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ABSTRACT

Work disabilitymposes aubstantial financial burden in most developed couaffeeging employse
workplacs, and societyAs life expectandgcreasegpromoting the work ability of the aging workforce

until their statutory retirement agerucialActive collaboration between workplaces and occupational
health professionals is essential for supporting individuals whose health conditions limit their work ability.

This study aimetb explore the possibilities rfatworld data that a Finnish occupational healthcare
providercan accegs predict work disabilitysingmodern data analysis methdéi®vious studies have
identified several predictors of sickness absences, but machine(Mbymmethods have not been
widelyappli@ to occupational health data with sickness absences as the Anotinee.goal wa®
identify essentidhctors to include in a questionndoepredictwork disabilityas a step towasd
constructinga more concise screening tool that could beegedtedlwith minimaburden

The data in this studyeveacquired fronthe electronianedical records of one medisimed Finnish
occupational health service providtiecomprised 18,84€obmpletedquestionnairefom employees
acrosyarious industridsetween 2011 and 20afbng withdata ortheir occupational healthcare visits
and sicknessbsenceertificatesstartingon the first day of absenédter exclusionghe data from 11,495
to 12,099 employees wareluded irtheanalyses

Certain questiorfeom the depression screeningliodhe questionnaire datereusefulfor predicting

long sickness absences of over 30 days and repetitive short sicknesofabsenfies 1210-day
episodes in a twyear followup. In a questionnaire on psychosocial working conditions, a calestion

D Q HP S a@amnitoHnfMence the content, paaad hours of their work stood out as the strongest
predictor of repetitive short sickness absences, performing better than any of the degessign s
guestionsCompared to employees in younger age gradesage (4%4 yearsyasa protective factor
against increased sickness absences among employees expedentamggperial support, low staff
cohesionor witnessing workplace bullyirpr repetitive short sickness absences, no such difference
between age groups was found.

In this studyML methods were used to constreeteral submodels theseddata on different themes
and from different data sourcas well aBvo models thatisedall availablevariables. The submodel
specific analys@sovidedinformation on the most important varialflaseach subgrouandon the
predictive capabibisof different data sourcdacluding all variablesanensemblenodelthatassigned
weightsbased ortheir predictin accuracimproved theP R G igédfeivhance compared to usingyonl
previously identified strong predictors. The ensemble mpedeimed welkt predicting sickness
absences of over 30 dayith an AUROC value of 0.79 (95% CI 020884).

UnsupervisedML methods can be uséa identify associationamongvariables without predefined
hypothessthat restricthe analyse$hesemethodswvereapplied tdhe extensivelata and six clinically



coherenemployee clusters with similar characteristics and riskiactordentifiedn further analysis,
these clusters also presented different profiles of sickness absences.

This study demonstrated the potentialooéening questionnaires and occupational hisétbhsdata
sourcesor predictinguture sickness absenddse rapid development ML and large language models

will expand the abilitp extract datiiom freetextrecordsot only inoccupational health medical records

but alsoin two national registrie&anta and AvohilmoThiswill improvethe developmenbf more
accuratgrediction tools in th&uture and help occupational health professionals idenpifyyersat

increased risk of work disabiéigrlierHowever, EU regulatiomsd Finnish legislatitightly restrict the

use of health data and automated decisions, allowing sickness absence prediction only with explicit cons
and when supporting, rather than replacing, professional judgement.

Vi



THVISTELMA

Tyokyvyttomyys aiheuttaa merkittavia kustannukstséaeiekijalle, tydpaikaitdyhteiskunnalla sen
taloudelliset vaikutukset on tunnistettitaosassa kehittyneitd mé&iiaajanodotteen nousun myota on
valttamatonta [0ytda keinogdistaaikaantyvan tyovaestdon tyokykyanhuuslékeikdan saakka.
Tyoterveyshuollon ja tydpaikkojen aktiivinen yhteistyd on keskeista niiden tydntekijoiden tukemisessa,
joilla on terveyteen liittyvia tydkyvyn rajoitteita.

Tassa tutkimuksessa haluttiin selvittdd, msitemalaisessa tydterveyshuollon palveluntuotannossa
kertyvda tietoa pystytdan hyodyntamaan tyokyvyttomyyden ennustamyisgsi&aisilla data
analyysimenetelmilldiemmissa tutkimuksissa on tunnistettu useita sairauspoissaoloja ennakoivia
tekijoitd, mutta komppimiseen ghjautuvia menetelmia ei ole aiemkattavasthyddynnettyyhta
laapssayotterveyshuollon aineistogsgttaen sairauspoissaofmatemuuttujan Taman aitkimuksen

toisena tavoitteena dlinnistaa sellaisia terveyskiselysisallytettavia kysymyksjétka olisivat
merkitté¥mpia tyokyvyttdmyyden ennakoinnissa. Téma voisi toimia yhtenénadkethei lyhyempaa ja
kevyempadelpommin toistettavaaulontatydkalugdkyvyttomyyden riskin varhaiseen tunnistamiseen

Aineistona tassa tutkimuksessa oli yhden keskisuuren suomalaisen tydterveyshuollon palveluntuottajan
séhkoinen potildstoaineistdSe koostul8840terveyskyselystd, jonka useiden eri toimialojen tyontekijat

olivat tayttaneet vuosien 2011 ja 2019 valilla seka tiedot samojen henkildiden vastaastit@kaynnei
sairauspoissa@ta ensimmaisestd poissaolopaivasta alkdejausten jalkeen eri analyyseissa
hyddynnettiirl 1495212 099eri tytntekijan kyselyvastauksia

Tietyt yksittdiset masennusoirekyg&WaP S)kysymyksetsoittautuivat hyoddyllisiksi sekéa pitkien, yli 30
paivan sairauspoissagafisgen, ettd yli 5 kertaa toistuvieh?l0 paivan sairauspoisgaksoje
emustamisssa kahden vuoden seuraikana. Tyon psykososiaalisia kuormitustekijoitd koskevassa
kyselyssé kysymyankilon mahdollisuuk$ vaikuttaa tyisa sisaltogyotahtiin ja-aikaan osoittautui
vahvimmaksi toistuvien lyhyiden poissaolojen ennakoijaksivamafisina yhteenka&EPSseula
kys/myksistédKorkeampi ikg45%54 vudta) osoittautuipitkiltd sairauspoissaoloilta suojaavaksi tekijaksi
tilanteissa, joissa esihenkilon tuki tai tydpaikan ilrkaeitiinhuondksitai tyopaikalla esiintydirintaa

tai epaasiallista kohtelTiaistuvien lyhyiden sairauspoissaolojen kohdalla vastaavaa eroa ikaryhmien valilla
eihavaittu

Tassa tutkimuksessa luotiin koneoppimismenetelmilla useita alansabibjgydgmettiinaineistoa eri

aihésta ja lahteista seka kaksi malissgdaytettiikaikkia saatavilla olevia muuttujia. Ennustemallien

jako alamalleihiauttoi tunnistamaan kunkin alamallin keskeisimméat muuttigasaissaoloriskin
ennustamisen kannalta seka auttoi arvioimaan eri |ahtdestén ssiaeiston hyddynnettavyytta
sairauspoissaolojen ennustamisssa kaikki muuttujat sisallytettiin ensenrniddliin, jossa kutakin
muuttujaa painotettiin ennustetarkkuutensa mukaisesti, ennustemallin suorituskyky parani oleellisesti
verrattuna malleihin, joissa hyddynnettiin vaarejmmin tiedossa olleita vahvimman ennustevaikutuksen



muuttujia. Ensemblemalli toimi hyvin yli 30 péivan sairauspoissaolojaksojen ennustamisessa, saader
AUROGarvon0.79 (95 % CI 0.788794).

Ohjaamattoman koneoppimisen menetelmia voidaan hyddyntaa loytamaan yhteyksia eri muuttujien vali
ilman ennalta maariteltya hypoteesia rajoittamassa analjiikkaaenetelmia hyddyntden laajasta
terveyskyselja potilastietoaineistostanistettiin kuusi kliinisegtinnistettavaa tyontekijaklusteria, joista
kuhunkin liittyi samantyyppisia ominaisuuksia ja riskiteBgdkidanalyyseissa nailla klustereilla todettiin
olevan myds toisistaan poikkedsld pitkiin ja toistuviin lyhyisigairauspesaoldin.

Tama tutkimus osoitti, ettérteyskyselyista ja vastaanottokdynneista tyoterveyshuollossa kertyy paljon
tietoa, jota voidaan hyddyntaa tulevien sairauspoissaolojen ennustamiseen. Koneoppimisen ja suurt
kielimallien nopea kehitys tulee mahdollistamaan myds muun kuin rakentgisestiaikieiston
hyédyntamisen analyyseissa paitsi tyoterveyshuollon sairauskertomuksista, myos kansallisista rekister
kuten Kanta ja Avohilmo. Tama parantaa tulevaisuudessa mahdollisuuksia kehittda entista tarkemg
ennugetydkaluja, joilla tybterveyshuollon ammattilaiset pyataidemmitunnistamaan kohonneessa
tyokyvyttomyyden riskissa olevat henkdéka Ekkaadokset ettéd suomalaifensaadantd kuitenkin
rajoittavat oleellisestterveystietojen kayttéa ja automatisoitua paatdkserntekasystietaj voidaan

kayttad sairauspoissaoloriskin ennustamiseen vainnjkgidomaisella suostumuksella téata tarkoitusta
varten. Kehitettdvat menetelméat eivat voi korgatenattilaisen arvigtayaan ainoastaartoimia
paatdkenteon tukena.






CONTENTS

Original PUDIICALIONS ......cueii ettt eme e s X\
SXWKRU-V FRQW.ULEXWLR.Q.. oo eeeseie e XVi
1 [0 [UTox 1] o PR OURPUTR 19.
2 Review Of the [Iterature...........eii i e 21
2.1 Definition and relevance of sickness absences...........ccccceeeceeeennen. 21
211 Longterm sickness absence..........cccoeevieeceeeciieeeniee e,
212 Short Sickness abSeNnCeS. .......ccvovviieeevceee e
2.2 Occupational health services in Finland
221 Preventive MeasUres........ccceiviiiieeceee e
2.2.2 Addressing recognized risk of work disahility................... 27.
2.2.3 Primary health care in occupational health services........ 28.
2.3 Risk factors of work disability............ccooueiiievcnn e 30
231 Sociodemographic factarS..........ccceiiieeeceeii e 30
232 Work-related variables
2.3.3 Medical conditionS..........cceveeiiiimmeeeee e,
234 Cardiometabolic and lifestyle risk factors
2.4 The Work Ability Index and depression screening questionnaires
in predicting work disability...........c.cooovirieeesien e 36
241 WOrk ABIlity INAEX.....cceerviirieiieieereeeesiee et e 37
242 Depression screening tooIS.........ocveviiieeececeee e 38.
2.5 Machine learnindpased tools in occupational health........................ 38
2.6 Clustering methods in occupational health.................cccveeiiiniee 39.
2.7  Gaps in previous Iterature..........ccvvvvvirieeeieee e e s 40
3 AIMS OF N8 STUAY......evveieeiiiiiii e rre e 41
4 1Y =3 3T o PPN 42..
4.1 Study populations, data collection, and data analysis enviranment42
411 Background variables..........cccocvieerren e 47
4.1.2 Selfassessed health habits, diseases, and symptoms.....47.
4.1.3 Work and work abilitselated variables.............ccccoeeveecueenn 48
4.1.4  Screening of cardiovascular risk factars..............ccceeeenene 49
415 Depression screening tools
4.1.6 Data from medical records............ccccveieeeueen.
417 Outcome variables...........oooiiiiiiree e
4.2 Dataanalysis MethodS.........coocveiiiiiereerrie e
421 Statistical Methods. ...
4.2.2 Machine learning (Publication l11).........cccccvvviiiincicniinnenne 54
423 Cluster analysis (Publication.IM)...........ccoceiiicmeeeiiieeieee B5.
5 RESUIES ...ttt e e et e et e e emne e e 57
5.1 Depressive symptoms and psychosocial factors in predicting

SICKNESS ADSENCE. .......ci e ettt ee e e e e e eeeeeeeeeeeeaeeeeeeaaeeeeeeenas 57

Xi



5.2

Age as a modifier between the association of managerial support,
workplace atmosphere, and sickness absences...........ccceeeevienen 6l

5.3 Submodebased approach to identifying sickness absence risk...... 62
5.4 Characteristics and sickness absence risk of employee.clusters...63.
6 DISCUSSION. ....eeiiieieirie ettt eeee ettt erem et et e e ne e st e e e bneennne s 12..
6.1 Main FINAINGS....coiiiiiiiiiieiiiieeee et ereeese s aeesenns 72
6.1.1 Identifying the risk for increased sickness absence.......... 72.
6.1.2 Protective factors that diminish sickness absence.risk.....74
6.2 Practical ImpliCatioNS.........coceeriiiieeeree e 75...
6.3 Strengths and weaknesses of the.study...........cccoeeeeeeiieiienicenen. 80..
6.4  Ethical CONSIdErations...........cccveviiiieercee st seee e 81..
7 (0] g Tod (11 o - J PRSP PR 84..
8 RETEIENCES. ...ttt e 86..

List of Figures

Figure 1.

Figure 2.

Figure 3.
Figure 4.

Figure 5.

Figure 6.

Figure 7.

Figure 8.

Figure 9.

Figure 10.

The distribution of diagnosis groups among individuals receiving sickness
absence reimbursement and the number of sickness absence days in

Finland in 2023.......cooiii e s 22

The distribution of diagnosis groups among cases of disability pensions in
different age groups in Finland in 2024...........cccccoivevvveiieeeeiniieeennn 23..
Study flow in Studies 1, 2, and4.......cccoooveiiieireeeiiieee e 4 45
Study flow in Study.3........oooiiiiiiiiiierer el DB

Data flow of machine learning model training and evaluating pipeline

Associations of exposure questions from a depression questionnaire with
repetitive short and long sickness absences..........ccccvveeeeciieeninnnd 29.

Associations of exposure guestions from a psychosocial questionnaire with
repetitive shortand longterm sickness absences...........ccccvvvevviennes 60

Associations of clusters with repetitive short and long sickness absences in
a Finnish occupational health cohort from 2011 t0.2019................. 63..

Shapley values (SHAP) for the 15 most important variables predicting
membership in Cluster 1 (reference clustern).........ccccvmeeeeeeeivcirennn. 65.

Shapley values (SHAP) for the 15 most important variables predicting
membership in Cluster 6 (work ability)............ccovvvieereceeie e, 66...



Figure 11. Shapley values (SHAP) for the 15 most important variables predicting
membership in Cluster 2 (managerial performance and workplace
AMOSPNEIE). ... e e 67

Figure 12. Shapley values (SHAP) for the 15 most important variables predicting
membership in Cluster 3 (mood and depressian).............c.ccceeeeeenee. 68

Figure 13. Shapley values (SHAP) for the 15 most important variables predicting
membership in Cluster 4 (cardiovascular diseases).............ccceee..d 69

Figure 14. Shapley values (SHAP) for the 15 most important variables predicting
membership in Cluster 5 (Dizziness and sensory symptoms)......... 7Q.

List of Tiales

Table 1. Focusandmethods of the four study publications...............cccceeeeuen.d 52

Table 2. Descriptive statistics of background variables and their distribution in the
dIfferent CIUSTEIS. ......coiiiieii e e e 71

Table 3. Comparison between the Work Ability Index and the questionnaire data

USEd iN thiS StUAY.......vvveieiiiiiie e e 79

xiii



ABBREVIATIONS

AUROC Area Under the Receiver Operating Characteristic Curve
BMI Body Mass Index

DEPS Depression Scale

GDPR General Data Protection Regulation
KELA Social Insurance Institution of Finland
LTSA Longterm Sickness Absence

MDI Major Depression Inventory

MHI-5 Mental Health Inventory

ML Machine Learning

OHS Occupational Health Services

PCA Principal Component Analysis

PHQ9 Patient Health Questionnage

ROC Receiver Operating Characteristic
SA Sickness Absence

WAI Work Ability Index

WAS Work Ability Score



ORIGINAL PUBLICATIONS

Publication |

Anttila A, Nuutinen M, Van Gils M, Pekki A, Saurigsociations of depressive symptoms and psychosocial
working conditions with sickness absences in a Finnish cohort of 11,495 efRptogetive Medicine
Reports. 1.11.2024;47:102889s://doi.org/10.1016/j.pmedr.2024.102899

Manuscriptl

Nuutinen MAnttila A, Pekki A, Sauni R, Leskela Rbderating effect of age group on managerial support
andworkplace atmosphere in different types of sickness abSebogitted.

Publication IlI

Anttila A, Nuutinen MLeskela RLyan Gils M, Sauni Rientifying risk factors of long sickness absences:
a regisy-based study wusing explainable Al metho®MJ Open 2025;15:101921
http://dx.doi.org/10.1136/bmjope2025101921

Publication IV

Anttila A, Nuutinen M, Leskeld RL, Van Gils M, Pekki A, Sa@iuBter analysis reveals subgroups with
different risk profiles and sickness absence patterns in an occupational healitwrohbdf Occupational
Rehabilitation. 29.7.2028ps://doi.org/10.1007/s109262510319x

XV



$87+2596 &2175,%87,21

This study wasonductedoy a consortium that included researclimchiding the author (AA)ith
expertisén occupational health and the possibilities of practical implicétioissfield, and experts in
the data analysis methods explored in this stAdyoordinated the projeand the collaboration of the
research group, including organinmegtings of the consortitand acting abeirchaipersonShe was
also responsible fapplications to the Finnish data authority (Findat®rant applicationtater AA
oversawall correspondence with the fundémre(Finnish Work Environment Fund). This included
progresseportson the research project every six months and a more extensive finalvhegotas
been publisheid the Tampere University Monographs and Series collection

In preparation for the four individual studies,0&%8rsavthe occupational healterspectiven selecting
variables for analgaandn formulatinghe data classes fmach variabldll four publicationsised these
variables and classBse authorwith the supervisor and the other authoosducted the review of the
literature as well as the writing and editing of the articles

Throughout the project, Adversawthe sectionen occupational health and the practical implications of
thestudies



XVii






1 INTRODUCTION

Work disabilityposes significasibcioeconomic challenges for indivelaat
society Public spending on incapacity, comprising disadliitgd payments such
as paid sick leave and pensions, ranges betWweand4.5% of the gross domestic
product (GDP) in OECDcountries within the European Unioiihe Nordic
countries and Belgium rank highest in this gvatipover 3% of the GDP in 2019.
Before COVID19,the direct costsf mentalhealthissus on social benefiisere
approximately 1,15% of the GDP in the EU and betwee¥ &4/682,05% in the
Nordic countriesin addition, e indirect costs on the labor marki@tough lost
income due t@lower employment ratndabsenteeismmongthe workingage
population with mental health problewereestimated at 1,64% of the GDP in the
EU.2

In 2024 globallife expectanagached 3.3 yearsip by 8.4 years since 1985d is
expected to continue increadm@pproximately 77.4 years by 206#& isdue to
several improvements in public health, hygiene, nyaidmedicingt must be
considered a triumph globalsocial and economic developmEoiveverfertility
has beemleclining in most European countries, including Finlordening the
dependency ratio as the workaggpopulatiorshrinks Thus,prolongng working
careers has beesdelyrecognized as an important goal across OECD coddtries.
A trend in the proportion of employees aged Siiderin EU countriehas been
growing with an increase from 12% to 20% between 2004 arfdr204 Bighlights
the need forongoingdevelopment of work ability managemensustainthis
positive trend and support tewingaging workforce.

Early interventions by occupational health se(@¢€S)can reduce yearly sickness
absence rates and heattlated retirement. For these interventions to be cost
effective, occupational health professionals toe@tkentify patients at risk of
recurrent or prolonged sickness absence and disability pensions. Ireffaim&la
(2008 study an occupational health intervention program for workers at high risk
of sickness absence wastsaving and more effective than usual occupational

19



health cardt reduced sickness absence days and healthcaceropsiedo the
control group, giving support faterventions targegselected employees at a high
risk of sickness absence and work dis&bility

Mental and behavioral disorders have become the most important diagnosis group
of work disability in Finland in recent years, causing 36% of reimbursed sickness
absence days in 2023. Musculoskeletal diseases, the most common cause of sickness
absences up 2020accounted fo25.3% of reimbursed SA days in 2048ough

mental and musculoskeletal disorders are the two dominant causes of work disability
according to disability pension and sickness absence records worldwide, focusing
only on these two diagsatic groups is shortsighted. Multiple studies show the
connection betweemarious chronic diseas@sg, cardiovascular diseas@s
diabetesand work disability through various mechar#i$tichus, considering the

wide variety of risk factoisr work disabilityo addressnd the limited resources

in occupational and public health, recognizing employees with accumula#ing risks
mental, musculoskelgetahd metabolic, among othetss crucial forfocusing
intervention®ptimaly.

In the Finnish occupational health system, compamasonlyinclude primary
healthcare measures in their occupational health service package, alongside
mandatory preventive measundsalth surveillance prograroemmonly use
screening questionnairékis wide spectrum @HS facilitats the accumulation

of large amourbf data.This study aimei explore theotentialof this datdor
predictingwork disability in new waylsrough modern efficient data analysis
methodsMachine learnin@/L) was used to construct prediction models for long
term SA and identify employee clusters with similar characteristics and their
associated SA risk. Questionnaire data regarding depressive sympimrs and
relatedpsychosocial risk factors were analyzed to identify individual questions with
the best capability to predict repetitive short and long Additionally,
guestionnaire dateereused to explore the modifying effect of age group on SA
risk related to deficienciesmanagerial performance and wiag atmosphere

20



2 REVIEW OF THE LITERATURE

2.1 Definition and relevance of sickness absences

RUN GLVDELOLW\ LV JHQHUDOO\ FDXVHG E\ D GLVHF
resources and the physical or mental demands of their work tasks. Health plays an
important role angreatlympactsR Q o ability but different professions and
workplaces are immensely diverse in their dermaedstorethe same person can

be fit to work in ongob while beingunfit for anotherSocial, culturahndlegal
conditions as well asR Q HoMpetence and motivatjoalso influence the
biopsychosocial phemenon of work disabilityf14

In most Western countries, an employee is entitled to some form of financial
compensation fdost wageduringlongerperiods of work disabilityln the EU, a
double payment arrangement is the most common rooagrisinga period of
employeiprovidedsick pay followed by benefit paymémim the social protection
systenis In Finland, the employer usually piwgssalary for up to two or three
months of sickness absemapending on the Q G X sbWédtive Yabour agreement
and the duration of the working contract. After the first ten days, the Social
Insurance Institution of Finland (KELApmpensatethe employer foroughly

70% of the employeesalaryOnce theemployer ceases to plagsickness absence
salary, thisickness allowance is tHd? S O Rsbttee-0f income for up to one year
after the onsaeif sickness alencé$ After that, if the work disability continues, an
employee might be entitled to disability pensimle SA typically reflects
temporary work disability, a greaterual cumulativeimber of SA days and longer

SA durationsare associated wi#n increased likelihood of permanent work
disabilityt 7220

Figure 1 present$d distribution of diagnoses causing reimbursed SA days in
Finland in 2023 and the number of SA recipients in each diagnosiNgfathlp,

the first ten days of sickness absences are not included in thés data
reimbursemenfsom KELA only begironthe eleventh daiental and behavioral
diseases ave the most commordiagnosis groupbased onthe number of
individuals receiving SA reimbursement and the number of rein®AicayB!
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Sickness absences by diagnosis group in Finland in 2023
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Figure 1. The distributionddfgnosis groups among individuals receiving sickness absence
reimbursement ahe number sickness absence days in Finland in 2023

Y axis on the left: Total number of SA reimbursement recipients (N). Y axis on the right: Proportion of diagnosis
group in total sickness absence days€®A days do not include the first ten détys afieet of illness
forwhichthe Social Insurance Institution of Finlandd@&sL#dt reimbufde

Figure Zoresents the primary causes of disability pension in Finland lny 2§24

group. Mental and behavioral disorders are the most common cause of disability
pensionsespecially in the youngest age groups, whereas musculoskeletal disorders
dominate as a cause of disability pensions among the oldest &ge group.
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Disability pension recipients according to age and diagnosis gt
in Finland in 2024
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Figure 2. The distribution of diagnosis groups among cases of disability pensions in different age
groups in Finland in 2024

For the employer, thignancial impacof sickness absenegtends beyond the
DEVHQW HP S GRRKrdds atisante® dalse administrative expenses, the costs
of replacement worketand possible compensatifor lost productivitgthrough
overtimepayfor theotheremployees, which is always more expensive than the salary
for regular working hourghe productivity loskom sickness absences can be
substantiallyrigherin companies whose output depemeavilyon teamworkin

fields whersubstitute laour is difficult to findor in companies whogeoducts or
processesretimesensitivés

2.1.1 Longtermsickness absence

There is no universal definition for ldagn sickness absence. Therefore,
various limits have been uasautcome variable different studiesangingrom
seven days to one y&&Local sickness absence reimbursement policidseand
availability ofegistesin the studyettinghave arelevant impact on this choitre.
Denmarkmany studies have used sickness absence data from the national DREAM
register which containgnformation on public transfer paymefds sickness
absence, disability pension, early retiremlenggeretirement, emigratipand
deattré In DREAM, sickness absences are recorded weekly when the employer is
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entitled to reimbursement of sickness absence bdneditsarticle analyzing the
joint association between sleep prohl@sychosocial working conditipasd
registered lontgerm sickness absenitee reimbursemeiperiodchanged from 14

to 21 days during tiseudyfollow-up period(20052007). Therefore, tiesearchers
used >21 calendar dagsdefinelongterm sickness abseAt&he time before
employers receive reimbursement for sickness absence benestsmark
increased agdin 30 days in 201Zhereforeusing30 days as the eoff point for
longterm sickness abseneasa practical choice and was used as the outcome in
laterstudiesincluding a collaboration study with a Finnish study .#@@ther
Finnish studies have also used 30 days of SA as cutoffogdifstiarge Dutch
cohort study used 42 days or lortigedefinelongterm sickness absenaada
Belgian cohort studglefined prolonged sickness absence as exceeding six
months33.34In anotherDutch study severatutoff points forLTSA were used in

the same research artiet4, >28, >42, >60, and >3{hys*

2.1.2 Short sickness absences

In Finland, sickness absence reimbursement from public funding begins after ten
days of sickness abse¥iéé3Therefore, data on the first ten days of work disability
areunavailable in Finnishationalregisterstheoreticallyone could have several
sickness absence periods of ufetodays during the year without ever being
theseregistries.

Companies have varying policies regarding the first days of sickness absence.
Absence can often be agreed upon between the empldyiseahessuperiofor

the first dag This possibility igenerally limited to certain illnegseg headache,
respiratory infectionandgastroenteritjsin literaturethis procedure is generally
called seltertified sickness absence. Studies on the magnitude@tisettion
practices are limited, as is data on the impactoérdi€ation on sicknesssance
ratescomparedwith workplaces withut aselfcertification modeln a Finnish
study, companies that had recently implementeatarsiétfation practiaeported

that the model had improvedommunication between employees and their
superiorsiNo relevant change sickness absenda&ysvasreported but acute visits

to health services decreaseéd ZW% whichwasvaluable as the resources could
thus be allocated elsewhérnother common proceduretgsobtain aertificate

of sickness absenitem a nursdor the first three days or up to a weéklliness
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after which the employer generadliguiresa statement from a physician if the
sickness absence contiriges.

As longer sickness absence periods require a statemeat gfhgsician, the
diagnosimust be consideredore accurafer sickness absences exceelbagys

thanfor shorterabsencg whichare often selfertified Besides ill health, short
sickness absences can reflect coping mechanisms or motivatiod@a#! issues
However, the cost afsingle day sickness absence to the camyevenhigher

during the first days tifeabsence, when the company gets no reimburdeonent

Kela Additionally, ven short sickness abseraggdypressuréo the supervisor and

the work communityLike long sickness absences, they often reqoirganizing

work andhiring replacement staffushg disruptions in the workflgumoreover,

the quality of work and customer satisfactigit decling The unit cost of one
sickness absence day in Finlaastalculatedta 8 202442 In Denmark, it

has beemstimated that 44% of sickness absences are due to sick leave périods of 1
7 days, indicating that the meaning of short sickness absences should not be
overlookeép. In a recent studyf &innish municipal employees, very short sickness
absences of 2B days accounted for the largasiberof sickness absences.
Sickness absence periodsdDldaysause®3% ofdirect sickness absence costs

in the workplaceébased othe salary of sick leave déys

The accumulation of short sickness absence peri@dwedictorof longterm
sickness absence. Hultin et-M oK Bt multiple sheterm sick

leave spells increased the risk of-lerg sickeave in a fivgear followup, and
Laaksonen et.gdublished similar results among Finnish municipal employees the
next yea#>46Sumanen et al vV uhdthaki®de 1213-day spells aright

days of short sickness absence per year codstitugh risk for subsequent long
sickness absence due to mental disétdaranother studyfd=innish municipal
employees, the risk of being gramelsability pension befoege55 increased
significantlyf yearly cumulative sickness absences exceeded ihlidatisg that

even short sickness absencegEtictpermanent work disability

2.2 Occupational health services in Finland

The role ofOHS variesamongcountries. In Finland, eaemployemust provide
preventiveDHS to its employee§d hese mandatory services @imeducehealth
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risksin the workplace anprovideearly recognition of worklated diseasds.
addition, most companies provataployees withdditional health services, with
almost 90%fferingprimary health care withdHS48 Combining the preventive
andprimary healthcareles ofOHS has great potential for early identificatibn
work disability riskand preventiveinterventions. In this setting, occupational
healthcare personnel ggtome familiavith theworking conditionthrough visits
and surveys of the workplaaad deepen the understanding of workplace
circumstancefroughregular contaetith employeeduringhealth visits.

2.2.1 Preventive measures

In Finland, companies are required to organize health surveillance for employees
working in environmestr at task that mayincrease the risk of wer&lated
diseasedMandatoryOHS include workplacsurveysconductedby occupational

health personneluring whichtheybecome familiavith the worlenvironmenand

focus on chemical, physical, psychosp@ald other risk factarsBased on
information acquired through this process, work tasks with an increased risk of
work-related diseases @entifed reported to theZ R U N S Qdkdhbldéfsand

usedto plan and execufgeventive measurebhe risk factors must beduced
through actiongt the workplact an extent that is realistically possible. As risk
factors canot always be fullgliminatedcompanies aabligel to organize health
surveillancéor employees working in environnsamt performingtasls that can
increase the risk of werglated diseases. iFlsurveillanceaims to identify
employees at elevated rddectwork-related diseases earberdreducethe risk

of workrelated health hazards.

Health surveillance questionnaaes a common practiae preventiveOHS in

Finland Questionnaireare D VWUXFWXUHG ZD\ RI DFTXLULQJ GI
risk factorsin mandatoryand voluntary health chegis that companies often

provide for their personn&veryemployeeeceives written personal feedlbiamk

their survey results gifddeemedhecessary by occupational health professionals or

atthe S D W lred|@@8§\is ®ontacted for further actidbontact by an occupational
healthnurse who then organizes the necessary intervergi@hgonsult®ther
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occupational health personeet), physiciansvhen necessaig the most common
proceduré®

Health surveillance @HSusing screening questionnaires is not limited to a Finnish
setting. In the Netherlands, national labor law obligates companiesdeetheir
employeewith the opportunityo participate in an online health survey every four
years. The&/ X U Yadipivitean consulvith their OHS professionals regarding the
work and health risk factors portrayed in their survey results to discuss the findings
andobtainadvice on how to reduce risk factors. Besides individual feedback, OHS
professionalgsuallyalso povidecompanies with report of the survey results on a
team or department level

Amonghealth surveillance questionrsttee questions of theévork Ability Index
(WAI), which predict sickness absences and permanent work disability
commonly used*=3A HealthRisk Appraisal used by some Finnish and @S
providers has also demonstrateel ability to predicBA and permanent work
disabilityp4.55

2.2.2 Addressing recognized risk of work disability

Finnishcompanies are obliged to collaborate with @8 providers in a variety

of measures aiming at promoting work ablllig. extent oprevention of non
occupational diseases included in the collaboration is negotiable between the
company andts OHS professionalsThis sectionfocuseson measures aimed at
addressindhe identified risk bwork disability, which are mandatory for the
employer to proviet?

Qupport measures for employees whose health issues limit their capability to perform
their work dutieplaya central rolen OHS and haegained importance during the

last decadesripartite regotiations between the patient, the emplyd©HSare

a common proceduréhesediscussionaimto planjob accommodatiomeaures

to compensate for the loss of work abéityguing continuation of work as soon as
possibleRQFH W KH HP SraRsuffielently ke dvIob accommodation

can be executeat any poinbnce D Q H P S QvBrk Hlidability riskhas been
identified, ideallgven before a single day of sickness absence.plEmssare
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individually assessed am@y include adjustg the physical demands the
HPSOR\HH:-V ZRUN SHUKDSV HUJRQRPLF FKDQJHV
physiotherapisor task limitations in the job requiremeftustmentso working
hours(e.g.partt WLPH VLFNQHVY DEVHQFH RU WHPSRUDULO\
to a steady day shifire also common solutions. The collaboration betd8&n

and the workplace is central in planning and impiegneach changeBesides

tripartite negotiationshealth pofessionals can also suggegiport measures

through a sickness absence certifiegettech can be expanded to describe the
adjustments needed to continue working despite the restrictions of the health
condition 2 similar to the fit note procedure implemented in 2010 inrthedU
Kingdomsé When collaboration between the employer andQ@ksrprovider is

well established, a certifiebésed procedureanreplace some of thegartite
negotiations and help optimize the timing of the work adjustriangeted
occupational health interventions are effective at preventing work disability,
especially in patients who do not believe in their own working ability or have a high
level of physical impairment artimber ofcomorbiditie$.57.58

A recent addition to the Finnish occupational health processes to reduce sickness
absence days is t@eordinated Return to Work (CRTW) modielthis model,
physicians of other specialties outSIHS givetheir patients only short notice of
sickness absence and referthe@H8 IRU IXUWKHU HYDOXDWLRQ RI
capacity anfbr planning support measures in collaboration with the worlgsace
described previously. In studies on the CRTW model in orthopedic patients, the
numberof sick leavdays haslecreased mp to 33% compared to previous Finnish
cohorts260The CRTW modelvas launcheih orthopedic procedures in central
Finlandand has gradually beexpanding to bemplemented in new diagnosis
groups and hospital districBventhe excellerresults CRTW will hopefully soon
becomea routine procedure nationwide in hospitals and primary healthcare units.

2.2.3 Primary health cameoccupational health services

Besides preventive measud#sS can also provide primary healthcare seteices
client organizations the Finnish healthcare system. Primary health care is voluntary
and organized to the extent agreed upstween thecompanyand its OHS
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provider Sickness absences are costly and inconvenient for esnplotyeating
companies to provide primary healthcare services to their personnel to avoid delays
in treatment that employees could face in public health services. Appr@4ftately

of employeesovered byOHS haveaccess tat least some level of primary
healthcare servic8s

Besides avoiding delays in returning to woektoqueues in public health care,
primary healthcare services in occupational bfalthdditionabhdvantages. Due
to the expertisen occupational health capgimary healthcare visits witRiRS

can improve eargentificatioo of workrelated diseas@&nssibleollaboration with
workplacesalso helps OHS professionals optimize the timing of workplace
interventiongo avoidunnecessary sick leave edysn the need for such measures
isidentifiel earliethan it woulchave beehadthe employee used puligalthcare
servicesA Finnish studghowed that in 27% of cagée primary care vigtOHS

was mainly or partialsaused by workvork worsened the symptgnos the
symptomsor illnessimpaired work abiliff OHS physicians also gained new
information about the working conditions of the workplaces in 2viioand
gave recommendatiormncerning work or workplaces in 2dfRallvisitsand 54%

of work-relatedvisits Howeverall the physicians in this study had at least nine years
of experience iI®HS, including some whwere occupational health specialists.
General practitioners also provénary health care I@HS. They must be
sufficiently orientated teork-related diseases and retiorvork processsto
realge the full potential of primary care OHS. In a recent Finnish studye
physician assesdbé work-relatednessf the visit and recordetin the medical
records in 58.1% of primary healthcare visi®HS and in 60.1% of visits
exceedin@0 minutes. Physicians specialized in occupational health recorded the
assessment of werklatedness in 5%/0f visitsand physicians not specialized in
575%. Physicians currently enrolled in theysac training program to become
occupational health specialistseacategorized in the ngpecialist group, which
could explain the small difference between these gfoups.
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2.3 Risk factors wbrk disability

Stort sickness absencesdtenan antecedent of long sickness absdegfus
sickness absencalsoa strong predictor of future sickness absences and permanent
work disabilityasSection2.1.2describedThissectiorpresents a brief overview of

risk factordor work disabilityfocusing orstudies with SA and disability pensions

as outcores, as the concepts and risk factors are similar and intertwined.

2.3.1 Sociodemographic factors

Age.The incidence of work disabiligs systematically been shovwnaease with
olderagés3®s. Work ability tends to deteriorate before retirement age thaough
increase of symptoms and diseasdscan be demonstrated by a decrease in the
Work Ability Index, presented Bection 2.4.1, as disability pensions or even
mortality before retirement &ge.

A Finnish study on municipal employeaslished in 201demonstrated that the
effect of age is especially profound in musculoskeletal digidas@salmost nine

fold increasén work disability daysetween the 184yearage grougmean 2.1

days per perseyear) anthe>50 yeange groufmean 18.6 days per pergenary’.

On average, the members of the oldest group had over four more days of sickness
absence due to depressive disottlarsthe youngest age grodmother study
compared the effect of age on the length of disability across various chronic
conditionsin thisstudypublished in 201 ostchronic diseaséarthritis, diabetes,
coronary artery disease, depression, low back pain, chronic pulmonargrndisease
cancer)showed @ increasein predicted disability lengthith increasing age
However,these analyses wea@nducted usingata ondisability claims from a
private disability insurance comparthe USAlimitingthe generalizability of the
resultss

A positive trendhas occurreimh the EU countries with an increase in the proportion
of employees aged 55ataterfrom 12% in 2004 to 20% in 2L helatest years
havealsoshownsomechange in the trends of SA among different age groups. The
number ofsick leavelays per working yedecreaseth the municipal sector in
Finland betwee2006 and 202Especially amorgmployees agesD or older.
Sickness absences peaked again in 2022 in all ageuginopsaseéspeciallin
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mental healtihelated SAamongemployees under,3®ho had the largestimber
of SA days per working yesso in 2028

Gender. Several studies have demonstrated a higher SA incidence among female
employees than mak& A recent Dutch study found that the average sickness
absence durations were longer among women than men in almost all diagnostic
classes. Especiaftyr musculoskeletal and mental diseases, recovery rates were
relatively lowen femaleshanin malesespecially during the fithiteemonthsof

sickness absendesut became more similtrereafter2 In a study b Finnish
municipal employees, the ridkshort, sefcertified sickness absence was 46%
higher among women thamongmeris,

Several préessionexistin whicheither sex isverrepresentedndless favorable

working conditionsand occupationgre likely toexplain part of the gender
differencesn SA incidencdn a study on Finnish municipal employéedf the

female excessselfcertified and >60aySAs wa explained by occupation SAs

of intermediate length, controlling for occupation accounted for approximately one
third of the female exce€4dn a Swedish study, male and female emplyees
significantly higher incidence of long BAgorkplaces that were extremely female
dominatedwhereas employees of eiteworking in malelominated workplaces

had a lower incidence of long SAs compared to workplaces with a more even gender
distributioris.

2.3.2 Workrelated variables

Occupational positionis associated with work disabiftgor seHrated health is
generally more common in lskilled occupatiori§The risk of work disabilidue

to musculoskeletehuseand to all causeshigher among manual than nonmanual
worker§”.77 The strenausnessf manual work on the musculoskeletal system and
the physical capacity it demarmdsnparedvith nonmanual wotkpartly explains

this A systematic reviesdsofound strong evidence that working in a-bblkar
position increased work disability risk among employees with rheumatoid arthritis
and moderate evideraf@ncreased riskmong blueollar workers with asthma and
ischemic heart dise&%kn an analysis of the European Working Conditions Survey,
poor health outcomes wearenfirmed asnore common among employees whose
jobs did not require higher skill levetsich also can apply to manual wBdsides

the physical risks at wdhiat are more common in leskill occupations, employees
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also tend to have masbesity andnhealthy lifestylesiich as smokiray excessive
alcoholconsumptiori®¢ Long sckness absences due to mental disorders, however,
are more common among employees innmamual thamanual workand more

common in lower nemanual than upper ngnanual employeédnjuries are also

a more common cause of sickness absences among employees in manual than non
manual work?

Psychosocial work factorsand their associatiamth work disabilithave been
evaluated usirgpveral theoretical frameworks. iuest useanodels ar¢he job
strain model and the effoagward imbalance model.

R. Karasekleveloped the job strain moatell979 whichincludes the dimensions
of psychological demands, decision lafitudesocial suppoiit alscserves ahe
basis of the Job Content Questionnaire (3d@}his model, high work demands
combined with low decision latituale considered to cause mental strain at work
J. SiegristV H{reRadsdNmbalance modeltroducedn 1996 considers straias

an imbalance betwe&hQ H P S effert i theMwork tasks and the rewstley
receivefrom work The effortcomponent in the model comprises batkrinsic
elementsthe demands and obligations placed on the individual througangork
intrinsic elementsuchasWKH HPSOR\HH:V SHUVRQDO FRSLQJ Pl
control. The reward component comprises notsatdyyouttheesteem and status
controlthat workprovides80.81

Several European studies have demonstrated the association kgtesagml
stressors at wor&nd depressive symptorf&es, Work-related psychosocial risk
factorsand their effect on work disability have been studied through several
guestionnaires and study settigpecially bullying and violence at work, poor
quality leadershipnd limited opportunities for developmamstrondy linkedto
sickness absencksw decision authorityple conflictswork overloacand lack of

social supporhave alsdeen moderately associavath sickness absences of
varyinglengthg3.86.87A systematic review demonstrated that when focusing on
sickness absences due to diagnosed mental disorders, the association was even
strongerThestrongest increasegmental healthelated sickness absencewssie
among employsexpogdto effortreward imbalan¢66%increase) and job strain
(47% increas8y

Leadership quality is associateavith sickness absence, job MWelhg, job
satisfactiorand disability pensidaslhe following leadership qualities have shown
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a positive association with mental health outcdraesformational leadership
(inspirational leadership, charisma, intellectual stimulatidnigh quality of
relationsand tasloriented leadership behayjparticipatory and problesolving
abilities, clarified work taska$ well as a high quality of interadbetween the
leader and their subordinates.esfuctive leadershigauthoritarianism,
aggressiveness, abusive supervisisegatively associated with mentallh®ait

a study performed in a health and social care detiteyshigualitywas not only
directly associated with sickness absencest Inaista protective factor against
certain work exposures such as workplace viélence

Exposure to physical strain at work is linked to the welbeing and health
outcomesof employeesincluding sickness ssmce®%.43 Unfavorable ergonomic
posturesmonotonous or repetitiveork, and heavphysical demantsve all been
shown taincrease sickness absence3Rya a longitudinal study, a high physical
workload increased the incidence of disability benefits, particotetyaused by
musculoskeletal diseaseong Dutch construction workedbesity was shown to
attenuatéherisk ofsickness absenagsociated with high physical worklagd

Irregular working hours, such as shift work and night work, are relatively common
in workplaces whose services are necessary at al(elgungalthcare units
transportandthe manufacturing sectoin the EU countries, 18% of employees
work in shifts. InFinland, unlike most other EU countries, shift work is more
commonamongvomen than men, with approxima8$o of women and 19% of
men performing shift worlight work, defined asorking threer morehours
between 23:00 and 06:B0performed by approximately 17% of males and 11% of
females in Finlartd.

Sgnificant variabilityexistsbetween individuals in their tolerance to irregular
working hours. Shift workers are at increased risleéqr disordersardiovascular
disease, depressiand cance®Irregular working hours are also associatednmvith
increasedisk for sickness absence, but because shift work can be organized in
various patterns, comparisdretween studiesre challengingA recent Finnish
prospective cohort study used data mitrduster payrebbased workour data

among shift workers andentifiedeight distinct workingour patterns with a

varying risk of future SA. The incidence of increased yearly sickness absence day:s
was highest among the cluster of irregular, interrmaptathgeveningnight work

with an incidence ratio of 1.77 (95% CI 4118D) compared to regular morning
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evening workwith weekends off.In a study among Danish hospital employees,
calling in sick after a night shift showed higher odds (OR 1.22, 95%2CBQ)14
andafter an eening shiflower odds (OR 0.89, 95% CI (3843) compared to the
VDPH SHUYVR ©@.-S$udieb havekshdww \thatleysiologically optimal shift
work patternncludes no more than threensecutive night shiftsjth intervals
between shiftsf at leasi1 hoursandashift duratiomot exceeidgninehour$8.99

2.3.3 Medical conditions

Severattudies have demoraséd thatchronic diseaseanincrease the risk 8A

In a Dutch study, theeanincreasen sickness absence days due to any chronic
disease was eight dagsyearranging from a mean of 30 days among patients with
life-threatening diseases to onemyeaamong patients with a chrowision or
hearing disease. In this study, psychological complaints and diseases ranked second
after lifethreatening diseasasd cardiovascular disease&kedthird, with yearly
increaseof 19.8 and 10.8A days, respectiveBhronic musculoskeletal diseases
caused a yearly increase of 6.3 SAldaysstudyf Finnish municipal employees
acrossvarious occupationtie number of chronic illnesses ranked second as a
predictor of >90 daysf sickness absencasdonly previous sickness absences
performed better agpaedictorwhen constructing a multifactorial prediction model
100 Figure 1 presentdd distribution of diagnoses as the primary cause of
reimbursed SA days in Finland in 2028 the number of SAeimbursement
recipients in each diagnosis group.

Besides increased SA days, physical illnesses predict disabilityolpension
Cardiovascular disease and diabetes, for example, have been shown to increase the
risk of both SA and disability pensié#i®s When broadening the view to non

chronic illnesses, mental disordersnamstuloskeletal diseases dominate as causes

of SA and disability pensiofife following sections elaborate on tldisease

groups.

Common mental disorders(e.g. anxiety and depressjoare an important
antecedent of disability retireméduaé to any diagnostic cause, and particafarly
disability retirement attributablemental disorde¥®.106 A correlationalso exists

between depressive symptoms and long sickness absences in different age groups
and through various occupatiolmsa populatio#based Swedish prospective study

on twin individuals aged 20D,the prevalence &A spellexceedin§0 daysluring
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the 1Qyear followup was higher among employes$ a previous history of
depression or anxigtyanthose with no previous CMD history in the public and
private secterto’ In a study based on data fréime Danish Work Environment
Cohort Studysevere depressive symptoms increased the risktefior@A (over

8 weeks) among men (HR 2.69; 95% CI44.18) and women (HR 2.27, 95% CI
1.25%4.11) during a followp of 78 weeke

Long sickness absences are more common among patients with depressive disorder:
than anxiety disordé¥s Sickness absence days increase especially among
individuals withcomorbiddepressive symptoms and an¥etBesides sickness
absences and disability pensions, depressive symglgamgredict work
nonparticipation due to unemployméii2

Sleep disorders are a common symptom of deprelsianFinnish study on
employeesf the public sectpsevere sleeping disorders increased the risk of work
disability due to mental disorders withiR of 3.35 (95% CI 2.85.95)in a model

adjusted for age, serdsocioeconomic stati&/heralsoadjusted fonightor shift

work, smoking, alcohol intake, body mass index, physical activity, diagnosed somatic
diseasedepression, anxiegnduse of pain killerandanxiolyticsat baseline, the

HR decreased to 1.61 (95% CI 13413

Musculoskeletal disordersare the most prevalent disease gegording to the
Global Burden of Diseases, Injuries, and Risk Factors Btud91914
Musculoskeletal disordexf$ect 1.71 billiopeoplewith low back pain beirtbe
most prevalent disordaffectingg68 million people globally.a longitudinal study
among workinggeadults musculoskeletal paimat impaired work abilipredicted
disability pensions due to musculoskeletal diagiote23 years latep

Musculoskeletal disordevere the most common cause of sickness absences in
Finland up to 202Ghey now account for approximately a quarter of sickness
absencésA similar trend has been seen in disability penBisability pensions

caused by mental disorders exceeded those caused by musculoskeletal diseases f
the first timegrom 2020to 2022, after which their proportions have been very close,
with both causing slightly over 30% of new disability pensior#s each
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2.3.4 Cardiometabolic and lifestyltaogks

Metabolic syndroméhe simultaneous presence of at least three of the following
five cardiometabolicisk factors 2 obesity, hypertensioan elevated level of
triglycerides anor blood glucoseand a reduced level of higgnsity lipoprotein
cholesterol (HDL}has been identified a modifiablésk factor of work disabiljt

with the risk cumulating with an increasing number of metabolic syndrome
componentsé In a study among @827 middleaged and older Dutch workers, a
single metabolic syndrome risk factor increased the risk of work disability, and the
association increased with an increasing number of metabolic syndrome risk factors
during the 4-3ear followup!l” Obesity hasspeciallypeen widely studied and
shownto significantly increasiee incidence of long and short sickness absence
spellste120gnd permanent work disab#fitip!

Certainlifestyle factorge.g. low physical activity, smokjrapd heavy episodic
drinking can increase theckness absence ri8k122.123|n atrajectory analysis
among aging municipal employees, smoking, overweight or obksityeisure

time physical activity increased the likelihood of membership in a trajectory with
increased S&. The combination of overweight and tobacco increases sickness
absences more than each of these risk factors indi¥iglTdliy also aligngvith

other studieSmultaneous exposure to multiple lifestyle risk factors devredse
ability and increas¢he risk of sickness abse@g&® With the increasm life
expectancy creating the need to prolong working c#neémsjdence of chronic
diseasand cardiovascular diseases could increasevak aisabilityrisk factor
throughthe growing proportion @gingemployees itheworking population

2.4 TheWork Ability Indexd depressioareening
guestionnaires in predicting work disability

Several questionnaires have kstediedfor screening work disabilifyhis section

will focus on the Work Ability Index (WAI) and the potential of depression
screening tools used in clinical practice to predict work disability.
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2.4.1 WorkAbilityindex

The Work Ability IndeXWAI) is a seffeported screening todéveloped ahe

Finnish Institute of Occupational Health in the early 1080sasurevork ability.

It has been translat@ato 26 languages and widesedin research and clinical
practice iOHS. : $, TXHVWLRQV DVVHVV WKH UHFLSLHQW -\
to their lifetime bestheir work ability in relation to work demands, the current
number of diagnosed diseases, the estimated work impairment due to diseases, the
number of sickelave dayssedG XULQJ WKH ODVW \HDU WKH HVYV
work ability in two years, and mental resourbese are graded with a maximum

of 49 points, with 4419 representing excellent work al3iitizs

The WAI has demonstrated high stability across nationalitiesa strong
association witapremature work ex#.130A Dutchstudyusedhe areainder the
ROC curve (ABOC) valuesto assesshe discriminative abilityf the WAL
AUROC can have values ranging from 0 to 1, whera@i&ftes 10 discrimination
above chanceand 1 indicatesperfect discriminationVAI reliably identified
employees with an increased risk of Aggof all durations in manual and office
work Theperformance was best for sickness absences of > 90 dR@C(BI86)
howeverjt alsoperformed well for sickness absences exceeding 14UWREE(
0.79.35 A prospective study among Finnish municipal employees demotisitated
a poor WAlbased work ability daseline strongly increased the likelihood of
receiving disability pension during theged followup, with a 5.40 hazard ratio
(HR) (95% CI 4.836.07) A fouryear change in WAI was also analyzed,
demonstratinghata strong decline in WAI was associated with disability pensions
[HR 3.83 (95% CI 2.94.93) among maparticipantend HR 3.40 (95% CI 2.62
4.40) among female participa¥#ts].

The first question of the WAI, the current work ability compared to the lifetime
highest work ability on a scale &EQ, is known as the Work Ability Score (WAS)
whichhas also been studied as a predictor of work disabilitySA&tRee and

5 is considered poori®7 moderate, ® 9 goodandl0excellen$2 A WAS score

and the score of the full WAI have shown convergent validity, producing similar
ratings of work abilit§8 Poor and moderate WASores are associated with
disability pensionsalthough the predictive value is not as strong as for the full
WAII52,
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2.4.2 Depression screening tools

Besides the association between diagnosed depression and work disability, some
guestionnaires used for screening depressiovpotential in predicting sickness
absences. In a Danish study, two different depression screening quesfitimaires
Major Depression Inventory (MDI) and the Mental Health Inventory-gyiHAI

predict longerm sicknessbsencei8 131 The Patient Health Questionndre

(PHQ9) also demonstrated a strong association with increased sickness absence days
in an Australian study, with a-fbll increase irsickness absence days among
participantsvho scored >15 points (maximum score tB@n participants with

lower PHQ scoré® Additionally, even slighdievated scores below thresholds of
clinical depression in a survey on depressive symptoeasseickness absence

risk, which increasdurtherwith an increasing number of depressmgptoms32

2.5 Machine learnidzased tools occupational health

Studies usinlylL-based methods in an occupational health setithgsickness
absence or other indicators of work disability as the outwraebeen somewhat
limited. In 2024, Chaudry and Choudhury published a systienaticereview

on clinical applications dfL in occupational healtfMost of theoriginal studies

in this review focused on occupational health risk assessicteathe prediction

of noiseinduced hearing lgssccupational risk of musculoskeletal disqrders
various other workelated risk§ he only European article in this systematic review
was a2022Finnish studyhat used language models to identify psychosocial risk
factorsin freetext documentation from occupational health cipscKkhe best
model combination recoge@77% of the psychosociék factors irthe health
recordswhich is very promising consideringdtmstant and fast improvement of
ML solutions since thstudywaspublisheds4

Five studigin the reviewvere directly related to work disabiligmesfocusing

on return to work or disability duratidour of whichstudied solelgccupational
injuries Thefifth study included cases of occupational injuries and other diseases
and built a ML model that successfully predicted returning to (kemkeasure
ZKLFK PHDYV X UdassifRatP i ggHobnanee a scale of 4, wa9)839;
AUROC was0,942;overall accuracywas0907%13 The results showcadd. - V
potentialin recognizing work disabiliglated factors, although thewst be
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interpreted with caution #ee stud/ wasSouth Koren, hadonly 15,7% women in
the study populatiomndcomesfrom a very different culture and social security
system than Finland

ML has been used inQutch study on health surveillance questionnaire data
completed by employees in various occupations, with long mentakelzatth
sickness absences durimgpayear followup as the outcome varigtld@he study
groupperformeda logistic regression analysis and a detegoanals, which

both fairly discriminated between supaayicipants with or without this outcome
(AUROCO0.74 andd.73, respectively).

2.6 Clustering methods in occupational health

One methodused in a few published studieaductedn anoccupational health
setting is cluster analyfi®ughit has beemarelyusedwith work disability as an
outcomeAsstatedevidencshowghatseveral factors can increase the risk of work
disabilitylt is not uncommaofor several risk factors for work disabititgffectthe
same individuaCluster analismethodsepresent unsupervised lear@ingcan

be used tadentify hidden patterngn risk factors when the volume of data is
sufficientto detecthese associatio¥s.

Cluster analysiwas been useéd an occupational health setting to find subgfups
diabetic employeesd the associated work disability outcomresstudyfound

two distinct subgroups of employees with diabetes, of which one had a much higher
prevalence of comorbid somatic diseases, obesity, physical inaotivity
psychological symptoms compared to the other group. The grotpwsitiisk
factorsalso had fewesickness absence days and sickness altkantiee high

risk group37

In a prospective cohort study of 3 workers, Andersen et ahalyzedhe
clustering of psychosocial risk factors in the workplatleeamirelation between
theseclusters and loAgrm sickness absences (LTI&&)ngover six weekduring

a twayear followupin a general working populati®hey found thaémployees in
clusters with a poor score on several psychosociattisk fead an increased risk
of LTSA. However,coring poorly on one or two psychosocial risk factors did not
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increase LTSA the recipient had a favorable score on the other psychosocial risk
groupst3s

Cluster analyses have also beentoggddiciongterm sickness absencentify
subgroups among individuals without an employment cghénadidentifylatent

classes of unhealthy behaviors and their associations with subsequent sickness
absencee

2.7 Gaps in previous literature

Severaltisk factos of SA have beeaxamined in a variety of occupational and
organizational contextslowever,substantial differences both national SA
compensation systearsdin OHSpolicies and practickesit thecomparability and
generalizability dindings acrossountries.Research conducted in thmnish

context remains relatively scarce, particularly studies drawing on data from multiple
companies representing diverse indusistionally, a unquestionable lack of
researclappliesML methodgo occupational health data with SA as an outcome
Considering the wide range of variables associataskitisability, datadriven
studyusingOHS medical records and screening @atasource coulgield new
insightdnto predicting sickness absences.
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3 AIMS OF THE STUDY

This studyaimedo explore newayso usecontinuouslhyaccumulatingeatworld
datain OHSto identifypatientsatan elevated risk sickness absersc€ombining
datafrom OHS visitsin electronic medical recondgh data from occupational
health questionnaitrélse objective \asto

1) lIdentify risk factorsand protectivefactorsrelevantto predicting future
sickness absen@A)

2) Study the association of woekated psychosocial risk factors and
depressive symptoms witierisk of sickness absence

3) Create machine learniflylL) models and test their performance in
predicting lonGA

4) Identify employee clusters and their association with the &k of
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4 METHODS

4.1 Study populatiodata collectipand data analysis
environment

The datdor this studycomprisd 18840employedealthsurveygrom companies

whos OHS were provided by Finla Occupational Hg&lhla)between 2011 and

2019. Finla is a compahwt provide®nly OHS including mandatory preventive
occupational healtmdprimary healthcare services for companies that include them
in their occupational health contract. Finla is owned by a union of companies that
are clients of Finla. In 2QBnla providedDHSto 1621 companiegrosyvarious
industriesand their approximately,320 employees, mainly ie tRirkanmaa area

of Western Finlandas well as a few larger cities in southern Finlamcluding
Helsinki, Vantaand Espoo

The Finnish data authority Findata (THL/1850/14.02.00/2@ppyoved this

study The study used solely secondary data from regiatatsindividual
participants could not be identified. Only members of the research team had access
to the data, which was processed andzadatya securelosed environment with
pseudonymized patient informatiéwcording tothe guidelinesf the Finnish

National Board on Research Integrity (TENK), retrospective registry sttitges in
human sciences do not require ethics approval unless the safety of participants or
researchers is threatened. Therefore, ethics approval was not required for this study.

This studywasbased on health survelgatemployeesompletedat health cheek
ups when beginning work in a new compeosnmencing different work task
within a company they dh@reviouslybeen employed ,ior at followup health
surveysDuring the yearsovered bythis data, companiesommonlyorganizd
health checlaps for their personngleven ifthey werenot mandatory Thus,
athough employees in compamnath mandatoryealth checkpsmay beover
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represented itnis material, office workease also representddhe questionnaire
has often been used as a screeningptastesthe need for further contact.

When the health questionnaire was originally constrqeéstions considered
relevant to occupational health questionnaires idthadeknown to predict work
disability such agjuestiondrom the Work Ability IndexAs thequestionnaire
focused on the individual lexssld wasot designedor research purposes, it
included opesended responsast easilgonverted intmumerical datd herefore,
some potentially interesting contead to be excluded frotine analyses. Despite
these restrictions, tlgeiestionnaireovereda widerangeof topics includingself
reported health variablasd healtthabits as well awork-relatedfactorssuch as
the strenuosnessf work (physical or menjatheatmosphere at worthe quality
of leadershiand many other§he content of thquestionnairsections utilized in
theanalysess detagdwithin Sections4.1.1 to 4.1.5.

The variables were collected from the health questionnaires and the registries of
OHS visits and sickness absenaésgether129 variableswereprocessed from

the data sourceBhe questionnaires did not include unique social security sumber

so the questionnaire datarepaired withthat from medical records using the

H P S O Rirbhétatd/and heighEmployees whose questionnaire data could not be
matched to the service use register were excllidedguestionnaires were
adequately completed, with no missing valtiesviast majority of questions. The
guestion with the most missing vahegmrdednuscular exercise hapaswhich

2.42% of the questionnaires were incomplete. Other questions with at least 1.5%
missing values were the questions on feeling melancholic (1.92%), the fairness anc
equality of managerial work (1.66%), the suitability ofehtal workload (1.58%)

and aerobic exercise habits (1.55%).

Thehealth survey dateerecollected between 2041d2019.COVID-19affected
sickness absences from March 2020 onwards in varied® Was frequency of
shorter sickness absendesreaseat the beginning of the pandendaoe to
stringentrestrictionson contact between individuals ahd implementation of
other protective policies (face masks, improved hand hyBesidgssickness
absence patterrtbe pandemic alded toseveral changeswmorking conditions
Remote work increasadrossnany occupationkading tdhe polarization of the
workforce, as many tasks still had to be perfampaison The constant need
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changework procedures and the related strespecially on workers in the
healthcare sectaignificarly impaced psychosocial working conditiéfsl42To
ensure the comparability of sickness absence data in theartwollowup,
guestionnaires completeertwo years before the onset of COVIBrestrictions,
which began in Finland on Marci, 18020 were excluded

Figure 3 presentkéd study flow oB8udies I, I| and IV. The final sample size in
Sudies Il and IV was 1309. InSudies! and lll, SAdata from one year before
completing the questionnaivereusedas a confounder. To ensure the reliability of
thesedata, employees whose initial health check had been within one year before or
three months after completing the questionnere excludedhe reason for this
decision was to ensure the reliability of sickness absence data from the previous year,
which could have been incomplete if the employee had only recently begun their
employment at the time of completing the questionnaire. Theseopxuliteria
resuledin a final sample of ¥B5 employees f&udy |. ForSudy lll, the data
weresplit into a training sé8874 employees$ed for training the ML models and

a test sef3816 employee®y evaluating theperformancéFigured). Employees

who already had a questionnaire in the training saerpéxcluded from the test
sample The index date wadarch %, 2015with the training sampt®mprising
guestionnairecompleted before this datand thetest samplecomprising
guestionnaires after this date
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Figure 3. Study flowm Btudies 1,,2nd 4

The studyiseddata fromemployees who completed the occupational healthcare questionnaire at least
oncefrom 2011 to 2019 and whose questionnaires could be linked to service usage data. Employees
whose responses wéaterthan two years before the onset of COMBrestrictions were excluded

from the study. In addition, f&udy 1, employees whose initial health checkondactedvithin

one year before or within three months after responding to the questionnaire wereTdelirtdd.

study sampleomprisedl 1,495 employees.
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Figure 4. Study flow study 3

From employees who completed the occupational health questionnaire between 2011 and 2019 and
whose questionnaires could be linked to service usage data and included the resplomse time,
following werexcludedguestionnaires completaterthan two years before COUL® restrictions

and employees whose initial health check was within one year before or three months after the
guestionnaire. After that, the sample was split into the training data and test data. Employees who
already had a quiesinaire irthe training data were excluded from the test data sample.
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4.1.1 Background variables

The questionnaire provided extensive data on the study participants, but several
questions on demographic variatdeg education or marital stafugere recorded

as free text and wetteus not directlyaccessibléor analysesThe demographic
variablesisedfor the analyses weheage and sex of the employees.

The job descriptiomariables were collected from the questionraitiacluded

data on performing shift work, night wook parttime work. Additionally, the
employees wermaategored as whiteollar or bluecollar workes based on the
questionnaire dat#/hether the recipient was working in a supervising role was
asked separately. The job title was an open questanse of the variety of
different titles, these could not be categorizedsafalway for analys

4.1.2 Selfassessed health haldiseasesand symptoms

The health habitsollected from the questionnaires were sleeping hours, smoking
(current smoker yes/nand packyears)and the AUDIT questionnaire addressing
alcohol use.

On eating habits, a sum variabl&@p) was composed from answers to the
following questions:

- Do your meals usually include the follo%izmglowfat dairy or meat
products (1pk) highfibre grain products (1) fruit/'vegetables/berries

(1p)

- How often do you consume vegetables, tuiberrie8a) less than daily
(1p), b)R2 times daily (2p), c) several times a day (3p)

- When thirsty, | usually drink a) soft drinks, joicenilk (1p), b) light soft
drinks or light juice (2p), c) water (3p)

- | skip the main meal a) daily (1p), B fimes a week (2p), ¢) once a
week/never (3p)
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- How much do you believe your alcohol intake affects your weightZxontrol
a) substantially (1p), b) to some degree (2p), c) not at all (3p)

- lusually eat when a) | have cravings (1p), b) | want to treat myself (2p), c) |
feel stress, anxiety, lonelinessimilar emotions or situations (3p), d) food
is availabler it is mealtime (4p), €) | am hungry (5p)

On exercise habits, answers to the queskimw many times a week do you do

the following exercise for at least half an"hewere used oa scale of not at all,

once, twice, three or more times weekly: a) aerobic exercise, b) exercise in everyday
situations (walking or cycling to work, gardening, vacuywnohgther similar

chores), c) muscle exercise. In addition to the arfewaesobic, everydagnd

muscle exercise separately, a sum varidb®p)@vasreatedor exercise habits

acrossall thee fieldsso that each stdreaeceived 23 pointsbased omow many
timesperweek an action was reported.

The questionnaire includededfreported checklist of 20 diseasesithe sum of
reported diseasegas usedsan independent variablEhe answers to a self
reported checklist of 19 symptoms in the questionvenieeused similarlyith the
total numbenof reported symptomssedas an independent variable

4.1.3 Workand work abihtglated variables

The screening questionnaire included numerousrelaikd questions. For
analyseshosewith the greatespotentialto predictwork disabilityvereselected
have not encountered a similaosguestions on psychosocial working condijtions
managerial performanead workplace atmospherelishecklsewhere

The recipients answert followingguestions regarding their experience in their
FXUUHQW MRE RQ WKH VFDOH "DJUHHp “"SDUWLDOO\
", HQMR\ P\ MREp "7KH PHQWDO ZRUNORDG RI P\ MRE
ZLWK WKH H[SHFWDWLRQV DQG GXWLHV RI P\ ZRUN W
ZLWK P\ MRE-V GHPDQGVpu "0\ ZRUN LV DSSUHFLDWF
donHp "0\ MRE LV YHUVDWLOHp °, FDQ LQIOXHQFH W
MREu DQG ", KDYH WKH I&8RWYDMELRQhasEPaskidR E |1
options were used with the following questions regadiggienat managerial
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performance and workplace atmosphditee management provides me with help
and encouragement when necagsaftie managerial work fair and equal
“There is a good spirit within our perso@n® Q Iave not withessdmulllying or
harassment at my working commupuity

The analysis usedveral questions regarding work abilitthe questionnaire
Questions marked with an astenskederived from the Work Ability Index, which
predics future work disabili§:52.53

- Do a) symptoms or b) diseases hinder coping & work

- Personal prognosis of work abilitywmo yearsat current jobs

- Do problems of sleep, alertness, stoesaood hinder coping at wark

- Selfrated work ability ALO)

- Selfrated change in work ability: has become worse/improved/no change

- The physical demands of my job are proportional with my capabilities
agree/partially agree/partially disagree/disagree

- The menal demands of my job are proportional with my capabilities
agree/partially agree/partially disagree/disagree

- Selfrated recovery from work in general: good/varies/constantly
worse/bad

4.1.4 Screening oairdiovasculask factors

From the questionnaires, the followngasurements were colleci&d! (body

mass indexcalculated from sekported values of hight and weigievated blood
pressure (>130/80 mmHg, >140/85 mmHg in medical treatment), elevated
cholesterol (total cholesterol >5.0 mmol/l and/or LDL cholesterol >3.0 mmol/l)

and elevated blood sugar (fasting blood sugar 6.1 mmol/l or more, sugar stress test
7.8 mmol/l or more).
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4.1.5 Depression screegtools

The questionnaire includede twoWhooley questions (also known as PRIME

MD), which provide high sensitivity and modest specificigtentinglepressian

“'XULQJ WKH SDVW PRQWK KDYH \RX RIWHQ,EHHQ EF
or hopeleszqy DQG "'XULQJ WKH SDVW PRQWK KDYH \RX R
interest or pleasure in doing thitygdheresponse optiormse" 1 Ry R U %MV

The Finnish DEPS questionnaire has beedely usedto screendepressive
symptoms in Finlarehd was also included in the questiorifiiféThe Whooley
guestionsand DEPSarerecommendetbols for screening depression in primary
health care in the Finnish national guidétihes

For the DEPS questionkKtH UHVSRQVH R SWLRTR¥RAPHHUH [ WL HRQWRW
"4XLWH DQ@GRVVWH U\ PXFKuy ,Q DGGLWLRQ WR DQVZHU
the full DEPSscorewas used as an independent variable. Also, as additional
qguestionsegardingnental exhaustonWKH TXHVWLRQV ""R \RX IHHO
of energy by yourwd?tk DQG "'R \RX IHHO VWUHVV MWHQVLRQ
sleeping difficulties caused by things constantly occupying your thpughts)J H
includedn the questionairewith the same answer opti@ssfor DEPS

4.1.6 Data from medical records

The number of sideaveperiodsand hetotal numbepf daysvereobtainedrom

electronic medical records123 days separated the ending and the beginning of

two sickness absences, the episodes were combined into one sickness absence.
Possible overlapping SAs were combined into a single SARmerathlyseshe
diagnosesf sickness abseneesredivided intathe followingsubgroupsa) mental

and behavioral, b) musculoskelatad c) otherParenthoodrelated absencésg.
parentaleave oabsencéom caring for an ill chi)dvere not included in sickness
absences.
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The number of contacts widHS personnelvithin one year befooempleing the
questionnairewas obtainedrom electronic medical recordsheT following
professional groupwere utilized in analyse®ccupational health physician,
Occupational health psychologist, Occupational health physiothemagist,
Occupational health nurdéne diagnoses of contacts or visit®HiS were also
obtainedfrom one year beforeompletingthe questionnairand grouped for

analyses "5 HFXUUHQW GHSUHVVUIRFRWILYRWE&HVYRBBRGYV
PHQWDO GLVRUGHUVpy "'RUVRSDWKLHVp “"2WKHU
"$OFRKHR@WDWHG GLVHDVHVp "'LVHIIRWHPLQRI REOIMRYX
"1HXURORJLFDO GLVHDVHVu "&LGRXGDWRVN GLVIH
GLVHBEN YR JIH QLW DRoonstheOHEx&glstergneasurememataon
systolicanddiastolic blood pressure and pwsee also obtaineat occupational
healthcare visitHowever, thesgere not recorded in a structured fatfor almost

60% of employees and wiresexcluded from the analyskstead, seteported

data on blood pressurereused (seection4.1.4)with 100% availabiligndno

missing values.

4.1.7 Outcomeariables

The predicted outcormeerelong sickness absen(fined as >30 SA daysall

four studiesrepetitive short sickness abss(@efined as more than fitél0-day
episodesin Sudies |, I} and 1V, andthe cumulative sum of sickness absence days
in Sudy II. The followup time for all outcome variables was two years after
completing the questionnaire.

Sckness absenakta were accessible frorthe first day of sickness absence
Thereforethe availability ofegister data did nog¢strictthe choice of outcome
variablesSince 2012, Finnish employkavehadto inform their occupational
KHDOWKFDUH WHDP DERXW DQ HPSOR\HH-V VLENQ!
there is reason to believe the case is not already fai@iliks: Bickness absences
exceeding 30 dayerechosen as thaefinition of a long sickness absemdech
hasalsobeenusedn previousiterature®.32.148,149

Repetitiveshort sickness abseneese defineds more than five sickness absences
of one to ten days durirthe following tweyear period after completing the
questionnaird.e.ayearly average of three SA spells or rBoth.three and four
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yearlysickness absence spletisebeen used as the definition of repetitivenSA

previousstudiests0.151

Table 1 presentshaief overview of the focamdmethods of all four studies.

Table 1.

Focusandmethods of the four study publications

6WXG\

)REXV

OHWKRGV

, $VVRFLDWLR{
VIPSWRPV DQG
ZRUNLQJ FRQGI
VLENQHVV DEVI
JLQQLVK FRKRU
HPSOR\HHV

7R LGHQWLI\ HIIHF
TXHVWLRQV RQ SV
FRQGLWLRQV DQG
VIPSWRPV DQG LQ
DELOLW\ WR SUHG
UHSHWLWLYH DQG
DEVHQFHYV

7KH PHDQV DQG I
EDVHOLQH FKDUDFV
JLVKHUYTV H[DFW \
GLIIHUHQFHV LQ WK
7B @ELWQH\ 8 WI
FRPSWDIWAN QH V\G DEN |
OXOWLSOH ORJLV]
DQDO\WHV WR HVWL
EHWZHHQ TXHVWLR{
PHDVXUHYV

,,ORGHUDWLQJ
JURXS RQ PDQE
DQG ZRUNSODF
LQ GLIIHUHQW |
DEVHQFHV

+RZ GR PDQDJHULT
ZRUNSODFH DWPR
DJH JURXSV WR LQ
DEVHQFH RXWFRPH

PRUH WKDQ ILYH
DEVHQ#FHED\V

RQH RU PRUH OR
DEVHQFHV ! GD\

FXPXODWLYH VL
GD\V

7KH LQWHUDFWLRQ
DQG ZRUN FKDUDFW,
DEVHQFH RXWFRPH)
ZLWK ORJLVWLF UH

DQG DQG QHJDWI
UHJUHVVLRQ IRU RX

.., ,GHQWRRW®
ORQJ VLFNQHV)
UHUEDWNHG VW X
H[SODLQDEOH §

:KDW DUH WKH PRY
YDULDEOHYV IRWHUW
6% IURP GLIIHUHQW
EHVLGHY SUHYLRX
VHUYLFH XVH DR
KHDOWK

0/VXEPRGHOV IRU G
FDWHJRULHV DQG ;¢
6KDSOH\ YDOXHV 6
GHSHQGHQFHBODRW
VXUURJDWH PRGHO)

9 &OXVWHU D¢
VXEJURXSV ZLV
SURILOHVY DQG
DEVHQFH S[2WB\
FRKRUW

7R LGHQWLI\ JURX
HPSOR\HHV XVLQJ
VXSHWYPYMWERGV R
HIWHQVLYH VXUYH
+RZ DUH WKH JUR
ZLWK ORQJ DQG' VK

3ULQFLSDO FRPSH
3&$ WR GHILQH WK
IRU WKH SDWLHQW

&DOFXODWLQJ WK
GDWDSRLQWYV H[SU
GLPHQVLRQWVHKDQEJ
DOJRULWKP
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4.2 Dataanalysisnethods

To explore new ways of utilizing data accumulati@iiito predictsickness
absences, dadlaiven approachegere usedncludingViL-based methods thidie
reademightfind unfamiliar. After outlining the statistical methods, Bsetions
4.22and 4.2 will briefly introduce these methods aederabf the most relevant
associated terms.

4.2.1 Statistical methods

The datavereexamined and characted using descriptive statistics. The means

and frequencies of the baseline characteristics were used to examine differences ir
the outcome groups iRublicatiov , DQG ,,, )LVKHUedth&éi[DFW
differences in the categorical data between outcome grieupbaatiori, and the
MannWhitney U test compareithe differences between outcome groups in
Publicatios | and Ill. A t-testcompard mean age and BMI between different
outcome groups iRublication, and achisquared test compdréhedifferences

between outcome groupsPRublicationlll. A p-value of <0.05 was considered
statistically significa¥e153

Multiple logistic regression analyses werdgaisstimateéhe associations between
sickness absence outcomes and questions on depressive symptoms and psychosoci
working conditions iRublication, and between employee clusters and the outcome
groups of repetitive short and long sickness absetieeunpublished Manuscript

[l andPublicationtV. A negative binomial regression model was used for cumulative
sickness absence dayglamuscriptl. 154

Average Marginal Effects (AMEs) and 95% confidence intervals (Cls) were
calculated iublicatios | and IV.AMEs measure how the chamgea variable

from the reference level incregsaties >0pr decreasggalues<ODQ RXWFRPH -
probability.For example, an AMEvalue of 0,075 indicates, that the presence of a
variable increases the probability of an outcome by AMEovalues were used
instead obddsratios because results from different logistic regressions are affected
by omitted variables andshd not be comparé&d
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4.2.2 Machine learni(Rublicatiokl)

$O0DQ 7XULQJ:V DUWLFOH "&RPSXWLQJ ODFKLQHU\ D
can be considered the start of focused woML3#€. The firstML programs were

developed later in the 19508h constant evationever sincelhe basic structure

of an ML procesgonsists ofhree steps. First, datzadlectedo providethe basis

for decisioamaking. The input data cem generally be used in its original form
thereforein the second phase abstraction is mada model based on the input

data. Such a model can be in the form of mathematical equations, computational
blocks, specific data structumsgroupings of similar obsations.Finally,the

abstraction is generalized to form a deemsaking framework’

Figure 5 demonstratdset data flowfor the ML model training and evaleati
pipelinedescribedn Publicationll. The original dataset waglitinto two folds:

70% for training and 30% for testifithe split was based on the index day
(1.3.2015)withthe training data based on questionnaires completediisfdege

and the testing datieom this dateonwardsTo enable a more detailed exploration
of individual predictors, the dataredivided intol2 ML submodels from three
data categorieSociodemographic factors, health hadnitd diseases formed the
first data categoryyhich incluced the following submodels: Demography, Job
description, Measurements, Health hartsDiseases and symptoms. The second
data category, Working conditions and mental health, intbudesibmodels:
Depression questions, Psychosocial questions, Work ability, and Managerial
performance and workplace atmosphere. Finally, three submodels wepntrained
the data category of Service usage: Service use diagnoses, Samdi@aksess
absence®efore training the submodels, missing values were impugettheisin
Nearest Neighbour appro&®hA multicollinearity check was processed for each
submodel separatdiyr input variable pairs with a correlation greater than 0.7, one
variable was removed fréine submodel.

Optimal values fdryperparameters wergtainedrom the training datasing &-

fold crossvalidationapproach{k=10) after which the gradient boosting algorithm
(XGBoost)was used as a base learner for the subfdtelThe test datevere
usedto validatehe submodels. Model explainability analyses were corigucted
ranking the input variables of each submiogigaheirabsolute Shapley values,
followed bypartial dependence plots and surrogate ntodeéstifythe important
variable®9.161,162 For validating théML models,the area under the receiver
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operating characteristic curve (AUROC), sensitivity, specificity, positive predictive
value (PPV/precision), negative predictive value (NPV), Flaschitee area under
the precision recall curve (AUPRC) were asspérformance metrics.

4.2.3 Cluster analysRublicatioly)

This study aimeid identify subgroups of employees based on available data using
unsupervised methods, meaning the process wdswatavithout using outcome
variablesg.g,absence information) and with apredefined hypothesis guiding the
analyses. Because of the large number of variables, latent dimensions of the patien
characteristics were explored using principal component analysis3 (PCA)
(LJHQYDOXHV RI WKH GDWD:-V FRYDULDQFH PDWUL
of principal components. Average silhouette ¥démd adjusting the Rand
Index6s were used to search for an optimal clustering solution. The datapoints
expressed by the latent dimensions from the PCA were used to calculate the clusters
using the Kmeans algorith##f. After the descriptive statistigsreused to compare

the characteristics of the clusters, XGBoost and Shapley values were used to identify
the variables that were most important in defining the membership in each cluster.
At this point, all variables were used as predictors for the diassificadels

instead of the principal components usedalculatehe clusters. Finally, the
association of each cluster with the outcomes (repetitive short and long sickness
absences) was assessed using logistic regression analyses.
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5 RESULTS

5.1 Depressive symptoms and psychosocial factors in predicting
sickness absence

The firstpublication(l) aimedto investigate thpredictivecapability of individual
guestions on psychosocial working conditions and depressive syopiane
sicknesabsence§igure Jresenthiow the study population was formed.

Among the 11,495 employees in the study sahgpheean age was 43y 42,4%

were femal@.he mean BMI was 26a5hd25% of the recipients were smoKene

incidence of over five short (one to ten days) sickness abse8¢@%yaad 6,0%

of the participantsadat least onkong sickness absence (over 30 daysigthe

two-year followup after completing the questionnakl analyses were adjusted

for the following confounding factors: age, sex, BMI, smoking, ekeatuise
musculoskeletal disease, mental iliness, disgasakes coping at work difficult,
professional group, shift work, night work, and sickness absentretlayk2

months SUHFHGLQJ WKH TXHVWIhB @&pipdslom seredhiRg? S O H
guestionswere superiorto questions on psychosocial working conditions
predicting long sickness absengits a 50% stronger associatioth at least one
absencexceeding 30 daguaring followup. Feeling bpeless about the future was

the strongest of the depriessscreening questions in predicting repetitive short
sickness absences (AME 0.07, 95% Ct@1IBand long sickness abser{éddE

0.07, 95% CI 0.08.09) Feeling melancholic and firgipleasure in lifenpossible

to attain wer@also among the five strongest predictors of repetitive long and short
sickness absenceéer long sickness absencesHOW HYHU\WKLQJ ZDV D
"YHOW X Q Ha3tiHad diWAMEexceeding).050. Figures presents the
associations between the depression screeningnguastl botlsickness absence
outcomes.

$PRQJ WKH TXHVWLRQV RQ SV\FKRVRFLDO ZRUNI
GLVDJUHHp RU "GLVDJUHHp WR WKH VWDWidPHQW
KRXUV LQ best pveRi&edhort and longerm sickness absencéor
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repetitive short sickness absences, this question was the strongest predictor of all the
guestionsanalyed in this studyand superior to all the DEPS questions for this
outcome (AME 0.085% CI 0,070,09) Figure 7 show$é associations between

the questions on psychosocial working conditions and both repetitive short and long

sickness absences.
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5.2 Age as a modifmtweethe associatiaimanagerial
supportworkplace atmospharesickness absersce

Study llcomprised 2099 participantsf whom42 7% werefemaleAt the time of
completing the questionnaiteginean ageas42y/. The mean cumulative number

of sickness absence dmyshe following yeawvas 7.6 and showed an increasing
trend through age groups, spanning from 5.17 days in age gedup 16.09 days

in recipients aged 55 ardex The incidence ot &ast ondong sickness absence
periodof over 30 day® the next two years was 5.92%, increasing from 2.86% in
the youngest to 10.04% in the oldest age gfbepincidence of repetitive short
sicknss absences in the two years after completing the questionnaire wés 8.72%
washighesin the youngest age group (13.5&886decreasdwith increasing age
t04.81% in the oldest age group. A similar trend was demonstrated in all the models:
The incidence of long sickness absences and the cumulation of sickness absence day
was largest in the oldest age granmng wbm the incidence of repetitive short
sickness absenaeassmallest

This studyshowedthat dder age(45%54) was a protective factor against long
sickness absences and cumulative sickness absence days when the managerial wc
was not experienced as fair and €@R0.585, p<0.05; IRR.288, p<0.019r if

the spirit within the personnel was ocobsideredjood (OR 0.482, IRR0.398)

Older age was also a protective factor against cumulative sickness absence days whe
the recipients had witnessed bullying or harassnsgit working community. As

an exception to the generally protective effect of oldemmgmtiade experience of

the spirit among the personnel had a stronger negative relative impact on short
sickness absences in the age gro&4®R 1.416p<0.05)than in the younger

age groups

61



5.3 Submodddased approachdentifyingickness absence
risk

For Publicationll , the dataveredividedinto three categoriesnd three to four
submodelsvere constructedithin each category. One aim of the study was to
createML models for each submodel separatelyfanéull models using all
variablesas well agest their performance in predicting long sickness absences.
Another goal wato identify the most important variableseach submodebd
identify modifiable risk factorthat could be targeted with occupational health
interventions.

The population was 583 employeg42.5%0f whomwerefemalethe mean age
was43,5. Patients with [0i8A periods were older (meage47) and more often
female (58,4%) than ployees with no sickness abseageseding 30 days in the
two-year followup. Among the submodels trained to identify BAgthe service
use submodel performed best with an AUROC of Orhg8submodel included
data from medical recordgllectecone year before completing the questionnaire
includingdiagnoses of contacts wsitsto OHS; the number of contacts with a
physician, physiotherapist, psychologishurse and sickness absence dafa.
prediction model that includedriablesfrom all data categoriexchievedan
AUROC of 0.76. An ensemble model that used all varitdlésining data and
weighed questiondy their predictive accuraaghievedhe best performance in
predicting lon@A with an AUROC of 0.790.

Besides defining the predictive performance for identhgingk of longSAs the

most important variablés each submodel weidentifiedusingShapley values.
Working in a blueollar positionparticularly iparttime or shift workelevatedhe

risk of long sickness absences. The risk of long sickness alesealsesincreased
among employees with a BMI of 2igher, thosehorepored experiencingain

those witimore than six symptognms those withtwo to three diseasé&amployees

who reporteda score of 7 doweron a scale af 210 for current work abilitgr

who slepsix hoursor fewerper night also had an increased risk of long sickness
absences
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5.4 Characteristics and sickness absence risk of employee
clusters

In PublicationV, 104 variables used for gréncipal component analystC@)
were processed to five principal componeiiishexplained4.7%, 6.4%, 5.7%,
5.6% and 4.7% of the variation in the datalkseheanslusteringpased on these
five principal componentgsulted in six employee clust@msides portraying
clinically coherent combinationsbéracteristicghe clusters had different profiles
of sickness absences.

Figure8 demonstratethe associations of all six clusters with repetitive short and
long sickness absenadth AME values and 95% confidence interfvaia logistic
regression models. The reference cluster was the healthy clustet)(Cluster

Figure 8. Associations of clusters with repetitive short and long sickness absences in a Finnish
occupational health cofnomi2011t02019

Average marginal effects (AME) values and 95% confidence intervals of the logistic regression models
of the outcomesf more than five short 10days) sickness absences duringearollowup time

or one or more long (30days) sickness absendaring a Z/ear followup time. Cluster 2:
Managerial performance and workplace atmosphere, Cluster 3: Mood and depression, Cluster 4:
Cardiovascular diseases, Cluster 5: Dizziness and sensory symptoms, Cluster 6: Work ability. The
reference cluster waethalthy cluster (Cluster demonstrated by the vertical)line
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Figures9 214 showthe 15most important variables defining membershgadh

cluster The variables are listed from top to bottom according to their predictive
strength, with the most influential variable finsthese figureshé upper black

points indicate patiespecific variable valuBSERYH WKH Y D dhditeOH -V DY
lower grey poiniadicatesalues below.iThecapacityf a variabléo predict cluster
membershijs indicated by the magnitude and spread of SHAP values aleng the x
axis.The pointson the right side of the black vertical line incrieesprobability
andthoseon the left decrease Colored versions of these figures, which might be

easier to interpretare availableonline, open access,in Publication IV -V
supplementary material

In the followingsectionsClusters land 6, which had the lowest and highest
incidence of long sickness absencemaee detdedto demonstrate how cluster
profiles can be portrayed by their defining variables.

Clusterl (Figure9) hadthe lowest incidence of lo(86% of cluster membeasid
repetitive short sickness absel(6e®6 of cluster membees)d was used #Hwe
reference clustefhe likelihood of mmbership in this cluster wagher among
employeesvho reported bein@ppreciad for their work, enjoyed their work,
considered the managerial work fair and ,eapugfelt they receivetlelp and
encouragemeritom managementhen necessar@luster membership was also
more common among employed® reportedther positive experiencaaswork
and among thosevho considered themsehasted tothe physical and mental
demands of their jgbThelikelihood ofmembersip in this cluster was diminished
in recipientswith a high DEPS scagrendicatingan increased probability of
depressiarand inemployees whiadicatedheir work abilithaddeeriorated.
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Figure 9. Shapley values (SHAP) for the 15 most important variables predictin@membership
Clusterl (reference cluster)

Shapley values were calculated from the supervised classification models (XGBookt) trained
distinguisteach cluster. All variables in the PCA were used as predictors for the classification models.
The upper black points indicate higher pasipatific variable values than¥h® U L &&r&yklvalue

and the lower grey points are lower pasipetific variable values than h® U L &vEr&gd v&lue.

The capacityf a variabléo predict cluster membersiggndicated by the magnitude and spread of
SHAP values along theaxis.The pointson the right side of the black vertical line incréese
probabilityand the pointsn the left decrease

Cluster6 (Figurel0) had the strongest association of the clusters with Aeng S
(13%). Many of the variables imporfantlefining membership in this cluster were
related to experiencing reduced work ability. Members of this cluster more often
reported their work ability becoming worse, having a disease or symptom that
hindered coping at wqrr gave a pessimistic prognosis of work ability in their
current job two years from completing the questionnaire. They often reported more
pain and musculoskeletginptomsind diseasésan members of the other clusters,
whereasheir DEPSscores wergypically not elevated.
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Figure 10Shapley values (SHAP) for the 15 most important variables predictingimembership
Cluste6 (work ability)

Shapley values were calculated from the supervised classification models (XGBoost) trained to
distinguish each cluster. All variables in the PCA were used as predictors for the classification models.
The upper black points indicate higher pasipatificy DULDEOH YDOXHV WKDQ WKH YDUL
and the lower grey points are lower patiet®HFLILF YDULDEOH YDOXHV WKDQ WKH
The capacity of a variable to predict cluster membership is indicated by the magnitude and spread of
SHAP values along theaxis.The points on the right side of the black vertical line increase the
probability, and the points on the left decrease it.

The probability of membership @Gluster2 increasedvith negative answeto
several questiorabout managerial performance and psychosocial factors in the
workplacgFigurel1l). The likelihood of membership in this cluster nedaced
amongemployees who considered their work atulihavedeterioratedStill,the
incidence of short sickness absencesspasiallpigher in this groufhanin the
reference cluster.
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Figure 11Shapley values (SHAP) for the 15 most important variables predictin@membership
Cluste2 (managerial performance and workplace atmosphere

Shapley values were calculated from the supervised classification models (XGBoost) trained to
distinguish each cluster. All variables in the PCA were used as predictors for the classification models.
The upper black points indicate higher paspetiicYy DULDEOH YDOXHV WKDQ WKH YD
and the lower grey points are lower patiet®HFLILF YDULDEOH YDOXHV WKDQ Wt
The capacity of a variable to predict cluster membership is indicated by the magnitude and spread of
SHAP values along theaxis.The points on the right side of the black vertical line increase the
probability, and the points on the left decrease it.

In Cluster3, the overall scorenghe DEPS questionnaire was the most important
variablewith higher scosncreasing the probability of clustermbershipRigure

12). Single depression screening questions were also among im@artast
variables.
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Figure 12Shapley values (SHAP) for the 15 most important variables predictingimembership
Cluste3 (mood and depressgion

Shapley values were calculated from the supervised classification models (XGBoost) trained to
distinguish each cluster. All variables in the PCA were used as predictors for the classification models.
The upper black points indicate higher pasipatiicy DULDEOH YDOXHV WKDQ WKH YDUL
and the lower grey points are lower patiet®HFLILF YDULDEOH YDOXHV WKDQ WKH
The capacity of a variable to predict cluster membership is indicated by the magnitude and spread of
SHAP values along theaxisThe points on the right side of the black vertical line increase the
probability, and the points on the left decrease it.
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The incidence of long sickness absences was ele@tedeird, among whose
members the incidence of repetitive short sickness absentikes thatsof the
reference clustéfigure B). Themost important variables defining membership in

this cluster related to cardiovasculamriskypertension, diagnosed cardiovascular
disease, older agmdelevated blood glucose and/or cholestér®. members of

this cluster were older than the otheith a mean age of 53.05. The cluster with

the highest indence of short sickness absences and an increase in long sickness
absences waSluster 5 (Figure 14) The most important variable defining
membership in this cluster was reporting many symptoms, yet no reported diseases
were among thE5most important variables predicting cluster membership.

Figure 13Shapley values (SHAP) for the 15 most important variables predictinggmembership
Cluste# (cardiovascular disegses

Shapley values were calculated from the supervised classification models (XGBoost) trained to
distinguish each cluster. All variables in the PCA were used as predictors for the classification models.
The upper black points indicate higher pasipatiicy DULDEOH YDOXHV WKDQ WKH YD
and the lower grey points are lower patie®HFLILF YDULDEOH YDOXHV WKDQ Wt
The capacity of a variable to predict cluster membership is indicated by the magnitude and spread of
SHAP values along theaxis.The points on the right side of the black vertical line increase the
probability, and the points on the left decrease it.
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Figure 14Shapley values (SHAP) for the 15 most important variables predicting membership in
Clustel5 (Dizziness and sensory symptoms)

Shapley values were calculated from the supervised classification models (XGBoost) trained to
distinguish each cluster. All variables in the PCA were used as predictors for the classification models.
The upper black points indicate higher pasipatiicy DULDEOH YDOXHYV WKDQ WKH YDUL
and the lower grey points are lower patie@HFLILF YDULDEOH YDOXHV WKDQ WKH
The capacity of a variable to predict cluster membership is indicated by the magnitude and spread of
SHAP values along theaxisThe points on the right side of the black vertical line increase the
probability, and the points on the left decrease it.

Table 2 presentsthe descriptive statistiésr background variables and their
distributiors acrosslustes.
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Table 2. Descriptive statistics of background variables and their distribution
in the different clusters
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Cluster 1: Healthy referen€yster 2: Managerial performance and workplace atmosphere, Cluster

3: Mood and depression, Cluster 4: Cardiovascular diseases, Cluster 5: Dizziness and sensory
symptoms, Cluster 6: Work abil®A Short periodmore than five short 10 days) sickness
absences during two yeafr$ollow-up time SA long periodcne or more long (>30 days) sickness
absenceduring two yearsf follow-up time
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6 DISCUSSION

6.1 Main Findings

This study aimetb use dataontinuouslyaccumulating i®OHS to identify risk
factorsfor increased sickness abseandprotective factors that diminish sickness
absence risknother goal was study the association of woekated psychosocial

risk factors and depressive symptoms with the risk of sickness Altbéncicgoal
wasto createML models and test their performance in predicting long sickness
absenced hefinal aim wado identify employee clustersingunsupervisetL
methods and test the associdbetweenttese clusteendfuture sickness absence
Thissectiorsummarizethe main findingsf thestudy, divides thenmto identifying

risk factors and protective factors for increased sickness slasehoeflects on
theresultdn relation tgrevious studies.

6.1.1 ldentifying the risk for increased sickness absence

All four studies included in this dissertation aintedincreaseknowledge
identifyingsickness absence risk, approaching the theme from different angles and
using different method€ertain questions ithe DEPS questionnaire atite
limited possibilitieto influence R Q Mvokk predictedlong and repetitive short
sickness absendgPsiblicatior). Increasing ageas associated witterisk of long
SAandcumulative SA dayslanuscriptl). Previous studigsave also shown this
associatiod68 Theincidence of repetitive short ®As largan youngethan older
age groupPublicationl). Data onthe association between ageshmit SAare
scarcebut among Finnish municipal employees 2002 to 2013hort (123 days)
and intermediate {44 days) sickness absences were more c@nmangyounger
than older employeés

In the third publication(lll), a submodddased approachas usedo construct
prediction tools usingL methods, resulting in seves@bmodelandan ensemble
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model for predicting long S/an Hofferetal -V hawaxsi@Nar approach,

with occupational health surveysmprising a variety of themes fr&3833
worker83 Their analyses were based solely on the survegnddtacused on
sickness absences caused by mental health diagnbse®llowing yeaas an
outcomeComparedvith the questionnaire data this studytheir survey included

a broaderset of sociodemographic variabl@uestions opsychosocial working
conditions and distressere derivedfrom the fourdimensional symptom
questionnair@dDSQ that predict mental LTSA rigk8 In their study, theysed
thedistress scale tife4DSQ whichcomprisethemes also includedtire dataof
thisthesis They performed logistic regression analysasdauision tree, both of
which fairly discriminated between participants with or without mental LTSA during
follow-up, with an AUROC of 0.74 in the regression model and 0.73 in the decision
tree.Theensemble modptesented in this thewias slightly superitartheir results

in predicting sickness absences exceeding 30 days-year tiwbowup, with an
AUROC of 079 Apparentlythe data on sickness absences and previous visits to
OHSusedn this studymprovedhe predictive performance enough to compensate
for therelative lack of data on demographics

A recent systematic review asseseddrelatedosychosociaisks andprotective
factorganfluencingvorkplacescknessbsenceBullying and violence at work, poor
development opportunitieend poor leadership quality were strongly linked;to SA
a lack of social support was amdhg variables that demonstrated moderate
evidencé? The studiesin this thesisalso demonstrated a higher incidence of
repetitive short and long SA among emplayidegoor development opportunities

or who hadwitnessed bullying or harassment at the workplaieg a threat of
violenceat work also slightly increasieglincidencef longandrepetitive short SA.

In the questionnairdata in this studyullying was asked as a phenomenon of the
workplace in general, using the phraseKk DYH QRW ZLWQHVVHG EXOC
at my workplacg without defining whethethe recipiet had been subject to
bullying olhadwitnessed it as a bystander. Oshaties on the association between
bullying and SA seem to predominantly focus on bullyisylagetive experience

of the responde#fi169.170 although increased letegm SA has also been
demonstrated among nbuallied coworkers at working units where bullying has
been reportéd. Similarly in this studythe question regarding violence at the
workplace was phrasaswhether the recipient faced a threat of violence at work
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instead of having been sul®eldb violence. These differences in addressing the
guestions on bullying and violemgk likely diminish the effect of these variables
on SAs compared to being subject to either of these phenomena at the workplace

6.1.2 Protective factors that diminish sickness aiskence

Older age wasprotective factor agaitmtg SA periods and cumulative SA days
whenemployegwereexposed t@oor managerial support, low staff cohesiod
workplace bullyind. have not come across a similar study setting. In a study on
psychological distress and sickness absence among Finnish municipal workers,
Halonen et afound that experiencing psychological distress may increase sickness
absences mommongemployees aged >45 than younger empl@ydesheir
VWXG\ WKH OHYHO RI SV\FKRORJLFDO GLVWUHVV ZI
of experiencing 12 symptoms of distfem® the General Health Questionnaire
(GHQ-12. Initially, this might seensomewhat contradictorip the results
presented in this thesidoweverseveral causes could provdik&ress symptoms
only part of which are worklated. Ina study setting whedata onGHQ-12,
managerial suppoaind workplace atmospheedatedjuestionsvouldbe available,
distress symptomeuldmediate the relationsliptweerthe workrelated variables
and long SAleading to greatatistress symptomsmongyounger than older
employeegrvastietatV VW XG\ Rl )LQQLVK S XéenwhdtradH FWRU |
variation in predictors of work disability depending on age and idiagoog’.

They analyged three job demand and nine job control itam$ foundthe
association between low job control andaaiée work disability bestrongeiin

older age groups, with a @M@ risk of work disabiligmong middlaged 35%0
yearsyand 1.27old among aging employges0 years) when compared to the
youngest age group @82 yearsBased orthe resultsin Sudy |l of this thesjs
older agemployeeseenmore resilient to experiences of poor managerial support,
low staff cohesigrand workplace bullyingghich mayprotect them againSiAs
associated withesevariables but n@gainsSAs associated walack of support

from workplacenanagement

In the cluster analysis (J\Qlusterl had the smallest incidence of repetitive short
and long SA. Thereforégatures defining membership in this cluster can be
considered protective factors against SA. These dthcederal workelated
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variables: the experiencéaVingtheir work appreciated, of enjoying their ¢éb,
experiencing fair and equal managerial, morkof being provided with the
necessary help and encouragement from management. \Wasaidity and
possibilities for seteformation in their job, experiencing a good spirit at the
workplace and reliabilityin continuingtheir employment were all factors that
increased membership in this group, as well as experiencing the mental workload
and physical demands of theirggby X LWDEOH IRU WKH UHFLSLHQ
(Sudy IV) .DUDVHN:V -RE &R QWaKH® Wludesevers&l biRiigzeeD L UH
factorg®. Karasek (1979) already associatddmbination of restricted decision
authority and heavy job demands with mental strain and job dissajiafatclker

with adelayed return to work of siltéted employe¥8 Snce thenseverastudies

of the different combinations of decision authority and job demands, known as the
demanetontrol mode have beerconducted A systematic review in 2013
demonstrated that low social and supervisory support predicted work disability, as
well as poor leadership quality and increased physical and psychologicét4demands
Focusing on improving these factors in organizations could prevent occupational
stress and work disabili#y.recent Danish article used clustenreghodson
guestionnaire data from a general working populationpfpamugsychosocial risk
factors. They found that favorable scasasseveral psychosocial questions
seeminglputweiglednegative values on one or two componants SA risk was

not higher in suctlusterghan inthe cluster with no reported adverse psychosocial
factors.Their resultslenonstrated thaavorable psychosocial working conditions
wereaprotective factor against long, 8kgningwith thefindingsin this thesis38

6.2 Practical implications

The datan thisstudywerequite unique in combinif®@Adata beginning on the first
day of absence with data on visit®OHS and a questionnaire covering a broad
spectrum of health habits, diseasesworkrelated themeBespite the useful data
this 11page questionnaire pro\ddi: was time&onsuming to completbus,a new
questionnaire in Finleeplaced itin 2020. The questionnaicarrently used
comprises a more concise set of basic questitimsnodules o other themes
addedas needediepending on the screeniRgducinghe number of questions
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would yielda screening tool suitable for more frequent resalting in earlier
detection of increased work disability. risk

To achievea more concise questionnaire, as much data as possible should be
extracted from medical records, where data on age and sex are generally available
andcurrent In Finland, data on healthcare contacts in the public and privase sector
including occupational health carestoredn Kanta,a national database. With the

rapid improvement of language models, data in the Kanta databaatsabeld

used as a reliable source of health data for identifying work disability risk factors
from freetext documentation. This would improve screefongvork disability

risk especially among employees in companies that provide only mandatory
occupational health measures and whose healtarelaté&enlimited in OHS

medical recordkarge language modatsild also be applied to otkhlatarecorded

in free text formHadthese models been availaolength L V V \WMahGing ghase

it might have been possiblaisesome potentially interestiogentext sections of

the questionnairiat could not beconwertedto numerical datavhich hado be
excluded from analyses.

In addition to Kanta, data from occupational healthcare vigdsalsa been
recorded in a database called Avohilmo sincev#i2h,wagpreviously used only

in the public healthcare sector. Avohilmo data includes the numbers and causes of
healthcare visitaJong withdata on diagnoses and medical procedures associated
with each visitn addition toOHS visits, Avohilmo alscollectdiagnosispecific

data on sickness absences and preventive occupational health procedures. During
occupational healtrsitis, OF5professionalsanrecord their estimatef the work
relatedness of the diagnosis, the necessity of work ability support neeasures
planned procedures @HS. These might include occupational rehabilitation,
recommendations for the workplageseveral others describedsection2.2.2.
Oncerecording these assessments becomes more coasistegdifferent OH

service providers, it should provide useful data for identifying work disability risk.

Ideally, medical recordsdiiS shouldbe able taippdae work-related data derived
IURP FRPSDQLHV - UHthé ¥vglblyer\tould)yedtildta dn Wwarking
class (blueollar, whiteollar, managerial) and irregular working hours in a
structured form ankeep itreliablyupdated Data on excessive working hours or
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suboptimal work shift rotation, whialsoincrease the risk of work disab#igyt76
could besimilarlycollectedcand incorporated o analyses.

When theavailabilityof different data sourceslimited,the findingsof this study

on different submodels and thalfnilityto predict future sickness absence can be
usefulto model developer®lthough thecharacteristics of employekisters
identified inthis study must be applied with cauttonother employee groups,
clustering with unsupervised ML methskdewed potentiab identify different
combinations of risk factongthin a given population.

The question of constructing an optimal screening questipooadiee enough
for repeatedise in predicting SAannot be answeredarsingléhesis. However,
some observations fratims study Yesultscan beconsideregossibilities towards
this goal.

The first publication (I) demonstrated that single questions of the DEPS
guestionnaire can be used to predict long and repetitive short sickness absences. One
possibilityfor constructinga shorter questionnaire would be to restrict the DEPS
questions tdhosethat bes predict SAHowever, amperingwith this validated
screening tool for depression cannot be recommended, as depression is a relevant
FDXVH RI ZRUN GLVDELOLW\ ,QVWHDG DPRQJ WKH
can influence the contents, pacel hoursinmM R E p S HU | Rtigredicehge HV W
repetitive short sickness absenesgh an AME 0f0.079 (95% CI. 0.085®3),

and outperformedhe questions of the DEPS questionnaire for this outcome.
Therefore, this single question would be worth including in a shorter screening
questionnaire targeted at sickness absence risk. In companies whegeshioe

sickness absences aammmon developing policiethhat LQFUHDVH HPSOF
opportunitiesto influence their work should be considered. For example, when
suffering from mild symptoms of a disease, being able to choose less physically or
mentally strenuous work tasks for that day doelldthe employeeontinue
workingwhileconsideringhe possible neddr sick leave.

Several questions of the Work Ability Index (WAI), described in more detail in
Section2.4.1, were included in the screening questionntiedatain this study
Some questions are identical in the two questionaatiazearly all the questions
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from the WAI were included in some forfiable 3 presents averview of the

similarities and differences between the questionfa@esHPSOR\HH-V DVVHV
of their work ability, comparing their current work ability with their lifetime best on

a scale of 410, was an important variablethe submodebased study d¥iL
modelgSudy lIl). This question, also known asW®S is an item of th@/Al. It

has been a strong predictor of future work disébifand would certainly be

useful in a shorter screening questionnaire.

Thequestionnaire data included the questidmyou believe that, from your health
perspective, you will be able to do your current job 2 years from Trogi8 also

derived from theWAl $QVZHULQJ "XWOPHMWOUQRWR WKLV
increasgthe risk of long sickness absence and disability pensigxithough his

guestionhad predictive value ithe 0/ VXEPRGHO ":RUN DHEJW€EOLW\ TX
other work abilityelated questions, including YMAS performed clearly better in

predicting long SA. Answerinds LV DarUSB W W LD O @\th& gué®idriJ HH p
"WKH SK\VLFDO GHPDQGV RI PwasviireE/aiablélwihXthew D E O H
highest Shapley values of the work ability questibmedel inhis study.
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Table 3.
this study

Comparison between tWAl and the questionnaire data used in

Work ability index

Finla questionnaire

Is your work psychologically demanding/ph
demanding/physically and psycholo
demandinfno rating, utilized in rating the qu
on work ability in relation to demands)

Uravailable (job description as an-eopleal
question in the questionnaire)

Current work ability compared to highest wo
ever (H0)

Identical
Additionallgelfrated change in work ability: hag
worsengimproved/no change

Work ability in relation to demands: How do
your current work abiligardinghe a)physical
demands and b) mental demands of your wq
poor 1tvery good 5)

a) The physical demands of my job are prop
with my capabilities agree/partially agreel|
disagree/disagree

b)uravailable

Current diseaseshecklist of4 disease or injy
groups with options yes, own opinion
SK\WVLFLDQYV GLDJQRVLV Q

Checklist of 20 diseases, question options: h
diagnosed/no
Separately, a checklist of 19 symptoms

Estimated work impairment due to illness o
No hindrance or no diseases/ my job cause
symptoms/ | must sometimes slow down n|
pace or change work methods/ Because
condition, | feadndo only part time wbliélieve
| am entirely unable to work

Does your iliness/symptom hinder your coping
yes/no

Do problems of sleep, alertness, stressod
hinder coping at work (yes/no)
How would you describe your recovery from

general? good/varying/deteriorating/bad

lliness within last year: During the last 12
how many whole days have you been o
because of illn@ss

Available in questionnaire data but was not us
analysesas the data in the medical records
considered more reliable

Estimation of own work ability in 2 years:
believe, according to your present state of
that you will be able to do your current job t
from now? Unlikely/ Not certain/ Relatively ¢

Identical

Mental capacities: Considering the last three
have you a) been able to enjoy yourdedéni
active and alert, c) felt yourself to be full g

about the future? (OftetNéver 0)

The DEPS questionnaire includes all these qu
althougthey arelifferently phrased and rated
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6.3 Strengths and weaknesses of the study

In studies including employees from more than one company, data on short sickness
absenceareoften available only as gelported estimates, as register data generally
begin only from the onset of compensation of sickness absence costs from public
fundingIn WKLV VW 3icRneds abdeMyddage available fronmé first day

whether authorized by the employer, a norgephysicigrhisisa strength ahis

study. Also, data on sickness absence periods certified elsewhere (public health,
private clinicetc.) were transferred by the employer to the electronic health record.
This provides th©HS team (physician, nurse, psychologist, physiotheaaplst

social worker) nominated for each company a more comprehensive overview of the
risks of longerm work disability? both at a company and patient le¥ahd a
possibility of targeted interventions. Especially large companies have transferred
thesedata systematically through the 2000s. A larger reimbursement of occupational
health costaup to 60% of preventive measures) was lauratttbd beginning of
2011and applied until the end of 20d® companies with an early intervention
program for work disability management in cooperation wittOtH8iprovider.

These intervention models, at least in customer companies of Finla, included
transferring KH FRPSDQ\:V VLFNIQENSyrdvideydhiQ very f&D WD W R
smaller companies did not follow this protocol. As the sickness absareaatata
GHULYHG VWUDLJKW |UR butdveitahstdrres @dr\tHduevto theH J LV W I
OHSdatabase, missing datatill a riskas the reliability of data transfer could vary
between different companies. However, companies that have agreed on a health
surveillance program with th@iHS providers, either as a voluntary or mandatory
measuranayhave regular contact with th@idS team which can be expected to
streamline work ability support models. Therefasickness absence data can be
estimated to provide relatively comprehensive nl#tt@ sickness absences of the

study participants.

Inths VWXG\ WKH KHDOWK TXHVWLRQQDLUHV-ZHUH OL
up regime, comprising peeployment and periodic health examinations.
Consequently, OHS professionals had the opportunity to identify risk factors related

to both medical issues and work disability of these employees and to initiate
necessary treatment and intervention procedures (see chapter 2.2.1). It is plausible
that, wihout this screening, these risk factors would not have been addressed, and
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the number of sickness absence days or episodes would have been higher. This migh
reduce the magnitude of our results compared to studies in which a questionnaire
was administered solely for research purposes and not followed by an opportunity
for medicatonsultation and treatment.

A large sharef healthcheckups arenandatory andrganized due to worklated

risk factors, resulting in very high response rates in companies with occupational
hazards, whereas voluntary screeniegpected tgielda lower response rate.
Regrettablywe had no access to response rates or ways to address the differences
between responders and sieaponderg a limitatiorof thisstudy.

In two publications, 647 employees with a recent initial health check were excluded,
but in the other two (Il and 1V), sickness absehefsre completing the
guestionnaire were not utilizéebreforethese employees were inclu8edie may

have been on a trial period at the time of completing the questionnmaiagy hate

been more inclingd present a more optimistic view of their health to secure their
employment contracts.

As a limiation of the study, assessing the working status of the study population
during followup was impossibléSome SAs durirtbe follow-up periodatfter the
health survey might be absent from the diaatoleavinghe initial employment

for various reasor{g.g. changing employgunemployment, early retiremennt
maternal leaye

6.4 Ethical considerations

As the Methodsectiondescribg individual participants could not be identified
this registebased stugyhereforeethics approval wast required.

Besides focusing on the study presented in this dissertation, the ethical implications
of theseresults should also be considered. ¢bigroversialvhetherML-based
decisiormaking tools and risk profilased to targanterventiondor individual
employeesouldcause harniike any screening methaa| work disability cases
cannotbe identifiedno matter how well the tool is constructed. Wasldga
VFUHHQLQJ WRRO FDXVH WKH "IDOVH QHJDWLYHpu |
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and who still end up with relevant work disaliityiss out on interventions they

might have otherwise accessed and benefitedTfooavdid such situatigrOHS
professionals must be provided with data on the specificity and sensitivity of the tool
usedto avoid unrealistic expectati@mutits reliability.The possibility of false
positive screening results must also be considered. If a screening tool incorrectly
identifiesan employeas beingt risk of work disability, it col&hd taunnecessgar

health care costs awdusedistress for the individudlVhatever the screening
method its use does nekcludehe methodgreviously use identifyemployees

at risk of work disabilityather, itis presented as a new possibility to be used
alongside otherBijkstra et al(2020)published an interesting articletomethical
considerations of Mhased decision supportOHS, stating thatesearchers and

OHS professionals must take responsibiiity avoid discriminatioragainst
individuals basesh decision support technologi&lso, when screening tools are
created, their impact and potential adverse effects must be considered from multiple
viewpointsacrosglisciplines tachieve socially responsildaetcomet 7o

Freedom of choice must remaincluding whethethe employee is willing to
participate inan intervention offereased ora screening toolAs always in
healthcare settinghe individual V S U iniYsDi#e\ secude Companylevel data

must be presented in a way that doesamapromiseéhe employees DQR Q\P LW\
whethemgeneratedsing an Abased tool or any other method.

European legislatip most notablythe General Data Protection Regulation
(GDPR) and the Al At aims to address ttehical challengesitlined above
Under Aticle 9 of the GDPRthe processing of personal health dstatrictly
limited,and Article 22onstraingrofiling of individuals and decissamadesolely
throughautomated processi@pnsequentlylata collected in an Old@ntext may
be used to predict SAnly if the employee hgwovidedexplicit and informed
consentfor this specifipurpose Moreover the results of screening shcagdve
VROHO\ DV VXSSRUW |RdéciBigm2kirg) ratheRthanvag b BaRQi® O - V
for automated decisiarUnderthe Al act, Al systenthat utilizehealth data are
classifid as highisk systemsvhich areubjecto several additional requirements,
particularlyegarding documentation and niskigation. 180.181Finnish legislation,
particularhythe Data Protection Act and ti#et on the Processing of Social and
Health Care Client Databoth implements and cotemens EU-level
regulatioiB2.183 Patient information may only be usadegally defined healthcare
purposes, unless additional permissions are obtained.
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Despite the risks presented before, occupational health professionals and researcher
mustremain operio Al-based methods. As Baltassare stated in their recent

article, the discipline of occupational medicine reusiin opeminded and
embracecurrent Al methods in the scientifendscap&4 Clear ethical and
governing practices must be set to secure safe and responsible integration of new
innovations into the clinical practic€O¢{S.
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7/ CONCLUSIONS

Thisstudyusedrealworld data collected in every@#yS settingslt combinedSA
data beginning on the first day of absence with data on viSKSiand a
guestionnaire covering a broad spectrum of heaftablesand workrelated
themesThe objectivevas toapply modern data analysis methodsis extensive
dataetto explore new ways identifypatientsatelevated risk of sickness absences.

Objective 1: Identifying risk factors and protective factors that are relevant for
predicting future sickness absence (SA)

All four studies contributed to identifying and assessing the predictive capability of
risk factors for future SAwo studiesocused on workelated psychosocial risk
factorsand eithemanagerial performanoe single questi@of a depression
screening questionnaigudies | and Il)When constructing prediction models for
SA thesubmodel approach facilitatéa identification of the@redictive potential
of different data sourcemd the included variable&dugy Ill). The employee
clusters identified i®udy IV had different SA profiles. Therefore, thest
important variables defining cluster membeasaipsk factors or protective factors
of SAof different lengthsdepending on the clus{udy 1V) Older age was also
identified as a protective factor againsa&dciated witbertain deficiencies in
managerial performance amelworkplace atmosphei@&udy II).

Objective 2: Studying the association of workelated psychosocial risk factors
and depressive symptoms wittthe risk of sickness absence

The psychosocial conditions and managerial performance at the workplace affect
HPSOR\HHV:- ULVN RI 6% EXW ROGHU DJH VHHPV WR
some adversities. Among psychosocial factors, limited decision authority was the
strongest mdictor of repetitive short SAs. Among the depression screening
guestions from the DEPS questionnaire, feeling hopeless about the future was the
strongest predictor of repetitive short and long(SAslies | and I1)
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Objective 3: Creating machine learning (ML) models and testing their
performance in predicting long SA

The combination adiversedata sources providsdfficientdata forML methods,
resulting ina model that performed wedk predicting long sickness absences.
Previous diagnoses, service aisé sickness absences were the most effective in
identifying individuals with increased risk of long SA, as was expected based on
previous studies in the field. Including other variables besides the strongest
predictors in an ensemble model significamtheased its predictive accuracy.
Dividing data from differerthemes and sourcego separate categoriedich

were then analyzad submodelbelped identify the most important risk factors in
each submodel ane@monstrated the value of different data sources in ML models
to predict SAs. This is useful fature model developersas the availability of
variable groups variasrossettinggStudy III)

Objective 4: Identifying employee clusters and their association with the risk
of SA.

Sixclinically relevant employee clusters with unique combinatitrasauiteristics
andrisk factoswere identified using unsupervised ML methidasse clusters also
differed in the incidence of repetitive short and long SA. Membership in the cluster
with the highesincidenceof long SA wasnost likelyamong employeesho
experienced deterioration thieir work ability andonsidered theidisease$o

hinder coping at worKhe incidence of musculoskeletal disease among members of
this clustemwassixfold compared to the reference clustEmtifying employee
clustersn different OH settingsan help professiongd&ntargetednterventions
tailored toH D F K F €pXcifitvegedf Swudy 1V)

This study demonstratedveral ways usedatacollectedn OHS through visits
and screening questionnaires to predict future sickness abbenagislevolution
of Al methodsand increaseability to gathenformation from Kanta and Alidmo
set the stage for intriguing research opporturgbeyy forward within the
regulatory boundaries

85



8

86

REFERENCES

OECD. Public Spending on Incapacity. Organisation for Economic Co

operation and Development; 2020.

OECD. Estimates of total costs (direct and indirect) of mental health problems
in EU countries, in million EUR and as a share of GDP, 2015. Paris:

Organisation for Economic @mperation and Development; 2018.

OECD. Sickness, Disability and Work: Breaking the Barriers: A Synthesis of
Findings across OECD Countries. OECD . Epub ahead of print November

24, 2010. DOI: 10.1787/97892640888%6

United Nations. World Population Prospects 2024: Summary of Results. UN
DESA/POP/2024/TR/NO. 9.; New York: United Nations Available from:

https://population.un.org/wpp/publications. 2024.

Eurostat. Ageing Europgstatistics on working and moving into retirement
Available from: https://ec.europa.eu/eurostat/statistics

explained/SEPDF/cache/80396.pdf. 2024.

Taimela S, Justen S, Aronen P, et al. An occupational health intervention

programme for workers at high risk for sickness absence. Cost effectiveness



10.

11.

analysis based on a randomised controlled @@up Environ Med

2008;65:24248.

Kansanelakelaitos. Statistical Yearbook of the Social Insurance Institution

2023 [Kansanelakelaitoksen tilastollinen vuosikirja 2023].

Runge K, van Zon SK, Henkens K, Bultmann U. Metabolic syndrome
increases the risk for premature employment exit: A longitudinal study among
60 427 middlaged and older workers from the Lifelines Cohort Study and

BiobankScand J Work Environ H&4I#8:49:56877.

Nyberg ST, Airaksinen J, Pentti J, et al. Predicting work disability among
people with chronic conditions: a prospective cohort sticly.Rep

2023;13:6334.

Detaille SI, Heerkens YF, Engels JA, van der Gulden JW, van Dijk FJ.
Common prognostic factors of work disability among employees with a
chronic somatic disease: a systematic review of cohort Stcalels] Work

Environ Health009;35:262281.

de Vroome EMM, Uegaki K, van der Ploeg CPB, et al. Burden of Sickness
Absence Due to Chronic Disease in the Dutch Workforce from 2007 to 2011.

J Occup Rehdiill5;25:67684.

87



12.

13.

14.

15.

16.

17.

88

Kertay L, Caruso GM, Baker NA, et al. Work Disability Prevention and

Managemend. Occup Environ.\N26@5;67:e267.

Loisel P, Anema JR. Handbook of Work Disability: Prevention and
Management. New York, NY, UNITED STATES: Springer Available from:
http://ebookcentral.proquest.com/lib/tampere/detail.action?docID=108210

5. 2013.

llImarinen. From Work Ability Research to Implementdtiod. Environ Res

Public Health019;16:2882.

Applica, Directorat&eneral for Employment, Social Affairs and Inclusion
(European Commission), Liser, et al. Sick pay and sickness benefit schemes in
the European Union: background report for the Social Protection

& R P P L Win\delpth-réview on sickness benefits, Brussels, 17 October 2016.

Mittag O, Kotkas T, Reese C, elrdkrvention policies and social security in
case of reduced working capacity in the Netherlands, Finland and Germany: a

comparative analydist J Public Heal?018;63:1081088.

Wallman T, Wedel H, Palmer E, et al.-l8mke track record and other
potential predictors of a disability pension. A population based study of 8,218

men and women followed for 16 yeBMC Public Heal#©09;9:104.



18.

19.

20.

21.

22.

23.

LeinoArjas P, Seitsamo J, NygarHi,G&K C P, Neupane S. Process of Work
Disability: From Determinants of Sickness Absence Trajectories to Disability
Retirement in A Longerm FollowUp of Municipal Employedst J Environ

Res Public Heah®21:18:2614.

Kivimaki M. Sickness absence as a risk marker of future disability pension: the

10town studyJ Epidemiol Community H2@0#58:714011.

Salonen L, Blomgren J, Laaksonen M, Niemeld M. Sickness absence as a
predictor of disability retirement in different occupational classes: a register
based study of a workiage cohort in Finland in 202014.BMJ Open

2018;8:e020491.

Kela Health Insurance Statistics 2023 [Kelan sairausvakuutustilasto 2023)

Finnish center of pensiorSarningselated pension recipients in Finland

2024 [Suomen tyOeléakkeensaajat 2024]

Stromberg C, Aboagye E, Hagberg J, Bergstrom G, -Kahkslson M.
Estimating the Effect and Economic Impact of Absenteeism, Presenteeism,
and Work EnvironmerRelated Problems on Reductions in Productivity

from a Managerial Perspectwalue Healtl2017;20:1058064.

89



24.

25.

26.

27.

28.

90

Slany C, Schitte S, Chastadg, JJarenfThirion A, Vermeylen G,
Niedhammer |. Psychosocial work factors and long sickness absence in

Europe.Int J Occup Environ Heziit¥;20:1@25.

Louwerse I, van Rijssen HJ, Huysmans MA, van der Beek AJ, Anema JR.
Predicting Longerm Sickness Absence and Identifying Subgroups Among
Individuals Without an Employment ContrdcOccup Rehaii20;30:3 721

380.

Dalgaard VL, Willert MV, Kyndi M, Vestergaard JM, Andersen JH,
Christiansen DH. Cohort Profile: The Danish Occupational Medicine
Cohort® a nationwide cohort of patients with wolated diseaset J

Epidemia2023;52:e264210.

Madsen IE, Larsen AD, Thorsen SV, Pejtersen JH, Rugulies R, Sivertsen B.
Joint association of sleep problems and psychosocial working conditions with
registered lontgrm sickness absence. A Danish cohort shedyd J Work

Environ Health016;42:29308.

Sundstrup E, Andersen LL. Joint association of physical and psychosocial
working conditions with risk of lotgrm sickness absence: Prospective

cohort study with register follayp. Scand J Public He2Gii1;49:13240.



29.

30.

31.

32.

33.

34.

Larsen AD, Ropponen A, Hansen J, et al. Working time characteristics and
longterm sickness absence among Danish and Finnish nurses: A register

based studynt J Nurs Stud020;112:103639.

Nyberg ST, Elovainio M, Pentti J, et al. Predictingdomgsickness absence
with employee questionnaires and administrative records: a prospective cohort

study of hospital employe8sand J Work Environ H&41#8;49:614820.

Perhoniemi R, Blomgren J. Use of Health Services and Rehabilitation before
and after the Beginning of Lefigrm Sickness Abserfc€omparing the Use
by Employment and Disability Pension Transition after the Sickness Absence

in FinlandInt J Environ Res Public H2afh;19:4990.

Vahtera J, Westerlund H, Ferrie JE, et atafle and diagnesizecific
sickness absence as a predictor of sustained suboptimal heayiara 14

follow-up in the GAZEL cohortJ Epidemiol Community H2@1i®;64:311.

van Hoffen MFA, Norder G, Twisk JWR, Roelen CAM. Development of
Prediction Models for Sickness Absence Due to Mental Disorders in the

General Working PopulatiahOccup Reh&tiR0;30:30317.

Goorts K, Boets I, Decuman S, Du Bois M, Rusu D, Godderis L. Psychosocial
determinants predicting lotegm sickness absence: a regdisieed cohort

study.J Epidemiol Community H2@20;jecl2020214181.

91



35.

36.

37.

38.

39.

40.

92

Schouten LS, Joling CI, van der Gulden JW, Heymans MW, Biltmann U,
Roelen CA. Screening manual and office workers for risk-tdongjckness
absence: cuiff points for the Work Ability Inde$cand J Work Environ Health

2015:41:3812.

Sickness allowanc&ela Available from: https://www.kela.fi/sickness

allowance.

Vester Thorsen S, Friborg C, Lundstrom Birgitte, et al. Sickness Absence in
the Nordic Countries. 59:2015; Copenhagen: Nordic Social Statistical

Committee; 2015.

Pesonen S, Halonen JI, Liira J-18plbrting- a study on implementing and
the effects of sefeporting of sick leaves [Omailmoitdstutkimus
sairauspoissaolojen omailmoituksen kayttdonotosta ja vaikutuksista] Available

from: https://www.julkari.fi/hadle/10024/129934. 2016.

Kausto J, Verbeek JH, Ruotsalainen JH, Halonen Jl, Virta LJ, Kankaanp&a E.
Selfgertification versus physician certification of sick leave for reducing
sickness absence and associated cGstshrane Database Syst Rev

2019;2019:CD013098.

Vahtera J, Virtanen P, Kivimaki M, Pentti J. Workplace as an origin of health

inequalities] Epidemiol Community HE2®®;53:39807.



41.

42.

43.

44,

45.

Verhaeghe R, Mak R, Maele GV, Kornitzer M, Backer GD. Job stress among
middleaged health care workers and its relation to sickness absesse.

Health2003;19:26274.

Heiskanen J, Vehkala S, Martikainen J. The unit cost of one sick leave day in
Finland (in Finnish with English summary). Policy Brief; University of Eastern

Finland; 2024.

Thorsen SV, Flyvholm 4, Pedersen J, Bultmann U, Andersen LL, Bjorner

JB. Associations between physical and psychosocial work environment factors
and sickness absence incidence depend on the lengths of the sickness absenc
episodes: a prospective stud®70678 Danish employe@scup Environ Med

2021;78:4%3.

Kulvik M, Kuusi T, Laurikka A, Valkonen T. The Cost of Skart Disability

in Municipal Workplaces: Costs of Sickness Absence Incurred by Municipal
Employers Prior to the Covid® Pandemic[Lyhyen tyokyvyttomyyden
kustannukset kuntdan tyopaikoilla: kurédan tyonantajille ennen korona
aikaa aiheutuneita sairauspoissaolojen kustannUgSiajvailable from:

https://pub.etla.fi/ETLA-RaportitReports165.pdf. June 23, 2025.

Hultin H, Lindholm C, Malfert M, Méller J. Shiantm sick leave and future
risk of sickness absence and unemployrtrenimpact of health stat&vC

Public Health012;12:861.

93



46.

47.

48.

49.

50.

51.

52.

94

Laaksonen M, He L, Pitkaniemi J. The durations of past sickness absences

predict future absence episodeé3ccup Environ.N26d3;55:892.

Sumanen H, Pietildinen O, Lahelma E, Rahkonen O. Short sickness absence
and subsequent sickness absence due to mental disofdéosvup study

among municipal employeBdIC Public Healg917;17:15.

Kelan tyoterveyshuoltotilasto 2022 (Occupational Health statistics of the
Social Incurance Institution 202XKansaneldkelaitos Available from:

http://urn.filURN:NBN:fi -fe2024062758898)24.

Occupational Healthcare Act. 1383/2001 Available from:

https://www.finlex.fi/fi/lainsaadanto/saadoskaannokset/2001/eng/.

Practical implementation of health surveillance [Terveystarkastusten
kaytannon toteutus].Altistelahtdinen ty6terveyssedigitErveyslaitos,

Duodecim; 2020. p. 2&.

Roelen CAM, Heymans MW, Twisk JWR, van der Klink JJL, Groothoff JW,
van Rhenen W. Work Ability Index as tool to identify workers at risk of

premature work exil.Occup Reha&lfill4;24:7#754.

Jaaskeldinen A, Kausto J, Seitsamo J\\atr&lability index and perceived
work ability as predictors of disability pension: a prospective study among

Finnish municipal employe8sand J Work Environ HeAlft6;42:49a99.



53.

4.

55.

56.

57.

Kujala VvV, Tammelin T, Remes J, Vammavaara E, Ek E, Laitinen J. Work ability
index of young employees and their sickness absence during the following year.

Scand J Work Environ He4l€6;32: 7%4.

Pihlajaméki M, Uitti J, Arola H, et al.-Bgtbrted health problems and obesity
predict sickness absence during-eadrh followup: a prospective cohort
study in 21 608 employees from different industBd8J Open

2019;9:e025967.

Pihlajaméki M, Uitti J, Arola H, Korhonen M, Nummi T, Taimela S. Self
reported health problems in a health risk appraisal predict permanent work
disability: a prospective cohort study of 22,023 employees from different
sectors in Finland with up tey6arfollow-up. Int Arch Occup Environ Health

2020;93:44856.

Dorrington S, Roberts E, Mykletun A, Hatch S, Madan |, Hotopf M.
Systematic review of fit note use for workers in theQdBup Environ Med

2018;75:53%39.

Taimela S, Malmivaara A, Justen S, et al. The effectiveness of two occupational
health intervention programmes in reducing sickness absence among
employees at risk. Two randomised controlled t@alsup Environ Med

2008;65:23241.

95



58.

59.

60.

61.

62.

96

Taimela S, Aronen P, Malmivaara A, Sintonen H, Tiekso J, Aro T.
Effectiveness of a Targeted Occupational Health Intervention in Workers with
High Risk of Sickness Absence: Baseline Characteristics and Adherence as
Effect Modifying Factors in a Randomigahtrolled TrialJ Occup Rehabil

2010;20:120.

Lavikainen P, Heiskanen J, Jalkanen K Edteaitiveness of the Coordinated
Return to Work model after orthopaedic surgery for lumbar discectomy and
hip and knee arthroplasty: a regisésed studyOccup Environ Med

2024;81:15057.

Kangas P, Soini S, Pamilo K, Kervinen V, Kinnunén Return to Work
Following Hip or Knee Arthroplasty: A G¥ear Prospective Cohort Study
in Participants with Direct Referral from Hospital to Occupational Health Care

Servicesl Occup RehaitiP4;215.

Ikonen A, Rasénen K, Manninen P, eWark-Related Primary Care in

2FFXSDWLRQDO +HDOWRc&K RehaAmM NAQ: 863 UDFWLFH

Soini S, Ryynanen KR, Nissinen S, Miettunen-Nuidalla L. Assessing the
work relatedness of diagnoses in occupational health primary care
appointments: ay&ar review of electronic medical rec@dsup Environ Med

2025;9:178.82.



63.

64.

65.

66.

67.

68.

Muckenhuber J, Burkert N, Dorner TE, Grof3schadl F, Freidl W. The impact
of the HDI on the association of psychosocial work demands with sickness

absence and presenteesur.J Public Heaki014;24:85861.

Detaille SI, Heerkens YF, Engels JA, van der Gulden JW, van Dijk FJ.
Common prognostic factors of work disability among employees with a
chronic somatic disease: a systematic review of cohort Scates) Work

Environ Health009;35:262281.

White MI, Wagner SL, Schultz 1Z, et al. Moodifiable worker and workplace
risk factors contributing to workplace absence: A stakebetdexd

synthesis of systematic revial®ORK 2015;52:35373.

Tuomi K, Illmarinen J, Seitsamo J, et al. Summary of the Finnish research
project (19811992) to promote the health and work ability of aging workers.

Scand J Work Environ H48I€Y;23:66 1.

Ervasti J, Mattitelolappa P, Joensuu M, et al. Predictors of Depression and
Musculoskeletal Disorder Related Work Disability Among Young,-Middle

Aged, and Aging Employe&©ccup Environ \2€d7;59:11419.

Jetha A, Besen E, Smith PM. Comparing the Relationship Between Age and
Length of Disability Accross Common Chronic Conditibi@ccup Environ

Med 2016;58:48891.

97



69.

70.

71.

72.

73.

74.

75.

98

Ervasti J. Sickness absences in municipalities [Sairauspoissaolot kunnissa].

Tyoterveyslaitos; June 11, 2025.

Mastekaasa A. The gender gap in sickness abserggmdngnds in eight

European countrieBur J Public Healk014;24:65662.

Leinonen T, Viikatduntura E, HusgafvBlursiainen K, et al. Labour Market
Segregation and Gender Differences in Sickness Absence: Trends in 2005

2013 in FinlandAnn Work Expo Heal2018;62:43849.

Timp S, van Foreest N, Roelen C. Gender differences in long term sickness

absenceBMC Public HealB©24;24:178.

Laaksonen M, Martikainen P, Rahkonen O, Lahelma E. Explanations for
gender differences in sickness absence: evidence frorageddieunicipal

employees from Finlan@ccup Environ M2&D8;65:32330.

Laaksonen M, Mastekaasa A, Martikainen P, Rahkonen O, Piha K, Lahelma E.
Gender differences in sickness abséttoe contribution of occupation and

workplaceScand J Work Environ He4lfl9);36:3%403.

Haukenes |, Hammarstrom A. Workplace gender composition and sickness
absence: A registeased study from SwedeBcand J Public Health

2024;52:678384.



76.

77.

78.

79.

80.

81.

82.

(XURIRXQG 'RUNLQJ FRQGLWLRQV DQG Z

Office of the European Union, Luxembourg.

Blomgren J, Perhoniemi R. Occupatiolads trends in diagnesgsecific
sickness absence in Finland: a reppiased observational study in 22021.

BMJ Oper2025;15:e098001.

Perhoniemi R, Blomgren J. Laegn sickness absences based on mental
disorders by socioeconomic graugends of prevalence in Finland 2010

2023 BMC Public Heal#®25;25:1277.

Karasek R, Brisson C, Kawakami N, Houtman I, Bongers P, Amick B. The
Job Content Questionnaire (JCQ): An instrument for internationally
comparative assessments of psychosocial job charactér3tcsp Health

Psychdl998;3:322355.

Siegrist J. Adverse Health Effects of Hifbrt/Low -Reward Conditions.

Journal of Occupational Health P4g9&)lpg2Z 1.

Effort-reward imbalance at work and heblistorical and Current Perspectives on

Stress and Hedfimerald Group Publishing Limited; 2002. p2255il

Almroth M, Hemmingsson T, Sorberg Wallin A, Kjellberg K, Burstrom B,
Falkstedt D. Psychosocial working conditions and the risk of diagnosed

depression: a Swedish regiséesed studyrsychol M@021;52:20.

99



83. Madsen IEH, Nyberg ST, Magnusson Hanson LL, et al. Job strain as a risk
factor for clinical depression: systematic review andamaégais with

additional individual participant d&sychol M@817;47:1342356.

84. Pohrt A, Fodor D, Burr H, Kendel F. Appreciation and job control predict
depressive symptoms: results from the Study on Mental Health anwWork.

Arch Occup Environ He20@2;95:37387.

85. 5XVVR 0 /XFLIRUD & 3XFFLDUHOOL ) 3LFFROL ¢
mental health: an investigation based on the fifth European Working

Conditions Surveied Lav2019;110:1P529.

86. Rugulies R, Aust B, Pejtersen JH. Do psychosocial work environment factors
measured with scales from the Copenhagen Psychosocial Questionnaire
predict registevased sickness absence of 3 weeks or more in DeBozant?

J Public Heal#010;38:450.

87. Margheritti S, Corthé8jondin L, Vila Masse S, Negrini A. WRiated
Psychosocial Risk and Protective Factors Influencing Workplace Sickness

Absence: A Systematic Literature Revi€@ecup Reh&@fiP5;222.

88. Duchaine CS, Aubé K, Gilb&®uimet M, et al. Psychosocial Stressors at
Work and the Risk of Sickness Absence Due to a Diagnosed Mental Disorder:

A Systematic Review and MaalysisIAMA Psychiat2020;77:84351.

100



89.

90.

91.

92.

93.

Kuoppala J, Lamminpaa A, Liira J, Vainio H. Leadership, JdaeiNg/land
Health Effects A Systematic Review and a MutalysisJ Occup Environ

Med 2008;50:904.

ORQWDQR ' 5HHVNH $ )J)UDQNH ) +elIPHLHU - /I
health and job performance in organizations: A comprehensihanatgses

from an occupational health perspeciiv@rgan Beh2917;38:32350.

Stengard J, Peristera P, Johansson G, Nyberg A. The role of managerial
leadership in sickness absence in health and social care: antecedent or
moderator in the association between psychosocial working conditions and

registedbased sickness absence? Aitlafigal study based on a swedish

cohort.BMC Public Healg921;21:2215.

Lund T, Labriola M, Christensen KB, Biltmann U, Villadsen E. Physical work
environment risk factors for long term sickness absence: prospective findings

among a cohort of 5357 employees in DenBbf&.2006;332:44952.

Robroek SJW, Jarvholm B, Beek AJ van der, Proper Kl, Wahlstrém J, Burdorf
A. Influence of obesity and physical workload on disability benefits among
construction workers followed up for 37 yed&@scup Environ Med

2017;74:62%27.

101



94.

95.

96.

97.

98.

102

European Foundation for the Improvement of Living and Working
Conditions. Working time patterns for sustainable work. LU: Publications

Office Available from: https://data.europa.eu/doi/10.2806/736407. 2017.

Wickwire EM, GeigeBrown J, Scharf SM, Drake CL. Shift Work and Shift
Work Sleep Disorder: Clinical and Organizational Perspe@ivest

2017;151:1156172.

Rosenstrom T, Harma M, Kiviméki M, et al. Patterns of working hour
characteristics and risk of sickness absence amosgostifg hospital
employees: a dataning cohort studyScand J Work Environ Health

2021;47:39803.

Larsen AD, Nielsen HB, KirschhekiGgsmussen J, et al. Night and evening
shifts and risk of calling in sick within the next two daysas&rossover
study design based on -tlaglay payroll dat&cand J Work Environ Health

2023;49:117.25.

Garde AH, Begtrup L, Bjorvatn B, et al. How to schedule night shift work in
order to reduce health and safety riS@and J Work Environ Health

2020;46:55569.



99. Burgess PA. Optimal Shift Duration and Sequence: Recommended Approach
for ShortTerm Emergency Response Activations for Public Health and

Emergency Managemehin J Public Healtl®07;97:S8892.

100. Airaksinen J, Jokela M, Virtanen M, et al. Prediction déklongbsence due
to sickness in employees: development and validation of a multifactorial risk

score in two cohort studi&cand J Work Environ H&4lll8;44:27282.

101. Ahola K, Virtanen M, Honkonen T, Isometsa E, Aromaa A, Lonngvist J.
Common mental disorders and subsequent work disability: a popaksmn

Health 2000 Study.Affect Diso2D11;134:36372.

102. KouwenhoverPasmooij TA, Burdorf A, Rodtesselink JW, Hunink MGM,
Robroek SJW. Cardiovascular disease, diabetes and early exit from paid
employment in Europe; the impact of walated factorsint J Cardiol

2016;215:33F337.

103. Ervasti J, Kivimaki M, Pentti J, etHgalth and workrelated predictors of
work disability among employees with a cardiometabolic disfasghort

study.J Psychosom ZRH$;82:447.

104. Dray-Spira R, Herquelot E, Bonenfant S, Guéguen A, Melchior M. Impact of
diabetes mellitus onset on sickness absence front av@Byear followup

of the GAZEL Occupational Cohort Stu@yabet Me@013;30:54856.

103



105. Virtanen M, Kiviméki M, Zins M, et &lifestylerelated risk factors and
trajectories of work disability over 5 years in employees with diabetes: findings

from two prospective cohort studibsabet Me@015;32:1335341.

106. Lahelma E, Pietilainen O, Rahkonen O, Lallukka T. Common mental disorders

and causspecific disability retireme®ccup Environ V@l 5;72:18187.

107. Narusyte J, Ropponen A, Wang M, Svedberg P. Sickness absence among young
employees in private and public sectors with a history of depression and

anxietySci Ref2022;12:18695.

108. Bultmann U, Rugulies R, Lund T, Christensen KB, Labriola M, Burr H.
Depressive symptoms and the risk of -teng sickness absence: A
prospective study among 4747 employees in Der8oarkRsychiatry Psychiatr

Epidemia2006;41:87880.

109. Hendriks SM, Spijker J, Licht CMM, et al. keng work disability and
absenteeism in anxiety and depressive disdrdéiect Diso2D15;178:121

130.

110. Deady M, Collins DAJ, Johnston DA, et al. The impact of depression, anxiety

and comorbidity on occupational outcor@esup Me2D22;72:1224.

104



111.

112.

113.

114.

115.

116.

Pedersen J, Thorsen SV, Andersen MF, Hanvold TN, Schliinssen V, Biltmann
U. Impact of depressive symptoms on worklife expectancy: a longitudinal

study on Danish employe@scup Environ Mell9;76:83844.

Rose U, Kersten N, Pattloch D, Conway PM, Burr H. Associations between
depressive symptoms angiéar subsequent work nonparticipation due to
longterm sickness absence, unemployment and early retirement in a cohort of

2,413 employees in Germa@iylC Public Heal#®23;23:2159.

Salo P, Oksanen T, Sivertsen B, et al. Sleep Disturbances as a Predictor of
CauseSpecific Work Disability and Delayed Return to W8ikep

2010;33:1323332.

Cieza A, Causey K, Kamenov K, Hanson SW, Chatterji S, Vos T. Global
estimates of the need for rehabilitation based on the Global Burden of Disease
study 2019: a systematic analysis for the Global Burden of Disease Study 2019.

The Lancéx020;396:2068017.

Ropponen A, Svedberg P, Kalso E, Koskenvuo M, Silventoinen K, Kaprio J.
A prospective twin cohort study of disability pensions due to musculoskeletal

diagnoses in relation to stability and change irPgdi. 2013;154:1966.

Runge K, van Zon SK, Henkens K, Bultmann U. Metabolic syndrome

increases the risk for premature employment exit: A longitudinal study among

105



117.

118.

119.

120.

121.

106

60 427 middlaged and older workers from the Lifelines Cohort Study and

BiobankScand J Work Environ H&AI#8;49:56877.

Runge K, Van Zon SK, Henkens K, Biltmann U. Metabolic syndrome
increases the risk for premature employment exit: A longitudinal study among
60 427 middlaged and older workers from the Lifelines Cohort Study and
BiobankScand J Work Environ He&@pub ahead of print September 6, 2023.

DOI: 10.5271/sjweh.4113.

Roos E, Lallukka T, Lahelma E, Rahkonen O. The joint associations of
smoking and obesity with subsequent short and long sickness absence: a five

year followup study with registinkageBMC Public Heal#9©17;17:978.

Reber KC, Konig HH, Hajek A. Obesity and sickness absence: results from a
longitudinal nationally representative sample from Geriabfdy.Open

2018;8:€019839.

Harvey SB, Glozier N, Carlton O, et al. Obesity and sickness absence: results

from the CHAP studyDccup Me2D10;60:36368.

Claessen H, Arndt V, Drath C, Brenner H. Overweight, obesity and risk of
work disability: a cohort study of construction workers in Ger@aoyp

Environ Me@009:;66:4C0209.



122. Virtanen M, Ervasti J, Head J, et al. Lifestyle factors and risk of sickness
absence from work: a multicohort studyncet Public Hea?h18;3:e545

€554.

123. Troelstra SA, Coenen P, Boot CR, Harting J, Kunst AE, van der Beek AJ.
Smoking and sickness absence: a systematic review @arhlystScand J

Work Environ Heal#©20;46:8.8.

124. SuurUski J, Pietildinen O, Salonsalmi A, dtaagterm sickness absence
trajectories among ageing municipal empléyeesontribution of social and

healthrelated factor8 MC Public Healft023;23:1429.

125. De Bortoli MM, Oellingrath IM, Fell AKM, Burdorf A, Robroek SJW.
Influence of lifestyle risk factors on work ability and sick leave in a general
working population in Norway: ay&ar longitudinal studMJ Open

2021;11:e045678.

126. Salmela J, Lahti J, Kanerva N, Rahkonen O, Kouvonen A, Lallukka T. Latent
classes of unhealthy behaviours and their associations with subsequent sickness
absence: a prospective reglstkage study among Finnish young and early

midlife employeeBMJ Oper2023;13:e070883.

127. limarinen J. Work abilitya comprehensive concept for occupational health

research and preventi@tand J Work Environ He41@9;35:%5.

107



128.

129.

130.

131.

132.

108

El Fassi M, Bocquet V, Majery N, Lair ML, Couffignal S, Mairiaux P. Work
ability assessment in a worker population: comparison and determinants of

Work Ability Index and Work Ability scoBMC Public Heal#913;13:305.

Radkiewicz P, WidersBdzyl M. Psychometric properties of Work Ability
Index in the light of comparative survey studyCongr S&005;1280:304

309.

Roelen CAM, Heymans MW, Twisk JWR, van der Klink JJL, Groothoff JW,
van Rhenen W. Work Ability Index as Tool to Identify Workers at Risk of

Premature Work Exid. Occup Rehdlill4;24:74754.

Thorsen SV, Rugulies R, Hjarsbech PU, Bjorner JB. The predictive value of
mental health for loAgrm sickness absence: the Major Depression Inventory
(MDI) and the Mental Health Inventory (MB) comparedBMC Med Res

Methodd?013;13:115.

Hjarsbech PU, Andersen RV, Christensen KB, Aust B, Borg V, Rugulies R.
Clinical and nowlinical depressive symptoms and risk oftknmg sickness
absence among female employees in the Danish eldercadeAgetoDisord

2011;129:883.



133.

134.

135.

136.

137.

138.

Chaudhry ZS, Choudhury A. Clinical Applications of Artificial Intelligence in
Occupational Health: A Systematic Literature Re¥i®gcup Environ .Med

2024;66:943.

Uronen L, Salantera S, Hakala K, Hartiala J, Moen H. Combining supervised
and unsupervised named entity recognition to detect psychosocial risk factors

in occupational health chedks$.J Med In2022;160:104695.

Na K-S, Kim E. A Machine LearniBgsed Predictive Model of Return to

Work After Sick Leavé.Occup Environ \26d9;61:e191.

Cluster analysis, Bacic concepts and metbada. Mining: Concepts and
Techniqu&shantilly, UNITED STATES: Elsevier Science & Technology. p.

425%471.

Virtanen M, Vahtera J, Head J, et al. Work Disability among Employees with
Diabetes: Latent Class Analysis of Risk Factors in Three Prospective Cohort

StudiesPloS On015;10:e0143184.

Andersen LL, Vinstrup J, Thorsen SV, Pedersen J, Sundstrup E, Rugulies R.
Combined psychosocial work factors and risk oftéwngsickness absence
in the general working population: Prospective cohort with registeiufollow

among 69 371 worke8cand J Work Environ HEaIf?;48:54859.

109



139.

140.

141.

142.

143.

144.

145.

110

Grgsland M, Reme B, Gjefsen HM. Impact of Omicron on sick leave across

industries: A populatiemide studyScand J Public He2G#3;51:75963.

Ervasti J, Aalto V, Pentti J, Oksanen T, Kivimaki M, Vahtera J. Association of
changes in work due to COWI® pandemic with psychosocial work
environment and employee health: a cohort study of 24 299 Finnish public

sector employededccup Environ MVeP2;79:23241.

Eurofound, Publications Office of the European Union. Living, Working and

COVID-19.2020.

Aben B, Kok RN, De Wind A. Retutorwork rates and predictors of absence
duration after COVIEL9 over the course of the panderSicand J Work

Environ Health023;49:18292.

Bosanquet K, Bailey D, Gilbody S, et al. Diagnostic accuracy of the Whooley
questions for the identification of depression: a diagnostiamagtsisBMJ

Open2015;5:e008913.

Arroll B. Screening for depression in primary care with two verbally asked

guestions: cross sectional stid§J 2003;327:1148146.

Poutanen O, Koivisto -M, Kaaria S, Salokangas RKRe validity of the
Depression Scale (DEPS) to assess the severity of depression in primary care

patientsFam Prac2010;27:52334.



146. Salokangas RKR, Poutanen O, Stengard E. Screening for depression in primary
care Development and validation of the Depression Scale, a screening

instrument for depressiofhcta Psychiatr Sch8€5;92:141.6.

147. Working group set by the Finnish Medical Society Duodecim and the Finnish
Psychiatric Society. Depression. Current Care Guiddifesinn Med Soc

Duodecim 2023

148. Perhoniemi R, Blomgren J, Laaksonen M. Identifying labour market pathways
after a 3@aylong sickness abseneaethreeyear sequence analysis study in

Finland BMC Public Healft923;23:1102.

149. Halonen JI, Solovieva S, Virta LJ, et al. Sustained return to work and work
participation after a new legislation obligating employers to notify prolonged

sickness absen&eand J Public Heath8;46:65 3.

150. Koopmans PC, Roelen CAM, Groothoff JW. Risk of future sickness absence

in frequent and loAgrm absentee®ccup Mez2D08;58:26274.

151. Notenbomer A, Van Rhenen W, Groothoff JW, Roelen CAM. Predicting long
term sickness absence among employees with frequent sicknesdrdabsence.

Arch Occup Environ He20tt0;92:50%11.

152. Methods based on rank ordan Introduction to Medical Stafisticsd:

University Press, Incorporated; 2015. pZZ2A®

111



153.

154.

155.

156.

157.

158.

159.

160.

112

The analysis of cressbulationsAn Introduction to Medical Stabstms:

University Press, Incorporated; 2015. pZ238)

Multifactorial method#\n Introduction to Medical Sta@igtmsl: University

Press, Incorporated; 2015. p. 243.

Mood C. Logistic Regression: Why We Cannot Do What We Think We Can

Do, and What We Can Do AboutHwLr Sociol R&010;26:6%B2.

Turing A. Computing Machinery and IntelligeNtied, New Seyi#950, p.

4332460.

Chandramouli S, Dutt S, Das A. Machine Learning. Pearson Education
Available from: https://learning.oreilly.com/library/view/machine

learning/9789389588132/xhtml/halftitle.xht@018.

Troyanskaya O, Cantor M, Sherlock G, et al. Missing value estimation methods

for DNA microarraysBioinformati2€01;17:52825.

Friedman JH. Greedy Function Approximation: A Gradient Boosting

MachineAnn Stat2001;29:1189232.

Hastie T, Friedman J, Tibshirani R. Model Assessment and Sdlketion.
Elements of Statistical LeddmingYork, NY: Springer New YorR019 p.

193224.



161.

162.

163.

164.

165.

166.

167.

168.

Craven M, Shavlik J. Extracting T8¢mictured Representations of Trained

Networks Advances in Neural Information ProcessiMgiSystemsl995.

Lundberg SM, LeelSA Unified Approach to Interpreting Model Predictions.

Advances in Neural Information ProcessiGgr&ysisseciates, Inc.; 2017.

Abdi H, Williams LJ. Principal component analy8IREs Comput Stat

2010;2:433159.

Rousseeuw PJ. Silhouettes: A graphical aid to the interpretation and validation

of cluster analysis Comput Appl MatB87;20:585.

Hubert L, Arabie P. Comparing partitiah€lassit985;2:19218.

MacQueen J. Some methods for classification and analysis of multivariate
observationgProceedings of the Fifth Berkeley Symposium on Mathematical S

and Probability, Volume 1: Stafistvessity of California Press. p. 28B.

Sumanen H, Pietilainen O, Lahti J, Lahelma E, Rahkonen O. Sickness absence
among young employees: trends from 2002 to J0X3ccup Health

2015;57:47481.

van Hoffen MFA, Joling CIl, Heymans MW, Twisk JWR, Roelen CAM. Mental

health symptoms identify workers at risk of-teng sickness absence due to

113



mental disorders: prospective cohort study wigaPfollowup. BMC Public

Health2015;15:1235.

169. Janssens H, Clays E, De Clercq B, et al. The relation between psychosocial risk
factors and causpecific londerm sickness absené&air J Public Health

2014;24:42833.

170. Grynderup MB, NabBlielsen K, Lange T, et al. Does Perceived Stress
Mediate the Association Between Workplace Bullying andTémwng

Sickness Absenceé®ccup Environ.\26d6;58:€226.

171. Hansen AM, Grynderup MB, Bonde JP, et al. Does Workplace Bullying Affect
LongTerm Sickness Absence Among Coworkér€ccup Environ .Med

2018;60:13237.

172. Halonen JI, Hiilamo A, Butterworth P, et al. Psychological distress and
sickness absence: Withiersus betweendividual analysig. Affect Disord

2020;264:33339.

173. Haveraaen LA, Skarpaas LS, Aas RW. Job demands and decision control
predicted return to work: the raftd@W cohort studyBMC Public Health

2017;17:154.

174. White M, Wagner S, Schultz 1Z, et al. Modifiable workplace risk factors

contributing to workplace absence across health conditions: A stakeholder

114



175.

176.

177.

178.

179.

centered besvidence synthesis of systematic revidlesk Read Mass

2013;45:47892.

Cavallari JM, Garza JL, Ferguson JM, et al. Working Time Characteristics and
Mental Health among Corrections and Transportation Wolkers/Nork

Expo Healtl2021;65:43245.

Shiri R, Hakola T, Harma M, Ropponen A. The associations of working hour
characteristics with short sickness absence amommdgduiitime retail

workersScand J Work Environ H&4AI#1:47:26276.

Lindberg P, Josephson M, Alfredsson L, Vingard E. Comparisons between five
seltadministered instruments predicting sick leavesyea fllowup. Int

Arch Occup Environ He20000;82:22234.

Lundin A, Kjellberg K, Leijon O, Punnett L, Hemmingsson T. The
Association Between SaHsessed Future Work Ability and Ldegn
Sickness Absence, Disability Pension and Unemployment in a General
Working Population: A-Year FollowUp StudyJ Occup Reh@till6;26:195

203.

Six Dijkstra MWMC, Siebrand E, Dorrestijn S, et al. Ethical Considerations of

Using Machine Learning for Decision Support in Occupational Health: An

115



([DPSOH ,QYROYLQJ 3HULRGLF :RObttHpUREhabiIHD O W

2020;30:34353.

180. Regulation (EU) 2024/1689 of the European Parliament and of the Council of
13 June 2024 laying down harmonised rules on artificial intelligence and
amending Regulations (EC) No 300/2008, (EU) No 167/2013, (EU) No
168/2013, (EU) 2018/858, (EU) 2018/1139d aftU) 2019/2144 and
Directives 2014/90/EU, (EU) 2016/797 and (EU) 2020/1828 (Artificial

Intelligence Act). 2024.

181. Regulation (EU) 2016/679 of the European Parliament and of the Council of
27 April 2016 on the protection of natural persons with regard to the
processing of personal data and on the free movement of such data, and

repealing Directive 95/46/EC (Generalt®®rotection Regulatio2D16.

182. Data Protection Act [Tietosuojalaki] 1050/2018 Suomen saadoskokoelma,

Finlex.

183. Act on the Processing of Social and Health Care Client Data [Laki jposiaali
terveydenhuollon  asiakastietojen  kasittelystd] 703/2023, Suomen

sdadoskokoelma, Finlex.

184. Baldassarre A, Padovan M. Regulatory and Ethical Considerations on Atrtificial

Intelligence for Occupational MediciMed Lav2024;115:e2024013.

116



117






PUBLICATION
I

Associations of depressive symptoms and psychosocial working conditions
with sickness absences in a Finnish cohort of 11,495 employees

Anttila Anniina, Nuutinen Mikko, Van Gils Mark, Pekki Anu, Sauni Riitta

Preventive Medicine Reports. 1.11.2024;47:102899
https://doi.org/10.1016/j.pmedr.2024.102899

Publication is licensed under a Creativ. e Commons Attribution 4.0
International License CC -BY-NC-ND






SUHYHQWGYRE®SRUWYV

$ %

journal homep age: www.el sevier.com/| ocate/pmed r

11 " # 1$ % & |
] ! #
% ()¢t o+ 0 & ' % y
s % &' () '"%1 -1
& -t ! -1 !
$ 2
o PR ! ! 2!
:g(. 1 3 4 !
/ -1 ! 5 1
67 67 2 > 87
65 51 ! ! | 2
, &% | -1
1 [
2 -1
| -1 ! 5 ! 9
2
- ) % 5
2. [ 1 1 |
1 ! ! 2
! @ DA 26778
! ! ! 3 !
/ ! ! 2676462
! 2 ! -1 ! 3
1 ! 5 267 42
1 3 . 5!
677 5 9 2676 & =50! 2676 K 2 -1 & !
677420 ! =
S 3+). 67 @42 r9 267 42
! ! ). " (.5 ! -1 9 . ( 3 .(4
C ( 3 C(5 4 @
6766 +1 ! 51 1 > 5 C(5 15
+2 1 | (3 267 82 -1
3+ ! 6767% 67642) 5
! ! ! 267 8¢ ) Y #1
% & (! ( ! 2
) ! D - $* 6 886 '
i % 2 E@ 3220 42

DFF 2 F 72 7 BF92 2676 2 76G

mH! 676 % 8, 676 < s 676 I I
QOHQHWREHU

¢ 7KIBXWKRBXEOLEKIOW HYQAAK LLVD R S HIF F DMV K DOW KEH% < 1& DLFHRWMWS FUHDWLYHFRPPRQV RUJ
QF QG




3 ! & 1's 00 )
$ & 67648 /
o @ ' | |
3 6778k  -! 267 4 5 677 676 -1
2, 5 67 67 2 2 |
! $ c 3 2 66 -1
0 . ( & 3.+%$&42 ! G G 7 !
$ 5 1 322 42
! +1 ! 3 2676 < 2 1 ! 3" 88 42 1 !
67 1% 26766%! 267 43 5 D @ 3" G664<
! ),"(.5 3" G4 1
! -1 ! ? Ji5 <
! 5 J ! -1
3" B74 1 !
- VT 267 7% 267642 !
" | | | 5 | 2 @ |
! ! 5 ! - 2
! 12 19 !
= 1
! 2
| | @ (, | 001 '
-1
| | ' _ / 1 3 . +3$&-!
| | _ 5 1 1 |
! 2 ! = -l I 5 -
Z 5 3 6 842
27 - i -'I » 1 |:
(- [ : :
F 2 $ $
% ‘1 " !
$ 1
! ! !
' 1 & & -1
2/
! 3 4
-1 ! 5 1 5
2 ! ! -1 5
3.+$&4  -!
2 L +$&-!
]
3% | 267 7& 2 42 -
1 |
N ! +1 +
/ 3:2++"4 6 (24473 "
267 4 ! !
9 ! ; 23 G4
H ) 1 2
' ! 3 4
3'C*F G 7F 276277676642 -1
! ! = 2% 5
1 =
= | 2
' ! 5 ] ]
2 !
2
;o3 & (! ( !
42
oy ; &I! J ! o | 67 67
1 A 5 ! 67 67 -1
! ! 2+
@ ! 2" ! ),"(.5 11
@ ! 5 5 120
.1 2
11 2 @ !

3UHY HQMALYFEHER UW V



67

! ! ! 67 2
( & & $5 |
7 > 87
> >
376 7376
4 4
$ B 6
3 4 826 8 28 72G4 B2 3 72 4 K277
3 284
& 13 4 3>4 GIG 63 2B4 81312 4 728 |
362 4
0 ( 3 4 6B2B 61263 2 4 612B3H2 4 727G8
324
& 3K 4 3>4 67 813824 671362 4 727 G
36 264
+1 3K 4 BIG B8@B82B4 713 G2G4 727 81
3>4 3 274
$ ! Gl 1731274 G3 214 7277 8
&! 3>4 31284
$ ! 83 24 Il 36 2B4 277
/ 5 3>4 382 4
$ ! B 6G G @G6284 | 3B 264 ®277
0!5 3>4 3 8284
& 3>4 6B 3 214 683824 K277
3682 4
3>4 B B3 214 312G4 727 6
3B274
7G8 3 24 B 36 2 4 w277
@ ! 324
3>4
3>4 [ GBG2l14 B 37274 72 76
3B2B4
3>4 7 8B382B4 731264 7277
382 4
) ! B7B 324 BB3 2 4 72776
3>4 3 284
c 3>4 B8 6 3 62B4 6 312 4 72778
36214
[N 66 B 3 B2 4 1 36G2 4 ®277
3>4 3 8264
3>4 17 B3 214 3 8264 72 78
3B264
( 3>4 | GI3 G2G4 B3662 4 727178
3 264
) 3>4 687 G3 2G4 883 2G4 w277
36274
& 6 1 11312G4 G3B2 4 72 B
6 362B4
3>4
& BIG G3 62 4 6B®8G274 72 7B8
6 3 2B4
3>4
& B2 6 2636 214 6B2M8 264 72 118
6 3 2G4
3&.4
o(C o ( 1°) ! 1
5 " 0 ! .
( ) @ 3().5 74 "
[ & ) "1 .3().5 742 5
35 | 4 ! ! 1 5/
1 1 2
1 ! @
2! 1 !
> 3 £4 1 84
-1 2 1 ! 15
! D4 3 1654
<84 2

3UHY HOMALYFBHER UW V

! 5 -1 ! !
! 67
67 2
" & &
7 > > 87 > 7
% %
72737272784 727872772784
7278727727 4 72737272 7B4
% %
727372772764 727872772784
727B727727 4 727B7277127G4
% %
7273 72772764 7T27B727R27 4
727B727M27B4 727B727727G4
% %
727372772764 7276372772784
727872727 4 727 372772714
% %
72787272784 7278727772784
7273727712714 7278727727 4
% %
72787272784 727B727027 4
72787272 74 7278727727 4
% %
727872772784 7T27B727m27 4
7273727mM27G4 727B727727 4
% %
7278727727 4 7273 72712784
727TB727627 4 7273727M27G4
% %
727872727 4 727372727 4
727872782714 727372727G4
% %
727372772784 727B727027 4
7273727727 4 7273727M27G 4
) ! + ! > @
! D@
3 7 4 ! 5 5!
387 4 ! 5 5! 2
0 0& )
@
! ! !
l} 1
! 2 ! 5
! D 4 @ 3 4 5
! 5 5! 64 387
4 ! 5 5172 5!



67

67

%

%

$ 7278727027 4 7273727727 4
$ 7273727027B4 7273 72772784
% %
$ 72787272784 7273 72772764
$ 7273727027 4 72787272784
#  #
% %
$ 7273 727727 4 7273727727 4
$ 7273 72772764 727372772784
%
% %
$ 7273 727727 4 7273 727727 4
$ 7278727727 4 7273 72772784
% # #
% %
$ 72737272764 7273 72772764
$ 72737277 4 727872772784
%
% %
$ 7278727727 4 7273727727 4
$ 7273727727B4 7278727727 4
&
% %
$ 7278727027 4 7273 72772764
$ 7278727027 4 72737277 4
(
% %
$ 727872712784 72737272764
$ 7273727827B4 727B727M27 4
% %
$ 7273 72772764 7273 72782774
$ 7273 72772764 72787272784
$ % %
$ 7278727727 4 7273 72772784
7278 727727B4 7278727727 4
% %
$ 72737272764 7273 72772764
$ 727B727627 4 727372772764
#
% %
$ 7278727727 4 72737272764
$ 7273727027 4 7278727712784
! + ! > @
! D@
7 5 5!
387 ! 5 51! 2

@
| | 2
00 ) 2 2)
! 9! 5
5
! !
267 6% 267 <<&!! 5? 26768< 2
676 < 267 G2 ! 10 (3
14 3 <4 1 3 <4 1|
3 <4 3 <4
@ !3 <4 ! 15 3 <4
3 <4 3 <4
376 -1 42 9!
&2 1 &
! ! 2
046 )+
. N |
1 | 1 I 2
1 !
! 12 /
! 12 5
! 0 ( ! 12
5 | <727 @ 2
|
! 2
+ 3 + 4 > @ 3)( 4
! 9! ! 2+ 5
! -1 374
374 ! 2 5
! $ 3 82 264 & $2 3 2 24
2
| e
. @ |
-1 67 67 3 242 G2B
! ! 5
B2% ! ! 2
82B&. 28< B2® 2G/42
6>3" GIG4 128 !
82> 5 682> B27
> 2" 5
-1 3 264 1 |
3 82%4 3 62442
' ! ! 3 4
387 4
3 42 !
@
1 3< 7277 42
@ ! @ 3< 7277 4 !
2+ 5
! -1
! [ 5
3< 7277 (42 !
|
15 3< 7277 4 3 <
7277 42
0 + | | 11
37278B. > )(D7278727 M4 3727BG > )(D

3UHY HQMALYFEHER UW V

727 B27 M4 2



0 0
1 2"
@ 1
!
2 + 3 >)(4 ! 1 !
-1 1
26 ! 62&! ' &
) % 3 >)4 | !
-1
J! ! 9 !
2 + ! -1
72713 > )(DX27B727 G4 7273 > )(DD276®27 4
2 1 ! 3
-1 9 4
5 9
! 2 28
! 8 + 3 >)4 | 1 !
-1 !
2 -1 ' %3 >) 4 |
! ! &R
' -1 7>
-1
2( !
! ! +8&! + !
-1 2/
-1
+ 1 -1
! 2
J!
! 9 + !
-1 2
) *
( 1
6 5 5! !
-1 1 1
1l -1 2 -1
2" -1
1 (- -1
67 67 2 D + 3 +4 ! > @
@ 3 7 4 ! 51
5! 2' 9! 0 (3
3 <4 @ ! 3 <4
376 -1 42 1 1 -1

2 |
]
! @
2677 % 267742
5
c 26764 |
5
12
!
] 1
! -1
2 @
!
!
Il 267 @2 !
! 1ot
! !
| 3727BB27 ®27 8M 727 B7276R
-1
3 2676482
Lo
! !
2)
2
! !
2
) 267 42
1 1 5
! !
! &1
2
@
& (! ( o2
!
! D3 4
387 4 |
<4 1 3 <4 1 1 3 < 4
<4 3 <4 3 <4

3UHY HQMALYFEHER UW V

@

7 1M42



3UHYHOMALMRHERUWYV

1 1 [ -1 1
67 67 2 D + 3 +4 | > @ | D3 4
3 7 4 ! 51 34 387 4 1
! 2' 9! 0 (3 14 3 <41 3 <4 1| 3 <4
3 <4 @ ! 3 <4 ! 3 <4 3 <4 3 <4
376 -1 42 1 1 -1 + 12
! 2 . | | 2
5 !
! c c & ! 1 +
8G 777 C ke 2676 &!
267 K2 ! ) 1 1
! 81> -1 -1
. 13 2676462
1 @ @ |
! ! 2 65 51 21
! ! = -1 5
2 @
5 2) |
1 1 1 , o1 . |
-! 21 1 | -
1 ! ! ! 2 !
= 1 | | |
! @ @ ! J
1 1 @ 1 | 2
2
,! ! 67 67 2 ) I D %& " $
). (.5 6767 5 12 ! 2 % &
! 3 267682 1 2 @ 1
),"(.5 ! ! 6767 +! 5 | @ |
! +1 5 | 2
5 341 1Sl L@
+! ? 676742
= 3+ 26764
: 5 ' I+ ! 3 9 D667 614
120 ! . . - | 5
! $ D Lo
! | -1 6 2
3 G 67 G4 ),"(.5 D |
2 2
| 1 !
| ] 1 51 21 N
! 51! ! '
| | - A $ 9
) ! = D H## /
( 2 % #0 1 /



0 0 3UHY HQMALYFEHER UW V
&1 ) 1= 2 D ! 5 518 2 2 G
7B B2 DFF 2 F 727 BF92 2676 2 7B B
(2+42C2  &2'2 1 c *2%2 H2+2 ;2
. ¥20  #2.09  H20@ =2 0! C2) H25 2# %2
2¢C 2 H 21 2; 12 2
* )2 (2 2%2 2, 2% 9 H2
. | @ = 5 c2$ H 2 (2& $2& 5 1128&! &2 ¢ 2
' ' 2 5° &2 HZeo o 2/ $2H2 2
D / 1 c2 +2(@ o+ ;2" 2% %2 . 2
! 13 , ! C 4 ($.5/ ) 1 67 IH D
@ ! / + ro2( 5 | 2
. $ 2 21 86 8B2 DFF 2 F 727 1F&77886 2 B778 N
: H2 ! '25%B H2C2 2H®%! ! %% 2CH7662
@ ! (
3 2 D ! | 2+1 HB! C 861 BI1662
DFF 2 F7278F! |E 7
! H 2% 2/ 2 & $26766@2
* ! !
1 & % 26 GB 2 DFF 2 F 72 78GF G526656 G 65=
. , @ 2 &2'2 H2$ H2+ HoH 2" HZ 2
: + 20 #2.2 + 26768R
D | 26 % 28 B88 2
B $ - DFF 2 F 72 78GF G5268588 6758
, 67 78 2 / DO 0 D&
) ) 2+).2 DFF 2 F 72 I1GIF IG 6BZGGG B5
&! ! DFF 2, 6766Q # B! 6766D C +?) 2
F 72 7 BF92 26762 76G : * )5 : $ 2
$ 2 20! C2; 267662 9
D ! & ! c /o2( 2 2
" Lol 2+ ol 8118Gl2 DFF 2 F 72 771F 77 67576 57 18
B2
1 . o -
2 e a ; 2.9 200 - 02 $ ! ,z,& 3+2$5&i 828 %2;2@2 72 ,
2676 8 .
2$ Bl 61 82 DFF 2 F 727 8F g 77
1
D& 5 W 226 2 DFF 2 F g )2 2 2 $2)DA 22# H2/2 H2H2*2
72 7 IF&77886 16 7Z7B7N 677 @ b 85
-lozeﬂow | 20 H86I B2 DFF 2 F 72 8BF ' @ 2( 2 2, 12+ z
’ ’ G6 71 82 DFF 2 F 72 77IF 77 67877 57 6 5B
9286121 6 22 % 2 2 $! &2C ¢+ 267 21 ! 5 1
0o -! ;20 2 # &2 2 *2 1 &2 .2 ’ b 5
] -1
67 2 b ’ 5 / _— 776 B @ [ 9 2( M2l 2812 62 DFF 2 F 727 BF92
] ' 9! 1267 G222776
0A 22011 %21 '2) 1202 20! C2677B2 Wil %21 028 9 Hocer 72
5 D 1 T ’
1 a1
[ 28& B $ 2 2 5 ) 8 $ " pe H3!
Gl GG72 DFF 2 F 72 77IF 77 61577B57 75 C 866 72 DFF 2 F72 IIF 78 G28 BGls
) , 1202 s 2ra%nt L %R s 5¢ ;2; 0/'2&577 2 %11 %xo $2220  02) ;202 %2'@ "267 82
0 .
& 2H2 1 2+ 2 21 88 72 DFF 2 F727IF 5 1 b
729 27777 16GB 2 B77 2G
]
. o V'S b2 S . g HB7662 (76257|2,m.12+ T GBI8 182 DFF 2 F 72 77IF 77 675
, .
oS %! 2 %1 )2 $! 2% 0267 12 =
D ! 6 6 ! 2 b @ +1 )
L2+ 2 21 688 2 DFF 2 F 72 8BF 567B5 711 o, 54 5 7 62 DFF 2 F 72681 F 2 7 6218 7
1 ] " ] 1 N
AR 26767*2 ! )5 28! . @ + & %2;2%2 2& O +2 28&
’ . . &
# 2% 02529 C2 267682 , .
! 2 26 7 B2 DFF 2 F
! b ! 5 & HB C I 1B82 DFF 72 F92 B7757 12 $227 2321
2 F 72 IIF 78 G66 B8 B8 &l co2g . 2 2% 267 1R
c H2 -1 Cc2% - 2% ;2 . 2% 1 2 : T ' , ' s 51
v sl -1 1 N N ’ N i
% ’2|" 267652 ' . ’ ! 20) 8! ¢ o2 DFF 2 F 72 GBF 6GG 5
: ’ 7 B58 Bl
! 2( 2 2, 12+ z G2 DFF "ea . . .
2 F 72 77IF 77 67576257 16G5 &"*5',H2,526768‘2’25& 2% :2 bos2% . 2
co $2722 %2"p ;2020 020 "2%! ! %®7 2 ' X 5 0)s c
) 5 :st ) 26 68 62 DFF 2 F 72 GBF 6GG 57685 B8 5
° . " [} 0 2?2 ]
Gl 82 DFF 2 F 727 BF929 267 72712788 &2"®! /"5209 $2"39D H290&7 82 ( 3 (4
c1 c2* )2 Iz . H52576& 5 la)s!l! c 3C(54 20) 2 2 28
c 6 GB 2 DFF 2 F 72 GBF |1562G5 65GB , 2&2,,2DFF 225F2$72 GBHFZ)/'\E’GGG,,GZS 85 v2+p9  H202
; % 2 )2; 2¢C ! (20 $2 02 G2 676 2 !
H ) o 3H):4D ! b
9 H2 '2C $ 3 | |
8668 2 DFF 2 F 72 78IF 7IB5G2 G282 2866 DEE 2 F6'7BZ'GSBF 567227I5.7ZB+ 221G B 82
; 2|677a ‘ [ D 75 , a2 2 % )2676 2
72 S'BFZ';& 26778327'G6° crri 2 DFF 2 F 20)$' C 6 1G2 DFF 2 F 72 GBF 6GG 276 5 IBI
. ) "C 22 2% 9 H2H2 2 #2* | *2H2+2 H2/2%2
+2§ . 2% 2% 1 267 676 2 e / %
15 @ 2 12+ 2 216 G GI2 DFF 0 s / ) c so + 5
2 F 72 8BF 567 5276 86
] 0
« 5 g s2 H2 o )2502) $2 22676 2 ; 56757 852H2 1 2% @ 872 DFF 2 F 72 771F 7 6B5
. D & "9 . . . N
% - s . A mz % 2 . 2%  H2 ; $2. 9 226L7”/2++/(I327%27%*
$1 ¢ G6B 2 DFF 2 F 7288 7F 9 G7 6B 2 " DFF 2 F3 12 126 42 C ‘
* =501 %2 ! '2) I H2 % 2 1 H2 *2%2
676 & 5 11



2 + H2C H2 ‘2 &
Mee o 2 &! &2; ! 2"
# 2 . 267 G2

D ! ro2 $! C
72 7 BF&6 BG56BBI3 B48767 5

2/ Cc2$ +2% 2H

& ! ;2677 & 5

B

67680

20 ) $!
!

22
H

C

!
G676

3UHY HOMALYFBHER UW V

! G 6 G
DFF 2 F 72 GBF
& ! $
#1 e 2 2 2& 2!
s / @2

I 5& G55 7



MANUSCRIPT
1

Moderating effect of age group on managerial support and workplace
atmosphere in different types of sickness absences

Nuutinen Mikko, Anniina Anttila, Pekki Anu, Sauni Riitta, Leskela Riikka-Leena

Submitted






PUBLICATION
I

Identifying risk factors of long sickness absences: a regist ry-based study
using explainable Al methods

Anttila Anniina, Nuutinen Mikko, Leskela Riikka-Leena, Van Gils Mark, Sauni Riitta

BMJ Open 2025;15:€101921
http://dx.doi.org/10.1136/bmjopen-2025-101921

Publication is licensed under a Creativ. e Commons Attribution 4.0
International License CC -BY-NC






BMJ Open ldentifying risk factors of long sickness
absences: a registry-based study using
explainable Al methods

Anniina Anttila @ ,* Mikko Nuutinen © ,? Riikka-Leena Leskela © 2

Mark van Gils © ! Riitta Sauni

To cite:Anttila A, Nuutinen M, ABSTRACT
. o d
Leskela Rset al Identifying  OpjectiveTo identify and explore variable groups and | STRENGTHS AND LIMITATIONS OF THIS STUDY
risk factors of long sickness  jjvigual predictors of long sickness absences outside of The study was conducted on a largeyaral-
:ﬁferg:‘ Z;e?;?:ZS;d wellknawn predictors such as service use and previoys ~daaset comprising employees from various
¢ using exp sickness absence using machine learning, explainable ~ industries.

Al method8MJ Open R . . . .
202515101921 Zoi'lO 113¢/ati cial intelligence methods and a submodel approagh. The dataset contained a rich and diverse |set of

bmjopen-2025-101921 Design Retrospective syudf prospectively collected categories such_as service use'and qu_estnns on
registry data on sickness absences and a questionnaire healthrelded topics, such as eating habits; exer

y Prepublication history used in health examinations. cise habits, diseases and symptoms and on work-

and additional supplemental - gayin s Electronic medical record dd one large relged themes, such as physical and psychgsocial

material for this paper are occupational health service provider in Finland risk factors.

available online. To view these”~~ " - " ; ;

les, please visit the journal  P2rticipants 11533 emplgees of various occupations Sickness absence (SA) data were available from the

online (https://doi.org/10.1136Vh0, between 2011 and 2019, had at least once st day of absence. _

bmjopen-2025-101921). completed a health questionnaire that could be linked to The machine learning submodels were trained for

- service usage data and who had not had their initial Healtt#lifferent categories to estimate the prediction ac

AA and MN contributed equallgheck within 1 year beforerapBths after completing curacy of the submodels and discover the mast pre

S the questionnaire. dictive variables outside the kmalin predictors

Rece'veg éo garctr: 2022052 Primay outcome measure® identify predictors of at of long SA.

Accepted 07 October 2025 st one long sickness absence period ( 30 days) during A limitation was that the study was performed on
a 2year followsp. the data from only one occupational health service
Results The highest area under the receivetingera provider in Finland.

characteristic curve (AUROC) values among the submodel

groups were for the sickness absence and service

use submodels (0.68-0.74). The AUROC values for the . . X .

submodels of sociodemographic factors, health habit§8§'des the fl_nar_]c_lal, social ‘r’_md health_prpb

diseases data category ranged from 0.55 to 0.67 and!#8#s for the individual, and it has a signifi-

0.55 to 0.67 for the submodels of questionnaire data. G&@t economic impact on the social security
AUROC value of the ensemble model that combined afstem. The prevention of work disability has
submodels was 0.79 (95% CI 0.788 to 0.794). been recognised as an important objective
The most important factors predicting long sickness across OECD countries in view of the ageing

absences based on the submodels were reported paigf the working population and the aim of
number of symptoms and diseases, body mass indexﬁ%nging working careers.?

short sleep duration. Additionally, several work and me”ltﬁ{erventions in  occupational health
W) Check for updates healthrelaged variables increased the risk of long SiCkngé?vices that target patients on sick leave can

absence. .
© Author(s) (o their ConclusionsOther variables besidesiseruse and promote retu3rn to work, as numerous studies
employer(s)) 2025. e sickness absence increase the accuracy in predicting'lg§ Shown: Earlier interventions by occu-

permitted under CGNONo  gjckness absence and providing information for plannif@ional health services before the onset of
commercial rase See fights iy entions that could have a bene cial impact on wéfRrk disability can also reduce SA rates and

and permissions. Published by . P ~ : 4, - .
BMJ Group. disability risk. health-related retirement.” It is crucial that

"Eaculty of Medicine and Health occupational health professionals are able
Technology, Tampere University, to recognise patients at risk of recurrent or
Tampere, Finland INTRODUCTION long SA and disability pensions as early as
“Nordic Healthcare Group Oy,Long sickness absences (SA) have been possible. Occupational health intervention
Helsinki, Finland recognised as risk indicators of permanent programmes can be both costsaving and
Correspondence 1o work disability, mortality and morbidity.* more effective than the usual occupational
Dr Anniina Anttila; Work disability also causes disturbances in the healthcare when targeted at selected high-
anniinanttila@la. workflow and productivity of the workplace,  risk employees®

BM) Group 1



Open access

The capabilities of data analysis methods for risk assess
ment have evolved with the constant improvement of
artificial intelligence (Al) and machine learning (ML)
technologies and especially with the increasing avail
ability of large and rich datasets combined with powerful
computing resources. ML models have been extensively
studied to predict various health outcomes®® However,
research on the implementation of these capabilities in
an occupational health setting with work disability as the
outcome is still limited.

When an ML model is trained using a learning algo-
rithm, its parameters iterate towards an efficient math-
ematical association between input variables and given
outcomes, based on available example data. Based on the
successfully established associative model, risk factors for
SA and suitable targets for possible interventions can be
discovered by using explainable Al (XAl) methods. Age,
sex, previous SA, service use and selited health have
been shown to be strong predictors for identifying indi-
viduals at increased risk of work disability’™® However,
they are not risk factors that can be acted on with targeted
occupational health interventions. They should instead
be considered variables for various underlying causes that
may not independently be strong predictors of long-term
SA but may be important and understandable factors
affecting an individual’ s work ability level. Therefore, the
ML model will most likely assign the largest weights to
the strong predictors if all variables, both the underlying
causes and the strong predictors, are entered into the
same ML model. The model may give a good prediction,
but the prediction has limited relevant practical value in
the sense that factors such as previous service use or SA
cannot be acted on. Identifying the associations between
SAs and modifiable factors such as health behaviour can
help professionals select appropriate interventions to
support work ability.

We used ML submodels in this study for different data
categories and XAl methods, such as Shapley values
(SHAP), partial dependence plots (PDPs) and surrogate
models **®to assess the predictive capability of variable
groups from different data categories and individual vari-
ables outside the wellknown predictors of long SA. Our
research questions were, “What is the accuracy of ML
models using different variable groups from various data
categories of occupational healthcare data for predicting
long-term SA” and “What are the most important vari-
ables from different data categories, besides previous SA,
service use and general seffated health?”. The novelty of
the study lies in understanding the associations between
long SA and individual predictors. The study also provides
new information about prediction accuracy that can be
obtained with different categories of data.

METHODS

Study population

The present study is a retrospective regisy study. We had
access to the database of one occupational health service
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provider in Finland (Finla). The study participants were
the employees of several companies who used Finla’s
occupational healthcare services during the years 2009—
2021 and completed a health questionnaire administered
by Finla at least once during the years 2011-2019. A total
of 18840 questionnaires could be linked to sewvice usage
data (eg, occupational healthcare visits). Questionnaires
whose response time was not recorded were excluded
(N=334). Patients whose initial health check was within
1 year before or 3months after the questionnaire was
completed were excluded (N=647) to ensure availability
of data on previous sewice use. The COVID19 pandemic
would have affected SA during the followup time, so ques
tionnaire responses later than 18 March 2018 (N=3992)
were also excluded. The total number of completed ques
tionnaires with service use data after these adjustments
was N=1414. Online supplemental figure S1 presents a
flow chart of how participants were selected for the anal
yses. The study protocol is available in the online online
supplemental material.

Data

The main source of predictor variables was the health
guestionnaire administered by Finla used in initial and
periodic health monitoring. It contained questions on
both health-related topics, such as eating habits, exer
cise habits, diseases and symptoms, and on worklated
themes, such as physical and psychosocial risk factors.
These data were supplemented by variables obtained
from the electronic medical records of Finla containing
occupational health service usage, diagnoses and SA
episodes.

Outcome

The predicted outcome of the models was the occurrence
of one or more long (>30 days) SA episodes during a 3ear
follow-up time that began on the questionnaire response
date. All service use variables and previous SA days were
calculated from the period of 1 year before questionnaire
completion (online supplemental figure S2).

Additionally, repetitive, short-term SAs were selected as
an alternative outcome in the sensitivity analysis to assess
the models’ robustness. Repetitive, shorterm SAs were
defined as more than five short (1-10days) SA episodes
during a 2-year follow-up time.

Submodels

The aim of the submodel-specific analyses was to measure
the performance of methods that use variable groups
from different data categories to predict long-term SA
and to explore the individual predictors in more detail.
We based our study on training and analysing a series of
12 ML submodels from three data categories. (1) Five
submodels were trained from the sociodemographic
factors, health habits and diseases data category: (1.1)
demography, (1.2) job description, (1.3) measurements,
(1.4) health habits and (1.5) diseases and symptoms
submodels. (2) Four submodels were trained from the
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Figure 1 Data ow of machine lear ning (ML) model training and evaluating pipeline in an occupational health cohort in 2011—

2019.

working conditions and mental health data category:
(2.1) depression questions, (2.2) psychosocial questions,
(2.3) work ability and (2.4) managerial performance and
workplace atmosphere submodels. (3) Three submodels
were trained from the service usage data category: (3.1)
service use diagnoses, (3.2) service use and (3.3) SA
submodels. The research questions of the study focus
on the submodels from data categories (1) and (2).
Data category (3) was included as a reference for model
performance. online supplemental table S1 lists the
selected variables of each submodel and presents descrip
tive statistics of the variables. The online supplemental
section ‘Collected variables’ presents the definitions and
data sources of all variables of each submodel.

Statistical methods

The data set was first divided into two distinct data
folds in the ratio of 70% for training (before index
date 1.3.2015) and 30% for testing (after index date 1
March 2015) (figure 1 and online supplemental figure
S3). A single patient could have completed several ques
tionnaires; thus, possible data leakage was mitigated by
removing all patients from the test data (n=1824) who
already had a questionnaire in the training data. The
training data contained 8874 separate questionnaires
(7912 patients). The test data contained 3816 separate
questionnaires (3621 patients). The training fold was
used to select hyperparameters and to train submodels
and the test fold for validation of the submodels. Prepro-
cessing steps before the training of the submodels
were missing value imputation and multicollinearity
check. Missing values were imputed by using kearest

neighbour approach.’® A multicollinearity check was
processed separately for each submodel. One of the vari
ables was removed from the submodel if a correlation
between input variable pairs was greater than 0.7. The
removed variable’s selection was based on the richness
of the information the variables held. For example, if we
had a variable pair of ‘smoking (yes/no)’ and ‘smoking
years’, we selected the variable ‘smoking years’ for the
modelling. That is, we tried to maximise the information
of the selected variables. Online supplemental table S1
shows the variables excluded from the model training
due to multicollinearity.

All hyperparameters were searched from the training
data by using the kfold cross validation method (k=10).%°
The gradient boosting (XGBoost) algorithm *®was used as
a base learner for the submodels. Two general models@
and @ (were developed for predicting long SA in addition
to the 12 submodels. The general models were trained to
actas a reference, representing the performance when all
available variables are included in the modelling process.
The model @was trained by using variables from all data
categories. The input variables of model G (ensemble
model) were the weighted outcome values from the
submodels. The weighting factors were the relative accu
racy values of the submodels for training data—in other
words, variables that showed better predictive capability of
long SA in the training fold were given stronger weight in
proportion to their prediction accuracy. Model explain -
ability analysis®™*® was performed separately for each
submodel. First, the input variables of each submodel
were ranked based on the absolute Shapley values. The

3
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surrogate models and PDPs were then used to discover
insights from the important variables.

The means and frequencies of the baseline character
istics were used to examine the differences between the
patients with and without long SA periods. The 2 and
Mann-Whitney U test were used to test the differences
between the groups. A p<0.05 was considered statistically
significant. The area under the receiver operating char
acteristic curve (AUROC), sensitivity, specificity, positive
predictive value (PPV/precision), negative predictive
value (NPV), F1 score and the area under the precision
recall curve (AUPRC) were used as performance metrics
for the submodels and general models. The threshold
values for the classification metrics of patients belonging
to the positive group were searched by balancing the
sensitivity and specificity values of the training data.
For performance metrics of testing data, 95% Cls were
derived by non-parametric bootstrap (1000 samples).
For performance metrics of training data, 95% Cls were
derived from the samples of kfold crossvalidation. The
online supplemental section ‘Data preprocessing’ pres
ents a detailed description of the data flow, data prepro
cessing, model training and evaluating steps.

Patient and public involvement

The patients and/or the public were not involved in the
design, conduct, reporting or dissemination plans of this
research.

RESULTS

The study comprised 11533 patients and 14514 separate
guestionnaires. Table 1 presents the properties of the
patients with or without long SA periods during follow- up.
The values were calculated according to the first ques
tionnaire if an individual patient had answered more
than one questionnaire. The average age was 43.5 years
(SD 11.4; range 16.8-69.8). Of the respondents, 42.5%
(N=4902) were female. Altogether, 17.4% worked in a
supervisory and 43.3% in a bluecollar position. Further-
more, 23.5% of them did shift work and 6.0% did night
work. The most common selfreported diseases were
insomnia (15.8%), musculoskeletal disease (14.0%) and
hypertension (13.2%). There were statistically significant
differences between the groups with and without long SA
in all background variables except exercise habits. Online

Table 1 Descriptive statistics of backgr ound variables in a Finnish occupational health cohort in 2011-2019

Item name All NO long SA periods Long SA periods P value
Patients, n 11533 10819 714

Age (years), mean (SD) 43.5 (11.4) 43.3 (11.4) 47.0 (10.5) <0.001
Sex (female), n (%) 4902 (42.5) 4485 (41.5) 417 (58.4) <0.001
BMI (kg/m?), mean (SD) 26.6 (4.5) 26.5 (4.5) 27.7 (5.1) <0.001
Smoker, n (%) 3103 (26.9) 2885 (26.7) 218 (30.5) 0.026
Exercise habits points (0-12), mean (SD) 5.1 (2.2) 5.1(2.2) 5.1(2.3) 0.809
Supervisor, n (%) 2004 (17.4) 1924 (17.8) 80 (11.2) <0.001
White-collar worker, n (%) 4995 (43.3) 4811 (44.5) 184 (25.8) <0.001
Blue-collar worker, n (%) 6152 (53.3) 5660 (52.3) 492 (68.9) <0.001
Shift work, n (%) 2711 (23.5) 2462 (22.8) 249 (34.9) <0.001
Night work, n (%) 691 (6.0) 635 (5.9) 56 (7.8) 0.034
Does your disease hinder coping at work, n (%) 1119 (9.7) 939 (8.7) 180 (25.2) <0.001
Asthma, pulmonary disease, n (%) 771 (6.7) 702 (6.5) 69 (9.7) 0.002
Diabetes, n (%) 427 (3.7) 376 (3.5) 51 (7.1) <0.001
Cardiovascular disease, n (%) 635 (5.5) 563 (5.2) 72 (10.1) <0.001
Hypertension, n (%) 1527 (13.2) 1395 (12.9) 132 (18.5) <0.001
Musculoskeletal disease, n (%) 1616 (14.0) 1404 (13.0) 212 (29.7) <0.001
Common mental disease, n (%) 723 (6.3) 628 (5.8) 95 (13.3) <0.001
Insomnia, tiredness, n (%) 1817 (15.8) 1648 (15.2) 169 (23.7) <0.001
Cancer, n (%) 249 (2.2) 212 (2.0) 37 (5.2) <0.001
SA dg mental and behavioural, n (%) 307 (2.7) 257 (2.4) 50 (7.0) <0.001
SA dg musculoskeletal, n (%) 1660 (14.4) 1387 (12.8) 273 (38.2) <0.001
SA days sum, mean (SD) 6.7 (19.6) 5.5 (15.8) 25.5 (44.8) <0.001

P values are calculated using the 2 or Mann-Whitney U test.
BMI, body mass index; SA, sickness absence.
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Table 2 Performance of machine learning models for predicting long sickness absence period (test data) in a Finnish

occupational health cohort in 2011-2019

Sociodemographic factors, health habits and diseases

Model Demography Job description

AUROC 0.663 0.616

Sensitivity 0.659 0.735

Speci city 0.622 0.426

PPV 0.099 0.075

NPV 0.967 0.962

F1 score 0.172 0.135

AUPRC 0.137 0.091
Working conditions and mental health

Model Depression questions Psychosocial

questions

AUROC 0.598 0.626

Sensitivity 0.491 0.646

Speci city 0.650 0.564

PPV 0.081 0.085

NPV 0.953 0.962

F1 score 0.139 0.151

AUPRC 0.097 0.101
Service usage (reference)

Model Service use Service use
diagnoses

AUROC 0.709 0.738

Sensitivity 0.681 0.597

Speci city 0.650 0.732

PPV 0.109 0.123

NPV 0.970 0.967

F1 score 0.188 0.204

AUPRC 0.169 0.178

Measurements Health habits Diseases
and
symptoms

0.553 0.562 0.671

0.456 0.597 0.668

0.622 0.480 0.617

0.070 0.067 0.099

0.948 0.950 0.967

0.122 0.121 0.172

0.071 0.083 0.128

Work ability questions  Managerial

performance
and workplace
atmosphere

0.668 0.554

0.566 0.473

0.693 0.628

0.104 0.074

0.962 0.950

0.176 0.128

0.134 0.073

Full model

Sickness absences All variables Ensemble

0.677 0.766 0.790

0.429 0.549 0.650

0.840 0.812 0.759

0.145 0.155 0.145

0.959 0.966 0.972

0.217 0.242 0.237

0.160 0.202 0.230

The threshold values for the classi cation metrics* of patients belonging to the positive group of long sickness absence period were
automatically selected by balancing the sensitivity and speci city of the training data.

*Sensitivity, speci city, PPV, NPV, F1- score.

AUPRC, area under the precision recall curve; AUROC, area under the receiver operating characteristic curve; Ensemble, prediction model,
where the input values were weighted according to the relative accuracy values of the submodels in the training data; NPV, negative

predictive value; PPV, positive predictive value.

supplemental table S2 presents subject demographics
properties for training and test data sets.

ML models performance

Table 2 presents AUROC, sensitivity, specificity, PPV,
NPV, F1 score and AUPRC values of the submodels and
general models for the test data set. The AUROC values
of the submodels within the Sociodemographic factors,
health habits and diseases data category ranged from
0.553 (measurements submodel) to 0.671 (diseases and

symptoms submodel) and for the submodels of the ques
tionnaire data category from 0.554 (managerial perfor-
mance and workplace atmosphere submodel) to 0.668
(work ability submodel). The AUROC values of the refer-
ence submodels of the service use data category were from
0.677 (SA submodel) to 0.74 (service use submodel).
For the full models, the AUROC value of the ensemble
model was 0.790 and of the model with all variables 0.768.
Figure 2 presents the receiver operating characteristic

5
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Figure 2 Receiver operating characteristics curves for the pr ediction of long sickness absence periods in a Finnish
occupational health cohort in 2011-2019. The diagonal line indicates no discrimination above chance. (a) Submodels from the
data category sociodemographic factors, health habits and diseases; (b) Submodels from the data category working conditions
and mental health; (c) Submodels from the data category service usage (reference model) and (d) full models. AUROC, area
under receiver operating curve; Ensemble, prediction model, where the input values were weighted according to the relative

accuracy values of the submodels in the training data.

curves for the models. Online supplemental table S3
presents the training data’s performance values. Online
supplemental figures S4S7present the correlation matrix

of the variables of each data category. Online supple
mental figure S8 presents the distributions of the proba
bilities of long SA predicted by the models for the groups
with or without long SA periods at the follow-up. Online

supplemental figure S9 presents the distributions of the
cumulative SA days over the 1 year of followtp between
patients who were predicted to be at a low or high risk of

a long SA period. Online supplemental figures S10S18
present the models’ XAl analyses.Figure 3 presents the
sum of absolute Shapley values for the variables of each
submodel.

The results of the sensitivity, specificity, PPV and NPV
depend on the threshold value chosen for the classifiers.
Tuning this threshold is an optimisation problem that
depends on whether one wishes to minimise false posi
tives, maximise the detection of true positives or strike
a balance in between. The thresholds in this study were
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Figure 3  Sum of absolute Shapley values for the variables of the submodels in a Finnish occupational health cohort in 2011—
2019. BMI, body mass index; SA, sickness absence; OHS, Occupational Health Services.

chosen automatically by balancing sensitivity and speei
ficity in the training data. Online supplemental table
S3 presents the threshold values. The sensitivity of the
ensemble model with the selected threshold value (0.383)
for the test data was 0.655, indicating that the model
found 66% of patients who had a long SA period. The
specificity of the ensemble model was 0.733, indicating
that 73% of patients classified as low risk did not have a
long SA period.

The ensemble model's NPV was 0.972, and its PPV
was 0.145. The NPV represents the share of predictions
assigned to the negative group whose risk did not mate
rialise, while the PPV represents the share of positive
predictions in which the risk did materialise. Note that
PPV and NPV are heavily influenced by the different
classes’ prevalence in the datasets. NPV will easily be high
(and PPV difficult to get high) and vice versa if there are
many negative class values in the dataset (as in our case).

One point for consideration is the profile of the patients
that the model classified as high risk. They may indeed
have an elevated risk that simply did not materialise

according to the study’s outcome criterion, which was a
rather strict definition requiring a long, uninterrupted
SA spell. Online supplemental figure S9 presents an anal
ysis comparing the cumulative SA days over the j{ear
follow-up between patients predicted to be at high risk
and those whose predicted risk was below the threshold.
This analysis showed that, especially for the ensemble
model, the distribution of SA days differed markedly
between the predicted high-risk group and the non-risk
group.

Online supplemental table S4 presents the results of
the modelling per formance’s sensitivity analyses with
repetitive, short SA episodes as the outcome. The models’
performance was similar to that observed in the case of
long SA episodes.

DISCUSSION

This study developed several ML submodels and two
general models for predicting long SAs. An individual
submodel comprised a group of variables from a specific

7
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category, such as sociodemographic characteristics, health
habits, diseases and questionnaires on working conditions
and mental health (depressive symptoms, psychosocial
workload, managerial performance and workplace atmo
sphere, and work ability). The submodels’ performance
differed. Information on submodel performance can be
leveraged to determine the relative importance of the
various data sources in occupational health services when
developing predictive models. Furthermore, we managed
to identify several individual predictors with possible
relevant thresholds from the submodels (online supple-
mental figures S10—18). In addition to strong predictors
that have been constantly identified in previous studies,

the cause for an increased risk of work disability either at
an individual or the workplace level.

Higher risk was particularly associated with the working
conditions and mental health data category with the
subjective feeling of being unable to influence the
content of one’s work or of not having the possibility
of selfreformation, the physical load of the work not
seeming appropriate, some illness hindering the work
or that the supervisor’s actions seemed unfair. Of these,
the discrepancy between an employee’s health status and
the physical or mental workload can be partly reduced
by health improvements through eg,medical treatment
or rehabilitation. However, most of these factors can

such as age, sex, service use and previous SA days, weonly be improved by measures taken at the workplace.

found several predictors from the groups ‘job descrip-
tion’ and ‘diseases” and from answers to questionnaires
on working conditions and mental health.

The AUROC value of the general ensemble model was
0.79. Among the submodels, the highest AUROC value
(0.74) was for the ‘service use’ submodel. However, the
predictive accuracy increases when the variables from the
other submodels are included with the service use model
in the ensemble model, indicating that the other models
have predictive power that is complementary to that of
the service use. The performance of the general ensemble
model can be considered good compared with the perfor-
mance values presented in previous studies, where the
AUROC value for general models for predicting SA has
been between 0.67 and 0.79% -2 Of course, the perfor-
mance values of different studies should be compared
with caution, because the data used and what is predicted
affect the performance that can be achieved. Addition
ally, according to our knowledge, previous studies have
not always clearly divided the data into training and vali
dation parts, as recommended in the development of
ML models.*® > Several previous studies have followed
traditional statistical model analysis methods in which the
focus is not necessarily on proving the generalisability of
the models but rather on proving the fit of the model and
data 3!

The analysis of the submodels indicated that among
the work-related factors, the risk of long SA was partie
ularly associated with nonregular work (part-time, shift
work). The possibility of altering an employee’s working
time arrangements, such as changing from shift work
to a fixed day shift or providing full-time employment
instead of part-time work, varies between workplaces and
is not always possible. However, employees in noregular
work should be recognised as a risk group who may need
support for maintaining work ability . Other studies have
also found that organising shift work in physiologically
optimal scheduling ( B consecutive night shifts, shift
intervals of tllhours, ®hours shift duration) would
benefit the welfare of the whole working community
by reducing the risk of injuries, SA and possibly breast
cancer**3*Therefore, changes to working time solutions
should be encouraged by occupational health profes
sionals if a suboptimal shift work pattern is identified as
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Interventions aimed at reducing work disability risk at an
individual level are likely to be most effective when they
include both elements for improving health status and,
when possible, adjusting the work demands®

The most important variables in the measurements
submodel and the health habits submodel were body mass
index (BMI), sleep, smoking, muscle training and eating
habits. The association between obesity and the risk of
work disability is wellknown.®® The risk of long SA in our
study increased already at a BMI threshold of 2kg/m 2.
The surrogate model (online supplemental figure S12)
also found the risk groups based on BMI value ranges of
22-27, 27-32, >32, which are close to the BMI risk groups
defined by the WHO (18.5-25, 25-30, 3035, >35/

Interventions focusing on promoting healthy lifestyles
are often initiated at primary healthcare visits and can
have a major impact on health parameters® It has also
been shown that extending such interventions to the
workplace level can have a positive impact on somatic
and mental diseases as well as on work disability and can
be cost effective when considering the expenses of work
disability.>**=** Improving health habits such as diet and
exercise can also reduce the risk of musculoskeletal diser
ders and hypertension, which were important factors in
the diseases and symptoms submodel for predicting a
higher risk of long-term SA.

We also performed sensitivity analyses with repetitive,
short SAs as an alternative outcome (online supplemental
table S4), in addition to our primary outcome of long-
term SA, to study the models’ robustness. The models’
predictive power for repetitive, short SAs was similar to
long SAs, which implies that the data categories in our
models can be used to predict different patterns of SA.

This study has several strengths. Our reakorld data
included screening questionnaires that covered a broad
spectrum of both work-related and health-related themes
and could be linked with data from occupational health
medical records. The data represented various industries’
workplaces and included SA data from the first day of
absence. To our knowledge, the ML and (XAl methods
we applied have not been used similarly in an occupa
tional health setting with work disability as an outcome.
Our submodel-based approach was sensitive to detecting
not only the strong predictive variables, such as setice
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utilisation and prior SA, but also other categories of vark
ables, some of which may also be modifiable, unlike the
strong predictors. Furthermore, the submodel-based
approach measured the peiformance values of variable
groups from different data categories to predict long-
term SA. This is important information when analysing
the feasibility of model development and important data
sources’ availability

The present analyses have some limitations. One limita
tion is that the ML models were trained on data of one
occupational health service provider in Finland. External
validation with different patient groups is required to gain
a better understanding and test the transferability and
generalisability of the models. Generalisation in Finland
can be expected to some extent, because the distribu
tion of the different industries of our patient group was
close to the proportions of industries in Finland nation -
wide (online supplemental figure S19). The second
limitation is related to the functionality of conventional
supervised learning. ML models are effective in finding
patterns (associative relationships) in large data sets. We
analysed the data in this study to identify patterns that
characterise occupational health service clients at risk of
long SA periods. While a variable may be significant in
the prediction of an outcome, this does not necessarily
imply a causal relationship between the variable and the
outcome.

CONCLUSIONS

Previous service use and SAs are strong predictors of

work disability and form the basis of a general prediction
model for long SA. However, identifying these predictors
does not in itself provide occupational health profes-
sionals with concrete targets for interventions. This study
used submodels and XAl methods to identify individual

associations between other variables and SAs. These vari

ables are more concrete and understandable risk factors
than previous service use and SA and can, therefore, be
used to plan interventions that could have an impact on
the risk of work disability.

The study’s results demonstrated that ML methods
can be successfully applied in using occupational health
data to identify employees with an increased SA risk.
Reducing sick leave will increase workers’ welbeing and
the productivity of companies and society as a whole.
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Abstract

PurposeUsing unsupervised and supervised machine learning methods, we aimed to identify clinically relevant groups of
employees with similar characteristics and analyze the association of long and short sickness absence periods with thes
groups.

Methods The participants were 12,099 employees of various occupations in Finnish companies. The data comprised 104
variables from medical records including data on sickness absences and a questionnaire used between 2011 and 2019 |
health examinations. The latent dimensions for the employees were de ned by principal component analysis to reduce the
number of variables. Clusters were calculated using the K-means algorithm from datapoints expressed by the resulting ve
principal components. Logistic regression analyses were used to assess the associations of the clusters B@tlléysy (>

and repetitive short (1-10 days) sickness absence (SA) episodes.

ResultsEmployees in cluster one indicated positive managerial performance and workplace atmosphere, and employees
had the least of both short and long SA. Cluster two indicated de ciencies related to managerial performance and workplace
atmosphere. Cluster three had de ciencies mainly related to mood and depression and cluster four had cardiovascular dis
eases. Employees in cluster ve reported many symptoms, especially dizziness and sensory symptoms, and had the highe:
occurrence of repetitive short SA. Cluster six indicated de ciencies related to work ability and had the highest occurrence
of a long SA episode during follow-up.

ConclusionUnsupervised and supervised machine learning methods identi ed six clinically coherent employee clusters,
providing information on typical combinations of characteristics and risk pro les of sickness absence.

KeywordsWork disability - Screening - Occupational health - Unsupervised learning - Employee characteristics
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Work disability causes considerable nancial challenges for
society, especially in countries with a strong welfare system.
Besides the public expenditure on disability bene ts; dis
eases causing work disability result in increased health care
costs with a simultaneous loss of tax income from working-
aged adults unable to work. The nancial impact of work
disability on workplaces through loss of productivity and
disruptions of work ow are also considerable. The impor
tance of taking all possible measures to tackle the problem
of work disability has increased as the workforce ages and
is widely recognized]].

Common mental and behavioral disorders have become
the most important diagnosis group of work disability in
Finland in recent years, causing 35.7% of reimbursee sick
ness absence (SA) days in 2022. Musculoskeletal diseases,
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which were the most common cause of SAs up to 202Gow the groups are associated with long and short SA
caused 25.2% of reimbursed SA days in 2@22 [ periods. We hypothesized that a data-driven approach
The SA risk has been shown to increase in accordaneeuld lead to distinct and clinically relevant employee
with certain lifestyle factors such as low physical activity,pro les that are associated with long or short SA periods
smoking, and heavy episodic drinking].[ Simultaneous or both. Previously unidenti ed employee pro les, that
exposure to multiple lifestyle risk factors has been showdepict typical combinations of risk factors and character
to further increase risk of sick leave and reduce work abilitystics, could provide valuable information for occupational
[4, 5]. Psychosocial work factors such as low job control andhealth professionals in planning appropriate personalized
low worktime control, in addition to several somatic reasondnterventions targeted at the speci ¢ properties of each
have also shown association with increased $As [ cluster. This could help to focus the limited resources of
The coexistence of di erent work disability risk fac occupational health more e ciently.
tors is not uncommon in the same individual. Data-anal
ysis methods, such as clustering, can identify individuals
with similar exposure and work disability characteristics.
Clustering methods may reveal possible structures in tHelethods
data in a data-driven way without pre-established hypoth
eses T]. For example, multivariate modeling, commonly Study Design and Settings
used in many analyses, is based on a pre-de ned hypothesis
about the relationship between independent variables aWde had access to the electronic medical records of one large
the dependent variable, and the model tests the signi canoecupational healthcare provider (Finla). The study design
of this relationship. In contrast, cluster analysis allows fowas a retrospective analysis of prospectively collected data
new discoveries and visualization of previously unknowron SAs, diagnoses and contacts with occupational health
structures, especially when the data are su ciently largeprofessionals and questionnaires used in periodic health
and comprehensive. examinations. The health questionnaire included a wide vari
Latent class analysis was used in a study using data froety of questions regarding health habits, working conditions,
Finland, France and the United Kingdom to identify-subprevious illnesses and symptoms, and questionnaires for
groups of diabetic employees with di erent work disability screening depression and cardiovascular risk, among others.
outcomes. The study found approximately half of the dia The research plan was approved by the Finnish data
betic employees belonged to a subgroup with a clusterirguthority Findata (THL/1850/14.02.00/2022). Ethics
of simultaneous and a high prevalence chronic somatic diapproval is not required in Finland for retrospective registry
eases, psychological symptoms, obesity, physical inactivitstudies with pseudonymized data such as ours.
and, surprisingly, alcohol abstinence and an associated high
risk of work disability, while the other half belonged to a
subgroup with a more favorable risk pro 18][ Study Population
Cluster analysis was utilized in a recent Danish study to
examine joint associations between di erent combinationg he study’s participants were employees of various cempa
of psychosocial risk factors with long-term SAs as the outnies who were entitled to occupational health services pro
come PJ. They found that a poor score on several psychoswided by Finla between 2009 and 2021 and who completed
cial work factors increased the risk of a long-term SA, whilgéhe screening questionnaire between 2011 and 2019. Even
the potential adverse e ects of scoring poor on one or twthough many of the participants also visited occupational
factors could be outweighed by favorable scores on seveiatalth as patients, screening was targeted at employees
other psychosocial factors. regardless of their current health. Therefore, we shall use
The use of data clustering methods is still limited inthe term employee throughout this study.
studies on occupational health and work disability. Our We included the rst response of employees who had
rst goal in this study was to identify groups of similar completed the questionnaire more than once from the origi
employees from a heterogeneous group based on chaial 22,919 questionnaires. We excluded questionnaires that
acteristics and risk factors using unsupervised machineuld not be matched to the service use register, lacked a
learning methods on extensive survey data. Using unsupeegistered response time or had been completed later than
vised methods, we discovered employee groups from dafayears before the beginning of COVID-19 restrictions,
without pre-de ned labels or correct answers. In additionbecause the pandemic would have in uenced SAs during the
we applied supervised machine learning methods and clullow-up time. We landed at the nal sample size of 12,099
ter membership information for exploring the characteremployees after these adjustments. The online resource
istics of the clusters in more detail. Second, we analyzematerial (Figure S1) presents the study ow.
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Statistical Methods contains. The analysis of the scree plot is a typical method
used in previous studie$, 18].
This study’s main aim was to identify di erent subgroups The resulting clusters were analyzed by three methods.
of employees based on factors of demography, job descripl) Descriptive statistics were used to compare the clus
tion, health habits, diseases and symptoms, depressitgss’ characteristics. (2) Supervised classi cation models
symptoms, psychosocial factors, work ability, and supervi(XGBoost [19, 20]) and Shapley value2], 22] were next
sor performance and workplace atmosphere. In the rst stepsed to identify the variables that contributed the most in the
we de ned the latent dimensions for the employee characharacterization of the di erent clusters. Each cluster had
teristics by principal component analysis (PCR)][ whose its own classi cation model that was trained to discriminate
purpose was to reduce the number of variables. In the secaiii@ employees of the cluster from all other employees. All
step, we calculated the clusters from datapoints expresseariables included in the PCA (Online Resource Table S1)
by the latent dimensions using the K-means algorithth [ were used as predictors for the classi cation models. (3)
The PCA was applied for polychoric correlation matrices=inally, logistic regression analyses were used to assess the
instead of Pearson linear correlations. Pearson linear cassociations of the clusters for long and short SA episodes.
relation assumes continuous and normal variables. THehe outcome of short SA episodes was de ned as more than
questionnaire data are mainly binary and ordinal categorye short (1-10 days) SA episodes during a two-year follow-
variables. Polychoric correlations can be calculated withoutp time. The outcome of long SA episodes was de ned as
the assumption of normal date]. one or more long (30 days) SA episodes during a 2-year
The PCA was performed using all variables (Onlingfollow-up time. The follow-up time began on the date of
Resource Table S1 and the chapter “Collected variablesesponse to the questionnaire. The episodes were combined
The advantage of using the PCA components as input toto one SA episode if there were 1-3 days between the end
the clustering algorithm instead of the original variables igind start of two SA episodes. Online Resource Figure S2
that the components are continuous and orthogonal to eaptesents the analytical pipeline and the inputs and outcomes
other as well as centered around zero with similar stan@f di erent steps.
ard deviations. Furthermore, the high dimensionality of the All statistical analyses were done using Python (version
original data is reduced to a few latent dimensions ( ve ir8.8.12) and R (4.0.5). K-means clustering and classi ers
our study, please see thRésult$ section). As standard were done by sklearn library (1.0.2). Principal component
PCA, the K-means clustering algorithm may bene t if theanalysis was done by psych library (2.3.9).
data are continuous and variables are on comparable scales
to avoid bias towards features with large value ranges. High
dimensionality could result in unstable solutions because Results
xed number of data points becomes increasingly sparse as
the dimensionality increases. Sampling adequacy of the va$tudy Population
able set and each individual variable for the PCA analysis
was measured by the Kaiser—Meyer—Olkin (KMO) measur&he study comprised 12,099 employees. Online Resource
[13]. The second test of data suitability for the PCA was thdable S1 presents the properties of the employees with or
Bartlett's test of sphericity measuring adequate correlationsithout long SA periods during follow-up. The average age
between variablesL]. was 42.7 years (SD 11.5; range 16—69). Of the respondents,
One challenge in the PCA and the cluster analyses is #2.7% (N= 5163) were female. Altogether, 16.9% worked
choose the number of components and clusters for the nals a supervisor, and 43.2% worked in a blue-collar- posi
solution. In this study, Eigenvalues were used in the scrd@n. Furthermore, 23.7% of them performed shift work, and
plot to search for the optimal number of principal compo6.1% performed night work. The most common self-reported
nents. We used the measures of average silhouette widllseases were insomnia (15.1%), musculoskeletal disease
[15] and adjusted the Rand Index (ARLg] to search for (13.0%) and hypertension (12.5%).
an optimal clustering solution. The average silhouette width
measures compactness and separation of the clusters. Teister Analysis
ARl is a stability measure for assessing whether clustering
di erent datasets sampled from the same underlying joint04 variables were used for the PCA (Online Resource
distribution results in the same clusters. Average ARI valTable S1). The KMO coe cient for the variable set was
ues were obtained by running K-means clustering on 100.86, and for each individual variable 0.64—0.98, indicat
bootstrapped samples across 2 to 10 clusters. Eigenvalusg good sampling adequacdd. Bartlett's test of spheric
correspond to the amount of variation explained by eacity was signi cant p< 0.001, indicating that the correlation
component, that is, how much information each componematrix for the variable set was suitable for the PCA.
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Figure S3 shows the eigenvalues for the 10 rst principaValues were calculated from the classi cation models that
components (scree plot). The ‘knee’ in the scree plot camere trained for discriminating each cluster from all other
be noticed after four or ve components. We selected veclusters. 104 variables were used for training the classi
components for further analyses. These ve principal-com ers (Online Resource Table S1). It should be noted that
ponents explained 14.7%, 6.4%, 5.7%, 5.6% and 4.7% of thigh Cluster one (healthy employees), the high values (red
variation in the dataset. points) of the listed variables decrease the probability of

Tablel shows the top 10 variables with the largest{oadcluster membership.
ing values of the ve principal components. Principal eom  Age was among the most important variables de ning
ponents can be interpreted as characterizations of-di eclusters three and four, where younger age increased the
ent dimensions of the employees screened in occupatioriddelihood of membership in cluster three and older age in
healthcare. For example, PC1 was excited by the variablefuster four. The most important variable for de ning mem
such as “Felt that even help from my family and friends carbership in cluster six was reporting deteriorating work-abil
not ease my melancholy”, “Felt all joy has gone from life”ity, whereas the experience of deteriorating work ability was
and “Felt lonely”. That is, the variables of PC1 are relatehmong the most important variables diminishing the prob
to mood and depression. PC2 was excited by the variablability of cluster membership in clusters one and two. A high
of “Management provides the necessary help and encouwscore in the depression screening questionnaire (DEPS) was
agement”, “Managerial work is fair and equal”, “There is athe most important variable de ning membership of cluster
good spirit within our personnel” and “I have the possibil three, whereas a high DEPS score diminished the probability
ity of self-reformation at my job”. PC3 was excited by theof membership in clusters one, two, ve and six. The DEPS
variables “Work ability has become worse”, “Does your dis score was among the 15 most important de ning variables
ease hinder coping at work” and “Musculoskeletal diseasein all clusters except cluster four.

PC4 was excited by the variable “Number of symptoms” and

symptoms such as “Fainting, consciousness disturbance#ssociations of Clusters with Long and Short

“Hearing impairment”, “Vision impairment”, “Dizziness” Sickness Absence Periods

and “Arrhythmia”. PC5 was excited by the variables “Diabe

tes”, “Blood glucose elevated”, “Hypertension” and “Age”. Figure2 shows AME (95% CI) values for the clusters for
We labeled the principal components according to the varthe outcomes of long and repetitive short SA episodes in
ables. The labels are mood and depression (PC1), Managke forthcoming 2-year period. Figure S12 presents OR
rial performance and workplace atmosphere (PC2), Worl@5% CIl) values. The reference cluster was the healthy clus
ability (PC3), Dizziness and sensory symptoms (PC4), an@r (Cluster one), with 6.7% of the cluster members having
Cardiovascular disease (PC5). more than ve short SA episodes and 3.6% having at least

The data points presented in the space of the ve princone long SA episode during a 2-year follow-up (Tad)le
pal components were clustered by the K-means algorithriThe strongest association for long SA episodes was for Clus
Figurel shows the center values of the principal componentgr six, 13.0% of whose members had at least one long SA
for the six clusters. The number of clusters was selectezgpisode during a 2-year follow-up. The membership of this
based on the Silhouette and ARI scores (Figures S4 amtuster was de ned by the experience of their work ability
S5). The numbers of employees in clusters one, two, threlgecoming worse and reporting that their symptoms and dis
four, ve and six were 5503, 2863, 800, 989, 543 and 140Xkases hindered coping at work (Figure S11). They typically
respectively. Tabl@ shows descriptive statistics of back experienced musculoskeletal symptoms and pain, yet their
ground variables and their distribution in di erent clusters;score on a depression screening questionnaire seldem por
statistics of a more extensive set of variables are given imayed increased depressive symptoms. The AME (95% CI)
Online Resource table S2. Figureshows that employees was 0.08 (0.06—0.09), meaning that the probability of a long
located in cluster one indicated positive managerial perfoSA period increased by 8 percentage points when Cluster six
mance and workplace atmosphere, healthy employees (PC&)compared to Cluster one (Healthy employees).

Cluster two indicates de ciencies related to managerial per In clusters two and ve, the increase in the probability
formance and workplace atmosphere (PC2). Employees af short SA episodes was greater than the increase in the
cluster three have de ciencies related to mood and depreprobability of long SA episodes (AME values: 3.8% vs.
sion (PC1). Cluster four indicates cardiovascular diseasds6% and 6.4% vs. 4.7%) with 10.3% of cluster two and
(PC5). Cluster ve indicates experiencing symptoms such ak3.8% of cluster ve members having more than ve short
dizziness and sensory symptoms (PC4). Cluster six indicat8#\ episodes in a 2-year follow-up. The most important
experiences of diminished work ability (PC3). variables de ning membership in cluster ve were report

Figures S6-S11 present Shapley values for the 15 madsig many symptoms, especially dizziness or fainting, but
important variables predicting cluster membership. Shapleyot necessarily having any diagnosed diseases. A large
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Tablel The loadings of the variables sorted in descendant orders for ve principal components (10 highest values for each principal compo
nent) in a Finnish occupational health cohort in 2011-2019

Item name Mood and Managerial performance andVork ability (PC3) Dizziness and Cardiovascu-
depression  workplace atmosphere (PC2) sensory symptoms lar disease
(PC1) (PC4) (PC5)

Deps score 0.088

Felt that even help from my family and0.088
friends cannot ease my melancholy

Felt melancholic 0.088
Felt all joy has gone from life 0.087

During past 1 month often bothered 0.085
by little interest or pleasure in doing

things
Felt impossible to nd pleasure in life 0.083
Felt lonely 0.081
Felt hopeless about the future 0.076

During past 1 month often bothered by0.073
feeling down, depressed or hopeless

Joylessness, hopelessness symptom 0.073

Management provides the necessary 0.154
help and encouragement

Managerial work is fair and equal 0.151

My work is appreciated, and | am 0.149
praised for a job well done

There is a good spirit within our per 0.127
sonnel

| have the possibility of self-reformation 0.125
at my job

| can rely on the continuance of my 0.117
employment

| enjoy my job 0.115

| have not witnessed bullying or harass- 0.113
ment at our workplace

My job is versatile 0.108

| can in uence the contents, pace, and 0.095
hours in my job

Work ability has become worse 0.181

Does your symptom hinder coping at 0.173
work

Self-rated change in work ability 0.165

Does your disease hinder coping at 0.153
work

Personal prognosis of work ability in 0.140
current job 2 years from now

Self-rated work ability 0.136
Musculoskeletal disease 0.130

Work ability has not changed 0.121

Musculoskeletal symptom 0.115

Pain symptom 0.095

Fainting, consciousness disturbances 0.226

symptom

Number of symptoms 0.150
Hearing impairment symptom 0.144
Vision impairment symptom 0.139
Dizziness symptom 0.138




Journal of Occupational Rehabilitation

Tablel (continued)

Item name Mood and Managerial performance andVork ability (PC3) Dizziness and Cardiovascu-
depression  workplace atmosphere (PC2) sensory symptoms lar disease
(PC1) (PC4) (PC5)

Memory problems symptom 0.129

Arrhythmia symptom 0.126

Learning di culties symptom 0.124

Weakness or clumsiness of limbs 0.100

symptom

Headache symptom 0.094

Diabetes 0.193

Blood glucose elevated 0.189

Hypertension 0.176

Age 0.125

Blood pressure elevated 0.115

Cardiovascular disease 0.099

BMI 0.099

Cholesterol elevated 0.091

Number of diseases 0.079

Ear disease, hearing loss 0.079

Discussion

In this study, we analyzed data from questionnaires used
in health surveillance combined with data on occupational
healthcare visits from electronic medical records. We used
unsupervised methods (principal component analysis and
K-means clustering) to identify groups of individuals (elus
ters) with similar characteristics and risk factors. The-clus
ters were characterized by supervised machine learning and
explainable arti cial intelligence methods (XGboost elas

si er and Shapley values). The results were six clinically
relevant clusters with diverse employee pro les.

In addition to de ning the employee clusters, we found
that these clusters di ered in the incidence of repetitive short
and long SAs. This is a central revelation of our study: the
clusters portray di erent combinations of de ning variables,
but the recognition of these employee pro les can also help
tackle the distinct SA pro le associated with each group.

Thirteen of the 15 most important variables de ning

Fig.1 Cluster centers in the space of the 5 principal components in@uster membership in our reference cluster (cluster one)
Finnish occupational health cohort from 2011 to 2019 were positive answers regarding managerial performance

and workplace atmosphere, the most important being the
AUDIT score, which indicates excess alcohol use, alsexperience that their work was appreciated. This cluster had
increased the probability of membership in this groupthe smallest number of both short and long SAs. Members
Cluster two comprised employees who generally reportegf cluster two, however, generally gave a negative answer to
a negative experience in questions on managerial perfauestions on themes of managerial performance and work
mance and workplace atmosphere. place atmosphere. Members of this cluster typically did not

For members of cluster four, among whom cardiovasculafave an elevated depression screening questionnaire (DEPS)

diseases, hypertension and diabetes were the most commare or report deteriorating work ability but in this group,
variables de ning cluster membership, the probability washe incidence of short SAs was signi cantly higher than in
increased only in long SA episodes. the reference cluster.
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Table2 Descriptive statistics of background variables and their distribution in the di erent clusters in a Finnish occupational health cohort from
2011 to 2019

Item name All Cluster 1 Cluster 2 Cluster 3 Cluster 4 Car Cluster 5 Cluster 6 Work
Healthy Managerial  Mood and diovascular  Dizziness ability
employees  performance depression diseases and sensory

and workplace symptoms
atmosphere

Employees, n 12,099 5503 2863 800 989 543 1401

Demography Gender, n (%) 5163 (42.67) 2265 (41.16) 1244 (43.45) 390 (48.75) 293 (29.63) 295 (54.33) 676 (48.25)

Age, mean  42.69 (11.45) 40.78 (11.33) 40.85 (10.64) 42.55 (11.01) 53.05 (7.95) 43.42 (11.25) 46.4 (11.12)

(std)

BMI, mean  26.13 (4.52) 25.51 (4.15) 26.01 (4.34) 26.64 (5.07) 29.38(5.28) 25.84 (4.57) 26.33(4.33)

(std)

Smoker, n (%) 3261 (26.95) 1450 (26.35) 733 (25.6) 277 (34.62) 217 (21.94) 159 (29.28) 425 (30.34)
Job descrip- Supervisor, n 2046 (16.91) 1219 (22.15) 222 (7.75) 113 (14.12) 190 (19.21) 51 (9.39) 251 (17.92)
tion (%)

White-collar 5231 (43.23) 2731 (49.63) 1003 (35.03) 336 (42.0) 457 (46.21) 231 (42.54) 473 (33.76)

worker, n

(%)

Blue-collar 6484 (53.59) 2605 (47.34) 1784 (62.31) 439 (54.87) 487 (49.24) 296 (54.51) 873(62.31)

worker, n

(%)

Shift work, n 2871 (23.73) 1201 (21.82) 777 (27.14) 204 (25.5) 191 (19.31) 122 (22.47) 376 (26.84)

(%)

Nightwork, 740 (6.12) 238(4.32)  293(10.23) 50 (6.25) 42 (4.25) 43 (7.92) 74 (5.28)

n (%)

Part-time 1603 (13.25) 764 (13.88) 289 (10.09) 138 (17.25) 82(8.29) 82 (15.1) 248 (17.7)

work, n (%)

Diseases Numberof  1.47 (1.6) 0.95(1.16) 1.1 (1.26) 2.39(1.89) 2.97(1.94) 253(1.96) 2.26(1.68)
diseases,

mean (std)

Number of  2.87(2.78) 1.85(1.73) 2.38(1.99) 5.68(3.3) 2.33(2.21) 8.79(3.69) 4.3(2.62)

symptoms,

mean (std)

Asthma, 814 (6.73) 326 (5.92) 164 (5.73) 65 (8.12) 90 (9.1) 63 (11.6) 106 (7.57)

pulmonary

disease, n

(%)

Diabetes,n 419 (3.46) 9 (0.16) 12 (0.42) 21 (2.62) 348 (35.19) 7 (1.29) 22 (1.57)

(%)

Common 757 (6.26) 172 (3.13) 88 (3.07) 269 (33.62) 59 (5.97) 70 (12.89) 99 (7.07)

mental dis-

ease, n (%)

Cardiovascu- 624 (5.16) 104 (1.89) 99 (3.46) 51 (6.38) 208 (21.03) 84 (15.47) 78 (5.57)

lar disease,

n (%)

Cancer, 244 (2.02) 58 (1.05) 51 (1.78) 16 (2.0) 65 (6.57) 12 (2.21) 42 (3.0)

n (%)

Musculoskel- 1574 (13.01) 374 (6.8) 239 (8.35) 113 (14.12) 159 (16.08) 95 (17.5) 594 (42.4)

etal disease,

n (%)

Insomnia, 1828 (15.11) 435 (7.9) 333(11.63) 359 (44.88) 117 (11.83) 183 (33.7) 401 (28.62)
tiredness, n
(%)

Hypertension, 1508 (12.46) 291 (5.29) 189 (6.6) 121 (15.12) 614 (62.08) 59 (10.87) 234 (16.7)
n (%)
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Table2 (continued)

Itemname  All Cluster 1 Cluster 2 Cluster 3 Cluster 4 Car Cluster 5 Cluster 6 Work
Healthy Managerial  Mood and diovascular  Dizziness ability
employees  performance depression diseases and sensory

and workplace symptoms
atmosphere

Sickness SA repetitive 1055 (8.72) 366 (6.65) 296 (10.34) 84 (10.5) 70 (7.08) 75 (13.81) 164 (11.71)
absences short peri-

ods (next

2 years), n

(%)

SA long 716 (5.92) 199 (3.62) 137 (4.79) 75 (9.38) 79 (7.99) 44 (8.1) 182 (12.99)
period (next
2 years), n
(%)

Repetitive short periods were de ned as more than ve short (1-10 days) sickness absence episodes and long periods as over 30 consecutiv
sickness absence days during a 2-year follow-up time

Fig.2 Associations of clusters
with repetitive short and long
sickness absences in a Finnish
occupational health cohort

in 2011-2019. Note. average
marginal e ects (AME) values
and 95% con dence intervals of
the logistic regression models

of the outcomes more than

ve short (1-10 days) siek

ness absence episodes during a
2-year follow-up time or one or
more long (>30 days) sickness
absence episode during a 2-year
follow-up time. The reference
cluster was the healthy cluster
(Cluster 3)

Previous studies have shown leadership quality to bef long SA periods and the second highest incidence of short
associated with the incidence of SR&4,[25]. This e ectis  SA episodes in the follow-up time. Our ndings are in line
probably partly due not only to atmosphere and communicavith previous studies that support the value of self-reported
tion issues but also to the superior’s willingness to facilitatevork ability in predicting health-related exit and absence
job accommodations in situations of diminished work-abil from work [29]. Musculoskeletal symptoms and pain have
ity, which should also be supported by organizational disalso been shown to be important predictors of 3h31].
ability management policie$-28]. Members of cluster four typically had cardiovascular

Members of cluster six typically reported that their workdiseases and risk factors such as elevated blood pressure,
ability had deteriorated and that their symptoms and diseasel®od sugar or cholesterol levels. They typically reported
hindered coping at work. They also typically experiencedhat their symptoms did not hinder coping at work. Nev
musculoskeletal symptoms and pain, with an over sixfolértheless, the probability of long SAs in a 2-year follow-
incidence of musculoskeletal disease compared to the referp was signi cantly increased in this cluster. This could
ence cluster. This cluster showed both the highest incidenaedicate that the onset of work disability tends to be quite
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abrupt among employees with cardiovascular risk facfocus of further research and could potentially help imple
tors—that is, the work disability risk is not subjectivelyment our results in the everyday work of occupational
recognized. Dietary habits and exercise should not be fohealth personnel to prevent work disability.

gotten in the quest for improving work ability, because

they play a role not only in the prevention of cardiovascu

lar disease and diabetes but also in obesity, a recognized

work disability risk B, 32, 33]. Exercise has been shown Conclusions

to decrease work disability in overweight individugd][

and moderate exercise decreased SA spells overall akvith the aging of the workforce and the constant need
for both musculoskeletal and mental causes separately i@ maintain work ability, cluster analysis is a powerful
a study of Finnish municipal employee3b]. Some ewi  tool for analyzing the accumulating data in occupational
dence exists that workplace health promotion programisealth. The resulting insight into risk factors and pro les
can have a positive e ect on work-related outcomes suchf work disability could help to initiate further devetop
as absenteeisn34, 36, 37]. ment of interventions best suited to the needs of each

Despite the intriguing combinations of characteristicssubgroup, enabling a more e cient focus of the limited
that we found to coexist in a large dataset and the employeesources in occupational health. It should be acknowl
pro les they portray, it must be noted that the clusteringedged that according to the results in this study pepula
methods simply identify variables that increase or decreasmn, employees with cardiovascular and metabolic risk
the likelihood of membership in a given cluster. There igactors might not recognize their increased work disability
always substantial variation between individuals withinrisk. For them, the most important interventions to avoid
clusters and despite the demonstrated associations, causahtyrk disability are promoting a healthy lifestyle and an
between cluster membership and sickness absence pro lecient and active treatment of somatic illnesses. Further
cannot be presumed. more, despite the increased risk of SAs for some employee

One of this study’s strengths was having access to botfroups, improving managerial performance and workplace
long and short SA data beginning from the rst day of workatmosphere issues could be most impactful, instead of or
disability. These data are seldom available in studies an addition to health-related interventions.
employees of various companies and occupations. Another ) ) ) )
stength was the variety ofthemes witin the questionnair PP ety bioatohe o srson corlas uppienen
that could be linked to data on service use and SAs. This
made it possible to use the full capacity of modern datauthor ContributionsAll the authors participated in planning the study
analysis methods to recognize associations we would nafd interpreting the results. MN conducted the statistical analyses. AA
have been able to nd with more traditional methods or gnd MN wrote the rst draft of the manuscript, and allth(_a authors com

. mented on and approved the nal manuscript as submitted.
more restricted data source.

We collected our data from a single Finnish occupationatunding Open access funding provided by Tampere University
health service provider, which must be considered a limitgincluding Tampere University Hospital). This study was funded by
tion of this study. However, the distribution of industriesg?e Finnish Work Environment Fund (project no: 220127). The funder

X X X X id not in uence the planning, execution or reporting of the study. The
among employees entitled to services at Finla Occupationghthors Anniina Anttila, Mikko Nuutinen, Riikka-Leena Leskeld, Mark
Health is generally similar to that of Finnish companies-(Figvan Gils, Anu Pekki and Riitta Sauni declare that they have no relevant
ure S13). This improves the generalizability of the resultshancial or non- nancial interests to disclose.
especially |.n a mes_h setting. plusterlng methgds haVBata AvailabilityNo additional data are available due to data privacy
not been widely used in occupational health previously, SRasons.
follow-up research is needed. A similar study setting in-a dif
ferent population would provide valuable added informatiorDeclarations

and possibly validation to our ndings. Ethics A hi g d by Finnish d hori
B P . thics ApprovalThis study was approved by Finnish data authority
The results of our study imply that utilizing clustering ;111 /1850/14.02.00/2022). The Finnish National Board on
methods can pave the way towards e ective interventionResearch Integrity TENK guidelines state, that ethics approval is not

aimed at the characteristics of employees in a given-poptequired for retrospective registry studies in human sciences, unless the
lation. Clustering methods could be used in ConstructinQESGafCh threatens the safety of the participants or researchers. Ethics
a company-level report to help occupational health profe€PProval was therefore not required for this study.

sionals communicate the SA risks and needs of preventi¥gotection of Research Participaritsis study used solely secondary
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