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Introduction et revue de la littérature

1. Santé et qualité de vie des travailleurs

« La santé est un état de complet bien-étre physique, mental et social, et ne consiste pas
seulement en une absence de maladie ou d’infirmité ». Cette définition, inscrite dans le
Préambule de la Constitution par I’Organisation mondiale de la sante (OMS) pour la toute
premiére fois en 1946 [1], et toujours présente a ce jour, met en exergue I aspect
multidimensionnel de la santé. Selon I’OMS, un individu en parfait état de santé physique mais
dont I’état de bien-étre mental et/ou social est altéré n’est pas en bonne santé. Cette définition
de la santé a exercé une influence majeure sur la maniere dont la santé est comprise et abordée
dans le monde entier. Elle met en avant le besoin d’approcher la santé dans son ensemble, en
considérant simultanément le bien-étre physique, mental et social des patients. En outre, cette
définition explique que la santé d’un individu ne se limite pas a I’absence d’un mal-étre a un
moment donné, mais se définit un état dynamique, susceptible d’évoluer dans le temps, au gres
de I’environnement dans lequel I’individu évolue. Cela souligne I’importance de suivre
I’évolution de la santé des patients au fil du temps afin de mieux comprendre leur état de santé
a chaque temps et de leur fournir des soins adaptés et efficients. Parmi les trois axes qui
définissent la santé humaine, le bien-étre social d’un individu se caractérise par un état de
satisfaction, de prospérité, et de qualité de vie au sein d’une société. En fait, le bien-étre social,
ou plus largement le bien-étre psychosocial [2], se rapproche de la notion de qualité de vie [3].
Le concept de qualité de vie, popularisé au cours du siecle dernier, élargit la definition de la
sante pour y inclure des aspects de la vie qui, en géneéral, ne sont pas intuitivement associés a
la santé, bien qu’ils soient reconnus comme pouvant I’altérer [4]. Comme pour la santé, la
notion de qualité de vie fait écho au bien-étre physique, mental et social des individus. En outre,
elle intégre des indicateurs objectifs et subjectifs, des valeurs individuelles et un large panel de

domaines de la vie telles des dimensions psychologiques, culturelles et environnementales qui
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contribuent a la perception globale du bien-étre. En milieu professionnel, la qualité de vie au
travail (QVT) désigne un concept qui englobe les conditions dans lesquelles les employés
exercent leur travail et leur impact sur leur bien-étre physique, mental et social, autrement dit
leur qualité de vie [5]. Les deux objectifs majeurs de la QVT sont (1) d’améliorer la qualité de
I’expérience du travailleur et (2) de garantir la productivité et le bien-étre des organisations [6].
Veiller a ce que les travailleurs jouissent d’un haut niveau de QVT entraine de nombreux
avantages, notamment une plus grande implication et participation au travail, ainsi qu’une
satisfaction professionnelle accrue [7]. Parallelement, cela contribue a atténuer les effets
néfastes sur leur bien-étre et celui de I’entreprise, tels les risques d’absentéisme et de turnover
[7]. En résumé, I’objectif principal d’une démarche de QVT consiste a instaurer un milieu de
travail ou les collaborateurs se sentent appréciés, respectés, épanouis et motivés, tout en
préservant un équilibre harmonieux entre leurs obligations professionnelles et leur vie
personnelle. La QVT englobe de nombreux facteurs tels que le stress, la satisfaction au travail,
I’autonomie, le sens du travail, le soutien social, la justice et I’équité, I’anxiété, le bonheur, les
perspectives professionnelles, la charge de travail, 1’équilibre entre vie professionnelle et vie
personnelle, la reconnaissance, I’environnement de travail, la culture et le climat de
I’organisation, ou encore les relations sociales [8-13]. Les institutions se sont saisies de cette
question, a I’image du rapport Gollac qui recense différents facteurs d’origine psychosociale a
risque pour la santé des travailleurs [14]. Des approches telles que 1’échelle de bien-étre
psychosocial de Ryff [15], le Copenhagen Psychosocial Questionnaire [16], et 1’échelle de
stress percu [17] existent déja pour évaluer la qualité de vie des travailleurs. Portant, il demeure
pertinent de développer de nouvelles méthodes d’évaluation se concentrant davantage sur les
caractéristiques propres au milieu professionnel, le tout dans des approches holistiques, tenant
compte des relations qui existent entre les différents facteurs. Cela devrait permettre de mieux
appréhender les liens entre facteurs de risque et QVT, mais aussi les conséquences de

I’amélioration ou de la dégradation de la santé des travailleurs sur le bien-étre des organisations.
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La plupart des recherches portant sur la QVT adoptant une approche transversale, basculer vers

des études longitudinales fournirait un niveau de preuve accru.

2. Risques et facteurs psychosociaux en milieu professionnel

2.1. Origines, enjeux pour les entreprises et exemples de risque

Les risques psychosociaux (RPS) désignent toute situation, condition ou élément inhérent au
milieu professionnel pouvant influencer la santé mentale, le bien-étre psychologique ou le
comportement d’un individu, donc sa QVT. Contrairement aux risques chimiques, biologiques,
ou physiques, qui sont généralement liés a des contextes spécifiques de I’environnement de
travail, les RPS peuvent émerger dans n’importe quel lieu de travail et dans toute sorte de
situation [18]. Par exemple, dans une entreprise, le stockage de produits chimiques peut
représenter un risque pour les travailleurs qui operent a proximité des zones de stockage, mais
ne concerne pas nécessairement les autres employés de I’entreprise. En revanche, des RPS tels
que la surcharge de travail ou les interruptions fréquentes peuvent affecter tous les travailleurs
quel que soit leur activité, leur statut socio-professionnel ou leur environnement de travail. 1l
n’existe pas de consensus clair concernant la classification des RPS. Des risques comme le
stress [19] ou I’insatisfaction au travail [20], en raison de leur potentiel effet néfaste sur la
qualité de vie des travailleurs, peuvent étre considérés comme faisant partie des RPS.

Le stress professionnel, ou stress lié au travail, désigne la pression physique, émotionnelle ou
mentale que les individus ressentent dans leur milieu professionnel. 1l se manifeste lorsque les
individus sont soumis a des demandes et des contraintes au travail qui excedent leurs
compétences et leurs ressources, les mettant ainsi a I’épreuve quant a leur capacité a y faire face
[21]. La gestion du stress représente un defi crucial pour les entreprises, influencant directement
la performance des employés et 1’efficacité organisationnelle [22]. En plus de ses effets
délétéres sur le bien-étre physique et mental des individus [23], notamment sur le risque
cardiovasculaire [24,22,25], le stress professionnel peut induire une baisse de productivité [26],

et une augmentation du risque d’absentéisme [27] et de turnover [28]. La littérature fait état de
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deux types de stress : 1’eustress, qui est positif, et la détresse, qui est négative, ayant chacun des
origines et des implications variées. Le « stress positif », ou eustress, peut aider les individus a
faire face aux sources de stress et a s’adapter a leur environnement, la ou la détresse, quant a
elle, peut profondément impacter la santé des individus [29]. Si I’eustress semble étre un facteur
la croissance, la détresse tend a entraver le progrés [30]. Divers outils existent pour évaluer le
stress professionnel, tels des questionnaires [31] ou des échelles visuelles analogiques [32]. Ces
évaluations, toutefois, reposent sur des mesures auto-déclarées et donc subjectives du stress, les
rendant sujettes a des biais dans la maniére dont les individus percoivent et ressentent le stress.
Parmi les dimensions les plus étudiées en lien avec le stress, et reconnu comme le résultat positif
d’une politique de gestion des RPS en milieu professionnel, la satisfaction au travail, ou a
I’opposée I’insatisfaction au travail, « peut étre définie comme I’évaluation de I’appréciation
ou de la non-appréciation du travail par les individus » [33]. La satisfaction au travail résulte
de I’appréciation personnelle et subjective qu’un individu fait de I’équilibre entre ses attentes
professionnelles et ce que son emploi lui offre comme opportunités d’épanouissement [34].
C’est un marqueur primordial de la santé au travail, de plus en plus employ¢ pour évaluer divers
aspects professionnels, ce qui en fait un indicateur crucial a 1’échelle mondiale dans de
nombreux milieux professionnels [20]. La littérature fait état d’un effet bénéfique de la
satisfaction au travail sur le bien-étre et la santé des travailleurs [35] ou leur productivité [36].
En revanche, I’insatisfaction au travail peut entrainer un accroissement du niveau de stress chez
les travailleurs [37], une augmentation de I’absentéisme [38,39] ou du risque de turnover [40].
A ce jour, il n’existe que peu d’outils d’évaluation de la satisfaction au travail des employés,
hormis le Minnesota (Job) Satisfaction Questionnaire. Congu pour obtenir des données précises
sur les éléments du travail que les individus trouvent gratifiants, il fournit ainsi une perspective
plus approfondie que les évaluations générales de la satisfaction professionnelle [41]. Etant

donné que la satisfaction au travail est une évaluation subjective, 1’utilisation d'une échelle
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visuelle analogique pourrait fournir une mesure pertinente de ce ressenti, bien que
potentiellement biaisée.

Les RPS sont associés a des facteurs psychologiques et sociaux, aussi appelés facteurs de RPS
ou facteurs psychosociaux, et peuvent contribuer au développement de problémes de santé chez
les individus. La gestion des RPS en milieu professionnel revét une importance cruciale pour
prévenir des troubles de santé mentale chez les travailleurs et encourager un environnement de
travail sain [42]. Un lieu de travail qui prend en compte les aspects psychosociaux peut
contribuer a accroitre la satisfaction des employés, a stimuler leur productivité et a les maintenir
engages [23]. La charge de la lutte contre les RPS revient a I’employeur qui doit mettre en place
des politiques, des initiatives et des pratiques destinées a réduire 1’exposition des salariés a ces
risques, a promouvoir la santé mentale et a apporter un soutien approprié aux employés en cas
de besoin. Cependant, il demeure essentiel pour les employeurs d’établir si certains groupes de
travailleurs sont potentiellement plus vulnérables sur le plan psychosocial que d’autres, en
particulier en examinant si le profil sociodémographique des travailleurs peut influencer leur
exposition aux RPS et I’impact des facteurs psychosociaux. Cette démarche leur permettrait
d’adresser spécifiqguement les besoins de chaque groupe et de mettre en place des mesures

préventives adaptées en conséquence.

2.2. Les principaux facteurs de risques psychosociaux
Plusieurs approches existent pour évaluer les facteurs psychosociaux présents dans
I’environnement de travail et analyser leur impact sur la santé des travailleurs. Deux approches,
les modeles de Karasek et de Siegrist, figurent parmi les plus couramment utilisées. Ces
modeles font appel a différents facteurs psychosociaux pour évaluer les RPS sur le lieu de
travail. Le modele de Karasek permet d’identifier les situations de travail a risque pour les
travailleurs en se basant sur les trois dimensions psychosociales que sont la demande
psychologique, la latitude décisionnelle et le soutien social au travail. Il explique ainsi qu’un

travailleur en situation de forte demande psychologique et de faible latitude décisionnelle se
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trouve dans une situation de tension au travail, aussi appelée job strain [43,44]. Si en plus d’étre
en situation de job strain, le travailleur percoit un faible soutien social, il se trouve dans une
situation d’isostrain [45]. Comme le modele de Karasek, le modele « déséquilibre effort /
récompense » de Siegrist permet de détecter et d’identifier les travailleurs en situation de job
strain, mais se base sur d’autres facteurs du travail [46-48]. Le modéle est né du constat qu’un
désequilibre entre les efforts demandés a un travailleur dans I’exercice de son activité et les
récompenses qu’il percoit en retour peut engendrer une altération de son état émotionnel et
physiologique. Ces deux modeles, bien que différents dans leur approche, ont contribué a offrir
une meilleure compréhension des facteurs psychosociaux au travail et de leur impact sur la
santé des travailleurs. 1ls ont été utilisés dans de nombreuses études de recherche et ont exercé
une influence majeure dans les pratiques de gestion des ressources humaines visant a améliorer
les conditions de travail et le bien-étre des travailleurs. Ces modéles ont également permis de
mettre en évidence les populations de travailleurs les plus a risques de stress selon les
caractéristiques personnelles (age, sexe, ...), le secteur d’activité, ou encore la catégorie socio-
professionnelle (cadre, employé, ...) [49]. Aussi efficaces qu’ils soient pour évaluer les facteurs
psychosociaux sur le lieu de travail, les modéles de Karasek et de Siegrist ne couvrent cependant
gu’une infime partie de I’ensemble des facteurs de risques. Méme si la littérature sur le sujet
est vaste, il reste ambitieux de prétendre pouvoir énumérer tous les facteurs de RPS. Parmi les
classes de facteurs psychosociaux souvent décrites dans la littérature, on trouve les facteurs liés
aux comportements offensifs sur le lieu de travail, aux exigences du travail, a I’interface « vie
privée — vie travail », a la justice et au respect, a I’organisation et au contenu du travail, aux
relations sociales et au leadership, a la santé et au bien-étre, et aux valeurs professionnelles [50—
52]. L’évolution rapide du monde du travail et les changements engendrés dans nos modes et
conditions de travail nous encouragent a penser que de nouveaux risques restent encore a
identifier et que cette classification peut encore évoluer dans les décennies a venir [53]. Par

ailleurs, a I’'image des modeles de Karasek et de Siegriest, il est tout a fait plausible que les
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travailleurs soient exposes a des RPS en raison de I’interaction, tant simultanée que différée, de
multiples facteurs de risque. Il reste donc plus que pertinent d’analyser comment ces différents

facteurs interagissent et impactent les travailleurs, a court, moyen et long terme.

2.3. Les conséquences sanitaires et économiques des risques psychosociaux
Les conséquences associees aux facteurs psychosociaux sur le bien-étre des travailleurs et des
organisations font I’objet d’une étude approfondie depuis de nombreuses années dans le
domaine de la recherche scientifique. On sait par exemple que I’exposition prolongée des
travailleurs a une situation de travail exigeante sur le plan émotionnel peut se traduire dans des
comportements stressants ou violents [54]. Par effet domino, ces comportements peuvent avoir
des répercutions tant sur la santé mentale que sur la santé physique des travailleurs [55], voir
leur étre fatals [56]. Sur le plan psychigue, les RPS sont associés a un risque accru de troubles
mentaux tels dépression et anxiété [57,58]. Les comportements violents sur le lieu de travail
peuvent représenter des éveénements traumatisants pour les travailleurs et les mener a
développer des troubles du stress post-traumatique [59]. Les travailleurs soumis a des
conditions psychosociales exigeantes peuvent subir un épuisement professionnel plus important
les menant au burnout [60]. Sur le plan physique, les RPS sont associés a un risque accru de
troubles musculosquelettiques [61,62]. Les RPS sont également associés a d’autres
comportements néfastes pour leur santé des travailleurs comme le tabagisme ou I’absence
d’activité physique [63]. Le stress est connu pour étre facteur de risque de maladie
cardiovasculaire [64,65] et d’obésité [63,66], voire de mortalité [67,68]. Enfin, les travailleurs
confrontés a des RPS sont susceptibles de connaitre une baisse de productivité, une perte
d’engagement au travail, une augmentation de comportements absentéistes ou un risque accru

de turnover [69-71] (Figure 1).
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Individu Entreprise

Bien-étre
physique

Absentéisme

Risques Santé / - Baisse de
psychosociaux Qualité de vie productivité
Turnover

Bien-étre
social

Figure 1. Facteurs et risques psychosociaux, conséquences sanitaires et economiques

L absentéisme sur le lieu de travail se définit par « I’absence d’une personne a un endroit et a
un moment donnés, alors qu’il y a une attente sociale a ce qu’elle s’y trouve » [72]. En d’autres
termes, I’absentéisme désigne I’absence imprévue d’un travailleur a son poste de travail.
L absentéisme regroupe, de maniére non-exhaustive, les arréts pour cause de maladie, les arréts
a la suite d’un accident de travail ou d’une maladie professionnelle, ou toute absence non
justifiée par le salarié. Par définition, les absences imprévues s’opposent aux absences prévues
comme les congés payés, les réductions du temps de travail, les jours de formation ou les jours
de repos. Le phénomeéne de I’absentéisme est un enjeu majeur pour les entreprises tant les
risques pour la santé des salariés et pour la perte de productivité globale sont conséquents
[73,74]. Les colts engendrés par I’absentéisme n’incombent pas seulement aux entreprises mais
aussi aux salariés [75]. Pour lutter contre I’absentéisme et promouvoir le bien-étre des
employés, les entreprises disposent de nombreux leviers. Cela comprend la mise en place de
programmes de prévention, de politiques de congés maladie ou de programmes de bien-étre des
employés. La prévention, par exemple, est particuliérement efficace pour lutter contre les RPS
[23,76]. Les employeurs disposent de différents moyens pour évaluer I’efficacité de stratégies
de prévention qu’ils mettent en place. L’évaluation des RPS, la captation des ressentis et des

remarques et suggestions des employés, le suivi des indicateurs clés, I’évaluation du processus
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et des résultats de leurs interventions, et la conduite de recherches sur des méthodologies
efficaces sont autant d’outils a disposition des employeurs. Ces mesures aident les employeurs
a évaluer le succes de leurs efforts en matiére de gestion des RPS sur le lieu de travail. De plus,
I’implication conjointe des salariés et des employeurs garantie une évaluation plus efficace des

RPS sur le lieu de travail [23,77].

3. La médecine 4P au service de la santé au travail

La médecine 4P, pour prédictive, préventive, personnalisée et participative, est une forme de
médecine théorisée au début des années 2000 qui vise a appréhender la santé des individus par
une approche holistique [78-81]. Ses objectifs sont la quantification du bien-étre, la
démystification de la maladie, et la diminution des co(ts des soins en santé [79,82]. Cette forme
de médecine s’appuie sur I’approche systémique de la maladie, sur les technologies émergentes
et sur les outils d’analyse statistique pour garantir le bien-étre des individus. La médecine 4P
repose sur trois piliers : (1) la capacité croissante de la médecine systémique a comprendre la
complexité des maladies, (2) les avancées en termes de collecte, de stockage, d’analyse et de
partage de données, et (3) I’attention croissante portée par les individus a leur santé, faisant
d’eux non plus seulement les simples bénéficiaires mais les acteurs de I’amélioration de leur
propre état de santé [81]. Les implications de médecine 4P sont multiples et se traduisent
notamment dans le développement de nouveaux systémes et de nouvelles technologies, si bien
qu’on peut considérer qu’elle participe activement a la digitalisation de la médecine [79-81].

De toutes les disciplines couvertes par la médecine, la médecine du travail est celle qui a su le
mieux s’emparer des concepts de la médecine 4P pour faire évoluer son approche et améliorer
I’efficacité et la qualité des soins prodigués aux travailleurs [83]. Une approche possible contre
les RPS en milieu professionnel et fidéle aux principes de la médecine 4P consiste en (1)
I’identification des situations a risques, (2) la mise en débat entre tous les salariés d’une
évolution dans le fonctionnement organisationnel de I’entreprise, et dans (3) I’accompagnement

de cette démarche. Encourager les salariés a participer a la résolution des probléemes auxquels
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ils font face peut étre un atout pour traiter les RPS. Plus précisément, tenir compte du vécu et
des experiences des travailleurs constitue un moyen efficace pour accroitre leur engagement,

ce qui facilite la mise en ceuvre d’interventions sur leur lieu de travail [42].

4. Wittyfit : un outil de mesure de la qualité de vie au travalil

Wittyfit est une plateforme collaborative de ressources humaines éditée par I’entreprise Cegid
en partenariat public-privé avec le CHU de Clermont-Ferrand [84]. A destination des
entreprises, le logiciel permet de comprendre de maniere holistique les problémes rencontrés
par les travailleurs. Wittyfit propose diverses fonctionnalités pour évaluer, surveiller et
promouvoir le bien-étre des travailleurs, tout en facilitant la communication et la collaboration
au sein de I’entreprise. L’ambition de Wittyfit est de garantir et d’améliorer la santé des
travailleurs et la productivité des entreprises, ainsi que de mesurer et prévenir les RPS sur le
lieu de travail. La plateforme permet a ses utilisateurs, sur une base volontaire et anonyme,
quand et autant de fois qu’ils le souhaitent, d’évaluer leur ressenti dans diverses thématiques
liées a la santé et au bien-étre au travail au moyen de questionnaires et de sondages. La
plateforme utilise I’échelle visuelle analogique comme principal outil de mesure, ce qui permet
de capter la perception subjective des individus [85]. L’adoption des échelles visuelles
analogiques, bien que beaucoup restent a valider, découle principalement de leur complétion
rapide en comparaison avec les questionnaires traditionnels, rendant ainsi le processus
d’évaluation plus efficace et rapide. A I’issue de son évaluation, chaque utilisateur de la
plateforme bénéficie d’un retour personnalisé de son bien-étre actuel et de I’évolution de ces
indicateurs au cours du temps, et a la possibilité de contribuer a I’amélioration de son bien-étre
en suggeérant, émettant, ou mettant en avant des idées d’actions pouvant étre mises en place par
son entreprise. Dans le méme temps, les employeurs et managers regoivent un bilan anonymisé
de I’état de santé de leurs équipes et peuvent mettre en place des actions, suggérées par les
employés ou non, ciblant une ou plusieurs thématiques afin d’améliorer la QVT de leurs

salariés. A I’issue de la mise en place d’une action, les travailleurs ciblés par I’action sont invités
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al’evaluer, ce qui permet aux employeurs de mesurer son efficacité. Cette démarche continuelle
permet d’adresser un a un les problémes rencontrés par les travailleurs et de répondre a leurs
besoins afin d’améliorer leur bien-étre de maniéere progressive et cohérente. Des captures
d’écran issues des différents modules de la plateforme sont présentées en Annexe A.

Par sa démarche d’amélioration continue et validée scientifiqguement, le plateforme Wittyfit
apparait comme une application directe de la médecine 4P. En encourageant la participation
active et volontaire des travailleurs a I’évaluation de leur propre état de santé et en leur
fournissant un retour personnalisé, elle s’inscrit dans les composantes participative et
personnalisée de la médecine 4P. En mettant en avant aux employeurs et aux managers leurs
équipes en difficulté, les points forts et les axes d’amélioration, Wittyfit se positionne comme
un outil de prévention efficace contre les RPS. Comme elle permet de suivre I’évolution du
ressenti des travailleurs dans le temps, I’ambition de la plateforme est de prédire et d’anticiper
I’évolution future de la QVT des travailleurs afin de les maintenir dans un état de bien-étre
psychosocial. Par sa volonté de mesurer le bien-étre des travailleurs, d’identifier les facteurs a
risque pour leur santé et de les prévenir de ces risques, ce qui par conséquent participe a
diminuer les colts de soins en santé, les objectifs de Wittyfit sont en effet pleinement alignés
avec ceux de la médecine 4P. Analyser les données de Wittyfit pourrait consolider I’importance
de la médecine 4P en fournissant une vue approfondie sur les liens entre les facteurs
psychosociaux, les RPS et la santé des travailleurs, ainsi qu’en facilitant I’élaboration de

stratégies de prévention plus efficaces et plus adaptées.

5. L’analyse des données de santé au travail

La base de données de Wittyfit est une base de données cliniques conséquente, dont I’analyse
peut nourrir la connaissance autour de la QVT. Par exemple, elle pourrait aider a identifier les
RPS auxquels les travailleurs sont confrontes et leurs facteurs. Toutefois, analyser les données
d’une base comme la base Wittyfit n’est pas sans défi et nécessite de bien appréhender des

concepts spécifiques a I’analyse de données de santé au travail.
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5.1. Données du monde réel et donnees de santé au travail : définitions et concepts
L’emergence des nouvelles technologies numériques a révolutionné de nombreux secteurs, y
compris celui de la santé au travail. Ces avancées ont permis une transformation majeure dans
la prestation des soins de santé, la collection et la gestion des données médicales, la surveillance
des patients et la promotion du bien-étre. La démocratisation de ces technologies, combinée a
la capacité de collecter des quantités massives de données individuelles, a favorise I’émergence
de nouvelles approches de santé plus préventives et personnalisées, contribuant a une
amélioration significative des soins fournis aux individus. Par exemple, les smartphones et
applications connectées permettent un suivi constant des utilisateurs et peuvent leur suggérer
des programmes et des interventions personnalisées [86,87]. L’accessibilité généralisee
d’Internet a permis la création et la mise en ceuvre d’initiatives de promotion de la santé sur le
lieu de travail adaptées a chaque individu [88]. De telles données, collectées en dehors de cadres
non-conventionnels, sont appelées données du monde réel [89]. Les données du monde réel
jouent un réle significatif dans la constitution des bases de données qui alimentent ce qu’on
désigne comme les Big Data en matiere de soins de santé [90]. Parce que ces bases de données
sont congues principalement pour collecter de la donnée sur le long-terme dans le but de suivre
les changements qui peuvent s’opérer dans une population donnée, les données du monde réel
présentent en général une nature longitudinale [91]. Les Big Data peuvent étre considérées
comme I’infrastructure fondamentale de la conduite des études de preuves du monde réel [92].
Souvent opposées aux essais cliniques randomisés menés dans un environnement clinique
contr6lé et réglementé [93], les études de preuves du monde réel sont aussi vues comme leur
complément. En adressant nombre de limitations, par exemple la taille de la population d’étude
qui est souvent restreinte [92], les études de preuves du monde réel jouent un role déterminant
dans I’aide a la prise de décision.

On qualifie de donnée de santé au travail toute donnée a caractére personnel relative a la santé

d’un individu, révélant des informations sur son état de santé. Elles englobent un large éventail
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de facteurs autour des trois aspects de la santé (physique, mentale, sociale). Ces informations
peuvent étre extraites de diverses origines, incluant les dossiers médicaux des travailleurs, les
enquétes menees sur le lieu de travail, les dispositifs portables, ainsi que les systéemes de
surveillance environnementale. En d’autres termes, les données de santé au travail constituent
une sous-famille des données du monde reéel, et partagent donc des caractéristiqgues communes
comme leur aspect longitudinale. L’analyse de ces données revét une importance capitale et
trouve de nombreuses applications. Cela peut aider tant, de maniére non-exhaustive, a évaluer
le bien-étre des travailleurs [94], a identifier et évaluer les risques qu’ils encourent [95], a
étudier des événements spécifiques au milieu professionnel tels que les accidents du travail et
les maladies professionnelles et en identifier les causes [96], a évaluer les effets a long-terme
des interventions conduites sur le lieu de travail [97], qu’a effectuer un suivi des patients atteints

de maladie [98].

5.2. Les enjeux méthodologiques de I’analyse de données de santé au travail
Bien que les données de santé au travail soient riches et variées en termes d’informations, leur
nature les rend complexes a analyser et exige une compréhension approfondie des concepts
spécifiques inhérents a ce type de données. L’analyse de données de santé au travail se heurte
a trois principaux défis : (1) la gestion des données en clusters (ou données corrélées en
grappes), (2) le traitement des données manquantes, et (3) I’analyse de données longitudinales
elle-méme qui est soumise a de nombreuses problématiques, par exemple la non-stabilité ou la
non-stationnarité des données, ou encore I’attrition. La principale difficulté a laquelle font face
les chercheurs lorsgqu’ils souhaitent analyser des données de santé au travail réside dans le
chevauchement de ces trois problématiques bien souvent liées entre elles (Figure 2). Par
exemple, la plupart des modeles pour données longitudinales ne peuvent étre appliqués que sur
des jeux de données complets, c’est-a-dire ne contenant aucune donnée manquante [99]. De
méme, en présence de données corrélées au cluster, une méthode d’imputation globale nécessite

d’étre menée dans chaque cluster de maniére indépendante pour étre efficace [100]. L analyse
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des données de santé au travail nécessite donc de traiter chacune des trois problématiques

simultanément afin de garantir la fiabilité des résultats obtenus.

Données en
clusters

Données Données
manquantes longitudinales

Figure 2. Enjeux méthodologiques de I’analyse de données de santé au travail

5.2.1. Modélisation des données longitudinales
Contrairement a une étude transversale qui se situe a un moment déterminé dans le temps, une
étude longitudinale permet d’étudier les changements d’un panel de variables et d’individus
dans le temps. Ce type d’étude statistique est employé dans une variété de domaines, allant de
la médecine a I’économie, en passant par I’épidémiologie ou les sciences sociales. Par exemple,
en médecine, des études longitudinales sont fréguemment menées pour observer I’influence de
facteurs dans le développement d’une maladie ou pour mesurer I’efficacité de traitements a
long terme. Une étude longitudinale repose sur I’analyse de données répétées, c’est-a-dire des
données recueillies a plusieurs moments dans le temps pour chaque individu. Si elles présentent
de nombreux avantages, les études longitudinales font face a de nombreux défis qu’il convient
aux chercheurs d’appréhender afin de garantir la fiabilité de leurs résultats. La conduite d’études
longitudinales exige un suivi des participants sur une durée prolongée, une tache qui s’avere

bien souvent délicate. La perte de suivi ou I’abandon des participants constituent une perte
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d’information et une absence de donnée qui peut affecter les résultats de I’étude [101]. La
sélection des moments opportuns pour la collecte de données ainsi que le choix du nombre
optimal de mesures peuvent également s’avérer challengeant pour les chercheurs [102]. Les
chercheurs doivent également avoir recours a des modeles plus spécifiques afin de mesurer de
maniere simultanée mais séparée les effets de cohorte d’un c6té et les effets du temps de I’autre
[103]. Sélectionner le modele approprié peut étre une tache complexe, en particulier pour les

chercheurs qui ne sont pas familiers avec ces techniques [102].

5.2.2. Données correélées en grappes et effets cluster
En analyse de données, un cluster désigne « un ensemble d’observations sur différentes unités
[...] partageant certaines caractéristigues communes » [104]. Plus simplement, un cluster
désigne un sous-groupe naturel d’individus dont les données intrinséques présentent des
similarités. La présence de clusters dans une population induit une hiérarchisation de la
structure des données a deux niveaux ou plus et ou chaque individu, en plus d’étre affilié a un
cluster, se situe a un niveau spécifique de la structure [105]. Si les données des individus d’un
méme cluster sont fortement corrélées, les données des individus appartenant a des clusters
différents sont indépendantes et donc décorrélés. Par exemple, les travailleurs d’une entreprise
répartis au sein de différents pOles peuvent étre classés selon une structure hiérarchique
(Figure 3). Dans cette population, on peut imaginer que les travailleurs d’un méme pole
présentent un niveau de reconnaissance de leur supérieur similaire. En revanche, on peut aussi
envisager que les travailleurs de deux péles différents aient un niveau de reconnaissance
différent car ils n’ont pas forcément le méme supérieur hiérarchique. Dans une telle
configuration, analyser le niveau de reconnaissance percgu par les travailleurs exige de prendre
en compte leur pole d’appartenance comme pouvant exercer une influence sur les observations.

On dit alors que le p6le induit un effet de cluster (ou effet cluster).
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Niveau 1 Entreprise

Niveau 3 Travailleur 1

Figure 3. Exemple de structure de données multiniveaux : population de travailleurs d’une

entreprise a plusieurs poles

En outre, dans une étude longitudinale, un cluster peut également définir « I’ensemble des
données répétées d’un individus » [104]. En effet, la réponse d’un individu a un temps donné
dépend de ses réponses antérieures, ce qui entraine une intercorrélation entre toutes ses
observations, ce qui caractérise bien un cluster de données [106]. Ainsi, en présence de données
en clusters, il est nécessaire de prendre en compte la structure des données et les effets des
clusters induits lors des analyses. Une mauvaise spécification de la structure des données peut

en effet conduire a des estimations biaisés faites par les modéles [107].

5.2.3. Nature des données manquantes et méthodes d’imputation
Il est rare pour un jeu de données d’étre complet, autrement dit de ne présenter aucune donnee
manguante. Les données manquantes constituent un probleme majeur en analyse statistique car
rendent I’ajustement des modeles plus difficile, voire impossible [108]. Le phénomene est trés
fréquent dans les études longitudinales car suivre un panel d’individus sur la durée est
compliqué. Les etudes longitudinales peuvent souffrir de manques d’observation aléatoires et
isolés. Cela se produit par exemple lorsque qu’un individu ne se présente pas a un rendez-vous
ou en cas de défaillance d’un appareil de mesure lors d’une journée d’étude. Cependant, le plus

grand probléme que rencontre les études longitudinales est I’attrition, qui désigne le phénomeéne
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ou des individus quittent prématurément |’étude, entrainant une perte d’information
conséquente [109].

Lorsqu’ils font face a des données manquantes, les chercheurs ne peuvent pas simplement
ignorer le probléme et ne prendre en compte que les données dont ils disposent. En effet, une
analyse des cas disponibles, voire des cas complets (i.e. uniquement les individus dont toutes
les observations sont mesurées), conduit a des biais et a une perte d’efficacité des modeles
[110,111]. Pour pallier ce probleme, les chercheurs ont la possibilité de recourir a une
imputation de données. Cette méthode consiste a assigner a chaque observation manguante une
estimation de la vraie valeur, bien qu’inconnue. Plusieurs typologies de méthodes s’offrent aux
chercheurs : les méthodes d’imputation simple dites ad-hoc [112], regroupant des méthodes
comme I’imputation par la moyenne ou I’imputation aléatoire, I’interpolation polynomiale
(linéaire par exemple) [113], ou encore I’imputation multiple [114,115]. Bien que le choix de
la méthode soit laissé a la discrétion des chercheurs, la nature des données manguantes peut les
conduire a privilégier une méthode par rapport a une autre.

La nature des données manquantes est caractérisée par deux éléments : leur type et leur
structure. Le type désigne le mécanisme sous-jacent a I’absence de données comme fonction
des variables observées et non-observées. La littérature fait état de trois types distincts de
données manquantes : les données manquantes compléetement au hasard (ou MCAR pour
« missing completely at random »), les données manquantes au hasard (ou MAR pour « missing
at random »), et les données ne manquant pas au hasard (au MNAR pour « missing not at
random ») [116,117]. Si le mécanisme responsable de I’absence de données est indépendant des
variables observées comme des variables non-observées, alors les données manquantes induites
sont MCAR. Un exemple souvent utilisé pour décrire ce mécanisme est le suivant : si dans le
cadre d’un questionnaire sur leur état de santé, chaque participant décide de ne répondre a une
question spécifique que s’il obtient six a un lancer de dé alors la donnée manquante induite par

son échec est complétement au hasard [118]. Si cette hypothese est trés prisée car n’induisant
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aucun biais dans les résultats des analyses, elle est peu plausible et donc peu considérée par les
chercheurs. Si le mécanisme responsable de I’absence de données est dépendant des variables
observées uniquement, alors les données manquantes induites sont MAR. Par exemple, dans le
cadre du suivi des travailleurs en arrét, si un salarié bénéficie d’une retraite anticipée pour raison
médicale, ce salarié ne sera plus suivi par la médecine du travail et les observations liées aux
visites en médecine du travail seront donc manquantes. Enfin, si le mécanisme responsable de
I’absence de données est dépendant des variables observées et non-observées, alors les données
manguantes induites sont MNAR. Un exemple courant concerne les questions filtrées dans les
guestionnaires, ou certaines questions ne sont posées qu’a un groupe défini de répondant, ce
qui induit une absence d’observation pour tous les non-répondants. En pratique, il est difficile
d’identifier avec certitude le type des données manquantes, et les chercheurs doivent alors
s’efforcer de justifier le choix de leur hypothése [119]. Sous I’hypothése de données MNAR,
les chercheurs n’ont d’autre choix que de mener une analyse de sensibilité [120,121]. L’analyse
de sensibilité est une approche essentielle pour évaluer la robustesse des résultats d’une étude.
Cette approche consiste a observer comment les résultats sont influencés par des modifications
dans les conditions et outils utilisés dans I’étude [122]. Cela peut se faire, par exemple, en
comparant les résultats obtenus apres imputation des données selon la méthode choisie ou en
altérant volontairement le jeu de données initial.

Autre élément définissant la nature des données manquantes, la structure décrit la répartition
des observations mesurées et des valeurs manquantes dans un jeu de données [117]. Une
structure de données manguantes est dite monotone si les données concernées suivent un
schéma ordonné par rapport a une ou plusieurs variables. Dans une telle configuration, il est
possible de classer les variables selon leur nombre de données manquantes. Un tel schéma se
retrouvent par exemple dans les études longitudinales concernée par I’attrition [109]. En effet,
dans une telle situation, le schéma des données manquantes est monotone, car une fois qu’un

individu quitte I’étude, aucune observation ultérieure n’est possible sur lui. En opposition, une
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structure est dite non-monotone (ou arbitraire) si elle ne suit aucun schéma spécifique.
Comprendre et étre capable d’identifier les différents schémas peut étre utile pour repérer les
liens entre les données manquantes et d’autres variables, ainsi que pour choisir les méthodes

appropriées de gestion des données manguantes.

Jeu de donneées incomplet Jeu de données imputé

Analyse de

la nature
des données Imputation
manquantes 1= === de données

Type
Structure

Figure 4. Identification de la nature des données manquantes avant imputation de données
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Enjeux et objectifs

Ce travail de these vise a approfondir les connaissances autour des RPS et de ses facteurs dans
le but d’améliorer la QVT et le bien-étre des travailleurs. Notre volonté de construire ce projet
de thése découle de la conviction qu’une analyse approfondie des données de santé au travail,
telles que celles de la base Wittyfit, pourrait offrir une compréhension accrue des liens entre les
risques et les facteurs psychosociaux, la qualité de vie au travail et le bien-&tre organisationnel,
en mettant 1’accent notamment sur I'impact sur I’absentéisme. Ainsi, nous avons analysé les
données des utilisateurs de Wittyfit depuis sa création et 1’inclusion des premiers participants,
aux moyens de modeéles statistiques complexes. En raison de la variété des thématiques liées au
travail abordées et de I’augmentation constante du nombre d’utilisateurs de la plateforme, le
choix de la base Wittyfit comme base de données privilégiées pour la conduire nos études était
évident. Situé au croisement de I’épidémiologie, de 1a médico-économie et des mathématiques
appliquées et statistiques, cette these englobe des enjeux multiples. Du point de vue
épidémiologique, les objectifs de ce travail consistent, dans un premier temps, a mesurer
I’exposition des travailleurs aux RPS et, dans un second temps, a évaluer 1’influence de leurs
facteurs, donc de facteurs de RPS, sur la qualité de vie et le bien-étre des travailleurs. Nous
envisageons également dans cette thése des perspectives médico-économiques, souhaitant
évaluer I’impact des facteurs psychosociaux ainsi identifiés sur I’absentéisme en milieu
professionnel. Nous basculerons d’une approche transversale vers une approche longitudinale
pour étendre nos résultats et garantir un niveau de preuve plus éleve de nos résultats. Du point
de vue statistique, les objectifs sont de développer et d’appliquer des modeéles spécifiques a
I’analyse de données de santé au travail en tenant compte des défis méthodologiques rencontres
dans ce type d’analyse. Cela inclut la prise en compte des effets de clusters, la gestion des
données manquantes, et tous les autres aspects liés a I’analyse de données longitudinales.

Finalement, nous totalisons six études, dont quatre déja publiées dans des revues scientifiques
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indexées PubMed, une soumise, et une en cours de travail, accompagneées de quatre
présentations orales (Annexes B a E).

Cette thése se découpe en quatre chapitres comme suit : (i) un chapitre consacré a la revue de
la littérature scientifique autour des données de santé au travail (article 1), (ii) un chapitre centré
autour de la question des risques et facteurs psychosociaux et de I’importance du statut
managérial sur 1’exposition a ces risques (articles 2 a 4), et (iii) un chapitre dédié a la création
d’un indice de bien-étre psychosocial (articles 5), et un chapitre consacré a I’étude du lien entre
bien-étre psychosocial et absentéisme (article 6). Dans un premier article (article 1), nous avons
conduit une revue de la littérature autour des enjeux méthodologiques liés a I’analyse
longitudinale de données réelles de santé au travail, dans lequel nous avons proposé une
démarche a suivre pour répondre a ces enjeux et améliorer la qualité des études longitudinales.
Dans les trois articles suivants (articles 2 a 4), nous avons mesurer 1’exposition des travailleurs
a des RPS selon leur statut managérial (manager ou employé), et évaluer I’influence de leurs
facteurs de risques. Etant donné le faible nombre d’articles de littérature sur les liens entre statut
manageérial et facteurs de RPS, nous avons jugé pertinent de choisir cet axe d’étude. Un
deuxiéme article (article 2) s’est ainsi concentré sur les différences de charge de travail,
d’autonomie et de soutien social de ces deux populations, ainsi que sur I’exposition au job strain
et d’isostrain. Un troisiéme article (article 3), basé sur une approche similaire, a permis de
mettre en évidence les différences de satisfaction au travail pergues entre managers et employes
et de risque d’insatisfaction au travail. Nous avons également étudi¢ I’influence de six facteurs
de la satisfaction au travail, I’ambiance, la reconnaissance, 1’équilibre entre vie professionnelle
et vie personnelle, le sens, I’organisation du travail, et les valeurs professionnelles selon le statut
managérial des travailleurs. Dans un quatriéme article (article 4), nous avons étudié 1’évolution
du stress et de la satisfaction au travail des managers et des employés au cours du temps. Pour
cela, nous avons appliqué trois modeles pour données longitudinales : les modéles linéaires

mixtes, les modeles de trajectoires, et les modéles de médiation par panel a décalage croisé.
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Dans un cinquieme article (article 5), nous avons construit un indicateur de bien-étre
psychosocial au moyen d’un modele d’équation structurelle basé sur dix facteurs psychosociaux
pour étudier les liens entre facteurs psychosociaux, bien-étre et risque d’absentéisme pour cause
de maladie non-professionnelle. Enfin, un dernier article (article 6) a permis d’étudier 1’effet
du bien-étre psychosocial, mesuré grace a I’indicateur construit dans notre précédente étude,
sur le risque d’absentéisme de court ou long terme dans une approche par modele de survie et

par modele multi-états.
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Résultats et travaux de recherche

Article n°1
Methodological issues in analyzing real-world longitudinal occupational health

data: a useful guide to approaching the topic

Colin-Chevalier R, Dutheil F, Cambier S, Dewavrin S, Cornet T, Baker JS, Pereira B

Article n°2
The protective role of job control/autonomy on mental strain of managers: a cross-

sectional study among Wittyfit’s users

Colin-Chevalier R, Pereira B, Benson AC, Dewavrin S, Cornet T, Dutheil F

Article n°3
The managerial role and psychosocial factors of job satisfaction: a cross-sectional

study among Wittyfit’s users

Colin-Chevalier R, Pereira B, Dewavrin S, Cornet T, Zak M, Benson AC, Dutheil F

Article n°4
Stress and job satisfaction over time, the influence of the managerial position: a

bivariate longitudinal modelling of Wittyfit data

Colin-Chevalier R, Dutheil F, Benson AC, Dewavrin S, Cornet T, Lambert C, Pereira B
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Article n°5
Psychosocial well-being index and sick leave in the workplace: a structural

equation modelling of Wittyfit data

Colin-Chevalier R, Pereira B, Dewavrin S, Cornet T, Baker JS, Dutheil F

Article n°6
Psychosocial well-being as a protective factor against short- and long-term work

absenteeism: from censored-data survival models to multistate analysis

Colin-Chevalier R, Dutheil F, Cambier S, Dewavrin S, Cornet T, Baker JS, Pereira B
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Article n°1
Methodological issues in analyzing real-world longitudinal occupational health

data: a useful guide to approaching the topic

Colin-Chevalier R, Dutheil F, Cambier S, Dewavrin S, Cornet T, Baker JS, Pereira B

Résumé

Ce premier article méthodologique fait un état de I’art de la littérature autour de I’analyse de
données du monde réel de santé au travail, et présente les enjeux méthodologiques liés a leur
analyse. Les trois plus grand defis auxquels font face les chercheurs y sont exposés, a savoir les
questions autour du traitement de données en clusters, de la gestion des données manquantes,
et de I’analyse de données longitudinales en général, avec une attention particuliere tournée
autour des principaux modéles utilisés dans ce type d’études. Dans une premiére partie, nous
avons étudié chacun des trois enjeux en présentant les probléemes engendrés et les solutions,
méthodes et modéles devéloppés dans la littérature capable d’y répondre. Dans une deuxieme
partie, nous avons synthétisé toutes les informations collectées pour développer et présenter
une démarche capable d’adresser les trois enjeux simultanément. Dans une troisiéme partie,
nous avons illustré nos propos au travers d’une étude de cas en utilisant les données de la
plateforme Wittyfit. Une recherche bibliographique exhaustive nous a permis de mettre en
évidence I’absence d’une démarche similaire dans la littérature, appuyant la pertinence de notre
solution. Notre espoir est que cette nouvelle approche puisse aider les chercheurs et améliorer

la qualité et la fiabilité de leurs futures études.
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Abstract: Ever greater technological advances and democratization of digital tools such as computers
and smartphones offer researchers new possibilities to collect large amounts of health data in order
to conduct clinical research. Such data, called real-world data, appears to be a perfect complement
to traditional randomized clinical trials and has become more important in health decisions. Due
to its longitudinal nature, real-world data is subject to specific and well-known methodological
issues, namely issues with the analysis of cluster-correlated data, missing data and longitudinal
data itself. These concepts have been widely discussed in the literature and many methods and
solutions have been proposed to cope with these issues. As examples, mixed and trajectory models
have been developed to explore longitudinal data sets, imputation methods can resolve missing
data issues, and multilevel models facilitate the treatment of cluster-correlated data. Nevertheless,
the analysis of real-world longitudinal occupational health data remains difficult, especially when
the methodological challenges overlap. The purpose of this article is to present various solutions
developed in the literature to deal with cluster-correlated data, missing data and longitudinal data,
sometimes overlapped, in an occupational health context. The novelty and usefulness of our approach
is supported by a step-by-step search strategy and an example from the Wittyfit database, which is
an epidemiological database of occupational health data. Therefore, we hope that this article will
facilitate the work of researchers in the field and improve the accuracy of future studies.

Keywords: methodological issues; modeling; occupational health; longitudinal data; missing data;
cluster-correlated data; real-world data

1. Introduction

In previous decades, randomized clinical trials have been the main experimental
methodology used to collect clinical data. Collected within a strict framework, the analysis
of randomized clinical trials data is used to answer specific questions related to a specific
population (namely the population selected for the study). This remains true provided
that analyses are performed rigorously with consideration for all required hypotheses and
methods (e.g., definition of a representative population sample, randomization, controlled
tests, application of appropriate models to the data). However, the advances in technology,
the democratization of computer tools such as computers and smartphones as well as
the increase in data storage capacities offer researchers new possibilities for collecting
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large amounts of health-related data for analysis. Such data, collected independently of
traditional trials, is also known as real-world data [1-3]. More broadly, the data can be
obtained from various sources such as patient health records, product and disease registers
or even digital health data collection platforms and applications. Many examples of real-
world databases can be listed and classified according to the sources from which they
come. As examples of this, we can cite records from patient registries such as the European
Cystic Fibrosis Society Registry database [4], healthcare databases such as Wittyfit and
Wittyfit Research [5], pharmacy and health insurance databases such as the Food and
Drug Administration’s Sentinel Initiative [6], social media such as PatientsLikeMe [7] or
patient-powered research networks such as PCORnet [8]. Big data management approaches
such as the management of chronic kidney disease [9], chronic obstructive pulmonary
disease [10], or lymphoma subtypes [11] have naturally emerged from such databases.

As a perfect complement to randomized clinical trials data and presenting a longitu-
dinal structure [12], the results of the analysis of real-world data, also called real-world
evidence, are very popular; for example, within pharmacology research, these data sets are
considered essential because they are crucial in pharmacological decision-making [13,14].
However, by construction, real-world databases are not immune to missing, noisy (outliers),
duplicate or inconsistent data phenomena [15].

A longitudinal study is a study investigating repeated data, i.e., where the same data
has been measured/collected on an individual several times over time [16]. Unlike cross-
sectional studies, cohort effects and time-related effects can be measured separately. The
main goal of a longitudinal study is to describe changes over time and measure the individ-
ual influence of variables to explain changes observed [17]. Longitudinal data may also
facilitate the change over time when investigating particular individuals [18]. For example,
it is possible to measure risk factors in the development of disease for particular individuals
in the population [19]. However, many challenges and methodological issues make it
difficult to analyze longitudinal data. These analytical problems include the correlated
structure of intra-individual data, the considerable size of data sets, irregular time-spaced
measurements, non-linear patterns (such as rapid growth or stationary responses), latent
constructs, and the mix of time-varying and static covariates.

There are also more difficult problems to consider, such as cluster-correlated data,
missing data and longitudinal modeling itself [20,21]. To sum up, studying such data types
requires understanding the specific concepts that are outlined in Figure 1.

Cluster-
correlated data

+ Multilevel model
+ Company / shop /

team effect
Missing Longitudinal
data data
» Type * Mixed model
+ Structure * Trajectory model
+ Imputation * SEM/CLPM

Figure 1. Data diversity of real-world longitudinal occupational health databases (see Appendix A
for the novelty and usefulness of our approach and main formulas surrounding cluster-correlated
data, missing data, and longitudinal data). SEM: structural equation model, CLPM: “cross-lagged”
panel model.
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Although a multitude of approaches have been proposed in the literature, it is still
difficult to account for all these concerns in a synchronized way. The purpose of this paper
is to review the state of the art of different methods and models designed to address issues
related to real-world longitudinal occupational health data in a holistic way to improve
the quality of future surveys on the topic. In the first part, we aim to introduce each
methodological issue and to present advanced methods for addressing them. In the second
part, we aim to present a case study in which all the issues overlap and present a method
to meet the objectives of the study using the solutions previously featured.

2. Methodological Issues and Methods for the Analysis of Longitudinal Data
2.1. Cluster-Correlated Data

Cluster-correlated data occur when pre-existing groups of individuals exist within
the population, allowing for a natural classification of subjects into groups, otherwise
known as clusters. Thus, the observations of the same cluster are correlated with each
other while the observations between the different clusters are uncorrelated. This structure
requires considering two possible sources of variability, namely intra- and inter-cluster
variability. These similarities in the data can, however, lead to a loss of statistical efficiency
and integrity of the models used, necessitating an increase in the size of the sample [22]. It
is therefore necessary to find an appropriate balance between the number of clusters and
the number of patients.

Correlated data occur in a number of different settings. They can be clustered, spatial
(grouping by location), multilevel or longitudinal data or even several at the same time [23].
A hierarchical or multilevel structure can be thought of as a series of several levels nested
within each other. Thus, the lowest level represents level 1, and the levels follow each
other upwards to the level where all the data is contained. The units formed at each
level can then be likened to clusters. A hierarchical structure is therefore a succession of
more and more specific clusters and, from observation of the lower levels, is a structure
that is “neither accidental nor ignorable” [24]. Multilevel structures widen the field of
possibilities in terms of questions that can be answered (e.g., presence of a group effect,
disparities within the different clusters). On the other hand, the structures question the use
of statistical methods that do not consider the nature of the structures, which could also
provide erroneous results [25,26]. Longitudinal data is a special form of clustered data. By
nature, an individual’s data is plausibly more positively correlated with each other than
with other individuals. Like correlated data, this intra-subject correlation must be taken
into account in the analyses, otherwise this can provide false positive results and erroneous
confidence intervals [21,27]. Figure 2 presents an example of a population divided into
clusters followed in a longitudinal study.

Thus, cluster-correlated data, regardless of its type, requires special analytical treat-
ment [28]. Cluster-correlated data analysis attempts to take into account the variability
associated with each level of the structure and must be interpreted separately from the
overall variability [29]. Indeed, misspecification of the cluster effect or careless interpreta-
tion of the model parameters can lead to erroneous results [30,31]. Hence, in the literature,
multilevel models (MLMs) have been designed to address these various issues and analyze
correlated-clustered data [24,29,32,33]. These models are similar to mixed models. In fact,
the “levels” described by the multilevel models can be assimilated to be the “random
effects” of the mixed model. This implies that cluster-correlated data can be analyzed
properly using the models defined above by considering the levels of the data as random
effects. Similarly, for longitudinal data, this implies that the individual effect must be
considered as a random effect also.
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Baseline

Some

years Prospective cohort
after (longitudinal data)
Follow-up

Figure 2. Example of cluster-correlated data: here, a prospective cohort of workers from multiple
companies is followed over time.
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Clustered data are not immune to the phenomenon of missing data. In the absence of
data, conventional imputation methods can be applied. However, the particular structure
of cluster-correlated data, which leads to multiple sources of variability (intra- and inter-
cluster), suggests proceeding differently. As a result, it appears preferable to apply the
imputation method chosen cluster by cluster [34]. To sum up, in the presence of cluster-
correlated data, it is preferable to estimate the missing values within clusters. When the
data of an individual is missing, estimates can be made using individuals from the same
cluster. For a hierarchical structure, the lowest level cluster in which the individual is
located will be preferred. If an entire cluster leaves the study, the missing data can be
estimated from the data of individuals at the level above. Finally, at the highest level of the
hierarchy, it can be estimated using the entire data set.

2.2. Missing Data

The phenomenon of missing data is a common problem in data analysis, especially in
longitudinal surveys. It is rare for a data set to be complete, particularly for long studies,
either because of occasional omissions or because of subject withdrawal. As a consequence,
data missingness causes three main issues [35]: it can introduce a significant amount of
bias, make it more difficult to process and analyze the data and induce a loss of statistical
power [36,37]. When faced with missing data, the most common used methods include
the complete case analysis (or listwise deletion) and the “last observation carried forward”
methods. However, these methods are too hazardous and can introduce a significant bias
in the estimation of the parameter under investigation [38-40]. As previously observed,
these ad hoc methods are no longer desirable or necessary. Likewise, in the presence of
clustered data, it is difficult to estimate what effect the loss of an individual or even an
entire cluster has on the outcome measures. Accordingly, it is better not to ignore missing
values but to try to estimate them using imputation methods. The purpose of these methods
is to estimate missing values from previously observed values, which can be considered
as measured data and therefore used for fitting analytical models. While these methods
may seem attractive, their use is not without problems [41]. Even though there are some
methods that are more effective than others, it is not really possible to say which method is
especially good [42]. These methods require understanding and apprehension of certain
concepts that we aim to outline below.

To be more effective and valid, statistical analysis must be performed with suitable
mechanisms and assumptions for missing data [37]. In other words, it is crucial to under-
stand the process behind it to ensure the validity of the statistical inferences and the absence
of bias [43]. Therefore, a careful preparation should be observed before using a method
that is very similar to an identification process. In particular, it is essential to identify the
two main parameters: the structure and the type of missing data.

The structure plays an important role in the choice of imputation methods that can
be applied [44]. There are three possible structures, which can overlap. The structure is
said to be univariate if one and only one variable of an individual has missing values. It
is said to be monotonic when several variables of an individual have missing values and
these variables can be classified according to their percentage. For longitudinal surveys,
this structure can be found when an individual leaves the study, for example in case of
attrition or even abandonment. Attrition, or random drop-out [45], is a major and common
problem in longitudinal studies, representing an important challenge when modeling [46]
as it may produce estimates of the effects that are often underestimated [47]. If it is not
possible to obtain the data of an individual at a given time (e.g., forgotten appointment,
forgotten connection), we often consider intermittent monotonic structures. The structures
can qualify as arbitrary (or non-monotonic) if they are neither univariate nor monotonic.
Figure 3 illustrates the different structures of missing data.
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Univariate

Monotonic Arbitrary/Non-monotonic

Figure 3. Missing data structures. White sections indicate the presence of data, shaded sections
their absence.

After identifying the structure of missing data, it is necessary to deal with the iden-
tification of its type. We consider here again three different types: data which is missing
completely at random (MCAR), missing at random (MAR) and missing not at random
(MNAR) [41]. A missing value is considered to be MCAR if its missingness does not
depend on other observations, whether they are observed or not. Under this assumption,
the results of the analyses appear to be generally unbiased, but it is rarely verified because
it is restrictive. A less restrictive assumption supposes that if it depends on observed
observations only, its type will be MAR. Otherwise, if it is neither MCAR nor MAR, it will
be MNAR. Despite this formulation, it is not always possible in practice to identify the
causes of data missingness and therefore to determine its type [48].

Finally, once the type and structure of the missing data are identified, an imputation
method can be used. Table 1 provides a non-exhaustive overview of the different methods
that can be used to calculate estimates of missing values [41,49].

Table 1. Imputation methods by type of missing data.

Missing Completely at Random Missing at Random Missing Not at Random

Complete case analysis, available-case analysis, weighting methods Expectation maximization algorithm
Single imputation

Ad hoc methods

Implicit modeling
Hot/cold deck imputation,
substitution, composite methods

“Sensitivity analysis”

Explicit modeling
Mean/ regression/stochastic Multiple imputation
regression imputation

For the particular case of MNAR type data, it is necessary to perform a “sensitivity
analysis”. Indeed, although there is a multitude of models to analyze this type of data, they
all rely on assumptions (e.g., the missing data mechanism) which, for this type of missing
data, are unverifiable. When the results are particularly sensitive to the assumptions made,
it becomes difficult to choose the most suitable model. That is, instead of fitting a single
model, it is wiser to consider alternative models and to assess the sensitivity of the results
to the assumptions made about the missing data mechanism [31,41,48].

2.3. Longitudinal Data and Modeling

Repeated data models have been the subject of many years of research and develop-
ment. Today, the literature on the subject is substantial and many of these models have
been used in longitudinal surveys. Among the models used most for the analysis for
longitudinal data [20,50], the most often used are variance models, whether univariate
(ANOVA) or multivariate (MANOVA), random effects models such as mixed models or
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generalized linear models (GLMs) using generalized estimating equations. Nevertheless,
other models such as trajectory models or alternatives to linear and mixed models such as
structural equation models (SEMs) or “cross-lagged” panel models (CLPMs) have appeared
in the literature and constitute promising alternatives for the analysis of longitudinal data.
These models are not all similar and are intended to answer different questions. While
mixed models and their alternatives are used to estimate the impact of factors on a response
variable, trajectory models are used to model individual trajectories within a population
and follow their evolution over time. Given a large amount of data, modeling should
be performed on a training sample and model validation on a test sample. We will now
describe the above-mentioned models in more detail.

2.3.1. Analysis of Variance for Repeated Measures

The analysis of variance for repeated measures represents a classical method to analyze
longitudinal data. Whether for ANOVA or MANOVA, they allow comparing groups’ means
on a dependent variable across time. However, it does not allow learning about individual
trajectories. In addition to other parameters, time is also treated as an explicative variable.
This means, among other things, that these models assume that individuals cannot have a
proper slope over time, which is rarely true. Moreover, these models are difficult to apply
in the absence of data and are applied using the complete cases or the “last observation
carried forward” methods. As a consequence, it is therefore best to avoid these models
and to turn to more suitable methods for repeated data analysis [27]. For example, mixed
models offer more advantages [36], especially by adding a subject-specific component to
the model and allowing the conduct of the analysis despite possible lack of data.

2.3.2. Mixed Models

Mixed models can be seen as natural extensions of regression models [51,52]. Unlike
the latter, they involve random effects specific to each individual. The mean and the
variance of the response are respectively modeled as a linear combination of fixed-effect
and random-effect components, where the impact of the factors is weighted and associated
with the coefficients of the model [53,54]. Unlike analysis of variance models, both marginal
and mixed models are unconditional. This feature makes it possible to model the response
variable as a function of both the covariates and time separately representing both within-
and between-subject effects [20]. They are also particularly effective for making individual
predictions even despite eventual missing data because the randomly missing estimates are
unbiased [41]. More broadly, generalized linear mixed models combine the specificities of
generalized linear models (GLMs) and mixed models, allowing for generalizing the type of
the explained variable. This change in construction is ideal for the analysis of longitudinal
data structures since it makes it possible to account for the intra-subject correlation through
random effects [55,56].

This makes mixed models a safe and effective method for the analysis of longitudinal
data. Other more specific models, as we will see below, have been designed subsequently
and added to the literature, but mixed models remain the most popular. Once a trajectory
is identified, it is possible to describe it over time but also in terms of static covariates using
a mixed model or equivalent.

2.3.3. Generalized Estimating Equations

In general, the estimation of GLM parameters is based on the maximum likelihood
method [57]. Yet, the generalized estimating equations method does represent a popular
alternative to likelihood-based generalized linear mixed models, allowing the model to be
extended to the analysis of correlated data. Afterwards, they simultaneously model the
link between explicative variables, the response and the within-subject dependence. This
method is particularly appreciated on the one hand because it gives efficient and unbiased
estimates of the parameters of a generalized linear model and on the other hand because it
accounts for intra-individual correlation [58,59]. Generalized estimating equations can deal
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with missing data under the assumptions that they are MCAR. When these data are MAR,
the estimates might be biased [60].

2.3.4. SEMs and CLPMs, Complementary Approaches to the Mixed Model

Despite its effectiveness, the mixed model is only a first step towards more complex
statistical methods allowing the move from a global analysis of the population to a more
personalized /individualized analysis of occupational data. Therefore, models such as SEMs
or CLPMs can be used as alternatives to mixed models for the analysis of longitudinal data.

SEMs can be viewed as a much more comprehensive regression method, including
dependent and independent variables. Where SEMs stand out is in the ability to addition-
ally take into account hypothetical latent constructs, and to examine relationships between
observed variables and these concepts [61-65]. As such, they can be seen as a natural
combination between factor analysis and regression or path analysis. Although they are
particularly powerful, SEMs stay very sensitive to the problem of missing values. In addi-
tion to the assumptions of normality and independence that they require, SEMs need a very
large sample size to fit. On average, at least 500 individuals and up to >2500 individuals if
one of the assumptions is not verified are needed to expect good estimates [65].

CLPMs are used to describe and estimate reciprocal relationships or directional in-
fluences between longitudinal variables [66,67]. Cross-analysis is particularly used to
describe causal relationships between variables. Often contested because of their low
statistical power and their limitations (e.g., the need for a large sample of longitudinal
data, the stationarity and synchronicity assumptions or the causal relationship assertion),
simpler methods such as multiple regression are often preferred [68]. Because of this,
alternative models to SEMs such as the random intercept “cross-lagged” panel models
have been developed to overcome their shortcomings [69]. In addition to the temporal
stability assumption of the classical method, these consider the trait-type stability invariant
of individuals over time.

2.3.5. Trajectory Models

By plotting longitudinal data, we obtain curves otherwise called individual trajec-
tories or developmental trajectories. A developmental trajectory describes and provides
information on the evolution of an individual over time. A trajectory is used to describe
a latent process that cannot be observed directly but can be explained over time using
measured (therefore observed) variables from which its trajectory is inferred [70,71]. These
methods that take into account unobserved heterogeneity are called person-centered [72].
Nowadays, several common methods [73,74] are used: generalizations of mixed effects
models such as growth curve models [75], growth mixture models [76,77], group-based
trajectory models [78-81], latent class analysis [82,83] and latent transition analysis [72].

Most of these methods identify several different trajectories within the population,
also called latent classes. For each trajectory, the estimated share of individuals in the
population belonging to it is given, which reflects its shape, and each individual has a
certain probability of belonging to each trajectory. Individuals are then assigned to the
group corresponding to the trajectory for which the probability of belonging is the highest.
Once a trajectory is identified, it is possible to explain its shape over time but also in terms
of static covariates using a mixed model or equivalent.

Although an individual trajectory can be estimated despite prospective missing values,
itis difficult to conclude on the validity of this trajectory, especially when data is NMAR [84].
It is essential to have a sufficient amount of data for an individual, otherwise it is impossible
to determine its trajectory [85]. These models are also considerably sensitive to assumptions,
and misspecification can lead to biased estimates for trajectories and an overestimation of
the number of classes by the model [73].
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3. Case Report
3.1. Introduction

We aim here to illustrate our suggestions with a complete and illustrated example
using the Wittyfit database [5]. Here, we focus on a small part of the approaches described
above, namely the contribution of trajectory models to mixed models in a real-world
longitudinal occupational health data framework.

Let us imagine that we want to analyze the annual evolution in job satisfaction of
workers at different companies between 2018 and 2021, and to observe if the gender and
the job position of a worker can affect job satisfaction. A first look at the objective allows
us to confirm that we are in the presence of clustered (multiple companies), correlated
(individual effect) and longitudinal (follow-up over time) data. If a worker did not express
his or her sentiment in a year, he or she is assigned a missing value. Thus, we are faced
with the main methodological issues mentioned in this paper.

3.2. Methods
3.2.1. Participants and Exlusion Criteria

Wittyfit software is a web-based platform designed to assess workers” health through
a holistic approach of the individual. Volunteers are invited to express their feelings on
different health-related outcomes using visual analog scales. With more than 40,000 active
users in about nearly 80 companies, whose first registrations began in January 2018, the
Wittyfit database offers researchers a substantial behavioral and longitudinal database to
study the evolution of workers’ occupational health through various indicators such as job
satisfaction and stress. Workers not present at the baseline (2018) or with too few data [85]
were excluded.

3.2.2. Outcomes

Job satisfaction of workers was assessed using a related visual analog scale, scaled
from 0 to 100. Workers could rate their personal feeling of job satisfaction as many times as
they wanted. A worker’s overall annual job satisfaction score was computed as the average
of the notes that he or she filled in over the year.

Socio-demographic characteristics of workers (gender and job position) were filled
in by corporates clients of Wittyfit. The job position of a worker is defined according to
whether he is an employee or a manager.

3.2.3. Statistics

Statistical analyses were performed using R (version 4.1.1) in the RStudio
(version 1.4.1717) platform. The imputation of the data was done using “longitudinal-
Data” (with the ‘locf” and ‘linear.interpol” methods) and “mice” packages. Group-based
trajectory modeling was realized with the “latrend” package. We combine the commands
‘1cMethodLemmGBTM” and ‘IcMethods’ to define the model and the ‘latrendBatch’ com-
mand to fit it, with nonstructured matrix of variance-covariance. Model assumptions
(residual independence and normality, and variance homogeneity) were verified a posteri-
ori. Unless specified, we considered a p-value < 0.05 as statistically significant for analyses.

3.3. Data Application

First, we need to analyze the data structure to determine if it has a multilevel structure
in addition to a longitudinal structure itself. In our example, we count multiple companies
to which workers belong. Therefore, this observation indicates to consider the companies
as clusters. We now need to focus on missing data by analyzing its type and structure. The
missing data presents two different patterns: (1) a non-monotonic (e.g., due to a worker
who did not express in a year) and (2) a non-monotonic pattern (e.g., due to a worker who
did stop expressing over the years). For the second one, as data is longitudinal, a drop-out
phenomenon may occur. Since it is reasonable to assume that an individual’s drop-out may
depend on unobserved data (e.g., for an individual who quit during the studied period
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because of a lack of job satisfaction), we need to suppose that the drop-out is informative,
and therefore that the type of missing values is MNAR. This assumption should therefore
lead us to perform a sensitivity analysis by applying several imputation methods, for
example with the “last observation carried forward” and the linear regression interpolation
methods, but also using multiple imputation, taking into account the company effect.

To study the evolution of workers’ job satisfaction, we can first apply a linear mixed
model assessing the influence of time on job satisfaction (Figure 4a). Starting with a single
trajectory given by the mixed model, we can observe whether different evolutions exist in
the population. To do this, we can apply a trajectory model such as the GBTM on the original
dataset and confirm the results using the imputed datasets. The model allows us to identify
five latent classes within the population, with a minimal average posterior probability of
assignment of 70.5% and minimal odds of correct classification of 5.5, thus exceeding the
classical thresholds of 70% and 5 expected for this type of model [79] (Figure 4b).

Mixed model Group-based trajectory model
Group 1 (13%) | Group 2 (32%) | Group 3 (8%) |
100 ; = ; =
75
@ 50
S 25
g o
E
@ 100
& 75
e}
38 50
25
0
3 4 1 2 3 4 1 2 3 4
Time (years) Time (years)
(a) (b)

Figure 4. Evolutionary trajectories of job satisfaction among Wittyfit users: (a) mean trajectory using
a mixed model (standard errors of coefficient are symbolized by error bars), (b) individual trajectories
using a group-based trajectory model, where each group represent a possible evolution of the workers’
job satisfaction in the population (e.g., individuals belonging to “Group 3” are characterized by a
slight decrease between times 1 and 2, then by a sharp increase beyond time 2).

Finally, to explore the relationship between a worker’s sociodemographic character-
istics and job satisfaction, we can apply a generalized mixed model with the trajectory
to which the worker belongs as the outcome and the company effect as a random effect.
Thus, according to the model, both gender (f = 1.60, 95% CI 1.15 to 2.24, p = 0.005) and job
position affect the job satisfaction of the worker (3 = 5.49, 95% C1 2.72 to 13.13, p < 0.001).
This result remains true regardless of the dataset, non-imputed or imputed.

3.4. Conclusions

From a self-imposed context, we presented here the many challenges we had to
face in analyzing real-world longitudinal occupational health data. This study had two
objectives, namely the identification of the existence of different evolutionary trajectories
of job satisfaction within a population of workers and the role of the job position on the
level of job satisfaction. Each methodological issue has been raised and addressed using
the appropriate methods in agreement with the purpose of our article, allowing us to meet
the aims of the study.

4. Conclusions

As a direct result of the rise of massive databases [5-8] and advances in computa-
tional and digital tools and their democratization, real-world data analysis has allowed
researchers to confirm the results of previous randomized clinical trials and provide new
knowledge, known as real-world evidence [1,3]. The progressive and incessant accumulation
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of data thus offers the possibility of collecting health-related, longitudinal, individual data, all
at a low cost, thus allowing the development of data-analysis-centered medical approaches.

Although the analysis of longitudinal data has become widespread over the last
30 years, particularly through mixed models, and has made it possible to study population
evolution, this article demonstrates that methodological issues remain and have begun to
find an echo in more recent approaches, allowing for a move towards a more predictive,
preventive, personalized and participatory medicine. Despite the advances offered by these
new approaches, some of these issues remain to be addressed before proceeding with the
analyses [20,21], in addition to the usual issues linked to any data analysis, limiting their
use and overall understanding [74].

In this article, we aimed to present the state of the art of the methods developed for
the analysis of real-world longitudinal occupational health data while exposing the three
main issues encountered during the analyses of such type of data, namely the concepts
of cluster-correlated data, missing data and longitudinal data itself. In addition, we have
provided an example of data analysis presenting these issues and discussed the steps
to be taken in the analysis process. A search strategy using numerous general article
databases was conducted, showing that there is currently no approach to deal with these
three methodological issues.

We believe this article can serve as a practical guide for future studies on the topic
to improve experimental quality, especially for non-statistician researchers who wish to
keep abreast of the new approaches available and the issues involved. Future studies will
focus on the comparison between the different models and approaches presented here.
Simulation work has already been done [86-89], but not in this specific framework.
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Appendix A. Novelty and Usefulness of Our Approach and Main Formulas
Surrounding Cluster-Correlated Data, Missing Data and Longitudinal Data

Many challenges and methodological issues make it difficult to analyze longitudinal
data. These analytical problems include the correlated structure of intra-individual data,
the considerable size of data sets, irregular time-spaced measurements, non-linear patterns
(such as rapid growth or stationary responses), latent constructs, mix of time-varying and
static covariates. There are also more difficult problems to consider, such as longitudinal



Int. ]. Environ. Res. Public Health 2022, 19, 7023 12 of 20

modeling itself, missing data and cluster-correlated data. To sum up, studying such data
types requires understanding the specific concepts that are outlined in Figure 1.

The novelty and usefulness of our approach is validated by a step-by-step search
strategy. The search presented below has been computed on 8 February 2022 using the
PubMed database (details of other research can be found in Appendix B). First, we com-
puted the number of articles dealing with occupational data using keywords (“occupation*”
OR “profession*” OR “job-related” OR “work-related”) followed by one of the three con-
cepts: correlated-clustered data using keyword (“cluster*”), missing data using keywords
("missing data” OR “missing value*”) and longitudinal data using keyword (“longitudi-
nal”). We retrieved n = 11,214 articles using the keywords (“occupation*” OR “profession*”
OR “job-related” OR “work-related”) AND (“cluster*”), n = 809 articles using the keywords
(“occupation*” OR “profession®” OR “job-related” OR “work-related”) AND (“missing
data” OR “missing value*”) and n = 19,436 articles using the keywords (“occupation*”
OR “profession*” OR “job-related” OR “work-related”) AND (“longitudinal”). Then, we
combined the two concepts. We retrieved n = 31 articles using the keywords (“occupation*”
OR “profession*” OR “job-related” OR “work-related”) AND (“cluster*”) AND (“missing
data” OR “missing value*”), n = 335 articles using the keywords (“occupation*” OR “pro-
fession*” OR “job-related” OR “work-related”) AND (“cluster*”) AND (“longitudinal”)
and n = 71 articles using the keywords (“occupation*” OR “profession*” OR “job-related”
OR “work-related”) AND (“missing data” OR “missing value*”) AND (“longitudinal”).
Lastly, we found only n = 3 articles using the keywords (“occupation*” OR “profession*”
OR “job-related” OR “work-related”) AND (“cluster*’) AND (“missing data” OR “missing
value*”’) AND (“longitudinal”). Therefore, there is currently no approach to deal with the
methodological issues in analyzing real-world longitudinal occupational health data. The
results of our research can be summarized as shown in Figure Al.

Cluster-
correlated data

n=11,214

n=31 n=335

Missing "~ ° Longitudinal
data data

n =809 n=18436

Figure Al. Results of the step-by-step search strategy using PubMed.

To date, the understanding of occupational health data is still under research. As
mentioned above, there are three main issues in analyses, namely cluster-correlated data,
missing data and longitudinal data itself. Details of the main formulas surrounding cluster-
correlated data, missing data and longitudinal data can be found below (Figure A2).
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Figure A2. Main formulas for the methods presented to address methodological issues for analyzing
real-world longitudinal occupational health data. Table A1 provides a summary of the main models
and formulas presented here.

Main Formulas Surrounding Cluster-Correlated Data, Missing Data, and Longitudinal Data.

Appendix A.1. Cluster-Correlated Data
The intra-cluster correlation coefficient (ICC) is a measure of similarity of cluster-
correlated data. The ICC can be defined as follows:

2

i (A1)
sg + 52

ICCorp =

where sf, represents the between-cluster variability and s2, the within-cluster variability. As
the ICC increases, the sample size required to detect a significant effect becomes larger. The
“design effect” (DE) estimator is then used to estimate the increase in sample size needed
to account for the homogeneity of the clustered data:

DE=1+(n—-1)p (A2)

where n is the average size of a cluster. Finally, the “effective sample size” (ESS) can be

calculated as bellow:
m x k

DE
where m corresponds to the number of subjects in a cluster and k the total number of clusters.

ESS =

(A3)

Appendix A.2. Longitudinal Data
Appendix A.2.1. Linear Modeling

The linear model describes the relationship between one or more independent vari-
ables X; (i =1, - ,n), also called the predictors and a continuous dependent variable y,
also called the response. The equation of a linear model is:

y=Xp+e (A4)

where X represents the matrix of the predictors X;, p the vector of fixed effects and ¢ the
vector of errors terms following a normal distribution with mean zero and variance 01,
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The generalized linear model is a generalization of the linear model, including a
linking function specifying the relationship between the predictors and the response [90].
The equation of a generalized linear model then is:

n=Xp+e (A5)

where 7 represent the link function. In the logistic regression case, the link function will be
the logit function described as follows:

n = logit(p) = [Og(lp;a) (A6)
withp =P(y =1).

The linear mixed model and generalized mixed model appear as extensions of the
linear model and generalized mixed model, respectively. Mixed models contain both fixed
effects (as describe in the two first models) and random effects [20,53]. The equation of a
generalized mixed linear model is:

n=Xp+Zb+e (A7)

where b is the vector of random effects and Z the design matrix relating b to y.

Although likelihood-based approaches are still the most commonly used to estimate
model parameters, there are alternatives such as Bayesian approaches [57], generalized
estimating equations [58,59] or Monte Carlo-based methods [91].

Appendix A.2.2. Structural Equation Modeling

The structural equation modeling is a set of techniques allowing the estimation of
the relationships between dependent and independent variables. Factually, the structural
equation models (SEMs) are, as the generalized model, a generalization of the linear model.
As such, the equation of a structural equation model seems very close to that of the linear
model. It can, be described as follows [61,63]:

n=pn+¢ (A8)

where 7 is the vector of dependent variables, § the matrix of the regression coefficients
between dependent variables, ¥ the matrix of regression coefficients between dependent
and independent variables and ¢ the vector of independent variables.

Maximum likelihood, generalized least squares, elliptical distribution theory [92] or
the asymptotically distribution free method [93] represent possible estimation methods
for this model. The choice of the parameter estimation depends on the choice of the
weight matrix [65].

Appendix A.2.3. Cross-Lagged Panel Modeling

Cross-lagged panel models (CLPMs) can be useful to measure the evolution of several
variables and evaluate their mutual influences over time. Considering two variables x and y
measured at multiple times (i.e., x = (x1, -+, x,) and y = (i1, - - , y»)), the measurement
equations between the two variables for an individual i are:

Xip = Wt + Pitlie = Mt + qir (A9)

where ji; and #; are the means of the two variables at time ¢, respectively and where the
temporal deviations are defined as:

Pit = &tPip—1 +1eqip-1 + Uindis = Prdip—1 + StPis—1 + Vit (A10)
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where a; and B; represent the auto-regressive effects, i.e., the effect of a variable on it-
self, and ; and é; the cross-lagged effects, i.e., the effect on a variable on the other, the
whole over time.

As for the SEMs, the estimation of the parameters can be computed using the max-
imum likelihood method [94]. Nevertheless, Bayesian estimation can also represent an
alternative to the first method [95].

Appendix A.3. Trajectory Modeling
Appendix A.3.1. Growth Curve Modeling

Trajectory models consist of statistical methods used to analyze the change over time
among a population of individuals. The growth curve model (GCM) allows in particular
analyzing both inter- (also called the between-person) and intra-individual (the within-
person) changes thanks to the mean and the covariance structure, respectively. As well,
considering a response vector iy measured t times, the model can be written as [75]:

Yii = Hoi + At + Y2iXe + €4 (Al1)

where Ay, is the measurement of the variable at the first time, the individual intercept g,
with mean vy and random departure ¢y; is defined by:

Noi = o + Yol + Coi (A12)

and the individual slope with mean vy and random departure ¢j; by:

mi =01 +m&i + &y (A13)

Finally, 79 and 71 represent the effects of the time-invariant covariate {; and 7z
of the time-varying covariate x;; and ¢ the time-specific deviation, following a normal

distribution with mean zero and variance 2.

Appendix A.3.2. Growth Mixture Modeling

The growth mixture model (GMM) is quite similar to the GCM, with the exception
that it combines the techniques of the growth models with the latent concepts defined in
the latent class analysis. Considering an observed response y and a set of latent continuous
variables #, the model can be written as [76]:

vi = Pyni+ € (A14)

where Py describes the matrix of the parameters and ¢ the vector of residuals with mean
zero and covariance D. Continuous latent variables 5 are for them related to the observed
covariate x and the latent categorical variables ¢ by the relation:

i = Lei + Qyxi + ¢ (A15)

where L describes the matrix of the intercept parameters of latent classes ¢, Q; describes the
matrix of the parameters and ¢ the vector of residuals with mean zero and covariance D.

Appendix A.3.3. Latent Class Analysis

Latent class analysis assumes the existence of several underlying latent classes in a
population. Although the actual class membership of an individual is unknown, it can be
inferred through the covariates. The basic equation of the LCA is [82]:

PlY=y)= ZP x)P(Y = y|X = x) (Al6)
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where P(X = x) is the probability of an individual belonging to latent class c among the C
existing latent classes.

Appendix A.3 4. Group-Based Trajectory Modeling

The estimation of the GBTM parameters is quite similar to the estimation of the LCA
parameters. Indeed, the equation of the GBTM is:

P(Y;) = Y (i) P (Y}) (A17)
]

where P/ (Y;) is the probability of Y; (i.e., the trajectory of the individual i) if the subject
belongs to the group j and 7;(x;) is the membership’s probability of the group j, determined
from the covariate x;.

Appendix A4. Summary of Models Formula

Summary of the main formulas surrounding models for cluster-correlated data, miss-
ing data and longitudinal data can be found below (Table AT).

Table Al. Summary of the different models.

Model Sstf:tr:ghy Mathematical Formulation Missing Data Advantages Drawbacks
MULTILEVEL MODELING
- Validity of conclusions
Calculation of the intra-cluster h;gl“nly d;!fp endel:lt‘ ?n the
MLM 3585 Yij = a variability apart from the cluster effect specification
Po + Prxig + (o) + wxij + eoy) overall variability “and dEﬁmt.lon and
interpretation or the
model parameters
FIRST APPROACHES
ANOVA Comparison of eToun’s means - No information on possible
for 1547 SSerror = SStotal — SSpetween — “ " C.p(tir;'[ 8 p e = individual trajectories
repeated SSsubject (55 = Sum of Squares) across time - Time effect as fixed effect
measures
Combination of fixed and
random effects B Onl ides inf i
Mixed y=Xp+e Randomly missing estimates 0y provides information
model 1983 1=Xp+e b unbiased ?rhthe avemg]f tra]ectcl»ry
1=Xp+Zbte Possible consideration of ollowed by the population
subject-specific/cluster effect
TRAJECTORIES
Yy = Person-centered method
GCM 126 Hoi + Aveti + YuXs + €4 Identification of different
- ] ] trajectories within population - Questioning of the validity
GMM 20 Yi = Syl + & Assigning individuals of individual trajectories
P(Y=y)= b to a trajectory caused by data missingness
LCA 154 c Possibility to study each - Need for sufficient amount
LP(X=x)P(Y=y|X=x) trajectory shape with of data for each individual
=1 static covariates
GBTM 78 P(Y-) =Y m(x;) P (Y) Possible consideration of
! i ! ! cluster effect
COMPLEMENTARY APPROACHES
SEM 380 n=pn+¢ a Description of latent process . Need for a large sample size

to fit
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Table Al. Cont.

Model Sst::trec;y Mathematical Formulation Missing Data Advantages Drawbacks
- Need for a large sample size
to fit
CLPM 105 Xie = P+ P b - Study of causal relationships - Strong assumptions
Yo =1+ i (stationarity and
synchronicity)
Legend: Missing data: a: complete-cases analysis, b: possible estimates computation despite missing data,
*' unbiased estimates. Number of articles (search strategy in PubMed): The keywords (“occupation*” OR
“profession*” OR “job-related” OR “work-related”) were linked with the following keywords: MLM: (multilevel
OR multi-level). Repeated measures ANOVA: (ANOVA). Mixed model: (mixed). GCM: (GCM OR growth curve).
GMM: (GMM OR growth mixture). LCA: (LCA OR LCGA OR latent class). GBTM: (GBTM or group-based
trajector*). SEM: (SEM or structural equation). CLPM: (CLPM or cross-lagged).
Appendix B. Details for the Search Strategy Used within Each Database
Results of different research conducted on the Cochrane Library /Embase/PsycInfo/
PubMed databases:
Cochrane Library
#1 occupational OR professional OR job-related OR work-related
#2 cluster
#3 missing data OR missing values
#4 longitudinal
#5 #1 AND #2 AND #3 AND #4
Filter Language = none in CENTRAL
Filter Dates = none
Results =0
Embase
‘occupational” OR “professional” OR ‘job-related” OR “work-related” AND (’cluster®’)
AND (‘missing data’ OR ‘missing value*) AND ‘longitudinal *
Filter Language = none
Filter Dates = none
Results =2
PsycInfo
Any Field: occupational OR Any Field: professional OR Any Field: job-related OR
Any Field: work-related AND Any Field: cluster AND Any Field: missing data OR Any
Field: missing values AND Any Field: longitudinal
Filter Language = none
Filter Dates = none
Results =2
PubMed
(“occupation*” OR “profession*” OR “job-related” OR “work-related”) AND “cluster*”
AND (“missing data” OR “missing value*”) AND “longitudinal”
Filter Language = none
Filter Dates = none
Results =3
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Résumé

Cet article constitue le premier d’une série de trois articles autour d’un facteur peu pris en
compte lors de I’évaluation des RPS sur le lieu de travail : le statut managérial. Dans cet article,
nous souhaitions comparer les situations de travail des managers et des employés en utilisant le
modéle de Karasek. En amont de nos analyses, nous avons identifié deux enjeux
méthodologiques auxquels nous allions faire face. D’une part, I’inclusion de travailleurs issus
de plusieurs entreprises nous a conduit a appliquer des modeles mixtes en prenant en compte
1« effet entreprise » (I’entreprise a laquelle appartient un travailleur) comme un effet de cluster.
D’autre part, confronté a un probléme de données manquantes identifiées comme ayant une
nature peu complexe, nous avons appliqué une méthode d’imputation par la moyenne. Etant
donnée la présence de clusters de données, cette imputation s’est effectuée au sein de chaque
cluster. Une fois nos enjeux résolus, nous étions en mesure de procéder a nos analyses. Dans
un premier temps, nous avons étudié les différences dans la perception que se font les deux
populations en termes de charge de travail, d’autonomie et de soutien social. En moyenne, si
les deux populations de travailleurs ressentaient des niveaux de charge de travail équivalents,
les managers percevaient de plus hauts niveaux d’autonomie et de soutien social que les
employés. Dans un second temps, nous avons mesuré et compare I’exposition au job strain et a
I’isostrain des managers et des employés. Nous avons pu mettre en évidence que les managers
étaient moins exposes que les employés, notamment du fait d’une meilleure autonomie et d’un
meilleur soutien social au travail. D’autres facteurs, notamment 1’age, 1’ancienneté et le fait

d’étre une femme, ont été associées a une charge de travail plus élevée ainsi qu’a un niveau
62



d'autonomie et de soutien social moindre. Ces trois facteurs ont alors été identifiés comme des
facteurs de risque de contraintes au travail et de contraintes d'isolement. En implémentant des
stratégies visant a améliorer ces deux dimensions du travail, notamment pour les employés qui
sont plus exposés au job strain et a I’isostrain, les entreprises pourraient étre capable d’améliorer
la QVT des travailleurs et de les protéger de ces risques susceptibles d’avoir des effets délétéres,

voir mortels.
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Abstract: Background: Karasek’s Job Demand-Control-Support model is the gold standard to assess
the perception of work; however, this model has been poorly studied among managers. We aimed to
explore the perception of work (job demand, control, and support) in managers, and to quantify their
risk of job strain (high job demand and low job control) and isostrain (job strain with low job support).
Methods: We conducted a cross-sectional study on workers from various French companies using the
Wittyfit software. Job demand, control, and support were evaluated by self-reported questionnaires,
as well as sociodemographic data. Results: We included 9257 workers: 8488 employees (median age of
45 years, median seniority of 10 years, 39.4% women) and 769 managers (463 were more than 45 years
old, 343 with more than 10 years of service, 33.3% women). Managers had higher mean & SD levels
than employees in job control (79.2 & 14.9 vs. 75.4 & 16.9) and job support (25.2 £ 5.1 vs. 24.0 £ 6.1)
(p < 0.001). Compared to employees, managers had a 37% decreased risk of job strain (OR = 0.63,
95% CI 0.52 to 0.77) and a 47% decreased risk of isostrain (OR = 0.53, 95% CI 0.40 to 0.69) (p < 0.001).
Workers over age 45 (OR = 1.26, 95% CI 1.14 to 1.40, p < 0.001) and women (OR = 1.12, 95% CI 1.01 to
1. 25, p = 0.03) were at greater risk of job strain. Furthermore, workers over age 45 (OR = 1.51, 95% CI
1.32 to 1.73, p < 0.001), workers with over 10 years of service (OR = 1.35, 95% CI 1.16 to 1.56, p < 0.001),
and women (OR = 1.15, 95% CI 1.00 to 1.31, p = 0.04) were at greater risk of isostrain. Conclusions:
Managers seem to have higher autonomy and greater social support and therefore are less at risk of
job strain or isostrain than employees. Other factors such as age, seniority, and sex may influence this
relationship. Trial Registration: Clinicaltrials.gov: NCT02596737.
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1. Introduction

Karasek’s Job Demand-Control-Support (JDCS) model [1-5] is a theory that helps
to explain the relationship between job characteristics and the psychological well-being
of workers. The model explains how the interaction of job demand (or psychological
demand, e.g., work overload or role conflict), job control (or decision latitude, e.g., control
over work pace or even workplace autonomy), and job support (or social support, e.g.,
emotional, physical, physiological, or practical assistance) can cause mental strain in
individuals [1,2,6,7]. Job strain results from the interaction between high job demand and
low job control, and isostrain is characterized by job strain with low social support. Job
strain and isostrain have emerged as major public health problems with hazardous effects
on workers [8-20].
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Several factors such as age, seniority, or even sex are known to have an impact on
job strain among workers [21-24]. To the best of our knowledge, there are few studies on
the links between one’s position within a company (manager or employee) and job strain
or isostrain risk [25,26], or studies which were carried out in one industry only, such as
healthcare [15,27]. Despite managers” increased risk of stress [28] due to the multitude of
tasks and responsibilities they face [29], their autonomy may overcome their job demand.
As managers occupy a crucial role in a company, it therefore seems necessary to evaluate
the impact of managerial status on the risk of mental strain, but also to identify other
potential factors which may affect this relationship.

Thus, the main objective of our study was to evaluate the influence of job position
(manager or employee) on the perception of work (job demand, job control, and job
support) and mental strain (job strain and isostrain), particularly the putative protective
role of job control among managers. The secondary objectives were to investigate other
sociodemographic factors that may influence participant responses, using Karasek’s model,
and to quantify the impact of all these factors.

2. Materials and Methods
2.1. Recruitment

Wittyfit software is a web platform designed to promote and improve well-being in
the workplace, implemented in various French industries that are clients of the Wittyfit
company (Paris, France) [30]. Any worker wishing to participate in the Wittyfit study could
register for free and access the eponymous application, which can be downloaded to a
desktop computer or smartphone. Volunteer workers were asked to answer various ques-
tionnaires. They could anonymously provide personal information about their physical,
mental, and work-related feelings in order to participate in the improvement of their own
well-being. Managers and employees received personal and individualized feedback that
could be used to implement a preventive strategy. The Wittyfit software was designed in
partnership with the University Hospital of Clermont-Ferrand. All companies and workers
using Wittyfit on a voluntary basis were included in the study. We limited the inclusion of
data up to February 2020, prior to the COVID-19 pandemic.

2.2. The Job Demand-Control-Support Model

The three measurements of Karasek’s model, namely, perceived job demand, job con-
trol, and job support, were assessed through the Wittyfit platform using visual analogical
scales (VASs). VASs are widely used to assess perceived stress in workers [31-33]. Wittyfit's
VASs are graded from 0 to 100, with 0 indicating a low level and 100 a high level. Therefore,
job demand and job control were, respectively, assessed using the Wittyfit's VASs “work-
load” and “autonomy” from the “stress” questionnaire. Job support was assessed by the
“ambiance” VAS from the “job satisfaction” questionnaire, designed to assess social support
at work [30]. Then, the values were rescaled to match the true measurement scales. From a
score of 0 to 100, the levels of job demand, job control, and job support were rescaled to
match the true measurement scales of the Karasek questionnaire. Thus, the VAS from 0 to
100 for job demand was converted into a score from 9 to 36, job control into a score from
24 to 96, and job support into a score from 8 to 32. From this conversion, we were able to
apply thresholds to our variables to transform them into qualitative variables to determine
whether a worker was in a job strain or isostrain situation. Workers with more than 21
out of 36 in job demand and less than 70 out of 96 in job control were considered to be in
a job strain situation. Job strain workers with less than 23 out of 32 in job support were
considered to be in an isostrain situation. These values were chosen in accordance with the
literature [6]. Throughout the duration of the study, when logging back into the platform,
the workers could, if they wished, re-express how they felt in the different categories. The
last scores entered by the user were used for the study.
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2.3. Sociodemographic Charactertistics of Workers

Sociodemographic characteristics considered were age, seniority, sex, position (man-
ager or employee), and company they work for. A manager was defined as a worker with
primary responsibility, having a leadership position over a group of workers, as opposed
to an employee. This information was provided by Wittyfit's client companies and stored
in the Wittyfit database. Thus, for each worker, age, seniority (in age groups), sex (male or
female), and position (manager or employee) were known. Age was transformed from a
multiclass variable into a binary variable indicating whether the worker was over or under
45 years old. In the same way, seniority was transformed into a binary variable indicating
whether the worker had over or under 10 years of service.

2.4. Statistical Analyses

Quantitative data (job demand, control, and support), expressed by the mean =+ stan-
dard deviation (SD), were normalized using a “refit” method [34] and were compared
between independent groups (by age, seniority, sex, and job position) with ANOVA. Qual-
itative data (job strain and isostrain) were described by a number of participants, and
associated frequencies were compared between groups with the x? test. Then, multivariate
analysis was conducted using linear or logistic mixed regressions depending on the out-
come’s nature (quantitative or qualitative, respectively) to determine variables associated
with different Karasek model outcomes. The “company” effect was included as a random
effect. Model assumptions (residual independence and normality, and variance homogene-
ity) were verified a posteriori. Multicollinearity of covariates was checked prior to analysis.
Unless specified, all estimates were interpreted in terms of effect sizes (ESs) or standardized
odds ratios (ORs) and 95% confidence intervals (95% Cls). ESs were interpreted according
to Funder’s rules [35]. Statistical analyses were performed with R (version 4.0.4) [36] in the
RStudio (version 1.3.1056) platform. A p-value < 0.05 was considered statistically significant
for all analyses.

3. Results
3.1. Participants
Data of 15,562 workers were collected between January 2018 and February 2020. We

obtained complete data from 5656 men and 3601 women, i.e., 9257 workers, including
769 managers (8.3% of workers) (Figure 1).

Active users of
Wittyfit

n=40,216

Reason for exciusion.
no response fto the
questionnaire

Reason for exclusion.
no response fo the
questionnaire

Figure 1. Flow chart of Wittyfit's users.

Table 1 shows the sociodemographic characteristics of workers by score obtained

using Karasek’s model.
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Table 1. Characteristics of workers according to their classification using Karasek’s Job Demand-

Control-Support model (JDCS).

JDCS Model Groups

i -Value
Variable Active High Strain Low Strain Passive P
JDCS (mean £ SD)
1 (%) 5537 (59.8%) 2235 (24.1%) 927 (10.0%) 558 (6.0%)
Job demand 293+42 273+t45 159+ 34 158 £ 3.6 <0.001
Job control 85.1+77 55.3 +11.2 84.0 +£ 8.0 50.5 + 13.6 <0.001
Job support 252 +5.6 218 +6.1 252 +£59 210+ 6.7 <0.001
Age (years), 1 (%)
<45 2829 (51.1%) 1024 (45.8%) 523 (56.4%) 293 (52.5%) <0.001
>45 2708 (48.9%) 1211 (54.2%) 404 (43.6%) 265 (47.5%)
Seniority (years), n (%)
<10 3229 (58.3%) 1238 (55.4%) 638 (68.8%) 369 (66.1%) <0.001
>10 2308 (41.7%) 997 (44.6%) 289 (31.2%) 189 (33.9%)
Sex, n (%)
Male 3349 (60.4%) 1302 (58.3%) 644 (69.5%) 364 (65.2%) <0.001
Female 2191 (39.6%) 933 (41.7%) 283 (30.5%) 194 (34.8%)
Position, 1 (%)
Employee 5041 (91.0%) 2097 (93.8%) 826 (89.1%) 524 (93.8%) <0.001
Manager 91 (9.0%) 93.8 (6.2%) 101 (10.9%) 34 (6.1%)

Of the 9257 workers included in the study, 5537 (59.8%) had an “active” job (high
demand, high control) according to the Karasek model, 558 (6.0%) a “passive” job (low
demand, low control), 927 (10.0%) a “low strain” job (low demand, high control), and 2235
(24.1%) a "high strain” job and were in a job strain situation (high demand, low control).
Further, among job strain workers, 1192 individuals (12.9% of the total population) were in
an isostrain situation.

3.2. Impact of Sociodemographic Characteristics of Workers on Responses to the JDCS Model
3.2.1. Job Demand, Control, and Support among Workers

On average, managers had significantly higher job control (79.2 4+ 14.9 vs. 754 + 16.9,
p < 0.001) and job support (25.2 + 5.1 vs. 24.0 & 6.1, p < 0.001) than employees, but there
was a non-significant difference in job demand (26.8 £ 6.4 vs. 26.7 & 6.3, p = 0.3) (Figure 2).
According to our results, both managers and employees using the Wittyfit software felt, on
average, “active” at work (Figure 3).

Job demand Job control

Job support
e wee

Mean leve
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Figure 2. Job demand, job control, and job support by position. Legend: *** p < 0.001.
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Figure 3. Karasek’s Job Demand-Control-Support model. Point ranges are expressed as means and
standard errors. Job demand varies from 9 to 36, job control from 24 to 96.

3.2.2. Job Strain and Isostrain Prevalence by Job Position

Managers had a lower risk of job strain (OR = 0.63, 95% CI 0.52 to 0.77, p < 0.001) and
isostrain (OR = 0.53, 95% CI10.40 to 0.69, p < 0.001) than employees. Thus, there was a lower
prevalence of job strain (17.9% of managers vs. 24.7% of employees, p < 0.001) and isostrain
(8.1% of managers vs. 13.3% of employees, p < 0.001) among managers (Figure 4).

Job strain Isostrain

30 Tty 30 Ty
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(] @
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0 0 n
Employee Manager Employee Manager

Figure 4. Prevalence of job strain and isostrain by job position. Legend: ** p < 0.001.

3.2.3. Sociodemographic Factors of Karasek’s Model

Age emerged as a factor that influenced some dimensions of Karasek’s model among
all workers (both managers and employees). Indeed, workers over 45 had, on average,
higher job demand (ES = 0.06, 95% CI 0.01 to 0.10, p = 0.009), lower job control (ES = —0.06,
95% CI —0.11 to —0.02, p = 0.004), and lower job support (ES = —0.19, 95% CI —0.24 to
—0.15, p < 0.001). Moreover, similar to age, workers with over 10 years of seniority reported
having higher job demand (ES = —0.15, 95% CI —0.20 to —0.10, p = 0.02) and less job
support (ES = —0.21, 95% CI —0.26 to —0.16, p < 0.001) (Figure 5).

Furthermore, women reported having higher job demand (ES = 0.05, 95% CI 0.01
to 0.09, p = 0.02) than men but lower job support (ES = —0.10, 95% CI —0.14 to —0.06,
p <0.001). Finally, our results show that the prevalence of job strain was higher among
over-45 workers (OR = 1.26, 95% CI 1.14 to 1.40, p < 0.001) and women (OR = 1.12, 95%
CI 1.01 to 1.25, p = 0.03). Likewise, the prevalence of isostrain was higher among over-
45 workers (OR =1.51, 95% CI 1.32 to 1.73, p < 0.001), workers with 10 or more years of
service (OR = 1.35, 95% CI 1.16 to 1.56, p < 0.001), and women (OR = 1.15, 95% CI 1.00 to
1.31, p = 0.04) (Figure 06).
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Figure 5. Sociodemographic factors of the Karasek model dimensions. A colored circle means that
the measured effect is significant. The reference classes (REF) of the different parameters are the
following: age: workers under 45; seniority: workers with less than 10 years of service; sex: male; job
position: employee.

Job strain
Age, 245 years vs <45 years (REF hd
Seniority, 210 years vs <10 years (REF)
Sex, male as REF ¢
Manager position, employee as REF .
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Figure 6. Sociodemographic factors of job strain and isostrain. A colored circle means that the
measured effect is significant. The reference classes (REF) of the different parameters are the following:
age: workers under 45; seniority: workers with under less than 10 years of service; sex: male; job
position: employee.
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4. Discussion

The main results show that, due to higher job control and job support, managers
were at less risk of job strain and isostrain than employees. However, other characteristics
such as age, seniority, or sex were found to have an impact on the JDCS dimensions [5],
sometimes protective, sometimes hazardous.

4.1. The Managers and Karasek’s Model

Among workers who answered the JDCS questionnaire, we found that managers were
less exposed to the risk of job strain and isostrain than employees. Indeed, only 17.9%
of managers were in a job strain situation, compared to 24.7% of employees. Likewise,
only 8.1% of managers were in an isostrain situation, compared to 13.3% of employees. In
particular, the results highlight that the high levels of job control and job support perceived
by the managers protect them from these risks. This suggests that the role of the manager,
and more specifically the specificities of the manager’s work, as opposed to that of the
employee, acts as a protective factor against job strain and isostrain. These results confirm
previous findings showing the impact of socioeconomic status on workers’ type of job, on
the one hand, and on the prevalence of job strain and isostrain, on the other, among workers,
particularly the lower prevalence for workers with a higher socioeconomic position such as
managers [25,26,37].

We did not show a difference in job demand between managers and employees. This
result may seem surprising, especially since studies have shown higher job demand for
managers [38]. Nevertheless, in our study, the three outcomes measured relate to the
employee’s perception of his or her own activity. In particular, a manager is generally
expected to take on management tasks in addition to their own, unlike an employee.
However, since these additional tasks are an integral part of a manager’s job, they may
factor into the perceived workload scale. This could explain the absence of a significant
difference between employees and managers in their perceived job demand. However,
managers reported having slightly higher job control and job support than employees.
The strong empowerment (described in the literature as a form of control or autonomy) of
managers has been shown previously in nurses [39,40], with a positive correlation between
empowerment and positive work-related outcomes [39]. The difference in social support
between managers and employees is coherent, as managers may receive support from their
subordinates in addition to workers of the same or higher grade, improving the perception
of their work [41]. Institutions should work to improve decision latitude and social support
in the workplace. This should result in a consequent reduction in job strain and isostrain
risks for workers, resulting in an improvement in their occupational well-being, especially
for employees who are at greater risk.

4.2. The Other Factors of Job Strain and Isostrain

Sociodemographic factors may affect perceptions of work. In our study, we found a
positive influence of age on job demand and a negative influence on job control and job
support. This resulted in a higher risk of job strain and isostrain for people older than
45 years old. Previous studies have shown that, on the contrary, the risk of job strain
seems to decrease with age [38] or has no effect [6]. Similarly, we found that seniority was
positively associated with job demand and negatively associated with job support, resulting
in a higher risk of isostrain for workers with more than 10 years of seniority. This suggests
that, over the years, workers feel that the work they are asked to do becomes increasingly
demanding, and that they lose the support from their colleagues or their management,
thereby increasing their risk of strain.

According to our results, it seems that women perceived higher job demand than men
while receiving less job support, which has previously been shown among managers [22].
Thus, women are slightly more at risk of job strain and isostrain than men, as already
established in previous studies [24,38]. While the harmful effects of stress at work are well
known among women [42], our study also shows that this is a population at risk.
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Our results confirm that personal factors can alter the perception of work. This
reinforces the idea that the Karasek model should not be applied without considering the
sociodemographic attributes of workers. Institutions should strive to ensure that older (and
more senior) workers feel as regarded as younger workers. They must also be aware of
potential differences in the perception of work between men and women, in order to take all
the measures to enable their employees, regardless of their sex, to feel on an equal footing.

4.3. Limitations

We acknowledge some limitations in our study. Despite the fact several factors such
as education or shift work are known to have an impact on job strain [24], they are not
retrieved by Wittyfit. The use of self-reported responses to questionnaires could have led
to over- or under-estimated values, which might lead to a measurement bias. Additionally,
the use of a single VAS to assess each dimension of Karasek’s model, instead of a multi-
item questionnaire, may reinforce the idea of an affective bias. However, the quadrant
classification of the JDCS model, based on historically studied thresholds, allowed us
to obtain figures in agreement with the literature, with these values being very close to
our first quartile (Q1) and tercile (T1) values (workload: Q1 =22.5, T1 = 23.9; autonomy:
Q1 =65.8, T1 = 73.7; ambiance: Q1 = 20.0, T1 = 21.0), often used as cut-offs to detect job
strain and isostrain risk in various studies [43]. With this construct, we found that 24% of
the population was in a job strain situation and 13.1% in an isostrain situation, in line with
the literature [9,11,24]. Further, as an ever-expanding, real-world database, we can expect
further investigations and comparisons of these results, in the future, with a larger dataset,
even with repeated measurements and thus with more measurements per individual.
Numerous companies were included in the study, but they only represented a small sample
of possible business types. Nevertheless, the use of mixed models allowed us to take into
account a “company” effect and to separately estimate the effects of sociodemographic
characteristics. As Wittyfit's clients did not provide further details about their employees,
such as their job, our sample might be non-representative of French workers. However, the
use of the “Wittyfit” database allowed us to work with a large sample representative of
various management positions [30], which was our main focus. These considerations allow
us to assume the generalizability of our results.

5. Conclusions

Managers have a lower risk of job strain and isostrain. Indeed, they have higher levels
of control and support at work than employees. Older workers and those with higher
seniority may also be slightly more at risk of job strain. Irrespective of job position, acting
on the main dimensions of Karasek’s model (job demand, job control, and job support)
at work can be beneficial in improving the well-being of workers. Thus, implementing
strategies to improve, among other things, decision latitude and social support in the
workplace could help companies reduce the risk of job strain and isostrain.
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Résumé

Cet article s’inscrit dans la continuité de I’article précédent et constitue le deuxiéme article de
I’étude sur les différences de perceptions du travail entre managers et employés. Dans cet
article, nous souhaitions comparés les niveaux de satisfaction au travail et la prévalence du
risque d’insatisfaction entre les deux populations de travailleurs. Confrontés aux mémes défis
méthodologiques que ceux rencontrés dans I’article précédent (présence de clusters de données
naturels, a savoir les différentes entreprises, et absence de certaines données d’étude), nous
avons adopté une approche similaire pour les résoudre avant toute analyse. Nos analyses ont
révélé qu’en moyenne, le niveau de satisfaction au travail des managers était plus élevé que
celui des employés. Nous avons également montré que les managers étaient moins a risque
d’insatisfaction au travail que les employés. D’autres facteurs, notamment 1’age et I’ancienneté
des travailleurs, se sont montrés étre des facteurs de risque d’insatisfaction. Hormis celui
d’équilibre entre vie personnelle et vie privée, les niveaux d’ambiance de travail, de
reconnaissance, de sens, d’organisation du travail et de valeurs professionnelles étaient aussi
plus élevés chez les managers. Enfin, nous avons mis en évidence que les facteurs de
satisfaction n’étaient pas les mémes selon la position occupée. Il est de la responsabilité des
entreprises de veiller a garantir que les travailleurs soient satisfaits et d’améliorer leurs
conditions de travail, en particulier les employés qui présentent des niveaux de satisfaction plus

faibles.
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The Managerial Role and Psychosocial Factors of Job Satisfaction
A Cross-sectional Study Among Wittyfit’s Users

Reémi Colin-Chevalier, PhD, Bruno Pereira, PhD, Samuel Dewavrin, ATPL, MSc, Thomas Cornet, MBA,
Marek Zak, MsPT PhD, Amanda Clare Benson, PhD, AEP and Frédeéric Dutheil, MD, PhD

Objective: Job satisfaction is an emerging indicator for measuring workers’ oc-
cupational well-being; however, this has been poorly studied in managers. We
aimed to explore job satisfaction between managers and employees and assess
its factors. Methods: Data from Wittyfit’s users were collected between
January 2018 and February 2020. Volunteers anonymously provided their
sociodemographic profile, their sense of job satisfaction, and their psychosocial
feelings (ambiance, meaning, organization, recognition, values, work-life bal-
ance). Results: Data of 10,484 employees and 836 managers were collected.
Job satisfaction was higher in managers than employees. All psychosocial fac-
tors had an impact on job satisfaction in workers. There was a higher prevalence
of satisfied managers than employees. Managerial position and other sociode-
mographic variables influenced this prevalence. Concdusions: Managers seem
to be more satisfied than employees. Psychosocial and sociodemographic fac-
tors can influence workers’ job satisfaction.

Keywords: job satisfaction, manager, sociodemographic factors, occupational
health

LEARNING OUTCOMES

After reading this article, readers will be able to:

® Qutline the difference in job satisfaction between managers
and employees

¢ Outline the influence of job position on job satisfaction with
that of other sociodemographic factors (age, seniority, gender)

® Compare and discuss the influence of psychosocial factors
on managers’ and employees’ job satisfaction

ob satisfaction is a widely studied concept, with positive benefits both
for workers and companies.' ® It is a major and increasingly used

‘Indicator to assess occupational health of different aspects of work,

making it a global importance at the workplace.® One possible definition
of job satisfaction is “a pleaqurable or positive emotlonal state resulting
from the appraisal of one’s job or job experiences.”” In addition to orn-
mon models used to assess occupational well-being of workers.* ' job
satisfaction is an important attribute in measuring quality of life and
stress at work."® Therefore, understanding the predictors of job satisfac-
tion allows for the development of effective stmtegies to improve occu-
pational well-being and business performance.”® Numerous studies
have examined the determinants of job satisfaction, emphasizing the im-
portance of psychosocial factors that can significantly impact an indi-
vidual’s overall satisfaction with their job. Extensive research has exam-
ined the difference in job satisfaction that workers may experience ac-
condmg to socnodemographlc characteristics, such as age, seniority, or
gender. 1716 However, there is a gap in the literature when it comes to
understanding the differences in job satisfaction between managers
and employees, and how common psychosocial factors uniquely impact
these two distinct job positions. Although some studies have assessed
differences in job satisfaction between managerial positions, they were
limited to a §/pe01ﬁc working population, and not to the general
population.'*'” While managers are indeed employees within an orga-
nization, their job satisfaction can vary compared with their subordi-
nates due to distinctions in their roles and responsibilities. One notable
distinction is that managers often possess greater decision-making au-
thority and autonomy, factors that can contribute to elevated levels of
job satisfaction. "™'” However, this decision-making ability can backfire,
leading to lower levels of satisfaction.? It is therefore essential for the
orgamzmon to look after job %ansfacuon of managers, especially as it
is reflected in that of employees.”

Although there may be differences in the factors influencing job
satisfaction between managers and employees, the literature has identi-
fied a number of common factors, particularly those referred to as Psy;
chosocial factors Such factors include su;;pon and team cohesion, **
recognition,”* work-life balance,”** 2" role meaningfulness,'****’
organizational support,"*=%*! or professional values.'*** To the best
of our knowledge, to date, there are no comparative studies in the gen-
eral population of the influence of these six dimensions on job
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satisfaction by position. It remains necessary to carry out a comprehen-
sive analysis that directly measures workers’ feelings and the impor-
tance they attach to these different dimensions of work in their overall
satisfaction, depending on their position.

Thus, the main objective of our study was to explore the influ-
ence of the job position (manager or employee) on job satisfaction.
The secondary objectives were to assess the other psychosocial factors
in relation to the job position and their influence on job satisfaction, as
well as the putative influence of sociodemographic factors, such as
age, seniority, and sex.

MATERIALS AND METHODS

Recruitment

This cross-sectional study was conducted among Wittyfit's
users. Wittyfit is an online platform™ designed by the Cegid company
(Lyon, France) in partnership with the CHU of Clermont-Ferrand to im-
prove the professional well-being of workers.* Through different ques-
tionnaires, volunteers are invited to anonymously report how they feel in
several health-related areas when logging into the platform. The plat-
form provides workers with individualized feedback, and managers with
a report of their team’s average health status and the issues affecting
them. Because of the COVID-19 pandemic, data collection for this
study was limited to the period between January 2018 and February
2020. All workers who completely or partially answered the Wittyfit's
“job satisfaction’ questionnaire at least once during this period were in-
cluded in the study. Workers who did not fill in their personal informa-
tion (age, seniority, sex, or position in the company) were excluded. In-
formed consent was obtained from all subjects involved in the study.
This information is set out in Wittyfit’s terms and conditions of use.
This study was approved by the National Commission for Data Protec-
tion and Liberties and the South-East VI ethics committee (clinicaltrials.
gov identification number NCT02596737). This study was designed as
a combined cross-sectional study, so the Strengthening the Reporting of
Observational studies in Epidemiology checklist was followed to ensure
the quality of the study reporting (see Supplementary Table 1, http://
links.lww.com/JOM/B459).

OUTCOMES

Primary Outcome

Job satisfaction of workers was assessed via the “job satisfac-
tion™ questionnaire of the platform by using the visual analogical scale
(VAS; score range from 0 to 100). Wittyfit uses VAS to assess health
outcomes in the same way as it does to measure stress, for
example.35 7 Workers could estimate their job satisfaction as many
times as they wanted. For each indicator (job satisfaction and psycho-
social feelings), we used the average score to evaluate the feeling of a
worker. We considered a worker to be satisfied when their score was
higher than 50 and dissatisfied less than 50.

Secondary Outcomes

Psychosocial indicators included workers feelings of ambiance,
work-life balance (or simply balance), meaning, organization, recogni-
tion, and values. Ambiance at work assesses the relationship with the
manager and colleagues, the quality of the work environment, and the
social support at work. Work-life balance measures the prioritization
of personal and professional activities by the worker, meaning it eval-
uated the interest, usefulness, fulfillment, and motivation of the
worker. Organization assessed the definition of worker’s job descrip-
tion, resources, level of worker responsibility, their confidence in man-
agement and colleagues, and satisfaction with their salary. Recognition
investigated the respect between management and colleagues and the
appreciation and acknowledgment of the contributions of the individ-
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ual to the company. Finally, values explored the balance between cor-
porate and personal values. Similar to job satisfaction, all psychosocial
indicators were evaluated using the associated VAS in the question-
naire. Workers could estimate their feeling in each category as many
times as they wanted, and their average score was retained. Wittyfit’s
clients provided the age, seniority, sex, and position (manager or em-
ployee) of their workers who use the product. Workers were then di-
vided into two age categories (older or younger than 45 years) and
two seniority classes (more or less than 10 years of service).

STATISTICS

Quantitative data (job satisfaction and psychosocial feelings)
were expressed in terms of mean + SD. In absence of data, assumed
to be missing completely at random,** a mean im}putation by client
was applied to avoid complete-cases analysis bias.”” Qualitative data
(worker’s job satisfaction/dissatisfaction) were expressed using num-
ber of participants and associated percentage. First, comparisons be-
tween groups (e.g., by sex, by job position) were performed with anal-
ysis of variance for continuous variables (job satisfaction and psycho-
social feelings) and )(2 tests for categorical variables (satisfied/
dissatisfied workers). Then, associations between endogenous vari-
ables (job satisfaction) and exogenous variables (psychosocial and
sociodemographic factors) were assessed with linear and logistic
mixed regressions, respectively. The company to which the worker be-
longs was considered a random effect. Variance influence factor values
of exogenous variables were assessed and revealed no serious multi-
collinearity (a value less than 4 was considered acceptable). Coeffi-
cients of linear regression models have been expressed as effect sizes
(ESs) and confidence intervals (95% CT) using a “refit” method*” and
interpreted according to Funder and Ozer.*' Coefficients of logistic re-
gression models are expressed as standardized odds ratio (OR) and
95% CI and interpreted according to Chen et al.*? Subgroup analyses
were conducted by job position to compare the primary drivers of satis-
faction in workers. Statistical analyses were performed using R (version
4.1.1) (R Foundation for Statistical Computing, Vienna, Austria)** in
the RStudio (version 1.3.1056) (R Foundation for Statistical Comput-
ing, Boston, MA) platform. Unless specified, we considered a P value
less than 0.05 as statistically significant.

RESULTS AND DISCUSSION

Participants

Of'the 41,856 workers using Wittyfit in 2019, 11,320 answered
the “job satisfaction™ questionnaire at least once during the period. We
obtained the data from 6753 men and 4567 women, separated as
10,484 employees and 836 managers, with 49.6% of the population
younger than 45 and 56.0% with less than 10 years of service, distrib-
uted across 17 French companies (Fig. 1).

Job Satisfaction Among Managers

Managers reported having a higher job satisfaction than em-
ployees (68.1 +20.4 vs. 57.8 + 24.2, P <(.001). Indeed, the position
within the company had an influence on job satisfaction (ES = 0.46,
95% CI: 0.39 to 0.53, P < 0.001). Managers also tended to be more
satisfied with their jobs, with a higher prevalence of managers highly
satisfied with their jobs than employees (84.7 vs. 68.8%, P < 0.001)
(Fig. 2). Managers were twice as likely to be more satisfied than em-
ployees (OR = 2.65, 95% CI: 2.18 to 3.23, P < 0.001) (Fig. 3).

Results of the “Job Satisfaction” Questionnaire

Overall, the psychosocial feelings were higher in managers
than in employees (Fig. 4). Ambiance (mean + SD, 71.2 + 20.9 vs.
66.1 + 24.2), meaning (66.9 + 21.8 vs. 56.1 + 23.1), organization
(553 + 23.6 vs. 46.6 + 24.6), recognition (62.8 + 23.9 vs.

© 2023 American College of Occupational and Environmental Medicine
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Role and Psychosocial Factors of Job Satisfaction

Active users of Wittyfit
n=41,856

Excluded: no responseto at least
one item of the « job satisfaction »
questionnaire

Answeredthe « job satisfaction »
questionnaire

n=11,320

Excluded: no information about
managerial status

Answeredthe « job satisfaction »
questionnaire and managerial status

Included, n=11,320

Job satisfaction, n=11,320
Ambiance, n=10,076
Meaning, n=9,552
Organization, n=10,114

Recognition, n=10,077
Values, n=9,545
Work-life balance,
n=10,022

Managers
n=836

Employees

n=10,484

FIGURE 1. Flow chart of Wittyfit's users.

48.3 +26.7), and values (66.3 + 21.7 vs. 56.5 + 23.1) were higher
among managers (P < 0.001). Only the work-life balance (balance)
did not seem to be impacted by the position within the company
(58.1 £239 vs. 59.2 £23.4, P=0.2).

Each psychosocial factor was found to have positively influ-
enced job satisfaction regardless of the workers job position (Fig. 5).
For managers, job satisfaction was mainly driven by recognition
(ES = 0.48, 95% CI: 0.33 to 0.58) followed by values (0.43, 0.30 to
0.57) and organization (0.36, 0.23 to 0.49) (P < 0.001). Among

Mean levels of job satisfaction
£l

80

* kK

70 )
68.1

60
50
Employee Manager

FIGURE 2. Job satisfaction by job position. ***P < 0.001.

© 2023 American College of Occupational and Environmental Medicine

employees, recognition (0.45, 0.41 to 0.48), meaning (0.41, 0.37 to
0.45), and ambiance (0.32, 0.29 to 0.36) were the psychosocial factors
that most influenced level of job satisfaction ( 2 <0.001). The balance
was found to have the least contribution for both managers (0.18, 0.07
to 0.29) and employees (0.11, 0.07 to 0.14) (P < 0.001).

The job satisfaction indicators of recognition (OR = 3.84, 95%
CI:2.11 10 6.99, P< 0.001), values (2.23, 2.20 to 8.14, P<0.001) and
organization (2.66, 1.30 to 5.45, P = 0.008) remained the primary
drivers of a high job satisfaction in managers. Balance (2.32, 1.29 to

Prevalence of workers with a high
job satisfaction

* %k %

70%

60%

Employee

Manager

€63
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Levels of job satisfaction

(quantitative variable)
Age, <45 years as REF g3
Seniority, <10 years as REF R 2
Sex, male as REF e g
Manager, employee as REF
06 0.3 0.0
Coefficient (95% Cl)

03

Outcome: job satisfaction

Workers with a high job
satisfaction (qualitative variable)

L d

05 05 1.0 1.5 20 25

Qdds Ratio (95% Cl)

30 35

FIGURE 3. Influence of sociodemographic factors of job satisfaction. A colored circle means that the measured effect is significant, an
empty circle means no effect. The reference classes of the different parameters are the following: age: workers younger than 45 years;
seniority: workers with less than 10 years of service; sex: male; and job position: employee.

4.15, P=0.005) and meaning (1.87, 1.00 to 3.49, P=10.049) were also
shown to be a driver of a high job satisfaction (2.05, 1.11 to 3.79,
P =0.02), but not the ambiance (1.45, 0.85 to 2.49, P =0.2). In em-
ployees, recognition (3.14, 2.74 to 3.60) and meaning (2.70, 2.33 to
3.13) were the primary drivers of a high job satisfaction, followed by
organization (2.34, 2.02 to 2.71) ( £ < 0.001). Other psychosocial fac-
tors, namely, ambiance (2.02, 1.78 to 2.29), values (1.86, 1.59t0 2.17)
and balance (1.34, 1.19 to 1.51), were also found to be drivers ofa high
job satisfaction in employees (P < 0.001) (Fig. 5).

The Job Satisfaction and the Sociodemographics of
Workers

In addition to the major effect of the managerial position, some
sociodemographic variables have been revealed as factors of job satis-
faction, although their effect was much smaller than that of the job po-
sition. Workers older than 45 years (ES = —0.09, 95% CI: —0.13 to
—0.05) and those with more than 10 years of seniority (—0.23, —0.27
to —0.18) reported having a lower level of job satisfaction
(P < 0.001) (Fig. 3). Being older than 45 years old decreases the
chances of being satisfied at work by 13% (OR = 0.87, 95% CI:
0.79 to 0.95, P = 0.002) and having 10 or more years of seniority by
19% (0.71, 0.65 to 0.79, P < 0.001). Finally, both job satisfaction level
(—0.02,—0.06 to 0.02, P =0.97) and prevalence of workers with a high

Ambiance
Rk

" 66.1

o

56

45

40

Recognition

job satisfaction (0.97, 0.88 to 1.06, P = 0.5) did not seem to differ by
sex (Fig. 3).

DISCUSSION

The main results show that in terms of job satisfaction and psy-
chosocial feelings, the position within the company plays a crucial
role. Psychosocial factors can influence the job satisfaction of man-
agers and employees differently. Other sociodemographic factors were
also found to have an impact on job satisfaction among workers.

The Influence of the Manager’s Role on Job
Satisfaction

The role of the manager is crucial in the professional environ-
ment. Indeed, the manager has a heavy responsibility to achieve suc-
cessful outcomes while ensuring that the expectations of their staff
are met, both human and orgzmizational."““45 Therefore, the benefits
of good leadership are numerous.>***” Thus, if the role of the man-
ager is to ensure the well-being and job satisfaction of their em-
ployees.*® it is also essential to ensure that they are satisfied them-
selves. In this study, we aimed to assess the influence of the managerial
position on both job satisfaction and psychosocial feelings. Our results
show that on average, managers have higher levels of job satisfaction
and are more satisfied with their job than employees. Previously,
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FIGURE 4. Psychosocial feelings by job position. ***P < 0.001, NS, not significant.
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Role and Psychosocial Factors of Job Satisfaction
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FIGURE 5. Influence of psychosocial factors of job satlsfactlon by job position. A colored C|rcle means that the measured effect is sig-

nificant, an empty circle means no effect.

differences in perceived job satisfaction according to position in a
healthcare environment have shown that physicians had the highest
job satisfaction,'* with registered nurses the lowest* among several
healthcare professions. This may suggest that greater responsibilities
attributed to managers, often associated with greater latitude in deci-
sion making, make them more satisfied than employees, who are
themselves often the subject of management policies.™*" And yet, it
remains important to note that these same responmbnhhes are likely
to turn against managers, and so on employees o Knowing that
job satisfaction is linked to health benefits,“>** organizations should
strive to improve the job satisfaction of employees, who seem to be
less satisfied than managers.

Psychosocial Feelings as Factors of Job Satisfaction

All considered psychosocial factors were found to influence job
satisfaction for both employees and managers. Our findings show that
job satisfaction is positively influenced by ambiance at work, which is
in line with literature that found that it can be improved by encourag-
ing social support and team cohesion.*” Recognition at work can take
several forms including notably recognition by patients or clients, by
colleagues, or by management. A study among doctors in China found
that doctors with higher patient recognition presented higher level of
job satisfaction,”® as observed in our study, with managers/
employees reporting higher recognition having greater job satisfac-
tion. While it may seem obvious that recognition 1s e%sennal to em-
ployee satisfaction, it is just as much for managers.* Work-life bal-
ance was also found to be a factor of job satisfaction, which is in line
with literature.2*>* Even if it emerged as the least important dimen-
sion, as previously found, ensuring a safe balance between profes-
sional and private life for managers (but also for employees) remains
essential to protect from dissatisfaction. Meaning at work is defined
as “the discovery of existential meamng from work expenence work
itself and work purpose/goals” *Thus, it is not surprising to find a di-
rect link between meaning and job satisfaction as it translates among
other things the motivation and the fulfillment of the worker. Organi-
zation commitment, known for being related to job satisfaction among
nurses,'*>® was also found to be positively related to job satisfaction.

© 2023 American College of Occupational and Environmental Medicine

Lastly, work values were positively related to job satisfaction, which is
consistent with the findings of previous studies on the subject.'*" It
has also been highlighted among doctors that those with higher work
values scores presented higher job satisfaction.”® Recommendations
should be made for organizations to strive for improvement of
workers’ psychosocial feelings, to consequently improve their job
satisfaction.

The Sociodemographic Factors of Job Satisfaction

Age and seniority also emerged as factors that could affect job
satisfaction, with lower levels on average and even a lower prevalence
of satisfied workers among the older workers (45 years or older) and
more senior workers (10 years of service or more). The link between
age and job satisfaction has already been demonstrated, but the results
are equivocal. Sometnnes job satisfaction increased with age,™® some-
times it decreased® or presented a U-shape effect.®® For the seniority,
its negative mﬂuence on job satisfaction has already been reported in
the literature.”® No sex differences could be found in our study, al-
though previous studies have shown that women pharmacists were
more satisfied than men at work.®' while the opposite relationship
has been found in physicians.®* 3 Therefore, an absence of effect
may not seem so surprising and suggests that, among Wittyfit’s users,
the drivers of job satisfaction are the same for both men and women.
Organizations must be aware that sociodemographic characteristics
can influence job satisfaction to ensure that policies to improve
well-being in the workplace are effective.

LIMITATIONS

We acknowledge some limitations in our study. Self-reported
feelings of workers (job satisfaction and psychosocial factors) were
assessed using a single VAS instead of complete questionnaire as often
used.®* This may lead to overestimated or underestimated measure-
ments that may cause a measurement bias as well as an affective bias.*
Nevertheless, with a Cronbach’s o of 0.84, we can assume that our
questionnaire is reliable. Because of its size, our sample might not
be representative of French workers. Indeed, it is not possible to state
that it is representative in terms of jobs, nor even in terms of sectors

e65

Copyright © 2024 American College of Occupational and Environmental Medicine. Unauthorized reproduction of this article is prohibited.



PTZIMNZDBPXZDBBAROAL DALID PIHSALLKHPO0ASIEaHIDIAD AU

MY LXOMAOUOINXFOHISABZIUTIM+BrNID] LWN0TZL ABYHJRGINAUS A waolawod mmi siewnoly/dpy woil papeojumod

¥202/S0/20 uo

Colin-Chevadlier et al.

JOEM e Volume 66, Number 2, February 2024

of activity, as this information is not provided by Wittyfit’s clients.
However, on the one hand, with the inclusion of 17 different compa-
nies, it can be assumed that numerous jobs were represented. On the
other hand, the inclusion of a random effect in our regression models,
namely, the “company” effect, allowed us to measure the influence of
the company on the outcome independently of the fixed effects,
namely, the psychosocial and sociodemographic factors, including
the influence of the position held by the employee. Even taking these
considerations into account, we believe generalizability of the findings
from our study is possible. Age and seniority were also available only
as categorical data, precluding further analyses.

CONCLUSIONS

Managers have higher job satisfaction and psychosocial feel-
ings at work than employees. Several psychosocial factors can influ-
ence workers’ job satisfaction. Associated ESs may vary according
to the level of position within the company. Sociodemographic factors,
such as age and seniority, may influence job satisfaction as well. Com-
panies should implement policies aimed at improving the well-being
of their employees to improve their job satisfaction, regardless of their
position.
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Résumé

Cet article marque la conclusion de la série d’études portant sur les différences de perception
du travail entre managers et employés. Dans cet article, nous souhaitions étudier les disparités
annuelles de stress et de satisfaction au travail sur quatre années en utilisant des modéles
bivariés longitudinaux. Par passage d’un cadre transversal a un cadre longitudinal, de nombreux
défis méthodologiques supplémentaires se sont posés a nous, comme par exemple la nécessité
de tenir compte de 1’« effet individu » comme effet de cluster en plus de 1’« effet entreprise ».
Le recours a des modeéles longitudinaux nous a également conduit a valider certaines
hypotheéses. Ainsi, les critéres de Nagin ont été respectés pour garantir la validité des trajectoires
latentes identifiés, et les hypotheses de stabilité et de synchronicité du modéle de médiation par
panel a décalage croisé ont été validées. Enfin, en raison d’un phénomeéne de données
manquantes dont la nature a été identifié comme complexe, nous avons jugé pertinent de
conduire des analyses de sensibilité tout au long de nos analyses, garantissant la robustesse de
nos résultats. Des lors, dans un premier temps, nous avons observes au moyen de modeéle
mixtes, transversaux et longitudinaux, les différences de stress et de satisfaction percues selon
la position managériale des travailleurs. En moyenne, si leur niveau de stress n’était pas
différent, les managers avaient une satisfaction plus élevée que les salariés. Dans un second
temps, en utilisant un modele de trajectoire basé sur le groupe sur I’ensemble de la population,
nous avons mis en évidence trois groupes de travailleurs ayant suivi des évolutions différentes
de stress et de satisfaction au travail dans le temps. Nous avons pu constater que la proportion

de managers était plus élevée dans le groupe qui présentait le plus haut niveau moyen de
84



satisfaction au travail, et inversement. Enfin, dans un troisieme et dernier temps, nous avons
analysé les influences croisées des deux indicateurs dans le temps en ayant recours a un modele
de médiation par panel a décalage croisé. Au cours du temps, les deux indicateurs avaient
tendance a s’influencer I’un et I’autre. Par exemple, si la satisfaction d’un travailleur avait
augmenté d’une année a I’autre, son stress avait baisse. Garantir que tous les travailleurs soient
satisfaits, en particulier les employés qui présentent des niveaux plus faibles, est un moyen pour

les entreprises de diminuer leur stress, ce qui contribue a améliorer leur QVT.
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Abstract

Background

The managerial position affects stress and job satisfaction of workers, but these influences
have always been studied separately.

Objective

We aimed to assess bivariate influence of the managerial position on workers’ stress and
job satisfaction and the inter-relationship of these indicators over time.

Methods

We have analyzed data from workers who use the Wittyfit software, collected annually
between 2018 and 2021. Stress and job satisfaction were evaluated by self-report question-
naires. Job position (manager or employee) was provided by the software’s client
companies.

Resulis

Data of 704 workers were included in the study. Cross-sectional and longitudinal multivari-
ate analyses revealed that managerial position improves job satisfaction (p<0.001), but not
stress (p = 0.4). Overall, while workers' job satisfaction has improved (p<0.001), stress has
remained stable over time (p = 0.3). Three latent groups, with specific evolutionary multi-tra-
jectory of stress and job satisfaction were identified in the sample (entropy = 0.80). Age and
seniority, but not gender tended to influence managers’' and employees’ indicators. Over
time, stress and job satisfaction have tended to negatively interconnect, in cross-section
and in a cross-lagged manner (p<0.001).
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Conclusions

The managerial position improves workers’ job satisfaction but has no effect on stress.
Sociodemographics including age and seniority, but not gender, can affect this relationship.
Stress and job satisfaction can influence each other, both cross-sectionally and over time.
To be more effective, organizations should implement holistic strategies targeting multiple
indicators.

Trial registration
Clinicaltrials.gov: NCT02596737.

Introduction

Stress refers to the inability of an organism to face a threat, whether physical or emotional [1],
and its physiological and pathophysiological response [2]. Known to increase the risk of car-
diovascular disease [3,4], multiple factors, mostly work-related, have an influence on stress
[5.6]. Stress has become a major problem for organizations [7]. Job satisfaction is a state of bal-
ance between a worker’s expectations for his or her job and the professional values that the job
enables him or her to achieve [8]. As an emerging and predictive factor of good occupational
health [9], several studies have highlighted its main work-related drivers [10,11]. In particular,
stress and job satisfaction were found to have a negative influence on each other, in other
words, stress is a factor of job dissatisfaction [12-14].

The managerial position was found to be a common factor in stress [15] and job satisfaction
[16], as were sociodemographic factors such as age, seniority and gender [16-18]. To the best
of our knowledge, no evaluation of the putative short- and long-term influences of managerial
status on occupational health indicators such as stress and job satisfaction have been con-
ducted yet. The managerial role being associated with greater duties and responsibilities [19],
but also more risk for health [20,21], it seems relevant to understand whether managers may
be affected differently from employees, how this persists over time, and how age, seniority or
gender may affect workers’ stress and job satisfaction depending on their job position.

Thus, the main objective of our study was to evaluate the influence of the job position, nota-
bly the managerial role, on stress and job satisfaction. The secondary objectives were to explore
the simultaneous evolution over time of the two work-related indicators and to assess their
reciprocal influences, in all workers and as a function of the job position (manager or
employee), and to measure the influence of age, seniority and gender on workers’ stress and
job satisfaction according to their job position.

Materials and methods
Recruitment

Wittyfit is a digital web software designed by Cegid (Lyon, France) in partnership with the uni-
versity hospital of Clermont-Ferrand, implemented in numerous French companies from any
industry sector [22]. Wittyfit enables the well-being of a company’s worker to be assessed by
collecting data on their feelings to improve the collective performance. Based on voluntary
participation, the software offers its users the opportunity to express themselves anonymously
by answering various health-related questionnaires to evaluate their overall health status and
provides personalized feedback. This study received approval from both the National
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Commission for Data Protection and Liberties (CNIL) and the ethics committee of South-East
VI (identified on clinicaltrials.gov with the registration number NCT02596737).

Material

Stress and job satisfaction. During the data collection period, users of the Wittyfit soft-
ware could assess for the first time or update their stress and job satisfaction levels using the
relative analog scales, as often as they wished [23-25]. The software’s visual analog scales go
from 0 (low level) to 100 (high level). For both parameters, the average annual score of a
worker was computed and retained so that each worker was defined by only two records per
year, one for stress and one for job satisfaction. If a worker did not complete a questionnaire
for a full year, it was considered a missing value.

Time. Time was defined as the year of the measurements, ranging from 2018 to 2021,
taken in their entirety. The first year of the study, 2018, was considered as the reference point
for comparing changes in stress and job satisfaction in the longitudinal analyses.

Job position and other sociodemographics. Wittyfit collects sociodemographic data
from its users. This includes information about their job position, which can only have two
states: manager or employee. Managers can be defined as workers in charge of an organization,
with one or more individuals under their supervision, namely the employees. In addition to
job position, Wittyfit also collects the age, seniority, gender (male or female) and company of
its users. Age has been transformed into a two-modality class depending on whether the
worker was above or below the age of 40-years old. Similarly, seniority has been transformed
into a two-modality class depending on whether the worker was in a position of seniority for
greater or less than five years. These thresholds were chosen in accordance with the median of
these indicators in the sample.

Inclusion/exclusion criteria. Workers from multiple French companies using Wittyfit
were included in the study. Data collection began in 2018 and continued through 2022
(excluded). All companies that were not yet Wittyfit customers in 2018 have been excluded, as
well as those with no managers, as it was impossible to measure the effect of job position in
these companies. To be included, a worker had to have at least one record between stress and
job satisfaction in time one. Workers with two or fewer annual records of stress or job satisfac-
tion were excluded because it is impossible to estimate individual change with too few mea-
sures [26]. Users with no sociodemographic data were excluded.

Statistical analysis

Statistical analyses were performed using R (version 4.2.1) and Stata (version 11.2) software.
Quantitative data (stress and job satisfaction per year), expressed as mean+SD, were compared
between managers and employees (i) in cross-section using first a univariate and then a bivari-
ate linear mixed model with only company effect as random and (ii) longitudinally, still bivari-
ately, adding individual and time random effects. Subgroup analyses were conducted to assess
the influence of other sociodemographic data on both outcomes by job position. Then, longi-
tudinal analysis was conducted using multivariate generalized linear mixed models to evaluate
the workers’ average changes in stress and job satisfaction over time. Afterwards, the same
analysis was conducted for each job position, and stress and job satisfaction were compared at
each time. A group-based multi-trajectory model [27], using the “traj, multgroups” function of
the “traj” package of Stata, was used to highlight latent groups within the sample, according to
their changes in stress and job satisfaction. Model selection has been made by following multi-
ple rules: (1) each trajectory had to have an average posterior probability of assignment greater
than 70%, (2) a probability of correct classification greater than five, (3) include more than 5%
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of individuals in the total sample, and (4) have an entropy greater than or equal to 0.80 [28,29].
The model was fitted for several classes ranging from one to 10, and the one with the largest
number of groups and which complied with the rules was selected. Individuals were then
assigned to the group to which they were most likely to belong, that is the group whose trajec-
tory was most like their own individual trajectory. A multinomial logistic mixed model with
company effect as random enabled comparison of the proportion of managers and employees
into the different groups. Finally, we used a cross-lagged panel model to assess the simulta-
neous relationships between stress and job satisfaction over time, among all workers and then
by job position.

All models” estimates were turned into Hedges’ g (also called g) effect sizes [30] and 95%
confidence intervals (95CI) and interpreted according to Cohen’s rules [31]. Multicollinearity
of outcomes was checked prior to analysis. Linear model assumptions (residual independence
and normality, and variance homogeneity) were verified post hoc. Missing data phenomenon
has occurred over the course of the study. As the type of missing data was identified as not
missing at random, and the structure of missing data as non-monotonic, a sensitivity analysis
was conducted. Five different datasets were used to assess the sensitivity of the results: (i) an
available-cases dataset, (ii) a complete-cases dataset (i.e., the dataset that includes workers who
reported their stress and job satisfaction levels each year), two single-imputed datasets imputed
with (iii) the linear interpolation and (iv) the “last observation carried forward” methods, and
(v) a multiple-imputed dataset. Single imputations were performed with the command “impu-
tation” of the “longitudinalData” package of R. Multiple imputation were performed with the
“mice” command of the eponymous package of R. Only estimates (g and 95CI) obtained with
the original dataset (the dataset of available cases) were included. Unless specified, a p-value
<0.05 was considered as statistically significant.

Further information on the conduct of the study and the quality of reporting was provided
in the distribution of outcomes (S1 Appendix), the statistical analysis plan (52 Appendix), the
sensitivity analysis results (S3 Appendix), and the reporting guidelines (S4 Appendix).

Results
Participants

Data were collected from 704 workers (362 men, 342 women), with 381 workers over 40, and
434 with more than 5 years’ seniority at the start of the study. Workers included 81 managers
and 623 employees from three different companies, with 143, 259 and 302 workers (Fig 1).
The three companies belonged to commercial activities and services sector.

Table 1 shows workers’ stress and job satisfaction over time by job position with the differ-
ence between the two populations, and the distribution of missing values. Additional informa-
tion on the distribution of variables can be found in Multimedia Appendix 1 (Fig S1 in
S1 Appendix, Table S1 in S1 Appendix).

Influence of job position on average stress and job satisfaction

Univariate analyses revealed that stress was not different between job position (g = 0.13, 95CI
-0.10 to 0.36, p = 0.3), but that job satisfaction was lower for employees than for managers (-
0.65, -0.89 to -0.42, p<0.001) (Fig 2). In managers, neither age, seniority nor gender influ-
enced the two indicators. Employees with more than five years of seniority had higher stress
(0.26, 0.10 to 0.43, p = 0.004) and lower job satisfaction (-0.33, -0.50 to -0.16, p = 0.002),
while age and gender did not show any influence on either indicator. The sensitivity analysis
confirmed these results (S3 Table 1 in S3 Appendix, $3 Table 2 in S3 Appendix).
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n =46,408

Active users of Wittyfit

Excluded: no record of stress or
job satisfaction in 2018

Present in 2018
n=3,730

Excluded:

« less than three records of
stress and job satisfaction

* no sociodemographic

* managerless company

9

n=704

Included participants

Managers
n=281

Employees
n =623

Fig 1. Flowchart of the study. Legend: ‘n’: sample size.

https://doi.org/10.1371/journal.pone.0298126.9001

Table 1. Stress and job satisfaction by job position over time.

Outcome (by time) Manager Employee Difference between groups (g and 95CI)
Mean+SD (NA/n) Mean+SD (NA/n)
Stress (/100)
2018 53.7426.3 (1/81) 51.6+27.7 (8/623) ~0.05 (-0.61 to 0.32)
2019 49.3+23.5 (17/81) 52.8+27.8 (140/623) 0.06 (~0.44 to 0.83)
2020 45.9+29.0 (24/81) 50.5+25.2 (157/623) 0.13 (-0.19 to 1.09)
2021 44.2+27.4 (20/81) 50.7+26.7 (149/623) 0.17 (-0.04 to 1.24)
Job satisfaction (/100)
2018 69.3+22.0 (0/81) 57.5+25.2 (1/623) -0.28 (-1.26 to -0.46)
2019 70.4+19.5 (16/81) 58.3+26.7 (122/623) -0.32 (-1.55 to -0.46)
2020 72.0+24.4 (24/81) 61.5+25.2 (158/623) -0.29 (-1.50 to -0.32)
2021 76.6+18.5 (19/81) 61.2+26.3 (148/623) ~0.42 (~1.87 to ~0.82)

Legend: Difference in stress and job satisfaction are calculated between managers and employees at each time using univariate linear random-effect model with

“company” effect as random. A bold result means that the difference is significant in terms of effect size. ‘SD: standard deviation, ‘NA’": missing data (not available), ‘n’:

group size (number), ‘g Hedges’ g effect size, “95CI’: 95% confidence interval.

https://doi.org/10.1371/journal.pone.0298126.t001
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Univariate and bivariate random-effect models on cross-sectional data
Differences in stress and job satisfaction by job position

100 f
=
e
pre—
Q
E A
L 50
ey
]
(7]
Qo
O
=
0 .
Manager ]
NS
4 Employee .
0 50 100
Stress

Legend: "***": P<.001, ‘NS': not significant.

The bivariate model revealed that managerial position can influence workers’ job satisfaction, but not
their stress. Effect size measuring the difference in job satisfaction by job position, calculated using
Hedge's g, was found to be moderate (Hedges' g=—0.65, 95CI —0.89 to —0.42, P<.001). No
differences in mean stress level were found between groups (0.13, —0.10 to 0.36, P=.3).

Fig 2. Stress and job satisfaction by job position across all years (cross-sectional univariate and bivariate analyses).

https://doi.org/10.1371/journal.pone.0298126.9002

Overall, bivariate cross-sectional analysis revealed that the job satisfaction was lower in
employees (-0.85, -1.10 to -0.62, p<0.001), and stress not different (0.14, -0.11 to 0.36,
p =0.2). Age was found to reduce job satisfaction of managers (-0.44, —-0.89 to -0.01, p = 0.05),
but not seniority or gender. In employees, after cross-sectional analysis, workers with greater
than five-years seniority were found to be more stressed (0.34, 0.18 to 0.52, p<0.001) and less
satisfied (-0.47, -0.63 to —0.30, p<<0.001). Age and gender had no effect on indicators. The
results of the sensitivity analyses, except for some obtained with the complete cases analysis
were in line with these results (S3 Table 3 in S3 Appendix).

Average changes in stress and job position over time

Over time, while workers’ stress has not changed (p = 0.3), their job satisfaction did. After one
year of stability, it improved slightly in 2020 (g = 0.13, 95CI 0.02 to 0.24, p = 0.02) and 2021
(0.17, 0.07 to 0.28, p = 0.002) (Fig 3A). In managers, while there was no change in 2019 and
2020, stress was found to be lower in 2021 (-0.31, -0.63 to -0.01, p = 0.05), and job satisfaction
higher (0.34, 0.05 to 0.66, p = 0.03). Only the results obtained with the multiple-imputed data-
set can confirm these results. For the entire sample, employees’ job satisfaction improved very
slightly in 2020 (0.14, 0.04 to 0.27, p = 0.006) and 2021 (0.16, 0.05 to 0.29, p<0.001) (Fig 3B).
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Bivariate random-effect model on longitudinal data
Differences from baseline over time
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Estimates and confidence intervals were computed from longitudinal multivariate generalized linear mixed models. Baseline levels (2018) and
differences from baseline (2019 to 2021), were measured in Hedges' g effect size and 95% confidence interval (Legend: "*": P<.05, "*": P<.01,
----- P<.001).

On average, while stress did not change over time, job satisfaction has very slightly increased in all workers in 2020
(Hedges’ g=0.13, 95CI 0.02 to 0.24, P=.02) and 2021 (0.17, 0.07 to 0.28, P=.002) (a).

The subgroup analysis revealed that stress and job satisfaction developed differently according to job position, especially
among managers. Differences from baseline were only found in 2021, namely a reduction in stress (—0.31, —0.63 to —0.01,
P=.05) and an increase in job satisfaction (0.34, 0.05 to 0.66, P=.03) (b).

Fig 3. Evolution of stress and job satisfaction over time by job position (longitudinal bivariate analysis). Legend:
(a) for all workers, (b) by job position.

https://doi.org/10.1371/journal.pone.0298126.g003

Furthermore, the comparison of average changes by job position revealed that stress was not
different in any year (p = 0.3), but that job satisfaction for employees remained lower than for
managers over time (p<0.001). Indeed, a small difference was found in 2020 (-0.47, -0.79 to -
0.14, p = 0.002), and a moderate difference in 2018 (-0.68, -0.99 to -0.38, p<0.001), 2019 (-
0.63, -0.95 to -0.32, p<0.001) and 2021 (-0.74, -1.05 to -0.41, p<<0.001). The results of the
sensitivity analyses, except for some obtained with the complete cases analysis, were in line
with these results (83 Table 4 in S3 Appendix).

Managers over 40 reported being more stressed (g = 0.45, 95CI 0.02 to 0.88, p = 0.04) and
less satistied (-0.44, —0.90 to —0.02, p = 0.04) with their job. Employees with more than five
years’ seniority were also found to be more stressed (0.36, 0.20 to 0.52, p<<0.001) and less satis-
fied (-0.46, —0.62 to -0.28, p<0.001). Overall, the results of the sensitivity analyses, except for
some obtained with the complete cases analysis, confirmed these results (S3 Table 5 in
§3 Appendix).
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Group-based bivariate trajectory model
Influence of job position on latent trajectory assignment
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The group-based bivariate trajectory model fitted with an entropy of 0.80 (>=0.80 recommended), a minimum average
posterior probability of assignment of 88.5% (>=70% recommended) and a minimum odds of correct classification of
5.73 (>=5 recommended).

Pearson's x* test for statistical independence between the assignment to a multi-trajectory and the job position
appeared to be significant (P=.001), suggesting that there is a dependency between the two variables. Job position is
not shown in the graph as the trajectory model is an individual-centered model.

Fig 4. Group-based multi-trajectories of workers’ stress and job satisfaction.

https://doi.org/10.1371/journal.pone.0298126.9004

Individual multi-trajectory of stress and job satisfaction among workers

Three latent groups of workers were found in the global sample (entropy = 0.80) (Fig 4). The
results of the sensitivity analysis, except for the complete-cases analysis, confirmed this optimal
number of latent groups (S3 Table 6 in 3 Appendix). Group 1 (n = 458 individuals, 65.1% of
the sample) included workers whose stress (55.3+£21.9) and job satisfaction (61.1£21.3) were
moderate over time, on average, with a slight reduction in stress in 2020 (g = -0.19, 95CI-0.33
to -0.05, p = 0.008), and an increase in job satisfaction in 2020 (0.26, 0.11 to 0.39, p<0.001)
and 2021 (0.25, 0.11 to 0.40, p = 0.002) compared to 2018. Group 2 (n = 144, 20.5%) included
workers whose stress remained low and stable over time (21.0+£18.6) and job satisfaction was
high (82.4+17.2), on average, with an increase in 2021 (0.40, 0.13 to 0.63, p = 0.004). Group 3
(n =102, 14.5%), which included workers whose stress was high over time (75.2+20.8) while
job satisfaction was low (29.0+20.8), on average, with a decrease in 2019 (-0.45, -0.75 to -0.16,
p<0.001) and 2020 (-0.29, -0.58 to 0.00, p = 0.05).

The proportion of employees and managers in each latent group was found to be different
(p<0.001). Indeed, although it seemed equivalent in group 1 (managers 64.2% vs. employees
65.2%), the proportion of managers appeared to be higher than that of employees in group 2
(33.1% vs. 18.9%), and lower in group 3 (3.7% vs. 15.9%). The results of sensitivity analysis
confirmed these results (S3 Table 6 in 53 Appendix).

Cross-lagged effects of stress and job satisfaction by job position

Overall, stress and job satisfaction of workers influenced each other over time (p<0.001). The
stress of workers in 2018 seemed to have slightly reduced their job satisfaction in 2019 (g = -
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Cross-lagged influences of stress and job satisfaction
Subgroups modeling by job position
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Cross-lagged panel model computed three different types of estimates: autoregressive (which ensure the temporal stability of the model), cross-sectional (or
covariance) and cross-lagged effects. Autoregressive and cross effects were measured with a one-time lag.

In all workers, all cross-sectional effects had remained significant, meaning that at each time, stress and job satisfaction tended to influence each other in opposite
ways. Some cross-lagged effects between stress and job satisfaction were also found to be significant. As well as the cross-sectional effects, stress and job satisfaction
at one time tended lo negatively influence each other al the next time (a). Resulls differed by job position, as some cross-sectional and cross-lagged influences
between indicalors appeared or disappeared (b)

For each model, the gl ive effects of both were found to be significant and almost always equivalent, ranging between moderate and large
(according to Cohen'’s interpretation rules). This ensured the stability of all models over time.

Fig 5. Cross-lagged effects of stress and job satisfaction by job position. Legend: (a) for all workers, (b) by job
position,

https://doi.org/10.1371/journal.pone.0298126.9005

0.16, 95CI -0.29 to -0.04, p = 0.006). This was also found from 2020 to 2021 (-0.33, -0.45 to -
0.21, p<0.001). Simultaneously, workers’ job satisfaction did slightly reduce their stress from 2019
to 2020 (-0.27, -0.39 to -0.15, p<0.001). In addition to cross-lagged effects, all cross-sectional
influences between stress and job satisfaction were found to be significant and negative (p<0.001)
(Fig 5A). The sensitivity analysis confirmed these results (S3 Table 7 in 53 Appendix).

When analyzing by job position, similar results were found in employees, but not in managers.
Indeed, in managers, only the last two cross-lagged effects were significant, namely that of stress
and job satisfaction (--0.33, -0.45 to -0.21, p<0.001), and conversely (-0.55, -0.90 to -0.20,

p = 0.002). Moreover, only the first two covariances between stress and job satisfaction appeared
to be significant (2018: -0.62, -0.98 to —0.27, p<0.001; 2019: -0.53, -0.88 to -0.18, p = 0.003) (Fig
5B). The results of the sensitivity analyses confirmed these results (S3 Table 7 in S3 Appendix).

Discussion

The main results showed that the managerial position was mainly a factor in improving job
satisfaction among workers, with almost no effect on stress. Socio-demographic factors such as
age and seniority may have influenced these two indicators, but not gender. Overall, workers’
job satisfaction improved and in parallel, their stress did not change, even though the two indi-
cators had a negative influence on each other over time, however, these results were ditferent
according to job position.

Stress, job satisfaction and the managerial role

Our findings suggest that the managerial position is mainly a factor in improving job satisfac-
tion, but not stress. This suggests that the responsibilities associated with the position do not
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add stress for managers. A study among Norwegian employees found that the job strain risk,
which can cause stress to workers [32,33], was not different between regular employees and
workers with managerial roles [34]. Despite higher demands, greater control protects manag-
ers from this risk [18,35]. A study in nurses showed that managers may face higher occupa-
tional stressors [36]. Like previous research, the role within the working environment makes
managers more satisfied with their work than employees. A study in the emergency depart-
ment health professionals highlighted that job position played a role in workers” holistic satis-
faction [16]. Another study in nursing personnel also found that job satisfaction may differ by
job position, with nurse managers having the highest job satisfaction of all groups [37]. Orga-
nizations should strive to enhance the job satisfaction of their workers, especially employees,
as a factor in job well-being [12,38-40].

Mean changes and group-based multi-trajectories of stress and job
satisfaction over time

On average, while their stress remained stable, the job satisfaction of workers was above the
baseline in the last two years of the study. While employees followed the same trend, we found
that managers experienced different changes for both outcomes. The last year, at the same
time as their job satisfaction improved compared to baseline, their stress also decreased. Three
latent groups with specific evolutionary trajectories of stress and job satisfaction were identi-
fied in the sample. Groups can be named according to the shape of their associated multi-tra-
jectory as follows: the average (group 1), the good (group 2) and the poor (group 3)
occupational health groups. The proportion of managers and employees was different across
groups, with notably a higher proportion within the good occupational health group. These
two results suggest that the managerial position may act as a long-term factor in reducing
stress and improving job satisfaction. Further analyses of the average changes in managers and
the individual multi-trajectories of group 2 and group 3 especially, including the use of static
covariates, could reveal the protective and risk factors associated with good occupational
health of workers [41].

Concurrent influences between stress and job satisfaction

The negative reciprocal influences between stress and job satisfaction have been studied and
identified many times, both transversally [11,12,14] and longitudinally [13]. In our study, in
addition to cross-sectional reciprocal influences, cross-lagged influences were also highlighted.
This suggests that stress and job satisfaction can influence each indicator over time. For exam-
ple, a satisfied worker might experience a reduction in stress because of the benefits of good
job satisfaction [6]. In contrast, a stressed worker may experience a decrease in job satisfaction
[10,11]. Among managers, we found that indicators were interconnected in the last two years.
This could explain the changes observed on average in this population, where stress and job
satisfaction have evolved in opposite directions over the final year. These results are similar to
a previous study in nurses [42]. This suggests that to improve occupational health through
stress and job satisfaction, organizations should strive to implement holistic interventions to
make them more effective.

Sociodemographic factors of occupational health among managers and
employees

Sociodemographics factors were found to influence managers’ and employee’s indicators. The
results of the longitudinal analysis suggest that managers over 40 years old had poorer
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occupational health, reporting higher stress and lower job satisfaction than others. This finding
is consistent with literature that the risk of stress is greater among older workers [43], and that
age and job satisfaction are negatively related [44]. The same result was found for employees
with more than five years of seniority. Regardless of the job position, no influence of gender
was found, suggesting that male and female workers face the same putative occupational health
risk factors. Organizations must therefore consider the personal characteristics of workers to
ensure the effectiveness of interventions and programs related to improving workplace health.

Limitations

We acknowledge some limitations in our study. Workers’ self-reported responses to question-
naires may have resulted in self-report bias [45]. This could also have led to an affective bias
caused by social desirability [46]. However, Wittyfit allows its users to express themselves
freely by anonymizing all user data, thus reducing this bias. The process of averaging the rec-
ords may have hidden a potential seasonal bias. Nevertheless, the distribution of records,
reported in $4 Table 1 in 54 Appendix, appeared very arbitrary, revealing no seasonal effect.
The COVID-19 pandemic in France may have affected the responses given by workers in
2020 (or even 2021). On the one hand, we found, using the linear mixed model with time effect
treated as random, that the differences in stress and job satisfaction between managers and
employees remained consistent before, during, and after 2020. On the other hand, the tempo-
ral stability provided by the cross-sectional panel analysis tends to prove that the influence of
COVID-19 pandemic was negligible. Although stress and job satisfaction are known to be
associated with well-being [47] and may therefore appear as an important covariate, we did
not measure it. The study suffered from a lack of information on workers’ socio-demographic
characteristics, such as employment, level of education or income. It cannot be ruled out that
workers with a low level of education or limited computer skills may have been excluded. As it
is well documented that the level of job stress and job satisfaction varies by the work sector for
both employees and managers [48], our results could not be generalized to whole working
population. The low sample size also precluded generalizability. However, the database grows
over the years [22], and further studies with larger populations and longer time periods could
be designed to confirm or add to these initial results. It would also be very valuable to compare
the results of this study, based on a real-world database and therefore constitutes real evidence,
with those of a randomized clinical trial [41].

Conclusions

Although they do not perceive a difference in stress, managers have higher job satisfaction
than employees. The changes in both indicators over time, about job position and other socio-
demographic factors, may have long-term effects on occupational health of workers. More-
over, the latent evolutionary trajectories followed by some of the workers suggest that by
understanding their putative drivers, organizations may be able to improve the occupational
health of all their workers in a holistic way.
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Résumé

Dans ce cinquieme article, nous avons étudié les liens entre le bien-étre psychosocial des
travailleurs et le risque d’absentéisme pour cause de maladie sur le lieu de travail. Or, il n’existe
dans Wittyfit aucun indicateur de bien-&tre psychosocial, et avions donc pour objectif d’un
construire un. De retour dans un cadre d’étude transversal, nous faisions face aux deux mémes
défis méthodologiques que dans les articles 2 et 3, et avons donc tenu compte de 1’« effet
entreprise » comme effet cluster tant dans I’ajustement de nos modéles qu’au moment de
d’imputation des données. Dans un premier temps, nous avons donc construit un modele
d’équation structurelle capable de fournir une mesure du bien-étre psychosocial a partir des dix
indicateurs de la plateforme. Les indicateurs utilisés étaient la satisfaction au travail, I’ambiance
de travail, la reconnaissance, I’équilibre entre vie personnelle et vie privée, la reconnaissance,
le sens, I’organisation du travail, les valeurs professionnelles, la charge de travail, I’autonomie
et le stress. Une fois construit, nous avons utilisé le modéle d’équation structurelle pour calculer
I’état de bien-étre des travailleurs. Dans un second temps, nous avons alors pu étudier I’effet
protecteur du bien-&tre psychosocial sur I’absentéisme pour maladie, d’une part sur le risque
d’absence, et d’autre part sur la durée des absences, en utilisant des modeles de régression
logistique et négative-binomiale, respectivement. Nous avons observé que plus le bien-étre d’un
travailleur était éleve, plus son risque d’étre absent et sa durée moyenne d’absence étaient
faible. En travaillant a I’amélioration du bien-étre psychosocial de leurs salariés, les entreprises
pourraient étre en mesure de réduire I’absentéisme sur le lieu de travail, le tout en préservant la

santé des travailleurs.
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Abstract

Background: Psychosocial well-being, which assesses emotional, psychological, social, and
collective well-being, could help measure risk and duration of sick leave in workers.
Objective: This study aims to build a structural equation model of a psychosocial well-being
index based on 10 psychosocial factors and investigate its association with sick leave.
Methods: Data of workers using Wittyfit was collected in 2018. Psychosocial factors (job
satisfaction, atmosphere, recognition, work-life balance, meaning, work organization, values,
workload, autonomy, and stress) were self-assessed using health-related surveys, while sick
leave records were provided by volunteer companies.

Results: A total of 1,399 workers were included in the study (mean age: 39.4+9.4, mean
seniority: 9.2+7.7, 49.8% of women, 12.0% managers). The prevalence of absenteeism was
34.5%, with an average of 8.48+28.7 days of sick leave per worker. Structural equation
modelling facilitated computation of workers’ psychosocial well-being index (AIC: 123,016.2,
BIC: 123,231.2, RMSEA: 0.03). All factors, except workload (p=0.9), were influential, with
meaning (=0.72, 95% CI 0.69 to 0.74), values (0.69, 0.67 to 0.70) and job satisfaction (0.64,
0.61 to 0.66) being the main drivers (p<0.001). Overall, psychosocial well-being was found to
be a protective factor for sick leave, with a 2% decreased risk (OR=0.98, 95% CI1 0.98 to 0.99,
p<0.001) and duration (IRR=0.98, 95% CI1 0.97 to 0.99, p<0.001) per psychosocial well-being
index point.

Conclusions: The psychosocial well-being index provides a measure of psychosocial well-
being and helps predict sick leave in the workplace. This new indicator could be used to analyze
the association between psychosocial well-being and other health outcomes.

Trial Registration: Clinicaltrials.gov: NCT02596737.

Keywords: psychosocial well-being; psychosocial factors; sick leave; structural equation

modelling
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Introduction

Psychosocial well-being is a multidimensional concept that encompasses emotional,
psychological, social and collective well-being [1], which relates to the concept of “quality of
life” [2]. Conversely, psychosocial factors are workplace factors that can affect psychological
and social well-being of employees, namely their psychosocial well-being, and potentially harm
their physical health [3]. Such factors include job satisfaction, psychological and social support,
recognition and rewards, work-life balance, work environment, organizational change and
restructuring, job demands/workload, job control/autonomy, and even stress.

Sick leave refers to a period during which a worker is absent from work due to illness and
granted a leave of absence. The phenomenon of sick leave is multifaceted and influenced by a
variety of personal, social, and demographic factors, as well as organizational factors such as
work-related factors both within and outside of the work environment. Such work-related
factors include, non-exhaustively, poor work-life balance [4], poor psychosocial work
environment [5], low social support [6,7], job dissatisfaction [8,9], job stress [9], and low job
control [10,11]. In addition to having a significant impact on the financial health and
productivity of an organization [12,13], sick leave appears above all to be a considerable risk
for the health of workers [14,15].

Psychosocial well-being is an inclusive and complex concept and seems relevant for
investigation via its multiple dimensions before assessing its putative effect on sick leave in the
workplace. Thus, the main objective of the study was to build a structural equation model of a
psychosocial well-being index (PWI) which embraces multiple psychosocial factors: job
satisfaction, atmosphere, recognition, work-life balance, meaning, work organization, values,
workload, autonomy, and stress. A secondary objective was to measure the influence of the

PW!I on both risk and duration of sick leave.
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Materials and methods

Recruitment

The software Wittyfit was created by Cegid (Lyon, France) in collaboration with the university
hospital of Clermont-Ferrand. It is a web-based application used by many companies across
different industries in France [16]. Wittyfit allows companies to evaluate the well-being and
psychosocial risks of their employees by gathering data on their feelings, with the goal of
enhancing overall performance. Participation is voluntary, and the software provides a way for
users to express themselves anonymously by responding to a variety of health-related surveys,
which can help assess their general health status. The software then provides personalized
feedback based on this information. Data collection for this study was limited to the year 2018.
The study included all employees who had completed surveys using Wittyfit at least once
during the year, whether they had completed fully or only partially completed the surveys. Sick
leave data for 2018 was provided by two clients of Wittyfit. Before participating in the study,
all subjects gave their informed consent, as outlined in the terms and conditions of Wittyfit. The
study itself was approved by two regulatory bodies: the French data protection authority

(CNIL), as well as the Ethics Committee of Clermont-Ferrand (South-East V).

Measures

Psychosocial factors

Psychosocial factors include job satisfaction, atmosphere, recognition, work-life balance,
meaning, work organization, values, workload, autonomy, and stress. To evaluate all factors,
Wittyfit uses visual analog scales with a score range of zero to 100 that are specific to these
factors. For all factors except stress, a score of zero indicates a poor score in that factor, while
a score of 100 indicates a good score. For stress, the lower the score, the better the worker’s

feeling. The use of visual analog scales is common to measure health indicators, such as stress
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for example [17-19]. Workers were able to estimate their feeling related to each factor multiple
times throughout the year. The average score for each factor was retained. If a worker expressed

no feeling for a factor, we considered it a missing value.

Sick leave risk and duration

If a worker was absent due to illness during the year, his or her period of unavailability was
measured in days. The total duration of sick leave was then determined by adding up all the
periods of unavailability and rounding up to the nearest whole day. If a worker had never been
absent due to illness, his or her total duration was considered zero. Finally, we considered a
worker to be absent if he or she counted one or more sick leave days, i.e., if his or her total

duration was non-zero.

Sociodemographics

Companies using Wittyfit provided age, seniority, gender, and job position (manager or
employee) of their workers. For the purposes of this study, a manager was defined as an
individual who is responsible for overseeing and managing an organization or a group of

workers, namely the employees.

Statistical analysis

Quantitative data (age, seniority, psychosocial factors, duration of sick leave, PWI) were
expressed in terms of meanzSD. Qualitative data (share of women, share of managers,
prevalence of the risk of sick leave) were expressed in terms of number of individuals and
associated percentage. To construct the SEM of PWI, a two-step approach was performed.
Firstly, we fitted several confirmatory factor analysis models to highlight the best structure of
psychosocial factors to explain the PWI. Each psychosocial factor has been considered as an

item. From a general model, we then made step by step modifications to improve the outcomes.
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Then, at each step, modification indices were calculated to observe whether the fitted model
would improve by adding a path or releasing a constraint. If the change made improved the
model, the new model was retained, otherwise a different change was made. Metrics such as
the root mean square errors of approximation, Akaike’s Information Criteria and Bayesian
Information Criteria were used to compare nested models. Whatever the metric considered, the
lower the value, the better the model fit. Regarding the RMSEA, a value close to zero indicated
a good fit. A value p <0.08 is considered satisfactory, or otherwise poor [20]. When no further
indices could be calculated, or when the model could no longer be improved, we considered the
model to be optimal. Secondly, the optimal SEM was fitted and used to assess the influence of
the PWI on sick leave risk. CFA and SEM were performed using the “cfa” and “sem”
commands of the “lavaan” package of R, respectively. Once constructed, PWI was computed
for each worker. Univariate linear mixed-effect models with company effect as random were
fitted to assess the influence of each psychosocial factor on PWI to validate its construction.
Finally, a generalized linear mixed-effect model with company effect as random was fitted to
assess the influence of PWI on sick leave risk, measured in odds ratio and 95% confidence
interval, and a negative binomial generalized linear mixed-effect model with company effect
as random was fitted to assess the influence of PWI on sick leave duration, measured in
incidence rate ratio and 95% CI. In the absence of data for psychosocial factors, the type of
which we have identified as being missing completely at random [21], hierarchical multiple
imputation with company as a cluster was performed using the “mice” command of the
eponymous package of R with age, seniority, gender and job position as predictive factors to
avoid complete-cases analysis bias [22,23]. Multicollinearity of outcomes was checked prior to
analysis. Statistical analyses were performed using R (version 4.2.2) [24]. Unless specified, a

p-value <0.05 was considered as statistically significant.

107



Results

Participants

Data was collected from 1,399 workers, with a mean age of 39.4+9.4 years, a mean seniority
of 9.2+7.7 years, divided into 702 men (50.2%) and 697 (49.8%) women. The workers’
subdivisions consisted of 1231 being employees (88.0%) and 168 being managers (12.0%).
Among these workers, 483 (34.5%) were absent due to illness at least once during 2018, and
the average duration of sick leave was 8.5+28.7 (estimated kurtosis: 58.9) (Figure 1). Further
information on statistics and correlations between psychosocial factors are provided in

Appendix (Table S1, Table S2).

Workers using Wittyfit
n=59,815

Excluded: workers from companies with no
sick leave records in 2018

A

Workers from companies with sick leave records
n=4,635

Excluded: workers who never responded to
a questionnaire

L
Included participants l

n=1,399
/ “\.\R\
//)/ \\"\
‘/ —a
Construction of the PWI model Sick leave records
f;ﬁ:]r:;]:::f’;fé’;w yaolf]lzsor%alnéanon—l,162 Analyzed as a qualitative Analyzed as a quantitative
i, : Jariabl ariabl
Recognition=1,162 Workload=1,029 Prevalonoe-34.50 MeantSDg 484287
Work-life balance=1,162 Autonomy=1,029 : i :
Meaning=1,162 Stress=1,322

Figure 1. Flowchart of the study.
Legend: The numbers associated with each psychosocial factor correspond to the number of records (i.e., the

number of non-missing values).

Construction of the psychosocial well-being index

The first model (model 1) tested was the one in which each psychosocial factor was considered
a measure of a distinct latent class, all of which were related to a PWI latent class, with no
covariance between items. Except for the latent class related to the workload item (p=0.9), all
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latent classes showed significant loading on the PWI (p<0.001). This result remained valid in
all models. The latent class related to the recognition item was found to have the highest
absolute loading on the PWI (B=1.17, 95% CI 1.00 to 1.34, p<0.001) among all classes. With a
RMSEA value of 0.10, the goodness-of-fit was found to be poor. The first change made to the
model, leading to model 2, was the addition of the covariance measurement between workload
and stress items. This model appeared to be better than model 1 (y-test p<0.001). Despite lower
AIC (123,327.6 vs. 123,456.7) and BIC (123,490.1 vs. 123,614.0), goodness-of-fit of the model
remained poor (RMSEA=0.09). In model 3, covariance between workload and autonomy items
was added (p<0.001). In addition to being better than the previous model (AlC=123,214.8,
B1C=123,382.6), the goodness-of-fit of the model appeared to be satisfactory (RMSEA=0.07)
but still improvable. This result remained valid from this model to the optimal and last one.
Model 4 was built by gathering work-life balance and stress items into the same latent class
(the latent class related to the work-life balance item). Next, model 5 was built by gathering the
latent class related to work-life balance and stress and the one related to workload, but its BIC
was found to be higher than model 4 (123,339.1 vs. 123,337.6), which led us to test another
change. Thus, model 5.2 was built by gathering work-life balance, stress, and workload items
in the same latent class. This time, the BIC was found to be lower (123,336.5 vs. 123,337.6) so
the model was kept. In the same way, the atmosphere item was added to the latent class which
included work-life balance, stress, and workload to build model 6, resulting in a huge increase
in goodness-of-fit (RMSEA=0.06). From this model, the number of latent classes in the models
that haven been preserved step by step remained stable at seven: six measured by a single item
(job satisfaction, recognition, meaning, work organization, values, and autonomy) and the last
measured by the four gathered items (work-life balance, stress, workload, and atmosphere). For
ease of understanding, each one-item latent class was named by the item that measured it. For
example, the latent class measured by the job satisfaction item was called JOB

SATISFACTION. In view of the elements that measure it, the four-items latent class was called
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the WORK ENVIRONMENT class. As model 7 which consisted of adding the recognition item
to the WORK ENVIRONMENT latent class was found to be less well-fitting that the model 6
(BIC: 123,382.6 vs. 123,321.4), model 7.2 was built by adding the covariance between stress
and work organization items, which fitted better (BIC: 123,299.1). Similarly, model 8 which
consisted of adding the recognition item to the largest latent class proved to be less well-
adjusted than model 7, so model 8.2 which consisted of adding covariance between the
RECOGNITION and WORK ENVIRONMENT latent classes was built and was better adjusted
in terms of goodness-of-fit. Finally, models 9 to 14 were built by adding covariances between
meaning and values items, WORK ENVIRONMENT and VALUES latent classes, recognition
and workload items followed by work-life balance and stress, job satisfaction and recognition,
and lastly work-life balance and values. After model 14, no further improvements could have

been made. With a RMSEA of 0.03, the model 14 was considered as optimal (Figure 2).

1.00%*= JOB
Job satisfaction SATISFACTION
| OQ##= 100
Recognition RECOGNITION
Work-lile balance
1.00***
Stress U 1.2 sk

. WORK
ENVIRONMENT

Workload “0.01 0 84#er \
Atmosphere 0.03%%%
1.00%***
Meaning MEANING
0.gG%sk=
orl - 1.00%=* WORK
Work organization ORGANIZATION
1.05%*
1_00**3
Values VALULS
0.45%**
1‘00961*3
Autonomy AUTONOMY

Figure 2. lllustration of the structural equation model of the psychosocial well-being index.

Legend: All measured variables are presented in squares, all latent variables in circles. Covariances between items

and variables are not shown but present. ‘***’: p<0.001.
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Summary of step-by-step approach to the construction of the optimal model can be found in

Figure 3 and Table 1.

Root mean square error of approximation

0.10

0.06

0.04

0084 = = = X = e e e = - = = =

Goodness-of-fit

== Poor

Satisfactory

1 2 3 4 5 52 6 7 7.2 8
Model

Figure 3. Evolution of goodness-of-fit across models.

Legend: A point of green color indicates a satisfactory goodness-of-fit of the model (i.e., a RMSEA <0.8), a red

color a poor one.

Table 1. Fit indices of models.

Model Specifications df AlIC BIC RMSEA
Model 1 Each variable as a latent class 35 123,456.7 123,614.0 0.10
Model 2 Covariance between workload and stress items 34 123,327.6 123,490.1 0.09
Model 3 Covariance between workload and autonomy items 33 123,214.8 123,382.6 0.07
Model 4 Work-life balance and stress in the same latent class 32 123,1645 123,337.6 0.06
Covariance between latent classes 4 (work-life

Model 5 31 123,160.8 123,339.1 0.06
balance/stress) and 8 (workload)
Work-life balance, stress, and workload in the same

Model 5.2 32 123,163.5 123,336.5 0.06
latent class
Work-life balance, stress, workload, and atmosphere

Model 6 32 123,148.3 123,321.4 0.06
in the same latent class
Work-life balance, stress, workload, atmosphere, and

Model 7 32 123,209.5 123,382.6 0.07

recognition in the same latent class
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Model Specifications df AIC BIC RMSEA

Covariance between stress and work organization

Model 7.2 31 123,120.9 123,299.1 0.06
items
Work-life balance, stress, workload, atmosphere, and

Model 8 31 123,189.5 123,367.8 0.07
recognition in the same latent class
Covariance between latent classes 3 (recognition) and

Model 8.2 30 123,096.4 123,279.9 0.05
(work-life balance/stress/workload/atmosphere)

Model 9 Covariance between meaning and values items 29 123,058.9 123,247.7 0.04
Covariance between latent classes 4 (work-life

Model 10 28 123,049.9 123,243.9 0.04
balance/stress/workload/atmosphere) and 7 (values)

Model 11  Covariance between recognition and workload items 27 123,045.2 123,244.5 0.04

Model 12 Covariance between work-life balance and stress items 26 123,030.0 123,234.5 0.03
Covariance between job satisfaction and recognition

Model 13 25 123,025.3 123,235.1 0.03
items
Covariance between work-life balance and values

Model 14 24 123,016.2 123,231.2 0.03

items

Legend: ‘df’: degrees of freedom, ‘AIC’: Akaike’s Information Criteria, ‘BIC’: Bayesian Information Criteria,
‘RMSEA’: root mean square error of approximation.

Calculation of the psychosocial well-being index and its influence on sick leave

Using the optimal SEM, the PWI of each worker was computed (0.00+19.8, MIN=-53.9,

MAX=40.0). Univariate linear mixed-effect models revealed that, except for workload (0.00,

95% CI —0.05 to 0.05, p=0.9), all psychosocial factors had an impact on the PWI (p<0.001). In

influential order, meaning was the factor with the highest influence across all factors (0.72, 0.69

to 0.74), followed by values (0.69, 0.67 to 0.70), job satisfaction (0.64, 0.61 to 0.66), work

organization (0.63, 0.61 to 0.66), recognition (0.59, 0.57 to 0.60), atmosphere (0.57, 0.54 to

0.59), autonomy (0.37, 0.33 to 0.41) and stress (—0.34, —0.38 to —0.31) (Figure 4).
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Figure 4. Influence of psychosocial factors on psychosocial well-being index.

Legend: ‘r’: Pearson’s correlation between the psychosocial well-being index and the psychosocial factor.

Overall, the PWI presents a positive influence on sick leave, and a greater influence than all
psychosocial factors. Indeed, for each PWI point, the risk of sick leave was decreased by 2%
(OR=0.98, 95% CI 0.98 to 0.99, p<0.001). The duration of sick leave also showed a
significantly declining trend (IRR=0.98, 95% CI 0.97 to 0.99, p<0.001) with an expected
duration of 7.8 days of sick leave for an individual with zero PWI. These results remained true

with the addition of age, seniority, gender, and job position as confounding variables (Figure 5).

Duration of sick leave (days)

40 20 0 20 40
PWI
Figure 5. Influence of psychosocial well-being index on duration of sick leave.

Legend: The y-axis, “duration of sick leave”, is the total duration of sick leave during the year (in days).
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Discussion

The main results showed that in addition to synthesizing and embracing all considered
psychosocial factors, the PWI appeared as a notable factor of sick leave in the workplace.
Compared to all other psychosocial factors, PWI demonstrated the greatest influence on sick

leave, for both risk and duration.

Principal results

SEM is a highly effective multivariate technique that is increasingly used in scientific research
to evaluate complex causal relationships among variables. Unlike other modelling approaches,
SEMs allow to measure supposed variables that could not be measured previously, also called
latent variables. This feature offers researchers the opportunity to create measurement scales,
which is particularly useful in the health sector [25,26]. In this study, we aimed to create an
index able to measure workers’ psychosocial well-being (or quality of life), called PWI. A total
of 10 psychosocial factors were selected, combined, and weighted in a SEM to allow
identification and calculation of a conceptualized index. Except for workload (even if
covariances between workload and recognition, autonomy, and stress are computed in the
model), all psychosocial factors were found to be significantly related to psychosocial well-
being. This result suggests that, as desired, PWI provides a holistic understanding of worker
health. In their desire to promote health at work, organizations should strive to work on all
dimensions of psychosocial well-being since each contributes to its improvement. Following
the construction of the PWI, we analyzed how psychosocial well-being could increase the risk
of sick leave in workers. Our findings suggests that workers who may experience discomfort
due to their working conditions are at greater risk of deteriorating health, resulting in an
increased risk of sick leave. In addition to reducing the risk of absence due to illness, we found
that workers’ average duration of sick leave over the year was lower as their PWI increased,

and vice versa. In view of all these results, it appears that the improvement of psychosocial
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working conditions could thus contribute significantly to reducing absenteeism due to illness
[27]. In theory, interventions to promote psychosocial well-being in the workplace should lead
to a decrease in sick leave in the workplace, in addition to, and most importantly, preserving

workers’ health.

Limitations

We acknowledged some limitations within the study. The possibility of self-report bias and
affective bias due to social desirability may exist in workers’ self-reported responses to surveys.
However, Wittyfit minimizes bias by anonymizing all user data, which enables users to express
themselves freely [16]. The study population was also limited to French workers, although
differences in sick leave risk exist between countries. However, the prevalence of sick leave in
our study, measured at 34.5%, is consistent with the literature [15], which supports our results.
Also, the limited data sample used in the study may not be a true representation of the entire
population of French workers, notably in terms of companies, where differences in the
prevalence of sick leave may exist. To reduce this bias, all models were transformed into mixed
models in which the firm effect was considered as a cluster. As a cross-sectional study, causality
cannot be established. It is possible that workers who have better psychosocial well-being are
less likely to take sick leave [28,29], but it is also possible that taking sick leave affects
psychosocial well-being and intentions to go back to work [30]. No information underlying the
illnesses that caused workers to stop working was provided by the client companies included
in the study. However, it is known that shorter absences tend to be caused by illnesses with
short recovery time (cold, cough, and influenza), and longer absences by illnesses with long
recovery time, mainly associated with mental health issues [31]. Nevertheless, even low-
recovery-time illnesses such as cold [32] or high-recovery-time illnesses as depression [33],
can be caused by psychosocial factors. Future studies that examine the reasons for sick leave
could strengthen the extent of the association between psychosocial well-being and sick leave.
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Comparison with prior work

The holistic aspect of PWI reinforces the idea that understanding worker well-being cannot be
done without a comprehensive approach, which is the stated goal of the Wittyfit platform [16].
Among the factors included in the model, meaning proved to be the most relevant in explaining
a worker’s psychosocial well-being, which suggests that meaning at work might be the main
driver of workers’ well-being, which is not surprising since this concept is known to offer an
existential justification for work and gives meaning to life [34], which goes beyond professional
life, as well as increasing performance [35]. Slightly behind meaning, values and job
satisfaction emerged as factors for improving workers well-being as previously observed [36].
The lack of effect of workload may be surprising when it is known that it can predict mental
strain, but only when combined with job control (e.g. autonomy) [37-39]. As they are not
associated in our model, this result is consistent with the literature, where it has been noted that
workload may not have an effect on psychosocial well-being [40]. The association between
psychosocial well-being and sick leave is well-known [27,30]. Our results confirm the role of
psychosocial factors in the risk of sick leave. For example, a study in the Norwegian armed
forces found that psychosocial resilience could predict the likelihood of absence due to illness
[28]. More generally, a study in pregnant employees found that poor health was associated with
more sick leave [41]. Similarly, we found that psychosocial well-being could reduce the average
length of sick leave for workers. A study in a Dutch telecommunications company showed that
coping, which refers to how individuals deal with stressors, is an important factor in promoting
psychosocial well-being and reducing duration of sickness absence [42]. The duration of
sickness absenteeism has also been observed to increase in response to adverse psychosocial

job conditions [43].
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Conclusions

This study highlighted the importance of psychosocial well-being, but most importantly of the
PWI, and its association with sick leave in the workplace. The findings suggest that
interventions aimed at improving psychosocial well-being factors could help reduce sick leave
risk and mean duration. This study provides valuable insights for employers and policymakers
to implement measures to improve workers’ psychosocial well-being, which could lead to a
healthier and more productive workforce. Further research could investigate the effectiveness
of interventions to improve psychosocial well-being in reducing sick leave and improving

overall health outcomes.
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Supplementary materials

Table S1. Statistics on psychosocial factors.

Variable n MIN  MAX  MeantSD Shapiro-Wilk test (statistic and p-value)
Job satisfaction 1399 0 100 57.8+25.7 0.97***
Atmosphere 1399 0 100 69.0£25.9 0.91%**
Recognition 1399 0 100 47.4+29.5 0.96***
Work-life balance 1399 0 100 57.8+26.3 0.97***
Meaning 1399 0 100 59.1+23.4 0.97***
Work organization 1399 0 100 53.2425.7 0.98***
Values 1399 0 100 60.6£26.0 0.96***
Workload 1399 0 100 70.9£21.2 0.93***
Autonomy 1399 0 100 74.3£22.5 0.90***
Stress 1399 0 100 50.7+26.9 0.97***

Legend: ‘n’; number of individuals, ‘MIN’: minimum value, ‘MAX’: maximum value, ‘SD’: standard deviation
exx%2: p<0.001.

118



Table S2. Matrix of Pearson’s correlation coefficients between psychosocial factors.

Variable 1 2 3 4 5 6 7 8 9 10
1. Job satisfaction --

2. Atmosphere 0.57*** --

3. Recognition 0.70*** 0.53*** --

4. Work-life balance 0.52%** 0.51*** 0.49*** --

5. Meaning 0.65*** 0.56*** 0.69*** 0.54*** --

6. Work organization 0.62*** 0.54*** 0.67*** 0.54*** 0.66*** --

7. Values 0.69*** 0.58*** 0.72%** 0.50*** 0.75%** 0.68*** --

8. Workload —-0.03 0.03 —0.04 —0.06* 0.03 —-0.02 0.02 --

9. Autonomy 0.34*** 0.30*** 0.33*** 0.247*** 0.35%** 0.33*** 0.36*** 0.26*** --

10. Stress —0.40%** —0.35%** —0.33%** —0.43%%* —0.35%** —0.44%** —0.36%** 0.27*** —0.14%** --

Legend: “**: p<0.05, “***’: p<0.001.
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Résumé

Dans ce sixieme et dernier article, nous avons souhaité poursuivre 1’étude des liens entre bien-
étre psychosocial et absentéisme, en différenciant les absences de courte durée (sept jours ou
moins) de celles de longue durée (plus de sept jours), dans une approche non plus transversale
mais longitudinale. Parmi les approches possibles, le modele de survie 1’un des plus prisé des
chercheurs. Le mode¢le permet d’évaluer a la fois le temps avant qu’un individu ne s’absente du
travail et les facteurs pouvant influencer 1’absence. Bien que trés attrayant, le modele présente
néanmoins plusieurs contraintes telles que la limitation a deux états et a une unique transition
(d’un état de vie a un état de mort) ou la non-prise en compte de la durée passée dans 1’état de
fin. Le modéle multi-états, qui répond a toutes les limites du modéle de survie, apparait comme
une alternative ou comme un complément idéal pour étudier le cas particulier de 1’absentéisme
au travail. Une fois de plus confrontés a des défis méthodologiques, comme la présence de
clusters naturels de donnees et la nécessité de prendre en compte des effets de clusters (tels que
I’« effet entreprise » et '« effet individu »), ainsi que I’absence de certaines données
nécessitant I’application d’une méthode d’imputation multiple prenant en compte ces effets de
clusters, nous nous sommes employés a les résoudre avant toute analyse. Des lors, dans une
premiére approche, nous avons ajusté des modeles de survie, a événement unique se limitant a
la premiere absence uniquement et a évenements multiples basé sur toutes les absences des
travailleurs, pour mesurer 1’évolution de risque d’absentéisme de court ou long terme au cours
du temps et I’influence du ressenti psychosocial et du bien-étre psychosocial sur ce risque. Dans

une seconde approche, nous avons ajusté un modele multi-états pour mesurer la probabilité des
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travailleurs de transiter entre les trois états « en poste », « absent pour une courte période », et
« absent pour une longue période » et 1’effet putatif du ressenti/bien-étre psychosocial sur le
passage d’un état a un autre. Les deux approches ont permis de mettre en évidence I’influence
du bien-étre psychosocial sur 1’absentéisme au travail et de nous renseigner sur le risque
d’absentéisme encourus par les travailleurs, de courte comme de longue durée. Nos résultats
démontrent I’importance cruciale du bien-étre psychosocial sur la santé des travailleurs et la
nécessité pour les employeurs de veiller a le garantir a leurs salariés. Si le modéle de survie
demeure un outil pertinent pour étudier I’absentéisme au travail et son évolution dans le temps,
le modéle multi-états devrait étre plus largement considéré par les chercheurs car il modélise

bien mieux le phénomeéne.
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Abstract

Background: The influence of psychosocial well-being on work absenteeism remains
inadequately explored. Using survival models to study this relationship over time is an effective
but limited approach given the complex nature of absenteeism, particularly its duration. The
multi-state model seems to be an interesting alternative.

Objective: To assess the influence of workers psychosocial feelings/well-being on short- and
long-term work absenteeism using a survival then multi-state approach.

Methods: Worker absenteeism records were collected from three companies and categorized
into whether it was short (<7 days) or long (>7 days). Psychosocial feelings were assessed using
the Psychosocial Well-being Index based on 10 Wittyfit indicators. Univariate and adjusted
survival (single- and multiple-event) and multi-state models were fitted to examine the putative
effect of psychosocial well-being on work absenteeism.

Results: 5,745 workers using Wittyfit (mean age: 40.5+£10.6 years, mean seniority: 9.0+8.9
years, 54.0% of women, 7.9% of managers) were included. In total, 45.6% of the working
population experienced at least one episode of short-term absenteeism and 19.5% a long-term
episode. On average, each day, 92.2% of workers were at work, 5.6% were absent for a short
period, and 2.2% were absent for a long period. High psychosocial feelings, as well as
psychosocial well-being, were associated with lower risks of short- and long-term absenteeism.
The multi-state model provided a more in-depth understanding of absenteeism, notably by
measuring more transitions between states than the survival model.

Conclusions: Psychosocial well-being appears to protect workers from absenteeism. Survival
and multi-state analysis make it possible to study absenteeism, but the multi-state model seems
more complete and more suitable, overcoming the constraints of the survival model.

Trial registration: Clinicaltrials.gov: NCT02596737.

Keywords: psychosocial well-being; work absenteeism, survival model; multistate model
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Introduction

Workplace absenteeism refers to the “unplanned nonattendance of an individual at his or her
workstation” [1]. Absenteeism quickly became a major problem for organizations due to the
significant risk it poses to employee health and loss of productivity [2]. Protecting workers from
the risk of work absenteeism is essential to keeping them healthy [3], which is an employer’s
duty. Most of the factors contributing to absenteeism from work belong to the family of
psychosocial factors [4—6]. Yet, psychosocial well-being, which is a unique and inclusive
concept encompassing multiple dimensions of well-being [7], remains poorly studied in the
general working population [8,9]. It could therefore be worthwhile to observe the impact of
psychosocial well-being both on the onset of an absence and on its duration. As it is known that
certain factors tend to cause both short- and long-term absences [10], our hypothesis is that
workers expressing high psychosocial feelings, or in other words a state of psychosocial well-
being rather than discomfort, should be less exposed to the risk of absence, whatever the
duration. Other sociodemographic factors known to influence absenteeism, such as age [11],
seniority [12], and gender [13], could also mediate this relationship.

Because of its complex nature, the literature on work absenteeism is replete with different
approaches [14]. Among these approaches, survival analysis has emerged as one of the most
efficient, as it enables to study the occurrence of an event over time, such as the absences of a
worker [15-18]. However, there are three major problems with using a survival model to study
absenteeism at work. First, the model is limited to only two states (life and death), which
requires either applying a model per end state or turning to a more complex model such as the
competing risks survival model. Secondly, the model is limited to the study of a single event or
transition (from a state of life to a state of death), which does not allow multiple events per
individual to be considered. Unlike a singular event like death, for example, workers may
experience multiple episodes of work absenteeism over time. Thirdly, while the model

measures the probability of an event occurring, it attaches no importance to the duration of that
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event. For absenteeism, this constraint appears restrictive since workers may experience longer
or shorter interruptions in their activity. To overcome these issues, the survival model would
then have to be based on all worker absences and no longer be limited to individual’s first
absence, but this does make the interpretation of results more complex, even impossible. The
multi-state model approach then appears to be the perfect tool, as a replacement or a
complement to survival analysis, for analyzing absenteeism data [19,20]. Indeed, the approach
makes it possible to model a process in which individuals can move from one state to another,
for example, between periods when workers are at work and periods when they are absent, and
vice versa, in addition to measuring the time spent by individuals in each state.

Thus, the main objective of this study was to evaluate the influence of psychosocial well-being
(or discomfort) on both short- and long-term work absenteeism using two different approaches,
first with survival models, one based on the worker’s first absenteeism event only (single-event
approach) and the other with all the worker’s absenteeism periods (multiple-event approach),

and then with a multi-state.

Methods

Study design and recruitment

The web-based application Wittyfit (Cegid) was developed in collaboration with the university
hospital of Clermont-Ferrand. It is widely used by companies in various industries in France to
assess the well-being and psychosocial risks of their employees, aiming to enhance overall
performance [21]. Participation in Wittyfit is voluntary, and it allows users to anonymously
express their thoughts and feelings by completing health-related surveys, which contribute to
evaluating their general health status. The software provides personalized feedback based on
the gathered information. Data collection for this study was conducted in the year 2022.
Absenteeism data was obtained from employees of three companies using Wittyfit who

volunteered to take part in the study and who had participated in Wittyfit surveys at least once
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during that year, whether the surveys were completed fully or partially. Prior to their
participation, all subjects provided informed consent, following the terms and conditions of
Wittyfit. The study received approval from two regulatory bodies, namely the French data
protection authority (CNIL) and the Ethics Committeve of Clermont-Ferrand (South-East 1V)

(Clinicaltrials.gov: NCT02596737).

Outcomes

Work absenteeism: Over the year, when an employee was absent from work for a reason not
related to work (i.e., other than scheduled vacation, a training period, a day off or an
occupational illness), this was considered a period of absenteeism from work. When a worker
was absent for a period of seven days or less, we considered this to be a short-term period of
absenteeism, otherwise a long-term period. This threshold was chosen in accordance with
French law that permit employees to get daily allowances for work stoppage higher than seven
days of sick leave. This duration of absenteeism also previously required an occupational health
consultation for occupational accidents. Outside his periods of absenteeism, a worker was
supposed to be at work. If a worker left his or her company before the end of the year, we
considered the data right censored at the time of his or her departure.

Psychosocial feelings, well-being, and discomfort: Workers’ psychosocial feelings was
measured using the Psychosocial Well-being Index and normalized, ranging from zero to one
[8]. All psychosocial factors necessary for its assessment, including job satisfaction,
atmosphere, recognition, work-life balance, meaning, work organization, values, workload,
autonomy, and stress, were assessed in the Wittyfit platform using visual analog scales (VAS)
[22—-24]. The VAS of Wittyfit are graduated from zero to 100, with zero indicating a low level
and 100 a high level. The average score over the year was retained for each indicator. If a
worker has never evaluated an indicator during the year, it was considered a missing value.
Initially ranging from -54.6 to 40.0, the psychosocial well-being index has been rescaled from
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zero to one. To determine whether a worker was in a state of psychosocial well-being or
discomfort, we considered that if his/her psychosocial feelings was above the median level of
the population, he/she was in a state of psychosocial well-being, otherwise in a state of
discomfort.

Sociodemographic: Age, seniority, gender, and job position of workers were given by
companies using Wittyfit. The job position of a worker could be either employee or manager,
where a manager is defined by someone who must assume the overseeing of other workers,

namely the employees.

Statistics

Quantitative data such as age, seniority, and psychosocial feelings of workers were presented
as mean + standard deviation. Qualitative data, including the proportion of men and women,
the proportion of employees and managers, the prevalence of absenteeism, the proportion of
workers in a state of psychosocial well-being or discomfort, and the proportion of workers who
left their company during the study year, were reported as the number of individuals and the
corresponding percentage. In a first survival models approach, involving single-event models
based on first worker absences only and multiple-event models based on all worker absences,
we separately evaluated the survival time to short- and long-term work absenteeism using
Kaplan-Meier method [22]. We then fitted Cox proportional hazards models to assess the
influence of psychosocial feelings, as a quantitative or qualitative variable, on survival time
[23]. All Cox proportional hazards models were adjusted twice, first univariately, then adjusted
for age, seniority, gender, and job position. In a second multi-state model approach, we
evaluated the transition probabilities between the three possible states in which workers could
evolve. The three states were: “at work” (state 1), “absent for a short period” (<7 days, state 2),
or “absent for a long period” (>7 days, state 3). For each model, transition probability matrix
and average sojourn times (mean time spent by an individual in a state) were calculated with
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95CI. As with the survival models, we then evaluated the influence on psychosocial feelings,
as a quantitative or qualitive variable, on the probability of moving from one state to another,
in a univariate then adjusted model. Since data on psychosocial factors were missing completely
at random [24], hierarchical multiple imputation was conducted using the “mice” command
from the R package of the same name. Individual and company were treated as random effects
and age, seniority, gender, and job position as predictive factors to mitigate bias resulting from
complete-cases analysis [25,26]. All models’ estimates were turned into hazard ratios (HR),
either crude for univariate models or adjusted for multivariate models, with their 95%
confidence interval (95CI). All statistical analyses were carried out using R (version 4.3.1) [27].

Unless specified, a p-value <0.05 was considered as statistically significant.

Results

Participants

Data were collected from 5,745 workers from the three companies from the sector of activity
of the sale of goods and services, of sizes 1,578, 1,598, and 2,569, with an average age of
40.5%10.6 years old, an average seniority of 9.0+8.9 years. The sample includes 3,104 women
(54.0% of the population) and 2,641 men (46.0%), whom 5,290 are employees (92.1%) and
455 are managers (7.9%). Workers’ psychosocial feelings was 0.63£0.21 on average, with a
median of 0.65. During the study year, 2,922 workers (50.9%) had at least one period of
absenteeism, whether short or long. More precisely, 2,618 workers (45.6%) had at least one
period of short-term absenteeism, 1,123 (19.5%) a period of long-term absenteeism, and 819
(14.3%) had both. In the population, there were a total of 6,206 short-term absences for an
average number of absences per individual of 1.08, and a total of 2,385 long-term absences for
an average number of 0.42 absences per individual. Every day, on average, 92.2% of the

population was at work, 5.6% was absent for a short period and 2.2% for a long period. During
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the year, 271 workers (4.7%) left their company (Figure 1). More information on worker

absenteeism can be found in supplementary materials (Figure S1, Figure S2).

Workers using Wittyfit
n=59,815

H Excluded n=51,792 (workers not from selected companies)

Workers in companies with
absenteeism data
n=8,023

—{ Excluded n=2,278 (no data in Wittyfit in the study year)
A

Included participants
n=8,023

Objective
To evaluate the influence of psychosocial well-being on both short- and
long-term work absenteeism using survival then multi-state models

Outcomes

Psychosocial well-being Work absenteeism

- Psychosocial feelings (quantitative) - Short-term (<7 days)
- Psychosocial well-being/discomfort (qualitative) - Long-term (>7 days)

/\

Survival analysis ‘ ‘ Multi-state analysis ‘

hin 1

| : ° °

Surval ame (82y3)

Figure 1. Flowchart of the study.

Legend: ‘n’ sample size.

Survival time to work absenteeism

According to single-event survival models, at the end of the year, 53.9% (95CI 25.7 to 55.3%)
of workers survived an event of short-term absenteeism and 80.1 % (79.1 to 81.2%) a long-
term absenteeism event. Overall, survival probability of short-term absenteeism decreased by
0.13+0.11% each day, and that of long-term absenteeism by 0.06+£0.06%. High psychosocial
feelings were associated with lower odds of absenteeism, whether short- (crude HR=0.45, 95CI
0.37 to 0.54, p<0.001; adjusted HR=0.42, 0.35 to 0.51, p<0.001) or even more long-term (0.26,

0.19to0 0.34, p<0.001; 0.24, 0.18 to 0.32, p<0.001). Workers expressing a state of psychosocial
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well-being were less likely to be absent, both for a short duration (0.78, 0.72 to 0.84, p<0.001;
0.76, 0.70 to 0.82, p<0.001) and more for a long duration (0.26, 0.19 to 0.34, p<0.001; 0.24,

0.18 to 0.32, p<0.001) (Figures 2 and 3).
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Figure 2. Evolution of the probability of surviving short-term absenteeism (simple-event

survival model).

Legend: Kaplan-Meier survival curves illustrate the probability of workers surviving short-term absenteeism event

in a state of psychosocial well-being (dotted line) or discomfort (dashed line).
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Figure 3. Evolution of the probability of surviving long-term absenteeism (simple-event

survival model).

Legend: Kaplan-Meier survival curves illustrate the probability of workers surviving long-term absenteeism event

in a state of psychosocial well-being (dotted line) or discomfort (dashed line).
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Considering all worker absences combined, the probability of surviving short-term absenteeism
event given by the multi-event survival model was reduced to 32.9% (95CI 31.0 to 34.9%), and
that of long-term absenteeism to 65.2% (63.1 to 67.3%). Compared to the first model, the
average daily survival probability of absenteeism decreased more rapidly, falling to
0.19£0.13% for short-term absenteeism, and to 0.10+£0.15% for long-term absenteeism. As
shown with single event survival models, psychosocial feelings of workers were found to
reduce the risk of short (crude HR=0.45, 95CI 0.40 to 0.50, p<0.001; adjusted HR=0.42, 0.37
to 0.47, p<0.001) and even more long period absence (0.23, 0.19 to 0.28, p<0.001; 0.21, 0.18
to 0.26, p<0.001). Again, workers who expressed a state of psychosocial well-being proved to
be less exposed to the risk of short-term absenteeism (0.77, 0.74, 0.81, p<0.001; 0.75, 0.71 to
0.79, p<0.001) and even less exposed to the risk of long-term absenteeism (0.23, 0.19 to 0.28,

p<0.001; 0.21, 0.18 to 0.26, p<0.001) (Figures 4 and 5).
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Figure 4. Evolution of the probability of surviving short-term absenteeism (multiple-event

survival model).

Legend: Kaplan-Meier survival curves illustrate the probability of workers surviving short-term absenteeism event

in a state of psychosocial well-being (dotted line) or discomfort (dashed line).
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Figure 5. Evolution of the probability of surviving long-term absenteeism (multiple-event

survival model).
Legend: Kaplan-Meier survival curves illustrate the probability of workers surviving long-term absenteeism event

in a state of psychosocial well-being (dotted line) or discomfort (dashed line).

Multi-state analysis of work absenteeism

When they were in state 1 during a day (i.e., at work), workers had a very low risk to move to
state 2 (i.e., absent for a short time; 0.77%, 95CI 0.74 to 0.79%), and even lower to move to
state 3 (i.e., absent for a long time; 0.22%, 0.20 to 0.23%) the next day. When in state 2, workers
had a 25.9% (25.2 to 26.5%) chance to move to state 1, and a very low risk of moving to state 3
(1.38, 1.23t0 1.55%). In state 3, the probability of moving to state 1 was 2.93% (2.78 to 3.10%)
compared to 0.46% (0.40 to 0.53%) of moving to state 2. Mean sojourn time was 89.7 (95CI
87.4 10 91.9) days in state 1, 3.13 (3.04 to 3.22) days in state 2, and 28.9 (27.4 to 30.5) days in

state 3 (Figure 6).
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State 1:
“at work”

2.93%

(2.78, 3.10)
25.9%

(25.2, 26.5)

State 2: State 3:
“absent for a “absent for a
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(<7 days)” (0.40, 0.53) (>7 days)’

96.6%
(96.4, 96.8)

72.8%
(72.1, 73.4)

1.38%
(1.23, 1.55)

Figure 6. Estimated time-to-time transition probabilities between states.

Legend: Transition probabilities between states are presented with 95% confidence intervals.

It was found that the psychosocial feelings of workers reduced the risk of being absent one day
when they were at work the day before. In fact, workers with high psychosocial feelings were
less likely to move from state 1 to state 2 (crude HR=0.85, 95CI1 0.75 to 0.97, p=0.007; adjusted
HR=0.83, 0.73 to 0.95, p=0.002), and almost half as likely to move to state 3 (0.44, 0.34 to
0.58, p<0.001; 0.43, 0.33 to 0.57, p<0.001). Surprisingly, workers who reported a state of
psychosocial well-being were no less likely to move from state 1 to state 2 (0.98, 0.93 to 1.04,
p=0.3; 0.97,0.91 to0 1.03, p=0.1). However, there were less likely to move from state 1 to state 3

(0.72, 0.64 to 0.81, p<0.001; 0.71, 0.63 to 0.80, p<0.001) (Table 1).
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Table 1. Estimated covariate effect of psychosocial feelings and psychosocial well-being on

transition intensities between states.

Effect of psychosocial feelings/well-being on transition intensity

(hazard ratio and 95% confidence interval)

Transition Psychosocial feelings Psychosocial well-being
between states (quantitative variable) (qualitative variable)
from > to ivari ivari
( ) Univariate model Multivariate Univariate model Multivariate
(crude) model (crude) model
(adjusted) (adjusted)

1>2 0.85(0.75t00.97) 0.83(0.73t00.95) 0.98 (0.93t01.04)  0.97 (0.91 to 1.03)
1>3 0.44(0.34t00.58) 0.43(0.33t00.57) 0.72(0.64t00.81) 0.71(0.63 to 0.80)
2>1 1.05(0.92t01.19) 1.01(0.89to1.15) 1.02(0.96t01.09) 1.01(0.95t0 1.07)
2>3 0.75(0.44t01.29) 0.74(0.42t01.27) 0.99(0.78t0 1.26)  0.98 (0.77 to 1.25)
3>1 1.03(0.80t01.33) 1.05(0.81t01.36) 0.96 (0.85t01.09)  0.97 (0.86to 1.10)
3>2 1.49(0.82t02.69) 157(0.86t02.83) 1.23(0.94t01.61) 1.24(0.94t01.62)

Legend: A bold result means that the influence of the covariate is significant. States: ‘1’="“at work”, ‘2’="absent

for a short period”, ‘3’="absent for a long period”.

Discussion

The main results showed that when they expressed high psychosocial feelings, or in other words
when they were in a state of psychosocial well-being, workers were at less risk of work
absenteeism, whether for a short or long term. The two approaches considered, namely survival

and multi-state analyses, gave essentially the same results.

The protective effect of psychosocial well-being on work absenteeism

Psychological well-being is an essential characteristic of mental health, largely associated with
happiness [28]. When we know that happiness is associated with lower risks of absenteeism
[29], itis not surprising to find the same trend with psychosocial well-being. This is all the truer
when we know that the need to be absent can be influenced by work-related factors [30]. In this
article, we found that high psychosocial feelings tended to reduce the risk of absenteeism. In

both approaches, it was found that the higher the psychosocial feelings of workers, the lower
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their risks of absenteeism, both short-term and even more long-term. Research has shown that
the psychosocial working environment is strongly associated with absenteeism, both for short-
[31] and long-term events [32]. Therefore, our results seem to confirm that psychosocial well-
being, like many work-related factors [10], may be at the root of both short- and long-term work
absenteeism. Yet, when studied through the lens of psychosocial well-being/discomfort, the
results held true, except for the association with short-term work absenteeism in the multi-state
analysis, which did not turn to be significant. Previous studies examining the links between
psychosocial factors and absenteeism have shown that this association is stronger for long-term
absenteeism, which is consistent with our results [33,34]. The multi-state analysis revealed that
although psychosocial well-being could reduce the risk of absenteeism, it did not increase the
chances of returning to work. Psychosocial well-being is mainly work-related, which means
that employers can only work on improving that of their employees when they are present in
the workplace. From this perspective, it is necessary that employers work constantly to ensure
that their employees work in a healthy working environment [35]. We suggest for example that
employers focus on prevention, recognized as an effective tool for improving workers well-

being [36].

A dual modelling of the evolution of work absenteeism over time

The study of absenteeism from work using survival analysis has become particularly
widespread over the last years [15,17,18]. This is particularly evident in studies that are limited
to the evaluation of the time elapsed before a first absence, considered as a definitive event,
because this gives results equivalent to standard Poisson regression models [16]. The single-
event model we first considered was designed in this way, making it possible to model the daily
evolution of the probability of surviving a first event of absenteeism, either of short or long
duration. Yet, since work absenteeism is not an absorbing event from which workers cannot
return, we decided to consider a multiple-event model in our survival approach, extended to all
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periods of worker absenteeism rather than just the first period. However, this method has the
disadvantage of making it impossible to interpret the survival curve, as it does not consider the
possibility of an individual returning to its initial state (at work) after the occurrence of an event
(an absenteeism event), so that the probability of survival can only decrease. Still, despite the
drawbacks of the multiple-event model, Cox proportional hazards models gave the same results
as the single-event model, with essentially the same effect sizes. Survival models can be used
to assess the risk of work absenteeism and the putative influence of covariates, but do not
consider changes in state other than the transition from the working state to a state of work
absenteeism. Nor do they measure the time spent by individuals in a state of absenteeism or
evaluate the risk of repeated absence for workers. These constraints limit the ability of survival
models to analyze a repeated phenomenon such as absenteeism from work, and the use of the
multi-state model becomes relevant [20]. Unlike the first approach, the model made it possible
to estimate that workers had approximately 1% of becoming absent each day (0.77% of
becoming absent for a short period, 0.22% for a long one), and spent on average 3.13
(respectively 28.9) days convalescing in the event of a short (respectively long) period of
absenteeism. This suggests that the underlying reasons for short absences are rarer than for long
absences [10]. The model also showed that the risk of repeated absence of workers was not
zero, suggesting that an individual’s absenteeism episodes may be interrelated, and therefore
share common causes, as already shown for sickness absences [37-40]. Overall, the sole
application of the multi-state model made it possible to find results close to those of the survival
models in addition to providing additional information. It appears that, as expected, the multi-
state model allows better modeling of absenteeism. This approach should be more widely

considered by researchers wishing to study absenteeism at work.
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Limitations

We acknowledge some limitations within the study. A limitation of the current research is
related to the sample consisting only French workers. Data only comes from three companies,
and French companies can be impacted to a greater or lesser extent by absenteeism. Similarly,
the risk of absenteeism may be different depending on the occupation studied. With over 5,000
workers included in the study, we can expect a variety of different occupations to have been
represented, reducing the risk of potential biases. Nevertheless, it would be interesting to add
other countries to this study, as we would expect to observe different rates of absenteeism in
different countries [42]. Using self-reported responses to assess how workers felt about
different psychosocial factors may have led to potential bias. As all responses were collected
through surveys within the Wittyfit platform, where volunteers were able to express their
feelings anonymously and whenever they wished [21], we were able to control for the impact
of these two biases. By treating each absence equally, we were unable to measure the effect of
psychosocial well-being according to the type of absence (illness, family event, etc.). Moreover,
one would expect the reason of an absence and its duration to be related. However, an absence,
whatever the reason, can be due to psychosocial problems. This is particularly true of absences
due to illness [43,32], but also applies to accidents [44] or unjustified absences [45], for
example. Future studies on the subject will focus on specific reasons for absences to have a

better understanding of the mechanisms between absenteeism at work and psychosocial factors.

Conclusions

Psychosocial well-being helps protect workers against short- and long-term absenteeism. It is
essential for employers to ensure that their employees are in a state of psychosocial well-being.
Survival or multi-state approaches have proved to be relevant and effective tools for studying
absenteeism at work. However, the characteristics of the survival model, such as the limited

number of states and transitions, may prove limiting for the study of a phenomenon such as
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absenteeism, where being absent is not necessarily a definitive state from which workers cannot

return, and the multi-state model appears to be a perfect alternative.
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Supplementary materials

Additional information on the distribution of periods of work absenteeism (Figure S1) and on

the evolution of the distribution of states in workers, namely “at work™, “absent for a short time

(<7 days)”, and “absent for a long time (>7 days)” (Figure S2), are presented below.
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Figure S1. Distribution of the total number of work absenteeism episodes per individual.

Legend: ‘10+’ more than 10 periods of absenteeism from work.
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Figure S2. Evolution of the distribution of states.

Legend: Colored areas represent the daily proportion of workers in the population of each state at any given time.
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Discussion générale

1. L’étude des données de santé au travail au service de la lutte contre les

risques psychosociaux

Il n’existe pas de solution universelle pour lutter contre les RPS en milieu professionnel. La
réalité d’une entreprise peut étre tres différente de celle d’une autre entreprise, et les travailleurs
d’une méme organisation peuvent étre exposes inégalement a ces risques. Agir efficacement
contre les RPS requiert une évaluation préalable des risques encourus par les travailleurs sur
leur lieu de travail [123]. Cette évaluation doit tenir compte des spécificités de chaque entreprise
comme I’environnement de travail, la nature des activités, ou les caractéristiques des salariés.
Elle doit également s’inscrire dans une démarche participative, impliquant a la fois les
employeurs et les employés [42]. Dans ce travail de these, nous avons analysé les données
comportementales des travailleurs qui utilisent la plateforme Wittyfit, plateforme qui permet a
ses utilisateurs de contribuer a I’évaluation et a I’amélioration de leur bien-étre au travail. Parce
gu’elle offre aux entreprises un outil capable d’évaluer les risques encourus par les salariés dans
I’exercice de leur activité, et parce qu’elle repose sur la participation active et volontaire de ses
utilisateurs, la plateforme permet aux entreprises d’agir contre les RPS.

Pour répondre aux enjeux épidémiologiques et médico-économiques de ce travail de these, nous
avons mené des études centrées sur les différents indicateurs mesurés par la plateforme. Nos
objectifs étaient de démontrer que 1’analyse des données de Wittyfit permettait a la fois de
quantifier I’exposition aux RPS des travailleurs et utilisateurs de la plateforme, de mesurer
I’influence des facteurs psychosociaux engendrant ces risques, et d’étudier leurs liens avec des
indicateurs socio-économiques, notamment I’absentéisme. Dans une approche transversale,
nous avons mesurée la prévalence d’employés et de managers en situation de job strain ou
d’isostrain en utilisant le modéle de Karasek. Ces risques sont connus pour étre associés au

stress et donc néfastes pour la santé [124-127]. De la méme maniére, en utilisant des
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questionnaires adaptés, nous avons mesuré la prévalence de travailleurs en situation
d’insatisfaction au travail selon leur position managériale. Comme le job strain et 1’isotrain,
I’insatisfaction au travail est un facteur de stress [20,128] susceptible d’avoir des effets déléteres
pour la santé des travailleurs [20,129]. Quantifier les facteurs de risques au travers du prisme
du statut managérial nous a paru pertinent pour deux raisons, a savoir I’importance du réle de
manager en entreprise et le faible nombre d’études menées sur cette population [130,131]. En
outre, nous avons constaté que certaines caractéristiques sociodémographiques telles I’age,
I’ancienneté dans la profession, et le sexe (en particulier le fait d’étre une femme) pouvaient
altérer le ressenti psychosocial des travailleurs. L’analyse longitudinale opérée dans notre
quatrieme étude a permis de confirmer ces résultats en apportant de plus la preuve de
I’association entre stress et satisfaction au travail. Ces résultats suggerent qu’une intervention
dont I’objectif est de protéger les individus contre un potentiel risque de stress peut aussi
s’avérer efficace pour lutter contre I’insatisfaction au travail, et inversement. L’intersection de
ces deux indicateurs liés au travail appuie 1’aspect multidimensionnel du bien-étre psychosocial
[10]. Ce constat nous a par ailleurs conduit a explorer un grand nombre de dimensions du travail
dans notre modéle d’équation structurelle pour construire un indice de bien-étre psychosocial.
Apreés avoir mesuré I’exposition des travailleurs aux RPS et évaluer leurs facteurs de risques,
nous avons exploré les relations entre les différents facteurs et un indicateur de performance
des entreprises, I’absentéisme. Facteurs psychosociaux et absentéisme sur le lieu de travail sont
intimement liés [70]. Dans les derniers articles de cette these, nous avons examiné les
associations entre les facteurs psychosociaux que nous avions précédemment étudiés et
I’absentéisme. Dans la premiere étude transversale, nous avons constaté qu’un bien-étre
psychosocial élevé était associé a un risque et a une durée d’absence pour maladie plus faibles.
L’absentéisme pour cause de maladie est un indicateur majeur du bien étre des travailleurs en
entreprise [132]. Nos résultats corroborent I’idéee selon laquelle I’amélioration de

I’environnement psychosocial au travail contribue a réduire le risque d’absentéisme, peu
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importe la durée de I’arrét maladie [133]. Pour aller plus loin, dans la seconde étude placée
cette fois-ci dans un cadre longitudinal, nous avons quantifié I’effet protecteur du bien-étre
psychosocial sur le risque d’absentéisme. La littérature a déja pu mettre en évidence |’effet
protecteur du bien-étre psychosocial sur I’absentéisme [134]. L’emploi de modeles de survie et
multi-états dans notre étude, classés parmi les modeéles longitudinaux, renforce le niveau de
preuve de ces résultats. Finalement, notre travail de thése a permis d’accroitre les connaissances
autour des liens entre facteurs psychosociaux, RPS, qualité de vie et bien-étre, et absentéisme
(Figure 5).
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Figure 5. Contribution de la these a I’approfondissement des connaissances sur les relations

entre les facteurs psychosociaux, la qualité de vie au travail, le bien-étre et I’absentéisme

Lutter contre les RPS sur le lieu de travail permet non seulement d’améliorer le bien-étre
psychosocial et la santé des travailleurs, mais assure aussi le bien-étre et la prospérité des
entreprises [135]. Nous avons montré que cela pouvait se traduire, par exemple, par une
réduction de [I’absentéisme, favorisant la productivité et la performance globale des
organisations [74]. Ce travail de these a démontré que I’analyse des données de santé au travail
rendait possible I’étude des facteurs psychosociaux pour les travailleurs et les conséquences
économiques néfastes pour les entreprises. En utilisant des modeéles capables de mesurer
I’exposition des travailleurs aux RPS, de prédire I’évolution de leur bien-étre, en tenant compte

de leurs caractéristiques et de celles des entreprises, le tout en analysant des données collectées
154



gréce a I’engagement volontaire des travailleurs et a leur capacité a évaluer leur propre état de
bien-étre, nous avons démontré que la médecine 4P était un outil efficace pour améliorer la

sante des travailleurs et la performance des entreprises.

2. Les défis de I’analyse de données de santé au travail : enjeux et réponses

meéthodologiques

Les bases de données du monde réel offre une source intarissable d’informations utile a la
recherche en santé. Ces bases peuvent contenir une grande quantité de données collectées au
sein d’échantillons représentatifs d’individus dans la population et permettent de suivre leur
évolution au cours du temps, @ moindre co(t. Les données du monde réel sont une source
inestimable pour les chercheurs, mais I’analyse de ces données comporte des défis
méthodologiques qu’il convient de comprendre et de prendre en compte. La qualité des
données, la gestion des possibles biais, et la nécessité d’appliquer des méthodes et modéles
statistiques adéquats pour faire face aux nombreuses problématiques constituent des aspects
cruciaux que les chercheurs se doivent de prendre en considération dans leurs analyses [136].
Dans le cadre de cette thése, nous avons exploré les défis méthodologiques associés a I’analyse
de données du monde réel, longitudinales, liées a la santé au travail. Notre attention s’est
principalement portée sur trois défis majeurs: la gestion des données en cluster, la
problématique des donnees manquantes et les spécificités des données longitudinales. S’il
existe des situations dans lesquelles il est possible de répondre a ces enjeux indépendamment
les uns des autres, une majeure partie des difficultés de I’analyse de données de santé au travail
se situe a la frontiere entre ces differents concepts. Notre travail a permis de mettre en évidence
les diverses méthodes et solutions existantes dans la littérature scientifique qui permettent de

répondre a ces enjeux, tant de maniere isolée que simultanée (Figure 6).
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Figure 6. Solutions et méthodes pour répondre aux enjeux méthodologiques de I’analyse de

données de santé au travail

Pour aider les chercheurs a surmonter ces obstacles méthodologiques, nous avons élaboré une
méthodologie basée sur des approches et des modeles statistiques éprouvés, tirés de la littérature
spécialisée. Aborder les principales questions liées a I’analyse des données longitudinales peut
considérablement améliorer la qualité des analyses. Traiter les données manquantes dans un jeu
de données en les estimant ou en les imputant peut, par exemple, pallier au risque de biais et de
perte de puissance statistique des analyses [137]. Plus largement, répondre aux défis de
I’analyse de santé au travail peut contribuer a garantir que les résultats d’une étude soient
géneéralisables [138]. Bien que la qualité des analyses soit intrinsequement liée a la résolution
des enjeux méthodologiques, cela peut parfois se révéler étre une tdche complexe, voire
dépendre en partie des décisions prises par les chercheurs. Par exemple, toujours dans le cas de
données manquantes, nous avons vu qu’il est souvent difficile, voire impossible en pratique, de
verifier les hypotheses qui guident le choix d’un type de données manquantes par rapport a un
autre [119]. Les chercheurs sont ainsi confrontés a un dilemme méthodologique délicat qui
nécessite une approche réfléchie et des choix avisés pour atteindre des résultats de haute qualité.
L’approche que nous avons exposée n’a pas pour ambition d’étre une solution infaillible

garantissant la fiabilité des résultats de n’importe quelle étude. Elle se veut plutdt étre un cadre
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général permettant aux chercheurs de détecter les éventuels biais dans leurs études, de les
reconnaitre et de travailler a les minimiser. Nous avons pris ce cadre comme base pour nos
propres études tout au long de cette thése, démontrant ainsi sa pertinence pour relever les défis
méthodologiques qui nous été imposés. L’un de ces defis majeurs auquel nous avons étions
confrontés était lié a la nature de nos données. Les utilisateurs de la plateforme Wittyfit
provenant de diverses entreprises, chacune avec une identité et des caractéristiques propres, nos
données présentaient une structure hiérarchique. Cette structure nous a amené a considérer
I’entreprise comme un cluster, et donc a imputer des observations manguantes entreprise par
entreprise ou a utiliser des modéles mixtes en considérant un « effet entreprise » comme effet
aléatoire. Une autre difficulté résidait dans la gestion des données manguantes, en particulier
dans la définition de leur nature. Etant donné qu’il est impossible de suivre les utilisateurs au-
dela des données recueillies dans la plateforme, nous ne pouvions pas déterminer avec certitude
leur type, ce qui nous a obligé a les considérer comme étant MNAR. A I’inverse des études
aves des données manquantes MCAR, il nous était impossible de lever pleinement et avec
certitude certains biais comme le biais de sélection, d’information ou de confusion [139].
L’ analyse de sensibilité devenait indispensable lorsque le taux de données manquantes était
trop élevé afin d’évaluer la robustesse de nos résultats [140]. Comme de nombreuses bases de
données du monde réel, la base Wittyfit est sujette a des problemes de qualité des données,
notamment en raison de données incomplétes et incohérentes [141]. Bien que Wittyfit puisse
recueillir de maniere répétée le ressenti de ses utilisateurs, elle ne peut garantir ni la régularité,
ni la continuité de ces données. Dans nos études longitudinales, cette limitation s’est traduite
par une attrition importante, nous obligeant a réduire la durée de la période d’étude et a opter
pour des intervalles de temps de temps trés larges, ce qui a restreint la généralisabilité de nos
résultats. Malgré les nombreux enjeux et défis que nous avons di surmonter au cours de nos
études, nous avons démontré qu’en suivant rigoureusement la méthodologie que nous avons

définie, il était possible d’obtenir des résultats pertinents et en accord avec la littérature. Ces
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réalisations témoignent de I’efficacité de notre approche méthodologique et renforcent la
crédibilité de notre travail de recherche, soulignant ainsi les avancées significatives que nous

avons accomplies dans le domaine de la santé au travail.
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Conclusions et perspectives

La lutte contre les RPS en milieu professionnel est complexe car chaque entreprise et chaque
travailleur présentent des spécificités qui demandent une évaluation plus personnalisée des
risques. Cette these a exploré la possibilité d’utiliser I’analyse de données de santé au travail,
en particulier des données issues de la plateforme Wittyfit, pour quantifier I’exposition des
travailleurs aux RPS, identifier et évaluer les facteurs psychosociaux liés a ces risques, et
mesurer I’impact de ces facteurs sur des indicateurs clés de performance des entreprises comme
I’absentéisme. Nous avons évalué I’exposition des travailleurs aux RPS en étudiant des facteurs
tels que le stress, I’insatisfaction au travail, le job strain, I’isostrain, ou encore le mal-étre au
travail. Parallelement, nous avons examiné I’impact des caractéristiques sociodémographiques
des individus et de leur environnement et conditions de travail sur ces risques. Nous avons enfin
étudié et mis en évidence I’association entre les facteurs psychosociaux et I’absentéisme sur le
lieu de travail, soulignant I’importance de garantir la santé des travailleurs pour les entreprises.
Cette thése a contribué a démontrer la pertinence de I’approche de la médecine 4P en milieu
professionnel. Par I’analyse des données de santé au travail, nous avons démontré qu’il était de
prédire I’exposition des travailleurs aux RPS et les risques pour leur santé. En identifiant les
travailleurs a risque et en mesurant les conséquences sanitaires et économiques des facteurs
psychosociaux, nous avons proposé des pistes d’amélioration pouvant étre intégrées dans les
stratégies de prévention contre les RPS. Notre travail a également mis en évidence les
différences pouvant exister entre les entreprises, en particulier en ce qui concerne dans la
mesure des RPS. Nous avons également observe des disparités entre les travailleurs, par
exemple en comparant les situations de travail et les niveaux de satisfaction des managers et
des employeés. Ces constats soulignent la nécessité de mettre en ceuvre des approches plus
personnalisées pour améliorer la QVT sur le lieu de travail. Enfin, notre thése a montré que la
participation active des travailleurs a I’évaluation de leur bien-étre psychosocial est un outil

pertinent pour lutter contre les RPS.
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D’un point de vue statistique et méthodologique, cette thése a permis de faire I’état de I’art des
enjeux de I’analyse de données de santé au travail et de presenter les modeéles et méthodes pour
y répondre. Elle a mis en évidence I’importance de traiter les données en cluster, de gérer les
données manguantes dans les analyses et de tenir compte des spécificités des données
longitudinales. Au-dela de la simple reconnaissance de ces enjeux, nous avons élaboré dans
cette thése une méthodologie robuste visant a surmonter ces obstacles et a élargir notre
compréhension des défis liés a I’analyse des données du monde réel en santé au travail. Cette
approche méthodologique offre un cadre solide pour relever les difficultés courantes et
améliorer la qualité des futures analyses dans ce domaine en constante évolution. Appliquée a
nos données, notre méthodologie a permis de fournir des résultats pertinents, robustes, alignés
sur la littérature.

Pour conclure, cette thése renforce la valeur de I’analyse des données de santé au travail, en
mettant en évidence I’utilité des données du monde réel, en particulier celles provenant de la
base Wittyfit, dans la lutte contre les RPS. Nous avons démontré qu’il était possible, a partir de
ces données, d’étudier I’évolution de I’état de santé des travailleurs au fil des années ou d’établir
des corrélations entre facteurs psychosociaux et répercussions économiques. Cependant, en
raison la récente création de la base de données Wittyfit et des difficultés dans la collecte des
données socio-économiques des entreprises qui utilisent la plateforme, nous n’avons pas pu
examiner ces mémes corrélations au cours du temps. Par exemple, il aurait été pertinent
d’étudier comment une détérioration de la qualité de vie des travailleurs pouvait étre prédictive
d’une dégradation de leur état de santé ou d’un risque d’absentéisme. Pour des raisons
similaires, nous n’avons pas été en mesure d’utiliser I’analyse de données de santé au travail
sur de longues périodes d’étude pour anticiper les conségquences sanitaires et économiques, a
court, moyen et long terme d’une intervention de prévention sur le lieu de travail. Par
conséquent, a I’avenir, il serait judicieux de répliquer nos études sur les relations entre facteurs

psychosociaux et absentéisme en étudiant comment I’évolution du bien-étre psychosocial des

161



travailleurs influence le risque d’absence au cours du temps. Par leur caractére longitudinal, ces
études pourraient en outre permettre d’appuyer ou de renforcer notre approche méthodologique.
Ce travail de thése a démontré la pertinence de I’utilisation des bases de données de santé au
travail pour évaluer les RPS en milieu professionnel et contribuer a améliorer la qualité de vie
des travailleurs. La digitalisation rapide et progressive de la médecine du travail offre des
perspectives intéressantes, en particulier pour ameéliorer I’accessibilité et I’efficacité des soins,
le suivi en temps réel de la santé des travailleurs, et la possibilité de réaliser des analyses de
données plus poussée pour une meilleure prévention et gestion des RPS. Avec la révolution de
la digitalisation et de I’accumulation continue des données de santé au travail, on peut envisager
un futur ou les travailleurs, les employeurs et les médecins du travail, dans un rapport gagnant-

gagnant-gagnant, contribueraient tous ensemble a garantir la QVT pour tous.
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Annexes

Annexe A : Captures d’eécran de la plateforme Wittyfit

Les captures d’écran ci-dessous sont issues de la plateforme Wittyfit et présentent les deux
parties de la plateforme : la partie dediée aux collaborateurs (Figures Al, A2 et A3), et la partie
dédiée aux managers (Figures A4 et A5). Les utilisateurs disposant d’un statut de managers
peuvent basculer d’une partie a I’autre de la plateforme en utilisant le bouton prévu a cet effet,
leur permettant d’agir a la fois comme un collaborateur de I’entreprise pouvant évaluer son
bien-étre au travail ou comme un manager souhaitant consulter I’état de bien-étre de son équipe

ou de son entreprise.

@ Général

O Questionnaire 2/8

Indiquez votre ressenti

sagittis efficitur tingidunt,

Satisfaction au travail

— ° +

Forme

Stress

Figure Al. Capture d’écran de la plateforme Wittyfit : questionnaires

Légende : Quand ils se connectent a la plateforme, les utilisateurs sont invités a exprimer/mettre a jour leur ressenti
dans les différentes thématiques de la plateforme. Le remplissage des questionnaires s’effectue en cascade et
permet d’évaluer, dans I’ordre, le ressenti des collaborateurs dans (1) les indicateurs principaux de la plateforme
(par exemple dans cette illustration, la satisfaction au travail, la forme et le stress), (2) les sous-indicateurs associés
aux indicateurs principaux (par exemple, la charge de travail et I’autonomie sont définies comme des sous-
indicateurs du stress), et (3) les thématiques associées aux sous-indicateurs (par exemple, les questions relatives a
la quantité de travail ou a I’interruption de taches sont définies comme des thématiques liées a la charge de travail).

Les utilisateurs peuvent, quand ils le souhaitent, mettre a jour leurs réponses aux questionnaires.
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Figure A2. Capture d’écran de la plateforme Wittyfit : dashboard collaborateur

Légende : Le dashboard collaborateur est I’interface centrale depuis laquelle un utilisateur peut consulter son état
de bien-étre dans les différents indicateurs principaux, consulter les idées émises par les utilisateurs de la
plateforme de son entreprise, son équipe, ou lui-méme et les mettre en avant, ou participer a des enquétes et

sondages.

0 General o Questionnaire —— O Vos idees

Apportez vos idées

Cette liste regroupe les 12 thématiques les plus prioritaires
Sentez vous libre demettre une ou plusieurs idées sur ces différents sujets |

Choississez une thématique pour proposer une idée d'amélioration

Ambiance ‘ Intégration / Accueil | Cadre de travail

Visibilité planning ‘ Cohérence de procédure | Intérét du reporting

Soutien émotionnel des N
Convivialité équipe Horaires de travail

collégues

Figure A3. Capture d’écran de la plateforme Wittyfit : suggestions d’idées

Légende : Aprés avoir complété les différents questionnaires ou depuis son dashboard, un utilisateur peut émettre
des idées visant a améliorer le bien-étre global sur le lieu de travail. Aprés avoir sélectionné une thématique

spécifique, I’utilisateur peut développer librement son idée. Une fois validée, I’idée est transmise a son entreprise,
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tant aux managers qui pourront s’en saisir pour mener des actions qui vont dans le sens de I’idée de I’émetteur

qu’aux autres collaborateurs qui pourront la pousser.

cegid Wittyfit ® Campagne SAT 2022 - &+
33 /44 46 » 94
f es aUx Jées de
participation ‘Squipe
Satisfaction au travail Stress
5% Dashboard
Organisaor Recannsissance
&
R sotisfact
& lex 8 4 Ser 8.5
34 64
y
76 76
= s
R Eon
@ idées Derniéres idées Entreprise  Equipe
L4 Theme Idée Provenance
o 28t Eviterles réunions entre 12h BORDEAUX 3¢
& Fixer une réunion de Recherche et dével. BORDEAUX 3C
K Formation
& Rendre régulier les temps informels entre..  BORDEAUX
225 Sprintet Kick-off : avolr une personne déd.. BORDEAUX. e
:&%  Formation interne & Foulil Notion et ses. BORDEAUX
38t Plusdevisibité surlamobiité interne  BORDEAUX 3 @
0D I

L e @

2 Activités

Aujourdhu
4) Unsondage arrive
bientot & son terme
Vous navez pas encore participé
au sondage Télétravail qui se
termine le 3 octobre. Nattendez

Charge
detavail  Autonomie

plus, votre avis compte

\ \ Participer

/' Votre idée a été validée
Votre idée “Eviter les réunions
entre 12h et 14h" vient d'étre
walidée pour Féquipe Produit

Les priorités @

(2 Votre ressenti a évolué
1 Plan de carriére

2 Droitafereur

perso de temps en temps afin
3 sahire de vous exprimer.

4 Intégrité crique Mettre & jour

5 Feedback °

Figure A4. Capture d’écran de la plateforme Wittyfit : dashboard manager

Légende : Le dashboard manager est I’interface centrale depuis laquelle un utilisateur disposant du statut de

manager peut consulter I’état de bien-étre de son équipe, consulter les idées émises par les utilisateurs de la

plateforme de son entreprise, ses équipes, ou lui-méme et les mettre en avant, consulter les thématiques prioritaires

de ses équipes, mettre en place des plans d’action pour améliorer la QVT, émettre des sondages, ou suivre des

formations. Le menu déroulant en haut de son dashboard lui permet de naviguer entre le mode live qui se base sur

les derniéres données a jour des utilisateurs, et les campagnes menées dans son entreprise. Une campagne

correspond & une période durant laquelle les utilisateurs ont été invités par leur entreprise a mettre a jour leur

ressenti, permettant a I’entreprise d’établir un état des lieux a un temps précis.
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Rédigez votre action

Cible(s)

Figure A5. Capture d’écran de la plateforme Wittyfit : mise en place d’une action

Légende : Dans une optique d’amélioration de la QVT, un manager peut mettre en place une action spécifique a
une thématique cible, visant une partie ou I’intégralité des équipes sous sa responsabilité. Apres avoir nomme et
décrit I’action qu’il souhaite mener, le manager peut sélectionner sa population cible a partir des différents filtres
opérationnels, géographiques et sociologiques a sa disposition. Il doit enfin planifier son action en lui donnant un
début et en fin. Les travailleurs ciblés par I’action seront invités a évaluer la thématique ciblée avant et apres la

mise en place de I’action, permettant au manager de mesurer I’efficacité de son action.
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Annexe B : Présentation orale au Small Meeting d’hiver du LAPSCO (2021)

Facteurs psychosociaux et économiques en milieu professionnel a I’heure de la
médecine 4P : évolution longitudinale et prédictive du comportement des
travailleurs

Rémi COLIN
[encadrement : Frédéric Dutheil, Bruno Pereira, Samuel Dewavrin]

Les facteurs psychosociaux renvoient a des aspects du travail susceptibles d’agir sur la
santé physique et mentale des travailleurs.! Ces facteurs comprennent, entre autres, les
exigences de I’emploi, la satisfaction professionnelle ou encore les relations sociales. Les
risques psychosociaux (RPS) engendrés, a savoir le stress et les violences internes et externes,
représentent un enjeu majeur en milieu professionnel tant leurs effets sur la santé des
travailleurs et sur la performance des entreprises peuvent étre néfastes.

La médecine 4P (prédictive, préventive, prédictive et personnalisée) repose sur une
approche systémique de la maladie, sur les technologies émergentes et sur les outils d’analyse
pour promouvoir le bien-étre des individus.? A I’instar de la médecine curative conventionnelle,
elle a pour objectifs I’anticipation des symptdmes et des maladies, leur prévention et leur
traitement de maniére spécifique.> Une approche possible contre les RPS en milieu
professionnel et fidéle au principe de la médecine 4P consiste alors en I’identification des
situations a risques, la mise en débat entre tous les salariés d’une évolution dans le
fonctionnement organisationnel de I’entreprise et I’accompagnement de cette démarche.

Wittyfit est une plateforme visant a promouvoir et améliorer le bien-étre des travailleurs
en entreprise. Au travers de sondages et de questionnaires anonymes, les volontaires peuvent
faire part de leur ressenti sur différentes thématiques liées a la santé. En plus de mesurer
I’évolution de I’expérience collaborateur, les résultats permettent d’évaluer les RPS et la qualité
de vie au travail des salariés.* En retour, les travailleurs regoivent un feedback personnel et
individualisé de leur état de santé. De méme, les managers peuvent consulter I’état de santé
global de leur équipe et ainsi mener des actions spécifiques de promotion du bien-étre au travail
puis les evaluer. Cette démarche s’inscrit parfaitement dans le cadre de la medecine 4P.

Notre projet consiste a étudier les données de la base Wittyfit. Les enjeux de santé
publigue et de médico-économie sont d’une part I’identification des facteurs psychosociaux et
des facteurs économiques responsables de la baisse de performance des entreprises et d’autre
part I’estimation des codts engendrés par les RPS pour les travailleurs et pour les entreprises.
Les enjeux statistiques sont quant a eux le développement de modeles spécifiques a I’analyse
de données longitudinales de santé au travail et a la prise en compte des problématiques qui
leurs sont liées, notamment les concepts de données en clusters, manguantes et longitudinales
en elles-mémes.>8

Une premiére étude longitudinale s’intéressait a I’évolution sur une année de la
satisfaction des travailleurs et au risque d’absence pour maladie en milieu professionnel. Cette
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étude a permis de déceler quatre trajectoires spécifiques d’évolution et de mesurer le risque
d’absentéisme associé a chaque trajectoire. Il a ainsi été constaté que le risque était plus élevé
pour les individus dont la satisfaction était restée faible ou avait diminué au cours du temps,
suggérant que la satisfaction au travail joue un role protecteur sur le risque d’absence pour
maladie. Enfin, elle a permis de mettre en évidence I’influence de la position du travailleur sur
I’appartenance a une trajectoire.
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Annexe C : Présentation orale au Small Meeting d’hiver du LAPSCO (2023)

NOM Prénom

COLIN Rémi

Titre de la présentation

Stress et satisfaction au travail au cours du temps, I'influence du statut managérial : une
modélisation bivariée et longitudinale des données de Wittyfit

Durée de présentation estimée (15 ou 30 minutes avec questions)

20 minutes

Résumé de la présentation (500 mots maxi)

Le stress désigne 'incapacité d’un organisme a répondre a une menace, qu’elle soit physique ou
émotionnelle.! La satisfaction au travail, elle, désigne un état d’équilibre entre les attentes d’un
travailleur vis-a-vis de son emploi et les valeurs professionnelles que cet emploi lui permet
d’atteindre.? Connus pour s’influencer négativement,? et parce qu’ils permettent de mieux
comprendre |'état de bien-étre des travailleurs, ces deux indicateurs représentent aujourd’hui
deux enjeux majeurs pour les entreprises.

Diverses études ont montré que le statut professionnel influence le stress* et |a satisfaction au
travail,® en faisant un facteur commun. Des facteurs sociodémographiques comme I'age,
I’ancienneté et le sexe présentent également cette particularité.>®

A notre connaissance, il n’existe aucune évaluation de I'influence du statut professionnel,
notamment manageérial, sur les deux dimensions du bien-étre au travail représentées par le stress
et la satisfaction au travail, a court comme a long terme. Le réle de manager étant associé avec
des taches et des responsabilités plus importantes, mais aussi a un risque accru pour la santé,” il
semble pertinent de comprendre si les managers peuvent étre affectés différemment des
employés, et comment cela peut persister ou non dans le temps.

Ainsi, I'objectif principal de notre étude était d’évaluer I'influence bivariée du statut professionnel,
en particulier du statut managérial, sur le stress et la satisfaction des travailleurs. Les objectifs
secondaires étaient (i) d’explorer I’évolution simultanée du stress et de la satisfaction au travail,
(i) d’évaluer leurs influences réciproques et (iii) de mesurer I'influence d’autres facteurs
sociodémographiques, a savoir I’age, I'lancienneté et le sexe, sur le stress et la satisfaction des
travailleurs, au cours du temps et selon leur statut professionnel, a savoir manager ou employé.

Références principales (7 maxi)
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Annexe D : Présentation orale au Small Meeting d’hiver du LAPSCO (2024)

Indice de bien-étre psychosocial et arrét maladie sur le lieu de travail :
modeélisation par équation structurelle des données Wittyfit

Rémi COLIN

« La santé est un état de complet bien-étre physique, mental et social, et ne consiste pas
seulement en une absence de maladie ou d’infirmité ». Cette définition, inscrite dans le
Préambule de la Constitution par ’'OMS pour la toute premiére fois en 1946 [1], et toujours
présente a ce jour, met en exergue I'aspect multidimensionnel de la santé. Parmi les trois axes
qui définissent la santé humaine, le bien-étre social d’un individu se caractérise par un état de
satisfaction, de prospérité, et de qualité de vie au sein d’une société. En fait, le bien-étre social,
ou plus largement le bien-étre psychosocial [2], se rapproche de la notion de qualité de vie
[3]. Cette seconde notion est étroitement liée au travail, si bien qu’on associe souvent qualité
de vie et conditions de travail, formant ensemble le concept de qualité de vie au travail.
L’amélioration de la qualité de vie au travail est devenue un enjeu majeur pour les entreprises
désireuses de fidéliser leur personnel, d’attirer de nouveaux travailleurs et de maintenir un
niveau élevé d’engagement et de bien-étre chez leurs employés.

La qualité de vie au travail englobe de nombreux facteurs susceptibles d’affecter le bien-
étre psychologique et social des travailleurs, autrement dit leur bien-étre psychosocial. Ces
facteurs, qu’on appelle facteurs psychosociaux, sont connus, par exemple, pour exercer une
influence sur le risque d’absentéisme au travail, en particulier sur le risque d’arrét maladie [4].
En plus d’avoir un impact significatif sur la santé financiére et la productivité des organisations,
les arréts maladie représentent un risque considérable pour la santé des travailleurs [5].

Le bien-étre psychosocial est un concept large et complexe, et il semble donc pertinent
d’étudier son effet potentiel sur I'absentéisme pour maladie en milieu professionnel. Ainsi,
I’objectif principal de cette étude était de construire un modele d’équation structurelle d’un
indice de bien-étre psychosocial englobant dix facteurs psychosociaux : la satisfaction au
travail, 'ambiance de travail, la reconnaissance, I'équilibre entre vie personnelle et vie
professionnelle, le sens, I'organisation du travail, les valeurs professionnelles, la charge de
travail, I'autonomie et le stress. L'objectif secondaire était de mesurer le bien-étre
psychosocial des travailleurs a I'aide de I'indice ainsi créé et d’étudier son influence a la fois
sur le risque et sur la durée des arréts maladie.
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Background: Psychosocial well-being, which assesses emotional, psychological, social, and collective
well-being, could help measure risk and duration of sick leave in workers.

Objective: This study aims to build a structural equation model of a psychosocial well-being index (PWI)
based on 10 psychosocial factors and investigate its association with sick leave.

Methods: Data of workers using Wittyfit was collected in 2018. Psychosocial factors (job satisfaction,
atmosphere, recognition, work-life balance, meaning, work organization, values, workload, autonomy,
and stress) were self-assessed using health-related surveys, while sick leave records were provided by
volunteer companies.

Results: A total of 1,399 workers were included in the study (mean age: 39.449.4, mean seniority:
9.2+7.7, 49.8% of women, 12.0% managers). The prevalence of absenteeism was 34.5%, with an
average of 8.48128.7 days of sick leave per worker. Structural equation modelling facilitated
computation of workers’” PWI (AIC: 123,016.2, BIC: 123,231.2, RMSEA: 0.03). All factors, except
workload (p=0.9), were influential, with meaning (B=0.72, 95CI 0.69 to 0.74), values (0.69, 0.67 to 0.70)
and job satisfaction (0.64, 0.61 to 0.66) being the main drivers (p<0.001). Overall, psychosocial well-
being was found to be a protective factor for sick leave, with a 2% decreased risk (OR=0.98, 95CI 0.98
t0 0.99, p<0.001) and duration (IRR=0.98, 95CI 0.97 to 0.99, p<0.001) per PWI point.

Conclusions: The PWI provides a measure of psychosocial well-being and helps predict sick leave in
the workplace. This new indicator could be used to analyze the association between psychosocial well-
being and other health outcomes.

Trial registration: Clinicaltrials.gov: NCT02596737.

Keywords: psychosocial well-being; psychosocial factors; sick leave; structural equation modelling
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Résumé

La santé englobe le bien-étre physique, mental et social, transcendant I’absence de maladie. Cette vision
multidimensionnelle de la santé souligne I’importance du suivi a long terme de la santé des individus. Le bien-étre
social, ou plus largement psychosocial, associé a la qualité de vie au travail (QVT), est essentiel pour garantir la
santé des travailleurs. Les risques psychosociaux (RPS) désignent des facteurs liés au travail pouvant influencer
la santé et le bien-étre des individus. Les RPS peuvent avoir des conséquences graves sur la santé des travailleurs,
entrainant des problémes tels que la dépression ou le burnout, mais aussi sur la productivité des entreprises,
entrainant des pertes économiques conséquentes. Les employeurs peuvent lutter contre ces risques en évaluant les
RPS sur le lieu de travail et en mettant en place des actions de prévention avec I’implication des salaries, tel que
recommandé par la médecine 4P (prédictive, préventive, personnalisée et participative). Wittyfit, la plateforme
dédiée a I’amélioration de la QVT, permet aux employeurs et aux salariés de faire face a ces défis. L’émergence
des nouvelles technologies a révolutionné la santé au travail, permettant des soins de santé plus personnalisés grace
a la collecte et a I’analyse de données du monde réel. Ces données incluent une variété d’informations sur la santé
des individus qui sont essentielles pour évaluer le bien-étre des travailleurs, identifier les risques auxquels ils sont
exposés, et suivre I’évolution de leur état de santé. Cependant, I’analyse des données du monde réel de santé au
travail est complexe en raison de leur nature longitudinale, de la présence de clusters naturels de données, et des
données manquantes. Cette thése se concentre sur I’analyse des données de santé au travail pour améliorer la QVT
et le bien-étre des travailleurs. L hypothése principale est que I’étude de ces données permet d’identifier les
facteurs psychosociaux et économiques en milieu professionnel. Les enjeux médico-économiques portent sur
I’évaluation des RPS, I’identification des facteurs de risques, et I’étude de leurs conséquences sur la performance
des entreprises avec un focus sur I’absentéisme. Les enjeux statistiques portent sur le développement et
I’application de modeles statistiques complexes répondant aux défis méthodologiques de I’analyse de données de
santé au travail.

Mots-clés : qualité de vie au travail, risques psychosociaux, productivité des entreprises, médecine 4P, données
de santé au travail

Abstract

Health encompasses physical, mental, and social well-being, transcending the absence of disease. This
multidimensional vision of health underlines the importance of long-term monitoring of individual health. Social
well-being, or more broadly psychosocial well-being, associated with quality of life at work (QWL), is essential
to guarantee workers’ health. Psychosocial risks (PSR) refer to work-related factors that can influence the health
and well-being of individuals. PSR can have serious consequences for workers’ health, leading to problems such
as depression or burnout, but also for business productivity, resulting in substantial economic losses. Employers
can fight against these risks by assessing RPS in the workplace and implementing preventive actions with
employee involvement, as recommended by P4 medicine (predictive, preventive, personalized and participative).
Wittyfit, the platform dedicated to improving QWL, enables employers and employees to meet these challenges.
The emergence of new technologies has revolutionized occupational health, enabling more personalized healthcare
through the collection and analysis of real-world data. This data includes a variety of information on individual
health that is essential for assessing workers” well-being, identifying the risks to which they are exposed, and
tracking changes in their health status. However, the analysis of real-world occupational health data is complex
due to its longitudinal nature, the presence of natural clusters of data, and missing data. This thesis focuses on the
analysis of occupational health data to improve QWL and worker well-being. The main hypothesis is that the study
of these data enables the identification of psychosocial and economic factors in the workplace. The medico-
economic issues concern the evaluation of PSR, the identification of risk factors, and the study of their
consequences on company performance, with a focus on absenteeism. Statistical issues concern the development
and application of complex statistical models to meet the methodological challenges of occupational health data
analysis.

Keywords: quality of life at work, psychosocial risks, business productivity, P4 medicine, occupational health
data



