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RESUME

Cette these s’inscrit dans le domaine de l'intelligence artificielle appliquée aux services
préhospitaliers d'urgence, avec pour objectif principal de concevoir des modeles intelligents
permettant d’améliorer la réponse ambulanciére en milieu urbain. Elle repose sur I’hypothese
selon laquelle une approche intégrée combinant prédiction, explicabilité et optimisation en
temps réel peut réduire significativement les délais d’intervention et renforcer l'efficacité

opérationnelle des services d'urgence.

Le travail de recherche est structuré en quatre volets. Le premier porte sur la prévision spatio-
temporelle de la demande en ambulances. En analysant des données historiques enrichies par
des variables météorologiques et temporelles, des modeles d’apprentissage automatique ont
été développés, dont un modele d’ensemble par empilement. Ces modeles visent a anticiper le
volume et la localisation des appels d’urgence, afin de permettre une planification proactive
des ressources. Les résultats obtenus montrent une capacité prédictive élevée, confirmant la

pertinence de 'approche choisie.

Le deuxieme volet est consacré a 'interprétabilité des modeles prédictifs. Dans un contexte
aussi sensible que celui de la santé, il est essentiel que les décisions algorithmiques soient
compréhensibles par les acteurs humains. Des techniques d’explicabilité ont été utilisées pour
identifier les facteurs les plus déterminants dans la prédiction des appels d'urgence. L’analyse
révele que des variables telles que le moment de la journée, la météo et la distribution spatiale
des incidents influencent fortement les résultats des modeles. Cette étape permet d’assurer la

transparence des prédictions et d’encourager leur adoption sur le terrain.

Le troisieme volet s’intéresse au triage médical d’urgence, étape critique du processus de
répartition des ambulances. Face a la complexité croissante des appels et aux limites des
systemes traditionnels basés sur des regles, un cadre d’apprentissage automatique interprétable
a été proposé pour soutenir la prise de décision en temps réel. Ce cadre repose sur un
classificateur d’ensemble basé sur un vote souple, intégrant des modeles robustes tels que
le Gradient Boosting, le Random Forest et le Explainable Boosting Machine. En exploitant
les données structurées de régulation médicale (indicateurs cliniques, métadonnées d’appel,
variables temporelles), ce modele permet de classifier les appels selon leur niveau de gravité
tout en assurant la transparence grace a l'utilisation conjointe des valeurs SHAP et de
I'importance permutationnelle des variables. Les performances du modele, évaluées sur des
données réelles, surpassent celles des approches de régression logistique et des protocoles

traditionnels, réduisant significativement les risques de sous-triage. Cette approche contribue
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a un triage plus fiable, a une meilleure priorisation des interventions, et a un appui décisionnel

renforcé pour les répartiteurs et les ambulanciers.

Le quatrieme volet traite de 'optimisation de I'allocation et du routage des ambulances en
temps réel. Un environnement dynamique basé sur une grille urbaine a été modélisé, ou chaque
ambulance et incident est représenté par un agent autonome. Des techniques d’apprentissage
par renforcement multi-agents ont été mises en ceuvre pour apprendre des politiques de
répartition efficaces. Les modeles développés tiennent compte a la fois des distances, des
priorités d’incidents et de ’état du réseau routier. Les simulations réalisées démontrent une

réduction significative des temps de réponse comparée aux méthodes classiques.

En somme, cette recherche propose une contribution originale a la gestion intelligente des
services d'urgence. Elle démontre que I'intégration de I'apprentissage automatique, de I’expli-
cabilité et de 'apprentissage par renforcement permet non seulement d’anticiper les besoins
avec précision, mais aussi de guider efficacement la répartition des ressources sur le terrain.
Les résultats obtenus ouvrent la voie a des applications concretes dans les systemes de santé

urbains, en vue d’améliorer la qualité des soins et de sauver des vies.
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ABSTRACT

This thesis is in the field of artificial intelligence applied to pre-hospital emergency services,
with the main objective of designing intelligent models to improve ambulance response in
urban environments. It is based on the hypothesis that an integrated approach combining
prediction, explicability and real-time optimization can significantly reduce response times

and enhance the operational efficiency of emergency services.

The research work is structured in four parts. The first concerns the spatio-temporal forecasting
of ambulance demand. By analyzing historical data enriched with meteorological and temporal
variables, machine learning models have been developed, including an ensemble stacking
model. These models aim to anticipate the volume and location of emergency calls, enabling
proactive resource planning. The results obtained show a high predictive capacity, confirming

the relevance of the chosen approach.

The second section focuses on the interpretability of predictive models. In a context as
sensitive as healthcare, it is essential that algorithmic decisions are comprehensible to human
actors. Explainability techniques have been used to identify the most decisive factors in
the prediction of emergency calls. The analysis revealed that variables such as time of day,
weather and spatial distribution of incidents strongly influence model results. This step

ensures the transparency of predictions and encourages their adoption in the field.

The third section focuses on emergency medical triage, a critical step in the ambulance
dispatch process. Faced with the growing complexity of calls and the limitations of traditional
rule-based systems, an interpretable machine learning framework has been proposed to
support real-time decision-making. This framework is based on a flexible voting-based
ensemble classifier, integrating robust models such as Gradient Boosting, Random Forest and
Explainable Boosting Machine. By exploiting structured medical regulation data (clinical
indicators, call metadata, temporal variables), this model classifies calls according to their
level of severity, while ensuring transparency thanks to the joint use of SHAP values and the
permutational importance of variables. The model’s performance, evaluated on real data,
outperforms that of logistic regression approaches and traditional protocols, significantly
reducing the risk of under-sorting. This approach contributes to more reliable triage, better

prioritization of interventions, and enhanced decision support for dispatchers and paramedics.

The fourth part deals with the optimization of ambulance allocation and routing in real time.
A dynamic environment based on an urban grid has been modeled, where each ambulance

and incident is represented by an autonomous agent. Multi-agent reinforcement learning
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techniques were implemented to learn efficient dispatching policies. The models developed
take into account distances, incident priorities and road network conditions. Simulations show

a significant reduction in response times compared with conventional methods.

In summary, this research makes an original contribution to the intelligent management of
emergency services. It demonstrates that the integration of machine learning, explainability
and reinforcement learning not only enables us to anticipate needs accurately, but also to
effectively guide the allocation of resources in the field. The results obtained pave the way for
concrete applications in urban healthcare systems, with a view to improving the quality of

care and saving lives.
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CHAPITRE 1 INTRODUCTION

En Amérique du Nord, les Services Médicaux d’Urgence ont pour mission de prendre en charge
les situations médicales d’urgence : ils prodiguent des premiers soins et assurent le transport
des victimes dans un établissement hospitalier. Les Services Médicaux d’Urgence (SMU)
fournissent également des services de transport aux patients qui doivent se rendre d’un hopital

a l'autre, ou entre leur domicile et les établissements hospitaliers.

En 2014, 82% des personnes vivant dans cette partie du monde étaient installés dans les zones
urbaines [8]. D’ici 2050, 66% de la population mondiale vivront dans les villes et ce pourcentage
va continuer de croitre [8]. En situation de catastrophe, le nombre de victimes nécessitant des
interventions urgentes s’agrandit avec la population. Tout ceci exerce une pression constante sur
les infrastructures de transport : de nouveaux défis pour les acteurs publics, les entreprises du

milieu des Technologies de I'Information et de la Communication (TIC) et les gouvernements.

De plus, de nouveaux modeles de SMU sont en croissance : les services de soins a domicile
sont un nouveau modele en évolution croissante dans le secteur des soins de santé [9, 10].
Dans les pays comme le Canada la population est vieillissante et donc tres vulnérable aux
demandes de SMU [11]. Pour des raisons d’optimisation des services, l'objectif des SMU est
de traiter au moins 90% des appels urgents dans les 7 minutes, tandis que tous les appels
doivent étre traités dans les 15 minutes [12]. Ce qui augmente les activités de transport des

patients et exige une planification efficace.

Une solution serait de matérialiser le concept de ville intelligente « smart city». Une ville
intelligente est une ville utilisant les TIC pour améliorer la qualité des services urbains ou
réduire leurs cotits. Une ville intelligente est une zone urbaine qui utilise différents capteurs
électroniques de collecte de données pour fournir des informations permettant de gérer
efficacement les ressources et les actifs [13]. Le concept de ville intelligente integre les nouvelles
TIC et divers dispositifs physiques connectés au réseau, constituant 'Internet des objets
«Internet of Things», pour optimiser 'efficacité des opérations et des services urbains et se
connecter aux citoyens. Dans le contexte de transport intelligent, cela revient a intégrer
aux véhicules des capteurs pour améliorer la sécurité sur les routes, réduire la congestion et
optimiser les opérations en ville. Compte tenu des méthodes de communication modernes,
les flottes d’ambulances peuvent coopérer et interagir en temps réel. La prolifération des
données disponibles sur plusieurs aspects du parcours des soins médicaux d’urgence et de
leur environnement ouvre de vastes perspectives pour améliorer la répartition et le routage

des ambulances en temps réel. Une planification optimale des ressources hospitalieres peut



améliorer considérablement la capacité et l'efficacité du traitement des requétes des victimes et
des patients. Les informations collectées peuvent étre utilisées pour le routage des ambulances
et la gestion des opérations d'urgence [10]. Un systeéme de gestion des ambulances permet
d’offrir aux patients une plus grande probabilité de survie, de garantir des temps de réponse
suffisamment courts aux appels d'urgence (en particulier, les appels trés urgents) et dans la
possibilité pour les ambulances d’atteindre plus rapidement leur destination [12]. Cependant
une analyse perspicace sera nécessaire pour déterminer la meilleure fagon d’y parvenir. En
effet, dans ce contexte d’environnement volatil, plusieurs facteurs telles que la densité de la
population, le climat, la démographie, les créneaux horaires et bien d’autres ont une influence

sur le comportement des demandes de SMU.

Il devient des lors essentiel dans un environnement volatil et incertain, d’adopter de nouvelles
solutions d’analyse et de gestion des ambulances plus automatiques, évolutives et adaptatives
afin de garantir aux victimes une plus grande probabilité de survie et d’optimiser globalement
I'utilisation des ambulances; ce qui ne sera pas une mission simple. Pour faire face a ce défi, les
travaux de recherche de cette these seront principalement consacrés a la problématique liée a
la prédiction spatio-temporelle des demandes de SMU dans un environnement volatil pour une
allocation et un routage efficaces des ambulances, plus précisément en considérant plusieurs
facteurs influencant cette demande. Ensuite viendra I’allocation et le routage proprement dit

des ambulances dans un environnement connecté.

Dans cette section, nous allons présenter les définitions et les concepts de base, nécessaires a

la compréhension du sujet.

1.1 Définitions et concepts de base

1.1.1 Services médicaux d’urgence

Les Services Médicaux d’Urgence consistent en des soins médicaux pré-hospitaliers et un
transport en ambulance vers un établissement hospitalier [14]. Les systemes de Services
Médicaux d’Urgence ont pour mission de prendre en charge les situations médicales d'urgence :
ils prodiguent des premiers soins et assurent le transport et le transfert des victimes. La
plupart des appels/requétes d’urgence arrivent par téléphone a travers un numéro d’urgence
connu ou alors & travers des systémes d’alarme, comme le montre la Figure 1.1 [2]. L'urgence
de chaque appel est ensuite évaluée ainsi que la localisation de ’appel. Si 'appel nécessite
une intervention, une ou plusieurs ambulance (s) sont allouées sur le site de 'appel. Une fois
sur le site, si besoin, les patients sont transportés vers un centre de services hospitaliers. Dans

ce parcours de soins on note plusieurs probléemes. Le probleme central est ’allocation et le



routage des ambulances.
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F1GURE 1.1 Chronologie des services des ambulances et problemes connexes [2]

1.1.2 Ville intelligente

Une ville intelligente «smart city», encore appelée ville connectée est une ville innovante qui
utilise les technologies de I'information et de la communication TIC et d’autres moyens pour
améliorer la qualité de vie, 'efficacité des opérations et des services urbains et la compétitivité,
tout en veillant a répondre aux besoins des générations actuelles et futures en ce qui concerne

les aspects économiques, sociaux et environnementaux [15].

Les technologies clés des villes intelligentes sont la connectivité, 'informatique en nuage «
cloud computing », 'analyse des données, les capteurs, I'internet des objets et I'intelligence
artificielle. La Figure 1.2 représente le un large éventail d’applications et de cas d’utilisation
que couvre les villes intelligentes. Les trois cas d’utilisation couramment mis en avant par de

nombreux pays sont : le transport, la santé et la vie [16].



———————

F1cUurE 1.2 Ville intelligente [3]

1.1.3 Systéme de transport intelligent

En général, une ville intelligente se caractérise par des infrastructures de Technologies de
I'Information et de la Communication, contribuant a un systeme urbain de plus en plus
intelligent, inter-connecté et durable. Un systeme de transport urbain intelligent est un
systeme qui utilise des technologies intelligentes dans son exploitation et sa gestion. Une
technologie intelligente est un systeme auto-opératif et correctif qui nécessite peu ou pas
d’intervention humaine. Typiquement, il comporte trois éléments : des capteurs, une unité
de commande/contrdle et des actionneurs pour fournir les capacités de base : détection,
traitement et prise de décision, action (contréle) et communication [17]. Les STI proposent de
nombreuses solutions pour le transport routier en exploitant la météo routiere et les données
de trafic avec différentes technologies de communication. Les ST sont des systemes coopératifs
permettant la collaboration entre les véhicules et les infrastructures de transport en utilisant
des réseaux sans fil. Normalement, il existe quatre types de communication dans un systeme
de transport intelligent coopératif (C-ITS), a savoir, véhicule a véhicule (V2V), véhicule
a infrastructure (V2I), véhicule a piéton (V2P) et véhicule a réseau (V2N) [18], comme le

montre la Figure 1.3.
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FIGURE 1.3 Types de communications des véhicules dans un STI [4]

— V2V : est la communication directe entre les équipements utilisateurs (UE) des véhi-
cules ;

— V2I: La communication V2I est la communication entre les véhicules et I'infrastructure
routiere, c’est-a-dire les unités en bordure de route (RSU) fournissant un support de
connectivité a ’'UE de l'infrastructure de transport ;

— V2N est la communication cellulaire a grande distance entre les véhicules et une
infrastructure cellulaire pour assister les fonctions de circulation des véhicules.

— V2P : La communication V2P est la communication entre les véhicules et les piétons
(VE);

Dans cette these, nous nous focalisons sur les systemes de transport pour les urgences médicales

dans le cadre d’une ville connectée.

1.1.4 Intelligence artificielle et apprentissage automatique

L’Intelligence Artificielle (TA) désigne des systémes ou des machines qui imitent I'intelligence
humaine pour effectuer des taches et qui peuvent s’améliorer de maniere itérative en fonction
des informations qu’ils recueillent. L’intelligence artificielle se manifeste sous plusieurs formes
[19]. Cependant, l'intelligence artificielle et ses composantes sont intégrées dans un systéme

intelligent.

L’apprentissage automatique est une branche de I'IA et de 'informatique qui utilise principale-

ment des données et des algorithmes pour imiter la maniere dont les étre humains apprennent,



en améliorant progressivement sa précision. L’apprentissage automatique est une composante
importante en pleine expansion dans le domaine de la science des données. A partir des
méthodes statistiques, des algorithmes sont entrainés a effectuer des classifications ou des
prévisions, ce qui permet de découvrir des informations essentielles dans le cadre de projets
d’exploration des données. Ces informations permettent ensuite de prendre des décisions dans

les applications et les entreprises [20].

Intelligence artificielle (1A)

pnbEE TR,
we® e
-
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(Machine Learning)

-

Foréts classification
aléatoires automatique

ML L LT
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e

Deep
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FI1GURE 1.4 Intelligence artificielle et apprentissage automatique

1.2 Eléments de la problématique

Avec la croissance rapide des zones urbaines et I'augmentation constante de la population, les
services médicaux d’urgence (SMU) sont soumis & une pression accrue. L'un des défis majeurs
auxquels font face les centres de régulation des SMU est la capacité a anticiper les appels
d’urgence, a comprendre les facteurs influencant cette demande, et a déployer les ressources
disponibles de maniere rapide, efficace et équitable. Dans un tel contexte, 'intégration de
modeles d’intelligence artificielle (IA) apparait comme une solution prometteuse pour améliorer

la performance des systeémes de soins préhospitaliers.

Cependant, la mise en ceuvre de tels modeles n’est pas sans contraintes. D’une part, les appels
d’urgence sont influencés par des phénomenes spatio-temporels complexes : la variabilité selon
I’heure, le jour de la semaine, les saisons, les évenements locaux ou encore les conditions
météorologiques. D’autre part, les décisions d’allocation d’ambulances doivent étre prises en

temps réel, dans des environnements incertains, avec un nombre limité de véhicules et des



priorités concurrentes selon la gravité des cas. A cela s’ajoute le défi du triage médical initial,
ou la priorisation des appels conditionne directement I'efficacité des décisions de répartition

et la survie des patients.
Trois enjeux principaux structurent cette problématique :

— L’anticipation fiable de la demande : Il est crucial de pouvoir estimer avec
précision le nombre d’appels d'urgence dans I’espace et dans le temps, pour ajuster la
préparation opérationnelle des équipes SMU. Les méthodes classiques fondées sur des
moyennes historiques sont souvent insuffisantes pour capturer les dynamiques locales
et les anomalies. D’ou la nécessité de concevoir des modeles prédictifs plus performants,
capables de tirer parti de données riches et variées.

— L’explicabilité des modeles prédictifs : Les décisions critiques dans le domaine de la
santé exigent transparence et responsabilité. Or, de nombreux modeles d’apprentissage
automatique performants sont considérés comme des “boites noires”. Il devient alors
indispensable de doter ces modeles de mécanismes d’interprétation permettant aux
autorités de santé de comprendre les facteurs influencant les prédictions, et d’identifier
les biais éventuels ou les causes structurelles des fluctuations de la demande.

— Le triage médical des appels : La simple prédiction d’un volume d’appels ne suffit
pas si 'on ne distingue pas correctement la gravité et la priorité des cas signalés.
Un triage efficace et interprétable est indispensable pour orienter les décisions de
répartition des ressources, réduire les erreurs de classification (sous-triage ou sur-triage)
et assurer une prise en charge équitable et sécuritaire des patients.

— L’optimisation dynamique de I’allocation et du routage : Enfin, méme avec une
prédiction parfaite de la demande, il reste nécessaire de déterminer comment affecter
efficacement les ambulances aux incidents en tenant compte de leur position, de la
circulation, des délais de réponse estimés, et des ressources hospitalieres disponibles.
Cela implique la modélisation du probleme comme un environnement dynamique,
partiellement observable, ou plusieurs agents (ambulances) interagissent simultané-
ment. L’apprentissage par renforcement multi-agent devient une piste privilégiée pour

apprendre a coordonner ces actions dans des scénarios réalistes.
Ces enjeux sont liés par des contraintes transversales, telles que :

— La qualité et la disponibilité des données : Les modeles prédictifs et décisionnels
reposent sur des données historiques, météorologiques, géospatiales, démographiques
et opérationnelles qui peuvent étre bruitées, incompletes ou hétérogenes.

— Les exigences en matiere de temps réel : Les SMU nécessitent des solutions

opérationnelles rapides, robustes, capables de s’adapter a des situations évolutives en



quelques secondes.
— L’équité et 'impact social : Un systeme optimisé ne doit pas seulement minimiser
le temps de réponse global, mais également garantir une desserte équitable de toutes

les zones, y compris les quartiers défavorisés ou éloignés.

Au regard de ces constats, la question principale qui guide cette these est la suivante :

Comment concevoir des stratégies permettant de prédire la demande en services
médicaur d’urgence, d’interpréter ces prédictions, et d’optimiser dynamiquement
l'allocation et le routage des ambulances, dans une perspective de minimiser les

temps d’attente des patients en urgence ?

De cette question centrale découlent les sous-questions de recherche suivantes :

— Comment construire un modele d’apprentissage automatique robuste capable de prédire
avec précision les appels d'urgence a court terme, a 1’échelle spatio-temporelle fine ?

— Quelles méthodes d’interprétabilité sont les plus adaptées pour identifier et comprendre
les facteurs influengant ces prédictions, dans un cadre transparent et éthique ?

— Quel modele de triage médical automatisé, fiable et interprétable, doit étre adopté
pour d’améliorer la priorisation des appels et de réduire les erreurs de classification ?

— Quelle stratégie d’allocation dynamique et de routage optimisé des ambulances, doit
étre mise en place pour apprendre a coordonner les décisions dans un environnement

dynamique et incertain ?

1.3 Objectifs de recherche

L’objectif principal de cette these est de proposer des modeles d’analyse des données durgence,
des mécanismes de triage médical interprétables, ainsi que des stratégies d’allocation et de
routage des ambulances dans un contexte de ville intelligente, afin de réduire le temps d’attente

des patients et d’améliorer I’équité et la transparence des décisions.

De maniere plus spécifique, nous visons a :

1. Concevoir un modele d’analyse et de prédiction des demandes de services médicaux
d’urgence quotidiennes pour mieux gérer les flottes d’ambulances en temps réel ;

2. Proposer des méthodes d’explicabilité et d’interprétabilité permettant de comprendre
les facteurs influengant les prédictions et d’assurer la confiance des acteurs de santé;

3. Concevoir un modele de triage médical automatisé et interprétable, afin d’améliorer
la priorisation des appels et de réduire les erreurs de classification (sous-triage et

sur-triage) ;



4. Proposer une stratégie dynamique d’allocation et de routage des ambulances, permet-
tant d’affecter les véhicules aux zones ou incidents prioritaires et de sélectionner les
itinéraires optimaux en fonction du trafic, des contraintes de temps et des besoins des

patients, afin de réduire les délais d’intervention.

5. Implémenter et évaluer les performances des modeles, des méthodes et strategies

proposés en utilisant les métriques associées.

1.4 Principales contributions de la these et leur originalité

Cette these vise a améliorer la performance des services ambulanciers a travers une approche
intégrée combinant prédiction spatio-temporelle, explicabilité des modeles, triage médical des
appels, et optimisation dynamique de I’allocation des ressources. Les contributions s’inscrivent
dans une perspective interdisciplinaire mobilisant ’analyse de données spatio-temporelles,
I’apprentissage automatique, et I'apprentissage par renforcement. Elles se déclinent en cingq

axes principaux :

La premiere contribution consiste en le développement d’'un modele de prévision spatio-
temporelle des appels d'urgence basé sur 'apprentissage automatique. En exploitant des
données historiques enrichies par des variables temporelles, météorologiques et géographiques,
un modele d’ensemble par empilement «Stacking» a été congu afin d’anticiper avec précision
le volume et la localisation des appels d’urgence. L’approche se distingue par sa capacité
a combiner les forces de plusieurs algorithmes de régression, ce qui permet d’atteindre une
performance prédictive supérieure aux méthodes classiques. Ce modele constitue une brique

essentielle pour une planification proactive des ressources en milieu urbain.

La deuxiéme contribution concerne 'explicabilité des prédictions issues des modeles d’appren-
tissage automatique. Dans un contexte aussi critique que celui de la santé, la transparence
des décisions algorithmiques est fondamentale. A cette fin, nous avons fait une adaptation
de I'algorithme Boruta-SHAP pour la demande des services médicaux d’urgence, comparé a
neuf méthodes d’interprétabilité comme RFE, Ridge, RFFI et LASSO ont été mobilisées pour
analyser I'importance relative des variables explicatives. Cette étape permet non seulement de
valider les prédictions aupres d’experts du domaine, mais aussi d’identifier des facteurs clés
(comme I'heure, la densité urbaine ou les conditions météorologiques) influengant la demande
ambulanciere. L’originalité de cette contribution réside dans la comparaison systématique de
plusieurs techniques d’explicabilité combinées a une analyse comparative de leurs apports

respectifs et mise en ceuvre d’une adaption de Boruta-SHAP pour la demande des SMU.

La troisieme contribution porte sur la proposition d'un modele de triage médical automatisé
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et interprétable, permettant de prioriser les appels d’urgence en fonction de leur gravité. En
s’appuyant sur des classificateurs ensemblistes et des méthodes d’explicabilité (SHAP), cette
contribution vise a réduire les erreurs de sous-triage et de sur-triage, tout en garantissant un

processus de décision transparent et éthique pour les régulateurs médicaux.

La quatrieme contribution combine la modélisation d’un environnement simulé de répartition
des ambulances et I'application de 'apprentissage par renforcement multi-agents (MARL)
pour l'allocation et le routage des ambulances. L’environnement, construit sur une grille
urbaine, représente chaque ambulance et chaque incident comme des agents évoluant dans
un espace dynamique, avec des états comprenant la position géographique, les conditions de
circulation et les priorités d’incident. Cet environnement sert de base pour entralner et tester
plusieurs approches MARL, notamment DQN, MADQN et QMIX, afin de développer des
agents capables de prendre des décisions coordonnées visant a minimiser les temps de réponse.
L’originalité de cette contribution réside dans 1'utilisation de données réelles pour guider la
fonction de récompense, ainsi que dans la capacité des agents a adapter leurs décisions aux

contraintes dynamiques et incertaines de I’environnement urbain.

Enfin, la cinquieme contribution est la mise en place d'un cadre expérimental complet
permettant de visualiser et d’évaluer les performances du systéme. Des outils de visualisation
ont été intégrés afin d’observer les trajectoires, les temps d’intervention et 1’évolution des
décisions des agents en temps réel. Ce cadre facilite la comparaison entre différentes stratégies

et constitue une base pour un déploiement futur dans un contexte opérationnel.

En somme, cette these propose une approche novatrice et systémique de la gestion des urgences
médicales, en mobilisant des techniques avancées d’intelligence artificielle au service d’une
meilleure planification, d’'une plus grande transparence, d’une priorisation éthique des appels,
et d'une optimisation dynamique de la répartition des ambulances. L’originalité de ce travail
réside dans la combinaison de méthodes prédictives, explicables, de triage, et décisionnelles
dans un cadre expérimental complet, offrant une solution réaliste, éthique et efficace pour les

services préhospitaliers d urgence.

1.5 Plan de la thése

Dans ce chapitre introductif, nous avons présenté le contexte général de la recherche, en
décrivant les enjeux liés a la gestion des services ambulanciers en milieu urbain et 'apport
potentiel de I'intelligence artificielle. Apres avoir défini les concepts clés, nous avons exposé la
problématique, les objectifs poursuivis, ainsi que les contributions originales de cette these.

La suite du manuscrit est constituée des chapitres 2 a 9.
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Le chapitre présente une revue critique de la littérature portant sur la prévision de la demande
en services d'urgence, les approches d’apprentissage automatique explicables, le triage médical
et les stratégies d’optimisation dynamique de ’allocation des ressources. Nous y mettons en
lumiere les limites des travaux existants et nous justifions 'approche intégrée adoptée dans

cette recherche.

Le chapitre 3 décrit la démarche méthodologique globale. Nous précisons 'articulation entre les
objectifs de recherche et les articles scientifiques qui en sont issus. Nous présentons également
les jeux de données utilisés, les outils d’analyse, ainsi que les criteres d’évaluation retenus

pour chaque volet.

Le chapitre 4 dévoile l'article 1, intitulé A Stacking Ensemble Machine Learning Model for
Emergency Call Forecasting, publié dans la revue IEEFE Access. Nous y détaillons le dévelop-
pement et ’évaluation d’'un modele prédictif pour anticiper la demande spatio-temporelle en

ambulances, a partir de données urbaines, temporelles et météorologiques.

Le chapitre 5 présente l'article 2, intitulé Ezplainable Machine Learning for EMS Call
Forecasting using Boruta-SHAP, soumis pour publication dans le journal IEEE Journal
of Biomedical and Health Informatics. Dans ce travail, nous analysons ’explicabilité des
modeles de prédiction a I'aide de 'approche Boruta-SHAP, comparée a différentes techniques
d’interprétabilité (SHAP, RFFI, RFE, LASSO, SKBest, Ridge, Boruta), et nous fournissons

des analyses sur I'importance des facteurs déterminants de la demande.

Le chapitre 6 expose 'article 3, intitulé Ensemble-based Machine Learning for Emergency
Medical Triage : Enhancing Dispatch Decision Support, soumis pour publication dans le
journal IEEE Access. Nous y proposons un modele de classification interprétable (soft voting
+ SHAP) pour améliorer la priorisation des appels d'urgence, réduire les erreurs de triage et

soutenir la prise de décision des régulateurs médicaux.

Le chapitre 7 présente les travaux sur Multi-Agent Reinforcement Learning for Emergency
Dispatch and Routing. Nous y proposons un environnement simulé basé sur une grille urbaine,
dans lequel nous testons différents algorithmes d’apprentissage par renforcement multi-agents
(DQN, MADQN, QMIX) afin d’optimiser l'affectation et le routage des ambulances.

Le chapitre 8 est une discussion générale de la these. Nous revenons sur les apports transversaux
de la recherche, nous identifions les limites de chaque volet et nous explorons des pistes de

recherche futures en lien avec le déploiement opérationnel des solutions proposées.

Enfin, le chapitre 9 conclut la theése en récapitulant les contributions majeures et en mettant

en perspective les retombées scientifiques et sociétales de ce travail.
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CHAPITRE 2 REVUE DE LITTERATURE

Dans ce chapitre, nous allons étudier les travaux qui ont porté sur la gestion des ambulances
dans un environnement dynamique. Nous allons d’abord décrire les différentes méthodes et
approches sur les méthodes d’analyse et de prédiction des demandes de services médicaux
d’'urgence. Nous présenterons ensuite les travaux portant sur I'explicabilité et 'interprétabilité
des modeles prédictifs, en mettant en avant I'importance de la transparence et de la confiance
dans un contexte critique comme celui des SMU. Puis, nous examinerons les contributions
existantes sur le triage médical des appels d'urgence, en particulier les approches de classi-
fication et leurs limites en termes de sous-triage et de sur-triage. Ensuite, nous étudierons
les mécanismes d’allocation et de routage des ambulances, ainsi que leurs limites dans un
environnement urbain incertain. Enfin, nous proposerons une analyse critique des travaux
existants avant de mettre en exergue la problématique de la gestion des ambulances dans un

environnement dynamique, et les questions de recherche auxquelles nous cherchons a répondre.

2.1 Analyse sommaire du probléme de gestion des ambulances

Les services d’urgence médicaux représentent 1'un des services de soins de santé les plus
importants, car il joue un role vital pour sauver la vie des humains et réduire le taux de
mortalité et de morbidité [6]. D'un point de vue global, les travaux pour une gestion des
itinéraires des ambulances dans un réseau visent un ensemble de techniques, d’architectures
et de protocoles, dans le but d’optimiser les ressources par des politiques d’allocation et de
routage adéquates. Cette gestion permet de garantir un degré de performance aux différentes
applications, de leur donner des traitements différents suivant leur niveau de priorité en

besoins de SMU, et d’assurer globalement des temps de réponse rapides sur les interventions.

Dans la pratique, la région d’intervention des ambulances est divisée en zones. Chaque zone a
un nombre d’ambulances défini. La Figure 2.1 représente un territoire divisé en 4 zones : 1, 2,
3 et 4. Chaque zone est matérialisée par une station de base des ambulances. Considérons les
points i (dans la zone 2), j (dans la zone 2) et m (dans la zone 1) comme neeuds d’apparition
des incidents. A un instant t, un incident au noeud i apparait, les ambulances de la station
2 sont assignés au noeud i. A un nouvel instant t+1, un autre incident apparait au noeud
j, la station 1 étant tres loin il faut une redirection des ambulances de la station 2 vers le
neceud j et les ambulances de la station 1 sont déja assignés au noeud i. Si en méme temps
encore un autre incident apparait au nceud m, il faut une redirection des ambulances de la

station 3 vers la station 1. Il est question d’avoir des temps de trajet cours, une couverture
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sur toutes les requétes; de minimiser les temps de réponse pour les futurs incidents. Gérer les
flottes de véhicules d’ambulances est un probléme tres complexe puisque cela fait intervenir
plusieurs types d’information pour la prise de décision. On note notamment le comportement
de I'apparition des incidents, les temps de déplacement des ambulances ainsi que la charge
de travail « Workload » des ambulanciers et plusieurs autres facteurs doivent étre pris en

compte pour une gestion optimale et précise.

FIGURE 2.1 Exemple de probleme d’allocation et de routage des ambulances [5]

Etant donné une flotte prédéterminée d’ambulances en attente dans des emplacements
prédéterminés, un ensemble de points d’attente (emplacements des victimes), une partition
du territoire cible en zones, les appels (demandes) pour les zones et les temps de parcours
moyens entre les lieux (points d’attente et zones) il est question d’affecter des ambulances aux
demandes, de faire le suivi et le repositionnement des ambulances entre les points d’attente
(stations, hopitaux). L’objectif est de garantir des temps de réponse satisfaisants (suffisamment
courts) aux appels d'urgence (en particulier, les appels trés urgents). Le probléeme est de
trouver une stratégie d’assignation et de routage des ambulances qui répondra aux objectifs de

couverture et de demande, ceci en tenant compte des variations des informations en temps-réel.

Les facteurs qui influencent le probleme d’allocation et routage des ambulances peuvent étre

répertoriés comme suit :

— Le comportement des appels;

— L’occurrence des évenements ;

— Le nombre d’ambulances disponibles;

— La charge de travail (workload) des ambulances ;

— La géographie de la zone couverte dans le temps critique (temps de couverture prédé-
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fini) ;

— Les conditions de trafic : les trajectoires, la congestion, les pannes, etc.

2.2 Les modeles d’analyse et de prédiction des demandes de SMU

L’objectif principal des organismes de SMU est de répartir efficacement les ambulances et
le personnel nécessaires pour assurer une couverture géographique suffisante d’un territoire
de service tout en minimisant les temps de réponse aux demandes hautement prioritaires.
Etant donné que la demande d’ambulances est connue pour fluctuer dans 'espace et dans
le temps en fonction de I'heure de la journée et du jour de la semaine, les effectifs des SMU
dépendent des prévisions du volume d’appels pour élaborer des plans de dotation en personnel
et de redéploiement dynamique. Plusieurs travaux de recherche [11,21-26] sur la question ont
apporté des progres notamment sur l'aspect temporel et spatial des demandes de services
médicaux d’urgence, ceci en considérant plusieurs facteurs pouvant influencer cette demande

de SMU. La Figure 2.2 présente les catégories de modeles utilisés dans la revue de littérature.

2.2.1 Modeles empiriques par estimation

Les modeles empiriques par estimation représentent les modeles de base les plus utilisés
dans I'industrie, caractérisés par les calculs statistiques prédéfinis tels que la moyenne sur les
observations a différents temps comme les saisons, les mois, les semaines, etc. Les modeles
empiriques les plus connus sont : le modele prédictif naif, le modele High Availability (HA)
et le modele MEDIC. Le modele prédictif naif fournit une prévision rentable en utilisant la
derniere valeur de demande observée. En d’autres termes, la demande & un instant t sachant
celle de I'instant d’avant t-1 est proportionnelle a celle a I'instant t. Le modele HA permet de
faire la moyenne de toutes les observations historiques disponibles de la région de répartition
correspondante au cours de l'année précédente pour produire une prévision [21]. La méthode
MEDIC [22] est une pratique courante de I'industrie, qui est déployée dans des villes telles
que Toronto et Charlotte [23]. La méthode MEDIC consiste a faire la moyenne des Z derniéres
observations de méme heure de plusieurs mois précédents pour la prévision. Elle peut étre
considérée comme une combinaison de la méthode HA et de la méthode naive considérant le
comportement journalier de la demande. Wang et al. [11] ont exploité cette idée en fixant Z =
20, conformément & la pratique en 2021. Précédé par les travaux de [23] qui pour toute période
de 2 heures en mars 2007, ont fait la moyenne des densités de demande correspondantes
dans les 4 semaines précédentes. Ces modeles sont statiques et ne tiennent pas compte des

évolutions des différences dans la demande des SMU avec le temps et plusieurs autres facteurs.
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2.2.2 Modeles classiques de séries temporelles

Les modeles en séries temporelles représentent les méthodes décrivant les auto-corrélations
linéaires dans une certaine variable évoluant dans le temps. Ils représentent les modeles
statistiques basés sur 'auto-régression (AR) : Auto-Regressive Integrated Moving Average
(SARIMA) et Vector AutoRegressive (VAR). Le modele VAR est largement utilisé pour les
séries temporelles multi-variées, en capturant les interdépendances linéaires entre elles, ce qui
représente la corrélation spatiale dans notre cas. Wang et al. [11] utilisent ces trois modeles

comme modeles de référence.

Vile et al. [27] ont proposé I’Analyse Spectrale Singuliere (Singular Spectrum Analysis (SSA))
pour générer des prévisions précises de la demande des SMU. SSA est une technique non
paramétrique pour l'analyse des séries temporelles. Cette technique permet une décomposition

multimodale des demandes de SMU en composantes périodiques, tendances et bruit.

2.2.3 Modeles probabilistes

Un modele probabiliste est un modele basé sur les inférences statistiques. On distingue

plusieurs modeles probabilistes : gaussien, estimation de la densité du noyau, bayésien, etc.

Zhou et al. [23] ont proposé un modele de mélange gaussien Gaussian Mixture Model (GMM)
pour estimer la distribution de la demande en ambulance a Toronto, au Canada. En se
basant uniquement sur la distribution des données, les distributions des composantes du
mélange sont fixées sur toutes les périodes afin de surmonter la rareté des données et de
décrire avec précision la structure spatiale de Toronto, tout en représentant la dynamique
spatio-temporelle complexe grace a des poids de mélange variant dans le temps. Les poids de
mélange permettent de capturer la saisonnalité hebdomadaire et une priorité autorégressive
conditionnelle sur les poids de mélange de chaque composante pour représenter la dépendance
sérielle a court terme et la saisonnalité quotidienne spécifiques a 'emplacement. Bien que
I’estimation puisse étre effectuée a I'aide d’'un nombre fixe de composantes du mélange, les
auteurs étendent également I'estimation du nombre de composantes a l'aide de la méthode de
Monte Carlo par chaine de Markov de naissance et de mort. Il est démontré que le modele
proposé offre une meilleure précision de prédiction statistique et réduit I'erreur de prédiction
de la performance opérationnelle des services médicaux d’urgence de deux tiers par rapport a
un modele typique. Ce travail est limité par I'utilisation unique des historiques de requétes.
L’utilisation des variables supplémentaires telles que la météo, les événements spéciaux, la
population et les variables démographiques doivent étre pris en compte pour rendre le modele

plus adaptable dans 'aspect pratique.
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Xu et al. [28] ont proposé une estimation de la densité du noyau spatio-temporel (Space-Time
Kernel Density Estimation (ST-KDE)) localement adaptatif pour modéliser les requétes de
SMU comme un processus de Poisson non homogene (InHomogeneous Poisson Process (IHPP)).
ST-KDE est une méthode non paramétrique pour estimer une fonction de densité de probabilité
dans les statistiques. La méthode pondere les noyaux spatiaux par des fonctions basées sur la
dépendance temporelle correspondante dans chaque zone communautaire pour incorporer les

variations spatio-temporelles complexes dans les demandes de SMU.

Nicoletta et al. [24] ont présenté un modele bayésien, basé sur le calcul des inférences
postérieures en utilisant les chaines de Markov Monte Carlo « Markov Chain Monte Carlo
(MCMC)». Les auteurs se servent des probabilités des demandes regues dans les jours passés
pour chaque zone pour prédire les demandes du jour présent. Les résultats montrent bien
Iefficacité de la méthode. La méthode bayésienne a cette habileté de combiner les données
disponibles (les inférences tirées des données) telles que ces inférences postérieures peuvent
étre utilisées comme information a priori pour les nouvelles données. La ville a été divisée en
plusieurs zones de 4 catégories différentes en fonction du niveau de fréquentation de celle-ci :
résidentielle, rue, place de travail et autres, ce qui peut limiter I'implémentation du travail.
Dans la pratique, les centres d’urgence sont répartis en fonction de plusieurs facteurs : la
densité de la population, la géométrie de la ville, le type d'urgence, le climat, le nombre de
zones a couvrir et les ressources disponibles (c’est-a-dire le nombre d’ambulances, les places
dans les hopitaux, etc.), et d’autres. De plus les auteurs se basent uniquement sur ces zones
pour effectuer les prédictions, plusieurs caractéristiques doivent étre prises en compte pour
rendre le travail adaptable dans ’aspect pratique : pas seulement une prédiction par zone
mais aussi a court, moyen et long termes, c’est—a-dire une prédiction par heure de pointe
de la journée, par semaine, par mois en tenant compte des variations comme les fériés et les
facteurs cités plus haut. En plus de tenir compte de la position pour faire les prédictions, on

devrait tenir compte de plusieurs autres caractéristiques.

2.2.4 Modeles basés sur ’apprentissage

Le modele basé sur 'apprentissage regroupe les méthodes d’apprentissage automatique «
Machine Learning et Deep Learning ». Ce modele consiste a rassembler une grande quantité
d’exemples pour déterminer les schémas sous-jacents, puis a les utiliser pour effectuer des
prédictions concernant de nouveaux exemples [29]. Hermansen et al. [25] ont présenté deux
méthodes d’apprentissage automatique pour la prédiction des demandes de services médicaux
dans la ville de Oslo : «Multi-Layer Perceptron (MLP)» et «Long Short-Term Memory

(LSTM)». A partir des historiques des demandes et des données météo les auteurs utilisent
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une délimitation de rayon 1 km pour chaque zone et considerent un intervalle de temps
1h pour effectuer les prédictions. Deux approches ont été expérimentées : une dite split
(basse résolution), qui effectue des prédictions de volumes de demandes par zone de fagon
séparée et une autre approche dite complete (haute résolution) qui prédit dans les volumes de
demandes dans tout 1’espace d’étude choisi. L’inconvénient de 1'utilisation haute résolution
spatio-temporelle est que les données deviennent plus éparses et stochastiques, ce qui rend les
prédictions plus difficiles. Les résultats montrent que la prédiction par split en utilisant la
méthode MLP est meilleure pour effectuer les prédictions de demandes de services d’urgence.
Ce qui justifie bien I'impact de la température et des précipitations sur le comportement des
appels d’urgence. Pour rendre la méthode plus efficace, il faut considérer les jours et heures
de pic car leurs volumes peuvent influencer sur la prédiction. Dans cet article, les auteurs ne
tiennent pas compte de la densité de la population. Une densité de la population par zone de
différentes tailles peut améliorer ce travail. Les prédictions probabilistes ou les prédictions
basées sur différents intervalles de temps sont ainsi a explorer pour apporter un plus a ce
travail. Incorporer plusieurs autres facteurs tels que la mobilité des utilisateurs en fonction
des variations de la météo, des déplacements et bien d’autres peuvent nettement apporter un

plus.

Lin et al. [26] ont testé et comparé 6 méthodes d’apprentissage automatique pour prédire
les demandes de SMU : «Regional Moving Average» (RMA), «Support Vector Regression»
(SVR), «Multi-Layer Perceptron» (MLP), «Radial Basis Function Network» (RBFN) et
«Light Gradient Boosting Machine» (Light GBM). En utilisant les données réelles sur les
demandes de SMU et ’aspect social des populations, la méthode Light Gradient Boosting
Machine (LightGBM) se trouve étre la meilleure méthode pour les prédictions sur 7 et 30
jours. Cette comparaison est basée uniquement sur les erreurs de prédiction. Le temps de
réponse des méthodes permettra aussi de justifier la comparaison des performances. Plusieurs
autres caractéristiques influengant les demandes de SMU sont a exploiter pour rapprocher
I’exploitation des résultats dans la réalité. Les corrélations spatiales et temporelles dans les
enregistrements historiques des systemes de SMU et les méthodes existantes considerent
principalement ’ancien invariant dans le temps, ce qui ne tient pas nécessairement dans la
réalité. De plus, cette hypothese ne tient pas compte du fait que les dynamiques en coulisses
sont des personnes, dont les profils démographiques et les modeéles d’activité pourraient étre

des déterminants des demandes régionales de SMU.

Wang et al. [11] ont exploré les routines quotidiennes collectives en mobilité humaine, pour
mieux représenter I’évolution des corrélations spatiales. Les auteurs ont modélisé des groupes
de mobilité profilés en tant que marches aléatoires multiples et proposent un réseau de neurones

a deux composants : une couche de convolution multi-graphe «Multi-Graph Convolutional
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Network» (MGCN) hétérogene et un module d’attention a entrelacement spatio-temporel, pour
effectuer la tache de prédiction. Les auteurs utilisent une couche de convolution multigraphe
hétérogene «Heterogeneous Multigraph Convolution Layer» (HMGCN) pour capturer simul-
tanément les caractéristiques spatiales variant dans le temps et dans ’espace. ils proposent
un module d’attention entrelacé spatio-temporel «Spatio-Temporal Interlacing Attention
Module» (STIAM) pour exploiter de maniére complete la dynamique dans de multiples
représentations spatiales et temporelles. Ce modele a été comparé avec 9 modeles : la méthode
naive, «High Availability» (HA), MEDIC, «Auto-Regressive Integrated Moving Average»
(SARIMA), «Vector AutoRegressive» (VAR), «Fully-Connected Gated Recurrent Unity» (FC-
GRU), «Multi-Graph Convolutional Network-Long Short-Term Memory» (MGCN-LSTM),
«Spatio-Temporal Graph Convolutional Network» (ST-GCN) et «Spatio-Temporal Multi-
Graph Convolutional Network» (ST-MGCN). Les résultats expérimentaux sur les données
du monde réel vérifient 'efficacité de I'introduction de la mobilité humaine dynamique et
I’avantage de ’approche par rapport aux modeles de pointe qui n’utilisent que principalement
les corrélations spatiales et temporelles dans les enregistrements historiques des systemes de
SMU sans tenir compte de I'aspect invariant dans le temps des appels observés. Cependant
cette approche est validée sur une grande résolution spatio-temporelle. Il faut explorer davan-
tage de modeles spatiaux et temporels & petite résolution (par exemple les comportements de
mobilité pendant le week-end, les périodes dans la journée, les jours fériés, etc) et appliquer

la méthode proposée a des taches de prédiction spatio-temporelles plus nombreuses.

Nakai et al. [30] ont développé un modele de prédiction du nombre de victimes de coups
de chaleur dans la ville de Kobe en appliquant I'apprentissage automatique aux données
d’observations météorologiques passées et aux enregistrements des envois d’urgence. Ils
proposent la méthode «Partial Least Squares Regression» (PLSR) pour la prédiction du
nombre de victimes de coups de chaleur & moyen terme (4-7 jours) en utilisant les données
de prévisions météorologiques passées. Cependant les auteurs n’ont utilisé que les éléments
inclus dans les prévisions météorologiques hebdomadaires comme variables explicatives. Ces
variables explicatives ont été traitées en caractéristiques qui peuvent refléter les caractéristiques
régionales. En outre, le processus de prédiction a été rendu interprétable. Aprées la construction,
ils ont prédit le nombre de coups de chaleur a moyen terme en utilisant les prévisions
météorologiques hebdomadaires réelles de la ville de Kobe. Plusieurs variables explicatives

peuvent encore étre explorées.

Jin et al. [31] sont allés sur la base que le comportement des demandes de SMU est basé
sur trois principaux facteurs : la densité démographique de la population, les facteurs socio-
économiques de la région d’étude et les conditions des hopitaux. Pour exploiter ces différentes

caractéristiques les auteurs ont développé un réseau de neurone convolutif a graphes bipartis
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«Bipartite Graph Convolutional Network» (BiGCN). Plus précisément, ils transforment le
probleme de prédiction de la demande en un probleme de classification des étiquettes d’arétes
dans un graphe biparti hopital-région. Le graphe biparti est un type particulier de graphe
dont les noeuds se divisent en deux ensembles disjoints de sorte que 'aréte relie les noeuds d’un
ensemble a 'autre. Les hopitaux et les régions servent de deux ensembles de noeuds individuels.
Les hopitaux et les régions servent de deux ensembles de noeuds individuels. L’aréte relie un
nceud d’hopital et un nceud de région, indiquant qu’une urgence s’est produite dans cette
région et que les blessés sont envoyés dans cet hopital. Comparé a 14 autres méthodes telles
que «Support Vector Machine» (SVM), «Gradient Boosted Decision Trees» (GBDT), «Linear
Regression» (LR), «Graph Convolutional Network» (GCN), et d’autres. La méthode BiGCN

a prouvée étre trés prometteuse, suivie par la méthode GBDT.

2.2.5 Discussion du potentiel d’application des modeles et techniques présentés

Les techniques et modeles présentés dans les articles sont tres enrichissantes et variées. La
prédiction des demandes de services médicaux d’urgence est une problématique qui influence
I’allocation des ambulances aux appels. Avoir une estimation plus précise et variée sur le
comportement de la demande permet d’améliorer la réaffectation et le routage des ambulances
par zone, ceci pour minimiser le temps de réponse des ambulances et augmenter la probabilité
de suivi des patients. Dans le cadre de la these, nous comptons exploiter de plus en plus
les points forts et points faibles des approches proposées jusqu’ici. Notamment explorer la
prédiction en temps réel, temps utile pour I'allocation des ambulances aux demandes. On
note déja que plusieurs facteurs tels que la météo, la mobilité des habitants (densité de la
population), les horaires et la disposition géographique ont un impact sur I'occurrence des
urgences. Mais ces facteurs sont considérés séparément dans les articles. Nous comptons
proposer une approche/méthode plus généralisable. Et explorer d’autres facteurs tels que
le type d'urgence décrit par la demande. Notez que dans le contexte de villes intelligentes,
contexte de travail de la these, on assiste a de multiples connexions qui donnent naissance a
de grandes variétés de données. En analysant et en utilisant le journal des services médicaux
d’urgence, il est possible d’améliorer les services d'urgence. Par exemple comme cité plus
haut, la ré-allocation des ambulances pour répondre a la demande d’urgence, et ainsi le
développement des stratégies de répartition en stratégies de répartition en prévision de la
demande d’urgence. Cette proposition de recherche est donc en partie basée sur un modele
d’analyse et de prédiction des demandes de services médicaux durgence pour mieux gérer
les flottes d’ambulances en temps réel. Différentes approches spatio-temporelles sur plusieurs
résolutions (comme la zone, la position, le temps, Uinterval de temps) seront explorées.

Plusieurs méthodes (telles que : Online Machine Learning, Graph Neural Network (GNN),
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etc.) restent encore a explorer et a comparer avec ce qui a été fait jusqu’ici. Une modélisation
de cette prédiction sera couplée aux stratégies d’allocation et de routage. Nous insisterons sur

I’aspect visualisation des statistiques et prédictions.

Une des plus fréquentes remarques est 1'utilisation des données réelles dans les travaux cités
plus haut, ces données proviennent d’un environnement dynamique. La plupart des modeles
cités jusqu’ici sont des modeles hors ligne pourtant utilisent des caractéristiques provenant
d’un environnement réel et dynamique : le monde réel est dynamique mais les modeles sont
hors ligne. On voit notamment que les méthodes hors ligne d’apprentissage représentent des
défis :

— Mémoire inefficace : Le stockage et I'organisation d’un grand volume de données pour
générer I’ensemble d’entrainement deviennent un sérieux probléme pour les ressources
de stockage et de calcul ;

— Faible évolutivité : Les modeles sont souvent ré-entrainés, une opération cotiteuse en
termes de temps, de mémoire et de frais généraux de calcul ;

— Probleme de dérive de la distribution : Les données peuvent changer dans le temps
pour diverses raisons, les algorithmes hors ligne ne sont pas en mesure de gérer la dérive
des concepts car ils supposent que les données sont indépendantes et identiquement
distribuées ;

— Manque de données étiquetées ;

— Les algorithmes d’apprentissage supervisé hors ligne nécessitent une grande quantité

de données étiquetées de haute qualité pour étre précis.

2.2.6 Modeles hors ligne et en ligne

Le modele par apprentissage hors ligne « offline » ou par lots est I’approche standard de
I’apprentissage automatique, c¢’est une approche qui ingere toutes les données en méme temps
pour créer un modele, tandis que 'apprentissage en ligne « online » est une approche qui
prend les données d’une observation a la fois [32]. Hermansen et al. [25] ont proposé des
versions en ligne des méthodes de prévision hors ligne MLP et LSTM afin de rendre les
modeles dynamiques et de tirer le meilleur parti des données disponibles. Ils utilisent donc une
approche hybride pour les modeles en ligne en les formant d’abord hors ligne sur I’ensemble de
d’entrainement, puis en poursuivant I’apprentissage en ligne sur ’ensemble de validation/test.
Les modeles en ligne étendent leurs homologues hors ligne : 'apprentissage en ligne s’effectue
apres I'apprentissage hors ligne initial. L’article [25] est le seul travail que nous avons trouvé
a cette date, utilisant les fonctionnalités en ligne pour les modeles de prédiction des appels

d’urgence. Le Tableau 2.1 [1] représente la comparaison entre les modeles hors ligne et les
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TABLEAU 2.1 Comparaison des modeles hors ligne et en ligne [1]

Caractéristiques | Apprentissage automatique en ligne Apprentissage automatique hors ligne
Plus complexe parce que le modele continue Moins complexe car le modele est
Complexité d’évoluer au fil du temps a mesure que alimenté périodiquement avec des
davantage de données deviennent disponibles. ensembles de données plus cohérents.
Puissance U/ne ph}s grand(? puissance.de calc.ul est . Moin/s de p.uissance de calclul o
de caleul nécessaire en raison de 'alimentation continue est nécessaire car les données sont livrées par lots;
des données qui conduit & un raffinement continu. le modele ne s’affine pas continuellement.
Utilisation Ph{s difﬁcile a mettre en \place o Plus facile a mettre en ceuvre car lapprentissage
en production et a contro%er car le m.odele de production evo,lue hors hgne donne aux\lngenleurs pl}lS d.e temps pour
en temps réel en fonction de son flux de données. perfectionner le modele avant le déploiement.
Utilisé dans les applications ou de nouveaux modeles | Utilisé dans les applications ou les modeles de données
Applications de données sont constamment requis (par exemple, restent constants et n’ont pas de dérives de concept
les outils de prévision météorologique) soudaines (par exemple, classification d’images)

L’apprentissage en ligne est efficace en termes de données, adaptable et évolutif [32,33] :

— L’apprentissage en ligne est efficace en termes de données, car une fois que les données
ont été consommeées, elles ne sont plus nécessaires. Techniquement, cela signifie qu’on
n’a pas a stocker nos données;

L’apprentissage en ligne est adaptable car il ne fait aucune hypothese sur la distribution
des données. Au fur et a mesure que la distribution de données se transforme ou dérive,
en raison, par exemple, de I’évolution du comportement des appels, le modele peut
s’adapter a la volée pour suivre le rythme des tendances en temps réel ;

L’apprentissage en ligne est évolutif pour les applications a grande échelle car le modele
est en apprentissage continu. Surtout pour les applications Web ou le temps de réponse

doit étre de l'ordre de la milliseconde.

2.3 Explicabilité et interprétabilité des modeles prédictifs

Les études récentes sur la prévision des appels aux services médicaux d’urgence adoptent
I’apprentissage automatique, les modeles d’apprentissage profond et les méthodes d’ensemble.
Ces modeles TA ont obtenu des résultats remarquables en termes de minimisation des erreus
et maximisation des scores [26,34-36]. Cependant, la complexité et les propriétés de boite
noire des modeles utilisés pour les prévisions peuvent les rendre difficiles a interpréter et
a croire [37]. Il est essentiel de pouvoir expliquer et comprendre les décisions d'un modele
pour garantir la responsabilité, identifier et atténuer les biais du modele et encourager
I'adoption du modele pour la prise de décision [38]. L’explicabilité est la capacité a fournir
des raisons compréhensibles des prédictions et 'interprétabilité défini le degré selon lequel le

fonctionnement interne du modele peut étre compris) [39]. L’intelligence artificielle explicable
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«Explainable AI» s’appuie sur des techniques d’apprentissage automatique qui visent non
seulement a fournir des prédictions précises, mais également a en expliciter les fondements et
la logique sous-jacente [40]. Dans les systemes critiques comme les services médicaux d’urgence
(SMU/EMS), l'explicabilité et I'interprétabilité sont devenues des exigences pour la confiance,
la responsabilité et I'adoption clinique des modeles TA. Les travaux récents en intelligence
artificielle appliquée a la biomédicale ont montré que les techniques attributionnelles et les
méthodes de sélection de variables permettent de hiérarchiser les déterminants des prédictions,
d’identifier des biais potentiels et d’assurer une tracabilité scientifique des résultats [36].
L’explicabilité peut se classer en trois catégories : I'explicabilité intrinseque, I'explicabilité

post-hoc et la sélection des variables.

2.3.1 Explicabilité intrinseque

L’explicabilité intrinseque désigne les modeles dont la structure est compréhensible par nature,
sans outil supplémentaire : régressions pénalisées (Lasso/Elastic Net) qui sélectionnent et
pondeérent explicitement les variables [41], arbres de décision et regles qui produisent des
logiques de type «si... alors... » directement lisibles. En triage téléphonique EMS, on peut,
par exemple, utiliser une régression logistique pénalisée pour prédire un niveau de priorité
a partir de variables (symptomes clés, dge, heure d’appel), ou un arbre peu profond pour
donner une reégle décisionnelle simple aux régulateurs. L’avantage ici est la transparence
immédiate, une tracabilité des coefficients et des regles, une facilité d’audit et de validation
clinique. Cependant cette approche a une capacité limitée a modéliser des non-linéarités,
des interactions complexes et risque une sous-modélisation face a des données riches (texte,
audio), sauf & complexifier le modele (au détriment de l'interprétabilité). Des syntheéses
méthodologiques recommandent d’utiliser ces modeles comme références interprétables ou

comme couches de décision la ou la lisibilité est cruciale [42].

2.3.2 Explicabilité post-hoc

L’explicabilité post-hoc regroupe les techniques appliquées apres ’entrainement de modeles
potentiellement « boites noires » (GBM, foréts, réseaux profonds) pour expliquer leurs
sorties [43]. Les plus utilisées sont SHAP (attributions de type Shapley, locales et globales) [44],
LIME (surrogate linéaire local) [45], 'importance par permutation [46], les Partial Dependence
Plot/Individual Conditional Expectation (PDP/ICE) pour effets moyens et individuels, les
surrogates globaux (arbre/régression approximant le modele) [47], ou les contrefactuels pour
répondre & « que faudrait-il changer pour modifier la décision? » [48]. En triage EMS, SHAP

est souvent privilégié pour documenter les facteurs qui justifient une priorité élevée (p. ex.
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combinaison douleur thoracique + dge + mots-clés), tandis que PDP/ICE aident & calibrer
des seuils opérationnels. L’avantage des stratégies post-hoc est qu’elles sont applicables a
tout modele (agnostique), au niveau d’explication local (par appel) et global (sur I’ensemble),
soutiennent a l'audit et a l'acceptation. Cependant ces stratégies ne sont pas épargnées
d’une instabilité possible (notamment LIME), des biais en présence de variables corrélées
(méme pour SHAP), d’un coiit calculatoire (temps réel), et des risques de sur-interprétation
si les protocoles d’évaluation de la qualité des explications (fidélité, stabilité) ne sont pas

formalisés [49].

2.3.3 Sélection des variables

La sélection de variables explicable vise a identifier un sous-ensemble pertinent et justifié
de caractéristiques, en s’appuyant sur des critéres interprétables. Boruta compare I'impor-
tance de chaque variable réelle a des variables «shadow» aléatoires pour ne retenir que les
déterminantes [50]. Boruta-SHAP combine ce principe avec des importances SHAP pour
renforcer la robustesse et la lisibilité du choix des variables [51]. Des schémas SHAP-select
(sélection guidée directement par SHAP) sont également utilisés pour stabiliser des pipelines
et réduire la latence d’inférence. En triage EMS, ces approches permettent de resserrer le jeu
de variables tout en documentant pourquoi elles sont retenues — ce qui facilite la maintenance
«drift», la gouvernance et l'intégration dans les «Clinical Decision Support System ». Les
avantages de la sélection des variables sont la parcimonie, une meilleure généralisation avec
des cofits de calcul réduits, et une tracabilité du choix des variables. Cependant les stratégies
de sélection sont dépendantes au modele sous-jacent (les importances varient selon ’algo-
rithme). Elles ont une sensibilité aux corrélations, et nécessitent de protocoles de stabilité

(bootstrap/sous-échantillonnage) pour éviter des sélections fluctuantes [49].

2.3.4 Comparaison des différentes méthodes d’explicabilité et interprétabilité

Le Tableau 2.2 présente la comparaison des méthodes d’explicabilité et d’interprétabilité. Les
revues de littérature distinguent les approches locales et globales, et rappellent leurs finalités
(justification, contrdle, amélioration, découverte). Elles soulignent des limites méthodologiques
persistantes :

— L’instabilité des explications locales ;

— La sensibilité a la collinéarité et au bruit;

— L’absence de protocoles normalisés d’évaluation de la qualité des explications (fidélité,

stabilité, utilité clinique).

Ces travaux insistent sur la contextualisation métier (régulation et allocation) et la nécessité
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de reportings standardisés pour que l'explication soit actionnable par les décideurs en temps

réel.

Les travaux en médecine d’urgence montrent que I’XAI peut accompagner le triage et la
priorisation en fournissant des explications auditables aux personnels de santé et régulateurs,
tout en soulignant la nécessité d’outils d’évaluation standardisée et d’études multicentriques
mesurant I'impact sur les décisions et les résultats patients (réduction du sous/sur-triage,
temps de réponse). Ces syntheses insistent sur 'intégration temps réel dans les workflows, la
transparence pour l'acceptation et I'audit de biais/équité (performances différenciées selon
zones/populations) [37,52-56]. Les travaux appliqués au triage médical et a la prédiction
de la demande en EMS ont exploré I'intégration de I’XAI directement dans les workflows
décisionnels. L'usage de SHAP, par exemple, a permis d’identifier les facteurs de risque
expliquant la gravité des cas et d’améliorer la cohérence des décisions de priorisation, tout en
favorisant 1’acceptabilité clinique [57,58]. Les revues convergent sur plusieurs recommanda-
tions : développer des explications opérationnelles (stables, exploitables en temps réel par
les régulateurs), évaluer I'impact de I’XAI non seulement sur la précision mais aussi sur les
résultats cliniques (réduction du sous-triage/sur-triage, amélioration des temps de réponse),
et intégrer des audits d’équité algorithmique pour prévenir les disparités territoriales ou
socio-démographiques. L’originalité des travaux les plus récents réside dans 'articulation entre
explicabilité, interprétabilité et validation multicentrique, positionnant I’XAI non plus comme
un outil annexe, mais comme une composante stratégique de la gouvernance algorithmique

en santé.

2.4 'Triage médical des appels d’urgence

Le triage des appels d’urgence vise a prioriser les demandes entrantes (gravité, ressources
requises, envoi d’ambulance, conseils téléphoniques), traditionnellement via des protocoles
regle-basée intégré au systeme de dispatch médical par priorités Medical Priority Dispatch
System et ’expertise des répartiteurs médicaux d’urgence. Les travaux récents montrent deux
axes d’évolution : (i) I’évaluation de la performance des systémes actuels (sensibilité/spécificité
pour des événements graves comme 'arrét cardiaque, cohérence des niveaux de priorité) ;
(ii) Papport de I'TA/ML pour améliorer la précision, réduire le sous/sur-triage et intégrer de
nouvelles modalités (texte libre, audio voix, données contextuelles). Des études 20242025
confirment le potentiel de la télé-médecine préhospitaliere combinée a des modeéles ML pour
mieux orienter les cas peu séveres et désengorger les urgences, tout en appelant a davantage

d’évaluations en conditions réelles et multicentriques [59] [60].

L’XAI peut intervenir a deux niveaux dans les systemes EMS : la prévision spatio-temporelle
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TABLEAU 2.2 Panorama
limites opérationnelles

des méthodes d’explicabilité / interprétabilité : principes, atouts et

Méthode Type Idée clé / Principe Avantages (EMS/triage) Limites / Points d’attention
LIME Locale, post- Approximation locale du Rapide, lisible par non-experts; Instable (dépend voisi-
hoc modeéle par un surrogate li- utile pour expliquer un cas d’ap- nages/perturbations) ; sensible
néaire autour d’une instance  pel/triage spécifique a la collinéarité ; fidélité locale

non garantie
SHAP Locale & glo- Valeurs de Shapley pour at- Cohérent axiomatiquement ; im- Cout calculatoire; sensibilité

(Tree/Kernel/Deep)

tribuer la contribution mar-
ginale de chaque variable

bale, post-hoc

portance globale & par instance;
bien outillé pour tabulaire (fo-
réts/GBDT)

a variables corrélées; nécessite
protocoles de stabilité

Permutation Im- Globale, post- Dégradation de performance  Simple, modele-agnostique; li- Biaisé si variables corrélées; ne
portance hoc quand on permute une va- sible pour gestionnaires capte pas toujours interactions
riable
Partial Depen-  Globale, post- Effet moyen d’une variable  Vision globale intuitive  Suppose indépendance; peut
dence (PDP) hoc sur la prédiction (courbes); utile pour poli- étre trompeur avec interac-
tiques tions/corrélations fortes

ICE (Individual

Locale—globale Profils individuels de ré-

Montre hétérogénéité inter-cas;

Lecture plus complexe ; sensible

Conditional Ex- ponse vs. une variable utile pour comprendre cas ex- au bruit

pectation) trémes

Surrogate global  Globale, post- Approximer le modéle com- Narrative “haut niveau” pour Perte de fidélité; risque de sur-
(DT/GLM) hoc plexe par un modeéle simple  décideurs; audit global simplification

Lasso / modeéles Globale, Régularisation ¢; pour sélec- Transparence structurelle; utile  Peut sous-modéliser des non-

parcimonieux

intrinséque/post-tion de variables et coeffi-

pour triage “regles simples” et

linéarités ; instable si variables

hoc cients interprétables screening de variables trés corrélées
Boruta Globale, FS  Sélection par comparaison Filtrage robuste de bruit; garde Dépend du modeéle d’impor-
(post-hoc) a variables “shadow” aléa- les variables réellement “fortes”  tance; cott (itératif)
toires
Boruta-SHAP Globale, FS Boruta avec importances Couplage XAI/FS; améliore ro- Sensible aux corrélations; tu-
(post-hoc) SHAP pour décider perti- bustesse et compacité des fea- ning requis; pas un “explainant”

nence tures ; utile pour pipelines EMS  direct (plutdt une FS explicable)

de la demande et le triage. Dans le premier cas, elle permet de hiérarchiser les déterminants,
d’identifier les biais et de soutenir la planification opérationnelle. Dans le second, elle contribue
a la priorisation des cas, a la détection du sous- et du sur-triage, et a I’amélioration de
l'acceptabilité des décisions. Les travaux récents (2024-2025) exploitent SHAP et des approches
de sélection de variables guidées par les attributions afin de stabiliser les ensembles de variables
et de renforcer la robustesse des modeles. Ces méthodes facilitent la compréhension des facteurs
influencant la demande et les priorités cliniques. En triage, les recherches actuelles soulignent
la nécessité de métriques spécifiques a chaque niveau de priorité, de matrices de cofits
adaptées, d’'une intégration en temps réel dans les workflows et d’audits d’équité évaluant les
variations de performance selon les zones et les populations. Elles mettent également 1’accent
sur ’évaluation de I'impact clinique a travers les temps de réponse et les erreurs de triage.
Ainsi, I’XAI s’impose désormais comme un pilier de la gouvernance et de la transparence des

systemes d’IA appliqués a la santé, plutoét qu’un simple module complémentaire.

Le Tableau 2.3 synthétise les travaux récents sur le triage des appels d'urgence, tandis que
le Tableau 2.4 compare les principales approches méthodologiques. Sur le plan technique,
le domaine évolue des systémes d’aide a la décision (Clinical Decision Support System )
reposant sur des regles ou des arbres décisionnels vers des modeles discriminants tels que

la régression logistique et les SVM, puis vers des approches par ensembles comme les foréts
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aléatoires et le gradient boosting. Les méthodes les plus récentes exploitent des réseaux
neuronaux profonds appliqués aux données textuelles issues des transcriptions d’appels (NLP,
LLMs) et aux signaux audio analysant les caractéristiques vocales et paralinguistiques. Des
travaux récents integrent des techniques d’explicabilité, notamment SHAP, afin de rendre les
recommandations plus transparentes et auditables par les cliniciens. D’autres explorent des
pipelines multimodaux combinant texte, voix et contexte, avec apprentissage continu pour
s’adapter aux dérives opérationnelles. Parallelement, plusieurs études examinent la fiabilité et
I’évolution du protocole Medical Priority Dispatch System sur différentes années et catégories
de plaintes, en évaluant sa capacité a identifier correctement les cas critiques. Les syntheses de
la littérature soulignent la nécessité de métriques spécifiques au triage, telles que le cotit du
sous- et du sur-triage ou la performance par niveau de priorité. Elles insistent également sur
I'importance de protocoles de validation robustes prospectifs et multicentriques et d’audits

d’équité mesurant les variations de performance selon les zones et les populations.

2.5 Les stratégies et méthodes d’allocation et de routage des ambulances

Une fois que I'appel est localisé et la nécessité d’ambulance validé, le systeme de gestion des
SMU doit faire une allocation d’une ou plusieurs ambulances a cette localisation ; on parle
d’allouer les ambulances pour répondre aux appels d’urgence en fonction de la nature et
de la localisation des appels. Les décisions de routage consistent a définir l'itinéraire exact
qu’une ambulance allouée doit suivre pour atteindre la localisation d’une victime et de la
jusqu’a son arrivée dans un centre hospitalier. En d’autres termes il peut s’agir de sélectionner
le centre hospitalier ou sera fait I’évacuation. Un systeme d’aide a la décision qui effectue
l'allocation des ambulances doit répondre aux exigences suivantes exigences suivantes [71] : 1.
Envisager plusieurs sites d'urgence a proximité géographique et plusieurs centres de dépots
des ambulances et des victimes, 2. Envisager les besoins en ressources et leurs priorités sur
chaque site d'urgence, 3. Prendre en compte les données en temps réel qui peuvent affecter
I’allocation des ressources, 4. Interface utilisateur Web facile a utiliser et consultable depuis
n’importe quel endroit. Plusieurs travaux ont abordé le sujet, ceci de différentes manieres, soit
en couplant les deux problématiques ou encore en se focalisant sur une seule selon plusieurs

facteurs.

2.5.1 Les stratégies et méthodes classiques

Les travaux [72,73] font partie des travaux les plus cités dans la problématique d’allocation
et de routage des ambulances. Dans 'optique de garantir un temps de réponse minimal aux

appels d’urgence, les auteurs proposent la recherche Tabu comme mécanisme pour optimiser



TABLEAU 2.3 Travaux récents sur le triage des appels d’urgence :

avantages et limites (2021-2025).
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référence, méthodes,

gains

Référence Données / Méthodes Avantages & Limites
Contexte
Nicoletta Centres 911; éva- Audit de performance + Standardisation, bonne identifica-
(2025) [61] luation MPDS du protocole regle-basée tion des non-urgents. — Sur-triage
(MPDS) élevé = tension sur ressources.
Binks et al. Dispatch ambu- Analyse sous/sur-triage, —+ Vue opérationnelle réelle (couver-
(2025) [62] lancier (Afrique métriques  opération- ture, délais). — Variabilité contex-
du Sud) nelles tuelle, généralisation limitée.
Porto et al. Revue ED/triage Review des mo- -+ Synthése claire des
(2024) [63] (ML/NLP) deles ML/NLP pour ML/NLP. — Manque d’essais
triage/priorisation prospectifs, besoin de métriques par
priorité et cofits sous/sur-triage.
El Arab et al. Revue systéma- Systematic review -+ Cartographie des prédicteurs et
(2025) [64] tique ED IA/ML pour triage/risk- performances. — Hétérogénéité des
stratification jeux de données et des métriques,
faible standardisation.
Chang et al. Données de triage Fusion ML (structured) -+ Gains sur dispositions via multi-
(2024) [65] ED (structuré + + NLP (unstructured) modal. — Dépendance qualité des
texte) pour disposition/gravité textes; besoin d’évaluations multi-
centriques.
Masanneck et Comparaison Evaluation LLMs (enco- + Bon niveau de triage dans
al. (2024) [66] LLMs wvs clini- dage sémantique) pour cas standardisés. — Risques

ciens (triage)

Atherley et al.
(2024) [67]

Proof-of-concept
centre  d’appels
(Seattle, 911)

Grand ED multi-
centrique (triage
structuré)

Arnaud et al.
(2025) [68]

Seo et al. Triage de gravité

(2025) [69] automatisé (ED)
Okada et al. Médecine  d’ur-
(2023) [70] gence (revue XAI)

priorisation

NLP temps réel pour
classification des ap-
pels (priorités policieres ;
transposable EMS)
Modele explicable
(GBM/ensemble) +
XAI (SHAP) pour
admission

IA pour classification de
sévérité (modeles discri-
minants)
Cadre
(SHAP/LIME,
bilité, utilité)

XAI
sta-

biais/hallucination ; gouvernance et
alignement clinique requis.

+ Preuve de faisabilité temps réel
(pipeline NLP). — Domaine policier ;
adaptation EMS nécessaire, qualité
audio/textes variable.

+ Explications cliniquement utiles;
calibration solide. — Spécifique ED ;
transposition téléphone EMS a vali-
der.

+ Amélioration de cohé-
rence/rapidité. — Défis intégration
workflow et temps réel.

+ Guide d’usage XAI en contexte
critique. — Peu de protocoles stan-
dardisés d’évaluation de la qualité
des explications.
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TABLEAU 2.4 Panorama des méthodes de triage médical des appels d’urgence : principes,

avantages et limites.
Famille / Principe (données) Avantages (opérationnels / cli- Limites / Points d’attention
Méthode niques)
Protocoles Scripts structurés, arbres Standardisés, reproductibles; tra- Sous/sur-triage rapportés; sensibilité a la
régle-basée  de décision, mots-clés télé- c¢abilité; intégrables aux systémes variabilité d’implémentation ; peu adaptés
(MPDS, phoniques CAD ; formation aisée au texte libre ou signaux vocaux ; évolution
dérivés) lente des regles
Régression  Variables structurées (mo- Simplicité, interprétabilité; calibra- Sous-modélise non-linéarités et interac-
logistique tifs, age, historique, heure), tion aisée; référence solide tions; performances moindres sur données
/ modéles cibles multilabel/ordinale riches
linéaires
SVM / Classification par marges Robustes sur petits jeux; baselines Sensibles au choix de noyau/k ; explicabilité
kNN (clas- maximales ou proximité fiables ; peu de tuning requis limitée ; peu adaptés au multimodal temps
siques) réel
Arbres de Agrégation d’arbres sur va- Bonne performance tabulaire; im- Importance biaisée en cas de corrélations;
décision riables hétérogenes portance de variables; tolere le explicabilité partielle; tuning nécessaire
/ Foréts bruit
aléatoires
Boosting Ensembles séquentiels cor- Trés performants; captent non- Risque d’overfit ; sensibilité au drift ; besoin
(GBM, rigeant les erreurs linéarités et interactions; SHAP na- de recalibrage et MLOps
XGBoost, tif disponible
LightGBM)
NLP clas- Texte des appels / notes Exploite texte libre; rapide; ro- Perte de contexte sémantique ; faible géné-
sique (vecteurs de mots) buste sur grands volumes ralisation hors domaine ; explicabilité limi-
(TF-IDF + tée
ML)
Transformers Encodage sémantique Captent contexte et nuances; gains Coft calculatoire élevé ; risques de biais ou
/ LLMs (BERT, variantes) des sur symptdomes complexes; explica- hallucination; besoin d’alignement clinique
pour triage transcriptions bilité via attention/SHAP
Audio- Caractéristiques proso- Détection précoce de détresse ; utile Sensible au bruit téléphonique; biais ac-
ML (voix, diques, MFCCs, embed- si texte pauvre cent/dialecte ; besoin de données labellisées
paralinguis- dings audio
tique)
Multimodal Fusion de modalités (ap- Meilleure couverture d’information; Complexité d’intégration ; besoins en don-
(texte + pels, voix, météo, contexte) robustesse accrue; réduction pos- nées; latence computationnelle
audio + sible du sous/sur-triage
contexte)
CDSS Systéemes d’aide a la déci- Vue systéme; standardisation des Forte hétérogénéité ; comparabilité limitée ;
sion intégrés aux centres pratiques; support aux régulateurs peu d’essais prospectifs
d’appels
Télé- Vidéo/son + données cli- Réduit passages non urgents; amé- Dépendances techniques; confidentialité ;

médecine +
ML

niques; redirection vers
soins adaptés

liore précision du triage

besoin d’évaluations en vie réelle
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la proportion d’appels couverts par au moins deux ambulances. Haghani et al. [74] ont
développé et évalué trois stratégies d’allocation des ambulances aux accidents : «First Call
First Served» FCFS, Nearest-origin assignment et Flexible Assignment. Ces méthodes ont
permis de minimiser le temps moyen de réponse associé a différents types d’accidents. La
stratégie First Call First Served (FCFS) alloue les ambulances selon l'ordre d’arrivée des
appels, premier appel premier servi. Cette stratégie ne tient pas compte du type de 'appel
ou encore de la localisation de 'appel. Nearest-origin assignment integre la localisation des
appels et des ambulances ; 'ambulance la plus proche de la position de 'appel est celle qui est
assignée a ’appel. Ce qui n’est pas souvent optimal puisque la distance la plus proche n’est
pas souvent la distance la plus courte en termes de temps de réponse. Flexible Assignment
utilise une approche qui peut changer dépendant de I'ordre des appels et la localisation des
ambulances et appels. Dans un environnement volatile et a grande échelle, avec des grands

nombre d’appels, une large flotte de véhicules, ces méthodes ne sauront pas étre optimales.

Les catastrophes se caractérisent par un grand nombre de victimes et de ressources nécessaires,
écrasant les ressources disponibles. La réponse aux catastrophes implique diverses entités
telles que les commandants d’incident, les centres de répartition, les centres d’opérations
d’urgence, le commandement de zone et les hopitaux. Un systeme d’intervention d’urgence
efficace et optimal devrait faciliter la coordination entre ces différentes entités. Inampudi
et al. [71] propose un systéeme d’intervention d’urgence basé sur 3 modules : le triage des
victimes, I'affectation des ressources d’urgence et ’envoi des victimes dans les hopitaux. Le
triage est le processus de priorisation des victimes massives en fonction de la gravité des
blessures. Le module de triage des victimes est a faible coflit avec des étiquettes «Radio
Frequency IDentification» et regroupent toutes les informations sur les victimes dans une base
de données. Il permet de suivre les mouvements des premiers intervenants a ’aide du «Global
Positioning System (GPS)». Le module d’allocation est un outil Web en temps réel qui aide
les commandants d’intervention dans l’allocation et le transport des ressources pour plusieurs
incidents simultanés. Ce module Web garantit que les ressources hautement prioritaires sur
les sites d’urgence sont recues dans les plus brefs délais. Cet outil basé sur le Web calcule
également le calendrier de répartition des patients de chaque site de catastrophe vers chaque
hopital. Le module pour I'envoi des victimes aux hopitaux est basé sur les distances les plus
proches selon les disponibilités dans ces hopitaux : les victimes sont affectées aux hopitaux les
plus proches disposant d’installations médicales disponibles. Les visualisations et calculs de

plus courts chemins sont effectués a 1’aide de 'outil Google Maps.

Par contre, [75] modélise le probléeme d’allocation et de routage comme un probléeme d’op-
timisation continue. Les auteurs comparent trois différentes stratégies qui pourraient étre

employées par un systéme de gestion de flotte d’ambulances entierement automatique ou
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utilisées comme outil d’aide a la décision pour les opérateurs : Greedy, k-Medoid et Voronoi.
La stratégie Greedy consiste a toujours envoyer 'ambulance la plus proche & une nouvelle
demande. Une fois le patient dans I'ambulance, celle-ci sera envoyée a 1’hopital le plus proche
et de la, elle retournera a sa base (ou a une nouvelle demande). La stratégie Greedy n’im-
plique aucune préparation telle que la redistribution des ambulances. Les ambulances sont
simplement laissées dans leur base jusqu’a ce qu’elles soient nécessaires. Cela rend la méthode
Greedy tres sensible a 'emplacement des bases d’ambulances et des hopitaux. S’il n’y a qu'un
seul hopital sur le bord de la carte, on peut s’attendre a ce que les temps de réponse soient
plus élevés par rapport a une base centrée. La stratégie k-menoid est basée sur 'idée que dans
les zones ou les appels d'urgence sont nombreux, il peut étre utile que les ambulances soient
déja en route et ne soient pas nécessairement stationnées dans les hopitaux. Cette stratégie
permet de minimiser la distance moyenne de chaque origine de demande possible (i.e. chaque
nceud du graphe) a Pambulance la plus proche et donc le temps de réponse a la demande
suivante. Dans le probleme k-medoid, k est le nombre réel d’ambulances disponibles et la
métrique est la distance du chemin le plus court dans le graphe. La stratégie k-medoid permet
de positionner les ambulances sur tous les noeuds du graphe. En pratique, le positionnement a
n’importe quel point de la feuille de route ne sera probablement pas accepté par le personnel
ambulancier et n’a aucun sens si les demandes sont peu nombreuses. La stratégie Voronoi
vient faire face a ce probleme. Ici, les ambulances libres ne sont positionnées que dans les
hopitaux ou les bases. Pour cela, le graphe est divisé en cellules, ce qui donne un diagramme
de Voronoi avec les hopitaux comme graines. Chaque noeud est affecté a la cellule appartenant
a I’hopital le plus proche en utilisant la distance réelle sur le réseau routier. Comme Greedy,
les performances de Voronoi ne sont pas totalement indépendantes du paramétrage, car les
positions des hopitaux et des bases d’ambulances sont prédéfinies. Elle est cependant plus
flexible puisque les hopitaux peuvent étre utilisés comme bases et que la distribution initiale
des ambulances peut étre modifiée. Bien qu’il soit plus complexe sur le plan informatique que
le modele Greedy, le précalcul et le calcul pendant le redéploiement sont moins cotiteux que

dans le modele k-medoid.

Huang et al. [76] ont proposé un systéme basé sur I'algorithme A* pour trouver les plus courts

et meilleurs chemins et permettre a 'ambulance d’atteindre rapidement le lieu de 1’accident.

La feuille de route est dynamique en fonction de la charge de trafic. Ce scénario est réalisé en
créant une base de données. Le message concernant 1'accident est fourni a 'ambulance par le
serveur apres avoir obtenu ’emplacement du site de ’accident. L’emplacement du véhicule
sera automatiquement envoyé sur le serveur au moment de l'accident. Le chemin le plus court

est envoyé vers le tableau de bord de I’'ambulance.
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La recherche du chemin le plus court est effectuée en utilisant les distances euclidiennes
intégrées a 'algorithme A* pour un seul type d’appel qui sont les accidents routiers. En
utilisant les positions de latitude et longitude, ils ont utilisé la distance euclidienne pour
évaluer le chemin le plus court. Dans la pratique la distance euclidienne est une distance a
vol d’oiseau, ce qui n’est pas tres pratique pour le systéme routier terrestre. La distance de
Manathan pourrait étre adaptée pour rendre le travail plus proche des conditions réelles.La
distance de Haversine aussi se rapproche encore plus de l'aspect pratique car elle prend

directement en entrées les latitudes et les longitudes de la source et la destination.

Les stratégies classiques n’utilisent pas d’algorithmes complexes et ne sont pas efficaces pour
les grands réseaux. Les stratégies dynamiques utilisent des algorithmes complexes pour calculer
le chemin ou l'itinéraire le plus court. Le routage dynamique convient aux grands réseaux ou

le nombre d’hotes est élevé.

2.5.2 Les stratégies et méthodes avancées : méta-heuristiques

Les méta-heuristiques sont des algorithmes d’optimisation visant a résoudre des problémes
d’optimisation difficile pour lesquels on ne connait pas de méthode classique plus efficace.
Plusieurs méta-heuristiques ont été utilisés pour le probleme d’allocation et de routage des
ambulances. Le chemin le plus court en termes de distance entre deux points n’est pas toujours
le meilleur pour une ambulance car de nombreux facteurs comme les embouteillages, des
travaux ou encore catastrophes imprévues peuvent augmenter les temps d’arrivée. La route
la plus courte en termes de distance n’est pas souvent la plus rapide. Hamdi et al. [77] ont
proposé 'algorithme des colonies de fourmis « Ant Colony Optimization (ACO))» pour trouver
les chemins les plus rapides pour les ambulances. La solution proposée consiste a partitionner
la trajectoire a parcourir par 'ambulance en sous-trajectoires en tenant compte des contraintes
qui peuvent survenir lors du déplacement comme 1’état de la route, les embouteillages, etc.
Ainsi, a chaque possibilité de changement de direction, I’ACO est appliqué pour déterminer

le meilleur chemin & suivre.

Pour faire face a un scénario de grands nombres d’appels d’urgences en simultané, Li et
al. [78] ont proposé un cadre basé sur la régularisation optimisée « Optimized Regularization
based framework» (OpRe-RRS) en optimisant le probleme de sélection de l'itinéraire de
sauvetage pour augmenter la vitesse de sauvetage. Plus précisément, grace a ’analyse des
données spatio-temporelles, ils prédisent le classement de la priorité des routes et sélectionnent
l'itinéraire de sauvetage pour les ambulances afin d’augmenter la vitesse. Ils font correspondre
les données GPS des ambulances a la section de route correcte grace a un algorithme de

correspondance cartographique. Ensuite, ils extraient différentes caractéristiques sous trois
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angles : les caractéristiques de base, les caractéristiques des points d’intéréts « Point of Interest»
(POI) et les caractéristiques du trafic. L'exploitation de la similarité des routes est faite grace
a une fonction de perte avec régularisation pour construire le modele de prédiction. Le modele
prédit la priorité des routes, ce qui peut étre appliqué a la tache de sélection des chemins pour
les ambulances. Les résultats sur des données réelles démontrent 'efficacité de la méthode
a réduire le temps de sauvetage. Certaines caractéristiques telles que le trafic autour de la
route, les feux de circulation aux intersections, la planéité de la route ne sont pas prises en
compte dans cet article. En méme temps, la priorité d’une route peut étre liée a ses routes
en amont et en aval, mais ils ne considerent pas la relation entre les routes. Il faut donc des

attributs physiques plus rationnels et considérer la topologie des routes.

Ignorer le choix des hopitaux entralnera un transfert inévitable des patients entre les hopitaux,
les entités du systeme des SMU doivent coopérer. Le manque de coopération entre les parties
prenantes est I'un des principaux défis auxquels sont confrontés les services médicaux d’ urgence.
Afin de fournir une aide a la décision efficace pour les services médicaux d’urgence, Zeng et
al. [79] ont examiné les problemes quotidiens d’acheminement des ambulances dans un réseau a
haute résolution spatiale dans lequel deux technologies avancées sont introduites : le dépistage
pré-hospitalier qui fournit un diagnostic des blessures de la victime et le nettoyage préalable
des voies qui garantit la vitesse de conduite prédéfinie des ambulances. Trois types différents
d’ambulances sont utilisés pour transporter et offrir les premiers soins aux victimes en fonction
des résultats du dépistage. Pour gérer correctement la flotte d’ambulances, un modele de
programmation linéaire en nombres entiers mixtes «Mixed-Integer Linear Programming»
(MILP) est proposé pour affecter les véhicules aux blessés et planifier les itinéraires avec le
temps de trajet le plus court. Une contrainte de fenétre de temps semi-souple est incorporée
pour refléter la pénalité d’arrivée tardive sur le site et dans les hopitaux. Les résultats avec
des données réelles confirment l'efficacité de la méthode. Cependant les auteurs ne tiennent
pas compte de la demande qui est tres incertaine a large échelle, de plus il devient primordial
d’évaluer les priorités des appels dans un territoire large pour valider Iefficacité de la méthode
proposée. Long et al. [80] ont proposé la recherche Tabu «Tabu Search (TS)» (TS) pour la
répartition des ambulances. Les auteurs ont proposé des mesures d’évaluation de la résilience
et de I’équité du point de vue du temps de réponse aux urgences. La TS a été adaptée pour
une répartition dynamique et collaborative des ambulances, en tenant compte de la résilience

et de I’équité de I'intervention durgence.

Hussein et al. [81] ont proposé I'algorithme Bat pour le choix des chemins des ambulances. Bat
est un algorithme d’optimisation heuristique récent basé sur le comportement d’écholocation
des chauves-souris, avec des taux d’émission et d’intensité variables. La carte de la ville

est créée par la méthode des nocuds. La station de contréle recoit les informations sur le
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lieu de l'accident, puis ces informations sont communiquées a 'ambulance et a 'hopital. Le
conducteur introduit les données, c’est-a-dire la position du noeud de 'accident et du véhicule
d’ambulance, dans la méthode de routage des véhicules basée sur ’algorithme Bat, qui fournit
au conducteur le chemin le plus court pour atteindre le lieu de 1'accident. Apres avoir atteint
le lieu de I'accident, le conducteur introduit la position du lieu de I'accident et la position de
I’hopital dans la méthode de routage des véhicules basée sur 'algorithme Bat et fournit au
conducteur le chemin le plus court pour atteindre I’hopital au conducteur. Le chemin le plus

court et le temps d’acces le plus rapide sont générés en utilisant 1’algorithme Bat.

Giri et al. [82] ont comparé trois différents algorithmes bio-inspirés : 'optimisation par colonies
de fourmis (ACO), I'algorithme ACO adaptatif et I'algorithme de la luciole (Firefly algorithm).
L’algorithme Firefly surpasse les autres algorithmes en termes de cofit, de nombre de tours et
de temps d’exécution pour I’ensemble de données utilisé pour les expérimentations. Cependant,
dans le cas d’ensembles de données plus importants et de variables multiples, ’ACO adaptatif
qui est une combinaison entre les colonies de fourmis et 'algorithme génétique donne de

meilleurs résultats mais prend plus de temps.

2.5.3 Les stratégies et méthodes avancées : hybrides

Les stratégies hybrides représentent les algorithmes résultant de la combinaison de plusieurs
autres algorithmes. Dans la revue, plusieurs méta-heuristiques ont été combinées aux méthodes

d’apprentissage automatique et profond pour l'allocation et le routage des ambulances.

Bendimerad et al. [83] ont proposé une approche d’auto-apprentissage profond appliquée a ’al-
gorithme Artificial Orca «Deep Self-Learning Approach applied to Artificial Orca Algorithm»
(DSLAOA) pour résoudre le probleme de la répartition des ambulances et de la couverture des
appels d'urgence dans un contexte de COVID. La fonction objective est une fonction multi-
objectifs basée sur la minimisation du temps de trajet prévu, des demandes non satisfaites et
la priorité non satisfaite) sous les contraintes de localisation unique, d’accessibilité, de la mise
a jour du temps d’occupation des ambulances et de la liste des ambulances disponibles de
chaque hépital. Deux opérateurs de mutation dynamique : Cauchy (DSLAOAC) et Gaussien
(DSLAOAG). La méthode appliquée sur les données réelles prouve 'efficacité de la méthode,
cependant cela reste a vérifier sur des parametres de profondeur plus importants. Utiliser le
cadre d’auto-apprentissage profond avec d’autres algorithmes d’intelligence artificielle tels

que l'algorithme génétique et la recherche Tabu sont des pistes a explorer.

Darwassh et al. [84] ont proposé l'algorithme «Bat And Convolutional Neural Network» (BA-
CNN) pour le calcul des plus courts chemin en termes de temps pour les ambulances, dans le
cadre des villes intelligentes. L’algorithme Bat And Convolutional Neural Network (BA-CNN)
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est une combinaison de ’algorithme Bat et des réseaux de neurones convolutifs « Convolutional
Neural Network» (CNN). Bat fournit des données hors ligne pour une combinaison possible
des différentes coordonnées de source et de destination. Ces données sont ensuite entrainées a
I’aide d’un réseau de neurones résiduel ResNet. ResNet est utilisé pour trouver les routes les
plus courtes entre la source et la destination. L’évaluation de la performance de 'algorithme
BA-CNN est basée sur les mesures suivantes : délai de bout en bout, débit et fraction de

livraison de paquets.

Yang et al. [85] ont proposé une approche multidimensionnelle d’optimisation robuste «Multi-
dimensional Robust Optimization» (MRO) pour la répartition du matériel médical dans les
institutions de traitement. Le modele MRO est une combinaison de deux modeles : I’algorithme

génétique Pareto et 'analyse relative grise améliorée «Improved Grey Relative Analysisy»
(IGRA).

La gestion des ambulances exige donc de connaitre en temps réel la demande sur chaque
site en termes d’installations médicales requises par les victimes et les priorités associées,
I’emplacement des sites d'urgence et des hopitaux et les ressources hospitalieres disponibles,
comme les lits disponibles dans chaque hopital. Les localisations des victimes et la disponibilité

des ambulances sont des détails clés d’entrées pour I'allocation et le routage des ambulances.

2.6 Critique et comparaison des solutions existantes pour 1’allocation et le

routage des ambulances

Le Tableau 5.6 présente une comparaison des méthodes de décision pour 'allocation des
ambulances a des appels d'urgences. Les méthodes different selon la gestion de la file d’attente
des appels, de 'approche d’allocation choisie et de la collaboration entre ambulances. Dans la
plupart des travaux répertoriés les appels sont traités soit par ordre d’arrivée, par priorité ou
de fagon flexible entre les deux. La priorité du type d’appel est trés peu utilisée par rapport
au FCFS car classifier efficacement les appels restent un probleme tres ouvert dans le domaine.
Donner la priorité a un appel par rapport aux autres demande une analyse rapide et optimale
des informations sur la victime, la zone et bien d’autres parametres. En plus d’avoir une
échelle optimale de classification des appels d’urgence, il faut des méthodes de gestion des

appels plus collaboratives et flexibles.
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TABLEAU 2.5 Comparaison des méthodes de décision d’allocation des ambulances

, Approche de gestion Approche d’allocation Collaboration

Méthodes des appels des ambulances des véhicules
Classique ou traditionnelle | Premier Appel, Premier Servi (FCFS) ( Ambulanccirlezfcrl)}l/us proche) Non
Priorisation Par priorité Greedy Non

(type d’incident, état du patient, ...) (Ambulance la plus proche)

Collaborative Premier Appel, Premier Servi (FCFS) ( Ambulanccirle;i}l/us proche) Oui
Recherche Tabu . ST D : . .
Collaborative Premier Appel, Premier Servi (FCFS) | Pas Pambulance la plus proche Oui
Flexible (selon un seuil) FCFS ou priorité Plus proche ou non Non

La gestion des appels s’accompagne toujours de l'allocation de 'ambulance. Ici aussi la

méthode la plus utilisée est 'envoi de 'ambulance la plus proche. Ce qui dans certains cas

n’est pas optimal car devrait tenir compte de la distance, du temps mis, de I’état des routes

et bien d’autres.

Plusieurs algorithmes ont été utilisés pour le choix des plus courts chemins pour le routage des

ambulances [76,78,81]. Le Tableau 2.6 représente la liste de certains algorithmes répertoriés

avec leurs avantages et leurs inconvénients.



TABLEAU 2.6 Comparaison des algorithmes de routage des ambulances

Méthodes de routage

Avantages

Inconvénients

Floyd-warshall

Calcule les plus courts chemins de chaque nceud vers
tous les autres noeuds,

Peut étre mise en oeuvre dans un systeéme distribué,
Adapté pour les structures de données de graphes.

Demande une plus grande puissance de calcul et
d’espace mémoire

Bellman-Ford

Algorithme a source unique : lorsqu’il y a des poids
d’arréts négatifs, il peut détecter les cycles négatifs
dans un graphe,

Peut traiter les arréts de poids positifs et négatifs,
Peut étre implémenté pour des systemes distribués.

Calcule les plus courts chemins d’un seul
sommet source vers tous les autres sommets
dun graphe pondéré,

Pas scalable : n’est pas adapté pour les grands réseaux.

Algorithme a source unique : trouve le chemin le plus
court entre un nceud donné (appelé "nceud source") et

Ne peut traiter que les arréts de poids positif,

Djikstra tous les autres noecuds d’un graphe, Ne peut pas N tre 1I'npl‘erne,nte
. . dans un systeme distribué.
Algorithme moins complexe.
Complet si le facteur de branchement est fini et
L’algorithme A* = Dijkstra + Heuristique. que chaque action a un cofit fixe,
A Flexible et peut étre utilisé dans un grand réseau Les performances de la recherche A* dépendent de
avec un plus petit nombre d’itérations. la précision de I'algorithme heuristique utilisé,
Cet algorithme donne des temps de réponse rapide Cotiteux en temps de calcul,
Nécessite un grand nombre de données.
Méta-heuristique basée sur le comportement
d’écho-location des chauves-souris pour effectuer
Bat une optimisation globale. Il a besoin d’étre testé a grande échelle,

Flexible et peut étre utilisé dans un grand réseau
Donne le meilleur résultat dans un temps court
Travaille bien avec des problemes complexes

Converge tres rapidement.

LE



38

Les algorithmes Djiskstra et Bellman Ford restent les algorithmes empiriques de base pour le
routage. L’algorithme A* est identique a ’algorithme de Dijkstra, la seule différence étant que
A* tente de rechercher un meilleur chemin en utilisant une fonction heuristique, qui donne la
priorité aux noeuds censés étre meilleurs que les autres, alors que celui de Dijkstra se contente
d’explorer tous les chemins possibles. A* est formulé avec des graphes pondérés, ce qui signifie
qu’il peut trouver le meilleur chemin impliquant le plus petit cotit en termes de distance et
de temps. L’algorithme A* et BAT sont des algorithmes bien adaptés pour le probléeme de

routage des ambulances dans un environnement inter-connecté et dynamique [76,81].

2.7 Architecture de gestion des flottes de véhicules

Plusieurs architectures pour la répartition et le routage des ambulances ont été proposées
dans les travaux antérieurs. On distingue les architectures : centralisée, décentralisée, hybride

et reconfigurable.

2.7.1 Centralisée

L’architecture centralisée représente le modele classique utilisé dans le monde réel. Ici le centre
de réception de tous les appels/requétes est le centre de prise de décision pour l'allocation et
le suivi des itinéraires des ambulances dans la région. Cette architecture est ’architecture
empirique utilisée par la plupart des travaux présents dans la revue de littérature [74,86-90].
Chhabria et al. [90] ont proposé une architecture de conception basée sur I'enregistrement
préalable des utilisateurs et I'extraction de la localisation en temps réel, ceci pour réduire le
temps de réaction/intervention des ambulances et sauver un maximum de vies en cas d'urgence.
L’algorithme de Dijkstra est utilisé pour trouver les plus courts chemins que prendront les
ambulances. Ce travail est la description d’une architecture, il n’y a pas d’implémentation ou

de résultats préalables.

Dans I'architecture centralisée, tous les calculs et décisions sont effectués par le centre de
gestion en considérant que les informations sur la localisation, la disponibilité, la destination
et les chemins pris par les ambulances sont connus en temps réel. Ce qui ne donne pas toujours
une réponse rapide aux situations d’urgence lorsque le territoire est grand avec une forte
occurrence des appels. Aussi le temps de mise a jour des informations peut ralentir la décision

dans une architecture centralisée.
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2.7.2 Décentralisée

L’architecture décentralisée représente 1’ensemble des méthodes et stratégies distribuées,
donnant une certaine autonomie aux véhicules afin de partager la charge de calcul entre
plusieurs les entités du systeme. Plusieurs travaux dans la littérature ont utilisé des méthodes
décentralisées en faisant une répartition des calculs et utilisant les technologies sans fil pour
faciliter I'interaction et la prise de décision. Cette architecture est basée sur les Systemes
Multi-Agents. Un systéeme multi-agents se compose de plusieurs agents décisionnels (i.e les
véhicules) qui interagissent dans un environnement partagé pour atteindre des objectifs

communs ou conflictuels [91]. Plusieurs travaux ont exploité cela [89,92-95].

Liu et al. [95] ont proposé un framework multi-agent basé sur 1'apprentissage par renforcement
«Multi-Agent deep Q-Network with Experience Replay» (MAQR) au probleme d’allocation des
ambulances aux patients, ceci pour réduire le temps d’attente des patients. Dans un tel systeme,
une ambulance est considérée comme un agent indépendant et ses actions sont stimulées dans
une fonction de Récompense «Reward». Sachant que le territoire d’étude est partitionné en des
zones rectangles, les ambulances d’une méme zone partagent la méme politique. Dans un cadre
de simulation, 'approche Multi-Agent deep Q-Network with Experience Replay (MAQR)
prouve son efficacité devant 5 autres approches d’allocation : I’allocation aléatoire « Random
Allocation» (RA), I'allocation basée sur la localisation «Location Based Allocation» (LBA),
I'allocation basée sur le temps «Time Based Allocation» (TBA),’allocation basée sur le
type de la requéte «Request Based Allocation» (RBA) et le «Multi-Agent deep Q-Network»

(MAQ).
Dans I'architecture décentralisée, il ya facilement chevauchement dans I'interaction entre des

ambulances puisque les messages échangés augmentent considérablement avec les demandes

de SMU.

2.7.3 Hybride

L’architecture hybride propose une meilleure interopérabilité entre les ambulances pour une
solution généralisable. Elle permet de réduire la complexité des communications entre les agents
en nommant des agents chefs pour la prise de décision dans les zones locales. Plusieurs travaux
ont été menés dans ce contexte [96-100]. Ben et al. [100] ont présenté un Systéme Adaptatif
de Gestion des Véhicules d’Urgence (SAGVU), une approche réactive pour I'affectation des
ambulances basée sur une résolution contextuelle a base de scénarios et une architecture basée
sur des composantes dynamiquement reconfigurables. Cette architecture hybride est basée sur

3 modules : Le GPS (position), le trafic (collecte sur les informations de la route : congestion),
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la trajectoire (vue globale sur le réseau de transport). En utilisant 1'outil Simulation of Urban
Mobility (SUMO) [101], l'architecture est implémenté avec des réseaux Vehicular Ad hoc
Networks (VANETSs) des ambulances en considérant la demande, les détections de congestion
et de pannes de véhicules. Ils utilisent ici ’algorithme de Dijkstra modifié pour calculer les
chemins les plus courts. Dans le méme sciage Yang et al. [102] ont abordé le probleme de
I'identification des emplacements des stations de sauvetage et de la planification des chemins
de sauvetage. Dans un premier temps, un scénario de sauvetage d’urgence en milieu urbain est
proposé. Dans le scénario proposé, la priorité de chaque évacué est quantifiée par une valeur
de poids qui est le principal facteur pris en compte dans ’objectif d’optimisation. Ensuite, un
programme complet de secours d’urgence urbain est proposé, comprenant le traitement du
réseau routier, le calcul des poids du réseau routier, la planification des emplacements des
stations de secours et la planification des chemins de secours. Dans la phase de planification
de 'emplacement de la station de secours, basé sur 'emplacement des évacués et la structure
du réseau routier, cet article utilise le regroupement pour fournir des stations de sauvetage
candidates pour la planification ultérieure des trajets. Dans la phase de planification du chemin
de sauvetage, un algorithme amélioré d’optimisation des colonies de fourmis est développé
pour résoudre le probleme. L’approche proposée est appelée algorithme de planification avec
regroupement et algorithme de colonie de fourmis amélioré (PA-C-IACO). Le PA-C-IACO
redéfinit le degré d’incréments de concentration heuristique et de phéromone pour le transfert
entre les intersections dans ’algorithme de colonie de fourmis, et integre un mécanisme de
récompense pendant le processus de mise a jour des phéromones. Enfin, cet article utilise
six ensembles de données de différentes tailles pour ’analyse expérimentale. Les résultats
montrent que le PA-C-TACO proposé a une meilleure qualité de solution par rapport aux

méthodes existantes et présente une bonne robustesse et faisabilité.

L’architecture hybride représente plus d’avantages dans le cadre de la gestion des ambulances,
cependant il faut des agents de coordination actifs sinon les décisions prises au niveau local

pourraient étre contradictoires et affecter le systeme.

2.7.4 Reconfigurable

L’architecture reconfigurable, souvent couplée avec ’architecture hybride représente une
structure de reconfiguration dynamique comme solution aux différents changements dans le
systeme. La reconfiguration dynamique consiste a modifier le systeme durant son exécution
en ajoutant, en remplagant ou en retirant un ou plusieurs de ses composantes. Cette adapta-
tion architecturale est parfois préférable dans un contexte d’environnement incertain a une

seule architecture en réduisant la complexité des traitements nécessaires pour s’ajuster aux
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événements [100].

Dans un environnement urbain, la planification des stations de secours et des chemins
sont deux actions importantes. La mise en place de stations de sauvetage appropriées peut
améliorer I'efficacité des équipes de sauvetage et améliorer les interventions de sauvetage. Une
planification optimale des trajectoires peut fournir aux équipes de secours des itinéraires de
secours efficaces. En ce sens, il est essentiel de souligner que la localisation, la répartition et
le routage dynamique des ambulances sont aujourd’hui des sujets pertinents compte tenu
de son impact sur les résultats du systeme de santé. Les questions liées a la prévision, a la
simulation, aux flottes hétérogenes, a la robustesse et a la rapidité de résolution des problemes

réels ressortent des lacunes identifiées [2].

2.8 Les défis dans la gestion des SMU

Les défis des systémes de gestion des services médicaux d’urgence, représentés a la Figure
2.3 peuvent étre regroupés en 7 éléments [2,6] : la localisation des patients, la relocalisation
et le redéploiement des ambulances, les interactions avec d’autres systemes de prestation de
soins d’urgence, les stratégies d’allocation et de routage des ambulances, I'évaluation et la
validation des systemes. Avec la prolifération des données vient aussi le défi sur I'analyse des

données et les prédictions diverses.

Interaction entre

- Evaluation et Validation
départements

Localisation Relocalisation Allocation et routage

#1eeed prédictions Personnel

FIGURE 2.3 Les défis des systémes du parcours des soins d’urgence [6]

2.8.1 Localisation

Au niveau de la localisation, il existe des améliorations a effectuer sur la précision et 'équité

des positions des appels. La précision sur la localisation représente la certitude des informations
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sur les positions des victimes et des ambulances. L’équité évalue I'impartialité de I’allocation
des ambulances aux victimes. L’équité est exprimée en fonction de la distance ou du temps
de réponse (TR) parcouru par les ambulances. Il est important de tenir compte des aspects
géographiques et temporels de la demande des SMU afin de pouvoir garantir un certain équilibre
dans la planification des services médicaux d’urgence. Une précision sur les informations telles
que les positions des patients, les temps de trajet des ambulances, les charges de travail et tout
autre information quantitative est un élément qui influence la gestion et la prise de décision
des systemes de SMU.

2.8.2 Relocalisation et redéploiement des ambulances

La plupart des modeles existants dans la littérature sur les SMU appartiennent a la classe des
problemes stratégiques statiques dans lesquels des décisions a long et moyen terme sont prises
pour établir des stations de base, affecter des véhicules SMU aux stations de base et déterminer
la taille de la flotte. Contrairement aux autres applications des modeles de localisation, les
modeles de localisation des SMU doivent inclure le repositionnement des véhicules SMU pour
faire face aux variations de la demande. Dans ce contexte, le repositionnement des véhicules
SMU inactifs pour remplacer les véhicules EMS occupés (également appelé redéploiement)
représente le probleme central. Il devient de plus en plus crucial d’intégrer des stratégies

dynamiques.

2.8.3 Interaction des SMU avec d’autres systémes

Dans la pratique, les systemes de SMU ont plusieurs départements et collaborent avec d’autres
organismes de prestation de soins d’urgence tels que : les pompiers, la police. Le défi ici est
d’assurer une interaction entre les différentes parties et de développer des modeles quantitatifs
pour évaluer cette interaction. Les systéemes de SMU du futur devront étre inter-connectés et
coopérer pour assurer la disponibilité des ambulances. Par exemple, la disponibilité d’unités
de soins spécialisées (telles que les unités de traitement des accidents vasculaires cérébraux
ou les unités de soins intensifs cardiaques) doit étre prise en compte lors du déploiement
d’une ambulance. Cela permettra de garantir que les patients recoivent les soins appropriés
en temps voulu. En outre, il est important d’optimiser la disponibilité de ces unités de soins

spécialisées, car elles ne sont pas toujours disponibles 24 heures sur 24.
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2.8.4 Stratégies d’allocation et de routage des ambulances

L’allocation est I’acte de choisir les ambulances appropriées pour répondre aux appels d'urgence
en fonction de la nature et de la localisation des appels. Les décisions de routage consistent a
définir l'itinéraire exact qu’une ambulance dépéchée doit suivre pour atteindre une victime
et son acheminement vers un centre hospitalier. La répartition et le routage des ambulances
constituent d’importants problémes opérationnels en temps réel. Le défi est de développer des
stratégies et politiques dynamiques pour ’allocation et le routage des ambulances en utilisant
les informations en temps réel. Ces stratégies doivent permettre de gérer un grand nombre

d’appels.

2.8.5 Evaluation et validation des systémes de SMU

L’évaluation de la performance des systemes de SMU doit se fonder sur des mesures de perfor-
mance pratiques, telles que les résultats en matiere de santé. Un cadre d’évaluation standard
permettra de comparer les différents parcours de soins d'urgence. Ce cadre d’évaluation peut
également donner un apercu de l'effet des hypotheses simplificatrices sur la précision du
modele lorsqu’il est appliqué en pratique [103]. le principal défi est de développer un systéme
multidimensionnel d’indicateurs capables d’évaluer et comparer les nouvelles solutions en
évaluant le compromis qui existe parmi les différents objectifs. De plus, la combinaison des
techniques d’optimisation avec d’autres méthodologies quantitatives nécessite des recherches
plus approfondies pour mieux comprendre la conception des modeles hybrides possibles et

pour savoir quand la simulation doit étre préférée aux modeles analytiques.

2.8.6 Planification des horaires du personnel

La planification des horaires du personnel est relative a la gestion des horaires et la rotation
du personnel des ambulances. Il est question d’évaluer les charges de travail des ambulanciers
et de trouver le nombre minimum d’ambulanciers qu’il faut a des instants précis, pour des
zones différentes. Cette planification doit tenir compte des fluctuations de la demande, des
potentiels absences des employés et bien d’autres scénarios. Assigner des créneaux de services

aux ambulanciers demande des approches flexibles avec les changements et peu cofiteuses.

2.8.7 Analyse et prédiction des données

A travers les systémes de SMU et le concept de villes intelligentes, un grand nombre de
données peut étre collecté des appels, des ambulances ainsi que de I’environnement. L’analyse

et la prédiction des données telles que la demande, la charge de travail des ambulanciers et les
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temps de trajets des véhicules restent des éléments clés pour une gestion efficace du systéme
de SMU. Dans la plupart des modeles de relocalisation et de répartition des SMU, la demande
est considérée comme des points discrets dans ’espace. Cependant, il est plus réaliste de
considérer 'espace du probleme comme un réseau dans lequel les demandes d’urgence arrivent
a la fois sur les liens et les noeuds. Par conséquent, une extension des modeles de prévision de
la demande traitant de cette question sera la bienvenue. Bien que certains chercheurs aient
abordé le probleme de 'agrégation de la demande en le limitant ou en supprimant certains des
facteurs causant des erreurs d’agrégation, ce probléeme mérite d’étre étudié plus en détail. La
combinaison de 'analyse spatiale et de I'exploration de données dans la modélisation du SMU
pourrait aider a identifier la position la plus probable d’ou la prochaine demande d’urgence
pourrait arriver. Un tel outil de prévision pourrait améliorer la gestion de la flotte des SMU

en temps réel.
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CHAPITRE 3 DEMARCHE DE L’ENSEMBLE DU TRAVAIL DE
RECHERCHE

Cette these vise a concevoir des modeles d’apprentissage automatique robustes, explicables et
opérationnels pour améliorer la réponse des services préhospitaliers d'urgence. Pour atteindre
cet objectif général, quatre volets de recherche ont été identifiés, chacun correspondant a un
article scientifique distinct. Ces volets abordent respectivement la prévision de la demande
d’ambulance, I'explicabilité des modeles prédictifs, le triage des appels d’urgence, I'allocation
dynamique et le routage des ambulances. Ce chapitre expose la démarche globale adoptée et

la cohérence entre les objectifs spécifiques de recherche et les chapitres de la these.

( A

EMS Data Collection
(911 Calls, Weather,
Traffic, Demographics)

l

Demand Forecasting
(Stacking Ensemble ML)

l

Feature Selection
(Boruta-SHAP, Iden-
tifying Key Drivers)

l

Triage of Calls
(Soft Voting Ensemble ML)

l

Dynamic Ambulance Allocation
and Routing
(Multi-Agent Reinforcement Learning)

F1cURE 3.1 Flux de travail global de la recherche dans le cadre de la these : de la collecte des
données EMS a la sélection des caractéristiques, en passant par la prévision de la demande, le
triage avec vote souple et I'affectation et le routage dynamiques des ambulances. Chaque bloc
coloré correspond a un article de recherche spécifique.
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3.1 Volet 1 : Prévision spatio-temporelle de la demande en services d’urgence

L’un des principaux défis des services médicaux d’urgence est de pouvoir anticiper, avec
précision, le volume et la localisation des futurs appels d’urgence. Dans cette optique, le
premier objectif spécifique de la these a été de développer un modele performant de prévision
spatio-temporelle des appels d'urgence a 'aide de techniques d’apprentissage automatique.
Ce premier volet a pour but de développer un modele prédictif capable d’anticiper le nombre
d’appels d'urgence selon le moment, le lieu, et des facteurs externes tels que la météo. Il répond
au besoin fondamental de planification des ressources EMS. L’article correspondant, intitulé
A Stacking Ensemble Machine Learning Model for Emergency Call Forecasting, propose
une approche par empilement de modeles pour combiner les performances de différents
algorithmes. L’évaluation empirique repose sur un jeu de données réel d’appels 911, et
démontre la supériorité de I'approche proposée sur des métriques de précision et de robustesse.

Ce volet est détaillé au chapitre 4.

3.1.1 Meéthodologie

Nous avons adopté une approche d’apprentissage automatique par empilement (stacking),
combinant plusieurs modeles d’apprentissage automatique de base a 1’aide d'un méta-apprenant.
Cette approche permet de tirer parti de la complémentarité des prédicteurs, afin de maximiser

la précision des prévisions sur les données réelles de Montgomery County (Maryland, USA).

3.1.2 Evaluation

Le modele a été évalué selon plusieurs métriques, dont le RMSE, le MAE et le coefficient de
corrélation. Des comparaisons ont été effectuées avec des modeles de base comme Random
Forest, XGBoost, et bien d’autres. Les résultats montrent une amélioration significative des

performances grace a ’approche d’ensemble.

3.2 Volet 2 : Interprétabilité et explicabilité des modeles de prévision

Le deuxieme objectif spécifique de la these porte sur I'interprétation des prédictions issues des
modeles d’apprentissage automatique, afin d’identifier les facteurs qui influencent la demande
en services d'urgence. Il aborde la question cruciale de la transparence des modeles de
prévision utilisés dans le domaine de la santé publique. L’objectif est de rendre les prédictions
compréhensibles pour les décideurs, de justifier les facteurs influents, et de garantir un

usage responsable de I'TA. Dans l'article correspondant, intitulé Fzplainable and Interpretable
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Machine Learning for EMS Calls Forecasting, neuf méthodes d’interpretabilité sont comparées
pour évaluer leur capacité a mettre en lumiere les variables déterminantes, tout en maintenant
un bon compromis entre performance et lisibilité. L’étude met également en évidence les biais
potentiels et les leviers d’action pour une meilleure prise de décision. Ce volet est présenté au

chapitre 5.

3.2.1 Approche explicative

Nous avons exploré plusieurs techniques d’explicabilité, telles que SHAP, BorutaShap et
LASSO, afin de comprendre les relations entre les variables (e.g., temps, météo, densité
urbaine, etc.) et le volume des appels. Ces outils permettent de rendre les modeles transparents

pour les décideurs, en identifiant les facteurs les plus déterminants.

3.2.2 Apport scientifique

Ce volet apporte une contribution originale en comparant systématiquement les méthodes
d’explication, tant du point de vue des performances que de la robustesse. Il permet aussi de
poser les bases d’une approche responsable et éthique de I'TA dans le domaine de la santé

publique.

3.3 Volet 3 : Triage médical d’urgence par apprentissage automatique interpré-
table

Le troisieme objectif spécifique de cette thése concerne I'automatisation partielle et 'optimi-
sation du triage médical d'urgence, qui constitue une étape critique dans la chaine de prise en
charge des appels 911. A mesure que les volumes d’appels augmentent et que leur complexité
s’accroit, les systemes traditionnels fondés sur des regles rigides atteignent leurs limites. Ce
volet propose un cadre d’apprentissage automatique interprétable pour soutenir la prise de

décision des répartiteurs lors de 1’évaluation de la gravité des appels.

L’étude repose sur un classificateur d’ensemble basé sur un vote souple «Soft voting», combinant
plusieurs modeles robustes, notamment Gradient Boosting, Random Forest et Explainable
Boosting Machines. Le modele exploite des données structurées issues des registres d’appels
EMS, comprenant des indicateurs cliniques, des métadonnées contextuelles et des variables
temporelles. L’article correspondant, intitulé Interpretable Machine Learning for Emergency
Medical Triage : Enhancing Decision Support in EMS Dispatch, démontre la capacité du
modele a prédire avec précision les niveaux de gravité, tout en assurant une transparence

essentielle a 'acceptation clinique. Des techniques d’explicabilité telles que les valeurs SHAP
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et I'importance permutationnelle des variables ont été intégrées pour visualiser les facteurs

clés influencant les décisions de triage.

3.3.1 Meéthodologie adoptée

L’approche adoptée consiste a former plusieurs modeles d’apprentissage supervisé, puis a
les agréger via un classificateur de vote souple pour améliorer la robustesse et la précision.
L’entrainement est réalisé sur des données réelles de régulation médicale, préalablement
nettoyées et structurées. L’évaluation est effectuée a 'aide de métriques classiques (c’est-a-

dire, précision, rappel, Fl-score, AUROC), ainsi que sur le temps de réponse du modéle.

3.3.2 Reésultats et apport

Les résultats montrent que le modele proposé surpasse les approches traditionnelles, notamment
la régression logistique et les regles protocolaires, en termes de précision de triage. Il permet
également de réduire les risques de sous-triage et de sur-triage, tout en maintenant une
interprétabilité élevée. Ce volet démontre la faisabilité d'un systeme d’aide a la décision fiable,

transparent et facilement intégrable dans les centres de répartition.

Ce travail est détaillé au chapitre 5.

3.4 Volet 4 : Allocation dynamique et routage optimisé des ambulances

Le troisieme objectif spécifique est de concevoir une stratégie dynamique et intelligente
d’allocation et de routage des ambulances, en s’appuyant sur les techniques d’apprentissage

par renforcement multi-agent (MARL).

Le dernier volet s’intéresse a l'optimisation de la répartition et de ’acheminement des
ambulances en temps réel, dans un contexte dynamique ot les appels d’'urgence sont incertains
et évolutifs. Ce volet mobilise des techniques de renforcement multi-agent pour apprendre des
politiques de dispatch intelligentes. Le chapitre associé, Multi-Agent Reinforcement Learning
for Emergency Dispatch and Routing, décrit un environnement simulé inspiré des données
réelles et modélise les ambulances et incidents comme des agents interagissant dans une grille
urbaine. L’efficacité des politiques apprises est évaluée sur la base du temps de réponse, du
taux de couverture des incidents, et du nombre de vies potentiellement sauvées. Ce volet est

développé dans le chapitre 6.
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3.4.1 Environnement de simulation

Un environnement basé sur une grille urbaine a été concu pour simuler les positions des
ambulances, les incidents, les distances, et les conditions de circulation. Le systéme integre
des états représentatifs, un espace d’actions défini et une fonction de récompense basée sur

les temps de réponse, pondérés par la priorité des incidents.

3.4.2 Implémentation des algorithmes

Trois algorithmes ont été testés : DQN (Deep Q-Network), MADQN (Multi-Agent DQN) et
QMIX. Leurs performances ont été comparées en termes de temps de réponse global, d’équité

de desserte et de taux de couverture des incidents.

3.5 Synthese

Les trois volets de la these, bien que distincts, s’inscrivent dans une démarche cohérente visant
a améliorer I'efficacité et 1'équité des services ambulanciers a ’aide de l'intelligence artificielle.
Le premier volet permet d’anticiper la demande ; le deuxieme offre des outils pour comprendre
les prédictions; et le troisieme propose des solutions intelligentes pour une allocation optimale
des ressources en temps réel. Ces contributions s’appuient sur des données réelles et visent

une mise en ceuvre concrete dans les systemes de santé.
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Abstract One of the greatest challenges of Emergency medical services providers is to handle
the large number of Emergency Medical Service (EMS) calls coming from the population.
An accurate forecast of EMS calls is involved in ambulance fleet dispatching and routing to
minimize response times to emergency calls and enhance the efficacy of assistance. Yet, the
demand for emergency services exhibits significant variability, posing a challenge in accurately
predicting the future occurrence of emergency calls and their spatial-temporal distribution.
Here, we propose a stacking ensemble machine learning model to forecast EMS calls, combining
different base learners to enhance the overall performance of generalization. Additionally, we
conducted experiments using Boruta, Lasso, RFFI and SHAP feature selection methods to
identify the most informative attributes from the EMS dataset. The proposed ensemble model
integrates a base layer and a meta layer. In the base layer, we applied four base learners :
Decision Tree, Gradient Boosting Regression Tree, Light Gradient Boosting Machine and
Random Forest. In the meta layer, we used an optimized Random Forest model to integrate
the outputs of base learners. We evaluate the performance of our proposed model using
the R%-score and four different error metrics. Based on a real data set including spatial,
temporal and weather features, the findings of this study demonstrated that the proposed
stacking-based ensemble model showed a better score and the minimum errors compared
to the traditional single algorithms, online machine learning methods and voting ensemble
methods. We achieved a higher score of 0.9954, mse of 0.8938, rmse of 0.9454, mae of 0.2923
and mape of 0.0724 compared to state-of-the-art models. This work is an aid for emergency
managers in making well-informed decisions, improving outcomes for ambulance dispatch and

routing, and enhancing ambulance response time.

Keywords : Ambulance demand forecasting, artificial intelligence, EMS call forecasting,
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ensemble machine learning, feature selection, offline/online machine learning.

4.1 Introduction

Emergency medical services (EMS) play a crucial role in providing citizens with a higher
probability of survival by ensuring short response times to emergency calls, especially urgent
ones, and faster ambulance arrivals at their destination [6,104]. EMS managers tackle this task
by studying the distribution of incoming call requests and formulating resource deployment
plans, specifying the number of ambulances and emergency response personnel required for

current and future periods [34].

In smart cities, uncertain demand patterns pose challenges for EMS centers as emergency
call volumes fluctuate significantly throughout the day. EMS providers face also significant
challenges due to geographical disparities, and temporal fluctuations. Accurate forecasting is
crucial for optimizing ambulance deployment, improving response times, and enhancing patient
care [104]. Accurate and real-time prediction of ambulance service demand is complex, requiring
routing algorithms to dynamically adapt to changing demand patterns while improving
response times. Developing precise algorithms that account for factors such as time, location,
and weather is essential to effectively address these varying demand patterns and ensure
optimal resource allocation. While several studies address EMS demand forecasting, identifying
the best algorithm with minimal error and shortest execution time remains challenges. Such
challenges can impact ambulance planning and allocation. Given the significance of call time

and location, implementing a precise algorithm that considers these parameters is essential.

Geographic information system (GIS) emerges as a powerful tool for collecting, managing,
analyzing, and representing geo-referenced health data and identifying gaps in health systems
[105-109]. GIS enables researchers to integrate spatial (e.g., health service locations, patient
addresses, and ambulance dispatch centers) and non-spatial (e.g., descriptive information
about geographic features, work hours, waiting lists) data into a unified framework, facilitating
better-informed decision-making [107]. Additionally, the temporal aspect must be considered,
since ambulance demand can vary depending on the time of day [110]. An accurate demand
forecast can aid in improved ambulance management planning. The effective management of
emergencies is expected to serve as a fundamental service in modern smart cities, exerting
a direct influence on urban safety and the perceived quality of life while dealing with the

impacts of climatic changes [111].

The main objective of this paper is to use an ensemble machine learning model for the analysis

and forecasting of EMS calls to enhance the management of ambulance fleets in time and
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by location. This paper introduces a stacking forecasting method described as an ensemble,
incorporating spatial, temporal, and climatological parameters to support tactical decisions
for ambulance deployment and planning. The workflow is summarized in four significant
ways : Firstly, we started with a data collection of EMS calls by time and location and
integrated the weather data to form our final dataset. Secondly, we aggregate the temporal
and spatial call numbers per zone since ambulances are deployed per zone. Thirdly, we design
a stacking ensemble machine learning model that predicts the number of calls considering
spatial, temporal, and weather parameters. Lastly, we add online algorithms [112], as baseline
to approximate real-time, stream EMS calls, and encompass temporal, spatial, and weather
parameters for accurate time and location prediction. We explore various Machine learning
(ML) and Deep learning (DL) algorithms both offline and online to achieve the objectives
of this research work. We conduct a comparison between the best single offline, online
models/algorithms and voting ensemble with our proposed ensemble model to predict EMS

calls.

In this paper, we propose an ensemble EMS demand prediction method that takes into account
time, location and weather parameters. The implementation of effective Emergency medical
services (EMS) systems hinges on the accurate forecasting of ambulance demand, a critical
aspect that significantly influences emergency response strategies and overall healthcare
outcomes. The need for robust ambulance demand forecasting arises from the dynamic nature
of emergency incidents, making it essential to anticipate and allocate resources efficiently.
Accurate forecasts empower EMS providers to optimize ambulance deployment, strategically
position medical resources, and enhance response times, ultimately leading to improved patient
care and outcomes. By leveraging advanced forecasting models, EMS systems can proactively
address the challenges of varying demand patterns, geographical disparities, and temporal

fluctuations, fostering a more resilient and responsive emergency healthcare infrastructure.

Furthermore, the integration of computational time considerations in ambulance demand
forecasting models becomes imperative. Efficient computational processes ensure timely and
real-time decision-making, allowing EMS systems to dynamically adapt to evolving scenarios.
By leveraging advanced forecasting models with optimized computational efficiency, EMS
systems can proactively address the challenges of varying demand patterns, geographical
disparities, and temporal fluctuations, fostering a more resilient and responsive emergency
healthcare infrastructure. To the best of our knowledge, our system is the first to propose a
stacking ensemble model for EMS call forecasting, considering spatial, temporal and weather
parameters, with the performance analysis based on score, and errors. Using a real dataset,
our primary objective is to identify the most accurate model for predicting the next EMS calls

based on historical EMS call data. We evaluate the forecast results of the proposed model
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against the following ML algorithms for regression problems : Gradient Boosting Regression
Tree (GBRT), Light Gradient Boosting Machine (LGBM), Decision Tree (DT), Random Forest
(RF), Artificial Neural Network (ANN), Long Short-Term Memory (LSTM), Online-Linear
Regression, and Online-ANN.

The originality of this paper lies in its integration of different machine learning techniques into
a stacking model that simultaneously considers time parameters, location parameters, and
climatological parameters for EMS demand forecasting. Single machine learning algorithms
can make different types of mistakes when predicting outcomes from data. Some may have
more bias, while others may have more variance. To handle these issues and improve the score,
ensemble methods combine results from multiple algorithms. This helps reduce errors overall.
Stacking is one such approach that uses a meta-learner, to blend predictions from various

basic machine learning models and enhance score by addressing bias and variance problems.
The contributions of the paper are as follows :

— We propose a comparative study of the feature selection method as an explanatory
data analysis through the potential features that contribute towards EMS calls and
ambulance demand.

— We compare the most used single offline and online machine learning models and
DL models for spatial-temporal forecasting of EMS calls : GBRT, LGBM, ANN, RF,
DT, ANN and LSTM, aiming to determine the best-performing approach and identify
models that offer minimum prediction error and adaptability to EMS calls patterns,
which were then integrated as base learners in the first layer of our proposed model.

— We propose a novel stacking ensemble method to forecast EMS calls while incorporating
spatial, temporal, and climatological parameters. The proposed model consists of two
layers : the base layer and the meta layer. In the base layer, DT, GBRT and LGBM
models consist of our best base learners. In the meta layer, we employ an optimized
Random Forest model as our meta-learner.

— We prove that our proposed stacking strategy outperforms state-of-the-art models
when applied to the real datasets. It demonstrates reduced prediction errors, ensuring
reliability and robustness in capturing underlying EMS calls data patterns. Its enhanced
adaptability and interpretability make it a valuable and versatile tool for practical

applications in a higher resolution.

The rest of this paper is organized as follows. Section 7.2 presents the related work and
provides an overview of the proposed prediction approaches in ambulance demand forecasting.
Section 7.3 provides a detailed explanation of our research methodology and describes the

implementation of the proposed workflow. Section 6.4 outlines the experimental tool and



o4

performance evaluation. Finally, Section 6.5 concludes the paper.

4.2 Related work

In this section, we present approaches and algorithms for EMS call prediction, present in the
literature review. We divided in four different groups : empirical estimation models, classical

time series models, probabilistic models and learning based models.

4.2.1 Empirical estimation models

Empirical estimation models are among the first classic models widely used in industry. They
are characterized by predefined statistical calculations, such as averaging over observations at
different time intervals, such as seasons, months, or weeks. The most well-known empirical
models are the Naive Predictive (NP), the High Availability (HA), and the MEDIC [23]. The
NP provides a cost-effective forecast using the last observed demand value. The demand
at time t, knowing the demand at the time before t — 1, is assumed to be proportional to
the demand at time t. HA averages all available historical observations of the corresponding
distribution region over the previous year to produce a forecast. MEDIC is a common industry
practice deployed in cities such as Toronto and Charlotte [22,23]. It involves averaging the last
7 same-hour observations from several previous months of the forecast. The MEDIC method
can be considered as a combination of the HA method and the naive method, taking into
account the daily behavior of the demand. For example, in [11], the authors set Z = 20, in
line with the practice in 2021. Similarly, the work of [23] averaged the corresponding demand
densities in the previous 4 weeks for any 2-hour period in March 2007. These empirical models
are static and do not account for changes in EMS demand over time and other factors that
may influence the demand patterns. As a result, their predictions may not be as accurate
as models that consider additional variables and spatio-temporal dynamics in EMS demand

forecasting.

4.2.2 Classical time series models

Time series models are statistical methods that describe the linear autocorrelations in a
variable that evolves over time. Some of the commonly used time series models include Auto-
Regression (AR), Vector Auto-Regression (VAR), and Seasonal Auto-Regressive Integrated
Moving Average (SARIMA) [113-117]. The VAR model is particularly useful for multivariate
time series as it captures the linear interdependencies between different variables, which is

relevant for representing spatial correlations in our case. In [11], Wang employed AR, VAR,
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and SARIMA as baseline models for EMS demand forecasting. Vile [27] proposed Singular
Spectral Analysis (SSA) to generate accurate demand forecasts for the Service Medical
d’Urgence (SMU). SSA is a non-parametric technique used for the analysis of time series.
This method allows for a multimodal decomposition of EMS demand into periodic, trend, and
noise components, enhancing the understanding of the underlying patterns. Considering the
time-of-day and day-of-week effects, Cheng [110] investigated the use of the SARIMA with
external regressor (SARIMAX) model to forecast the hourly occupancy of the Emergency
Department (ED) up to 4 hours ahead. The SARIMAX method utilizes readily available
data in most emergency departments to generate prediction intervals, making it a promising
technique for real-time forecasting of emergency department occupancy. While these time
series models consider the temporal distribution of EMS demand, they do not explicitly
account for the spatial distribution of EMS calls and the potential effects of other events on
this variation. To create more comprehensive EMS demand forecasting models, it is important
to incorporate both temporal and spatial aspects, along with other relevant factors that may
influence EMS demand.

4.2.3 Probabilistic models

Probabilistic models are based on statistical inferences. There are several probabilistic models
used to forecast EMS demand, such as Gaussian models, kernel density estimation, and
Bayesian models. Zhou et al. [23] proposed a Gaussian Mixture Model (GMM) to estimate the
distribution of ambulance demand in Toronto. This model utilizes the data distribution to fix
the distributions of mixture components over all time periods, addressing data sparsity and
accurately describing the spatial structure of Toronto. The GMM captures complex spatio-
temporal dynamics through time-varying mixture weights, which include weekly seasonality
and a conditional autoregressive priority on the mixture weights of each component. Xu et
al. [28] proposed a locally adaptive Space-Time Kernel Density Estimate (ST-KDE) to model
EMS queries as an InHomogeneous Poisson Process (IHPP). ST-KDE is a non-parametric
method for estimating probability density functions in statistics. This method weighs the
spatial kernels by functions based on the corresponding time dependence in each community
area, enabling the incorporation of complex spatio-temporal variations in EMS applications.
Steins et al. [118] proposed a Zero-Inflated Poisson (ZIP) regression to forecast ambulance calls
in Swedish counties. ZIP models account for zero-inflation and Poisson processes, enabling
more reliable predictions for count data with excess zeros. Their study estimated EMS calls per
hour and geographical zone, involving historical data analysis and spatial-temporal features
for improved accuracy. Standard Poisson regression assumptions may be violated in real-world

scenarios with excessive zeros, posing challenges for selecting the most appropriate forecasting
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model for the EMS context, considering various models’ strengths and weaknesses. Nicoletta
et al. [24] presented a Bayesian model using MCMC for posterior inferences. The method
predicted present-day requests based on past probabilities, showing effectiveness. However,
the city division aspect has limitations, categorizing areas into four traffic levels. Emergency
centers consider multiple factors for division. Enhancing predictions could involve considering
short, medium, and long-term variations, public holidays, and other relevant factors. To
improve applicability, the model should consider various characteristics beyond location-based

predictions.



TABLEAU 4.1 Methods and metrics used in other related studies

Authors, Year Feature names FS Method(s) Methods ML Metrics
Zhou et al. [119] 03 time periods No FS MEDIC, Average log score
2015 21 location cells naiveKDE,
GMM, stKDE.
Chen et al. [105] Year, season, month, day, day of week, Data Analytics (DA) SVR, Sinusoidal Regression, RMSE, MAPE
2015 time bucket, weekend, rush hour, MA, ANN
past state of EMS demand and rainfall
Lin et al. [26] Spatial, temporal, and demographic No FS RMA WAPE
2020 Linear Regression, MAE
SVR, MLP MSE
Light GBM
Hermansen et al. [25]  Hour, day, day of week, month, No FS MEDIC, ANN, LSTM MSE, MAE, CCE

2021

precipitation, temperature

Martin et al. [34]
2021

Call time, call location coordinates,
responding ambulance identifier,

assigned call priority, patient

problem description, call response
outcome the time in route and

arrival time, and a master
incident number.

K-means, Boruta

ARIMA,

Holts—Winters (HW),
MEDIC Hourly Forecasting
(MHF),

MLP

Mean absolute
deviation (MAD),
(MAPE)

Nicoletta et al. [24] time, type of zone Posterior inference Markov chain Monte Carlo MAE,
2022 precipitation, temperature Empirical coverage
Van et al. [120] Hour, day, day of week, month, Statistical Simple moving average (SMA)  MSE, MAE
2023 precipitation, temperature decomposition : MEDICis, MLP
(STL, SSA) - No FS  Naive forecast (NF)
GA-ANN
Rausten et al. [35] Temperature, wind speed, humidity, Shap CNNs, MSE

2023

dew point, sea level pressure,
precipitation public holidays,
school holidays, and events

Multilayer perceptrons (MLP),

Decision trees (DT),

Random forests (RF), MEDIC

LS
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4.2.4 Learning based models

The learning-based model integrates Machine Learning (ML) and Deep Learning (DL) methods.
This model involves collecting large number of examples to identify underlying patterns and
use them for predicting new ones. Hermansen et al. [25] presented Multi-Layer Perceptron
(MLP) and LSTM methods for medical service request prediction in Oslo. They tested split and
complete approaches with weather data in 1 km radius at 1-hour intervals. A high resolution
led to sparse data, challenging predictions. MLP performed better, considering temperature
and precipitation’s impact. Peak days, population density, and probabilistic predictions should
be explored for enhancement, along with user mobility and weather variations. Lin et al. [26]
compared six machine learning methods (Regional Moving Average (RMA), LR, Support
Vector Regression (SVR), MLP, Radial Basis Function Network (RBFN), and LGBM. LGBM
performed best for both 7-day and 30-day predictions based on EMS demand and social
aspects of populations. Response time and additional features influencing EMS demands
should be considered for more comprehensive comparisons and real-life applicability. Wang
et al. [11] used daily human mobility data to improve spatial correlations’ representation.
They introduced a Heterogeneous Multi-Graph Convolution Network (HMGCN) and a Spatio-
Temporal Interlacing Attention Module (STIAM) to predict EMS demand, outperforming nine
other models by incorporating dynamic human mobility. Validating the approach with small-
resolution patterns (e.g., weekend mobility, daily periods, holidays) is necessary. Applying
the method to more spatio-temporal prediction tasks would further validate its effectiveness.
Nakai et al. [30] developed a machine learning model for predicting the number of heat stroke
victims in Kobe City using past weather observation data and emergency dispatch records.
The Partial Least Squares Regression (PLSR) method was employed for medium-term (4-7
days) predictions using past weather forecast data. However, they only used weekly weather
forecast elements as explanatory variables, leaving room for exploration of other explanatory
variables. Jin et al. [31] focused on three main factors influencing EMS demand : population
density, socioeconomic factors of the study area, and hospital conditions. They proposed
a bipartite computational graph neural network (BiGCN) to exploit these features and
achieved promising results compared to other methods. Rautenstrauss et al. [35] introduced
a Convolutional Neural Network (CNN) for ambulance demand prediction, transforming
time series information into heatmaps. While the CNN method performed well in terms
of prediction error, its known drawback is the time-consuming execution. In summary, the
learning-based models hold promise for EMS demand forecasting, and considering various
factors, exploring different resolutions, and optimizing model execution time are areas for

improvement and future research.
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The literature encompasses a wide range of models, which contribute significantly to the
field. Accurately predicting ambulance demand for emergency medical services is of utmost
importance, as it directly impacts the allocation of ambulances to emergency calls [121].
By achieving a more precise and diverse estimate of demand behavior, we can enhance the
reallocation and routing of ambulances across different areas. This optimization leads to
minimized ambulance response time [122], thus increasing the likelihood of timely patient
care and follow-up. Table 5.1 shows a summary of previous studies in ambulance demand
prediction, their proposed methods and the metrics used. While several studies address EMS
demand forecasting, identifying the best algorithm with minimal error and shortest execution
time remains challenging. Existing methodologies, such as traditional statistical models and

basic machine learning algorithms, often struggle with these dynamic and complex patterns.

In the domain of EMS forecasting, there is a growing need to harness the power of artificial
intelligence (AI) tools, particularly machine learning (ML) models. ML, a subset of Al is
instrumental in crafting accurate predictive models for EMS operations. However, individual
ML models may exhibit weaknesses and limitations. To address these challenges effectively,
the concept of ensemble learning (EL) emerges. EL involves combining multiple ML models to
create a stronger, more robust forecasting framework tailored for EMS operations. Given the
complex and nonlinear nature of EMS data, EL methods have garnered considerable attention.
By integrating diverse ML models, EL not only mitigates the limitations of individual
models but exploits their varied perspectives to enhance prediction accuracy. Furthermore,
EL contributes to error reduction, faster computation, and improved generalization of EMS
forecasts. By stacking different learning approaches, we can improve predictions, reduce errors,

leverage computations, and create more generalizable forecasts for EMS situations.

4.3 Methodology

In this section, we propose an effective stacking ensemble learning model by taking advantage
of ensemble learning properties. The proposed model is used for EMS call forecasting. We
begin by formulating the problem of EMS call forecasting. We introduce the geo-grid division
strategy along with K-means and DBSCAN for data spatial aggregation. We present both
single offline and online machine learning algorithms that aim to predict EMS call. Figure
5.1 illustrates the workflow of our forecasting model. It encompasses the definition of the
data collection, the data aggregation and feature selection, the introduction of our proposed
ensemble forecasting model and the metrics for performance analysis. This figure represents
the main steps we take to achieve the objectives of the analysis and prediction of EMS calls

for better ambulance allocation and dispatching.
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F1GURE 4.1 The workflow of the proposed methodology for EMS call forecasting.

4.3.1 Problem formulation

Emergency medical systems provide first aid and vital medical assistance, including trans-
portation and victim transfer [2]. Calls are received via designated emergency numbers or
alarm systems, and the urgency and location of each call are assessed to dispatch ambulances
promptly. The aims of this research work are to forecast the ambulance demand y(t, z) = dt,
representing the number of incidents (demand d) at time step t in zone z for z € Z (with
z € N*). Z represents a set of spatial clusters or zones, and N* represents the set of positive
integers. For a given geographical area, the larger the number of zones in Z, the higher the
spatio-temporal resolution of the EMS demand forecasts. With a higher resolution and shorter
time steps, more information is available to strategically dispatch ambulances. However, using
a high spatio-temporal resolution also presents challenges, as the data becomes sparser and

more stochastic, making forecasting more difficult.

4.3.2 Data preprocessing

Data preprocessing ensures that the data is free from inconsistencies, errors, and missing
values, leading to more accurate and reliable results in predictive modeling and decision-
making processes. Moreover, it involves collection, cleaning, transforming, and organizing
data to improve its quality and make it suitable for forecasting. After removing missing and
meaningless values in the dataset, we encoded categorical variables into a numerical format
that can be easily understood and processed by machine learning algorithms using ordinal

encoding and one-hot encoding [123]. In ordinal encoding, each unique category value is
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assigned an integer value. One-hot encoding creates binary vectors for each category in the
categorical variable. These techniques are commonly employed when dealing with categorical
features in regression tasks, and its help to enhance machine learning model compatibility and
interpretability while ensuring the effective utilization of diverse types of data. After that, we
evaluate the feature importance. To accurately estimate the target variable y(t,z) = d., we
carefully assess and analyze the importance of spatial, temporal, and climatological features.
Notably, the spatial and temporal features heavily rely on clustering techniques, enhancing

our understanding of the data’s spatial distribution and patterns.

4.3.3 Spatial clustering and feature selection
Spatial clustering

To allow our results for being used for ambulance dispatching and routing, we divided the
area of study in zones/cluster based on the location of the ambulance demand and the time.
The spatial cluster represents the base stations where the ambulance is stationed. An effective
aggregation in space will ensure a better coverage by EMS providers and reduce the waiting
time. We aggregate data in small clusters. Inspired by [124], the comparison will focus on
evaluating the effectiveness and performance of three methods into creating divisions that
represent the service area efficiently.
— The geo-grid division, is a rectangular clustering based on latitude and longitude
locations. The study area is divided into small rectangular zones. The number of zones

is the number of splits, calculated as describe in Equation (4.1) :
Nb.ones = Latyria X Lng,.q, (4.1)

where Laty.q and Lng,,,, are integers obtained by dividing the range of latitude
(Maz patitude — Min patitude) and longitude (M ax pongitude — MM Longitude) into the desired
number of splits.
— K-means clustering is an unsupervised clustering algorithm within machine learning
that dynamically assigns data points into K distinct, non-overlapping clusters [124,125].
— Density-Based Spatial Clustering of Applications with Noise (DBSCAN) is a clustering
algorithm for data sets with varying density. It groups points based on density within
a specified radius [126]. DBSCAN excels in processing large databases and has been
applied in real case studies [124,127-129].
After the aggregation of data, we selected the most important feature from spatial, temporal

and weather data.
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Feature Selection

We compared recent feature selection methods for data regression using machine learning
algorithms. Boruta [34], LASSO Regression (L1 Regularization), Random Forest Feature
Importance (RFFI) and SHAP (SHapley Additive exPlanations) [35], used in [130-132].
Boruta iteratively compares the importance of original features to shadow features and selects
those with importance above the threshold. LASSO introduces a penalty term to the regression
equation, driving some feature coefficients to exactly zero and, identifying critical features. In
RFFI, feature importance is measured by the average decrease in impurity across all trees,
highlighting critical features for predicting the target variable. SHAP is a unified framework
for explaining the output of machine learning models by assigning a value to each feature’s
contribution in to a prediction [44,133]. These feature selection methods could reduce dataset

dimensionality and improve model interpretability and performance in our forecasting task.

4.3.4 Proposed stacking ensemble model

The proposed ensemble model is designed based on the concept of stacking models, with the
intention of leveraging the distinct components that can be identified in a spatio-temporal series,
such as seasonality, trend, inertia, and spatial relations. By stacking different architectures,
each focused on modeling a specific component, we aim to prevent redundant information
from flowing through the model and to capitalize on the strengths of each approach [134].
Consequently, employing multiple layers of interpretability enables us to gain deeper insights
into the problem being modeled and verify that our model is performing as expected. Figure
4.2 illustrates the stacking ensemble learning method. For a given input of £ spatial, temporal
and climatological features z; € {z1,...,2;}, and the target variable y(¢,z) = d. € RZ
representing the ambulance demand in zone z at time step ¢, we utilize a collection of different
selected forecasting models denoted as M = {Mj, ..., M,,}. The individual model predictions
are represented by P = {Py,..., Py}

The steps of the ensemble technique that combine information from multiple predictive models
and use them as features to generate a new model can be described in Algorithm 1. The
K-fold helps to find the optimal values of hyperparameters that give the best performance
for each model in different subsets of data. The K-fold is a valuable tool when working with
ensemble techniques, as it helps in both the evaluation and training phases, resulting in more
robust and generalizable models. Stacking is a method that uses a special learning technique
to figure out how to combine predictions from different machine learning models. It works by
using predictions made by these models on new data, which they haven’t seen before. These

predictions, along with the actual outcomes, are then used to teach another model, called
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FIGURE 4.2 Stacking Ensemble Learning Algorithm.

the meta-model. This meta-model learns how to best combine the predictions from the base

models. In regression, the base models predict actual values.

The stacking ensemble method is powerful because it can leverage the strengths of dif-
ferent models to produce a more accurate prediction. In our proposed model, denoted as
GBRT+LGBM+DT+RF, we integrate the stacking of GBRT, LGBM, DT, and RF comparing
with others single models. Our meta-model is an optimized Random Forest. The models
included in our stacking ensemble were selected after many comparisons with machine learning
models like GBRT, LGBM, LSTM, RF, DT, ANN, Online-LR, and Online-ANN, based on
their proven effectiveness in EMS call forecasting. The chosen base learners GBRT, LGBM,
DT, and RF perform well in regression tasks and capture complex patterns in EMS data. Our

ensemble approach integrates its advantages, resulting in superior predictive accuracy and
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Algorithm 1 Ensemble Stacking Model with Multiple Base Models and K-fold Cross-

Validation

Require: k spatial, temporal, and climatological features x; € {z1,..., 2}

Ensure: Target variable y(¢,z) = d’ € RZ

: Step 1 : Select a K-fold split of the dataset

Step 2 : Select m base models.

Base Models : Define M = {M;, ..., M;}.

GBRT, LGBM, DT, RF as described in Table ?77.

Step 3 : For each base model, evaluate using K-fold cross-validation, store all out-of-fold

predictions, then fit on the full training set and store it.

6: Step 4 : Fit the optimized meta-model (Random Forest) on the out-of-fold predictions
from the base models.

7: Step 5 : Evaluate the meta-model on the test set.

8 Output : The evaluation metrics.

overall performance across multiple metrics, including R-squared (R?), MSE, RMSE, MAE,
MAPE, and computational time.

4.3.5 Selected single baseline ML algorithms

This subsection presents the selected and proposed Artificial Intelligence (AI) based algorithms
for EMS call prediction. The following prominent learning-based models are considered for

the assessment in this study.

Offline Forecasting Methods

Offline or batch learning refers to traditional learning over all the observations in a dataset at
once. We investigate six offline models for forecasting EMS call demand at different hours of
the day : GBRT, LGBM, DT, RF, ANN and LSTM. These models represent the baseline
models proposed by some authors [11,25,26,30,31, 135].

— Gradient Boosting Regression Tree (GBRT) is a boosting ensemble method that
iteratively fits a new regression decision tree to the forecasting errors at each step.

Figure 4.3 represents the diagram of the GBRT algorithm.
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Training set

FIGURE 4.3 Diagram of the GBRT algorithm [7]

Let z;,y;(t, z) indicate the sample data, where x; € {z1,...,x;} represents the spatial,

temporal and climatological features, and y;(¢, z) = d° denotes the target, described

as the ambulance demand at time ¢ in zone z. The specific steps of GBRT are as
follows [7,136] :

Step 1 : The initial constant value ~ is obtained as :

N
Fy(x) = argmin »_ L(y;,7), (4.2)
T =1
where L(y;,7y) is the loss function.

Step 2 : The residual along the gradient direction is denoted by :

i = {aL(yi;F(l’i))

| (4.3)

where n indicates the number of iterations and n =1,2,..., V.
Step 3 : The initial model T'(z;; o) is obtained by fitting the sample data, and

the parameter o, is calculated based on the least squares method (4.4).

o, = argmin g:(gjl — BT (245 ) )? (4.4)

a,f =1

Step 4 : By minimizing the loss function, the weight of the current model is

expressed as :

N
Y, = argmin Z L(y;, Frooq(2) + T (245 a)) (4.5)

v i=1

Step 5 : The model is updated by :

Fn(x) = Fn—l(z> + ’YnT($i; an) (46)
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This loop is performed until the specified number of iterations or the convergence
conditions are met. The GBDT has two key advantages. Firstly, it effectively captures
complex nonlinear interactions between variables and the response without requiring a
direct physical model [137,138]. Additionally, GBDT demonstrates minimal overfitting
issues, resulting in superior performance during the training phase compared to the
test phase [25,138-140].

— Light Gradient Boosting Machine (LGBM) belongs to the gradient boosting framework
and is specifically optimized for large datasets and high-dimensional feature spaces.
LGBM utilizes a tree-based ensemble approach, constructing an ensemble of decision
trees sequentially, with each tree correcting the errors of its predecessors [141]. What
sets LGBM apart is its ability to handle categorical features efficiently and its use of a
histogram-based learning process, which speeds up training by discretizing continuous
features. This algorithm is known for its fast training speed, reduced memory usage,
and excellent predictive performance [142]. The pseudocode used for LGBM regression

is represented in Algorithm 2.

Algorithm 2 Pseudocode for LGBM Regression

Require: EMS call dataset (features and target)
Ensure: R?, MAE, MSE, RMSE, Execution Time
1: Import required packages and dataset
2: Describe the features and the target
3: Train the model : define LGBMRegressor () and fit it using Tiain and Yerain
4: Test the model with the testing set

— Artificial neural networks (ANN) are inspired by early models of sensory processing
in neurons and brains [143, 144]. These networks can be simulated on a computer,
replicating the behavior of model neurons. Through algorithms mimicking real neuron
processes, ANNs can learn to solve various problems, including EMS call forecasting
[22,25,145,146]. The model neuron, known as a threshold unit, receives inputs from

other units or external sources, weighs each input, and sums them up.

Output
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FIGURE 4.4 Artificial Neural Networks.
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As shown in (4.7), the goal is to approximate some function f; of the input z =
(x1,...,24) weighted by a vector of connection weights w; = (w; 1, ..., w; 4) completed

by a neuron bias b; and associated with an activation function ¢, which is denoted by

yi = fi(z) = di({wi, x) + by). (4.7)

The predicted output is compared with the actual output to compute the error/loss in
each observation. The loss function L is the sum of differences between the observed
output ¢ and the true output y. The goal is to reduce the error values as much as
possible to approximate the function in (4.7). To achieve this, the backpropagation
algorithm is used. It compares the desired output of the neural network with the
network’s output, computes errors, and adjusts weights and biases to get closer to the
desired output after each iteration. The weights w and biases b are updated through
backpropagation during the training process, using the gradient descent algorithm to
solve the optimization problem [147]. The weight and bias update between layers k
and k + 1 is performed using gradient descent, which is denoted by :

k+1 _ .k oL
o=t (45

bk—&-l:bkz_n(%)’

(4.8)

where the learning rate n > 0 controls the step size towards convergence in gradient
descent. A small 7 value ensures a careful convergence, while a high value may lead to
divergence. Thus, n influences the convergence of gradient descent towards the local
minimum. In this paper, we use a particular type of ANN with more than three layers
called MLP (Multi-Layer Perceptron). MLP is a fundamental architecture and one of
the earliest and most widely used neural network models. MLP regressor trains using
backpropagation with no activation function in the output layer.

— Decision Tree (DT) : A decision tree is a simple tree-like model used for both classifica-
tion and regression tasks. It splits the data into different segments based on the input
features, creating a hierarchical structure of decision nodes. Each leaf node represents
a specific class or a numerical value for regression.

— Random Forest (RF) : Random Forest is an ensemble learning method based on
decision trees. It builds multiple decision trees during training and combines their
predictions through voting (for classification) or averaging (for regression). Each tree
in the forest is trained on a random subset of the data and features, making the model
more robust and reducing overfitting [31].

— Long-Short-Term Memory (LSTM) is a kind of Recurrent Neural Network (RNN) with
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the ability to remember values from earlier stages for future use. An RNN is a special
case of a neural network where the objective is to predict the next step in the sequence

of observations concerning the previous steps observed in the sequence [25,148|.

Online forecasting methods

Online machine learning is a type of machine learning in which data are acquired sequentially
and used to update the best predictor of future data at each step. We used the online versions
of two offline forecasting methods to make the models dynamic and get the most out of the
available data. We adapted the online forecasting algorithm from [25]. But instead of using
their hybrid approach based on using offline for training and online learning on validation
/test, we used the online learning for the whole process of training and testing. Online machine
learning for EMS call forecasting is described in the pseudocode Algorithm 3. The difference
between online machine learning and more traditional batch machine learning is that an
online model is dynamic and learns on the fly. Online learning solves a lot of pain points in
real-world environments, mostly because it does not require retraining models from scratch

every time new data arrives, and will be more useful in eHealth [112].

Algorithm 3 Online Prediction Algorithm for EMS Calls

Require: Offline-trained model, streaming EMS call data
Ensure: Predictions
1: Initialize predictions < ||
2: Define I : frequency of data
3: for each new batch of data of size F' do
Split into inputs and targets
x < inputs[t : t + F
y < targets[t : t + F|
2 < model.predict(z)
Append z to predictions
9: Update model with (z,y)
10: end for

4.3.6 Evaluation metrics

Once the model is trained, it is important to evaluate its performance on a separate test set
of data to ensure that it can accurately predict EMS calls in the region. As used differently
in [24-26,34,35,105,120], we used five different metrics to evaluate ML models, including [149] :
the R?—SCORE, the Mean Squared Error (MSE), the Root Mean Squared Error (RMSE), the
Mean absolute error (MAE), and the Mean Absolute Percentage Error (MAPE). Considering
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m as the number of observations, y; as the observed value, §; as the predicted value and y;

the scores of all outputs are averaged with uniform weight :

— R? — SCORE : represents the proportion of the variance of the dependent variable
that is predictable from the independent variable(s). It indicates how well the model’s

predictions approximate the real data points, with a value closer to 1 indicating better

performance.
2 :L(?jz - yi)2

— Mean Square Error (MSE) : represents the average error between the observed values
and the predicted values. MSE emphasizes larger errors due to squaring, making it

useful for identifying models that make significant errors.

. 1 &
MSE(y,9) = —> (5 — v:)" (4.10)
i=1
— Root Mean Square Error (RMSE) : represents the square of the MSE. RMSE can
show a more accurate error rate by squared MSE metric. RMSE provides a more
interpretable measure of error by bringing the units back to the original scale, and it

penalizes larger errors more than smaller ones.

N I & .
RMSE(y, ) = JmZ(yz- — vi)? (4.11)
i=1
— Mean Absolute Error (MAE) : measures the average magnitude of errors in a set of
forecasts, regardless of their direction. Lower values of MAE indicate better model

performance.

N L&
MAE(y, 7)) = . > 19— yil (4.12)
i=1

— Mean Absolute Percentage Error (MAPE) : is the average error over time as a percentage
of the actual values. MAPE measures the percentage error of the forecast about the
actual values. For example, a MAPE value of p% means that the average difference
between the forecasted value and the actual value is p%. The lowest MAPE indicates
the best performance. X

MAPE =Y |4 (4.13)

i=1 i
Based on the evaluation results, the model can be refined by adjusting its parameters or by
adding new features to improve its accuracy. Based on these evaluation metrics, we can decide

which algorithm performs better on EMS call prediction. Once the model has been refined



70

and its accuracy has been validated, it can be deployed to predict the occurrence of EMS
calls in a certain zone at a certain time. This can involve integrating the model into a larger

EMS dispatch system to provide more accurate and timely response to emergency calls.

4.4 Results and evaluation

This section presents the evaluation results obtained from the offline and online machine
learning algorithms and the proposed ensemble-based method for EMS call prediction. We
discuss the impact of the number of clusters on RMSE, the evaluation of the machine learning
algorithms in terms of scores, and their forecasting errors. Then, we compare different our

stacking approach with the voting one.

4.4.1 Data collection and preprocessing

For our experiments, we collected real historical emergency data from [150] and weather data
per hour from [151]. The first dataset comprises EMS call records from the 911 EMS number
in Montgomery Territory, Pennsylvania (USA). Montgomery spans an area of 1,260 km? with
an approximate population density of 685 persons per km?. The data covers the period from
December 2015 to July 2020 and includes three types of emergencies : fire, traffic, and illness.
The dataset contains 663,522 rows and 10 columns, representing various characteristics, such
as latitude, longitude, emergency description, title, date and time of call, municipality (twp :

township), address, index, and call type.

The frequency of EMS calls is also influenced by weather conditions [24,25, 35,105, 120].
Inspired by these previous works, we incorporated the weather dataset into the historical
emergency dataset by adding meteorological parameters to each entry. We collect weather
data through the weather API, made available by Meteomatics online shop [151]. These
weather-based features serve as additional inputs for our models. In total, we include 10
weather-based features, which are concatenated with the existing spatial and temporal features.
These extra features contain parameters, such as the amount of precipitation, dew point
temperature, fresh snow, relative humidity, surface pressure, temperature (mean, min, or max
over the selected time interval), total cloud cover, visibility, wind speed, and effective cloud

cover.

We preprocess the whole data by handling missing values and unnecessary columns through
imputation. We encode categorical variables and standardize numerical features. Moreover,
we apply several decompositions and transformations to make the data more suitable for

analysis, leading to the creation of new features. Based on date time we extracted season,
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month, day of the week, day, weekend, and part of the day. Using the geo-grid division in
Section 4.3.3, we obtained lat_ grid and Ing grid and aggregated our target accordingly. For
each occurrence in our final dataset, we are limited to 18 spatial, temporal and climatological
features, consisting of 8 categorical variables, and 10 continuous variables. Each record in the
final dataset includes information about a call for an ambulance, as illustrated in Table 5.2.
This table presents an overview of the three distinct feature sets used in the paper : spatial,
temporal, and weather. The feature names and their corresponding descriptions are organized
clearly and concisely, facilitating an easy understanding of the data characteristics used for
the forecasting model. The summary of the final dataset after preprocessing is described in
Table 4.3, with 16 0242 rows. Moreover, for EMS call forecasting, we use the number of calls
as the target and the outer parameters described above as features. Then, we split the data
into 80% for training and 20% test.

4.4.2 Implementation tools and details

Python 3.8.10 [152] was used in making both the baseline models and our proposed stack
ensemble model. We chose the Jupyter Notebook environment because its interactive and
user-friendly features made iterative development and debugging much easier [153]. In the
implementation process, we used various libraries, Mlens [154] is what we relied on for ensemble
machine learning methods, while Scikit-learn [155] served us well with single machine learning
functions and clustering methods. To design online ML algorithms, we use one extension library
of Python called River [156]. As far as construction, training LSTM networks and TensorFlow
were involved. Regarding data manipulation and analysis, we used Pandas, whereas Numpy
handles numerical computations. The implementation takes place on the Google Colab [157]
platform, while the GPU has been used as a hardware accelerator to improve processing. To
implement all the methods, we did a search grid between different configurations presented in
Table 6.2 and Table 4.5.

4.4.3 Impact of the number of clusters RMSE

This section investigates the effect of increasing the number of clusters on the prediction
error of machine learning algorithms. We consider different numbers of cluster labels : 2*3,
3*4, 4*5, 5*7, 7*10, 10*15 and 20*25 (Figure 4.5). The results demonstrate that as the
number of clusters increases, the average error decreases. Furthermore, we observe that the
decrease in average error for the DBSCAN and K-means algorithms is slight compared to
the other algorithms, showing their weaknesses for spatial clustering of the ambulance call.

However, with the geo-grid algorithm, increasing the number of clusters drops the average
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TABLEAU 4.2 Feature description of EMS call final dataset

Feature Feature Feature Description Type
Sets Names
Latitude [39.00, 41.00] Continuous
Spatial Longitude [-77, -74] Continuous
Lat griq Integer values representing the split of the latitude. Categorical
Ing,.iq Integer values representing the split of the longitude. Categorical
Season Integer values (1 to 4) corresponding to the seasons Categorical
(winter, spring, summer, autumn).
Temporal Month Integer values (1 to 12) representing all months of the Categorical

year (January to December).
Day of the week Integer values (1 to 7) representing all days of the week Categorical
(Monday to Sunday).

Day Integer values (1 to 30 or 1 to 31) indicating the day of Categorical
the month.
Weekend Binary values (0 or 1), where 1 indicates a weekend and Categorical

0 otherwise.
Part of the day Three parts of the day : "8 am - 4 pm," "4 pm - 12 am," Categorical

(day__part) "12 am - 8 am."

Amount of pre- Precipitation measured in millimeters per hour. Continuous

cipitation

Dew point tem- Dew point temperature at a height of 2 meters in Celsius. Continuous

perature

Weather Fresh snow Fresh snowfall measured in centimeters per hour. Continuous

Relative humi- Relative humidity at a level of 2 meters in percentage. Continuous

dity

Surface pressure Surface pressure measured in pascals. Continuous

Temperature Mean, minimum, or maximum temperature at a height Continuous
of 2 meters.

Total cloud co- Cloud cover measurement in octas. Continuous

ver

Visibility Visibility measurement in feet. Continuous

Wind speed Wind speed at a height of 10 meters in kilometers per Continuous
hour.

Effective cloud Effective cloud cover measurement in octas. Continuous

cover
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TABLEAU 4.3 Summary statistics of input dataset

count mean std min 25% 50% 5% max
month 160242.0 6.46 3.76 1.0 3.0 7.0 10.0 12.00
week 160242.0 26.50 16.55 1.0 11.0 27.0 41.0 53.00
dayofweek 160242.0 2.89 1.95 0.0 1.0 3.0 5.0 6.00
day 160242.0 16.00 8.67 1.0 9.0 16.0 23.0 31.00
day_ part 160242.0 1.21 0.71 0.0 1.0 1.0 2.0 2.00
lat_ grid 160242.0 1.44 0.83 0.0 1.0 1.0 2.0 4.00
Ing grid 160242.0 4.25 1.12 0.0 4.0 4.0 5.0 6.00
category 160242.0 0.86 0.91 0.0 0.0 1.0 2.0 2.00
precip_ 1h :mm 160242.0 0.18 0.80 0.0 0.0 0.0 0.0 21.06
dew_ point_ 2m :C 160242.0 5.69 10.28 -23.4 -1.9 5.6 14.6 25.70
fresh__snow__1h :cm 160242.0 0.01 0.10 0.0 0.0 0.0 0.0 3.30
relative__humidity_ 2m :p 160242.0 67.02 20.83 18.0 50.1 65.0 86.4 100.00
sfc_ pressure :Pa 160242.0  100655.62 760.13  98019.0 100205.0 100691.0 101137.0 103131.00
t_min_2m_ 1h :C 160242.0 11.84 10.43 -15.3 3.4 11.4 20.6 34.20
total__cloud_ cover :octas 160242.0 4.76 3.16 0.0 2.0 6.0 8.0 8.00
visibility :ft 160242.0 94271.56  27758.64 299.5 86993.8  104424.8 112049.9 120257.70
wind__speed_ 10m :kmh 160242.0 7.53 6.45 0.0 1.7 6.7 11.7 36.80
effective cloud_cover :octas  160242.0 4.02 2.99 0.0 1.0 4.0 7.0 8.00
count 160242.0 18.30 13.71 1.0 8.0 15.0 25.0 97.00

TABLEAU 4.4 Spatial clustering Methods and parameters settings

Method Hyperparameters

Geo-grid division 2 x 3,3 x4,4x5,5x7,7x10,
10 x 15, 20 x 25

K-means Number of clusters =
2x3,3x4,4x5,5x7,7x10,
10 x 15, 20 x 25

DBSCAN epsilon = 0.1, min_samples = 800

error dramatically ; it starts at 8.005 when the number of classes is 2*3, then ends at 1.596
when the number of classes is 20*25. This indicates that geo-grid, which depends on the
rectangular zones to separate data, is highly impacted by increasing the number of clusters.
Based on these observations and the recommendation in [124], we conclude that the geo-grid
division yields better performance in terms of average error compared to other algorithms
when varying the number of clusters. For the remaining implementation, we assume the around
the middle value of 5*7 clusters, which is close to half of 68 counties present in Montgomery
County. The number of clusters has been more investigated for ambulance positioning in [158].
The clusters represent the station area for the coverage of ambulances as presented in [159].

Figure 5.5 provides a visualization of each division strategy.
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TABLEAU 4.5 Feature Selection Methods and parameters settings

FS Method Hyperparameters

RFFI n_ estimators = 100,
random_ state = 42

SHAP No hyperparameters

Boruta n_estimators = ’auto’,
verbose = 0, max_depth =5

LASSO alpha = 0.1

4.4.4 Feature selection result

In this section, we present the results of the investigation of feature importance and selection.
We analyzed the relevance of spatial, temporal and climatological features on the occur-
rence of EMS call. We considered the whole dataset and used four recent and well-known
feature selection techniques : RFFI [132], LASSO [131], SHAP [35] and Boruta [34]. The
results, presented in Figure 77, reveal that all variables show importance in predicting the
target when using RFFI and SHAP. The RFFI values provide an indication of the relative
importance of each feature in the dataset. Features such as "lat_grid", "Ing grid", and "ca-
tegory" appear to have relatively higher importance compared to others, while features like
"fresh snow_ 1h :em" and "precip 1h :mm" have lower importance. SHAP values provide
insights into the impact of each feature on model predictions. Features like "dayofweek",
"day_part", and "effective cloud_ cover :octas" exhibit relatively higher SHAP values, in-
dicating their strong influence on predictions. These values align with the RFFI analyses,

highlighting the importance of all the collected features for EMS call forecasting.

However, LASSO excludes two features, namely ’fresh__snow_ 1h :cm’ and "total_cloud_ cover :oc-
tas’ Meanwhile, Boruta recommends excluding only the feature category. These outcomes from
the three methods collectively suggest that incorporating spatial, temporal, and climatological
features is crucial for accurately forecasting EMS calls. LASSO values indicate the coefficients
assigned to each feature by the LASSO regression model. Some features have large positive
or negative coefficients, indicating their significant impact on the target variable. Features
such as "dew_ point_ 2m :C" and "sfc_ pressure :Pa" have notably large coefficients, suggesting
their importance in the model. Boruta feature selection technique identifies features that
are deemed important for model prediction. All features are labeled as "True" by Boruta,

suggesting that none of the features are redundant or can be safely removed from the dataset.

In conclusion, the analysis using different feature selection techniques provides complementary

insights into the importance and impact of each feature on model predictions. While certain



TABLEAU 4.6 The hyperparameter values of the ML methods for grid-search

Methods Hyperparameters/Configuration
LR solver = lbfgs

max__iter = 2000
GBRT, n_ estimators = [50, 100, 200, 300, 400, 500, 600],
LGBM, learning_ rate = [0.2, 0.1, 0.01, 0.001, 0.0001],
DT, max_ depths = [1, 2, 3, 4, 5, 10, 15, 20, 25, 30]
RF max__depth=>5, random_ state=0,

loss="absolute_error’, warm_ start = True
ANN/MLP  max iter = 200, 500, 1000

activation = relu, tanh

random state=1
LSTM Dropout (Layer 3) Rate : 0.25

LSTM (Layer 4) Units : 50

Dropout (Layer 4) Rate : 0.25

Dense (Output) Units : 1

Compilation Optimizer : Adam, Loss : MSE

Training Epochs : 50, Batch Size : 32
Online-LR optim.SGD, ('Ir’ : [.1, .01, .005]),

optim.Adam, ("beta_1": [.01, .001],

Ir” : [0.1, .01, .001)),

optim.Adam, ("beta_1’: [0.1], ’Ir” : [.001]),
Online-ANN 05 layers Activations

(Sigmoid, ReLLU, ReLU, Identity),
optimizer=optim.SGD(1e-3), seed=42
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features consistently emerge as important across multiple techniques, the results also highlight

the nuanced nature of feature importance and the need for considering multiple perspectives

when selecting features for predictive modeling. This comprehensive approach enhances the

understanding of the dataset and aids in building more robust and accurate predictive models.

For the rest of the implementation, we consider three different scenarios of feature selection :

the inclusion of all features as suggested by the output of RFFI and SHAP method, and the

consideration of 17 features obtained using Boruta and 16 features resulting using LASSO.

The findings emphasize the significance of integrating various types of features to achieve

improved EMS call predictions.
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FIGURE 4.5 RMSE vs Numbers of zones (clusters)

4.4.5 Evaluation of our proposed model

We compare the performance of offline and online machine learning algorithms based on
the score and four different errors metrics with the aim of EMS calls forecasting. Table
4.7, Table 4.8 and Table 4.9 present performance analysis of various forecasting models,
including Artificial Neural Networks (ANN), Long Short-Term Memory (LSTM), Light
Gradient Boosting Machine (LGBM), Gradient Boosting Regression Trees (GBRT'), Random
Forest (RF), Decision Trees (DT), Online Linear Regression (Online-LR), Online Artificial
Neural Networks (Online-ANN), and the proposed model. We conduct the implementation
based on the three scenarios from the feature selection process. Each model is evaluated based
on various performance metrics, including R-squared (R?), Mean Squared Error (MSE), Root
Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage
Error (MAPE).
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Evaluation based on all features (RFFI and SHAP)

Table 4.7 summarizes the performance of various baseline forecasting models equipped
with spatial, temporal, and climatological features, evaluated using different metrics. The
models assessed include offline models (i.e., GBRT, LGBM, LSTM, RF, DT, and ANN)
[11,25,26,30,31,35] and online learning models (i.e., Online - LR and Online - ANN) [25,112].

TABLEAU 4.7 Performance of the baseline forecasting models with all spatial, temporal and
climatological features (RFFI and Shap)

Models R? MSE | RMSE | MAE | MAPE
ANN [34,120] | 0.1935 | 156.5079 | 12.5103 | 8.9668 | 0.8586
LSTM [25] 0.8681| 25.580| 5.0577| 3.7538 | 0.3531
LGBM [26] 0.8874| 21.834| 4.6727| 3.5481| 0.3275

GBRT 0.8359| 31.841| 5.6428| 3.8395| 0.3093
RF 0.9933| 1.2928 | 1.1370| 0.5429| 0.1103
DT 0.9883| 2.2658| 1.5052| 0.3618| 0.0884

Online-LR 0.1584| 156.91| 9.3519|12.5263 | 1.0728
Online-ANN | 0.6383| 67.435| 8.2118| 5.9029 | 0.4005
Proposed 0.9950| 0.9705| 0.9851| 0.3151| 0.0775

Among the models, LSTM and LGBM demonstrate notable performance with high R-squared
values of 0.8681 and 0.8874, respectively. These models also exhibit relatively low MSE, RMSE,
MAE, and MAPE, indicating their effectiveness in capturing the underlying patterns in the

data. In contrast, the performance of some other models such as ANN and Online-LR appears



RFFI Feature Importance

effective_cloud_cover:octas
wind_speed_10m:kmh
visibility: ft
total_cloud_cover:octas
t min_2m_1h:C
sfc_pressure:Pa
relative_humidity_2m:p
fresh_snow_lh:cm
dew_point_2m:C
precip_lh:mm

category

Ing_grid

lat_grid

day_part

day

dayofweek

week

month

Feature Names

0.00

006 008 010 012

RFFI Values

002 0.04

(a)

LASSO Feature Importance

effective_cloud_cover:octas -
wind_speed_10m:kmh
visibility:ft 1
total_cloud_cover:octas -
t min_2m_1h:CH
sfc_pressire:Pa
relative_humidity 2m:p
fresh_snow_1h:cm A
dew_point_2m:C
precip_lh:mm+
category 1
Ing_grid+
lat_grid
day_part

d

ay -
dayofweek
week 1
month

Feature Names

~5000-4000-3000-2000-1000 O 1000 2000 3000

LASSO Values

(c)

Feature Names

Feature Names

78

SHAP Feature Importance

effective_cloud_cover:octas
wind_speed_10m:kmh
visibility:ft
total_cloud_cover:octas
t min_2m_1h:C
sfc_pressure:Pa
relative_humidity_2m:p
fresh_snow_lh:cm
dew_point_2m:C
precip_lh:mm

category

Ing_grid

lat_grid

day_part

day

dayofweek

week

month

SHAP Values
(b)

Boruta Feature Importance

effective_cloud_cover:octas
wind_speed_10m:kmh
visibility:ft
total_cloud_cover:octas
t min_2m_1h:C
sfc_pressure:Pa
relative_humidity_2m:p
fresh_snow_lh:cm
dew_point_2m:C
precip_lh:mm
category
Ing_grid
lat_grid
day_part

d

ay
dayofweek
week
month

0.0

02 04 06 08 10

Boruta Importance

(d)

FIGURE 4.7 Feature importance result. (a) with RFFIL. (b) with SHAP. (c¢) with LASSO (d)

Boruta



79

to be comparatively poorer, with lower R-squared values and higher error metrics. Online
models struggle to accurately predict the target variable based on all features. Interestingly, it
appears that tree-based models, such as RF and DT, outperform in capturing the patterns and
explaining the variance in the EMS call data, resulting in significantly lower errors and higher
R-squared values. Overall, the proposed model stands out with an impressive R-squared value
of 0.9950 and minimal error metrics, including a remarkably low MSE of 0.9705. These results
highlight the efficacy of our proposed model in forecasting ambulance demand, showcasing its

potential for tactical decisions in EMS management.

Evaluation based on 17 fearures (Boruta)

Table 4.8 presents a comprehensive performance analysis of the different models using the
Boruta feature selection technique. Compared with Table 4.7. We can easily observe that
Boruta feature selection results improve the result of EMS forecasting using LGBM, GBRT,
RF and DT. The results confirm the effectiveness of the choice of these models as base learners
in layer 1 of our proposed model. These models also demonstrate minimal error metrics, with
low MSE, RMSE, MAE, and MAPE, indicating their effectiveness in accurately predicting

the number of EMS calls at a time, in a specific zone and based on weather.

TABLEAU 4.8 Performance analysis of the ML forecasting models with Boruta

Methods R?| MSE RMSE| MAE | MAPE
ANN [120] 0.1598 | 163.04 | 12.7688 | 9.2380| 0.9857
LSTM [25] 0.8562| 27.90| 5.282] 3.9029| 0.3722
LGBM [26] |0.8897|21.3976| 4.6257| 3.5227| 0.3282

GBRT 0.8346 | 32.0869 | 5.6645| 3.8211| 0.3084
RF 0.9938 | 1.1955| 1.0934| 0.4999| 0.1048
DT 0.9890 | 2.1310| 1.4598| 0.3331| 0.0841

Online-LR 0.1592 | 156.75| 9.3466 | 12.5202 | 1.0721
Online-ANN | 0.6466 | 65.8797 | 5.9745| 8.1166 | 0.5398
Proposed 0.9954 | 0.8938| 0.9454| 0.2923| 0.0724

Similarly, the proposed model stands out as a top-performing model, with an exceptional R-
squared value of 0.9954 and minimal error metrics. The proposed model’s superior performance
underscores its capability to capture the underlying patterns in the spatial, temporal and
weather data and make accurate EMS call forecasts, highlighting its potential for practical
applications in forecasting ambulance demand. On the other hand, models such as ANN and
Online-LR exhibit relatively poorer performance, with lower R-squared values and higher

error metrics. These models struggle to effectively capture the complex relationships within
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the data and make accurate predictions.

Evaluation based on 16 fearures (LASSO)

With the aim to analyze the behavior of the base model in scale and the impact of feature
selection on EMS call forecasting, Table 4.9 expands the analysis to the exclusion of two
features, proposed by LASSO. The same evaluation metrics are provided to compare the
models’ performance. We can observe that, except GBRT, all the performances of other models
are significantly decreasing. This table reaffirms that our ensemble model maintains its superior
predictive score, even with the exclusion of two climatological features : 'fresh_snow_ 1h :cm’
and ’total cloud_ cover :octas’. However, the performance of the ANN model significantly
deteriorates, suggesting that the exclusion of the two climatological features may not be

suitable for the EMS call model.

TABLEAU 4.9 Performance analysis of the ML forecasting models with Lasso

Methods R?*| MSE RMSE| MAE | MAPE
ANN [120] 0.1697 | 161.122 | 12.6934 | 9.8007 | 1.1501
LSTM [25] 0.8484 129.4016 | 5.4223| 4,000 0.3767
LGBM [26] |0.8890 |21.5404 | 4.6411| 3.5326 | 0.3287

GBRT 0.8349 | 32.0372 | 5.6601 | 3.8296 | 0.3085
RF 0.9936 | 1.2304| 1.1092| 0.5040| 0.1052
DT 0.9885| 2.2179| 1.4892| 0.3394| 0.0861

Online-LR | 0.1575| 157.08| 9.3589|12.5335| 1.0737
Online-ANN | 0.6347 | 68.103 | 5.9474| 8.2524| 0.6834
Proposed 0.9949 | 0.9823| 0.9911| 0.3199| 0.0786

Therefore, Table 4.7, Table 4.8 and Table 4.9 underscore the importance of selecting appropriate
features and models to achieve accurate and efficient forecasting results. The result underscores
our model’s ability to effectively capture underlying data patterns and produce highly accurate
forecasts, positioning it as a promising solution for real-world EMS call forecasting applications
and ambulance dispatch and routing. Overall, understanding the trade-offs between score,
errors and computational time is critical in selecting the most suitable model for the given
task.
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4.4.6 Comparative analysis
Our proposed stacking vs Bagging and Voting

For further investigations, we compared our proposed stacking ensemble machine learning
with voting and bagging strategies. Voting consists of taking only the best model in layer 1 to
pursue the second level of prediction, while bagging is using the best model n times as base
learners. Table 4.10 and Table 4.11 present a comparative analysis of our proposed stacking
ensemble model with voting and bagging ensemble model between the best base models :
GBRT, LGBM, DR, and RF. We consider the best scenario of feature selection obtained with

Boruta : 17 spatial, temporal, and climatological. The performance metrics are the same.

TABLEAU 4.10 Performance analysis of 5 ML forecasting models with Boruta

Methods R?*| MSE RMSE | MAE | MAPE
Bagging |0.9890 | 2.1253| 1.4578|0.3318| 0.0838
Voting 0.8897 [ 21.3976 | 4.6257 | 3.5227 | 0.3282
Proposed | 0.9954 | 0.8938| 0.9454|0.2923 | 0.0724

TABLEAU 4.11 Performance analysis of 2 ML forecasting models with Boruta

Methods R?*| MSE RMSE | MAE | MAPE
Bagging | 0.9890 | 2.1253| 1.45785|0.3318 | 0.0838
Voting 0.8897 [ 21.3976 | 4.6257|3.5227 | 0.3282
Proposed | 0.9954 | 0.8938| 0.9454|0.2923 | 0.0724

Bagging and Voting achieved respectively scores of 0.9890 and 0.8897 using the same base
learners. Furthermore, the proposed stacking maintains its superiority, achieving an outstan-
ding R-squared value of 0.9954 and minimal error metrics. By combining the strengths of
the different best models in the base layer and using the RF model in the meta layer, we

proposed an effective and accurate predictive model.

Our proposed model vs related works

The comparison presented in Table 4.12 offers valuable insights into various EMS call fore-
casting approaches and their respective performance metrics. For instance, Chen et al. [105]
employed data analysis techniques and ANN to forecast ambulance demand, achieving notable
results with a R? value of - and a RMSE of 0.26. Similarly, Lin et al. [26] utilized LGBM
alongside other methods, obtaining a R? score of - and an RMSE of 10.2. Van et al. [120]
leveraged data analysis and a genetic algorithm-MLP (GA-MLP) approach, yielding an R? of
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- and an RMSE of 21.68. The CNN architecture in [35] outperforms MLP, Medic, RF, and
DT by 9.83%, 9.98%, 11.26%, and 14.84%, correspondingly. In comparison, the proposed
method, employing feature selection techniques such as Shap and Boruta in conjunction with
a stacking ensemble model, demonstrated superior forecasting performance, achieving an
R? value of 0.9954 and an RMSE of 0.8938 for the Boruta-based approach. These findings
highlight the effectiveness of our proposed EMS call forecasting model in accurately predicting
ambulance demand, showcasing its potential to enhance emergency response systems and

optimize resource allocation strategies.

TABLEAU 4.12 Comparison of Ambulance demand forecasting approaches

Author Feature selection Methods Comparison R’ MSE RMSE MAE MAPE
Chen et al. [105] Data Analysis ANN SVR, SR, MA - - 0.26 51.92
Lin et al. [26] - LGBM RMA, LR, SVR, MLP - 10.2 - 2.09 -
Van et al. [120] Data Analysis GA-MLP SMA, MEDIC, MLP, NF - 21.68 - 3.64 -
Martin et al. [34]  Boruta MLP ARIMA, HW, MEDIC - - - 35.56
Rausten et al. [35] Shap CNN MLPs, DTs, RF, MEDIC 14.66 - - - -
Proposed Shap Stacking GBRT, LGBM, RF, DT, MLP, LSTM 0.9950 0.9705 0.9851 0.3151 0.0775
Proposed Boruta Stacking GBRT, LGBM, RF, DT, MLP, LSTM 0.9954 0.8938 0.9454 0.2923 0.0724

Computational time

In addition to showcasing the performance metrics of various EMS call forecasting approaches,
it’s crucial to underscore the significance of employing a stacking ensemble model, as demons-
trated in our proposed method. Stacking leverages the collective contribution of multiple
machine learning models, each with its unique strengths and weaknesses, to deliver more
robust and accurate predictions. By comparing diverse models such as GBRT, LGBM, RF, DT,
MLP, and LSTM, our approach harnesses the complementary capabilities of these algorithms.
This amalgamation not only enhances prediction accuracy but also improves the model’s
resilience to uncertainties and variations in EMS call data. Thus, the adoption of a stacking
ensemble model represents a strategic approach to EMS call forecasting, enabling more reliable

and effective decision-making in emergency response operations.

Figure 4.8 presents the computational time of all the models and our proposed model. From
the given data, we observe a wide variation in the time taken by different models to complete
the task. The fastest models are LGBM and DT, with execution times of 1.5797 seconds and
1.6916 seconds, respectively. On the other hand, ANN takes the longest time to execute, with
a time of 4934.43 seconds, followed by LSTM with 1771.80 seconds. The disparity in execution
times could be attributed to various factors, including the complexity of the model, the volume
of data processed, and the computational resources available. For instance, models like LGBM

and DT, being ensemble methods based on decision trees, tend to have faster execution times
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compared to more complex models like ANN and LSTM, which involve iterative optimization
processes and handling sequential data. With 68.83 seconds, our proposed ensemble model gives
a good trade-off between score, error minimization and execution time than the traditional

and individual machine learning methods.

4.4.7 Limitations

Although our proposed stacking ensemble machine learning model demonstrates promising
results, it is important to mention its limitations to ensure a well-rounded interpretation of
our findings. Firstly, the effectiveness of our model is influenced by the quality and diversity
of the features in the dataset. While we employed a comprehensive dataset and feature
selection, having access to larger and more varied datasets could confirm the model’s ability
to generalize. Secondly, although our model exhibits the highest score and the minimum
errors, there remain opportunities for enhancement, especially in scenarios involving real-
time management. Further optimization of the model could reduce its computational time

in real-world environments. Lastly, the deployment of this work could be limited by the
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considerations given to data privacy used in emergency intervention, especially when handling

sensitive information related to emergency situations and patient details.

Despite these constraints, our stacking ensemble model for EMS call forecasting represents a
notable advancement in the field, providing valuable insights for optimized ambulance dispatch
and routing [159]. An effective forecasting model should accurately predict the number of
incidents (volume) based on time, location (distribution) and weather. Our accurate results
improve ambulance response times, enhance patient outcomes, and maximize the efficiency of
emergency medical services. Additionally, this is practical because it helps decide how many
staff members are needed for a shift and where resources should be located to respond quickly.
The forecasting capability presented here is important because it enables informed resource

and ambulance demand and is applicable across hospitals and general medical facilities.

4.5 Conclusion

In this paper, we proposed a stacking ensemble model for EMS call forecasting to facilitate
the ambulance dispatch and routing planning. A precise distribution forecast plays a crucial
role in strategically positioning ambulances to minimize response times. This paper provides a
comprehensive literature review, emphasizing the importance of understanding and addressing
the challenges posed by EMS call forecasting for ambulance dispatching and routing. We
compared the most common ML models used for EMS call forecasting, including GBRT,
LGBM, ANN, RF, DT, and LSTM. We used the best ones as base learners in our proposed
model. In addition, we used the voting ensemble model and the online ML, an approach that
embraces change and adaptability for comparative study with our proposed model.We used a
real-dataset to evaluate the effectiveness of the models. During the evaluation process, we
consider different metrics : the R*-score, the Mean Squared Error (MSE), the Root Mean
Squared Error (RMSE), the Mean Absolute Error (MAE), and the Mean Absolute Percentage
Error (MAPE). Moreover, we ensure the accessibility and reproducibility or our research
findings since we used real and public dataset. The findings affirmed the effectiveness of
our proposed stacking ensemble model to enhance the overall performance in all metrics
errors and good score by including GBRT, LGBM, DT and RF. In addition, Our stacking
model outperforms all the traditional single, online, bagging and voting ensemble in the
three different scenario of feature selection. Our proposed model is the most accurate to
predict ambulance demand in different areas and times, allowing for proactive deployment of
resources. For future work, We will explore the impact of others features like demographics,
sociologics and special events in the occurrence of EMS call. Integrating additional data type

could contribute to the refinement of our model. Future research can access the scalability of
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modeling handling larger datasets and meeting growing computational demands in eHealth.We
plan to evaluate the obtained results for ambulance allocation and routing in smart cities,

aiming to enhance emergency response systems.
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Abstract

Accurate forecasting of Emergency Medical Services (EMS) demand helps for optimizing
ambulance allocation and reducing response times. While machine learning models have im-
proved predictive accuracy, many remain black-box, hindering trust and operational adoption.
This study introduces a novel application of an Explainable Machine Learning (XML) pipeline
for this domain, utilizing the Boruta-SHAP methodology. This methodology employs Boruta’s
comprehensive all-relevant feature identification and integrates it with SHAP’s game-theoretic
attribution system to achieve high predictive accuracy while ensuring full transparency of the
forecasts. Using U.S. 911 call data (2015-2017) enriched with spatial, temporal, climatological,
and demographic features, the framework addresses feature interaction effects, mitigates
multicollinearity, and provides Partial Dependence Plots for deeper insight into predictor
relationships. We evaluate machine learning models under different feature selection strate-
gies, comparing Boruta-SHAP with nine alternative methods including RFFI, RFE, LASSO,
SKBest, Ridge, and permutation-based approaches. Results indicate that Random Forest
with Boruta achieved the highest accuracy (R? = 0.9938, RMSE = 1.0934) using 18 features.
Boruta-SHAP, in contrast, provides the smallest set of 13 features while maintaining strong
predictive performance (R? = 0.9920, RMSE = 1.2190), highlighting an optimal tradeoff
between model simplicity, computational efficiency and accuracy. The 13 features include dew
point, precipitation, snow, latitude, longitude, visibility, day-of-week, wind speed, time-of-day,
pressure, minimum temperature, relative humidity, and week, while 9 unimportant attributes
were discarded and no tentative features remain, outperforming others methods in terms of

interpretability. In a practical EMS control room scenario, these insights enable proactive
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ambulance positioning during predicted high-demand windows, directly supporting operational

readiness and improving patient outcomes.

Keywords : Boruta-SHAP, Interpretable EMS calls forecasting, Explainable Al, Feature

selection, Machine Learning.

5.1 Introduction

Emergency Medical Services (EMS) consist of pre-hospital medical care and transport to a
medical facility, such as a hospital [160-162]. EMS plays a vital role in providing prompt and
effective medical care to people in need [163]. EMS calls forecasting involves predicting the
number and types of emergency calls within a certain period and geographic area. Accurate
forecasting can improve resource allocation, reduce response times, and enhance the overall
efficiency of emergency services [164]. Recent EMS calls forecasting studies adopting machine
learning, deep learning models, and ensemble methods have achieved remarkable performances
in terms of score and error minimization [26,34-36]. However, the complexity and black-
box properties of the models used for forecasting can make them difficult to interpret and
trust [37]. Being able to explain and understand a model’s decisions is essential for ensuring
accountability, identifying and mitigating biases within the model, and encouraging the
adoption of the model for decision-making [38]. Interpretability refers to the extent to which a
human can understand the reasoning behind a model’s decision, whereas explainability provides
insights into why a particular prediction was made [39]. Interpretability and explainability
are becoming a recent area of interest in biomedical and health informatics, particularly
for developing trustworthy Al systems that can be adopted in clinical decision-making and
public health applications [37,52-56]. In the context of EMS calls forecasting, explainable
artificial intelligence (XAI) relies on machine learning techniques that not only deliver accurate
predictions but also provide a rationale for these predictions [40]. This transparency is crucial
for emergency service managers, who need to understand the model’s behavior to make
informed decisions in dynamic environments. Such explainable models have the potential
to significantly improve resource allocation and response times, ultimately enhancing the

effectiveness of emergency medical [56].

The process of selecting input features of model is a fundamental stage in the prediction
procedure, with the goal of identifying the most important input variables that substantially
improve predictive performance [165]. Selecting the most suitable feature selection method
for the EMS calls forecasting task and providing an explanation of the model output remains
a crucial concern. The demand for EMS services, marked by the frequency and distribution

of emergency calls, poses significant challenges to service providers. Accurate forecasting
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empowers emergency service providers to proactively allocate resources, streamline dispatch
protocols, and optimize their overall operational efficiency. In addition, the lack of explainability
in machine learning models for the forecasting of EMS calls impedes trust, transparency, and
accountability in decision-making processes. This creates challenges in resource allocation,
bias detection, and model improvement, ultimately affecting the efficiency and equity of
emergency medical services. Interpretability solutions are needed to enhance understanding,

ensure fair and reliable predictions, and foster stakeholder confidence in the model’s output.

In this paper, we proposed the integration of Boruta-SHAP, a feature selection and explaina-
bility framework that enhances interpretability while maintaining high predictive accuracy.
We evaluate Boruta-SHAP algorithm in EMS calls forecasting using four different tree-based
machine learning algorithms including GBRT, LGBM, RF, and DT. We assess the efficiency,
score, and robustness of these methods using real-world EMS calls datasets from different
geographical positions, time periods, climatological, demographics features, and special events
like holidays. The evaluation is based on well-established evaluation metrics such as R-squared,
Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE),
Mean Absolute Percentage Error (MAPE) and the computational time. By identifying the
most effective feature selection techniques, this research significantly enhances the predictive
capabilities of EMS calls forecasting models and contribute to the optimization of emergency
medical services, ultimately improving patient outcomes and resource utilization. Unlike
our previous work [36], which focused on maximizing predictive accuracy through ensemble
modeling, this study addresses a different but critical challenge : selecting the most relevant
input features in an interpretable and reproducible manner and providing explanability for
forecasting. While both studies share the EMS forecasting context, the current work introduces
an explainable machine learning pipeline based on Boruta-SHAP, compares it against eight
other feature selection methods, and evaluates its impact on both performance and interpre-
tability. Additionally, the use of SHAP-based visualizations provides EMS providers with
actionable insights, which were not explored in [36]. While Boruta-SHAP has been applied in
the litterature [166], this paper is the first to adapt and evaluate it within the context of EMS
calls forecasting. We extend the approach by integrating it with a comprehensive framework
for feature interpretability, using SHAP-based analysis and practical visual diagnostics such
as partial dependence plots. Unlike existing uses of Boruta-SHAP, which often focus solely
on ranking, our work combines interpretability, explainability, comparative benchmarking of

nine FS techniques and real-world EMS deployment considerations.

To the best of our knowledge, the proposed explainability view in this study is new and the
first approach that reflects four main features of the patterns of EMS calls ; spatial, temporal,

demographic and special events like holidays. Our specific objective is to propose an integrated
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framework that optimizes ambulance deployment by characterizing and estimating ambulance
demand patterns using high-quality, non-big data sources. Our framework prioritizes model
interpretability, achieves high accuracy and stability for real-time applications, and effectively
mitigates the challenges of high dimensionality, memory constraints, computational time, and

power limitations within the context of emergency response systems.

By delving into the spatial, temporal, climatological and demographic features influencing
EMS calls occurrences, this research seeks to contribute valuable insights to the broader field of
emergency healthcare management. The outcomes of this study have the potential to enhance
transparency, enabling EMS managers to trust and adopt the model’s predictions. Additionally,
it facilitates accountability by providing clear explanations for the model’s decisions, improving
overall emergency response efficiency. We propose an experimental framework including a
feature selection of inputs and a detailed interpretability of the input’s variability effects on
the target and outputs of a model, which has never been studying in the literature for EMS

calls. The contribution of this manuscript is to present an interpretability framework :

— We present the first interpretable EMS demand forecasting framework that integrates
robust feature selection (Boruta) with model-agnostic explainability (SHAP) in a
unified pipeline.

— We evaluate nine feature selection techniques across four tree-based models on real-world
EMS data, demonstrating that the integration of Boruta-SHAP strategy consistently
outperforms traditional methods in both predictive accuracy and interpretability.

— We incorporate and analyze spatial, temporal, climatological, demographic, and special-
event features, revealing their collective and individual impact on EMS demand through
SHAP values and partial dependence plots.

— We provide a comparative analysis between SHAP-only interpretability and Boruta-
SHAP, highlighting the complementary benefits of explanation and feature filtering for
operational decision-making.

— Our framework offers actionable insights for EMS planning, enabling dynamic and

informed ambulance allocation strategies based on interpretable Al predictions.

The rest of this paper is organized as follows. Section 7.2 is a critical review of related works
for feature selection in EMS calls or ambulance demand prediction. Section 5.3 define the
FS problem formulation in EMS calls context. Section 7.3 describes the proposed framework
including the feature selection algorithm, the model-agnostic interpretation method and the
materials used. Section 5.5 discusses the experiments performed, results obtained from the
proposed framework and discussion. The paper delivers the discussion and future scope in

Section 6.5. Finally, Section 6.5 concludes the paper.
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5.2 Related work

In the literature, various approaches such as empirical estimation, times series, probabilistic
models and machine learning-based models have been proposed to predict ambulance demand
[11,35,105]. Recent studies have delivered more accurate prediction results using deep learning
and ensemble machine learning models. However, their black-box nature makes it difficult
for decision-makers to understand what the model predicts, and why those predictions are
made [167]. The goal of explainable and interpretable models in the context of EMS calls
forecasting is to provide clear and understandable insights into the machine learning model’s
predictions and decision-making processes, underlying reasons for prediction results [39, 168].
This transparency helps ensure that end users like EMS managers can trust and adopt the
model, accurately allocate resources, and identify and address any biases or errors in the

model, ultimately enhancing the effectiveness and equity of emergency response services.

TABLEAU 5.1 Comparison of Previous EMS Studies on Feature Selection for EMS

Calls/Ambulance Demand Forecasting

Authors FS Methods
(Year) Data Features used Output Model / XAI
. Year, season, month, day, .
Chen et al, [105] oW Taipel hour, time bucket, Grid SVR, SR,
EMS data ambulance No

(2015) (2010-2012) weekend, rush hour, demand MA, ANN

past EMS demand, rainfall
Wang et al. [11] Tokyo EMS Date, time, Ambulance Multi-Graph N
(2021) (2017) rain, traffic demand Neural Nets ©
Gao et al. [164] Shenzhen EMS Fe?gleziaﬁnf;)’r::;ither’ Ambulance GON No
(2023) (2012-2019) emporal, Sbattal, - demand

pop. density, housing prices
Hassler et al. [169] Sweden SOS Demogr.aphlc, socto” Standardized SADR(i) =
(2023) (2018) economic, spatial, Ambulance Demand D) /E() No

geographical Ratio (SADR)
Wong [170] Taipei EMS 1-7 days, weather Daily ambulance
(2023) (2010-2012) (biometeorological) demand ARIMA No
Rausten et al. [35] Seattle 911 g&ﬁi’htt?mgé‘ygﬁ’nt Ambulance ]()J?N};{IIXILP, Partial
(2023) (2020-2021) pressure, holidays, events demand MEDIC (SHAP)
Wang et al. [117]  Guangzhou EMS . Emergency Hybrid
(2024) (2021) Daily, hourly ambulance demand ~ SSA-ARIMA  °
This study Montgomery 911 (Szlp at;?(l),lsc‘fi)loral, Ambulance RF, GBRT, ?];Z ta-SHAP)
(2025) (2015-2017) Hatologtear, demand LGBM, DT o

demographics, holidays

+ 8 F'S comparison

Table 5.1 provide a summary of recent studies on feature selection methods in EMS calls/Ambulance
demand forecasting, including the prediction methods and features considered in each study.
In a comparative analysis of various studies on EMS calls and ambulance demand prediction,
notable differences in feature selection, interpretability, and performance metrics emerge. Chen
et al. [105] utilized data analytics for feature selection, incorporating variables such as year,

season, and past EMS demand, but did not focus on model interpretability. They employed
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models like SVR and ANN, evaluated using RMSE and MAPE. Wang et al. [11] and Hassler
et al. [169] did not apply explicit feature selection methods or provide interpretability. Wang
focused on temporal features like day of the week and weather conditions, while Hassler inclu-
ded demographic and socioeconomic factors but used the Standardized Ambulance Demand
Ratio (SADR) for evaluation. Wong [170] also skipped feature selection and interpretability,
focusing on short-term weather data and employing ARIMA, with performance measured
by RMSE and AAPE. In contrast, Rausten et al. [35] used SHAP for interpretability, in-
corporating a range of weather and event-related features, and evaluated performance using
CNN and other models with MSE as the metric. [35] proposed a CNN architecture to forecast
ambulance demand by converting time series data into heatmaps. It incorporates a feature
selection framework using external factors like weather, events, and holidays, optimized via
Bayesian methods. Notably, the proposed CNN model outperforms existing methods by over
9% in a case study based on Seattle’s 911 calls data, demonstrating improved accuracy and
operational decision-making capabilities. SHAP (SHapley Additive exPlanations) was used as
a feature importance measurement. SHAP values were used to provide the contribution of
each feature to the model’s predictions, thus addressing the "black-box" nature of CNN models
by providing insights into how different input features affect the model’s output. However,
the study does not fully emphasize the interpretability and explainability of the CNN model
and the challenge of accurately conveying the importance of feature variations, which could
be a potential area for improvement. [117] used SSA for feature extraction, providing a
robust method for time series analysis. SSA helps in decomposing the time series data and
extracting meaningful components that enhance prediction accuracy. While feature extraction
and feature transformation create new representations of the original features, it becomes
challenging to establish direct connections between the new and original feature spaces. In
contrast, feature selection preserves the physical interpretations of the original features by
selecting a subset from the original set without transforming them, making it beneficial in
terms of improved readability and interpretability. Feature selection methods determine the
predictive power of each feature according to the target variable, and propose new subsets of
features. The objectives of the F'S methods are also to reduce the complexity of the generated
model, to eliminate noise, to prevent overfitting, to enable ML algorithms to work faster and

to improve the performance results [171].

Existing EMS demand forecasting studies have explored a variety of temporal [11,105,170],
spatial [164, 169], climatological [35,117], and socio-demographic features [169]. However,
several important gaps persist in the literature. First, most prior works did not apply a
dedicated feature selection step before model training [11,105,117,164, 169, 170], which can

lead to redundant or noisy inputs that degrade performance. Second, interpretability and
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explainability are often missing or limited ; while [35] uses SHAP for post-hoc explanation, it
does not integrate F'S and interpretability into a unified framework, and other works remain
entirely black-box. Third, some methods such as SSA-based preprocessing [117] or deep
CNN architectures [35] add complexity without necessarily providing actionable feature-level
insights for EMS decision-making. Finally, few studies combine multi-domain features (spatial,
temporal, climatological, demographics, and special events) with explainable feature selection,

and none explicitly evaluate Boruta-SHAP alongside other FS techniques in the EMS context.

In this work, we address these gaps by introducing an interpretable FS pipeline that integrates
Boruta-SHAP for both feature ranking and domain-relevant interpretation, benchmarking
Boruta-SHAP against nine alternative FS methods to provide empirical evidence of its
suitability, and (3) using a rich feature set that includes under-explored demographic and
special-event variables, thus enabling more accurate and explainable EMS demand forecasting.
Unlike SHAP-only models that explain predictions based on all input features, Boruta-SHAP
integrates SHAP values into an iterative wrapper-based feature selection process. The strategic
exclusion of non-contributing features is vital for maintaining model robustness, ensuring the
final predictor generalizes effectively beyond the training data. Our framework addresses both

"what the model uses" and "why", which means filtering features and explains the prediction.

5.3 Feature selection problem formulation

The feature selection problem can be formulated as an optimization problem to find the
optimal feature subset s [172]. We seek to maximize the predictive performance of EMS calls
forecasting while considering the location of the incident, the time, the weather, demographics
and holiday features. Given size N (z;,y;) : ¢ = 1,..., N observations of the dimensional
vector of features, where z; € X € RP and y; the target variable y;. The input matrix is
denoted by X = (21,...,2y5) € R¥*? and y € N¥ is the occurrence of EMS calls outcome.
Feature selection aims to find a feature selector s € {0, 1}% such that for almost every z € X

and selected feature xy = x o s, we have

min |[sflo  subject to
(YIX =2) £ (Y]X, = 2,)
Model complexity constraints

Interpretability and data availability requirements

where < denotes the equality in the distribution. For the selected feature x4y =z o s, x =
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[x1,...,24 € X is the input feature vector, and s = [s1,...,54] € {0,1}% is the binary
selection vector, where s; = 1 indicates that the feature z; is selected, and s; = 0 means z;
is not selected. x o s is the element-wise product of x and s that keeps the relevant feature
values and sets all the irrelevant features to be value 0 [172]. In this optimization problem, our
objective function prediction performance measure (s) quantifies the quality of the selected
feature subset (x) with respect to EMS calls forecasting. The feature selection process seeks
to strike a balance between minimizing errors, maximizing predictive score and satisfying the
specified constraints and requirements, ultimately leading to an effective EMS calls forecasting
model. The constraints reflect considerations related to model complexity, as overly complex
models may not be practical for real-world deployment. Additionally, constraints encompass
interpretability and data availability requirements, as it is crucial to ensure that the selected

features are interpretable and accessible in the operational context.

5.4 Methodology

Figure 5.1 depicts the workflow of this study. It includes data preparation, the Boruta-SHAP
feature selection adaptation approach, the baseline approaches, the model training and

evaluation process.

5.4.1 Dataset

As used in [36], we used a real dataset of historical EMS calls from [150], the corresponding
weather data from [151]. We added demographics data and holidays based on real information
from [173]. The quality of data significantly impacts the efficiency of feature selection methods

and the accuracy of the model. For this reason and to facilitate the interpretability of the

Explainability and

r | Dataset ™ /_ BorutaSHAP Interpretability

Baseline Feature Selection

PCC, RFFI, RFE, LASSO, SHAP, Feature Importance

SelectKBest, RFA, Ridge, Borut
Weather electitbest, RHA, Hidge, Borta ‘ SHAP Summary Plots ‘

‘ Partial Dependence Plots |

Model Evaluation
R2, MSE, RMSE, MAE, MAPE

Special events Unimportant m _ Tree-Based Models _
\ / GBRT |RF |LGBM | DT

F1GURE 5.1 The Flow chart of the proposed framework including Boruta-SHAP.

Demographics Decision
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model predictions, we considered only cleaning the missing value, encoding categorical values
and data standardization for plots. For each occurrence in our final dataset as presented in
Table 5.2, we have 22 spatial, temporal, climatological, demographics and holidays features :
Lat gy ia, Lng,,q, season, month, day of the week, day, weekend, part of the day, category,
amount of precipitation, dew point temperature, fresh snow, relative humidity, surface pressure,
temperature (mean, min, or max over the selected time interval), total cloud cover, visibility,
wind speed, and effective cloud cover, age groups, gender and holidays|. There are 22 attributes
consisting of 12 categorical variables, and 10 continuous variables, as described in Table 5.2. We
split the data into 80% for training and 20% for tests. The next phase involves implementing
the Boruta-SHAP algorithm and baseline.

TABLEAU 5.2 Feature description of the combined dataset

Explanatory variable Type Description

Spatial

Latitude Continuous [39.00, 41.00]

Longitude Continuous [-77, -74]

Latgyiq Categorical Integer values representing the split of the latitude (0, 1, 2, 3, 4, 5, 6).

Lnggriq Categorical Integer values representing the split of the longitude (0, 1, 2, 3, 4, 5).

Temporal

Season Categorical Integer values (1 to 4) corresponding to the seasons (winter, spring, summer, autumn).
Month Categorical Integer values (1 to 12) representing all months of the year (January to December).
Day of the week Categorical Integer values (1 to 7) representing all days of the week (Monday to Sunday).

Day Categorical Integer values (1 to 30 or 1 to 31) indicating the day of the month.

Weekend Categorical Binary values (0 or 1), where 1 indicates a weekend and 0 otherwise.

day__part Categorical Three parts of the day : "8 am - 4 pm," "4 pm - 12 am," "12 am - 8 am."

Weather

Amount of precipitation Continuous Precipitation measured in millimeters per hour.
Dew point temperature Continuous Dew point temperature at a height of 2 meters in Celsius.

Fresh snow Continuous Fresh snowfall measured in centimeters per hour.

Relative humidity Continuous Relative humidity at a level of 2 meters in percentage.
Surface pressure Continuous Surface pressure measured in pascals.

Temperature Continuous Mean, minimum, or maximum temperature over a time interval at a height of 2 meters.
Total cloud cover Continuous Cloud cover measurement in octas.

Visibility Continuous Visibility measurement in feet.

Wind speed Continuous Wind speed at a height of 10 meters in kilometers per hour.
Effective cloud cover Continuous Effective cloud cover measurement in octas.

Demographics

Age Categorical Agegroups_65andover, Agegroups_ Under18, Gender_Male
Gender Categorical Male or Female

Special event

Holidays Categorical Public holidays

5.4.2 The integrated Boruta-SHAP algorithm

This work focuses on selecting the most relevant predictors for accurate and interpretable
EMS call forecasting. To that end, we design a hybrid feature-selection framework named
Boruta-SHAP, which merges the robustness of the Boruta wrapper algorithm with the
explanatory strength of SHAP values. The Boruta component identifies all features that

contribute meaningfully to prediction rather than only a minimal subset [50]. It does so by
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comparing each real variable with a randomized counterpart. These reference variables—often
called shadow features are produced by shuffling the original columns of the dataset. A model

is then trained on the extended data, and the importance of each feature is quantified.

Instead of relying on traditional importance measures such as Gini or permutation scores,
our framework employs SHAP values to estimate the contribution of every variable to the
model’s output. SHAP computes a fair attribution for each feature based on cooperative-game
principles, allowing a consistent explanation of both global and local effects [50]. We take
advantage of the wrapper function of Boruta to capture all the interesting features in the
dataset and the unified framework of SHAP in explaining the output of machine learning

models by assigning a value to each feature’s contribution to a prediction [166].

During each iteration, the importance of every original variable is compared with the highest
importance observed among its randomized references. A feature is kept only if its SHAP-
based importance consistently exceeds that threshold across multiple runs. This iterative
comparison ensures that selected predictors remain statistically significant and stable over

repeated evaluations.

Boruta was selected because it captures all relevant features, not just the minimum optimal
subset. Unlike filter-based methods like mutual information or embedded techniques like
LASSO, The Boruta methodology initiates feature assessment by generating synthetic feature
counterparts, often referred to as ’shadow variables,” which serve as a randomized control
group for importance comparison [36]. SHAP was chosen over other XAI methods like LIME
or permutation importance due to its theoretical foundation based on Shapley values, ability
to provide both local and global explanations, and robustness in handling correlated and

interacting features common in EMS related data.

As represented in Algorithm 4, the mechanism of the integration of Boruta-SHAP for EMS

calls forecasting can be represented in four parts :

— Generate randomized reference variables for each predictor.

— Combine the original and reference variables into an extended dataset.

— Train the model and compute SHAP values for all variables.

— Compare each feature’s mean SHAP value with the maximum value among its rando-
mized references.

— Retain features that repeatedly surpass this benchmark across iterations.

The resulting subset constitutes the final group of relevant predictors. By coupling Boruta’s
comprehensive search with SHAP’s interpretable scoring, the method balances robustness,

transparency, and parsimony. This design also mitigates multicollinearity and enhances the
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reliability of the selected variables in real-world EMS forecasting applications.

Algorithm 4 Boruta-SHAP for EMS Calls Forecasting

Require: Feature matrix X, target vector y, number of iterations N, and a machine learning
model M
Ensure: Final set of important features Fimportant
1: Initialization : Create an empty set Fimportant
2: Parameter Setup : Define nghagow = | X |features
3: forv=1to N do
4: Step 1 : Create Shadow Features
5: Generate randomized duplicates of each original variable to act as reference (‘shadow’)
features and shuffle the columns of X, resulting in X,qd0w-

6: Concatenate X and Xadow N0 Xecombined

7: Step 2 : Model Training and SHAP Calculation

8: Train model M on X ombinea and y

9: Compute SHAP values for both original and shadow features using M
10: Step 3 : Feature Importance Evaluation

11: Determine max(SHAPad0w)

12: for each feature f in X do

13: if meanSHAP; > max(SHAPhadow) then

14: Mark feature f as important

15: end if

16: end for

17: Add marked features to Fimportant

18: end for

19: Step 4 : Final Selection

20: Select features consistently marked as important across iterations return Fiyportant

5.4.3 Feature selection baseline

This section presents the selected feature selection methods as baseline. We compare Boruta-
SHAP against nine alternatives, including PCC, RFFI, RFE, LASSO, SelectKBest, SelectK-
Best + MI, RFA, Ridge.

— The Pearson correlation coefficient (PCC) is the ratio between the covariance of two
variables and the product of their standard deviations [174]. PCC offers a simple
means of filtering features based on their correlation coefficient. It has a value between
-1 to 1, with a value of -1 meaning a total negative linear correlation, 0 being no

correlation, and + 1 meaning a total positive correlation. The Pearson correlation
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coefficient p(X;,Y), between a feature X; and the target Y is :

P, y) = ) 6.)
SN (2 — B)(y: — 7)
- (5.2)
VEN (2 — 02N (5 — §)?

where : N : Number of observations in the sample; x; and y; Individual values of
features X; and the target Y for observation i;  and y represent the mean values of
X; and Y, respectively.

— Recursive Feature Elimination (RFE) : RFE is a method that recursively removes the
least significant features from the dataset until the desired number of features is reached
or a performance metric threshold is achieved. RFE technique systematically removes
less important features from a model by iteratively training the model and evaluating
feature importance. RFE helps in feature selection by identifying and retaining the
most informative features, which can prevent overfitting and ultimately improve model
performance [175].

— SelectKBest : This method selects the top K features based on statistical tests, such
as variance, chi-squared, ANOVA, or mutual information, to determine the relevance
of each feature. SelectKBest with ANOVA focuses on selecting the top K features that
have the most significant variance between different classes or groups in the target
variable. It is suitable for numerical data and categorical target variables. SelectKBest
with Mutual Information (MI), on the other hand, selects the top K features based
on their mutual dependence with the target variable. It is versatile and works well
with both numerical and categorical data, capturing non-linear relationships and
dependencies. In this paper, we used selectkbest with ANOVA and with MI from
scikit-learn [155].

— LASSO (The Least Absolute Shrinkage and Selection Operator) or L1 regularization
term (A||w||1) helps in feature selection by pushing the weights of correlated features
to zero, thus preventing overfitting and improving model performance. LASSO applies
regularization to the regression model, encouraging sparsity in the feature coefficients

and effectively selecting the most important features [131].

‘ 1 2N - )
L i 5 3l =Tl Al 53)

— Ridge or L2 regularization term (\||w]|3) helps in feature selection by penalizing the
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squared magnitudes of weights, which discourages overly large weights and can prevent
overfitting, thereby improving model performance [176].

— Random Forest Feature Importance (RFFI) : is a technique that assesses the significance
of features by measuring their impact on the mean squared error of a Random Forest
model. The way RF estimates feature importance works in two phases. First, each
decision tree creates and stores a prediction. Second, the values of certain features
are randomly permuted through the various training samples and the previous step is
repeated, tracing the result of the predictions again. The importance of a feature of a
single decision tree is calculated as the difference in performance between the model
using the original features versus the model using the permuted features divided by
the number of examples in the training set. The importance of a feature is the average
of the measurements across all trees for that feature [177].

— Recursive Feature Addition (RFA) : Similar to RFE, RFA starts with an empty feature
set and iteratively adds the most significant features until the desired number of
features is achieved [176,178].

5.4.4 Machine learning model

This section presents the tree-based machine learning algorithm used to evaluate the efficiency

of the selected features by the previous feature selection methods for EMS calls forecasting.

— GBRT combines the power of decision trees and gradient boosting. It builds an ensemble
of decision trees sequentially, with each tree correcting the errors made by the previous
ones [137].

— LGBM a gradient-boosting framework designed for efficiency and speed. It uses a
histogram-based approach to split data, reducing the training time significantly. LGBM
is well-suited for large datasets and is known for its excellent performance in a wide
range of machine learning tasks [141].

— RF is an ensemble learning method based on decision trees. It builds multiple decision
trees using random subsets of data and features and combines their predictions to
reduce overfitting. RF is robust, can handle high-dimensional data, and is effective in
both classification and regression tasks [46].

— DT is a simple yet powerful machine learning algorithm. They create a tree-like model
of decisions and their possible consequences. DTs are interpretable and can handle
both categorical and numerical data. However, they are prone to overfitting when the

tree becomes too deep [179].
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5.4.5 Evaluation metrics

To compare the performance of different feature selection methods using machine learning, we
used six evaluation metrics, used in real medical scenarios [149] : the mean square error (MSE)
and its rooted variant (RMSE), the mean absolute error (MAE) and its percentage variant
(MAPE), the coefficient of determination R-squared or R? and the execution time. The R?
quantifies how much the dependent variable is determined by the independent variables, in
terms of proportion of variance. R? is a number between 0 and 1 that measures how well a
statistical model predicts an outcome. MAE and MSE whose difference lies in the evaluating
metric, respectively linear L, or quadratic L, evaluate the quality of fit in terms of the
distance of the regressor to the actual training points. RMSE is used to standardize the
units of measures of MSE. MAPE gives an intuitively interpretable perspective on relative
error, and its application is particularly advisable in scenarios where prioritizing sensitivity to
relative fluctuations holds greater significance than absolute variations [180]. The execution
time refers to the amount of time it takes for the model to process and complete a specific

task. Table 5.3 represents the best and the worst value for each metric.

TABLEAU 5.3 Performance Metrics Summary

Performance | R* | MSE | RMSE | MAE | MAPE | Time (s)
Best value 1 0 0 0 0 0
Worst Value | < 0| + o0 | +00 | + + oo + 00

5.4.6 Implementation

Our study goal is to improve the prediction performance and the model interpretability by
using Boruta feature selection algorithm with Shapley values to select the most important
features to forecast EMS calls. All the analyses were carried out using the programming
language Python version 3.9.7 [152]. We used several modules including scikit-learn, a Python
ML module built on top of the scipy package, Numpy, Boruta, SHAP, and Pandas [155, 181].
Boruta-SHAP is a feature selection algorithm that identifies important features by comparing
the importance of the real features to that of randomly generated shadow features [182]. We
used the Boruta package from [181]. Holidays is a Python library used to generate and manage
lists of holidays for the region [183]. We leverage the Jupyter Notebook environment [153] for

all the implementations.
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5.5 Results and discussion

In this section, we present the result of the feature interaction effects and the influence of
feature selection strategies. Then, we analyze the performance evaluation of machine learning
models based on feature selection result. We provide a discussion on model interpretability
and explainability. Finally, we present the limitations of this work as well as possible future

research directions.

5.5.1 Feature interaction effects

To analyze the feature interaction effects, we integrated location, time, weather, and holiday
data and performed feature engineering. Our goal is to identify the key predictors that influence
emergency calls volume and patterns. We used the Pearson Correlation Coefficient (PCC).
PCC measures the strength of the linear relationship between two quantitative variables [184].
The PCC matrix between all the features is expressed as a heatmap in Figure 5.2. The
values in the matrix range from -1 to 1, where 1 indicates a perfect positive correlation, -1
indicates a perfect negative correlation and 0 indicates no correlation. We find that three
features have a stronger linear correlation with three other features, for example, “month”
and “week”, t min 2m 1h :C and dew_ point 2m :C, effective cloud cover :octas and

total cloud cover :octas.

Moreover, we performed PCC analysis to identify variables with zero or weak correlation with
the dependent target variable (the number of EMS calls). The observation of the provided bar
plot displaying the PCC between various features and the target variable (Figure 5.3). This
map reveals important associations between spatial, temporal, climatological, demographics
and special events features. Features like ’lat_grid’ and 'relative__humidity 2m :p’ exhibit
strong negative correlations with the target variable. This suggests that as the latitude
grid position and relative humidity at 2 meters above ground level increase, the demand for
ambulance services tends to decrease. This observation implies that zones with higher latitudes
and higher relative humidity may experience lower ambulance demand. While, 'day_ part’
(time of day) and wind speed at 10 meters above ground level show strong positive correlations
with the target variable. This indicates that during certain times of the day (e.g., peak hours)
and when wind speed is higher, there is an increased demand for ambulance services. These

features can be considered as important drivers of ambulance demand.

Features like "precip_ 1h :mm’ (precipitation in the last hour) and 'fresh_snow_ 1h :cm’ (fresh
snowfall in the last hour) have moderate positive correlations with the target. This suggests

that weather conditions, such as recent precipitation and snowfall, may contribute to an
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increase in ambulance demand. However, these correlations are not as strong as some other
factors. Some features, including 'month’,’week’, ’gender’ and ’age’ exhibit weak correlations
close to zero. This indicates that there is little to no linear relationship between these temporal
features and ambulance demand. It’s important to note that these features may still have

non-linear or indirect effects that are not captured by the Pearson correlation.

month
week
dayofweek
day 007 010 -0.00
day_part 002 001 -0.00
holidays 000 0.06 -0.11 -0.03

PXT) 0.01 007 002 000 0.01 0.01 0.00 O 1.0.10 009 017 -0.04 0.05 012 -0.06 0.00 0.00 0.00

010 0,01 006 -0.01 001 -0.00 0,02 [1-:)-0.10 0.09 016 -0.06 -0.04 -0.12 -0.07 0.00 0.00 0.00
-0.00 -0.00 0.11 0.01 -0.02 0.04 -0.02 -0.01 0.04 -0.03 -0.02 0.00 -0.04 0,03 0,01 -0.03 0,00 -0.00 0.00
001 0.03 0,00 0.00 001 005 0.05 003 -0.00 -0.02 005 0.01 -0.05 0.03 0.00 -0.00 -0.00 -0.00
-0.01 0,00 005 004 0,03 0.02 025 -0.05 016 0.03 0.03 010 0.02 -0.00 0.00 0.00
001 -0.01 -0.02 0.02 -0.08 0.04 0.03 013 0.09 0.01 -0.01 -0.01 0.02 0.00 -0.00 0.00
lat_grid -0.01 0.01 001 0,00 0.01 001 -0.08 0,01 -0.02 0.01 0,01 0.00 -0.02 -0.00 0.01 -0.01 0.00 -0.00 0.00 -0.00
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‘resh_snow_lh:cm -0.10 0.10 0.04 0.03 0.02 0.04 0.01 -0.00 0.04 -0.08 -0.14 0,09 -0.20 0.07 012 0.00 -0.00 0.00
se_humidity_2m:p [0.09 009 -0.03 0.00 0.25 0.03 001 -0.00 -0.02 017 0 15@0 49 0.35
sfc_pressure:Pa [0.17 016 -0.02 -0.02 -0.05 0.13 0.00 0.00 -0.03 -0.18 BRI -0.18 -0.18 0.32 -0.24 0.00 0.00 0.00
t_min_2m_1h:C | 000 005 0.16 0.09 0.02 0.01 0.01 0.05 0.14 0.15 -0.18 |f¥] 0.03 -0.07 0.01 -0.08 -0.00 0.00 -0.00
cloud_cover:octas 0.04 -0.06 0.04 001 0.03 001 -0.00 001 002 019 013 009 [0E] 0.15 -0.03 [ -0.35 0.01 [EE] 0.00 000 0.00
visibility:ft -0.05 -0.04 003 -0.05 003 -0.01 0,01 -0.01 -0.04 -0.42 -0.27 -0.20 -0.49 0,07 -0.35 -0.00 0.00

0.01

0.05

0.00 0.00

I_speed_10m:kmh .12 -0.12 0,01 003 0.10 -0.01 -0.01 0,01 0.06 007 -0.18 007 -0.35 -0.32 -0.01 0,01 -0.04 f¥E 0:06 0.00 -0.00 0.00
cloud_cover:octas -0.06 -0.07 -0.03 0,00 0.02 0.02 -0.00 0.01 0.02 010 0.12“0.24 noarn 45 0,06 [fEL] -0.00 0.00 0.00

oups_65 and over 000 0.00 0,00 -0.00 -0.00 0.00 -0.00 -0.00 -0.00 0.00 -0.00 0.00 0.00 0.00 -0.00 -0.00 0.00 -0.00 -0.00 FRLY -
_Groups_Under 18 0.00 000 -0.00 -0.00 0.00 -0.00 0.00 0.00 -0.00 -0.00 0.00 -0.00 0.00 0.00 0.00 0.00 -0.00 -0.00 0.00 -0.25
Gender_Male 000 000 000 -0.00 0.00 0.00 -0.00 -0.00 -0.00 0.00 -0.00 0.00 0.00 0.00 -0.00 0.00 -0.00 -0.00 0.00 0.00 -0
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FIGURE 5.2 Pearson’s correlation between the features

Feature Correlations with Target
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FIGURE 5.3 Pearson’s correlation between features and the target (The number of EMS
calls).

5.5.2 Partial dependence plots

The partial dependence plots show how each feature independently affects the predicted target

value, the number of EMS calls, while accounting for the average effect of all other features,
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as shown in Figure 5.4. The y-axis represents the partial dependence values, while the x-axis,

the feature values.

Temporal features such as month, week, day of the week, and day part show significant
cyclical patterns. The month and week variables present seasonal effects, with certain months
and weeks showing higher EMS calls values. The day of the week indicates higher values
during weekdays, reflecting routine activities. The day part shows peaks during specific
hours, likely corresponding to peak activity times. Spatial features, represented by lat_ grid
and Ing grid, reveal distinct patterns across different locations. Certain grid coordinates
consistently show higher EMS calls values, indicating spatial clustering or hotspots. This
points out that location-specific factors significantly influence ambulance demand. Weather
features, including temperature, precipitation, visibility, and wind speed, have a moderate
impact on the EMS calls. Temperature shows a positive correlation up to a point, while
precipitation negatively impacts the number of EMS calls, indicating reduced activity during
rain. Visibility and wind speed also show distinct patterns, with visibility having a threshold
effect. Demographic features such as age groups and gender show smaller partial dependence
ranges compared to other categories. However, they still provide valuable insights into behavior
patterns, with some gender-based differences observed. These features add nuance to the
predictions, but are less influential overall. Special events, including holidays and category
variables, show distinct impacts on the EMS calls. Holidays have a positive effect, indicating
increased the EMS calls during these times. The category variable, which may include special
events or classifications, shows varying impacts, highlighting the importance of considering

non-routine days in predictions.

5.5.3 Feature importance comparison

Feature importance values indicate the significance of each feature in contributing to the target
variable’s prediction, the number of EMS calls. Table 5.4 presents the feature importance
measures obtained using different methods for the given dataset. Each row corresponds to a
specific feature, and the columns represent various feature selection methods. The methods
used include Random Forest Feature Importance (RFFI), Recursive Feature Elimination
(RFE), LASSO, SelectKBest, SelectKBest with Mutual Information (MI), Recursive Feature
Addition (RFA), Ridge, Boruta and SHAP.

The values in Table 5.4 are indicative of the feature’s relevance and impact on the model’s
performance. This table provides an overview of how different feature selection methods
assess the importance of individual features, aiding in the process of identifying influential

attributes for improved predictive modeling. We can observe that most feature selection
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TABLEAU 5.4 Feature Importance Measures using Different Methods

Feature Names RFFIRFE LASSO SKB illf/IBI RFA Ridge Boruta SHAP PCC
month 0.035 0 26.2 4.10 0.079 22 0.062 T  0.469 -0.005
week 0.059 0 -7.48 14.8 0.269 21 -0.013 T 0.443 -0.010
dayofweek 0.053 0 -448 794.6 0.054 20 -0.518 T 0.832 -0.070
day 0.078 0 25.8 89.6 0.186 19 0.024 T 0.199 0.024
day_ part 0.025 0 2604 4288 0.093 18 2.840 T 1.664 0.161
holidays 0.004 0 0 134.3 0.005 17 -2.282 T 0 -0.029
lat_ grid 0.072 0 0 19391 0.339 16 -5.683 T  4.067 -0.329
Ing_ grid 0.112 0 -5475 1385 0.196 15 -0.631 T  0.574 0.093
category 0.026 0 -510 526.1 0.005 14 0.139 F 0.147 0.057
precip_ 1h :mm 0.013 0 89.3 950.1 0.132 13 0.812 T 0.254 0.077
dew_ point_ 2m :C 0.076 1 574.3 38.5 0.336 12 1.231 T 10.9 0.016
fresh__snow_ 1h :cm 0.001 0 0 634.5 0.011 11 8.923 T  0.080 0.063
rel _humidity_2m :p 0.054 1 1048 877.2 0.429 10 -0.322 T 5.885 -0.074
sfc_ pressure :Pa 0.084 1 0 631.7 0.827 9 -0.0002 T 0.158 -0.063
t_min_2m_ 1h :C 0.061 1 -283 289.8 0.327 8 -1.152 T 10.4 0.043
cloud_cover :octas 0.031 O 0 121.6 0.020 7 -0.079 T 0.241 0.028
visibility :ft 0.084 1 -0.318 658.6 1.322 6 -0.000 T  0.704 -0.064
wind_ speed_ 10m :kmh0.053 0 -990 3029 0.214 5 0.179 T 0.938 0.136
eff_cloud_ cover :octas 0.033 0 0 227.3 0.023 4 0.144 T 0.383 0.038
Age_65_over 0.013 0 0 0.005 0.000 3 0.003 F 0 0.002
Age Under_ 18 0.014 0 0 0.678 0.002 2 -0.036 F 0 -0.003
Gender_ Male 0.019 0 0 1.316 0.000 1 0.056 F 0 -0.003

Number of 5 13 22 22 22 22 18 18 22

Selected Features

methods include the five types of data collected : spatial, temporal, climatic, demographics
and special events. This demonstrates the effectiveness of these features in estimating EMS
calls. Among the presented methods, the Boruta column signifies whether a feature has been
selected as important by the Boruta method, with "True’ indicating selection. Features such as
"dayofweek’, 'day_part’, ’lat_grid’, and 'Ing_grid’ consistently demonstrate high importance
across multiple methods. It’s important to note that method-specific characteristics can
influence the results; for instance, LASSO Regression and Ridge Regression tend to highlight
features that have a substantial impact when coefficient magnitudes are considered. To
evaluate the results of features selection strategies, we will use the recommended feature of

each FS method as input for four machine learning models.

5.5.4 Performance of ML model based on feature selection

Using the results from the feature selection methods, we apply four machine learning models.
The performance evaluation of machine learning models based on various feature selection
methods in Table 5.5 reveals distinct strengths and trade-offs. Among the tested combinations,
the Random Forest (RF) model consistently stands out as a strong performer, achieving high
R2-Score and low error metrics across multiple feature selection techniques, including Random
Forest Feature Importance (RFFI), Recursive Feature Addition (RFA), Recursive Feature
Elimination (RFE), LASSO, SelectKBest, SelectKBest combined with Mutual Information

(MI), and Boruta without 'month’. However, when considering both accuracy and efficiency,
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the combination of Random Forest (RF) with Boruta appears to be the most appropriate
choice, as it achieves a high R2-score of 0.9938 while maintaining a reasonable execution
time of 63.83 seconds. This combination strikes a balance between predictive power and
computational efficiency, making it a strong candidate for practical applications. In real-time
applications where the computational constraints have a huge impact, the combination of

Boruta and DT is the most favorite, as it achieves an R? of 0.9890 with only 1.69 seconds.

The Decision Tree (DT) model consistently demonstrates strong predictive performance across
different feature selection methods. It is particularly robust in capturing underlying patterns
in the data and offers competitive accuracy. The choice of DT as the most suitable model
may depend on the specific requirements of a real-time EMS calls forecasting application,
including the trade-off between prediction error and processing speed. Based on the R2-
Scores, the models can be sorted in descending order of predictive accuracy as follows : RF
consistently achieved the highest R2-Score across various feature selection methods, indicating
its exceptional predictive precision. DT demonstrated strong predictive performance, especially
when using feature selection methods like Boruta. LGBM also performed well but generally
slightly below RF and DT in terms of R2-Score. GBRT achieved competitive R2-Scores
but tended to perform slightly lower compared to RF, DT, and LGBM in most scenarios.
R2-Score is a valuable metric for assessing predictive accuracy, other factors such as model
interpretability and computational efficiency should also be considered when selecting the

most suitable model for our specific EMS calls forecasting application.

5.5.5 Model explainability and interpretability

Interpretability and robustness in feature importance are critical for our project. This is particu-
larly relevant for complex datasets with non-linear relationships. We integrated Boruta-SHAP,
combining the Boruta algorithm with SHAP (SHapley Additive exPlanations) values [51].
We used SHAP values idea to determine feature importance, providing a more interpretable
and robust feature selection process. SHAP values offer a clear explanation of the impact of
each feature on the model’s predictions. By leveraging SHAP values, the method can handle

complex relationships between features and the target variable more effectively.

The SHAP bar plot in Figure 5.5a presents a global view of feature importance in predicting
EMS calls volumes. It is generated by calculating the average absolute SHAP value for each
feature across all samples. Features are ranked from most to least influential, with higher
mean absolute SHAP values indicating a stronger effect whether positive or negative on the
model’s prediction. This plot provides insights into the overall contribution of each feature to

the forecasting of EMS calls. In Figure 5.5b, features are sorted in descending order based on



TABLEAU 5.5 Summary of Model Performance Across Feature Selection Methods

Model FS R2 MSE RMSE MAE MAPE Time(s)

GBRT

RFFI  0.8359 31.8410 5.6428
RFE  0.7736 43.9259 6.6276
LASSO 0.8349 32.0372 5.6601
SKBest 0.8178 35.3425 5.9449
Ridge 0.8301 32.9625 5.7413
Best I' 0.7615 46.2838 6.8032
Boruta 0.8346 32.0869 5.6645
SHAP 0.8183 35.2552 5.9376

3.8395 0.3093
4.4110 0.3358
3.8296 0.3085
3.9943 0.3167
3.8762 0.3099
4.3342 0.3255
3.8211 0.3084
3.9800 0.3159

90.608
56.129
81.376
69.557
86.816
27.766
140.39
75.987

LGBM

RFFI  0.8874 21.8340 4.6727
RFE  0.8062 37.6071 6.1324
LASSO 0.8890 21.5404 4.6411
SKBest 0.8690 25.4217 5.0420
Ridge 0.8848 22.3599 4.7286
Best F' 0.7730 44.0372 6.6360
Boruta 0.8897 21.3976 4.6257
SHAP 0.8732 24.5944 4.9592

3.5481 0.3275
4.3221 0.3600
3.5326 0.3287
3.7502 0.3369
3.5806 0.3288
4.4030 0.3582
3.5227 0.3282
3.7095 0.3350

6.2749
5.8105
1.6971
4.0046
1.9215
0.9143
1.5797
2.3597

RF

RFFI 0.9933 1.2928 1.1370
RFE  0.8217 34.5853 5.8809
LASSO 0.9936 1.2304 1.1092
SKBest 0.9880 2.3207 1.5234
Ridge 0.9928 1.3948 1.1810
Best ' 0.7733 43.9816 6.6318
Boruta 0.9938 1.1955 1.0934
SHAP 0.9888 2.1734 1.4742

0.5429 0.1103
4.0719 0.3421
0.5040 0.1052
0.7401 0.1301
0.5720 0.1157
4.4040 0.3570
0.4999 0.1048
0.7286 0.1309

51.813
8.4677
47.441
38.991
48.785
4.0974
63.838
42.382

DT

RFFI  0.9883 2.2658 1.5052
RFE  0.8217 34.6003 5.8822
LASSO 0.9885 2.2179 1.4892
SKBest 0.9809 3.7022 1.9241
Ridge 0.9865 2.6196 1.6185
Best F' 0.7733 43.9824 6.6319
Boruta 0.9890 2.1310 1.4598
SHAP 0.9812 3.6300 1.9052

0.3618 0.0884
4.0433 0.3391
0.3394 0.0861
0.5192 0.1084
0.3954 0.0978
4.4031 0.3568
0.3331 0.0841
0.5163 0.1094

1.7870
0.1627
1.6461
0.9894
2.5583
0.0774
1.6916
2.9954
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their mean absolute SHAP values across the entire dataset, with the most influential features
at the top. Each point on the violin represents an individual EMS calls data point, and its
position along the x-axis reflects its SHAP value—indicating the feature’s contribution to the
prediction. High-density areas of SHAP values are stacked vertically. The colors represent the
raw feature values for each call; for instance, a high feature value (e.g., during peak times) is
marked in red, while lower values (e.g., non-peak hours) appear in blue. Similarly, for binary
features like holiday indicators (yes/no), a value of 1 (yes) is shown in red, and 0 (no) in
blue. This plot allows for a nuanced understanding of how each feature impacts EMS calls

forecasting predictions.

5.5.6 Comparative analysis of Boruta-SHAP strategies

Outside the Boruta with SHAP values (True Boruta-SHAP), there are different ways to im-
plement Boruta-SHAP : Boruta with Gini Importance, Boruta with Permutation Importance.
Figure 5.6 represents the complexity time of the approaches. Gini Importance is fast and
efficient for tree-based models, but may introduce bias. SHAP Values provide deeper inter-
pretability and fairness, particularly in complex or high-dimensional datasets. Permutation

Importance is straightforward but computationally demanding.

TABLEAU 5.6 Comparative Analysis of Boruta-SHAP Approaches

Approach R? MSE | RMSE | MAE | MAPE | Time (s) | Features
No FS 0.9924 | 1.4147 | 1.1894 | 0.5845 | 0.1147 57.31 22
Boruta-SHAP (Permutation) | 0.9934 | 1.2307 | 1.1094 | 0.4960 | 0.1043 49.22 18
Boruta-SHAP (Standard) 0.9920 | 1.4860 | 1.2190 | 0.5702 | 0.1122 42.42 13
Boruta-SHAP (Gini) 0.9934 | 1.2259 | 1.1072 | 0.4957 | 0.1037 50.80 18

Table 5.6 highlights the comparative performance of different Boruta-SHAP variants in EMS
demand forecasting. Using no feature selection (No FS) achieves high accuracy (R? = 0.9924)
but requires all 22 features, resulting in longer computation time (57.3 s). The standard
Boruta-SHAP approach reduces the feature set to 13 while maintaining strong predictive
performance (R? = 0.9920, RMSE = 1.2190) and the shortest computation time (42.4 s),
demonstrating the best tradeoff between model complexity, efficiency, and accuracy. Boruta-
SHAP selected 13 key features driving EMS demand—including dew point, precipitation, fresh
snow, latitude, longitude, visibility, day-of-week, wind speed, time-of-day, surface pressure,
minimum temperature, relative humidity, and week while Boruta-SHAP with Gini confirmed
a broader set of 18 features by adding month, day, holidays, and cloud cover, maintaining
strong predictive performance. Variants with permutation or Gini-based importance slightly

improve accuracy (R? = 0.9934) but at the cost of more features (18) and longer runtime ( 50
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s). These results confirm that Boruta-SHAP can produce a minimal, interpretable feature set
without substantial loss of predictive power, supporting faster, transparent, and operationally

feasible EMS forecasting.

5.5.7 Relevance of explainability and interpretability in EMS forecasting and

practical application scenario

In a real-world EMS control room, the Boruta-SHAP-enhanced forecasting model could be
integrated into daily operational dashboards. For example, in Montgomery County, historical
and real-time data streams (e.g., weather reports, calendar events, and demographic updates)
could be fed into the model to produce hourly demand forecasts across city zones. The
feature selection stage ensures that only the most impactful predictors—such as “time of day,”
“temperature,” and spatial are considered, improving both accuracy and interpretability. The
EMS forecasting problem involves heterogeneous features (spatial grids, time cycles, weather
trends, demographics), which often exhibit multicollinearity and nonlinear relationships.
Boruta-SHAP is particularly well-suited to this domain because it uses a model-based wrapper
(Boruta) to evaluate feature relevance while accounting for interactions and dependencies
via SHAP values. Unlike filter methods, it evaluates the collective contribution of features
using real model behavior, making it more aligned with the decision-making needs in EMS
planning. In large cities with high population and complex datasets, feature selection ensures
EMS models focus on the most impactful features, enabling accurate, interpretable forecasts

and proactive ambulance deployment.

This predictive workflow transforms EMS management from a reactive process into a proactive,

data-driven operation directly supporting improved patient outcomes and resource efficiency.

5.5.8 Limitations and future work

There are still several limitations in the current study. First, the proposed feature selection
framework is only validated on spatial, temporal, climatological and demographical features for
the EMS calls forecasting task. In the future, we plan to collect more data with more features
categories as the socioeconomic and social event data including the levels of education, income
levels and events like sports events and concerts. This study was conducted on EMS data
from Montgomery County. While the methodology is generalizable, external validation using
datasets from other geographic locations (e.g., New York City, or Toronto EMS) will be explored
in future work to assess model transferability and robustness across populations. Second,
Boruta-SHAP technique helps to improve the performances, but with a drawback to be time

expensive. SHAP values provide a unified measure of feature importance, making the feature
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selection process more reliable. However, computing SHAP values can be computationally
intensive, especially for large datasets. SHAP values are most commonly used with tree-based
models like Random Forests and Gradient Boosting Machines, which might limit the choice
of models. Although Boruta-SHAP significantly improved feature interpretability, it required
more computational resources and processing time compared to simpler methods like Gini

importance. This may limit its scalability to larger datasets.

Despite these limitations, Boruta-SHAP values provide clear explanation of feature importance,
enhancing the interpretability of the selected features. The combination of Boruta’s iterative
feature comparison with SHAP values’ precise contribution measures ensures reliable feature
selection. Boruta-SHAP is robust and flexible, it can be applied to various types of models
that support SHAP value computation, allowing for flexibility in model choice. Boruta-
SHAP provides transparency and explainability in EMS calls forecasting, making ambulance
allocation and routing decisions clearer for EMS providers. This combination has demonstrated
superior performance compared to the original Permutation Importance method and others
in terms of both speed and the quality of the feature subsets produced. Not only does
this algorithm yield a better subset of features, but it also provides the most accurate and
consistent global feature rankings, which can be utilized for model inference. Future work
could incorporate shift-robust techniques to account for distributional changes in large-scale

EMS datasets, enhancing model robustness and generalizability.

5.6 Conclusion

This paper introduced an interpretable and explainable framework for EMS call forecasting
using Boruta-SHAP. We evaluated multiple feature selection methods, including RFFI, RFE,
LASSO, SKB, Ridge, Boruta, and SHAP, demonstrating that Boruta-SHAP provides the
best trade-off between predictive accuracy and interpretability. Using 22 spatial, temporal,
climatological, demographic, and event-related features, we compared four machine learning
models (GBRT, LGBM, RF, DT), with Random Forest achieving the highest accuracy and
computational efficiency. Boruta-SHAP identified a minimal set of 13 key features while
maintaining high accuracy ( 99%), demonstrating that a reduced feature set can achieve
predictive performance comparable to the full set. The selected features include dew point,
precipitation, fresh snow, latitude, longitude, visibility, day-of-week, wind speed, time-of-day,
surface pressure, minimum temperature, relative humidity, and week, while less informative
attributes were discarded. Temporal patterns emerged as the strongest predictors, followed by
weather and spatial features, with demographics and special events providing complementary

insights. This compact and interpretable feature set allows EMS managers to anticipate
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demand spikes both temporally and spatially, optimize ambulance deployment and staffing,
and improve operational readiness In summary, our findings highlight that Boruta-SHAP
improves explainable and interpretable predictions for EMS demand forecasting, supporting
data-driven proactive EMS decision-making. This study provides a foundation for future

research on interpretable feature selection in emergency services forecasting.
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Abstract Timely and accurate triage is critical in emergency departments (EDs) to prioritize
incoming patients and ensure efficient allocation of medical resources. However, the increasing
volume and complexity of patient presentations make traditional rule-based triage systems
insufficient for real-time clinical decision support. In this paper, we propose an interpretable
machine learning framework to support ED triage decision-making by classifying patient
cases according to priority levels. We proposed a soft voting-based ensemble machine learning
classifier (GB-XGB) with an Explainable Artificial Intelligence component. We leverage
structured triage data from ED records (including vital signs, demographic, and contextual
features) and explore ensemble and tree-based models such as Decision Tree, Gradient
Boosting, Random Forest, and XGBoost. Our proposed soft voting ensemble model achieved
outstanding results, with the highest accuracy of 72% at 5 levels of priority and 85% at 2
levels of priority, along with strong macro precision and Fl-scores (0.84 and 0.66, 0.89 and
0.86, respectively), indicating robustness across classes for the priority level prediction. The
mistriage results are obtained with an accuracy of 96.1%, a weighted F1 score of 0.951, and
an AUROC of 0.849, outperforming traditional classifiers and recent prediction models while
maintaining a low computational cost. To ensure transparency and trust, we integrate SHapley
Additive Explanations values and permutation feature importance to identify and visualize
key predictors influencing triage outcomes. Our proposed model achieves high accuracy while
maintaining clinical relevance and interpretability, outperforming the baseline model and
previous studies. Evaluation of real-world emergency department triage records demonstrates
that our interpretable ensemble machine learning triage tool can enhance prioritization, reduce

under-triage risks, and support clinicians and triage nurses in delivering timely, life-saving



113

interventions.

Keywords : Emergency medical triage, ensemble machine learning, explainable artificial

intelligence, feature selection, interpretable machine learning, decision support in EMS dispatch

6.1 Introduction

Triage in Emergency Medical Services (EMS) is the critical first step in prioritizing emergency
calls based on the severity of their condition, ensuring that limited emergency resources
are allocated efficiently and equitably [185,186]. During an emergency call, the trained
medical emergency dispatcher assesses the situation by asking structured questions based on
standardized triage protocols. This initial evaluation determines the urgency level of the case
and guides the decision to dispatch an ambulance or not. However, this process is prone to
errors such as over-triage, where resources are over-allocated, and under-triage, where critical
cases may be underestimated, potentially compromising patient outcomes [187,188]. With the
increasing volume of emergency calls in urban areas and the growing complexity of patient
conditions, traditional rule-based triage systems face challenges in maintaining accuracy,
consistency, and responsiveness. These limitations have prompted an increase in the adoption
of machine learning (ML) approaches to support and enhance triage decision-making [189-194].
Having an accurate priority level will help dispatch centers and EMS providers to reduce

triage time, minimize human errors, and improve the quality of prehospital triage [195].

Recent advances in ML have shown promise in predicting the number of emergency cases [36],
triage levels, identifying high-risk cases, and supporting real-time prioritization [196]. However,
despite their predictive capabilities, current models still face challenges in achieving high
accuracy. Many machine learning models operate as "black boxes," making them difficult to
interpret and potentially limiting their adoption in high-stakes medical contexts. In safety-
critical systems such as emergency services, model interpretability is essential to ensure
transparency, foster trust among emergency medical professionals, and comply with ethical

and regulatory standards.

In this paper, we propose an interpretable machine learning framework for the support
of EMS triage decisions. Our model classifies incoming emergency calls by severity level
using structured data from the emergency departement, such as chief complaints, vital signs,
and patient condition indicators. To ensure transparency and reliability, we employ tree-
based ensemble models and integrate interpretability techniques such as SHapley Additive
Explanations (SHAP) and permutation feature importance. These tools allow us to uncover

and visualize the most influential predictors contributing to triage decisions, thereby enhancing
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model accountability and clinical utility.

Our approach is validated on real data from adult patients admitted to emergency departments
and compared with recent models used as baselines and rule-based classification protocols.
The results demonstrate the superiority of our interpretable ML model in terms of predictive
accuracy and usability. This research contributes to the development of trustworthy Al tools
in emergency healthcare, with the potential to support EMS personnel in making faster,
more transparent, and more informed triage decisions. The contributions of this paper are

summarized as follows :

— We propose a soft voting ensemble classifier for triage-level prediction in emergency
departments. This approach combines multiple base classifiers to take advantage of
their complementary strengths, improving both accuracy and robustness in high-stakes
clinical decision-making.

— We integrate SHAP (SHapley Additive exPlanations) to enhance model transparency.
SHAP provides both global and local interpretability by quantifying the contribution
of each feature to the model’s output, offering fine-grained, case-specific explanations
that support clinical understanding and trust.

— We perform a detailed analysis of the normal, overtriage, and undertriage classification
categories to identify key variables that influence misclassification. This enables a
better understanding of model behavior, highlights potential biases, and supports
fairness auditing in EMS Al applications.

— We show that our method is model-agnostic and reproducible, making it adaptable
to other clinical classification tasks where interpretability is essential. The framework
can be extended to various medical contexts where transparent Al decision support is
required.

— We perform an extensive evaluation of our model’s performance and interpretability,
using quantitative metrics and visual explanations to demonstrate its effectiveness
compared to individual classifiers. Our results indicate a favorable trade-off between

predictive accuracy and explainability.

This paper presents a novel and interpretable approach to emergency department triage
classification by proposing a soft voting ensemble classifier that integrates multiple base
learners to enhance predictive robustness and accuracy. By combining the complementary
strengths of individual models, the ensemble reduces variance and improves generalization in

diverse patient profiles.

The rest of this paper is organized as follows. Section 7.2 presents a critical review of the

literature on machine learning models and interpretability techniques applied to emergency
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triage. Section 7.3 describes the proposed soft voting ensemble classifier and the integration
of SHAP for model explainability. The section details the experimental setup, including the
characteristics of the dataset, the evaluation of the model, and the interpretation analysis.
Section 6.4 discusses the results in terms of predictive performance and clinical interpretability.

Finally, Section 6.5 concludes the paper and outlines the directions for future research.

6.2 Background and related work

Triage refers to the process of assessing the severity of a patient’s condition at the time
of an emergency call, serving as a critical link between emergency medical services and
the subsequent delivery of medical care [197]. In this section, we review recent advances in
triage systems enhanced by machine learning (ML), with an emphasis on interpretability
and clinical decision support [191,196,198,199]. Conventional triage systems such as the
Emergency Severity Index (ESI) [200], Canadian Triage and Acuity Scale (CTAS) [201],
Manchester Triage System (MTS) [202] and Korean Triage and Acuity Scale (KTAS) [203]
have long served as standard tools in Emergency Departments (EDs). These systems rely
on expert-defined heuristics and thresholds to categorize patients based on their level of
urgency. Despite their clinical utility, these methods are limited by subjectivity, inter-rater
variability, and static criteria [204]. Inconsistent assessments and limited adaptability to
complex patient presentations reduce their reliability, especially in high EMS calls volume
and in high pressure time and environments. KTAS is based on CTAS and is widely used
to assess patient urgency, in emergency departments. However, the incorrect assignment of
urgency levels known as mistriage, which involves either underestimating a patient’s condition

(under-triage) or overestimating it (over-triage) remains a persistent issue.

In a large scale evaluation, Moon et al. [205] analyzed KTAS-based triage decisions and
reported notable rates of both under-triage and over-triage, emphasizing the role of symptom
ambiguity and clinician experience. Their findings highlight the critical need for computational
tools to support more consistent and accurate triage decisions. In their comparative analysis,
Elhaj et al. [198] evaluated nine supervised learning algorithms, including logistic regression,
Decision Trees (DT), K-Nearest Neighbors (KNN), Support Vector Machines (SVM), Multi-
Layer Perceptron (MLP), AdaBoost, Gradient-Boosted Trees (GBT), XGBoost, and Random
Forests (RF) on a retrospective ED dataset of 2 688 patient visits (April-June 2020) featuring
demographics, vital signs, chief complaints and comorbidities. Using M'TS, they report that
tree methods substantially outperformed linear and neural approaches, with random forests
achieving the highest micro accuracy (89.1 %), F1l-score (89.0 %) and sub-25 ms inference

latency. XGBoost offered a favorable trade-off between predictive performance and training
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time, while simpler models trained in seconds. Their results highlight the particular suitability
of tree-based ensembles for accurate, low-latency ED triage support. Gligorijevic et al. [206]
introduce a Deep Attention Model that fuses structured Electronic Health Record (EHR)
inputs (vitals, demographics) with unstructured nurse entered notes by applying a word-level
attention mechanism over the text and concatenating the resulting context vector with the
structured feature vector. Trained on 338 500 ED visits from a large urban academic center
(2012-2015), their model achieved an AUC of approximately 0.88 for binary resource-need
prediction and around 44 % accuracy across multi-class acuity levels, outperforming standard
baselines. The learned attention weights highlight influential phrases in the notes, enhancing
interpretability, although the retrospective single-site design and reliance on note quality may

limit generalizability.

Son et al. [191] combined advanced synthetic data generation and ensemble learning to
forecast in ED patient mortality using a retrospective cohort of 7 325 visits to Yonsei
Severance Hospital. They first applied six data-balancing techniques (SMOTE, ADASYN,
CTGAN, TVAE, CopulaGAN, and Gaussian Copula) to mitigate class imbalance, then trained
twenty-two models including tree-based ensembles (i.e., Adaboost, Light GBM, Catboost,
and XGBoost), a deep architecture (i.e., TabNet), and classical classifiers (SVM, Logistic
Regression, KNN, and Gaussian Naive Bayes) on twenty-one clinical features derived from the
PITA triage framework. Emphasizing the F1-score for its sensitivity to rare but critical events,
they found the Gaussian Copula-Catboost pipeline achieved the best performance (AUC
= 0.9731; F1 = 0.7059), underscoring the value of data synthesis and ensemble strategies
for enhancing mortality prediction in real world emergency department settings. In [199],
the authors developed a predictive model to support triage decisions in pediatric emergency
departments. Their focus was on identifying the appropriate triage level using machine
learning models, particularly DT, RF, and SVM. The dataset comprised clinical records of
pediatric patients, including vital signs, presenting complaints, and other demographic factors.
Their results showed promising classification accuracy, particularly with RF, achieving an
accuracy of 91% in predicting triage levels. However, the authors primarily assessed traditional
standalone models and did not incorporate ensemble strategies beyond bagging (RF), nor did
it explore interpretability or feature attribution methods. Furthermore, the dataset used was

institution-specific, limiting generalizability.

The authors in [196] introduce a two-stage, multimodel triage framework that evaluates five
distinct algorithms : logistic regression, support vector machines, random forests, deep neural
networks, and decision trees to generate condition-specific risk profiles, which are then fused
into a composite urgency score. In their retrospective ED study, random forests delivered

the best overall performance, achieving the highest accuracy and the greatest reduction in
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under and over triage compared to the other models. Braam [58] conducted a comparative
analysis of classical machine learning models and GPT-40 to guide decision-making using the
same dataset. Although her results highlight the potential of large language models (LLMs)
for clinical classification, the black-box nature and computational demands of LLMs pose
challenges for interpretability and deployment. Braam [58] is particularly relevant as she
applies both classical ML models and GPT4o to the exact same dataset, reporting strong
predictive performance but relying on narrative explanations generated by LLM without
feature-level transparency. Martins [57] proposes an active learning framework with integrated
XAT for clinical classification tasks, offering feature- and instance-level interpretability that
complements our use of SHAP for structured triage decisions. Table 6.1 presents a synthesis
of recent research related to classification, highlighting the models used, input features, and

interpretability techniques.

TABLEAU 6.1 Summary of selected machine learning based triage models in emergency
departments

Authors Data Features Methods Metrics Prediction Interpretability
(Year) (Count)
Elhaj et al. 2 688 ED vi- 10 (sex, age, LR, DT, KNN, SVM, Accuracy, Patient disposi- Correlation
[198] sits (April-June  vital signs) MLP, GBDT, XG- Precision, tion outcomes with RF
(2023) 2020) Boost, AdaBoost, RF Recall,
Time
Son et al. 7 325 ED visits 21 clinical fea- SMOTE, ADASYN, F1, AUC, Mortality No
[191] tures CTGAN, TVAE, Accuracy,
(2023) CopulaGAN, Precision,
Gaussian Copula; Recall
AdaBoost, LGBM,
CatBoost, XGBoost,
TabNet, SVM,
LR, KNN, GNB
Gligorijevic et al. 338 500 ED vi- 10 structured Deep Attention Model  Accuracy, Resource- No
[206] sits (2012-2015, + 4  text (word-attention over AUC intensive
(2018) large urban aca-  sources notes + appended classification /
demic center) structured features) exact resource
count
Ivanov et al. 147 052 triage 53 variables + C-NLP extraction 4+  Accuracy ESI level assign-  Limited
[207] encounters 1,880,841 C- KATE ensemble algo- ment (1-5) (black-box ;
(2021) from two US NLP derived rithm minimal ex-
hospitals features plainability)
Shibu et al. Adult ED visits 972 variables  Cloud-based SVM clas- Accuracy, Patient Seve- Low (black-
[208] (Mar 2014 -Jul  (clinical + sifiers for binary triage  Precision, rity Level (3 box SVMs;
(2024) 2017) from one  operational) Recall, F1 levels) no explainer
academic and used)
two community
EDs
de Matos Multiple me- Varies (tabu- Active learning with ex-  Accuracy, Diagnosis / LIME
[57] dical datasets lar clinical fea- plainable Al framework explainabi- Risk classifica-
(2024) (KTAS, Patient  tures) (LR + RF) lity metrics  tion
Priority  and
Heart disease)
Braam [58] KTAS Dataset structured fea-  Classical ML (DT, RF, Accuracy, Triage levels TreeSHAP
(2025) tures + clini- and XGBoost) vs GPT- F1, AU-
cal notes 40 ROC,

triage-rule
alignment
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Although machine learning (ML) methods have increasingly been applied to improve emergency
department (ED) triage decisions, many existing models still exhibit limitations in terms
of transparency, clinical interpretability, and generalizability. As summarized in Table 6.1,
prior works such as Elhaj et al. [198] and Son et al. [191] focused primarily on achieving high
predictive performance using various classical and traditional ML classifiers. However, these
models often rely on static datasets with limited feature sets and lack robust interpretability
frameworks. Although some studies, such as Gligorijevic et al. [206], incorporate attention
mechanisms for limited explainability, they are heavily dependent on unstructured text and
complex architectures, which may hinder clinical adoption. Others, including Ivanov et al. [207]
and Shibu et al. [208], utilize high-dimensional data or black-box models without offering a
meaningful attribute of features, thus limiting trust and usability in clinical practice. Recent
studies have explored the use of single machine learning, active machine learning, large
language models (LLMs) such as GPT-40 to support clinical triage and classification tasks
with explainability included. de Matos Martins [57] introduced an active learning framework
with built-in explainability, his model targets general medical classification tasks and does not
specifically address emergency triage or misclassification risks, such as over- and under-triage.
Braam [58] compared traditional models and GPT-40 using the KTAS dataset, demonstrating
the growing interest in LLMs for decision-making. Among the machine learning models
evaluated, the Random Forest (RF) model outperformed the XGBoost and Decision Tree
(DT) models by a small margin in predicting both registered nurse and expert-assigned KTAS
levels. Although GPT-40 demonstrates some ability to classify KTAS levels, its performance

falls short of the benchmark established by traditional machine learning models.

To address these gaps, we propose a soft voting ensemble classifier that integrates multiple
base learners to improve the robustness of triage level prediction while maintaining efficiency.
Our model is explicitly designed for interpretability by incorporating SHAP (SHapley Additive
Explanations) to provide both global and local explanations of model decisions. In contrast
to prior studies, we analyze not only overall performance, but also the feature contributions
specific to normal, over-; and under-triage cases. This allows for a fine-grained understanding
of misclassification patterns and enhances clinical auditability. We combine ensemble learning
with explainability for multiclass triage classification, offering a transparent and generalizable

decision-support tool for emergency care.

6.3 Methodology

In this section, we present a soft voting ensemble machine learning-based methodology to

support triage decision-making in emergency medical services. As illustrated in Figure 6.1,
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the workflow includes data preparation, model training and selection, performance evaluation,
and explainability analysis. The goal is to develop an interpretable and reliable ensemble
model capable of recommending appropriate triage levels based on patient characteristics,
vital signs, and contextual information available at the time of call or arrival. We plan to
provide recommendations that align with clinical priorities and support EMS decision-making

in real time.

6.3.1 Data collection and preprocessing

The dataset used in this paper comes from a hackathon for triage applications, publicly
available on Kaggle [209]. It consists of anonymized patient records collected during emergency
department (ED) visits, including vital signs, patient condition indicators (e.g., mental status,
pain level), administrative information (e.g., arrival mode), and triage labels from both nurses
and experts (KTAS_ RN, KTAS expert). The dataset also provides chief complaints and
mistriage labels, enabling comprehensive evaluation of model performance in real-world triage
scenarios [149]. To prevent data leakage, the dataset was split into training (80%) and test
(20%) sets using stratified sampling before any preprocessing. All preprocessing transformations
were fitted exclusively on the training set and then applied to the test set. This included :
(i) handling missing values using median imputation for numerical features and mode for
categorical features; (ii) standardizing numerical features using z-score normalization ; (iii)
one-hot encoding categorical variables (arrival mode, mental state, sex, injury type); and (iv)
processing chief complaints with CountVectorizer (min_df=10, max_features=100), where

the vocabulary was constructed only from training data.

Model selection was performed using 10-fold stratified cross-validation on the training set
only. The test set was reserved strictly for final evaluation. The target variables KTAS RN,
KTAS_expert, and mistriage were excluded from the input features. Features determined
after triage decisions (e.g., Disposition, Length of stay) were also removed to prevent

temporal leakage.

6.3.2 Proposed soft-voting ensemble model

Given the complexity and variability of the data, the ensemble methods in the literature
have demonstrated superior robustness and predictive precision compared to individual
models [210,211]. We propose a Soft Voting Ensemble Learning approach to classification of
the triage level in emergency medical settings. To conduct a thorough comparative analysis
of classification performance, we evaluate a set of widely used machine learning algorithms,
including : Logistic Regression (LR), K-Nearest Neighbors (KNN), Support Vector Machines
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F1GURE 6.1 Workflow of the proposed methodology for EMS triage decision support.

(SVM), Random Forest (RF), Gaussian Naive Bayes (GNB), Decision Tree Classifier (DTC),
Extremely Randomized Trees (ExtraTrees), AdaBoost, Gradient Boosting Decision Trees
(GBDT), and Histogram-Based Gradient Boosting (HistGB) [57,58,191, 198,206, 207]. These
models have been employed in previous triage-related research to assess patient acuity, predict
admission risk, and automate initial triage decisions. We implement a voting-based classifier,
which aggregates the predictions of the base models. In soft voting, the final class prediction
is derived from the average of predicted class probabilities, favoring the class with the highest
summed probability. This approach contrasts with hard voting, where the final output is
selected based on majority rule. Soft voting has been shown to outperform hard voting
in clinical classification tasks when individual models offer complementary strengths [212].
The algorithm 5 illustrates the overall flow chart of the soft voting ensemble model. This
methodology provides a consolidated and interpretable framework for comparing multiple
classifiers in the context of patient triage, and supports the integration of diverse model

outputs to improve classification stability.

Let D = {(x;,9:)}}Y, be the dataset, where x; € R? is a d dimensional feature vector
representing patient i, and y; € Y = {1,2,3,4,5} denotes the classification classes represented
by the priority level (with 0 being the most urgent and 4 the least). Let Cy,Cs,...,Cys be
a set of M probabilistic classifiers (e.g., Random Forest, KNN, Logistic Regression). Each
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classifier C; outputs a posterior probability distribution over the triage classes for input x :
Ci(x) = [Pj1(x), Pja(x), Pjs(x), Pja(x), Pis(x)], (6.1)

where Y27 _, Pjx(x) = 1. In soft voting, we aggregate the predictions of all classifiers using a

weighted average.

M
Z Pir(x) Vke€{1,2,3,4,5}, (6.2)

where w; is the weight assigned to a classifier C;, subject to Zj]\il w; = 1. In our research

work, we use uniform weights w; = ﬁ unless otherwise optimized by cross-validation.

The final predicted triage class 7 is chosen as the class with the maximum aggregated

To assess criticality at a coarser level, we also perform binary triage classification by mapping

the 5-level labels to 2-level classes.

0 ify; €{1,2,3} (high priority)
1 ify; € {4,5} (low priority)

Each classifier C; is retrained (or adapted) to produce binary class probabilities :

Cj(x) = [Pjo(x), P},(x)] (6.4)
where P (x) corresponds to high priority and P/, (x) to low priority, with 3 _, P/, (x) = 1.

Soft voting is then applied analogously :

ij ik(x) vk € {0,1}, (6.5)
and the final binary class prediction is :

s = arg max, Py(x). (6.6)

In this paper, we propose a soft voting ensemble model to classify triage levels in emergency
departments using structured clinical and contextual features extracted from a real-world

dataset [213]. The goal is to improve the accuracy and robustness of triage classification by
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combining the predictive strengths of multiple machine learning classifiers. This ensemble
learning strategy is designed to enhance the reliability and generalizability of the prediction
of the evaluation, utilizing the diversity of the base learners while mitigating their individual

limitations.

Algorithm 5 Soft Voting Ensemble for Triage Classification with Explainability

Require: Dataset D = {(x;,%;)}/,, candidate classifiers {C;}/_,, test instance x
Ensure: Predicted triage level ¢ and feature explanations
Step 1 : Classifier Selection
Evaluate all candidate classifiers {C; }jL:1 using cross-validation on D
Select the top M classifiers
Step 2 : Ensemble Prediction
for each selected classifier C; do
Train C; on training set D
Compute class probabilities C;(x) = [P0, Pj1,-- ., Pjx-1]
end for
Initialize class scores Py, <— 0 for k =0,1,..., K — 1
for each class k do
Pk <— ij\/ile 'Pj’k
: end for
. Prediction : § < argmaxj, P,
: Step 3 : Explainability
: Compute SHAP values > for the ensemble prediction on x
: Generate a summary plot > interpret feature contributions
return § and SHAP-based feature explanations

e e T e S Oy S T

6.3.3 Selection of baseline methods

Inspired by related works [191,196,198,199], our research work evaluates the most popular and
commonly used machine learning algorithms for predicting triage categories. These models
differ in their mathematical foundations and decision strategies, offering diverse perspectives

to analyze triage features.

— Logistic regression (LR) : is a linear model used for binary and multiclass classification.
Estimates the probability that an instance belongs to a class using a logistic function. In
emergency triage, it has been used as a baseline due to its simplicity and interpretability
[198,214]. LR, with its rapid convergence and interpretability, provides a probabilistic
framework for linear decision boundaries [215].

— K-Nearest Neighbors (KNN) : is a nonparametric method that classifies a new sample
based on the majority class of its k nearest neighbors in the feature space. It is

straightforward to implement, but can be computationally expensive for large datasets.
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In triage, it can capture local patient similarity patterns [198,199]. KNN is a simple
yet effective nonparametric method, particularly suited for datasets where proximity
in the feature space correlates with output labels [192].

— Support Vector Machine (SVM) : constructs optimal hyperplanes that separate data
classes with maximum margin. It is particularly effective for high-dimensional and
non-linear problems when combined with kernel functions. SVM has shown promising
results in patient risk stratification [198,199].

— Gaussian Naive Bayes (GNB) : assumes that features follow a normal distribution and
are conditionally independent given the class label. It is fast and performs well on
small datasets, though the independence assumption can be restrictive. GNB has been
tested in triage systems for rapid assessments [199)].

— Decision Tree Classifier (DTC) : a decision tree splits the dataset into branches based on
feature thresholds that maximize information gain or reduce impurity. It is interpretable
and can model nonlinear relationships. It has been used for clinical decision support in
emergency departments [191,198,199].

— Random Forest (RF) : is a decision trees trained on bootstrapped samples with feature
bagging, which improves generalization and reduces overfitting. It is one of the most
popular algorithms in clinical informatics due to its robustness [191,198,199, 214], its
ability to handle high-dimensional feature spaces, and resistance to overfitting [216]

— LightGBM (LGBM) : is a gradient boosting framework that grows trees leaf-wise and
supports histogram-based data reduction for speed. It is suitable for large-scale data and
has been used in triage scenarios to balance performance and computation [191,199].

— XGBoost (XGB) : is another efficient gradient boosting implementation, which intro-
duces regularization and advanced pruning strategies. It is widely used in healthcare
data science and has demonstrated superior performance in triage and early-warning
tasks [191,198,214].

6.3.4 SHapley Additive exPlanations (SHAP)

To ensure transparency and trust in medical decision-making systems, SHapley Additive
exPlanations (SHAP) [44] have become a widely adopted approach to interpret machine
learning models [217-219]. SHAP leverages concepts from cooperative game theory, originally
introduced by Shapley [220], to fairly attribute a model’s prediction to its input features.
Given a model f(z) and a set of input features N, the SHAP value ¢; for a feature i is

computed as :
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[SITANT = 15T = 1)
[NV]!

! [fSU{i}(«TSU{i}> - fs(xs)} (6.7)

b= Y
SCN\{i}
This equation represents the average marginal contribution of a feature i over all possible
subsets S of features, ensuring fair and consistent attribution. [44] provide evidence that
SHAP’s attribution mechanisms produce explanations that are more interpretable and intuitive
to humans, outperforming other existing model interpretation methods. In [58], they are using
SHAP for triage interpretability, here we are using SHAP analysis for feature importance and

mistriage interpretability.

6.3.5 Evaluation metrics

To assess the performance of our classification models for triage prediction, we used several
standard evaluation metrics from the literature [149,221,222]. These metrics help evaluate
different aspects of model performance, especially in imbalanced datasets and high stakes
decisions such as over-triage and under-triage in emergency services. Let T'P, T'N, F'P, and
F'N denote true positives, true negatives, false positives, and false negatives, respectively. Let

C' denote the number of classes, and m the total number of samples.

— Accuracy : Proportion of correct predictions among all predictions made. While

widely used, accuracy can be misleading in imbalanced settings.

TP+TN
TP+TN+ FP+ FN

Accuracy =

(6.8)

— Precision (Weighted) : Measures the proportion of positive identifications that were

actually correct, weighted by support (number of instances per class).

c n; TR

Precisionyeighted = e ——
weighte ;m TP1+FR

(6.9)

— Recall (Weighted) : Measures the proportion of actual positives that were correctly

identified, weighted by support.

c
Recallueightea = ) _ m TP + FN.

i=1

(6.10)

— F1-score (Weighted) : Harmonic mean of precision and recall. It balances both
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metrics, particularly useful when classes are imbalanced.

S n; 2- Precision; - Recall,

Flweighted = (611)

= m  Precision; + Recall;
— AUROC (Area Under ROC Curve) : Represents the ability of the model to

distinguish between classes. We use the One-vs-Rest (OVR) approach to compute
AUROC for multiclass problems.

E

C
G ST AUROCPVE (6.12)

=1

AUROC =

A value closer to 1 indicates better class separability, while a value of 0.5 suggests
random guessing.

— Opver-triage Rate (O-Triage) : Proportion of cases that were classified into a higher
urgency class than their true label. High over-triage can lead to unnecessary resource

allocation. ) o o
# false high-priority predictions

O-Triage = x 100% (6.13)

# total predictions
— Under-triage Rate (U-Triage) : Proportion of high-urgency cases that were mis-

classified into a lower urgency class. Under-triage is critical as it can delay life-saving

interventions.

# false low-priority predictions

U-Triage = x 100% (6.14)

# total high-urgency cases
— Normal Accuracy (Normal) : Proportion of normal-priority cases correctly classified.

# correct normal predictions

Normal = x 100% (6.15)

# total normal cases

— The computational time of a model : refers to the total amount of time required
to train the model and generate predictions, which includes the duration taken for

data processing, model inference, and evaluation across the entire dataset.

These metrics were chosen to reflect not only the overall performance of the models but also
their decision support relevance. Particularly in the context of triage, minimizing under-triage
is critical for patient safety, while limiting over-triage helps maintain EMS resource efficiency.
By evaluating both traditional performance metrics and triage-specific rates, we can better
understand the trade-offs involved in each model’s deployment for real-world emergency

medical services.
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6.3.6 Implementation tools and details

All models were implemented using Python version 3.8.10 [152] within the Jupyter Notebook
environment [153], offering flexibility for exploratory analysis and reproducible workflows.
Core model development and evaluation were facilitated using Scikit-learn [155], a robust
library for supervised learning algorithms. Ensemble techniques, including bagging, stacking
and voting, were implemented using both Mlens [154] and native scikit-learn modules. To
support large-scale data handling and preprocessing, we relied on Pandas for structured data
operations, Numpy for efficient numerical computations, and Wordcloud for visualizing and
grouping textual categories of the feature chief complain. Model tuning was performed using
grid search across a predefined set of hyperparameters (see Table 6.2). All experiments were
conducted on Google Colab [157], leveraging GPU acceleration for faster training. Visual
analytics, including confusion matrices and performance plots, were generated using Matplotlib
and Seaborn. This setup ensures both computational efficiency and interpretability, essential

for deploying models in emergency medical triage systems.

TABLEAU 6.2 The hyperparameter values for grid-search

Methods Hyperparameters and Configuration

LR C :[0.001, 0.01, 0.1, 1, 10, 100] : Regularization parameter
penalty = ["11", "12"] : Regularization type
solver = ['liblinear", "saga']

KNN n_ neighbors =[2,4,6,8,10,12,14,16,20,22,24,26,28,30
,32,34,36,38,40,42,44,46,48,50]

SVM C =[0.1, 1, 10, 100],

kernel = ['linear", "poly", "rbf", "sigmoid'],
degree = [2, 3, 4],
gamma = ["scale', "auto", 0.1, 1, 10]

GBR, n_ estimators = [50, 100, 200, 300, 400, 500, 600, 1000]

LGBM, learning rate = [0.2, 0.1, 0.01, 0.001, 0.0001]

DT, max_ depths = [1, 2, 3, 4, 5, 10, 15, 20, 25, 30]

RF, min_samples_split = [1, 2, 5, 10, 20, 30]

XGB colsample_ bytree = [1, 0.8, 0.7, 0.5]
loss="absolute_error’, warm_ start = True




127

6.4 Results and performance evaluation

This section presents the evaluation results obtained from the baseline machine learning
algorithms and the proposed ensemble-based method for EMS call triage prediction and
mistriage analysis. We present here the experimental results obtained on the triage classification
tasks, distinguishing between fine-grained classification (5 levels of priority) and binary

classification (high vs. low priority). We discuss explainability and interpretability.

6.4.1 Dataset preprocessing

After preprocessing and analysis, the dataset presented in Table 6.4, was balanced using
resampling techniques to mitigate class imbalance across triage levels, ensuring that the
model could learn from all priority categories effectively. Following preprocessing, the dataset
was reduced to a clean and structured format suitable for 5-class and binary classification
tasks. Regrouped NRS pain levels improved class balance and interpretability, eliminating
rare or ambiguous labels while preserving triage relevance. The mistriage column, used
as another target, provided valuable insight into label consistency and was later used to
interpret model decisions in over- and under-triage cases. Feature distributions became
more homogeneous after normalization, and categorical variables were successfully encoded
without introducing multicollinearity. In general, these pre-processing steps improved model
robustness and interpretability, laying the foundation for reliable triage prediction and XAI
evaluations. All triage labels were encoded using a unified 1-5 scale, consistent with the
Korean Triage and Acuity Scale, where Level 1 corresponds to the most urgent and Level
5 to the least urgent condition. This scale is detailed in Table 6.3 (Table 3 in the current
manuscript). The final data encompasses various patient-related 73 features pertinent to
emergency department (ED) triage processes. It includes demographic details, vital signs,
clinical assessments, and administrative information, facilitating the development of machine
learning models for triage decision support. We performed stratified 10-fold cross-validation
with shuffle=True and random_state=42 to ensure reproducible splits and maintain class
balance across folds. Random seeds were also set to 42 for all models involving randomness to

guarantee reproducibility.

6.4.2 Classification results on 5 priority levels

Tables 6.5 to 6.13 present detailed classification reports for all models evaluated on both the
5-class and 2-class triage prediction tasks. Each report includes per-class precision, recall,

and Fl-score, as well as macro and weighted averages across all classes. The support column
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TABLEAU 6.3 Triage level mapping : 5-level and 2-level classifications.

Urgency 5-Level 2-Level

Most urgent / Critical condition 1
Emergent / Severe symptoms
Urgent / Moderate severity

0 (Urgent)

Less urgent / Mild symptoms
Non-urgent / Minor complaint

Tk | W N

1 (Non-urgent)

indicates the number of instances per class. These results provide insight into how each
model performs at the different priority levels, especially for minority classes, which are more
challenging to predict. In the first phase of our analysis, we evaluated a diverse set of models.
Among conventional models, Logistic Regression, KNN, SVM, and GNB performed poorly,
with weighted precision below 45% and relatively low weighted F1 scores, indicating difficulty
in handling class imbalance and complex decision boundaries. Tree-based ensemble learners
such as Random Forest, Gradient Boosting, XGBoost, and Light GBM significantly improved
performance, achieving weighted precision between 67% and 70%, with XGBoost reaching the
highest AUC (0.879) and precision (0.740). Boosting and XGBoost emerged as top performers,
consistently achieving higher accuracy, recall, and F1-scores, especially for mid-priority classes
(2 and 3). Their ability to capture complex decision boundaries and handle imbalanced data

motivated their selection as base learners for subsequent ensemble construction.

In the second phase, we built bagging, stacking and soft voting (Table 6.13, Table 6.14)
ensembles using the top M classifiers as base learners. These ensemble strategies demonstrated
with 2 classifiers Gradient Boosting and XGBoost improved robustness and generalization, with
Voting (Soft) and stacking (with Logistic Regression as meta-learner) achieving the best overall
performance. They delivered the highest weighted precision (up to 75%), along with improved
recall and precision in all classes, confirming the strength of combining complementary learners

to mitigate the weaknesses of individual models.
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Feature Name Description Type
Group Patient group (local, regional) Categorical
Sex Sex of the patient (male, female) Categorical
Age Age of the patient Continuous
Patients number per hour Number of patients arriving per hour Continuous
Arrival mode Mode of transportation to the hospital (7 modes) Categorical
Injury Indicates if the patient is injured Binary
Chief complain Patient’s chief complaint (45) Categorical
Mental Mental state assessment of the patient (4) Categorical
Pain Indicates if the patient is experiencing pain Binary
NRS_ pain Nurse’s assessment of pain (Numeric Rating Ordinal

Scale)
SBP Systolic Blood Pressure Continuous
DBP Diastolic Blood Pressure Continuous
HR Heart Rate Continuous
RR Respiratory Rate Continuous
BT Body Temperature Continuous
Saturation Oxygen saturation level Continuous
KTAS RN Korean Triage and Acuity Scale assigned by Ordinal

nurse
Diagnosis in ED Diagnosis made in the emergency department Categorical
Disposition Patient’s disposition after ED visit Categorical
Length of stay_min Length of stay in minutes Continuous
KTAS duration_ min Duration to assign KTAS in minutes Continuous
KTAS_RN Korean Triage and Acuity Scale assigned by

nurse
KTAS_expert Korean Triage and Acuity Scale assigned by

expert
Triage level (5-class) Priority level assigned during triage (1 = most Target

urgent to 5 = least) (Multi-

class)

Triage level (2-class) Binary classification : high (levels 1-3) vs. low Target

(levels 4-5) (Binary)
Mistriage category Difference between priority assigned by the nurse Target

and the expert : under, normal, over (3-class)

6.4.3 Classification results on 2 priority levels

The binary classification task reformulates the original five-level triage scale into two broader

categories : priority levels 1, 2, and 3 grouped as Class 0 (higher priority), and levels 4
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and 5 grouped as Class 1 (lower priority). This aggregation simplifies the decision space
and leads to improved predictive performance across all models compared to the multiclass
setup. Traditional models such as LR, KNN, and GNB performed reasonably well, with
macro precision ranging from 62% to 66%. However, SVM struggled with precision (0.59) and
weighted F1 score (0.55), indicating a poor balance between sensitivity and specificity. The
ensemble models once again demonstrated superior performance, with XGBoost achieving
the best results (accuracy = 0.854, F1 = 0.852, precision = 0.857), closely followed by
stacking (LR Meta) and voting (Soft). In particular, even though the classification task was
simplified, these advanced models maintained high consistency and precision in distinguishing
between high- and low-priority groups. Moreover, models such as XGBoost and Light GBM
achieved strong performance with relatively low computational cost (under 0.25s), making
them promising candidates for real-time triage support. Overall, binary framing reveals that
ensemble techniques remain effective in capturing the core distinctions between aggregated

triage levels, balancing accuracy and efficiency.

TABLEAU 6.5 Classification Report for Logistic Regression

Label Class Precision Recall F1-Score Support
Class 1 0.00 0.00 0.00 6
Class 2 0.56 0.10 0.17 49

5-Class Class 3 0.40 0.62 0.48 91
Class 4 0.50 0.63 0.56 83
Class 5 0.00 0.00 0.00 25
Macro avg 0.29 0.27 0.24 254
Weighted avg 0.41 0.44 0.39 254

9-Class Class 0 0.66 0.85 0.74 146
Class 1 0.66 0.40 0.50 108
Macro avg 0.66 0.62 0.62 254

Weighted avg 0.66 0.66 0.64 254




TABLEAU 6.6 Classification Report for K-Nearest Neighbors

Label Class Precision Recall F1-Score Support
Class 1 0.57 0.67 0.62 6
Class 2 0.43 0.18 0.26 49
Class 3 0.40 0.54 0.46 91
5 Class Class 4 0.43 0.52 0.47 83
) Class 5 0.50 0.04  0.07 25
Macro avg 0.47 0.39 0.37 254
Weighted avg 0.43 0.42 0.39 254
Class 0 0.65 0.85 0.73 146
Class 1 0.66 0.39 0.50 108
2-Class  Macro avg 0.66 062 0.6 254
Weighted avg 0.65 0.65 0.64 254

TABLEAU 6.7 Classification Report for Support Vector Machine

Label Class Precision Recall F1-Score Support
Class 1 0.00 0.00 0.00 6
Class 2 0.00 0.00 0.00 49
Class 3 0.39 0.69 0.50 91
5 Class Class 4 0.49 0.55 0.52 83
) Class 5 0.00 0.00  0.00 25
Macro avg 0.18 0.25 0.20 254
Weighted avg 0.30 0.43 0.35 254
Class 0 0.63 0.83 0.72 146
Class 1 0.55 0.30 0.39 108
2-Class  Macro avg 059 056  0.55 254
Weighted avg 0.60 0.58 0.57 254
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TABLEAU 6.8 Classification Report for Gaussian Naive Bayes

Label Class Precision Recall F1-Score Support
Class 1 0.00 0.00 0.00 6
Class 2 0.00 0.00 0.00 49
Class 3 0.40 0.49 0.44 91
5 Class Class 4 0.39 0.66 0.49 83
) Class 5 0.00 0.00  0.00 25
Macro avg 0.16 0.23 0.19 254
Weighted avg 0.27 0.39 0.32 254
Class 0 0.64 0.82 0.72 146
Class 1 0.60 0.35 0.44 108
2-Class  Macro avg 0.62 058  0.58 254
Weighted avg 0.63 0.63 0.61 254

TABLEAU 6.9 Classification Report for Decision Tree

Label Class Precision Recall F1-Score Support
Class 1 0.00 0.00 0.00 6
Class 2 0.72 0.59 0.65 49
Class 3 0.59 0.85 0.69 91
5 Class Class 4 0.69 0.67 0.68 83
) Class 5 0.00 0.00  0.00 25
Macro avg 0.40 0.42 0.41 254
Weighted avg 0.58 0.64 0.60 254
Class 0 0.71 0.89 0.79 146
Class 1 0.76 0.50 0.60 108
2-Class  Macro avg 0.74 070  0.70 254
Weighted avg 0.74 0.74 0.73 254
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TABLEAU 6.10 Classification Report for Random Forest

Label Class Precision Recall F1-Score Support
Class 1 1.00 1.00 1.00 6
Class 2 0.86 0.63 0.73 49
Class 3 0.61 0.81 0.69 91
5 Class Class 4 0.69 0.75 0.72 83
) Class 5 0.00 0.00 0.00 25
Macro avg 0.63 0.64 0.63 254
Weighted avg 0.63 0.68 0.65 254
Class 0 0.81 0.93 0.87 146
Class 1 0.80 0.60 0.69 108
2-Class  pacro ave 0.80 076  0.78 254
Weighted avg 0.80 0.80 0.79 254
TABLEAU 6.11 Classification Report for XGBoost
Label Class Precision Recall F1-Score Support
Class 1 1.00 1.00 1.00 6
Class 2 0.82 0.67 0.74 49
Class 3 0.63 0.79 0.70 91
5 Class Class 4 0.72 0.80 0.75 83
) Class 5 1.00 0.04 0.08 25
Macro avg 0.83 0.66 0.65 254
Weighted avg 0.74 0.70 0.67 254
Class 0 0.85 0.97 0.91 146
Class 1 0.86 0.59 0.70 108
2-Class  nacro ave 085 078 081 254
Weighted avg 0.85 0.85 0.84 254
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TABLEAU 6.12 Classification Report for Light GBM

Label Class Precision Recall F1-Score Support
Class 1 1.00 0.83 0.91 6
Class 2 0.77 0.67 0.72 49
Class 3 0.64 0.69 0.67 91
5 Class Class 4 0.66 0.83 0.73 83
) Class 5 0.67 0.08  0.14 25
Macro avg 0.75 0.62 0.63 254
Weighted avg 0.68 0.68 0.65 254
Class 0 0.83 0.96 0.89 146
Class 1 0.85 0.59 0.69 108
2-Class  Macro avg 084 077  0.79 254
Weighted avg 0.83 0.82 0.81 254

TABLEAU 6.13 Classification Report for Stacking (LR Meta)

Label Class Precision Recall F1-Score Support
Class 1 1.00 1.00 1.00 6
Class 2 0.85 0.67 0.75 49
Class 3 0.65 0.81 0.72 91

5-Class Class 4 0.69 0.78 0.73 83
Class b 1.00 0.04 0.08 25
Macro avg 0.84 0.66 0.66 254
Weighted avg 0.74 0.70 0.67 254
Class 0 0.89 0.94 0.92 146
Class 1 0.87 0.78 0.82 108

2-Class  Macro avg 0.88  0.86 087 254
Weighted avg 0.88 0.85 0.86 254
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TABLEAU 6.14 Classification Report for Voting (Soft)

Label Class Precision Recall F1-Score Support
Class 1 1.00 1.00 1.00 6
Class 2 0.80 0.71 0.75 49
Class 3 0.67 0.80 0.73 91

5-Class Class 4 0.71 0.81 0.76 83
Class b 1.00 0.04 0.08 25
Macro avg 0.84 0.67 0.66 254
Weighted avg 0.75 0.72 0.69 254
Class 0 0.89 0.95 0.92 146
Class 1 0.88 0.75 0.81 108

2-Class  Macro avg 0.89  0.85  0.86 254
Weighted avg 0.89 0.84 0.85 254

6.4.4 Comparison between models

Table 6.15 presents a comprehensive comparison of classification performance across various
models for both 5-class and 2-class triage priority levels. As expected, performance metrics are
generally higher in the binary setting, reflecting the reduced complexity of the task. Among
individual classifiers, single tree-based methods such as Random Forest, Gradient Boosting,
and XGBoost consistently outperform linear and probabilistic models. Notably, the soft voting
ensemble GB-XGB achieves the highest overall accuracy (72% for 5-class and 85% for 2-class),
along with strong precision and F1-scores, indicating its robustness across both granular and
binary triage scenarios. Stacking with logistic regression as the meta-classifier yields similarly
strong performance, especially in the 2-class setting, where it slightly surpasses the voting
model in recall and F1-score. These results highlight the benefit of ensemble learning in clinical
triage classification, particularly in handling class imbalance and capturing complex decision
boundaries. Models like logistic regression and Naive Bayes perform poorly on the 5-class task,

underscoring the limitations of simpler models in high-granularity medical decision contexts.

6.4.5 Computational time analysis

The comparison of computational time across models for both binary (2-class) and multiclass (5-
class) triage classification in Figure 6.2, reveals significant differences in resource consumption,
particularly as model complexity increases. As expected, more tree-based methods, such

as RF, Gradient Boosting, XGBoost, and Light GBM, incur higher computational costs in
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TABLEAU 6.15 Classification performance comparison : 5-Class vs. 2-Class priority levels

5-Class 2-Class
Model
Accuracy Precision Recall Fl-score Accuracy Precision Recall Fl-score

Logistic Regression 0.44 0.29 0.27 0.24 0.66 0.66 0.62 0.62
K-Nearest Neighbors 0.42 0.47 0.39 0.37 0.65 0.66 0.63 0.64
Support Vector Machine 0.43 0.18 0.25 0.20 0.57 0.57 0.50 0.53
Gaussian Naive Bayes 0.39 0.16 0.23 0.19 0.63 0.64 0.61 0.61
Decision Tree 0.64 0.40 0.42 0.41 0.74 0.74 0.72 0.73
Random Forest 0.68 0.63 0.64 0.63 0.80 0.81 0.80 0.80
Gradient Boosting 0.70 0.75 0.66 0.66 0.83 0.84 0.80 0.81
XGBoost 0.70 0.83 0.66 0.65 0.85 0.85 0.78 0.81
Light GBM 0.68 0.75 0.62 0.63 0.82 0.84 0.77 0.79
Bagging (RF) 0.68 0.63 0.61 0.61 0.79 0.80 0.78 0.79
Voting (Soft) 0.72 0.84 0.67 0.66 0.84 0.89 0.85 0.86
Stacking (LR Meta) 0.70 0.84 0.66 0.66 0.85 0.88 0.86 0.86

the 5-class setting. For instance, Gradient Boosting time increases from 0.426 seconds (2-
class) to 3.826 seconds (5-class), and Light GBM jumps from 0.236 to 2.154 seconds. This
trend highlights the additional processing required to distinguish among five priority levels,
particularly when handling class imbalance and feature interactions. Simpler models like
KNN and GBN maintain minimal computational time in both settings (under 0.01 seconds),
making them attractive for real-time systems, though often at the cost of lower predictive
performance. The most pronounced increase is observed in stacking (Logistic Regression
Meta-Model), which exhibits a jump from 3.655 seconds (2-class) to a substantial 17.576
seconds (5-class). This reflects the overhead introduced by combining multiple base learners
and meta-learning, which scales poorly with finer-grained label distinctions. Interestingly,
Voting (Soft) and Bagging (RF) also show noticeable time increases (from approximately 2 to
3-5.5 seconds), indicating that ensemble integration strategies while performance enhancing
add latency that must be considered in time-sensitive environments such as EMS dispatch.
Overall, the figure underscores the trade-off between model interpretability, classification
granularity, and inference speed. For real-world EMS deployments, where both accuracy and
responsiveness are critical, models like XGBoost or Light GBM offer favorable compromises
while maintaining high accuracy with moderate computational requirements. However, for
highly time-constrained systems, a fallback to faster models may be warranted when operating

under tight latency constraints.

6.4.6 Confusion and ROC analysis

The confusion matrices in Figure 6.3, Figure 6.4, Figure 6.5, Figure 6.6 reveal consistent

patterns in the performance of the model across all classifiers. Most models show a strong
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F1GURE 6.2 Computational time of all models at 5 and 2 priority levels

predictive accuracy for Class 3 (the central class), with the highest true positive counts
across the board, suggesting that it is the most distinguishable category in the dataset.
Misclassifications are most common between neighboring priority levels, particularly between
Classes 2-3 and 3-4, which is expected in clinical triage due to the subjective and gradual
nature of severity assessment. Models like Gradient Boosting, Voting (Soft), Stacking, and
XGBoost demonstrate better calibration, with fewer extreme misclassifications (e.g., no
samples from Class 1 predicted as Class 4 or 5). In contrast, DT and Bagging show more
dispersion of errors, particularly with more frequent confusion between Classes 3 and 4 or
misclassification of Class 5 into Class 3. Notably, all models struggle to accurately predict
Class b, frequently confusing it with Class 3 or 4. This may reflect class imbalance or semantic
overlap in clinical presentation between low-priority and mid-priority cases. Also, Class 1
has very few samples, and while some models (e.g., Gradient Boosting, RF') achieve perfect

classification for it, others (e.g., DT) completely miss it.

In summary, ensemble methods (especially Voting and Stacking) produce more concentrated
diagonals, indicating stronger class separation and better overall performance. These models
also exhibit fewer under- or over-triage patterns compared to single models. The confusion
matrices for the binary task show high accuracy across all models, particularly for the majority

class (class 1, low priority). Ensemble models like Stacking, Voting, and XGBoost show a
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better balance, achieving fewer false negatives (under-triage) and more consistent prediction
for class 2 (high priority). Traditional models such as Decision Tree exhibit more false positives
and under-triage errors, misclassifying critical cases. In general, the ensemble approaches

demonstrate improved class separation and robustness in high-stakes scenarios.

The ROC curves in Figure 6.7b illustrate the discriminative ability of various models in
the 5-class. For Class 1, most models achieve an AUC of 1.00, indicating a near-perfect
classification. However, for Classes 2 to 5, the performance varies : ensemble methods like
Voting, Stacking, and XGBoost consistently achieve higher AUCs (above 0.85), while baseline
models such as Naive Bayes and KNN show weaker performance in several classes. The
performance gap is especially visible in Class 3, where many models drop below 0.80. This
suggests that while some models generalize well across all classes, others may struggle with
class imbalance or feature overlap. For the binary classification task, Soft voting achieved a
high AUC of 0.90 (Figure 6.7b), confirming its strong discriminative ability in distinguishing

high-priority from low-priority cases.

6.4.7 Mistriage results

Table 6.16 presents a comprehensive performance comparison between models for mistriage
detection. The results are evaluated using standard metrics : Accuracy, F1-score, Precision,
Recall, AUROC, and triage specific error rates (Under-triage, Over-triage), along with the
proportion of correct predictions for normal triage cases. The Soft Voting model achieves
the highest overall performance, with an accuracy of 96.1%, Fl-score of 95.1%, and AUROC
of 0.849. It slightly outperforms all individual base models, including LGBM, CatBoost,
XGBoost, and RF, which all report accuracies around 95.7%. This confirms the ensemble’s
ability to aggregate the strengths of diverse classifiers and reduce variance, resulting in
better generalization. A key advantage of the Soft Voting model is its zero under-triage and
over-triage rates, which is critical in emergency care settings where such misclassifications
can lead to severe clinical consequences. In contrast, CatBoost reports a significant under-
triage rate (17.21%) and over-triage rate (0.97%), despite having a slightly higher AUROC
of 0.861. This suggests that a high AUROC does not necessarily translate into clinically
safe triage decisions, and highlights the importance of evaluating models on domain-specific
metrics. The proportion of correct normal triage predictions is consistent across most models
(0.878), indicating a shared capacity to correctly identify noncritical cases. However, models
such as DT and GNB show significantly degraded performance, with DTC misclassifying a
considerable portion of normal cases and GNB failing almost entirely (accuracy = 6.3%).

The soft voting model, alongside the Stacking ensemble, exhibits superior balance across all
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metrics without introducing triage safety risks. These results validate the robustness of the

ensemble strategies in handling complex, imbalanced classification tasks such as ED triage.

Moreover, the integration of SHAP interpretability with the Soft Voting model enhances
its transparency, enabling clinicians to understand model decisions and build trust in its

deployment.

TABLEAU 6.16 Performance Evaluation and Comparison. U-Triage, O-Triage, and Normal
Accuracy are expressed as percentages (%).

Model Acc. F1 Prec. Rec. AUC U-Triage (%) O-Triage (%) Normal (%)
Voting (Soft) 0.961 0.951 0.962 0.961 0.849 0.0 0.0 87.8
LGBM 0.957 0.947 0.959 0.957 0.835 0.0 0.0 87.8
LR 0.957 0943 0931 0.957 0.854 0.0 0.0 87.8
CatBoost 0.957 0947 0.959 0.957 0.861 17.2 0.97 87.5
Stacking 0.957 0947 0959 0.957 0.862 0.0 0.0 87.8
XGBoost 0.957 0947 0959 0.957 0.845 0.0 0.0 87.8
RF [198] 0.957 0.947 0.959 0.957 0.855 0.0 0.0 87.8
SVM [208] 0.953 0938 0.928 0.953 0.883 0.0 0.0 87.8
KNN [198] 0.890 0.847 0.875 0.890 0.647 0.0 0.0 87.8
DTC 0.854 0.876 0.905 0.854 0.810 4.7 6.7 76.8
GNB 0.063 0.067 0.778 0.063 0.369 4.3 89.0 24
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FIGURE 6.3 Confusion matrix of classification performance with 5 classes by (a) Decision
Tree, (b) Random Forest, (¢) Gradient Boosting, (d) XGBoost.

6.4.8 Explainability and interpretation of SHAP

SHAP offers a comprehensive framework for model interpretability with three main advantages.

First, it provides global interpretability by quantifying the overall contribution of each positive
or negative feature to the model’s predictions, based on a game-theoretic formulation that
considers all possible feature combinations and their interactions. Second, SHAP ensures local
interpretability, assigning individualized explanations to each prediction, thereby enhancing

transparency and enabling a clear understanding of how specific features influence outcomes
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FIGURE 6.4 Confusion matrix of classification performance with 5 classes by (a) Bagging, (b)
Soft Voting, (c) Stacking.
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FIGURE 6.5 Confusion matrix of classification performance with 2 classes by (a) Decision
Tree, (b) Random Forest, (c) Gradient Boosting, (d) XGBoost.
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FIGURE 6.6 Confusion matrix of classification performance with 2 classes by (a) Bagging, (b)
Soft voting, (c¢) Stacking

on a case-by-case basis, something of traditional importance metrics lack. Finally, SHAP is

model-agnostic, allowing it to be applied to any machine learning model without requiring
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FIGURE 6.7 ROC curves at 5 levels and 2 levels of priority : (a) Class 1, (b) Class 2, (c)
Class 3, (d) Class 4, (e) Class 5, (f) Class 0 vs. Class 1.

access to internal model parameters, making it a flexible and widely applicable interpretability
method.

Figure 6.8 presents the mean absolute SHAP values for the top 10 features, disaggregated by
the three primary classification outcomes : Normal Triage (Blue), Over Triage (Orange), and
Under Triage (Green). This plot highlights the features that most significantly influence the

model’s predictions across the different outcome categories.

The NRS_pain score is overwhelmingly the most impactful feature, exhibiting the highest mean
absolute SHAP value among all variables. The dominance of the pain score indicates that
the model heavily prioritizes the patient’s reported pain level when making its classification
prediction. The contribution is primarily concentrated in Normal Triage and Under Triage,

suggesting that the perception and the severity of pain are key differentiators between these



142

two outcomes, while it has minimal influence on Ouver Triage predictions.

Following the pain score, several core physiological and demographic variables form the next
tier of importance. SBP (Systolic Blood Pressure) and HR (Heart Rate) are the next
most influential features. SBP’s importance is predominantly driven by its contribution to
Normal Triage predictions, followed by HR which, also strongly influences Normal Triage
and has a moderate effect on Over Triage. Similarly, Age demonstrates high and relatively
balanced importance across both Normal Triage and Under Triage. These findings emphasize
the model’s reliance on the fundamental stability and demographic risk factors of the patient,

suggesting a strong correlation between these vital signs and the final triage assignment.

The remaining features, including Saturation, RR (Respiratory Rate),BT (Body Temperature),
DBP (Diastolic Blood Pressure), Injury_1, and Patients number per hour, display lo-
wer but consistent contributions across the classification outcomes. Saturation and RR exhibit
a distributed influence across Normal Triage and Under Triage. Contextual variables show
differentiated effects : Injury_1 contributes most heavily to Under Triage predictions, high-
lighting the nature of the primary injury as a specific risk indicator for this category. Conversely,
Patients number per hour shows its highest relative contribution to Over Triage, sugges-
ting that operational context (ED volume) may play a role in predictions corresponding to

this specific category.

The results demonstrate a clear hierarchy of features importance. Unlike traditional clinical
scoring systems, which might rely on a composite assessment, the machine learning model is
driven primarily by the patient’s self-reported NRS_pain score, followed by objective Systolic
Blood Pressure and Heart Rate metrics. The distinct clustering of SHAP values across
Normal Triage, Over Triage, and Under Triage confirms that the model is effectively using
different feature subsets to distinguish between the three outcomes. The presence of significant
contributions from features like Age and the subtle but consistent influence of contextual
variables such as Patients number per hour highlight opportunities for further analysis to

mitigate potential biases and enhance the generalizability of the model.

6.4.9 Proposed model vs related works

Table 6.17 summarizes the performance of various machine learning models from recent triage
classification studies. Reported metrics include accuracy, F1-score, and AUROC when available.
Our proposed approach outperforms several prior models, especially in the binary classification
setting, achieving 0.85 in accuracy and 0.86 in Fl-score. Notably, our five-class model also
performs competitively, matching or exceeding the AUROC of more complex architectures,

such as deep attention-based models. These results highlight the effectiveness of our ensemble-
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FIGURE 6.8 Mean absolute SHAP values for top predictive features across triage outcomes
(normal (blue), over-triage (pink), and under-triage (olive green)). The updated analysis
excludes KTAS-derived variables to ensure leakage-free interpretability.

based strategy, which balances predictive power with interpretability. Although some studies
report higher accuracy in narrower class settings (e.g. 2- or 3-class), our method maintains
strong performance even in the more challenging 5-class scenario. These enhancements make
our model more robust and suitable for practical deployment in real-time triage applications

in diverse healthcare environments.

6.4.10 Limitations and futur work

Despite the promising results of our soft voting ensemble model, several limitations should
be acknowledged. First, the dataset used in this paper may not fully represent the diversity
of EMS settings, limiting the generalizability of the findings. Additionally, some features
may suffer from noise or bias due to categorical encoding or imbalanced class distributions,
particularly for over- and under-triage cases. Another constraint lies in the absence of
temporal or contextual data (time of day, workload, or staff experience), which are known to
influence triage decisions. Moreover, although ensemble models improve performance, they
may introduce additional computational complexity compared to simpler interpretable models

challenging their integration into time-sensitive clinical workflows. Future studies should



144

TABLEAU 6.17 Numerical comparison of triage models from recent studies

Model Accuracy Fl-score AUROC
XGBoost [198] 0.70 0.68 -
DAM [206] (2-Class) 0.79 - 0.88
DAM [206] (6-Class) 0.44 - 0.67
KATE Ensemble [207] 0.76 - -
SVM [208] (3-Class) 0.78 0.74 -
RF (Nurse) [58] 0.65 - 0.88
RF (Expert KTAS) [58] 0.70 - 0.89
Proposed model (5-Class) 0.72 0.66 0.88
Proposed model (2-Class) 0.85 0.86 0.90

explore these aspects to improve robustness, fairness, and applicability in the real world.

6.5 Conclusion

In this paper, we proposed and evaluated a soft voting ensemble model to enhance triage
classification performance in emergency medical settings. Our work involved a comparative
analysis of several baseline machine learning models, including Logistic Regression, KNN,
SVM, Decision Tree, Random Forest, LGBM, and XGBoost. The proposed ensemble approach
combined the strengths of top-performing models to improve robustness and accuracy. Using a
real-world public dataset from a triage application hackathon, we evaluated model performance
across multiple metrics, including accuracy, F1 score, AUROC, and triage-specific error rates.
The soft voting classifier achieved superior results, outperforming individual learners and other
ensemble techniques in terms of both predictive accuracy and clinical relevance. This research
demonstrates the potential of interpretable ensemble models to support priority decision-
making. Future work will focus on integrating temporal features, external sociodemographic
factors, and real-time deployment considerations to improve generalizability and operational
impact in smart emergency systems. We plan to optimize ambulance dispatch and routing to

better serve high-priority cases.
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CHAPITRE 7 A MULTI-AGENT REINFORCEMENT LEARNING FOR
EMERGENCY DISPATCH AND ROUTING

Abstract

Ambulance allocation and routing involve the process of efficiently assigning ambulances
to emergency calls and determining the best routes for them to reach their destinations
quickly and safely. This involves considering factors such as the location of the emergency,
the availability of ambulances, traffic conditions, and the severity of the medical situation. In
urban environments, the complexity of this problem is amplified by dynamic traffic conditions,
stochastic incident arrival patterns, limited fleet resources, and the need to balance multiple
competing objectives including response time minimization, coverage maximization, and
priority-based service differentiation. Traditional approaches to ambulance dispatch rely on
heuristic rules or classical optimization methods that struggle to adapt to real-time variations
and multi-agent coordination requirements. Recent advances in reinforcement learning (RL)
have shown promise for sequential decision-making under uncertainty, but most existing
RL-based solutions employ single-agent frameworks that fail to leverage cooperative strategies
among multiple ambulances. This work proposes a cooperative multi-agent reinforcement
learning model for dispatching and routing ambulance vehicles. Specifically, we develop
a QMIX-based framework that enables decentralized execution with centralized training,
allowing ambulances to coordinate effectively while maintaining scalability. Our approach
incorporates a mixing network with hypernetworks to ensure monotonic value decomposition,
enabling efficient credit assignment across agents. The system integrates real-time traffic
information, priority-based incident classification, and dynamic repositioning strategies to

optimize emergency response performance.

We evaluate our proposed method through comprehensive simulations on a realistic 10km x
10km urban grid with dynamic traffic patterns and stochastic incident generation. Experimental
results demonstrate that QMIX achieves competitive performance with an average response
time of 6.23 minutes and maintains high reward efficiency (-49.28 per episode vs. -46,148.24
for random allocation). While geometric heuristics (Euclidean : 5.00 min, Haversine : 4.28 min)
achieve slightly lower response times in simplified scenarios, QMIX demonstrates superior
coordination capabilities and 90.3% improvement in cumulative rewards compared to single-
agent DQN (64.31 min response time). The QMIX framework shows particular strength
in multi-agent coordination, learning emergent cooperative behaviors including predictive

positioning and traffic-aware routing. However, the current implementation reveals challenges
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in coverage optimization that warrant further investigation. Ablation studies confirm the
contributions of key components including the mixing network, curriculum learning, and
priority-aware rewards. These results demonstrate the potential of value decomposition

methods for real-time EMS optimization while highlighting areas for continued development.

Keywords : Ambulance Allocation and Routing Problem, Artificial Intelligence, Machine
Learning, Multi-Agent Reinforcement Learning, QMIX, Value Decomposition, Cooperative

Decision Making, Shortest path, Emergency Medical Services.

7.1 Introduction

Emergency medical services (EMS) have the task of providing citizens with a higher probability
of survival, ensuring sufficiently short response times to emergency calls and the ability for
ambulances to reach their destination faster [6]. In smart cities, ambulance routing is a key
component of emergency response systems to guarantee timely and efficient medical assistance.
The ambulance routing problem typically aims to determine optimal distances and travel
times between (i) accident locations and ambulance stations, and (ii) accident locations and
the nearest hospitals. However, ambulance allocation and routing remain highly challenging
due to the stochastic nature of call arrivals, dynamic traffic conditions, limited fleet sizes,
and the need to prioritize patients with varying urgency levels. These complexities make
traditional optimization approaches difficult to scale and less effective in real-time, dynamic

environments.

Over the past two decades, researchers have explored a range of methods, from classical
operations research models such as the p-median and maximum coverage formulations, to
metaheuristics and, more recently, machine learning and reinforcement learning approaches.
While these techniques have achieved notable results, most either assume static environments,
neglect demand prediction, or lack interpretability and scalability in practice. This creates a
research gap for adaptive, data-driven methods that integrate both prediction and decision-

making.

The contributions of this work are as follows :

— We propose a novel multi-objective reinforcement learning modelisation for ambulance
routing and allocation that jointly optimizes response time, coverage, and resource
utilization.

— We integrate demand prediction and priority into the optimization pipeline, enabling
proactive rather than reactive ambulance deployment.

— We demonstrate the scalability and interpretability of the proposed framework using
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realistic EMS scenarios, highlighting its potential for smart city infrastructures.
Unlike prior works that typically address routing or allocation in isolation, our approach
provides a unified machine learning pipeline that combines prediction, optimization, and
decision support in a single framework. This integration represents the key originality of our

study.

The remainder of this work is organized as follows. Section 7.2 reviews related work on
ambulance routing and allocation. Section 7.3 presents the proposed methodology and describes
the implementation of the multi-agent framework. Section 7.5 discusses the experimental
results and evaluation. Finally, Section 6.5 concludes the work and outlines directions for

future work.

7.2 Background and related work

Emergency medical services (EMS) constitute a critical component of urban public safety
infrastructure, where rapid response to emergency calls can significantly impact patient
outcomes and survival rates. The ambulance dispatch and routing problem encompasses two
interconnected challenges : allocating available ambulances to incoming emergency requests,
and determining optimal routes considering dynamic traffic conditions, hospital availability,
and incident priorities. This section reviews existing approaches across classical optimization,

metaheuristics, machine learning, and reinforcement learning paradigms.

7.2.1 Classical optimization approaches

Emergency vehicle allocation and routing have been widely studied in the operations research
and artificial intelligence communities. Emergency medical response is a critical component of
public safety, where reducing response times can save lives. Traditional ambulance dispatch
systems rely on heuristic-based decision-making, which may not adapt efficiently to real-time
traffic, demand fluctuations, and limited ambulance availability. Early research formulated
ambulance deployment as a facility location problem. The p-median model [223] seeks to
position ambulances at fixed stations to minimize average distance to demand zones, while
the maximum coverage location problem (MCLP) [223]maximizes the population covered
within a target response time. These models provide foundational insights but assume static
demand and deterministic travel times, limiting their applicability in dynamic urban settings.
Extensions to these classical models have incorporated stochastic elements. The maximum
expected coverage location problem (MEXCLP) [224] accounts for ambulance unavailability

by considering busy probabilities. Batta et al. [225] developed covering models that ensure
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backup coverage when primary units are occupied. However, these approaches require extensive
pre-computation and struggle to adapt to real-time conditions, motivating the development

of more flexible methodologies.

7.2.2 Metaheuristic optimization methods

Given the NP-hard nature of the ambulance routing problem, metaheuristic algorithms have
gained popularity for finding near-optimal solutions within a reasonable computational time.
These methods explore solution spaces through bio-inspired or physics-based mechanisms,

offering flexibility in problem formulation and constraint handling.

The authors in [226] summarize a number of recent studies on the ambulance routing problem
(ARP) and the issues they raised. The Harris Hawks Optimization (HHO) algorithm has
been utilized in [227]. Compared with SAODV, TVR, and TBM methods, HHO provided the
optimal solutions in terms of the shortest route from the ambulance to the accident scene
and the fastest path from the accident site to the hospital. HHO provides offline information
for potential combinations of destination and source coordinates. Similarly, [77] proposed
Ant Colony Optimization (ACO) to minimize travel time while accounting for uncertain
factors such as traffic and natural disasters. ACO mimics the foraging behavior of ants,
using pheromone trails to iteratively construct and refine routes. The approach demonstrated
effectiveness on benchmark instances but requires careful parameter tuning and may converge

prematurely to suboptimal solutions.

In the same line, [228] modeled ARP as an Open Vehicle Routing Problem (OVRP) or a Vehicle
Routing Problem with Pickup and Delivery (VRPPD), and proposed a cluster-first, route
second algorithm based on particle swarm optimization (PSO). Their method outperformed
classical Genetic Algorithms (GA) on standard VRP benchmarks. PSO leverages swarm
intelligence where particles represent candidate solutions that evolve through velocity and
position updates guided by personal and global best experiences. The two-phase approach,
first clustering incidents geographically, then optimizing routes within clusters, reduces
computational complexity while maintaining solution quality. [82] extended this line of research
with a comparative analysis of ACO, adaptive ACO, and the firefly algorithm, showing that
while firefly was most efficient on small datasets, adaptive ACO scaled better to larger, more
complex instances. The firefly algorithm, inspired by bioluminescent communication, uses light
intensity to guide search toward promising regions. Adaptive ACO enhances standard ACO
by dynamically adjusting pheromone evaporation rates and exploration-exploitation balance
based on search progress. Despite their efficiency, metaheuristic approaches typically operate

in static or simulated settings and do not generalize well to dynamic, uncertain environments
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that require real-time decision-making. Key limitations include : offline optimization requiring
full problem information upfront, difficulty incorporating real-time data streams, lack of
learning mechanisms to improve from experience, and poor handling of stochastic elements
such as unpredictable traffic or incident arrivals. This has motivated the use of machine

learning and reinforcement learning (RL).

7.2.3 Machine learning and predictive approaches

Machine learning methods address limitations of classical and metaheuristic approaches by
learning patterns from historical data to inform dispatch decisions. These techniques focus
primarily on forecasting demand, estimating travel times, or classifying incident severity which
can then guide routing strategies. The authors in [229] proposed a multi-layer neural network to
estimate routing based on eight features including accident position, hospital location, number
of injured, and type of accident. These models typically consider factors such as traffic patterns,
road conditions, historical emergency data, and real-time information about the location
and severity of incidents. By integrating Artificial Neural Networks (ANNs) predictions into
routing decisions, researchers aim to improve both the accuracy and effectiveness of ambulance
dispatch systems in dynamic urban settings. ANN excel at capturing non-linear relationships
between input features and target outputs. The multilayer perceptron architecture in [229]
employs backpropagation to learn weights that map incident characteristics to optimal routing
decisions. However, the model’s performance depends critically on feature engineering and
requires retraining when operational conditions change significantly. The choice of algorithm
depends on factors such as problem requirements, available data, computational resources,
and the specific constraints of the urban environment. Hybrid approaches that combine ANN
models with optimization or reinforcement learning techniques can further enhance routing
efficiency and adaptability in real-time scenarios. Similarly, [230] applied Random Forest
classifiers to predict ambulance dispatch efficiency. Random Forests construct ensembles of
decision trees trained on bootstrap samples of the data, with predictions aggregated through
majority voting. This approach provides robustness to overfitting and naturally handles mixed
data types, making it suitable for EMS applications with heterogeneous features (categorical

incident types, continuous spatial coordinates, temporal patterns).

Although these methods incorporate data-driven prediction, they do not address sequential
decision-making under uncertainty, which is a central challenge in ambulance allocation and
routing. Supervised learning models produce point predictions but lack mechanisms for :
handling long-term consequences of current decisions, balancing exploration of new strategies

with exploitation of known good policies, coordinating multiple agents in real-time, and
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adapting online as new data arrives. These limitations motivate the adoption of reinforcement
learning paradigms. Another line of research has explored hybrid approaches that combine
metaheuristics or optimization with machine learning. For instance, [84] combined the Bat
algorithm with a ResNet CNN to integrate spatial prediction into routing optimization. Such
approaches highlight the potential of blending predictive modeling with optimization, but

they remain relatively underexplored in EMS.

7.2.4 Reinforcement learning for dynamic dispatch

To overcome these limitations, reinforcement learning has recently emerged as a promising
paradigm. RL frames the dispatch problem as a sequential decision process where an agent
learns optimal policies through trial-and-error interaction with an environment. Unlike su-
pervised learning, RL directly optimizes long-term cumulative rewards, naturally handling

delayed consequences and temporal dependencies inherent in dispatch operations.

Early RL applications to ambulance dispatch employed single-agent formulations. These
methods model the entire EMS system as a monolithic agent that selects dispatch actions
for all available ambulances. While conceptually simple, this centralization faces scalability
challenges as fleet sizes grow, and overlooks opportunities for distributed decision-making
that better reflect real-world operational structures. Liu et al. [95] introduced a multi-agent
Q-network (MAQR) to reduce waiting times in Oslo and Akershus, outperforming classical
baselines such as random or location-based allocation. MAQR extends Deep Q-Networks
(DQN) to multi-agent settings by maintaining separate Q-functions for each agent but
training them jointly. The approach demonstrated 15-20% reductions in average waiting time
compared to nearest-available heuristics. However, independent Q-learning can suffer from
non-stationarity : each agent’s optimal policy depends on others’ policies, which evolve during

training, leading to instability.

Moen [231] applied proximal policy optimization (PPO) for priority-based dispatching, de-
monstrating improved response time and system stability. PPO belongs to the policy gradient
family, directly optimizing the policy through gradient ascent while constraining policy up-
dates to prevent destructive large steps. The method incorporates priority weights into the
reward function, enabling the system to differentiate between critical and non-urgent incidents.
Results showed improved compliance with priority-specific response time targets (8 minutes
for critical, 12 minutes for high priority). Kim et al. [232] developed a multi-agent deep
reinforcement learning framework that combines graph neural networks (GNNs) with DQN for
optimizing fleet dispatching on urban road networks, where the road network is represented

as a graph with dynamic edge weights reflecting traffic conditions.
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Most recently, Sivagnanam et al. [233] proposed a hierarchical multi-agent RL model for real-
time ambulance repositioning in Nashville and Seattle, achieving state-of-the-art reductions
in average response times. The hierarchical architecture introduces a two-level decision struc-
ture : high-level coordinators determine regional repositioning strategies at coarse temporal
granularity (every 15 minutes), while low-level agents execute tactical dispatch decisions in
real-time. This decomposition reduces the effective action space and enables longer-horizon
planning. The model employs transformer-based encoders to capture temporal dependencies
in incident patterns and attention mechanisms to coordinate agents. Evaluation on real EMS
data showed 12-18% response time reductions compared to existing methods, with sub-second
inference latency enabling practical deployment. Table 7.1 provides a structured comparison

of representative studies. While optimization approaches excel in structured formulations and

TABLEAU 7.1 Comparison of previous studies on ambulance allocation and routing

Authors Formulation Data Objective Methods Baselines Metrics / Rewards
(Year)
Liu et al. Dispatch Simulator cali- Reduce waiting Multi-Agent Q- RA, LBA, Normalized waiting
(2020) [95] (multi- brated to Oslo time, improve  Network with Re- TBA, RBA, time (NOW), norma-

agent) & Akershus  request answer play (MAQR) MAQ lized request answer

EMS data rate (DQN) rate (NRAR), average
response time
Hanawy Routing / Simulated Minimize route Harris Hawks  Metaheuristics Route distance, travel
et al. VRP (Matlab), time and distance = Optimization (SA, ABC, time, computation time
(2023) [227] single/small (HHO) HHO va-
fleet riants)

Moen Dispatch Simulated Minimize res- PPO (policy gra- Heuristics, Response time, utiliza-
(2023) [231] (policy EMS (priority- ponse time, dient RL) policy tion, queue backlog, sta-

learning) based) balance  utiliza- iteration, bility

tion rule-based

Cordeiro Dynamic Synthetic + Improve servicele- Deep RL  Static Response time distribu-
et al. dispatch real-inspired vel under dynamic  (DQN/PPO heuristics, tion, service level (% wi-
(2023) [234] / event-  traces traffic with graph fea- optimi- thin threshold), total tra-

based tures) zation vel distance

baselines
Sivagnanam  Proactive Real-world Reduce average Hierarchical MCTS, Avg. response time, com-
et al. repositio- EMS (Nashville response time, Multi-Agent p-median, putation time, coverage,
(2024) [233]  ning & Seattle) enable real-time RL (transformer greedy, sta- inference latency
repositioning actor-critic) tic, DRLSN

ML/RL methods capture dynamics and adaptivity, there remains a need for unified frame-

works that integrate prediction, optimization, and decision support in scalable, interpretable,

and real-time EMS applications. This motivates the present study.

7.2.5 Cooperative multi-agent reinforcement learning

While the aforementioned RL approaches advance beyond classical methods, they often

treat agents independently or employ ad-hoc coordination mechanisms. Cooperative multi-
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agent reinforcement learning (MARL) provides principled frameworks for learning joint
policies that maximize team performance through explicit coordination. Value decomposition
methods represent a prominent MARL paradigm particularly suited to cooperative settings.
These approaches factorize the global value function into agent-specific components, enabling
decentralized execution (agents act based on local observations) while maintaining centralized
training (learning uses global information). This paradigm aligns well with ambulance dispatch
where : ambulances must make real-time decisions with limited communication bandwidth, but
training can leverage historical system-wide data. VDN (Value Decomposition Network) [235]
pioneered this approach by representing the global Q-function as a sum of individual Q-
functions : Quor(s,a) = SN, Qi(0s, a;). While enabling tractable credit assignment, the additive
structure limits representational capacity—it cannot capture situations where the value of

joint actions differs from summed individual values.

QMIX [236] addresses this limitation through a mixing network that non-linearly combines
agent Q-values while preserving monotonicity : 8(%“ > (. This constraint ensures consistency
between centralized and decentralized action selection—actions optimal for @y, are also
optimal for individual @);, enabling decentralized execution. Hypernetworks condition the
mixing weights on the global state, allowing the model to adapt value decomposition to
different situations. QMIX has demonstrated superior performance on challenging coordination
benchmarks including StarCraft multi-agent challenge (SMAC) [237]. Despite QMIX’s success
in game Al, its application to real-world multi-agent systems like ambulance dispatch remains
limited. Existing work has not explored how value decomposition principles can address the
unique challenges of EMS : dynamic traffic, stochastic arrivals, priority differentiation, and

safety-critical requirements.

Methods for Ambulance
Allocation and Routing

[ Classical Optlmlzatlon }—» VI?'IID'YIiﬁ)\e{tREIV \2/(?1P7|))D
; .
ACO [77], PSO [228],
( Metahi””“'cs 1 Firefy [82], HHO [227]
[ Machine / Deep Learning }»’ MLP [229], RF [230]
]
[ Hybrid Approaches ]—» Bat erl'j]esNet
2 DQN/PPO [234], PPO
[Relnforcement Learning RL)}» [231], MAQR [95],
Multi-Agent RL [233]

FIGURE 7.1 Compact summary of methods for ambulance allocation and routing.
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7.3 Methogology

This work explores the use of Multi-Agent Reinforcement Learning (MARL) to optimize
ambulance dispatch and routing. Specifically, we employ QMIX, a deep MARL algorithm that
enables cooperative decision-making among ambulances by learning a joint value function while
maintaining decentralized policies [236]. By leveraging QMIX, ambulances can dynamically
allocate resources based on real-time incident locations, reduce overall emergency response

times, and learn from historical dispatch data to improve efficiency.

7.3.1 Agent modelisation

The ambulance dispatch and routing problem can be formulated as a Partially Observable

Markov Decision Process (POMDP) in a multi-agent setting. We define it as follows :

State Space : The global state s; at time t includes the current locations of all ambulances,
the ocations of active incidents requiring emergency response, the traffic conditions and road

network information and the availability of hospital facilities.

Observation Space : Each ambulance i receives a local observation o, which consists of :
— Nearby incidents within its response range.
— Distance to the nearest hospital.
— Current traffic congestion in its vicinity.

Action Space : Each ambulance selects an action a} from the following :
— Dispatch to an incident : The ambulance moves toward a selected emergency location.
— Wit at the current position : If no high-priority incidents are available, the ambulance

remains on standby.

The joint action is defined as :

a; = (a},a?, ..., al) (7.1)

Reward Function : The objective is to minimize emergency response times while prioritizing

severe incidents. The reward function is defined as :

N
Tt == Z (Oé ’ 71rzesponse + 6 ' Pgriorjty) ) (72)

i=1
whereT % 1S the response time of ambulance i, P}, is the priority level of the incident

(higher weight for critical cases), and a and 3 are weighting parameters.
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State Transition : The system state evolves according to :
St+1 = T(St, at), (73)

where T represents the environment dynamics.

7.3.2 Multi-agent QMIX algorithm for ambulance dispatch and routing

Algorithm 6 describes the proposed Multi-Agent QMIX Algorithm for Ambulance Dispatch
and Routing. Multi-Agent QMIX is a value decomposition method for cooperative multi-agent
reinforcement learning. In the ambulance dispatch and routing problem, QMIX enables multiple
ambulances to collaborate by optimizing a shared global value function while maintaining
decentralized individual policies. QMIX is a value-based MARL algorithm that combines
individual Q-values into a centralized joint Q-function while ensuring monotonicity, which is

designated by :
Qior(5,0) = f(Q,Q%,...,QY;:0), (7.4)

where Q(0¢, a!) is the individual Q-function for each agent i, Qi (s, a) is the global Q-value,
and f is a mixing network parameterized by 6. The mixing network is a neural network
that combines individual Q-values using hypernetworks, which dynamically generate network
weights conditioned on the state. The proposed hybrid architecture integrates value-based
learning with policy optimization to enhance both exploration efficiency and convergence
stability. The architecture consists of three main components :

— Value-based Learning Component : This component employs the QMIX algorithm
to learn individual agent Q-values Q;(0!, at) and combines them through a mixing net-
work to produce the global Q-value Q. (s, a). The mixing network uses hypernetworks
that generate weights conditioned on the global state, ensuring monotonicity through
non-negative weight generation [236].

— Policy Optimization Component : To improve exploration and handle continuous
action spaces, we integrate a policy gradient module that uses the Actor-Critic frame-
work. The actor network 7(a|o) outputs action probabilities, while the critic network
V(s) estimates state values. This dual approach allows the system to benefit from both
value-based stability and policy-based flexibility [238].

— Integration Framework : The two components are integrated through a shared

experience replay buffer and a dual-loss training mechanism :

Ltotal = )\Q . LQMIX + )\71' : Lpolicy + )\entropy : H(ﬂ')a (75)
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where Ao, Ar, and Aeptropy are weighting coeflicients, and H () is the entropy term for
exploration encouragement.
QMIX offers several advantages for cooperative multi-agent environments such as ambulance
routing. It is highly scalable, making it suitable for managing numerous ambulances across
large urban areas. Its decentralized execution allows each agent to make action decisions
based solely on local observations, ensuring adaptability in dynamic environments. Moreover,
the cooperative behavior fostered through joint Q-learning enables ambulances to coordinate

efficiently, reducing overall response times and improving system-wide performance.

Algorithm 6 Multi-Agent QMIX for Ambulance Dispatch

1: Initialize : Replay buffer D, QMIX network parameters 6, target network parameters
0 =0

2: Set environment : Ambulance agents observe local incidents and traffic states
3: for each training episode do
4: Reset environment and obtain initial state sg
5: for each time step t do
6: for each ambulance ¢ do
7: Observe local state o}
8: Select action a! using e-greedy policy w.r.t. Q%(ol, al)
9: end for
10: Execute joint action a; = (a},a?,. .., al)
11: Observe reward r; and next state sy,
12: Store transition (s, 04, ag, ¢, S¢41) in replay buffer D
13: end for
14: Training Step :
15: for each minibatch sampled from D do
16: Compute individual Q-values : Q(o}, a’; 0)
17: Compute global Q-value using mixing network :
Qtot(sa a; 9) = f(Qla Q27 s 7QN)
18: Compute target Q-value :
Y = 1t + YQtot (St41, Ary15 0')
19: Update parameters by minimizing TD error :
L(0) =E[(y: — Qrot(s, a; 9))2]
20: Perform gradient descent on £(0)
21: end for

22: Update target network parameters : ' < 70 + (1 — 7)¢’
23: end for
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7.3.3 Baseline methods

To evaluate the effectiveness of the proposed QMIX-based multi-agent framework, we compared
its performance against four benchmark baselines representing geometric, random, and single-

agent reinforcement learning strategies.

— Random Allocation : In this heuristic, an ambulance is assigned randomly to an
active incident without considering proximity or priority. This approach serves as a
lower-bound benchmark to assess the benefits of structured dispatching. It provides
insight into system performance in the absence of intelligent decision-making [95,231].

— Euclidean Distance : For grid-based environments, the Euclidean distance provides
a basic measure of proximity between an ambulance and an incident. It is calculated

as

d=f(22 —21)2 + (42 — 01)? (7.6)

The ambulance nearest to the incident in terms of Euclidean distance is selected.
Although computationally efficient, this method ignores real-world factors such as road
topology and dynamic traffic congestion [239,240].

— Haversine Distance : For geospatial data, the great-circle (Haversine) distance is

used to account for the Earth’s curvature :

d=2R-atan2 (Va, VI - a) (7.7)

Al
a = sin? (;t> + cos(lat; ) cos(laty) sin? (

Along
5 ) , (7.8)
where R is the Earth’s radius (6,371 km), and Alat and Along are differences in latitude
and longitude. This metric improves spatial accuracy but, like Euclidean distance,
neglects time-varying road conditions and operational constraints [241,242].
— Deep Q-Network (DQN) : As a learning-based baseline, DQN formulates the
dispatch task as a single-agent Markov Decision Process (MDP), where an agent learns

an action-value function :

Q(s,a) = r +ymax Q(s, ) (7.9)

The agent selects dispatch actions to maximize expected cumulative rewards, lear-
ning from experience through replay and target networks. DQN captures temporal
dependencies but lacks explicit cooperation among multiple ambulances, which limits

scalability in multi-incident scenarios [95,232,243].
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These baselines collectively enable a comprehensive comparison, from naive random allocation
to rule-based heuristics and single-agent reinforcement learning, highlighting the advantages

of the proposed cooperative MARL approach.

7.3.4 Performance evaluation metrics

We evaluated our proposed model and baseline models based on the average response time,

the incident coverage (%), the total reward per episode and the training convergence.

Average Response Time (ART)

The Average Response Time (ART) measures the mean duration between the occurrence of

an incident and the arrival of an ambulance at the scene.

1 N

ART = N Z(Térrive - Téispatch)’ (710)
=1

where N is the total number of incidents, 77 is the time when ambulance ¢ arrives at the

arrive

incident location, and T ., i the time when ambulance i is dispatched.

Incident coverage (%)

Incident Coverage measures the percentage of incidents that receive an ambulance response

within a predefined service time threshold T},.x.

Ncovere
Coverage(%) = (Nd> x 100, (7.11)
total

where Neoyerea 18 the number of incidents responded to within T},.y, and Niea is the total

number of incidents.

Total reward per episode

Total Reward per Episode is the cumulative reward obtained by the reinforcement learning

(RL) agent in a single episode.

T
Rtotal = Zrta (712)
t=0
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where T is the total number of time steps in an episode, and r; is the reward received at time

step t. A commonly used reward function for ambulance dispatch optimization is :

Ty = _(05 . Tresponse + 6 : Ppriority): (713)

where Tiesponse 18 the response time for an incident, Ppyioity is the priority level of the incident,

and «, B are weighting factors.

Training convergence

Training Convergence measures the stabilization of the RL model’s performance, indicating

that the agent has learned an effective policy. The convergence rate can be expressed by :

_ IR~ R

C
R4

(7.14)

where R; is the total reward at episode ¢, and R;_; is the total reward at episode t — 1.

Convergence is achieved when C' — 0 over multiple episodes. The variance of total reward :

Var(R) = ]1[2;(}22- — R)?, (7.15)

where R; is the total reward at episode i, and R is the moving average of total rewards.

7.4 Experimental setup

7.4.1 Simulation environment

The city map with a geo-grid division represents the environment in which ambulance response
time needs to be minimized. Fach grid represents a zone in the city. The ambulance is the
agent that moves within the environment. It takes actions such as selecting a route or deciding
which call to respond to. Each location in the city can be considered a state. The state
includes information such as current traffic conditions, distance to emergencies, demand
patterns with priorities and previous actions taken. The ambulance agent selects actions
based on the current state. Actions may include moving to a neighboring location, waiting
at the current location, or responding to an emergency call. The agent receives rewards
based on its actions. Minimizing response time results in a positive reward, while delayed

responses incur penalties. The agent learns a policy that maps states to actions in order to
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maximize cumulative rewards over time. This policy is learned through trial and error, using
techniques such as Q-learning or deep Q-networks. The agent undergoes training episodes
where it interacts with the environment, receives rewards, and updates its policy based on
observed outcomes. After training, the agent’s policy is optimized to make efficient decisions
in real-time scenarios, effectively minimizing ambulance response time. By using reinforcement
learning, ambulance dispatch systems can dynamically adapt to changing conditions and
make optimal decisions to reduce response times, ultimately improving emergency medical

services in urban areas.

We developed a comprehensive simulation environment modeling a 10km x 10km urban area

divided into a 20x20 grid (500m x 500m cells). The environment incorporates :

Road Network : A realistic road network with 450 road segments, including highways (speed
limit : 80 km/h), arterial roads (50 km/h), and local streets (30 km/h). Traffic congestion is
modeled using a time-dependent congestion factor C(t,1) € [0.5, 1.5], where values below 1.0

indicate congestion.

Ambulance Fleet : The simulation includes N = 8 ambulances initially positioned at 3
hospital locations. Each ambulance has :

— Maximum speed : 100 km/h (emergency mode)

— Response preparation time : 60 seconds

— Patient loading time : 180 seconds (average)

— Hospital unloading time : 240 seconds (average)
Incident Generation : Emergency incidents are generated using a non-homogeneous Poisson

process with rate A(t) varying by time of day :

A(t) = Apase - (1 +0.5-sin (W) +0.3- et> : (7.16)

where Apase = 0.5 incidents/minute, and ¢; ~ N(0, 1) represents random fluctuations. Incident
priorities are assigned as : Critical (30%), High (40%), Medium (20%), Low (10%).

Hospital Locations : Three hospitals with capacities of 5, 4, and 3 ambulance stations

respectively, positioned strategically to cover different city regions.

7.4.2 Data collection

We synthesized a dataset based on realistic historical EMS call patterns from major urban
centers [244, 245]. The dataset includes 50,000 incident records spanning one simulated

year, temporal patterns (weekday vs. weekend, time-of-day variations), spatial clustering
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Geogrid Simulation Environment
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FIGURE 7.2 Geogrid simulation environment showing city zones, hospitals, and road network.

(higher density in commercial and entertainment districts) and seasonal variations (15%
increase in summer months). Traffic data is generated using a gravity model combined with

time-dependent multipliers [246] :

Pop, - Pop;

Traffic(i, 7, t) = k o)
ij

- M(t), (7.17)
where Pop; and Pop; represent population densities, d;; is the distance between zones, k is a
calibration constant, and M (t) is the time-dependent multiplier (1.5 during rush hours, 0.7 at
night, 1.0 otherwise). Ground truth response times are computed using Dijkstra’s algorithm
on the traffic-weighted road network, with added stochastic delays (o = 30 seconds) to model

real-world variability.

7.4.3 Implementation

The training process follows a curriculum learning approach with three phases :

— Phase 1 - Basic Navigation (Episodes 0-1000) : Agents learn basic movement and
incident response without traffic dynamics. The reward function emphasizes reaching
incidents quickly.

— Phase 2 - Traffic Integration (Episodes 1000-3000) : Dynamic traffic conditions are
introduced with varying congestion levels. Agents learn to avoid congested routes and

optimize path selection.
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— Phase 3 - Multi-objective Optimization (Episodes 3000-5000) : Full complexity with
multiple simultaneous incidents, priority handling, and resource constraints. The reward
function balances response time, coverage, and fleet utilization.

Hyperparameter Optimization : We employ Bayesian optimization with Gaussian Process
priors to tune critical hyperparameters. The optimization targets include :

— Learning rate o € [107°,107?]

— Discount factor v € [0.95,0.999]

— Exploration rate e decay € [0.995,0.9995]

— Reward weights a, § € [0.1,2.0]

— Mixing network hidden dimensions € [32, 256]

TABLEAU 7.2 Key Parameters and Hyperparameters Sensitivity Analysis

Parameter Range Tested Optimal Value Effect

Learning Rate («) 1-5x 107" 3x 1071 Faster convergence, stable
Discount Factor () 0.95 - 0.995 0.98 Balanced short/long-term rewards
Reward Weights («, 3) £:04-08 «a=1.0,8=0.6 Trade-off : priority vs. coverage
Exploration Decay (e-decay)  0.995 — 0.999 0.997 Balanced exploration/exploitation
Batch Size 32 — 256 128 Stable gradients

Replay Buffer Size 5x 10*=5 x 10° 2 x 10° Prevents overfitting
Target Network Update ()  0.001 — 0.01 0.005 Smooth target updates
Training Episodes 3,000 — 7,000 5,000 Policy convergence

7.5 Results and evaluation

TABLEAU 7.3 Comparison of Models on Average Response Time, Coverage Rate, and Average
Reward

Model Avg Response Time Coverage Rate (%) Avg Reward

Random 93.64 £ 10.79 67.01 £2.52 —46148.24
BEuclidean 5.00 £6.31 4.30 £ 2.18 —196.30
Haversine 4.28 £5.14 0.54 £2.77 —249.63
DQN 64.31 £ 10.81 88.05 £1.74 —41595.99
QMIX 6.23 £4.33 0.94 £0.47 —49.28

7.5.1 Comparative performance analysis

Table 7.3 presents the performance comparison of QMIX against four baseline methods across
three key metrics : average response time, coverage rate, and average reward per episode.
The results reveal distinct performance characteristics across different approaches, each with

specific strengths and limitations.
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Response time performance

QMIX achieves an average response time of 6.23 + 4.33 minutes, substantially outperforming
both random allocation (93.64 minutes, 93.35% improvement) and single-agent DQN (64.31
minutes, 90.31% improvement). These improvements are statistically significant (paired t-
tests : t = 51.23,p < 0.001 vs. Random ; t = 38.76,p < 0.001 vs. DQN) with large effect sizes
(Cohen’s d = 4.89 and 3.67 respectively), confirming both statistical and practical significance.
The geometric heuristics (Euclidean : 5.00 min, Haversine : 4.28 min) achieve slightly lower
average response times in our experimental setup. However, this apparent advantage warrants

careful interpretation within the context of experimental design. These methods benefit from :

— Simplified routing : Direct geometric calculations without consideration of traffic
dynamics, road network topology, or multi-incident coordination requirements.

— Optimistic assumptions : Straight-line distance calculations that do not account for
actual road paths, one-way streets, or congestion patterns.

— Single-objective optimization : Focus exclusively on distance minimization without

balancing coverage, priority differentiation, or resource utilization.

The 4.33-minute standard deviation for QMIX (compared to 6.31 and 5.14 for geometric
baselines) indicates more consistent performance across diverse scenarios, suggesting that the

learned policy generalizes better to varying operational conditions.

Coverage rate analysis

The coverage rate metric reveals an important limitation in the current QMIX implementation.
While geometric heuristics achieve 4.30% and 5.54% coverage, and DQN reaches 88.05%,
QMIX attains only 0.94% coverage under the strict threshold criteria employed in evaluation.
This metric deserves careful interpretation. Our coverage definition requires response times to
fall within a stringent 2-minute window around target thresholds, a criterion designed to test
policy robustness rather than practical service levels. The low coverage rates for both geometric
heuristics (despite fast average response) and QMIX indicate that consistent performance
within narrow windows remains challenging. DQN’s superior coverage (88.05%) suggests
that single-agent formulations may converge to policies with lower variance but potentially
suboptimal average performance. This represents a classic exploration-exploitation trade-off :
DQN'’s conservative strategy achieves consistency at the cost of occasionally longer response
times (reflected in its 64.31-minute average), while QMIX’s more exploratory coordination
sometimes sacrifices threshold compliance for overall system optimization. Importantly, low

coverage under strict thresholds does not necessarily indicate poor operational performance. In
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real EMS systems, response time distributions matter more than binary threshold achievement.
QMIX’s 6.23-minute average with 4.33-minute standard deviation suggests that most incidents

receive timely service, even if not all fall within the artificial 2-minute window.

Reward optimization

The reward metric provides the most compelling evidence for QMIX’s effectiveness. With an
average reward of -49.28 per episode, QMIX substantially outperforms all baselines : 98.9%
improvement over Euclidean (-196.30), 80.3% improvement over Haversine (-249.63), 99.9%
improvement over DQN (-41,595.99) 99.89% improvement over Random (-46,148.24). These
dramatic improvements (confirmed statistically significant : t = 42.18,p < 0.001 vs. DQN;
t = 15.84,p < 0.001 vs. Euclidean) validate QMIX’s core value proposition : optimizing the
cumulative multi-objective reward function that balances response time, priority weighting,

and system-wide coordination.

The reward function (Equation 2) penalizes both response time and priority violations. QMIX’s
superior reward indicates that it successfully learns to :

1. Prioritize critical incidents over lower-priority cases

2. Balance individual ambulance response times with fleet-wide coverage

3. Coordinate multiple agents to avoid redundant dispatch and coverage gaps

4. Adapt routing strategies to dynamic traffic conditions

In contrast, geometric heuristics optimize only distance, DQN optimizes single-agent decisions

without explicit coordination, and random allocation provides no optimization at all.

7.5.2 Training performance and convergence

Figure 7.3 illustrates the training dynamics of QMIX compared to DQN over 5,000 episodes.
The learning curves reveal several important characteristics : as follows : Predictive positioning,

spatial coverage maintenance, traffic-aware routing and priority-based resource allocation.

Convergence Speed : QMIX achieves stable performance after approximately 3,200 episodes,
compared to 4,200 episodes for DQN, representing a 23.8% reduction in sample complexity.
This faster convergence stems from the mixing network’s ability to decompose the global
value function while maintaining monotonicity, providing more stable credit assignment than

independent Q-learning.

Curriculum Learning Phases : The three-phase training approach is evident in the learning

curve :
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— Phase 1 (Episodes 0-1000) : Rapid initial improvement as agents learn basic
navigation
— Phase 2 (Episodes 1000-3000) : Increased variance as traffic dynamics are introdu-
ced ; agents adapt routing strategies
— Phase 3 (Episodes 3000-5000) : Stabilization with full multi-objective optimization ;
emergence of sophisticated coordination
Variance Reduction : QMIX’s reward variance decreases from Var(R) = 145.2 at episode
1,000 to Var(R) = 12.8 at episode 5,000, while DQN maintains higher variance (Var(R) = 21.4
at convergence). Lower variance indicates more consistent policy performance across diverse

scenarios.

Convergence Rate Metric : Applying Equation 7.14, QMIX achieves C' < 0.01 (1%
episode-to-episode change) at episode 3,500, while DQN requires 4,200 episodes. This metric

confirms QMIX’s superior learning stability.

7.5.3 Emergent cooperative behaviors

Qualitative analysis of learned policies through trajectory visualization and action sequence
examination reveals several sophisticated multi-agent coordination strategies that emerge
from QMIX training :

Predictive positioning

Ambulances demonstrate anticipatory behavior, proactively moving toward areas with his-
torically high incident rates during peak hours (7-9 AM, 5-7 PM) rather than remaining
stationary at hospital bases. This emergent strategy reduces average initial dispatch distances

by approximately 1.2 km compared to static positioning.

Example : During morning rush hour, two ambulances position themselves near commercial
districts even without active incidents, anticipating the 45% higher call rate observed in
training data. When incidents occur, response time is reduced by an average of 2.3 minutes

compared to hospital-based dispatch.

Spatial coverage maintenance

The multi-agent system exhibits self-organizing behavior to maintain distributed coverage.
When one ambulance responds to an incident, others adjust positions to fill coverage gaps,

preventing spatial clustering that would leave zones underserved.
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Example : After ambulances A and B both respond to incidents in the northwest quadrant,
ambulance C (previously in central the location) proactively moves northwest to provide
coverage, while ambulance D shifts slightly north from its southern position. This dynamic
rebalancing occurs without explicit communication, emerging purely from the learned value

function.

Traffic-aware routing

Agents learn to avoid congested corridors even when they represent geometric shortest paths.
Analysis of 500 sample trajectories shows :
— In 68% of cases during rush hours, QMIX agents select routes with 15-20% longer
Euclidean distances
— These alternate routes exhibit 25-30% shorter actual travel times due to congestion
avoidance
— Learning captures complex temporal-spatial traffic patterns (e.g., eastbound congestion
during morning commute, westbound during evening, etc.).
This behavior explains why QMIX outperforms geometric heuristics in reward optimization
despite comparable average response times, the learned policy accounts for real-world factors

that distance calculations ignore.

Priority-based resource allocation

QMIX learns implicit triage strategies. When multiple incidents occur simultaneously, the
system demonstrates intelligent priority differentiation : critical incidents (Priority 1) receive
response from the nearest available ambulance 94.3% of the time, medium-priority incidents
may be temporarily deprioritized if critical calls arrive, and low-priority incidents are served
opportunistically during low-demand periods. This graduated response aligns with EMS best
practices, despite no explicit priority-based action selection in the algorithm—the behavior

emerges from the priority-weighted reward function.

7.5.4 Interpretation of results

Our experimental evaluation reveals both the strengths and current limitations of QMIX for
ambulance dispatch and routing. The results must be interpreted carefully within the context

of experimental design and the specific characteristics of multi-agent reinforcement learning.
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Why QMIX excels in reward optimization ?

QMIX’s dramatic reward improvement (98.9% over Euclidean, 99.9% over DQN) stems
from its fundamental design for multi-objective, cooperative optimization. Unlike geometric

heuristics that minimize only distance, or DQN that optimizes single-agent decisions, QMIX :

1. Learns joint value functions that capture inter-agent dependencies

2. Balances competing objectives (response time, priority, coverage) through the

composite reward

3. Discovers non-obvious coordination strategies that no single-agent or greedy

approach would find

4. Adapts to dynamic environments through continuous learning from experience

The reward function (Equation 2) encodes the true operational objective, not merely arrive
quickly but optimize system-wide emergency response considering priorities and resource
constraints. QMIX directly optimizes this objective, while baselines optimize proxies (distance)

or struggle with coordination (DQN).

The response time - coordination trade-off

The observation that geometric heuristics achieve slightly lower average response times
(5.00 vs. 6.23 min for QMIX) reflects a fundamental trade-off between local optimality and
global coordination. Geometric heuristics make greedy, instantaneous decisions : dispatch
the nearest ambulance. This minimizes individual response time but ignores whether that
ambulance is better positioned for anticipated future incidents, creating coverage gaps as
multiple ambulances cluster toward the same region. It fails to account for actual travel time

(traffic, road network) and cannot differentiate based on incident priority

QMIX makes coordinated, forward-looking decisions : dispatch the ambulance that maximizes
expected long-term system performance. This occasionally selects a slightly farther ambulance
when :

— Preserving spatial coverage prevents worse outcomes on subsequent incidents

— Traffic conditions make a geometrically farther ambulance temporally closer

— Priority considerations warrant allocating the nearest resource to anticipated critical

cases

The 1.23-minute average difference (6.23 vs. 5.00) represents the cost of coordination the small
immediate sacrifice that enables large cumulative benefits. Over a full episode with multiple

incidents, this cost is far outweighed by system-wide gains, as evidenced by the reward metric.
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Analogously, in logistics, "always ship from the nearest warehouse' minimizes individual order
times but leads to inventory imbalances and higher overall costs. QMIX learns the EMS

equivalent of optimal inventory management.

Coverage rate limitations

The low coverage rates (0.94% for QMIX, 4.30-5.54% for geometric heuristics) require contex-

tual interpretation. These values reflect :

Stringent threshold definition : Our coverage metric requires response a within a 2-
minute window of target thresholds. This conservative criterion was designed to stress-test
policy robustness, not to reflect realistic service-level agreements. Typical EMS standards use

8-minute (critical) or 15-minute (non-critical) targets, not 2-minute windows.

High variance scenarios : The standard deviations (4.33-6.31 minutes) indicate substantial
incident-to-incident variability driven by : random spatial distribution, traffic fluctuations,
and simultaneous multi-incident events. Even well-performing systems struggle with strict

consistency under these conditions.

Multi-objective optimization : QMIX explicitly trades off response time against other
objectives. Some incidents receive slightly slower service to enable better overall system

performance, reflected in low coverage but excellent reward.

DQN’s higher coverage (88.05%) comes at the cost of much worse average response time (64.31
min) and reward (-41,595.99), suggesting a conservative, risk-averse policy that achieves consis-
tency by avoiding complex coordination. This represents a different point in the performance

trade-off space, not necessarily a superior one.

Future improvement : The coverage limitation highlights an opportunity for reward shaping.
Adding an explicit variance penalty term or soft coverage constraint to Equation 2 could
encourage policies that balance mean performance with consistency, potentially achieving

both good average response time and higher coverage.

7.5.5 Limitations

This work has several limitations that warrant acknowledgment. First, the evaluation relies
on synthetic data with simplified models : traffic is represented via a gravity model and
time multipliers, omitting irregular events such as accidents or weather disruptions ; incident
generation uses a non-homogeneous Poisson process, which does not fully capture real

spatial-temporal clustering; and operational constraints such as hospital capacity, ambulance
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mechanical failures, and crew factors (fatigue, shift changes) are not considered. Second, the
current reward function does not sufficiently encourage consistent coverage, suggesting the
need for variance-penalized rewards or constrained RL methods like CVaR optimization to
maintain performance bounds. Third, scalability validation is limited to eight ambulances over
100 km?2, whereas metropolitan EMS systems often operate 50-100+ units across 500-1000
km?; hierarchical coordination and transformer-based architectures could enable scaling while
retaining decentralized execution. Finally, the neural network policies remain partially opaque,
limiting dispatcher trust and regulatory approval ; explainability techniques such as attention
visualization, counterfactual analysis, and policy distillation into interpretable decision trees

could help improve transparency.

Our results align with recent trends in multi-agent RL research where value decomposition
methods (VDN, QMIX, QTRAN) consistently outperform independent Q-learning on coordi-
nation benchmarks. Our EMS application confirms these benefits extend beyond game Al to
real-world systems. Similar to findings in warehouse robotics and autonomous driving, learned
coordination strategies outperform hand-crafted rules on multi-objective, dynamic problems,
despite occasionally suboptimal performance on individual simple metrics. Our 5,000-episode
requirement (125 GPU-hours) parallels other MARL applications. Offline RL and transfer

learning represent promising directions for reducing data requirements.

Based on this work, we recommend several key directions

7.6 Conclusion

This work presents a cooperative multi-agent reinforcement learning framework based on the
QMIX algorithm for ambulance dispatch and routing in smart cities. Through comprehensive
experiments on realistic urban scenarios with dynamic traffic conditions and stochastic
incident arrivals, we demonstrate that QMIX achieves substantial improvements in multi-
agent coordination, reward optimization, and learning efficiency compared to traditional
heuristic methods and single-agent reinforcement learning approaches. Our experimental

evaluation reveals three primary contributions.

First, we formulated the ambulance dispatch problem as a partially observable Markov decision
process (POMDP) with cooperative multi-agent coordination, enabling decentralized execution
while maintaining centralized training. This formulation naturally captures the distributed
nature of ambulance operations while leveraging system-wide information during learning.
The QMIX framework achieved an average response time of 6.23 minutes with superior reward

optimization (-49.28 per episode), representing 90.31% improvement over single-agent DQN
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and 98.9% improvement over geometric heuristics in the composite objective function that

balances response time, priority weighting, and coverage.

Second, we demonstrated that QMIX’s value decomposition approach, specifically its monoto-
nic mixing network with hypernetwork-generated weights enables effective cooperation among
ambulances without the non-stationarity issues inherent in independent Q-learning. The
framework learns sophisticated coordination strategies including predictive positioning toward
high-demand zones, spatial coverage maintenance preventing geographic service gaps, traffic-
aware routing that balances geometric distance with actual travel time, and priority-based
resource allocation emerging from reward function design. These emergent behaviors de-
monstrate that value decomposition methods discover complex multi-agent synergies through

end-to-end reinforcement learning.

Third, we provided a rigorous evaluation framework including curriculum learning to manage
complexity progression, hyperparameter sensitivity analysis establishing robust operating
ranges, ablation studies quantifying individual component contributions (mixing network :
36% improvement, curriculum : 46%, priority rewards : 18%), and robustness testing under
stress conditions (50% demand increase, 25% fleet reduction, unexpected road closures). This
comprehensive methodology establishes confidence in QMIX’s practical viability while clearly

identifying current limitations.

Future work will focus on real-world pilot deployments in collaboration with municipal EMS
providers, enabling validation of simulation results and refinement based on operational
feedback. We recommend several key directions for future research in EMS-focused reinforce-
ment learning. First, systematic reward engineering is needed to balance mean performance,
variance, and coverage, potentially through multi-objective Pareto optimization. Second,
real-data validation through partnerships with municipal EMS agencies would allow testing on
historical data and controlled pilot deployments. Third, hierarchical architectures extending
QMIX with two-level coordination could improve scalability while preserving interpretability.
Fourth, hybrid online learning strategies, combining offline pre-training on historical data
with conservative online fine-tuning can address distribution shifts safely. Fifth, integrating
forecasting by coupling QMIX with demand prediction models would enable proactive am-
bulance repositioning. Finally, formal verification and safety-critical RL methods should be

applied to provide performance guarantees for high-priority incidents.
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CHAPITRE 8 DISCUSSION GENERALE

Ce chapitre est consacré a la discussion de I’ensemble des travaux réalisés dans cette these.
Dans un premier temps, nous présentons les aspects méthodologiques qui nous ont orientée
vers 1’énoncé des objectifs de recherche et leur atteinte. Dans un second temps, nous procédons

a l'analyse des résultats obtenus.

8.1 Aspects méthodologiques

La thématique principale abordée dans cette theése est 'amélioration de la gestion des services
médicaux d'urgence (EMS) a 'aide de modeles d’apprentissage automatique. Pour aborder
cette problématique, une revue de la littérature approfondie a permis d’identifier trois axes
essentiels : la prévision des appels d’urgence, I'explicabilité des modeles de prédiction, et

'allocation dynamique des ressources (ambulances) avec routage optimal.

Au vu de ces axes, cette these a été structurée autour de quatre volets principaux. Le
premier volet traite de la prévision spatio-temporelle des appels d’urgence. Le deuxiéme
volet aborde l'interprétabilité et ’explicabilité des modeles de prévision. Le troisieme volet
s’'intéresse a l'utilisation de modeles d’apprentissage automatique interprétables pour améliorer
le triage médical d’urgence et l'aide a la décision clinique. Enfin, le quatrieme volet porte
sur 'optimisation dynamique de I’allocation et du routage des ambulances, formulée comme
un probleme de décision séquentielle et résolue a 1’aide de I’apprentissage par renforcement,

incluant des approches multi-agents.

La méthodologie adoptée dans chacun de ces volets suit une démarche rigoureuse en trois
étapes :
— Une revue critique de la littérature pour identifier les lacunes et les besoins spécifiques
du domaine ;
— La conception d’une solution basée sur des modeles d’apprentissage automatique ou
d’apprentissage par renforcement ;
— L’évaluation expérimentale rigoureuse des modeles proposés a ’aide de données réelles

ou simulées.

8.2 Analyse des résultats

Les résultats obtenus a travers les trois volets de cette thése contribuent a une amélioration

globale de la planification et de I'intervention des services médicaux d’urgence.
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Dans le premier volet, nous avons proposé un modele d’ensemble par empilement (stacking)
pour la prévision spatio-temporelle des appels d'urgence, tenant compte de facteurs tels que
I’heure, la localisation et les conditions climatiques. Les résultats démontrent une amélioration
significative des performances de prévision par rapport aux modeles classiques, permettant

une meilleure anticipation de la demande.

Le deuxiéme volet s’est concentré sur l'interprétabilité des prédictions des modeles. A cet
effet, plusieurs techniques telles que SHAP, BorutaShap, et LASSO ont été comparées pour
identifier les caractéristiques influentes. Ces analyses ont permis de rendre les modeles de
prévision plus transparents, facilitant leur adoption par les décideurs en santé publique et

augmentant la confiance dans les résultats.

Le troisieme volet s’est concentré sur I’'amélioration du triage médical d'urgence a I’aide de
modeles d’apprentissage automatique interprétables. Un classifieur d’ensemble basé sur une
stratégie de (soft voting) a été proposé afin de combiner les prédictions de plusieurs modeles
supervisés et d’améliorer la robustesse de 1’évaluation des niveaux de priorité. Cette approche
permet de mieux détecter les situations de sous-triage et de sur-triage a partir de données
cliniques et opérationnelles issues des centres de répartition d’urgence. L’interprétabilité des
décisions a été assurée a I'aide de méthodes d’explicabilité globale et locale, notamment SHAP,
permettant d’identifier les variables cliniques les plus influentes et de soutenir la prise de

décision des professionnels de santé.

Le quatrieme volet a permis de développer un environnement de simulation dans lequel des
modeles d’apprentissage par renforcement profond multi-agent (DQN, MADQN, QMIX) ont
été testés pour I'allocation dynamique et le routage des ambulances. En prenant en compte
des états complexes tels que la position des ambulances, la gravité des incidents, le trafic et la
distance vers les hopitaux, les modeles entrainés ont permis de réduire significativement le

temps de réponse global.

En conclusion, les quatre volets de cette these se completent et répondent aux objectifs de
recherche fixés. Chaque volet a donné lieu a un article scientifique, contribuant a ’avancement
des connaissances dans la prévision, I'explicabilité, la classification des priorités des appels et

I'optimisation des systemes de réponse aux urgences médicales.

8.3 Potentiel de valorisation et opportunités de marché pour une solution tech-

nologique

Au-dela de sa portée académique, cette recherche ouvre la voie au développement d’un proto-

type commercialisable destiné aux services d’urgence, aux municipalités et aux entreprises de
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technologies en santé. En intégrant des algorithmes d’apprentissage automatique interprétables
dans les processus de prévision des appels d’urgence, de triage intelligent et d’optimisation
du déploiement des ambulances, ce systeme peut devenir une solution clé pour améliorer la
réactivité des services préhospitaliers. Le marché cible inclut les centres de régulation médicale,
les gouvernements locaux a la recherche de solutions pour moderniser les infrastructures des
services médicaux d’urgence, ainsi que les start-ups ou entreprises établies dans la healthtech.
L’implémentation concrete de ces modeles dans un outil décisionnel intelligent, transparent et
adaptable aux contextes locaux représente une opportunité de transfert technologique a fort

impact, tant au niveau des pays industrialisés que des systémes de santé en développement.
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CHAPITRE 9 CONCLUSION

Ce chapitre présente un récapitulatif des travaux réalisés dans le cadre de cette these. Nous
rappelons d’abord les principales contributions, ensuite nous discutons les limitations de ces

travaux, avant de proposer quelques pistes pour des recherches futures.

9.1 Syntheése des travaux

En somme, cette these apporte une contribution intégrée et novatrice a la modernisation
des services médicaux d’'urgence. Elle articule quatre volets complémentaires : la prévision
de la demande, I'explicabilité des modeles, le triage interprétable des appels d'urgence et
I'optimisation de I’allocation/routage. Cette combinaison permet de passer d’une logique

descriptive et réactive a une approche prédictive, explicable et proactive.

Sur le plan scientifique, les travaux enrichissent la littérature en proposant des méthodes
d’ensemble robustes pour la prévision, des cadres systématiques d’explicabilité appliqués
au EMS, et une application originale de I'apprentissage par renforcement multi-agent a
I’allocation urbaine. Sur le plan sociétal, ils ouvrent la voie a des services plus équitables,
transparents et performants, capables de réduire les délais d’intervention et de mieux répondre

aux besoins des populations, y compris dans des contextes contraints.

9.2 Contributions de la thése

L’objectif principal de cette these est d’améliorer la gestion des services médicaux d’urgence
(EMS) a travers des modeles d’intelligence artificielle. Plus spécifiquement, nos travaux portent
sur la prédiction de la demande des ambulances, I'interprétabilité des modeles de prévision, le
triage des appels d'urgence, ’allocation dynamique et le routage des ambulances a 'aide de

I’apprentissage automatique. Les contributions majeures peuvent étre résumées comme suit :

— Prévision des appels d’urgence : Nous avons proposé un modele d’ensemble par
empilement (stacking ensemble) pour la prédiction spatio-temporelle des appels EMS,
combinant plusieurs algorithmes d’apprentissage supervisé. L’approche a démontré
de meilleures performances par rapport aux modeles de base, tout en intégrant des
caractéristiques temporelles, géographiques et météorologiques.

— Explicabilité des modéeles de prévision : Nous avons congu un cadre méthodo-
logique pour améliorer 1'explicabilité des prédictions. En combinant des techniques

comme SHAP, BorutaShap et LASSO, nous avons mis en évidence les facteurs les plus
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déterminants dans la prédiction des appels d'urgence. Ce travail contribue a renforcer
la confiance des experts métier dans les systemes d’aide a la décision.

— Triage médical des appels d’urgence : Nous avons développé un modele de
classification interprétable basé sur un ensemble & vote souple (soft voting), combiné &
des techniques d’explicabilité comme SHAP. Ce modele vise a améliorer la priorisation
des appels, réduire les erreurs de sous-triage et de sur-triage, et fournir aux régulateurs
des justifications claires et auditables de chaque décision.

— Allocation et routage avec apprentissage par renforcement : Nous avons
développé un environnement multi-agent simulant un territoire urbain, dans lequel
les ambulances sont controlées par des agents intelligents formés par des algorithmes
comme DQN, MADQN et QMIX. Ce cadre permet une allocation dynamique et un
routage optimisé, en prenant en compte les priorités des incidents, les temps de trajet

et I’état du réseau routier.

9.3 Limitations des travaux réalisés

Malgré les avancées proposées, certains aspects de cette recherche présentent des limites :

— Le modele de prévision, bien qu’efficace, reste sensible a la qualité des données d’entrée,
notamment en présence de données manquantes ou déséquilibrées.

— L’analyse de I'explicabilité repose sur des méthodes qui peuvent étre cotiteuses en
calculs pour les grands jeux de données, et certaines dépendances causales peuvent
étre difficiles a interpréter automatiquement.

— Le modele de triage, bien qu’interprétable, a été évalué principalement sur des bases de
données historiques. Des validations prospectives et multicentriques seraient nécessaires
pour confirmer sa robustesse et son impact réel sur les décisions de régulation.

— L’environnement de simulation pour I’allocation des ambulances reste simplifié par
rapport a la complexité des systemes réels. L’intégration de données en temps réel,
telles que le trafic routier dynamique ou la disponibilité des hdpitaux, n’a pas encore
été completement automatisée.

— Les modeles d’apprentissage par renforcement utilisés nécessitent un temps de conver-

gence important et peuvent souffrir d’instabilité lors de I’entrainement multi-agent.

9.4 Travaux futurs

Les travaux de cette these ouvrent plusieurs pistes de recherche prometteuses :

— Intégrer des données en temps réel pour améliorer la robustesse des modeles de prévision
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et I'adaptabilité des stratégies de déploiement des ambulances.

Etendre Panalyse d’explicabilité en y incorporant des techniques de causalité pour
mieux comprendre les relations entre les variables contextuelles et les appels d'urgence.
Déployer et tester le modele de triage interprétable dans des environnements réels de
régulation médicale, afin d’évaluer non seulement sa performance statistique, mais
aussi son impact clinique (temps de réponse, sécurité des patients) et organisationnel
(équité de la répartition des ressources).

Collaborer avec les autorités EMS afin de valider I'approche proposée sur des cas
d’usage réels, notamment en menant des expérimentations sur le terrain.

Explorer des méthodes avancées de coordination inter-agents, notamment via le MARL
centralisé avec politique partagée, afin de rendre les décisions plus efficaces dans des
environnements plus complexes et incertains.

Envisager I'extension du systeme a d’autres types de services d’intervention d’urgence,

comme les pompiers ou la police.
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