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Résumé 
 

Les maladies infectieuses émergentes sont devenues un enjeu majeur de santé publique ces 

dernières années et sont à l’origine de nombreuses crises sanitaires touchant en majorité les 

régions tropicales et subtropicales telles que la Caraïbe. À l’heure actuelle, les systèmes de 

surveillance syndromique basés sur la collecte et l’analyse de données souffrent de plusieurs 

limites, notamment les délais entre un événement de santé et sa notification et le coût élevé de 

ces systèmes, alors que l’accélération de la propagation de ces pathologies demande des 

systèmes de plus en plus réactifs. Des alternatives basées sur les données de vie réelle, c’est-à-

dire l’ensemble des données recueillies en dehors de la recherche clinique, sont étudiées depuis 

plusieurs années pour tenter de répondre aux enjeux de réactivité et de disponibilité des 

données. L’objectif de cette thèse est d’évaluer la place des données de vie réelle dans la 

surveillance syndromique et plus spécifiquement de la surveillance de la dengue dans la 

Caraïbe.  

Cette thèse sur articles explore trois axes importants : une première partie fait un état des lieux 

et étudie les enjeux des systèmes de surveillance syndromique dans la Caraïbe. La seconde 

partie expose les verrous liés aux données de vie réelle. La troisième partie explore les verrous 

liés à l’exploitation des données à travers le cas d’usage de la surveillance de la dengue en 

Martinique. Enfin, la discussion s’intéresse aux atouts et contraintes des données de vie réelle 

dans la surveillance syndromique et leur place dans la préparation (preparedness) et la capacité 

de réponse des systèmes à répondre aux épidémies. 

 

Mots-clés :  Données de vie réelle ; Données massives en santé ; Surveillance syndromique ; 

Caraïbe ; Dengue 
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Abstract 
 

The incidence of emerging infectious diseases has increased considerably over the last few 

years, causing several health crises, especially in tropical and subtropical areas such as the 

Caribbean. Currently, traditional surveillance systems based on data collection are hampered 

by several limitations, especially delays between a case and its notification, and high costs 

despite their need to be responsive. Alternatives approaches based on real-world data, ie. data 

not collected in experimental conditions, have been studied for several years to help improve 

responsiveness and data availability of these systems. The aim of this thesis is to assess the role 

of real-world data in syndromic surveillance and more specifically dengue monitoring in the 

Caribbean. 

This thesis explored three major axes: first, we conducted a state of the art on syndromic 

surveillance systems in the Caribbean and their limitations. Secondly, we identified the 

challenges related to real-world data. The third section explored the challenges related to data 

exploitation through the use case of dengue surveillance in Martinique. Finally, the discussion 

focused on the challenges and opportunities of real-world data in syndromic surveillance and 

their place in epidemic preparedness and response. 

 

Keywords :  Real-world data; Health Big Data; Syndromic surveillance; Caribbean; Dengue 
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I. Les maladies infectieuses émergentes 

Les maladies infectieuses émergentes sont devenues un enjeu majeur de santé publique ces 

dernières années. Elles sont à l’origine de nombreuses crises sanitaires mondiales, telles que le 

Syndrome Respiratoire Aigu Sévère (SRAS), en 2003, la grippe A (H1N1) en 2009, ou plus 

récemment, la maladie à coronavirus 2019 (COVID-19), classée en pandémie par 

l’Organisation Mondiale de la Santé (OMS) en mars 2020 (1). On définit comme « maladie 

infectieuse émergente » toutes les pathologies infectieuses d’identification récente ou ayant 

existé précédemment, mais dont l’incidence ou la zone géographique augmente rapidement (2). 

Dans le cas des maladies anciennes dont l’incidence est en augmentation après une période de 

déclin ou de contrôle, on parle alors de maladie ré-émergente (3).  

Contrairement à d’autres pathologies, les maladies infectieuses émergentes sont imprévisibles 

et malgré de nombreuses avancées concernant la surveillance, le diagnostic, la thérapeutique et 

la vaccination, leur contrôle reste un défi à la fois de santé publique, mais aussi de stabilité 

économique (4). Par ailleurs, de nombreuses maladies émergentes sont des zoonoses, ce qui 

signifie qu’elles sont d’abord apparues chez des animaux avant d’être transmises à l’être 

humain. Ainsi, environ 75 % des maladies infectieuses émergentes des 40 dernières années 

proviennent de réservoirs animaux (5). Certaines régions, en particulier l’Asie, l’Amérique 

Centrale et Latine et l’Afrique tropicale sont plus vulnérables face au risque épidémiologique 

présenté par ces maladies (6).  

Plusieurs facteurs peuvent expliquer l’émergence ou la réémergence d’une pathologie 

infectieuse, comme expliqué sur la figure de Spernovasilis, Tsiodras et & Poulakou (2022) 

(Figure 1) (7). Ces facteurs résultent des interactions entre les agents infectieux, les hôtes et 

l’environnement, facilitant l’évolution des agents infectieux dans des niches écologiques et leur 

permettant ainsi d’atteindre et de s’adapter à de nouveaux hôtes et de se disséminer plus 

facilement parmi ces derniers (3). 
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Figure 1. Facteurs précipitant l’incidence et la transmission des maladies infectieuses 

émergentes et ré-émergentes. (d’après Spernovasilis, Tsiodras et & Poulakou) (7) 

 

Parmi ces maladies émergentes, nombre d’entre elles affectent de façon disproportionnée les 

populations les plus pauvres et certaines maladies tropicales fréquentes au sein de ces 

populations sont regroupées en « Pathologies tropicales négligées ». Ces pathologies 

correspondent à 17 maladies infectieuses particulièrement endémiques dans les régions 

tropicales et subtropicales (8). 
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Pour faire face aux futures épidémies de maladies infectieuses émergentes, un système de santé 

solide est indispensable, en particulier concernant la surveillance, la collecte d’informations, 

l’évaluation du risque, la capacité de communication entre les différents acteurs de Santé 

Publique, et la capacité du système à s’adapter aux nouvelles menaces.  

 

II. La dengue en Amérique Latine et dans la Caraïbe 

La dengue fait partie des maladies tropicales négligées. Il s’agit de la principale arbovirose, 

causée par le virus de la dengue (DENV) et transmise aux humains par la piqûre de moustiques 

femelles infectés du genre Aedes : Aedes aegypti et Aedes albopictus (9). Ces moustiques sont 

aussi vecteurs des virus du chikungunya, du Zika et de la fièvre jaune. Il existe 4 sérotypes 

viraux (DENV-1, DENV-2, DENV-3 et DENV-4) capables de circuler en même temps dans 

les régions endémiques (10). 

 

1. Épidémiologie et répartition géographique de la dengue 
Selon l’OMS, seuls 9 pays avaient connu des épidémies graves de dengue avant 1970 (11), 

pourtant, l’incidence de cette maladie a été multipliée par 30 en 50 ans (12), avec la croissance 

démographique, l’urbanisation, l’augmentation des mouvements de population et le 

relâchement des programmes de contrôle vectoriels (13). Actuellement, la dengue est l’une des 

maladies vectorielles les plus fréquentes au monde et on estime qu’environ 4 milliards de 

personnes dans plus de 125 pays sont à risque d’infection, avec 390 millions de personnes 

touchées, 96 millions de cas symptomatiques et 20 000 morts par an (9,14). Les régions 

principalement touchées sont les régions tropicales et subtropicales (Asie du Sud-Est, Pacifique, 

Amérique). En Amérique Latine et aux Antilles (Figure 2), la morbidité et la mortalité de la 

maladie ont augmenté de façon exponentielle, passant d’environ 400 000 cas et un peu moins 

de 100 morts en 2000 à plus de 3 millions de cas et environ 1500 morts en 2019 (15,16). Entre 

2000 et 2008, les Antilles représentaient 3,9% des cas de dengue déclarés à l’OMS en Amérique 

(17), la majorité étant déclarée par la Martinique, la Guadeloupe et la Guyane française. Dans 

les Antilles françaises (Martinique, Guadeloupe, Saint-Martin, Saint-Barthélemy), la dengue 

est endémo-épidémique, avec des recrudescences saisonnières tous les ans, de gravité variable. 

La Martinique a connu sa première grosse épidémie de dengue hémorragique en 1997-1998 

(18), suivie par les épidémies de 2001-2002, 2005, 2007, 2013-2014 et 2019-2021 (19–21), 
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cette dernière étant considérée comme la plus longue jamais enregistrée depuis la mise en place 

de la surveillance de la dengue aux Antilles françaises. 

 

Figure 2. Répartition des transmissions du virus de la dengue sur le continent américain en 

2012. En vert, les régions pour lesquelles il y a consensus sur l’absence de transmission du 

virus, en rouge, les régions pour lesquelles il y a consensus sur la présence du virus. (D’après 

Brady et al.) (22) 

 

2. Clinique et classification 
Les manifestations cliniques de la maladie sont variables, avec des évolutions imprévisibles. 

La majorité des patients est asymptomatique ou présente des symptômes d’allure grippale, qui 

apparaissent à la suite d’une période d’incubation de 4 à 10 jours après la piqûre d’un moustique 
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infecté et perdurent de 2 à 7 jours (Figure 3) (23). À la suite de cette phase fébrile, des formes 

sévères, notamment des formes hémorragiques pouvant aller jusqu’au décès, peuvent apparaître 

(phase critique). Cependant, les prises en charge précoces de la maladie peuvent réduire le 

risque de décès à moins de 1 % des formes sévères.  

 

Figure 3. Evolution de la dengue (D’après les recommandations de l’OMS) (23) 

 

Cette prise en charge repose sur la capacité à distinguer les formes bénignes des formes sévères 

et est d’autant plus capitale en période d’épidémie, où les services de santé peuvent se retrouver 

débordés par l’afflux de malades et la désorganisation des systèmes de soins (23).  

Une première classification de l’OMS en 1997 groupait les infections symptomatiques en trois 

catégories : dengue classique (dengue fever, DF), dengue hémorragique (dengue haemorragic 

fever, DHF) et la dengue avec syndrome de choc (dengue shock syndrome, DSS) (24). 

Face à la difficulté croissante rapportée par les cliniciens d’utilisation de cette classification 

pour trier les formes bénignes des formes sévères (25), une nouvelle classification, parue en 
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2009 a été proposée afin d’améliorer les prises en charge précoces. Elle distingue les formes de 

dengue, avec ou sans signe d’alerte, de la dengue sévère (Figure 4). 

 

Figure 4. Nouvelle classification de la dengue par l’OMS en 2009 (23). 

 

Ces évolutions dans la classification de la maladie se retrouvent également dans la façon dont 

celle-ci est codée dans la 10ème édition de la Classification Internationale des Maladies (CIM-

10), puisqu’avant la classification de 2009, la dengue pouvait être codée en « Dengue 

classique » (A90) ou « Fièvre hémorragique due au virus de la dengue » (A91) et depuis 2016, 

elle est désormais codée en « Dengue sans signe d’alerte » (A97.0), « Dengue avec signes 

d’alerte » (A97.1) ou « Dengue sévère » (A97.2). 

La remontée précoce des notifications de cas de dengue est donc un élément crucial dans la 

gestion efficace des épidémies. 

 

3. Stratégie de prévention et de lutte contre la dengue 
La prévention et le contrôle des épidémies de dengue reposent sur deux piliers : la lutte 

antivectorielle et la surveillance syndromique des cas cliniques évocateurs (26).  

La surveillance syndromique est basée sur une collecte active ou passive de données et permet 

de détecter précocement les épidémies, de surveiller la distribution temporelle et géographique 
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des cas de dengue et d’adapter la réponse d’un territoire à la situation épidémiologique. La 

surveillance entomologique, elle, permet de surveiller les changements dans la distribution 

géographique des moustiques et de mettre en place des interventions appropriées, de la simple 

éducation à l’éradication par insecticide (23).  

Dans les Antilles françaises, la gestion des épidémies de dengue est sous la responsabilité de 

l’agence nationale de santé publique, Santé Publique France (27). Face à la recrudescence des 

épidémies de dengue dans la Caraïbe, Santé Publique France a mis en place dès 2006, avec 

l’ensemble des partenaires de chaque territoire, le « Programme de surveillance, d’alerte et de 

gestion des épidémies de dengue » (PSAGE dengue) (28). Ce programme regroupe à la fois les 

acteurs de la surveillance clinique et de la surveillance vectorielle et identifie différentes phases 

dans les épidémies de dengue (5 phases pour la Guadeloupe et la Martinique, 4 phases pour 

Saint-Martin et Saint-Barthélemy) (Figure 2) 

 

Figure 5. Phases du PSAGE dengue en Guadeloupe et en Martinique (Point épidémiologique 

N°05/2021, Santé Publique France) (19) 

 

L’Organisation panaméricaine de la Santé (Pan American Health Organization, PAHO), le 

bureau régional américain de l’OMS, a mis en place dès les années 1990, avec les réémergences 

de la dengue dans la région, de nombreuses résolutions visant à lutter contre Aedes aegypti sur 
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l’ensemble du continent américain. En 2016 une Stratégie commune de prévention et de lutte 

contre les arboviroses (29) a été adoptée pour la région avec, entre autres, les priorités 

suivantes : 

- Renforcement des systèmes de surveillance vectoriels et syndromiques au niveau de 

chacun des États membres ; 

- Renforcement des réseaux de communication et d’échanges entre les différents 

territoires et États de la région ; 

- Renforcement des réseaux permettant de produire des données scientifiques sur 

l’ampleur, les tendances et les conséquences des arboviroses sur la région dans son 

ensemble. 

L’amélioration des systèmes déjà en place est donc un enjeu de santé publique majeur pour 

l’ensemble des territoires américains, y compris les Antilles. 

 

III. Limites des systèmes de surveillance  

Bien qu’efficaces, les systèmes de surveillance souffrent de défauts récurrents, en particulier le 

délai entre la notification d’un événement (cas clinique évocateur ou foyer de moustique) et sa 

remontée, et leur coût élevé lié au recueil, au traitement, à l’agrégation et à l’analyse des 

données collectées sur le terrain (30,31). 

L’implémentation de ces mesures est variable d’un pays à l’autre, et les notifications de cas de 

dengue dans les Amériques restent sous-reportées à la PAHO, ce qui entraîne une sous-

estimation de l’impact de la maladie dans la région et rend difficile l’anticipation de futures 

émergences (15,32,33).  

Pour pallier ces limites, les scientifiques étudient des moyens d’améliorer les systèmes déjà en 

place, notamment grâce aux données de vie réelle. En épidémiologie, les données issues de 

l’activité Internet des utilisateurs, par leur capacité à produire des indicateurs quasi en temps 

réel, font partie des pistes étudiées depuis de nombreuses années pour aider à la prédiction de 

maladies transmissibles. 

L’un des premiers outils utilisant les données d’Internet pour prédire les épidémies a été 

développé en 2008 par Google : le service Google Flu Trends, basé sur les requêtes des 

internautes américains afin d’estimer les taux d’incidence des épidémies de grippe aux États-
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Unis (34). Cette étude a permis l’apparition d’une nouvelle discipline : l’infodémiologie, 

définie par Eysenbach comme l’étude de la distribution de l’information et de ses déterminants, 

en particulier provenant d’Internet, à visée de santé publique et de politique publique (35) 

Depuis, les données issues du web sont régulièrement utilisées pour la surveillance de la grippe 

dans le monde (36,37). D’autres études ont même évalué le rôle de ces nouvelles sources de 

données dans la surveillance, voire la prédiction d’autres maladies infectieuses telle que la 

rougeole (38) ou la listériose (39). L’importance croissante des maladies émergentes et ré-

émergentes a également permis d’analyser le rôle de ces sources dans le cas des maladies 

tropicales (40) et particulièrement dans la dengue, avec Google Dengue Trends, outil développé 

en 2014 par Gluskin, Johansson, Santillana et Brownstein (2014) (41). 

Il faut noter que les données provenant d’Internet ne se limitent pas à Google (ou aux moteurs 

de recherche en général) : les réseaux sociaux (Twitter, Instagram, Facebook, Weibo en 

Chine…) de vidéos (YouTube) ou encore les sites d’information (Google News, Wikipedia) 

font partie des ressources exploitées dans ces études (40). 

Pourtant, ces nouvelles approches, bien que prometteuses, présentent encore des limites. 

Premièrement, ces sources ne sont pas universelles (Twitter par exemple, qui est l’une des 

sources les plus utilisées dans les études, est absent dans plusieurs pays dont la Chine) et leur 

accessibilité varie en fonction du niveau de digitalisation des pays. Ensuite, la qualité de 

l’information varie d’une source à l’autre (une information vérifiée provenant d’un site 

d’information versus une publication sur Instagram). Enfin, la survenue d’un événement 

soudain, comme une épidémie, peut avoir une influence sur la production des données et donc 

biaiser les résultats (42). Il faut être capable de tenir compte de l’ensemble de ces limites lors 

de l’utilisation de ces sources de données afin de pouvoir dépasser la preuve de concept et les 

intégrer dans les stratégies de prévention des maladies émergentes et plus particulièrement de 

la dengue. 
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IV. Hypothèses et objectifs 

Le potentiel des données de vie réelle a été étudié dans le cadre de système de surveillance 

syndromique de pathologies saisonnières telle que la grippe. Par ailleurs, les systèmes actuels 

de surveillance en région Caraïbe présentent des limites qu’il est nécessaire de lever afin 

d’améliorer leur réactivité future. L’hypothèse de départ de nos travaux est que les données de 

vie réelle seraient également un levier face aux limites du système de surveillance syndromique 

en région Caraïbe. 

Néanmoins, l’utilisation de ces données se heurte à deux grands types de verrous liés à leur 

nature et leur exploitabilité effective. 

 

1. Verrous liés à la nature des données 
La Stratégie commune de prévention et de lutte contre les arboviroses (29) priorise à la fois le 

renforcement des systèmes de surveillance existants des territoires et la capacité des différents 

membres de la PAHO à communiquer entre eux et à partager leurs données afin de définir une 

surveillance globale de la région. Pour autant, on se heurte à différentes difficultés : les 

systèmes actuels sont hétérogènes, et ne peuvent pas toujours communiquer entre eux, les 

référentiels varient d’un territoire à l’autre et les sources de données de vie réelle sont multiples 

avec des caractéristiques propres à chacune. Afin de pouvoir appliquer cette stratégie dans la 

région, les pays et territoires doivent mettre en place des solutions permettant de lever ces 

obstacles. Il s’agit ici de mettre en place des systèmes interopérables, capables d’intégrer de 

Synthèse 
Les maladies émergentes sont devenues un enjeu majeur de santé publique 
depuis plusieurs années, notamment dans les régions tropicales telles que la 
Caraïbe. À l’heure actuelle, les systèmes de surveillance syndromique basés 
sur la collecte et l’analyse de données souffrent de plusieurs limites, 
notamment les délais entre un événement de santé et sa notification et le 
coût élevé de ces systèmes. Pourtant les épidémies sont de plus en plus 
fréquentes, avec des propagations très rapides. Par ailleurs, des alternatives 
basées sur les données de vie réelle sont étudiées depuis plusieurs années 
pour tenter de répondre aux enjeux de réactivité et de disponibilité des 
données. 
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nouvelles données hétérogènes (hospitalières, Internet…) au sein de chaque territoire, mais 

aussi de communiquer ces données intégrées dans une région multilingue (Français, Anglais, 

Espagnol). Par ailleurs, ces solutions doivent pouvoir s’adapter à des systèmes d’information 

qui ne sont pas toujours matures en fonction des territoires concernés. Par maturité, nous 

entendons le degré de développement de ces systèmes, qui selon le modèle développé par 

HIMSS (Healthcare Information and Management Systems Society) inclut leurs dimensions 

techniques, fonctionnelles et organisationnelles (43). 

 

2. Verrous liés à l’exploitation des données 
Il existe de nombreuses sources de données de vie réelle et toutes ne sont pas pertinentes en 

fonction des territoires et des pathologies. Par ailleurs la qualité des données peut varier d’une 

source à l’autre et nécessite d’être évaluée. Les méthodes d’exploitation de ces données doivent 

s’adapter aux différents cas d’usage et il est nécessaire d’identifier celles qui peuvent 

s’appliquer à la surveillance de maladies vectorielles. Il faut également évaluer la pertinence 

des sources à disposition afin de les implémenter dans un système fonctionnel. 

 

L’objectif principal de nos travaux est donc d’évaluer la place des données de vie réelle dans la 

surveillance syndromique et plus spécifiquement de la surveillance de la dengue dans la 

Caraïbe.  

La suite du manuscrit se découpe en trois parties : 

La deuxième partie aborde les caractéristiques des données de vie réelle et explorera les verrous 

liés à la nature de ces données. La troisième partie explore les verrous liés aux méthodes 

d’exploitation à travers un cas d’usage : la surveillance syndromique de la dengue en 

Martinique. Enfin, la quatrième partie comporte d’une part une discussion sur l’apport et les 

limites de nos travaux qui se sont principalement déroulés durant la crise sanitaire, et aborde 

d’autre part les leçons apprises et les perspectives que nous souhaitons poursuivre.  
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Deuxième partie 

Verrous liés aux données de vie réelle  
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Chapitre 1 : Les données de vie réelle  

I. Les sources de données 

Les données de vie réelle désignent en santé l’ensemble des informations recueillies en dehors 

de la recherche clinique (44). Ces données sont générées lors des soins de routine d’un patient 

ou proviennent de sa vie quotidienne et reflètent donc la pratique courante, contrairement au 

cadre strictement réglementé des essais contrôlés randomisés (45). Parmi ces données de vie 

réelle, on retrouve donc les données massives en santé ou Big Data. Selon Weber, Mandl & 

Kohane (2014) (46) ces données sont extrêmement hétérogènes : elles peuvent être structurées 

ou non structurées, issues directement du soin ou des patients, et d’échelle variable allant de 

l’individu aux données agrégées. 

 

Figure 6. Ensemble des sources de données pouvant être liées à un individu pour une 

utilisation en santé (D’après Weber, Mandl & Kohane) (46) 

Les données de vie réelle peuvent être collectées de manière spécifique, par exemple dans le 

cadre de la pharmacovigilance, pour évaluer les effets d’un traitement en pratique courante ou 

encore son effet sur la qualité de vie des patients (47). On les retrouve aussi dans la constitution 

de registres ou de cohortes, ou dans le cadre d’études épidémiologiques (45).  
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En France, on retrouve ces données à différentes échelles. Ainsi, les données issues directement 

du soin se retrouvent dans les hôpitaux au sein des Dossiers Patients Informatisés (DPI) et au 

sein des dossiers de soins dans les cabinets de médecins généralistes en ville. Cependant, elles 

ne sont pas ou peu centralisées, malgré de nombreuses tentatives depuis 2004. En effet, de 

nombreuses expérimentations ont été mises en œuvre : d’abord le « Dossier médical 

personnel » devenu en 2015 le « Dossier médical partagé » (DMP), dont le but est de mettre à 

disposition des professionnels de santé, et en particulier du médecin traitant, l’ensemble des 

informations médicales permettant la prise en charge optimale des patients en évitant les 

redondances et les pertes d’information au cours du parcours de soins (48). Depuis février 2022, 

« Mon espace santé » est le nouvel outil de centralisation des données de santé proposé par 

l’Assurance maladie à l’ensemble des assurés français (49). Cependant, cet outil privilégie 

l’utilisation de données non structurées telles que les comptes-rendus (d’hospitalisation, de 

consultation, d’imagerie…) ce qui soulève la question de l’interopérabilité et l’intégration de 

ces données, mais à ce jour le DMP reste au regard de la loi un outil pour le soin et aucun texte 

ne prévoit sa réutilisation dans le cadre de la recherche. Cette situation varie d’un pays à l’autre : 

ainsi, au Royaume-Uni, une partie des données issues des données de soins primaires est 

centralisée et structurée au sein de la base « Clinical Practice Research Datalink » (CPRD) 

depuis 1987, qui est régulièrement utilisée pour des projets de recherche sur données de vie 

réelle (50). 

En revanche, concernant les données médico-administratives, l’ensemble des données issues à 

la fois de la prise en charge en ville et de la prise en charge hospitalière sont collectées au niveau 

national, via le Programme de Médicalisation du Système d’Information (PMSI) pour les 

hospitalisations et le Système National d’Information Inter-Régimes de l’Assurance Maladie 

(SNIIRAM) pour les remboursements des prescriptions en ville. Ces deux bases sont intégrées 

au sein du Système National des Données de Santé (SNDS), avec l’ensemble des causes 

médicales de décès et constituent l’une des bases médico-administratives les plus importantes 

au monde (51). 

Par ailleurs, avec la démocratisation des smartphones et des objets connectés, les données 

produites par les patients (via les recherches Internet ou les applications mobiles de santé par 

exemple) sont devenues une nouvelle source permettant d’explorer la santé des patients en 

dehors des structures de soin (52) et ces données peuvent être utilisées pour la surveillance et 

la prévention d’épidémies (53). 
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Enfin, les données environnementales, liées par exemple au climat, à la pollution de l’air ou à 

l’exposition aux produits chimiques sont devenues une nouvelle source de données à explorer, 

compte tenu de l’influence des facteurs environnementaux sur l’incidence de certaines maladies 

(54,55). Contrairement aux données évoquées précédemment, ces données sont le plus souvent 

agrégées. 

Afin d’exploiter les données de vie réelle et particulièrement des données massives en santé, il 

est donc indispensable de tenir compte de leurs caractéristiques (56). 

 

II. Caractéristiques des données massives  

Le terme « données massives » ou Big Data est apparu avec la démocratisation d’Internet et 

l’explosion des données du web. Ces données se définissent traditionnellement par cinq 

dimensions principales : volume, vélocité, variété, véracité et valeur (57). Dans le domaine de 

la santé, elles présentent leurs propres spécificités : le volume et la vélocité ne correspondent 

pas toujours aux dimensions retrouvées dans les données du web. En revanche ces données sont 

extrêmement sensibles et leur exploitation exige un haut niveau de sécurité et de confidentialité.  

 

1. Volume 
Avec l’augmentation croissante des différentes sources de données et en particulier de l’Internet 

des Objets (via les objets connectés) et des réseaux sociaux (via les smartphones), le volume 

des données collectées est en croissance exponentielle qui nécessite une évolution constante 

des technologies de stockage. En santé, le volume de données varie en fonction de la source. 

Ainsi les données -omics ou d’imagerie représentent des volumes beaucoup plus importants que 

les données issues des DPI. Par ailleurs, le nombre de patients concernés par le traitement de 

données va également influencer leur volume. 

 

2. Vélocité 
La vélocité fait référence à la fois à la vitesse de production des données et à leur traitement. 

En particulier dans le cas des dispositifs médicaux générant des données, il faut être capable de 

les analyser quasiment en temps réel. 
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3. Variété 
Avec la multiplicité des sources de données et des formats, les données disponibles ont des 

formats hétérogènes : structurées, semi-structurées, non structurées. Par ailleurs, une même 

information peut être exprimée de plusieurs façons (par exemple un code CIM-10 diagnostic 

structuré et un diagnostic non structuré dans un compte-rendu d’hospitalisation). Différentes 

approches sont par conséquent possibles (par exemple, la standardisation) pour pouvoir 

interpréter ces données de façon cohérente. 

 

4. Véracité 
La véracité fait référence à la qualité des données traitées. En effet, si les données collectées 

sont de qualité insuffisante, les conclusions générées à partir de leur analyse peuvent être 

imprécises, voire erronées. La définition la plus utilisée pour décrire la notion de qualité des 

données est leur « capacité à répondre aux besoins exprimés et implicites lorsqu’elles sont 

utilisées dans des conditions spécifiées » (58). Les problèmes liés à la qualité des données 

peuvent apparaître à différents niveaux : 

- Au niveau de la source de données : les sources choisies ne sont pas fiables ou 

inconstantes ; les données peuvent être contradictoires ou dépassées ; 

- Au niveau de la génération des données : une collecte manuelle peut générer des erreurs 

humaines ou des doublons ; la collecte peut être incomplète (données manquantes) ; 

- Au niveau du traitement des données : la transmission et l’intégration des données 

peuvent être également source d’erreurs. 

Dans le cadre de l’utilisation des données massives en santé, des données de mauvaise qualité 

peuvent affecter la prise en charge des patients, le contrôle constant de la qualité des données 

est donc indispensable à chacun des niveaux concernés (vérification et correction des sources, 

contrôle des méthodes de recueil et vérification des doublons, contrôle des processus 

d’intégration et de transformation des données). 

Plusieurs indicateurs permettent d’évaluer la qualité des données de santé, en particulier : la 

précision, la complétude, la constance, et la cohérence (59). 
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5. Valeur 
L’utilisation de ces données doit apporter une valeur ajoutée par rapport aux systèmes 

traditionnels de recueils de données. Dans le cas de la Santé, l’utilisation des données massives 

permet selon Pastorino et al (2019) (60) : 

- d’augmenter les diagnostics précoces et l’efficacité des traitements ; 

- d’améliorer la prévention des maladies en identifiant les facteurs de risque ; 

- d’améliorer la pharmacovigilance et la sécurité des patients. 

 

6. Sécurité et confidentialité 
La sécurité et la confidentialité des données de santé sont des enjeux majeurs lors de leur 

exploitation. Dans l’idéal, ces données devraient être anonymisées (c’est-à-dire rendre 

impossible toute identification d’un individu de manière irréversible) afin d’assurer une 

véritable protection de la confidentialité. Cependant, dans le cadre des données de santé, 

l’anonymisation dénature ces données et donc limite les possibilités d’exploitation : elles vont 

être plutôt pseudonymisées, en remplaçant tous les éléments permettant l’identification directe 

des individus par des données indirectement identifiantes (61). 

En ce qui concerne la sécurité des données, elle est assurée par leur stockage dans des 

environnements sécurisés, le contrôle des accès ainsi que leur traçabilité. Les mesures de 

sécurité les plus fréquentes sont le chiffrement des transferts ou l’authentification à plusieurs 

niveaux (62). D’autres approches basées sur les technologies blockchain (c’est-à-dire un 

stockage et une transmission de l’information décentralisées et tracées, l’ensemble étant 

sécurisé par cryptographie) sont envisagées mais à l’heure actuelle sont expérimentales (63). 

Ces mesures de protection sont indispensables et sont soumises à des réglementations variant 

d’un pays à l’autre : en Europe, c’est le Règlement Général sur la Protection des Données 

(RGPD) (64) qui est le garant de la confidentialité des données, tandis qu’aux États-Unis c’est 

le Health Insurance Portability and Accountability Act (HIPAA) (65).  
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Synthèse 
Les données de vie réelle sont multi-échelles et hétérogènes mais 
complémentaires et l’intégration de ces différentes sources permet de 
faciliter l’échange d’informations et d’avoir une vision globale du système de 
soins et de la santé des patients. Les multiples dimensions de ces données 
doivent toujours être prises en compte lors des stratégies d’intégration afin 
de pouvoir les réutiliser et les exploiter de façon transversale. 

Dans le chapitre 2, nous allons présenter les efforts d’intégration de données 
hétérogènes ainsi que l’intérêt de cette intégration dans le cadre de la 
surveillance syndromique. 
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Chapitre 2 : Intégration des données hétérogènes  
 

Le rapport du National Research Council Commitee (2011) (66) compare l’intégration des 

données de santé à la méthodologie utilisée dans les Systèmes d’Information Géographiques 

(SIG), composés de différentes couches d’information superposées. En effet, les SIG sont 

capables de mettre en relation des données très éloignées afin d’avoir une vision globale de 

notre environnement. Dans le cas de l’intégration des données de vie réelle, les données 

intégrées autour des patients permettent d’analyser les informations de santé autour des 

individus à différents niveaux, allant du génome, avec les données -omics à l’environnement 

avec l’exposome (Figure 7). 

 

Figure 7. Organisation d’un système d’information centralisant les données de santé intégrées 

autour du patient. Cette méthodologie est similaire à celle des Systèmes d’Information 

Géographiques de type Google Maps (d’après le rapport du National Research Council 

Commitee) (66). 

 

L’intégration des données peut se faire à différentes échelles, en fonction des besoins : 

- à l’échelle d’un établissement 

- à l’échelle de plusieurs établissements, voire de plusieurs territoires ou pays 
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I. Intégration à l’échelle d’un établissement 

L’intégration des données au sein d’un même établissement de santé est le premier niveau 

d’intégration à mettre en place afin d’exploiter ces dernières. Depuis plusieurs années, les 

entrepôts de données de santé (EDS) permettent le décloisonnement des données du soin pour 

une réutilisation secondaire. L’outil le plus répandu est l’entrepôt open source i2b2 (Informatics 

for Integrating Biology and the Bedside) (67), développé à Harvard dans les années 2000 et 

basé sur le schéma en étoile (68) et une table centrale dite « table de faits » contenant l’ensemble 

des données atomiques. Cette table centrale est reliée aux tables de dimensions, chacune d’entre 

elles représentant un axe d’analyse. Cet ensemble forme le modèle « en constellation ». 

Cependant, d’autres initiatives existent, comme l’entrepôt eHOP (69,70), développé par 

l’équipe DOMASIA (DOnnées MAssives en Santé et système d'Information Apprenant) du 

Laboratoire Traitement du Signal et de l’Image (LTSI). La particularité de cet outil, le plus 

déployé dans les hôpitaux français, est qu’il tient compte du contexte dans lequel a été produite 

la donnée d’origine. Pour cela, cette technologie : (i) s’appuie sur les standards 

d’interopérabilité utilisés par les données sources ; (ii) intègre une dimension documentaire 

dans son modèle, ce qui permet de conserver le contexte reliant différentes données atomiques, 

et (iii) intègre des bases de connaissances métiers (par exemple Thériaque) pour permettre 

l’indexation et le traitement des données de faits. 

 

II. Intégration à l’échelle de plusieurs établissements 

ou territoires 

L’intégration au sein d’un établissement constitue le premier niveau d’intégration de données 

de santé, mais de nombreuses initiatives vont au-delà de ce niveau d’intégration et de partage 

de données en proposant des solutions techniques permettant l’exploitation multicentrique 

d’entrepôts de données et la création de réseaux de données cliniques pour la recherche.  

Sur le plan international, le réseau SHRINE (Shared Health Research Information Network), 

basé sur l’entrepôt i2b2 permet d’interroger de façon fédérée des entrepôts i2b2 hébergés dans 

différents hôpitaux (71,72). Il a été utilisé pour la constitution de cohortes (73,74), dans des 

essais thérapeutiques multicentriques (75) ou pour la constitution de registres nationaux (76).  
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En Europe, la plateforme EHR4CR (Electronic Health Records for Clinical Research), qui 

associait des partenaires de l’industrie pharmaceutique et des hôpitaux universitaires européens 

utilisait également des réseaux d’entrepôts issus de pays différents afin de faciliter le 

recrutement pour les essais thérapeutiques et une meilleure maîtrise de la notification des effets 

secondaires (77,78). 

Ces avancées technologiques entraînent également des évolutions en termes de gouvernance, 

avec la création de consortiums pour faciliter le partage de ces données. Ainsi, aux Etats-Unis 

le « Patient-Centered Outcomes Research Institute » (PCORI) créé en 2013, est responsable du 

financement du « PCORI-funded National Patient-Centered Clinical Research Network » 

(PCORNet) (79,80), qui centralise les données des Dossiers Patients Informatisés (DPI) de plus 

de 100 millions d’américains provenant d’une centaine d’établissements hospitaliers. Le réseau 

PCORNet regroupe à la fois des « Clinical Data Research Networks » (CDRN) (81), qui sont 

des réseaux contenant des données provenant du soin (données du DPI, données de 

remboursement…) et des « Patient-Powered Research Networks » (PPRN) (82), qui sont eux 

basés sur des Patient-Reported Outcomes (PRO), c’est-à-dire des éléments de santé rapportés 

directement par les patients, notamment via des questionnaires ou des applications sur les 

smartphones (83). Ici, les établissements participants au réseau PCORNet utilisent un modèle 

commun de données (PCORnet Common Data Model) (84) afin de faciliter l’accessibilité des 

sources. D’autres modèles communs de données, comme le modèle OMOP (Observational 

Medical Outcomes Partnership) (85,86) sont adoptés par des consortiums afin d’améliorer 

l’intégration et le partage de données sur le plan international. 

En France, le Système National des Données de Santé (SNDS), issu du chaînage de différentes 

bases médico-administratives existantes a été créé en 2017 afin de favoriser les études sur 

l’ensemble de la population française (51). Le SNDS contient à l’heure actuelle : les données 

de remboursement de l’Assurance Maladie (SNIIRAM), les données d’hospitalisation (PMSI) 

et les causes médicales de décès (base du CépiDC). Il contiendra à terme les données relatives 

au handicap et un échantillon de données provenant des organismes complémentaires 

d’Assurance Maladie. En 2019, le Health Data Hub (HDH) a été créé pour poursuivre cette 

mission d’intégration des différentes sources de données : il sert de guichet unique pour les 

demandes d’accès aux données du SNDS, il propose de mettre à disposition de la communauté 

un catalogue de données, il propose une plateforme sécurisée pour le stockage et le traitement 

des données et enfin il renforce les relations entre tous les acteurs du traitement de données en 

France (87). 
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Par ailleurs, la plateforme INSHARE (INtegrating and Sharing Health dAta for REsearch) a 

permis de regrouper au sein d’une architecture et d’une gouvernance commune des données et 

des partenaires provenant de différents types d’établissements : données provenant de l’entrepôt 

eHOP (CHU de Rennes et CHU de Brest), données provenant de registres (Registre général des 

cancers de Poitou-Charentes, Registre REIN) et données du SNDS (88). Cette plateforme a 

ensuite été à l’origine de différents cas d’usage (trajectoires de soins, surveillance d’effets 

secondaires…) (89,90) permettant une exploitation multicentrique de ces données. 

On retrouve également à l’échelle interrégionale des réseaux d’EDS tels que le Réseau 

Interrégional des Centres de Données Cliniques (RiCDC) dans la région Grand-Ouest qui 

regroupe un ensemble d’hôpitaux et de Centres de Lutte Contre le Cancer utilisant l’entrepôt 

eHOP. Ce réseau regroupe à la fois une technologie commune, via le choix d’un même EDS et 

une gouvernance harmonisée puisque le pilotage se fait au niveau de l’interrégion. Il s’est doté 

d’une plateforme de traitement des données commune (le Ouest Data Hub) permettant 

l’intégration et l’exploitation multi-échelle des données provenant des entrepôts hospitaliers et 

d’autres sources de données externes (91).  

 

III. Apports et limites des EDS dans la surveillance 

syndromique  

D’abord utilisés pour la recherche clinique et la création de cohortes, les EDS sont de plus en 

plus utilisés dans le cadre de la surveillance syndromique de pathologies infectieuses, grâce à 

leur capacité à fournir des données quasi en temps réel. 

Par exemple, dans le cadre de la surveillance des épidémies saisonnières de grippe, les données 

issues des EDS sont fortement associées aux syndromes grippaux (92) et sont capables de 

prédire les taux d’incidence des syndromes grippaux, avec des performances supérieures aux 

modèles basés uniquement sur les données du web (93). Ils permettent également d’estimer le 

poids de l’épidémie de grippe sur les hôpitaux afin d’améliorer le pilotage quasi en temps réel 

en temps de crise (94). 

La pandémie de COVID-19 a montré l’importance des outils numériques pour la surveillance 

en temps réel de phénomènes épidémiques (95). En ce qui concerne les EDS, cette crise 

sanitaire a permis la création de consortiums internationaux tels que le 4CE consortium 

(Consortium for Clinical Characterization of COVID-19 by EHR) (96) qui regroupe des 
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données issues de 96 hôpitaux dans 5 pays (États-Unis, France, Italie, Allemagne, Singapour). 

Les hôpitaux membres de ce consortium utilisent l’EDS i2b2 ou le modèle de données OMOP 

et des requêtes fédérées qui permettent la surveillance des cas, l’étude de trajectoires de patients 

ou encore la caractérisation de phénotypes (97). 

En France, les consortiums « AP-HP COVID CDR Initiative. » et « AP-HP/Universities/Inserm 

COVID-19 research collaboration » ont également utilisé la technologie d’EDS afin de mener 

différentes études autour du COVID-19, et ont montré la plus-value de ces outils dans des 

contextes de crise sanitaire (98,99). L’EDS eHOP a été quant à lui utilisé pour développer un 

outil d’aide au diagnostic de la COVID au tout début de la pandémie (100). 

Cependant, la réutilisation secondaire de données dans un contexte de crise sanitaire a montré 

ses limites. Ainsi, deux publications dans des revues majeures (New England Journal of 

Medicine (101) et The Lancet (102)) basées sur des DPI ont été rétractées, notamment à cause 

d’interrogations en termes de qualité des données. En effet, des données sources de qualité sont 

indispensables pour être capables de tirer des conclusions pertinentes à partir de leur analyse. 

Des éléments clés méthodologiques tels que le type de données, le processus de recueil, la 

complétude des données ou leur variabilité doivent être contrôlés dans toute réutilisation 

secondaire (103). Or, en période de crise, ces étapes peuvent être impactées, en particulier 

l’exhaustivité des données et le contrôle qualité après la collecte.  

Par ailleurs, le déploiement et l’exploitation des EDS nécessitent des structures et des moyens, 

et cette réponse quasi immédiate des systèmes de santé face à la pandémie n’a été possible que 

dans des établissements et/ou territoires ayant des systèmes d’information matures (43), c’est-

à-dire justement dotés d’EDS. D’une façon générale, le COVID-19 a été un accélérateur pour 

la transition numérique de nombreux territoire et les outils numériques ont été un atout dans la 

capacité des systèmes de santé à répondre rapidement à la crise (104), mais a aussi mis en 

évidence les disparités entre pays en matière de santé digitale. Ainsi, ce recours aux 

technologies du numérique a mis en évidence une fracture numérique à deux niveaux : 

premièrement, au niveau des accès aux technologies existantes qui sont très variables même au 

sein des pays les plus avancés, et deuxièmement au niveau de la maîtrise de ces outils digitaux 

par les individus, qu’ils soient professionnels de santé ou patients. Pourtant, de plus en plus 

d’experts s’accordent sur l’importance de ces outils numériques en situation d’épidémie (95). 
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Même s’ils ne sont pas entièrement matures, les systèmes d’information en santé doivent donc 

être capables d’être flexibles et réactifs afin de pouvoir répondre aux enjeux de surveillance et 

d’organisation au cours des épidémies. C’est le cas de l’Amérique du Sud et de la Caraïbe, qui 

sont des régions avec de grandes inégalités d’accès aux outils de santé digitale (105). Pourtant, 

ces régions endémo-épidémique pour de nombreuses maladies émergentes – dont la dengue– 

doivent pouvoir développer des outils simples et immédiats de réutilisation de données en 

attendant la maturité de leurs systèmes.  

 

Article 1 : Health informatics support for outbreak management: 

How to respond without an electronic health record? 

Cet article présente un processus d’intégration de données mis en place pendant une épidémie 

(ici, le COVID-19) au sein d’un système d’information hospitalier n’étant pas entièrement à 

maturité. Les données intégrées sont indispensables au suivi en temps réel à la fois pour les 

patients hospitalisés et les patients à domicile. Les deux plateformes décrites peuvent être mises 

en place avec des outils simples et permettent de lever le verrou de l’intégration de données en 

tenant compte de la fracture numérique présente dans les régions de la Caraïbe. 

Synthèse 
L’intégration des données de santé multi-sources est la première étape 
indispensable à leur exploitation. Elle peut se faire à plusieurs échelles : au 
niveau d’un établissement, d’un territoire, d’un pays et même de plusieurs 
pays.  

Lorsque cette intégration est déjà existante dans des systèmes d’information 
matures, elle permet leur réutilisation quasi immédiate en cas d’épidémie. 
Quand ce n’est pas le cas, ces systèmes doivent malgré tout être capables 
d’être réactifs en situation de crise sanitaire.  

Ce constat est celui du CHU de Martinique qui ne dispose pas encore d’EDS 
fonctionnel. Dans ce contexte, nous avons mis en place l’architecture d’un 
système de surveillance syndromique basé sur la réutilisation des données 
de vie réelle de l’hôpital. Ce système a ensuite été utilisé pour le 
développement et à la production de tableaux de bord de suivi à partir de 
l’outil. Ce travail a fait l’objet d’une publication qui est présentée ci-dessous. 

34



 

L’architecture développée pour la plateforme de suivi intra-hospitalier (COVCHUM) a pu 

ensuite être réutilisée pour la surveillance hospitalière de la dengue lors de l’accélération de 

l’épidémie de dengue en juillet 2020. 

En ce qui concerne la plateforme de suivi à domicile COVID-SAMU (Figure 8), elle s’est 

révélée également utile pour l’identification de patients atteints de la dengue lors de la 2e vague 

de COVID-19 (qui était concomitante à l’épidémie de dengue) puisque la dengue et le COVID-

19 ont des présentations cliniques initiales similaires. 
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Figure 8. Architecture de la plateforme de suivi à domicile COVID-SAMU 
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Figure 9. Exemple de tableau de bord produit à partir de la plateforme COVCHUM 
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To the editor,

The world is facing an unprecedented health crisis in 2020 with the

coronavirus disease 2019 (COVID-19) pandemic. Reeves et al’s1 article

underlined the importance of the electronic health record (EHR) and

health informatics in general to support outbreak management. They

proposed several recommendations heavily based on the EHR to help

hospitals improve their response in this unique situation.

This article is extremely relevant for the United States, as most

American within the healthcare system have their data recorded

electronically. According to the Office of the National Coordinator

for Health Information Technology report, as of 2015, 96% of non-

federal acute care hospitals and 78% of office-based physicians had

adopted certified health information technology (IT).2

Thus, with a fully functioning EHR, the authors were able to im-

plement screening tools to help proper triage, ordering tools for ac-

celerated biology and imaging exams and even clinical decision

support. All of those EHR enhancements followed COVID-19 moni-

toring guidelines set by institutions and were a major help for out-

break management.

The use of EHR as a potential public health tool has been studied

for years,3 and with the COVID-19 pandemic, many institutions

worldwide have tried to leverage its full potential to accelerate their

response.

However, some health institutions are still struggling to entirely

digitize their health data. In France, according to the French Office

of Health Care Supply, only 70% of hospitals have a fully function-

ing EHR.4 Therefore, how can the 30% left still be efficient during

this pandemic?

Hospitals can still rely on classic outbreak monitoring, based on

manual reporting and contact tracing, but with the scale of COVID-

19, these techniques have shown their limitations, especially regard-

ing real-time transmission of information.

For this reason, after initially using manual outbreak managing

techniques at the Martinique University Hospital, we decided to de-

velop an alternative solution. Indeed, our hospital is the only aca-

demic hospital in Martinique, which is a French overseas territory

located in the Caribbean. Moreover, Martinique University Hospital

is one of the French hospitals without a fully functioning EHR.
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Thus, the clinical informatics team and the COVID Crisis Team

collaborated to develop and implement 2 simple managing tools.

The Clinical Informatics Team included a medical informatics doc-

tor, an epidemiologist, an engineer specialized in interoperability,

and a scientist specialized in modeling. The COVID Crisis Team in-

cluded 2 infectious disease physicians, an emergency room physi-

cian, an intensive care unit physician, and a bed manager.

The aim of these tools was to (1) be able to build and implement

them quickly with limited resources; (2) use our existing developing

tools, or open-source alternatives if not available; and (3) be able to

create and distribute real-time reports.

We managed to build 2 databases in less than a week.

The first database (COVID-SAMU) is a triage database used for

monitoring outpatient cases, with a phone call schedule based on na-

tional monitoring guidelines. The database has information on all

outpatient cases, including their address, age, underlying diseases,

and different symptoms. Sociodemographic data from patients with

COVID-like symptoms are first automatically integrated from the

hospital triage software. Then, we developed a web application in

which each clinician can fill specific forms to monitor COVID symp-

toms and their evolution at the time of each phone call.

We decided to heavily rely on this form of outpatient monitoring

rather than self-reporting (eg, based on a smartphone application)

because of our population characteristics (Martinique is one of the

oldest French territories).

The second database (COVCHUM) is for hospitalized patients.

This database also integrates the few digitized data available (ad-

ministrative data, reimbursement claims, and laboratory test

reports). As for the COVID-SAMU database, we developed a web

application and COVID-specific forms for clinicians. In this case,

we needed to be able to integrate quickly the most important data

for COVID monitoring despite the lack of interoperability between

our different digitized systems.

Because our administrative data is fully digitized, we were able

to link patients throughout the different systems with their hospital

ID. Symptoms were mapped to the French International Classifica-

tion of Diseases, 10th Edition when possible, and procedures were

mapped to the French Procedure Terminology.

Both databases are implemented with WINDEV (PC Soft, Mont-

pellier, France) because it allowed us to automatically integrate data

from our hospital framework (all of our hospital software relies on

the Oracle database management system [Oracle, Redwood Shores,

CA]). We also used WEBDEV (PC Soft) to develop the web-based

applications because we wanted to be able to deploy them hospital-

wide in a very short time, even with a very small team. Finally, both

COVID databases allow to perform queries using structured query

language and extract structured data in comma-separated values

form, which helps us create real-time reports.

We still wanted to comply as much as possible with health IT

guidelines. As a result, we focused on interoperability, standardized

terminologies, and automatic data collection when possible. We also

implemented simple rule-based natural language processing algo-

rithms to be able to extract unstructured data from clinical notes.

Despite our limited resources and our lack of an existing ade-

quate informatics framework, we managed to implement relatively

simple tools, which helped us improve our ability to rapidly respond

to the evolving situation.

The EHR is an essential tool for COVID-19 management, but

even without it, we can still develop alternative solutions that can

tremendously help hospitals with limited resources and without

state-of-the-art health IT. We should leverage these solutions to help

reduce the impact of the digital divide in health care, especially in

time of crisis.5
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Chapitre 3 : Partage des données au sein de 

territoires multilingues  
 

Dans le chapitre précédent, nous avons étudié les approches d’intégration de données à 

différentes échelles. Dans le chapitre suivant, nous étudierons les problématiques spécifiques 

liées à l’intégration de données dans un contexte international. 

Dans le cadre de la Stratégie commune de prévention et de lutte contre les arboviroses (29), les 

membres de la PAHO sont appelés à communiquer entre eux et à partager leurs données afin 

de définir une surveillance globale de ces maladies dans la région.  

Or, la Caraïbe est une région multilingue où se côtoient de nombreuses langues, les principales 

étant l’espagnol, le français et l’anglais. Par ailleurs, la plupart des îles de la Caraïbe parlent des 

variations de créoles hérités de l’anglais, du français et de l’espagnol. 

Afin de répondre à ces exigences, les territoires doivent donc être capables non seulement 

d’intégrer la remontée des données de surveillance au sein des établissements, via les 

méthodologies d’intégration vues au chapitre précédent, mais aussi de consolider cette 

remontée sur le plan supranational, au sein de cette région multilingue. Les systèmes des 

différents territoires de la région doivent être capables d’être interopérables, malgré les 

différences de langage. 

L’interopérabilité sémantique multilingue permet de transformer des mots, phrases ou textes 

provenant de langues différentes dans un format leur permettant de communiquer entre elles 

(106). Il existe plusieurs façons d’obtenir cette interopérabilité. Par exemple, l’analyse 

syntaxique et sémantique (semantic parsing) (107) va mettre en évidence la structure des 

phrases et le rôle sémantique de chacun de ses éléments, afin de transformer du langage naturel 

en éléments logiques (logical forms) pour faciliter la correspondance entre éléments de langues 

différentes. Une autre solution est l’alignement d’ontologies : dans ce cas, les concepts sont 

déjà structurés (via chacune des ontologies respectives) et la position du concept au sein de 

l’ontologie va également jouer un rôle dans l’alignement des ontologies (108). Cependant, ce 

processus est généralement limité à des ontologies conçues dans la même langue (le plus 

souvent l’anglais). 

L’OMS a développé depuis 1948 la Classification Internationale des Maladies (CIM), qui est 

mondialement utilisée pour l’enregistrement de la morbidité et de la mortalité au niveau 
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mondial (109). Actuellement, la majorité des pays membres de l’OMS et de la PAHO utilisent 

également la CIM-10 pour le codage des diagnostics dans le cadre du financement des hôpitaux 

basé sur le « Diagnosis Related Group » (DRG) américain (110). Des adaptations de langue 

existent, ainsi que des modifications de la terminologie en elle-même, en particulier l’ICD-10-

CM (ICD-10 Clinical Modification) qui correspond à l’adaptation américaine de la CIM-10. 

La CIM-10 et l’ICD-10 CM étant largement utilisée dans la région, aligner les différentes 

variations linguistiques de ces dernières permettrait donc de standardiser les échanges entre les 

territoires. 

Ce processus de standardisation est celui de l’alignement ontologique multilingue, qui permet 

d’aligner des ontologies, même lorsqu’elles sont issues de langues différentes, afin de les rendre 

interopérables (108). 

 

 

Article 2 : A Semi-Automated Approach for Multilingual 

Terminology Matching: Mapping the French Version of the ICD-

10 to the ICD-10 CM 

L’article suivant présente une méthode d’alignement semi-automatisé de la CIM-10 de l’OMS 

(ici, la version française, mais cette méthodologie est applicable à toutes les langues de la CIM-

10) avec l’ICD-10 CM. Cette méthode s’applique à la fois à l’alignement de la CIM-10 vers l’ 

ICD-10 et de l’ICD-10 vers la CIM-10. 

Ma contribution à ce travail a été de définir la méthodologie d’alignement, de concevoir 

l’algorithme d’alignement et d’évaluer cette méthode. 

  

Synthèse 
Il existe différentes façons d’obtenir l’interopérabilité sémantique afin de 
communiquer une information entre des sources de langue différente dans 
des régions multilingues telles que la Caraïbe. 

L’une des approches possibles est l’alignement ontologique multilingue. Pour 
répondre à cette problématique, nous avons développé une méthodologie 
d’alignement semi-automatisé entre deux terminologies de langues 
différentes. Ce travail a fait l’objet d’une publication présentée ci-dessous. 
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A Semi-Automated Approach for 
Multilingual Terminology Matching: 

Mapping the French Version of the ICD-10 
to the ICD-10 CM 
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Emmanuel CHAZARDe Paul AVILLACHd, Marc CUGGIAab 

a
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bCHU Rennes, Centre de Données Cliniques, F-35000, Rennes France 
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dDepartment of Biomedical Informatics, Harvard Medical School, Boston, MA 02115 
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Abstract. The aim of this study was to develop a simple method to map the French 
International Statistical Classification of Diseases and Related Health Problems, 
10th revision (ICD-10) with the International Classification of Diseases, 10th 
Revision, Clinical Modification (ICD-10 CM). We sought to map these 
terminologies forward (ICD-10 to ICD-10 CM) and backward (ICD-10 CM to ICD-
10) and to assess the accuracy of these two mappings. We used several terminology 
resources such as the Unified Medical Language System (UMLS) Metathesaurus, 
Bioportal, the latest version available of the French ICD-10 and several official 
mapping files between different versions of the ICD-10. We first retrieved existing 
partial mapping between the ICD-10 and the ICD-10 CM. Then, we automatically 
matched the ICD-10 with the ICD-10-CM, using our different reference mapping 
files. Finally, we used manual review and natural language processing (NLP) to 
match labels between the two terminologies. We assessed the accuracy of both 
methods with a manual review of a random dataset from the results files. The overall 
matching was between 94.2 and 100%. The backward mapping was better than the 
forward one, especially regarding exact matches. In both cases, the NLP step was 
highly accurate. When there are no available experts from the ontology or NLP 
fields for multi-lingual ontology matching, this simple approach enables secondary 
reuse of Electronic Health Records (EHR) and billing data for research purposes in 
an international context. 

Keywords. ICD-10, Clinical terminologies, Interoperability, Multilingual matching 

1. Introduction 

The International Statistical Classification of Diseases and Related Health Problems, 10th 
revision (WHO-ICD-10) one of the most popular terminologies used in around the world. 
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It is a standard diagnostic terminology created and maintained by the World Health 
Organization (WHO) since 1990 for diagnostic coding[1]. The French healthcare system 
uses a French version of the WHO-ICD-10 (Classification Internationale des Maladies, 
10e version, CIM-10) since 1997[2], while the United States created and implanted their 
own adaptation of the terminology (International Classification of Diseases, 10th 
Revision, Clinical Modification, ICD-10-CM) on October, 1st, 2015[3]. There are far 
more codes in the ICD-10 CM than in the CIM-10, even though they share the same 
common denominator: the WHO-ICD-10[3]. 

Multilingual ontology matching is the process of finding correspondences between 
ontologies of different languages to allow them to interoperate[4]. This enables 
secondary reuse of Electronic Health Records (EHR) and billing data from different 
healthcare systems for research purposes, especially if data from the United States is 
involved in the study. We can use two main strategies for multilingual ontology 
matching: direct and indirect alignment. The direct alignment is translation-based and 
uses external resources to help with translation, while the indirect alignment uses 
intermediary mappings between the source and target ontologies. Furthermore, mapping 
two ontologies can be an automated or manual process. Manual mapping is still the 
prevalent choice for ontology matching, but necessitates a large team of experts, is time-
consuming, and is prone to errors[5]. On the other hand, automated approaches use 
public terminology resources such as the Unified Medical Language System (UMLS)[4] 
or Bioportal[6] but those sources are extremely incomplete outside of the English 
speaking world[7]. Therefore, when the purpose of a study is not the mapping itself but 
a necessary step to join databases, it should be possible to overcome the semantic 
interoperability issue by combining different automated matching techniques to conduct 
the study, even with limited resources or experts from the ontology matching field.  

The aim of this study was to develop and evaluate a simple method to link the French 
ICD-10 (or any version of the WHO ICD-10) with the ICD-10 CM. We sought to map 
these terminologies forward (ICD-10 to ICD-10 CM) and backward (ICD-10 CM to 
ICD-10). 

2. Methods 

2.1. Terminology resources 

Since there were no direct mapping files for our study, we used all the intermediate 
mapping files available online. We used four data sources: i) the UMLS Metathesaurus, 
which integrates and assigns a unique identifier to synonymous concepts from several 
standard biomedical technologies (including ICD-10 CM, WHO-ICD-10 and a 1998 
version of the CIM-10)[4], ii) Bioportal, which is a comprehensive repository of standard 
terminologies created by the National Center for Biomedical Ontology (NCBO), with an 
ontology alignment tool, called Lexical OWL Ontology Matcher (LOOM)[6], iii) the 
latest version of the CIM-10, which is mainly a translation of the WHO-ICD-10 with 
more children, and is publicly available on the national billing agency website (Agence 
Technique de l’Information sur l’Hospitalisation, ATIH)[2] and iv) different existing 
mapping files with forward and backward mapping such as: the General Equivalent 
Mapping (GEM) Files from the National Center for Health Statistics (NCHS)[8], the 
New-Zealand mapping files from the Ministry of Health (ICD-10 Australian 
Modification and ICD-9 Australian Modification)[9] and the mapping files between the 
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ICD-10 AM and ICD-10, from the Australian Consortium for Classification 
Development (ACCD)[10].  

2.2. Mapping method 

We decided to map only the first 4-character codes of the CIM-10, because the WHO-
ICD-10 is mainly 4-character codes, except for chapters XIII, XIX, XX, which means 
that after this position, there was a bigger risk of mapping codes with a different 
signification between the two languages. 
Our strategy used three main steps (Figure 1). First, we used the NCBO API to retrieve 
the mapping between the ICD-10 CM and the WHO-ICD-10 and the partial mapping 
between the CIM-10 and the WHO-ICD-10 from the UMLS Metathesaurus and LOOM 
algorithm, which is available through the NCBO API. Then, we matched each 
terminology using the different mapping files mentioned above. And finally, we used 
manual review and natural language processing (NLP) to recognize labels between the 
two terminologies with custom R scripts. The NLP process was only used on unmatched 
codes after the two first steps. For each set, one native-speaking investigator from each 
language extracted the two or three main words of the ICD or CIM label, then they built 
together a translation dictionary and used rules-based NLP to match the labels and codes. 
For the remaining unmatched codes, we mapped them to their three-character codes 
parent. After all these steps, we considered the code unmatched if we could not find an 
exact or approximate match. 

 

Figure 1. Forward and backward mapping methods 

pp
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Since the automated mapping was based on official mapping files, we did not review 
those matched codes. However, we reviewed manually all NLP-based matches before 
confirming their match or un-match status. Uncertain pairs were reviewed again by two 
other medical investigators. 

3. Results 

The ICD-10 CM included 91,737 codes and the French ICD-10 included 39,928 codes, 
including the 3-charcters codes parents. The ICD-10 CM had 9835 (11%) of 4-characters 
codes while the ICD-10 had 12,345 (31%) of 4-character codes.  
Among the 39,928 codes of the CIM-10, 8,477 (21.2%) were exact matches to the ICD-
10 CM and 29,131 (73 %) were partial matches. 264 of those partial matches were based 
on the NLP-based step. There were 2,320 (5.8%) missing codes. 
Among the 91,737 codes of the ICD-10 CM, 9,082 (9.9%) were exact matches and 
82,655 (90.1 %) partial matches with no unmatched codes. 226 of those partial matches 
were based on the NLP-based step. There were no missing codes. 
All the NLP-based matches were true positives with no false negatives. Overall, the 
backward mapping was 94.2%, while the forward mapping was 100%. (Table 1) 
 

Table 1. Characteristics of all matches after the forward and backward mappings 

Mapping Exact Match Partial Match* No match 

  
>4-characters code 
to one 4-character 

code 

>4-characters code 
to more than one 
4-characters code 

4-characters code 
to more than one 
4-characters code 

4-characters codes 
(or more) to the 3-
characters parent 

 

ICD-10 to 
ICD-10 CM 

8,477 (21.2%) 4,832 (12.1%) 23,345 (58.5%) 932 (2.3%) 22 (0.1%) 2,320 (5.8%) 

ICD-10CM 
to ICD-10 

9,082 (9.9%) 41,518 (45.3%) 33,893 (36.9%) 1,797 (2%) 5,447 (5.9%) 0 (0%) 

*The partial match includes the codes matched using the Natural Language Processing (NLP) step 

4. Discussion 

Our method showed a very high matching score, especially regarding the backward 
mapping (ICD-10 CM to ICD-10) with 100% of codes matched. However, the exact 
match was far better in the forward mapping (21% versus 10% in the backward). The 
manual evaluation confirmed the accuracy of the rules-based NLP algorithm. 

Our study has several limitations. First, we only tested the method with two 
languages (French and English). However, we only had native speaking experts in 
French and English available for the manual review and most countries use either the 
ICD-10 CM, or a fairly close version of the WHO ICD-10 for reimbursement and 
billing[1]. Therefore, we knew that if our mapping process was accurate it would be 
relatively easy to adapt it to other languages. Second, our NLP was rather basic because 
we wanted first and foremost to use already existing reference files. Previous 
studies[11,12] showed that NLP based on modern machine-learning methods is the most 
pertinent method to match a diagnostic to an ICD-10 code or to translate a terminology 
to another language, but it is a very specific field with few experts, especially outside of 
the English language. The idea here was to propose an alternative when NLP specialists 
are not available to implement automatic translation and/or matching algorithms. Finally, 
most of our matches are partial. A majority of exact matches would have been ideal, 
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especially since the ICD-10 is not always very precise regarding some diagnoses[13], 
but since the WHO-ICD-10 and the ICD-10-CM have a vastly different number of 
codes[3], this outcome was predictable.  

Manual mapping for multilingual ontology alignment is still the gold standard today, 
but it requires several experts of the healthcare and ontology fields and is a very time-
consuming work that can take years[14]. This method cannot make the same claims of 
precision as official manual mapping files, but it could become a fairly quick and reliable 
process for international studies based on secondary reuse of EHR and billing data 
(including legacy data coded in ICD-9 CM, thanks to the GEM files from the NCHS[8]) 
without any ontology or translation experts.  

5. Conclusion 

Our study demonstrated that semi-automated mapping based on reference mapping 
files (in standard format) and basic NLP could be considered for secondary reuse of EHR 
and billing data from different countries when there are no existing reference files. Next, 
we would like to replicate this study with ICD-10 in other languages and use more 
automated NLP resources, like the Google Translate API, to confirm the accuracy of this 
method. This work could also serve as a basis for semi-automated mapping of the ICD-
10 to the ICD-11, once the official ICD-10 to ICD-11 mapping files are available. 
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Troisième partie 

Verrous liés à l’exploitation des données  
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Chapitre 1 : Méthodes pour la prédiction et la 

surveillance de la dengue  
 

L’intégration des données de vie réelle n’est que la première étape dans le traitement de ces 

données. Grâce à la richesse apportée par l’utilisation de plusieurs sources, ce processus, s’il 

est correctement effectué, permet par la suite d’exploiter les données intégrées de façon 

transversale, en complémentarité des données traditionnelles collectées dans le cadre des essais 

thérapeutiques ou des études observationnelles. 

Cependant, cette hétérogénéité des données implique également une variabilité dans les 

méthodes d’exploitation, chacune devant s’adapter aux types de données traitées. 

Ici, le cas d’usage choisi était l’utilisation de données de vie réelle pour la surveillance (et 

potentiellement la prédiction) de la dengue en Martinique. Afin de sélectionner les sources de 

données et les éventuels algorithmes d’apprentissage machine pertinents, il fallait en amont 

identifier la littérature déjà publiée sur le sujet. En effet, nous souhaitions respecter les 

recommandations de l’OMS dans la prise en charge globale de la dengue, et donc exploiter à la 

fois les données de surveillance humaine et les données de surveillance vectorielle. Par ailleurs, 

nous souhaitions également évaluer l’apport potentiel des données de Google, dont la 

pertinence a déjà été évaluée pour la surveillance saisonnière de la grippe. La dengue en 

Martinique n’a pas une saisonnalité annuelle comme la grippe, mais la Martinique (et les 

Antilles en général) est une zone endémo-épidémique, c’est-à-dire que le virus circule toute 

l’année sur le territoire et cette circulation peut se transformer en épidémie d’une année à 

l’autre. Nous voulions donc évaluer l’apport des données du web pour une maladie au cycle de 

transmission extrêmement différent de celui de la grippe. 

Pour cela, nous avons effectué une revue systématique afin d’identifier toutes les sources et les 

méthodologies basées sur les données de vie réelle qui ont déjà été utilisées et évaluées pour la 

surveillance et la prédiction de la dengue dans le monde. Nous souhaitions en particulier 

identifier le rôle potentiel des données vectorielles et des données issues de Google. 

Cette revue incluant les publications sur 20 ans (de janvier 2000 au 31 août 2020) nous a permis 

d’identifier plusieurs éléments clés : i) l’utilisation des données de vie réelle dans la gestion de 

la dengue a surtout été étudiée en Asie, qui représentait 72% des études incluses ; ii) les données 

vectorielles restent très peu utilisées dans ce genre d’études ; iii) les données issues de moteurs 

de recherche type Google ou de réseaux sociaux sont intéressantes, mais restent peu utilisées 
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en concomitance avec les données cliniques ; iv) les modèles les plus largement utilisés sont 

les modèles de classification supervisée. 

 

Article 3 : Data-driven methods for dengue prediction and 

surveillance using real-world and Big Data: A systematic review 

Ma contribution à cet article a été de définir la stratégie de recherche et rédiger le protocole de 

revue systématique en accord avec la méthodologie PRISMA, de l’enregistrer sur la base 

PROSPERO et d’identifier les articles éligibles.  

Deux auteurs indépendants dont je faisais partie ont sélectionné les articles. En cas de désaccord 

sur la sélection des articles, un troisième auteur permettait de départager les deux auteurs. Une 

fois cette sélection effectuée, j’ai extrait les données pertinentes des articles et analysé 

l’ensemble des résultats. 

Synthèse 
Les données de vie réelle étant hétérogènes, les méthodologies d’exploitation 
de ces données vont varier en fonction des cas d’usage. 

Pour identifier les approches méthodologiques les plus pertinentes pour le cas 
d’usage qui est la surveillance syndromique de la dengue en Martinique, nous 
avons réalisé une revue systématique de la littérature.  

Ce travail a fait l’objet d’une publication qui est présentée ci-dessous. 
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Abstract

Background

Traditionally, dengue surveillance is based on case reporting to a central health agency.

However, the delay between a case and its notification can limit the system responsiveness.

Machine learning methods have been developed to reduce the reporting delays and to pre-

dict outbreaks, based on non-traditional and non-clinical data sources. The aim of this sys-

tematic review was to identify studies that used real-world data, Big Data and/or machine

learning methods to monitor and predict dengue-related outcomes.

Methodology/Principal findings

We performed a search in PubMed, Scopus, Web of Science and grey literature between

January 1, 2000 and August 31, 2020. The review (ID: CRD42020172472) focused on

data-driven studies. Reviews, randomized control trials and descriptive studies were not

included. Among the 119 studies included, 67% were published between 2016 and 2020,

and 39% used at least one novel data stream. The aim of the included studies was to predict

a dengue-related outcome (55%), assess the validity of data sources for dengue surveil-

lance (23%), or both (22%). Most studies (60%) used a machine learning approach. Studies

on dengue prediction compared different prediction models, or identified significant predic-

tors among several covariates in a model. The most significant predictors were rainfall

(43%), temperature (41%), and humidity (25%). The two models with the highest perfor-

mances were Neural Networks and Decision Trees (52%), followed by Support Vector

Machine (17%). We cannot rule out a selection bias in our study because of our two main

limitations: we did not include preprints and could not obtain the opinion of other interna-

tional experts.
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Bouzillé G, Campillo-Gimenez B, Cuggia M, et al.

(2022) Data-drivenmethods for dengue prediction

and surveillance using real-world and Big Data: A

systematic review. PLoS Negl Trop Dis 16(1):

e0010056. https://doi.org/10.1371/journal.

pntd.0010056

Editor: Victor S. Santos, Universidade Federal de

Alagoas - Campus Arapiraca, BRAZIL

Received: April 30, 2021

Accepted:December 6, 2021

Published: January 7, 2022

Copyright: © 2022 Sylvestre et al. This is an open

access article distributed under the terms of the

Creative Commons Attribution License, which

permits unrestricted use, distribution, and

reproduction in any medium, provided the original

author and source are credited.

Data Availability Statement: All relevant data are

within the manuscript and its Supporting

information files.

Funding: The author(s) received no specific

funding for this work.

Competing interests: The authors have declared

that no competing interests exist.

50

https://orcid.org/0000-0002-0593-1408
https://orcid.org/0000-0002-7901-5517
https://orcid.org/0000-0002-2329-5265
https://orcid.org/0000-0001-6943-3937
https://orcid.org/0000-0003-0117-3061
https://doi.org/10.1371/journal.pntd.0010056
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pntd.0010056&domain=pdf&date_stamp=2022-01-07
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pntd.0010056&domain=pdf&date_stamp=2022-01-07
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pntd.0010056&domain=pdf&date_stamp=2022-01-07
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pntd.0010056&domain=pdf&date_stamp=2022-01-07
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pntd.0010056&domain=pdf&date_stamp=2022-01-07
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pntd.0010056&domain=pdf&date_stamp=2022-01-07
https://doi.org/10.1371/journal.pntd.0010056
https://doi.org/10.1371/journal.pntd.0010056
http://creativecommons.org/licenses/by/4.0/


Conclusions/Significance

Combining real-world data and Big Data with machine learning methods is a promising

approach to improve dengue prediction and monitoring. Future studies should focus on how

to better integrate all available data sources and methods to improve the response and den-

gue management by stakeholders.

Author summary

Dengue is one of the most important arbovirus infections in the world and its public health,

societal and economic burden is increasing. Although the majority of dengue cases are

asymptomatic or mild, severe disease forms can lead to death. For this reason, early diagno-

sis and monitoring of dengue are crucial to decrease mortality. However, most endemic

regions still rely on traditional monitoring methods, despite the growing availability of

novel data sources and data-driven methods based on real-world data, Big Data, and

machine learning algorithms. In this systematic review, we identified and analyzed studies

that used these novel approaches for dengue monitoring and/or prediction. We found that

novel data streams, such as Internet search engines and social media platforms, and machine

learning methods can be successfully used to improve dengue management, but are still

vastly ignored in real life. These approaches should be combined with traditional methods

to help stakeholders better prepare for each outbreak and improve early responsiveness.

Introduction

Dengue virus (DENV) is an arbovirus transmitted to humans by Aedes aegypti or Aedes albo-

pictus female mosquitoes [1]. The incidence of dengue, the disease caused by DENV, has rap-

idly increased around the world in recent decades [2] due to population growth, urbanization,

increased travel, and insufficient vector control [3]. The World Health Organization (WHO),

considers dengue a major global public health challenge in the tropical and subtropical regions

[4]. Today, dengue is one of the most important vector-borne diseases in the world and recent

studies on its prevalence estimate that 3.9 billion people are at risk of transmission, with 390

million infections and 96 million symptomatic cases per year [1,5]. Although most infections

are asymptomatic or are characterized by intense flu-like symptoms that last up to 10 days [6],

severe forms of dengue hemorrhagic fever/dengue shock syndrome can also occur [7] and

might lead to death. Mortality due to dengue can be greatly reduced by early diagnosis, appro-

priate clinical management [3,7].

Most dengue-endemic regions (mainly South-East Asia, the Americas, and the Pacific

region) rely on traditional surveillance, based on hospital syndromic reporting and laboratory

confirmation of a subset of cases to a central health agency [3,8]. The method is very accurate,

but is hampered by its lack of responsiveness with substantial delays between a case and its

notification [8], which can limit the health system ability/rapidity to put in place appropriate

measures to avoid drastic consequences. Moreover, this traditional surveillance system is

expensive, due to the time needed to aggregate and manually validate data [9]. These limita-

tions have prompted researchers to investigate other solutions. Many studies have described

alternative methods, such as mobile, digital and Internet-based systems, to efficiently crowd-

source data from the community [3]. However, these approaches have not been translated yet
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into the standard dengue management practice. Yet, they are relevant for all dimensions of

dengue management, such as monitoring, clinical management, and dengue outbreak fore-

casting [3,8]. Over the years, scientists have developed statistical and machine learning models

to reduce the reporting delays and monitor new cases in almost real-time, but also to accu-

rately use non-traditional and non-clinical data sources (e.g. Internet search engines and social

media platforms) to predict communicable disease outbreaks [10–13], including dengue.

Many studies have proposed new strategies based on Big Data and machine learning models

to improve dengue outbreak management. However, recent systematic reviews only examined

the relevance and usefulness of Internet-based surveillance systems in emerging tropical dis-

ease management [8,14], and they did not focus specifically on dengue management. Further-

more, recent systematic reviews on dengue analyzed monitoring [15], vaccine efficacy [16],

epidemiological trends [17,18], the overall disease burden [19–21] and clinical prognosis mod-

els [22], but they did not discuss these new methods to improve dengue management.

Therefore, the first aim of this systematic review was to identify and describe all real-world

and Big Data-based methods used to monitor and predict/forecast dengue-related outcomes,

regardless of the region and/or population. The second aim was to analyze several features of

these studies, such as the data sources and their origin, the different outcome types (e.g. epide-

miological and clinical outcomes), the chosen statistical methods, and their performance and

variability based on the population and location.

Methods

This systematic review was performed following the “Preferred Reporting Items for Systematic

Reviews and Meta-Analyses” (PRISMA) guidelines [23]. Four reviewers (ES, CJ, AC and MC)

developed the systematic review protocol. The literature search was performed in September

2020. The study protocol was registered on the PROSPERO registry of systematic reviews (ID:

CRD42020172472).

Eligibility criteria

The review focused on studies that used real-world data, Big Data and/or machine learning

methods to monitor, predict and/or forecast dengue outbreaks or dengue-related outcomes

(clinical or epidemiological). Studies from any country (also regions outside endemic regions)

were included, without any language filter. Analyses could be performed on past or future data.

Inclusion criteria

• Dengue diagnosis based on the standard WHO definition [7] valid at the time of the study

• Studies on humans, regardless of age, sex, and disease severity

• Studies using real-world data (including Big Data) (i.e. data not collected in experimental

conditions) [24] for surveillance and/or prediction of dengue outbreaks.

Exclusion criteria

• Studies without original data, such as reviews, editorials, guidelines and perspectives articles

• Randomized control trials, case series, and case reports

• Descriptive epidemiological studies without any modeling

• Studies on other arbovirus types (e.g. chikungunya, Zika virus disease)
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• Studies exclusively on mosquitoes (without any human data) and in vitro studies

• Studies only on incidence using geographic information systems

Search methodology

Information sources and search strategy. The literature search was carried out in MED-

LINE (PubMed), Scopus andWeb of Science between January 1, 2000 and August 31, 2020 to

identify potentially eligible studies. MeSH terms and keywords were used to perform the que-

ries. First, the MeSH term “Dengue” was combined with several other MeSH terms (e.g. Data

mining, Big Data, Forecasting, Social media), using the Boolean operator AND. Then, a more

specific combination of keywords was used for all databases: i) Dengue AND [Monitoring OR

Surveillance] AND [Big Data OR Data mining OR Instagram OR Facebook OR Twitter OR

Tweets OR Google OR Baidu OR Google Trends OR Social media OR Social network OR

Internet], ii) Dengue AND [Prediction OR Forecasting ORModeling ORModelling] AND

[Big Data OR Data mining OR Instagram OR Facebook OR Twitter OR Tweets OR Google

OR Baidu OR Google Trends OR Social media OR Social network OR Internet], iii) Dengue

AND [Big Data OR Data mining OR Instagram OR Facebook OR Twitter OR Tweets OR

Google OR Baidu OR Google Trends OR Social media OR social network OR Internet].

Relevant articles were also searched in the grey literature, including French-language stud-

ies on HAL (Hyper Articles en Lignes) [25], which is an open archive where authors can

deposit scholarly documents from all academic fields, theses.fr [26], which is the French open

database for all ongoing and defended PhD theses in France, and the WHO Dengue Bulletin.

Finally, the references of the retained studies and of major dengue epidemiological review

articles were screened to identify studies overlooked by the previous search strategies.

Selection process. Two independent authors (ES and CJ) screened the title and abstract to

select relevant studies for the review. They read the full text of all studies that seemed to meet

the eligibility criteria, or if the abstract was not explicit enough to make a decision. In case of

disagreement, a third reviewer helped to reach a consensus (AC).

Quality assessment, data collection, extraction, and analysis. Two reviewers (ES and

CJ) extracted data from the selected articles, including first and last authors, year of publica-

tion, study period, objectives, study population, methodology, model performance and evalua-

tion, study site (S1 Text).

As reporting guidelines for machine learning models and real-world data studies are not

available, each reviewer independently performed a quality assessment using quality assess-

ment criteria described in previous review articles on these topics [27–29] (S1 Table). A narra-

tive synthesis of all eligible studies was prepared using the following framework: i) data

sources and outcomes, ii) statistical and machine learning methods, iii) evaluation metrics,

and iv) study results.

All descriptive analyses from the extracted articles were performed using R version 3.6.3 [30].

Results

Among the 2064 studies identified, 119 articles were included in this systematic review (Fig 1)

[31–148]. Although the search time window was from January 1, 2000, the first included stud-

ies were published in 2008, and 67% of the eligible articles were published between 2016 and

2020 (Fig 2). The study populations were predominantly from South-East Asia (37%) and

South America (22%). Among the 119 papers included, 77 (65%) were articles, and 42 (35%)

were conference papers. On the basis of the Web of Science “Research Area” and the Scopus

“Subject Area” classification, the topic of the selected articles were aggregated into eight
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categories and three main themes: i) Information Technology & Science (52% of all articles),

ii) Medicine (24%), and iii) Health Informatics, Public Health & Biology (24%) (Table 1). Con-

ference papers were mainly classified in the “Information Technology & Science” category

(39/42; 93%), whereas articles were more evenly distributed in the “Medicine” (28/77; 36%),

“Health Informatics, Public Health & Biology” (26/77; 34%) and “Information Technology &

Science” (23/77; 30%) themes (S2 Table). The complete list of all selected studies and their

characteristics are in S3 Table.

Data sources

All included studies, except one [68], used only retrospective data. Most articles had multiple

and heterogeneous data sources. The most conventional data sources were: government agen-

cies (n = 72, 46%) and medical institutions (e.g. hospitals/laboratories) (n = 30, 19%). The data

retrieved from these sources included epidemiological data, climate and environmental data

from meteorological departments, and clinical and biological data. Some studies also used

open access data from the WHO or from databases of published studies (S3 Table).

Among the included studies, 47/119 (39%) used at least one novel data stream, such as

Internet search engines and social networks [14]. Most of these studies (n = 41, 87%) were

published after 2015. Google was the most frequently used Internet search engine (n = 19

Fig 1. PRISMA Flow Diagram describing the screening process for the systematic review.

https://doi.org/10.1371/journal.pntd.0010056.g001
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studies) and Twitter the most frequently used social network (n = 18). Many studies based on

novel data streams were research articles (n = 33, 70%), but the main theme, regardless of the

study type (Conference paper or Article) varied depending on the data. Specifically, studies

based on Google data were classified homogeneously into the three main themes. Conversely,

studies that exploited social networks as data source were evenly distributed between Confer-

ence papers (n = 9) and Articles (n = 10), but only few of them were classified into the Medi-

cine theme (Table 2).

Most studies used structured data, but 41 (34%) studies had an unstructured data source,

such as Internet search-based queries or Twitter (Table 2). Among the 41 studies that used

unstructured data, 28 (68%) did not develop their own pre-processing methods for these data

sources, but simply used keywords related to their research. However, when studies used Natu-

ral-Language Processing (NLP)-based methods, they had a full pre-processing framework

based on the NLP state-of-the-art recommendations.

Overall, studies that used non-conventional data relied less frequently on clinical data. Con-

versely, studies that used human data relied mostly on traditional sources, such as weather and

environmental data. Moreover, genomic and vector data were vastly underused in combina-

tion with other sources, because only five studies using at least one of these sources were

included in this systematic review. Data sources are detailed in Table 2.

Fig 2. Number of publications on dengue prediction and/or surveillance published between January 1, 2000 and August 31, 2020.

https://doi.org/10.1371/journal.pntd.0010056.g002
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Statistical methods

The main aim of the included studies was to predict a dengue-related outcome (n = 65, 55%),

to assess the validity of data sources for dengue surveillance (n = 29, 24%), or both (n = 25,

21%). The most frequently chosen outcomes (for prediction and monitoring) were dengue

incidence rate (n = 58, 49%), dengue diagnosis based on symptoms (n = 20, 17%), and dengue

outbreaks (n = 18, 15%) (S4 Table).

Only one study [48] used NLP-based methods for dengue prediction or surveillance, but as

a pre-treatment step to extract and format data for modelling.

The model choice was related to the study objectives (prediction/forecasting or validity of a

data source for dengue monitoring). Overall, most studies compared the performances of dif-

ferent models and statistical methods. The most frequently used models, regardless of the

study aim(s), were regression-based models (25%), followed by decision-tree models (18%),

and artificial neural networks (15%). Most studies on dengue monitoring used correlation

analyses to identify relevant variables and/or data sources. Correlation methods (Pearson cor-

relation or Spearman correlation) were especially useful to assess the validity of novel data

streams, such as Twitter and Internet search engines. Most studies that included machine-

learning algorithms used supervised learning methods (69%). The models’ characteristics are

detailed in Table 3.

Table 1. Type, study population and themes of the selected studies.

n %

Study type 119

Article 77 65

Conference paper 42 35

Geographic region�

Americas

Caribbean 3 2

North America 3 2

South America 28 22

Asia

East Asia 16 13

South-East Asia 47 37

South Asia 27 21

Australia 1 1

Worldwide 2 2

Study main theme

Information Technology & Science 62 52

Computer Science 42 35

Engineering 10 8

Science & Technology—Other Topics 10 8

Medicine 28 24

Infectious Diseases & Tropical Medicine 20 17

Medicine—Other Topics 8 7

Health Informatics, Public Health & Biology 29 24

Biology 7 6

Medical Informatics 16 13

Public Health 6 5

�Some studies were carried out in more than one geographic regions

https://doi.org/10.1371/journal.pntd.0010056.t001
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To evaluate and assess the performance of the chosen statistical methods and/or models, 71

studies (60%) used a machine learning approach and partitioned their data into a training set

and a test set. Like for the models, the choice of evaluation metrics was closely related to the

study aim(s). All articles used at least one metric, and most of them more than one. Overall,

the most common metrics were based on a Confusion Matrix (53%), with Accuracy as the

most used metric, followed by Recall or Sensitivity. Correlation-based metrics were used in

37% of studies, especially correlation coefficients (Pearson or Spearman, depending on the

data source). The aim of most studies that used correlation metrics was to assess a data source

for dengue monitoring (n = 37, 84% of the 44 studies with correlation metric). Error-based

metrics were also commonly used (n = 35, 29% of all studies). Few studies used other metrics

(n = 22, 18% of all studies) and only 9 studies (8%) did not used at least one metrics falling into

the above categories. (Table 4).

Study results

Among the 54 studies on surveillance, 37 (68%) assessed novel data streams, such as Internet

search engines and social media, particularly Google (n = 16, 30%) and Twitter (n = 16, 30%).

The most common traditional data source evaluated was climate, environmental and geo-

graphic data (n = 13/54; 24%) (S5 Table). All studies found a statistically significant association

between the data source and the dengue-related outcome.

The aim of the studies on prediction (n = 90) could be categorized in two main groups: i)

comparing different models to predict a dengue-related outcome, and ii) finding the

Table 2. Data sources for dengue monitoring and prediction depending on the main theme.

Number of studies n(%)a Study main theme n (%)

IT Med PH

119 62 28 29

Traditional data sources

Epidemiological and demographic data 86 (72) 42 (68) 24 (86) 20 (69)

Clinical and biological data 33 (27) 20 (32) 3 (11) 10 (34)

Genomic sequence data 2 (1) 1 (2) 0 (0) 1 (3)

Climate, environmental and geographic data 45 (37) 26 (42) 12 (43) 7 (24)

Vector data 4 (3) 1 (2) 3 (11) 0 (0)

Novel data streams

Internet search engine data 25 (21) 8 (13) 11 (39) 6 (21)

Baidu 6 (5) 2 (3) 4 (14) 0 (0)

Google 19 (15) 6 (9) 7 (25) 6 (20)

Social media data 21 (17) 14 (22) 4 (14) 3 (10)

Twitter 18 (14) 12 (19) 4 (14) 2 (6)

Other 3 (2) 2 (3) 0 (0) 1 (3)

Other data sources 10 2 (3) 3 (11) 5 (17)

Cellphone 2 2 (3) 0 (0) 0 (0)

HealthMap 2 0 (0) 1 (3) 1 (3)

LeXisNexis 2 0 (0) 1 (3) 1 (3)

Political stability 1 0 (0) 0 1 (3)

Wikipedia 1 0 (0) 1 (3) 0 (0)

a As most studies used several data sources, some articles are present several times.

IT: Information Technology & Science; Med: Medicine; PH: Health Informatics, Public Health & Biology

https://doi.org/10.1371/journal.pntd.0010056.t002
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significant predictors among several covariates in a model. Twenty-two studies (24%) included

tried to respond to both aims.

The most significant predictors were rainfall (22 models, 43% of 51 studies), temperature

(21 models, 41% of 51 studies), and humidity (13 models, 25% of 51 studies). These predictors

were also the most frequent in studies to predict dengue incidence rates or dengue outbreaks.

Conversely, in studies on dengue diagnosis prediction, the most frequent predictors were fever

(4 models, 66% of 6 studies), arthralgia/myalgia (3 models, 50% of 6 studies), platelet count (2

models, 33% of 6 studies), and white blood cell count (2 models, 33% of 6 studies) (Table 5).

Overall, in studies comparing different models, neural networks and decision trees gave the

best performances and were the best models in 13 studies (52% of 54 studies), followed by sup-

port vector machine (9/54 studies, 17%). In studies to predict dengue incidence rates, regres-

sion-based models showed the highest performance (5/24 studies, 21%) (Table 6). The full list

of models and predictors, depending on the outcome, is provided in S5 Table.

Discussion

This systematic review showed that in the last 20 years, data-driven methods for dengue

monitoring and prediction have become very popular, particularly in Asia where 72% of the

included studies were performed. Very few studies were carried out outside Asia or the Ameri-

cas, which is to be expected, because these are the two biggest dengue-endemic regions and

70% of the actual dengue burden is in Asia [149–151]. Studies in African countries were

noticeably absent, although this continent also is a dengue-endemic region.

The most frequent data sources were conventional data traditionally used in dengue-related

studies, such as case counts, climate, environmental, and clinical data. However, this review

also highlighted the growing interest by the scientific community for novel Big Data streams

for dengue surveillance and prediction [14,33,39–41,43,49,51–53,56,60,65,66,69–71,75–77,79–

Table 3. Statistical methods and models used in the selected studies depending on the study aim�.

Statistical methods Prediction n (%) Surveillance a n (%) Prediction and surveillance n (%) Totaln (%)

Methods for statistical analysis 153 59 68 280

Machine learning methods 126 (82) 27 (46) 51 (75) 204 (73)

Supervised learning 121 (79) 21 (36) 50 (74) 192 (69)

Unsupervised learning 5 (3) 6 (10) 1 (1) 12 (4)

Other model types (including time series models) 25 (16) 9 (15) 4 (6) 38 (14)

Correlation 2 (1) 23 (39) 13 (19) 38 (14)

Models for analyses 151 36 55 242

Artificial neural networks 31 (21) 2 (6) 3 (5) 36 (15)

Association rules 3 (2) 1 (3) 0 (0) 4 (2)

Bayesian models 12 (8) 5 (14) 3 (5) 20 (8)

Clustering 5 (3) 5 (14) 1 (2) 11 (5)

Decision tree 35 (23) 2 (6) 6 (11) 43 (18)

Regression model 20 (13) 9 (25) 31 (56) 60 (25)

Support-vector machine 17 (11) 3 (8) 7 (13) 27 (11)

Time series 12 (8) 1 (3) 3 (5) 16 (7)

Other b 16 (11) 8 (22) 1 (2) 25 (10)

�As most studies used several models and/or statistical methods, some are listed several times.
a Studies evaluating a data source (traditional or novel data streams) for dengue monitoring
b Some models classified as “Other” are also included in the “Supervised learning” category

https://doi.org/10.1371/journal.pntd.0010056.t003
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Table 4. Evaluation metrics used in the selected articles depending on their aim(s)�.

Evaluation metrics Prediction n (%) Surveillance a n(%) Prediction and surveillance n(%) Total n(%)

Correlation metrics 8 22 18 48

Correlation coefficient 3 (38) 16 (73) 9 (50) 28 (58)

R-squared 4 (50) 5 (23) 9 (50) 18 (38)

Other correlation metric 1 (12) 1 (5) 0 (0) 2 (4)

Error-based metrics 34 2 21 57

Root mean square error 14 (41) 0 (0) 9 (43) 23 (40)

Mean absolute error 7 (21) 0 (0) 4 (19) 11 (19)

Mean absolute percentage error 4 (12) 0 (0) 3 (14) 7 (12)

Mean squared error 3 (9) 0 (0) 3 (14) 6 (11)

Other 6 (18) 2 (100) 2 (10) 10 (18)

Confusion matrix-based metrics 147 13 17 177

Accuracy 38 (26) 6 (46) 7 (41) 51 (29)

Recall/Sensitivity 32 (22) 2 (15) 3 (18) 37 (21)

Specificity 20 (14) 0 (0) 3 (18) 23 (13)

Precision/Positive predictive value 17 (12) 1 (8) 1 (6) 19 (11)

F-score 12 (8) 2 (15) 0 (0) 14 (8)

AUC and/or ROC curveb 16 (11) 1 (8) 3 (18) 20 (11)

Kappa statistic 5 (3) 0 (0) 0 (0) 5 (3)

Other 7 (5) 1 (8) 0 (0) 8 (5)

Other evaluation metrics 10 6 11 27

Number of articles using the evaluation metric 65 29 25 119

Correlation metrics 7 (11) 19 (66) 18 (72) 44 (37)

Error-based metrics 19 (29) 1 (3) 15 (60) 35 (29)

Confusion matrix-based metrics 47 (72) 9 (31) 8 (32) 64 (54)

Other evaluation metrics 8 (12) 6 (21) 8 (32) 22 (18)

�As studies used several metrics, some articles are listed more than once.
a Studies evaluating a data source (traditional data or novel data streams) for dengue monitoring
b AUC: Area Under the ROC Curve. ROC: Receiver Operating Characteristic

https://doi.org/10.1371/journal.pntd.0010056.t004

Table 5. Most significant predictors for the three most frequently studied outcomes.

Number of studies n (%) Dengue incidence rates n = 27 Dengue outbreaks n = 9 Dengue diagnosis n = 6

Significant predictors�

Rainfall 14 (52) 7 (78) 0 (0)

Temperature 14 (52) 6 (67) 0 (0)

Humidity 9 (33) 1 (11) 0 (0)

Mosquito-related predictor 0 (0) 2 (22) 0 (0)

Google search index 4 (15) 0 (0) 0 (0)

Baidu search index 3 (11) 0 (0) 0 (0)

Tweets 3 (11) 0 (0) 0 (0)

Fever 0 (0) 0 (0) 4 (66)

Arthralgia/myalgia 0 (0) 0 (0) 3 (50)

Platelet count 0 (0) 0 (0) 2 (33)

White blood cell count 0 (0) 0 (0) 2 (33)

Other 13 (48) 6 (67) 5 (83)

�Most studies found several significant predictors

https://doi.org/10.1371/journal.pntd.0010056.t005

PLOS NEGLECTED TROPICAL DISEASES Data-driven methods for denguemanagement using real-world data: A systematic review

PLOSNeglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0010056 January 7, 2022 10 / 22
59

https://doi.org/10.1371/journal.pntd.0010056.t004
https://doi.org/10.1371/journal.pntd.0010056.t005
https://doi.org/10.1371/journal.pntd.0010056


81,84,85,91,92,98,100,102,105,110–112,114,115,126,127,130,135–138]. Indeed, social media

and Internet search engines have become widely accessible worldwide, and therefore they rep-

resented the most popular novel data streams in the included studies. The easy access to these

sources facilitates the assessment of their influence on infectious disease surveillance and pre-

diction [152–154]. This is particularly true for neglected tropical diseases, such as dengue, Zika

virus disease and chikungunya, because of their reoccurrence and the massive increase of

their incidence in recent years [155,156]. Moreover, harnessing these novel data streams can

improve traditional dengue surveillance systems, because they allow the early detection of an

outbreak, and thus can decrease delays between the actual dengue outbreak onset and the offi-

cial case notifications [157,158]. In the case of dengue control, early response is especially

important because it can influence the outbreak severity.

Our analysis also identified the underutilization of some data sources. Genomic data and

vector-based data were exploited only in 6 of the 119 included studies [35,42,50,57,75,131],

despite the importance of vector surveillance in dengue. Moreover, studies using genomic data

were based only on human genome data, although scientists could easily access viral genome

sequencing data, for instance via the European Virus Archive—GLOBAL (EVAg) [159]. EVAg

aim is to offer access to viruses and to virus sequencing data (including dengue) to scientists,

government agencies and academic institutions. None of the included studies made use of

data provided by this archive. The lack of vector data is surprising because this type of infor-

mation is crucial in dengue monitoring studies[160,161]. However, we could not evaluate pub-

lication bias, especially in the case of underused data sources. As all included studies on the

pertinence of a data source found a significant association between the source and a dengue-

related outcome, we cannot exclude that some data sources were not underused, but rather

not relevant for dengue management. However, the nature of the underused data sources

could suggest that there is a dichotomy between data sources and the objectives of dengue

studies: the studies focus either on techniques for vector monitoring/prediction or on tech-

niques for human surveillance/prediction, but rarely on both. This dichotomy was also

observed within human surveillance and prediction studies. Specifically, health scientists

seemed to rely mainly on traditional data, whereas information technology researchers focused

more on non-traditional data (especially social networks). Thus, studies using hospital data for

dengue prediction rarely leveraged other data sources, such as climate data. Conversely, studies

based on non-traditional data sources rarely used human data, besides the official number of

dengue case counts. This might be explained by the fact that clinical data are often hard to

access for researchers, particularly outside the medical community, for legal and ethical rea-

sons. Furthermore, a substantial number of the selected papers were conference papers from

Table 6. Model with the best performance for the three most frequently studied outcomes.

Number of studies Dengue incidence rates n = 24 Dengue outbreaks n = 9 Dengue diagnosis n = 14

Best model

Artificial neural network 4 (17) 1 (11) 4 (29)

Decision tree 4 (17) 2 (22) 4 (29)

Support vector machine 4 (17) 1 (11) 4 (29)

Regression model 5 (21) 1 (11) 0 (0)

Time series 3 (12) 2 (22) 0 (0)

Bayesian models 2 (8) 0 (0) 0 (0)

Association rules 1 (4) 1 (11) 0 (0)

Clustering 0 (0) 0 (0) 1 (7)

Other 1 (4) 1 (11) 1 (7)

https://doi.org/10.1371/journal.pntd.0010056.t006
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Information Technology & Sciences Conferences rather than Medicine Conferences. This

might reflect the lack of interactions between research teams focused on prediction and/or

informatics and physicians and/or government agencies focused on infectious disease moni-

toring and management. Yet, this research field would greatly benefit from combining their

complementary approaches/expertise. Nevertheless, the most commonly studied outcomes in

these articles based on real-world data were dengue incidence rate, dengue outbreaks and den-

gue diagnosis because they need to assess the reliability of novel data streams compared with

traditional data sources. As most studies could demonstrate that these sources and methods

can complete traditional surveillance and prediction methods, stakeholders should be more

aware of these alternative methodologies and novel data streams, and reach out to these highly

specialized teams to optimize outbreak dynamic tracking and to improve data completeness

and prediction model accuracy.

Most of the included studies relied on machine learning methods, particularly super-

vised learning models, to assess traditional and also novel data streams. These models were

useful also for the analysis of traditional data sources, and allowed scientists to harness

non-structured data with NLP methods [40,43,48,49,51–53,56,60,65,66,69–71,73,76,77,79–

81,84,85,92,98,100,102,105,110–112,114,115,126,127,130,134–139]. Unsupervised learning

models were not the method of choice in most studies, possibly because these studies

wanted to identify relevant data sources and/or indicators for dengue monitoring and pre-

diction. Indeed, unsupervised learning tends to be used to identify clusters with similar

characteristics [162,163]. Studies that used these methods wanted to predict dengue diag-

nosis based on the patient clinical profiles or to assess the validity of novel data sources,

such as Twitter. Moreover, this approach for dengue research is fairly recent: with the

exception of one conference paper from 2011, all studies using unsupervised learning mod-

els were published after 2016. Similarly, most studies relying on NLP methods were pub-

lished rather recently, especially after 2017 (35 of the 42 studies with NLP methods). These

two observations suggest that unsupervised learning and NLP might become more promi-

nent in dengue research. It is important to note that despite the use of real-world data,

these statistical methods were employed to analyze only retrospective data (but for one

study), making their pertinence in real conditions difficult to assess.

Evaluation metrics are crucial in real-world data studies because they help to determine

whether the collected data are fit for the purpose (here, dengue surveillance and prediction)

and to assess data quality and bias [164]. Although most of the included prediction studies

used at least one of the gold standard metrics for information retrieval, such as precision (or

positive predictive value) and recall (or sensitivity) [165], several articles employed only error-

based metrics, such as root mean square error and mean absolute error. The choice of evalua-

tion metrics is obviously related to the study objective, but even studies where information

retrieval metrics could be calculated did not necessarily use them. Again, these methodological

choices might be explained by the discrepancy between health scientists who prefer “tradi-

tional” modeling evaluation metrics and information technology scientists who focus on infor-

mation retrieval metrics.

This study also highlighted that despite the variety of approaches to predict dengue out-

comes, some factors are constantly relevant, regardless of the study period or country, such as

weather-based predictors, artificial neural networks, and decision tree models. However, a

consensus on universal models and data sources has not been reached and will probably be

difficult to attain due to the complex nature of dengue transmission.

This review has two main weaknesses despite the systematic approach. First, we only

searched for published articles and did not look for preprints. Second, besides the experts

involved in this review, we could not obtain the opinion of other international experts due to
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the infectious disease context of 2020 (COVID-19 and dengue outbreaks in many regions).

Therefore, we may have missed relevant studies for the review. Finally, the definition of real-

world data can vary according to the stakeholders’ view. We had to choose one single defini-

tion for the reviewing process, but other definitions do exist. Therefore, we cannot rule out a

selection bias in our study.

Overall, this review showed that combining novel real-world and Big Data sources with

machine learning methods is a promising approach to improve dengue prediction and out-

break monitoring. These new approaches are especially relevant because they can help govern-

ment agencies and experts to better prepare for each resurgence and better manage outbreaks.

Their aim is not to replace existing systems, but to complement them, especially for reducing

delays between outbreaks and reporting. Future studies should focus on better integrating all

available data sources and methods to improve the stakeholders’ response and to better under-

stand dengue outbreaks.
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Chapitre 2 : Pertinence des sources de données de 

vie réelle dans la surveillance de la dengue 
 

Le chapitre précédent nous a permis d’identifier les sources de données potentiellement 

pertinentes dans la surveillance de la dengue. En particulier, il nous a permis d’identifier la 

sous-identification des données vectorielles dans ce genre d’études et l’intérêt des données 

issues de moteurs de recherche tels que Google. 

Cependant, cette revue systématisée nous a aussi montré que la plupart des études évaluant 

l’apport des données de vie réelle dans la dengue ont été réalisées en Asie, et quasiment aucune 

d’entre elles n’avait été réalisée dans la Caraïbe. Une grande partie des pays et territoires de la 

région sont des îles et sont donc beaucoup plus petits que les régions ayant déjà évalué ces 

méthodes. Or, l’utilisation des données de Google demande un volume minimal afin d’être 

exploitables.  

Nous souhaitions donc évaluer la pertinence de ces sources, et en particulier pour Google, les 

éventuelles adaptations méthodologiques à mettre en place pour un petit territoire tel que la 

Martinique ou les îles voisines. Nous souhaitions également évaluer leur capacité potentielle à 

anticiper les épidémies, en réduisant les délais de notifications de cas. 

Cette étude a montré que les données du PMSI, les interventions entomologiques 

hebdomadaires de l’équipe de démoustication et les recherches de mots clés associés à la 

dengue dans Google étaient corrélées à l’augmentation du taux de positivité des PCR dengue 

et précédaient cette augmentation entre 2 et 5 semaines selon les sources. 

 

Synthèse 
Les données vectorielles sont sous-utilisées dans les études de surveillance 
syndromique de la dengue. Par ailleurs, la plupart des études existantes sont 
réalisées dans des grands territoires avec des volumes de données importants. 

C’est pour cela que nous avons évalué la pertinence de différentes sources 
de données de vie réelle pour la surveillance de la dengue (y compris les 
données de surveillance vectorielle) dans un petit territoire tel que la 
Martinique. 

Ce travail a fait l’objet d’un article soumis à JMIR Public Health and 
Surveillance. 
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Article 4 : Combining heterogenous real-world data sources to 

monitor dengue fever in Martinique 

Ma contribution à cette étude a été d’intégrer les données, selon un modèle de données commun, 

de définir la méthodologie d’évaluation de ces données et de les analyser.  
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Combining heterogenous real-world data sources to 

monitor dengue fever in Martinique 

 

Abstract 
Background: Traditionally, dengue prevention and control rely on vector control 

programs and reporting of symptomatic cases to a central health agency. However, case 

reporting is often delayed, and the true burden of dengue disease is often underestimated. 

Moreover, some countries do not have routine control measures in place for vector control. 

Therefore, researchers are constantly assessing novel sources of data to improve traditional 

surveillance systems. These studies are mostly carried out in big territories, and rarely in 

smaller endemic regions, such as Martinique and the Lesser Antilles.  

 

Objective: The aim of this study was to determine whether heterogenous real-world data 

sources could help to reduce reporting delays and improve dengue monitoring in 

Martinique island, a small endemic region. 

 

Methods: Heterogenous data sources (hospitalization data, entomological data, and 

Google Trends) and dengue surveillance reports for the last 14 years (January 2007 to 

February 2021) were analyzed to identify associations with dengue outbreaks and their 

time lags.  

 

Results: Dengue hospitalization rate was the variable most strongly correlated with the 

increase in dengue positivity rate by RT-PCR (Pearson’s correlation coefficient = 0.70) 

with a time lag of -3 weeks. Weekly entomological interventions also were correlated with 

the increase in dengue positivity rate by RT-PCR (Pearson’s correlation coefficient =  0.59) 

with a time lag of -2 weeks. The most correlated query from Google Trends was the 

“Dengue” topic restricted to the Martinique region (Pearson’s correlation coefficient =  

0.637) with a time lag of -3 weeks. 

 

Conclusions: Real-word data are valuable data sources for dengue surveillance in smaller 

territories. Many of these sources precede the increase of dengue cases of several weeks, 

and therefore can help to improve the ability of traditional surveillance systems to provide 

an early response in dengue outbreaks. All these sources should be better integrated to 

improve the early response to dengue outbreaks, and vector-borne diseases in general, in 

smaller endemic territories. 

 

Keywords: dengue; surveillance; real-word data; Big Data; Caribbean; dengue-endemic 

region  
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Introduction 

Dengue is one of the most important vector-borne diseases in the world with 390 million 

infections, 96 million symptomatic cases, and 20,000 estimated deaths per year in more 

than 125 countries [1,2]. The disease is mostly endemic in tropical and sub-tropical regions 

(i.e., South-East Asia, the Americas, and the Pacific) with 4 billion people at risk [3]. In 

Latin America and the Caribbean, morbidity and mortality have increased from 400,519 

cases and 92 deaths in 2000 to more than 3,1 million cases and 1,534 deaths in 2019 [4,5]. 

Dengue prevention and control in these regions rely on two main approaches: vector 

control programs and traditional surveillance, based on passive detection of symptomatic 

cases (inpatient and outpatient) [4,6]. Although both approaches are effective, they are 

expensive and suffer from delays between case occurrence and case reporting. 

Furthermore, some countries do not have routine control measures for vector control [7], 

and national epidemiological surveillance systems tend to underestimate the true burden of 

dengue disease [8]. 

In Martinique, a French overseas territory in the Lesser Antilles, health authorities have 

launched the “Monitoring, warning and management of dengue outbreaks program” 

(Programme de surveillance, d’alerte et de gestion des épidémies de dengue, PSAGE) in 

which vector control and traditional surveillance are combined. PSAGE identifies five 

main stages in dengue outbreaks: i) sporadic transmission, ii) dengue clusters with or 

without an epidemiological link, iii) epidemic risk when the number of symptomatic cases 

is above the expected threshold, iv) dengue outbreak, and v) back to normal. Vector 

surveillance still plays a role in this system; however, the change of PSAGE stage is mainly 

based on the number of symptomatic cases identified by general practitioners who are part 

of the French Sentinel Network surveillance system [9,10]. 

Surveillance systems are a key public health tool to detect early cases of emerging 

infectious diseases, to prevent outbreaks [11] among populations, and to put in place 

measures to reduce transmission [12]. Traditional surveillance systems are often expensive 

due to the time and resources required to process the data collected from public health 

networks [13]. To improve these systems and reduce the delay between diagnosis and 

reporting, researchers have been evaluating novel data sources, especially real-world data 

(i.e., data not collected in experimental conditions [14]) such as emergency department 
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visits, mobile data, or Internet-based systems [15–18]. So far, most of these studies have 

been carried out in large territories or countries, such as Brazil or Mexico [19,20]. 

The aim of this study carried out in Martinique was to investigate whether heterogenous 

real-world data sources could help to reduce reporting delays and improve dengue 

monitoring in a smaller endemic region. 

 

Methods 

Data sources 

We used several sources of data that were routinely collected during the study period (from 

January 1, 2007, to February 28, 2021): epidemiological surveillance reports from the 

French national Public Health Agency (Santé Publique France), reimbursement claims, 

laboratory data from Martinique University Hospital, entomological data from the 

Martinique Mosquito Control and Entomology Research Center (Centre de 

Démoustication et de Recherche en Entomologie, CEDRE), and Relative Search Volumes 

(RSV) from Google Trends. All used data were anonymous. 

 

Epidemiological surveillance data 

We obtained weekly dengue surveillance reports from the French Public Health Agency. 

These reports are based on data collected by general practitioners from the French Sentinel 

Network. They also provide the official start and end dates of each dengue outbreak, and 

the weekly PSAGE stage during the outbreak. These reports are not continuously 

published, but only if the dengue risk level is above stage 1 (i.e., the baseline stage). 

 

Clinical and laboratory data 

We obtained i) inpatient data (age and diagnoses associated with dengue disease or dengue 

symptoms, see below), ii) administrative data (outpatient medical consultations, 

hospitalizations, and Emergency department visits), and iii) laboratory data: dengue virus 

(DENV) detection by reverse transcription-real time  polymerase chain reaction (RT-PCR).  
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All included diagnoses were coded using the French version of the International 

Classification of Diseases, 10th edition (ICD-10), and were: 

- Dengue or severe dengue 

- Possible coding errors associated with dengue: fever, unspecified viral hemorrhagic 

fever 

- Severity symptoms: hemorrhage, shock, dehydration 

- Thrombocytopenia 

- Hepatic symptoms: hepatitis, hepatomegaly, hepatic failure, elevation of 

transaminase 

- Neurologic symptoms: encephalitis, encephalopathy 

We selected these diagnoses with the help of infectious disease physicians. The relevant 

ICD-10 codes are listed in Multimedia Appendix 1. 

For the laboratory data, we used the DENV positivity rate by RT-PCR. Laboratory results 

concerned both inpatients and outpatients because the Martinique University Hospital is 

the reference center for DENV screening by RT-PCR in Martinique. 

 

Entomological data 

We used data from the CEDRE surveillance database, such as the weekly number of 

entomologic interventions and where they were carried out. This agency manages 

entomological surveillance and vector-control in Martinique and collects data on each of 

their intervention. 

 

Google relative search volumes 

We used data from Google Trends [21] that provides real-time and archived information 

on Google queries from 2004 onwards. These queries are normalized by Google as RSV 

by dividing the total search volume for a query in a geographical location by the total 

number of queries in that region at a given point in time [22]. We used this tool to retrieve 

information on online interest for keywords associated with dengue during our selected 

time frame (January 2007 to February 2021). We based our methodology to retrieve 

Google Trends data on previously published methodology frameworks indicating that 
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Google Trends data should be retrieved for exactly the same period as the other data under 

study, and as a single dataset rather than as individual queries for each year [23]. As data 

for our study period were only available in monthly intervals, we considered that the 

interest was constant over each week of the month for each query.  

For data retrieval, we selected the relevant keywords with experts in the field. Normally, 

all spelling variations should be included in the research to limit the risk of missing data. 

However, in our case, combining all possible spelling variants of some keywords in a single 

query was impossible and an error message from Google indicated that the available data 

were not enough. Nevertheless, we could retrieve results using the “topic” option from 

Google that includes various keywords associated with a category. 

As Martinique (and the other islands in the Lesser Antilles) are small regions, we tried two 

strategies to explore the geographic region of our keywords: we selected “Martinique” as 

the region in the tool, and we added “Martinique” as a keyword in our query, with the 

region selected as “worldwide”. Moreover, we selected our keywords in three different 

languages (French, English, and Spanish) because the Lesser Antilles are a multilingual 

region.  

 

Data processing  

Most of the information in the CEDRE database was unstructured. Therefore, we used rule-

based natural language processing methods to process the data and extract the relevant 

information for our study, especially to address standardization. 

 

Statistical analysis 

Between 2007 and 2021, four dengue outbreaks were recorded in Martinique: from August 

20, 2007 to January 14, 2008; from February 22, 2010 to October 25, 2010; from July 22, 

2013 to April 14, 2014, and from November 18, 2019 to February 8, 2021. The fourth 

dengue outbreak was the biggest in Martinique in the last 20 years. 

During the same period there was one chikungunya outbreak in 2014, one Zika virus 

outbreak in 2016, the first coronavirus disease 2019 (COVID-19) wave in March 2020, and 
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the second COVID-19 wave from September to December 2020. The last dengue outbreak 

was concomitant with the second COVID-19 wave. Therefore, the PSAGE stages did not 

vary much over the years, which makes difficult to study correlations with this categorical 

variable. Therefore, we needed to find a good continuous estimator for times-series 

analyses. To this aim, we assessed the DENV RT-PCR positive rate performance for 

PSAGE stage prediction. First, we divided the RT-PCR data between a training set and a 

test set, and then evaluated the performance of a logistic regression model to predict the 

PSAGE stages. The metrics used were accuracy, specificity, precision, recall, F-Score, 

Area Under Curve (AUC), and Receiver Operating Characteristic (ROC) curve. Then, to 

investigate the association between RT-PCR positive rate and each data source we plotted 

their time series. Lastly, for each source, we estimated the Pearson correlation coefficient 

(r) and the cross-correlations between the weekly data and the DENV RT-PCR positive 

rate. We performed all statistical analyses with R version 4.1.0 [24]. 

 

Results 

RT-PCR positive rate performance 

The performance of the DENV RT-PCR positive rate to predict the PSAGE stage was 

good, particularly for predicting the sporadic transmission (stage 1) and the outbreak stages 

(stage 4) (see metrics in Table 1).  

Table 1. DENV RT-PCR positive rate and PSAGE stage prediction 

Metrics PSAGE stage 

1 or 5 
PSAGE stage 2 PSAGE stage 3 PSAGE stage 4 

Accuracy 0.787 0.878 0.953 0.867 

Specificity 0.509 1 1 0.944 

Precision 0.786 NAa NAa 0.65 

Recall 0.929 0 0 0.50 

F-score 0.852 NAa NAa 0.565 

AUCb 0.787 0.594 0.791 0.889 

a Not enough data available to build a prediction model for these stages 
b Area Under the Curve 
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Hospital data 

We normalized all hospital data to plot the time series in order to take into account the 

different scales. As children and adults can be affected differently depending on the dengue 

infection type (primary versus secondary), we stratified our datasets based on the ward type 

(adult or pediatric). 

Administrative data 

We normalized all administrative data as follows: 

𝑦 =
(𝑥 − min(𝑥))

(max (𝑥) − min(𝑥))
 

 

where 𝑥 is the weekly number of hospitalizations/consultations/emergency visits, min the 

minimum and max the maximum values observed in the dataset. 

 

Adult hospitalizations and emergency department visits were significantly associated with 

the DENV RT-PCR positive rate. We also observed a significant cross-correlation, at -3 

and -5 weeks, indicating that the increase in emergency department visits preceded the 

increase in DENV RT-PCR positive rate by 3 to 5 weeks. Table 2 shows the correlations 

and cross-correlations between administrative data and DENV detection rate by RT-PCR. 

 

Table 2. Correlations and cross-correlations between administrative data and DENV 

RT-PCR positive rate 

Data Correlation P-value Confidence 

interval 

Max cross-

correlationa 

Time 

lagb  

      

Hospitalizations      

Total  -0.066 .07 [-0.137;0.006] -0.091 -5 weeks 

Adults  -0.095 .0099 [-0.165; -0.023] -0.097 -2 weeks 

Children  0.067 .06 [-0.004;0.139] 0.118 -8 weeks 

      

Emergency 

department visits 

     

Total  0.111 .0024 [0.039;0.181] 0.169 -5 weeks 

Adults 0.181 P<.001 [0.11;0.25] 0.216 -3 weeks 

Children  0.046 .21 [-0.025;0.118] 0.107 -5 weeks 

      

Consultations      
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Total  -0.065 .08 [-0.137;0.007] -0.067 -2 weeks 

Adults  -0.061 .09 [-0.133;0.0105] -0.097 -5 weeks 

Children  -0.046 .21 [-0.118;0.026] -0.087 -5 weeks 
a Maximum cross-correlation 
b Time lag that results in the maximum cross-correlation 

 

Inpatient data 

We normalized the inpatient data as the percentage of each diagnosis among all diagnoses 

for that year. The percentage of dengue diagnoses among inpatients was significantly 

associated with the increase in DENV RT-PCR positive rate. We also detected a significant 

cross-correlation, at the time lag of -3 weeks, indicating that the increase in dengue 

diagnoses among hospitalized people preceded the increase in DENV RT-PCR positive 

rates by 3 weeks (Table 3). 

 

Table 3. Correlations between dengue diagnoses inpatients and DENV RT-PCR 

positive rate 

Data Correlation P-value Confidence 

interval 

Max cross-

correlationa 

Time 

lagb  

      

Percentage of 

dengue diagnoses   

   

Total 0.704 P<.001 [0.665;0.738] 0.710 -3 weeks 

Adults 0.698 P<.001 [0.659; 0.733] 0.703 -3 weeks 

Children 0.672 P<.001 [0.631;0.701] 0.675 -3 weeks 
a Maximum cross-correlation 
b Time lag that results in the maximum  cross-correlation 

 

Concerning dengue-related symptoms, thrombocytopenia and liver involvement in adults 

and in children were associated with DENV RT-PCR positive rate. The significant cross-

correlation, at time lags ranging between -2 and -5 weeks, indicated that the increase in 

thrombocytopenia and liver dysfunction signs preceded the increase in DENV RT-PCR 

positive rates by 3 to 5 weeks (Table 4). 
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Table 4. Correlations between dengue symptoms among inpatients and dengue RT-

PCR positive rate 

Data Correlation P-value Confidence interval Max cross-

correlationa 

Time 

lagb  

      

Symptoms      

Total  0.077 .035 [0.005;0.148] 0.081 -4 weeks 

Adults 0.071 .054 [-0.001;0.142] 0.071 0 weeks 

Children  0.093 .011 [0.021;0.16] 0.127 -4 weeks 

      

Coding errors      

Total -0.096 .009 [-0.167;-0.024] -0.098 -1 week 

Adults -0.072 .050 [-0.143;-1.12 x 10-4] -0.086 -2 weeks 

Children -0.043 .236 [-0.115;0.0285] -0.043 0 weeks 

      

Symptom severity      

Total  0.105 .004 [0.033;0.175] 0.105 0 weeks 

Adults 0.068 .065 [-0.004;0.139] 0.068 0 weeks 

Children 0.263 P<.001 [0.195;0.329] 0.279 -4 weeks 

      

Thrombocytopenia      

Total  0.281 P<.001 [0.213;0.346] 0.289 -2 weeks 

Adults 0.235 P<.001 [0.166;0.302] 0.242 -2 weeks 

Children 0.269 P<.001 [0.201;0.335] 0.288 -4 weeks 

      

Liver dysfunction 

symptoms    

  

Total  0.152 P<.001 [0.081;0.222] 0.179 -5 weeks 

Adults  0.123 P<.001 [0.0517;0.193] 0.153 -5 weeks 

Children 0.152 P<.001 [0.081;0.222] 0.147 -5 weeks 

      

Neurologic symptoms      

Total -0.028 .438 [-0.100;0.0435] -0.061 -7 weeks 

Adults -0.045 .216 [-0.117;0.0265] -0.068 -7 weeks 

Children 0.029 .426 [-0.0427;0.101] 0.034 -6 weeks 
a Maximum cross-correlation 
b Time lag that results in the maximum cross-correlation 

 

The weekly hospitalization rates for dengue and thrombocytopenia during the study period 

are shown in Figure 1. 
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Figure 1. Weekly hospitalization rates for dengue and thrombocytopenia during the 

different PSAGE stages from January 2007 to February 2021.  
Blue curves: weekly hospitalization rates for the indicated ICD-10 diagnoses. Green areas: PSAGE 

stage 2 (i.e. dengue clusters). Yellow areas: PSAGE stage 3 (epidemic risk). Red areas: PSAGE 

stage 4 (dengue outbreak). Red dashed lines: official dates of the dengue outbreaks that are decided 

retrospectively by the French Public Health Agency at the end of each outbreak. 

 

Entomological data 

The weekly number of entomological interventions was significantly (p=4.12 x 10-7) 

associated with DENV RT-PCR positive rate (r=0.591; 95% CI, 0.542-0.636). They were 

also significantly cross-correlated (0.627 at -2 weeks), indicating that their increase 

preceded the increase in DENV RT-PCR positive rate by 2 weeks. 

We did not find any significant correlation or cross-correlation between the intervention 

zones and the RT-PCR positive rate. 
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Google Relative Search Volumes 

Several Google keywords were significantly associated with the DENV RT-PCR positive 

rate. Overall, this association was stronger for the simplest combination of keywords,  

without spelling variations, especially for the keywords “dengue symptoms”. We could not 

assess some keyword combinations because of the lack of data. Furthermore, when Google 

Trends provided “Topics”, the results outperformed those obtained using manual 

combinations of keywords that included spelling, language, or accent variations. Keywords 

not restricted to the geographical region of “Martinique” (by using the Geographical region 

feature or by adding the keyword “Martinique” to the query) were not significantly 

associated with the DENV RT-PCR positive rate. We obtained the strongest significant 

cross-correlation using the topic “dengue” in the Martinique region (0.643 at the time lag 

of -3 weeks). This indicated that that an increase of queries for this term in the Martinique 

region preceded the increase in DENV RT-PCR positive rate by 3 weeks (Table 5). 

Conversely, we did not find any significant cross-correlation within meaningful time lag 

values for the term “mosquito” and its different spelling and language variations. All 

correlations between Google Trends keywords and DENV RT-PCR positive rates are listed 

in Multimedia Appendix 2. 

 

Table 5. Strongest correlations between Google Trends keywords and DENV RT-

PCR positive rate 

Keywords 
Correlation P-value Confidence 

interval 

Max cross-

correlationa 

Time lagb  

      

Dengue      

Keywords “dengue” + 

dingue” and region: 

Martinique 

0.597 

P<.001 

[0.548;0.641] 0.598 - 1 week 

Keywords “dengue” + 

“martinique” 
0.534 

P<.001 
[0.480;0.583] 0.611 - 6 weeks 

Dengue Topic and 

region Martinique 
0.637 

P<.001 
[0.591;0.677] 0.643 - 3 weeks 

      

Dengue symptoms      

Keyword “symptome 

dengue” and region 

Martinique 

0.412 P<.001 [0.351;0.47] 0.435 -3 weeks 
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Mosquito      

Keyword “mosquito” 

with various French 

spellings and region: 

Martinique 

0.200 P<.001 [0.130;0.268] 0.200 0 weeks 

      

Aedes      

Keywords “aedes” and 

region Martinique 
0.339 

P<.001 
[0.273;0.401] 0.369 -3 weeks 

Aedes topic and region 

Martinique 
0.214 

P<.001 
[0.591;0.677] 0.304 -7 weeks 

a Maximum cross-correlation 
b Time lag that results in the maximum cross-correlation 

 

The weekly estimates for non-hospital data during the study period are displayed in Figure 

2. 

 

Figure 2. Weekly estimates for the indicated non-hospital data during the different 

PSAGE stages from January 2007 to February 2021.  
Blue curves: weekly estimates for the strongest correlated Google keywords and for entomological 

interventions. Green areas: PSAGE stage 2 (dengue clusters). Yellow areas: PSAGE stage 3 

(epidemic risk). Red areas: PSAGE stage 4 (dengue outbreak). Red dashed lines: official dates of 

the outbreaks that are decided retrospectively by the French Public Health Agency at the end of 

each outbreak. 
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Discussion 

Principal results 

This study demonstrates the great potential of real-world data for dengue outbreak 

monitoring. It indicates that multiple heterogenous data sources, such as clinical data, 

vector data and novel Big Data streams, should be leveraged simultaneously because they 

all can play a role in improving traditional dengue surveillance systems. Moreover, some 

data, such as the weekly hospitalization rates for thrombocytopenia, the weekly number of 

entomological interventions and Google keywords, were not only significantly correlated 

with the weekly DENV RT-PCR positive rates, but their increase preceded the increase in 

RT-PCR positive results by 2 to 4 weeks. 

Previous studies have already investigated the role of entomological data[25], 

inpatient data[26], and Internet data streams [27] in dengue management, but few have 

assessed all these data sources simultaneously. Here, we found that they should all be 

considered together, rather than individually. Vector-based data tend to be underused [28], 

despite their central place in dengue surveillance, although we observed a rather strong 

correlation between the number of weekly entomological interventions and the increase in 

DENV RT-PCR positive rates. Therefore, they should be better integrated in the dengue 

surveillance system to improve its efficiency because both clinical surveillance and vector-

based surveillance are essential for optimal dengue management [29]. The role of Internet 

search engines in dengue surveillance has been frequently addressed in the last few years 

[30,31], but most studies were carried out in Asia and in bigger American countries, such 

as Mexico and Brazil [19,20]. Here, we found that even in Martinique, a smaller territory 

with a smaller population and thus, with a lower data volume from Internet data streams, 

Google queries were still correlated with the increase of DENV RT-PCR positive rates. 

This means that they also can be used as part of the surveillance systems across the islands 

of the Lesser Antilles. However, the methodology framework [23] still needs to be adapted 

to the size of these territories, and the simplest keywords and Google topics, when 

available, should be preferred rather than multiple spelling variations. With these small 

adaptations, we propose a way to offset the limitations related to smaller territories in order 

to use Internet data streams also in this context because their interest in emerging disease 

surveillance has been demonstrated in previous studies [32,33]. Finally, dengue 
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hospitalizations and the symptoms associated with severe dengue cases (thrombocytopenia 

and liver dysfunction symptoms) should be closely monitored in inpatients, especially in 

children, because they tend to precede the increase of DENV RT-PCR positive rate by 

several weeks. 

Our study also highlighted homogenous time lags across the different data sources, 

despite their heterogeneity. This further demonstrates the importance of considering them 

globally rather than individually, although some of these correlations were moderate. The 

capacity to identify variables that precede the increase of DENV RT-PCR positive rate is 

very relevant in dengue management because a rapid and early response can influence the 

outbreak severity [18]. 

 

Limitations 

Our method is promising but has some limitations. First, we did not include climate 

data in our study because not enough data were available for our time frame. Several studies 

demonstrated the role of climate data (especially specific variables, such as temperature, 

humidity, and rainfall) for dengue surveillance, but they were mostly carried out in Asian 

countries [34,35] or South America [36,37]. The few studies in the Caribbean region 

showed the role of rainfall and temperature in increasing the risk of dengue outbreaks, but 

with time lags varying between 7 weeks and 5 months [38,39], which is longer that  the 

time lags we found for the other data sources. Nevertheless, this data source could have 

been relevant. 

Second, our laboratory data did not include private-sector biology laboratories 

because they did not use RT-PCR techniques before the COVID-19 pandemic in 2020. 

Before this date, dengue diagnosis in private-sector laboratories was based on NS1 antigen 

detection and needed sometimes to be confirmed by the more sensitive RT-PCR test at the 

hospital laboratory. It should be noted that the weekly number of DENV RT-PCR tests 

increased over time. Therefore, we used the weekly positive rate and not the weekly 

number of RT-PCR tests. Likewise, the WHO dengue case classification and the guidelines 

for hospitalization changed during the study period [40], and this may have influenced the 

results. Nevertheless, the rate of hospitalized patients with a dengue diagnosis was the 

variable more strongly correlated with the DENV RT-PCR positive rate in our study.  
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Third, concerning the entomological data, we only studied the correlation between 

the weekly number of interventions and the increase of DENV RT-PCR positive rate, but 

we did take into account the number of mosquito clusters (i.e. several clusters can be 

detected during one intervention). We focused on the simplest variable because vector 

control programs vary among the countries of this region [4,6], and we wanted to develop 

a common approach for all Caribbean territories. Furthermore, as entomological 

interventions tend to increase during outbreaks, we cannot rule out the influence of these 

practices on our results. Nevertheless, we could show that entomological interventions 

precede the increase of DENV RT-PCR positive rate by 2 weeks. 

Our approach does not intend to replace the traditional monitoring systems based 

on syndromic surveillance, but to reduce the delays in these systems by leveraging data 

that are already routinely collected. These new data sources are readily available and can 

be easily implemented in the already existing surveillance systems with minimal costs and 

training. However, their ability to predict future dengue outbreaks need to be thoroughly 

assessed, especially in smaller territories in the Lesser Antilles. 

 

Conclusions 

Our study shows that real-word data are valuable data sources for dengue surveillance in 

Martinique. Several heterogenous data sources are relevant, from clinical data to vector 

control data and Google Trends data. Their increase precedes the increase of dengue cases 

of several weeks, and therefore, they can help to improve traditional surveillance systems 

in order to provide an early response to dengue outbreaks. By improving the integration of 

many different sources, we might better respond to dengue outbreaks in endemic regions, 

and also to other types of vector-borne diseases, such as Zika and chikungunya. 
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CEDRE: Centre de Démoustication et de Recherche en Entomologie, CEDRE 

COVID-19: Coronavirus disease 2019 

DENV: Dengue virus  

ICD-10: International Classification of Diseases, 10th edition 

PCC: Pearson’s Correlation Coefficient 

PSAGE: Programme de surveillance, d’alerte et de gestion des épidémies de dengue 

ROC Curve: Receiver Operating Characteristic Curve 

RSV: Relative Search Volumes 

RT-PCR: Real-Time reverse transcriptase Polymerase Chain Reaction  

 

Multimedia Appendix 1 

ICD-10 codes of the selected diagnoses for inpatient data. 

Multimedia Appendix 2 

Correlations between Google Trends keywords and DENV RT-PCR positive rate 

 

References 

1.  Bhatt S, Gething PW, Brady OJ, Messina JP, Farlow AW, Moyes CL, Drake JM, 

Brownstein JS, Hoen AG, Sankoh O, Myers MF, George DB, Jaenisch T, Wint 

GRW, Simmons CP, Scott TW, Farrar JJ, Hay SI. The global distribution and burden 

of dengue. Nature 2013 Apr 25;496(7446):504–507. PMID:23563266 

2.  Stanaway JD, Shepard DS, Undurraga EA, Halasa YA, Coffeng LE, Brady OJ, Hay 

SI, Bedi N, Bensenor IM, Castañeda-Orjuela CA, Chuang T-W, Gibney KB, Memish 

ZA, Rafay A, Ukwaja KN, Yonemoto N, Murray CJL. The Global Burden of 

Dengue: an analysis from the Global Burden of Disease Study 2013. Lancet Infect 

Dis 2016 Jun;16(6):712–723. PMID:26874619 

3.  Brady OJ, Gething PW, Bhatt S, Messina JP, Brownstein JS, Hoen AG, Moyes CL, 

Farlow AW, Scott TW, Hay SI. Refining the global spatial limits of dengue virus 

transmission by evidence-based consensus. PLoS Negl Trop Dis 2012;6(8):e1760. 

PMID:22880140 

4.  Torres JR, Orduna TA, Piña-Pozas M, Vázquez-Vega D, Sarti E. Epidemiological 

Characteristics of Dengue Disease in Latin America and in the Caribbean: A 

Systematic Review of the Literature. J Trop Med 2017;2017:8045435. 

PMID:28392806 

5.  Dengue - PAHO/WHO | Pan American Health Organization [Internet]. [cited 2022 

Feb 7]. Available from: https://www.paho.org/en/topics/dengue 

90



18 

6.  Cafferata ML, Bardach A, Rey-Ares L, Alcaraz A, Cormick G, Gibbons L, Romano 

M, Cesaroni S, Ruvinsky S. Dengue Epidemiology and Burden of Disease in Latin 

America and the Caribbean: A Systematic Review of the Literature and Meta-

Analysis. Value Health Reg Issues 2013 Dec;2(3):347–356. PMID:29702769 

7.  H G-D, Jr W. Dengue in the Americas: challenges for prevention and control. 

Cadernos de saude publica [Internet] Cad Saude Publica; 2009 [cited 2022 Jan 25];25 

Suppl 1. PMID:19287863 

8.  Shepard DS, Undurraga EA, Betancourt-Cravioto M, Guzmán MG, Halstead SB, 

Harris E, Mudin RN, Murray KO, Tapia-Conyer R, Gubler DJ. Approaches to 

refining estimates of global burden and economics of dengue. PLoS Negl Trop Dis 

2014 Nov;8(11):e3306. PMID:25412506 

9.  Dussart DOF, Gustave10 J, Lagathu G, Koulman11 L, Lordinot ML, Martial J, 

Nadeau Y, Quatresous12 I, Quenel P, Rosine J. PROGRAMME DE 

SURVEILLANCE, D’ALERTE ET DE GESTION DES EPIDEMIES DE DENGUE 

(PSAGE DENGUE) EN MARTINIQUE.  

10.  Flahault A, Blanchon T, Dorléans Y, Toubiana L, Vibert JF, Valleron AJ. Virtual 

surveillance of communicable diseases: a 20-year experience in France. Stat Methods 

Med Res 2006 Oct;15(5):413–421. PMID:17089946 

11.  Milinovich GJ, Williams GM, Clements ACA, Hu W. Internet-based surveillance 

systems for monitoring emerging infectious diseases. Lancet Infect Dis 2014 

Feb;14(2):160–168. PMID:24290841 

12.  Jajosky RA, Groseclose SL. Evaluation of reporting timeliness of public health 

surveillance systems for infectious diseases. BMC Public Health 2004 Jul 26;4:29. 

PMID:15274746 

13.  Wilson K, Brownstein JS. Early detection of disease outbreaks using the Internet. 

CMAJ 2009 Apr 14;180(8):829–831. PMID:19364791 

14.  Sherman RE, Anderson SA, Dal Pan GJ, Gray GW, Gross T, Hunter NL, LaVange L, 

Marinac-Dabic D, Marks PW, Robb MA, Shuren J, Temple R, Woodcock J, Yue LQ, 

Califf RM. Real-World Evidence - What Is It and What Can It Tell Us? N Engl J 

Med 2016 Dec 8;375(23):2293–2297. PMID:27959688 

15.  Elliot AJ, Hughes HE, Hughes TC, Locker TE, Shannon T, Heyworth J, Wapling A, 

Catchpole M, Ibbotson S, McCloskey B, Smith GE. Establishing an emergency 

department syndromic surveillance system to support the London 2012 Olympic and 

Paralympic Games. Emerg Med J 2012 Dec;29(12):954–960. PMID:22366039 

16.  Heffernan R, Mostashari F, Das D, Besculides M, Rodriguez C, Greenko J, Steiner-

Sichel L, Balter S, Karpati A, Thomas P, Phillips M, Ackelsberg J, Lee E, Leng J, 

Hartman J, Metzger K, Rosselli R, Weiss D. New York City syndromic surveillance 

systems. MMWR Suppl 2004 Sep 24;53:23–27. PMID:15714622 

91



19 

17.  Ginsberg J, Mohebbi MH, Patel RS, Brammer L, Smolinski MS, Brilliant L. 

Detecting influenza epidemics using search engine query data. Nature 2009 Feb 

19;457(7232):1012–1014. PMID:19020500 

18.  Katzelnick LC, Coloma J, Harris E. Dengue: knowledge gaps, unmet needs, and 

research priorities. Lancet Infect Dis 2017;17(3):e88–e100. PMID:28185868 

19.  Gluskin RT, Johansson MA, Santillana M, Brownstein JS. Evaluation of Internet-

based dengue query data: Google Dengue Trends. PLoS Negl Trop Dis 2014 

Feb;8(2):e2713. PMID:24587465 

20.  Romero-Alvarez D, Parikh N, Osthus D, Martinez K, Generous N, Del Valle S, 

Manore CA. Google Health Trends performance reflecting dengue incidence for the 

Brazilian states. BMC Infect Dis 2020 Mar 26;20(1):252. PMID:32228508 

21.  Google Trends [Internet]. Google Trends. [cited 2022 Jan 25]. Available from: 

https://trends.google.com 

22.  Hswen Y, Zhang A, Ventelou B. Estimation of Asthma Symptom Onset Using 

Internet Search Queries: Lag-Time Series Analysis. JMIR Public Health and 

Surveillance 2021 May 10;7(5):e18593. [doi: 10.2196/18593] 

23.  Mavragani A, Ochoa G. Google Trends in Infodemiology and Infoveillance: 

Methodology Framework. JMIR Public Health and Surveillance 2019 May 

29;5(2):e13439. [doi: 10.2196/13439] 

24.  R Core Team (2021). R: A language and environment for statistical computing. R 

Foundation for Statistical Computing, Vienna, Austria. [Internet]. Available from: 

http://www.r-project.org/index.html 

25.  Marques-Toledo CA, Bendati MM, Codeço CT, Teixeira MM. Probability of dengue 

transmission and propagation in a non-endemic temperate area: conceptual model and 

decision risk levels for early alert, prevention and control. Parasit Vectors 2019 Jan 

16;12(1):38. PMID:30651125 

26.  Mello-Román JD, Mello-Román JC, Gómez-Guerrero S, García-Torres M. Predictive 

Models for the Medical Diagnosis of Dengue: A Case Study in Paraguay. Comput 

Math Methods Med 2019;2019:7307803. PMID:31485259 

27.  Klein GH, Neto PG, Tezza R. Big Data and social media: surveillance of networks as 

management tool. Saude Soc 2017 Mar;26(1):208–217. [doi: 10.1590/S0104-

12902017164943] 

28.  Sylvestre E, Joachim C, Cécilia-Joseph E, Bouzillé G, Campillo-Gimenez B, Cuggia 

M, Cabié A. Data-driven methods for dengue prediction and surveillance using real-

world and Big Data: A systematic review. PLoS Negl Trop Dis 2022 Jan 

7;16(1):e0010056. PMID:34995281 

92



20 

29.  World Health Organization. Regional Office for South-East Asia. Comprehensive 

Guideline for Prevention and Control of Dengue and Dengue Haemorrhagic Fever. 

Revised and expanded edition. WHO Regional Office for South-East Asia; 2011. 

ISBN:978-92-9022-387-0 

30.  Husnayain A, Fuad A, Lazuardi L. Correlation between Google Trends on dengue 

fever and national surveillance report in Indonesia. Glob Health Action [Internet] 

2019 Jan 8 [cited 2019 Jun 19];12(1). PMID:31154985 

31.  Verma M, Kishore K, Kumar M, Sondh AR, Aggarwal G, Kathirvel S. Google 

Search Trends Predicting Disease Outbreaks: An Analysis from India. Healthc 

Inform Res 2018 Oct;24(4):300–308. PMID:30443418 

32.  Cai O, Sousa-Pinto B. United States Influenza Search Patterns Since the Emergence 

of COVID-19: Infodemiology Study. JMIR Public Health Surveill 2021 Nov 30; 

PMID:34878996 

33.  Gianfredi V, Bragazzi NL, Nucci D, Martini M, Rosselli R, Minelli L, Moretti M. 

Harnessing Big Data for Communicable Tropical and Sub-Tropical Disorders: 

Implications From a Systematic Review of the Literature. Front Public Health 

2018;6:90. PMID:29619364 

34.  Liu D, Guo S, Zou M, Chen C, Deng F, Xie Z, Hu S, Wu L. A dengue fever 

predicting model based on Baidu search index data and climate data in South China. 

PLoS One 2019;14(12):e0226841. PMID:31887118 

35.  Puengpreeda A, Yhusumrarn S, Sirikulvadhana S. Weekly Forecasting Model for 

Dengue Hemorrhagic Fever Outbreak in Thailand. Eng J-Thail 2020 May;24(3):71–

87. [doi: 10.4186/ej.2020.24.3.71] 

36.  Flamand C, Fabregue M, Bringay S, Ardillon V, Quénel P, Desenclos J-C, Teisseire 

M. Mining local climate data to assess spatiotemporal dengue fever epidemic patterns 

in French Guiana. J Am Med Inform Assoc 2014 Oct;21(e2):e232-240. 

PMID:24549761 

37.  Baquero OS, Santana LMR, Chiaravalloti-Neto F. Dengue forecasting in São Paulo 

city with generalized additive models, artificial neural networks and seasonal 

autoregressive integrated moving average models. PLoS One 2018;13(4):e0195065. 

PMID:29608586 

38.  Gharbi M, Quenel P, Gustave J, Cassadou S, La Ruche G, Girdary L, Marrama L. 

Time series analysis of dengue incidence in Guadeloupe, French West Indies: 

forecasting models using climate variables as predictors. BMC Infect Dis 2011 Jun 

9;11:166. PMID:21658238 

39.  Lowe R, Gasparrini A, Van Meerbeeck CJ, Lippi CA, Mahon R, Trotman AR, 

Rollock L, Hinds AQJ, Ryan SJ, Stewart-Ibarra AM. Nonlinear and delayed impacts 

93



21 

of climate on dengue risk in Barbados: A modelling study. PLoS Med 2018 

Jul;15(7):e1002613. PMID:30016319 

40.  World Health Organization. Dengue Guidelines for Diagnosis, Treatment, Prevention 

and Control. Special Programme for Research and Training in Tropical Diseases, 

editor. Geneva: World Health Organization; 2009. ISBN:978-92-4-154787-1 

 

94



Multimedia Appendix 1.  ICD-10a codes of the selected diagnoses for inpatient data. 

ICD-10 Code ICD-10 Title 

Dengue  

A90b Dengue fever [classical dengue] 

A91 b Dengue haemorrhagic fever 

A97.0 Dengue without warning signs 

A97.2 Dengue with warning signs 

A97.9 Severe Dengue 

  

Coding errors  

A99 Unspecified viral haemorrhagic fever 

R50.9 Fever, unspecified 

  

Severity symptoms  

E86 Volume depletion 

R57.0 Cardiogenic shock 

R57.1 Hypovolaemic shock 

R57.2 Septic shock 

R57.8 Other shock 

R57.9 Shock, unspecified 

R58 Haemorrhage, not elsewhere classified 

  

Thrombocytopenia  

D69.4 Other primary thrombocytopenia 

D69.5 Secondary thrombocytopenia 

D69.6 Thrombocytopenia, unspecified 

  

Hepatic symptoms  

B17.8 Other specified acute viral hepatitis 

B17.9 Acute viral hepatitis, unspecified 

B19.0 Unspecified viral hepatitis with hepatic coma 

B19.9 Unspecified viral hepatitis without hepatic coma 

K72.0 Acute and subacute hepatic failure 

K72.9 Hepatic failure, unspecified 

K75.9 Inflammatory liver disease, unspecified 

K77.0 Liver disorders in infectious and parasitic diseases classified elsewhere 

R16.0 Hepatomegaly, not elsewhere classified 

R16.1 Splenomegaly, not elsewhere classified 

R16.2 Hepatomegaly with splenomegaly, not elsewhere classified 

R74.0 
Elevation of levels of transaminase and lactic acid dehydrogenase 

[LDH] 

  

Neurologic symptoms  

G05.1 
Encephalitis, myelitis and encephalomyelitis in viral diseases classified 

elsewhere 

G93.4 Encephalopathy, unspecified 

G94.3 Encephalopathy in diseases classified elsewhere 
a International Classification of Diseases, 10th Revision; b Former ICD-10 codes for dengue 

diagnosis 
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Multimedia Appendix 2.  Correlations between Google Trends keywords and DENV RT-

PCR positive rate 

Keywords 
Correlation P-value Confidence 

interval 

Max cross-

correlation a 

Lag b  

      

Dengue      

Keywords “dengue + 

dingue” and region: 

Martinique 

0.597 6.75 x 10-73 [0.548;0.641] 0.598 - 1 week 

Keywords “dengue + 

dingue” and 

“martinique” 

NA c NA c NA c NA c NA c 

Keywords “dengue” 

and “martinique” 
0.534 5.21 x 10-56 [0.480;0.583] 0.611 -6 weeks 

Dengue Topic and 

region Martinique 
0.637 1.37 x 10-85 [0.591;0.677] 0.643 - 3 weeks 

Keyword “dengue” -0.016 0.654 [-0.088;0.055] -0.046 - 7 weeks 

      

Dengue symptoms      

Keyword “symptome 

dengue” and region 

Martinique 

0.412 6.65 x 10-32 [0.351;0.47] 0.435 -3 weeks 

Keyword “symptome 

dengue” with various 

French spellings and 

region Martinique 

0.238 4.61 x 10-11 [0.169;0.305] 0.249 +1 week 

Keywords “symptome 

dengue” with various 

French spellings and 

“martinique” 

NA c NA c NA c NA c NA c 

Keywords “symptome 

dengue” with various 

French spellings  

0.222 9.66 x 10-10 [0.152;0.289] 0.246 -5 weeks 

Keyword “symptome 

dengue” with various 

spellings and 

languages, region 

Martinique 

0.209 8.24 x 10-9 [0.140;0.277] 0.209 0 weeks 

Keywords “symptome 

dengue” with various 

spellings and 

languages and 

“martinique” 

NA c NA c NA c NA c NA c 

Keywords “symptome 

dengue” with various 

spellings and 

languages 

0.215 3.31 x 10-9 [0.145;0.282] 0.221 -3 weeks 

      

Mosquito      
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Keyword mosquito 

and region: Martinique 
-0.086 1.88 x 10-2 [-0.157;-0.014] -0.106 -6 weeks 

Keyword mosquito -0.049 1.79 x 10-1 [-0.121;0.0223] -0.101 -10 weeks 

Keyword mosquito 

with various spellings 

and languages and 

region: Martinique 

0.028 4.48 x 10-1 [-0.044;0.100] 0.033 +1 week 

Keyword mosquito 

with various French 

spellings and region: 

Martinique 

0.200 3.58 x 10-8 [0.130;0.268] 0.200 0 weeks 

Mosquito Topic and 

region: Martinique 
0.068 6.36 x 10-2 [-0.004;0.139] 0.098 +8 weeks 

Keywords “mosquito” 

and “martinique” 
-0.088 1.68 x 10-2 [-0.158;-0.016] -0.142 +3 weeks 

      

Aedes aegypti      

Keyword “aedes 

aegypti” and region 

Martinique 

0.109 3.06 x 10-3 [0.037;0.179] 0.112 -1 week 

Keywords “aedes 

aegypti” and 

“martinique” 

NA c NA c NA c NA c NA c 

Keyword “aedes 

aegypti” 
-0.098 7.66 x 10-3 [-0.169;-0.026] -0.104 -4 weeks 

Aedes aegypti Topic 

and region Martinique 
0.115 1.66 x 10-3 [0.044;0.185] 0.119 -2 weeks 

      

Aedes      

Keywords aedes and 

region Martinique 
0.339 1.99 x 10-21 [0.273;0.401] 0.369 -3 weeks 

Keywords “aedes” 

and “martinique” 
NA c NA c NA c NA c NA c 

Keyword “aedes” -0.092 1.22 x 10-2 [-0.163;-0.02] -0.100 -7 weeks 

Aedes Topic and 

region Martinique 
0.214 3.71 x 10-9 [0.591;0.677] 0.304 -7 weeks 

a Maximum cross-correlation 
b Time lag that results in the maximum cross-correlation 
c Not enough data available 
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Discussion et perspectives 
 

La surveillance syndromique des maladies infectieuses émergentes est devenue un enjeu majeur 

de santé publique depuis la fin du 20e siècle. Face à leur recrudescence et à l’augmentation 

croissance de leur vitesse de diffusion, des systèmes de surveillance sanitaires performants et 

efficaces sont indispensables pour être capable de réagir rapidement dès les premiers signes 

d’alerte. La dématérialisation des données de santé a permis l’apparition de nouvelles sources 

de données jusqu’ici inaccessibles. L’utilisation de ces données de vie réelle en complément 

des stratégies de surveillance syndromique traditionnelles ouvre de nouvelles perspectives pour 

l’amélioration des systèmes existants. Cependant, pour utiliser ces données de façon efficace et 

pertinente, il faut tenir compte de leurs particularités, non seulement liées à leur nature, mais 

aussi aux méthodes d’exploitation. 

L’objectif de cette thèse était d’évaluer la place des données de vie réelle dans la surveillance 

syndromique de la dengue dans la Caraïbe. 

 

I. Les données de vie réelle sont un atout dans la 

surveillance syndromique, mais impliquent des 

contraintes et prérequis 

Le premier verrou exploré par ces travaux est celui lié à la nature des données de vie réelle 

multi-échelles et hétérogènes. Les problématiques d’intégration de ces données font l’objet de 

nombreuses publications scientifiques, centrées sur le déploiement d’EDS (67,69) à partir 

desquels des plateformes multicentriques voient désormais le jour (72,88). Cependant, ces 

déploiements sont coûteux et complexes et ne peuvent pas se faire en situation de crise. Le 

premier apport de cette thèse a été de concevoir une architecture d’intégration de données 

simplifiée permettant l’exploitation des données de vie réelle, en situation de crise, pour une 

surveillance syndromique quasi en temps réel. En ce qui concerne les processus 

d’interopérabilité sémantique, là encore, ils doivent être faits en amont. Par ailleurs, bien que 

des processus automatisés existent, une grande partie des alignements terminologiques sont 

toujours faits manuellement. Ces alignements sont fastidieux, coûteux et sujets à des risques 

d’erreurs (108). Les alignements manuels sont d’autant plus fréquents quand il s’agit 

d’interopérabilité sémantique multilingue, car la plupart des ressources telles que l’Unified 
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Medical Language System (UMLS) (111) ou Bioportal (112) sont majoritairement anglophones 

(113). Les travaux de cette thèse ont permis de mettre en place un système semi-automatisé 

d’alignement terminologiques multilingue, afin de permettre le partage d’information entre 

pays et territoires de la Caraïbe. Ainsi, ils permettent d’échanger des données issues de régions 

utilisant des langues différentes, ce qui facilite une surveillance commune des arboviroses. 

Ces deux premiers apports ont permis de répondre en partie aux priorités de la Stratégie 

commune de prévention et de lutte contre les arboviroses adoptée par les membres de la PAHO 

en 2016. Par ailleurs, le choix d’outils simples et/ou open source dans ces travaux garantit leur 

reproductibilité dans d’autres territoires ou pays caribéens à moindre coût et tient compte de la 

fracture numérique extrêmement présente dans la région (114). 

La deuxième grande problématique explorée par cette thèse concerne l’exploitation des données 

de vie réelle à travers un cas d’usage : la dengue en Martinique. L’apport des données de vie 

réelle dans la surveillance syndromique des maladies infectieuses est régulièrement étudiée 

(40), en particulier depuis 2020 avec la pandémie COVID-19 (95), mais les sources de données 

et les méthodes dépendent des pathologies étudiées. De plus, la dengue est une maladie 

vectorielle, ce qui implique à la fois une surveillance syndromique des cas (comme dans la 

grippe ou le COVID-19), mais aussi une lutte antivectorielle basée sur la surveillance 

entomologique (23). Cette thèse a permis d’identifier et d’utiliser les méthodes et sources 

pertinentes à ce cas d’usage, à travers un travail de revue systématisée ainsi que les sources 

sous-utilisées, en particulier les données de surveillance vectorielles (29). Enfin, la plupart des 

études dans la littérature sont localisées en Asie, et, pour les études américaines, en Amérique 

du Sud (notamment le Brésil) et du Nord (Mexique, Etats-Unis), des pays aux surfaces bien 

plus importantes que les îles des Antilles. Or, les méthodologies d’exploitation des données de 

vie réelle (notamment celles issues de Google) supposent un volume minimal de données (115) 

qui n’est pas toujours garanti dans la région, non seulement à cause de la taille des territoires et 

pays qui la constitue, mais aussi à cause des fortes inégalités sociaux-économiques qui se 

traduisent également par une inégalité des accès aux outils numériques (114). La dernière 

contribution de cette thèse a donc été d’évaluer la pertinence de sources de données de vie réelle 

(y compris les données de surveillance vectorielle) dans ce contexte particulier. 

Ces travaux présentent malgré tout certaines limites. En ce qui concerne l’intégration des 

données, bien que les travaux se soient appuyés sur un système d’information ne disposant pas 

d’EDS, ils s’appuient sur des données déjà fortement dématérialisées. Or, cette 

dématérialisation et l’accès aux données de santé dans la région Caraïbe sont très variables d’un 

99



 

pays à l’autre (116), ce qui limite la reproductibilité de ces travaux dans la région. Cependant, 

la pandémie de COVID-19 et son impact sanitaire et économique a révélé cette fracture 

numérique (117) et incité les décideurs  à combler ce retard rapidement, ce qui devrait permettre 

d’appliquer ces méthodes dans tous les pays et territoires concernés, y compris ceux qui, pour 

l’instant ne peuvent pas encore le faire. 

En ce qui concerne les approches méthodologiques, les données météorologiques qui font partie 

des sources de données pertinentes identifiées dans la littérature n’ont pas pu être incluses dans 

ces travaux car elles n’étaient pas assez exhaustives pour être exploitables sur la période 

étudiée. D’une façon plus générale, ces travaux ne sont reproductibles que si le volume de 

données utilisé est suffisant (en particulier pour les systèmes de surveillance vectorielle dont 

l’implémentation varie d’un pays à l’autre (32)). Pour limiter l’impact de ces variations 

d’exhaustivité, cette thèse s’est limitée aux sources les plus accessibles et aux variables les plus 

simples disponibles dans la grande majorité des territoires. 

Enfin, le contexte sanitaire a rajouté des contraintes supplémentaires, avec les différentes 

vagues COVID successives, qui n’avaient pas été identifiées en amont. En particulier, la 

deuxième vague de COVID-19 en Martinique est apparue au moment du pic de la plus longue 

épidémie de dengue jamais enregistrée depuis la mise en place de la surveillance de la dengue 

aux Antilles françaises. Dans ce contexte d’urgence, les prérequis techniques et 

organisationnels à l’intégration et l’exploitation des données de vie réelle ne pouvaient pas être 

mis en place dans des conditions habituelles et il a fallu adapter leur implémentation à une 

situation de crise entraînant une désorganisation du système de soins, une priorisation de 

certaines sources de données et des processus de contrôle qualité diminués. 

Malgré tout, les premiers résultats sur l’exploitation des données pour la surveillance de la 

dengue sont prometteurs et ce travail doit se poursuivre par l’évaluation et la comparaison de 

différents modèles d’apprentissage machine pour la prédiction des futures épidémies. 

 

II. Les données de vie réelle et le preparedness 

épidémiologique 

L’intégration des données de vie réelle en amont et à plusieurs échelles (établissement, national, 

supranational) est une première étape indispensable si l’on souhaite être capable de les utiliser 
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immédiatement en situation de crise. Ainsi, lors de la pandémie de COVID-19, les hôpitaux qui 

étaient déjà dotés d’EDS ont pu les utiliser quasi en temps réel pour la production de tableaux 

de bord de surveillance hospitalière (95), ce qui leur a permis une réorganisation des soins au 

plus près des besoins quotidiens. Cette crise sanitaire a montré que lorsque les données de vie 

réelle ont déjà été intégrées en amont, leur exploitation est un atout pour le pilotage en situation 

d’urgence et la diffusion rapide de l’information. Pourtant la véritable anticipation de ces 

situations est quasi impossible, puisqu’elles sont par nature imprévisibles. 

Pour tenter de prévenir et de répondre aux situations d’épidémies, des modèles de prédiction de 

plus en plus complexes sont régulièrement étudiés (118). Mais ces modèles sont à prendre avec 

précaution et leur capacité à véritablement prédire des situations reste limitée lorsqu’on essaie 

de dépasser la preuve de concept (119). De plus, ces études sont principalement réalisées dans 

les pays à revenu élevé, alors que les pays à faibles et moyens revenus sont les premiers 

impactés par les maladies émergentes. Compte tenu de la grande variabilité des données d’une 

source à l’autre, il est indispensable de développer ces études dans les pays les plus concernés 

par les émergences si l’on souhaite pouvoir véritablement appliquer ces modèles dans des 

situations d’urgence. 

Ces systèmes d’aide à la décision basés sur des modèles mathématiques sont malgré tout utiles, 

mais il est surtout nécessaire d’avoir des données disponibles et décloisonnées qui peuvent être 

rapidement partagées en situation de crise. Ainsi, Ioannidis, Cripps et Tanner (2022) (119) ont 

analysé les raisons des contre-performances des modèles mathématiques de prédiction du 

COVID, et leur première proposition pour les améliorer est de favoriser une collecte de données 

propres et de bonne qualité avant toute modélisation théorique. Ils proposent également de 

réajuster régulièrement ces modèles avec de vraies données du terrain pour qu’ils soient au plus 

proche de la réalité. Dans l’idéal ces données collectées respectent le principe « FAIR » : 

Findable, Accessible, Interoperable, Reusable (Repérables, Accessibles, Interopérables, 

Réutilisables) (120), ce qui minimise les processus de pré-traitement des données en urgence, 

et une gouvernance claire concernant l’accès et le partage des données entre les différents 

acteurs du système est établie en amont (121). Ainsi, lorsque la situation se présente, les 

données pourront être immédiatement exploitées en fonction des besoins qui peuvent varier très 

rapidement en fonction de l’évolution d’une épidémie.  

Par ailleurs, cette collecte de données repose également sur les acteurs impliqués à chacune des 

étapes. En effet, pour que ces données puissent se transformer en information pertinente 

permettant l’aide à la décision, elles ont besoin d’être contextualisées en s’appuyant sur 
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l’expertise et les interactions entre les acteurs du terrain (cliniciens, biologistes, spécialistes de 

santé publique…) (122). Si cette organisation multidisciplinaire n’existe pas en amont, le 

partage rapide des données et leur intégration à la prise de décision deviennent extrêmement 

difficiles. L’absence d’organisation claire sur le rôle de chacun des acteurs impliqués dans 

l’intégralité de la chaîne de données a d’ailleurs été identifiée dès 2017 par l’OMS comme un 

frein au partage efficace de données lors des crises sanitaires (123). 

Ainsi, en France, pour faire face à la pandémie de COVID-19, l’Agence Technique de 

l’Information sur l’Hospitalisation (ATIH) a mis en place la remontée simplifiée et accélérée 

des données du PMSI en MCO (Médecin Chirurgie Obstétrique) (124). Ce Fast Track PMSI a 

privilégié la remontée simplifiée des séjours MCO des patients hospitalisés (pour COVID-19 

dans un premier temps, puis hors COVID-19 ensuite) à un rythme bimensuel au lieu du rythme 

mensuel habituel d’envoi des données du PMSI. Ces données ont ensuite permis d’alimenter le 

HDH pour permettre notamment à la communauté scientifique de construire des modèles de 

propagation de l’épidémie. Mais cette organisation de crise a été possible grâce à la présence 

de Départements d’Information Médicale (DIM) dans l’ensemble des hôpitaux français en 

amont de la crise. Ces professionnels de l’information médicale ont pu être réactifs et s’adapter 

grâce à leur expertise des données. De même la présence d’EDS, mais surtout de Centres de 

Données Cliniques dans les établissements permettent de consolider l’expertise de terrain et de 

favoriser les approches multidisciplinaires.  

Quels que soient les outils numériques à disposition, c’est avant tout l’expertise des acteurs qui 

va permettre une vraie résilience des systèmes et une capacité à répondre rapidement aux 

changements apportés par les épidémies. 

Enfin, cette disponibilité de données ne doit pas se limiter uniquement aux données cliniques 

si l’on souhaite être capable de détecter des signes d’alerte au plus tôt (125). Les émergences 

de maladies infectieuses ont des causes multifactorielles qui incluent notamment des facteurs 

sociaux et environnementaux tels que le changement climatique, la modification des 

écosystèmes (3) ou encore la mobilité humaine (126). Des systèmes de surveillance efficaces 

doivent donc inclure et prétraiter ces données et être capables de les croiser aux données de 

surveillance clinique lorsque la situation le demande. Cette approche multidisciplinaire a été 

expérimentée pendant la crise du COVID-19, avec l’utilisation notamment des smartphones et 

des réseaux sociaux pour anticiper les risques de transmission (127,128). Elle soulève toutefois 

de nouvelles questions éthiques en termes d’accessibilité aux données collectées et de 
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transparence de leur utilisation et doit s’accompagner de véritables mesures garantissant la 

sécurité et la confidentialité des données (129). 

Cette approche multidimensionnelle ne se limitant pas à des systèmes d’information 

performants, mais préférant les systèmes restant au plus près du terrain, et capables d’évoluer 

très rapidement en fonction des situations (130) permettrait de transformer les systèmes actuels 

à la réactivité parfois limitée en véritable systèmes numériques agiles et adaptables aux 

différentes situations de crise. 
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Annexes 
Les annexes ci-dessous correspondent aux annexes de l’article « Data-driven methods for 

dengue prediction and surveillance using real-world and Big Data: A systematic review » 

présenté dans le Chapitre 1 de la Troisième partie. 
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independently, any processes for obtaining or confirming data from study investigators, and if applicable, details of automation tools used in the 
process. 

9 

Data items  10a List and define all outcomes for which data were sought. Specify whether all results that were compatible with each outcome domain in each 
study were sought (e.g. for all measures, time points, analyses), and if not, the methods used to decide which results to collect. 

9,S1 Text 

10b List and define all other variables for which data were sought (e.g. participant and intervention characteristics, funding sources). Describe any 
assumptions made about any missing or unclear information. 

9,S1 Text 

Study risk of bias 
assessment 

11 Specify the methods used to assess risk of bias in the included studies, including details of the tool(s) used, how many reviewers assessed each 
study and whether they worked independently, and if applicable, details of automation tools used in the process. 

9, S2 Table 

Effect measures  12 Specify for each outcome the effect measure(s) (e.g. risk ratio, mean difference) used in the synthesis or presentation of results. 9 

Synthesis 
methods 

13a Describe the processes used to decide which studies were eligible for each synthesis (e.g. tabulating the study intervention characteristics and 
comparing against the planned groups for each synthesis (item #5)). 

9, S2 Table 

13b Describe any methods required to prepare the data for presentation or synthesis, such as handling of missing summary statistics, or data 
conversions. 

9 

13c Describe any methods used to tabulate or visually display results of individual studies and syntheses. 9 

13d Describe any methods used to synthesize results and provide a rationale for the choice(s). If meta-analysis was performed, describe the 
model(s), method(s) to identify the presence and extent of statistical heterogeneity, and software package(s) used. 

NA 

13e Describe any methods used to explore possible causes of heterogeneity among study results (e.g. subgroup analysis, meta-regression). NA 

13f Describe any sensitivity analyses conducted to assess robustness of the synthesized results. NA 

Reporting bias 
assessment 

14 Describe any methods used to assess risk of bias due to missing results in a synthesis (arising from reporting biases). NA 

Certainty 
assessment 

15 Describe any methods used to assess certainty (or confidence) in the body of evidence for an outcome. NA 
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PRISMA 2020 Checklist 

Section and 
Topic  

Item 
# 

Checklist item  
Location 
where item 
is reported  

RESULTS   

Study selection  16a Describe the results of the search and selection process, from the number of records identified in the search to the number of studies included in 
the review, ideally using a flow diagram. 

9 

16b Cite studies that might appear to meet the inclusion criteria, but which were excluded, and explain why they were excluded. 9, Fig. 1 

Study 
characteristics  

17 Cite each included study and present its characteristics. 9, 10 S4 
Table 

Risk of bias in 
studies  

18 Present assessments of risk of bias for each included study. 15,16 

Results of 
individual studies  

19 For all outcomes, present, for each study: (a) summary statistics for each group (where appropriate) and (b) an effect estimate and its precision 
(e.g. confidence/credible interval), ideally using structured tables or plots. 

S3 Table, 
S6 Table 

Results of 
syntheses 

20a For each synthesis, briefly summarise the characteristics and risk of bias among contributing studies. 13-17 

20b Present results of all statistical syntheses conducted. If meta-analysis was done, present for each the summary estimate and its precision (e.g. 
confidence/credible interval) and measures of statistical heterogeneity. If comparing groups, describe the direction of the effect. 

NA 

20c Present results of all investigations of possible causes of heterogeneity among study results. NA 

20d Present results of all sensitivity analyses conducted to assess the robustness of the synthesized results. NA 

Reporting biases 21 Present assessments of risk of bias due to missing results (arising from reporting biases) for each synthesis assessed. NA 

Certainty of 
evidence  

22 Present assessments of certainty (or confidence) in the body of evidence for each outcome assessed. NA 

DISCUSSION   

Discussion  23a Provide a general interpretation of the results in the context of other evidence. 18-23 

23b Discuss any limitations of the evidence included in the review. 22 

23c Discuss any limitations of the review processes used. 22 

23d Discuss implications of the results for practice, policy, and future research. 22-23 

OTHER INFORMATION  

Registration and 
protocol 

24a Provide registration information for the review, including register name and registration number, or state that the review was not registered. 6, S2 Text 

24b Indicate where the review protocol can be accessed, or state that a protocol was not prepared. 6, S2 Text 

24c Describe and explain any amendments to information provided at registration or in the protocol. S2 Text 

Support 25 Describe sources of financial or non-financial support for the review, and the role of the funders or sponsors in the review. NA 

Competing 
interests 

26 Declare any competing interests of review authors. NA 

Availability of 
data, code and 
other materials 

27 Report which of the following are publicly available and where they can be found: template data collection forms; data extracted from included 
studies; data used for all analyses; analytic code; any other materials used in the review. 

NA 

 
From:  Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, et al. The PRISMA 2020 statement: an updated guideline for reporting systematic reviews. BMJ 2021;372:n71. doi: 
10.1136/bmj.n71 
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S1 Table. Quality assessment criteria 

Section Checklist item Page 

Title and abstract  

Title For prediction: Identify the study as developing and/or 

validating a multivariable prediction model, the target 

population, and the outcome to be predicted. 

 

Abstract Provide a summary of objectives, study design, setting, 

participants, sample size, predictors, outcome, statistical 

analysis, results, and conclusions. 

 

Objective and background  

Background For prediction: Explain the context (including whether 

diagnostic or prognostic) and rationale for developing or 

validating the multivariable prediction model, including 

references to existing models. 

 

Objectives 

1. Specify the objectives, including (for prediction) whether 

the study developed and/or or validated the model. 

 

2.  Specify the geographic area of the study.  

Methods  

Source of data 

1. Describe the source of data for dengue infection.  

2. Describe the other sources of data.  

3. Specify the study period.  

Participants  

(when applicable) 

1. Specify key elements of the study setting (population, 

age, gender…). 

 

2. Describe the eligibility criteria for participants.   

Outcome Clearly define the study outcome.  

Statistical methods 

Specify method or model type, all model-building procedures 

(including feature selection), and method for internal 

validation. 

 

Assess whether the statistical methods are appropriate for the 

study aim. 

 

Predictors  

(when applicable) 

Clearly define all predictors used for developing or validating 

the model, including how and when they were measured. 

 

Evaluation methods 

1. Specify all measures used to assess statistic and model 

performance and, if relevant, to compare multiple 

models. 

 

2. If applicable, specify all measures to validate the methods 

and the use of a training and validation set. 
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S1 Table. (continued) 

Section Checklist item Page 

Results  

Participants (when 

applicable) 

Describe the number of participants and their characteristics 

including the number of participants with missing data for 

predictors and outcome. 

 

Statistical methods  

Describe completely and clearly all results.  

Explain how to the use the prediction model (when 

applicable). 

 

Discussion  

Limitations Discuss the study limitations.  

Interpretation 

Give an overall interpretation of the results, considering 

objectives, limitations, and results from similar studies, and 

other relevant evidence.  

 

Implications 
Discuss the potential use of the approach and implications for 

future research. 

 

Other information  

Funding 
Give the source of funding and the role of the funders in the 

present study. 

 

Conflict of interest Give a conflict of interest statement if necessary.  

Supplementary 

information 

Provide information about the availability of supplementary 

resources, such as study protocol, Web calculator, and data 

sets. 
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S1 Text. Data extraction sheet 

Study characteristics  

Reviewer’s initials  

Study ID  

PMID  

DOI  

Study title  

Authors (all of them)  

First author Last name and First Initial 

Last author Last name and First Initial 

Journal  

Year  

Type of publication Article or Conference Paper 
  

Study location  

Continent(s) where the study was performed 

(select all that apply) 

Asia 

Americas 

Australia 

Europe 

Australia 

Worldwide 
  

Region(s) where the study was performed 

(select all that apply) 

Australia 

Caribbean 

East Asia 

Europe 

North America 

South America 

South Asia 

South-East Asia 

Worldwide 
  

Country(ies) where the study was performed 

(specify the country) 

 

  

Data sources  

Year(s) of data collection  
  

Used data sources (select all that apply) Epidemiological and demographic data 

Clinical and biological data 

Genomic sequencing data 

Climate, environmental and geographic data 

Vector data 

Internet search engine data (specify) 

Social media data (specify) 

Other source (specify) 

Data origin (select all that apply) Government agency 

Hospital 

Internet search engine 

Public dataset 

Social network 
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World Health Organization 

Other source (specify) 
  

Methods  

Did the study evaluate a data source for 

monitoring? 

Yes 

No 

Not Specified 

Unsure 
  

Did the study predict a dengue-related 

outcome? 

Yes 

No 

Not Specified 

Unsure 
  

What were the dengue-related outcomes? 

(specify) 

 

  

What algorithms and/or statistical models 

were used in the study? 

 

  

Did the study use a machine learning 

algorithm?  

Yes 

No 

Not Specified 

Unsure 
  

If the study used a machine learning 

algorithm, did it use supervised learning?  

Yes (specify) 

No 

Not Specified 

Unsure 
  

If the study used a machine learning 

algorithm, did it use unsupervised learning?  

Yes (specify) 

No 

Not Specified 

Unsure 
  

If the study did not use a machine learning 

algorithm, did it use another type of model? 

Yes (specify) 

No 

Not Specified 

Unsure 
  

Did the study use a natural language 

processing method? 

Yes (specify) 

No 

Not Specified 

Unsure 

Evaluation  

Did the study use separate sets to train and 

test the algorithms? 

Yes 

No 

Not Specified 

Unsure 

Not applicable 
  

What were the evaluation metrics? (specify)  

 

120



PRISMA 2020 for Abstracts Checklist 

Section and Topic  
Item 
# 

Checklist item  
Reported 
(Yes/No)  

TITLE   

Title  1 Identify the report as a systematic review. 1 

BACKGROUND   

Objectives  2 Provide an explicit statement of the main objective(s) or question(s) the review addresses. 2 

METHODS   

Eligibility criteria  3 Specify the inclusion and exclusion criteria for the review. 2 

Information sources  4 Specify the information sources (e.g. databases, registers) used to identify studies and the date when each 
was last searched. 

2 

Risk of bias 5 Specify the methods used to assess risk of bias in the included studies. 2 

Synthesis of results  6 Specify the methods used to present and synthesise results. 2 

RESULTS   

Included studies  7 Give the total number of included studies and participants and summarise relevant characteristics of studies. 2 

Synthesis of results  8 Present results for main outcomes, preferably indicating the number of included studies and participants for 
each. If meta-analysis was done, report the summary estimate and confidence/credible interval. If comparing 
groups, indicate the direction of the effect (i.e. which group is favoured). 

2-3 

DISCUSSION   

Limitations of evidence 9 Provide a brief summary of the limitations of the evidence included in the review (e.g. study risk of bias, 
inconsistency and imprecision). 

3 

Interpretation 10 Provide a general interpretation of the results and important implications. 3 

OTHER   

Funding 11 Specify the primary source of funding for the review. NA 

Registration 12 Provide the register name and registration number. 2 

 
 
 
From:  Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, et al. The PRISMA 2020 statement: an updated guideline for reporting systematic 
reviews. BMJ 2021;372:n71. doi: 10.1136/bmj.n71 

 

For more information, visit: http://www.prisma-statement.org/ 

121

http://www.prisma-statement.org/


 

S2 Table. Themes* associated with the included studies  

Study main theme n (%) 
Article 

n=77 

Conference paper 

n=42 

Information Technology & Science 23 (30) 39 (93) 

Computer Science 12 (16) 30 (71) 

Engineering 5 (6) 5 (12) 

Science & Technology – Other Topics 6 (8) 4 (10) 

   

Medicine 28 (36) 0 (0) 

Infectious Diseases & Tropical Medicine 20 (26) 0 (0) 

Medicine – Other Topics 8 (10) 0 (0) 

   

Health Informatics, Public Health & Biology 26 (34) 3 (7) 

Biology 7 (9) 0 (0) 

Medical Informatics 13 (17) 3 (7) 

Public Health 6 (8) 0 (0) 

*The themes are based on the “Research areas” classification from Web of Science or “Subject 

areas” from Scopus. Similar themes from both classifications have been aggregated. 
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S2 Text. PROSPERO Protocol 

 

Amendments to information provided at registration or in the protocol. 

 

Searches: 

Inclusion criteria: Publication date changed from 2019 to August 31 2020 

 

Intervention(s), exposure(s) 

We expanded the scope of data and included studies with real-world data in general (Big Data 

is a form of real-world data). 

 

Risk of bias (quality) assessment 

We expanded our method: 

Each reviewer will independently assess the statistical models used in the study. In case of 

disagreement a third reviewer will help choose the right classification. Regarding prediction, 

when possible, risk of bias will be assessed using the Prediction model Risk Of Bias 

AssessmenT (PROBAST). If not (especially for machine learning methods) each reviewer will 

assess at least each of the following elements: predictor, outcome evaluation metrics. 
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PROSPEROPROSPERO
International prospective register of systematic reviewsInternational prospective register of systematic reviews

Harnessing Big Data and machine learning methods for dengue surveillanceHarnessing Big Data and machine learning methods for dengue surveillance
and prediction: a systematic reviewand prediction: a systematic review

Emmanuelle Sylvestre, Marc Cuggia, André Cabié, Clarisse JoachimEmmanuelle Sylvestre, Marc Cuggia, André Cabié, Clarisse Joachim

To enable PROSPERO to focus on COVID-19 registrations duringTo enable PROSPERO to focus on COVID-19 registrations during
the 2020 pandemic, this registration record was automaticallythe 2020 pandemic, this registration record was automatically
published exactly as submitted. The PROSPERO team has notpublished exactly as submitted. The PROSPERO team has not
checked eligibility.checked eligibility.

CitationCitation
Emmanuelle Sylvestre, Marc Cuggia, André Cabié, Clarisse Joachim. Harnessing Big Data and machineEmmanuelle Sylvestre, Marc Cuggia, André Cabié, Clarisse Joachim. Harnessing Big Data and machine
learning methods for dengue surveillance and prediction: a systematic review. PROSPERO 2020learning methods for dengue surveillance and prediction: a systematic review. PROSPERO 2020
CRD42020172472 Available from: CRD42020172472 Available from: https://www.crd.york.ac.uk/prospero/display_record.php?https://www.crd.york.ac.uk/prospero/display_record.php?
ID=CRD42020172472ID=CRD42020172472

Review questionReview question
1. What are the different Big data and machine learning methods used for dengue prediction?1. What are the different Big data and machine learning methods used for dengue prediction?
2. What are the data sources used?2. What are the data sources used?  
3. Are these methods reproducible?3. Are these methods reproducible?  

SearchesSearches
We will search articles in PubMed, Web of Science, Scopus and LILACS.We will search articles in PubMed, Web of Science, Scopus and LILACS.
We will also search studies from grey literature, including the World Health Organization (WHO) DengueWe will also search studies from grey literature, including the World Health Organization (WHO) Dengue
Bulletin.Bulletin.  
There will be no language restriction.There will be no language restriction.
We will look for articles published between 2000 and 2019.We will look for articles published between 2000 and 2019.  

Types of study to be includedTypes of study to be included
We will include all epidemiological studies that use Big Data methods to predict: dengue outbreaks, dengueWe will include all epidemiological studies that use Big Data methods to predict: dengue outbreaks, dengue
outcomes, dengue severity.outcomes, dengue severity.
Studies with no original data (reviews, editorials, guidelines, perspective pieces), randomized controlledStudies with no original data (reviews, editorials, guidelines, perspective pieces), randomized controlled
trials, case series and case reports will not be included.trials, case series and case reports will not be included.
Descriptive epidemiological studies without any prediction model will not be included.Descriptive epidemiological studies without any prediction model will not be included.  
Studies focusing on other types of arboviruses will not be included.Studies focusing on other types of arboviruses will not be included.  
We will not include studies focusing exclusively on mosquitoes or in vitro studies.We will not include studies focusing exclusively on mosquitoes or in vitro studies.

Condition or domain being studiedCondition or domain being studied
We will focus on Dengue virus (DENV) which is one of the most important vector-borne diseases in theWe will focus on Dengue virus (DENV) which is one of the most important vector-borne diseases in the
world. world.   
The majority of DENV infections are asymptomatic or are characterized by intense flu-like symptoms lastingThe majority of DENV infections are asymptomatic or are characterized by intense flu-like symptoms lasting
up to 10 days afterward but they can evolve into the severe forms of dengue hemorrhagic fever/dengueup to 10 days afterward but they can evolve into the severe forms of dengue hemorrhagic fever/dengue
shock syndrome (DHF/DSS) which can lead to death. However, mortality due to dengue can be greatlyshock syndrome (DHF/DSS) which can lead to death. However, mortality due to dengue can be greatly
reduced by early diagnosis, which will influence appropriate clinical management.reduced by early diagnosis, which will influence appropriate clinical management.
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Most dengue-endemic regions (South-East Asia, the Americas and the Pacific for the most seriouslyMost dengue-endemic regions (South-East Asia, the Americas and the Pacific for the most seriously
affected) rely on traditional surveillance, based on hospital syndromic monitoring and laboratoryaffected) rely on traditional surveillance, based on hospital syndromic monitoring and laboratory
confirmation of a subset of cases reported to a central health agency. While this method is generally veryconfirmation of a subset of cases reported to a central health agency. While this method is generally very
accurate; it can be very slow and expensive due to the time needed to aggregate data, with substantialaccurate; it can be very slow and expensive due to the time needed to aggregate data, with substantial
delays between an event and notificationsdelays between an event and notifications  
On the other hand, numerous studies have successfully used mobile, digital and Internet based systems toOn the other hand, numerous studies have successfully used mobile, digital and Internet based systems to
crowd-source data from the community. These new sources of data have been already used in pilot studiescrowd-source data from the community. These new sources of data have been already used in pilot studies
to improve monitoring and clinical management and predict dengue outbreaks. to improve monitoring and clinical management and predict dengue outbreaks.   

Participants/populationParticipants/population
We will include all people with dengue, regardless of age, gender or severity of the disease.We will include all people with dengue, regardless of age, gender or severity of the disease.  

Intervention(s), exposure(s)Intervention(s), exposure(s)
We are interested in studies using Big Data methods. According to the MeSH definition of Big Data, thisWe are interested in studies using Big Data methods. According to the MeSH definition of Big Data, this
means all methods applied on “extremely large amounts of data which require rapid and often complexmeans all methods applied on “extremely large amounts of data which require rapid and often complex
computational analyses to reveal patterns, trends, and associations, relating to various facets of human andcomputational analyses to reveal patterns, trends, and associations, relating to various facets of human and
non-human entities”. non-human entities”.   
Regarding machine-learning methods, it can be defined as any computer-derived mathematical algorithmRegarding machine-learning methods, it can be defined as any computer-derived mathematical algorithm
using learning to classify data. It includes:using learning to classify data. It includes:  
- Supervised machine learning- Supervised machine learning  
- Unsupervised machine learning- Unsupervised machine learning  
- Deep learning- Deep learning  

Comparator(s)/controlComparator(s)/control
Not applicableNot applicable  

ContextContext
The diagnostic of dengue in the included papers should be established using any of the standard WHOThe diagnostic of dengue in the included papers should be established using any of the standard WHO
definition and classifications (1997 or 2009 WHO classification). definition and classifications (1997 or 2009 WHO classification).   
Research in low and middle-income countries will also be included.Research in low and middle-income countries will also be included.  

Main outcome(s)Main outcome(s)
- Number and type of Big Data methods and/or machine learning models used to predict or forecast a- Number and type of Big Data methods and/or machine learning models used to predict or forecast a
dengue outbreak and their performance (Recall, Precision, F-measure)dengue outbreak and their performance (Recall, Precision, F-measure)  
- Number and type of Big Data methods and/or machine learning models used to predict or forecast a- Number and type of Big Data methods and/or machine learning models used to predict or forecast a
severe dengue outbreak and their performance (Recall, Precision, F-measure)severe dengue outbreak and their performance (Recall, Precision, F-measure)  

Measures of effectMeasures of effect
Not applicableNot applicable  

Additional outcome(s)Additional outcome(s)
NoneNone

Measures of effectMeasures of effect
Not applicableNot applicable  

Data extraction (selection and coding)Data extraction (selection and coding)
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Two authors from the review team will independently extract outcome data from each study using aTwo authors from the review team will independently extract outcome data from each study using a
Microsoft Excel collection form. In case of disagreement, a third reviewer will help to reach a consensus.Microsoft Excel collection form. In case of disagreement, a third reviewer will help to reach a consensus.

The data collection and extraction will proceed as follows.The data collection and extraction will proceed as follows.
1. Study screening based on title/abstract for each source1. Study screening based on title/abstract for each source
2. Removing duplicates2. Removing duplicates
3. Eligibility based on full text review3. Eligibility based on full text review
4. Data extraction with collection form4. Data extraction with collection form  

The collection form will be based on relevant items from the Critical Appraisal and Data Extraction forThe collection form will be based on relevant items from the Critical Appraisal and Data Extraction for
Systematic Reviews of Prediction Modelling Studies (CHARMS) checklistSystematic Reviews of Prediction Modelling Studies (CHARMS) checklist

Based on the inclusion criteria and the CHARMS cheklist, the data extracted will include:Based on the inclusion criteria and the CHARMS cheklist, the data extracted will include:
1. Study characteristics (title, authors, year of publication, journal...)1. Study characteristics (title, authors, year of publication, journal...)  
2. Participants characteristics (age, gender...)2. Participants characteristics (age, gender...)
3. Data sources used for the models3. Data sources used for the models
4. Outcomes predicted4. Outcomes predicted  
5. Machine learning models employed and role in the study5. Machine learning models employed and role in the study  
6. Models performance and evaluation6. Models performance and evaluation  

We will use Zotero for managing the search and writing the review.We will use Zotero for managing the search and writing the review.  
The extracted data will be stored in Microsoft Excel individually.The extracted data will be stored in Microsoft Excel individually.  

Risk of bias (quality) assessmentRisk of bias (quality) assessment
Each reviewer will independently assess risk of bias using the Prediction model Risk Of Bias ASsessmentEach reviewer will independently assess risk of bias using the Prediction model Risk Of Bias ASsessment
Tool (PROBAST).Tool (PROBAST).

Strategy for data synthesisStrategy for data synthesis
We will summarise the results using descriptive statistics and a narrative synthesis.We will summarise the results using descriptive statistics and a narrative synthesis.
For the narrative synthesis, we will identify common patterns and compile the results into sub categories:For the narrative synthesis, we will identify common patterns and compile the results into sub categories:  
- Most frequent methods used (and machine learning category)- Most frequent methods used (and machine learning category)  
- Performance and evaluation of each model- Performance and evaluation of each model  
- Most frequent data sources used- Most frequent data sources used
- Contribution of non-clinical data versus clinical data- Contribution of non-clinical data versus clinical data  
- Influence of study participants on the model performance (scientific outcomes?)- Influence of study participants on the model performance (scientific outcomes?)  
No meta-analysis will be conducted for this review.No meta-analysis will be conducted for this review.

Analysis of subgroups or subsetsAnalysis of subgroups or subsets
If possible, synthesis will be stratified by:If possible, synthesis will be stratified by:
- country income level (high vs low and middle-income)- country income level (high vs low and middle-income)
- age (adults vs children)- age (adults vs children)
- data sources (traditional data sources vs non traditional data sources)- data sources (traditional data sources vs non traditional data sources)

Contact details for further informationContact details for further information
Emmanuelle SylvestreEmmanuelle Sylvestre
emmanuelle.sylvestre@chu-martinique.fremmanuelle.sylvestre@chu-martinique.fr

Organisational affiliation of the reviewOrganisational affiliation of the review
Martinique University HospitalMartinique University Hospital

Review team members and their organisational affiliationsReview team members and their organisational affiliations 126
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Dr Emmanuelle Sylvestre. Martinique University HospitalDr Emmanuelle Sylvestre. Martinique University Hospital  
Professor Marc Cuggia. Rennes University HospitalProfessor Marc Cuggia. Rennes University Hospital
Professor André Cabié. Martinique University HospitalProfessor André Cabié. Martinique University Hospital  
Assistant/Associate Professor Clarisse Joachim. Martinique University HospitalAssistant/Associate Professor Clarisse Joachim. Martinique University Hospital

CollaboratorsCollaborators
Professor Raymond Césaire. Martinique University HospitalProfessor Raymond Césaire. Martinique University Hospital

Type and method of reviewType and method of review
Narrative synthesis, Systematic reviewNarrative synthesis, Systematic review

Anticipated or actual start dateAnticipated or actual start date
09 March 202009 March 2020

Anticipated completion dateAnticipated completion date
31 August 202031 August 2020

Funding sources/sponsorsFunding sources/sponsors
This work is financed through Martinique Univeristy Hospital and Rennes UniversityThis work is financed through Martinique Univeristy Hospital and Rennes University  

Conflicts of interestConflicts of interest

LanguageLanguage
EnglishEnglish

CountryCountry
FranceFrance

Stage of reviewStage of review
Review OngoingReview Ongoing

Subject index terms statusSubject index terms status
Subject indexing assigned by CRDSubject indexing assigned by CRD

Subject index termsSubject index terms
MeSH headings have not been applied to this recordMeSH headings have not been applied to this record

Date of registration in PROSPERODate of registration in PROSPERO
28 April 202028 April 2020

Date of first submissionDate of first submission
05 March 202005 March 2020

Stage of review at time of this submissionStage of review at time of this submission
The review has not startedThe review has not started

StageStage StartedStarted CompletedCompleted

Preliminary searchesPreliminary searches NoNo NoNo
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StageStage StartedStarted CompletedCompleted

Piloting of the study selection processPiloting of the study selection process NoNo NoNo

Formal screening of search results against eligibility criteriaFormal screening of search results against eligibility criteria NoNo NoNo

Data extractionData extraction NoNo NoNo

Risk of bias (quality) assessmentRisk of bias (quality) assessment NoNo NoNo

Data analysisData analysis NoNo NoNo

The record owner confirms that the information they have supplied for this submission is accurate andThe record owner confirms that the information they have supplied for this submission is accurate and
complete and they understand that deliberate provision of inaccurate information or omission of data maycomplete and they understand that deliberate provision of inaccurate information or omission of data may
be construed as scientific misconduct.be construed as scientific misconduct.

The record owner confirms that they will update the status of the review when it is completed and will addThe record owner confirms that they will update the status of the review when it is completed and will add
publication details in due course.publication details in due course.

VersionsVersions

28 April 202028 April 2020

PROSPEROPROSPERO
This information has been provided by the named contact for this review. CRD has accepted this information in goodThis information has been provided by the named contact for this review. CRD has accepted this information in good
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S3 Table. Characteristics of studies included in the systematic review 

Reference Study Type Geographic region Data sources* Research period Origin of data sources** 

Polwiang et al. 

(2020)[1]  
Article Thailand Epidemiological, Climate 2003-2017 Government agency 

Xu et al. (2020)[2] Article China Epidemiological, Climate 2005-2018 Government agency 

Rangarajan et al. 

(2019)[3] 
Article 

Singapore, Taiwan, 

Thailand, Brazil, Mexico, 

USA 

Epidemiological, Clinical, Google 2001-2015 Public dataset 

Anno et al. (2019)[4] Article Taiwan Epidemiological, Climate 1998-2015 Government agency 

Romero et al. 

(2019)[5] 
Article  Epidemiological, Climate, Vector 

1960-2013/ 

1986-2014 
Public dataset 

Mello-Román et al. 

(2019)[6] 
Article Paraguay Epidemiological, Clinical 2012-2016 Government agency 

Stolerman et al. 

(2019)[7] 
Article Brazil Epidemiological 2002-2017 Government agency 

Macedo et al. 

(2019)[8] 
Article Brazil Clinical 2007-2013 Hospital 

Husnayain et al. 

(2019)[9] 
Article Indonesia Epidemiological, Google 2012-2016 Government agency, ISE 

Souza et al. (2019)[10] Article Brazil Epidemiological, Twitter 2015 Government agency, SM 

Ramadona et al. 

(2019)[11] 
Article Indonesia Epidemiological, Twitter 2016-2018 Government agency, SM 

Davi et al. (2019)[12] Article Brazil Clinical, Genomic  Hospital 

Guo et al. (2019)[13] Article China 
Epidemiological, Climate, Baidu, 

Weibo 
2011-2016 Government agency, SM 

Koh et al. (2018)[14] Article Singapore Epidemiological, Climate 2016 Government agency 

Carvajal et al. 

(2018)[15] 
Article Philippines Epidemiological, Climate 2009-2013 Government agency 

Baquero et al. 

(2018)[16] 
Article Brazil Epidemiological, Climate 2000-2016 Government agency 

Chen et al. (2018)[17] Article 
Thailand, Taiwan, 

Singapore 
Epidemiological, Climate 2003-2014 Government agency 

*Epidemiological: Epidemiological and demographics data; Climate: Climate, environmental and geographical data; Clinical: Clinical and biological data; SM: 

Social Media data; Vector: Vector data; Genomic: Genomic data; Cellphone: Cellphone data 

**ISE: Internet Search Engine; SM: Social Media; WHO: World Health Organization; IoT: Internet of Things 

129



S3 Table (Continued)  

Reference Study Type Geographic region Data sources* Research period Origin of data sources** 

Villanes et al. 

(2018)[18] 
Article India LeXisNexis 2014 News database 

Guo et al. (2017)[19] Article China Epidemiological, Climate, Baidu 2011-2014 Government agency 

Chatterjee et al. 

(2018)[20] 
Article  Clinical, Genomic  Public dataset 

Guo et al. (2017)[21] Article China Epidemiological, Baidu 2011-2014 Government agency, ISE 

Yang et al. (2017)[22] Article 
Mexico, Taiwan, 

Thailand, Brazil, Singapore 
Epidemiological, Google 2001-2015 Government agency 

Marques-Toledo et al. 

(2017)[23] 
Article Brazil Epidemiological, Twitter, Wikipedia 2012-2016 Government agency, SM 

Premaratne et al. 

(2017)[24] 
Article Sri Lanka Clinical 2016 Published dataset 

Jayasundara et al. 

(2018)[25] 
Article Sri Lanka Clinical 2016 Published dataset 

Li et al. (2017)[26] Article China Epidemiological, Climate, Baidu 2011-2014 Government agency, ISE 

Kesorn et al. 

(2015)[27] 
Article Thailand Epidemiological, Climate, Vector 2007-2013 Government agency 

Dayama et al. 

(2014)[28] 
Article Singapore Epidemiological 2000-2014  

Sampath et al. 

(2014)[29] 
Article Singapore Epidemiological  Government agency 

Gluskin et al. 

(2014)[30] 
Article Mexico Epidemiological, Climate, Google 2003-2011 Government agency, ISE 

Flamand et al. 

(2014)[31] 
Article French Guiana Epidemiological, Climate 2006-2011 Government agency 

Torres et al. 

(2014)[32] 
Article Colombia Epidemiological 

1995-2011/ 

1997-2011 
Government agency 

Buczak et al. 

(2012)[33] 
Article Peru 

Epidemiological, Climate, Political 

stability 
2001-2009 Government agency 

*Epidemiological: Epidemiological and demographics data; Climate: Climate, environmental and geographical data; Clinical: Clinical and biological data; SM: 

Social Media data; Vector: Vector data; Genomic: Genomic data; Cellphone: Cellphone data 

**ISE: Internet Search Engine; SM: Social Media; WHO: World Health Organization; IoT: Internet of Things 

 

130



S3 Table (Continued)  

Reference Study Type Geographic region Data sources* Research period Origin of data sources** 

Hoen et al. (2012)[34] Article  Epidemiological, Climate, 

HealthMap 
2009-2011 

Government agency, 

News database 

Althouse et al. 

(2011)[35] 
Article Singapore, Thailand Epidemiological, Google 2004-2011 Government agency 

Chan et al. (2011)[36] Article 
Bolivia, India, Indonesia, 

Brazil, Singapore 
Epidemiological, Google 2003-2010 WHO, ISE 

Faisal et al. (2012)[37]  Article Malaysia 
Clinical, Bioelectrical impedance 

analysis 
2010 Hospital 

Ibrahim et al. 

(2010)[38] 
Article Malaysia 

Clinical, Bioelectrical impedance 

analysis 
2010 Hospital 

Syamsuddin et al. 

(2020)[39] 
Article Indonesia Epidemiological, Google 2012-2017 Hospital, ISE 

Romero-Alvarez et al. 

(2020)[40] 
Article Brazil Epidemiological, Google 2011-2016 ISE, Government agency 

Liu et al. (2019)[41] Article China Epidemiological, Climate, Baidu 2011-2015 Government agency, ISE 

Musa et al. (2019)[42] Article Taiwan Epidemiological 2014–2016  

Messina et al. 

(2019)[43] 
Article Worldwide HealthMap 1960-2015 HealthMap 

Titus et al. (2018)[44] Article Bangladesh Epidemiological, Climate 2000-2009 Government agency 

Marques-Toledo et al. 

(2019)[45] 
Article Brazil 

Epidemiological, Climate, Vector, 

Twitter 
2015 Government agency, SM 

Verma et al. 

(2018)[46] 
Article India Epidemiological, Google 2016 Government agency, ISE 

Ho et al. (2018)[47] Article Philippines Epidemiological, Google 2009-2014 Government agency, ISE 

Phakhounthong et al. 

(2018)[48] 
Article Cambodia Clinical 2009 Hospital 

Strauss et al. 

(2017)[49] 
Article Venezuela Epidemiological, Google 2004-2014 Government agency 

Nsoesie et al. 

(2016)[50] 
Article Brazil Epidemiological, Twitter 2012-2014 Government agency, SM 

*Epidemiological: Epidemiological and demographics data; Climate: Climate, environmental and geographical data; Clinical: Clinical and biological data; SM: 

Social Media data; Vector: Vector data; Genomic: Genomic data; Cellphone: Cellphone data 

**ISE: Internet Search Engine; SM: Social Media; WHO: World Health Organization; IoT: Internet of Things 
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S3 Table (Continued)  

Reference Study Type Geographic region Data sources* Research period Origin of data sources** 

Liu et al. (2016)[51] Article China Epidemiological, Baidu 2010-2014 Government agency, ISE 

Ximenes et al. 

(2016)[52] 
Article Brazil Epidemiological 2000-2015 Government agency 

Mohamad et al. 

(2014)[53] 
Article Malaysia Epidemiological, Climate 2003-2009 

Government agency, 

Hospital 

Puengpreeda, et al. 

(2020)[54] 
Article Thailand Epidemiological, Climate, Google 2007-2018 Government agency, ISE 

Amin, et al. (2020)[55] Article Worldwide Twitter 2017-2019 SM 

Manogaran, et al. 

(2018)[56] 
Article India Epidemiological, Climate 1979-2016 

Government agency 

IoT Weather sensor device 

Agarwal, et al. 

(2018)[57] 
Article India Epidemiological, Climate 2006-2015 Government agency 

Manogaran, et al. 

(2018)[58] 
Article India Epidemiological, Climate 1998-2016 

Government agency,  

Public dataset 

Jahangir, et al. 

(2018)[59] 

Conference 

Paper 
Pakistan Clinical  Hospital 

Husin, et al. 

(2018)[60] 

Conference 

Paper 
Malaysia Clinical 2015 Hospital, Experts 

Anggraeni, et al. 

(2018)[61] 

Conference 

Paper 
Indonesia Epidemiological, Google 2010-2015 Hospital, ISE 

Livelo, et al. 

(2018)[62] 

Conference 

Paper 
Philippines Epidemiological, Twitter 2017 Government agency, SM 

Wiratmadja, et al. 

(2018)[63] 
Article Indonesia Clinical  Hospital 

Arafiyah, et al. 

(2018)[64] 

Conference 

Paper 
Indonesia Clinical 2017 Hospital 

Abuhamad, et al. 

(2017)[65] 
Article Malaysia Epidemiological, Clinical, Climate 2003-2010 Government agency 

Manivannan, et al. 

(2017)[66] 

Conference 

Paper 
Vietnam Clinical 2010-2013 Hospital 

*Epidemiological: Epidemiological and demographics data; Climate: Climate, environmental and geographical data; Clinical: Clinical and biological data; SM: 

Social Media data; Vector: Vector data; Genomic: Genomic data; Cellphone: Cellphone data 

**ISE: Internet Search Engine; SM: Social Media; WHO: World Health Organization; IoT: Internet of Things 
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S3 Table (Continued)  

Reference Study Type Geographic region Data sources* Research period Origin of data sources** 

Dharmawardana, et al. 

(2017)[67] 

Conference 

Paper 
Sri Lanka 

Epidemiological, Climate, 

Cellphone 
2012-2014 

Government agency,  

Cell towers 

Espina, et al. 

(2017)[68] 

Conference 

Paper 
Philippines Epidemiological, Twitter 2016 Government agency, SM 

Rahim, et al. 

(2017)[69] 
Article Malaysia Epidemiological, Climate 2010-2015 Government agency 

Klein, et al. (2017)[70] Article Brazil 
Epidemiological, Facebook, Twitter, 

Instagram, Flickr, YouTube 
2016 Government agency, SM 

Kerdprasop, et al. 

(2016)[71] 

Conference 

Paper 
Thailand Epidemiological, Climate 2006-2015 Government agency 

Anggraeni, et al. 

(2016)[72] 

Conference 

Paper 
Indonesia Epidemiological, Google 2010-2015 Hospital, ISE 

Mathulamuthu, et al. 

(2016)[73] 

Conference 

Paper 
Malaysia Epidemiological, Climate 2009-2013 Government agency 

Rahmawati, et al. 

(2016)[74] 

Conference 

Paper 
Taiwan Epidemiological, Climate 2014-2015 Government agency 

Missier, et al. 

(2016)[75] 

Conference 

Paper 
Brazil Epidemiological, Twitter 2015 Government agency, SM 

Abeyrathna, et al. 

(2016)[76] 

Conference 

Paper 
Sri Lanka Epidemiological, Cellphone 2013 

Government agency, 

Cell towers 

Fathima, et al. 

(2015)[77] 
Article India Clinical 2009-2011 Hospital 

Tazkia, et al. 

(2015)[78] 

Conference 

Paper 
Indonesia Epidemiological, Climate 2012-2013 Government agency 

Wu, et al. (2008)[79] 
Conference 

Paper 
Singapore Epidemiological, Climate 2001-2006 Government agency 

Salam, et al. 

(2019)[80] 
Article India Epidemiological, Google 2004-2017 Government agency, ISE 

Saire, et al. (2019)[81] 
Conference 

Paper 
Brazil Twitter 2009-2017 SM 

*Epidemiological: Epidemiological and demographics data; Climate: Climate, environmental and geographical data; Clinical: Clinical and biological data; SM: 

Social Media data; Vector: Vector data; Genomic: Genomic data; Cellphone: Cellphone data 

**ISE: Internet Search Engine; SM: Social Media; WHO: World Health Organization; IoT: Internet of Things 
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Reference Study Type Geographic region Data sources* Research period Origin of data sources** 

Swain, et al. 

(2017)[82] 

Conference 

Paper 
India Epidemiological, Twitter 2016 SM 

Saravanan, et al. 

(2017)[83] 

Conference 

Paper 
India Epidemiological, Clinical  Hospital 

Carlos, et al. 

(2017)[84] 

Conference 

Paper 
Brazil Epidemiological, Twitter 2015-2016 Government agency, SM 

Ye, et al. (2016)[85]  Article China Epidemiological, Twitter, Weibo 2014 Government agency, SM 

Li, et al. (2016)[86] 
Conference 

Paper 
China Epidemiological, Climate 2015 Government agency 

Fathima, et al. 

(2011)[87] 

Conference 

Paper 
India Clinical  Hospital 

Srilekha et al. 

(2020)[88] 
Article Sri Lanka Epidemiological, Climate 18 years  

Ganthimathi et al. 

(2020)[89] 
Article India Clinical  Hospital 

Kumar et al. 

(2020)[90] 
Article India Clinical 2017 Hospital 

Guiyab et al. 

(2019)[91] 
Article Philippines Clinical 2013-2017 Hospital 

Chovatiya et al. 

(2019)[92] 

Conference 

Paper 
India Epidemiological, Climate  Government agency 

Kerdprasop et al. 

(2019)[93] 

Conference 

Paper 
Thailand Epidemiological, Climate 2003-2017 Government agency 

Link et al. (2019)[94] 
Conference 

Paper 
Peru, Puerto Rico Epidemiological, Climate 2002-2009 Public dataset 

Arafiyah et al. 

(2018)[95] 

Conference 

Paper 
Indonesia Clinical 2017 Hospital 

Mishra et al. 

(2018)[96] 
Article India Clinical  Hospital 

*Epidemiological: Epidemiological and demographics data; Climate: Climate, environmental and geographical data; Clinical: Clinical and biological data; SM: 

Social Media data; Vector: Vector data; Genomic: Genomic data; Cellphone: Cellphone data 

**ISE: Internet Search Engine; SM: Social Media; WHO: World Health Organization; IoT: Internet of Things 
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Reference Study Type Geographic region Data sources Research period Origin of data sources** 

Wu et al. (2017)[97] 
Conference 

Paper 
Taiwan Epidemiological, Climate, Google 2006-2016 

Government agency 

WHO, ISE 

Albinati et al. 

(2017)[98] 

Conference 

Paper 
Brazil Epidemiological, Twitter 2011-2016 Government agency, SM 

Zhu et al. (2017)[99] 
Conference 

Paper 
Hong-Kong Epidemiological, Climate 2004-2015 Government agency 

Zainudin et al. 

(2016)[100] 
Article Malaysia Epidemiological 2010-2015 Government agency 

Milinovich et al. 

(2014)[101] 
Article Australia Epidemiological, Google 2004-2013 Government agency, ISE 

Ongruk et al. 

(2014)[102] 

Conference 

Paper 
Thailand Epidemiological, Climate, Vector 2010-2012 Government agency 

Balasundaram et al. 

(2013)[103] 

Conference 

Paper 
India Clinical  Hospital 

Wu et al. (2009)[104] 
Conference 

Paper 
Singapore Epidemiological, Climate 2001-2007 Government agency 

Zhang et al. 

(2020)[105] 
Article India Epidemiological, LeXisNexis 2003-2016 WHO, News database 

Souza et al. 

(2018)[106] 

Conference 

Paper 
Brazil SM 2015 SM 

Coberly et al. 

(2014)[107] 
Article Philippines Epidemiological, Twitter 2011 Government agency, SM 

Gomide et al. 

(2011)[108] 

Conference 

Paper 
Brazil Epidemiological, Twitter 2007-2010 Government agency, SM 

Fang et al. (2010)[109] 
Conference 

Paper 
Taiwan Epidemiological, Google 2004-2008 Government agency 

Souza et al. 

(2020)[110] 

Conference 

Paper 
Puerto Rico Epidemiological, Climate, Google 2004-2008 Public dataset 

Yogapriya et al. 

(2019)[111] 
Article India Clinical  Hospital 

*Epidemiological: Epidemiological and demographics data; Climate: Climate, environmental and geographical data; Clinical: Clinical and biological data; SM: 

Social Media data; Vector: Vector data; Genomic: Genomic data; Cellphone: Cellphone data 

**ISE: Internet Search Engine; SM: Social Media; WHO: World Health Organization; IoT: Internet of Things 
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S3 Table (Continued)  

Reference Study Type Geographic region Data sources* Research period Origin of data sources** 

Adias et al. 

(2019)[112] 

Conference 

Paper 
Indonesia Clinical 2010-2015 Hospital 

Jongmuenwai et al. 

(2019)[113] 

Conference 

Paper 
Thailand Epidemiological, Clinical, Climate 2007-2016 

Government agency, 

Hospital 

Balasaravanan et al. 

(2018)[114] 
Article India Clinical  Government agency 

Acosta et al. 

(2016)[115] 
Article Cuba Clinical 2014 Hospital 

Soonthornphisaj et al. 

(2016)[116] 

Conference 

Paper 
Thailand Clinical  Hospital 

Fathima et al. 

(2012)[117] 

Conference 

Paper 
India Clinical  Hospital 

Fathima et al. 

(2011)[118] 

Conference 

Paper 
India Clinical  Hospital 

Long et al. 

(2010)[119] 

Conference 

Paper 
Malaysia Epidemiological  Government agency 

*Epidemiological: Epidemiological and demographics data; Climate: Climate, environmental and geographical data; Clinical: Clinical and biological data; SM: 

Social Media data; Vector: Vector data; Genomic: Genomic data; Cellphone: Cellphone data 

**ISE: Internet Search Engine; SM: Social Media; WHO: World Health Organization; IoT: Internet of Things 
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S4 Table. Studied outcomes for dengue surveillance and prediction  

Outcome n % 

Dengue incidence rate 58 49 

Dengue diagnosis 20 17 

Dengue outbreak 18 15 

Dengue severity 8 7 

Dengue-related tweet 4 3 

   

Other outcome 18 15 

Dengue risk level 3 2.5 

Dengue spatial cluster 2 1.7 

Dengue mortality 2 1.7 

Dengue transmission risk 2 1.7 

Dengue serotype 1 0.8 

Dengue maps 1 0.8 

Dynamic mobility-weighted incidence index 1 0.8 

Length of hospital stay 1 0.8 

Peak time of dengue incidence 1 0.8 

Peak value 1 0.8 

R0 1 0.8 

Trend in dengue articles 1 0.8 

Yearly dengue deaths 1 0.8 
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S5 Table. Detailed study outcomes and results 

Reference Study outcome
Study aim: Assesing a 

data source
Study aim: Prediction Data source

Association between source and 
outcome?

Best model
Analysis to find significant 

predictors among covariates?
Comparison of several 

models?
Polwiang et al. (2020) [1] Dengue incidence rate yes yes Climate data yes Regression model yes yes

Xu et al. (2020) [2] Dengue incidence rate no yes NA NA Artificial Neural Network no yes

Rangarajan et al. (2019) [3] Dengue incidence rate, Peak value, Peak time of dengue incidenceno yes NA NA Time series model no yes

Anno et al. (2019) [4] Dengue outbreak yes no Geographical data yes NA NA NA

Romero et al. (2019) [5] Dengue outbreak no yes NA NA Regression model yes no

Mello-Román et al. (2019) [6] Dengue diagnosis no yes NA NA Artificial Neural Network no yes

Stolerman et al. (2019) [7] Dengue incidence rate no yes NA NA Support Vector Machine yes no

Macedo et al. (2019) [8] Dengue severity no yes NA NA Artificial Neural Network yes no

Husnayain et al. (2019) [9] Dengue incidence rate yes no Google yes NA NA NA

Souza et al. (2019) [10] Dengue spatial cluster yes no Twitter yes NA NA NA

Ramadona et al. (2019) [11] Dengue incidence rate, Dynamic mobility-weighted incidence index (MI)yes yes Twitter yes Bayesian yes no

Davi et al. (2019) [12] Dengue severity no yes NA NA Artificial Neural Network yes no

Guo et al. (2019) [13] Dengue incidence rate yes yes Baidu, Twitter yes Regression model no yes

Koh et al. (2018) [14] Dengue incidence rate no yes NA NA Artificial Neural Network yes yes

Carvajal et al. (2018) [15] Dengue incidence rate yes yes Climate data yes Decision Tree yes yes

Baquero et al. (2018) [16] Dengue incidence rate no yes NA NA Regression model yes yes

Chen et al. (2018) [17] Dengue incidence rate no yes NA NA Regression model yes no

Villanes et al. (2018) [18] Trend in dengue articles yes no LexisNexis yes NA NA NA

Guo et al. (2017) [19] Dengue incidence rate yes yes Baidu yes Support Vector Machine no yes

Chatterjee et al. (2018) [20] Dengue severity no yes NA NA Artificial Neural Network no yes

Guo et al. (2017) [21] Dengue incidence rate yes no Baidu yes NA NA NA

Yang et al. (2017) [22] Dengue incidence rate no yes NA NA Time series model no yes

Marques-Toledo et al. (2017) [23] Dengue incidence rate yes yes Twitter, Google, Wikipediayes Regression model yes no

Premaratne et al. (2017) [24] Dengue severity no yes NA NA Other yes no

Jayasundara et al. (2018) [25] Dengue severity no yes NA NA Other no no

Li et al. (2017) [26] Dengue incidence rate yes yes Baidu yes Regression model yes no

Kesorn et al. (2015) [27] Dengue incidence rate no yes NA NA Support Vector Machine yes yes

Dayama et al. (2014) [28] Dengue outbreak no yes NA NA Time series model no yes

Sampath et al. (2014) [29] Dengue outbreak no yes NA NA Regression model no yes

Gluskin et al. (2014) [30] Dengue incidence rate yes yes Google yes Regression model yes no

Flamand et al. (2014) [31] Dengue incidence rate yes no Climate data yes NA NA NA

Torres et al. (2014) [32] Dengue incidence rate no yes NA NA Other no yes

Buczak et al. (2012) [33] Dengue outbreak no yes NA NA Association Rules no yes

Hoen et al. (2012) [34] Dengue outbreak yes no HealthMap yes NA NA NA

Althouse et al. (2011) [35] Dengue incidence rate yes yes Google yes Regression model yes no

Chan et al. (2011) [36] Dengue incidence rate yes no Google yes NA NA NA

Faisal et al. (2010) [37] Dengue risk level no yes NA NA Artificial Neural Network yes yes

Ibrahim et al. (2010) [38] Dengue risk level no yes NA NA Artificial Neural Network no yes

Syamsuddin et al. (2020) [39] Dengue incidence rate yes no Google yes NA NA NA

Romero-Alvarez et al. (2020) [40] Dengue incidence rate yes no Google yes NA NA NA

Liu et al. (2019) [41] Dengue incidence rate yes yes Baidu yes Regression model yes yes

Musa et al. (2019) [42] R0 no yes NA NA Other no no

Messina et al. (2019) [43] Dengue maps no yes NA NA Regression model yes no

Titus et al. (2018) [44] Dengue outbreak, Dengue incidence rateyes yes Climate data yes Regression model yes no

Marques-Toledo et al. (2019) [45] Dengue transmission risk no yes NA NA Regression model yes no

Verma et al. (2018) [46] Dengue incidence rate yes no Google yes NA NA NA

Ho et al. (2018) [47] Dengue incidence rate yes no Google yes NA NA NA

Phakhounthong et al. (2018) [48] Dengue severity no yes NA NA Decision Tree yes yes

Strauss et al. (2017) [49] Dengue incidence rate yes no Google yes NA NA NA

Nsoesie et al. (2016) [50] Dengue incidence rate yes yes Twitter yes Bayesian yes yes

Liu et al. (2016) [51] Dengue incidence rate yes yes Baidu yes Decision Tree yes no

Ximenes et al. (2016) [52] Dengue risk level no yes NA NA Other no no

Mohamad et al. (2014) [53] Dengue outbreak no yes NA NA Other no yes

Puengpreeda, et al. (2020) [54] Dengue incidence rate no yes NA NA Decision Tree no yes

Amin, et al. (2020) [55] Dengue diagnosis no yes NA NA Artificial Neural Network no yes

Manogaran, et al. (2018) [56] Dengue incidence rate yes no Climate data yes NA NA NA

Agarwal, et al. (2018) [57] Dengue incidence rate yes yes Climate data yes Regression model yes yes

Manogaran, et al. (2018) [58] Dengue incidence rate no yes NA NA Bayesian no yes

Jahangir, et al. (2018) [59] Dengue diagnosis no yes NA NA Association Rules yes no

Husin, et al. (2018) [60] Dengue diagnosis no yes NA NA Artificial Neural Network yes no

Anggraeni, et al. (2018) [61] Dengue incidence rate no yes NA NA Artificial Neural Network no yes

Livelo, et al. (2018) [62] Dengue-related tweet yes yes Twitter yes NA NA NA

Wiratmadja, et al. (2018) [63] Length of hospital stay no yes NA NA Decision Tree yes no

Arafiyah, et al. (2018) [64] Dengue severity no yes NA NA Bayesian no no

Abuhamad, et al. (2017) [65] Dengue outbreak no yes NA NA Artificial Neural Network yes yes

Manivannan, et al. (2017) [66] Dengue diagnosis, Dengue serotypeno yes NA NA Clustering yes no

Dharmawardana, et al. (2017) [67]Dengue incidence rate yes yes Mobile network big data yes Artificial Neural Network no yes

Espina, et al. (2017) [68] Dengue incidence rate yes no Twitter yes NA NA NA

Rahim, et al. (2017) [69] Dengue outbreak, Dengue mortalityno yes NA NA Decision Tree no yes

Klein, et al. (2017) [70] Dengue incidence rate yes no Twitter yes NA NA NA

Kerdprasop, et al. (2016) [71] Dengue incidence rate yes yes Climate data yes Decision Tree yes yes

Anggraeni, et al. (2016) [72] Dengue incidence rate yes yes Google yes Time series model yes yes

Mathulamuthu, et al. (2016) [73] Dengue incidence rate no yes NA NA Clustering yes no

Rahmawati, et al. (2016) [74] Dengue outbreak no yes NA NA Support Vector Machine yes no

Missier, et al. (2016) [75] Dengue-related tweet yes no Twitter yes NA NA NA

Abeyrathna, et al. (2016) [76] Dengue incidence rate no yes NA NA Other yes no

Fathima, et al. (2015) [77] Dengue diagnosis no yes NA NA Decision Tree yes no

Tazkia, et al. (2015) [78] Dengue outbreak no yes NA NA Bayesian yes no

Wu, et al. (2008) [79] Dengue incidence rate yes yes Climate data yes Support Vector Machine yes yes

Salam, et al. (2019) [80] Dengue incidence rate, Yearly dengue deathsyes no Google yes NA NA NA

Saire, et al. (2019) [81] Dengue-related tweet yes no Twitter yes NA NA NA

Swain, et al. (2017) [82] Dengue-related tweet yes no Twitter yes NA NA NA

Saravanan, et al. (2017) [83] Dengue diagnosis no yes NA NA Decision Tree no yes

Carlos, et al. (2017) [84] Dengue incidence rate yes no Twitter yes NA NA NA

Ye, et al. (2016) [85] Dengue incidence rate yes no Weibo yes NA NA NA

Li, et al. (2016) [86] Dengue outbreak yes no Vector data, Climate data yes NA NA NA

Fathima, et al. (2011) [87] Dengue diagnosis no yes NA NA Support Vector Machine no yes

Srilekha et al. (2020) [88] Dengue outbreak no yes NA NA Decision Tree no yes

Ganthimathi et al. (2020) [89] Dengue diagnosis no yes NA NA Support Vector Machine no yes

Kumar et al. (2020) [90] Dengue diagnosis no yes NA NA Artificial Neural Network no yes

Guiyab et al. (2019) [91] Dengue survivability no yes NA NA Decision Tree yes yes

Chovatiya et al. (2019) [92] Dengue incidence rate no yes NA NA Artificial Neural Network yes no
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Kerdprasop et al. (2019) [93] Dengue incidence rate no yes NA NA Decision Tree yes yes

Link et al. (2019) [94] Dengue outbreak no yes NA NA Time series model yes yes

Arafiyah et al. (2018) [95] Dengue diagnosis no yes NA NA Decision Tree no yes

Mishra et al. (2018) [96] Dengue diagnosis no yes NA NA Other no yes

Wu et al. (2017) [97] Dengue incidence rate yes yes Google no Decision Tree yes no

Albinati et al. (2017) [98] Dengue incidence rate yes yes Twitter yes Other yes no

Zhu et al. (2017) [99] Dengue outbreak yes yes Climate data yes Support Vector Machine yes no

Zainudin et al. (2016) [100] Dengue transmission risk no yes NA NA Decision Tree no no

Milinovich et al. (2014) [101] Dengue incidence rate yes no Google yes NA NA NA

Ongruk et al. (2014) [102] Dengue outbreak yes yes Vector data, Climate data yes Regression model yes no

Balasundaram et al. (2013) [103] Dengue diagnosis no yes NA NA Decision Tree no yes

Wu et al. (2009) [104] Dengue outbreak yes yes Climate data yes Support Vector Machine yes yes

Zhang et al. (2020) [105] Dengue incidence rate yes no LexisNexis yes NA NA NA

Souza et al. (2018) [106] Dengue spatial cluster yes no Twitter yes NA NA NA

Coberly et al. (2014) [107] Dengue incidence rate yes no Twitter yes NA NA NA

Gomide et al. (2011) [108] Dengue incidence rate yes no Twitter yes NA NA NA

Fang et al. (2010) [109] Dengue incidence rate yes no Google yes NA NA NA

Souza et al. (2020) [110] Dengue incidence rate yes yes Google, Climate data yes Support Vector Machine yes yes

Yogapriya et al. (2019) [111] Dengue diagnosis no yes NA NA Clustering no yes

Adias et al. (2019) [112] Dengue diagnosis no yes NA NA Artificial Neural Network no yes

Jongmuenwai et al. (2019) [113] Dengue diagnosis no yes NA NA Decision Tree no yes

Balasaravanan et al. (2018) [114] Dengue diagnosis no yes NA NA Artificial Neural Network yes yes

Acosta et al. (2016) [115] Dengue diagnosis no yes NA NA Decision Tree yes no

Soonthornphisaj et al. (2016) [116]Dengue severity no yes NA NA Decision Tree yes yes

Fathima et al. (2012) [117] Dengue diagnosis no yes NA NA Support Vector Machine no yes

Fathima et al. (2011) [118] Dengue diagnosis no yes NA NA Support Vector Machine no yes

Long et al. (2010) [119] Dengue incidence rate no yes NA NA Association Rules NA yes
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Résumé : Les maladies infectieuses 
émergentes sont devenues un enjeu majeur de 
santé publique ces dernières années et sont à 
l’origine de nombreuses crises sanitaires 
touchant en majorité les régions tropicales et 
subtropicales telles que la Caraïbe. À l’heure 
actuelle, les systèmes de surveillance 
syndromique basés sur la collecte et l’analyse de 
données souffrent de plusieurs limites, 
notamment les délais entre un événement de 
santé et sa notification et le coût élevé de ces 
systèmes, alors que l’accélération de la 
propagation de ces pathologies demande des 
systèmes de plus en plus réactifs. Des 
alternatives basées sur les données de vie 
réelle, c’est-à-dire l’ensemble des données 
recueillies en dehors de la recherche clinique, 
sont étudiées depuis plusieurs années pour 
tenter de répondre aux enjeux de réactivité et de 
disponibilité des données. 

L’objectif de cette thèse est d’évaluer la place 
des données de vie réelle dans la surveillance 
syndromique et plus spécifiquement de la 
surveillance de la dengue dans la Caraïbe.  
Cette thèse sur articles explore trois axes 
importants : une première partie fait un état des 
lieux et étudie les enjeux des systèmes de 
surveillance syndromique dans la Caraïbe. La 
seconde partie expose les verrous liés aux 
données de vie réelle. La troisième partie 
explore les verrous liés à l’exploitation des 
données à travers le cas d’usage de la 
surveillance de la dengue en Martinique. Enfin, 
la discussion s’intéresse aux atouts et 
contraintes des données de vie réelle dans la 
surveillance syndromique et leur place dans la 
préparation (preparedness) et la capacité de 
réponse des systèmes à répondre aux 
épidémies. 
 

 

Title: Harnessing real-world data to manage arboviral disease outbreaks in the Caribbean.             
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Abstract :  The incidence of emerging 
infectious diseases has increased considerably 
over the last few years, causing several health 
crises, especially in tropical and subtropical 
areas such as the Caribbean. Currently, 
traditional surveillance systems based on data 
collection are hampered by several limitations, 
especially delays between a case and its 
notification, and high costs despite their need to 
be responsive. Alternatives approaches based 
on real-world data, ie. data not collected in 
experimental conditions, have been studied for 
several years to help improve responsiveness 
and data availability of these systems. The aim of 
this thesis is to assess the role of real-world data 
in syndromic surveillance and more specifically 
dengue monitoring in the Caribbean. 

This thesis explored three major axes: first, we 
conducted a state of the art on syndromic 
surveillance systems in the Caribbean and their 
limitations. Secondly, we identified the 
challenges related to real-world data. The third 
section explored the challenges related to data 
exploitation through the use case of dengue 
surveillance in Martinique. Finally, the 
discussion focused on the challenges and 
opportunities of real-world data in syndromic 
surveillance and their place in epidemic 
preparedness and response. 
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