data always bares surprises. Another subtlety that occurred was the fact that
quite original location names exist in the real world. For instance, there are places called “Smile” or
“Fair Play” and if a user has written “I like fair play” in his user description, then the algorithm would
return the city “Fair Play”, which is obviously wrong in this context and a false positive. To adjust for
these errors and avoid wrong classifications of user descriptions an additional binary SVM classifier,
the Location classifier, was developed to decide if a word is location. The classifier was trained on
5000 randomly chosen US locations from the GeoNames database and 5000 randomly chosen words
from the vocabulary of the trained diabetes FastText embeddings which also served as embeddings
for the classifier. The Location classifier detects if a word is a location with an accuracy of 91.3%, a
precision of 92.9%, recall of 89.5% and F1 score of 91.1%. The binary output of the SYM was then
transformed into probabilities using an improved version of Platt’s scaling, essentially a logistic
transformation.?*? Those probabilities corresponded to an additional weight factor per word for the
Lucene query, to ultimately improve the location prediction. For instance, in the above-mentioned
example “I like fair play”, the Location classifier would attribute a low weight to the words “fair” and
“play” and in consequence Lucene would attribute a lower score for returning “Fair Play” as
location.

This geolocation engine allowed us to target Tweets coming from the US.

4.2.3 Identifying emotions

A special focus of this work lies on diabetes distress and on psychological factors and emotions
related to the day-to-day disease management. To point the attention towards diabetes distress,
solely tweets containing an emotional element were considered. In this context, an emotional
element is defined by the occurrence of either emotional words or emojis / emoticons. The work of
the psychologist Parrot provided us with a list of over 100 emotions classified in a hierarchical
structure with six primary emotions: joy, love, surprise, sadness, anger, and fear (full list available in
ANNEX 3). Each primary emotion is further divided into sub-emotion categories which themselves
are subdivided.”®* We combined Parrott’s emotions with emotional keywords present in the two
most common questionnaires to assess psychological health in people with diabetes, precisely PAID
and DDS. To capture as many emotional tweets as possible, this list was further extended by
hypothesising that synonyms of these emotions should be included as well. The synonym
identification was realized using the WordNet database.®** Emoticons comprise a

metacommunicative pictorial representation of a facial expression using punctuation marks and
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letters such as “-)’.2%6 Whereas emojis are pictograms used in electronic messages like @), @ or
& . Wolny’s classification of emojis and emoticons allowed us to map emojis and emoticons into

emotional categories similar to the six primary emotions defined by Parrot.?*’

4.2.4 Sentiment analysis

Generally, sentiment analysis inspects the opinion expressed by users in their text communications,
whether the opinion or attitude tends to be positive or negative. Sentiment analysis has been
addressed on a wide range of health-related tweets. A review on sentiment analysis found that on
average, 46% of health-based tweets contain some form of positive or negative sentiment.?*® Cole-
Lewis et al. examined conversations about e-cigarettes;*** Daniulaityte et al. studied supervised
machine learning techniques in drug related tweets;*** Hawkins et al. analyzed the feedback shared
by patients based on their experience receiving healthcare in hospitals*!* and Adrover et al. focused
on patient reactions and side effects to treatments.?*?

Sentiment analysis can broadly be divided into Lexicon based methods, machine learning methods
or a mixture of both approaches. Lexicon based methods depend on a dictionary with positive and
negative terms, such as Sentiwordnet.?** The polarity of a text sequence is determined on the ground
of the polarity of its words. However, their effectiveness strongly relies on the quality of the lexical
resources and their performances are limited for their inability to account for contextual
information, novel vocabulary or nuanced indicators of sentiment expression.?* Machine learning
approaches require a set of training instances, which may be costly to acquire. Also, they depend on
the training set to represent as many features as possible, a bottleneck in sparse and short text of
social media. Currently a lot of sentiment analysis tools exist, but until now none has emerged as

gold standard method.**

In this work, we adopted the open-source and human-validated tool Valence Aware Dictionary for
Sentiment Reasoning (VADER)™ to compute the sentiments shared in tweets. It is a lexicon and rule-
based sentiment analysis tool specifically developed for social media data and widely used.***%2%
It combines a lexicon and the processing of the sentence characteristics to determine sentence
polarity. Moreover VADER includes grammatical and syntactic hints to communicate changes in the

sentiment intensity such as treatments for negations (e.g. “not good”), punctuation (e.g. number of

sentiment intensity (e.g. “Research is amazingly interesting” is more intense than “Research is
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interesting”), constructive conjunctions to shift the polarity (e.g. “but”) or understanding slang
words (e.g. “sux”) and acronyms (e.g. “lol”). VADER computes sentiment and valence for each word
level and provides positive, negative, and neutral scores at the sentence level. Here, we used the
compound score as our main metric for the sentiment analysis, also referred to as the SA score,
which is a unidimensional and normalized measure of sentiment between -1 (most negative) and

+1 (most positive).

4.2.5 Topic extraction

The core of this work is the identification of diabetes and diabetes distress profiles, as defined in
section 1.2.6, and to characterise what people with or related to diabetes talk about. This task was
framed as a clustering task to regroup tweets that are talking about similar topics. The clustering
was applied on the personal, non-joke tweets containing an emotional element from the USA. The
crucial property of word embeddings of words being similar in semantics are also similar in the
vector space is again adopted for the clustering. We applied the unsupervised algorithm K-means
with cosine similarity as distance measure to group the tweets into topics/clusters using the tweets
embeddings, analogous to the previous classifiers. K-means was preferred over topic models (e.g.
Latent Dirichlet Allocation) as it provides mutually exclusive groups and affects each tweet to a
specific cluster, in addition to its capability of leveraging word embeddings. Thus it allows the study
of associations with other factors such as sociodemographic factors. As for many clustering
algorithms, the K-means algorithm requires the desired number of clusters to be obtained
beforehand. Without having an assumption about the right number of clusters k, we exploited the
Silhouette score to determine this parameter. Essentially, the Silhouette score measures how on
average each data point is closer to its cluster’s center than to any other cluster. We obtained the
highest Silhouette score for k = 30. All tweets were then assigned to one of the 30 clusters based on
the K-means algorithm. Each cluster is manually attributed with a label to characterise it better,
according to the 10 most contributing tweets, the ones closest to the cluster center, and the most

frequent words (top words) in the cluster. The term topics of interest is equally used for clusters.
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4.2.6 Assessment of the mean income

An extension of this work was the investigation in crossing the identified topics of interest with
external variables. We chose the socio-economic variable household mean income for the
intersection with the identified topics of interest. Both the tweets were geolocalized on a city level
and the data for the household mean income was extracted per city based on the 2017 American
Community Survey from the US Census Bureau.” The mean household income was divided into
tertiles: low income (US$ 24.609 - US$ 67.224); medium (med) income (USS$ 67.225 - USS 86.758) and
high income (USS 86.759 - USS 394.259). Each tweet was then linked with the mean income for its
geolocated city and assigned to its respective tertile low, medium, or high income. The mean income
information in combination with the associated cluster of the tweet allowed us to calculate the
associations between topics and mean income tertiles.

More formally, the probability of a tweet being of topic k, conditioned on being from low, med or
highincome, was calculated. For N being the total number of tweets, N, being the number of tweets
associated to topic k, N'¥ the number of tweets assigned to low income and N/°*the number of
tweets of topic k and of low income (equivalent definitions for med and high income), following
conditional probability was evaluated:

N]gOW/ N B N}éow

P(topic(tweet) == k| income(tweet) == med) = Now /N = Niow
N}:ned/ N lened
P(topic(tweet) == k | income(tweet) == med) = Nmed ] = ymed
. . . N}:ligh/ N N’iligh
P(topic(tweet) == k| income(tweet) == high) = =

Nhigh/ N = Nhigh

For each topic the Chi-squared test was applied to calculate the p-value between the binary variable
if a tweet belongs to the corresponding topic and the tertile categories of the city-level mean

income.

4.2.7 Gender & Type of diabetes classifier

When working with textual data from Twitter, information about gender or the type of diabetes, a
tweet refers to, rarely is available. Gender could be derived from the user name’s field in the
metadata, however a lot of users do not provide their real name and rather prefer artificial names

making it difficult to rely solely on this information. Nevertheless, we attempted to derive gender
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and type of diabetes information from the tweet text and its metadata using machine learning
algorithms.

For this purpose, a random subset of 1897 emotional tweets was manually annotated for gender (M:
male; F: female; U: unknown) based on the text, user description and user name field and for type of
diabetes (T1: type 1 diabetes; T2: type 2 diabetes; U: unknown) based on the text and user description
field. Here, type of diabetes does not refer to a user’s type of diabetes but rather if a tweet refers to
atype of diabetes in a broader sense. For both classifiers a third class Unknown was added for cases

in which gender or type of diabetes inference was not possible.

In the case of the gender classifier, the user name field is a strong indicator to derive the gender. We
relied on this fact to augment the training data efficiently with the aim to enhance classification
performance. Therefore, a list with popular baby names in the US from 2019, with information about
the name, gender and occurrence, was downloaded from the U.S. Social Security Administration.*’
The most frequent names, with at least 500 occurrences, were chosen assuming that their word
embeddings would be a more stable factor for recognising male or female names than the word
embeddings of rarer names. This list of male and female names was matched with the first names
of the user name field of 12.000 random tweets resulting in 3614 tweets having a male or female first
name. Finally, these 3614 tweets were added to the original manually labeled 1897 tweets leading

to a total of 5511 tweets to train the gender classifier.

For the model training of the gender classifier, the FastText embeddings for the tweet fields text,
user description and user name were concatenated and in the case of the type of diabetes classifier
the FastText embeddings of the fields text and user description. In view of our positive experiences
with the SVM algorithm in combination with SMOTE oversampling for the minority class we kept this

configuration for both the gender and type of diabetes classifier training.

4.2.8 Software

Throughout this project, Python version 3.6 was utilized with the main packages being scikit-learn
v.0.23 (machine learning algorithms and data preprocessing methods), gensim v.3.8 (topic modeling
and word representation) and pandas v1.1.5.82112132%¢ Algorithms related to this work were open-
sourced under the following address:

https://github.com/WDDS/Tweet-Diabetes-Classification.
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The geolocation algorithm was implemented in Apache Spark using the programming language
Scala and Apache Lucene served as search and index machine. The geolocation algorithm is
embedded in Epiconcept’s Sparkly package (portable machine learning spark applications:

https://github.com/Epiconcept-Paris/sparkly.

4.3 Results

4.3.1 Personal tweets

Model performance for both the personal user classifier and the personal tweet classifier were
assessed by a 10-fold cross validation and a grid search was applied to determine the best model

parameter configuration. Performances for the personal user classifier are summarized in Table 4.2.

Model Acc Prec Rec F1 Best model configuration
SVM 88.8 82.8 75.8 79.1 Regularization : 15.0;
Kernel coefficient (gamma) : 0.01;
Kernel: rbf;

Tolerance for stopping criterion : 0.1

Logistic regression 88.4 84.0 721 77.6 Regularization:0.5;
Tolerance for stopping criterion : 0.01

Random forest 88.6 86.8 695 77.2 Maxdepth:8
max features : ‘auto’
n estimators: 120

Table 4.2: Model performance for classifying personal users vs. institutional users for several
machine learning algorithms (in %).

The accuracy of all three algorithms is quite close. However, the Random forest algorithm led to the
highest precision with 86.8%, whereas the Support Vector Machines dominated the recall with
75.8% and F1-Score of 79.1%. With the aim of determining as many personal users as possible, we
chose the algorithm with the highest recall, the SVM to be applied on all unique tweets. Besides,
SVMs have been shown to achieve high accuracy on Twitter data.?***° Figure 4.3 shows the

confusion matrices for the SVM classifier.
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Figure 4.3: Confusion matrices for the personal user classifier (SYM) non-normalized and normalized

Concerning the personal tweet classification, all three algorithms performed similarly, especially
the Support vector machine and Logistic regression which slightly outperformed the Random forest
with a recall of 92.7% and F1-score of 92.0%, compare Table 4.3. To be consistent with the first
personal user classifier and still with focus on the highest recall, we selected the support vector

machine as well to classify personal tweets. The confusion matrix for the SVM is shown in Figure 4.4.

Model Acc Prec Rec F1 Best model configuration
SVM 926 914 92.7 92.0 Regularization: 15.0
Kernel coefficient (gamma) : 0.1
Kernel: poly

Tolerance for stopping criterion : 0.1

Logistic regression 926 914 927 92.0 Regularization:1.0
Tolerance for stopping criterion : 0.01

Random forest 92.2 90.7 927 91.7 Maxdepth:8
max features : auto
n estimators : 100

Table 4.3: Model performance for classifying personal tweets vs. institutional tweets for several
machine learning algorithms (in %).
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Figure 4.4: Confusion matrices for the personal tweet classifier (SVM) non-normalized and
normalized

The personal user SVM classified all 3.3M unique tweets on a user level and only tweets from
personal users whose average tweet predictions scored higher than 0.25 passed this barrier. The
second personal tweet classifier was then applied on these tweets from personal users to identify
tweets from personal users with personal content which led to a database of 1.35 M unique, personal

tweets.

4.3.2 Joke classifier

A 10-fold cross validation was applied and the input for each tweet instance were the concatenated
embeddings for the tweets’ text and user description field. Again, a grid search allowed us to estimate
the best model parameters including a weighting factor for the user description embedding.
Besides, the joke classifier was evaluated on optimizing the recall to capture as many jokes as
possible. This weight factor was multiplied to each value in the 300-dimensional word vector. This

emphasized the importance of the tweet text field stronger.

Table 4.4 lists the performance over different classifiers with and without SMOTE oversampling.
Generally, SMOTE oversampling improved the performance for all classifiers significantly. The SVM
reached the highest recall with 82.7%, the random forest dominated the precision with 63.4% and
the logistic regression achieved the highest accuracy of 80.3% and F1 68.1%. As we aimed to detect
as many jokes as possible, the SVM with highest recall was prioritized and in consequence applied
on all personal jokes. The removal of jokes in personal tweets, led to a dataset of 731.323 personal,

non-joke tweets. Figure 4.5 shows the confusion matrix for the SVM classifier indicating a high
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number of false positives.

Model

Acc

Prec

Rec

F1

Best configuration

SMOTE
SVM

76.7

54.5

82.7

65.7

No SMOTE

7.3

58.0

58.0

58.0

Regularization: 0.1,

Kernel : linear,

Tolerance: 1.0,

smote - k_neighbors: 5,

weights : 'tweet": 1, 'userDesc": 0.2

SMOTE

80.0

60.2

76.5

67.4

No SMOTE
XGBoost

73.0

0.0

0.0

0.0

booster: gblinear,

gamma: 0,

learning rate: 0.1,

max depth: 3,

n estimators: 125,

reg_alpha: 0,

reg_lambda: 1.0,

smote - k_neighbors: 6,

weights: ‘tweet": 1, 'userDesc': 0.2

SMOTE

79.3

63.4

55.6

59.2

Random Forest No SMOTE

75.3

81.8

111

55.1

criterion: entropy,

max depth: 5,

max features: auto,

n estimators: 150,

smote - k_neighbors: 5,
weights: 'tweet": 1, 'userDesc': 0

SMOTE

80.3

60.6

77.8

68.1

Logistic regression No SMOTE

75.3

54.3

54.3

54.3

Regularization: 0.1,

penalty: (2,

tolerance: 0.01,

smote - k neighbors: 6,
weights: ‘tweet’: 1, userDesc: 0

Table 4.4: Performance of the joke classifier in percentages over different classifiers. For each
classifier performance is shown with and without SMOTE oversampling. The last column shows the
parameters for the best model performance with SMOTE oversampling.
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Figure 4.5: Confusion matrices for the joke classifier (SYM), non-normalized and normalized

4.3.3 Geolocation

The geolocation performances over the different configurations, to infer geolocated information on

acity level, are summarized in Table 4.5.

The performance based on the place full name and user location field was evaluated on 236 manually
labelled samples and achieved the best result of a precision of 85%, recall of 96% and F1-Score of
90% using the N-gram strategy and Levenshtein distance of 1. The influence of the location classifier
on the geolocation prediction of these two fields was neglectable, due to the shorter text length and
thus less irrelevant words for the geolocation. Whereas, the location classifier, in addition to the N-
gram strategy and Levenshtein distance of 1, significantly boosted prediction performance on the
user description field, which was tested on 214 manually labeled tweets and yielded a precision of

81%, recall of 69% and F1-Score of 74%.
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Configuration Acc Prec Rec F1

Place full name [ user location field

Levenshtein distance =0 72.8 72.7 100 84.2
Levenshtein distance =1 78.8 78.1 99.4 87.5
Levenshtein distance = 1, Ngram strategy 83.5 85.2 95.7 90.2
Levenshtein distance = 1, Ngram strategy, Location classifier 83.5 82.7 99.5 90.3

User description

Levenshtein =0 56.5 25.5 51.1 34.0
Levenshtein=1 70.6 49.0 78.7 60.4
Levenshtein distance = 1, Ngram strategy 80.8 68.0 76.8 72.1
Levenshtein distance = 1, Ngram strategy, Location classifier 83.6 80.7 68.5 T74.1

Table 4.5 Geolocation algorithm performances for different configurations. On the top the
performances are shown for the tweet fields: place full name and user location. On the bottom
performance is shown for the field user description.

From the 731.323 personal, non-joke tweets, we found that only 6% (40.931/731.323) contained geo-
coordinates shared from Twitter in the field place full name. In total, the geolocation engine was
able to infer geo-coordinates for 63% of the tweets (463.623 / 731.323) worldwide, of which 31%
(226.345 / 731.323) were found to be in the US and 23% (167.743 / 731.323) in the US that also had

information on the city-level.

As a result, our work continued on the 167.743 tweets, containing geolocalized city information in

the US.

The spatial distribution of these tweets is illustrated in Figure 4.6. California (N: 18.551) and Texas
(N:14.237) show the highest number of tweets, whereas Vermont (N: 197) and Wyoming (N: 131) had
alow number of tweets. Those numbers correlate with the population distribution over the different
states according to the US Census Bureau.”! At the city level the dominant cities with the highest

number of tweets are New York City (N: 9.663), Los Angeles (N: 5.301) and Chicago (N: 4.884).
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Figure 4.6: Spatial distribution of diabetes-related, personal, non-joke tweets over the USA. The
number of tweets in each state is represented by color ranging from a few tweets in white-yellow to
a lot of tweets in dark red. The size of the black circles is proportional to the number of tweets.”

4.3.4 Gender & Type of diabetes

A grid search and 10-fold cross validation was applied to train the Gender and Type of diabetes
classifier. The accuracy for the Gender classification was 86% and more performance measures can
be deducted from Table 4.6. With a precision of 92% a tweet could be identified as being from a man
and with 93% for a woman. Figure 4.7 shows the confusion matrices in a non-normalized and

normalized version.

Prec Rec F1

M 0.92 087 0.89
F 093 0.89 0091
U 036 0.62 0.46
macro avg 0.74 0.79 0.75

Table 4.6: Performances for the gender classifier (SVM) for the following classes: M = male; F=female;
U=unknown
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Figure 4.7: Confusion matrices for the gender classifier (SVM) non-normalized and normalized

The type of diabetes classifier achieved an accuracy of 74% with more performance measures being

listed in Table 4.7. Results were similar over all classes for all measures ranging from 0.72 - 0.76.

A confusion matrix is provided in Figure 4.8 indicating that a majority of misclassifications (false

positives) were due to the fact that the model inferred a type of diabetes for a tweet while the true

label was no type of diabetes.

Prec Rec F1
Unknown 0.76 0.74 0.75
Type1l 0.74 0.72 0.73
Type 2 0.72 0.75 0.74
macro avg 0.74 0.74 0.74

Table 4.7: Performances for the type of diabetes classifier (SVM)
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Figure 4.8: Confusion matrices for the type of diabetes classifier (SVM) non-normalized and

normalized

Among all diabetes-related tweets in the US, 46.407 were identified as emotional tweets (28% of US
tweets) on which the trained gender and type of classifier were applied. This yielded 14.485 (31%)
tweets written by men, 20.228 (44%) by women and 11.694 (25%) from unknown gender. In contrast,
20.285 (44%) were predicted as from people with type 1 diabetes, 4.375 (9%) from type 2 diabetes

and 21.747 (47%) were from unknown type where inference was not possible.

4.3.5 Topics of interest

The heart of our study was the identification of topics of interest to characterise what people, with
and talking about diabetes, share on social media. Table 4.8 outlines a detailed description of the
30 identified topics of interest obtained by the clustering. Each topic (row) is explained via a topic
label that was provided by the researchers based on the most important tweets and top words.
Furthermore, the most important top words, the gender and type of diabetes distribution in this
topic, and a short description of the topic are provided. ANNEX 4 provides a table with sample tweets
for each topic.

An over-representation of women was observed in most topics, particularly in topics 10, 23 and 26
referring to the importance of affordable insulin and the oral glucose tolerance test (OGTT). While
men tend to discuss topics around diabetes-related stories (topic 6) and ‘diabetic/insulin shock’
(topic 29). Concerning the type of diabetes, discussion around ‘advocacy for affordable insulin’

(topic 10) and enjoying the exchange in the diabetes online community (topic 5) were almost
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exclusively dominated by people with type 1 diabetes. The rare clusters for which people with type

2 diabetes had noticeably more tweets than on average were related to the confusion between type

1 and type 2 diabetes (topic 19) and when they tweeted about their diagnosis anniversary (topic 17).

The hashtag #DSMA stands for the Diabetes Social Media Advocacy group, a community of people

exchanging about diabetes-related topics, in which the price of insulin is a central concern.

No. Topic label Top words Gender | Diabetes Tweet description
(%) Type
(%)
1 | Support/Solidarity in |happy, birthday, day, | 27 24 2 mm 3 25 |- Happy birthday wishes
diabetes community |#dsma,#tld,insulin [ M F U | Tl T2 U |- Affection / Support / Solidarity messages
2 | Inspiring relatives [love, t1d, amazing, ﬁ £l 2L 2 6 15 |- Inspiring friends and families when living with diabetes
living with diabetes |#t1d, awesome M F U [T1 T2 0| orhelping to live a better life
- Pointing to people campaigning for diabetes issues and
affordable insulin
3| Sharing hope and |hope, well, #dsma, a ﬁ 28 g 1 a - Encguraging people with d.iabetes
encouraging get, soon, better M F U [Tl T2 U |- Hoping to find a cure for diabetes
4 | Diabetes awareness / | help, love, please, us, ﬂ 43 2 2 6 39 |- Supporting each other within the diabetes community
Support / Donation |let, awareness M F U |T1 T2 U |-Raising awareness for diabetes and its complications
- Donations to get insulin
5 | DSMA* enjoying |#dsma, good, :), g 46 26 | 92 - Friendly exchanges within the DSMA* online community
. . o Bl o BN 2 6 . .
online suppo ad, tonight, love M F U [T1 T2 U |- Being thankful for the people’s effort and activi
1 pport glad, tonight, 1 Being thankful for the people’s effort and activity
- Questions within the DSMA online community
6 Sharing diabetes |good, bad, news, 37 32 30 (3 ,, 56 [ People telling stories about diabetes or diabetes treatment
related stories really, know, like M F U |TL T2 U [-Messages about daily struggle with diabetes
7 T1D hashtags #t1d, #diabetes, 25 >3 22 2 15 5 |Mainly short, incoherent messages with several hashtags
#typeldiabetes, love [M F U |T1 T2 U |relating to type 1 diabetes, such as #t1d, #t1dlife, #t1dmom, or
#Dexcom
8 Diabetes care f:are,.take, health, 2 3 25 2 5 % - Talking ?bout diabetes care or mental health with diabetes
insulin, one, taking M F U [T1 T2 U |- Indignation about the healthcare system
9 | Bloodsugar palette |#bloodsugar, got, w223 |s s % “Spam” about the beauty product “Blood Sugar Palette” palette
(beauty products) |palette, excited, love, [M F U |[T1 T2 U
10 Advocacy for #insulin4all, insulin, 18 70 ;o ﬁ o s |- Encouraging people advocating for affordable insulin
affordable insulin |good, thank, love,us [M F "U [Tl T2 U |- Talking about healthcare activism
11 Life with and would, love, could, [37 38 25 [36 43 5Lf. Hypothetical life without diabetes
without diabetes |insulin, like, one M F U |T1 T2 U |- Frustration about how people without diabetes poorly
understood their conditions
12| Life with type 1  [#t1d, #diabetes, 25 51 24 a 16 12 |- Messages about Dexcom devices
diabetes love, #typeldiabetes (M F U [TL T2 U |- Seeking for encouragement
- Life with type 1 diabetes
13| Glucose guardian |glucose, guardian, 3 2 i 5 1 % Looking for glucose guardians. This is a gender neutral term for
need, love, father M F U |T1 T2 U |aperson who is giving money, often to buy insulin, in exchange
for some favor or something in return.
14| Chatting about  [love, insulin, #dsma =<2 22 NS a Talking about insulin
insulin good, glucose,one M F U |T1 T2 U
15| Insulin and insulin |insulin, pump, love, [51 47 2> 23 | 45 |- Unhappiness about having to manage the insulin pump
pump complications |hope, got, new,feel |[Mm F u |T1 T2 U |- Insulin had no effect or was bad
16| Diabetes in family |family, runs, friends, 2-9 42 2_9 35 =2 - Worries about getting diabetes because of family
know, type, history |[M F U |T1 T2 U | predisposition
- Family support
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49

17 Diaversary years, ago, two, type, E ﬁ 22 25, 26 Celebrating birthday of diabetes diagnosis
one, insulin M u |2 T2 U
18| Day-to-day stories [day, today, insulin, 29 47 24 g 2 Day-to-day stories about diabetes or insulin adjustment
about diabetes glucose, good, last [M F U |T1 T2 U
19| Confusion between |type, one, two, good, 2 40 g 2 40 - |Frustration about people’s inability to distinguish between type
T1D and T2D love, people, feel M F U |T1 T2 U |1 and type 2 diabetes
20 Diagnosis diagnosed,type, old, £z 4701 % 17 21 |Talking about their own diabetes diagnosis or the one of their
. — i .
two, since, year,one [M F U |T1 T2 U |child
21| Glycemic instability [glucose, blood, high, 2 el 2 19 17 2 - Difficulty to keep blood sugar levels stable
sugar, insulin, levels [M ¢ U [T1 T2 U |- Suffering from low or high blood sugar
- Reliefs about keeping blood sugar levels normal
22 Insulin insulin, good, like, % 2 25 3 s % - Talking about expensive insulin and people who cannot
need, people, feel M F U [T1 T2 u | afford treatment
- Insecurity about insulin
23| Diabetes pop star |nick, jonas, cried, 16 g 24 a 2 2 Talking about pop star Nick Jonas who has type 1 diabetes and
. | o .
Nick Jonas remember, found M F U |Tl T2 U |wrote a song about it
24| Misunderstandings [people, know, like, B2 39 2 |3 i °L |- Complaining about the public view on diabetes
of diabetes one, understand M F U [T1 T2 U |- Unclear relationship for many people between food and blood
sugar / diabetes
25| Frustration with  |insulin, afford, cost, 2 ﬁ 20 (23 4 2 - Frustration with high insulin prices
insulin prices cannot, insurance M F U |T1 T2 U |- Insurance as elementary factor to get insulin
26 OGTT** glucose, test, hour, [0 88 24 | s > 2 Dreading glucose drink and glucose tests (mostly during
today, tomorrow M F U [Tl T2 U [pregnancy)
27| Parents and diabetes [ mom, dad, got, died, B3 - 24 28 10 e2 | Parents-children stories related to diabetes
insulin, one, bad, lost[m ¢ u [T1 T2 U
28| Diabetes Distress |feel, like, hate, sick, 3_1 41 28 2 A 2 - Sharing feelings of sadness and depressive symptoms
really, bad, feeling [M F U | Tl T2 U |- Feeling scared or anxious about insulin use
- Hate towards own diabetes
29 Diabetic/Insulin  |shock, insulin, went, 2 2 -2|5- 13 3 2 - Going into diabetic shock after eating sweet food
Shock going, coma, would [M F U |T1 T2 U |- Sharing experience of going into insulin shocks
30 Diabetes-related ~[anxiety, depression, 2 22 o |25 0 55 | Talking about diabetes-related complications such as
PR LR . e . . . . . .
comorbidities pain, neuropathy, M F U |T1 T2 U [depression, anxiety, heart diseases, nerve pain, chronic pain and
heart, cancer other health issues

Table 4.8: Overview of the 30 topics of interest for people with or talking about diabetes and their
gender and type of diabetes distributions. For each topic the following information are provided:
the topic label, the most frequent words, gender (M=men, F=women, U=unknown) and type of
diabetes (Tl=type 1 diabetes, T2=type 2 diabetes, U=unknown) distribution and a tweet
* DSMA refers to Diabetes Social Media Advocacy online group; ** Oral glucose

description.™
tolerance test

4.3.6 Primary emotions related to the topics of interest

The results related to the sentiment analysis and emotions are summarised in Table 4.9. For each

topic information about the cluster size, the average sentiment analysis score (SA score), the

sentiment analysis distribution (SA distr.) and lastly the distribution over the primary emotions.

ANNEX 5 lists the most common emotional words and emojis/emoticons per topic. The table is
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ordered following the SA score from the most positive to the most negative topics. We have found
that the most positive topics were linked to the support and solidarity within the diabetes online
community (topic 1) with a SA score of 0.68 and 72% of emotions related to joy and to topic 2,
“inspiring relatives living with diabetes with a SA score of 0.67 and 36% joy and 31% love elements.
On the bottom of the table, the most negative topics were related to tweets around ‘diabetes
distress’ (topic 28) of which the emotions sadness (24%), anger (27%) and fear (21%) dominated;
‘diabetic/insulin shock’ (topic 29) with an over-representation of anger (45%) and fear (46%)
elements and concluding with ‘diabetes-related comorbidities’ (topic 30) with 40% sadness, 19%

anger and 22% fear emotions expressed.

No Topic label %0 SA SA distr. Primary emotions (%)
(N) | score | neg=[-1,1]=pos [l [l || sad || anger ||
1 | Support/solidarity in | 1.3 068 /7N |0.72
diabetes community | (613) -1 1| @ 019 002 004 002 002
2 'In.splrln'g rel.atlves 33 0.67 '\ |036 o031 021 005 003 0.05
living with diabetes | (1552) —1 1| = L = - = —
3 Sharing hope and 1.2 0.54 <% | 045 045
encouraging (542) —1 L H m Wl Gl Lol 4B
4 | Diabetes awareness / | 3.2 0.48 — % | 05 0.38 0.4 (12
: 0.05 0.08
Support / Donation | (1499) =1 L] = - - s = —
5| DSMA*enjoying | 3.1 | 047 | ———" 048 096 (06 009 004 007
online support | (1459) =1 1B = = =
6 Sharing diabetes 33 0.36 T—’_—/‘\l (g 024 o 017 o8 0.15
related stories (1513) - = = = = —
"~ 1037 0.38
7 T1D hashtags 1.8 0.33 5 1 | = 0.06 0.08 0.07 0.05
(812)
8 Diabetes care 29 | 0.28 —1_/———/\1 0.05 0&‘1 001 005 003 Ué?’
(1353) i = = e
9 [ Bloodsugar palette 1.8 | 0.26 T——/\‘/\l 0.28 Uﬁ“ 003 013 002 0.04
(beauty products) (818) N = - = - -
10 Advocacy for 1.1 022 | — 024 029 (g9 015 013 01
affordable insulin (505) —1 L] = = - — =
11| Life with and without | 2.7 019 | ——— Oéll 026 o 0.16 0.08 0.13
diabetes (1239) = 1 - = B = =
12 Life with type 1 3.3 0.18 T/u/—\hl 03 027 o4 016 011 011
diabetes (1514) - = B Bo= =
13| Glucose guardian 0.7 0.16 _T/‘ml 0[%7 025 0.01 025 0.06 0.05
(343) - == =
14 | Chatting about insulin | 5.0 [ 0.14 — 1032 023 g4 018 012 0.11
—1 1 = =] == ] = —
(2302)
15| Insulin and insulin 44 1009 | — 035 023 g3 018 0.13 0.09
pump complications | (2036)
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16| Diabetes in family 0.9 | 0.07 I//—J-\k 022 026 p3 018 1 0.22
17 Diaversary 3.6 0.07 —Tﬁf\_ 0é8 0.2 0.06 021 0.11 0.14
(1685) = - - =
18| Day-to-day stories 5.7 0.05 T/ﬂ 01%8 0.17 o004 021 015 0.15
about diabetes | (2666) - - - = = =
19| Confusion between 3.9 | 0.04 — 1022 021 g¢ggo5 022 014 0.17
TIDand T2D | (1804) -1 = T W ' =
20 Diagnosis 2.2 0.02 _T’A—"q\ 0%4 021 0.06 021 0.13 0.16
(1023) - = -
21| Glycemic instability | 5.1 0.01 _T/W\g 022 019 o4 024 015 0.17
22 Insulin 86 (001 | ——— — [021 018 (o5 02 014 0.6
(3970) = = - =
23 [Diabetes pop star Nick[ 0.5 [ -0.07 _r’\__\ 019 019 0,01 U:Q 0.04 0.09
Jonas (218) - - -
24 | Misunderstandings of | 7.0 [ -0.08 [ — — — —— | 0.16  0.17 4 029 014 02
diab (3244) -1 = = a2 s
iabetes —
25|  Frustration with 63 |-012| — —— —|015 017 g¢p3 024 021 02
insulin prices (2916)
26 OGTT#** 43 013 | 77— | 02 o1 02 031 o018 0.9
(2012) - = = - =
27| Parents and diabetes | 4.0 | -0.14 1/_%‘; 016 017 04 029 014 021
28| Diabetes Distress 4.5 -0.19 1/—\——x 0.14 0.11  0.04 024 027 Oél
(2067) - = i -
29 Diabetic/Insulin 06 | 033 | — ™ —0u ‘ , 045 046
Shock (284) -1 i Rk 068 m =
30| Diabetes-related 38 1036 | T 009 o008 o002 9% 019 022
comorbidities (1760)

Table 4.9: Sentiment and emotion distributions of the 30 topics of interest of people with or talking
about diabetes. For each topic the following information is provided: the topic label, the frequency
of the topic, the average sentiment analysis score (SA score), the sentiment analysis distribution (SA

distr.) and the frequency of primary emotions.™

* DSMA refers to Diabetes Social Media Advocacy online group; ** Oral glucose tolerance test

Generally, the topics using most frequently joy and love emotions turn around exchanging,

supporting and showing solidarity with each other (Topics 1,2,3,4,5). The only topics revealing a

higher percentage of surprise emotions were ‘Inspiring relatives living with diabetes’ (Topic 2) and

‘Diabetes awareness / Support / Donation’ (Topic 4). A good example of imperfect preprocessing

textual data is topic 9 related to beauty products with diabetes-related names such as “Blood sugar

palette”. Consequently, this topic was considered irrelevant for our analyses.
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4.3.7 Insulin pricing

Arecurrent theme occurringin 5 of the 30 topics was Insulin pricing. In particular, topic 25 appeared
as a major topic when users shared their frustration of not being able to afford insulin causing the
expression of negative emotions: 24% sadness, 21% anger and 20% fear. Topic 13 channels this
frustration when people are looking for ‘glucose guardians’, a gender-neutral term for a person
giving money in exchange for some favor. In this context, people with diabetes typically look for
glucose guardians to obtain financial support to buy life-saving insulin. Topic number 10 regroups
tweets of people fighting for affordable insulin, usually represented by the hashtag ‘#insulin4all’.
The positive emotions in this group show mutual support. The topic 22 ‘Insulin’ and topic 4 ‘Diabetes
awareness / Support / Donation’ were broader clusters with a partial focus on users talking about
expensive insulin and people who cannot afford treatment and donations as a way to finance

insulin.

4.3.8 Associations between topics of interest and mean income

Regarding studying potential links between the mean household income and the topics of interest,
we detected that clusters such as ‘advocacy for affordable insulin’ (topic 10), ‘insulin’ (topic 22) and
‘frustration with insulin prices’ (topic 25) were positively associated with the mean household city
incomein a way that cities with higher income were more likely to tweet about these topics (p<0.001
for all three topics), see Figure 4.9. Furthermore, we observed that topic 12 ‘life with type 1 diabetes’
(p<0.01) and topic 21 ‘glycemic instability’ (p<0.05) were positively associated with the mean
income. Similarly, positive associations were identified between topic 24 ‘misunderstandings of
diabetes’ (p<0.001) and topic 19 ‘confusion between type 1 and type 2 diabetes’ (p<0.05), both
related to language use and how people exchange about type 1 and type 2 diabetes, showing that
cities with higher incomes being more likely to talk about these themes.

On the other hand, negatively associated with mean city income, meaning that cities with lower
income were more likely to post tweets, were detected for ‘DSMA enjoying online support’ (topic 5)
with p<0.001, ‘day-to-day stories about diabetes’ (topic 18) with p<0.001 and ‘oral glucose tolerance
test (OGTT)’ (topic 26) with p<0.001).

The single significant topic cities with medium mean income posted about, was ‘insulin and insulin

pump complications’ (topic 15) with p<0.001.

105



RESULTS - IDENTIFICATION OF DIABETES DISTRESS PROFILES

Distribution of tweets per topic conditioned on mean income (%)

1: Supporysalidarity in diab. comm.  2: Inspiring relatives living with diab. ***  3: Sharing hope and encouraging 4: Diab. awareness/Support/Donation

D.0% 0.0% 0.0% - 0.0%
law med high low med high low med high law med high
5: DSMA enjoying onling support *** 6: DSMA sharing diab.-rel, stores 7: T1D hashtags B: Diabetes care
ditin s e bt Bolol e she ot} it divkaibory b b o e PRE el o et bt i P
00 0.0% 0.0% 4 00%
low med high T med high low med high law med high
9: Bloodsugar palstte beauty prod. *+* 10: Advocacy for affordable insulin ***  11: Life with and without diabetes 12: Life with type 1 diabetes **
20% Tomm  =mm | S 25% o | e
0.0% 0.0% 0.0% - 00%
law fmed high o med hgh low med hgh lowr med high
13: Glucose Guardian 14: Chatting about insulin 15: Insulin pump complications *** 16: Diabetes in the family
5.0% 5.0% L0%
0.0% 0.0% 0.0% - 00%
low mad high low mred high low med Hgh T med high
17: Diaversary 18: Day-to-day stories about diab. *** 19: Confusion between T1D and T2D * 20: Diagnosis
N Lo il T e S T e e P R e T T
00% 0% 0.0% - 0.0%
low med high fow med high low med high low med high
21: Glucose variability * 22: Insulin #+* 23: Diabetes pop star Nick jonas 24: Misunderstandings of diabetes %
5.0% = Bl A e —_—
0.0% 0.0% 0.0% - 0.0%
law e high low med high low med high low meed high
25: Frustration with insulin prices =** 26: OGTT *»= 27: Parents and diabetes 28: Diabetes distress
50%
0.0% D0% 0.0% 003
low med high fow med high low med high lowr med high
29: Diabetic/insulin Shock 30: Diabetes-related comarbidities
0.0% 0.0%
low med high low med high

Figure 4.9: Plot of the frequency of tweets per category of mean household income at the city level
(low, medium, high) for each topic. A p-value using a Chi2 test was calculated.”
* p-value <0.05; ** p-value <0.01; *** p-value < 0.001

4.4 Discussion

4.4.1 Principal findings

In this work we showed that Twitter is a useful tool to capture and describe key diabetes-related
topics and emotions related to those clusters. Based on a strict preprocessing pipeline we solely
focused on relevant tweets, namely tweets with personal and emotional content which are no jokes
and coming from the US. Our main findings suggest that on one hand among the diabetes online

community there exists a lot of mutual support and solidarity with multiple tweets containing joy
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and love elements. On the other hand, users shared fear, anger and sadness emotions when it comes
to insulin pricing and diabetes-related complications and comorbidities. Also, significant frustration
was caused by people’s inability to distinguish between the different types of diabetes. Moreover,
we found that cities with higher incomes were more likely to discuss topics around affordable
insulin, insulin pricing, the language use related to diabetes or glycemic instability. Whereas
discussions in cities with lower mean income were more driven around daily stories related to

diabetes, exchanging in the online community (DSMA) and the oral glucose tolerance test.

4.4.2 Comparison with the literature

To the best of our knowledge, this was the first study capturing information concerning key
diabetes-related concerns based on social media data. For this reason, we were not able to confront
and compare the results with others. Nevertheless, a close study in terms of methodology published
by Vydiswaran et al. studied relationships between food-related discussions on Twitter and
neighborhood characteristics.?*? Similarly to our study they divided tweets into personal and non-
personal, using an external tool, worked on geo-located tweets and associated a count-based
emotional score to each tweet. However, their study had a regional focus of tweets from the Detroit
Metropolitan area by only gathering already geotagged tweets and thus avoiding an external
geolocation step as in our case. To identify themes, they manually coded a small subset of 1537
tweets whereas we used unsupervised machine learning to be able to work on a larger dataset.
Further, we demonstrated gradients between topics related to diabetes and the household income
level of the city, similar to Nguyen et al. who illustrated that people living in zip codes with high
percentages of happy and physically active tweets had lower obesity prevalence based on
geolocated Twitter data.”

Other studies documented the importance of understanding emotions and self-control (regulation
of thoughts, emotions and behavior) for health outcomes in people with diabetes based on self-
reports.”* Coccaro et al. confirmed our results that diabetes distress is linked with negative
emotion.”® Hagger et al. examined diabetes distress among adolescents with type 1 diabetes and
observed a significant proportion experienced elevated diabetes distress which is often associated
with suboptimal glycemic control.*® Another study suggested that positive emotions such as hope
and curiosity may play a protective role in the development of a disease.” Furthermore, it has been
shown that higher levels of emotional distress are related with poor self-care in type 2 diabetes.*

lturralde et al. showed that anxiety is highly comorbid with depression among individuals with type
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2 diabetes.”® Those studies emphasize the relation between emotions, diabetes and diabetes
distress and thus align with our results demonstrating that people with or talking about diabetes
frequently share emotions, diabetes- and diabetes distress related topics and concern on social

media.

4.4.3 Insulin pricing

A major concern among tweets in the USA was insulin pricing affecting 5 out of 30 topics with the
whole spectrum of emotions present. The positive emotions (joy, love) occurred in tweets referring
to solidarity in the fight for affordable insulin within the diabetes community. Those tweets were
often accompanied by the hashtag ‘#insulin4all’, a campaign that unites the diabetes community
around the accessibility to treatment for everyone.? Negative emotions (sadness, anger, fear) were
present when people shared their frustration regarding insulin prices, the access to insulin and
identifying sources of insulin including glucose guardians or donations, which encompass major
obstacles for people with diabetes.””” Blanchette et al. also stressed the fact that greater financial
stress and psychological factors have detrimental impacts on self-management outcomes during
emerging adulthood in people with type 1 diabetes and suggest advocating for policy changes to
support improved self-management outcomes.?*°

We have found associations of topics focusing on insulin pricing to be more frequent in cities with
high mean incomes. One can not directly conclude that this indicates that people living in cities with
a high mean household feel more concerned about insulin prices, but rather that they probably have
a greater ability to tweet around this issue. Numerous tweets geolocated in high mean household
income cities included the hashtag ‘#insulin4all’. Key challenges for a global and fair access to
insulin are known.?!

Some reasons for the high cost of insulin are the presence of a vulnerable population depending on
insulin to survive; the quasi monopoly of three companies dominating the market and the immense
lobbying power of these companies.”® To our knowledge, we are the first to demonstrate and
quantify the extent of the crisis in the USA, with respect to insulin pricing, on a large sample of
people with or talking about diabetes based on social media data. Besides, we highlighted different

emotions and fears associated with the crisis around insulin pricing.
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4.4.4 Strengths and limitations

Various strengths pervade this study. The first and certainly one of the most crucial advantages of
using social media data is the fact that information is expressed spontaneously and in real-time.
This can be described as an open digital space with a flat role hierarchy for information sharing, and
online communities development. As a consequence, potential biases occurring in traditional and
observational studies such as the responder bias could be minimized because there is no hierarchy
between the parties. Secondly, the large number of people and the wide variability in their profiles
were analyzed. Third, we developed an innovative methodology to focus on relevant (personal,
emotional, non-joke) geolocated tweets from the USA to identify topics of interest and emotions
shared within topics. And lastly the approach is able to capture trends in the diabetes online
community and socioeconomic factors which can be associated with social media at the ecological
level.

At the same time, several limitations need to be mentioned. First, users expressing diabetes-related
concerns on Twitter may not be representative of all people with diabetes. Nonetheless, it has been
suggested that this can be partially offset by the large number of people sharing data in the first
place, a major strength of digital epidemiology.?” Despite the observation of large variability in the
profiles, we spotted an over-representation of people with type 1 diabetes and women when
compared to known diabetes epidemiology literature when in reality the vast majority of diabetes
cases are type 2 (90%).* A potential explanation of the greater percentages of type 1 diabetes cases
might be the younger demographics of Twitter users.? An alternative hypothesis might be that type
1 diabetes involves more care, more devices and more challenging medication resulting in more
frustration which is shared on Twitter compared to type 2 diabetes. Nevertheless, our results should
be interpreted in the context of a social media population solely. A second limitation is the fact that
the performances, in particular the precision, of our classifiers was not perfectly precise, meaning
that thereis no guarantee that all our tweets were actually posted from people with diabetes sharing
personal content and frequently it was not possible to determine the gender or type of diabetes.
Third, we did not account for clinical and environmental factors which might have helped tease out
these factors. For each topic a label was provided which is not exclusive. By zooming into the
clusters it could have been possible to explore more subtopics and sub-themes. This could be a
potential future investigation. The fourth limitation is the bias introduced in our geolocation by
inferring a location based on user-provided locations which might not be their true locations. Fifth,

dealing with the advent of sarcasm and irony in emotion detection is stillan open research question.
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Finally, causal inference between the mean household income per city and the topics of interest of

people living in the geolocated city cannot be made as it is subject to ecological fallacy.

A natural extension of this work is to extend our analyses to other countries and other languages.

4.4.5 Conclusion

In this study, we explored diabetes-related topics and their associated emotions. A central concern
we found was insulin pricing and it comes with negative emotions such as sadness, anger and fear.
We demonstrated the feasibility of capturing emotions, concerns and interests of individuals in real
life and showed that it is an efficient way of augmenting psychosocial, behavioral and
epidemiological research. Moreover, we found that frequent diabetes distress related topics are
discussed on social media which were not included in current diabetes distress scales such as the
frustration related to insulin access; emotions and fear regarding diabetes and its complications or
being annoyed about the general confusion between type 1 and type 2 diabetes. With this work we
hope to encourage future studies to consider social media data as complementary online
information.

Social media is a direct source to capture information about people with diabetes feelings,
emotions, beliefs, worries, and fears linked to diabetes, diabetes treatment and complications
among the large and active diabetes online community. Thus, it provides a useful observatory for
diabetes issues. The utilization of Twitter analysis on diabetes could inform the public debate about
diabetes issues and so help to contribute directly to public and clinical decision making. Social
media data will help develop policies and interventions that consider key concerns among people

with diabetes to ultimately improve health outcomes.
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CHAPTERV: CAUSALITY DETECTION

This chapter addresses the second thesis objective of identifying cause and effect relationships in
diabetes-related tweets.

The findings of this chapter have been submitted for peer-review to an international journal.

5.1 Introduction

The accessibility of a large volume of social media data offers researchers a new perspective in
studying causal relations in patient-reported outcomes expressed in real-time. Specifically, causes
of health problems, concerns and emotions can be detected as well as effects of risk factors and
actions. Extracting cause-effect relations has gained popularity in biomedical knowledge
discovery®*?®* or emergency management.? In the particular case of Twitter, causal relations have
been extracted for adverse drug reactions,”” characterising causes for stress and relaxation

tweets?®® or for causal association extraction related to insomnia and headache.®

The aim of this work was to extract spans of text as two distinct events from individual diabetes- and
diabetes distress related tweets under consideration, such that one event directly or indirectly
impacts another event. We categorized these events as cause-event and effect-event depending

upon the expressed context of each tweet.

The majority of causal relation extraction approaches examine explicit causality in text,®?¢>?%° when
cause and effect are explicitly stated by a causal link (e.g. so, hence, because of, since), causative
verbs (e.g. break, kill), conditional (e.g. if.. then..) or causative adverbs and adjectives.?’**"* An
example for an explicit cause-effect pair is “diabetes causes hypoglycemia” with the word “cause”
as explicit causal link. Whereas implicit causality is more complicated to detect such as in “Cannot
sleep #insomnia, #overthinking” with cause “#overthinking” and the effect “Cannot sleep”. Asghar
divided the cause-effect relationship detection into two types of methods: pattern/rule-based or
machine learning-based methods.?” While rule-based methods require the manual construction of
a set of linguistic and syntactic rules,*?¢>?"* machine learning systems can use a small subset of

patterns to then train an algorithm to automatically find these language patterns.”*?® An
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advantage of machine learning based approaches is their capability of exploring implicit relations
and to generalise beyond the seen examples.?”®

More advanced deep learning models have also been applied to extract causal relations.?"?"® Ponti
and Korhonen improved the implicit causality identification using a feedforward neural network.?”®
Another interesting approach, leveraging the transfer learning paradigm, combining both explicit
and implicit cause-effect extraction is provided by Khetan et al.?® They fine-tuned pre-trained
transformer based BERT language models®® to detect “cause-effect” relationships using publicly

available datasets such as the adverse drug effect dataset.?*

In a similar spirit, the objective of the present work is to identify both explicit and implicit multi-
word cause-effect relations on diabetes and diabetes-distress related tweets.
In this work we focus on intra-sentential causality where cause and effect lie in a single sentence

and can be a span of text or a single word.

5.2 Material and methods

An overview over the workflow is visualised in Figure 5.1. The first step consisted in preprocessing
the diabetes-related tweets to remove noise and concentrate solely on tweets with relevant
content. The second step focused on the analysis, starting with the detection of tweets containing
causal information (e.g. observation, opinion, concerns, etc.), also referred to as causal tweets resp.
causal sentences. Causes and corresponding effects were then extracted from causal tweets. Finally,
cause-effect pairs were clustered, described and visualised.

These steps will be elaborated throughout the following sub-sections.
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Figure 5.1: Workflow over the cause-effect extraction. The steps in green color include machine
learning methods.?®

5.2.1 Data collection

The foundation for this work built 32 million diabetes-related tweets in English collected between

April 2017 and January 2021. For more details on the data collection, refer to chapter 3.2.1.

5.2.2 Data preprocessing

The data preprocessing was heavily influenced by the preprocessing pipeline introduced in chapter
IV. In a first step, retweets and duplicates were removed leading to a database of 7.7 million unique
tweets. Secondly, tweets with personal content were identified, with feelings, emotions and
opinions shared by people with or talking about diabetes. In consequence, institutional tweets
communicating advertisement, news or health information were excluded. For this purpose we
leveraged the transfer learning paradigm and fine-tuned an already pretrained transformer® based
language model BERTweet.”™ BERTweet was trained on 850 million english tweets (16 billion word
tokens ~80GB) collected from January 2012 to August 2019 following the RoBERTa pre-training

procedure.'®
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To fine-tune the binary classification task, a linear layer was added on top of the last BERTweet layer
utilizing the transformer package of Huggingface.”® The same training data as for the personal
tweets classifier in previous work (Chapter IV) was harnessed and extended to a total of 4,303 tweets
(1539 personal, 2764 institutional). The dataset extension helped to counteract potential concept
drifts, which describe underperformances of machine learning models when trained on data in the
past and applied to contemporary data.®®

For the model training, the same preprocessing steps were undertaken as those used for the pre-
training of the language model, including translating emotion icons into text strings and converting
user mentions and url links into special tokens. The performance to identify tweets with personal
content achieved 91,2% accuracy, 86,2% precision, 90,9% recall and F1 score of 88,5%. Applying this

classifier on all unique tweets led to 2.5 million tweets with personal content.

Analogously to chapter IV, jokes around diabetes, a common phenomenon, were considered out of
scope for this study. In a similar spirit, BERTweet was fine-tuned for joke detection. For this purpose,
the joke dataset from chapter IV, was as well augmented to a total of 1,648 tweets (486 jokes, 1,162
non-jokes) to address the concept drift. Performance in detecting jokes reached an accuracy of
90,4%, precision of 78,5%, recall of 90,8% and F1 of 84,2%. The joke detection further reduced the

dataset to 1.8 million personal, non-joke tweets.

A last preprocessing step emphasized our study focus on diabetes distress and consequent
psychological factors and emotions. Identical to chapter IV, solely tweets containing an emotional
element (emojis/emoticon, or emotional word) were captured for this intent, resulting in 562,013

tweets containing personal, non-joke and emotional content.

5.2.3 Data annotation

With the completion of the preprocessing cycle, we can now turn to the analysis part. The
identification of both causal tweets and cause-effect pairs relied on a causal dataset we manually
labeled. We did not restrict ourselves to a specific area of diabetes-related causal relationships and
include potentially all types. For this purpose 5,000 randomly chosen tweets, from the 562,013
preprocessed tweets, were manually annotated with the four columns to be labeled: Intent

describing the intent of the tweet such as if it is a question (“q”), has a negation in either cause or

effect (“neg”), has multiple causes (“mC”) or effects (“mE”), is a joke/irony/sarcasm (“joke”), has
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multiple sentences (“mS”) or has multiple sentences but cause-effect pair is in a single sentence

(“msS”); the second and third column describes the cause respective effect, if existing, where

several causes/effects may occur. The last column Causal association is a binary variable specifying

if a cause-effect pair exists.

Tweet

Intent Cause Effect C.A.

Explanation

Diabetes causes me to have mood swings Diabetes mood 1 Possible causal
swings association
| just want to eat . | hate #diabetes msS  #diabete hate 1 Possible causal association
s related to diabetes distress
Scary, have a diabetic daughter but I read mS 0 Non-diabetes or diabetes distress
thousands of people a year die in UK just related relationship.
from flu so why panic over corona. “flu” is non-diabetic related
I'm back ! Had two strokes and recover mS 0  Unclear cause-effect relationship
now. Have high blood pressure and Not clear if “High blood pressure” or
diabetes. :-) “diabetes” caused the stroke
Not sure if  am up since 3:30 to watch glucose anxiety 1 Chaining cause-effect
Titanic or because of my anxiety over my test relationship A->B->C
glucose test is what keeps me up event A: glucose test
event B: anxiety
event C: been up since 3:30
=> label the relationship which is
closest to our study objective:
diabetes and diabetes distress
My 14 year old daughter is Type 1= msS; Typel  malfunctio 1 Negation
malfunctioning pancreas , meaning not mE ning Negation in a cause/effect is
enough insulin being made to regulate & pancreas; considered being part of the
not cause/effect as it does not alter the
enough meaning
insulin
it is not true to think that insulin makes you neg insulin  feelso bad 0 Negation

feel so bad @

Negation is not part of cause/effect
and alters the meaning

Table 5.1: Sample tweets in different label scenarios. The tweets are fictive to ensure privacy but
represent similar real tweets. *C.A.: Causal association

Table 5.1 illustrates some example tweets (adapted from the original tweets to ensure privacy). For

a more detailed explanation on the annotation please refer to our annotation guidelines in ANNEX

6.

Labeling cause-effect pairs is a complex task. In order to assess the reliability of the labeling, two

researchers labeled 500 tweets independently and calculated Cohen’s kappa score, a statistical
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measure expressing the level of agreement between two annotators.?** A score of 0.83 was attained
being interpreted as an almost perfect agreement according to Altman, and Landis and Koch.?%>2%¢
Disagreements were discussed between both authors and one author carried on labelling the

remaining 4,500 tweets, resulting in 5,000 labeled tweets.

5.2.4 Models

Cause-effect associations were identified in a two step process. A first model was trained to predict
if a sentence contains a potential cause-effect relation (causal sentence); a second model extracted
the cause and associated effect from the causal sentences. The first model can be interpreted as a
barrier filtering non-causal sentences out. Non-causal sentences may have either a cause, an effect,
none of them, but not both. To simplify model training, we hypothesized that cause-effect
associations only exist in the same sentence and all sentences with less than 6 words were removed
due to a lack of context. In consequence, both models operate on a sentence and not tweet level.

Further difficulties in this environment were that causes and effects could be multi-word entities.

5.2.4.1 Causal sentence detection

Detecting causal sentences is a binary classification task. We built a feedforward network on top of
a pre-trained BERTweet language model consisting of two fully connected linear layers (FCLL) with
dropout layers (probability: 0.3) and completed by a softmax layer which translates the model
predictions into probabilities, see Figure 5.2.

The initial training data consisted of 5,000 imbalanced tweets and, after splitting tweets into
sentences, led to 7,218 non-causal sentences and 1,017 causal sentences. To balance the data
imbalance, the categorical cross entropy loss function was parametrized by class weights to
penalise mispredictions for causal sentences stronger. Training parameters were: adam optimizer
with epsilon of 1e-8; scheduler with linearly decreasing learning rate and 0 warm up steps; learning
rate of le-3 and was trained for 35 epochs with early stopping. Training data was stratified and
separated as 90% training and 10% test data. 20% from the training set were extracted for

validation. Batch size for training and validation was 16, and for the test set 32.
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Figure 5.2: Model architecture - Causal sentence detection.?

Data augmentation through active learning

On the one hand the data imbalance and on the other hand the few positive training examples per
cause-effect pair, as causes and effects could possibly be linked to any diabetes-related concept,
motivated us to adopt an active learning approach to increase the training data volume.

Figure 5.3 exemplifies our active learning routine which increases the training data iteratively.
During the first iteration, the causal sentence classifier starts by training on the initial training set of
5,000 tweets (which are split into sentences for training). The second step consists in applying the
trained classifier on 2,000 randomly chosen unlabeled tweets, which led to a set of positive
predictions (causal sentences) and negative predictions (non-causal sentences). In a third step, only
the causal sentences were manually examined to correct possible misclassifications. The non-
causal sentences set remained unaltered, and in consequence potential misclassifications
remained in the non-causal sentences which were then considered noisy. In a last step, both the
corrected causal sentence set and the uncorrected non-causal sentence set were combined and
added as new training data to the already labeled database, resulting in an updated training
database of 7,000 tweets. The whole procedure was repeated four times and enabled us to augment
the labelled data much faster and efficiently than without active learning as it allowed us to focus

on the few positive samples.
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The final resulting training set served then to train the causal sentence classifier as well as the

cause-effect extraction model.

Add new data to training base and re-iterate

Correct
. misclassifications
Causal manually ‘Causal

G sentences - . sentences \ TN

| Train Predict / — 3 e — )

Labeled — 3 .

data | ; =il
= .1 . \ i Combine causal
) and non-causal

Causal sentence  Pick 2000 Non-causal sentences

classifier random L Aeanencon
tweets
Unlabeled

data

Figure 5.3: Active learning loop to augment the training set in a time-efficient fashion.??

5.2.4.2 Cause-effect associations

The identification of cause-effect associations was casted as an event extraction, or named entity
recognition task, i.e. assigning a label cause or effect to a sequence of words. We encoded the
manually labeled causes and effects in a 10 tagging scheme based on the common tagging scheme
BIO (Beginning, Inside, Outside), introduced by Ramshaw and Marcus.? In this context, “B-C”
defines the beginning of a cause, analogous “B-E” defines the beginning of an effect. “I-C” denotes
inside the cause and “I-E” inside the effect. The outside tag “O” symbolized that the word is neither
cause nor effect. We hypothesized that the attention mechanism in the BERTweet model delivers
sufficient information about the positions of each word allowing us to remove the beginning tags
“B-C” and “B-E”. This resulted in a simplified tagging scheme and learning task for the model with
only three possible classes. Instead of applying BIO tagging, 10 tagging can yield to superior results
in named entity recognition tasks.”®” A sample 10 tagging scheme is illustrated below with cause

Prediabetes and effect change my lifestyle:

Sentence: Prediabetes forces me to change my lifestyle

10 tags: I-C 0 0O O I-E I-E I-E
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An additional difficulty in this setting is that a word can be both cause or effect depending on the
context. In the sentence “Prediabetes forces me to change my lifestyle” the word “Prediabetes” acts
as cause whereas in “Limited exercising may lead to prediabetes” it takes the role of the effect. A
further complication originated from the fact that the task was considered open domain, as causes
and effects were not restricted to one specific topic, but could be linked to any conceptin our target
domain: diabetes. Those reasons made it challenging to create a representative training set, as most
cause-effect pairs occurred rarely.

This complexity drove us to test several model architectures, compare Figure 5.4 for an overview:

1. BERT_FFL: Pre-trained BERTweet language model and on top two feed forward layers with
adropout of 0.3 before, followed by a softmax layer. For the model training the cross entropy
loss function is selected and weighted by the class weights to penalise mispredictions for

causes and effects stronger.

2. WE_BERT_CRF: Single CRF layer with BERTweet embeddings as features augmented by
discrete features such as if the word is lowercase, digit or the word length. The CRF function
is implemented with the python package sklearn-crfsuite®® based on CRFsuite.”® As
parameters for the CRF function, the default algorithm “Gradient descent using the L-BFGS

method” was chosen and coefficients for L1 and L2 regularization were 0.1.

3. FastText_CRF: Similarly to WE_BERT_CRF, with the difference that BERTweet embeddings
were replaced by FastText embeddings in the feature vector for each word. The same
FastText embeddings from chapter IV were applied. They were trained on our own

diabetes-related tweets and in such well adapted to our use case
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Figure 5.4: Model architectures - Cause-effect identification.?®

5.2.5 Clustering of causes and effects

To allow effective network analyses and visualisation, causes and effects were regrouped into
similar concepts (clusters). A semi-supervised and time-efficient approach was adopted in which
1,000 causes and 1,000 effects were randomly selected and two researchers manually grouped these
into clusters such as “diabetes”, “death”, “family”, “fear”, as well as summarized clusters into
“Parent clusters” to simplify understanding. In an automatic procedure, the remaining causes and
effects were then compared to each element of all clusters, using cosine similarity, and associated
to the cluster containing the most similar element. A similarity threshold of 0.55 was determined
experimentally; if a cause/effect achieved a cosine similarity smaller than this threshold for all
elements, a new cluster was created for this cause / effect. This procedure resulted in 1,751 clusters
of causes and effects. To remove noisy clusters through potential misclassifications, exclusively
clusters with a minimal number of 10 cause/effect occurrences were kept, leading to 763 clusters.
Note, the order of documents might affect the results, as different clusters might have been created.
ANNEX 7 provides an overview over the 100 most frequent clusters, where automatically added
clusters had the value “Other” as “Parent cluster”.

Finally, these clusters were visualised in an interactive cause-effect network developed in D3 to

obtain a deeper understanding about the cause-effect relationships.
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5.2.6 Software

Python (version 3.8.8) and the deep learning framework PyTorch (version 1.8.1) were used to
implement above-mentioned methods. The algorithms are open-sourced under following address:

https://github.com/WDDS/Causal-associations-diabetes-twitter/

5.3 Results

Results were obtained on the basis of 482,583 sentences which were extracted from splitting the
562,013 personal, non-joke and emotional tweets into sentences and excluding questions and

sentences with less than 6 words.

5.3.1 Model performance

5.3.1.1 Causal sentences

The performances to detect causal sentences for the imbalanced dataset are shown in Table 5.2.

Each active learning round was trained on more data.

Round N° sent. train N°sent. test  Accuracy Precision Recall
0 6,024 837 64.5 58.0 67.4
1 7,536 1,047 67.7 61.2 71.6
2 8,804 1,223 67.7 60.3 66.3
3 10,284 1,429 65.4 60.0 68.8
4 11,861 1,648 71.0 61.0 67.8

Table 5.2: Performance measures (macro) for each round of more training data

Highest accuracy was reached in round 4 with 71%, whereas the precision of round 1 and round 4
were almost equal with 61.2% respectively 61.0%. The model of round 4 was applied on all
remaining tweets to detect causal sentences, as it was trained on the largest training data set,

including difficult causal examples missed by earlier models, and was thus better at identifying
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complex causal sentences. The active learning strategy enabled us to increase the training data
much quicker than without active learning and without loss in performance. This resulted in a clean

database of 265,328 causal sentences with most noisy sentences removed.

5.3.1.2 Cause and effect detection

The active learning strategy allowed us to extend the dataset to 2,118 causal sentences, i.e.
containing both cause and effect. This dataset was split into 90% train and 10% test set; and 20% of
the training set served as validation set. The performance of the different cause-effect models is

listed in Table 5.3.

The best performing model was the CRF model with BERT embedding features (WE_BERT_CRF)
achieving a precision, recall and F1 of 0.68. Remarkably, WE_BERT_CRF outperformed a fine-tuned
BERT model, which is considered the gold standard of current NER tasks. A potential explanation for
that is that BERT-based models make local decisions at every point of the sequence taking the
neighboring words into account before its decision. In a situation like ours, with strong uncertainty
on all elements, due to the complexity of the task, a single CRF layer model, leveraging BERT
features, makes global decisions using the local context of each word and thus maximizes the
probability of the whole sequence of decision better.

Besides, the CRF model with simple FastText embeddings achieved strong results, probably due to

the fact that word embeddings were specifically trained on this diabetes corpus.

In consequence, the WE_BERT_CRF model was applied on all causal sentences leading to a dataset

of 96,676 sentences with cause and associated effect predicted.
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Models Prec Rec F1
I-C 0.48 0.46 0.47
I-E 0.20 0.48 0.29
BERT_FFL
0 0.91 0.77 0.83
macro 0.53 0.57 0.53
I-C 0.63 0.61 0.62
I-E 0.49 0.49 0.49
WE_BERT_CRF
0 0.93 0.93 0.93
macro 0.68 0.68 0.68
I-C 0.59 0.57 0.58
I-E 0.45 0.38 0.41
FastText_CRF
(0] 0.92 0.94 0.93
macro 0.65 0.63 0.64

Table 5.3: Performance measures for each of the four architectures

5.3.2 Cause-effect description

The largest clusters are summarized on the left side in Table 5.4 and on the right side the most
frequent cause-effect associations are listed, excluding the largest cluster “Diabetes” as it will be
studied separately. The cluster “Diabetes” is the largest one with 66,775 occurrences of “Diabetes”
as either cause or effect (ex.: #diabetes, diabetes, diabetes mellitus) followed by “Death” with 16,989
(ex.: passed away, killed, died, suicide, etc.) and “Insulin” (ex.: insulin, insulin hormone, etc.) with
14,148. From the 30 largest clusters, 6 refer to nutrition, 4 to diabetes and 3 clusters to each of

insulin, emotions and the healthcare system.
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Most frequent cause-effect-associations
(excluding cluster “diabetes”)

Parent cluster cluster N | cause effect N
Diabetes diabetes 66,775 | unable to afford death 1,246
insulin

Death death 16,989 | insulin death 1,156
Insulin insulin 14,148 | type 1 diabetes fear 1,054
Diabetes type 1 diabetes 11,693 | type 1 diabetes death 999
Emotions fear 10,160 | rationing insulin death 805
Glycemic variability hypoglycemia 9,547 | type 1 diabetes insulin 751
Symptoms sick 6,549 | OGTT* sick 584
Nutrition overweight 5,186 | type 1 diabetes hypoglycemia 578
Diabetes type 2 diabetes 4,909 | insulin hypo 545
Complications & neuropathy 4,481 insulin fear 534
comorbidities

Healthcare system medication 4,389 | type 1 diabetes insulin pump 436
Diabetes Technology |insulin pump 4,307 | finance death 423
Nutrition nutrition 4,230 | type 1 diabetes sick 400
Emotions anger 4,149 | insulin sick 385
Health OGTT* 4,053 | insulin finance 367
Blood pressure hypertension 3,782 | type 1 diabetes anger 356
Healthcare system finance 3,767 | insulin medication 305
Nutrition reduce weight 3,589 | insulin anger 296
Insulin unable to afford insulin 3,381 | OGTT* fear 293
Nutrition diet 3,325 | type 2 diabetes death 293
Emotions sadness 3,153 | type 2 diabetes fear 290
Glycemic variability hyperglycemia 3,144 | hypertension death 286
Diabetes suffer 3,132 | overweight death 280
Diabetes Distress depression 2,810 | type 1 diabetes finance 277
Healthcare system hospital 2,721 | hypoglycemia insulin 272
Diabetes Distress stress 2,681 | hypoglycemia sick 263
Nutrition sugar 2,369 | affordable insulin death 262
Nutrition fasting 2,363 | insulin insulin pump 255
Insulin rationing insulin 2,244 | complications death 248
Health gestational diabetes 2,076 | insulin sadness 240

Table 5.4: Most frequent cause-effect clusters (left) and associations (right) with the number of

occurrences. The cause-effect associations on the right side exclude the cluster “Diabetes”.
*OGTT: Oral glucose tolerance test

The largest cluster “Diabetes” mainly occurs as a cause and its most frequent effects (“Death”,

» o«

“fear”, “sick”) are visualised in Figure 5.5. From the 30 most numerous effects for “Diabetes”, 6 were
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related to “Nutrition” and 5 to “Complications & comorbidities” and 3 to each of “Diabetes distress”,

“Emotions” and “Healthcare system”.

Most frequent effects for cause "diabetes"
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Figure 5.5: Most frequent effects for the largest cluster “Diabetes”.?*

The interactive visualisation in D3, with filter options, was published under the following link:
https://observablehq.com/@adahne/cause-and-effect-associations-in-diabetes-related-tweets.

We invite the interested reader to play with the graph and explore the different cause-effect
associations. A sample graph of this visualisation is illustrated in Figure 5.6 showing only cause-
effect relationships with at least 250 occurrences to ensure readability. It is eye-catching that
“death” appeared to play such a central role as effect with various causes hitting at it: “unable to

”» «

afford insulin”, “rationing insulin”, “finance”, “insulin”, “Type 1 diabetes (T1D)”. Other central
clusters were “Type 1 diabetes” acting as cause for “insulin pump”, “insulin”, “hypoglycemia
(hypo)”, “sickness”, “finance” and emotions “anger” and “fear”, where latest has the strongest

association; or the node “Insulin” mostly relating as cause to “sickness”, “medication”, “finance”,

“death”; or “hypoglycemia” and “fear” and “anger”.
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Figure 5.6: Cause-effect network with a minimum number of associations (edges) of 250.%%
Accessible under: https://observablehq.com/@adahne/cause-and-effect-associations-in-diabetes-
related-tweets

5.4 Discussion

5.4.1 Principal results

Our findings demonstrate the feasibility of extracting both explicit and implicit cause and associated
effects from diabetes-related Twitter data. We have shown that by adopting the transfer learning
paradigm and fine-tuning pre-trained language models causal sentences could be detected.
Furthermore, we demonstrated that simply fine-tuning a BERT-based model does not always
outperform more traditional methods, but a simple conditional random field augmented by BERT
features led to a more effective detection of cause-effect relationships. Given the challenging task

and imbalanced dataset, the performance measures were satisfying. But, we would like to
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emphasize the importance of data quality and the availability of a large training dataset which
represent major points to address in future investigations to improve the performance. Semi-
supervised clustering enabled us to create a cause-effect network which can be explored by the
interested reader in an interactive visualisation. “Diabetes” was identified as the largest cluster
acting mainly as the cause for “Death” and “fear”. Besides “Diabetes”, a central cluster was detected
in “Death” acting as an effect for various causes related to insulin pricing, a link already detected in

earlier works.” In addition, “Type 1 diabetes (T1D)” and “Insulin” were frequently mentioned.

5.4.2 Comparison with the literature

Former studies have already examined causality on Twitter data. Doan et al. focused on the three
health-related concepts: “stress”, “insomnia”, “headache” which were considered the effects and
identified causes using manually crafted patterns and rules.® Yet, they only studied explicit causality
and excluded causes and effects encoded in hashtags and synonymous expressions.®® We, on the
contrary, tackled both explicit and implicit causality and included causes and effects encoded in
hashtags and exploited synonymous expressions through the use of word embeddings. Kayesh et
al. proposed a novel technique based on neural networks which uses common sense background
knowledge to enhance the feature set, but they similarly concentrated on the simplified version of
explicit causality in tweets.?®® Bollegala et al. developed a causality-sensitive approach for detecting
adverse drug reactions from social media using lexical patterns and in consequence targeted
explicit causal patterns.®® Dasgupta et al. proposed one of the few deep learning approaches, due
to the unavailability of appropriate training data, which leverages a recursive neural network
architecture to detect cause-effect relations from text, but also only targeted explicit causality.®* An
approach tackling both explicit and implicit causality is provided by Khetan et al. who used a BERT-
based model on an already existing labeled corpora not based on social media data, contrary to our
approach.”® Recently they further extended their work of explicit and implicit causality

understanding in single and multiple sentences in clinical notes.*?

To the best of our knowledge, this is the first study targeting both explicit and implicit cause-effect

relationships on diabetes-related Twitter data.
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5.4.3 Strengths and limitations

The present work demonstrates various strengths. First, leveraging powerful language models
enabled us to detect a large number of tweets containing cause-effect relationships having led to
the identification of 20% (96,676 / 482,583) of tweets with cause-effect associations, contrary to
other approaches which were able to identify causality in less than 2% of tweets.® Second, contrary
to most previous work, we tackled both explicit and implicit causal relationships, an additional
explanation for the higher number of cause-effect associations compared to other studies focusing
only on explicit associations.® Third, we could avoid defining manually crafted, imperfect patterns
to detect causal relationships by relying fully on automatic machine learning algorithms. Fourth,
operating on real-time social media data that is expressed spontaneously offers the opportunity to
extend our knowledge from an alternative data source which might complement traditional

epidemiological data sources.

A strong limitation is that cause-effect relations are expressed in tweets and this cannot be used for
causal inference as the Twitter data source is uncertain and the information shared can be opinion
orobservation. Afuture point of investigation could be the testing of our results in a more traditional
setting, such as cohort-questionnaires. Another shortcoming is that the performance of our causal
algorithms to detect cause-effect pairs is not perfect. However, the overall process and the vast
amount of data minimizes this issue. The lack of recall is counterbalanced by the sheer amount of
data and the lack of precision is counterbalanced by the clustering approach in which non-frequent
causes or effects are discarded.®' Manual labeling of causes and effects in a dataset is a highly
complicated task and we would like to emphasize that mislabelings in the dataset may occur.
Enhancing data quality surely is a primary point to address to further improve performance. The
causal association structures learnt by the model from the training set, might not generalise entirely
when applied on the large amount of Twitter data. Moreover, during the active learning strategy
only positive samples were manually corrected and negative samples were included to the training
base without verification which certainly added additional noise to the model and could be
improved in future investigations. Besides, we would like to highlight that the diabetes related
information shared on Twitter, may not be representative for all people with diabetes. For instance
we observed a bigger cluster of causes/effect related to type 1 diabetes compared to type 2 diabetes,

which is contrary to the real world.* A potential explanation for that is the age distribution of Twitter
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users.”? But due to the large number of tweets analyzed, a significant variability in the tweets could

be observed.

5.4.4 Conclusion

In this study, an innovative methodology to identify possible cause-effect relationships among
diabetes-related tweets was developed. This task was challenging due to several aspects:
addressing both explicit and implicit causality; multi-word entities; the fact that a word could be
both cause or effect; the open domain of causes and effects; the biases occurred during labeling of
causality; and the relatively small dataset for this complex task. These challenges were overcome
by augmenting the dataset via an active learning loop and the exploitation of modern deep learning
architectures. The feasibility of our approach was demonstrated using BERT-based architectures in
the preprocessing and causal sentence detection. A combination of BERT features and CRF layer
were leveraged to extract causes and effects in diabetes-related tweets which were then clustered
in a semi-supervised approach. The visualisation of the cause-effect network based on Twitter data
candeepen our understanding of diabetes, in a way of directly capturing patient-reported outcomes

from a causal perspective.
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CHAPTER VI: CLINICAL DECISION SUPPORT SYSTEM

This chapter details the third objective in which the literature summarization part in the clinical
decision making process was tackled. An innovative methodology has been developed to efficiently
structure, analyze and visualise scientific literature with a focus on interpretability, ease-of-use for

health practitioners without programming skills and the capability of handling large data corpora.

The content of this paper has been peer-reviewed and accepted for publication in the international

journal: Journal of Medical Internet Research.?**

6.1 Introduction

6.1.1 Clinical decision support systems for literature summary

Efficient literature search skills are necessary for healthcare professionals to properly exercise
evidence-based medicine (EBM) for clinical decision making.?®> Nonetheless, limited available time,
knowledge and skills hinder the application of EBM, explaining why only one in every five medical
decisions is based strictly on evidence.?**" Away out of this dilemma lies in clinical decision support
systems (CDSS) powered by Al solutions. CDSS assist health professionals in providing targeted
knowledge, patient information and other health information.?® But significant challenges for an
efficient CDSS persist such as the questions of how to use clinical knowledge, for instance extracted
free text information; how to transform the clinical knowledge into a usable form and how to mine
large clinical databases.” In short, there is a need for high-quality decision support capacities for
health professionals to efficiently interpret the exponentially growing data,”*=% including
electronic health records, laboratory results, doctor-patient interactions, social media or

biomedical literature™3%*3" to enhance clinical knowledge in the decision process.
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6.1.2 Machine learning to analyse textual data

Machine learning and natural language processing methods translate these health data into
actionable knowledge such as disease phenotype identification,?® hospital readmission** and
decision support.®*” Despite those advances, major obstacles preventing machine learning from
being more widely deployed in the healthcare domain are their lack of accessibility to non-technical
users and uncertainties about their reliability on real-world data.>***% Particularly challenging for
non-technical users is setting up modern machine learning systems which require specialized
hardware and complicated software dependencies.’® Besides, lack of interpretability and
explainability hamper the adoption in real practice.*'**!? Another limitation is the lack of effort of
integrating available expert knowledge into existing machine learning models to improve

interpretability.’®®

Typical approaches to analyze unstructured textual information are topic models such as Latent
Dirichlet Allocation (LDA),**° connecting documents that share similar patterns, or leveraging word
embeddings (Word2Vec, FastText, BERT) in combination with a clustering algorithm (e.g. K-means).”
Yet, they suffer diverse shortcomings. Most of these methods require the definition of the desired
number of topics prior to the model training.*** Topic models lack scalability, and are memory-
intensive on large text corpora.®** Moreover, the synthetic nature of topics, created by topic models,
do not explicitly correspond to prior knowledge of humans concerning topics in the corpus
domain.?* In addition, these models are static systems in the sense that it is not possible to add new
documents to the model without a complete retraining. A last limitation is that the closed form of

these algorithms prevents a user from interacting and influencing the topic exploration.

6.1.3 Objectives

The third thesis objective was to propose an online decision support algorithm for non-experts,
people without computer or data science knowledge, to discover topics of interest and classify

unstructured health text data.

Specifically, the contributions were: 1) Proposition of a single methodology for biomedical
document classification and topic discovery which improves interpretability; 2) Creation of an open-

source tool for users without programming skills, able to run on machines with limited calculation
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power and on big data clusters; 3) Evaluation of this methodology on a real world use case to show
its capability to reach near state-of-the-art performance while addressing aforementioned

limitations.

Ultimately, this methodology shall analyze a broad set of different biomedical texts in various
scenarios. The evolution of scientific interest over time, based on publication, or of public health
opinion in social media can be studied due to the dynamic nature of our approach allowing the easy
injection of new documents to the model. Free text on surveys or cohort participants' opinions in
free-text content such as questionnaires can be investigated. Or simply the classification of

biomedical documents such as medical records, reports or patient’s feedback.

The aim of this study was not to set a new benchmark regarding performance but instead tackle
existing limitations in NLP approaches, usability and interpretability of CDSS in the healthcare

domain to ultimately enhance the literature exploration in the clinical decision making process.

6.2 Material and methods

6.2.1 Data

Preliminary tests on short text messages from Twitter showed satisfying results. The scope of this
work centered around the evaluation of longer text messages consisting of several phrases or
paragraphs. Freely accessible biomedical text corpuses with existing hierarchical labels are scarce.
One of the few sources are the scientific abstracts from Pubmed, which therefore served as test
corpus for this methodology. As described in the Data section of the Chapter Ill, Pubmed abstracts
were downloaded from the Courtesy of the U.S. National Library of Medicine which provides them
with an already classified hierarchical structure, namely Medical Subject Headings (MeSH)

codes.>®316
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Diabetes MeSH code hierarchy MeSH code n°
Diabetes Mellitus C19.246 -

Diabetes complications C19.246.099 5000
Diabetes Angiopathies C19.246.099.500 3026
Diabetes Foot C19.246.099.500.191 4424
Diabetes Retinopathy C19.246.099.500.382 5000
Diabetes Cardiomyopathies C19.246.099.625 386

Diabetes Coma C19.246.099.750 97

Hyperglycemic Hyperosmolar Nonketotic Coma C19.246.099.750.490 97
Diabetes Ketoacidosis C19.246.099.812 1308
Diabetes Nephropathies C19.246.099.875 5000
Diabetes Neuropathies C19.246.099.937 3662
Diabetes Foot C19.246.099.937.250 4424
Fetal Macrosomia C19.246.099.968 1282
Diabetes Gestational C19.246.200 5000
Diabetes Mellitus, Experimental C19.246.240 5000
Diabetes Mellitus, Type 1 C19.246.267 5000
Wolfram Syndrome C19.246.267.960 228
Diabetes Mellitus, Type 2 C19.246.300 5000

Diabetes Mellitus, Lipoatrophic C19.246.300.500 85

Donohue Syndrome C19.246.537 39

Latent Autoimmune Diabetes in Adults C19.246.656 16
Prediabetic State C19.246.774 1261

Table 6.1: Diabetes MeSH codes with the number of documents for each MeSH code. ?**

Within the downloaded abstracts 293,889 contained a diabetes related MeSH code classified under

the concept of Diabetes Mellitus as defined in Table 6.1. A memory limitation of 30GB Ram obliged
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us to further reduce the dataset for our analyses to be able to compare our approach with competing
algorithms. For this reason, only abstracts with a single MeSH code were kept and a threshold of
maximal 5,000 abstracts per MeSH code was fixed. Several tests have been performed to determine
this threshold experimentally. These tests started with a threshold of 1,000 abstracts per MeSH code
and each next test this threshold increased by 1,000 until a maximal memory capacity was reached
for a limitation of 5,000 abstracts per MeSH code. The final number of abstracts for our analyses was
50,911, published from as early as 1949 up to 2020. Table 6.1 details the number of abstracts for each
MeSH code.

The underlying word embeddings for this work were trained on biomedical texts from
MEDLINE/PubMed in the context of the BioASQ challenge and thus were well adapted to our

situation.3”

6.2.2 Methods

In the following we propose a novel methodology to interactively cluster documents in a
hierarchical tree form following a top-down style. In an iterative process, a user alters and
manipulates this tree until a desired user-defined clustering solution of documents is found via an

interactive user interface. A global overview of this procedure is outlined in Figure 6.1.
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Figure 6.1: Overview of user interaction via the visual user interface.*

Documents start entering the tree at the root node /In Scope and are then processed individually to
construct the tree from the top to the bottom. A crucial design choice was that documents were
streamed one-by-one, avoiding the storage of all documents in memory, or even the need to know
their total number which leads to a radical gain in memory consumption. A practical consequence
is that this design choice adds a dynamic dimension to the model, enabling us to study cluster
dynamics and evolutions as new documents can continuously be added. The tree consists of two
types of nodes, classification nodes and clustering nodes. A classification node is a binary machine
learning classifier representing a theme or concept created by the user and defined by positive and
negative annotations which serve as training data for the classifier. Classifier nodes are situated at
the top of the tree and act as a barrier letting only documents pass to the underlying nodes if they
match the defined concept (e.g.: “Type 1” and “Type 2” classifier nodes in Figure 6.1). The role of a
clustering node is to split (cluster) documents on the basis of automatically identified head words
which best describe the documents having passed this node (e.g. head words “sugar”, “test”, “diet”

» o«

and “insulin”, “glucose”, “blood” for the zoomed node in Figure 6.1).

In short, classifier nodes orient a document from the root node to a certain tree branch where the
document continues to be clustered in clustering nodes.

The initial tree is binary which splits each node into two children. Through user interaction it is

possible to create several child nodes, which will be detailed in the next sections. Besides, the tree
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is not equilibrated in the sense that some nodes stop splitting earlier than others and thus leaf nodes

at different depths of the tree exist.

B head word
(O clustering node
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Figure 6.2: Tree structure with classification nodes and clustering nodes after several iterations.?*

Figure 6.2 highlights a potential sample tree; a user aims to build after several iterations with
classifier nodes at the top of the tree to filter documents in corresponding branches in which

clustering nodes continue to cluster documents to be explored by the user.

The root node in each tree, also referred to as “In Scope”, is a token-level classifier node and
represents a first barrier for irrelevant documents based on the user’s interests. Here, the idea is to
incorporate potential domain knowledge of the user into the system, by defining words the user
judges relevant and important for his use case, so called positive annotations. For instance, if a user
aims to discover diabetes-related topics, potential positive annotations might be diabetes, insulin
or hypoglycemia. A built-in list of stopwords (e.g. and, of, or, for, etc.) serves as negative annotations,
as it is hypothesized that those words contain only little discriminative information, but can be
altered by the user as well. These positive and negative words serve as training data for the In Scope
classifier and thus to filter irrelevant documents out. In experimental tests we observed that only a

few annotations are required to define a performing In Scope classifier.
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At step 0 the documents enter “In Scope” and are then processed one-by-one to build the tree in a
fully-automatic procedure which will be detailed in the following sections, compare Figure 6.1 and
iteration 0 in Figure 6.3. The initial constructed tree is composed of one classifier node, “In Scope”
and all underlying nodes are clustering nodes. Once the initial tree is built, the user starts exploring
the tree (Step 1) and tries to detect clustering nodes that potentially summarize a specific topic or
concept using the interface. The interface provides information about the head words and most
important documents for each clustering node that guide the user in his choice. Let us assume a user
has identified a clustering node, as a node regrouping documents referring to the theme of “Type 2
diabetes”, he then labels this node with a corresponding name (Ex.: “Type 2”) which provokes the
creation of a classifier node at the top of the tree with this name via the user interface. In step 2 the
user picks sample documents which refer to the theme (“Type 2”), the positive annotations and
some sample documents which do not relate to the theme, the negative annotations for the
classifier node. The selected annotations serve as training data for the underlying machine learning
classifier of the classifier node to predict if a document refers to the corresponding theme. In step 3,
the end of an iteration, all classifier nodes are trained and a new hierarchical tree is constructed by
streaming all documents again (iteration 1 in Figure 6.3). The intuition behind the newly created and
trained classifier nodes is that they directly group together documents corresponding to the user-
defined concept and in this way act as a filter. Documents having passed such classifier nodes
continue to be clustered enabling the user to identify possible sub-themes. In the following iteration
cycles, a user carries on in exploring the tree, identifying more themes resulting in more classifier
nodes, choosing more training documents and fixing potential misclassifications to improve the

classification performance.

In each iteration several classifier nodes can be created. Classifier nodes are always children of
another classifier node at the top of the tree and each has a single clustering node child where

clustering of documents continues, compare Figure 6.2.

With this semi-guided, active interaction between the user on the one hand and the system on the
other hand, the performance of the classifier nodes is improved in each iteration, leading to a
smarter regrouping of similar documents and ultimately resulting in a model that converges

towards a desired user-defined clustering solution.
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Figure 6.3: Iterative user interaction via the user interface repeating the three steps of exploring,
annotating and re-iterating. For simplification purposes in iteration 1 no more classifier nodes are
created. Generally, in a real-case scenario several classifiers are defined in the first iterations. In
iteration 1, the red fill in the nodes indicates the percentage of documents in those node referring
to the theme “Type 2”.

The outcome of this interactive procedure is: 1) a calibrated visualization framework for a given text

corpus; 2) a cascade of classifiers directing new documents to the most appropriate tree branch.

Word embeddings again built the foundation of this methodology, by transforming tokens and head

words into a vector format.

The next paragraphs outline the approach in four sections:

A novel hierarchical clustering algorithm processes documents in a streaming nature
User-defined classifiers targets concept and topics

The visual user interface builds a connection between user and system to explore the tree,
annotate documents and correct misclassifications

Afully parallelizable interactive and iterative process results in an accelerated convergence
and minimized user annotation effort using the interpretable tree structure in combination

with Active learning
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The whole methodology isimplemented in the programming language Scala?®®> using the large-scale
data processing framework Apache Spark.?** The visualinterface was developed with JavaScriptand

the visualisation library D3.2*

6.2.2.1 Hierarchical clustering

The idea behind the head words of a clustering node, which best describe the documents having
descended this clustering node, is that a user can read the head words and obtain an immediate
understanding of the underneath documents. This substantially improves interpretability, as the
user can easily retrace and understand the clustering path of documents by reading the head words
via the interface. In this context, a well-chosen set of head words for a given clustering node, means
more formally that the sum of the head word’s word embeddings must be as close as possible to the

sum of word embeddings of all tokens having passed through the node.

From a high-level point of view when a document arrives at a clustering node, it is compared to both
clustering node children, to determine the path the document takes, and associated to the child it
scored highest for. This score is calculated by aggregating scores of the document tokens that have
arrived at this node, to its closest head word in the child nodes. During this process it is also tested
if replacing a token by its most similar head word, in the node the document got associated to, yields
an improvement. This head word replacement is essential, as the iterative clustering process

continues until the optimal set of head words is found for each clustering node.

To illustrate this in formulas we define: the default number of head words Ny, is 6, where Ny, / 2 head
words are associated to child 1and Nj, / 2 to child 2; pjl- are the head wordswithj € {0,.., N,} being
the index of the headword; and | € {1,2} specifies the child of this head word.

To determine which path a document takes at a given clustering node, following three steps are

evaluated:

1. Token scores: For all tokens t; in the document return the highest cosine similarity to a head

word of each child 1 and child 2:
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1

score; = max; sim(t; ,p;)

scoreizj = max; sim(t;, p]?)

2. Child score: For both children calculate the aggregated token scores over the head words

1

childScore; = avgjc,, avgieg} scorej;

2
y

childScore, = avg; ¢, avg,.,2 score
J
with w; = {j : head words in child node 1},

911- = {i: tokens t; who scored highest for a head word p]l-}

Intuitively, each token became associated with the most similar head word in each child
(token scores) and these scores are in a first step averaged for all tokens per head word and
In a second step averaged per child. The document will then continue its path to the highest

childScore.

3. Headword improvement: Finally, a token t; replaces its most similar head word p; (token
score), in the child node the document will pursue its path, if following condition is fulfilled:
t; represents the tokens, which have passed this node, better than p; in the sense that the

cosine similarity of the center of all tokens, having passed this node, is closer to ¢; than p;.

In short, each document walks through the tree and its path is determined by comparisons with
head words of each node until a leaf node is reached. Once arrived at a leaf node (clustering node),
two new clustering children are generated and the document will be assigned to one of them through
head word comparison. Note here, that the new clustering node children are only spawned if a
minimal number of documents have reached the clustering node and if the maximum number of
nodes has not been reached (default: 2048). This minimal number of documents is a parameter with
default 50. Ultimately, when all documents have been sent to construct the tree, the entire
operation is repeated and all documents are again processed one-by-one, so that the head words
keep improvingaslong as the sum of all distances of head words to their closest tokens have reached

a local maximum. A real clustering example is shown in Figure 6.4.
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Figure 6.4: Real clustering example of diabetes abstract titles illustrating the head words generated
on two sub-nodes and three sample abstract titles per node.?**

A detailed description of the formulas for the hierarchical clustering algorithm, the convergence of

the algorithm, and examples are provided in ANNEX 8.

6.2.2.2 Classification

Generally speaking, a classifier node symbolises a user-defined topic defined by positive annotations
(examples of the user-defined topic) and negative annotations (other documents). An underlying
machine learning classifier is trained with those annotations to predict whether a document can be
associated with the user-defined topic. In this way, the classifier node acts as a barrier and lets
documents pass to the underlying nodes, where clustering goes on, only if they correspond to the

user-defined topic. By default, Support Vector Machines have been chosen as classifiers, but this

configuration is modifiable.

Once the initial tree with root node “In Scope”, and underlying clustering nodes have been created,
a user starts exploring the tree, via the interactive interface, and tries to identify a clustering node
that potentially represents a topic of interest by reading the head words and most important
documents for each node, compare Figure 6.5. Focusing on such a node provokes the creation of a
classifier node at the top of the tree; a clustering child node under the created classifier node and if

on this tree level does not already exist a clustering node brother, one is created. The head words of
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the selected node are used as initial positive annotation and the head words of the brother node of
the selected node serve as initial negative annotations. Still via the interface, a user selects proper
documents which serve as positive and negative training annotations for the classifier (e.g. “Type
2”-Diabetes in Figure 6.5). In the next iteration, at tree rebuilding, each document that enters the
tree will first be fed to the classifier nodes (e.g. “Type 2”) and if the document relates to “Type 27, it
passes the classifier node to the underlying clustering child node where clustering continues.
Otherwise, the document is redirected to the clustering brother node. Compare Figure 6.5 for an

overview over the classifier node creation.

Iteration i Iteration i+1
In Scope
Initial annotations ; / \\
Label | Annotation / \
25 L |amm RN | classifier clustering
_ mam | | Twe2 |
S Al J noce ] brother node
A \ X amm :
(@ | m)|/m | m) & RER v
eejuy wajw )
\__-/ L |\ clustering
child node
Node identified as
referring to “Type 2° . head word
- Diabetes ] O clustering node
\\__ = [ classifier node

Figure 6.5: Classifier node creation with clustering child node and clustering brother node.

Adocument will always be compared first to classifier nodes to see if it corresponds to a user-defined

topic and otherwise goes to the clustering brother node to continue being clustered.

Furthermore, in an optimal clustering the clustering nodes under a classifier node only regroup
documents pertinent with the user-defined topic. However, in practice this is not the case, especially
in the first iterations, due to the insufficient annotations to train the classifier nodes which impacts
model performance. See Figure 6.3 iteration 1 for an example where the purity (light red) of some
nodes, with respect to the proportion of documents referring to “Type 2”, is shown. For this reason,
the user has two possibilities to improve classification performance via the interface:

e correcting misclassification in the lower levels under a classifier node by selecting those

documents as negative annotations for classifier training
e concentrating on different tree branches which might contain documents related to the

user-defined topic, for instance “Type 2”, that were not recognised by the classifier. Adding
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those documents as positive annotations might help the classifier to recognise those

documents in the following iteration.

Throughout this iterative process a user also continues to identify further sub-topics for already
created classifiers, leading to an own hierarchy of classifiers at the top of the tree, compare Figure

6.2.

Iteratively a user continues to create classifiers, choose appropriate documents as annotations for
the classifiers, and fix potential misclassifications until the system eventually converges towards a

user-desired clustering solution of topics of interest.

6.2.2.3 Interactive interface

The interactive interface visualises the tree structure via nested circles and has been developed in
D3, jQuery and JavaScript. For a global view on the interface please see Figure 6.6. The colored

nodes represent classifier nodes.

FEEDBACK EXPLORER vyepiconcept
B 9 06 Y e =m @ Limit word <

FOCUS CLUSTER INFORMATIONS

Topic: In Scope
Cluster path: ) In Scope
Tags :
Search existing tag +tag  Wcreate

Top sentences:

N° Tags Sentence %match

Filter

0 O Happy Birthday #nhs thanks for all your hard work! | 0.00%
% have been Insulin Dependant #Diabetic for over 25
years now so... https://t.co/smTLAEBumj
1 O @ailijones As a diabetic | understand how important  0.00%
% this is and you need to be friends with her for the
rest of you... https:/t.co/YqO6fNOYB
2 O @sSirlsaac_SA I'm homeless and live in a car and just 0.00%
X got diagnosed with diabetes , but | agree with your

tweet :)

Figure 6.6: Visual user interface overview. Colored circles represent user-defined topics (classifier
nodes). Head words are shown in white circles in each node.?**

Furthermore, clicking on a node provokes an automatic zoom on the node and the head words of its

children as seen in the top-left image of Figure 6.7. For classifier nodes, the interface also provides
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information about the positive and negative annotations, as illustrated in the top-right picture. The

bottom-left image shows the closest documents to the node ordered by the childScore for this node.

It is also possible to visualise the least representative documents as shown in the bottom-right

image.

insurance, and our cost has tripled--we now spend

prediced e
Cosls.
)
Tag name Tokens Label
Costs @nytopinion | had to pay for a month's true
supply of fast acting insulin out of pocket
last month and it cost me 700 dollars. It's
outrageous.
Costs Posting about my site changing spots on false
Snapchat made me realize how many
medication people had NO IDEA i was diabetic @&
Costs Still trying to raise money for my true
emergency move to take care of my
diabetic dad please help #Gofundme
Costs @LillyPad @US_FDA “You may qualify for true
Top sentences: Top sentences:
Annotations IF fF Predicted Annotations IF 1=
N° Tags Sentence o %match N° Tags Sentence . “match
0 O “The cost to manufacture a vial of insulin is 90.89% 0 O #wishPeopleKnewThatDiabetes and depression 23.26%
% pennies,” Smith added. “I understand R&amp;D %X walk hand in hand sometimes #DSMA
costs...but the fact that [... https://t.co/FJJANAeq4E
. . " = 1 O Had a finger prick at the Dr &amp; didn't realize 25.07%
1 O Asa person who is a regular userloflmsylln, ,I have 90.08% X while he was talking to me that I'd smeared blood
X NO desire to see Alex Azar, the Eli Lilly insulin all over my hand &amp; the table &amp; even my
price-gouger... https://t.co/1IPkgQQSaL leg &
2 0O  @dmatx @TexasTribune And cried about big 88.11% 2 O Waorst part about giving blood is the finger prick & 25.07%
X pharma's profits getting cut when insulin costs % my finger be hurting boy
more than rent for a month.
3 O My husband is a T1 diabetic. We have good 88.08% 3 0O @oddolive Fun fact about me. | have never gotten  25.07%
%X my blood drawn (besides a finger prick as a kid) be

Figure 6.7: Zoom into the classifier node “Costs” with the head words of its children in the top-left.
The top-right shows positive and negative annotations for this classifier. The bottom-left image
shows the closest sentences and the bottom-right shows the least closest sentences having passed

this node.

The user acts on this tree while the system guides him to find a user-desired solution.
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6.2.2.4 Active learning

In this work a novel active learning strategy was developed which combines uncertainty sampling
with the hierarchical tree architecture in order to minimize the user annotation effort and to
accelerate convergence towards a user-guided solution.

The idea is to choose the best training annotations, for a given class (MeSH code), by selecting
documents from deeper levels of the tree. At a given classifier node (ex.: Type 1), a simple uncertainty
strategy would select the documents the underlying model is most uncertain about (prediction near
to 0.5). However, this choice might lead to picking documents from only one specific sub-branch
below the classifier node and not from the whole variety of sub-branches. For this reason, we
hypothesized that picking the documents the model is most uncertain about from the tree level
containing most nodes under the classifier node, ensures a better distribution in the vector space
and in consequence provide more diverse annotations.

A visualisation of this strategy and how we evaluated it is shown in Figure 6.8 for the sample MeSH
code type 1 diabetes. In the first iteration the tree is built with only two classifier nodes: In Scope and
one classifier node for the class to be tested, in this example “Type 1”, which has no training
annotations yet. In the next step, the depth level D,,,, in the tree containing most nodes is
determined. From each of the nodes on the level D,,,, randomly batchSize-many documents
(default: 50) are chosen consecutively which constitute the initial annotations to train the “Type 1”
classifier. Then, the tree is rebuilt, including the trained classifier node, which filters “Type 1” related
documents in his sub-tree (posTree) and non “Type 1” related documents continue being clustered
in the sub-tree under its clustering brother node (negTree), see Figure 6.8. In scenarios with
imbalanced classes, the negTreeis usually larger as it concentrates more documents. This is the case
here, where the target class is “Type 1” but the majority of documents have a MeSH code not related
to “Type 1”. In each subtree the level D,,,, containing most nodes is identified and batchSize / 2
many documents are selected consecutively, with respect to uncertainty sampling. Contrary to the
first iteration, for each node on level D,,,, the documents the model is most uncertain about are
related to the “Type 1” classifier (prediction ~ 0.5). Those documents are added as new training
annotations for the classifier and the iterations continue to add more training data. An example of

how documents are selected consecutively on a given D, levelisincluded in Figure 6.8.
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Example choice of training data

in posTree

Docs in A| Score | Docs in B Score e I e T s e e e S s e s e s
doca | 09 | doce | 08
docb | 06 | docf | 0.52

Classifier:

docc | 052 || docg 0.56 c=Type 1

docd | 0865 |

Docs in C| Score  DocsinD Score
doch | 07 | dock 069 |
doci | 068 | docl 0.51
docj | 053 || docm | 0.56 |

[ docn | 058

L ,

<
| Documents chosen in the

following order
(Models uncertainty: ~0.5)
| 1.
doc ¢ 5
doc f ?’.-; i
doc j A Positive tree (posTree) Negative tree (negTree)
doc | | e ﬁ'
docb (=)} () clustering node
docg [ classifier node

-~

Figure 6.8: Active learning tree. The positive tree is the sub-tree under the classifier node “Type 1”
and the negative tree is the sub-tree under his clustering brother.®* On the left side a sample is
provided of the document selection process.

Through the interface a user has then the choice to either apply the automatic active learning
strategy or to apply the simpler uncertainty sampling strategy. The interface contains a functionality
allowing users to change the order of the sentence by their scores and thus offering the opportunity

to see the documents a node is least confident about.

This methodology was integrated in an open-source tool called FeedbackExplorer (FBE). For this

reason, in the following we may refer to this methodology as FeedbackExplorer or FBE.

6.3 Results

The evaluation of this methodology comprised the comparison of our hierarchical clustering and
the active learning strategy with popular, open-source algorithms. Memory consumption is also
examined. As a reminder, the goal of this work was not the establishment of a new state-of-the-art

performance but rather to demonstrate that near state-of-the-art performance is possible while
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addressing limitations of current systems such as usability for non-experts, memory consumption

or the lack of interpretability.

6.3.1 Hierarchical clustering

The hierarchical clustering of our methodology is compared with the Hierarchical agglomerative
clustering (HAC) algorithm implemented in the popular open-source library scikit-learn.®* We used
this algorithm with complete linkage criterion. For an equal comparison we ran both algorithms with
two configurations, one with 32 leaf nodes and one with 64 leaf nodes. Both algorithms were
executed on 50.911 diabetes abstracts as described in the methods section.

We ran FeedbackExplorer’s clustering 10 times with random document order due to its streaming
character which leads to different clustering solutions for a different order of documents. The HAC
algorithm is stable in this regard and one execution was sufficient. Table 6.2 shows the FI-Score,
specifically designed for hierarchical clustering and introduced in chapter 3.9.2.2. The confidence
interval for FeedbackExplorer is given in brackets due to several executions. For both configurations
HAC achieved the best performance. Nonetheless the clustering performance of FBE reached a FI-

Score of 0.73 and 0.74, close to the HAC results.

Tree configuration HAC FeedbackExplorer
32 leaf nodes 0.76 0.73[0.712,0.757]
64 leaf nodes 0.77 0.74[0.717, 0.760]

Table 6.2: FI-Score for Scikit-learn’s HAC and FeedbackExplorers hierarchical clustering.”* In
parentheses the confidence intervals

6.3.2 Active learning

Four strategies were compared to assess active learning performance:
® Random strategy: The algorithm chooses documents randomly to train the classifier.
e Uncertainty strategy: The model chooses the documents it is most uncertain about, in this

case when the model prediction for a given class is close to 0.5.
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e feedbackExplorer strategy: The proposed strategy which combines uncertainty sampling
with exploiting the tree structure.

e CNN-Zhang: This strategy was introduced by Zhang et al. and combines convolutional neural
networks (CNN) with the active learning strategy expected gradient length to classify
documents.?**8 This strategy picks documents if they contain words that are likely to most
affect the word embeddings by calculating the expected gradient length with respect to the

embeddings for each word.**® The authors provided the code of this method on GitHub.

Performance was assessed for all diabetes-related MeSH codes listed in Table 6.1 individually. For a
given MeSH code, all associated documents were considered the positive class while all other
documents were considered the negative class. This led to highly imbalanced datasets for most
MeSH codes. For this reason, it was also interesting to consider the number of positive annotations
which have been identified by the different active learning strategies. Typically, active learning is
evaluated on how the performance evolves with more and more documents on the first iterations.
Arandom subset of 2,000 documents was chosen, containing at least, if possible, 50 documents per
MeSH code to ensure the presence of each code and thus the ability to train the classifiers. The 2,000
documents were randomly split into 1,000 training and 1,000 test documents. Performance is

evaluated for 50, 100, 150 and 200 annotations to train the classifiers per strategy.

Table 6.3 indicates the weighted average performance over all MeSH codes.

Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1
50 088 | 0,63 | 044 | 049 | 081 | 0,24 | 031 | 0,20
100 09 | 0,72 | 051 | 056 | 086 | 039 | 059 | 0,42
150 0,9 | 0,75 | 059 | 060 | 0,88 | 052 | 0,72 | 0,55
200 091 | 0,72 | 058 | 0,62 | 090 | 0558 | 0,79 | 0,63

Table 6.3: Weighted average of Active learning performance over all MeSH codes.”*

After 200 training instances the performance is similar for the three non-random strategies.
However, this might be misleading as these averaged values hide important variations of these
models depending on the MeSH they consider. Particularly, MeSH codes with few relevant

documents lead to low performances in general.

ANNEX 9 provides a detailed overview over the performance of all MeSH codes. In most cases

FeedbackExplorer’s and Zhang’s CNN’s performance was similar after training with 200 instances.
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But for some MeSH codes FeedbackExplorer achieved highest performance (ex.: D048909: Diabetes

complications, D003928: Nephropathies or D005320: Fetal Macrosomia) and likewise for some MeSH

codes Zhang’s CNN performed better (ex.: D003925: Angiopathies, D003930: Retinopathy or

D016640: Gestational Diabetes).

pos | neg | Acc | Prec | Rec | F1 | pos | neg | Acc | Prec| Rec | F1 | pos | neg | Acc | Prec | Rec | F1 | pos | neg| Acc |Prec| Rec | F1
50 29 | 21 | 078 | 0.88 |0.72|0.80 | 26 | 24 |0.62|0.72 0.78 | 0.59
C°”;22caﬂ 100 61 | 39 | 0.83|0.88 [0.82|0.85 | 57 | 43 |0.73]0.81] 0.74 | 0.76
150 88 | 62 | 0.84 | 0.84 |0.90|087| 76 | 74 |0.78 | 0.83 | 0.83 | 0.81
DO48I09 1% 0 110 | 90 | 0.85 | 0.85 | 0.91 | 0.88 | 104 | 0.96 | 0.81 | 0.84 | 0.85 | 0.84
Test set: 591 (pos) /409 (neg) || Train set: 557 (pos) / 443 (neg)
50 33 | 0.88 | 0.80 | 0.53 | 0.64 | 10 | 40 |0.79|0.02| 033 | 0.03
A”gizsathi 100 55 | 0.90 | 0.81 |0.56 | 0.72 | 43 | 57 |0.85|0.35] 0.87 | 0.52
150 85 | 0.89 | 0.75 | 0.75| 0.75 | 69 | 71 |0.87 | 0.54 | 0.85 | 0.63
D003925 | 509 124 | 0.90 | 0.87 | 0.61 | 0.72 | 95 | 105 |0.90 | 0.68 | 0.83 | 0.74
Test set: 209 (pos) / 791 (neg) || Train set: 178 (pos) / 822 (neg)
50 49 |o97| o | o | 0o | 2 |48 097/ 0| 0 | 0
Cardiomyo ™, 97 |097| o | o | o | 3 |97 097 0| 0o | 0
pathies
150 145|097 o | o | o | 7 |143|0.95|0.02 ] 0.10 | 0.03
D058065 | 509 187/1097| o | o | o | 12 [188|0.97|0.01]0.20 |0.02

Test set: 30 (pos) /970 (neg) || Train set: 28 (pos) / 972 (neg)

Table 6.4: Active learning performance for all four strategies.?*

Specific results are highlighted in Table 6.4 on three MeSH codes. In addition, information about the

number of positive and negative training instances are provided. For the MeSH code diabetes

complications (D048909) FeedbackExplorer reached highest performance after 200 training

instances with a F1-Score of 0.88, while Zhang’s method achieved best performance for diabetes

angiopathies (D003925). The last MeSH code diabetes cardiomyopathies (D058065) was an example

for a MeSH code with poor results for all strategies due to the few positive training examples. The

occurrence of some MeSH codes with low predicted performance, mainly due to too few positive

examplesinthetraining data, is one reason why the overall performance measuresin Table 6.3 were

not higher.
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6.3.3 Memory consumption

An overview of memory consumption in MegaBytes (MB) and the execution time in minutes (min) is
displayed in Figure 6.9. Scikit-learn’s HAC algorithm and FBE were both executed for 10.000, 20.000,
30.000, 40.000 and 50.000 documents. We noticed that the memory consumption for FBE stays
almost constant with the growing number of documents while the HAC algorithm grows

exponentially. However, the gain in memory consumption equates to a longer running time.

Memory consumption & execution time

—— scikit-learn {(MEB)
20000 FB.]_E.[HB} ; ; - 100
=== sgikit-learn {min}
= FBE {min}) =
= -80
o 15000 4 -
& £
= [=
= =
E 10000 4 s i
& ana 40 g
E b
5000 - - 20
o

10000 20000 30000 40000 50000
N documents

Figure 6.9: Memory consumption in Megabytes (MB) and execution times in minutes (min) .**

6.4 Discussion

6.4.1 Principal results

In this work, a visual interactive user interface has been implemented, enabling users without
computer science knowledge to discover and target topics of interest in biomedical text data to
improve the literature exploration in evidence-based clinical decision making. A novel hierarchical
clustering algorithm groups documents in an interpretable fashion using head words. There exist

two possibilities to minimize the data annotation effort. Either through manual intervention via the
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interface by picking pertinent documents the model is most uncertain about; or applying the
proposed active learning strategy which combines uncertainty sampling with the hierarchical tree
form.

Our methodology reached near state-of-the-art performance when compared with efficient
hierarchical clustering algorithms and various active learning strategies. Beyond the performance,
FeedbackExplorer addresses several existing limitations in common machine learning algorithms to
extract information from textual data such as the struggle of injecting domain knowledge to the
model; the requirement to define the desired number of clusters a priori; the interplay of
classification and clustering in one methodology or the challenge of applying advanced artificial
intelligence methodologies for users without computer science knowledge. Those functionalities
make it an attractive asset for the analysis of laboratory results, electronic health records,
publications or social media data by health professionals. Furthermore, we demonstrated that our
approach is memory efficient and stays stable with increasing documents making it ideally suited
for handling large datasets. Through heavier parallelisation of the underlying Spark framework the
rising execution time could be minimized.

This methodology will be of particular interest specialists who need a quick overview of the

literature concerning a specific theme.

6.4.2 Comparison with prior work

Different general-purpose natural language processing systems have been proposed to extract
information from clinical text data. The review of Wang et al.**® identified the most frequently used
systems as: the Clinical Text Analysis and Knowledge Extraction System (cTAKES),**! MetaMap®? and
Medical Language Extraction and Encoding System (MedLEE).** These systems have been deployed
on a wide range of information extraction tasks based on electronic health records such as the
identification of respiratory findings,*** the detection of smoking status,*” or pharmacovigilance.®®
However, these systems have difficulties incorporating machine-learning models.**” Zheng et al.
tested several clinical NLP systems and found that they were challenging to set up and configure
which led to a general dissatisfaction and thus hampers wide adoption.*?® Soysal et al. addressed
the frequent issue of having to customize systems for existing tasks, which frequently requires
substantial NLP knowledge, by proposing the NLP toolkit Clinical Language Annotation, Modeling,

and Processing (CLAMP) enabling users to build customized NLP pipelines user a user-interface.®’
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But as CLAMP was trained on specific corpora to extract specific types of information, adopting this
system beyond its original purpose might harm performance and generalizability.**® Montani and
Striani emphasized in a recent survey the importance of transparency and explainability, of how
conclusions are obtained, in Al powered clinical decision support systems.**° This is in line with our
methodology of directly involving users and creating a solution in synergy with the system. Ozaydin
advocates as well that including health professionals more in the model development and
evaluation helps shed light on the black box systems.**! An original approach is the voice-enabled
chatbot “Plutchik” which is able to search in medical databases, retrieve and communicate medical
information.>** Yet, more sophisticated machine and deep learning methods are not yet
implemented.**

This methodology aligns with Shneiderman’s visualization mantra “Overview first, zoom and filter,
then details-on-demand” when designing graphical user interfaces.®* A first overview is provided
through the visualisation of the top level nodes; zooming and filtering is achieved by clicking on
specific nodes which provides information about the head words of the node; and details-on-

demand can be obtained by reading the corresponding documents of the targeted node.

To the best of our knowledge, FeedbackExplorer was the first decision support system combining
topic exploration, topic targeting with a user-friendly interface and minimized memory
consumption and annotation effort in a single methodology. This work enables health professionals

to rapidly gain insights into clinical text data to improve decision making.

6.4.3 Strength & Limitations

A crucial strength of the proposed methodology is that non-experts with no programming
knowledge are able to explore and target topics of interest in an unstructured textual corpus via an
interactive and user-friendly interface. Transparency is profoundly improved through head word
and tree structure visualisation. This is in line with Alcacena et al. who suggested that proper
visualization can increase the transparency of machine learning.®* Transparency in clinical decision
support systems is key to ensure adoption by clinicians.®® Through the interaction between human
and system interpretability is increased as has been shown by Lage et al.®” Our approach is memory
efficient due to the streaming character and thus able to be used on computers with limited

memory. In addition, the system is built upon the large-scale data processing framework Apache
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Spark, allowing fast execution time and the capability of tackling large datasets. A useful feature, as
the analysis of large text corpora usually is quite computation intensive.*** The possibility to diginto
topics, when an interesting cluster is found combined with an interpretable result in the form of
head words, allows to identify sub-themes and to visualize knowledge in such a structured
hierarchical format, especially for rare events or uncommon events in clinical practice. Moreover,
the data annotation effort is minimized through the proposed active learning strategy by picking the
most impactful data instances. The parameter defining the desired number of clusters to be
obtained is not required with our methodology contrary to many classical clustering algorithms.
Injecting potential domain knowledge to drive topic extraction is still a challenging task. We
proposed a way to use domain knowledge to specifically search for topics of interest and test
hypotheses to improve the clinical decision making. This may be particularly interesting in the field
of rare diseases, where clinical practice based on valid evidence is challenging.®* Besides, the
dynamic nature of our approach allows us to add more documents with time without a complete
retraining, allowing the evolution of topics of interest to be studied. A last advantage is that our
methodology can be adapted to different languages by providing the respective word embeddings

that are easily found on the web.

Concerning the limitations, a constraint of our methodology is the manual interaction which
prevents the creation of a huge number of classifiers. However, usually a user has a priori knowledge
of the domain and is able to broadly target the desired clusters which avoids having to define a large
number of classifiers. Another limitation is that our methodology was only evaluated on a single
dataset. A future direction of investigation is the validation of the methodology on other datasets to
ensure generalization and portability in other contexts. Due to the streaming nature, the
constructed tree depends highly on the order of the documents, which might affect data
interpretation. Therefore, in a future work the stability of the hierarchical clustering regarding the
document order should be further improved by for instance aggregation techniques. In some cases
we observed oscillations in the active learning performance in the sense that performance is not
always improving with more training data, a phenomenon frequently observed in the active learning
field.*¢ A future direction to explore should be the evaluation of the approach on a sample of end-
users of different profiles and level of expertise in clustering techniques. Another improvement on
the tree creation could be the implementation of further features such as merging different tree

branches if they correspond to similar concepts.
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6.4.4 Conclusion

An interactive user-interface for users without computer or data science knowledge for the
exploration of unstructured biomedical text data as clinical decision support has been proposed.
Through a semi-guided, active participation of the user and the visualisation of head words, the
algorithm converges towards a user-defined solution while improving transparency. Various
advantages are combined in a single methodology from leveraging domain knowledge to target
topics of interest; over minimizing the manual annotation effort exploiting active learning resulting
in a quicker convergence; to reducing memory consumption through data streaming and thus
enabling the handling of large textual corpora thanks to Spark’s parallelism abilities. We
demonstrated that the combination of all those beneficial features led to near state-of-the-art
performance. The developed system might be beneficial for healthcare professionals with limited
computer science knowledge to quickly gain an overview of specific topics to ultimately improve

the literature exploration in the clinical decision making process.
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CHAPTER VII: Discussion and Perspectives

This thesis explored how artificial intelligence methods benefit diabetes research. The three
principal sections in this thesis constituted: 1) the identification of diabetes concerns and diabetes-
related topics of interest in social media data (chapter IV); 2) the detection of cause-effect
relationships in diabetes-related tweets (chapter V); 3) and the development of a methodology to
explore textual data and target user-desired topics, for healthcare professionals with limited
computer science knowledge, via an interactive user interface (chapter VI). Hereafter, the principal
results of these three studies are discussed, followed by an overall synthesis and conclusion of this

thesis. The final section elaborates on potential future investigations and open challenges.

7.1 Principal findings

In the first objective, an innovative preprocessing pipeline was developed to focus on tweets
containing personal and emotional language, geolocalized from the US, allowing us to investigate
diabetes-related topics and associated emotions. A main concern that emerged was the theme of
insulin pricing, including access to insulin and the identification of financial sources for insulin such
as ‘glucose guardians’ or donations. This theme was frequently accompanied with negative
emotions, which confirms the burdensome situation of high insulin prices in the US.?

However, positive emotions related to the theme of insulin pricing were observed concerning the
fight for affordable insulin in the community. Regarding insulin pricing, this was the first work to
demonstrate and quantify the crisis in the USA of people with or talking about diabetes based on
social media data.

Moreover, fear, anger and sadness were expressed when it comes to diabetes-related complications
and comorbidities as well as substantial frustration about people’s inability to differentiate type 1
and type 2 diabetes. Positive emotions were observed in tweets referring to support and solidarity
among the diabetes online community validating the positive character of the diabetes online
community.**

Furthermore, we noticed associations of insulin pricing topics to be more frequent in cities with high

mean incomes.
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DISCUSSION & CONCLUSION

From a methodological point of view, thanks to a machine learning-based preprocessing pipeline,
we were able to exclude most noisy tweets and focus only on relevant tweets, namely personal, non-
joke and emotional. Many other studies do not make the effort of such a strict preprocessing
pipeline.?***3"33% Another advantage of leveraging machine learning algorithms was that we were
able to analyze a large number of tweets with a great variability. This question of representativeness
has to be considered with caution, as the variability in people with diabetes on Twitter does not
inevitably mirror real-world diabetes patients. But this lack of recall is counterbalanced by the vast
volume of data analyzed, thanks to ML algorithm.®® However, relying on machine learning
algorithms also introduced confirmation bias due to manual labeling. As the performance of the
algorithm is not flawless, there were still irrelevant tweets in our analyses. With the complexity in
human language and text data removing noise certainly is an endless challenge. Moreover, we
developed an innovative geolocation engine which exploited several meta-data fields (place full
name, user location, user description) and thus were able to infer the city-level geolocation for 63%
of our preprocessed tweets. Contrary to other studies which exploited only the user location field**

or geolocated only on a state-level.'*

Throughout the second objective, we demonstrated the feasibility of inspecting both explicit and
implicit multi-word causal information and cause-effect relationships, whereas most former work
studied the simplified task of explicit causality.®>*?*° The preprocessing pipeline was aligned with
the first objective. The transfer learning paradigm was adopted to fine-tune the pre-trained
language model BERTweet to detect sentences containing causal information in a first step. In a
second step a single conditional random field layer with BERTweet-based and discrete features
outperformed fine-tuning BERTweet architectures in the cause-effect relationship detection task.
We were able to extract cause-effect patterns in 20% of the preprocessed sentence, contrary to other
works which had focused only on explicit causality and extracted less than 2% causal patterns.® The
obtained performance measurements were satisfying given the challenging task and the
imbalanced dataset, but could certainly be improved with more data and better data quality. The
lack of recall is again compensated by the massive amount of data, whereas the lack of precision
was compensated through the semi-clustering approach. An interactive visualisation of the cause-
effect network has been provided for interested readers to explore these relationships. The largest
cluster, playing mainly the role of a cause, was “Diabetes” which most frequently led to the effects
“death” and “fear”. Another large cluster was “Death” being frequently caused by various factors

referring to insulin pricing. This confirms the strong presence and importance of the topic of insulin
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pricing in the US diabetes community, which was already detected during the first objective.
Besides, regular clusters were “Type 1 diabetes” causing regularly “insulin pump”, “hypoglycemia”,
“sickness”, “finance” and emotion-related effects; the cluster “Insulin” was strongly related to

» o«

“sickness”, “medication”, “finance”, “death” and emotions.

The third objective addressed existing limitations in literature exploration to improve the evidence-
based clinical decision making process. For this purpose, a visual user interface has been developed
allowing users without a computer science background to iteratively explore, discover and target
topics of interest within a given corpora. The main structure of the algorithm is shaped by a
hierarchical clustering which structures documents in a streaming fashion. A key design choice was
to define the clustering tree nodes via head words which should improve interpretability. By putting
a human-in-the-loop, a solution is found hand-in-hand with the machine rather than relying on a
stand-alone blackbox model. As a consequence, not only domain knowledge is incorporated into
the system, but also transparency is enhanced. With these design choices, adoption by health
professionals should be facilitated. Human interaction is minimized through an active learning
strategy, leveraging the hierarchical skeleton, by proposing relevant documents that the model is
uncertain about to be annotated. As a consequence of human interaction, there is a limit to the
number of classifiers that can be created.

The aim of this methodology was not to establish a new state-of-the-art performance, nevertheless
we have shown to reach near state-of-the-art performance. We demonstrated how frequent
limitations in machine learning algorithms to extract information from text data can be tackled.
Contrary to many clustering or topic models our approach is independent from defining a fixed
number of clusters prior to the training. Advanced machine learning algorithms are made accessible
to users without programming skills. Moreover, we made a contribution towards memory efficient
modeling with a stable memory consumption with an increasing number of documents. The
resulting longer execution time for more documents can be balanced through heavier
parallelisation of the underlying Spark Framework.

In addition, the ability to zoom into identified topics, thanks to the hierarchical structure, enabling

the exploring of sub-topics, makes the methodology even more appealing for health professionals.
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7.2. Synthesis and conclusion

7.2.1 Epidemiological contributions

The feasibility of exploiting social media data to capture real-life, patient reported emotions and
concerns has been demonstrated which represents a cost- and time-effective way of augmenting
psychosocial and epidemiological research. Using social media posts we were able to capture
emotions, and concerns of people with or talking about diabetes, including diabetes distress related
topics that were not included in current scales to evaluate diabetes distress. These data reflect the
online user behavior as well as the information they are exposed to. Besides, we demonstrated the
practicability of extracting both explicit and implicit cause-effect relationships exploiting modern
machine learning architectures and natural language processing. This offers the possibility to
enhance our knowledge of diabetes in a real-life setting exploiting patient-reported outcomes.
Future studies should be encouraged in considering social media data as complementary data
source. Thisisin line with Gabarron et al. who showed that intervention studies using social media
appear to have positive impacts on health outcomes in T1D patients and could be beneficial for
people with type 2 diabetes as well.**°

Public debate about diabetes issues could be promoted using Twitter data and thus have
implications for health policy makers, health promotion practitioners and clinical decision making.
Social media data will serve in developing policies and interventions that include key concerns in
people with diabetes to ultimately improve health outcomes. For this to become reality, our findings

require validation in epidemiological studies.

In addition, currently there is a lack of adoption of efficient tools to analyze and extract appropriate
information out of the exponentially growing textual data due to: poor user-interfaces; the failure to
integrate those tools naturally in the health care professional’s routine; the design of those tools
from a too strong technical perspective or a lack of physician acceptance or black-box models.**-**
To tackle these issues, we have proposed an interactive user-interface for users without computer
science and programming knowledge to explore unstructured clinical text information to ultimately
improve the literature summarization part in the clinical decision making process. Transparency
and interpretability is ensured through actively involving the user in the solution finding process and

head word visualisations. The ability to actively interact with the model cultivates trust within health
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practitioners.?° Nevertheless, more time needs to be invested to further improve the tool; to test it

on a sample of end-users to include their feedback and confirm portability on other datasets.

7.2.2 Technical contributions

This thesis mirrors well the evolutions in natural language processing. The first objective addressed
diabetes concerns on Twitter based on FastText embeddings. With the advent of context-aware
word embeddings, namely BERT, during this thesis, we also employed these more powerful
embeddings in the second objective to tackle causality.

Besides, this work was also a playground for testing different machine learning and natural
language processing methods and to validate them for the analysis of social media data. Generally,
the foundation in any machine learning classifier is its training data, which defines the ground truth
of any signal which is inferred by the classifier on unseen data. In consequence, the data quality
largely determines the classifier outcome. We have shown that active learning is an efficient way to
increase the training data with discriminative samples to minimize the annotation effort and ideally
increase performance.

Furthermore, with this thesis we have highlighted that, indeed, machine learning methods can be
exploited for diabetes epidemiology at all stages of the data pipeline: preprocessing data,
geolocating data, filtering data, predicting and clustering of information. Globally, it enabled us to

target larger datasets and thus greater variability in the data and stronger representativeness.

With the development of our clinical decision support tool for literature and text exploration we
tackled various technical bottlenecks ranging from limitations of current NLP methods, such as
specifying the desired number of topics beforehand or weak scalability of topic models, over
improving the annotation effort through active learning to minimize memory consumption thanks
to the streaming nature and underlying Spark framework. Automatically finding a clustering
solution without human intervention remains a challenging problem. Human involvement in model
training represents an alternative until more powerful machine learning algorithms, which ensure
transparency and interpretability, will be developed. Within Al applications there is always a trade-
off between model performance and transparency.®® Simple models such as decision trees are
generally interpretable but tend to sub-optimal performance, whereas complex models such as
deep neural networks deliver oftentimes superior performance, but interpreting the main factors

that determine performance can be burdensome.® With this methodology we contributed towards
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the goal of more explainability in healthcare, by consciously deciding against neural network based

architectures and proposing a modular system in which simpler ML models are interchangeable.

While an advantage of using social media is that it does not suffer from the same biases like
traditional epidemiology, it is fair to acknowledge that social media undergoes different biases.

A selection bias is introduced as Twitter is used by only a part of the population, in the case of the
USA 23% of all adults use Twitter, raising awareness for the representativity.’® Our analyses were
restricted to a single social media platform, leaving out relevant information and demographics
present on other platforms.?® This platform bias could be addressed in a future work. Besides, we
are subject to reporting bias, as we can only analyze what users report and due to social stigma that
certain topics might not be heard in fear of public backlash.”® Another important bias is the
algorithmic bias, which represents systematic prejudice due to erroneous assumptions
incorporated into the machine learning algorithms.?* In particular, algorithmic bias has been
observed in word embeddings and language models, in form of gender bias and social
discrimination.?*34

Confirmation bias or human bias occurred during data labeling as we unconsciously treat data in
ways that affirm preexisting opinion, beliefs and hypotheses.

Activity bias comes from the fact that most users are silent spectators and mostly watch the content

of others, while a minority generates most content and thus dominates with their opinions.**

Moreover, this thesis was realized entirely based on the open science spirit. On the one hand we
used existing frameworks (PyTorch, Apache Spark) and programming languages (Python, Scala,
JavaScript) with associated packages (scikit-learn, gensim, D3, etc.). On the other hand, we open-
sourced our algorithms under https://github.com/WDDS/. By openly sharing Al algorithms we
contributed to computational transparency and interoperability.®® We strongly encourage

interested researchers to validate them and further extend them for their purposes.
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7.3 Research perspectives

This thesis explored new data sources, developed and improved machine learning algorithms and
investigated existing limitations at the intersection of Al and healthcare. Even if this work sheds light
on the question how social media can be leveraged for diabetes epidemiology, various new doors
have opened with remaining research perspectives to be addressed. Some of these potential

directions to explore are outlined in the following.

7.3.1 Extension to further countries

This thesis highlighted the importance of social media data as complementary data sources for
diabetes research. To establish the preprocessing and analysis algorithms we centered our work on
tweets from the USA. A natural extension is to translate these algorithms to other countries and
regions. This would enable comparisons between countries and the identification of specific topics
of interests and concern.

It is a challenging task to represent as many countries as possible, given that in some African and
Southern Asian countries, an important part of the population is still not connected with the
internet.!

Word embeddings exist in various languages and can easily be downloaded. Currently the training
data for the classifiers is only available in English, requiring an adaptation to other languages. One
would need to relabel new data or experiment with sequence-to-sequence models or BERT models

to translate the existing labeled data to the target domains, which could induce another bias.

7.3.2 Crossing socio-economic factors with social media data

We have already started to cross socio-economic factors, such as the household mean income, with
social media data, in a small extension of the topic extraction work. However, this subject merits
more attention. More socio-economic factors, such as the gini-coefficient, education levels or age
and environmental factors such as pollution should be included. An interesting approach could be
the study of nested models given the nested structure: a geolocalized tweet is included in a

geolocalized city of the tweet, which itself is included in a region, and the region is included in the
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country. However, in this context it is important not to fall in the ecological fallacy trap and to
attribute measured characteristics on aggregated level (e.g. city mean household income) to an

inferior unit (e.g. individuals who tweet and live in the city).

7.3.3 Studying dynamics in social media

In this work static clustering in social media was performed. Few works addressed dynamic
clustering or dynamic topic modeling in which the model is able to eject vanishing topics but also
include new emerging topics. This could be particularly interesting to capture sudden trends or new
disease appearances. A long-term goal could be the creation of a real-time monitoring system
tracking tweets in - almost - real-time. This is the concept of the World Online Health Observatory,

currently under development at the Luxembourg Institute of Health.

7.3.4 Validation in a traditional setting

Following a data-driven approach in this thesis, we extracted topics and information from a vast
amount of health data in a first step. This information can be used to generate new hypotheses
which can then be tested in a more traditional setting (e.g. cohort study) in a second step. This form
of validation is important to be actionable for public health as we have shown that diabetes-related

Twitter data is not representative for all people with diabetes.

7.3.5 Exploring data efficient methods to extract causal patterns

A new approach was presented to identify explicit and implicit causal information expressed in
diabetes-related tweets. Due to the fact that causes and associated effects could cover a broad
range of entities regarding diabetes, it was challenging to create an appropriate dataset of high
quality. Future work could pursue the creation of a larger dataset with superior data quality. Ideally
several professionals should participate in the labeling task due to the ambitious and sometimes
ambiguous and subjective task of labeling cause-effect associations. Furthermore, more
sophisticated model architectures could be investigated with the aim of increasing the
generalization capability from a relatively small training set to a large number of documents in the

target domain.
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7.3.6 Improving the clinical decision support tool

The development of a sophisticated clinical decision support tool is time-consuming and requires
an iterative development cycle including the feedback of health practitioners. A next step should be
the evaluation by a sample of end-users to include specific needs, correct malfunctions and improve
the tool in collaboration with health professionals. Moreover, the algorithmic part of the
methodology could be improved including an investigation of the process of convergence and the

stability of the tool.
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ANNEX 1. Active social network users in selected countries 2021

(Figure on next page)
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Active social network penetration in selected countries and territories as of January

UAE
South Korsa
Taiwan
Netherlands
Malaysia
Hong Kong
Canada
Singapore
Denmark
Sweden
New Zzaland
Switzerfand
Philippines
Spain
Australia
Austria
Saudi Arabia
Argentina
Thailand
Germany
Israel
UK
Mexico
Portugal
Colombia
Iretand
Belgium
France
Japan
Vietnam
United States
Turkey
Brazil
Poland
taly
Russia
China
Romania
Indonesia
Maorocco
Worldwide
Egypt
South Africa
India
Ghana

Kenya

Nigeria

ataReportal: Hootsuite

2021
99%
89.3%
88.1%
88%
86%
85.6%
84.9%
84.4%
B3.6%
82.1%
82%
81.8%
80.7%
80%
79.9%
79.9%
79.3%
79.9%
78.7%
78.7%
78.1%
T7.9%
T12%
76.6%
76.4%
78.4%
76%
75.9%
74.3%
73.7%
723%
70.8%
70.3%
68.5%
67.9%
67.8%
64.6%
62.6%
61.8%
59.3%
53.6%
47.4%
41.9%
32.3%
26.1%
20.2%
16.8%
20% 30% 40% 50% 80% T0% 80% 90% 100% 10%
Share of population
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Figure A.1 Active social network users in selected countries 2021 (Figure below).>**
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ANNEX

ANNEX 2. Attention mechanism and transformer architecture

The attention mechanism was proposed by Bahdanau'® and is a way of selectively weighting
different words in the input such that they will have an impact on the hidden states resulting in a
weighted context vector that weights the outputs of all previous prediction steps. When the model
processes a given word, the self-attention mechanism looks at other positionsin the input sentence
which might help to better encode the word. Alammar provides a great self-attention illustration,**

taking the example:

“The animal didn’t cross the street because it was too tired”

Self-attention allows us to answer the question, to what “it” refers to, compare Figure A.2. When the
model processes the word “it”, self-attention associates “it” with “animal” emphasizing that the

impact of “animal” is more important for “it” than other words like “because” or “was”.

Layer:| 5 5| Attention:| Input - Input 7

]
The_ The_
animal_ animal_
didn_ didn_
I t
Cross_ Cross._
the_ the_
street_ street_
because_ because_
it_ -t
was_ was_
too_ too_
tire tire
d d

Figure A.2: Self-attention visualisation shows that during the encoding in the 5th encoder, the word
“it” received strong attention from “The” and “animal”.>*

The authors described an attention function as “mapping a query and a set of key-value pairs to an
output, where the query, keys, values, and outputs are all vectors. The output is computed as a
weighted sum of the values, where the weight assigned to each value is computed by a compatibility

function of the query with the corresponding key”.% The position encoded input vectors are split
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ANNEX

into three flows: the queries (Q), keys (K) and values (V), which are obtained by multiplying the input
embeddings by three matrices which are trained during the training process. The attention output

in the original Transformer is “Scaled Dot-Product Attention” calculated by:

, QK"
Attention(Q,K,V) = softmax(——)V

Jax

where the queries and keys have dimension d,and values dimension d,,.

To furtherimprove performance, Multi-headed attention was introduced which creates multiple sets
of Query, Key, Value weight matrices, each of them randomly initialized, which each projects the
input embedding into a different representation subspace. By learning to look at a text sequence
“from different angles”, the Transformer becomes more context-aware. The authors used as default
h = 8 attention heads. The multiple attention heads are then concatenated and multiplied by
another weight matrix W° , which is trained during the training process to produce the output
matrix:

MultiHead(Q,K,V) = Concat(head,,..., head,)W?,

head; = Attention(QW,%, KWK, vw)),

WiQ € R%model X dk, WiK € R%model X dk’ WiV € R%model X dv’ WL_O e Rhdv < dmodell

dk = du = 64, dmodel =512

The transformer architecture exploits the attention mechanism while processing sequences in
parallel. All words are handled simultaneously rather than word-by-word.
More technically, the entire transformer architecture is a encoder-decoder mechanism leveraging

scaled dot-product attention and multi-head attention as illustrated in Figure A.3.
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Figure A.3: Transformer architecture with encoder and decoder (left); Scaled Dot-Product Attention
(center); Multi-Head Attention consists of several attention layers running in parallel (right).%

Figure A.3 on the left provides a global overview over the architecture with the encoder part on the
left side and the decoder part on the right side. The input embedding converts tokens into a vector
format and combines them with positional encodings, adding positional information. This
combined vector enters the encoder which is composed of the following components: 1) multi-head
attention mechanism which performs self-attention over a sequence to determine for each token
which other tokens of the sentence are relevant/attend to that token; 2) fully connected feed-
forward network which encodes the token after the multi-head attention in a d,;;4¢;- dimensional
vector; 3) residual connection allowing the model to optimize more efficiently because gradients
can flow freely from the end to the beginning of the model; 4) add & norm block merges the output
of the multi-attention head or feed forward layer with the residual. In the original proposition of the
Transformer the authors stacked 6 encoder layers on top of each other. Those steps create an
intermediate representation of the input which will then be translated into output predictions by
the decoder which consists of: 1) the tokenized output is vectorised and combined with the
positional encoding to obtain the output embedding for the decoder; 2) masked multi-head
attention which applies multi-head self-attention on the output embedding while masking future
positions to only attend to earlier positions in the output sequence; 3) another multi-head attention
block using the combination of the encoded inputs from the encoder with the outputs of the prior

masked multi-head attention to enable the model to learn correlations of the encoded inputs and
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desired outputs; 4) feed forward; 5) A final linear fully connected network projecting the decoder
output vector to logits vector of the length of the vocabulary; 6) A last softmax layer turns the logits
into probabilities resulting in a probability for each word. Taking the argmax on this vector provides

the predicted word.

In the training process, the true output sequence and the predicted output sequence are fed into a
loss function to obtain an error which is used to backpropagate the neural network and update the

parameter weights.
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ANNEX 3. Primary, secondary and tertiary emotions, as defined by

Parrot

Primary
emotion

Secondary
emotion

Tertiary emotion

Cheerfulness

Amusement - Bliss - Gaiety - Glee - Jolliness - Jowviality - Joy -

Delight - Enjoyment - Gladness - Happiness - Jubilation - Elation -

Satisfaction - Ecstasy - Euphoria

Fear

Zest Enthusiasm - Zeal - Exciternent - Thrill - Exhilaration

Contentment Pleasure

Pride Triumph

Optimism Eagerness - Hope

Enthrallment Enthrallment - Rapture

Relief Relief

Affection Adoration - Fondness - Liking - Attraction - Caring - Tenderness -
Compassion - Sentimentality

Lust/Sexual Desire - Passion - Infatuation

desire

Longing Longing

Surprise Amazement - Astonishment

Suffering Agony - Anguish- Hurt

Sadness Depression - Despair - Gloom - Glumness - Unhappiness - Grief -

Sorrow - Woe - Misery - Melancholy

Disappointment

Dismay - Displeasure

Shame

Guilt- Regret- Remorse

Meglect Alienation - Defeatism - Dejection - Embarrassment -
Homesickness - Humiliation - Insecurity - Insult - 1solation -
Loneliness - Rejection

Sympathy Pity - Mono no aware - Sympathy

Irritability Ageravation - Agitation - Annoyance - Grouchy - Grumpy -

Crosspatch

Exasperation

Frustration

Rage

Anger - Qutrage - Fury - Wrath - Hostility - Ferocity - Bitterness -

Hatred - Scorn - Spite - Vengefulness - Dislike - Resentment

Disgust Revulsion - Contempt - Loathing

Enwy Jealousy

Torment Torment

Horror Alarm - Shock - Fear - Fright - Horror - Terror - Panic - Hysteria -
Maortification

Mensousness Anxiety - Suspense - Uneasiness - Apprehension (fear) -Worry -

Distress - Dread

Figure A.4: Primary, secondary and tertiary emotions. The colors in the table correspond to
the distribution of primary emotions in Table 4.9.7 %3
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ANNEX

ANNEX 4. Sample tweets for each topic

No. Topic label Sample tweets (closest to cluster center by cosine distance)
1 - Happy birthday to my T1D brother $;) @ {1} £ @ @ USER hope your day is
Support/solidarity in | a great one@HTTPURL

diabetes community

- HAPPY BIRTHDAY TO MY FAVORITE DIABETIC @I'm glad we're
becoming close friends, come back soon I miss you :( I love you ...

- Closing: It was great getting to know everyone tonight! Thanks USER and
Happy belated Birthday! #dsma

Inspiring relatives
living with diabetes

- My amazing godson is 1 of these T1D warriors.He's tough as can be&amp;
filled w awesomeness!Sorry I couldn't walk today

- USER What a talented family! You were amazing yesterday. Thank you
for being a great example for living beyond T1D diagnosis.

- Love the profile pic. Thanks for being such a great advocate and an
inspiration to every person living with T1D!

Sharing hope and
encouraging

- USER 2019. Hope, always hope, for better things. Plan to do the work to
get there. #dsma

- USER as a fellow t1d, your tweet made me smile. hope you get to say you
no longer need batteries one day soon :)

- USER hope all gets well, would like to donate but got my own diabetes
bills as well. &It;3 hope she stays strong and lives long

Diabetes awareness /
Support / Donation

- ** ATTENTION** Please come out; support T1D that USER is hosting!
Help us find a cure for this disease @

- Was told today that my work for people w/diabetes is just a passion project
&amp; only b/c I have T1D. Ask me for a favor ever again. Please.

- What I like: When most people see something bad happen, they try to help.
No insulin for kiddo? Here's a donation!!

DSMA* enjoying
online support

- Good evening everyone! Welcome to #dsma! How are feeling tonight?
#dsma

- Closing: As always lots of love to everyone in the #DOC. Have a great
week and remember that a little heart can do big things. #dsma

- Q5 #DSMA maybe ask how #s make us feel and what can we do about
it? I’ve done a lot of tweaking. All alone. Doc knows I’'m good at it. #DSMA

Sharing diabetes
related stories

- Q1: I have a really hard time being content. I'm in a good place right now
with most things in life but still antsy for new adventures. #dsma

- good morning i’m awake ONLY to give USER his insulin however i am
also wishing USER a good day thank you for coming to my ted talk.

- USER Oh good I'm glad it went well. Sorry you're still in pain. I have
unfortunate news, I am for sure Diabetic type 2 Hypoglasimic

T1D hashtags

- A little bit of awesome (a lot a bit of awesome). #t1Dlookslikeme
#tandem #diabetes #dexcom #g6 #t1D #jdrf #labrat #T1D

- Awesome morning! Woke with a §3) for #muffinswithmom !
#pirrungelementary . #t1d #typellife #Typel Conqueror

- Yesterday was a good day!! #t1d #dexcom #t1dpastor
#caffeinatedpastor #gooddaywithdiabetes

Diabetes care

- My doctor says we must treat Depression like Diabetes, take care

every day. Even when you feel good, you gotta stay...... URL
- Taking care of your mental health is important. But dont eat for

the first time in 3 days then make a thread about ur struggle w diabetes :/
- USER Your pancreas probably pumped out a lot of insulin, to take care

of that load; 'good thing this is a rare practice for you @

- First rant ever about #bloodsugar palette. Palette is amazing but situation
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Bloodsugar palette
(beauty products)

around it SUCKS terribly. #JeffreeStarCosmetics

- Finally was able to get my #bloodsugar by @JeffreeStar! Now I just need
my #blueblood palette

- @JeffreeStar is coming out with the new #thirsty palette and I’'m still

trying to get my hands on the #BloodSugar palette!

10 - #insulin4all Amazing to see how far this movement has come that USER
Advocacy for threads about insulin pricing. Started HTTPURL
affordable insulin |- @m THRILLED to see all of the publicity the insulin crisis is getting—
let's keep it coming #insulin4all
- Who said healthcare activism can't also be a hella good party ?!
#DanceParade #Insulin4all see you in Albany
11 - I dream what my life would be like without Type 1 Diabetes, I wouldn't
Life with and be depressed. I wouldn't sick all the time or worry.
without diabetes |- Strange to think that not too long ago, kids that developed Type 1 diabetes
would just get sick and die and the parents wouldn't know why...
- sometimes I wish I had a best friend or someone I knew closely with
diabetes, because they would understand what I go through
12 - 2nd day ever wearing my #Dexcom and it fails. It should last 10 days...
You could say I'm a little mad @ #t1d #diabetes #dexcomg6
Life with type 1 - Self esteem is at an all time low today. Send virtual love. Really need it
diabetes right now! #diabetes #typel #fuckme
- Wish my blood sugars would sort itself out so i can enjoy my time with
my gorgeous daughter.. #worrying #t1d #diabetic #newborn #babyaria §P
13 [ Glucose guardian |- USER USER I need a glucose guardian &)
- USER is my glucose guardian and I love her.
- sometimes i wish i had a glucose guardian @
14 - Love seeing my family can't afford insulin and Cory Booker could
out-freestyle Bernie Sanders on the timeline. Someone please kill me..
Chatting about - Made a manic thought come true now I have a sweet looking insulin pin
insulin used heart tattoo. Sorry mom.. &)
- It was rly good and my insulin tubing was safe one bird tricked me and got
my finger but it wasn't too bad, it was a lot of fun!
15 - It doesn't take five minutes, but I really hate changing my insulin pump

Insulin and insulin
pump complications

site and refilling the insulin reservoir.

- Today: no fast-acting insulin left. Got sick, it lasted all day long. Used all
spoons going to get insulin. Could not get long-acting insulin.

- I think I stuck the insulin catheter in a bad spot this morning. Insulin isn't
really having an effect. ugly

16

Diabetes in family

- With diabetes an issue for many, this is a real concern. Most people know
at least 1 friend, family member, or coworker.

- As someone who comes from a family who are high risk of getting diabetes,
this is ridiculous and sad :/.

- @fuxwidri My mom was with one of my sisters and diabetes runs on her side

of the family (2 so I'm worried

17

Diaversary

- got diagnosed with type 1 diabetes 16 years ago today, let’s get fucked upp.
Happy st pattys@

- Happy Diabirthday Kid. 11 years since dx. Remember when 'they' said there
would be a cure in 5 years? tick...tock... HTTPURL

- Good morning world, today is a very personal day for me 21 years ago I was
diagnosed with Type 1 Diabetes

18

Day-to-day stories
about diabetes

- Today is gonna be a good day cus I get to see @ellieraen AND I’m getting
a new insulin pump!! It’s been a shitty week I need this!!!
- YES! I remembered to test and take my morning insulin!! 130 is a good
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reading fir me. All my diabetic family out
- Been taking Ben on my walks. Tonight I felt listless, weak so we came home.
Take my glucose reading...75. Too low. Glad he was with/me in case

19

Confusion between
T1D and T2D

- Dorit. Type 2 diabetes doesn’t “turn” into type 1. And a 318 glucose reading
is absolutely horrible-&amp;

- #diabetes I swear. I have type 1, and nothing is more frustrating than when
people try to give me some type 2 lecture

- Last night I watched What The Health and got really annoyed about their
lack of distinction between Type 1/Type 2 diabetes. #NotAllDiabetes

20

Diagnosis

- I was just told that my dad's friend's 4 year old son was diagnosed with
Type 1 Diabetes; they want me to go talk to him &amp; my heart broke &)
- The last time he showed me affection was 2007. I got diagnosed with
Type 1 Diabetes and he said That sucks, sorry
- my 12 year old son was diagnosed with type 1 diabetes on monday and i
am terrified for him and his health but also what about his insurance..

21

Glycemic instability

- Every time my blood sugar is good I think I can eat whatever without
giving insulin then an hour later I'm 350 with moderate ketones..

- I started consuming glucose gel whatever I feel weak at my work and it
really boosts me up and I'm wondering if I have low blood sugar

- Testing my blood glucose all day. Happy to say that right now, it is at 91.
I'm gonna do my damnedest to keep my glucose normal. #diabetes

22

Insulin

- Makes me sad to discard insulin at work when i know there are type I
diabetics who use expired insulin because they can't afford treatment@

- how much insulin they have in their body at any given time. It also makes
it less awkward to take insulin for a meal.

- People say Type II diabetes is insulin resistance. I think it means your
body doesn't produce enough insulin. Feel like I'm doomed if wrong.

23

Diabetes pop star
Nick Jonas

- i remember being so little and finding out nick jonas was diabetic. i cried,
i thought he was gonna die

- I still remember that I cried at a Jonas brothers concert while nick was
giving his speech about living with diabetes

- Were you really a jonas brothers fan if you never cried over Nick Jonas
having diabetes at some point in elementary school

24

Misunderstandings
of diabetes

- USER we R getting the run around on our daughters T1D monitor; pump.
Along w/ Dexacom. Makes real hard 2 believe u care. Am I wrong?

- Idk if living alone with uncontrolled type one diabetes was a good idea.
Hell even if it was controled you just never know.

- USER Very good question.. Because the next.step is saying let's not
treat t2 diabetes.. Because people ate too much.

25

Frustration with
insulin prices

- My insulin is $1800. Utterly ridiculous! I can't afford mine either and
sometimes I have to go to an urgent care or ER for insulin.

- I know the fear of people who take insulin. I am one of them. Even
with insurance, insulin is so expensive.

- I think this is gonna be the first year I don’t get VIP USER upgrades.
When my insulin costs $500 a pop I can’t justify the cost. sad :/

26

OGTT**

- USER Yeah i had my regular glucose test today, and they are having me
come back tomorrow to do the 3 hour glucose test :/

- I haven’t felt the baby move since i did my glucose test and i hate to be
one of those “i think the glucose test kills

- Have to take my glucose test today and it’s been the only thing I’ve been
dreading this whole pregnancy.
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27

Parents and diabetes

- My mom is like so embarrassed sometimes of my sister having to take
her insulin in public. Woman it's normal just get over it

- Today, I was diagnosed with diabetes. My mom texted “I’m sorry,
babygirl”. I cried because I’ve seen her fight with this my whole entire life

- So sad 2 hear a friend of family with type 1 diabetes died. She was only
19yo. She was so sweet &amp; full of life. Glad she knew Jesus as savior

28

Diabetes Distress

- T1D hasn't been my 1st concern lately, but the days where I'm reminded oh,
this can definitely kill me, I can't help feel a little' depressed

- I know it's all I talk about but I hate this. I hate being diabetic so much I
feel so contricted. Ranting about it makes it hurt less sorry :(

- Wow I really hate being diabetic. I'm like 99% sure my last pen of insulin
was bad cause I have been feeling like shit

29

Diabetic/Insulin
Shock

- I went into shock after a cortisone shot (potentially insulin shock because
I'm hypoglycemic/ pre-diabetic)

- Diabetic shock at 23. I went into shock after eating three Klondike bars

- USER Someone went into diabetic shock or something when we were by
like the North Pole. Crazy. She was ok by the end of the flight ..

30

Diabetes-related
comorbidities

- My birth mom is diabetic (even missing toes now), has gastroparesis,
liver/heart issues, chronic pain, and more. Her meds alone are immense.
- “Diabetic nerve damage take this it’ll stop that. but could make you have

severe depression, suicidal thoughts and...” I’ll keep the pain
- people who feel the need to constantly one up you. like oh? you have
depression? well i have anxiety, type 2 diabetes, and arthritis

Table A.1: Sample tweets for each topic. ** OGTT : Oral glucose tolerance test

User mentions were replaced by the token “USER” and urls by “HTTPURL”. Tweets were slightly

adapted to ensure privacy.
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ANNEX 5. Top emotional keywords and emojis/emoticons by topics
of interest of people living with diabetes

No. Topic label top emotional words top emojis / emoticon

1 Support / solidarity in diabetes community happy. love, hope, good, awesome, glad, celebration, sunshine W, ®,:), & ¥ @ &, @

2 Inspiring relatives living with diabetes love, amazing, awesome, excited, good. happy, glad, hope 99 )

3 Sharing hope and encouraging hope, good, feel, love, promise, happy. glad, understand 9. (8 8

4 Diabetes awareness / Support / Donation  love, good, hope, happy, feel, loved, attention, understand LA BN 3

5 DSMA enjoying online support good, glad, love, hope, feel, awesome, happy. excited 0,9 8, dx, :

DSMA sharing diabetes-

6 related stories good, bad, feel, love, glad, happy, awesome, hope ), 8,9 8,

7 T1D hashtags love, happy, good, awesome, excited, hope, amazing, hate 9.5

& Diabetes care care, good, love, feel, hope, bad, glad. sick 8.9 = &,

9 Bloodsugar palette (beauty products) excited, love, happy. amazing, sad, loving, bad, feel 92 89
10 Advocacy for affordable insulin good, love, hope, amazing. awesome, glad, attention, rally 99 24

11 Life with and without diabetes love, good, feel, hope, bad, understand, surprised, happy 2 9, &, dx
12 Life with type 1 diabetes love, good, feel, bad, happy. hate. excited. hope v.9.588
13 Glucose Guardian love, good, happy, care, bad, poor, hope, Teel 88 89,
14 Chatting about insulin love, good, feel, hope, bad, happy, funny, hate 2.9, )% :

15 Insulin pump complications love, hope, good, feel, bad, excited. happy. hate 8, @, & = =
16 Diabetes in the family good, love, hope. bad, feel, care, suffer, understand 98995 @&
17 Diaversary good, happy, feel, love, bad, care, sick, hope 2,9, dx, ), 9
18 Day-to-day stories about diabetes good, feel, bad, happy, sick, love, hate, excited 8 8 =8, 138)
19 Confusion between T1D and T2D good, love, feel, bad, understand, hope, sick, hate 9 459 8 )
20 Diagnosis sick, love, good, feel, happy, care, bad, hope dx, 9, 8.9 8 @
21 Insulin good, feel, bad, understand, love, hope, hate, sick a8s ® 89, 3 =
22 Glucose variability good, bad, feel, love, hate, sick, happy, understand 885 59 2,8 1)
23 Diabetes pop star Nick Jonas cried, crying, love, cry, crush, feel, good, sad .8 (9 2. h
24 Misunderstandings of diabetes understand, love, bad, good, feel, hate, sick, sad 25,5907 8, @
25 Frustration with insulin prices good, care, outrageous, sad, love, hope, bad, feel =, 0.85.88 8 (8
26 OGTT bad, good, hate, feel, nervous, dreading, excited, hope 2820688,
27 Parents and diabetes bad, good, sick, love, sad, poor, care, feel 88982 (e
28 Diabetes Distress feel, hate, sick, bad, sad, worried, funny, glad 88 (%589 8
29 Diabetic / Insulin shock shock, love, worried, good, bad, horrible, sweetness, trauma 8.8 8 06, 2.9,.0, 0
30 Diabetes-related comorbidities pain, depression, anxiety, bad, feel, suffer, good, damage 9 =, 8= RS

Figure A.5: Top emotional keywords and emojis/emoticons by topics of interest. ™
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ANNEX 6: Annotation guidelines

Objective

The aim of this labeled corpus is to provide a training data set for detecting possible cause-effect-
pairs in diabetes and diabetes distress related tweets. Diabetes distress regroups all psychological
factors related to the day-to-day disease management such as emotional burden, stress, anxiety,

emotions, etc.

Data

Between April 2017 and January 2021 diabetes related tweets have been extracted using the Twitter
APl based on list of diabetes-related keywords, such as “diabetes”, “insulin”, “hypoglycemia”,
“HT1D”, “4DSMA”, “Type 2”, “#diabeteslookslikeme”, compare Supplementary File 1 for the full list.
Based on the extracted tweets a random subsample of 5000 tweets has been selected for annotation

purposes.

File structure - Columns:

e Text [String]: extended tweet message “Full_text“ in tweet object
e Intent [String]: Intent of the tweet. If several intents, they are separated by a semicolon
(“;”) Can take the following values:
o @:Question in tweet
o mS: multiple sentences in tweet
o mC: multiple causes in tweet
o mE: multiple effects in tweet
o msS: multiple sentences in tweet with cause and effect in a single sentence

o neg: Anegation which negating the meaning of the cause or effect in a sentence

O

joke: A joke, an irony or sarcasm is in the tweet

e Cause [String]: Words describing the causes. A cause can be composed of several words. If

several causes occur in a tweet then they are separated by a semicolon (“;”)
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e Effect [String]: Words describing the effect. An effect can be composed of several words. If
several effects occur in a tweet then they are separated by a semicolon (“;”)

e Causal association [0,1]: Binary variable of a cause-effect pair occurs in a tweet where 0

means no cause-effect pair and 1 means there is a cause-effect pair

Definition of a cause-effect relationship and annotation rules

The following tweet examples are fictive to ensure privacy.

Non-diabetes or diabetes distress related relationships
The focus on this corpus lies on cause-effect relationships related to diabetes and diabetes
distress. For this reason, tweets like the following are not labeled as causal. The possible cause

here might be “flu” and the effect “die”, but “flu” is out of scope in this project.

Tweet Intent Cause Effect C.A.*

Scary, i have a 13 year old diabetic daughter however iread 4 mS 0
thousand or more people a year die in UK just from flu. so why this

fuss & panic over corona . | read lots and had nightmares last night ! !

This is ridiculous

Schools are closed to prevent passing the virus , yet ALL DAY LONG 0
they are in the store with parents, putting me and MY HEALTH at risk
I WHY, WHY, WHY?

* causal association

In the second example “heart disease” is not labeled as the cause as it is out of scope.
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Examples for possible causal associations

Tweet Intent  Cause Effect C.A*
Diabetes causes me to have mood swings. :/ Diabetes mood swings 1
years of diabetes and all | got is a Spidey-sense like ability to notice msS;m  diabetes abnormal 1
any abnormal sensations in my body and about 7 new kinds of anxiety E sensations in my
I didn't know existed before I got diagnosed . it sucks , but I'm much body;anxiety
stronger because of it .
Gestational Diabetes is shit. The poking, urge to eat the foods that are msS;m in need of tired;headache; 1
no good for me . When | am in need of more insulin my body alarms ~ E more blurred vision
are all going off , making me tired , headache, blurred vision . insulin
After 10 years of injections and finger pricks, | have finally gotten an mS;mC  Insulin manage my 1
Insulin pump and glucose monitor . Finally | can start to managemy  ;mE pump;gluc  diabetes even
diabetes even better and improve my health . Waited so long ose better;improve

monitor my health

* causal association

The above examples also show that several causes can lead to an effect, and inversely also one

cause can lead to several effects.

Implicit relations

The cause-effect relationship is not stated by a causal link word

Tweet Intent Cause Effect C.A*
| was sent to the penalty box to fix a low blood sugar #diabetes #diabetes low blood 1
#NHLPlayoffs sugar

* causal association

Unclear cause - effect relationships

In tweets in which there is a possible cause and a possible effect but it is not clear if the “cause”

had an influence on the “effect”, the tweet is labeled as non-causal.

Tweet Intent Cause Effect C.A.*

I'm back ! Had two strokes recovering now my legs do not want to 0
move. Have high blood pressure and diabetes . So all of you out there
please watch you're blood pressure . It matters .

My dad has diabetes, cancer, heart problems, and a weak immune 0
system.

* causal association
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The possible cause is “High blood sugar and diabetes” and the possible effect is “stroke”. But it can

not be concluded that the stroke was provoked by the high blood sugar or diabetes

Several chaining cause-effect relationships: A->B ->C

If in a tweet we have two relationships: event A causes event B and at the same time event B

causes event C, then we labelled the relationship that is closest to our objective to study diabetes

and diabetes distress:

Tweet Intent Cause Effect C.A.*
Not sure if I've been up since 3:30 for Titan or because my anxiety glucose test anxiety 1
over my glucose test is keeping me up Bahh
I am also a diabetic with all this worry & stress , is adding to my sugar mE diabetic worry;stress 1
levels torise ..
Excess insulin from eating too many carbs spikes insulin , making you eating too Excess 1
hungry. Belief me many carbs  insulin;spikes

insulin

* causal association

event A: glucose test
event B: anxiety
event C: been up since 3:30

Diabetes Distress

In labeling this dataset, a special focus was lying on diabetes distress (psychological factors related
to the day-to-day disease management, such as anxiety, stress, emotions, etc.). For this reason we

labeled possible causal associations related to diabetes distress as well:

Tweet Intent Cause Effect C.A*
I do | just want to go to the kitchen and eat . | hate #diabetes msS #diabetes hate 1
| have gestational diabetes and im very much bothered gestational bothered 1
diabetes
Kent's just angry because his diabetes is flaring up again . diabetes angry 1

* causal association
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Negations

If a negation word occurs in a cause or effect, it is considered being part of the cause and effect and
so not altering the meaning of the cause or effect. Consequently the tweet is not labeled as having

a negation “neg” in the Intent.

Tweet Intent  Cause Effect C.A*
My 14 year old daughter . Type 1 ( malfunctioning pancreas, akanot msS;mg  Type 1 malfunctioning 1
enough insulin being made to regulate pancreas; not
enough insulin
I'm a Type 1 Diabetic , out of work and unable to afford my insulin @ out of unable to afford 1
work my insulin
I was wondering why i felt like shit and then | realized | haven't given neg insulin felt like shit 1

myself my insulin since early this morning . stupid..

Don't hate your diabetes ; instead , find ways to love it and get rid of neg diabetes hate 1
it over time. it helps

my friend " gave " herself diabetes by not doing what her doctor told neg LOSE diabetes 1
her LOSE WEIGHT ! WEIGHT

* causal association

The last example shows when a tweet is labeled as negation. The negation “haven’t given myself”
alters the meaning of the causal relationship “insulin” -> “felt like shit”.

Jokes

As jokes were also labeled tweets containing ironic or sarcastic elements.

Tweet Intent Cause Effect C.A.*
This tweet is so dumb it gave me diabetes joke 0
| love lifestyle choices become a non smoker and a temporary  joke 0

diabetic, why the hell not *irony out*

Thanks sweetie And | think I've developed diabetes from your  joke 0
sweetness

* causal association
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Frequently used abbreviations related to diabetes

Abbreviation

Explanation

lows, going low
#gbdoc, #doc, #dsma
dexcom, Freestyle Libre
cgm, CGM

DKA, dka

3hours

LCHF

BS

low blood sugar

diabetes related online groups on social media to exchange about the disease
continuous glucose monitoring tools helping to monitor blood sugar levels levels
continuous glucose monitoring

Diabetic Ketoacidosis

3 hour glucose test for gestational diabetes

low carb high fat diet: The diet, because of its low requirement for insulin, has been
recognised by the Swedish government as being suitable for people with type 2
diabetes and as helpful to individuals looking to lose weight or maintain a healthy
weight.

blood sugar
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ANNEX 7: Most frequent cause/effect clusters

The synonyms were manually added for the initial clusters. Clusters whose parent cluster is

“Other”, are automatically added clusters that were predicted from the cause-effect classifier.

diabetic, #diabetic, #diabetes, diabetes mellitus, diabetics, DIABETIC,

0| Diabetes diabetes #Diabetic 66775
die, passed away, gave life, kill, killing, dead, shorter lifespan, loose live,
1|Death death died, dying, commit suicide, losing father 16989
2|Insulin insulin insulin hormone, supplies, HUMALOG bottle 14148
3|Diabetes type 1 diabetes T1D, type 1, #typel, #typeldiabetes, juvenile diabetes 11693
anxiety, terrified, scared, anxious, concern, dread, scary, worried,
4|Emotions fear nervous, distress, panic, hysteria, terrified, creeped, traumatized 10160
low glucose, low blood sugar, low, hypo, go low, glucose down, blood
5| Glycemic variability hypoglycemia sugar down, lowered BS, sugar drop 9547
headache, dizzy, threw up, vomiting, painful, puke, feeling sick, shaky,
6|Symptoms sick nausea, coughing, diarrhea, dry mouth, fever, sweat 6549
7| Nutrition overweight obese, eat too much, weight gain, fat, gained pounds, obesity 5186
8| Diabetes type 2 diabetes T2D, type 2, #type2, #itype2diabetes, T2 diabetic, t2d, TYPE TWO 4909
Complications & amputation, feet amputation, lost feet, lost leg, leg amputation, nerve
9|comorbidities neuropathy death, nerve damage, lost hand, diabetes neuropathy 4481
meds, diabetes meds, drug, antibiotics, pills, drugs, dose, medicine,
10| Healthcare system medication metformin prescribed, prescription, cheapest medicines 4389
11|Diabetes Technology  |insulin pump injecting insulin, injection, inject, needle, pump, finger prick, shot, 4307
vegan, vegetarian, eat carbs, carbohydrates, no chocolate, can't eat
donuts, food, salad, noodles, appetite fish, NEEDED meal, seafood, milk,
12| Nutrition nutrition entire meal, broccoli 4230
rage, outrageous, frustration, hate, angry, jealous, jealousy, raging,
13|Emotions anger pissed, pissed off, frustrating 4149
glucose test drink, glucose test, 3 hour test, ogtt, diabetic drink, horrific
14 |Health OGTT drink 4053
15|Blood pressure hypertension high blood pressure, BP 3782
wages, student loans, GoFundMe, expenses, costly, expensive care, pay,
price gouging, spend money, debt, insulin price, insulin prices,
16| Healthcare system finance donations, Healthcare Cost 3767
17| Nutrition reduce weight lost pounds, lose weight, #loseweight 3589
can't afford insulin, no access to affordable insulin, could not afford
insulin, can't afford meds, could not buy insulin, bankrupt, financially
18| Insulin unable to afford insulin [unstable 3381
19| Nutrition diet diabetic diet, Keto diet, carnivore diet, keto, plant based diet, high fat 3325
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diet, change diet, #lowcarb, LCHF, dietary needs, Low Carb

cry, sad, sucks, loneliness, lonely, sadly, CRIED, despair, hurtful, hurting,

20|Emotions sadness psychological grief, disappointing 3153
high blood sugar, high glucose, high glucose levels, spike glucose, higher
blood glucose, blood glucose up, blood glucose levels up, elevated #BP,
21| Glycemic variability hyperglycaemia rebellious #hyperglycemia 3144
22 |Diabetes suffer suffering, TERRIBLE PAIN, HURT 3132
depressed, depressing, lose hope, mentally ill, hopeless,
23| Diabetes Distress depression antidepressants, psychologically fragile 2810
surgery, syringes, doctor, appointment, checkup, medical attention,
medical treatment, ER, ICU, hospitalize, ambulance, doc, surgeries, GP
24| Healthcare system hospital practice, clinical psychologist, Caregiver 2721
25| Diabetes Distress stress mood disorder, stressed, stressful,, MOOD SWINGS, tense 2681
sweets, candy, waffle, soda, Sugar, CAKE, artifical sweeteners, CRAVE
26 | Nutrition sugar SWEETS, milkshakes, LOVE SUGAR 2369
27 [Nutrition fasting starvation, not eating 2363
shortage insulin, denying insulin, lack insulin, ration insulin, EXPIRED
28]Insulin rationing insulin INSULIN 2244
29|Health gestational diabetes pregnancy, pregnant 2076
30| Health prediabetes pre diabetic, borderline diabetic 1932
31|Diabetes Distress feel bad feel awkwared, disgusting, appetite, grumpy 1861
Complications & horrible vision, bad eyesight, vision decline, lost sight, blind, diabetes
32| comorbidities retinopathy retinopathy 1750
Complications &
33| comorbidities high risk risk 1663
company, pharma, health insurance, coverage, Medicare, #BigPharma
34| Healthcare system insurance #Insulin, medicaid 1627
Complications &
35| comorbidities coma unconscious, pass out, Diabetic Coma 1540
Complications &
36| comorbidities heart attack cardiovascular, cardiovascular disease, diabetic heart attack, CHF 1511
37|Health insulin resistance 1505
Complications &
38| comorbidities complications diabetes complication, issues 1443
39|Other struggle 1357
Complications & kidney damage, diabetes kidney failure, Nephrologist #Diabetes
40| comorbidities nephropathy #Nephrologist,kidney failure 1338
41|Emotions joy feel good, feel better, relief, happy, proud 1279
42|Other constant pain 1240
43| Other n't know language 1234
no power, without energy, exhaused, tired, lethargic, burnout,
44 |Diabetes Distress fatigue exhaustion 1190
corona, coronavirus, virus, covid pandemic business, Corona, vaccine,
worrying COVID, severity COVID, VIRUS, #CoronavirusPandemic, SARS
45|Pandemic covid CoV 2 INFECTION, vaccinated 1073
46| Lifestyle physical activity exercising, walking, sport, exercises, walk, gym, gyms 1066
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health system, NHS, #brexit, brexit, Canada, capitalism, government, EU,

47| Healthcare system politics administration, frustrated #NHS, economy, CANADA, CAPITALISM 985
no insulin, don't have insulin, without insulin, #insulin4all, #Insulin4all
48| Insulin access insulin #Diaversary 956
continuous glucose

49| Diabetes Technology monitor freestyle libre, #freestylelibre, monitoring, #dexcom, CGM, cgm 934

50| Insulin affordable insulin afford insulin 915
Complications &

51| comorbidities shock dlaBeTiC sHOcK 908

52| Pandemic home staying home, quarantine, shutdown 864

53| Diabetes management control diabetes, uncontrol 825
Complications &

54| comorbidities infection wound, wounds, inflammation 822

55|Symptoms Insomnia can't sleep, awake, wake, sleepy, asleep 737

56| Health lost job without work, laid off 723
Complications & keto acidosis, #ketoacidosis, diabetic ketoacidosis, DKA, #ketoacidosis,

57 |comorbidities diabetic ketoacidosis keto acidosis, DAIBETIC KETO ACIDS high, #KETO #NSNG 710

58| Health immune system 705

59| Nutrition eating healthy #healthy #meal 608

60 |Blood pressure hypotension low blood pressure 587

61|Family family brother, daughter, grandpa, dad, mom, grandma, parent 581
Complications &

62| comorbidities renal failure diabetes renal failure, dialysis 554
Complications &

63| comorbidities legs swollen foot swelled 544

64| Diabetes reverse diabetes reversed, cured overnight 489

65| Diabetes community support #dsma, help, raise awareness, supporters 483

66 | Lifestyle lifestyle environment 453

67|Emotions love like 451

68|Other cold 443
Complications &

69| comorbidities cholesterol 392

70| Other meat fake meat 376

71|Other starve 363

72| Diabetes Distress isolation alone, live alone, distrust 358

73|Other cut backrice 348

taking necessary

74|Other precautions 346
Complications &

75| comorbidities pancreas diabetes pancreas 340

76| Health PCOS pcos, PCOs, Pcos 333

77|Other assalive 318

78| Other arthritic 312

79|Other dangerous 301
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80| Other vulnerable 299
81|Other seizures 285
82| Other acting 274
83| Other needles sensation 273
84| Other slightly concerned 267
85| Insulin insulin spike insulin jump 263
Complications &
86| comorbidities liver failure diabetes liver failure 256
87|Other fucked drunk 253
Complications &
88| comorbidities stomach 246
89| Symptoms thirsty thirst, dehydrated, THIRSTY 245
90| Other stop talking 244
91 [ Nutrition alcohol beer, BEER, alcoholism 243
92| Glycemic variability AlC alc, predict HbA 1c 236
93|Health genetic genes, Genetics, hereditary, genetically modified, shit genetics 228
Complications &
94| comorbidities cancer chemo, #Cancer 226
95| Other hair fall 226
96| Other crash hard 212
97|Other shut kidneys 211
98| Other isolated ' society 210
99| Other afraid ingredients 204
100 | Other surgeon excited 202

Table A.2: Most frequent cause/effect clusters
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ANNEX 8: Hierarchical clustering formulas

To provide a more formalized description of this clustering process, a deep dive into the formulas is
outlined in the following.

A clustering node is defined by the head words p} of its children, where j € {0,..., N;,} is the index of
the head word and [ € {1,2} specifies if the head word belongs to clustering child node 1 or 2. N, is
the number of head words for a given node, from which N,, / 2 are associated to each child. By default
the number of head words is N, = 6, resulting in head words p}, p}, pi for child 1 and p?, p2, pz for child

2. For simplicity reasons, we also refer to a head word with only the lower, unique index p; or simply

j.

A document traverses the tree and at each node, to decide to which child node the document goes,
following steps are performed:

1) Token scores: Each token is compared to the head words of the two child nodes

2) Children score: The token scores are aggregated to calculate a score for each child which

determines the future path of the document.

3) Head word improvement: Test if replacing an existing head word with a new token leads to

improved representation of the documents having passed this node.

Token scores
Each token t; of a given document performs at each node:

e Children creation: Create two new clustering children if the following conditions are

satisfied:
o children do not exist already
o maximum number of nodes is not reached
o the number of documents having arrived at this node is superior to the parameter
childSplitSize (default: 50)

e Children initialisation: Test if each child has been initialised with N, /2 head words.

Otherwise take first distinct tokens of the document to affect them simultaneously to both
children until N,is reached.

e Token scores: return the highest cosine similarity to a head word of child 1 and child 2:

1

scorej; = max; sim(t; ,p})
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2 _

scoref; =

max; sim(t;, pjz)
After this step, each token is attributed to the head word he is most similar to in child 1 (score;;) and

the head word he is most similar to in child 2 (score?).

Children scores
The token scores are then aggregated to obtain a global score for each child: children score. The
document will then follow its path to the child node with the highest children score:
e Aggregation all token scores per head word to obtain head word scores:
1

1_ 2 _
hwScore; = avgepr SCOTe;; and  hwScorej” = avgeez Score

2
ij

Hjl = {i: tokens t; who scored highest for a head word p]l-}

e Aggregation of head word scores for each child:
childScore; = avgje,, hwScore!
childScore, = avg;e,, hwScore}

w; = {j: head words in child node [}

The document will then go to the child node with maximal childScore. Let’s denote [ the index of this

child.

The last step which is performed for each document at each node is the head word improvement,
that requires the definition of further internal variables, specific to each node, that are updated at
the same time during each iteration:

o Weighted sum of token score to for the head word j:

pScores; = pScores; + Z scoreilj * Wy
€N

where, ; = {i: score}; > scorel;} ,are all tokens which are most similar to any

head word in child [ and I' being the other child,;

1

andw; = i is a weighting factor by the number of highest token scores for a head word in
1

child .

e Center word embedding for each head word j as weighted sum of all token scores for j:

wi
+ dieg. ti————
Ele_(z] ! pScoresj+ w,

pScores;
vCenters; = vCenters; —————
pScores;j+w;
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where ; = {i: scoreilj > scoreilj,} are all tokens which are most similar to head word j,

with j' being the other head words in the child

Center word embedding of all tokens that passed the current node:

Z]- vCentersjx pScores;

center =
> j pScores;

Distance of the head word j embedding to the center of all tokens with highest token score
forj:

pGAP; = 1 — sim(vCenters;,p;)
The hypothesis here is, the smaller pGAP; , the better p; represents the tokens which scored
highest for j

Weighted sum of all pGAP;over all head words j:

GAP, = 3, pGAP; » (%%

Zj pScores;
This is a global (error) measure for the node k of how well the head words represent the

traversed tokens.

Head word improvement

The last step consists in testing if one of the tokens with highest token score for a head word p]zj ,from

the child [ the document got associated to, signifies an improved representation of the documents

having passed this node. Specifically, a token ¢; that achieved the highest token score for a head

word pji- , will replace respective head word p]i- if two conditions are fulfilled:

if t; is closer to the center vector embedding of all tokens that scored highest for p]lt than
the head word itself:

sim(vCenters;,t; ) > sim(vCenters;, p})

This can be interpreted as if the token t; would better represent those tokens have passed

this node.

if ¢; is closer to the sum of all head words of the child to which the document goes than to

the center of all tokens that passed through the node:

sim(center,t;) < sim(ZjEﬂj pj »ti)
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This condition avoids that the potential new head word t; is too general in terms of

semantics and thus not discriminative enough as a head word.

Figure A.6 visualises those formulas with a simple example at the beginning of tree building. At the
start of the tree building, the tree only consists of the “In Scope”-classifier and his clustering child
node. The sentence “Diseases are diabetes and cancer” is the first to be fed to the tree. The “In
Scope” classifiers classifies each token of being relevant based on the initial training dataset a user
has specified. In this example the tokens “are” and “and” were classified as not relevant, as
containing too little discriminative information. Only the tokens “Diseases”, “diabetes” and
“cancer” pass the node. To decide then to which of the two child nodes the sentence goes, each of

the three tokens gets compared to the head words of both children.

T ={Diseases, are, diabetes, and, cancer}
1. Token scores t £ L Ly t
(1] e E 4
t,: create head word "Diseases” > v
sim(to. ;J‘L )=10—> .‘i-‘.’(}]"{"i)‘[: //\\\
. ™
t, : create head word *Cancer” //' in \\
SR ALY S B S RRaL N Only tokens that score > 0.5
* (t2 ’f:) ! ? G- R scope W pass the In Scope classifier
sim{tz, py) = 1.0 = scores | - id:0 e L T
“Di . N
ty create head word “Diabetes N ,/ T =[Diseases, diabetes, cancer}
sim(ty, pl) = 0.75 | ky ty 4
sim(t ;_p'f) 0.71 — Jsr'f'rrri‘]2 1 ‘|,

i 14 arel —
kﬁ.m(tl. p3) = 1.0 — scorey 5 / / \\\
N

2. Head word score

: /
\ /

; /\ \'x.___ = o o g
/’/ B \

hwSeorey = (_.sr‘m'r'[ljlu + 5¢ -rn'r.‘lm}f! = .86
)/2 = 0.855

, 3 9
hwSeore; = (scores | + scored

hwSeare; = "‘"r-”"'.tl,?.ffl = 1.0

_x -
oor p- o i .
3. Children score / pL: Diseases | // |pf : Cancer |
/ e . T
childSecore; = (hwScoreg + hwSeorea) /2 = 0,93 ! . i i .
s ; e ( 'C_’-z P; : Diabetes |I IC}I.3 I| /
childSecores = hwSeorey /1 = (1.855 '.\ (Chlid 1 ) 7 \ (Chlld 2) / <\> : Classifier node
/ ‘\\ o o~
Document goes to child 1 ) ¢ Clusten d
I:'> gt \\‘ ,/ \ . '/"/ o ustering node

Figure A.6: Score calculations for the first steps at tree building without having been initialized with

head words. Maximum number of head words per node of N, = 6.

As it is the first iteration, the children get created and have no head words yet. The first token
“Diseases” is then assigned to be the first head word p} in child 1 and only the token score of
“Disease” to this single head word can be calculated, the scorej,. The second token “diabetes”
initialises the first head word p? in child 2 and can then be compared to the two head words leading

to scorej, for child 1 and score?, for child 2. The third token “cancer” gets then affected again to
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child 1 as head word p}. For a longer sentence the first distinct N;, tokens define the initial head
words. The token “cancer” can then calculate the similarity to the three head words and only the
highest cosine similarity to a head word in each child node is returned, in this case score; , for child
1 and scorez, for child 2.

The next step consists in aggregating the token scores per head word, here 3 head word scores, which
will then be aggregated to childScores in the last step. In the example the childScore for child 1 is
higher causing the document to be assigned to child 1. As in this example the head words are not

fully initialized, no head word improvement is applied.

Figure A.7 shows another example with already initialized head words in the child nodes. The “In
Scope”-classifier predicts the tokens “pancreas” and “essential” to be the relevant tokens. Each

token is then compared to the head words of both child nodes again to calculate the token scores.

/

5

sim(ty, p}) = 0.65

1. Token scores

\

L sim(ls, pg) = 0.64 — scored

ty

sim(ts, ps) = 0.59

T ={the, pancreas, is, essential}

Only tokens that score > 0.5

sim(ty, pa ) =0.672 — Sf’()'ﬂ‘f:% 2
sim(ts. pi) = 0.53
L sim(ty, pi) = 0.61

pass the In Scope classifier
S T

t,ph) = 0.54

im(ty, p2) = 0.57 ! \'A?rﬂ.(_!g,;%) = (.68 — .\"(,:fﬁ'ﬁ%_a

\th)_tli _/

4 2. Head word score N

{

(

{ |
sim(t, p|) = (0.673 — srmf‘ 1!

(

(

sim(ts, pd) = 0.52

hwSeorey = score !5.0-’"1 =0.64 ‘ hwScore; = H(‘m‘rff\, /1 =0.67

hwScorey = »‘w"(T(N'F{‘Qﬂ = 0.67 3 hwScoreg = sa:u-:'r"%‘:;'./-] = (.68

t’u.'f_'!'(:m‘f_t_; =0 hwSeores =0 p /_ [P : Diseases Pf —‘
I o ! : Diabet I [P : leads
(" 3. Children score ™ \(hud 1(Py: Diabetes (chitd 2) 73
childScore) = (hwScoreg + hiwScores + hwScorey) /3 = 0.44 :
r={ Y ')f_ P, : headache \\_7_/ 2

childSecorey = (hwScorey + hwScores + hwScores) /3 = 045
—> Document goes to child 2

d 4. Test head word replacement

<> : Classifier node

O : Clustering node

o TestReplacing &, with p? : sim(vCenters). t1) > sim(vCenters;,p1) and  sim{center, 11) < sim(Ycq, Pist1)

s Tesl replacing Ly with P3 - sim(vCentersy, ta) > sim(vCenterss,ps) and simlcenter, i) < ,e?'m(l;ﬂcmp;;,ig)

Figure A.7: Score calculations for an already with head words initialized child nodes. Maximum
number of head words per node of N, = 6.

Head word score aggregation, followed by the childScore calculation leads to the document being
assigned to child 2. Token t; achieved highest token score for head word 1 and token t; scored
highest for head word 3, both head words in child node 2. In consequence, both tokens are tested if
replacing them by their closest head words brings an improvement in terms of head word

improvement.
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Once all documents have been processed in the tree, a global measurement clusteringGAP, the sum

of all aggregated distances of head words to their closest tokens, over all nodes, is calculated:

clusteringGAP = ZGAPR
k

And a new iteration starts with documents being re-processed through the tree. The algorithm has
stops when the error distance measure clusteringGAP does not minimize further and a local
minimum has been reached.

Intuitively, this convergence criteria states that the most representative tree structure is obtained
when no more head words can be replaced in any node and thus the best possible head words have

been found resulting in the highest possible level of interpretability.
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ANNEX 9. Active learning performance for all MeSH codes
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Figure A.8: Performance of all MeSH codes for all four active learning strategies.* Information

about the number of positive and negative training examples, the accuracy, precision, recall and

F1-Score are provided.
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Résumé : Contexte : Le diabéte et la détresse liée au diabete
représentent un fardeau mondial et leur incidence est en constante
augmentation. L'épidémiologie traditionnelle du diabéte présente
plusieurs lacunes qui pourraient étre comblées avec certaines
approches innovantes. En effet, cela peut prendre de nombreuses
années entre l'identification et la conception d'une question de
recherche, 'obtention de la validation des autorités et I'inclusion des
participants aux résultats de la recherche. L'épidémiologie numérique
offre ainsi une opportunité de récolter rapidement des données en
croissance exponentielle dans l'espace numérique. Il s'agit d'une
source de données qui n'est pas disponible dans un contexte
traditionnel. En outre, les systémes d'aide a la décision clinique basés
sur I'lA ont le potentiel d'aider les professionnels de la santé a filtrer
les informations essentielles dans la masse de données textuelles
disponibles telles que les dossiers de santé électroniques, la littérature
scientifique ou les réseaux sociaux. Les objectifs principaux de cette
these étaient 1) I'exploration des réseaux sociaux, comme source de
données complémentaire pour I'épidémiologie du diabéte; 2) le
développement et I'open-sourcing de méthodes innovantes
d'intelligence artificielle pour extraire des informations; 3) et fournir un
systéme d'aide a la décision clinique aidant les professionnels de la

santé a analyser les données textuelles en constante augmentation.

Résultats : Les principales préoccupations et sujets d'intérét liés
au diabéte ont été identifiés, avec les émotions associées, mettant
en lumiére des sujets préoccupants sur l'accés aux soins, comme
par exemple la frustration liée au prix de I'insuline aux Etats-Unis.
Des associations “cause-effet” liées au diabéte ont également été
identifiées et visualisées dans un réseau interactif. Enfin, un
systéme d'aide a la décision clinique interactif alimenté par une
méthode d'intelligence artificielle a été développé pour améliorer
I'exploration de la littérature dans le processus de prise de
décision clinique, permettant une interprétabilité accrue tout en
réduisant la consommation de mémoire. Conclusion : Ce travail a
démontré que les données en ligne peuvent étre utiles et
complémentaires a celles de I'épidémiologie traditionnelle. Avec
le cas d'usage du diabéte, ce travail a également souligné
I'importance des facteurs psychologiques et des émotions dans le
quotidien et leur poids dans le fardeau de la maladie. Ce travail
suggere une plus grande inclusion de ces dimensions dans les
futures études épidémiologiques sur le diabéte. Enfin, le besoin
d'outils d'aide a la décision pour la pratique clinique pour
synthétiser la littérature sur un sujet donné a été identifié et le
prototype développé doit désormais étre testé en situation réelle.

Title : Development of artificial intelligence methods for the analysis of online data for medical research purposes: Use case on the World

Diabetes Distress Study

Keywords : diabetes, digital epidemiology, social media, artificial intelligence, clinical decision support, causality

Abstract : Background: Diabetes and diabetes distress represent a
global burden and their incidence is constantly rising. Traditional
diabetes epidemiology has several gaps that could be filled with
certain innovative approaches. Indeed, it can take many years to
identify and design a research question, acquire ethical approval,
include participants and finally obtain research results. Digital
epidemiology offers an opportunity to quickly harvest exponentially
growing data in the digital space, a data source that is not available in
traditional settings. In addition, Al-powered clinical decision support
systems have the potential to assist health professionals filter critical
information from the mass of available textual data such as electronic
health records, scientific literature or social media. Objectives: The
main objectives of this thesis were 1) the exploration of social media
as complementary data source for diabetes epidemiology; 2) the
development and open-sourcing of innovative artificial intelligence
methods to extract information; 3) and to provide a clinical decision
support systems helping health professionals to analyze the constantly
growing clinical text data.

Results: Key diabetes related concerns and topics of interest were
identified, along with associated emotions shared, highlighting
areas of concern about access to care, such as the frustration
concerning insulin prices in the US. Diabetes-related “cause-
effect” associations have been identified and visualised in an
interactive network. Lastly, an Al-powered interactive clinical
decision support system has been developed to improve the
literature exploration in the clinical decision making process
enhancing interpretability while reducing memory consumption.
Conclusions: This work demonstrated that online data can be
useful and complementary to traditional epidemiology. Along
with the example of diabetes, this work also highlighted the
importance of psychological factors and emotions in everyday life
and their weight in the burden of the disease. This work
recommends a greater inclusion of these dimensions in future
epidemiological studies on diabetes. Finally, the need for decision
supporting tools for clinical practice to synthesize the literature on
a given subject has been identified and the developed prototype
must now be tested in a real scenario.
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