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Title: Evaluation and implementation of clinical decision support tools for antimicrobial stewardship

Abstract:

Inappropriate prescription of antimicrobials impacts clinical outcomes and increases antimicrobial
resistance. Antimicrobial stewardship interventions have been developed to improve the quality of
antimicrobial prescribing. Among the interventions studied, clinical decision supports tools or systems
(CDSS), whether digital or in paper format, may help optimize antimicrobial prescribing.

The overarching objective of this work was to assess and extend the implementation and use of existing
decision support tools for antimicrobial prescribing. More specifically, the first part of the thesis aimed
to expand the use of a CDSS to a new context, from high-income countries (HIC) to low- and middle-
income countries (LMIC), the second part aimed to expand the use of decision support tools to a wider
set of healthcare professionals by working with community pharmacists, and the third part aimed to
provide a state of the art of the use of machine learning (ML) in CDSS for antimicrobial prescribing.
The first part of the thesis work consisted of a qualitative study analysing the potential benefits and risks
of the extension of Antibioclic in West Africa, as well as the obstacles and facilitators to its development,
its adaptation and its implementation in this context. Antibioclic is a free clinical decision support
system (CDSS) for antimicrobial prescribing, targeting 37 common infectious diseases and used daily
in primary care by more than 5,000 doctors in France. To this end, we organized a workshop in Burkina
Faso in June 2019 which brought together 47 doctors representing 9 West African countries and 6
medical specialties. The participants considered that Antibioclic could improve patient care, encourage
the development and updating of national antibiotic therapy recommendations and help develop
capacities for the surveillance of infectious diseases in primary care. Participants stressed the need to
adapt the tool to the local epidemiology of infectious diseases and antimicrobial resistance, and to
include tuberculosis, HIV and malaria. The CDSS should be tailored to the availability of diagnostic
tools and antibiotics in West Africa, as well as to the diversity of primary care structures in this region.
The most frequently cited contextual barrier was the potential risk of increasing self-medication in West
Africa.

The second part of this thesis aimed to study the utility of a paper-based decision tool developed by
Public Health England for primary care doctors, if expanded to the community pharmacy setting for the
management of urinary tract infections (UTI). This UTI leaflet includes prevention and antibiotic
prescribing guidance. This qualitative study included individual interviews with Pharmacists, before and
after the implementation of the UTI leaflet in 16 pharmacies in London and data from 50 service users
via a detailed self-completed questionnaire. Community pharmacists recognised their important role in
the management of community infections and in the prescription of antibiotics by pharmacists through
Patient Group Directions. Although obstacles to the involvement of pharmacists were identified such as
lack of access to the patient medical records, and lack of staff and training, these results reinforced the
importance of decision support tools for antimicrobial prescribing as well as the development of an
integrated management of community infections between pharmacists and doctors. In order to optimize
the chances of success of CDSS, participants in each of the two studies strongly encouraged co-
development of the tools with all stakeholders, including nurses, midwives and pharmacists, who are
frequently involved in prescribing antimicrobials in primary care.

In the third part of the thesis, we carried out a review of the literature which analysed the development
of machine learning CDSS in infectious diseases and in particular the current obstacles and limits to
their large-scale use. ML-CDSS were limited by a low number of clinical variables used to guide de
decision, by a small number of healthcare settings considered, by an evaluation restricted to technical
performance and by a lack of integration into clinical practice.

This thesis provides insights for the development and implementation of low and high-tech decision
support systems for antimicrobial prescribing in a primary care setting, both in low- and middle-income
countries and in high-income countries. These results were rapidly used in in the response to the
pandemic emergency by co-development of a CDSS for the management of COVID-19 in West Africa,
which will subsequently be adapted to other infectious and tropical diseases.

Keywords: Clinical decision support system; Antimicrobial prescribing; West Africa;
Implementation science; Antimicrobial Resistance; Co-design; Primary care



Titre : Evaluation et implémentation d’outils d’aide a la prescription antimicrobienne

Résumé :

La prescription inappropriée d’antimicrobiens impacte la prise en charge des patients et augmente la
résistance antimicrobienne. De nombreuses interventions, dites de gouvernance antimicrobienne
("antimicrobial stewardship"), ont été développées afin d’optimiser la prescription antimicrobienne. Parmi
les interventions étudiées, les outils ou systémes d’aide a la prescription antimicrobienne, qu’ils soient
digitaux ou sous format papier ("clinical decision support systems", CDSS), pourraient participer a
I’amélioration de la prescription. Ce travail avait pour objectif d’évaluer et d’étendre la mise en place et
I’utilisation d’outils existants d’aide a la prescription antimicrobienne en médecine humaine. Plus
spécifiquement, la premiére partie de ce travail visait a étendre 1’utilisation d’un CDSS a un nouveau contexte
de soins, d’un pays a revenu ¢levé a des pays a revenu faible ou intermédiaire, la deuxiéme partie visait a
étendre ['utilisation de CDSS a de nouveaux professionnels de santé, en 1’occurrence les pharmaciens
d’officine, et la troisiéme partie visait a décrire 1’état de 1’art en ce qui concerne ’utilisation de 1I’apprentissage
automatique pour les systémes d’aide a la prescription antimicrobienne.

La premiére partie de ce travail a consisté en une étude qualitative visant a analyser les bénéfices et les risques
potentiels de I’extension d’ Antibioclic en Afrique de 1’Ouest, ainsi que les obstacles et les facilitateurs a son
développement, son adaptation et son implémentation dans ce contexte. Antibioclic est un outil électronique
gratuit d’aide a la prescription antibiotique, ciblant 37 maladies infecticuses courantes et utilisé
quotidiennement par plus de 5000 médecins généralistes en France. Nous avons organisé un atelier au
Burkina Faso en juin 2019 qui a rassemblé 47 médecins représentant 9 pays d'Afrique de 'Ouest et 6
spécialités médicales. Les participants ont estimé qu’Antibioclic pourrait améliorer la prise en charge des
patients, encourager le développement et la mise a jour de recommandations nationales en antibiothérapie et
permettre de développer les capacités de surveillance des pathologies infectieuses en soins primaires. Les
participants ont souligné la nécessité d’adapter 1’outil a I'épidémiologie locale des maladies infecticuses et
de la résistance aux antimicrobiens, en ciblant notamment la tuberculose, le VIH et le paludisme. 11 faudra
¢galement adapter cet outil a la diversité des structures de soins primaires en Afrique de I’Ouest et a la
disponibilité des outils diagnostiques et des antibiotiques. L'obstacle le plus fréquemment cité était le risque
potentiel d'augmenter l'automédication.

La deuxiéme partie de ce travail a visé a étudier le rdle potentiel des pharmaciens de ville dans la gestion des
infections urinaires et la prescription antibiotique a travers une étude qualitative portant sur la mise en place
d’un livret concernant les infections urinaires élaboré par Public Health England. Des entretiens individuels
ont été réalisés avant et apres la mise en place du livret dans 16 pharmacies a Londres et des questionnaires
détaillés ont été remis a 50 patients. Les pharmaciens ont insisté sur I’importance de leur role dans la gestion
des infections communautaires et dans la prescription antibiotique, encadrés par des protocoles locaux de
prescription. Bien que des obstacles a leur implication aient été identifiés tels que I’absence d’accés au dossier
médical, le manque de personnel ou de formation, ces résultats renforcent I’importance des outils d’aide a la
prescription ainsi que d’une gestion coordonnée entre pharmaciens et médecins des infections
communautaires. Afin d’optimiser les chances de succés de ces outils, les participants des deux premiéres
parties du travail ont encouragé le co-développement de 1’outil avec toutes les parties prenantes, y compris
les infirmiéres, les sages-femmes et les pharmaciens, fréquemment impliqués dans la prescription
d’antimicrobiens en soins primaires.

La troisiéme partie consiste en une revue de la littérature qui a permis de détailler le développement de
I’apprentissage automatique ("machine learning") dans les outils d’aide a la décision en maladies infectieuses
et notamment les obstacles et les limites actuels a leur utilisation a grande échelle. Les CDSS s’appuyant sur
I’apprentissage automatique étaient limités par un faible nombre de variables cliniques utilisées pour I’aide
a la decision, par un manque de diversité dans les contextes de soins étudiés, par une évaluation limitée aux
performances techniques et par un manque d’intégration dans la pratique clinique.

Ce travail fournit des informations précieuses pour le développement et I’implémentation d’outils d’aide a la
prescription antibiotique en soins primaires, aussi bien en Afrique de 1’Ouest que dans des pays a revenu
¢levé. Ces résultats ont permis de co-développer dans un contexte d’urgence un outil électronique d’aide a la
prise en charge de la COVID-19 en Afrique de 1’Ouest, qui sera dans un second temps adapté aux autres
maladies infectieuses et tropicales.

Mots clefs : Systéme d’aide a la décision clinique ; Outils d’aide a la prescription ; Antibiothérapie ; Afrique
de P’Ouest; Sciences de I’implémentation ; Résistance antimicrobienne; Co-développement; Soins
primaires
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I. Main abbreviations

AMS: Antimicrobial Stewardship

AMR: Antimicrobial Resistance

CDSS: Clinical Decision Support System

CFIR: Consolidated Framework for Implementation Research
COVID-19: Coronavirus Diseases 2019

EPOC: Effective Practice and Organisation of Care
GP: General Practitioner

HIC: High-Income Country

HIV: Human Immunodeficiency Viruses

IQR: Interquartile Range

INSERM: Institut National de la Santé et de la Recherche Médicale (French National Institute
for Health Research)

IP: Internet Protocol

IT: Information Technology

LMIC: Low and Middle-Income Country

MDG: Millennium Development Goals

MDR: Multi Drug Resistant

ML: Machine Learning

NAP: National Action Plan

PCR: Polymerase Chain Reaction

PGD: Patient Group Direction

PHE: Public Health England

SDG: Sustainable Development Goals

TB: Tuberculosis

UK: United Kingdom

UTTI: Urinary Tract Infection

WHO: World Health Organisation
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III. French summary

La résistance antimicrobienne est responsable de plus de 700 000 déceés par an d'apres 'OMS
et ce chiffre pourrait atteindre 10 millions en 2050 si le phénoméne se poursuivait avec la méme
croissance. La prescription inappropriée d'antimicrobiens nuit a la prise en charge clinique des
patients et augmente la résistance antimicrobienne. De nombreuses interventions, dites de
gouvernance antimicrobienne (« antimicrobial stewardship »), ont été développées afin
d'optimiser la prescription antimicrobienne, 1’objectif étant d’obtenir les meilleurs résultats
cliniques tout en réduisant les effets indésirables des médicaments, la sélection d'organismes
pathogenes et 1'émergence de résistance. De nombreux facteurs contribuent a ['utilisation sous-
optimale des antibiotiques, tels que le non-respect des recommandations par les professionnels
de santé, 1'absence de directives nationales concernant la prescription antimicrobienne dans
certains pays, ou le comportement des usagers du systeme de santé. Dans les pays a revenu
faible ou intermédiaire notamment, la prise d’antibiotiques sans ordonnance est considérée
comme un facteur majeur d'utilisation inappropriée des antimicrobiens et d’émergence de
résistance. Méme si la grande majorité des prescriptions d’antibiotiques sont réalisés en soins
primaires (jusqu’a 80 % en France par exemple), la majorité des interventions de gouvernance
antimicrobienne prennent place dans le milieu hospitalier. Les interventions de gestion des
antimicrobiens en médecine ambulatoire concernent principalement les infections respiratoires,
et peu d'entre elles ont été répliquées ou ont obtenu des résultats durables apres la fin des projets
de recherche. Parmi les nombreuses interventions de gestion des antimicrobiens, les outils
d'aide a la prescription antimicrobienne, qu'ils soient numériques ou sous format papier,
pourraient participer a 1’optimisation de la prescription. Les outils ou systémes d'aide a la
décision clinique sont des outils congus pour fournir aux prescripteurs un acces rapide et simple
a des informations essentielles a la prise de décision clinique. Les principales limites de ces
outils d'aide a la décision sont leur mise en place, leur diffusion et leur utilisation sur le long
terme dans la pratique de routine. Ce travail avait pour objectif d'évaluer et d'étendre la mise en
place et l'utilisation d'outils d'aide a la prescription antimicrobienne en soins primaires. Plus
spécifiquement, la premiere partie de ce travail visait a étendre 1’utilisation d’un CDSS a un
nouveau contexte de soins, d’un pays a revenu élevé a des pays a revenu faible ou intermédiaire,
la deuxiéme partie visait a étendre 1’utilisation de CDSS a de nouveaux professionnels de santé,
en I’occurrence les pharmaciens d’officine, et la troisieéme partie visait a décrire 1’état de 1’art
en ce qui concerne 'utilisation de I’apprentissage automatique pour les systémes d’aide a la
prescription antimicrobienne.

La premicre partie de ce travail visait a préparer la mise en place d’un outil électronique d'aide
a la prescription antibiotique en Afrique de 1'Ouest. Plus spécifiquement, il s’agissait de
comprendre les bénéfices et les risques potentiels de cet outil, de déterminer les caractéristiques
nécessaires a son succes, et d'analyser les obstacles et les facilitateurs a son développement, son
adaptation et son implémentation. Puis, en s’appuyant sur ces données de co-créer avec des
utilisateurs potentiels des solutions pour garantir ’utilisation et 1’adoption durable d’un tel
outil. A ces fins, nous avons organisé un atelier au Burkina Faso en juin 2019 qui a rassemblé
47 médecins représentant 9 pays d'Afrique de 1'Ouest et 6 spécialités médicales. Cet atelier a
débuté par une présentation d’un outil électronique d’aide a la prescription antibiotique
(Antibioclic) suivie d'une table ronde avec tous les participants puis d’un questionnaire
individuel avec des questions fermées et ouvertes. Antibioclic (https://antibioclic.com) est un
exemple d’outil électronique d’aide a la prescription d'antimicrobiens largement utilisé en
médecine générale en France. Il s'agit d'un outil développé en 2011, ciblant 37 maladies
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infectieuses courantes, disponible gratuitement sur le web et en application smartphone sur iOS
et Android. Les médecins peuvent saisir le diagnostic d'un patient sur le site ou l'application,
puis répondre a un petit nombre de questions ciblées (age, comorbidités, fonction rénale,
allaitement, grossesse, etc.) et obtenir une recommandation adaptée aux besoins de leurs
patients concernant le choix de I’antibiotique, la dose et la durée selon les recommandations
nationales francaises. Antibioclic est mis a jour fréquemment et modifi¢ dés qu'une nouvelle
recommandation est publi¢e. Le nombre d'utilisateurs d'Antibioclic en France a régulierement
augmenté au cours des derniéres années, passant d'un nombre médian de 414 utilisateurs par
jour en 2012 a 5 365 utilisateurs par jour en 2018. L'application pour smartphone a été
téléchargée 22 970 fois sur Android et 15 200 fois sur iOS. En 2018, plus de 3,5 millions de
demandes ont été effectuées sur I’outil. L'architecture d'Antibioclic repose sur une méthode
systématique de transformation des recommandations de pratique clinique en recommandations
interprétables par ordinateur selon un arbre décisionnel semi-formel. Cette transformation se
fait via un modele de réseau de taches ou la prescription d'antibiotiques est décrite comme un
processus avec un ensemble de taches et de régles prédéfinies pour obtenir une décision. La
table ronde au Burkina Faso a été enregistrée et transcrite intégralement. Les données
qualitatives obtenues lors de la table ronde et dans les questionnaires individuels ont été
analysées a l'aide d'une analyse thématique inductive. Concernant 1’utilisation d’outils
¢électroniques dans la pratique médicale, la plupart des participants avaient accés a un
smartphone lors des consultations (35/47, 74 %), mais seulement 49 % (23/47) avaient acces a
un ordinateur et aucun n'utilisait d’outil d’aide a la prescription antibiotique. Les participants
ont estimé qu’un outil électronique pourrait avoir un certain nombre d'avantages cliniques,
notamment une amélioration de la prise en charge des patients, une meilleure adéquation aux
recommandations d’antibiothérapie et une réduction de la résistance antibiotique. Ils ont aussi
soulevé de potentiels avantages indirects liés a 1’utilisation de cet outil comme celui
d’encourager le développement et la mise a jour de recommandations nationales en
antibiothérapie, d’accroitre les connaissances des praticiens sur la prescription antibiotique ou
de développer des capacités de surveillance des pathologies infectieuses en soins primaires. Les
participants ont souligné la nécessité d’adapter I’outil a 1'épidémiologie locale des maladies
infectieuses et de la résistance aux antimicrobiens, a la diversité des structures de soins
primaires en Afrique de 1’Ouest ainsi qu’a la disponibilité des outils diagnostiques et des
antibiotiques dans les pays concernés. Ils ont également suggéré d’ajouter a 'outil des
recommandations personnalisées pour la tuberculose, le paludisme ou la prise en charge du VIH
devant la prévalence de ces pathologies dans leur pratique clinique. L'obstacle contextuel le
plus fréquemment cité était le risque potentiel d'augmenter 1'automédication en Afrique de
1'Ouest, ou les antibiotiques peuvent souvent étre achetés sans ordonnance. Le manque fréquent
d'acces internet et a des ordinateurs constitue un autre obstacle qui pourrait étre contourné par
le développement d’une application mobile avec un mode hors-ligne. Une approche
d’implémentation par étapes a été suggérée en démarrant et en évaluant 1’utilisation de 1’outil
¢électronique sur un site pilote, suivie d'une diffusion a grande échelle a l'aide des réseaux
professionnels et des médias sociaux. Cette étude fournit donc des informations précieuses pour
le développement et I'implémentation d'un outil électronique d’aide a la prescription
antibiotique en soins primaires en Afrique de 1’Ouest.

La deuxieme partie de ce travail visait a étudier le rdle potentiel des pharmaciens de ville dans
la gestion des infections urinaires et la prescription antibiotique a travers une étude qualitative
portant sur la mise en place d'un livret sur les infections urinaires élaboré par Public Health
England. En effet, les infections urinaires sont les infections bactériennes les plus fréquemment
rencontrées en médecine générale et constituent la principale source d’infection bactérienne
invasive a Escherichia coli. Jusqu'a 50 % des femmes auront une infection urinaire au cours de
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leur vie et 30 % d'entre elles auront des épisodes récurrents. Les infections urinaires imposent
en régle générale la prescription d’antibiotique. Cependant, des recherches récentes suggerent
que la prescription d'antibiotiques dans les infections urinaires est sous-optimale. Le role que
les pharmaciens de ville pourraient jouer dans I’amélioration de la prise en charge des infections
urinaires a émergé ces derni¢res années. Nous avons ainsi mis en place un livret concernant les
infections urinaires dans des pharmacies de ville en Angleterre. Ce livret avait pour objectif
d'améliorer la gestion de ces infections et la prescription d'antibiotiques en améliorant le
diagnostic et la prise en charge des infections urinaires, en facilitant la communication entre les
usagers du service de santé et les pharmaciens, et en les éduquant sur les mesures de prévention
des infections urinaires et la résistance aux antibiotiques. Les objectifs spécifiques de cette
¢tude étaient d'explorer le point de vue des pharmaciens sur leur réle de conseil aux patients
atteints d'infections urinaires, d'évaluer la faisabilité¢ et l'acceptabilit¢ d'un outil d'aide a la
décision dans le cadre des pharmacies de ville et de recueillir les opinions des usagers du service
de sant¢ qui demandent conseil en pharmacie. Nous avons inclus des pharmacies dans un
arrondissement de Londres (Newham), échantillonnées a dessein, ce qui a permis d’inclure des
participants de statut socio-économique varié. La collecte des données s'est faite par le biais
d'une enquéte aupres des usagers du systeme de santé (n = 51), d'entretiens semi-structurés et
questionnaires avant (16 entretiens, 22 questionnaires) et aprés (15 entretiens, 16
questionnaires) I’implémentation des livrets sur les infections urinaires . Les données ont été
analysées de maniére inductive a 1'aide d'une analyse thématique et d'une tabulation descriptive
des données quantitatives. Les résultats auprés des usagers du service de santé et des
pharmaciens ont montré indépendamment qu'environ 25 a 30 % des patients se rendent d'abord
dans une pharmacie pour des symptdmes évocateurs d’infection urinaire. Les pharmaciens se
sentaient a l'aise pour donner des conseils concernant les mesures hygiéno-diététiques
nécessaires et pour orienter les patients vers les médecins généralistes. Ils considéraient que les
officines offraient certains avantages pour les patients, a savoir leurs horaires d'ouverture
étendus, leur ancrage local et la maitrise fréquente des différentes langues parlées dans leur
quartier. La majorité des usagers du systeme de santé (n =33, 65 %) étaient également favorable
a discuter de leur symptomatologie urinaire avec les pharmaciens. De fagon plus générale, les
pharmaciens d'officine ont insisté sur leur role important dans la prise en charge des infections
communautaires et dans la prescription d'antibiotiques, encadrée par des protocoles locaux de
prescription. Au Royaume-Uni, les « Patient Group Directions » (PGD) permettent en effet aux
professionnels de sant¢é non médecins de fournir et d'administrer sans ordonnance des
médicaments ciblés a des groupes prédéfinis de patients. Alors méme que les PGD permettent
aux pharmaciens de fournir de la nitrofurantoine pour certains patients atteints d'infections
urinaires non compliquées, peu de recommandations ont été élaborées pour guider les
pharmaciens dans la prise en charge globale des infections urinaires suspectées ou
confirmées. Tous les pharmaciens participants ont souligné l'importance de I'utilisation d'un
outil d'aide a la décision, par exemple le livret mis en place, aussi bien pour les patients venant
en premier a la pharmacie que pour ceux venant se faire prescrire des antibiotiques aprés une
consultation chez le médecin. La majorité des pharmaciens (n=13, 81 %) considéraient qu'un
outil d’aide a la décision pourrait leur permettre de partager beaucoup plus d'informations et
des informations plus précises concernant la prévention, les signaux d'alerte pour consulter un
médecin généraliste et la résistance aux antimicrobiens. Parmi les suggestions, les pharmaciens
ont demandé une version numérique de I'outil et une approche plus personnalisée pour chaque
patient. Ils ont également proposé¢ un QR code sur le livret papier qui pourrait étre couplé a un
outil électronique d'aide a la décision ou a une page Web d'information. Ils ont encouragé
l'utilisation du livret ou d'un autre outil d’aide a la décision comme guide pour structurer la
discussion avec les patients. Bien que des obstacles a I'implication des pharmaciens aient été
identifiés comme le manque d'accés au dossier médical, le manque de personnel ou de
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formation, ces résultats renforcent I'importance des outils d'aide a la prescription ainsi que la
nécessité d’une gestion intégrée des infections entre pharmaciens et médecins. Afin de renforcer
ces résultats, des entretiens qualitatifs semi-directifs ont également été menés avec des
pharmaciens d'officine en France. Les participants ont été recrutés par le biais d'une
organisation professionnelle de pharmaciens d'officine. Les entretiens ont été enregistrés,
transcrits et analysés a 1'aide d'une analyse thématique. Seize pharmaciens de ville ont participé
a cette étude. Tous les participants avaient une bonne connaissance de la résistance aux
antimicrobiens et pensaient que les pharmaciens de ville avaient un rdle important a jouer dans
la lutte contre son expansion. Certains obstacles a la participation des pharmaciens d’officine a
la gouvernance antimicrobienne ont été identifiés tels que les interactions difficiles avec les
prescripteurs, le manque de temps, le manque d'acces aux dossiers médicaux des patients et
l'absence de diagnostic mentionné sur les prescriptions d'antibiotiques. Une éducation renforcée
des patients, des audits sur la prescription d'antibiotiques, une augmentation des tests rapides
en pharmacie et une prescription retardée étaient autant d’interventions suggérées par les
pharmaciens pour améliorer l'utilisation des antibiotiques en soins primaires. Parmi les
stratégies citées par les participants pour faciliter la mise en ceuvre de telles interventions étaient
retrouvé la collaboration accrue entre pharmaciens et médecins généralistes, la mise en place
de formations spécialisées ainsi que 'utilisation de systémes d'aide a la décision clinique.

Afin d’optimiser les chances de succeés d’un outil électronique d’aide a la prescription, les
participants des trois études qualitatives décrites ont fortement encouragé le co-développement
de I’outil avec toutes les parties prenantes, y compris les infirmicres, les sages-femmes et les
pharmaciens, qui sont fréquemment impliqués dans la prescription en soins primaires,
notamment en Afrique de 1I’Ouest.

La troisiéme partie de ce travail visait a détailler le développement de l'apprentissage
automatique ("machine learning") dans les outils d'aide a la décision en maladies infectieuses
et notamment les obstacles et les limites actuelles a leur utilisation a grande
échelle. L'apprentissage automatique (AM) permet l'analyse d'ensembles de données
volumineux et complexes qui deviennent de plus en plus fréquents dans le domaine de la
santé. Contrairement aux systémes experts qui reposent sur la programmation d'un ensemble de
régles, les systémes d’AM sont capables de définir leurs propres régles directement a partir des
données. Nous avons ainsi mené¢ une revue narrative afin d'analyser les objectifs, les
caractéristiques, le développement et les mesures de performance des systémes d’AM pour
diagnostiquer les maladies infectieuses, prédire la gravité et guider le traitement
antimicrobien. Les références de cette revue ont été identifiées grace a des recherches d'articles
dans MEDLINE/PubMed, EMBASE, Google Scholar, biorXiv, ACM Digital Library, arXiV
et IEEE Xplore Digital Library en utilisant une combinaison de mots-clés validée par un
bibliothécaire spécialisé. Nous avons inclus les articles résultant de ces recherches et les
références pertinentes citées dans ces articles jusqu'en juillet 2019. Au total, 75 articles avec 60
systémes d’aide a la décision clinique s’appuyant sur I’AM ont été inclus. Dans 1'ensemble, 37
(62 %) de ces systémes se sont concentrés sur les infections bactériennes, 10 (17 %) sur les
infections virales, neuf (15 %) sur la tuberculose et quatre (7 %) sur tous les types
d'infection. Parmi les systémes d’AM, 20 (33 %) portaient sur le diagnostic d'infection, 18 (30
%) sur la prédiction, la détection précoce ou la stratification du sepsis, 13 (22 %) sur la
prédiction de la réponse au traitement, quatre (7 %) sur la prédiction de la résistance aux
antibiotiques, trois (5 %) sur le choix d'un traitement antibiotique et deux (3 %) sur le choix
d'une thérapie antirétrovirale. Pour la grande majorité de ces systemes (n=58, 97 %)
l'apprentissage supervisé a été utilisé alors que pour deux d’entre eux (3 %) il s’agissait de
l'apprentissage par renforcement. La plupart des systemes d’AM trouvés dans la littérature ont
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été développés pour les soins secondaires et tertiaires (n=57, 95 %) alors que seulement trois (5
%) ciblaient les soins primaires. De plus, seuls sept systémes (12 %) étaient adaptés aux pays a
revenu faible ou intermédiaire, dont six concernaient le VIH ou la tuberculose. Les données
analysées €taient souvent limitées a un petit ensemble de variables et incluaient peu de variables
cliniques pertinentes. L'évaluation de ces systémes d’aide a la décision faisait défaut avec 57
systémes (95 %) évalués par des mesures de performance telles que la sensibilité et la spécificité
et seulement trois (5 %) évalués en pratique clinique. Le travail de la revue initiale a été étendu
dans une seconde revue a I’utilisation de I’AM pour la microbiologie clinique. En utilisant une
méthodologie similaire, 103 articles coportant 97 systémes s’appuyant sur I’AM ont été inclus
dans la seconde revue. Dans I'ensemble, 82 (85 %) de ces systémes ciblaient les infections
bactériennes, 11 (11 %) les infections parasitaires, neuf (9 %) les infections virales et trois (3 %)
les infections fongiques. Plus précisément, 40 (41 %) systémes s’appuyant sur I’AM se sont
concentrés sur la détection, l'identification et la quantification des micro-organismes, 36 (37 %)
ont évalué la sensibilité aux antimicrobiens, 21 (22 %) ont ciblé le diagnostic, la classification
des maladies et la prédiction des résultats cliniques. Pour atteindre ces objectifs, les systémes
d’AM ont utilisé des sources de données trés diverses : 21 (22 %) ont utilisé des données de
séquencage du génome entier de micro-organismes, 19 (20 %) des données de microbiote
obtenues par séquencage métagénomique, 19 (20 %) des images microscopiques, 17 (18 %) des
données de spectroscopie, huit (8 %) des données issues de séquengage ciblé, six (6 %) des
composés organiques volatils, quatre (4 %) des photographies de colonies bactériennes, quatre
(4 %) des données de transcriptome, trois ( 3 %) des données de structure protéique et trois (3
%) des données cliniques. La grande majorité des systemes de ML utilisaient l'apprentissage
supervisé (n=96, 99 %), tandis que 6 (6 %) utilisaient I'apprentissage non supervis¢. De la méme
maniére que pour les maladies infectieuses, la plupart des articles ont été publiés a partir de
données de pays a revenu élevé (n=71, 73 %) mais un nombre conséquent de systémes ont été
développés avec des données de pays a revenu faible ou intermédiaire (n=36, 37%). Parmi les
systémes analysés, 96 n’ont décrit que des mesures de performance telles que la sensibilité et
la spécificité et un seul systeme d’AM était évalué¢ dans la pratique clinique au Royaume-Uni.

De nombreux défis au développement mondial des systémes d’aide a la décision clinique
s’appuyant sur I’AM demeurent, allant de la taille et de la qualité¢ des bases de données
disponibles en médecine aux processus de validation et de commercialisation, en incluant les
risques pour la sécurité et la confidentialit¢ des données. Pour les maladies infectieuses de
méme que pour la microbiologie clinique, I'évaluation des systemes d’apprentissage
automatique était encore incompléte du point de vue clinique. Les futurs systemes d’aide a la
décision clinique s’appuyant sur I’AM devraient étre développés dans des contextes de soins
variés, y compris en soins primaires et dans les pays a revenu faible et intermédiaire qui sont
actuellement sous-représentés. Cependant, le développement de systémes d’aide a la décision
s’appuyant sur I’AM peut étre plus difficile en soins primaires ou les données disponibles sont
limitées et les bases de données sont rares. La méme affirmation peut étre faite pour les pays a
revenu faible ou intermédiaire ou l'extraction de données est difficile en raison du manque
fréquent de systeme d'information clinique. Les futurs systémes de décision clinique s’appuyant
sur I’AM devraient étre intégrés dans un processus structuré d’implémentation dans la pratique
clinique. Concernant I’évaluation, les futures études impliquant les systemes d’aide a la
décision s’appuyant sur I’AM devraient dans I’idéal décrire des résultats cliniques aprés
utilisation dans la pratique clinique de routine.

Les différentes parties de ce travail fournissent des informations précieuses pour le

développement et I'implémentation d'outils d'aide a la prescription d'antibiotiques en soins
primaires, aussi bien en Afrique de I'Ouest que dans des pays a revenus élevés. Ils renseignent
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¢galement sur la possibilité d'utiliser de fagon efficace les outils d'apprentissage automatique
pour exploiter les bases de données actuelles et améliorer les outils d'aide a la décision clinique.
Ces travaux ont permis de co-développer un outil électronique d'aide a la prise en charge de la
COVID-19 en Afrique de 1'Ouest en réponse a I'urgence pandémique : Antibioclic Afrique. Le
processus d'implémentation de cet outil est en cours et s'inspire des résultats obtenus dans les
¢tudes décrites. L'objectif @ moyen et long terme est d'étendre 1’outil Antibioclic Afrique pour
inclure des recommandations pour la gestion des infections bactériennes, virales et parasitaires,
puis de conduire des études cliniques et microbiologiques afin d’évaluer 1'impact d'Antibioclic
Afrique. Enfin, en s’appuyant sur les travaux de revue menés sur I’apprentissage automatique,
nous avons pour perspective de développer un systéme d'aide a la décision clinique capable de

prédire le risque individuel d'infection a micro-organismes résistants chez des patients
hospitalisés.
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IV. Introduction

1. Antimicrobial resistance and antimicrobial stewardship

Antimicrobial resistance (AMR) is a global threat to public health, to the future of medicine
and to society, considered as one of the 10 global health issues to track in 2021 according to the
World Health Organisation (WHO).(1,2) More than 700,000 deaths are attributable each year
worldwide to antibiotic resistance,(3) including more than 25,000 in Europe.(4) More than 10
million deaths per year worldwide and more than 100,000 billion dollars in economic losses are
predicted by 2050 if the growth of antibiotic resistance continues.(3) In France, 158,000
infections and more than 11,000 deaths are attributable each year to resistant bacteria.(5) The
growing emergence of resistant bacteria raises concerns in the short and long term about the
effectiveness of available antibiotics and could lead to situations of therapeutic failure. Indeed,
the development of antimicrobial resistance regularly results in human infections with highly
drug resistant bacteria which threatens the practice of basic surgical procedures as well as

advancements in medicine.(6)

AMR affects both high-income countries (HICs) and low- and middle-income countries
(LMICs).(7,8) AMR was first included in a global action plan of WHO in 2015 which outlined
the following six objectives: to improve awareness and understanding of antimicrobial
resistance through effective communication, education and training; to strengthen the
knowledge and evidence base through surveillance and research; to reduce the incidence of
infection through effective sanitation, hygiene and infection prevention measures; to develop
the economic case for sustainable investment that takes account of the needs of all countries
and to increase investment in new medicines, diagnostic tools, vaccines and other interventions;
to optimize the use of antimicrobial medicines in human and animal health. Indeed, the
emergence of bacterial resistance is strongly correlated with the overuse and misuse of
antibiotics in human and animal health.(9—11) The repeated administration of antibiotics in
humans or animals creates a selection pressure which promote mutations and exchanges of
genetic material responsible for the acquisition of AMR by bacteria.(12) In addition, antibiotics
eliminate susceptible bacteria in the digestive flora of treated patients, thus making room for
colonisation by resistant bacteria. Excessive and inappropriate use of antibiotics therefore

presents collective consequences with risks of selection and transmission of resistant germs and
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an increase in health expenditure, but also individual consequences with risks of treatment
failure and drug toxicity for patients. Therefore, the prescription of antibiotics needs to be
reasoned and requires an assessment of the benefit-risk balance for each patient and clinical
situation. The above objectives have been translated in to National Action Plans (NAP) in more
than a hundred countries, but implementation of plans is still variable and data are still lacking

on what interventions might be the most effective to successfully implement the six objectives.

Inappropriate use of antibiotics includes non-use (absence of antimicrobial prescribing in
situations that require it) overuse (antibiotic prescribing is frequent in situations that do not
require antibiotic therapy), non-optimal use (delayed use, use of antibiotics that have a too broad
or too narrow spectrum, the lack of adaptation of empiric antibiotic therapy to microbiological
results, inappropriate route of administration, prescribing lower or higher dosages than the
recommended dosages, too short or too long antibiotic therapies). Optimizing antimicrobial
prescribing aims to achieve the best clinical outcomes while keeping to a minimum unintended
consequences of anti-microbial use, including toxic effects, selection of pathogenic organisms,
and the emergence of resistance.(13) Many factors contribute to the inappropriate use of
antibiotics, such as the lack of compliance by healthcare professionals where recommendations
do exist, the absence of guidelines for antimicrobial therapy in certain countries,(14) or the
behaviour of service users.(15) In LMIC particularly, over the counter dispensing of antibiotics
is considered a major driver of inappropriate use and AMR.(16,17) Interventions and actions to
promote using antimicrobial responsibly are often gathered under the term “antimicrobial
stewardship”.(18) Antimicrobial stewardship programs have been established for twenty years
and are considered a key pillar of the fight for rationale use of antibiotics and for addressing
AMR.

Multiple strategies are used in antimicrobial stewardship programs including, for example, the
establishment of antimicrobial therapy teams evaluating and advising prescribing practices,
multidisciplinary collaboration between clinical and microbiological teams, audits and
feedback on practices, training as well as the use of clinical decision support tools.(18-20)
Different taxonomies of AMS interventions have been proposed. The Cochrane Effective
Practice and Organisation of Care (EPOC) taxonomy for interventions related to antimicrobial
prescribing included:(21)

- Audit and feedback defined as any summary of clinical performance of health care over a
specified period of time.

- Education through meetings or distribution of educational materials.
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- Educational outreach through academic detailing or review of individual patients with
recommendation for change.

- Reminders provided verbally, or on paper, in the workplace environment (e.g., posters or
messages printed on equipment) or on computer to prescribers.

- Structural: the influence on antibiotic prescribing of changing from paper to computerised
records and of the introduction of new technology for rapid microbiology testing or
measurement of inflammatory markers.

A Cochrane review on antimicrobial stewardship broadly divided interventions into two
categories: actions that enable responsible antimicrobial use or actions that restrict
inappropriate or unnecessary antimicrobial use.(20) Enabling interventions included e.g., audit
and feedback, decision support tools, or educational outreach and restrictive interventions
included selective reporting of laboratory susceptibilities, requiring prior authorizations or

automatic stop orders.(18)

Antimicrobial stewardship interventions in hospitals have been shown to improve the quality
of antimicrobial prescribing and lead to shorter treatment times, shorter hospital stays, and
reduced colonization and infection with resistant bacteria.(20) A review found that behavioural
change interventions for AMS could improve patient and microbiological outcomes and
improve antimicrobial prescribing but there were large differences in improvement between
various studies.(22) While the efficacy of antimicrobial stewardship interventions has been
demonstrated in both hospital and community settings,(20,23,24) AMS interventions are not
distributed equally among health contexts and countries. Indeed, interventions are rare and
particularly difficult to implement in primary care.(25) This is the case in HICs as well as
LMICs.(26) Yet antibiotic prescribing is mainly performed in outpatient care. Data suggest that
80-90% of all antibiotics used in humans are prescribed in primary care.(9) In France, more
than 80% of antibiotics are prescribed in primary care and more than 75% of these prescriptions
are made by general practitioners (GP).(27,28) Data on antimicrobial stewardship in
ambulatory medicine mainly concern respiratory infections, and few of them have been
replicated or sustained impact after the end of the initial research project.(29) A systematic
review on interventions targeted at antibiotic prescribing in primary care found that the average
effect size from these interventions tends to be limited, with most interventions achieving a
modest reduction in total antibiotic prescribing.(30) It is therefore essential to explore new and

sustainable avenues to improve the use of antibiotics in primary care.

18



2. Clinical decision support tools for antimicrobial prescribing

Among antimicrobial stewardship interventions, numerous clinical decision support tools for
antimicrobial prescribing have been evaluated. Clinical decision support tools or systems
(CDSS) are tools designed to provide the prescriber with rapid access to up-to-date information
essential for making appropriate treatment decisions at the point of care.(31) These decision-
support tools, accessible on paper or by computer or smartphone could facilitate the
management of patients.(32) The 2019 English government report entitled "Contained and
controlled - The UK's 20-year vision for antimicrobial resistance" specified that decision
support systems should be part of future clinical management.(33) In the UK national action
plan 2019-2024 to tackle antimicrobial resistance, one of the goals to be achieved in 2024 is to
be able to report the percentage of antibiotic prescriptions guided by a diagnostic test or an

electronic system.(34)

Multifaceted antimicrobial stewardship programs have often included decision support tools
and materials such as patient facing infection management leaflets or computerised decision
support systems.(35,36) Decision support systems have mostly been evaluated in the hospital
setting and may bring sustained impact to decrease inappropriate prescriptions.(37) CDSS
could become particularly interesting in the context of ambulatory and primary care where
prescribers are not specifically trained in infectious diseases or infection prevention and control
and can have difficulties obtaining specialised advice. Access to computers and smartphones as
well as the computerisation of health systems have promoted the use of electronic-based or
computerised decision support systems for medical practice. Electronic clinical decision
support systems are part of one of the 13 urgent health challenges for the next decade according
to the WHO report “Harnessing new technologies”.(38) Of course, the use of CDSS in
healthcare should be replaced in the wider context of sustainable development as described by
the Sustainable Development Goals (SDG) which recognize that “ending poverty and other
deprivations must go hand-in-hand with strategies that improve health and education, reduce
inequality, and spur economic growth — all while tackling climate change and working to

preserve our oceans and forests”.(39)

The main limitation of decision support tools is their implementation, dissemination and long-

term adoption.(40—42) CDSS for antimicrobial prescribing have often been developed and
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implemented before carrying out an in-depth analysis of the needs, expectations and
requirements of user physicians. This results in an overall limited adoption of CDSS in daily
clinical practice.(40) However, if the objective is to improve clinical practice, physicians must
follow the recommendations issued by the CDSS.(40,43,44) In order to devise a useful tool for
its potential users effectively for use in clinical practice, it is essential to adapt it reliably and
precisely to the context of care. The attitude of prescribers towards the technology (be it a
favourable reception or reluctance) and the potential impact of CDSS on medical knowledge

(e.g., risk of unlearning) are crucial questions to consider.

a. Primary care

Faced with the importance of antibiotic consumption in primary care and the growing problem
of antibiotic resistance, there is an urgent need for interventions aimed at improving the use of
antibiotics in community settings. These interventions must be tailored to the context of primary

care and its actors.

In a systematic review focusing on CDSS for the management of antibiotics, the authors found
58 articles describing 38 CDSS.(40) Only 11 systems involved primary care and all of them
only dealt with infections of a specific anatomical area (respiratory infections, urinary tract
infections, etc.). None of the CDSS covered the full spectrum of infectious situations that may
be encountered by general practitioners. The authors noted the heterogeneity of the evaluation
methods of these tools and the difficulties in obtaining a sustainable adoption of the CDSS
described. They also described a lack of prior assessment of user needs and expectations.
Indeed, in a meta-synthesis of qualitative research on CDSS published in 2015, only 2 studies
among 56 analysed CDSS that guided therapeutic decision-making. The authors identified
some of the reasons and causes leading to difficulties in integrating CDSS into clinical work
but did not find qualitative studies evaluating the requirements for the effective adoption of a
CDSS. They also found that research related to the interaction between CDSS and prescribers

including unintended consequences of CDSS was globally lacking.

France is one of the highest consumers of antibiotics in Europe.(9) In 2019, the consumption
of antibiotics in France remained around 30% higher than the average overall consumption in
Europe, making it necessary to continue the efforts made to improve the use of antibiotics.(45)

In France, primary care represents more than 90% of total antibiotic consumption with 93% of

20



antibiotics dispensed in the community and 7% in health establishments. Among the antibiotics
dispensed in the community, only 15% are prescribed by hospital doctors.(45) General
practitioners (GPs) therefore represent the main prescribers of antibiotics in France with 9 out
of 10 outpatient prescriptions for antibiotics from a GP and antibiotic therapy initiated every
six consultations in general medicine.(46) Antibioclic (https://antibioclic.com) is an example
of CDSS for antimicrobial prescribing widely used in primary care in France. It is a tool
developed in 2011, targeting 37 common infectious diseases, freely available on the web and
as a smartphone application on iOS and Android. Doctors can enter a patient's diagnosis on the
site or app, then answer a small number of targeted questions (age, co-morbidities, kidney
function, breastfeeding and pregnancy) and get a recommendation tailored to their patients’
needs about antibiotic choice, dose and duration according to French national guidelines.

Antibioclic is updated frequently and modified as soon as a new recommendation is published.

The number of Antibioclic users in France has steadily increased over the past few years, from
a median number of 414 (IQR 245-494) users per day in 2012 to 5,365 (IQR 2,891-5,769) users
per day in 2018. If we consider that each unique IP address corresponds to a user and that 80%
of users are GPs, around 5,700 GPs use Antibioclic daily, or around 10% of the 58,140 GPs
practicing in primary care in France.(47) The smartphone app was downloaded 22,970 times
on Android and 15,200 times on i0S. In 2018, more than 3.5 million requests on the CDSS
were made. The median level of satisfaction was 5/5 in a 2019 survey of 2,733 GPs.(47)

The architecture of Antibioclic is based on a systematic method of transforming clinical practice
recommendations into computer-interpretable recommendations according to a semi-formal
decision tree. This transformation is done via a task network model where the prescription of
antibiotics is described as a process with a set of predefined tasks and rules to obtain a decision
(Figure 1).(48) The Antibioclic committee is responsible for extracting and transforming
clinical practice recommendations. After entering clinical information by the practitioner in the

form of a selection from lists of characteristics, prescription advice is given.
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Figure 1. Example of the model for converting clinical practice recommendations into

algorithmic recommendations for angina.

AMX: amoxicillin; CPD: cefpodoxime; AZM: azithromycin, CLR: clarithromycin;, PoC
Strepto: rapid test result for the presence of group A streptococci. Figure taken from the article

by Delory et al.(47)
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b. Community pharmacies

The use of antibiotics in primary care involves several health professionals. Among them,
community pharmacists occupy a special place in the care process. They often fulfil the role of
first interlocutor in primary care, thus being able to play a key role in orienting patients and
coordinating care trajectories. In addition, they are also the last point of contact before patients
initiate treatment. As privileged interlocutors for users because of their accessibility and
availability, they play an essential role in the education of and advice to patients and the proper
use of the drug. Pharmacists benefit from more geographic proximity to users. Indeed, the
distribution of pharmacies often benefits from a balanced territorial network on the metropolitan
territory, promoting access to primary care. In France, a report from the French Direction of
Research, Evaluation, Studies, and Statistics (DREES) shows that pharmacists are among the
health professionals best distributed throughout the national territory according to an indicator
allowing to measure the geographical distribution of access to care according to supply and

demand.(49)

As accessible health actors favoured by users, the missions of community pharmacists have
also been expanding for several years in areas of public health and health promotion, including
participation in vaccination campaigns,(21) Rapid Diagnostic Tests,(50) or the protocolised
dispensation of treatments.(51) More recently, during the COVID-19 pandemic, pharmacists
participated in the vaccine campaign against COVID-19 (52) and in the diagnostic management
of COVID-19 by performing antigenic tests in pharmacies.(53) Recent changes in the
regulations governing the activities of community pharmacists could lead to a greater
strengthening of their role in the management of infections and the proper use of antibiotics, as
can be observed in some countries. In the United Kingdom, for example, community
pharmacists may have the role of prescriber in certain specific and predefined clinical situations.
Patient Group Directions (PGD) authorise British pharmacists to dispense antibiotics without a
doctor’s prescription to patients with uncomplicated cystitis who present with specific clinical
symptoms and fulfil inclusion criteria.(54) Several British and Australian studies have also
looked at the good antimicrobial practices of pharmacists through their advisory activities and
the opportunities for antimicrobial stewardship interventions in pharmacies,(55-60) in
particular by issuing educational brochures, interprofessional cooperation (58,59) and deferred
antibiotic prescriptions.(57,58) These studies reveal a significant potential for interventions at

the community pharmacy level as well as a strong desire for participation on the part of most
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pharmacists. However, community pharmacies are businesses operating on a for-profit basis
and, as such, the issue of funding time spent interacting with the patients and not selling

healthcare product is a crucial one.

The extension of the role of community pharmacists in antibiotic management and the
controlled prescription of antibiotics in selected situations make them a target of interest for
AMS interventions and in particular for the development of decision support tools. In a recent
qualitative study in France involving 16 pharmacists, professionals described having been
involved in AMS activities including per-unit antibiotic dispensing, rapid strep testing, delayed
antibiotic prescribing and relying on CDSS checking antibiotic prescriptions compliance with
guidelines (unpublished data). The majority of respondents in this study believed that the
implementation in pharmacies of CDSS to display clinical practice guidelines could support
pharmacists’ prescription screening and assist potential audits of antibiotic prescribing in
pharmacies. Some participants stressed the importance of integrating such tools with pharmacy

management software.

c. Low- and middle-income countries

According to the WHO, the dissemination of electronic tools for clinical decision support in
West Africa is currently limited.(61) The implementation of CDSS is influenced by the existing
digital health environment at the national and global level. In 2005 the World Health
Organisation (WHO) adopted a resolution laying the foundation of an e-health strategy and
recognised its contribution to achieve Millennium Development Goals (MDG), notably in
health system strengthening and extension of universal healthcare coverage.(62) Several
toolkits and guidelines were developed by WHO to scale up and assess e-health initiatives and
also provide technical assistance.(63) Although many e-health projects were developed in Sub-
Saharan African but few of them were successful due to poor adherence and low uptake
rate.(64) Fragmentation of initiatives, lack of coordination within the ecosystem, lack of
monitoring and evaluation were identified as the main challenges for sustainable
implementation of e-health initiatives.(65) Despite a global agenda for action in e-health, the
scope of deployment of e-health initiatives at the country level, in line with national health
priorities, is still relatively low. The WHO reported that only 7% of West African countries
have implemented an effective digital health strategy.(66) Moreover, pre-implementation

studies assessing micro and macro level influences are lacking. Considering the weight of socio-
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economic factors in the misuse of antibiotics, multi-dimensional studies remain under-exposed
domains of study and are therefore needed.(67-69) Cross-cultural research associating
international research centres are encouraged to overcome those barriers.(65) Globally, there is
a need to develop antimicrobial stewardship interventions taking into account cultural and

contextual determinants in different resource settings.(70,71)

Few studies have looked at CDSS for the prescription of antibiotics in LMICs and in West
Africa. A recent review identified six tools for the management of febrile children in primary
care.(72) A clinical algorithm for the management of childhood illnesses available on
smartphones called e-ALMANACH was evaluated in Tanzania in a randomized controlled pilot
study. It increased the detection of warning signals in children and decreased the prescription
of antibiotics.(73) This result was confirmed in another controlled study with more than 1,400
children which showed that the use of e-ALMANACH reduced the prescription of antibiotics
by 80%.(74) Another tool, e-POCT, an electronic algorithm using the results of Point of Care
tests including CRP and procalcitonin, has reduced the failures of treatment of children with

febrile illnesses compared to the use of the e-ALMANACH tool alone.(75,76)

Another study in Burkina Faso confirmed an overall positive attitude towards electronic
decision support systems as well as the need for simplicity of the tools developed. However,
the implementation of CDSS in West Africa meets specific challenges: for example, one team
analysed the cost of implementing a CDSS for antenatal and delivery care in Africa and found
that most costs resulted from recruiting and training nurses and midwives in the use of the
CDSS.(77) Other obstacles such as lack of Information Technology (IT) infrastructure or
limited availability of drugs and diagnostic tests have been identified.(78) Moreover many tools
are integrated into medical file processing software, which are not easily accessible in LMICs
and requiring, in addition to the cost of the software, the acquisition of hosting and maintenance
servers.(79,80) These costs, if they are not anticipated, can limit the sustainability of CDSS in
LMICs. Moreover, the dissemination of CDSS in LMICs has to be replaced in the wider context
of antimicrobial prescribing in LMICs with specific challenges such as over the counter
availability of antibiotics, lack of access to microbiological diagnosis or lack of trained

healthcare professionals, to cite only a few.(17)
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d. Machine learning decision support systems

Artificial intelligence research appeared in 1956 during the Dartmouth conference and has
developed considerably since.(81) It is often defined as the study of "intelligent agents", or
devices that analyse their environment and takes actions that maximize their chances of
successfully achieving their goals. Electronic-based decision support systems in medicine
began with the development of expert systems, based on rules captured from interviews with
medical experts, and then translated and programmed.(82) The first medical expert system was
developed in 1976 for infectious diseases and more specifically to suggest antibiotic regimens
for severe bacterial infections. Expert systems derive their expertise from a more or less large
number of predefined and manually programmed rules such as "if a patient has a suspicion of
pyelonephritis, do an urine culture and begin a cephalosporin". The rules have to be acquired
by interviewing medical experts, then translated and programmed rule by rule into the system.
With about 450 rules, Mycin, the first CDSS in medicine, performed as well as some experts to
identify bacteria causing severe infections and to recommend antibiotics. However, this
approach proved to be difficult to adapt to real-world clinical decisions because of the volume

of rules needed to gather experts' knowledge in difficult clinical decisions.

Modern Al switched from expert systems to machine learning (ML) systems.(82) In ML
approaches, engineers program algorithms that can develop their own rules from the data that
are available. Thus, ML systems replace the hand-coded rules by finding new rules derived
from data. These systems can adapt to new circumstances or detect and extrapolate new
patterns, thus extending their reach into unknown situations. The more data are given to
machine learning algorithms, the more they can find and develop new rules and the more they
improve their performance with regard to the task they are programmed to accomplish. Machine
learning is based on many techniques, the best-known being deep learning which is based on
artificial neural networks,(83) but others exist such as support vector machines or ensemble
learning. ML systems are sometimes called data-intensive systems because, instead of using
manually programmed rules, they need a large volume of data. Lately, the availability of health
data has increased considerably with medical record management systems and the rise of
connected devices and the optimal analysis and interpretation of this enormous volume of data,
called big data, requires the computing power of machine learning.(84) This is one of the

reasons why there is growing interest in machine learning clinical decision support systems.

26



Indeed, ML algorithms are being developed in many fields of medicine and have already started
to be used in specialties that rely on and lend themselves to the accumulation of patient images
such as radiology, pathology, dermatology or ophthalmology. In radiology, ML algorithms
have been used to diagnose diverse diseases such as pneumothorax, fractures, heart enlargement
or thyroid nodules on chest X-ray, CT scan or MRI.(85) One of the few real-life studies using
a deep learning algorithm was shown to improve the ability of emergency medicine clinicians
to accurately detect wrist factures.(86) The IBM prototype for AI, Watson, identified
pulmonary embolisms on computed tomography (CT) and detected abnormal wall motion on
echocardiography.(87) The use of deep learning algorithms in dermatology have shown that
machines could identify images with melanoma, basal or squamous cell carcinoma better than
the majority of dermatologists.(88) The first FDA approval for an autonomous (without the
need of a physician) ML algorithm took place in 2018 with IDx, a ML algorithm to detect "more
than mild" diabetic retinopathy in retinal fundus photographs.(89) A recent review describes
the development of deep learning in-depth, mostly for medical imaging.(90) Narrow tasks in
which the context is predefined, such as image-processing tasks, are easier from an Al
perspective. However, ML algorithms have also been developed for more complex tasks such
as to help physicians for clinical decisions.(91) In pulmonology, an algorithm trained to identify
COPD exacerbations and to predict the triage of patients could help pulmonologists.(92) In
cardiology, the use of a ML-CDSS guided doctors to decide between coronary artery bypass
surgery and percutaneous coronary intervention.(93) ML is also being tested in infectious
diseases wherein most of the work focuses on research, drug development or clinical
microbiology. ML algorithms are being developed to analyse bacterial genome and improve
the prediction of resistance,(94,95) to analyse HIV genotype and predict susceptibility to
antiretroviral drugs,(96) for surveillance purpose, such as the surveillance of healthcare-
associated infections(97), to analyse patterns of epidemics(98) or to discover new antibacterial
drugs or vaccines.(99-101) ML promises to improve decision-making in infectious diseases
management as well.(102) ML has recently been applied to antimicrobial stewardship
interventions and could help detecting inappropriate antimicrobial prescribing.(103) However,
many challenges remain for the development of ML systems for clinical decisions. The gap in
the implementation of ML systems is one of the challenges in the field of Al in healthcare and
the pathway between development and routine use is long and fraught with obstacles, as
emphasized by the non-adoption, abandonment, scale-up, spread and sustainability (NASS)
framework for digital technologies.(104) The interpretability of ML systems is another

challenge as healthcare professionals are less prone to adopt ML systems whose intrinsic
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mechanisms they do not understand (the so-called ‘black box’).(105,106) Visualisation tools
highlighting the variable or combination of variables that determined the output ought to be
available for the prescriber and are an important parameter in future ML-CDSS.(107,108) ML-
CDSS should also detail the trade-off that they apply between risk-taking and caution and show
the confidence interval of their decisions and suggestions.(109) Controls have to ensure that
ML-CDSS are registered on public databases and thoroughly evaluated independently of
economic interest. The privacy protection of data,(110) cost-effectiveness research at the
organisational and global level(42,111) and ethics discussion about accountability and liability

when using ML-CDSS are other potential challenges to deal with.

3. Implementation science for clinical decision support tools

Implementation science is defined as “the scientific study of methods designed to promote the
systematic adoption of research findings and other evidence-based practices into routine
practice and thereby improve the quality and effectiveness of care”.(112) While many
interventions have been developed for the improvement of clinical practices around the world,
the literature shows a frequent failure to translate evidence into practice and suggests that the
success of such interventions remains very dependent on the cultural, organizational and

individual context.

Implementation science methods are thus based on an assessment of the local context, the
definition of interventions adapted to this context, and the evaluation of the implementation
process. Indeed, the implementation of appropriate antibiotic use interventions is often
complex due to contextual barriers limiting their adoption by healthcare professionals.(113)
These barriers can be structural, organizational or cultural at the same time, for example a lack
of financial and human resources or difficulties of use and acceptance by health
professionals.(114) Once applied to CDSS, the implementation sciences aim to optimize the
adaptation of tools to the context, their usefulness, their efficiency, their cost, and above all
their sustainable use by clinicians. Multiple interventions to implement AMS CDSS might be
complementary and required to  obtain  significant impact on  clinical
outcomes.(115) Implementation sciences make it possible in particular to take into account
different organizational levels, for example the user (micro), the hospital (meso), the health

system (macro), as well as the interactions between the different layers of the health system, for
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example between primary, secondary and tertiary care. Methods from implementation sciences
can participate in lasting improvements through a qualitative assessment of the actors, barriers
and levers of appropriate or unsuitable behaviour in the context of clinical practices. This
perspective seems crucial to us in order to understand how prescribers can use CDSS and
modify their clinical decision-making. The use of implementation science aims to optimize the
integration of decision support systems into routine clinical practice, as well as their adoption
and use by clinicians. (42) Implementation of CDSS

The barriers for the implementation of CDSS may be more important in the context of primary
care. Indeed, antimicrobial stewardship interventions in the community come up against
problems specific to the context of primary care such as a lack of updating of therapeutic
practices (116,117) limited consultation times (118), uncertain diagnoses (119) and lack of
systematic follow-up (118,120) as well as pressure to prescribe by patients and their
families.(118,120,121) These issues constitute barriers to the implementation and therefore to
the beneficial effects of these interventions on prescribing practices in community settings,

despite a real need to optimise practices.

Many interventions that have been found to be effective in health services research studies fail
to achieve significant patient benefit outcomes. Researchers working on public health
interventions recognize the need to evaluate not only summative criteria but also formative
criteria to determine to what extent the implementation of an intervention is effective in a
specific context and can be transposed to other contexts. In order to facilitate the consideration
of the success factors of the implementation of interventions, there are methodological
frameworks, listing the main theoretical concepts to be taken into consideration during the
development, implementation and evaluation of interventions. Indeed, implementation sciences
rely on conceptual frameworks to study the different fields modulating the implementation, for
example using the CFIR method (Consolidated Framework for Implementation
Research).(122) CFIR provides a list of concepts that can be used to improve the
implementation process and guide the assessment of obstacles and potential facilitators in the
implementation of an innovation. The CFIR method details five areas, each of which can affect
the implementation of an intervention:

1. The intervention characteristics describes the aspects of an intervention that can influence
the success of an implementation. Eight sub-domains are described including the origin of the

intervention, the relative advantages of the intervention, adaptability, cost or complexity.
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2. The outer setting describes aspects of the environment that may influence the
implementation. Four sub-areas are described including patient needs and resources, peer
pressure or external incentives.

3. The inner setting describes the context of the internal aspects of implementation. Twelve
sub-areas are described, including the culture of the target team, the commitment of the
hierarchy or the enthusiasm for change.

4. The individual characteristics have five sub-areas related to individual characteristics such
knowledge and beliefs about the intervention, individual relationship to change or individual
relationship to the targeted structure.

5. The implementation process includes strategies or tactics that can influence
implementation. Eight sub-areas are linked to the implementation process, including the
commitment of personnel, the support of “champions” for the implementation or the process of
reflection and evaluation.

Frameworks which also look at the inner and outer context and the process of change to
specifically study the slow adoption of digital tools in health have also been developed such as
the NASSS framework (non-adoption, abandonment, extension, dissemination,
sustainability).(42) A theoretical framework, based on implementation research, has been
proposed to design and evaluate antimicrobial stewardship interventions. It takes into account
the rationale, setting, aims and features of the interventions and distinguish efficacy studies,
effectiveness studies and implementation studies.(123) After a baseline assessment phase,
implementation research frameworks make it possible to select the implementation techniques
that best take into account the identified obstacles and levers. Planned implementation
programmes thus inform the choice of the intervention components following an assessment of
the likely barriers and facilitators.(22) Beyond technological innovations, organisational and
structural change is often required to successfully implement CDSS in healthcare
structures.(124) Tools have been proposed such as the implementation strategy matching tool
that links barriers and facilitators to implementation strategies according to the 73 Expert
Recommendations for Implementing Change (ERIC) implementation strategies. Indeed, the
selection of implementation strategies may be facilitated by crossing the data obtained by the
evaluation phase and a panel of strategies adapted to the identified obstacles and facilitators.
Implementation research can guide the evaluation of the impact of interventions such as AMS
interventions. While efficacy studies assess whether an AMS intervention produced the

expected result under controlled conditions, effectiveness studies assess whether an AMS
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intervention produced the expected result under ‘real-world’ pragmatic conditions and

implementation studies assess the impact of an AMS programme in routine practice.(22)

4. Objectives

The overarching objective of this work was to use implementation science research to provide
prescribers with useful and adapted tools to optimise antimicrobial prescribing in primary care.
More specifically we aimed to analyse the potential for implementation of decision support
tools for antimicrobial prescribing and antimicrobial stewardship involving different
prescribers and health contexts, using low-tech and high-tech examples. More specifically, the
first part of the thesis aimed to expand the use of a CDSS to a new context, from high-income
countries (HIC) to low- and middle-income countries (LMIC), the second part aimed to expand
the use of decision support tools to a wider set of healthcare professionals by working with
community pharmacists, and the third part aimed to provide a state of the art of the use of

machine learning (ML) in CDSS for antimicrobial prescribing.

The objective of the first study of this thesis was to study the requirements for a CDSS for
antibiotic prescribing in primary care adapted to the context of West Africa and to analyse the
barriers and facilitators to its use. We aimed to understand potential benefits and risks of

implementing a CDSS and to ensure co-designed solutions.

The objective of the second study was to identify opportunities to implement a decision support
tool for antimicrobial stewardship and to enhance the role of community pharmacists using a

paper-based decision tool in community pharmacies.
Third, we aimed to provide a global overview of the use of machine learning in decision support
systems for infectious and tropical diseases in the literature, as a preliminary work to the

development of ML-CDSS for antimicrobial prescribing.

Figure 2 replaces the different objectives of the thesis on a simplified diagram representing

some of the main steps for the success of a CDSS for antimicrobial prescribing.
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Figure 2. Specific objectives of the thesis on a diagram representing some of the necessary steps

for a clinical decision support system for antimicrobial prescribing
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V. Paving the way for the
implementation of a decision support
system for antibiotic prescribing in
primary care in West Africa

1. Summary

The inappropriate use of antibiotics is well documented in both HICs and LMICs, it leads to
poorer clinical outcomes and to an increase in antimicrobial resistance. The majority of
antibiotics in human medicine are prescribed in primary care by practitioners who are not
specialists in infectious diseases. In this study we describe the work of pre-implementation of
an electronic CDSS for antimicrobial prescribing in West Africa. This work corresponds to an
assessment of prescribers’ needs and expectations for this type of tool and the discussion of
further development in order to be able to co-design the CDSS best suited to the targeted care

context and prescribers.

The objectives of this work were 1) to draw up an inventory of CDSS for antimicrobial
prescribing in West Africa 2) to understand the potential benefits and risks of such a CDSS 3)
to determine the necessary characteristics of this tool 4) to analyse the barriers and facilitators
to its development, adaptation and implementation 5) to co-design solutions with potential users

to ensure its sustainable use and adoption.

Towards these ends, we organized a workshop in Burkina Faso in June 2019 during the
Interuniversity Diploma of Antibiotic Therapy in Sub-Saharan Africa. It began with the
presentation of an existing French electronic CDSS for antimicrobial prescribing in primary
care (Antibioclic) that provides personalized recommendations for 37 infectious diseases. We
have chosen to present an example of an existing CDSS to the participants in order to make the
discussions more concrete. The presentation was followed by a round table with all the
participants and then an individual questionnaire with closed and open questions. The
roundtable was recorded and then transcribed verbatim. Qualitative data were analysed using

inductive thematic analysis on NVivo 12 software.
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The workshop brought together 47 doctors representing 9 West African countries and 6
different medical specialties, mainly general medicine and microbiology. Regarding the use of
electronic tools in medical practice, most participants had access to a smartphone during their
consultations (n=35/47, 74%), but only 49% (n=23/47) had access to a computer and none used
an electronic tool for antimicrobial prescribing. Participants felt that an electronic CDSS could
have a number of clinical benefits, including improved clinical management, increased
adequacy of antimicrobial prescribing with guidelines, and reduced antimicrobial resistance.
They also raised potential indirect benefits linked to the use of this tool, such as encouraging
the development and updating of national recommendations in antibiotic therapy, updating the
knowledge of practitioners about antibiotic therapy or accelerating the development of
surveillance capacities for infectious diseases in primary care. Participants underlined the need
to adapt the CDSS to the local epidemiology of infectious diseases and antimicrobial resistance,
to the diversity of primary care structures in West Africa as well as to the availability of
diagnostic tools and antibiotics in the countries concerned. They also suggested adding
personalized recommendations for tuberculosis, malaria and HIV management to the CDSS
given the prevalence of these pathologies in their clinical practice. The most frequently cited
contextual barrier was the potential risk of increasing self-medication in West Africa, where
antibiotics, including antibiotics restricted to hospital use, can often be purchased without a
prescription. Indeed, the participants considered that patients could potentially use the CDSS to
choose an antibiotic themselves and thus avoid a consultation. In addition to regulating the
distribution of antibiotics without a prescription, participants thus proposed restricting access
to the CDSS to avoid this risk. The risk of losing patient confidence when consulting an
electronic device was also mentioned and participants noted the lack of national
recommendations guiding antibiotic therapy in some West African countries, which makes it
more complex to develop a context-appropriate CDSS. In order to optimize the chances of
success of an electronic decision support system, participants strongly encouraged the co-
development of the tool with all stakeholders, including nurses, midwives and pharmacists, who
are frequently involved in prescribing in primary care in West Africa. The frequent lack of
internet and computer access is a barrier that could be overcome by developing a mobile
application with an offline mode. A phased implementation approach was suggested by starting
and evaluating the use of the electronic tool at a pilot site, followed by wide dissemination using

professional networks and social media.
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Most of the participants in the workshop were medical specialists in general medicine working
in university hospitals in Burkina Faso. This bias is probably linked to the recruitment of
participants via a university diploma organised by French and Burkina Faso universities. In the
future, we must involve different prescribers in primary care such as nurses, midwives and
doctors working in dispensaries in order to allow a broader vision of the prescription of
antibiotics in primary care.(125) Indeed, prescribing habits can vary between professional
groups and we wish to study the potential differences between prescribers regarding the needs
and expectations of CDSS for antibiotic prescribing.(126,127) In addition, this work did not
examine the governance system and public health priorities in the countries concerned, which
may be important factors to consider before setting up a CDSS. Work has been done in
European countries on governance to tackle antimicrobial resistance,(128) and there are

relevant frameworks to assess this important factor.(129,130)

This study provided information for the development and implementation of an electronic tool
to support antibiotic prescribing in primary care in low- and middle-income countries. CDSS
in this context could help improve clinical management, optimize the use of antibiotics, reduce
antimicrobial resistance and increase practitioner knowledge about antibiotic therapy but this

potential impact needs to be evaluated in future clinical trials.
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Abstract

Background: Suboptimal use of antibiotics is a driver of antimicrobial resistance (AMR). Clinical decision support systems
(CDSS) can assist prescribers with rapid access to up-to-date information. In low- and middle-income countries (LMIC), the
introduction of CDSS for antibiotic prescribing could have a measurable impact. However, interventions to implement them are
challenging because of cultural and structural constraints, and their adoption and sustainability in routine clinical care are often
limited. Preimplementation research is needed to ensure relevant adaptation and fit within the context of primary care in West
Africa.

Objective: This study examined the requirements for a CDSS adapted to the context of primary care in West Africa, to analyze
the barriers and facilitators of its implementation and adaptation, and to ensure co-designed solutions for its adaptation and
sustainable use.

Methods: We organized a workshop in Burkina Faso in June 2019 with 47 health care professionals representing 9 West African
countries and 6 medical specialties. The workshop began with a presentation of Antibioclic, a publicly funded CDSS for antibiotic
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prescribing in primary care that provides personalized antibiotic recommendations for 37 infectious diseases. Antibioclic is freely
available on the web and as a smartphone app (i0S, Android). The presentation was followed by a roundtable discussion and
completion of a questionnaire with open-ended questions by participants. Qualitative data were analyzed using thematic analysis.

Results: Most of the participants had access to a smartphone during their clinical consultations (35/47, 74%), but only 49%
(23/47) had access to a computer and none used CDSS for antibiotic prescribing. The participants considered that CDSS could
have a number of benefits including updating the knowledge of practitioners on antibiotic prescribing, improving clinical care
and reducing AMR, encouraging the establishment of national guidelines, and developing surveillance capabilities in primary
care. The most frequently mentioned contextual barrier to implementing a CDSS was the potential risk of increasing self-medication
in West Africa, where antibiotics can be bought without a prescription. The need for the CDSS to be tailored to the local
epidemiology of infectious diseases and AMR was highlighted along with the availability of diagnostic tests and antibiotics using
national guidelines where available. Participants endorsed co-design involving all stakeholders, including nurses, midwives, and
pharmacists, as central to any introduction of CDSS. A phased approach was suggested by initiating and evaluating CDSS at a
pilot site, followed by dissemination using professional networks and social media. The lack of widespread internet access and
computers could be circumvented by a mobile app with an offline mode.

Conclusions: Our study provides valuable information for the development and implementation of a CDSS for antibiotic
prescribing among primary care prescribers in LMICs and may, in turn, contribute to improving antibiotic use, clinical outcomes

and decreasing AMR.

(J Med Internet Res 2020;22(7):e17940) doi: 10.2196/17940
KEYWORDS

decision support systems, clinical; antibiotic resistance, microbial; drug resistance, microbial; antibiotic stewardship; implementation
science; Africa, Western; diffusion of innovation; medical informatics applications

Introduction

Antimicrobial Resistance

Antimicrobial resistance (AMR) is a global threat that affects
both high-income countries (HIC) and low- and middle-income
countries (LMIC). The drivers of AMR, including antibiotic
misuse, lack of infection prevention and control, and poor
sanitation, particularly affect LMICs [1,2]. Data suggest that
80% to 90% of all antibiotics used in humans are prescribed in
primary care [3]. Although antibiotic use has been increasing
over the last decade in LMICs [2,4], antibiotic prescribing
indicators in primary care for the African region deviate
significantly from the World Health Organization’s (WHO)
reference targets [5]. Deviations from existing guidelines on
antibiotic use, including delays and overuse, are linked both to
patients’ behavior and that of health care professionals [6,7].
There is thus a need to find interventions that could improve
antibiotic prescribing in primary care to respond to the global
threat of AMR.

Electronic Clinical Decision Support Systems

Electronic clinical decision support systems (CDSS) have been
devised to provide prescribers with rapid access to updated
information, which is required to make appropriate therapeutic
decisions [8]. CDSS can be split into CDSS providing
unsolicited information (eg, alerts for drug interactions) and
CDSS providing solicited information (eg, diagnostic support
systems). Computer representations of patient care guidelines
are among commonly used CDSS [9,10]. They allow the
prescriber to enter basic clinical information of a patient and
access the diagnostic or therapeutic guidelines adapted to the
patient’s unique situation. Machine learning CDSS that find
their own decision rules from the data are increasingly being
developed and may replace knowledge-based CDSS in which

https://www.jmir.org/2020/7/e17940
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human experts define the decision rules in the future [11]. CDSS
adapted in primary care have the potential to reduce overall
antibiotic use and improve the appropriateness of antibiotic
prescribing [12,13]. In LMICs, the introduction of such aids is
in the early stages of development [14], but it could have a
measurable impact within the context of sparse infectious
diseases specialists. Primary care prescribers in LMICs often
lack clinical practice guidelines adapted to their setting and do
not have access to antimicrobial stewardship programs [15].
Although they may not have access to health care information
systems, CDSS providing diagnostic guidance or easy access
to therapeutic guidelines may help them make the right decision
at the point-of-care [16]. Improving the adequacy of antibiotic
prescribing might, in turn, lead to better clinical outcomes and
decreased AMR. Moreover, CDSS have the potential to be
implemented in multiple health facilities without recruiting new
prescribers [17] and could optimize the utilization of resources
that are scarce in LMICs.

Implementation of Clinical Decisions Support System
in West Africa

Consequently, the development and implementation of CDSS
that fit into clinical work might be part of interventions to
mitigate against drivers of AMR in LMICs. However, the
adaptation of CDSS for antibiotic prescribing in routine clinical
care and their sustainability are often limited [10,18]. As is the
case with many innovations in health care, multiple CDSS have
been abandoned after their development and initial evaluation
because of multiple factors, including the lack of
preimplementation work [19]. Indeed, at the global level, the
situation analysis for AMR in human health often lack the
assessment of technological innovations [20]. Moreover, many
CDSS failed to demonstrate a clinical impact because of the
low uptake of the CDSS and poor adherence to the generated
advice [21,22]. According to the WHO, the adaptation of
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electronic CDSS is particularly low in LMICs [23]. Interventions
to implement CDSS are challenging because of cultural and
structural constraints, and these challenges are even more
pronounced in primary care where prescribing can be done by
a variety of health care professionals or when resources are
limited [14,24]. West Africa hosts about 381 million people
and includes 16 countries, among them some of the lowest
income countries in the world [25,26]. French-speaking West
African countries, including Benin, Burkina Faso, Cameroon,
Chad, Ivory Coast, Republic of Congo, Guinea, Mali, Niger,
Senegal, and Togo, were among the LMICs with the highest
increase in global antibiotic consumption between 2000 and
2015 [2]. As highlighted by the WHO, countries in the African
region are the least advanced regarding electronic and mobile
health [23].

Objectives

Before developing or implementing a CDSS for antibiotic
prescribing in West Africa, we need to understand the
contextual, structural, and behavioral determinants that will
facilitate or prevent the use of CDSS for antibiotic prescribing.
Our study aimed to examine the requirements for a CDSS
adapted to the context of primary care in West Africa and to
analyze the barriers and facilitators of its implementation and
adaptation by prescribers using qualitative methods during a
preimplementation workshop.

Methods
Study Design

Our aims were (1) to understand the potential benefits and risks
of a CDSS for antibiotic prescribing in primary care in West
Africa, (2) to analyze the barriers and facilitators of its
implementation, and (3) to ensure co-designed solutions for its
adaptation and sustainable use. To this end, we organized a
workshop with West African antibiotic prescribers that began
with a presentation of Antibioclic, a CDSS for antibiotic
prescribing currently widely used in France and freely available
on the web and as a smartphone app (further details below). We
chose to begin the workshop with an example of an existing
CDSS rather than with a theoretical description of a CDSS for
antibiotic prescribing. This strategy was considered by the
organizing team as the most promising to elicit reactions among
the participants. The main characteristics of a CDSS were
presented, and the organizers went through a number of clinical
scenarios on infectious diseases using Antibioclic. Then, the
organizers moderated a roundtable discussion with all the
participants. During this first-of-its-kind workshop, the
participants generated barriers and facilitators to the use of a
CDSS such as Antibioclic in West Africa and were asked to
hypothesize if its use could lead to benefits or risks, including
unexpected events. Participants were specifically asked to debate
the challenges in the implementation and adaptation of a CDSS
for antibiotic prescribing in West Africa and to co-design
solutions.
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Antibioclic—An Example of a Clinical Decision
Support System for Antibiotic Prescribing

Antibioclic is a French CDSS for antibiotic prescribing in
primary care, [27] targeting 37 common infectious diseases,
freely available on the web and as a smartphone app on iOS
and Android. It was codeveloped by general practitioners,
specialists of infectious diseases, and engineers in 2011.
Clinicians can enter the diagnosis of a patient on the website or
app, they are then asked a few targeted questions (age group,
comorbidities, renal function, breastfeeding, and pregnancy).
Finally, they receive a tailored recommendation of antibiotic
regimen, dose, and duration according to French national
guidelines. Multimedia Appendices 1 and 2 describe how to
use Antibioclic respectively with slides or video in English.
Antibioclic was developed using a systematic method to
transform clinical practice guidelines from the French National
Authority for Health and the French Infectious Diseases Society
(SPILF) into decision trees in Antibioclic. Antibioclic is updated
frequently and modified as soon as a new guideline is published.
The number of Antibioclic users in France has steadily increased
over the past years from a median (IQR) of 414 (245-494) a
day in 2012 to 5365 (2891-5769) a day in 2018, without any
saturation to date (Multimedia Appendix 3). The smartphone
app has been downloaded 22,970 times on Android and 15,200
times on i0S. More details are described in a recent study [27].

Workshop Location and Participants

The 3-hour workshop to discuss the implementation and
adaptation of a CDSS for antibiotic prescribing in West Africa
was organized in Burkina Faso by 2 professors of infectious
diseases, 1 from Burkina Faso (AP) and 1 from France (FL).
To maximize participation and cost efficiency, the workshop
took place during the French-speaking university course
Antibiologie et Antibiothérapie en Afrique Subsaharienne
(Antibiotic therapy in Sub-Saharan Africa) organized in
Bobo-Dioulasso, Burkina Faso, on June 2019. This course lasts
5 weeks and is organized every year by the University Nazi
Boni of Bobo-Dioulasso and the University of Montpellier. The
course is open to West African health professionals working
on AMR or antibiotic therapy, whether in primary, secondary,
or tertiary care, with no selection among participants.
Attendance to the workshop was voluntary for the participants
of the course.

Electronic Questionnaire

After the roundtable discussion, an electronic questionnaire
with closed- and open-ended questions was given to each
participant (Multimedia Appendix 4). The questionnaire allowed
the collection of in-depth individual data on the implementation
and adaptation of a CDSS for antibiotic prescribing. The
questionnaire was codeveloped by a multidisciplinary team
including 6 members of the Antibioclic study team: infectious
diseases clinicians (AP and FL), a microbiologist (AO), public
health specialists (JB and GS) with experience in the West
African context, and an implementation science and knowledge
mobilization lecturer (RA). The first part collected demographic
characteristics and information regarding the use of electronic
tools for antibiotic prescribing. The second part displayed
open-ended questions about potential outcomes and users of a
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CDSS for antibiotic prescribing in West Africa and the
challenges of its implementation and adaptation.

Data Analysis

Data from the closed-ended questions of the questionnaire were
imported into R software version 3.2.4 (R Foundation for
Statistical Computing). Numerical data are presented as absolute
numbers, proportions, and median (IQR). The entire roundtable
discussion was audio recorded and transcribed verbatim by the
AMK France professional company. Data from the roundtable
discussion and open-ended questions were analyzed using
thematic analysis and were coded to identify key categories,
which were developed into themes using NVivo 12 software
(QSR International). The analysis of questionnaires and the
roundtable discussion supported cross-validation and
triangulation of the findings.

Ethical Considerations

Written consent was obtained from each participant. No
distinguishable personal information was recorded, and all the
data were analyzed anonymously. This survey was approved
by the research ethics committee of Centre Muraz (Health
Research Institute, Bobo-Dioulasso, Burkina Faso) and was
compliant with the European General Data Protection
Regulation.
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Results

Participants

All 47 participants of the course, 19 women and 38 men with
a median (IQR) age of 31 (30-38) years, participated in the
workshop and completed the questionnaire (Table 1). Most of
the participants (35/47, 74%) were from Burkina Faso, but 8
other West African countries were represented. Approximately
half of the participants (24/47, 51%) worked in a university
hospital, whereas the others worked in general hospitals (14/47,
30%), public health institutes (4/47,9%), dispensary (1/47,2%),
private hospital (1/47,2%), or pharmacies (1/47,2%). The low
number of participants working as primary care prescribers may
be related to a more difficult access to university degrees. The
specialty of the participants was general practice (21/47,45%),
microbiology (13/47, 28%), pharmacy (4/47, 9%),
anesthesiology and intensive care (3/47,6%), infectious diseases
(2/47,4%), and neurosurgery (2/47,4%). Only 26% (12/47) of
participants, all in Burkina Faso, stated that they used national
guidelines to prescribe antibiotics. The others used French
guidelines (20/47, 43%), WHO guidelines (20/47, 43%), or
local hospital guidelines (4/47, 9%).
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Table 1. Demographic characteristics of participants (N=47).

Peiffer-Smadja et al

Characteristics Values
Age (years), median (IQR) 31 (30-38)
Gender, n (%)
Men 28 (60)
‘Women 19 (40)
Country of practice,n (%)
Burkina Faso 35 (74)
Togo 3(6)
Senegal 24)
Mali 24
Gabon® 1@
Guinea 1(Q2)
Guinea-Bissau 1(Q2)
Ivory Coast 1(2)
Niger 1(2)
Working structure, n (%)
University hospital 24 (51)
General hospital 14 (30)
Public health institute 49
Dispensary 1(2)
Private hospital 1(2)
Pharmacy 12)
Medical specialty, n (%)
General practice 21 (45)
Microbiology 13 (28)
Pharmacist 409
Anesthesiology and intensive care 3(6)
Infectious diseases 2(4)
Neurosurgery 2(4)
Guidelines used for clinical practice, n (%)
French 20 (43)
‘World Health Organization 20 (43)
National® 12.26)
Hospital 409
American 24)
European 24
Portuguese 1(2)
Central Africa.

5The 12 participants were from Burkina Faso.
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Current Use of Technology and Clinical Decision
Support Systems

Most of the participants (35/47, 74%) had a smartphone with
internet access during their clinical consultations, but less than
half (23/47,49%) of the participants had access to a computer,
and 15% (7/47) of the participants had no access to any
electronic tools during their consultations. Most of the clinicians

Peiffer-Smadja et al

did not use an electronic health record system (39/47, 83%) or
CDSS (36/47, 77%) for any clinical decision making during
their clinical consultations. The only CDSS mentioned by the
participants was a tool for basic medical calculations and a tool
that displays medical cards. No CDSS for antibiotic prescribing
(nor for any antimicrobial drug) was used by the participants
(Figure 1).

Figure 1. Current use of technology during consultation among participants. CDSS: clinical decision support systems.

Use of technology during consultation

Computer

CDSS for
antimicrobial
prescribing

CDSS

Electronic
health record
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Smartphone

Tablet

Potential of a Clinical Decision Support Systems for
Antibiotic Prescribing

Most of the participants expected favorable outcomes from the
implementation of a CDSS for antibiotic prescribing in primary
care in their countries (Figure 2). They thought a CDSS was
likely to improve the quality of antibiotic prescribing (47/47,
100%), improve adherence to guidelines (47/47,100%), improve
the management and care of patients (44/47, 94%), decrease
the number of medical errors (44/47,94%), improve the volume
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of antibiotic use (44/47,94%), improve the duration of antibiotic
therapy (43/47,91%), fight against AMR (43/47,91%), increase
the medical knowledge of users (43/47, 91%), and save time
during consultation (38/47,81%). Participants disagreed on the
fact that such a tool could strengthen the physician-patient
relationship (20/47,43% judged it likely; 11/47,23% unlikely;
and 16/47, 34% were neutral) or could lead to blind obedience
to electronic tools from prescribers (16/47,34% judged it likely;
16/47, 34% unlikely; and 15/47, 32% were neutral).
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Figure 2. Expected outcomes of a clinical decision support system for antibiotic prescribing. CDSS: clinical decision support systems.
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During the roundtable discussion and through the open-ended
questions, the participants identified a number of consequences
of a CDSS on a wider scale. Participants underlined the lack of
antimicrobial stewardship teams in West Africa. They
hypothesized that a CDSS could help many isolated structures
to have access to antibiotic prescribing recommendations and
could relieve existing antimicrobial stewardship teams of simple
antibiotic prescribing advice and let them focus on complex
cases. One participant noted that a CDSS could be used to
increase surveillance capability in primary care. Indeed, its use
could be monitored and lead to reports on the incidence of
infectious diseases and the rate of antibiotic prescriptions. The
participants agreed that this is particularly important in West
African countries where epidemiological data are scarce. The
use of French guidelines was not seen as a barrier to a CDSS.
Indeed, most of the participants declared that they did not have
national guidelines to prescribe antibiotics in their country.
However, the participants pointed out that a successful CDSS
could have a positive impact in encouraging national societies
to develop guidelines that could then be integrated into the
CDSS. More broadly, they agreed that this CDSS could help to
increase the awareness of health professionals on the importance
of appropriate prescribing and the risks of AMR. The
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EN

T T
50 25

T

T T T

0 2% 50
Participants (%, N=47)

LU
75 100

participants also agreed that a CDSS could be used in the initial
training and continuous medical education of health
professionals by updating antibiotic prescribing knowledge:

If you use it continually, you certainly update your
knowledge. [General practitioner in Burkina Faso]

Regarding the scope of a CDSS for antibiotic prescribing, the
participants stated that it could have a positive impact on the
management of urinary tract infections (84%); skin and soft
tissue infections (84%); gastrointestinal tract infections (83%);
genital infections (80%); pneumonia (77%); meningitis (70%);
ear, nose, and throat infections (70%); dental infections (67%);
and surgical site infections (61%). The participants identified
a wide diversity of potential users of a CDSS for antibiotic
prescribing in West Africa, including general practitioners,
infectious diseases specialists, physicians in other specialties,
pharmacists, nurses, clinical microbiologists, and midwives.

Challenges

The participants identified a number of challenges and proposed
anumber of solutions for the adaptation of a CDSS for antibiotic
prescribing in a West African setting (Table 2), and these are

grouped by system level.
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Table 2. Challenges and potential solutions for the development and implementation of a clinical decision support system in the West African context.

Level

Challenges to CDSS® development

Challenges to CDSS implementation

Potential solutions

Country level «

Health care .
structure level

Individual lev-
el: clinicians
and patients

Scarce epidemiological data on
the prevalence and incidence
of infectious diseases and the
level of antimicrobial resis-
tance

Lack of national guidelines

Limited availability of diagnos-
tic tests and antibiotics

N/A

N/A

Diversity of training needs for
primary care prescribers

N/A

N/A

N/A

N/A®

N/A

N/A

Lack of internet access and informa-
tion technology infrastructure

Independently operating and geograph-
ically isolated health structures such
as dispensaries

N/A

Lack of awareness and training about
CDSS

Risk of increasing self-treatment with
antibiotics as they are available with-
out prescription in most West African
countries

Risk of deskilling and dependency of
prescribers

Encouraging studies to better analyze the
local and regional epidemiology
Developing and updating the CDSS accord-
ing to local and regional epidemiology regard-
ing infectious diseases, microbiology, and
antimicrobial resistance

Including tuberculosis and common parasitic
diseases

The CDSS should follow local, regional, and
national guidelines where they exist. If they
do not, the CDSS could follow French or
WHO® guidelines as they are used by most
participants

The CDSS should be developed for the sub-
continent of West Africa and then could be
further adapted to each country

To easily adapt the CDSS to local and nation-
al guidelines, the programming and code of
the CDSS should be in open access

Adapting the suggestions to locally available
diagnostic tests and antibiotics by working
with national scientific societies

Development of an offline mode of the
CDSS

Development of a mobile version on iOS and
Android

Increasing the availability of computers and
internet access in West Africa

Pilot testing of the CDSS in a primary care
structure linked to an academic hospital be-
fore disseminating the tool to other health
structures

Field communication with primary care pre-
scribers

Using the network of the Ministry of Health

Co-designing the CDSS with general practi-
tioners, nurses, midwives, microbiologists,
dentists, and pharmacists

Allowing for different modules of access for
health professionals to meet the different in-
formation needs

Dedicated training for primary care pre-
scribers Communicating through scientific
and professional societies, using traditional
and social media

Involving all the stakeholders, including
health authorities, the Ministry of Health,
and the media

Limiting access to registered health profes-
sionals (disagreement between participants)
Regulating access to antibiotics without pre-
scription

Improving the training of prescribers about
antibiotic prescribing
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Level

Challenges to CDSS? development Challenges to CDSS implementation

Potential solutions

« NA .

tool

Risk to lose patients’ confidence by .
following the advice of an electronic

Education of patients about the need to use
reference books or electronic sources to
provide the best care

«  Ensuring the independence of the tool from
pharmaceutical companies

4CDSS: clinical decisions support system.
N/A: not applicable.
“WHO: World Health Organization.

Country Level

At the country level, the participants pointed out the scarcity of
epidemiological data in West African countries, the difference
between epidemiology of diseases in HICs and LMICs, the lack
of national guidelines, and the limited availability of diagnostic
tests and antibiotics. To produce computer-interpretable clinical
guidelines, CDSS developers need to have access to clinical
practice guidelines. For countries where national guidelines for
infectious diseases management do not exist, the participants
first suggested the development of a CDSS based on French or
WHO guidelines to encourage the establishment of national
guidelines. To address the specific needs of primary care
prescribers in West Africa, the CDSS should not only target the
management of common bacterial diseases but also the
management of parasitic diseases and tuberculosis. Participants
stressed the importance of tailoring the CDSS to local capacity
and infrastructure, such as resource availability and antibiotics,
with the help of national scientific societies.

Health Care Structure Level

The first challenge at the organization level was the lack of
internet access and information technology (IT) infrastructure.
Taking into account the wide availability of smartphones with
internet access, the participants highlighted major opportunities
through the development of mobile phone versions of CDSS
(on iOS and Android) with an offline mode. The second
challenge was the important number of independently operating
and geographically isolated health structures, such as
dispensaries, in the West African health system. To reach these
structures, participants suggested the involvement of relevant
stakeholders, including health authorities, the Ministry of Health,
scientific societies, the media, and opinion leaders, using
traditional and social media:

It is important to use the traditional networks of the
Ministry of Health where information goes down
hierarchically but also social media that are more
and more used. [Physician in a university hospital,
Burkina Faso]

The organization of a phased approach was suggested by
initiating and evaluating CDSS in a pilot primary care structure
linked to an academic hospital followed by dissemination to
other health structures:

You have to show people that it's used by people like
them starting with a pilot test site. [Physician in a
general hospital, Burkina Faso]
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Individual Level: Clinicians and Patients

The diversity of primary care prescribers who have different
levels of decision support needs was identified as a challenge
to developing effective CDSS. A physician working in a general
hospital stated that in West Africa “nurses see a lot of patients,
certainly more than physicians” highlighting the need to
codevelop the CDSS with primary care health care professionals
who frequently prescribe antibiotics, such as general
practitioners, nurses, midwives, microbiologists, dentists, and
pharmacists. The implementation of a CDSS in West Africa
should take into account the lack of widespread knowledge on
the use of CDSS by organizing training sessions with primary
care prescribers. One participant said that some health care
professionals or patients could be refractory to new technologies,
but this was not considered a major barrier by the other
participants. The participants identified a number of facilitators
for the adaptation of a CDSS by primary care prescribers and
patients, including the independence of the tool from
pharmaceutical companies, codevelopment with users, free
access to the CDSS, and good usability.

The most discussed unexpected consequence was that an open
access CDSS such as Antibioclic could amplify self-medication
of antibiotics due to availability without prescription:

My point of view is really mixed. This represents an
undeniable progress for antibiotic prescribing but in
the context of our country, there is a non-negligible
risk of self-medication by non-healthcare
professionals. [General practitioner, Burkina Faso]

A very good tool for the treatment of infections but
which could be dangerous in the southern countries
because of self-medication and the accessibility of
antibiotics without prescription. [Physician in a
university hospital, Burkina Faso]

In this context, the CDSS may be used as a substitute for expert
health care opinion. However, some participants highlighted
the fact that much information is already available on the web
and that Antibioclic is already available, including in Burkina
Faso, with no reported use by patients. In fact, there was
uncertainty regarding if implementing a CDSS in West Africa
would amplify the phenomenon of self-medication or would
help by providing a reliable source to patients who would want
to self-medicate anyway:

Some patients will buy antibiotics without
prescription, with or without the tool. [General
practitioner, Burkina Faso]
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On the contrary, if patients have access to national
recommendations, this reinforces and this even
facilitates your message. [Professor in a university
hospital, Burkina Faso]
A consensus emerged that the best solution is to increase efforts
to limit access to antibiotics without prescription.

Discussion

Principal Findings

‘We conducted a preimplementation workshop with West African
health professionals to examine the requirements for a CDSS
adapted to the context of primary care in their countries. The
use of CDSS for antibiotic prescribing (and other clinical
decisions, in fact) is currently missing, but the importance and
need for such tools to support antibiotic prescribing in primary
care were stressed by all participants. Regarding the
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implementation of a CDSS in primary care, the participants
encouraged a procedure of co-designing the tool with health
professionals and stakeholders involved in antibiotic prescribing
and initiation via a primary care pilot site, which is linked to an
academic hospital (Figure 3). The diffusion of the CDSS would
be more successful if supported by networks of medical
specialists and the Ministry of Health but should also take
advantage of social media because of its high use among health
care professionals. The lack of widespread internet access and
computers during consultation was a barrier to the use of the
CDSS, but it could be circumvented by the development of a
mobile app with an offline mode. The CDSS should be tailored
to the local epidemiology of infectious diseases and AMR, and
the high prevalence of malaria, tuberculosis, and HIV in West
Africa should be taken into account when developing the CDSS
[28]. The availability of diagnostic tests and antibiotics may
differ between West African countries and may vary over time,
requiring frequent updates of the CDSS.

Figure 3. Key steps for the development and implementation of a clinical decision support systems for antibiotic prescription in low- and middle-income
countries. AMR: antimicrobial resistance; CDSS: clinical decision support systems.
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The participants pointed out the potential risk of self-medication
in countries in which antibiotics can be bought with no

https://www.jmir.org/2020/7/e17940

FN

ar:d geogr;pblrcdly .
isolated health structures

monitored, but most of the participants did not think that the

J Med Internet Res 2020 | vol. 22 | iss. 71e17940 | p. 10
(page number not for citation purposes)

prescription. Such a risk should certainly be anticipated and

46



JOURNAL OF MEDICAL INTERNET RESEARCH

CDSS should have restricted access. On the contrary, some
participants thought that a CDSS could provide an opportunity
to strengthen the education of the general public about antibiotic
prescribing and AMR. Development and implementation of a
CDSS was seen to be associated with a number of benefits
related to improving clinical care and reducing AMR and also
to strengthening and updating practitioners’ knowledge of
antibiotic prescribing recommendations, encouraging the
development of national guidelines, and developing surveillance
capabilities in primary care. Indeed, the implementation of a
CDSS for antibiotic prescribing could be coupled with measures
that allow an increase in the capability of surveillance of
antibiotic use. Examples include real-time monitoring of
requests expressed on the platform and extracting reports about
antibiotic use [27,29]. Moreover, the implementation of a CDSS
in the community could have implications beyond antibiotic
prescribing in primary care. Indeed, primary care is the gateway
to secondary and tertiary care, and AMR in primary care
circulates in the whole health system [30].

Comparison With Prior Work

The lack of preimplementation and co-design work concerning
the assessment of CDSS for antibiotic prescribing has been
reported in recent reviews [10,31]. More broadly, research on
the implementation strategies for CDSS in primary care is
lacking [32]. A qualitative design involving 33 face-to-face
interviews with general practitioners has been used to codevelop
computer-delivered interventions to promote guidelines for
antibiotic prescribing in the United Kingdom. The authors
focused on the technical development of prompts and the
determinants of their acceptability but did not study the
implementation of the CDSS in clinical practice [33].
Postimplementation research found that the key factor for the
use of this CDSS by general practitioners in primary care was
their awareness of the implementation of the system within their
practice [22]. The lack of end-user engagement with
implementation and the rigidity of the guidelines incorporated
in the prompts were barriers to the effective adaptation of the
system, stressing the importance of a systematic and
theoretically informed process of implementation for CDSS
[34]. The nonadaptation, abandonment, scale-up, spread, and
sustainability framework has been developed to support the
implementation of technological innovations in health and social
care [19]. It lists challenges in 7 domains: the condition or
illness, the technology, the value proposition, the adopter system
(comprising professional staff, patient, and lay caregivers), the
organization(s), the wider (institutional and societal) context,
and the interaction and mutual adaptation between all these
domains over time.

Few studies have focused on CDSS for the management of
infectious diseases in LMICs and in particular in West Africa.
A recent review identified 6 CDSS for the management of
febrile children in primary care in LMICs [35]. In a pilot
cluster-randomized controlled study, the clinical algorithm for
management of childhood illness available on smartphones
(e-ALMANACH) increased the number of children screened
for red flags and decreased antibiotic prescription in Tanzania
[36]. This result was confirmed in another controlled study in
which the use of e-ALMANACH to manage children improved
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clinical outcomes and reduced antibiotic prescription by 80%
[37]. Electronic point-of-care tool, an electronic algorithm using
point-of-care testing results including C-reactive protein and
procalcitonin, was shown to improve the clinical outcomes of
children with febrile illnesses as compared with the
e-ALMANACH CDSS [38,39]. Another study described a
protocol for the implementation on a large scale in Burkina Faso
of an electronic tool for integrated management of childhood
illnesses [40]. The results of this trial have not been published
yet. In general, few data are available on the adaptation and
sustainability of such interventions. One team analyzed the
implementation cost of a CDSS for antenatal and delivery care
and found that most of the cost resulted from the recruitment
and training of nurses and midwives using the CDSS and from
buying laptops [41]. A CDSS that is easily used by health care
professionals and is available as a free mobile app could lead
to a decreased implementation cost. A study in Burkina Faso
confirmed a positive attitude toward electronic decision support
systems and the need for simplicity and good usability of the
tool. They found similar barriers, such as the lack of
infrastructure and IT systems and the limited availability of
drugs and diagnostic tests [42]. The development of CDSS in
LMICs could be facilitated by the development of mobile health
[43] and by sharing open-source codes [44]; however, other
challenges remain: countries often have to buy a back-office or
another hosting solution and have to pay for the maintenance
of the server [45,46]. These costs, if not anticipated, can limit
the sustainability of CDSS.

Limitations

The participants stressed the diversity of prescribers and health
structures in West Africa that must be taken into account when
codeveloping the CDSS. However, most of the participants in
our workshop were physicians specialized in general practice
working in Burkina Faso university hospitals. This bias was
related to our recruitment of participants via a university degree
organized by French and Burkina Faso universities. We, thus,
need to involve more primary care prescribers such as nurse
prescribers, midwives, and physicians working in dispensaries
to allow for a broader view of primary care antibiotic
prescribing. Indeed, prescribing habits may vary between
professional groups [4748], and we would like to capture
potential differences among prescribers concerning the use,
needs, and expectations regarding CDSS for antibiotic
prescribing.

To open the discussion, we decided to provide an example of
a currently used CDSS. Indeed, as we anticipated that most of
the participants had no experience using electronic decision
support systems for antibiotic prescribing, we wanted to show
them an existing CDSS and collect opinions. This approach was
likely to influence the answers of participants and the discussion
during the roundtable discussions. However, we think that the
barriers and facilitators identified in the study are not limited
to Antibioclic. Indeed, the contextual barriers that have been
found have been described in other studies. Nonprescription
dispensing of antibiotics in the community has been widely
described both in LMICs [49,50] and in HICs [51]. In a recent
review, the authors did not find any clinical practice guideline
applicable to prehospital care in LMICs among 276 guidelines
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[15]. For countries where national guidelines for the
management of infectious diseases do not exist, the participants
suggested the development of a CDSS first based on French or
WHO guidelines to encourage the establishment of national
guidelines.

The governance system and public health priorities could be
important additional factors that need to be studied in West
Africa before the implementation of a CDSS. Work has been
done in European countries about governance to address AMR
[52], and relevant frameworks for assessing this important factor
exist [20,53]. However, the analysis and governance frameworks
for antibiotic prescribing often lack the assessment of
technological innovation, such as electronic decision support.
Including CDSS in the national action plan as in the United
Kingdom’s 2019-2024 national plan that targets to “be able to
report on the percentage of prescriptions supported by a
diagnostic test or decision support tool by 2024” is probably an

Peiffer-Smadja et al

important step toward the development and implementation of
support systems [54]. We are not aware of Western African
national action plans mentioning the development and use of
CDSS.

Conclusions

Preimplementation research is needed to ensure that CDSS are
adapted to the context in which they are deployed. Our study
provided valuable information to develop and implement a
CDSS for antibiotic prescribing among primary care prescribers
in LMICs. We plan to organize workshops to co-design a CDSS
tailored to the context of primary care in West Africa.
Optimizing the use of antibiotics in primary care may have
beneficial consequences for the entire health system and can
contribute to limiting the spread of AMR. Most of the barriers
and facilitators that we identified may easily relate to a broad
spectrum of CDSS, including systems for clinical decisions
other than antibiotic prescribing.

Acknowledgments

The authors thank all the participants in the workshop and the team of the university course Antibiologie et Antibiothérapie en
Afrique Subsaharienne organized by the University Nazi Boni of Bobo-Dioulasso and the University of Montpellier and supported
by the WHO, West African Health Organization, and SPILF. RA acknowledges the support of the National Institute for Health
Research Fellowship in knowledge mobilization at the National Institute of Health Research Health Protection Research Unit in
Healthcare-Associated Infection and Antimicrobial Resistance at Imperial College and of the Economic and Social Research
Council as part of the Antimicrobial Cross Council initiative supported by the 7 UK research councils, and the authors also
acknowledge the support of the Global Challenges Research Fund. This study was funded by a PhD studentship from I"le-de-France
Regional Health Agency, Paris, France, granted to NP and by a grant from the French Association de Chimiothérapie
Anti-Infectieuse via SPILF awarded to NP.

Conflicts of Interest
None declared.

Multimedia Appendix 1

How to use Antibioclic (slides).
[PPTX File , 31628 KB-Multimedia Appendix 1]

Multimedia Appendix 2

How to use Antibioclic (video).

[MOV File , 201584 KB-Multimedia Appendix 2]
Multimedia Appendix 3

Aantibioclic users.
[PPTX File . 282 KB-Multimedia Appendix 3]

Multimedia Appendix 4

Electronic questionnaire.
[DOCX File ., 75 KB-Multimedia Appendix 4]

References

1. World Health Organization. Antimicrobial Resistance: Global Report on Surveillance. Geneva, Switzerland: World Health
Organization; 2014.

2. Klein EY, van Boeckel TP, Martinez EM, Pant S, Gandra S, Levin SA, et al. Global increase and geographic convergence
in antibiotic consumption between 2000 and 2015. Proc Natl Acad Sci U S A 2018 Apr 10;115(15):E3463-E3470 [FREE
Full text] [doi: 10.1073/pnas.1717295115] [Medline: 29581252]

https://www jmir.org/2020/7/e17940

EN

J Med Internet Res 2020 | vol. 22 liss. 7117940 | p. 12
(page number not for citation purposes)

48



JOURNAL OF MEDICAL INTERNET RESEARCH Peiffer-Smadja et al

10.

11.

12.

13.

14.

15:

16.

17.

18.

19.

20.

21.

Goossens H, Ferech M, Stichele RV, Elseviers M, ESAC Project Group. Outpatient antibiotic use in Europe and association
with resistance: a cross-national database study. Lancet 2005;365(9459):579-587. [doi: 10.1016/S0140-6736(05)17907-0]
[Medline: 15708101]

Farooqui HH, Selvaraj S, Mehta A, Heymann DL. Community level antibiotic utilization in India and its comparison
vis-a-vis European countries: evidence from pharmaceutical sales data. PLoS One 2018;13(10):e0204805 [EREE Full text]
[doi: 10.1371/journal.pone.0204805] [Medline: 30332450]

Ofori-Asenso R, Brhlikova P, Pollock AM. Prescribing indicators at primary health care centers within the WHO African
region: a systematic analysis (1995-2015). BMC Public Health 2016 Aug 22;16(1):724 [FREE Full text] [doi:
10.1186/512889-016-3428-8] [Medline: 27545670]

Carrara E, Pfeffer I, Zusman O, Leibovici L, Paul M. Determinants of inappropriate empirical antibiotic treatment: systematic
review and meta-analysis. Int J Antimicrob Agents 2018 Apr;51(4):548-553. [doi: 10.1016/j.ijantimicag.2017.12.013]
[Medline: 29277528]

Limmathurotsakul D, Sandoe JA, Barrett DC, Corley M, Hsu LY, Mendelson M, et al. 'Antibiotic footprint' as a
communication tool to aid reduction of antibiotic consumption. J Antimicrob Chemother 2019 Aug 1;74(8):2122-2127
[FREE Full text] [doi: 10.1093/jac/dkz185] [Medline: 31074489]

Garg AX, Adhikari NK, McDonald H, Rosas-Arellano MP, Devereaux PJ, Beyene J, et al. Effects of computerized clinical
decision support systems on practitioner performance and patient outcomes: a systematic review. ] Am Med Assoc 2005
Mar 9;293(10):1223-1238. [doi: 10.1001/jama.293.10.1223] [Medline: 15755945]

Durieux P, Nizard R, Ravaud P, Mounier N, Lepage E. A clinical decision support system for prevention of venous
thromboembolism: effect on physician behavior. J Am Med Assoc 2000 Jun 7;283(21):2816-2821. [doi:
10.1001/jama.283.21.2816] [Medline: 10838650]

Rawson T, Moore L, Hernandez B, Charani E, Castro-Sanchez E, Herrero P, et al. A systematic review of clinical decision
support systems for antimicrobial management: are we failing to investigate these interventions appropriately? Clin Microbiol
Infect 2017 Aug;23(8):524-532 [FREE Full text] [doi: 10.1016/j.cmi.2017.02.028] [Medline: 28268133]

Peiffer-Smadja N, Rawson T, Ahmad R, Buchard A, Pantelis G, Lescure F, et al. Machine learning for clinical decision
support in infectious diseases: a narrative review of current applications. Clin Microbiol Infect 2019 Sep 17:- epub ahead
of print. [doi: 10.1016/j.cmi.2019.09.009] [Medline: 31539636]

Samore MH, Bateman K, Alder SC, Hannah E, Donnelly S, Stoddard GJ, et al. Clinical decision support and appropriateness
of antimicrobial prescribing: a randomized trial. ] Am Med Assoc 2005 Nov 9;294(18):2305-2314. [doi:
10.1001/jama.294.18.2305] [Medline: 16278358]

Holstiege J, Mathes T, Pieper D. Effects of computer-aided clinical decision support systems in improving antibiotic
prescribing by primary care providers: a systematic review. ] Am Med Inform Assoc 2015 Jan;22(1):236-242 [FREE Full
text] [doi: 10.1136/amiajnl-2014-002886] [Medline: 25125688]

Cox J, Vlieghe E, Mendelson M, Wertheim H, Ndegwa L, Villegas M, et al. Antibiotic stewardship in low- and middle-income
countries: the same but different? Clin Microbiol Infect 2017 Nov;23(11):812-818 [FREE Full text] [doi:
10.1016/j.cmi.2017.07.010] [Medline: 28712667]

McCaul M, Clarke M, Bruijns SR, Hodkinson PW, de Waal B, Pigoga J, et al. Global emergency care clinical practice
guidelines: a landscape analysis. Afr J] Emerg Med 2018 Dec;8(4):158-163 [FREE Full text] [doi:
10.1016/j.afjem.2018.09.002] [Medline: 30534521]

Laka M, Milazzo A, Merlin T. Can evidence-based decision support tools transform antibiotic management? A systematic
review and meta-analyses. J Antimicrob Chemother 2020 Jan 20:- epub ahead of print. [doi: 10.1093/jac/dkz543] [Medline:
31960021]

Mainous AG, Lambourne CA, Nietert PJ. Impact of a clinical decision support system on antibiotic prescribing for acute
respiratory infections in primary care: quasi-experimental trial. ] Am Med Inform Assoc 2013 Mar 1;20(2):317-324 [FREE
Full text] [doi: 10.1136/amiajnl-2011-000701] [Medline: 22759620]

Moxey A, Robertson J, Newby D, Hains I, Williamson M, Pearson S. Computerized clinical decision support for prescribing:
provision does not guarantee uptake.J Am Med Inform Assoc 2010;17(1):25-33 [FREE Full text] [doi: 10.1197/jamia.M3170]
[Medline: 20064798]

Greenhalgh T, Wherton I, Papoutsi C, Lynch J, Hughes G, A'Court C, et al. Beyond adoption: a new framework for theorizing
and evaluating nonadoption, abandonment, and challenges to the scale-up, spread, and sustainability of health and care
technologies. J Med Internet Res 2017 Nov 1;19(11):e367 [EREE Full text] [doi: 10.2196/jmir.8775] [Medline: 29092808]
Ahmad R, Zhu NJ, Leather AJ, Holmes A, Ferlie E, ASPIRES Study Co-Investigators. Strengthening strategic management
approaches to address antimicrobial resistance in global human health: a scoping review. BMJ Glob Health 2019;4(5):¢001730
[FREE Full text] [doi: 10.1136/bmjgh-2019-001730] [Medline: 31565417]

Litvin CB, Omstein SM, Wessell AM, Nemeth LS, Nietert PJ. Adoption of a clinical decision support system to promote
judicious use of antibiotics for acute respiratory infections in primary care. Int ] Med Inform 2012 Aug;81(8):521-526.
[doi: 10.1016/j.ijmedinf.2012.03.002] [Medline: 22483528]

https://www.jmir.org/2020/7/e17940 J Med Internet Res 2020 | vol. 22 | iss. 7 1e17940 | p. 13

FN

(page number not for citation purposes)

49



JOURNAL OF MEDICAL INTERNET RESEARCH Peiffer-Smadja et al

22.

23.

24.

25;

26.

27.

28.

29.

30.

a1,

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

McDermott L, Yardley L, Little P, van Staa T, Dregan A, McCann G, eCRT Research Team. Process evaluation of a
point-of-care cluster randomised trial using a computer-delivered intervention to reduce antibiotic prescribing in primary
care. BMC Health Serv Res 2014 Dec 3;14:594 [FREE Full text] [doi: 10.1186/s12913-014-0594-1] [Medline: 25700144]
World Health Organization. MHealth: New Horizons for Health Through Mobile Technologies. Geneva, Switzerland:
World Health Organization; 2011.

Nuttall D. Nurse prescribing in primary care: a metasynthesis of the literature. Prim Health Care Res Dev 2018 Jan;19(1):7-22
[EREE Full text] [doi: 10.1017/S1463423617000500] [Medline: 28786368]

United Nations iLibrary. 2019. World Population Prospects, The 2019 Revision - Volume I: Comprehensive Tables URL:
https://www.un-ilibrary.org/population-and-demography/
world-population-prospects-the-2019-revision-volume-i-comprehensive-tables 15994a82-en [accessed 2020-04-28]

The World Bank. 2019. GNI Per Capita, PPP (Current International $) URL: https://data.worldbank.org/indicator/N'Y.GNP.
PCAPPP.CD [accessed 2020-04-28]

Delory T, Jeanmougin P, Lariven S. A computerized decision support system (CDSS) for antibiotic prescription in primary
care—antibioclic: implementation, adoption and sustainable use in the era of extended antimicrobial resistance. J Antimicrob
Chemother 2020:75. [doi: 10.1093/jac/dkaal67]

GBD 2017 Causes of Death Collaborators. Global, regional, and national age-sex-specific mortality for 282 causes of death
in 195 countries and territories, 1980-2017: a systematic analysis for the global burden of disease study 2017. Lancet 2018
Nov 10;392(10159):1736-1788 [EREE Full text] [doi: 10.1016/S0140-6736(18)32203-7] [Medline: 30496103]

Thursky K. Use of computerized decision support systems to improve antibiotic prescribing. Expert Rev Anti Infect Ther
2006 Jun;4(3):491-507. [doi: 10.1586/14787210.4.3.491] [Medline: 16771625]

Costelloe C, Metcalfe C, Lovering A, Mant D, Hay AD. Effect of antibiotic prescribing in primary care on antimicrobial
resistance in individual patients: systematic review and meta-analysis. Br Med J 2010 May 18;340(2):c2096. [doi:
10.1136/bmj.c2096] [Medline: 20483949]

Peiffer-Smadja N, Lescure F, Maatoug R, Rohaut B. Re: 'determinants of in-hospital antibiotic prescription behaviour' by
Lambregts et al. Clin Microbiol Infect 2019 May;25(5):635-637. [doi: 10.1016/j.cmi.2018.12.010] [Medline: 30594653]
Heselmans A, van de Velde S, Donceel P, Aertgeerts B, Ramaekers D. Effectiveness of electronic guideline-based
implementation systems in ambulatory care settings-a systematic review. Implement Sci 2009 Dec 30;4:82 [FREE Full
text] [doi: 10.1186/1748-5908-4-82] [Medline: 20042070]

McDermott L, Yardley L, Little P, Ashworth M, Gulliford M, eCRT Research Team. Developing a computer delivered,
theory based intervention for guideline implementation in general practice. BMC Fam Pract 2010 Nov 18;11:90 [FREE
Full text] [doi: 10.1186/1471-2296-11-90] [Medline: 21087469]

Khairat S, Marc D, Crosby W, Al Sanousi A. Reasons for physicians not adopting clinical decision support systems: critical
analysis. JMIR Med Inform 2018 Apr 18;6(2):e24 [FREE Full text] [doi: 10.2196/medinform.8912] [Medline: 29669706]
Keitel K, D'Acremont V. Electronic clinical decision algorithms for the integrated primary care management of febrile
children in low-resource settings: review of existing tools. Clin Microbiol Infect 2018 Aug;24(8):845-855 [FREE Full text]
[doi: 10.1016/j.cmi.2018.04.014] [Medline: 29684634]

Rambaud-Althaus C, Shao A, Samaka J, Swai N, Perri S, Kahama-Maro J, et al. Performance of health workers using an
electronic algorithm for the management of childhood illness in Tanzania: a pilot implementation study. Am J Trop Med
Hyg 2017 Jan 11;96(1):249-257 [EREE Full text] [doi: 10.4269/ajtmh.15-0395] [Medline: 28077751]

Shao AF, Rambaud-Althaus C, Samaka J, Faustine AF, Perri-Moore S, Swai N, et al. New algorithm for managing childhood
illness using mobile technology (ALMANACH): a controlled non-inferiority study on clinical outcome and antibiotic use
in tanzania. PLoS One 2015;10(7):e0132316 [EREE Full text] [doi: 10.1371/journal .pone.0132316] [Medline: 26161535]
Keitel K, Kagoro F, Samaka J, Masimba J, Said Z, Temba H, et al. A novel electronic algorithm using host biomarker
point-of-care tests for the management of febrile illnesses in Tanzanian children (e-POCT): a randomized, controlled
non-inferiority trial. PLoS Med 2017 Oct;14(10):e1002411 [FREE Full text] [doi: 10.1371/journal.pmed.1002411] [Medline:
29059253]

Keitel K, Samaka J, Masimba J, Temba H, Said Z, Kagoro F, et al. Safety and efficacy of C-reactive protein-guided antibiotic
use to treat acute respiratory infections in tanzanian children: a planned subgroup analysis of a randomized controlled
noninferiority trial evaluating a novel electronic clinical decision algorithm (ePOCT). Clin Infect Dis 2019 Nov
13;69(11):1926-1934. [doi: 10.1093/cid/ciz080] [Medline: 30715250]

Blanchet K, Lewis JJ, Pozo-Martin F, Satouro A, Somda S, Ilboudo P, et al. A mixed methods protocol to evaluate the
effect and cost-effectiveness of an Integrated electronic Diagnosis Approach (IeDA) for the management of childhood
illnesses at primary health facilities in Burkina Faso. Implement Sci 2016 Aug 4;11(1):111 [EREE Full text] [doi:
10.1186/513012-016-0476-5] [Medline: 27488566]

Dalaba MA, Akweongo P, Williams J, Saronga HP, Tonchev P, Sauerborn R, et al. Costs associated with implementation
of computer-assisted clinical decision support system for antenatal and delivery care: case study of Kassena-Nankana
district of northern Ghana. PLoS One 2014 Sep 2;9(9):e106416 [FREE Full text] [doi: 10.1371/journal.pone.0106416]
[Medline: 25180831]

https://www.jmir.org/2020/7/e17940 J Med Internet Res 2020 | vol. 22 liss. 7117940 | p. 14

FN

(page number not for citation purposes)

50



JOURNAL OF MEDICAL INTERNET RESEARCH Peiffer-Smadja et al

42. Zakane SA, Gustafsson LL, Tomson G, Loukanova S, Si€ A, Nasiell J, et al. Guidelines for maternal and neonatal 'point
of care': needs of and attitudes towards a computerized clinical decision support system in rural Burkina Faso. Int ] Med
Inform 2014 Jun;83(6):459-469. [doi: 10.1016/j.ijmedinf.2014.01.013] [Medline: 24613689]

43. Adepoju IO, Albersen BJA, de Brouwere V, van Roosmalen J, Zweekhorst M. mHealth for clinical decision-making in
sub-saharan Africa: a scoping review. JMIR Mhealth Uhealth 2017 Mar 23;5(3):e38 [EREE Full text] [doi:
10.2196/mhealth.7185] [Medline: 28336504]

44. Syzdykova A, Malta A, Zolfo M, Diro E, Oliveira JL. Open-source electronic health record systems for low-resource
settings: systematic review. JMIR Med Inform 2017 Nov 13;5(4):e44 [FREE Full text] [doi: 10.2196/medinform.8131]
[Medline: 29133283]

45. Dehnavieh R, Haghdoost A, Khosravi A, Hoseinabadi F, Rahimi H, Poursheikhali A, et al. The district health information
system (DHIS?2): a literature review and meta-synthesis of its strengths and operational challenges based on the experiences
of 11 countries. Health Inf Manag 2019 May;48(2):62-75. [doi: 10.1177/1833358318777713] [Medline: 29898604]

46. Gras G. Use of telemedicine in the management of infectious diseases. Med Mal Infect 2018 Jun;48(4):231-237. [doi:
10.1016/j.medmal.2018.01.005] [Medline: 29452936]

47. Rowbotham S, Chisholm A, Moschogianis S, Chew-Graham C, Cordingley L, Wearden A, et al. Challenges to nurse
prescribers of a no-antibiotic prescribing strategy for managing self-limiting respiratory tract infections. J Adv Nurs 2012
Dec;68(12):2622-2632. [doi: 10.1111/§.1365-2648.2012.05960.x] [Medline: 22364215]

48. Williams SJ, Halls AV, Tonkin-Crine S, Moore MV, Latter SE, Little P, et al. General practitioner and nurse prescriber
experiences of prescribing antibiotics for respiratory tract infections in UK primary care out-of-hours services (the UNITE
study). J Antimicrob Chemother 2018 Mar 1;73(3):795-803 [EREE Full text] [doi: 10.1093/jac/dkx429] [Medline: 29190384]

49. ChangJ,XuS,ZhuS,LiZ, YuJ, Zhang Y, et al. Assessment of non-prescription antibiotic dispensing at community
pharmacies in China with simulated clients: a mixed cross-sectional and longitudinal study. Lancet Infect Dis 2019
Dec;19(12):1345-1354. [doi: 10.1016/S1473-3099(19)30324-X] [Medline: 31588042]

50. Morgan DJ, Okeke IN, Laxminarayan R, Perencevich EN, Weisenberg S. Non-prescription antimicrobial use worldwide:
a systematic review. Lancet Infect Dis 2011 Sep;11(9):692-701 [EREE Full text] [doi: 10.1016/S1473-3099(11)70054-8]
[Medline: 21659004]

51. Grigoryan L, Germanos G, Zoorob R, Juneja S, Raphael JL, Paasche-Orlow MK, et al. Use of antibiotics without a
prescription in the US population: a scoping review. Ann Intern Med 2019 Jul 23:- epub ahead of print. [doi:
10.7326/M19-0505] [Medline: 31330541]

52. Birgand G, Castro-Sanchez E, Hansen S, Gastmeier P, Lucet JC, Ferlie E, et al. Comparison of governance approaches for
the control of antimicrobial resistance: analysis of three European countries. Antimicrob Resist Infect Control 2018;7:28
[FREE Full text] [doi: 10.1186/s13756-018-0321-5] [Medline: 29468055]

53. Anderson M, Schulze K, Cassini A, Plachouras D, Mossialos E. A governance framework for development and assessment
of national action plans on antimicrobial resistance. Lancet Infect Dis 2019 Nov;19(11):e371-e384. [doi:
10.1016/S1473-3099(19)30415-3] [Medline: 31588040]

54. Government of UK. 2019. UK 5-year Action Plan for Antimicrobial Resistance 2019 to 2024 URL: https://www.gov.uk/

overnment/publications/uk-5-year-action-plan-for-antimicrobial-resistance-2019-t0-2024 [accessed 2020-04-28]

Abbreviations

AMR: antimicrobial resistance

CDSS: clinical decisions support system
HIC: high-income countries

LMIC: low- and middle-income countries
SPILF: French Infectious Diseases Society
WHO: World Health Organization

Edited by G Eysenbach; submitted 23.01.20; peer-reviewed by C Luz, S Khairat; comments to author 03.03 20, revised version received
13.03.20; accepted 31.03.20; published 20.07.20

Please cite as:

Peiffer-Smadja N, Poda A, Ouedraogo AS, Guiard-Schmid JB, Delory T, Le Bel J, Bouvet E, Lariven S, Jeanmougin P, Ahmad R,
Lescure FX

Paving the Way for the Implementation of a Decision Support System for Antibiotic Prescribing in Primary Care in West Africa:
Preimplementation and Co-Design Workshop With Physicians

J Med Internet Res 2020,22(7):e17940

URL: https.//www jmir.org/2020/7/e17940
doi: 10.2196/17940
PMID:
https://www.jmir.org/2020/7/e17940 J Med Internet Res 2020 | vol. 22 | iss. 71 e17940 | p. 15
r: n (page number not for citation purposes)

51



JOURNAL OF MEDICAL INTERNET RESEARCH Peiffer-Smadja et al

©Nathan Peiffer-Smadja, Armel Poda, Abdoul-Salam Ouedraogo, Jean-Baptiste Guiard-Schmid, Tristan Delory, Josselin Le Bel,
Elisabeth Bouvet, Sylvie Lariven, Pauline Jeanmougin, Raheelah Ahmad, Frangois-Xavier Lescure. Originally published in the
Journal of Medical Internet Research (http://www.jmir.org),20.07.2020. This is an open-access article distributed under the terms
of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet
Research, is properly cited. The complete bibliographic information, a link to the original publication on http://www.jmir.org/,
as well as this copyright and license information must be included.

https://www.jmir.org/2020/7/e17940 J Med Internet Res 2020 | vol. 22 liss. 71e17940 | p. 16
F n (page number not for citation purposes)
»

52



VI. Preventing and managing urinary
tract infections: use of a leaflet to
enhance the role of community
pharmacists

1. Summary

Surveillance has indicated a continuous rise in rates of E. coli bacteraemia in the United
Kingdom.(131) Half of the cases of E. coli bacteraemia arise in the community, suggesting that
community-based interventions are needed to control them. The key source of E. coli
bacteraemia are urinary tract infections (UTIs), which are the most commonly seen bacterial
infection in General Practice. Up to 50% of women will have a UTT in their lifetime and 30%
among them will have recurring episodes.(132,133) It has been estimated that bacteraemia
occurs in approximately 15% of the patients evaluated in the emergency department for
UTIL.(134) Appropriate antibiotic use in patients with a complicated UTI reduced length of
hospital stay improved patient outcomes and healthcare costs.(135) Antibiotics are usually
prescribed for most women presenting urinary symptoms. However, in a recent study,(136)
95% of women consulted a health professional for their most recent UTI: 74% reported being
prescribed an antibiotic, yet only 63% reported taking them.(137) The UK multicentre POETIC
study found that only 25% of urine samples sent to the laboratory for suspected UTIs were
actually positive for pathogens, suggesting less than optimal antibiotic prescribing behaviour
for this diagnosis.(138) Recent qualitative research by Public Health England, exploring both
clinicians and patient experiences of consultations about suspected UTIs, confirms antibiotic
prescribing is suboptimal.(139) The role pharmacists can and do play in the treatment of UTIs
has emerged in recent years, for example a study showed that 13% of women used pharmacies
for advice on their UTL. Since then, national and local campaigns around seeking your

pharmacist’s advice have been promoted.

We thus aimed to implement a UTI leaflet in community pharmacies in order to improve
antibiotic prescribing for UTI by facilitating communication between service users and
pharmacists, improving the diagnosis and management of UTI and educating service users on
self-management, prevention measures and antibiotic resistance. The specific objectives of this

study were to explore the views of pharmacy staff on giving advice to service users with UTIs,
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to evaluate the feasibility and acceptability of a decision support tool in the pharmacy setting
and to collect the opinions of service users who seek advice from pharmacy staff who use the

information tools when giving advice about UTIs.

We included community pharmacies in one London borough (Newham), purposively sampled
because of low socio-economic status, which would enable views from patients of different
socio-economic status. Data collection was through a service user survey (n=51) and pharmacist
surveys and semi-structured interviews before (16 interviews, 22 questionnaires) and after (15
interviews, 16 questionnaires) trialling UTI leaflets designed to be shared with patients. Data
were analysed inductively using thematic analysis and descriptive tabulation of quantitative

data.

Results from health service users and pharmacists independently showed that approximately
25-30% of health service users first visit a pharmacy for symptoms suggestive of a urinary tract
infection. Pharmacists felt comfortable giving self-care advice for urinary tract infections and
referring patients to general practitioners. They considered that going to community pharmacies
offered advantages for service users, namely their extended opening hours, their local roots,
and frequent mastery of the different languages spoken in their neighbourhood. The majority
of health service users (n = 33, 65%) were also in favour of discussing their urinary symptoms
with pharmacists. Community pharmacists insisted on their important role in the management
of community infections and in the prescription of antibiotics, controlled by local prescription
protocols. Patient group directions (PGD) allow healthcare professionals to supply and
administer specified medicines to pre-defined groups of patients, without a prescription.(140)
Whilst PGD for patients with uncomplicated UTIs fulfilling specific criteria allow pharmacists
to provide nitrofurantoin thus improving patient access to early treatment,(54) few guidelines
have been developed to guide pharmacists in the community management of suspected or
confirmed UTI. All the pharmacists stressed the importance of the use of a decision support
tool, e.g., the UTI leaflet, for service users coming first to the pharmacy and for service users
coming to get antibiotics prescribed. The majority of pharmacists (n=13, 81%) considered that
a CDSS could enable them to share significantly more information and more accurate
information regarding prevention, red flags for consulting a GP and antimicrobial resistance.
Among suggestions, pharmacists asked for a digital version of the tool and a more personalized

approach for each patient. They also asked for a QR code on the paper leaflet that could be
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linked to an electronic based decision support tool or information webpage. They encouraged
the use of the leaflet or another CDSS as a guide to structure the discussion with service users,
as a way to provide a take-away information for patients and to be used as a referral notice
between healthcare professionals (unpublished data). Although obstacles to the involvement of
pharmacists have been identified such as the lack of access to the medical file, the lack of staff
or training, these results reinforce the importance of prescribing support tools as well as an
integrated management of infections between pharmacists and doctors. The participants
strongly encouraged the co-development of the decision support tool with all stakeholders,
including nurses, GPs and pharmacists, who are frequently involved in prescribing

antimicrobials in primary care.

In order to strengthen these results, semi-structured qualitative interviews were also conducted
with community pharmacists in France (work submitted for publication). Participants were
recruited through a professional organization of community pharmacists combined with a
snowballing technique. Interviews were audio recorded, transcribed and analysed using
thematic analysis. The Consolidated Framework for Implementation Research was used while
developing the interview guide and carrying out thematic analysis. Sixteen community
pharmacists participated. All the respondents had good awareness about antimicrobial
resistance and believed community pharmacists had an important role in tackling AMR. Some
barriers to community pharmacists’ participation in AMS were identified such as difficult
interactions with prescribers, lack of time, lack of access to patients’ medical records and absent
diagnosis on antibiotic prescriptions. Increased patient education, audits and feedback of
antibiotic prescribing, increased point-of-care testing and delayed prescribing were
interventions suggested by the pharmacists to improve antibiotic use in primary care. Strategies
cited by participants to facilitate the implementation of such interventions were increased
pharmacist-general practitioner collaboration, specialized training, and the use of clinical

decision support systems.
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Abstract: Background: Community pharmacists are involved in antimicrobial stewardship through
self-care advice and delivering medications for uncomplicated infections. Objectives: This mixed
methods study aimed to identify opportunities to enhance the role of community pharmacists in the
management of service users with suspected or confirmed urinary tract infection (UTI). Methods: Data
collection was through a service user survey (n = 51) and pharmacist surveys and semi-structured
interviews before (16 interviews, 22 questionnaires) and after (15 interviews, 16 questionnaires) trialing
UTl leaflets designed to be shared with service users. Data were analysed inductively using thematic
analysis and descriptive tabulation of quantitative data. Results: Twenty-five percent (n = 13/51) of
service users with urinary symptoms sought help from a pharmacist first and 65% (n = 33/51) were
comfortable discussing their urinary symptoms with a pharmacist in a private space. Community
pharmacists were confident as the first professional contact for service users with uncomplicated UTI
(n = 13/16, 81%), but indicated the lack of a specific patient referral pathway (n = 16/16, 100%), the
need for additional funding and staff (n = 10/16, 62%), and the importance of developing prescription
options for pharmacists (5/16, 31%). All community pharmacists reported playing a daily role in
controlling antimicrobial resistance by educating service users about viral and bacterial infections and
promoting a healthy lifestyle. Enhancing their role will need greater integrated working with general
practices and more prescribers based in community pharmacy. Conclusion: This study suggests that
community pharmacists could play a greater role in the management of uncomplicated UTI. The
current reconfiguration of primary care in England with primary care networks and integrated care
systems could provide a real opportunity for this collaborative working with potential learning for
international initiatives.

Keywords: pharmacist; community; urinary tract infections; leaflet; self-care; general public
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1. Introduction

Urinary tract infections (UTIs) are one of the most commonly seen bacterial infection in general
practice. Up to 50% of women will have a UTI in their lifetime and 30% among them will have
recurring episodes [1,2]. Outcomes are usually very good as most cases resolve in 3—-4 days without
complications with empiric antibiotics [3]. Of all the antibiotics prescribed in primary care, 15-20% are
prescribed for UTIs [4]. However, as many as 60% of women with suspected UTIs have a urine culture
negative for bacteria and may not need antibiotics [5]. The prevalence of inappropriate antibiotic
prescribing for UTI in primary care may be over 70% [6]. However, UTIs account for around 20% of
community-acquired bacteraemia in patients admitted to an English National Health Service (NHS)
Trust in 2007-08 and studies suggest that up to 50% of Escherichia coli bloodstream infections in England
could be owing to urinary tract infections [7,8]. Furthermore, increases in the incidence of Escherichia
coli bloodstream infections in England were mostly driven by community cases [8].

In a recent study, 95% of women consulted a health professional for their most recent UTI: 74%
reported being prescribed an antibiotic, yet only 63% of these reported taking them, highlighting the
need for better advice about antibiotics in the community [9]. Community pharmacists are involved
daily in antimicrobial stewardship (AMS) by providing patients with self-care advice, delivering
medications, and recommending over-the-counter (OTC) treatments for common infections. The
U.K. 2019 5-year antimicrobial resistance (AMR) action plan states that primary care pharmacists
have a critical role in reviewing prescriptions for antimicrobials and challenging those that may
be inappropriate [10]. National and local campaigns advise the general public to first contact their
pharmacist for healthcare advice [9]. Community-based interventions by pharmacists have the potential
to control the rise of bacteraemia and to improve antimicrobial use for UTIs by increasing patient
knowledge and self-care skills. Measures such as enhanced self-care, preventative care, and referral to
general practitioners (GPs) when appropriate could improve the health and wellbeing of the general
public. This is particularly relevant as virtually all service users with suspected or confirmed UTI visit
a community pharmacy either before their GP or after to collect a prescription. Patient group directions
(PGDs) allow healthcare professionals to supply and administer specified medicines to pre-defined
groups of patients, without a prescription [11]. While PGD for patients with uncomplicated UTIs
fulfilling specific criteria allow pharmacists to provide nitrofurantoin, thus improving patient access
to early treatment [12], few guidelines have been developed to guide pharmacists in the community
management of suspected or confirmed UTI. The International Pharmaceutical Federation issued in
2015 a report on the contribution of pharmacists to fight antimicrobial resistance [13]. While most
interventions are targeting hospital pharmacists, some countries have issued policies for community
pharmacists, such as New Zealand or Canada, where community pharmacists can prescribe first-line
antibiotics for uncomplicated UTIs [14,15].

The U.K. national action plan (NAP) for AMR indicates a need to strengthen the links between
primary care pharmacists and GP practices [10], but further research is required to investigate the best
measures to empower pharmacists in AMS roles.

The objective of this study was to explore the views of pharmacy staff and service users on
providing or receiving advice for suspected or confirmed UTIs in the community pharmacy setting.
More specifically, this study aimed to identify opportunities to enhance the role of community
pharmacists in the management of UTI by exploring the journey of service users with urinary symptoms.

2. Methods

2.1. Study Design

This study is part of a trial to implement Public Health England’s (PHE) UTI TARGET leaflets [16]
in community pharmacies (Figure 1). The TARGET UTI leaflets are designed to be shared with service
users to facilitate communication between healthcare professionals and service users and to increase
their confidence on self-care [17]. The leaflets follow relevant National Institute for Health and Care
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Excellence (NICE) guidelines. The study used mixed methods with questionnaires and interviews to
explore the views of pharmacists and service users with suspected or confirmed UTI.

%,26 community pharmacies
©  contacted in Newham

4 v URINARY TRACT INFECTIONS (UTIs)

Qu EStI onna | re Ergend Aleaflet for adults with suspected UTI Qu estio nna i re
(n=22) and Trialling the leaflets for (n=16) and
interviews (n=16) 3 months in 16 > interviews (n=15)
with pharmacists pharmacies with pharmacists
in 20 pharmacies in 16 pharmacies

@

ﬂ 400 Service users with
urinary symptoms
Paper (n=40) and electronic
(n=11) survey

Figure 1. Design of the study.

2.2. Questionnaires and Interviews Schedules

Two semi-structured questionnaires and interview schedules to explore the role of pharmacists in
the prevention and management of UTIs (before and after trialling the leaflets) and one semi-structured
questionnaire to analyse the opinion of service users were developed by a multidisciplinary team of
clinicians and researchers at Imperial College London and PHE (Supplementary Materials S1-56).
The team included doctors specialized in infectious diseases (N.P.S., A.H.), a community pharmacist
(PP), a clinical microbiologist (C.M.), and researchers specialized in qualitative methodology and
implementation science (R.A., L.J.,, D.L., R. Ah.).

The questionnaires were theoretically informed by the Consolidated Framework for
Implementation Research to understand individual level and contextual influencing factors to the
adoption of the leaflet [18]. The questionnaires were reviewed and tested by two community
pharmacists and were refined according to comments. The pharmacist questionnaires collected
information about demographics, characteristics of the pharmacies, particularities of giving advice
in the pharmacy setting generally, and specifically about the UTI patient journey, using closed and
open-ended questions. The questionnaire for service users collected information about demographics,
literacy, the service user experience of their suspected UTI, its management, self-care, and resolution.
This was piloted with a service user representative and subsequently revised based on feedback.
Interviews were done by a doctor specialized in infectious diseases.

2.3. Study Setting: Community Pharmacies in Newham

Community pharmacies were included in one London borough (Newham), purposively sampled,
which would enable views from service users of different socio-economic status. An invitation,
including an information leaflet and consent form, was sent by the local pharmaceutical committee lead
pharmacist to 26 pharmacies in April 2019. Researchers sent non-responders a reminder 2 weeks later.

2.4. Participant Enrolment

Pharmacists agreed to participate in a phone interview and complete an electronic questionnaire
before trialling the TARGET UTI leaflets for 3 months in their pharmacy. At the end of the 3 months,
the pharmacists participated in a second interview and completed a further questionnaire. These
pharmacists were provided with a £30 voucher incentive after each interview. Service users who
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received the TARGET UTI leaflet at the pharmacy were invited to participate in the study in person
when they were given the leaflet to complete a paper or electronic survey at home. The paper survey
with a written consent form was attached to the leaflet in a prepaid envelope and the electronic survey
was accessible via the use of a QR code or a weblink both written on the paper survey. Service users
were provided a £10 voucher incentive if they completed the survey electronically or sent it by mail.

2.5. Data Analysis

The interviews were recorded, anonymized, and transcribed verbatim by a professional company
and checked against the interviews by a researcher. Interviews were analysed by a researcher using
an inductive thematic analysis [19]. Two other authors independently and inductively coded three
different transcripts. The three researchers collectively reviewed and reached a consensus about the
application of themes through independent coding and group discussion, which were then reviewed
and agreed by the research team. The interviews were then coded according to the themes using the
NVivo 12 software. Data from the closed-ended questions of the surveys were imported into the R
software (version 3.2.4). Numerical data were presented as absolute numbers, proportion, median
+ interquartile range (IQR). Pearson’s chi-squared tests were used to compare the results among
service users.

2.6. Ethics

The study received approval from Imperial College London and ethics committee [Imperial
College Research Ethics Committee reference: 181C4777]. Data management was compliant with the
European General Data Protection Regulation.

3. Results

3.1. Participants: Pharmacists and Service Users

Among the 26 pharmacies contacted in Newham, 20 (77%) participated in the pre-intervention
assessment. Among them, 16 pharmacies (62%) participated in the study including the pre-intervention
questionnaire and interview, the 3-month trial of the leaflets, and the post-intervention questionnaire
and interview. Sixteen interviews and 22 questionnaires were completed before and 15 interviews and
16 questionnaires after trialing the leaflet (Figure 1). The median duration of the interviews was 24
min (IQR, 19-27) and 16 min (IQR, 14-17) for the pre- and post-intervention interviews, respectively.
The pharmacist participants comprised 8 women and 14 men, with a median of 15 years (IQR, 5-30)
post qualification experience (Table 1). Fifty-one service users participated in the survey, the majority
of whom were female; 43 (84%). Twenty-one participants (41%) had recurrent UTIs, 23 (45%) had
previously experienced one or two UTIs, and 6 (12%) had a UTI for the first time.

Table 1. Characteristics of the participants. IQR, interquartile range; UTI, urinary tract infection.

Pharmacists n (%) or Median (IQR) (n = 22)
Women 8 (36)
Job description
Non-prescribing pharmacists 18 (82)
Prescribing pharmacists 3(14)
Pharmacy technician* 1(4)
Years since qualification 15 (5-30)
Years in the pharmacy 9.5 (5-17)
Pharmacy staff (full time equivalent) in the pharmacy 4 (3-5)
Service users per day 55 (40-100)
Estimated percentage of male service users seen in the pharmacy 61 (52-62)

Service users seen in the consultation room per day
Estimated number of service users given healthcare advice

8 (5-12)
20 (16-37)
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Table 1. Cont.

Service Users n (%) (n = 51)
Women 43 (84)
Age
Children 1 (2) (completed by the mother)
18-24 8 (16)
25-34 10 (20)
35-44 4(8)
45-54 11(22)
55-64 7 (14)
65-74 4(8)
>75 4 (8)
Ethnicity
White 27 (53)
Asian 14 (27)
Black 4 (8)
Mixed 4(8)
UTTI history
Recurrent UTIs 21 (41)
One or two prior episodes 23 (45)
No prior episode 6(12)

* One pharmacy technician was asked by a pharmacist to complete the pre-assessment questionnaire for the
pharmacy, but this participant did not participate in the interviews nor the trial of the leaflets.

3.2. Survey Results: The Patient UTI Journey in the Community

Before seeing a healthcare professional, 15/51 (29%) service users reported consulting their family
and 9/51 (18%) reported consulting online sources (e.g., NHS choices) for information on urinary
symptoms. Younger participants (aged 18-34 years versus those aged over 34 years) were more likely
to access information about UTI on the internet (50% versus 18%) (p = 0.01). Two-thirds (n = 31, 62%) of
the service users reported drinking more fluids before going to the pharmacy or visiting their GP, but 20
(39%) did not. Some service users reported taking paracetamol (n = 15, 29%), cranberry juice or capsules
(n = 12, 24%), resting (n = 10, 20%), cystitis sachets (n = 8, 16%), nonsteroidal anti-inflammatory
drugs (n =7, 14%), or time off work (n = 2, 4%). Cystitis sachets are popular OTC medications in the
United Kingdom that contain sodium citrate or potassium citrate and could reduce the acidity of urine.
However, there is currently no evidence to support taking cystitis sachets or cranberry products to
improve UTI symptoms. Thirty-seven service users (72%) went to a pharmacy following a GP visit
after being prescribed an antibiotic and 13 (25%) went to a pharmacy before visiting a GP (Figure 2).
The results from the pharmacists’ questionnaires confirmed this finding stating that, on average, 71%
of service users came to the pharmacy following a GP visit with an antibiotic prescription and 29%
visited the pharmacy first for advice and OTC medication. Service users rarely reported (n = 2, 4%)
going to the pharmacy following a GP visit when antibiotics had not been prescribed.
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Figure 2. Potential actions to enhance the role of community pharmacists in the management of service

users with suspected or confirmed urinary tract infection. GP, general practitioner.
3.3. Advice in the Pharmacy

During interviews, pharmacists identified barriers and facilitators to providing healthcare advice
in the pharmacy setting compared with a GP practice (Table 2). The most cited barriers were lack of staff
or time (n = 17, 77%), language barrier (n = 13, 59%), and absence of access to patient medical records
(n =9, 41%). On the contrary, facilitators were that pharmacists are trained and confident in giving
advice (n = 22, 100%), that no appointment is needed (n = 17, 77%), and that pharmacies have long
opening hours (n = 14, 64%). The language barrier was mitigated by the number of languages spoken
by the pharmacists and their staff: we discussed this point with six pharmacists who all reported the
fluent use of four to six Asian languages in their pharmacy in addition to English.

Table 2. Barriers and facilitators of giving advice in the pharmacy raised during interviews.

Pharmacists n = 22 (%)

Barriers

Lack of time or staff 17 (77)

Language barrier 13 (59)

No access to the medical record 9 (41)
Not recognised or funded by health authorities 5(23)
No possibilities to prescribe medication 5(23)
Outside the scope of expertise of pharmacists 3(14)
Waiting time is unpredictable for service users 209
Some service users prefer information from doctors 29)

Facilitators

Pharmacists are confident and trained in giving advice 22 (100)
No appointment needed 17 (77)

Long opening hours 14 (64)

Ease of access 13 (59)

Multiple languages spoken by the staff 12 (55)
Financial incentive to give additional advice 10 (45)
Availability and use of a consultation room 9 (41)
Close contact with the service users 8 (36)
Flexible time for consultation (no time limit) 6 (27)
Counter assistants and sufficient staff 5(23)
Local presence/community-based 209
Possibility to give advice on the phone 2(9)
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Service users were mostly (n = 33, 65%) comfortable discussing their urinary symptoms with a
pharmacist, as long as it was confidential and in private. As expected, the majority of service users (n
= 36, 70%) did not want to discuss urinary symptoms at the counter if they could be overheard by
other customers.

When asked via questionnaires about the most important self-care advice given to service users
with a suspected UT], all the pharmacists (n = 22) recommended drinking plenty of fluids and taking
OTC products (e.g., cystitis sachets, cranberry products), 64% (n = 14) recommended painkillers, 36%
(n = 8) discussed red flags to visit the GP, and 27% (n = 6) gave advice regarding preventative care.
All pharmacists who were interviewed agreed that it was difficult to give comprehensive self-care
advice because of the lack of time. Overall, the pharmacists were confident in discussing UTIs with
service users.

3.4. Communication with the GP

During pharmacist interviews, the reasons for referral to the GP were explored (Figure 2). The
pharmacists referred all male patients, pregnant women, older adults (over 65 years old) or children
(below 16 years old), patients with symptoms lasting for more than 48 h, lower abdominal pain or
kidney pain, temperature, blood in the urine or severe comorbidities, and those presenting with
recurrent UTIs to the GP. However, all pharmacist participants pointed out that they did not have a
facilitated way to contact GPs and could only instruct patients to visit their GP:

“So, there’s not much, much of a connection between the two settings. For example, if there
was a patient that we were particularly concerned about, we can’t call up the GP practice
and say, oh, could you give them early appointment because I've seen them and I've noticed
X,Y, Z. There’s not that rapport yet or there’s not that importance [placed in] a pharmacist’s
view, I feel, in community.” P4.

As such, they stressed the need to develop a special referral pathway between pharmacies and
GPs (n = 16, 100%) and also suggested that the TARGET UTI leaflets could be used as a referral notice
between healthcare professionals.

3.5. The Role of Pharmacists

Table 3 presents the themes and sub-themes that were generated from the qualitative analysis of
the interviews with the pharmacists regarding the management of service users with suspected or
confirmed UTI. Most pharmacists interviewed (n = 13, 81%) suggested that pharmacists could act as a
first-line triage for service users with UTlIs:

“Well, I think they [the patients] should come first to the pharmacy (... ) and then you could
screen them and see whether they need to be actually seen by the GP.” P13.

Table 3. Themes and sub-themes of the qualitative analysis of interviews on the role of pharmacists in
the management of service users with suspected or confirmed urinary tract infection. PGD, patient
group direction; NHS, National Health Service; AMR, antimicrobial resistance.

Management of Service Users with Suspected or Confirmed Urinary Tract Infection n (%) (n =16)
Pharmacists can act as a first-line triage 11 (69)
They need funding or additional staff to do so 10 (62)
They should have more possibilities to prescribe first line treatments (e.g., PGDs) 5(31)
They can give dipstick tests and check the results 1(6)

Strengthening the link between pharmacists and GPs

Development of a special referral pathway between pharmacies and GPs 16 (100)
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Table 3. Cont.

Management of Service Users with Suspected or Confirmed Urinary Tract Infection n (%) (n =16)
Self-care advice relieves pressure on the NHS and the GPs 6 (37)
Reducing the spread of AMR
Education of service users about infections for which antibiotics are not always needed 16 (100)
Screening patients who need to go to the GP 10 (62)
Self-care advice for viral infections and benign bacterial infections 12 (75)
Promotion of a healthy lifestyle 5(31)

The pharmacists reported that, if they were the first healthcare professional to give advice to
service users with suspected or confirmed UTIs, this could relieve pressure on other NHS services,
including GPs. However, they requested additional funding and staff to give advice for those with
suspected UTI as pharmacies are not currently funded for this. Some also asked for reimbursement for
this activity:

“Yeah, but you see having a role to play is one thing but you need to be remunerated for that
role. You can’t expect pharmacists to do everything for nothing” P13.

Increasing the patient group directions (PGDs) to prescribe first-line treatments for uncomplicated
UTISs could help enhance this role:

“[Having a UTT PGD] ... could be something which might take a bit of work off the GPs.
And in that service, we do get a consultation fee as well and we do that service for Pharmacy
First or the Minor Ailment. So, I think that’s some revenue, it works for the GP and it works
for the patient” P3.

All the pharmacists interviewed (n = 16, 100%) agreed that they had a major role in the control of
AMR by educating service users about antibiotics and infections for which antibiotics are not needed.
They reported giving daily self-care advice for viral infections and self-limiting UTIs, and triaging
patients and advising when they should consult a GP. They also described having an important role
in preventative measures in community care and participating in preventing bacterial infections by
promoting a healthy lifestyle:

“That is where it should all start. We [pharmacy staff] should be highly focused on prevention,
and providing advice for people to self-care and self-manage, and improve their health. And
that will stop, forget the resistance [AMR], you will not even need to prescribe antibiotics if
people are living a healthy lifestyle. (... ) So, the biggest impact the pharmacist can make is
in the prevention agenda” P10.

4. Discussion

4.1. Summary

We explored the UTI patient journey with both pharmacists and service users to identify
opportunities to enhance the role of community pharmacists specifically in the management of UTIs.
The self-care management of service users with suspected UTI can still be improved as 38% of service
users did not report drinking plenty of fluids before seeing a healthcare professional. One-fourth
of service users with suspected UTI sought help first from a pharmacy, but the majority visited the
pharmacy to pick up their antibiotic prescription after a visit to the GP. Barriers to giving advice in
the pharmacy were the lack of staff or time, the language barrier, and the absence of access to patient
medical records. Pharmacists were trained and confident to give advice to patients with suspected
UTIs, but they pointed out the lack of a specific pathway to refer patients who need an antibiotic
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to GPs. Furthermore, they raised the need for additional funding and staff to enable an increased
role of community pharmacists in the management of uncomplicated UTIs. Community pharmacists
integrated their role to fight AMR into the wider context of healthcare education and promotion of a
healthy lifestyle.

4.2. Comparison with Existing Literature

The proportion of service users with urinary symptoms coming first to a pharmacy (25%) is
close to what has been found in another study, in which 36% of the patients presented directly to
a pharmacy [12]. In a household survey conducted in 2014 in England, only 13% of females who
had ever had a UTI reported going first to a pharmacy. The rate in this study may have been lower
as it included a wide age range of participants [9]. As described in recent studies, this study found
support from both patients and pharmacists for increased access to UTI management and advice
through community pharmacies [12,20]. This confirms the need for interventions targeting community
pharmacies to improve the UTI patient journey including self-care advice and appropriate referral.
According to this study and the literature, the development of a PGD for uncomplicated UTIs is
supported by pharmacists in order to extend their management options [12]. A recent study found
that a community pharmacy-led UTI test-and-treat service for women aged 16-64 years with urinary
symptoms helped to support the appropriate use of antibiotics and reduced demand on other NHS
resources such as GP surgeries.? However, there is a need to carefully consider the advantages of
PGDs, which should lead to more timely treatment of UTI with the potential drawback of increased
use of antibiotics in UTIs, as has been found for chloramphenicol and eye infections [21]. The risk
of overuse of antibiotics for suspected UTIs leading to increased AMR could be mitigated with an
increased pharmacy access to clear protocols, accurate point-of-care testing [20], urine culture, and
shared patients records [22]. Sixty-two percent of the service users in this study took extra fluids
before consulting a healthcare professional, as compared with 35% in a study in 2014 in the United
Kingdom [9]. This might reflect the effect of recent interventions including online campaigns to
promote self-care of UTIs in the community [23,24].

The barriers to giving self-care advice about UTI in the community pharmacy setting confirm
findings in a qualitative study with GPs, pharmacists, pharmacy staff, and representatives from
pharmacy organisations in England and Wales [22]. Clinicians reported that lack of time or staff and
lack of access to medical information were perceived as barriers to giving effective and thorough
self-care advice. Overall, this study supports increasing the collaboration between GPs and community
pharmacists as advocated in a joint statement by the Royal College of General Practitioners (RCGP)
and the Royal Pharmaceutical Society (RPS) [25]. The proposals of this statement include many
of the measures that have been asked for by pharmacists in this study such as a greater role for
community pharmacy in managing minor conditions, access to health records, and better links between
practice-based pharmacists (clinical pharmacists) and community pharmacy. This has also been
highlighted in the community pharmacy 2019 to 2024 contractual framework that encourages the
development of point-of-care testing in community pharmacies to support efforts to tackle AMR [26].

4.3. Strengths and Limitations

The acceptance rate by community pharmacies to participate was high, and we collected
information from both pharmacists and service users’ point of views, facilitating triangulation
of data. Although patients from white ethnicity were over-represented in the user responses (53%
in this sample versus 28% in the borough according to the 2019 Greater London Authority (GLA)
housing-led projection), this sample of service users did have participants representing the diversity
of Newham borough. Participants’ age was similar to the local population as a whole. Service user
questionnaire completion was quite low, as only 13% of 400 questionnaires were returned. However,
this return rate is quite usual in any service evaluation by the public and the BAME (Black, Asian,
and Minority Ethnic) populations in research are known to be hard to engage [27]. A large part of
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the participants had recurrent UTIs (41%), which might be explained by an increased willingness
of these patients to answer to questionnaires on UTIs. This population of patients could be more
informed than the general population of patients with UTI, however, we still found in this study a
large proportion of participants, including patients with recurrent UTIs, who did not report applying
the standard self-care advice such as drinking plenty of fluids before seeing a healthcare professional.
The small sample size, including 22 pharmacists and 51 patients, as well as the risk of recruitment
bias when recruiting pharmacists or service users motivated to participate in a study, are recognised.
However, qualitative research aims to attain a range of views rather than necessarily obtaining views
representative of the general population. In order to strengthen the results of this study, we have
planned with PHE to extend the trial of the leaflets in a rural area and to include interviews with service
users. The answers obtained in this study may not easily translate to other countries that do not have a
government-sponsored universal healthcare system. Indeed, patients in the United Kingdom have
free access to the NHS, which may encourage them to visit their GP instead of going to a community
pharmacy. Interviewing GPs may also have provided a more comprehensive scope and additional
review regarding the role and value of community pharmacists in AMS for UTIs, but this has already
been attained in other qualitative studies [17,22].

4.4. Implications for Practice

Prescription options for pharmacists, levels of funding, and incentives are areas to explore in policy
and contractual developments. Developing a referral pathway is a way to strengthen the link between
pharmacists and GPs and to give more importance to the place of pharmacists in the community setting.
The referral of patients from pharmacy to GPs could be improved through the use of the TARGET UTI
leaflets that highlight the management of patients with suspected UTI [28]. These results also provide
evidence for the deployment of clinical pharmacists working in GP surgeries as they can represent a
key link to community pharmacists [10] as part of the UK NHS long-term plan for better integration
of care [29]. Primary care networks (PCNs) link the local community and community-based health
and social care providers, including pharmacies, with constituent GP practices at its core [30]. PCNs
intend to make greater use of community pharmacists’ skills and opportunities to engage service
users for integrated out-of-hospital care. Expanding the current test and treat programs for UTIs
in community pharmacies by strengthening PGDs could be an interesting approach to increase the
role of pharmacists. Indeed, in many countries, and particularly low- and middle-income countries,
antibiotics are prescribed by community pharmacies without legal and regulatory framework, which
could increase inappropriate prescriptions [31]. In some of these countries where access to a doctor is
sometimes difficult, supporting and regulating these prescriptions by pharmacists could be a solution
to consider. The results of this study, if confirmed, could inform the writing of guidelines for the
management of service users with suspected or confirmed UTI in community pharmacies and inspire
future strategies and interventions in the community.

5. Conclusions

We identified opportunities and potential interventions to improve the management of service
users with suspected or confirmed UTI in community pharmacies. The current reconfiguration of
primary care in England with primary care networks and integrated care systems could provide a real
opportunity for this collaborative working with potential learning for international initiatives.
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VII. Machine learning for clinical
decision support in infectious diseases

1. Summary

Machine learning (ML) allows the analysis of complex and large data sets that are becoming
more frequent in healthcare. Unlike expert systems which are based on the programming of a

set of rules, ML algorithms are able to define their own rules directly from the data.

We conducted a narrative review in order to analyse the objectives, characteristics, development
and measures of performance of ML systems to diagnose infectious diseases, predict severity,
and guide antimicrobial therapy. References for this review were identified through searches of
MEDLINE/PubMed, EMBASE, Google Scholar, biorXiv, ACM Digital Library, arXiV and
IEEE Xplore Digital Library for articles by use of a combination of ML keywords. We included
articles resulting from these searches and relevant references cited in those articles up to July

2019.

In total, 75 papers with 60 unique ML-CDSS addressing clinical ID decisions were included.
Overall, 37 (62%) ML-CDSS focused on bacterial infections, 10 (17%) on viral infections, nine
(15%) on tuberculosis and four (7%) on any kind of infection. Among them, 20 (33%)
addressed the diagnosis of infection, 18 (30%) the prediction, early detection or stratification
of sepsis, 13 (22%) the prediction of treatment response, four (7%) the prediction of antibiotic
resistance, three (5%) the choice of antibiotic regimen and two (3%) the choice of a combination
antiretroviral therapy. The vast majority of ML-CDSS (n=58, 97%) used supervised learning
whereas two (3%) used reinforcement learning. Most ML-CDSS found in the literature were
developed for secondary and tertiary care (n=57, 95%) whereas only three ML-CDSS (5%)
targeted primary care. Moreover, only seven ML-CDSS (12%) were adapted to LMICs, six of
them concerning HIV or TB. Data analysed in the ML-CDSS were often limited to a small set
of variables and did not include many relevant clinical variables. The evaluation of ML-CDSS
in clinical ID was still lacking with 57 ML-CDSS (95%) reporting measures of performance

such as sensitivity and specificity and only three (5%) evaluated in clinical practice.
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The development of ML-CDSS may be more difficult in primary care where available patient
data for the clinician is limited and databases are scarce. The same statement can be made for
LMICs where data extraction is difficult due to the frequent lack of clinical information system.
Table 3 of the review describes some essential criteria for future ML-CDSS adapted for
clinicians' use based on our review of the literature. Multiple challenges to the global
development of ML-CDSS remain, ranging from the size and quality of databases in medicine
to validation and commercialization processes, including risks to data security and

confidentiality (Table 4 of the review).

The work of the review was extended to ML in the clinical microbiology laboratory.(141) Using
a similar methodology, 103 articles with 97 unique ML systems for clinical microbiology were
included in the review. Sixty-four articles were found in MEDLINE/PubMed, 14 in IEEE
Xplore Digital Library, 14 in free repository of electronic preprints such as arXiv (n = 7) or
bioRxiv (n = 7), eight in Google Scholar and three in ACM Digital Library. Overall, 82 (85%)
ML systems targeted bacterial infections, 11 (11%) parasitic infections, nine (9%) viral
infections and three (3%) fungal infections (some ML systems targeted more than one type of
micro-organisms). More precisely, 40 (41%) ML systems focused on micro-organisms
detection, identification and quantification, 36 (37%) evaluated antimicrobial susceptibility, 21
(22%) targeted diagnosis, disease classification and prediction of clinical outcomes. To achieve
these aims, the ML systems used very diverse sources of data: 21 (22%) used WGS of micro-
organisms, 19 (20%) microbiota data obtained by shotgun metagenomic sequencing, 19 (20%)
analysed microscopic images, 17 (18%) spectroscopy data, eight (8%) targeted gene
sequencing, six (6%) volatile organic compounds (the components of odour), four (4%)
bacterial colonies photographs, four (4%) transcriptome data, three (3%) protein structure and
three (3%) clinical data. The vast majority of ML systems used supervised learning (n=96, 99%)
whereas 6 (6%) used unsupervised learning, all but one in association with supervised learning.
No ML system used reinforcement learning. Overall, 34 different ML techniques were used
with 40 (41%) systems using more than one ML technique (median 3, IQR 2-4). The most
frequent ML techniques were Artificial Neural Network (n=46, 47%) including 15
Convolutional Neural Networks, Support Vector Machine (n=34, 35%), Random Forest (n=28,
29%), and Logistic Regression (n=11, 11%). In the same way as for infectious diseases, most
articles were published using HICs data (n=71, 73%) but a significant number of ML systems
were developed with LMICs data (n=36, 37%). Only one ML system was reported to be used

in clinical practice in the UK.(142) This system aimed to screen urine samples in order to decide
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which ones should be discarded because of a low probability of positivity. The authors analysed
212,554 urine reports including clinical data and described a potential relative workload
reduction of 41%. However, the authors did not give any detail on the implementation of the
system and its actual impact. The 96 other ML systems only reported performance measures

such as sensitivity and specificity.

In infectious diseases as well as in clinical microbiology, the evaluation of ML systems was
still incomplete from the clinical perspective with CDSS that always presented performance
data but rarely use the system in clinical practice. Future ML-CDSS in ID should be developed
in diverse health settings, including primary care and LMICs that are currently
underrepresented, and should be embedded in a structured process of integration into clinical
settings. Future studies involving ML-CDSS should aim to report clinical outcomes following
integration and implementation in real-world settings and sustainable use in routine clinical

carc.
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Background: Machine learning (ML) is a growing field in medicine. This narrative review describes the
current body of literature on ML for clinical decision support in infectious diseases (ID).
Objectives: We aim to inform clinicians about the use of ML for diagnosis, classification, outcome pre-
diction and antimicrobial management in ID.
Sources: References for this review were identified through searches of MEDLINE/PubMed, EMBASE,
Google Scholar, biorXiv, ACM Digital Library, arXiV and IEEE Xplore Digital Library up to July 2019.
Content: We found 60 unique ML-clinical decision support systems (ML-CDSS) aiming to assist ID cli-
nicians. Overall, 37 (62%) focused on bacterial infections, 10 (17%) on viral infections, nine (15%) on
tuberculosis and four (7%) on any kind of infection. Among them, 20 (33%) addressed the diagnosis of
infection, 18 (30%) the prediction, early detection or stratification of sepsis, 13 (22%) the prediction of
treatment response, four (7%) the prediction of antibiotic resistance, three (5%) the choice of antibiotic
regimen and two (3%) the choice of a combination antiretroviral therapy. The ML-CDSS were developed
for intensive care units (n = 24, 40%), ID consultation (n = 15, 25%), medical or surgical wards (n = 13,
20%), emergency department (n = 4, 7%), primary care (n = 3, 5%) and antimicrobial stewardship (n = 1,
2%). Fifty-three ML-CDSS (88%) were developed using data from high-income countries and seven (12%)
with data from low- and middle-income countries (LMIC). The evaluation of ML-CDSS was limited to
measures of performance (e.g. sensitivity, specificity) for 57 ML-CDSS (95%) and included data in clinical
practice for three (5%).
Implications: Considering comprehensive patient data from socioeconomically diverse healthcare set-
tings, including primary care and LMICs, may improve the ability of ML-CDSS to suggest decisions
adapted to various clinical contexts. Currents gaps identified in the evaluation of ML-CDSS must also be
addressed in order to know the potential impact of such tools for clinicians and patients. N. Peiffer-
Smadja, Clin Microbiol Infect 2020;26:584
© 2019 European Society of Clinical Microbiology and Infectious Diseases. Published by Elsevier Ltd. All
rights reserved.

Introduction

environment and take actions that maximize the likelihood of
successfully achieving their goals [1]. Al in healthcare began with

Artificial intelligence (Al), initiated in 1956, is often defined as
the study of ‘intelligent agents’, devices that perceive their

* Corresponding author. Nathan Peiffer-Smadja, National Institute for Health
Research Health Protection Research Unit in Healthcare Associated Infections and
Antimicrobial Resistance, Imperial College London, London, UK.

E-mail address: n.peiffer-smadja@ic.ac.uk (N. Peiffer-Smadja).
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the development of expert systems, based on rules captured from
interviews with medical experts, then translated and programmed
[2]. With about 450 rules, MYCIN, the first expert system in med-
icine, was developed in 1976 and aimed to suggest antibiotic reg-
imens for severe bacterial infections [3]. However, MYCIN was
never actually used in practice because of the lack of system

1198-743X/© 2019 European Society of Clinical Microbiology and Infectious Diseases. Published by Elsevier Ltd. All rights reserved.
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integration into clinical work. Another major limitation of expert
systems is the large volume of rules needed to capture experts'
knowledge in difficult clinical decisions.

Machine learning (ML) was developed to overcome the con-
straints of expert systems [2]. In ML, engineers programme algo-
rithms able to define their own rules from data. Thus, human hand-
coded rules are replaced by the artificial finding of rules from data.
This allows ML systems to learn from data and interpret unknown
situations. Among the panel of ML techniques developed, deep
learning based on artificial neural networks is the most famous [4].
The performance and ability of the machine to learn is driven by the
volume and quality of data provided, that is why ML systems are
sometimes called data-intensive systems (Fig. 1).

The availability of healthcare data dramatically increased with
electronic health record systems and the rise of connected devices
[5]. The optimal analysis and interpretation of this important vol-
ume of data, called ‘big data’, needs the computing power of
modern machines. In this context, ML tools integrating and making
sense of huge amounts of complex data are becoming popular.
Clinical decision support systems (CDSS) can be defined as software
in which the characteristics of an individual patient are used to
present patient-specific assessments or recommendations to the
clinician towards a decision [6].Most current CDSS or computer-
aided diagnosis or therapy are expert systems [7], but Machine
Learning-Clinical Decision Support Systems (ML-CDSS) are drawing
increased interest (Fig. 2) [8—10].

ML systems have been developed in many fields of medicine,
including radiology, with the interpretation of images from chest
X-ray or magnetic resonance imaging for diagnostic purposes
[11—-15]. The first FDA approval for an autonomous Al system
took place in 2018 with IDx, a ML system used to detect diabetic
retinopathy in retinal fundus photographs [16]. In infectious
diseases (IDs), most ML work focuses on research, drug devel-
opment or clinical microbiology. Systems have been developed to
analyse bacterial genome and improve the prediction of resis-
tance [17,18], HIV genotype and predict susceptibility to antire-
troviral drugs [19], patterns of epidemics for surveillance
purpose [20,21] or to discover new antibacterial drugs or vac-
cines [22—24] (Table 1).

This article focuses on ML adapted to clinicians' decision (ML-
CDSS) in ID. More precisely, we describe the objectives, character-
istics, development and assessment of ML systems that may
directly help clinicians with their work to diagnose infectious dis-
eases, predict severity, decide whether they should use an anti-
microbial and which antimicrobial to choose or what dosage.

Material and methods
Search strategy

References for this review were identified through searches of
MEDLINE/PubMed, EMBASE, Google Scholar, biorXiv, ACM Digital
Library, arXiV and IEEE Xplore Digital Library for articles by use of a
combination of ML keywords (‘deep learning’, ‘artificial intelli-
gence’, ‘artificial learning’, ‘machine learning’, ‘machine intelli-
gence’, ‘neural networks’, ‘probabilistic networks’, ‘knowledge
representation’, ‘statistical learning’, ‘bayesian learning’), decision-
making keywords (‘medical decision’, ‘decision tool’, ‘support tool’,
‘clinical decision’, ‘physician decision’, ‘decision algorithm’, ‘CDSS’,
‘clinical management’, ‘decision making’), antimicrobial keywords
(‘antimicrobial’, ‘antibiotic’, ‘anti-infective’, ‘antifungal’, ‘antipara-
sitic’, ‘antiviral’) or sepsis keywords (‘sepsis’, ‘septic shock’). We
included articles resulting from these searches and relevant refer-
ences cited in those articles up to July 2019.

585
Study selection

Prospective and retrospective articles in English that reported
original research on ML-CDSS for ID were included. We included
development reports, implementation studies, clinical trials or
qualitative studies in primary, secondary, tertiary care including
intensive care and paediatrics. We excluded studies that describe
expert system CDSS, as defined by the use of manually pro-
grammed rules, studies with ML systems that use data not
currently available in routine clinical care (e.g. bacterial genome) or
with outcomes irrelevant to clinicians' use for usual care (e.g.
development of a new biomarker).

Definitions of learning methods

ML methods can be divided into supervised learning, unsuper-
vised learning and reinforcement learning [2]. Supervised learning
refers to algorithms using labelled data as a training dataset.
Labelled data are data in which the outcome of interest is defined;
for example, to train an algorithm for sepsis prediction, we use a
dataset in which patients are already defined as having sepsis or
not. The algorithm will then choose the best model to predict the
outcome of interest. In unsupervised learning, data are used
without a predefined outcome of interest. Algorithms are left to
their own to find patterns and to extract hidden structure from data
without any expert labelling. Unsupervised learning is mainly used
in medicine to do clustering, aiming to discover inherent grouping
in the data, such as similar groups of patients based on clinical data
[25]. Reinforcement learning involves algorithms discovering ac-
tions that yield the greatest rewards through trial and error. In this
category, the algorithm is programmed to consider survival or a
reduced hospital length of stay as a reward. A training dataset is
used by the algorithm to conduct multiple tests in order to develop
the model that obtains the highest reward [2,26].

Analysis of data in the selected articles

In each article, we extracted the variables that were analysed by
the ML-CDSS. We split these variables into structured and un-
structured variables. Structured variables are variables in which the
possible values are predefined, e.g. for wound aspect, 0 = no ne-
crosis, 1 = non-viable tissue, etc. Unstructured variables refer to
free text such as a description of the wound by a clinician. We
further split structured variables into demographic data (e.g. age,
ethnicity), medical or surgical history (e.g. comorbidities, date of
admission), vitals (e.g. temperature), symptoms or physical exam-
ination findings (e.g. cough, lung auscultation), laboratory workup
(e.g. creatinine), microbiology workup (e.g. antibiotic susceptibility
testing), therapeutic history (e.g. type of surgery, administered
drugs) or other workup (biopsy results, medical imaging). Medical
imaging can be considered as a structured variable, for example
‘presence of lung infiltrates’ can be mapped a priori to a uniquely
defined input value, or as an unstructured variable when the image
itself is fed as input to the CDSS.

Results
General characteristics of ML-CDSS

Among the 126 abstracts identified and assessed for eligibility,
14 were excluded because the variables were not available in
routine clinical practice (e.g. bacterial genome), 29 because the
CDSS was an expert system and eight because the outcome of the
CDSS was not clinical (e.g. development of a novel biomarker).
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Artificial intelligence (Al) for clinical infectious diseases

Corresponds to a system that emulates the decision-making ability of a
human expert on a specific task, e.g. a physician prescribing antibiotics
Sometimes called “narrow” or "weak” Al as compared to “general”
“strong” Al which describes a way to simulate whole human minds

or

/ Expert systems \
* Represent most current Clinical Decision Support Systems
(CDSS) or computer-assisted/aided tools

* Stereotyped architecture
- Knowledge base: data from experts
- Inference engine: logical rules manually programmed

* Knowledge-intensive or knowledge-based systems
- The most important element is the quality of the

. “0ld” Al
- No more included in “Al” by most Al scientists

—

Interviewing of
expert physicians

experts’ knowledge

Crucial point = capturing
human knowledge
("knowledge-based")

!

Translating human
expertise into rules

- If pyelonephritis
- and pregnant woman
- -> cefalexin
- and non-pregnant woman
- -> cefalexin
lr - and penicillin allergy
- -> ciprofloxacin

- if pneumonia

Manual programming .
. - and low severity
of rules in the system - > amoxicillin

- and high severity
- -> amoxicillin with clarithromycin

Machine learning

Systems with the ability to automatically learn and improve
from experience without being explicitly programmed

Sometimes called machine learning clinical decision
support systems (ML-CDSS)

Various algorithms
- Deep learning / Artificial Neural Networks
- Support Vector Machines
- Etc.

Data-intensive systems
- The most important element is the quality of the

patients’ data

“Modern” Al

Programming an algorithm that can
automatically extract rules from data

"Ax" algorithm

Crucial point = capturing

Patient data patient data ("data-based")

Ax algorithm

Automatic creation
of rules

- pyelonephritis + pregnant woman = cefalexin
- pyelonephritis + age > 83 - cefotaxime
- pyelonepbhritis + lymphoma history = tazocillin

New patient data

Ax algorithm

New rules

- pneumonia + influenza = vancomycin
- history of ESBL > meropenm

Fig. 1. Artificial intelligence for clinical infectious diseases.
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Fig. 2. Trends in the number of publications using selected search terms in PubMed in August 2019.

In total, 75 papers with 60 unique ML-CDSS addressing clinical
ID decisions were included. Thirty-one articles were found in
MEDLINE/PubMed, 12 in free repository of electronic preprints such
as arXiv (n = 8) or bioRxiv (n = 4), ten in Google Scholar and ten in
IEEE Xplore Digital Library. The main characteristics of the ML-CDSS
are summarized in Table 2 and detailed in the Supplementary
material.

Overall, 37 (62%) ML-CDSS focused on bacterial infections, 10
(17%) on viral infections, nine (15%) on tuberculosis and four (7%) on
any kind of infection. Among them, 20 (33%) addressed the diag-
nosis of infection, 18 (30%) the prediction, early detection or
stratification of sepsis, 13 (22%) the prediction of treatment
response, four (7%) the prediction of antibiotic resistance, three
(5%) the choice of antibiotic regimen and two (3%) the choice of a
combination antiretroviral therapy (cART). Most of the ML-CDSS
were developed with data from adult patients (n = 54, 90%) but
some targeted paediatric patients (n = 3, 5%) [27—29] or neonates
(n =3, 5%) [30—32].

The vast majority of ML-CDSS (n = 58, 97%) used supervised
learning whereas two (3%) used reinforcement learning [33,34].

Prediction, early detection or stratification of sepsis

Eighteen ML-CDSS (30%) addressed the prediction, early detec-
tion or stratification of sepsis in the Intensive Care Unit (ICU).
Among these ML-CDSS, 16 exclusively analysed structured patient
variables: vitals (n = 15), laboratory data (n = 12), basic de-
mographic information (n = 7), medical history limited to main
comorbidities and date of admission (n = 7), therapeutic data
(n = 5) and electrocardiogram waveform (n = 1). Two ML-CDSS
added unstructured clinical data to their model, one specifically
looked for antibiotic prescription in nursing notes to predict sepsis
[35], but the other did not give details [36]. No CDSS for sepsis
prediction used symptoms, physical examination findings nor
microbiology data.

All the 18 ML-CDSS were developed with data from high-income
countries (HICs), with six ML-CDSS using the MIMIC (Multipa-
rameter Intelligent Monitoring in Intensive Care) dataset. This
dataset contains openly available data from ~50 000 critical care
patients admitted to a Medical Center in Boston [37].

Seventeen ML-CDSS were evaluated with measures of perfor-
mance such as sensitivity or specificity and one ML-CDSS was
evaluated in the clinical setting. This ML-CDSS was developed by a
company that published a set of papers describing its development,
performance and impact in quasi-experimental studies [38]. They
reported a relative reduction of in-hospital mortality between 30%
and 60% after implementation of their ML-CDSS in ICUs [39—41]
but do not use statistical methods adapted to quasi-experimental
designs [42]. Indeed, they directly compare in-hospital mortality
before and after the use of the ML-CDSS, a measure that is sus-
ceptible to biases such as the history bias, i.e. the possibility that the
change in the outcome may be linked to other changes in the
environment rather than to the addition of the ML-CDSS [43]. They
also published a randomized clinical trial in which 67 patients were
randomized to a group monitored by a machine learning algorithm
and 75 patients to a control group [44]. The trial reported a relative
reduction of 58% of mortality in the group monitored by the ma-
chine learning algorithm in which patients had blood cultures
drawn and antibiotics administered approximately 2.8 hours before
the control group.

Diagnosis of infection

Twenty ML-CDSS (33%) focused on the diagnosis of infection, to
help clinicians decide if a patient has an infection, which infection
(e.g. viral or bacterial) or an alternative non-infectious diagnosis.
More precisely, six ML-CDSS address the diagnosis of tuberculosis
(TB) in outpatient settings [45—50], five the diagnosis of bacterial
infection in hospitalized patients [27,51—54], four the diagnosis of
surgical site infection (SSI) [30,55—57], three the diagnosis of
infection in emergency department [58—60] and two the distinc-
tion between bacterial and viral meningitis [61,62]. Among the five
ML-CDSS to diagnose bacterial infection in hospitalized patients,
two ML-CDSS included any kind of infection [27,51], two focused on
the prediction of positive blood cultures [53,54] and one on MRSA
infection [52]. The ML-CDSS for patients hospitalized in surgical
wards aimed to diagnose SSIs following open abdominal surgery
[55,57] surgery for head or neck cancer [56] or following any
intervention on neonates [30].

Among the 20 ML-CDSS, 18 exclusively analysed structured
patient variables: demographics data (n = 15), medical history
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Table 1
List of reviews with a focus on machine learning in the field of infectious diseases

N. Peiffer-Smadja et al. / Clinical Microbiology and Infection 26 (2020) 584—595

Topic Title Year of Review Detailed outcome Settings Including CDSS
publication type
Bacterial resistance  Genome-based prediction of bacterial 2018 Narrative  Analysis of bacterial genome to Clinical microbiology No
antibiotic resistance [18] predict resistance lab
Machine learning: novel bioinformatics 2017 Narrative  Analysis of bacterial genome to Clinical microbiology No
approaches for combating antimicrobial predict resistance lab
resistance [17]
Sepsis Emerging technologies for molecular 2018 Narrative  Microbiological diagnosis of Clinical microbiology No
diagnosis of sepsis [99] sepsis lab
Prediction of sepsis () Yes
HIV A survey of machine learning applications 2017 Systematic HIV/AIDS clinical research and Multiple settings Yes
in HIV clinical research and care [100] medical care studies that utilize
machine learning methodology
Computer-aided optimization of combined 2016 Narrative  Analysis of HIV genotype to Virology lab Yes
anti-retroviral therapy for HIV: new drugs, predict drug susceptibility
new drug targets and drug resistance [101] in vitro or response to
combination antiretroviral
therapy in vivo
Infection control Using online social networks to track a 2016 Systematic Analysis of online social Health authorities No
pandemic: A systematic review [102] network data to track
pandemics
Automated surveillance of healthcare- 2017 Narrative ~ Surveillance of healthcare- Infection control unit ~ No
associated infections: state of the art [21] associated infections
Introduction to machine learning in digital 2018 Narrative  Prediction, detection of trends Infection control unit No
healthcare epidemiology [20] and patterns for surveillance
purposes
Molecular biology Computational approaches for prediction of 2015 Narrative  Prediction of pathogen-host Research lab No
pathogen-host protein-protein interactions protein-protein interaction
[103]
Progress in computational studies of host- 2013 Narrative  Prediction of pathogen-host Research lab No
pathogen interactions [104] protein-protein interaction
Identification of legionella effectors using 2012 Narrative  Identification Research lab No
bioinformatic approaches [105] of L. pneumophila effectors
Vaccine development Comparative pathogenesis and systems 2010 Narrative ~ Analysis of Virus-Host Research lab/Research  No
biology for biodefense virus vaccine Interactions and development
development [24]
Systems serology for evaluation of HIV 2017 Narrative  Defining humoral signatures in Research lab/Research  No
vaccine trials [106] response to vaccines and development
Drug discovery Machine-learning techniques applied to 2014 Narrative  Antibiotic drug discovery Research lab/Research  No
antibacterial drug discovery [23] and development
Medical imaging Computer-assisted detection of infectious 2013 Narrative  Analysis of medical imaging of Radiology department No
lung diseases: a review [107] respiratory tract infections
Microscopy Microscopy in infectious disease research- 2018 Narrative  Analysis of microscopic images Research lab No

imaging across scales [108]

in ID research

(n = 14), laboratory results (n = 13), vitals (n = 9), symptoms and
physical examination findings (n = 8), therapeutic history (n = 7),
chest X-ray for TB diagnosis (n = 2) and microbiology data (n = 2).
Two ML-CDSS added free clinical text; nursing notes, clinical
narrative or chief complaint [51,59]. Seventeen ML-CDSS were
developed with data from HICs and three with data from low- and
middle-income countries (LMICs), addressing the screening of TB in
South Africa [48] or the diagnosis of TB in Turkey [49] or Iran [63].

Nineteen ML-CDSS were evaluated by measures of sensitivity,
specificity and receiver ROC curves. One study described a ML-CDSS
trained to diagnose bacterial infection using six routinely available
blood parameters with data from 160 203 individuals and its use in
a prospective observational cohort. Among 104 patients included,
the ML-CDSS predicted a bacterial infection in three individuals
who were not identified by clinicians as having an infection on
admission but were diagnosed later with a bacterial infection [58].
No study assessed the clinical or microbiological impact of the use
of ML-CDSS in clinical settings.

Determinants of treatment outcomes
Ten ML-CDSS (17%) addressed the prediction of treatment suc-

cess for outpatients. Among them, five ML-CDSS predicted the
virological response to HIV therapy [64—68] and three to HCV

therapy [69—71]. They all analysed therapeutic history but only
four used viral genotype or medical history [65—67,71]. Therapeutic
history was limited to previous HIV or HCV therapies but not to
other drugs that the patient might have been taking. Two ML-CDSS
predicted treatment outcome in TB using demographics data (e.g.
education level, homelessness), TB history including constitutional
symptoms, TB treatment and structured data from the chest
radiograph (e.g. size of cavity) [72,73].

Three ML-CDSS (5%) addressed the prediction of C. difficile colitis
complications [74] or recurrence [75,76] in hospital settings. We
found four ML-CDSS (7%) for the prediction of drug resistance: one
predicted the risk of developing multidrug-resistant TB in Chinese
patients with TB [77] one combined demographic data and medical
history for personalized prediction of baseline antibiotic resistance
in urinary tract infection [78] one analysed demographic data,
living conditions and treatment history of patients with positive
blood cultures to predict baseline susceptibility to ampicillin, cef-
triaxone and gentamicin [28] and one used ML to measure the
impact of antibiotic exposure on the acquisition of colonization
with extended-spectrum B-lactamase-producing Gram-negative
bacteria [79].

Thirteen ML-CDSS in this category were developed with patient
data from HICs and two with patient data from LMICs to predict TB
outcomes, one in Pakistan [72] and the other in Eastern Europe [73]
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Table 2
Summary of machine learning clinical decision support systems
ML-CDSS characteristics n =60 (%)
Medical settings®
Intensive Care Unit 24 (40)
Infectious diseases consultation 15 (25)
Medical ward 9(15)
Surgical ward 5(8)
Emergency department 4(7)
Primary care 3(5)
Antimicrobial stewardship team 1(2)
Geographical settings®
High-income countries 54 (90)
Low- and middle-income countries 7(12)
Population
Adults 53 (88)
Neonates 3(5)
Paediatric patients 3(5)
Retirement-home 1(2)
Types of decision support
Diagnostic
Diagnosis of infection 20 (33)
Prediction of sepsis 18 (30)
Prediction of antibiotic resistance 4(7)
Therapeutic
Prediction of treatment response 13(22)
Antibiotic selection 3(5)
HIV therapy selection 2(3)
Type of infection
Bacterial infection 37 (62)
Viral infection 10 (17)
Mycobacterial infection 9(15)

Any kind of infection 4(7)
Types of learning

Supervised learning 58 (97)
Reinforcement learning 2(3)
Data
Clinical data (e.g. demographics, vitals) 52 (87)
Laboratory 38 (63)
Therapy 28 (47)
Microbiology 15 (25)
Other workup (e.g. ECG, imaging) 6 (10)
Unstructured clinical data (free text) 5(8)
Evaluation®
Performance 57 (95)
Use 3(5)
Adoption 0

ML, machine learning; CDSS, clinical decision support systems; HIV, human im-
munodeficiency virus.

2 One article included patients in medical wards, surgical wards and intensive
care units in high and middle-income countries.

b We separated studies that describe the performance (e.g. receiver operating
characteristic curves) of the ML-CDSS, studies that describe the use of the CDSS in
real-life settings and studies that describe the adoption of the CDSS in routine
clinical practice.

In addition, one ML-CDSS used data both from HICs and middle-
income countries [79]. Another ML-CDSS was developed in HICs
and then specifically adapted to the specificities of human immu-
nodeficiency virus (HIV) care in LMICs such as limited access to
genotype data, infrequent visits to clinics and restricted list of
available drugs [67]. It used the HIV Drug Resistance Database that
includes large datasets from patients around the world including
sub-Saharan countries.

The 17 ML-CDSS predicting treatment outcomes or antibiotic
susceptibilities were evaluated by measures of sensitivity, speci-
ficity and receiver operating characteristic (ROC) curves.

Treatment selection

Five ML-CDSS (8%) addressed the choice of antimicrobials: three
ML-CDSS aimed to find the optimal antibiotic regimen [33,80,81]

and two the optimal cART for HIV [34,82]. All the CDSS focused on
the choice of an agent but did not give individual advice on the dose
or duration.

The two ML-CDSS to guide cART focused on outpatient settings:
one analysed treatment history and treatment objectives but did
not consider clinical or biological data [82], whereas the other used
demographics, medical history, CD4+ cell count, viral load, geno-
typic data and treatment history [34]. Among the three ML-CDSS
for antibiotic management, one was adapted to ICUs [33]. another
one to primary care [81] and the third one targeted antimicrobial
stewardship teams [80]. Their use of patient data was heteroge-
neous; only one ML-CDSS took into account the identification of the
pathogen in blood culture results but not the antimicrobial sus-
ceptibility testing [33], medical history was not used in two ML-
CDSS [33,80] and limited to breastfeeding, pregnancy, allergy and
kidney failure in the third [81]. They did not use the therapeutic
history of patients, neither data from the physical examination nor
local antibiotic resistance rates and were not adapted for a dynamic
use over time.

All of these ML-CDSS concerned HICs, using data from North
American or European patients and only one ML-CDSS was evalu-
ated in a clinical setting. It was a ML-CDSS focusing on inappro-
priate prescriptions for review by antimicrobial stewardship
pharmacists. The addition of a ML module to an expert system was
shown to identify inappropriate prescriptions of piperacillin-
tazobactam that were missed by the expert system [80]. Howev-
er, this study does not report the clinical or microbiological out-
comes of this intervention.

Discussion
Healthcare settings

Most ML-CDSS found in the literature were developed for sec-
ondary and tertiary care (n = 57, 95%) whereas only three ML-CDSS
(5%) targeted primary care [48,78,81]. Four ML-CDSS were specif-
ically tailored for emergency care [46,58—60], compared with more
than 20 ML-CDSS for ICUs. Moreover, only seven ML-CDSS (12%)
were adapted to LMICs [48,49,63,67,72,73,79], six of them con-
cerning HIV or TB.

ML techniques usually need a large amount of data (e.g. more
than 128 000 retinal images in a recent ophthalmologic ML sys-
tem) [83]. Thus, it is no surprise that most ML-CDSS in ID currently
should focus on domains generating high-quality databases
including ICU and HIV patients from HICs. The MIMIC dataset was
a recurrent data source for ML systems predicting sepsis [37]. In
the same way, ML-CDSS targeting HIV therapy selection or the
prediction of virological response were also based on large open-
access databases [66]. The development of ML-CDSS is more
difficult in primary care where available patient data for the
clinician is limited and databases are scarce. The same statement
can be made for LMICs where data extraction is difficult due to the
frequent lack of clinical information system. The availability of
data is also correlated with healthcare access: vulnerable pop-
ulations tend to have a lower access to the healthcare system with
a more fragmented care. This could undermine the ability of ML-
CDSS to make adequate predictions for patients from vulnerable
populations and lead to a potential increase in healthcare in-
equalities [84,85].

The unequal spreading of ML-CDSS across healthcare settings
reflects the unequal availability of high-quality and large clinical
databases. This is why a special effort should be made to target the
development of such databases in underfunded settings such as
primary care or LMICs and to include data from diverse settings and
populations in training and validation datasets. Global open access
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to these databases should be a requirement for future funding in
order to increase the opportunities for ML-CDSS development
everywhere in the world. Moreover, we have not found any study
focusing on fungal or parasitic diseases in this review. These areas
may represent interesting opportunities for developing CDSS using
machine learning for diagnosis, prediction of resistance or choice of
antifungal or antiparasitic therapy. The analysis of the outputs of
ML-CDSS at the population level should also be encouraged as it
may be useful for public health and research institutes to regularly
monitor trends in diagnosis and prescribing and correct potential
biases.

If these constraints and potential issues are considered, ML-
CDSS appear as credible options for supporting infection manage-
ment in countries where ID specialists and antimicrobial teams
may not be readily available [86].

Choice of patient variables

In the present review, many ML-CDSS did not include some
clinically relevant data. Medical history analysed in ML-CDSS was
often limited to the presence of two or three predefined diseases
(kidney failure, cirrhosis, etc.) [56,87]. No ML-CDSS for the diag-
nosis of infection considered patients exposed to infected in-
dividuals or high-risk environment (e.g. travel history). We did not
find any ML-CDSS predicting sepsis and taking into account the
results from blood cultures or from any other microbiology sample.
Among the 60 ML-CDSS, chest X-Ray was the only medical imaging
analysed [46,48,72]. No ML-CDSS to predict antibiotic resistance or
to select an antibiotic regimen included data from local antibiotic
resistance rates. Paradoxically, ML-CDSS often use less data than a
human clinician would do. In some articles, the authors analysed
the performance of ML-CDSS when using a reduced set of variables
and they found that the sensitivity and specificity of ML-CDSS were
systematically better when they used a larger panel of variables
[60,87,48]. especially when adding unstructured data [59,36].
Ensuring integration of physical examination or detailed medical
history in these systems is of critical importance. Progress in Nat-
ural Language Processing (NLP, i.e. the ability of computers to
analyse human language) may help the integration of free medical

No automation

Partial automation

text in future decision systems [88]. Nonetheless, the development
of ML-CDSS using minimal variables may be of interest when data
are not available across some areas or in resource limited settings. A
particular attention should be paid to which variables are used by
the ML-CDSS to predict their outcome: e.g. we found a ML-CDSS
that used the prescription of antibiotics in ICU to predict sepsis
[35], which could provide good performance but seems clinically
irrelevant.

ML-CDSS are constrained by the quality and availability of the
clinical data used for their development and validation. To ensure
that future ML tools are useful for clinicians, efforts should be made
to provide comprehensive databases that include relevant clinical
data.

Evaluation and use of ML-CDSS

The evaluation of ML-CDSS in clinical ID is still lacking with 57
ML-CDSS (95%) reporting measures of performance such as sensi-
tivity and specificity and only three (5%) evaluated in clinical
practice. The validation of the performance in the original database
should preferably be done in a prospective database collected for
validation purpose in another location. Then, pilot studies testing
the usability and usefulness of ML-CDSS in clinical settings should
be conducted, followed by clinical trials, preferably randomized,
evaluating patients' outcomes, process improvement or cost-
effectiveness.

Special attention should be paid to the integration and
implementation of systems into clinical practice, and their adop-
tion and utilization by clinicians [89]. Co-design including clini-
cians, pharmacists engineers, data managers and service users
may be key for success and may allow to study the interaction
between CDSS and healthcare professionals [90]. The place of ML-
CDSS in the workflow of clinicians has to be considered as
different clinical tasks are likely to require different degrees of
human involvement (Fig. 3) [10]. Data should be easily entered
into the CDSS, ideally by automatic extraction from the EHR, and
daily refreshed with new patient information. The CDSS need to fit
into the complex medical decision-making pathway and support
clinicians at different stages sometimes by presenting different

Full automation

Clinicians question
1 2

Automated suggestions

The machine answers The machine monitors the

Clinicians analyse the data
and the suggestions then
take decisions

Automated decisions

The machine m

clinicians’ queries patient and suggests 5
diagnosis / therapeutic the patient and
decisions therapeutic deci

Clinicians validate
the decisions

Fig. 3. Interaction between clinicians and machine-learning systems according to automation level.
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aspects of data [91]. According to the numerous limits that we
found concerning ML-CDSS in ID, the replacement of physicians
by ML tools seems highly unlikely. Al is best suited to augmenting
human intelligence, bringing big-data into focus to support hu-
man decision-making and developers should aim to emphasize
the synergy and interaction between physicians and algorithms
instead of reporting less interesting clinical-versus-algorithm
comparison [8,92,93] Clinicians’ expectations are that ML-CDSS
will relieve them of repetitive tasks that need to be performed
without errors and allow them to focus on tasks that require
human skills: analysis of the broader context, abstraction capa-
bility but also exercising empathy and building relationships.
However, we have not found any in-depth describing of the
interaction of physicians with ML-CDSS in real-world settings.
Implementation research may help to take into account the global
context in which ML-CDSS are used [7].

Unexpected consequences of the use of ML also have to be
included in the research agenda. Consequences commonly cited are
the risk of ‘deskilling’ clinicians who use ML-CDSS routinely, the
risk of a blind obedience to the CDSS or the risk of decreased
interaction between the clinician and the patient. Studies have
shown that the development of the electronic health record (EHR)
shifted clinicians' time from the patient to the computer and ML
systems may represent an additional risk to do so [94,95]. By
definition, unexpected consequences cannot be fully anticipated
and research on ML-CDSS in real-world settings should aim to
collect information on consequences both at the clinician and pa-
tient -levels.

Table 3
Necessary requirements for clinical decision support systems using machine learning

Perspectives

In Table 3 we summarize some essential criteria for future ML-
CDSS adapted for clinicians' use. Clinicians must know when and
why errors by ML in clinical-decision predictions might occur and
when they cannot rely on an automated system whose intrinsic
mechanisms they do not understand (the so-called ‘black box’) [8].
Visualization tools highlighting the variable or combination of
variables that determined the output ought to be available for the
prescriber and are an important parameter in future ML-CDSS
[28,96]. ML-CDSS should also detail the trade-off that they apply
between risk-taking and caution and show the confidence interval
of their decisions and suggestions [9]. The impact of under- and
overdiagnosis or treatment is not the same when considering up-
per respiratory tract infection or sepsis therapy. Besides system
improvement, we need to encourage and fund the education of
clinicians about Al and ML in order to develop an Al-literate
workforce in healthcare worldwide.

In addition, global challenges for the development of artificial
intelligence and ML for clinical decisions are to be considered.
Table 4 describes the main challenges for ML-CDSS that have been
identified in the literature. For example, controls have to ensure
that ML-CDSS are registered on public databases, thoroughly
evaluated independently of economic interest and validated using
standardized frameworks. The privacy protection of data [97], cost-
effectiveness research at the organizational and global level [89,98],
and ethics discussion about accountability and liability when using
ML-CDSS are other potential challenges to deal with.

A clinically meaningful decision should be targeted, for example the diagnosis of a bacterial infection requiring antibiotics or the
The use of machine learning instead of expert systems should be justified, for example by the analysis of big data that could not

ML-CDSS should not only be developed for secondary or tertiary care but should also target such primary care prescribers as GPs

The ML-CDSS should offer a good performance in diverse settings including low- and middle-income countries

The ML-CDSS should be performant for different populations of patients like patients with diabetes, chronic kidney disease,

If some comorbidities prevent the use of the ML-CDSS, it should be clearly stated and explained

Different practitioners may not need the same tools even for the same decision. For example, surgeons do not have the same

need for ML-CDSS addressing antimicrobial management as antimicrobial stewardship specialists or nurse prescribers in

ML-CDSS should be able to analyse data from different sources such as structured clinical data, vitals, laboratory data,

A way to present uncertainty should be found by the developers: e.g. it could give a confidence interval for the diagnosis of
bacterial infection or a number of suggestions for antimicrobial therapy with associated probabilities of success according to its

ML-CDSS should display what parameters were the most important for the suggested diagnosis or therapeutic decision

Clinicians should be able to take out a specific clinical or laboratory element that they do not think reliable and thus have access
to modified suggestions. They should also be able to add or emphasize elements that they find particularly important or reliable.
Clinicians need ML-CDSS that can keep track of patients and for whom the data can be updated to modify the suggestions of the

ML-CDSS should display very clearly what parameters have been used or not, e.g. medical history, medical imaging, etc. and

The ML-CDSS should ideally be integrated in the EHR used by the prescriber. A special attention should be paid to the

Target Type of decision
choice of an antibiotic regimen
Justification of ML
be captured by expert systems.
settings
or nurse prescribers
Patients
cirrhosis, etc.
Users
primary care
Data Comprehensiveness
therapeutic history but also unstructured clinical data (e.g. free medical text, medical imaging)
Availability ML-CDSS should not require data that are not available for most patients
Extraction ML-CDSS should be able to automatically extract data from the electronic health record (EHR)
Decision Uncertainty
calculation
Clarity
Flexibility
Memory
system
Limits
other potential limits of its decision
Interface Integration
interoperability of ML-CDSS across different EHR systems
Speed

User-friendly
Standardization

The ML-CDSS should be quick to use, should automatically extract pertinent data from the EHR and give its output immediately
Clinicians should be able to use ML-CDSS without specific training

As multiple ML-CDSS may be available for different diseases and conditions, interfaces for ML-CDSS should be standardized to a
common format to increase usability. We should avoid having a software for every decision, e.g. diagnosis, antimicrobial
prescribing, dosing, prevention of venous thromboembolic disease, etc.

ML-CDSS, machine learning clinical decision support systems.
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Global challenges for machine learning clinical decision support systems

Challenges

Description

Potential solutions

Data quantity

Data quality

Comprehensiveness

Availability

Interoperability

Equity

Adaptability

Interpretability

Security

Validation

Confidence

Evaluation

Accountability

Cost

Privacy

Independence

Unexpected
consequences

There is a need for a huge quantity of clinical data to develop a machine
learning (ML) system, especially for unsupervised ML

ML-clinical decision support systems (CDSS) developers need to have
access to high-quality data for training and validation dataset, especially
for supervised ML

ML-CDSS must be able to analyse data from different sources such as
structured clinical data, vitals, laboratory data but also unstructured free
text (e.g. physical examination, medical history, etc.).

The data that are analysed by the system should be available for most
patients (e.g. a CDSS analysing genetic data could not be used in usual
care)

A multitude of technology platforms are involved in the generation,
collection and mobilization of health data. ML-CDSS should be able to
have good performance with different platforms and electronic health
record systems.

Most ML-CDSS are data-driven. As patients with low socioeconomic
status usually have a limited access to healthcare, less data from these
patients are available and ML systems could create new inequalities or
increase health disparities. Patients with comorbidities should also be
included in ML-CDSS.

ML-CDSS should be usable in different clinical settings including
primary, secondary and tertiary care. A special attention should be paid
to low- and middle-income countries that should not be left out by
progress in the development of Al

Clinicians should be able to understand the output of ML-CDSS and their
determinants for an intelligent use and interpretation

Alternatives should be developed to make sure that healthcare systems
could function normally in case of an electronic problem. ML-CDSS
should also be protected against hacking and other ill-willed practices
ML-CDSS should be validated by an independent organization. Both the
risk of under-regulation and over-regulation should be considered

ML-CDSS developers should pay special attention to the confidence of
clinicians and patients in artificial intelligence. Limited confidence or
fear of the users would limit the use of ML and blind confidence also
called automation bias could be dangerous

Evidence of the utility and benefits of ML-CDSS should not be limited to
analysis of performance (e.g. ROC curves) but should consider clinical
outcomes. Ideally, ML-CDSS should be evaluated in real-world settings
from pilot study to clinical impact in real-world settings

The accountability of each actor (clinicians, ML-CDSS developers,
certification organisms) should be defined beforehand

Cost of ML-CDSS including development, data processing,
implementation and impact on healthcare should be systematically
studied, at the organizational and global level

ML-CDSS should respect the privacy of health data and ensure proper
consent and patient governance in data collection

Regulation agencies should make sure that ML-CDSS are independent
from drug and diagnostic test companies and do not favour any
treatments or tests for economic purposes

ML-CDSS have the potential to deeply modify health systems and
unexpected consequences should be systematically considered and
studied

Sharable/open-source database such as MIMIC-III, a freely accessible
critical care database that has helped to develop many ML-CDSS for
sepsis in intensive care units

Electronic health record data standardization

Pre-processing of data should be detailed in the description of ML-
CCDSS

Developers should try to include all the sources of data that are used by
clinicians to take clinical decision

Clinicians should be included during development to make sure that
unstructured data are not left out in ML-CDSS (co-design)
Importance of co-design with users, physicians, other prescribers and
clinical managers to know what data is available for patients
Possibility of adapting the ML-CDSS to different settings in which
available data could be different

Initiatives as FHIR (Fast Healthcare Interoperability Resources) that
standardize healthcare data to common format

Developing ML-CDSS with training and validation datasets from
socioeconomically diverse health care systems

Ensuring that patients with comorbidities (e.g. chronic kidney disease,
cirrhosis) are included in the training dataset

Ensuring that social determinants of health are being considered in the
support system

Test ML-CDSS for potential discriminatory behaviour

Diverse datasets coming from different countries

Specificities of LMICs should be considered early in the development of
ML-CDSS

Availability of antimicrobials in every healthcare setting should be
considered

Education of an Al-literate clinician workforce (e.g. training in
informatics and data science by the National Library of Medicine)
Highlighting the variable or combination of variables that determined
the output (e.g. ‘saliency map’)

Reporting of confidence level in the prediction

Systematic debugging

Security software

Anticipation and preparedness

Quality standards, precertification and certification

Such regulatory framework as the Software as Medical Device (SaMD)
framework developed by the International Medical Device Regulators
Forum (IMDRF) working group chaired by the Food and Drug
Administration (FDA)

Behavioural science, sociological and anthropological research on
artificial intelligence in medicine

Training and education of clinicians about the benefits and limits of
artificial intelligence and machine learning

Studies on the interaction between machines and specifically human
skills

Co-design between engineers and clinicians

Studies should not limit their outcomes to the evaluation of
performance but should include clinical and microbiological outcomes
Randomized controlled trial should try to determine the improvement
of medical decision with the addition of ML-CDSS instead of comparing
support systems with human clinicians

Research and forums on the accountability of Al and ML systems
Inspiration from the work that has been done in other fields as
driverless cars

Cost-effectiveness analysis and research

Global regulation as the European Union General Data Protection
Regulation or United States Health Insurance Portability and
Accountability Act

Use of anonymized or pseudonymized data

Privacy audits

Regulatory frameworks should consider the need for independence
Public funding for the development of Al and ML in healthcare

Systematic research on the limits of the ML-CDSS

Studying potentially unexpected consequences on clinicians like
‘deskilling’ (loss of clinicians' skill due to the repeated use of ML-CDSS)
or burn-out
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Challenges Description

Potential solutions

Implementation
early as possible in the development

Sustainability
data or regulation

The implementation of ML-CDSS should be thought of and organized as ML-CDSS developing teams should include specialists from

implementation science

Evaluation should include research on implementation, adoption, use
and sustainability

Specific task force committees to deal with Al implementation issues
may be useful for developing a common vision at a specialty-wide level

ML-CDSS should be sustainable and updated according to new research, Specific and sustainable funding should be given to developers and

adopters of ML-CDSS

Conclusion

Current ML tools cover a range of clinical outcomes such as the
prediction of sepsis in ICUs, the diagnosis of TB or SSI, the predic-
tion of virological success of cART or the selection of an antibiotic
regimen. However, 57 ML-CDSS out of 60 only reported perfor-
mance measures such as sensitivity or specificity and evidence is
lacking regarding their use and impact in real-life clinical settings.
Moreover, current ML-CDSS mainly use patient data from HICs,
relying on large available open-access datasets and generally
analyse a limited number of structured patient variables. Future
ML-CDSS in ID should be developed in diverse health settings,
including primary care and LMICs that are currently underrepre-
sented, and be embedded in a structured process of integration into
clinical settings. Future studies should aim to report clinical out-
comes following sustainable use in routine clinical care.
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VIII. Discussion and perspectives

1. Discussion of principal results

In this thesis, two decision support tools for antimicrobial prescribing, one electronic decision

support system and one leaflet were evaluated for implementation in specific health contexts.

First, we evaluated the interest of an electronic-based clinical decision support system for
antimicrobial prescribing in West Africa. More specifically, we conducted a pre-
implementation study in order to find the best pathway to adapt Antibioclic, an existing CDSS,
to the local context of care. The study confirmed the relevance of a CDSS at primary care level,
tailored to the local epidemiology of infectious diseases, available with a smartphone and
including an offline mode. Co-design of the CDSS with diverse stakeholders was cited as one
of the key strategies to ensure a sustainable adoption of the CDSS. Developing a CDSS
dedicated to primary healthcare would require complementary advanced training modules in
clinical diagnosis and antibiotic therapy. Participants also pointed out that the CDSS must
include medicines that are available in the given country and the healthcare setting to reduce

the risk of dropout.

A study reported that mobile health was more accepted and better adapted to existing
infrastructure and local context due to the rising number of mobile subscriptions in Africa.(143)
Similar initiatives regarding CDSS are ongoing: a protocol for the large-scale implementation
of an electronic tool for the integrated management of childhood illnesses in Burkina Faso has
been published but the results of this study are not yet available.(144) Pre-implementation
studies and holistic evaluation to assess e-health readiness in LMICs are lacking and contribute
to the limited uptake of effective clinical innovations.(145,146) Contextual factors are often
underestimated in the implementation process and needs to be identified to optimise successful
uptake. A recent multi-pronged evaluation carried out in Burkina Faso identified contextual
factors that may have been underestimated thus limiting the implementation of CDSS.(144) A
recent review focusing on behavioural interventions showed that multi-faceted interventions
were more effective than educational interventions alone to improve antibiotic
prescribing.(147) Multi-faceted interventions including bundle intervention, regulation
enforcement, face-to-face education and peer influence have the potential to address

behavioural factors cited by the participants. Another study identified partnerships with Health
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Ministry, health managers, Non-governmental organizations and social entrepreneurs as being
contributing factors to the upscaling of innovative digital tools.(148) Multi-sectoral
coordination associated with incentives for stakeholders could also be a mean to enhance

regulatory enforcement for antibiotic prescription.(149,150)

Second, we implemented a paper leaflet to help pharmacists guide and inform patients with
UTIs. Analysis of the qualitative interviews showed that the pharmacists interviewed were
willing to improve the management of infections and the proper use of antibiotics and that a
leaflet could help them in this task. Several barriers to the use of the leaflets were raised by
pharmacists such as the lack of access to medical diagnoses, the limited relations with GPs, or
the lack of time and lack of specialised knowledge. We note that these barriers go beyond the
individual characteristics of pharmacists and concern the overall organization of pharmacies
and more generally of the primary care system. Regarding the relationship between pharmacists
and GPs, we note that they could be described as a barrier as well as a facilitator when a

framework for collaboration existed between professionals.

The barriers and facilitators identified in the interviews were similar to those found in
qualitative surveys in the UK.(56) These two surveys also identified as barriers the inability to
conduct clinical examinations in pharmacies, the lack of human resources and a language
barrier between pharmacists and patients. Another limitation to the implementation of
antimicrobial stewardship interventions in pharmacies, which was identified by the study by
Jones et al. is the lack of understanding of the concept of antibiotic resistance by users and in
particular of the link between the consumption of antibiotics and the development of antibiotic
resistance.(56) Moreover, in the systematic review by Saha et al. on the knowledge, perceptions
and practices of pharmacists regarding antimicrobial stewardship,(151), the authors found a
favourable opinion of pharmacists on antimicrobial stewardship interventions in most of the
studies. However, two studies included in this review found that this opinion varied according
to the professional experiences and the qualifications of the pharmacists questioned and that the
most qualified and experienced pharmacists were more favourable to interventions resulting in
an optimal use of antibiotics in pharmacies. In addition, this review estimated the verification
of compliance with antibiotic prescriptions usual for only 30% of pharmacists. Financial
incentives and remuneration of pharmacists for antimicrobial stewardship activities were
considered as an important lever for the implementation of this type of activities in

pharmacies.(55) In the study conducted in the UK and in the follow-up work in France
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(submitted for publication) pharmacists identified CDSS as an interesting implementation

strategy to promote AMS in the community pharmacies.

Thirdly, we conducted a narrative review of the literature to provide an overview of the
development of ML-CDSS in infectious diseases. As we have found, the development of
clinical tools based on machine learning is still very largely limited to proof of concept. To date,
we do not know of a tool using machine learning that is regularly used by infectious disease
clinicians.(152) However, recent articles describe tools whose use could be close: Yelin et al
have, for example, used data from over 700,000 community urinary tract infection episodes and
over 5,000,000 antibiotic purchase records to develop an algorithm to analyse data from a
patient with urinary tract infection, predict the likelihood of resistance to major antibiotics and
advise appropriate antibiotic therapy. This algorithm could reduce inappropriate prescriptions
of antibiotics by about 30%.(153) The development of CDSS based on machine learning will
be more difficult in primary care where large patient databases available are scarce. The same
observation is made for LMICs where the extraction and collection of data is difficult due to
the frequent lack of a computerized medical file management system. The risk of these
difficulties in accessing innovative tools is a potential increase in health inequalities.(154,155)
However, if these potential limitations are taken into account, these new CDSS could appear as
credible options for the management of infections in countries with few infectious disease

specialists.(156)

These studies led us to common lessons applied to decision support systems for antimicrobial
prescribing. First, tailoring CDSS to the context of care was considered paramount to the
success of implementation. The use of a qualitative methodology and semi-structured
interviews made it possible to define the needs and limits of the use of such tools directly with
potential users. In West Africa, primary care prescribers face major challenges such as self-
medication, limited availability of antibiotics and lack of national guidelines. In pharmacies,
the absence of access to patients’ medical record and to diagnosis, and the limits to
antimicrobial prescribing are to be considered. In both contexts the lack of time and trained
staff are barriers to the improvement of antimicrobial prescribing. These pre-implementation or
early implementation studies in both cases allowed significant adaptations of the CDSS
suggested by clinicians. Second, CDSS were seen by participants in both studies as ways to
involve various prescribers in antimicrobial stewardship. Pharmacists are already involved in

antimicrobial prescribing using local prescription protocols such as PGD. Patient facing leaflets
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as well as more personalised decision support tools were considered useful to extend this
activity by community pharmacists in the UK as well as in another study in France (work
submitted for publication). In West Africa, the development and implementation of CDSS could
encourage the development and updating of national recommendations in antibiotic therapy,
increase the knowledge of practitioners about antibiotic therapy or facilitate the development
of surveillance capacities for infectious diseases in primary care. Finally, future work aimed at
preparing the implementation of CDSS for antibiotic prescription should make it possible to
think about new types of user interface or to target new components of medical consultation

such as patient information.

2. Perspectives

Figure 3 replaces some of the perspectives that stemmed from the thesis on a simplified diagram

representing some of the main steps for a CDSS for antimicrobial prescribing.
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Figure 3. Perspectives following the thesis placed on a diagram representing some of the

necessary steps for a CDSS for antimicrobial prescribing

ML: Machine Learning; CDSS; Clinical Decision Support System; MoH: Ministry of Health

a. Determinants of the adoption of a decision support system for
antimicrobial prescribing

Another part of the pre-implementation work that we are conducting concerns the precise
analysis of the determinants of the success of a CDSS. Indeed, certain specific characteristics

of CDSS seem important for its sustained adoption. Studies have assessed the acceptance of IT
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systems or CDSS in the hospital setting (157) but few have been conducted with GPs regarding
AMS. Indeed, the characteristics and usefulness of decision support tools may be perceived
differently according to professional groups and even to medical specialties and regarding

CDSS, one size certainly does not fit all.(158)

In order to specify these characteristics with regard to antimicrobial prescribing in primary care,
we carried out work including individual interviews with general practitioners. We interviewed
25 French GPs who regularly use Antibioclic about their use of this tool. The participants were
recruited via the Antibioclic mailing list or in the course of a university degree in antimicrobial
prescribing in primary care taking place at the University of Paris. The interviews were
recorded, transcribed by a professional company and coded using NVivo 12. The data were
then analysed using an inductive thematic analysis method and the analytical framework
benefited from triangulation during a workshop including an individual questionnaire and round

table with 9 other GPs.

Antibioclic was the most widely used CDSS across all medical disciplines for all the GPs
interviewed. Although the precise analysis of this work is still ongoing, we have already
identified a number of characteristics which seem to account for the success of Antibioclic. We
have identified 7 key themes that explained the sustainable adoption of the CDSS: ergonomics,
confidence, routinization, convenience, improvement of practices, contextualized learning and
absence of negative consequences. GPs stressed the importance of co-design between users,
primary care prescribers, and Information Technology (IT) developers for the creation of a
CDSS. They also discussed the gap that sometimes exists between recommendations and daily
clinical practice, the role a CDSS plays in continuing medical education, and the ongoing
evolution of the doctor-patient relationship. Other initiatives have confirmed the potential
training role of CDSS for antimicrobial prescribing, using AntibioHelp® a decision support
system displaying both the recommended antibiotics and their justifications in the form of

antibiotic properties.(159,160)

The existence of unexpected consequences associated with the use of a CDSS was discussed
during the interviews. The majority of users seemed to rule out the various risks mentioned a
priori, namely the unlearning of doctors, the loss of patient confidence or the replacement of
referring infectious disease specialists. On the contrary, the interview physicians noted an

important role of the CDSS for contextualized learning and updating knowledge during the

&9



medical consultation. GPs considered that using Antibioclic saved time. These results confirm
those of other qualitative studies which have looked at the use of CDSS on a regular basis and
which did not find a negative impact on consultation time or deterioration of the relationship
with the patient.(44,161) In addition, GPs stated that Antibioclic did not replace referring
infectious disease specialists since it is mainly used for situations of simple to intermediate
complexity for which an opinion would not have been requested. Complex infectious disease
situations were the subject of a call to a referring infectious disease specialist or to a hospital

department.

This study provided information on the determinants of long-term adoption of a CDSS for
prescribing antibiotics in primary care. These elements complement those identified during the
pre-implementation work in West Africa and reinforce the importance of co-design for the
establishment of a CDSS. In addition, the themes that we have identified may be generalisable

and could concern a wide range of CDSS.

b. Development and implementation of Antibioclic Afrique

Faced with the emergence of the COVID-19 pandemic and based on the pre-implementation
work carried out, we co-designed with professionals in West Africa a CDSS to guide the
management of COVID-19: Antibioclic Afrique. The objectives of Antibioclic Afrique were
first to improve the management of COVID-19 patients and the prevention of SARS-CoV-2

transmission.

The ongoing project is divided into several stages : (i) development of an electronic tool to
support the clinical management of patients based on the architecture of Antibioclic (ii)
adaptation to the West African context in 5 different countries taking into account the data
obtained in the pre-implementation study (162) (iii) implementation of the CDSS guided by the
use of theoretical frameworks and implementation strategies in order to optimize the chances
of success (iv) dissemination of the tool by relying on networks of project leaders, on the
African Society of Infectious Diseases (SAPI) and on local research and health structures (v)

monitoring and updating the tool so that it provides accurate clinical decision support.

This project was funded by the ANRS MIE (France Recherche Nord & Sud Sida-VIH Hépatites

Emerging Infectious Diseases) and by a grant from the French Infectious Diseases Society
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(SPILF). Preparatory meetings have been taking place since May 2020 with health
professionals from West Africa via the network mobilised by the AphroCoV initiative.
AphroCoV is an initiative piloted by the French National Institute for Health Research (Inserm),
which aimed to improve health monitoring and the management of COVID-19 cases in 5
African countries: Burkina-Faso, Ivory Coast, Gabon, Mali, Senegal (Figure 4).

The Antibioclic Afrique Network
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Figure 4. The network of the Antibioclic Afrique project (ANRS COV 003)

Antibioclic Afrique was co-developed by clinicians from the University Hospitals of
Treichville (Cote d'Ivoire), Owendo (Gabon), Yalgado Ouedraogo, Bobo Dioulasso (Burkina
Faso), Fann (Senegal) and Point G Hospital (Mali), and in partnership with the African Society
of Infectious Diseases (SAPI), ANRS MIE, the AphroCoV network and the ANRS site in Ivory
Coast. The regular steering committee meetings enabled consultative decision-making and
adaptation to contextual factors for the 5 partner countries. The recommendations originated
from national clinical practice guidelines from the partner countries and were transformed into

decision trees in Antibioclic Afrique.

The Antibioclic Afrique CDSS is available as a website at the following address:

https://antibioclic-afrique.com, it 1is also available on i0Os on the Apple Store:

https://apps.apple.com/Ir/app/antibioclic-afrique/id1575563381) and on Google Play Store
(Android):
https://play.google.com/store/apps/details?id=com.antibioclic.afrique2&hl=en_US&gl=US).

(Figure 5). These applications can be used without an internet connection (offline mode) in

91



order to respond to connection difficulties in West Africa. Research work is underway involving
a qualitative and quantitative assessment of the use of the CDSS and measurements of
implementation markers as defined by Proctor ef al. These implementation outcomes include
acceptability, adaptation to the context and relevance, adoption, cost, feasibility, fidelity,

penetration and sustainability of the tool.(163)

Antibioclic Afrique
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Figure 5. Website and smartphone versions of the free Antibioclic Afrique clinical decision

support system

Work in progress conducted as part of the project with 21 healthcare professionals in West

Africa using a multi-sectoral approach allowed the identification of wider political, social and
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economic influences that facilitate or threatens or the implementation of the CDSS. Participants
specialised in project engineering and e-health tools shared their best practices and the pitfalls
in order to be able to the design and implement a CDSS. Other participants shared their global
vision of the governance landscape in electronic health and AMR. Regarding the identification
of implementation strategies, most of the participants stressed the importance of building a solid
ecosystem involving diverse stakeholders from different backgrounds (hospital directors,
policymakers, associations of health professionals, national clinical referees for epidemic
management). Participants approved of implementation strategies such as promoting network

weaving, creating a learning collaborative and identifying early adopters of the CDSS.

The medium and long-term objective is to extend the CDSS for COVID-19 that is already
developed and used by clinicians in West Africa, to include recommendations for the
management of bacterial, viral and parasitic infections. This would allow us to achieve one of
the objectives of the first study of this thesis. Validations studies would then be conducted to
evaluate the impact of Antibioclic Afrique. Protocols have been proposed to evaluate CDSS for
AMS, such as a study protocol describing a stepped-wedge cluster randomised trial to evaluate
the impact of a smartphone application for antimicrobial stewardship on the appropriateness of

empiric antimicrobial prescribing.(164)

c. Development of a machine learning decision support system for the
management of infections with antibiotic resistant micro-organisms

Empirical antibiotic therapy is the cornerstone of the treatment of severe bacterial infections.
Any delay in the adequacy of treatment is linked to increased mortality and morbidity,
prolonged hospital stays and higher hospital costs. The last decade has been characterized by
the spread of resistant bacteria in the community, mainly multi-drug resistant gram-negative
bacteria (MDRGNB), leading to an increase in inadequate empiric antibiotic therapy. Based on
our experience and the literature, several factors are needed for the occurrence of MDR
infections (carriage, prior antibiotic therapy and invasive procedures). Nevertheless, among
previously colonized patients, less than 10% will develop an infection, with a different risk
according to the population under study. Improving the choice of antimicrobial therapy at the
initial phase of the infection therefore requires either immediate microbiological results or

algorithms with an excellent performance to predict which patients are at high risk of infection
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by MDR bacteria. As none of the current available methods satisfies these criteria, clinicians
face increasingly difficult antibiotic choices. Consequently, early detection of patients at risk
of being infected with MDRGNB is critical, in order to (1) initiate appropriate empiric therapy
in case of suspected infection; (2) avoid overuse of broad-spectrum antimicrobials that are
associated with an increase in antibiotic selection pressure; (3) appropriately prevent the spread
of MDRGNB in the community and in hospitalized patients. Accumulated evidence, including
from our group, suggests that microbiota-based data could be leveraged to improve the
prediction of pneumonia, including those caused by MDRGNB. In addition, the identification
of microorganisms in pneumonia has been accelerated by the development of rapid multiplex

PCR and metagenomic sequencing.

Following the work on CDSS for antimicrobial prescribing and the analysis of the literature
regarding ML-CDSS, we plan to develop a machine learning decision support system that can
predict the individual risk of MDRGBN infection in a patient by combining previous medical
history including past infections and antimicrobial prescriptions, local epidemiological data,
laboratory and imaging work-up and immediately available microbiological data. This work
will require the development of new predictive algorithms, technologies to access microbiota
data and PK/PD models that will be combined into a bedside CDSS. Using existing databases
such as OUTCOMEREA led by the IAME unit and the AP-HP data warehouse (30 hospitals,
> 8 million admissions), we will develop novel algorithms aiming at identifying patients at-risk
of MDRGNB infections. These algorithms will be generated using standard modelling and deep
learning approaches taking advantage of ML high computing capabilities. Models and data
generated with clinical and microbiota data will be integrated and combined to generate a CDSS
usable by clinicians for the early detection of patients at risk of being infected with MDR
bacteria, the early adequate therapy and the prevention of resistance spread. Qualitative
interviews and workshops will be used to design a user-oriented CDSS and implementation
strategies will be guided by results from a pre-implementation study using conceptual
frameworks for implementation. In order to fill the gaps identified in the review of the literature,
clinical trials will be conducted to assess implementation outcomes and the performance of the
CDSS regarding clinical outcomes in real-life situations. Long-term adoption in clinical routine

will be the overarching objective of this project.
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Appendices

Appendix 1. How to use Antibioclic (link to video and slides)

How to use Antibioclic (video):

https://jmir.org/api/download?alt_name=jmir_v22i7e17940_app2.mov&filename=1a6
bab6734464330dab56256cf278c9d.mov

How to use Antibioclic (slides):

How to acccess Antibioclic - Web

* Type in your address bar
* https://antibioclic.com

OR

* Look for "Antibioclic" on your search engine

Antibioclic x Q

* Access the website "antibioclic.com
antibioclic.com ¥

Antibioclic : Antibiothéraphie rationnelle en soins primaires
Antibiotherapie pratique en soins primaires - Département de Médecine Générale, Université
Paris DIDEROT-Paris 7.
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How to acccess Antibioclic —iOs via Apple Store

Download

Informations

Q. Antibioclic & Annul

Distributeur

Taille

{,:r} Antibioclic

ANTISIOCUC v Jir Y o W

OBTENIR

Categorie

Compatibilite

Langues

[ Antibioclic

¥ ) ¢ ANTIBIOCLIC
Les amis d'Antibioclic ~allaoliss ) M
6,3 Mo 5,0 % ok N®127 4+
Médecine )
Nouveautés Historique
iPhone
mise 3 jour du contenu de I'application
Frangais
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o)
© roowmiomes P

[, Y e

[ Application (iOs and Android) is fully available offline (everything
downloaded at installation) but needs internet to be updated

)

< antibioclic

(=

/ " Antibioclic
\!E‘} Les Amis d'Antibioclic
Play Store ANTROCLC 47 %
v Antibioclic
— Les Amis d'Antibioclic
47% 10 k ou plus 3]
107 av Téléchargements PEGI3

l
|

QOo@®0000Q®

A propos de l'appli

Un outil indépendant d'antibiothéraoie. pour un bon usage des antibiotiaues

How to acccess
Antibioclic — Android
via Google Store

Installer

Download
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How to use Antibioclic
ANTIBIOCLIC &

Antibiothérapie rationnelle en soins primaires

Deenidre M) : 14/11/2019

SECONNECTER | S'INSCRIRE

+ Antil acrééun DU érapie en Soins Primaires (DUASP, Paris 18¢) pour aller + loin : cliquer pour en savoir + +

RECHERCHE ANTIBIOTIQUE

Domaine anatomique

Pathologie

Vaginite ou vaginose - 14 novembee 2019

Modifications récentes .;&
W ~

En préambule

ANTIBIOCLIC est un outil indépendant d'aide  la décision
thérapeutique en antibiothérapie, pour un bon usage des

Pyélonéphrite aigué - 14 novembre 2019 B antibiotiques.
L
Prisumopathie aigué communautaire - 14 Ce site est 3 usage des professionnels de santé.
povembre 2019
Son contenu suit les d
vigueur.
Le contenu du pasal, éde
prescription du médecin

List of all the guidelines

Names of the committee
that are used

and DOI forms

Last updating

Dermidre ML) 147112019

SECONNECTER | SINSCRIRE

Log in: not
required for use

+ 2 créé un DU d'Antibiothé (DUASP, Paris 15¢) pour aller + loin : cliquer pour en savoir + +

CHERCHER ,' ‘ ~ Anatomical site:
. first step to access
antibiotic
recommendation

Modifications récentes En préambule

ANTIBIOCLIC e5t un outll indépendant d'aide 3 1 décision
thérapeutique en antibiothérapie, pour un bon usage des
antibiotiques.

vagina 4 nowemibey 2019

Pyiiondph 06 - 14 novemter 2019

Prisumopathie algué communautaine - 1

Cesite e5t b usage des professionnels de santé
novembve 2018

Recently
updated
guidelines

Son contenu suit les d
vigueur

Description of
the CDSS and
aims

Le conteny du site ne se substitue pas 3 la responsabilité de
prescription du médecin.
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ANTIBIOCLIC®y SR / First, healthcare

SE CONNECTER | S'INSCRIRE S
Antibiothérapie rationnelle en soins primaires professionnals have to

choose the anatomical site
ACTUALITE A PROPOS CONTACT

+ ic a créé un DU d'Antil érapie en Soins Primaires (DUASP, Paris 18¢) pour aller + loin : cliquer pour en savoir + + . Genital tract
. ¢ Urinary tract
RECHERCHE ANTIBIOTIQUE { " * Mouth and teeth
R .‘ Domaine anatomique : « Skin

* Prophylaxis

* Digestive tract

* Lower respiratory tract
* Upper respiratory tract

\ and ENT J

ANTIBIOCLIC {»} Demiére M3J : 14/11/2019

SE CONNECTER | S'INSCRIRE
Antibiothéraple rationnelle en soins primaires

For this example we
RECHERCHE SOURCES ACTUALITE APROPOS CONTACT chose lower

respiratory tract

acrééunDu d

ie en Soins Pri {DUASP, Paris 18e) pour aller + loin : cliquer pour en savg

The second step is to\

RECHERCHE ANTIBIOTIQUE 2 >
choose the infection

Domaine anatomique

Voies aériennes inférieures et poumons $

« Bronchiolitis

* Bronchitis

* Pertussis

— « Chronic Obstructive
Pulmonary Disease
exacerbation

* Community-acquired
pneumonia
Tuberculosis (latent and

RECHERCHE ANTIBIOTIQUE

.
prophylaxis)
Domaine anatomique

o~ "
Pathologie We chose community-
acquired pneumonia
and then click on
CHERCHER
"Search"
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Pneumopathie aigué communautaire
/The website displays a number of clinical\

® Les gormes en cause le plus fréquemment 5010t : pReumocoque (Streptococcus prowmoniv)
bactéries dites atypiques (notammant : Mycoplasma preumonioe, Chlamydia pneumoniae,

Lagianelia preumophilo), reminders that are adapted to each

Lo diagnostic repose sur la clinique ot sur la radiologle (Indispensable). infectiol‘l

Critéres d'hospitalisation
¢ atération des fonctions suprieutes ou hémodynamique instable o In this case, it displays:

tompérature < 35°C ou » 40°C ou ndoplasie assockte ou pneumonie d'inhalation ou obstacle

trachdo-bronchique * Most frequent micro-organisms
o Situations particulidres : pneumonie compliquée (abeddation ou épanchemant pleural) ou * The need to prescribe a chest X.Ray
précarité ou risque d'inebservance ou lsalement

o Spécfictés pédintriques : Bge <6 mois ou difficultds d'alimentation ou sggravatian rapide * Hospitalization criteria
Facteurs Qe sisque ds mortalite * Risk factors for increased mortality

o Ago>65ans
o (nsuffisance cardiaque congestive /
aladie cérébro-vasculaire (antécédents d’AVC)

o Insuffisance rénale chronique

o Signes de

* Hépatopathie chronique

. UPCO

. pression (traitement ssour dont corticothérapie par voke générale ou

% 6 mols, splénectomie, SIDA, cachexde ..}

chimiothérapie dan
* Drépanocytose homozygote
 Antécédent de pneumonie bactérienne

* Hospitalisation dans I'année

® Vieen Institution

The third step is to choose
between adult and child
(when adapted)

Choisissez le groupe d'age.

Adulte

Enfant

Choisissez le groupe d'age As you click and depending on your
answer, new questions appear

(informed by the clinical practice
guidelines) Depending on each answer, the new

questions are different, ensuring a

If we select adult, next question is more tailored recommendation, for example if

or less than 65-year old (risk factor) we select child, you have to select

between more and less than 3 years,

then chronic kidney failure or not

© Adulte

Enfant

Précisez l'age

Adulte de 65 ans ou moing

© Adulte de plus de 65ans

Combien de facteur(s) de risque de mortalité présente votre

}
Choi:

le groupe d'age

© Acun facteve e isqun en plus de g If > 65 year-old: presence or
A noios un facteur de risque {en plus de Pigel absence of other risk factors o Enfant
than age

S'agit-il d'une pneumonie post-grippale ?

o If no, they ask if this is a post-influenza PO
od pneumonia (important for management &3 s oupis
recommendation according to guidelines

Si bes:
éventuelles auxquelles

- At the end, existence of chronic kidney
Insuffisance rénale failure is always asked B Insuffisance rénale

Then, click "Next"

oin, choisissez la ou les situations particuliéres
15 étes confronté

ou les situations pﬂ!!l(lklilf:[w?s
vous étes confronté
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[After clicking next, the tailored recommendation for your patient is displayed ]

RECHERCHE SOURCES ACTUALITE

(" General management

recommendation: Traitement conseillé
antibiotic therapy, clinical o atiiste ambulatoire pendant 7 310 ours (sekon e tratement
reassessment after 48 .
\_ hours, etc. M. o o ——

First choice antibiotic with | + aoxciumeacoe covuiamque po -1 350 pendant 7 jours
dose and duration

N CAS D'E \ 48-72

© CEFTRIAXONE IV/IM (3.

ou LEVOFLOXACINE PO
/'. ou MOXIFLOXACINE PO - 400

('Second choice if aIIergy\
or any contra-
indication or clinical
kfailure after 48 hours )

13 LEVOFLOXAC

doit La faire préserve

é Rationale for the )
choice and advice
(preserving
quinolones, risk of
resistance, etc.

N J .

A PROPOS CONTACT

3 la MCXIFLOXACINE

/ Summary of the

clinical situation
VOTRE SITUATION selected
pimpattoRe s «  Community-
Groupe d'age: adule acquired
Age:>550ms “—| pneumonia
:::ummm-'(enplmuu'ip) 0 ° Adult
Cantarie prppal oy * More than 65-
Insuffisance rénale non year old
* No other risk
MISE A JOUR factor Of
el increased
mortality
* No chronic
\ kidney disease j

Last updated

Links to the guidelines
that are used

If at one point, a mistake is done, Antibioclic will point it
and ask to correct it

Traitement conseillé

® Linsuffisance rénale est un facteur de risque de mortalité.
® Utiliser la touche "retour en arriére" de votre navigateur pour corriger les données.

SOURCES

AFSSAPS. Antibiothérapie par voie géné dans les infections respiratoires basses de |'adulte et

de I'enfant. Recommandations. Octobr 05

® AFSSAPS. Antibiothérapie par voie générale dans les infections respiratoires basses de I'adulte
Mise au point. Juillet 2010.
® Adaptation des recommandations a |'aide du dictionnaire Vidal

Traitement conseillé

® Dans cette situation, | italisation estr

® La prise en charge ne relevant pas du soin primaire, ANTIBIOCLIC ne donne pas d'indication sur le
traitement antibiotique a utiliser.

le I'adulte et

ﬂn this example, always with
community-acquired pneumonia, we
selected "> 65 year-old" then "no other
risk factor for mortality than age" then
we "presence of chronic kidney failure"
: Antibioclic is highlighting that chronic
kidney failure is a risk factor for

Qnortality and to modify accordingly )

If we go back on modify it, selecting
"presence of risk factors for increased
mortality other than age", then
Antibioclic is recommending
hospitalization, as in the guidelines
(mentioned just below)
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Each infectious disease has a specific set of questions informed by
the recommendations

Exacerbation de bronchopneumopathie
chronique obstructive

L'argument clinique pour une origine bactérienne est a présence d'une expectoration purulente

If we select "COPD exacerbation”,

verditre franche des crachats. there is no question about
| o b ' — adult/child (exclusively adult

*® Toujours rechercher d'autres causes 4 I'exacerbation qu'une infection bactérienne,

disease) and the first question is the
GOLD classification using Forced
Expiratory Volume first second as
this is a major information to
recommend or not an antibiotic

\ treatment j

Critéres d'hospitalisation

« Signes cliniques de gravité : aitération des fonctions supérieures, hémodynamique instabie,
détresse respiratoire aigué.

o Stade évolué de la BPCO éraple & domicile,

raple orale g

. particuliéres és, précarite,

 Critre évolutif péjoratif : exacerbation récente avec hospitalisation, réponse insuffisante au
traltement en ambulatoire.

Indiquez l'état clinique de base de votre patient (en dehors
toute exacerbation).

Absence de dyspnée (ou VEMS 280 % = stade I}
Dyspnée d'effort inconstante (ou VEMS entre 50 et 80 % = stade I1)
Dyspnée d'effort (ou VEMS entre 30 et 50 % = stade IIl)

Dyspnée au moindre effort ou de repos (ou VEMS < 30 % = stade IV)
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Appendix 2. Antibioclic users

Number of requests per month, from 2015 to 2018

300,000 -

250,000 -

200,000

150,000

100,000 -

50,000 L .
2015 2016

Total requests 369,317 3,549,488

Number of request per day 796 [578 - 989] 11,125 [5592 — 12 505]

Unique I.P. address / day 414 [245 -394] 5365 [2891-5769]

Requests / 100 unique I.P. /day 196 [184-243] 212 [203-220] 1

Location of use in France

241 I 2 176 154
Number of requests
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Appendix 3. Questionnaire for the pre-implementation of a CDSS in West Africa

You are being invited to complete this questionnaire to give your opinion on decision
support systems for antimicrobial prescribing.

Please tick each box if you agree.

1.I confirm that | have read and understood the information given and have had |:|
the opportunity to ask questions

2.lunderstand that my participation is voluntary and that [ am free to withdraw |:|
at any time, without giving any reason, and without my legal rights being
affected

3.1 agree to take part in this study |:|

Signature:

General question

What is your gender?
Male
Female

Prefer to self-describe:

How old are you?

In which country do you work?
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In which health structure do you work? (tick all that apply)
Academic hospital
Non-academic public hospital
Private hospital
Private surgery
Dispensary

Other:

What is medical specialty?
Infectious diseases
Intensive care
Internal medicine
Clinical microbiology
Family medicine

Other:

What is your status?
Resident
Doctor
Associate professor

Professor

Do you have national guidelines for antimicrobial prescribing?
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Yes

No

If no, which guidelines do you usually use? (tick all that apply)

European

American

French

WHO

Other:

Do you have access to the following devices for professional use during consultation? (tick
all that apply)

Computer

Smartphone

Tablet

Other:

Do you use your phone for professional use during consultation?
Yes

No
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Do you use a clinical information technology system during consultation?
Yes

No

Do you use any clinical decision support systems* in your practice?

*A clinical decision support system (CDSS) is an electronic tool that can provide users with
assistance to take clinical decisions. Clinical decision support systems are sometimes
called computed-based or computer-aided diagnosis or therapy. CDSS are electronic tools
that help users in the diagnosis (e.g. suggesting list of diagnosis when you enter
symptoms), in the work-up (e.g. suggesting a list of laboratory work-up for a patient) or
in the therapy of a patient (e.g. suggesting drugs when you enter a diagnosis). Clinical
decision support systems can be electronic guidelines, an alert system included in the
electronic health record, a web-based platform or a stand-alone software.

Yes

No

If yes, which system(s)?

Do you use clinical decision support systems (CDSS) for infection management or
antimicrobial prescribing?

Yes

No

If yes, which system(s)?

How did you know them?

What do you think of Antibioclic?
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In your opinion, for which infectious diseases can a CDSS such as Antibioclic be useful?
Useless Neutral Useful

Urinary tract infections

Genital tract infections

Meningitis

Dental infections

Upper respiratory tract infections

Lower respiratory tract infections

Gastro-intestinal tract infections

Skin and soft tissue infections

Surgical site infections

Do you think that a CDSS such as Antibioclic could be used in your country?
Yes

No
In your opinion, what would be necessary to set up or modify for Antibioclic to be adapted
to the practice of general medicine in your country?

What would be the benefits of using a CDSS such as Antibioclic in your country?

What would make it difficult to use a CDSS such as Antibioclic in your country?
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What features or elements could facilitate the use and dissemination of a CDSS such as
Antibioclic in your country?

Who are the health professionals who could use Antibioclic in your country? (Tick all that
apply)

General practitioners

Infectious diseases specialists

Intensivists

Clinical microbiologists

Other medical specialties

Nurses

Pharmacists

Other:
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For each of the following, can you tell us if you think this represents a barrier or facilitator
for the use of Antibioclic in general practice in your country?

Barrier Neutral Facilitator

Independence from
the pharmaceutical
industry

Adapted to the
guidelines of the

French National
Society of Infectious
Diseases

Written in French

Developed in France

Available on an
electronic  format
(smartphone,
computer)

Free

Co-designed by
general
practitioners  and
engineers
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It will:

Improve my
medical knowledge

Increase the
interaction with the
patients

Lead to more
personalized care

Lead to more
comprehensive
care

Strengthen the
doctor-patient
relationship

Decrease the
number of medical
errors

Lead to blind
obedience to
electronical tools

Improve clinical
outcomes for
patients

Improve the quality
of antimicrobial
prescribing

Save you time

Decrease
healthcare costs

Help to fight against
antimicrobial
resistance

Improve the
adequacy of
antimicrobial
prescribing to
guidelines

Improve the care of
patients with
infectious diseases

Decrease the
duration of

Unlikely

Neutral

Likely
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antimicrobial
therapy

Decrease the global
volume of
antimicrobial use

Do you think that a CDSS such as Antibioclic will have the following consequences?

Do you have any comments on the study or regarding clinical decision support systems
for antimicrobial prescribing?

Thank you for your participation
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Appendix 4. Pre-intervention interview schedule with pharmacists

Generally, about healthcare advice

1. Tell me about how you give service users healthcare advice?

Probe: what are the difficulties that you encounter? what makes it easy?

2. You said that you [did not use leaflets / used leaflets for the following conditions:]:

Are leaflets helpful to give healthcare advice?

About UTI

3. Tell me about the most important advice that you usually give to women under 65
years with urinary symptoms or a suspected UTI?

4. How is it different for women over 65 years? For men under 65 years? For men

over 65 years?

5. Is there anything else you would like to say about how you provide healthcare
advice to service users with urinary symptoms or suspected UTI?

Let's talk about the leaflet for women under 65 years.

6. What are your first thoughts on this leaflet?

7. What is your general opinion about the following sections?
e Possible urinary signs and symptoms
e The outcome
e Recommended care
e Types of urinary tract infections (UTI)
e Self-care to help yourself get better more quickly
e When should you get help?
e Options to help prevent a UTI

123



e Antibiotic resistance

8. How are you going to use the leaflet?
Probe: shared and explained with the service user or given as a take-away? On line,

hard copy, computer prompts (drug note)?

9. What is your opinion about the wording used in the leaflet.

Probe: is it simple enough?

10. Is there anything else that you think should be included in the leaflet?

1. What modifications would you suggest to make it more suitable to your

needs?

12. Is there anything else you would like to say about this leaflet?

Let's talk about the leaflet for service users over 65 years

13. What are your first thoughts on this leaflet?

14. What is your general opinion about the following sections?
e Possible urinary signs and symptoms
e The outcome
e Recommended care
e Types of urinary tract infections (UTI)
e Self-care to help yourself get better more quickly
e When should you get help?
e Options to help prevent a UTI

15. How are you going to use the leaflet?
Probe: shared and explained with the service user or given as a take-away? On line,

hard copy, computer prompts (drug note)?

16. What is your opinion about the wording used in the leaflet.

124



Probe: is it simple enough?

17. Is there anything else that you think should be included in the leaflet?

18. What modifications would you suggest to make it more suitable to your

needs?

19. s there anything else you would like to say about this leaflet?

20. In your opinion, what is the role of pharmacists in infection management and in

the fight against antimicrobial resistance?

TO CLOSE
o Review the next steps with the pharmacist

e Trial using the leaflets with service users for 3 months
e Each leaflet given to a service user should be given with the envelope with the
paper survey (name on the paper survey or online)
o You can either directly give the leaflet and the envelope with the paper
survey to service users
o Or staple each leaflet to an envelope with the paper survey so that
service users can take the leaflet themselves in the pharmacy
e Please remind service users that they will have a £10 voucher if they complete
the survey
e |If at one point you need more leaflets and envelopes with paper survey for
service users, please contact us by email raheelah.ahmad@imperial.ac.uk or
by phone: +44 (0)208 383 2072.
e We will be in touch with you in 3 months for the post-trial interview (£30
voucher)

o Check the recording on the Dictaphone

o Upload to the shared drive — check that you can hear it
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Appendix 3. Post-intervention interview schedule with pharmacists

The purpose of this interview is to discuss how you found trialling the UTI leaflets in your
pharmacy.

21. Canyou please give the number on the leaflets (upper corner) that you

have?

22. Howlong did you trial the leaflets for? Probe: How many weeks, if they didn’t

trial for as long as expected ask them why?

23. Were you the only person trialing the leaflets or did others trial them?

Who?

24. How did you find using the leaflets in the pharmacy?

25. If others trialed the leaflets, do you know what they thought about the

leaflets?

26. Did you offer the leaflet to all the women and older adults with UTI

symptoms? Probe: if not, why?

27. Canyou take me through an example scenario of how you used the leaflet
with a woman under 65? Was it different from using the leaflet with an older

adult?

28. Did you use the leaflet differently between service users:
e coming first to the pharmacy and that you then referred to the GP
e service users coming first to the pharmacy and not referred on

e service users coming after a GP visit?

Leaflet < 65
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29. How did the women younger than 65 adults respond to the leaflet? Probe:
did they comment on the leaflet, did they take them away, was there any negative

feedback?
30. Were there any sections of the leaflet that were difficult to use/explain?
Leaflet > 65

31. How did the older adults respond to the leaflet? Probe: did they comment on

the leaflet, did they take them away, was there any negative feedback?

32. Were there any sections of the leaflet that were difficult to use/explain?

Leaflets

33. Now that you have experience in using the leaflets, what would you change

to make them more user friendly in the pharmacy setting?

34. Do you have any other comments about the leaflet or trialing the leaflet that

you would like to add? Probe: potential drawbacks?

Taking into account your interviews before the intervention, PHE have modified the

leaflets and have produced one combined leaflet.

35. What do you think of the new leaflet?

36. Do you think that this leaflet could be easier to use than the two leaflets
separately in your pharmacy? Do you see any drawbacks to the new combined

leaflet?

37. Would you recommend using the leaflet to your colleagues?
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38. Do you think that photos should be replaced with graphics?

General questions

39. Inyour opinion, when should a service user with UTI symptoms seek

advice?

40. Inyour opinion, from whom should a service user with symptoms seek

advice? Probe: Pharmacy first? GP first? Someone else?

41. When and why do you refer service users with suspected or confirmed UTI

to the GP?
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Appendix 5. Pre-intervention electronic questionnaire for pharmacists

Ql Pharmacy advice for service wusers with Urinary Tract Infection.

You are invited to take part in this study as described in the accompanying

The study includes the electronic survey and two interviews, one before using the
leaflets in your pharmacy and one once you have trialled the leaflets for 3 months. All
pharmacists will be offered £60 for participating in the study (£30 on completion of each
interview).

Please read the following statements:

- I confirm that I have read and understood the information above and have had the
opportunity to ask questions.

- [ understand that my participation is voluntary and that I am free to withdraw at any
time, without giving any reason, and without my legal rights being affected.

- [ understand that my consent form and anonymised data may be reviewed by the
sponsor for audit purposes.

- [ agree to be contacted for follow up interviews. These will be face to face or by
telephone (according to my preferred method).

- [ agree to receive by mail the leaflets developed by Public Health England and to use
them with service users with urinary tract infection.

- [ understand that the follow-up interviews will be audio recorded and transcribed.
- [ agree to take part in this study.

Please click on Next if you consent to take part in the study.

Q2 Thank you for taking part in this study about the role of Pharmacies in the prevention
and management of urinary tract infections.

We would like to start by asking you a little about your broader role and then we will focus
on urinary tract infections.

Q3 What is the name and address of your pharmacy?
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Q4 What is your email address?

Q80 What is your name? (to send the vouchers)

Q81 What is your direct number or mobile number? (for the interviews)

Q5 What is your job title?
Non-prescribing pharmacist (1)
Prescribing pharmacist (2)
Pharmacy technician (3)
Pharmacy assistant (4)

Other (5)

Q6 How long have you been qualified?
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Q7 How long have you been working in this pharmacy?

Q8 How many pharmacy staff (full time equivalent) work in the pharmacy?

Q9 How many service users per day on average do you see in your pharmacy?

Q10 How many service users per day on average do you see in the consultation room?

Q11 What is the approximate gender representation of service users for this pharmacy?
Men Women

0 10 20 30 40 50 60 70 80 90 100

Gender () '

Q12 Can you describe in a few words the ethnicity and socio-economic level of the service
users coming to your pharmacy?
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Q13 To how many service users per day do you usually give healthcare advice?

Q14 What are the most common conditions for which you give healthcare advice?

Q15 Please describe, if anything, that stops you giving healthcare advice?

Q16 What do you think are the advantages and disadvantages of giving healthcare advice
in the pharmacy setting compared to in a GP practice?

Advantages (1)

Disadvantages (2)
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Q17 How often do you use leaflets to give healthcare advice?

Q18 For which conditions do you use leaflets to give healthcare advice the most?

Q19 Now we would like to focus a little bit on service users with urinary symptoms or
suspected urinary tract infections.

Q20 What is the average number of service users per week who visit for urinary tract

infections?
01234567891011121314151617181920
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Men under 65 years ()
Women under 65 years ()
Men over 65 years ()
Women over 65 years ()

Children ()

Q21 Among men under 65 years, what is the average number of service users per week

who visit for urinary tract infections to get:
01234567891011121314151617181920

Prescribed antibiotics ()

Prescribed drugs (not antibiotics) ()

Over-the-counter products ()

Advice only ()

_i_
_'_
_i_
_i_

Q22 Among women under 65 years, what is the average number of service users per
week who visit for urinary tract infections to get:

Prescribed antibiotics ()

Prescribed drugs (not antibiotics) ()

Over-the-counter products ()

Advice only ()

_i_
_i_
_'_
_'_

0123456789 1011121314151617181920
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Q23 Among men over 65 years, what is the average number of service users per

week who visit for urinary tract infections to get:
01234567891011121314151617181920

Prescribed antibiotics ()

Prescribed drugs (not antibiotics) ()

Over-the-counter products ()

Advice only ()

il G 4G e

Q24 Among women over 65 years, what is the average number of service users per

week who visit for urinary tract infections to get:
01234567891011121314151617181920

Prescribed antibiotics ()

Prescribed drugs (not antibiotics) ()

Over-the-counter products ()

Advice only ()

Q25 At which point(s) do services users come to your pharmacy?

Following a GP visit when they have been prescribed antibiotics (1)

Following a GP visit with no prescribed antibiotics (2)

Coming first to the pharmacy (no GP visit) (3)

Another stage (4)
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Q26 Which is the most frequent?
Following a GP visit when they have been prescribed antibiotics (1)
Following a GP visit with no prescribed antibiotics (2)
Coming first to the pharmacy (no GP visit) (3)

Another stage (4)

Q27 How confident are you in discussing the following with service users?
Not at all confident  Very confident

012 3 4 5 6 7 8 9 10

Urinary signs and symptoms ()

Types of urinary tract infection ()

Usual medical care ()

Self-care ()

When service users should get help ()

Prevention of urinary tract infections ()

Antibiotic resistance ()
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Q28 What, if any, self-care treatment options do you discuss with service users with
suspected/proven urinary tract infection?

Cystitis relief sachets (e.g. cranberry, sodium bicarbonate) (1)

Over-the-counter painkillers (e.g. nonsteroidal anti-inflammatory drugs,
paracetamol) (2)

Adequate hydration (3)

Other over-the-counter products (4)

None (5)

Q29 Does your pharmacy use Patient Group Directives to dispense antibiotics to treat
urinary tract infections?

Yes (1)
No (2)

Do not know (3)

Q30 What sources of information do you use to give healthcare advice about urinary tract
infections? Please say which.

Leaflets (1)

Websites (2)

Other (3)

Q31 Please have a look at the two UTI information leaflets that have been developed by
Public Health England in collaboration with various professional bodies. The leaflets aim
to facilitate conversation between the service user and health care provider in their
urinary symptoms and treatment plan. The leaflets also provide self-care and
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preventative advice for the service user.

Q32 Leaflet for women under 65 years:

Please click once on the sections you like or twice on the sections you dislike.
Dislike (1) Neutral (2) Like (3)

Possible signs (52)
The outcome (53)

Recommended care
(54)

Type of UTI (55)
Self-care (56)
Help (57)
Options (58)

Antibiotic resistance
(59)
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Public Health
England

ssible urinary signs & s

Key signs/symptoms:

Dysuria: Burning pain when passing urine (wee)
New nocturia: Needing to pass urine in the night
Cloudy urine: Visible cloudy colour when passing urine

The outcome

All women:

If none or only one of: dysuria,
new nocturia, cloudy urine;
AND/OR vaginal discharge

Other severe signs/symptoms:

Frequency: Passing urine more often than usual
Urgency: Feeling the need to pass urine immediately

Haematuria: Blood in your urine
Suprapubic pain:

Recent sexual history

+ Inflammation due to sexual activity can feel

similar to the symptoms of a LTI,

“ain in your lower tummy

Antibiotics less likely to help.
Usually lasts 6 to 7 days.

You may need a urine test to check
for a UTL

o TREATING YOUR INFECTION - URINARY TRACT INFECTION (UTI)

Recommended care

Self-care and pain relief.

+ Symptoms may get better on their own.

Delayed or backup prescription with

self-care and pain relief.

Start antibiotics if symptoms;

+ Get worse.

+ Donotgeta little better with
self-care within 48 hours

N

Non-pregnant women:

cloudy urine; OR bacteria detected
in urine; AND NO vaginal discharge
+ Anfibiotics are more likely to help.

If 2 or more of: dysuria, new nocturia,

Immediate antiblotics prescription
plus self-care.

If mild symptoms, delayed or
back-up antibictic prescription

+ Some sexually transmitted infections (STIs) can
have symptoms similar to those of a UTI,

Changes during menopause

+ Some changes during the menopause can have
symptams similar to those of a UTI.

* You should start to improve within 48 hours

« Symptoms usually last 3 days.

Pregnant women: Always request urine culture

If suspected UTI.

H plus self-care

* Immediate antibiotic prescription.

NHS|

For women under 65 years with suspected lower urinary tract infections (UTIs) or lower recurrent UTIs (cystitis or urethritis)

pes of urinary tract infection

UTls are caused by bacterla getting Into your urethra
or bladder, usually from your gut. Infections may occur
in different parts of the urlnary tract.

Kidneys (make urine)

Infection in the upper urinary tract

+ Pyelonephritis (pie-lo-nef-right:
Nat covered in this leaflet and
always needs antibiotics.

-

Bladder (stores urine)
Infection in the lower urinary tract
+ Cystitis (sis-tight-is).

Urethra (takes urine

out of the body)

Infection of inflammation

in the urethra

* Urethritis (your-ith-right-is)

Self-care to help yourself
get better more quickly

Drink enough flulds to stop
you feeling thirsty. Aim to
drink 6 to 8 glasses including
water, decatfeinated and
sugar-free drinks.

Take paracetamal or [buprofen !l
at regular intervals for pain refief,
it you have had no previous

de effect <
side effects. 3.
* You could try taking cranberry 4

capsules or cystitis sachets. 6
These are effective for some 6.
women. There is currently no
evidence to support their use.

Consider the risk factors in the
‘Options to help prevent UTI' 8.
column to reduce future UTIs. a

The following symptoms are possible
signs of serious infection and should be
assessed urgently.

Phane for advice if you are not sure how

urgent the symptoms are,

You have shivering, chills and

muscle pain.

You feel confused, or are very drowsy.

You have not passed urine all day.

You are vomiting

You see blood in your urine.

Your temperature is above 38°C

of less than 36:C.

7. You have kidney pain in your back

just under the ribs

Your symptoms get worse.

9. Your symptoms are not s
improve within 48 hours of
taking antibjatics

When should you get help?

rting to

Options to help preventa UTI

It may help you to consider these risk factars:

Stop bacteria spreading from your bowel into your bladder.
Wipe from front (vagina) to back (bottam) after using the tollet

Avoid waiting to pass urine. Pass urine as a soon as you
need a wee.

Go for a wee after having sex to flush out any bacteria that

may be near the opening to the urethra

Wash the external vagina area with water before and after
sex to wash away any bacteria that may be near the
opening to the urethra

Drink enough fluids to make sure you wee regularly
throughout the day, especially during hot weather

If you have a recurrent UTI, also consider the following:

+ Cranbeny products and D-mannose: Some women

find these effective, but there is currently poor evidence to

support this.

treatment, for example, vaginal creams.

After the menopause: You could consider topical hormonal

Antibiotic resistance

Antibiotics can be lifesaving. But antibiotics are not
always needed for uvinaryfmptoms.

Antibiotics taken by mouth, for any reason, affect our
gut bacteria making some resistant.

Antibiotic resistance means that the antibiotics
cannot kill that bacteria.

Antibiotic resistant bacteria can remain in your gut for
atleast a year after taki 1 antibiotic

Common side effects 1o taking antibiotics include
thrush, rashes, vomiting and diarrhoea. Seek medical
advice if you are worried.

Keep antibiotics working, only take them when
advised by a health professional. This way they are more
Iikely to work for a future UTI.

Q34 Leaflet for service users over 65 years:

hoor (SIS Wora

Please click once on the sections you like or twice on the sections you dislike.
Dislike (1)

What is urine inf?
(61)

Prevent (62)

Signs and

symptoms (63)
Confusion (64)
To feel better (65)

What might medics
do (66)

Advice about
antibiotics (67)

When help? (68)

Neutral (2)

Like (3)
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% _ URINARY TRACT
e INFECTIONS

A leaflet for older adults and carers.

WHAT IS A URINE INFECTION? | | |
A urine infection occurs when bacteria in any

part of the urine system cause symptoms. *T'
If a urine test finds bacteria but you are ‘ { ‘ ‘ |
otherwise well, do not worry, this is common, | e
andmmb\ohcsarenmuwalymeded However, sthrat
severe urine infections can be life threatening. CicotoLd

WHAT YOU CAN DO TO HELP PREVENT
A URINE INFECTION?
Are you drinking enough? Look at the colour of your urine.

(o) @,—m—a

*Drink enough fluid (6-8 glasses) so that you pass pale coloured
urine regularly during the day, and to avoid feeling thirsty, especially
during hot weather

* Avoid drinking too many fizzy drinks or alcohol

*There is no proven benefit of cranberry products or cystitis sachets

*Prevent constipation. Ask for advice if needed

*Maintain good control of diabetes

Stop bacteria spreading from your bowel into your bladder:
*Wipe genitals from front to back after using the toilet

«Change pads and clean genitals if soiled

*Keep the genital area clean and dry; avoid scented soaps
*Wash with water before and after sex

Jacist about referral to a GP or other treatments.

WHAT SIGNS AND SYMPTOMS SHOULD YOU
LOOK OUT FOR?

Consider these symptoms if you have a urinary catheter:
* Shivering or shaking

«High or low temy

«Kidney pain in your back just under the ribs

4 &I

New or worsening signs of urine infection in all people:
«Pain or buming when passing urine
* High or low temperature
 Shivering or shaking
*Urgency (feeling the need to urinate immediately)
* Pain in your lower tummy above pubic area
-hmmvm(wethrgywrseﬁmreoﬂenﬁwn\md)
* Passing urine more often than usual
« Cloudy urine, or visible blood in your urine
* Confusion, change in behaviour, or unsteadiness on feet

pE

ALTHOUGH CONFUSION IS CAUSED BY URINE
INFECTION, CONSIDER OTHER THINGS THAT

MAY ALSO CAUSE CONFUSION

*Pain *Side effects of medicine
Constipation *Other infection

«Poor sleep «Change in your routine or home
* Low mood environment

*Not drinking enough *Poor diet

WHAT CAN YOU DO TO HELP FEEL BETTER?

*Drink enough fluid so that you e There is no proven benefit
pass urine regularly during of cranberry products or
the day, especially during cysiitis sachets
hot weather If you're worried about wetting

#Take paracetamol regularly, yourself, see your doctor or
up to 4 times daily to relieve nurse for advice
fever and pain * Ask for advice from your
- Y pharmacist/carer

*Drink enough ﬂulds to avoid
A =
your urine pale

WHAT MIGHT YOUR PHARMACIST / NURSE /
DOCTOR DO?
o1f your symptoms are likely to get better on their own you may receive
self-care advice and pain relief
#Ask you to drink more fluids
«Ask you for a urine sample ‘
«You may be given an antibiotic that you
can use if your symptoms don't improve
or you start to feel worse L NA

ALWAYS TRUST YOUR PHARMACIST'S / NURSE'S /

DOCTOR'S ADVICE ABOUT ANTIBIOTICS

« Antibiotics can be lfe saving for » Antibiotics affect the bacteria
serious urne infections in your bowel, which may make

But antbiofics are notalways  them resistant to antibiotics for

needed for urinary symptoms atleast a year

«Common side effects of taking ~ *Keep antibiotics working, only
antibiotics include thrush, take them when your doctor/
rashes, vomiti anddianhoee; nurse advises them
ask for advice if you are worried

WHEN SHOULD YOU GET HELP?

The following symptoms are possible signs of serious infection
and should be assessed urgently:

Contact your GP Practice or contact NHS 111 (England),
NHS 24 (Scotiand dial 111), NHS direct (Wales dial 0845 4647),

or GP practice (NI)

Shivering, chills Feeling very
and muscle pain L confused,
drowsy or
e slurred speech
Not passing Temperature is
urine all day L 40 above 38°C or
\  esstanasc
Trouble Kidney pain in
breathing your back just
under the ribs
Visible blood n Very cold skin
in your urine

Symptoms are getling a lot worse, or not starting to improve within
2 days of starting antibiotics.

Trust your instincts, ask for advice if you are not sure
how urgent the symptoms are.
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Appendix 6. Post-intervention electronic questionnaire for pharmacists

Q1 Thank you very much for taking part in this study about the use of urinary tract
infection leaflets in pharmacies.
A £30 voucher will be sent to you after you complete this short questionnaire and
participate in the second phone interview.

Q2 What is the name and address of your pharmacy?

Q3 When did you use the UTI leaflets with service users? (multiple answers possible)

Following a GP visit when they have been prescribed antibiotics (1)

Coming first to the pharmacy and that you then referred to the GP (3)

Coming first to the pharmacy and not referred on (6)

Another stage (4)

Q4 When did you use the UTI leaflets the most?
Following a GP visit when they have been prescribed antibiotics (1)
Coming first to the pharmacy and that you then referred to the GP (2)
Coming first to the pharmacy and not referred on (3)

Another stage (4)
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Q5 With approximately how many service users did you use the leaflet for women under
65 years?

Q6 With approximately how many service users did you use the leaflet for older adults?

Q7 Taking into account your interviews before the intervention, Public Health England
have modified the leaflets and have produced a combined leaflet for all the service users.

Q8
Please click once on the sections you like or twice on the sections you dislike (zoom in to
better see the leaflet).

Dislike (1) Neutral (2) Like (3)
whatisa UTI (52)

Possible signs and
symptoms (55)

Confusion (59)

What can you do to
prevent (60)

Other causes of
symptoms (61)

Self-care (62)

What might they do
(63)

Take advice (64)

When should you
get help? (65)
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POSSIBLE URINARY SIGNS & SYMPTOMS

&

e URINARY TRACT INFECTIONS (UTls)

e Key signs/symptoms in ALL adult:
e A leaflet for adults with suspected UTI

Dysuria: Burning pain when passing urine
New nocturia: Needing to pass urine in the night

WHAT IS A UTI?

SELF-CARE
TO HELP YOURSELF GET BETTER MORE QUICKLY
- Drink enough fluids so that you pass pale urine regularly during the day,
especially during hot weather
(If you are worried about wetting yourself, see a healthcare professional

' - 5 Kidneys Cloudy urine: Visible cloudy colour when passing urine Hedt
A urinary tract infection (UTI) occurs make urine for advice)
when bacteria in any part of the urine Othar severs slana/avintons I ALL gailts: Izke parace'an:lo\ reguladrly up|m 4 nmeI:‘dillytc rehgve feverdam: pain
system cause symptoms. (e Frequency: Passing urine more often than usual e e | A PR OF
Diagnosis is made mainly on your stores urine. Urgency: Feeling the need to pass urine immediately oy . AVK " s Lyl V"
symptoms. Urine dipstick tests are not | .| I} tnra takes urine  Ha@Maturia: Blood in your urine SKiforadvics from youripnamadislicarst
usually used (unless pregnant). outofthe body  Suprapubic pain: Pain in your lower tummy O - S
WHAT YOU CAN DO TO HELP PREVENT A UTI New or worsening signs of a UTl in OLDER, FRAIL adults: =)
Are you drinking enough? Look at the colour of your urine. Incontinence: Wetting yourself more often than usu: » /
High or low -
© @ Drink more. @ Shivering or shaking W - ﬁ\«}‘ x
Confusion, change in behaviour, or unsteadiness on feet

« Drink enough fluid (6-8 glasses) so that you pass pale coloured urine
regularly during the day, and to avoid feeling thirsty, especially during he i
hot weather Shivering or shaking
- Avoid drinking too many fizzy drinks or alcohol High or low temperature
« Prevent constipation. Ask for advice if needed Kidney pain in your back just under the ribs
+ Maintain good control of diabetes
Stop bacteria spreading from your bowel into your bladder:
+ Keep the genital area clean and dry; avoid scented soaps .
« Wipe genitals from front to back after using the toilet .
« Pass urine after having sex N
+ Wash the external vagina area with water before and after sex
+ Change pads and clean genitals if soiled
If you have recurrent UTls, the following may help:
+ Cranberry products and D-mannose: There is some evidence to say
that these work to help prevent recurrent UTI in younger adults
« After the menopause: Topical hormonal treatment may help
+ Antibiotics at night or after sex may be used if other measures do not
work
Speak to your pharmacist about referral to a GP
or other treatments.

THAT MAY ALSO CAUSE CONFUSION
Pain + Lowmood
Constipation ~ + Not drinking enough
Poor sleep + Side effects of medicine
Poor diet Other infection

Speak to your pharmacist about referral to a GP
il

or other treatments.

OTHER CAUSES OF URINARY SYMPTOMS TO
CONSIDER

Inflammation due to sexual activity
Sexually transmitted infections (STis)
Vaginal changes during and after the menopause

ALTHOUGH CONFUSION CAN BE CAUSED BY UTls IN

OLDER, FRAIL ADULTS, CONSIDER OTHER THINGS

Change in your
routine or home
environment

WHAT MIGHT YOUR PHARMACIST / NURSE / DOCTOR DO?
Give self-care advice and advise pain relief (paracetamol)
Ask you to drink more fluids
Ask you for a urine sample
You may be given an antibiotic immediately or
to use if your symptoms don'timprove or you
start to feel worse (or referred to your GP)

TAKE YOUR PHARMACIST’S / NURSE'’S / DOCTO
VICE WHEN IT COMES TO ANTIBIOTICS

+ Antibiotics affect the bacteria in
your bowel, which may make
them resistant to antibiotics for
at leasta year

+ Keep antibiotics working, only
take them when your doctor/
nurse advises them

+ Antibiotics can be life saving for
serious urine infections

+ But anti i
needed for urinary symptoms

+ Common side effects of taking
antibiotics include thrush, rashes,
vomiting and diarthoea; ask for

advice if you are worried

Taking ANTIBIOTICS when you don’t need them
— puts you and your family at risk

Q9 What do you think of the new combined leaflet?

WHEN SHOULD YOU GET HELP

The following symptoms are pos:
infection and should be assessed urgently:

Contact your GP Practice or contact NHS 111 (England),
NHS 24 (Scotland dial 111), NHS direct (Wales dial 0845
4647), or GP practice (NI)

Shivering,
chills and
muscle pain

Not passing . ¢

urine all day

Trouble
breathing

Visible blood
in your urine

\

-\l

Feeling very
confused,
drowsy or
slurred speech

Temperature is ‘ '

above 38°C or
less than 36°C

Kidney pain in
your back just
under the ribs

Very cold skin

Symptoms are getting a
lot worse, or not starting
to improve within 2 days
of starting antibiotics.

Trust your instincts, ask for advice if you are not

Q10 Do you think that the photos should be replaced with graphics / pictograms?

Yes (1)

No (2)

Q11 Do you think that this leaflet will be easier to use than the two leaflets separately?

Yes (1)

No (2)

sure how urgent your symptoms are
Developed i collboraton with prfessiona medal bodes, Version . npublshed, Revision

143



Q12 Would you recommend using this combined leaflet or the two leaflets separately to
your colleagues?

The new combined leaflet (1)

The two leaflets (2)
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Appendix 7. Questionnaire for service users who used the leaflets

Options for completion:
1. Website - online via https://surveys.phe.org.uk/UTIstudy
2. Website - online via QR code below

3. Return survey in prepaid envelope provided

Please read the Participant Information Sheet enclosed, or online, and complete the
Informed Consent Form before completing the survey.

During your recent visit to the pharmacy for your urinary symptoms you were provided with
a patient information leaflet. We would like to ask you a few questions about your experience
at the pharmacy, the information the pharmacy staff gave you, and to get your thoughts on
the use of the UTI leaflet in pharmacies.

Please contact utistudy@imperial.ac.uk if you have any questions.

You will be offered a £10 high street voucher on completion of the questionnaire

What is the number on the top right-hand side of your UTI
leaflet?

% TREATING YOUR INFECTION - URINARY TRACT INFECTION (UT))  ['7H

o e e, | e T
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For whose urinary symptoms did you recently visit the

pharmacy?

Please tick one
1 Mine L] A relative / friend over 65yrs
LI My child L1 A relative / friend under 65yrs
LI Other, please specify LI Prefer not to say

Even if you visited the pharmacy for someone else, please complete the rest of the
questionnaire on behalf of that person.

Complete the following sentence about when you went to

the pharmacy and got the UTI leaflet.

I went to the pharmacy...

Tick one

with urinary symptoms before visiting another healthcare professional
to pick up antibiotics [ had been prescribed for a UTI

to pick up antibiotics for someone else

when the urinary symptoms came back or did not go away

Don’t know

Other, please specify

OOoOoooOod

Did you try to find information from anywhere else about
your urinary symptoms before going to the pharmacy?
Tick all that apply

No

Yes, from family / friends / carer

Yes, from another pharmacy

Yes, from my GP / nurse

Yes, online e.g. NHS choices

Yes, other, please specify

oo0OoOood

Did you try anything to help your urinary symptoms before
you went to the pharmacy?

Tick all that apply
O No
O Yes, I tried drinking fluids/more fluids

LI Yes, I drank orange or lemon juice
LI Yes, I took cranberry juice or capsules
LI Yes, I took cystitis sachets
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LI Yes, I took painkillers e.g. paracetamol

LI Yes, I took anti-inflammatory medicines e.g. ibuprofen
O Yes, I rested

O Yes, I took time off work

L1 Other, please specify

Where in the pharmacy were you given the UTI leaflet?
Tick one

[0 In a private consultation room

1 Publicly Over-the-counter / on the shop floor

O Itwasin / attached to my prescription bag

[l Other, please specify

How often do you need to have someone help you when
you read instructions, leaflets, or other written material from your doctor or
pharmacy?

Never Rarely Sometimes | Often Always
(] (] (] (] (]

Which best describes your experience in the pharmacy?
Tick one
[0 The pharmacy staff used the UTI leaflet to talk to me about my urinary symptoms
/ antibiotics
The pharmacy staff spoke to me about my urinary symptoms / antibiotics and
then gave me the UTI leaflet
The pharmacy staff just gave me the UTI leaflet without any explanation
[ don’t remember
Other, please specify

OoOo0O O

Please tick how strongly you agree or disagree with the
following statements. Please tick an option for each row

Pharmacy staff should discuss the UTI leaflet with patients / carers...
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Neither
Disagree | agree or | Agree
disagree

Strongly
disagree

Strongly
agree

at the
counter  if
they cannot
be heard by
other
customers
at the
counter
even if they
can be heard
by other
customers
anywhere in
the O O O (| (|
pharmacy
in a private
consultation | I U (| (| (|
room

Please tick how strongly you agree or disagree with the
following statements about the UTI leaflet you were given.

The UTI leaflet...
Neither
St.rongly Disagree | agree or | Agree Strongly
disagree - agree
disagree
has too
much O O O O O
information
is colourful o o o o o
has lots of
useful O O O O O
information
is easy to
understand H H H H H
looks good n n n n n

Please tick how strongly you agree or disagree with the following statements about
the information on the UTI leaflet you were given
Please tick an option for each row
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The UTI leaflet improved my understanding of...

Neither
Disagree | agree or | Agree
disagree

Strongly
disagree

Strongly
agree

the signs and
symptoms of
urinary tract | [J U U (| (|
infections
(UTIs)

the different
types of UTIs
the ways 1
can use self-
care to help
my urinary | [J U U (| (|
symptoms
get better
quickly

the signs and
symptoms of
serious
infection that
[ should seek
help for

how to help
preventa UTI
how
antibiotic use
can increase | [J O O (| (|
antibiotic
resistance

Please tick how strongly you agree or disagree with the
following statements

Please tick an option for each row

The UTI leaflet made me more confident...

Neither

St.rongly Disagree | agreeor | Agree Strongly

disagree disagree agree
that I can help
manage the
symptoms of my - - - - -
UTI
that .drmklr.lg 0 0 0 0 0
more fluids will
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help with my
urinary symptoms
that I can help
prevent future | O O O (| (|
UTIs

Please give a reason for your answers

Looking back, when do you think the leaflet would be most

helpful?

Tick one

with urinary symptoms, before visiting another healthcare professional
when picking up antibiotics prescribed for a UTI

when the urinary symptoms came back or did not go away

the UTI leaflet is not helpful

Don’t know

Other, please specify

oo0Ooood

Who would you feel comfortable discussing your urinary
symptoms and talking through the UTI leaflet with?

Tick all that apply
0 Pharmacy staff

L0 GP/ Nurse
[0 Other, please specify

Please give a reason for your answer

150



On the day you got the UTI leaflet, did you buy any

products from the pharmacy to help your urinary symptoms?
I No
LI Yes
I Do not know

[If yes] What did you buy?

Tick all that apply

Cranberry juice

Cranberry tablets / capsules
Cystitis sachets
Paracetamol

Ibuprofen

Other, please specify

OOoOoooOod

How do you plan to manage your urinary symptoms?
Tick all that apply

Look out for signs of serious infection

Take plenty of fluids to avoid feeling thirsty
Take pain relief

Take the antibiotics [ have been prescribed
Go to the GP, as advised by the pharmacist
Go to the GP for a second opinion

Go to another pharmacy for a second opinion
Don’t know

Other, please specify

O0O0O0O00O00O0O

What do you plan on doing with the UTI leaflet?
Tick all that apply
LI Use the leaflet until my symptoms go away
[0 Keepitin case I need it in the future

151



oOooo 0O

Show it to my friends / family to explain how to prevent urinary symptoms

Show it to my friends / family if they have urinary symptoms in the future
Throw it away

Don’t know

Other, please specify

How useful is the UTI leaflet in managing the signs and
symptoms of a UTI?

Tick one
Not atall Notuseful | Useful Very useful
useful
O O O =

Please give a reason for your answer

How could the UTI leaflet be improved?

How would you rate your experience in the pharmacy?

Tick one
Poor Fair Good Excellent
O O O O

Please give a reason for your answer
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How could your pharmacy experience be improved?

Please use the space below if you have any other comments about the leaflet or your
harmacy

Demographic Questions
The leaflet was completed for a person: Yes / No

Age
Tick one
1 18-24 years
1 25-34 years
1 35-44 years
1 45-54 years
1 55-64 years
1 65-74 years
LI 75 years or older
LI Prefer not to say
Gender
Tick one
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Male

Female

Other

Prefer not to say
Prefer to self-describe

Ooo0OoonO

Ethnicity
Tick one

White

Mixed / multiple ethnic groups

Asian / Asian British

Black / African / Caribbean / Black British

Other ethnic group please specify......ccccorveereiriieiriinciinnnne

OO0O0OnO

Marital status

Tick one

Single (never married)

Married, or in a domestic partnership
Widowed

Divorced

Separated

Prefer not to say

OoOoO0ooOod

History of UTI
Tick one

O First time

O I've had one or two before

L Ihave recurrent UTIs (2 or more infections in six months or 3
or more infections in one year)

O Don’t know

LI Prefer not to say

THANK YOU FOR COMPLETING THE SURVEY - Please return along with the signed

Informed Consent Form.

Please fill in the details below to receive your £10 gift voucher.

Name
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Address

This sheet will be detached from your survey response so that the response
remains anonymous.

155



Appendix 8. Survey with service users — full results

Service users

n (%) (n=51)

Women 43 (84)
Age
Children 1 (2) (completed by the
mother)
18-24 8 (16)
25-34 10 (20)
35-44 4 (8)
45-54 11 (22)
55-64 7(14)
65-74 4 (8)
>75 4 (8)
Ethnicity
White 27 (53)
Asian 14 (27)
Black 4 (8)
Mixed 4 (8)
Marital status
Married 22 (43)
Single 16 (31)
Widowed 9 (18)
Divorced 4(8)
UTT history
Recurrent UTIs 21 (41)
One or two prior episodes 23 (45)
No prior episode 6 (12)
Went to the pharmacy
to pick up antibiotics after GP/nurse visit 35(67)
before visiting another healthcare professional 12 (24)
Because the symptoms came back or did not go 2(4)
away
Other sources of information (than GP/nurse or
pharmacist)
Family 15 (29)
Online e.g. NHS choices 9 (18)
None 27 (53)
Selfcare before healthcare professional
Drink more fluids 31 (62)
Cystitis sachets 15 (30)
Cranberry juice 12 (24)
Rest 10 (20)
Painkillers 8 (16)
Nothing 7(14)
Time off work 6(12)
NSAIDs 3(6)

156




Lemon / orange juice 2(4)
Did you buy OTC products in the pharmacy?
Yes 22 (43)
NSAIDs 13 (25)
Cystitis sachets 9 (18)
Paracetamol 4 (8)
Cranberry tablets 3(6)
No 29 (57)
Who would you feel comfortable discussing your urinary
symptoms with?
GP / nurse 18 (35)
Pharmacy staff 7 (14)
GP/nurse or pharmacy staff 26 (51)
The leaflet is more useful
with urinary symptoms, before visiting another 28 (55)
healthcare professional
when picking up antibiotics prescribed for a UTI 12 (24)
when the urinary symptoms came back or did not go 7(14)
away
Experience in the pharmacy
Excellent 18 (35)
Good 25 (49)
Fair 8 (16)
Poor 0
Service users Pharmacy staff should discuss UTI leaflets with patients/carers...(Q9)

In a private
consultation room

At the counter if they
cannot be heard by
customers

Anywhere in the
pharmacy

At the counter even if
they can be heard by
other customers

. Strongly disagree
Disagree
Neutral

Agree
. Strongly agree
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Appendix 8. Leaflet adapted with the feedback from pharmacists’ users

8 . URINARY TRACT INFECTIONS (UTIs)

ERE A leaflet for adults with suspected UTI

WHAT IS A UTI? k Cidrove

A urinary tract infection (UTI) occurs make‘tljrine
when bacteria in any part of the urine

system cause symptoms. Bladder
Diagnosis is made mainly on your stores urine
symptoms. Urine dipstick tests are not ’ f 1 Urethra takes urine
usually used (unless pregnant). out of the body

WHAT YOU CAN DO TO HELP PREVENT A UTI

Are you drinking enough? Look at the colour of your urine.

@ @ Drink more @

 Drink enough fluid (6-8 glasses) so that you pass pale coloured urine
regularly during the day, and to avoid feeling thirsty, especially during
hot weather

 Avoid drinking too many fizzy drinks or alcohol

* Prevent constipation. Ask for advice if needed

* Maintain good control of diabetes

Stop bacteria spreading from your bowel into your bladder:

+ Keep the genital area clean and dry; avoid scented soaps

» Wipe genitals from front to back after using the toilet

» Pass urine after having sex

* Wash the external vagina area with water before and after sex

» Change pads and clean genitals if soiled

If you have recurrent UTls, the following may help:

» Cranberry products and D-mannose: There is some evidence to say
that these work to help prevent recurrent UTI in younger adults

+ After the menopause: Topical hormonal treatment may help

+ Antibiotics at night or after sex may be used if other measures do not
work

Speak to your pharmacist about referral to a GP ¢ TARGET

or other treatments. PP
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POSSIBLE URINARY SIGNS & SYMPTOMS

Key signs/symptoms in ALL adults:

Dysuria: Burning pain when passing urine

New nocturia: Needing to pass urine in the night
Cloudy urine: Visible cloudy colour when passing urine

Ea N

Other severe signs/symptoms in ALL adults:

Frequency: Passing urine more often than usual

Urgency: Feeling the need to pass urine immediately &
Haematuria: Blood in your urine

Suprapubic pain: Pain in your lower tummy -

New or worsening signs of a UTIl in OLDER, FRAIL adults:

Incontinence: Wetting yourself more often than usual “
High or low temperature )

&
Shivering or shaking e
Confusion, change in behaviour, or unsteadiness on feet

Consider these symptoms if you have a urinary catheter:
Shivering or shaking

High or low temperature

Kidney pain in your back just under the ribs

OTHER CAUSES OF URINARY SYMPTOMS TO
CONSIDER

* Inflammation due to sexual activity
» Sexually transmitted infections (STIs)
* Vaginal changes during and after the menopause
ALTHOUGH CONFUSION CAN BE CAUSED BY UTlIs IN
OLDER, FRAIL ADULTS, CONSIDER OTHER THINGS
THAT MAY ALSO CAUSE CONFUSION

+ Pain * Low mood « Change in your
» Constipation * Not drinking enough routine or home
» Poor sleep » Side effects of medicine environment

* Poor diet » Other infection

Speak to your pharmacist about referral to a GP ¢ TARGET

or other treatments. o i e
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SELF-CARE
TO HELP YOURSELF GET BETTER MORE QUICKLY

 Drink enough fluids so that you pass pale urine regularly during the day,
especially during hot weather
(If you are worried about wetting yourself, see a healthcare professional
for advice)

+ Take paracetamol regularly, up to 4 times daily to relieve fever and pain

» There is currently no evidence to support taking cranberry products or
cystitis sachets to improve your symptoms

 Ask for advice from your pharmacist/carer

" @
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WHAT MIGHT YOUR PHARMACIST / NURSE / DOCTOR DO?
» Give self-care advice and advise pain relief (paracetamol)
* Ask you to drink more fluids
» Ask you for a urine sample
* You may be given an antibiotic immediately or
to use if your symptoms don’t improve or you
start to feel worse (or referred to your GP)

TAKE YOUR PHARMACIST’S / NURSE'’S / DOCTOR'’S

ADVICE WHEN IT COMES TO ANTIBIOTICS

+ Antibiotics can be life saving for + Antibiotics affect the bacteria in

serious urine infections your bowel, which may make

* But antibiotics are not always them resistant to antibiotics for
needed for urinary symptoms at least a year

* Common side effects of taking - Keep antibiotics working, only
antibiotics include thrush, rashes, take them when your doctor/
vomiting and diarrhoea; ask for nurse advises them

advice if you are worried

Taking ANTIBIOTICS when you don’t need them $¢ TARGET

puts you and your family at risk st s
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WHEN SHOULD YOU GET HELP?

The following symptoms are possible signs of serious
infection and should be assessed urgently:

Contact your GP Practice or contact NHS 111 (England),
NHS 24 (Scotland dial 111), NHS direct (Wales dial 0845

4647), or GP practice (NI)

Shivering,
chills and
muscle pain

Not passing . e l

urine all day

Trouble
breathing

Visible blood
in your urine

Trust your instincts, ask for advice if you are not

Feeling very
confused,

drowsy or
slurred speech

Temperature is
above 38°C or
less than 36°C

Kidney pain in
your back just LT
under the ribs s

Very cold skin

Symptoms are getting a
lot worse, or not starting
to improve within 2 days
of starting antibiotics.

$¢ TARGET

sure how urgent your symptoms are oGt v

Developed in collaboration with professional medical bodies, Version x, unpublished, Revision:TBC
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Appendix 9. List of the machine learning clinical decision support systems included in

the review

Topic Publication Year | Output Particular Data ML algorithm Evaluation*
population /
Settings
Diagnosis of Lamping et al.! 2018 | Non-infectious SIRS or | Pediatric Structured clinical data Random Forest (RF) Performance
infection sepsis patients Laboratory
Therapy
ICU

Hernandez et al. 2017 | Diagnostic of culture- Medical Laboratory Support Vector Machine Performance
positive infection in ward (SVM)
hospitalized patients RF

Decision tree
Gaussian Naive Bayes
(GNB)

Rawson et al. 2018 | Diagnostic of bacterial | Emergency | Laboratory SVM Performance
infection on department Use
presentation to hospital

Horng et al.* 2017 | Diagnostic of infection | Emergency | Demographics SVM (Support vector Performance
on presentation to department | Vitals machine)
hospital Chief complaint

Free text
Taylor et al.’ 2018 | Prediction of UTI Emergency | Demographics Random forest (RF) Performance
infection department | Vitals Extreme gradient boosting
Medical history Adaptive boosting
Physical findings Support vector machine
Laboratory (SVM)
Outpatient medication Elastic net
ANN
LR
Revuelta- 2016 | Prediction of HAI ICU Demographics Support Vector Machines Performance
Zamorano et al.¢ Structured clinical data (SVM)
"Medical remarks" Decision Trees
Random Forest (RF)

D'Angelo et al.” 2019 | Distinction between Medical Demographics Naive Bayes Classifier Performance
bacterial and viral ward CSF characteristics ANN (Artificial Neural
meningitis Network)

Decision tree
Genetic programming and
symbolic regression

Revett et al.? 2006 | Distinction between Medical Age ANN Performance
bacterial and viral ward Laboratory
meningitis

Hartvigsen et al.® 2018 | Prediction of MRSA ICU Demographics Logistic Regression (LR) Performance
infection Vitals Support Vector Machine

Laboratory (SVM)
Microbiology Random Forest (RF)
Antibiotics
Van Steenkiste et 2018 | Predicting positive ICU Vitals ANN Performance
al.l0 blood cultures Laboratory SVM
KNN
LR

Sanger et al.'! 2016 | Prediction of surgical Surgical Demographics Naive Bayes classifier Performance

site infection ward Vitals SVM
Laboratory
Intervention parameters
Abdominal wound
characteristics

Kuo et al.!? 2018 | Prediction of surgical Surgical Demographics Artificial Neural Network Performance
site infection ward Structured clinical data (ANN)

Intervention parameters
Laboratory
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Bartz-Kurycki et 2018 | Prediction of surgical Surgical Demographics Logistic regression (LR) Performance
al.’? site infection ward Comorbidities Random Forest (RF)
Laboratory
Neonates Intervention parameters
Ke etal 1414 2016 | Prediction of surgical Surgical Demographics Matrix regularization
site infection ward Risk factors KNN
Intervention parameters | Bayesian
Abdominal wound
characteristics
Structured clinical data
Melendez et al.'s 2016 | Screening of TB Patients Vitals Random forests (RF) Performance
witha Medical history Extremely randomized trees
suspicion of Physical examination (ERT)
TB (structured)
presenting Chest X-Ray (structured)
in primary
care health
centres
Saybani et al.'* 2015 | Diagnosis of TB Patients Demographics SVM Performance
Shamshirband et al."” with a Physical examination Unsupervised
suspicion of | (structured)
TB Laboratory
(outpatient
settings)
Ansari et al." 2012 | Diagnosis of TB Patients Demographics ANN (Backpropagation Performance
with a Medical history rules-based)
suspicion of
TB
(outpatient
settings)
Eretal.” 2010 | Diagnosis of TB Patients Medical history ANN Performance
with a Vitals
suspicion of Physical examination
TB (structured)
Laboratory
(outpatient
settings)
El-Solh et al.”’ 1999 | Diagnosis of active TB | Patients Demographics ANN Performance
with a Medical history
suspicion of Symptoms (structured)
TB in the Structured X-Ray findings
emergency | L@boratory
department
Santos et al.*! Diagnosis of smear- Patients Demographics ANN Performance
negative pulmonary TB | witha Medical history
suspicion of | Symptoms
TB
(outpatients
and
inpatients)
Sepsis Culliton et al.? 2017 | Prediction of sepsis ICU Structured clinical data Ridge regression (weight Performance
(not detailed) decay)
Free text (not detailed)
Mani et al. 2014 | Prediction of sepsis Neonates Structured clinical data SVM Performance
Laboratory K-nearest neighbor (KNN)
ICu Decision tree
Naive Bayes
RF
Logistic regression (LR)
Insight / Dascena | 2016 | Prediction of sepsis Pediatric Demographics Gradient tree boosting Performance
algorithm - patients Vitals Use
Desautels et al.>* 2018 Laboratory
Calvert et al.?® ICU (MIMIC-IT)
Shimabukuro et
al 26
McCoy et al.?’
Calvert et al.2®
Mao et al.?®
Burdick et al.*®
Burdick et al.*!
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Taneja et al.32 2017 | Prediction of sepsis and | ICU EMR data Logistic regression (LR) Performance
stratification of sepsis Biomarkers (e.g. IL-1B, | SVM
IL-6, etc.) in a single RF
blood sample Adaboost
Naive Bayes (NB)
Henry et al.> 2015 | Prediction of patients at | ICU Vitals Cox proportional hazards Performance
high risk of developing Structured clinical data model with lasso
septic shock Laboratory regularization
Real-time data
Nemati et al.>* 2018 | Prediction of sepsis ICU Demographics Modified Weibull-Cox Performance
Henry et al.3 Vitals proportional hazards model
Laboratory with gradient descent?
Ghosh et al.3 Prediction of septic ICU Vitals (MIMIC-1I) SVM Performance
shock Hidden Markov Model
(Bayes)
Liuetal. ¥ 2017 | Diagnosis of sepsis ICU Demographics Artificial neural network Performance
Laboratory (ANN)
Support vector machine
(SVM)
Random forest (RF)
Sagib et al.*® 2018 | Prediction of sepsis ICU Demographics LR Performance
Vitals RF
Laboratory (MIMIC-III) | ANN
Shashikumar et 2017 | Prediction of sepsis ICU Demographics Elastic Net logistic Performance
al.¢! Vitals
Structured clinical
ECG
Hu et al.*° 2018 | Prediction of sepsis Neonates Vitals LR Performance
SVM
ICU RF
GBDT Gradient Boosting
Decision Tree
ANN
Wang et al.** 2018 | Prediction of sepsis ICU Demographics Logistic regression (LR) Performance
Vitals Support vector machines
Laboratory (SVM)
(MIMIC-III) Logistic model trees (LMT
= LR + Decision Tree)
Khoshnevisan et al. | 2018 | Prediction and ICu Vitals ANN Performance
4 diagnosis of sepsis Laboratory
Van Wyk et al.# 2018 | Prediction of sepsis ICU Vitals Random Forest (RF) Performance
Laboratory
Moor et al.#? 2019 | Prediction of sepsis ICU Vitals ANN Performance
Laboratory
Mitra et al.* 2018 | Prediction of sepsis ICU Vitals Logistic Regression (LR) Performance
(MIMIC-III) Random Forest (RF)
XGBoost (XGB)
ANN: feedforward neural
network or Multilayer
Perceptron (MLP)
Apostolova et al.*> | 2018 | Diagnosis of sepsis ICU Nursing notes (free text) | SVM Performance
(MIMIC-IIT) LR
KNN
Futoma et al. 4647 2017 | Prediction of sepsis ICU Demographics ANN Performance
Medical history
Vitals
Laboratory
Partial treatment history
Antibiotic selection | Shen et al.*® 2018 | Infection inference and | Primary Patient-entered and Unspecified (mix of Performance
choice of first-line care patient-reported knowledge representation,
antibiotic therapy information decision tree and fuzzy
logic?)
Beaudoin et al.** 2016 | Identification of Antimicrobi | Demographics Supervised learning rule Use
inappropriate al Vitals induction algorithm
prescriptions of stewardship | Laboratory
piperacillin-tazobactam
Tsoukalas et al.> 2015 | Stratification of sepsis | ICU Structured clinical data Partially observable Markov | Performance
Spaan et al.>! and optimal Laboratory Decision Process (POMDP)
antimicrobial Microbiology Model Value iteration
prescribing (Reinforcement learning)
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Prediction of Oonsivilai etal.> | 2018 | Prediction of antibiotic | Pediatric Demographics Logistic regression (LR) Performance
resistance susceptibilities patients Medical history Random forests (RF)
Partial treatment history | Boosted decision trees using
Medical adaptive boosting
ward or SVM
ICU KNN
Yelin et al.5? 2018 | Prediction of antibiotic | Primary Demographics Logistic Regression (LR) Performance
susceptibilities care Urine sample history Gradient Boosting Decision
(including | Antibiotic purchase Trees
retirement- | history
home)
Lietal3 2016 | Prediction of the risk of | TB Demographics Ensemble learning Performance
TB patients converting | outpatients | Laboratory
to MDR-TB Microbiology
T
HIV therapy Ying et al.5 2007 | HIV therapy selection | HIV Regimen selection by Genetic algorithm coupled | Performance
selection (initial combination) outpatients | experts to fuzzy discrete event
Treatment parameters system (supervised)
(e.g. potency, adverse,
etc.)
Parbhoo et al.> HIV therapy selection HIV Demographics Kernel-based (regression) Performance
outpatients | Structured clinical data approach (reinforcement
Treatment history learning) and bayesian
(EuResist) POMDP
Prediction of Hatzakis et al.>" 2005 | HIV: Prediction of HIV Demographics Artificial Neural Network Performance
treatment response virologic outpatients | Structured clinical data (ANN)
success/failure T parameters
Zazzi et al.*® 2008 | HIV: Prediction of HIV Demographics Generative—discriminative | Performance
Rosen-Zvietal®® | 2012 | virologic outpatients | Structured clinical data method, regression with
Zazzi et al.® success/failure and Viral subtypes derived evolutionary
Prosperi et al.®! change in viral load Treatment history features
Genotype
Revell et al.62 2007 | HIV: Prediction of HIV Treatment history Random forest (RF) Performance
Revell et al.® 2011 | virological response to | outpatients | Virologic data
Larder et al.® 2018 | a new therapy Genotype data Artificial neural network
following failure (ANN)
Petersen et al.® 2015 | HIV: Prediction of HIV Pill container openings LASSO Performance
virological failure outpatients | recorded (MEMS data)
Laboratory
Treatment history
Beerenwinkel et 2003 | HIV: Prediction of viral | HIV Treatment history SVM Performance
al.% response outpatients | Virologic data
Genotypes
Aval et al.&” 2014 | HCV: Prediction of HCV Demographics Artificial neural network Performance
response to Peg-IFN outpatients | Laboratory (ANN)
and RBV Biopsy results
Genotype
Maiellaro et al.® 2004 | HCV: Prediction of HCV Structured clinical Artificial neural network Performance
response to Peg-IFN outpatients | Treatment parameters (ANN)
and RBV
Takayama etal.®® | 2011 | HCV: Prediction HCV Demographics Artificial neural network Performance
response to outpatients | Laboratory (ANN)
Peg-IFN and RBV Treatment parameters
Hussain et al.” 2018 | Prediction of TB Demographics ANN Performance
completing treatment in | outpatients | Structured clinical data SVM
drug-susceptible TB Structured X-ray (0/1) RF
patients Microbiology
Baseline treatment
Sauer et al.”! 2018 | Prediction of treatment | TB Demographics LASSO Performance
failure in TB patients outpatients | Medical history Stepwise regression
(TB portal | Structured imaging Random forests (RF)
database) Microbiology SVM
Treatment

*We separated studies that describe the performance (e.g. ROC curves) of the ML-CDSS, studies that describe the use of the CDSS in real-life settings and
studies that describe the adoption of the CDSS in routine clinical practice.
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Appendix 10. Description of the patient variables analysed in each machine learning

clinical decision support system included in the review

Publication

Data

Demographi
cs

Medical history

Vitals

Symptoms /
Physical

ion

Other patient data
(free text, ECG,
EEHE)

Laboratory

Microbiology

Therapeutic
history

Lamping et al.!

Structured
clinical data
Laboratory
T

age
sex
weight at

PIM I at ICU
admission
PRISM score at

fraction of
inspired oxygen
(ﬁ02)1 Aok

ICU admi

height at
admission

Length of ICU
stay until onset
of SIRS/ sepsis
cumulative
sepsis or SIRS
episodes (n)
total SIRS
episovitedes (n)
total sepsis
episodes (n)

P b 4
frequency
central venous
pressure (CVP)
systolic blood
pressure (SBP)
heart rate (HR)
core
temperature

pH (blood gas)
partial pressure
of carbon
dioxide (pCO2)
bicarbonate
(HCO3-)
oxygen
saturation (SO2)
central venous
oxygen
saturation
(Scv02)
lactate
aspartate
transaminase
(AST), serum
alanine
transaminase
(ALT), serum
glutamate
dehydrogenase
(GLDH)
phosphate,
serum (PO43-)
creatinine,
serum

urea

surgery previous
to ICU admission
central venous
catheter
mechanical
ventilation
treatment with
antibiotics******
yes/no

treatment with
steroids***¥xxk
yes/no

treatment with
catecholamines
yes/no

number of
peripheral IV
cannulas

urinary
excretion
C-reactive
protein (CRP)
procalcitonin,
serum (PCT)
interleukin 6
(IL-6)
hemoglobin
(Hb)

leucocyte count
platelet count
fibrinogen
D-dimer

partial
thromboplastin
time (PTT)
international
normalized ratio
(INR)

Hernandez et
al.?

Laboratory

ALP
ALT
BIL
CRE
CRP
WBC

Rawson et al.?

Laboratory

CRP

white cell count
(WCC)
creatinine (Cr)
ALT

bilirubin (BIL)
alkaline
phosphatase
(ALP)

Horng etal.*

Demographics
Vitals

Chief
complaint
Free text

Age
Gender

Acuity
(emergency)

Systolic blood
pressure
Diastolic blood
pressure

Heart rate

Free text chief
complaint

Free text nursing
assessment
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Pain scale
Respiratory rate
Oxygen
saturation
Temperature
Taylor et al. Demographics | Demographi | Arrival info (5) | Vitals (39) Urinalysis Labs (29) Outpatient
Vitals c(5) Past (16) Medications (48:
Medical Medical/Surgical Physical yes/no)
history History (40) Findings (28)
Physical
findings
Laboratory
Outpatient
dication
Revuelta- Demographics | Gender Request Clinical narrative Microbiology
Zamorano et al.® | Structured Age microbiology free text which
clinical data Date request provides
"Medical microbiology information about
remarks" Sample the patient’s
ICU admission health status at
dates (start, end) the ICU
Bed admission or
Length of stay when a laboratory
Admission request was made.
month
D'Angelo etal.” | Demographics | Age WBC
CSF Race Blood glucose
characteristics | Sex CSF glucose
CSF protein
Total leukocytes
in CSF
Revettetal.® Age Age Blood glucose
Laboratory CSF Glucose
CSF protein
CSF
lymphocytes
CSF leukocytes
Hartvigsen et Demographics | Age Admission type | Vitals (24) Laboratory (20) | Microbiology | Antibiotics
al.? Vitals Gender (emergency...) (13)
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Laboratory Ethnicity Admission High-risk
Microbiology | Marital location antibiotics
Antibiotics status (transfer) H2 antagonists
Religion Insurance PPIs
Services (cardiac
surgery)
Van Steenkiste | Vitals Temperature Blood
etal.!l® Laboratory Mean systemic thrombocyte
arterial pressure count
Heart rate Blood leukocyte
Respiratory rate count
SOFA C-reactive
protein
concentration
INR
Sanger et al.!! Demographics | Age Smoking Heart rate Wound: Hb Duration of
Vitals Sex Diabetes Diastolic BP induration, Protein surgery
Laboratory Chronic lung Systolic BP wound edge, Albumin
Intervention disease Tympanic slough/necro BUN Ventilator
parameters Ascites temperature sis aspect, Creatinine Antibiotics
Abdominal Infection (non necrosis CRP (yes/no)
wound SSI) at intake amount, Platelet
characteristics Alcohol use granulation WBC Wound class
Alcohol quantity score, PT (clean clean conta
ASA score exudate type, aPTT conta dirty)
BMI exudate Type of operation
Length of stay amount, (gastroduodenum.
30 day mortality wound edge 5)
In-hospital color, wound emergency
mortality malodor, surgery
hematoma, Kidney / liver
wound mass transplantation
palpable, Ostomy
seroma, Blood transfusion
wound Systemic
culture corticosteroids
visual analog Chemotherapy
pain scale, Radiotherapy
wound Reoperation
length, Nasogastric tube
wound
temperature
Kuo etal.!? Demographics | Sex Tumor stage RBC Radiotherapy
Structured Age Tumor location WBC Chemotherapy
clinical data BMI Primary / Hb Vein grafting
Intervention Recurrent Neutrophil Opposite recipient
parameters Betelnut hx Platelets vessel
Laboratory Smoking hx INR Anastomosed
Alcohol hx Albumin vessels
Diabetes Glucose OP doctors
Mellitus K Re-open
Hypertension BUN Flap
Cerebral Creatinine Flap length
vascular accident Na OP time
Heart discase ASST OP experience
Liver discase ALT Transfusion
Kidney disease whole blood
Transfusion
packed RBC
Transfuion
plasma
Transfusion
platelets
Bartz-Kurycki et | Demographics | Gender Acute renal Previous CPR Case status
al.t? Comorbidities | Hispanic failure within 7 within 7 days (elective/urgent/e
Laboratory ethnicity days prior to mergent)
Intervention Location of | surgery Inotropic support
parameters birth ASA at time of surgery
Race classification Multiple
Weight at Asthma procedures in
surgery Biliary/liver/pan same operation
(pounds) creatic disease Open wound
Age indays | Birth weight (with or without
(<1500 g) infection)
Bronchopulmon Operative
ary technique
dysplasia/Chroni Ostomy
¢ lung disease Oxygen support
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Cardiac risk
factors

Cerebral palsy
Congenital
malformation
(binary)
Congenital
malformation
with birthweight
Current
pneumonia
Cystic Fibrosis
Developmental
delay/impaired
cognitive status
Do Not
Resuscitate
(DNR) status
Esophageal/Gast
ric/Intestinal
disease
Gestational age
at birth
Hematologic
disorder
Hospital status
Interventricular
hemorrhage
Interventricular
hemorrhage
grade

Mode of
delivery
Neonate type
Neuromuscular
Disorder
Previous cardiac
surgery

Seizure Disorder

Preoperative
dialysis
Preoperative
transfusion
(within 48 h prior
to surgery)

Prior operation
within 30 days
Steroid use
(within 30 d)

Surgical Site
(based on CPT
code)

Surgical specialty
Surgical wound
classification
Tracheostomy
Ventilator
dependence

Total operation
time
Nutritional
support

SIRS/sepsis/sept
ic shock within
48 h prior to
surgery

Small for
gestational age
Structural
pulmonary/Airw
ay abnormalities
Structural CNS
Abnormality
Weight loss or
failure to thrive
Admission year
Transfer status
Days from
Hospital
Admission to
Operation

Ke et al.!4

Demographics
Risk factors
Intervention
parameters
Abdominal
wound
characteristics
Structured
clinical data

Age
Gender

Smoking
Diabetes
mellitus
Chronic lung
disease
Ascites
Infection (non
Sh)

Alcohol use
Alcohol quantity
BMI

Heart rate
Diastolic RR
Systolic RR
Tymparni
temperature

Wound :
induration,
wound edge,
slough/necro
sis aspect,
necrosis
amount,
granulation
score,
exudate type,
exudate
amount,
wound edge
color, wound
malodor,
hematoma,
wound mass
palpable,
seroma,
wound
culture

Ventilator
Antibiotics

Type of operation
Systemic
corticosteroid
Chemotherapy
Radiotherapy
Reoperation
Nasogastric tube

172



visual analog
pain scale,
wound
length,
wound
temperature
Cough
Productive
cough
Vomiting
Suspicion of
ileus

Melendez et Vitals HIV status Axillary MUAC Chest X-Ray as
al.ls Medical temperature (mid-upper evaluated by a
history Heart Rate arm CAD scoreina
Physical BMI circumferenc | range 0-100
examination e)
(structured) Anaemic
Chest X-Ray conjuctivae
(structured) Lung
asucultation
findings
(1/0)
Cough
Haemoptysis
Night sweats
Dyspnoca
Chest pain
Saybani etal.'® | Demographics | Sex Chest pain CD4 counts
Shamshirband et | Physical Weight loss HIV
al.l? examination Coughs WBC
(structured) Night sweats Neutrophil
Laboratory Fever count
Shortness of Platelet
breath Hb
Purified ALT
Protein ESR
Derivative Lymphcoyte
(PPD) count
ALK
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LDH

Albumin
Ansari et al.'® Demographics | Age Weakened
Medical International | immune system
history connections | (yes/no
Economic including HIV,
status diabetes,
malnutrition...)
Alcohol
ption
Eretal.” Medical Smoking Temperature Complaint of WBC
history cough RBC
Vitals Chest pain PLT
Physical Weakness HCT
examination Dyspnea Hb
(structured) Rattle in Albumin
Laboratory chest ALK
Pressure on ALT
chest Amylase
Sputum AST
Sound on Bilirubin
respiratory CK
tract CK-MB
Iron
GGT
Glucose
HDL-
cholesdteral
Calcium
BUN
Cl-
Cholesterol
Creatinin
LDH
K
Na
Protein
Triglycerids
Uric acid
El-Sohl etal.® | Demographics | Age Diabetes PPD Structured X-Ray | CD4 count
Medical mellitus (Mantoux) findings: Upper
history HIV Chest pain lobe infiltrate
Structured X- Weight loss | Lower lobe
Ray findings Cough infiltrate
Symptoms Night sweats | Upper lobe cavity
Laboratory Fever Lower lobe cavity
Shortness of | Unilateral pleural
breath cffusion
Bilateral pleural
cffusion
PLeural
thirckening
Miliary
Adenopathy
Santos et al.?! Demographics | Age Diabetes Cough
Medical Inpatient Alcoholism Sputum
history HIV Sweat
Symptoms Extra pulmonary Fever
TB Weight loss
Smoker Chest pain
Shudder
Dyspnea
Anorexia
Hemotpyse
Culliton etal.?? | Free text Structured data? Unstructured
clinical notes?
Mani et al.? Structured NICU variables | Pulse rate Laboratory (59) Resuscitation
clinical data for nconates (24) | Respiratory rate with oxygen /
Laboratory Sp0O2 intubation / bag
Heart rate mask /
epinephrine /
cardiac comp.
Transfusion
Insight / Demographics | (Age) Systolic Blood (pH)
Dascena Vitals pressure (WBC)
algorithm Laboratory Pulse pressure (Glucose)
Di Is etal.* | (MIMIC-II) Heart rate (BUN)
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Calvert et al.2* Respiration rate (Creatinine)
Shimabukuro et Temperature (Lactate)
al.2 Sp0O2 (INR)
McCoy et al.?’ (Glasgow coma (Platelets)
Calvert et al.2® score) (Bilirubin)
Mao et al.?® (Fi02)
Burdick et al.**
Burdick et al.*!
Taneja et al.2 EMR data Age Systolic Blood WBC
Biomarkers Gender Pressure Lactic acid
(e.g. IL-1B, IL- Diastolic blood PCO2
6,ctc.)ina pressure Bilirubin
single blood Pulse Creatinine
sample Temperature Platelet
Respirations TNF-alpha
GCS IL-1beta
GCSF
IL6
PCT
sTREM1
IL18
MMP9
TNFR1
TNFR2
IL10
MCPI1
IL1ra
NGAL
CD64
Henry etal.® Vitals Chronic liver Heart rate BUN Time since first
Structured disease and Systolic Blood Creatinine antibiotics
clinical data cirrhosis pressure Arterial pH
Laboratory Cardiac surgery | GCS Pa02
Real-time data patient RR Bilirubin
Immunocompro | urine / 6hr WBC
mised FiO2 Platelets
Haematological | SIRS
malignancy

Chronic heart
failure
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Chronic organ
insufficiency
Diabetes
Metastatic
carcinoma
Nemati et al.** Demographics | Age Care unit MAP Pa02 Number of
Henry et al.?* Vitals Surgery past 12 | HR WBC antibiotics in the
Laboratory hours Sp0O2 Hb past 12, 24 and 48
Wound Class SBP Hct hours
Surgical DBP Creatinine Mechanical
specialty RR Bilirubin ventilation
Charleston FiO2 Platelets
comorbidity Temperature INR
index GCS PTT
SD of RR and AST
MAP ALT
Entropy of RR Lactate
and MAP Glucose
Multiscale K+ Ca2+ Pho
conditional Mg, HCI
entropy of RR BUN
and MAP BNP
Troponin
Fibrinogen
CRP
Sedimentation
Rate
Ammonia
pH PcO2
HCO3- Base
excess Sa02
Ghosh et al.* Vitals RR
(MIMIC-II) MAP
Heart rate
Liu etal. 7 Demographics | Age WBC
Laboratory Gender Neutrophils
Eosinophils
Basophils
Lymphocytes
Monocytes
RBC
Hb
Het
Platelets
Procalcitonin
CRP
Saqib et al.*® Demographics | Weight HR WBC
Vitals Height DBP Anion gap
Laboratory SBP Bicarbonate
(MIMIC-I1I) MAP pH
Sp02 BUN
Temperature Glucose
Urine output
Shashikumar et | Demographics | Age Charlson MAP ECG waveform Mechanical
al.st Vitals Gender comorbidity HR ventilation
Structured Weight index Sp02
clinical Race Unit information | DBP
ECG Surgical SBP
specialty RR
Wound type GCSs
Temperature
SD HR
SD MAP
Multiscale
entropy and
conditional
entropy MAP
BP waveform
Hu et al.® Vitals HR
RR
SPO2
Wang et al.# Demographics Pulse Hemoglobin
Vitals Sp0O2 Calcium
Laboratory SBP Magnesium
(MIMIC-IIT) Platelet
WBC
ALK
BUN
INR
Phosphoru:
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Khoshnevisan et | Vitals Location type SBP "infection, BUN
al. ¢ Laboratory (emergency...) DBP infl ion and | Procalcit
HR organ dysfunction | WBC
RR identified by rules | Bands
Temperature designed by two Lactate
SpO2 clinician experts" | Platelet
MAP Creatinine
Bilirubin
CRP
Sedimentation
rate

Van Wyk et al.*? | Vitals Temperature WBC
Laboratory HR

SBP
RR

Moor et al.# Vitals SBP Albumin

Laboratory DBP Bands
MAP Bicarbonate
RR Bilirubin
HR Creatinine
Sp0O2 Chloride
Temperature Sodium
Cardiac ouptut Potassium
TIdal volum set Lactate
/ observed / Hematocrit
spontaneous Hemoglobin
Peak inspiratory Platelet
pressure PTT
Total Peep level INR
02 flow PT
FiO2 BUN

WBC

CK

CK MB
Fibrinogen
LDH

Mg

Ca

PO2

pH

PcO2

So2
Glucose
Troponin T

Mitra et al.* Vitals HR

(MIMIC-11I) Sp0O2
RR
SBP
DBP
Temperature

Apostolova et Nursing notes Nursing notes

al.# (free text) indicating
(MIMIC-III) prescription of

antibiotics: "The
final infection-
treating antibiotic
list consists of
402 unambiguous
expressions
indicating
antibiotics."

Futoma et al.*¢47 | Demographics | Age Admission type | Temperature WBC 8 medication
Medical Race (transfer...) RR Toponin classes
history Gender Comorbidities Pulse Sodium
Vitals Sp0O2 Creatinine
Laboratory BP POtassium
Partial Platelets
treatment PH
history PCO2

Mg
Lactate
INR
Hematocrit
Glucose
Fibrinogen
CK

BUN
Bilirubin
Bicarbonate
AST
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ALT

Ammonia
Bandemia
CK-MB
CRP
D-Dimer
Sedimentation
Rate
LDH
p0O2
Shen et al.# Patient-entered | Age Pregnancy Temperature Symptoms and Drugs in use
and patient- Breastfeeding signs as entered
reported Reduced renal by the patient
information function "Infection site" as
Allergy determined by the
patient
Beaudoin et al.** | D aphics | Age Patient location | SBP Absolute
Vitals BMI DBP neutrophil count
Laboratory Gender Heart rate WBC
RR Creatinine
Temperature 1
Tsoukalas et Structured Temperature WNC Blood culture
al.®® clinical data RR Lactate results
Spaan et al.>! Laboratory MAP
Microbiology SBP
Oonsivilai et Demographics | Age ICU Diagnosis Ventilation
al.»? Medical Gender Transfer (sepsis, Treatment prior
history Location Hospitalization meningitis, (pharmacy, nurse,
Partial Weight last year LRI, URTI, traditional healer,
Hi hold Outpati gastroenteriti 1V fluids,
history size Defecate in a s, cellulitis, medication)
Domestic toilet abscess, Taken antibiotic 3
animals Family member URI) in the last 3 weeks
Livestock hospitalized last Taken antibiotics
Owns 3 months prior admission :
refrigerator Exposure penicillin /
environemtnal unknown
water
Drinks treated
water
HAI
Days from
admission to
blood sample
Yelin et al.®* Demographics | Gender Sample Antibiotic
Urine sample | Age history: date purchase history
history Pregnancy bacterial (over 20 year, 34
Antibiotic Residence in species drug groups):
purchase retirement resistance (16 | date, type of
history home resistance) antibiotic
City
Season
Lietal5* Demographics | Age AST Sputum smear | Treatment
Laboratory Sex ALT inspection Treatment
Microbiology | Job category result adherence
Treatment (dispensing
records,
medication
records)
Ying et al.** Treatment Prior treatment
history
Treatment
objectives:
potency,
adherence,
adverse events,
future drugs
options
Regimen
selection by
experts
Parbhoo et al.*¢ | Demographics | Gender "Risk group" CD4+ count Viral load Prior treatment
Structured Age Genotypic data | response
clinical data Ethnicity Number of past
Treatment treatments
history Length of
(EuResist) history
Hatzakis et al.”” | Demographics | Age Year of HIV+ T cell subsets Viral load Priori ARV
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Structured Gender Mode of HIV T cell activation | Nadir / Max Number of
clinical data Race acquisition HIV RNA treatments
Treatment AIDS defining Number of drugs
parameters illnesses and drugs classes
Number of
switches
Adverse clinical
events Grade 3-4
Rash,
lipodystrophy,
neuropathy
Suppression
Time to
suppression
Duration of
suppression
Treatment failure
Time to failure
Zazzi etal 5 Demographics | Age Route of CD4 cell count | HIV-1 Number of
Rosen-Zvi et Structured Sex infection genotype (list | previous
al.%® clinical data of mutations treatment lines
Zazzi et al.® Viral subtypes or whole Previous use of
Prosperi etal.®! | Treatment sequence) NRTIs NNRTIs
history Baseline viral | and PIs (yes/no)
Genotype load
Revell et al.®2 Treatment Baseline viral | Treatment history
Revell et al.® history load (22 binary
Larder et al.®* Virologic data Baseline CD4 | variables)
Genotype data count Time to follow-up
Genotype (105 | Treatment change
input episodes
variables)
On treatment
baseline
plasma viral
load and CD4
count
Follow up
viral load and
CD4
Petersen et al.® | Pill container CD4+ count HIV RNA ART regimen
openings (baseline, nadir, | measurement class
recorded recent) (full history) Change of
(MEMS data) Time since most regimen class
Laboratory recent CD4 MEMS:
Treatment medication event
history monitoring
system (percent
doses taken,
number
interruptions,
variance across
days of percent
doses, only
weekday, only
weekend
Beerenwinkel et | Treatment Genotypic ART regimen
al.66 history resistance test
Virologic data Nearby
Genotypes mutants
Viral load
(before
beginning and
follow-up)
Aval et al.&7 Demographics | Age Biopsy score CBC HCV RNA
Laboratory Gender (ISHAK) Blood glucose Genotype
Biopsy results | Weight Lipid profile HCV
Genotype Height PT Genotype IL-
BMI AST 28B SNP
ALT
Maiellaro et al.® | Unprecised
Takayama et Demographics | Sex Diabetes WBC HCV RNA Previous
al.® Laboratory Age mellitus RBC level treatment with
Treatment Height Hb 2 log decrease | interferon and
parameters Weight Platelet in HCV RNA | interferon plus
AST 12 weeks after | ribavirine
ALT therapy Dose of PEGIFN
Creatinine and RBV
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Serum total amount
holests PEGIF and RBV
Hussain etal.” | Demographics | Age Screening year Symptoms at | Structured X-Ray Smear Bascline
Structured Ethnicity Registration year diagnosis microscopy treatment
clinical data Weight Mode of Mantoux GeneXpert Treatment phase
Structured X- | Height diagnosis Screen to (resistance to | (intensive
ray (0/1) GP name Disease category baseline rifampicin) continuation)
Microbiology | Health TB in family weight Dose
Baseline worker name | Contact Disease site Last regimen
treatment Caretaker diagnosis Nighsweats Antibiotics
Past TB
Delay in
diagnosis
Screening to X
Ray delay
XRay to baseline
delay
Screening to
Gene Xpert
delay
Sauer et al.™! Demographics | Country Age of onset Localization in Type of Drug regimen
Medical Sex Number of X- the lung resistance
history Education Rays Size of the lung Culture results
Structured level Number of CT cavity Microscopy
imaging Employment | scans Pleural results
Microbiology | status Dissemination involvement
Treatment Number of Social risk Imaging pattern
history daily factors Pneumothorax
contacts (smoking, Pleuritis
BMI alcoholism) Nodal calcinosis
Ex-prisoner | Documented Process extension
Homeless MDR contact Decrease in lung
Registered drug capacity
abuse Lung caverna

*We separated studies that describe the performance (e.g. ROC curves) of the algorithm (performance), studies that describe the use and the impact of the ML
algorithm in real-life settings (impact) and studies that describe the implementation / adoption process of ML in clinical practice (adoption).
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Title: Evaluation and implementation of clinical decision support tools for antimicrobial stewardship

Abstract:

Inappropriate prescription of antimicrobials impacts clinical outcomes and increases antimicrobial
resistance. Antimicrobial stewardship interventions have been developed to improve the quality of
antimicrobial prescribing. Among the interventions studied, clinical decision supports tools or systems
(CDSS), whether digital or in paper format, may help optimize antimicrobial prescribing.

The overarching objective of this work was to assess and extend the implementation and use of existing
decision support tools for antimicrobial prescribing. More specifically, the first part of the thesis aimed
to expand the use of a CDSS to a new context, from high-income countries (HIC) to low- and middle-
income countries (LMIC), the second part aimed to expand the use of decision support tools to a wider
set of healthcare professionals by working with community pharmacists, and the third part aimed to
provide a state of the art of the use of machine learning (ML) in CDSS for antimicrobial prescribing.
The first part of the thesis work consisted of a qualitative study analysing the potential benefits and risks
of the extension of Antibioclic in West Africa, as well as the obstacles and facilitators to its development,
its adaptation and its implementation in this context. Antibioclic is a free clinical decision support
system (CDSS) for antimicrobial prescribing, targeting 37 common infectious diseases and used daily
in primary care by more than 5,000 doctors in France. To this end, we organized a workshop in Burkina
Faso in June 2019 which brought together 47 doctors representing 9 West African countries and 6
medical specialties. The participants considered that Antibioclic could improve patient care, encourage
the development and updating of national antibiotic therapy recommendations and help develop
capacities for the surveillance of infectious diseases in primary care. Participants stressed the need to
adapt the tool to the local epidemiology of infectious diseases and antimicrobial resistance, and to
include tuberculosis, HIV and malaria. The CDSS should be tailored to the availability of diagnostic
tools and antibiotics in West Africa, as well as to the diversity of primary care structures in this region.
The most frequently cited contextual barrier was the potential risk of increasing self-medication in West
Africa.

The second part of this thesis aimed to study the utility of a paper-based decision tool developed by
Public Health England for primary care doctors, if expanded to the community pharmacy setting for the
management of urinary tract infections (UTI). This UTI leaflet includes prevention and antibiotic
prescribing guidance. This qualitative study included individual interviews with Pharmacists, before and
after the implementation of the UTI leaflet in 16 pharmacies in London and data from 50 service users
via a detailed self-completed questionnaire. Community pharmacists recognised their important role in
the management of community infections and in the prescription of antibiotics by pharmacists through
Patient Group Directions. Although obstacles to the involvement of pharmacists were identified such as
lack of access to the patient medical records, and lack of staff and training, these results reinforced the
importance of decision support tools for antimicrobial prescribing as well as the development of an
integrated management of community infections between pharmacists and doctors. In order to optimize
the chances of success of CDSS, participants in each of the two studies strongly encouraged co-
development of the tools with all stakeholders, including nurses, midwives and pharmacists, who are
frequently involved in prescribing antimicrobials in primary care.

In the third part of the thesis, we carried out a review of the literature which analysed the development
of machine learning CDSS in infectious diseases and in particular the current obstacles and limits to
their large-scale use. ML-CDSS were limited by a low number of clinical variables used to guide de
decision, by a small number of healthcare settings considered, by an evaluation restricted to technical
performance and by a lack of integration into clinical practice.

This thesis provides insights for the development and implementation of low and high-tech decision
support systems for antimicrobial prescribing in a primary care setting, both in low- and middle-income
countries and in high-income countries. These results were rapidly used in in the response to the
pandemic emergency by co-development of a CDSS for the management of COVID-19 in West Africa,
which will subsequently be adapted to other infectious and tropical diseases.

Keywords: Clinical decision support system; Antimicrobial prescribing; West Africa;
Implementation science; Antimicrobial Resistance; Co-design; Primary care
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