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ABSTRACT 

Work disability imposes a substantial financial burden in most developed countries, affecting employees, 
workplaces, and society. As life expectancy increases, promoting the work ability of the aging workforce 
until their statutory retirement age is crucial. Active collaboration between workplaces and occupational 
health professionals is essential for supporting individuals whose health conditions limit their work ability.  

This study aimed to explore the possibilities of real-world data that a Finnish occupational healthcare 
provider can access to predict work disability using modern data analysis methods. Previous studies have 
identified several predictors of sickness absences, but machine learning (ML) methods have not been 
widely applied to occupational health data with sickness absences as the outcome. Another goal was to 
identify essential factors to include in a questionnaire to predict work disability, as a step towards 
constructing a more concise screening tool that could be used repeatedly with minimal burden. 

The data in this study were acquired from the electronic medical records of one medium-sized Finnish 
occupational health service provider. It  comprised 18,840 completed questionnaires from employees 
across various industries between 2011 and 2019, along with data on their occupational healthcare visits 
and sickness absence certificates, starting on the first day of absence. After exclusions, the data from 11,495 
to 12,099 employees were included in the analyses. 

Certain questions from the depression screening tool in the questionnaire data were useful for predicting 
long sickness absences of over 30 days and repetitive short sickness absences of over five 1�²10-day 
episodes in a two-year follow-up. In a questionnaire on psychosocial working conditions, a question about 
�D�Q���H�P�S�O�R�\�H�H�·�V��ability to influence the content, pace, and hours of their work stood out as the strongest 
predictor of repetitive short sickness absences, performing better than any of the depression screening 
questions. Compared to employees in younger age groups, older age (45�²54 years) was a protective factor 
against increased sickness absences among employees experiencing poor managerial support, low staff 
cohesion, or witnessing workplace bullying. For repetitive short sickness absences, no such difference 
between age groups was found. 

In this study, ML methods were used to construct several submodels that used data on different themes 
and from different data sources, as well as two models that used all available variables. The submodel-
specific analyses provided information on the most important variables for each subgroup and on the 
predictive capabilities of different data sources. Including all variables in an ensemble model that assigned 
weights based on their prediction accuracy improved the �P�R�G�H�O�·�V��performance compared to using only 
previously identified strong predictors. The ensemble model performed well at predicting sickness 
absences of over 30 days, with an AUROC value of 0.79 (95% CI 0.788�²0.794).  

Unsupervised ML methods can be used to identify associations among variables without predefined 
hypotheses that restrict the analyses. These methods were applied to the extensive data, and six clinically 
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coherent employee clusters with similar characteristics and risk factors were identified. In further analysis, 
these clusters also presented different profiles of sickness absences. 

This study demonstrated the potential of screening questionnaires and occupational health visits as data 
sources for predicting future sickness absences. The rapid development of ML and large language models 
will expand the ability to extract data from free-text records not only in occupational health medical records 
but also in two national registries: Kanta and Avohilmo. This will improve the development of more 
accurate prediction tools in the future and help occupational health professionals identify employees at 
increased risk of work disability earlier. However, EU regulations and Finnish legislation tightly restrict the 
use of health data and automated decisions, allowing sickness absence prediction only with explicit consent 
and when supporting, rather than replacing, professional judgement. 



 

 

TIIVISTELMÄ 

Työkyvyttömyys aiheuttaa merkittäviä kustannuksia sekä työntekijälle, työpaikalle että yhteiskunnalle ja sen 
taloudelliset vaikutukset on tunnistettu valtaosassa kehittyneitä maita. Elinajanodotteen nousun myötä on 
välttämätöntä löytää keinoja edistää ikääntyvän työväestön työkykyä vanhuuseläkeikään saakka. 
Työterveyshuollon ja työpaikkojen aktiivinen yhteistyö on keskeistä niiden työntekijöiden tukemisessa, 
joilla on terveyteen liittyviä työkyvyn rajoitteita.  

Tässä tutkimuksessa haluttiin selvittää, miten suomalaisessa työterveyshuollon palveluntuotannossa 
kertyvää tietoa pystytään hyödyntämään työkyvyttömyyden ennustamisessa nykyaikaisilla data-
analyysimenetelmillä. Aiemmissa tutkimuksissa on tunnistettu useita sairauspoissaoloja ennakoivia 
tekijöitä, mutta koneoppimiseen pohjautuvia menetelmiä ei ole aiemmin kattavasti hyödynnetty yhtä 
laajassa työterveyshuollon aineistossa käyttäen sairauspoissaoloja päätemuuttujana. Tämän tutkimuksen 
toisena tavoitteena oli tunnistaa sellaisia terveyskyselyihin sisällytettäviä kysymyksiä, jotka olisivat 
merkittävimpiä työkyvyttömyyden ennakoinnissa. Tämä voisi toimia yhtenä askeleena kohti lyhyempää ja 
kevyempää, helpommin toistettavaa seulontatyökalua työkyvyttömyyden riskin varhaiseen tunnistamiseen.  

Aineistona tässä tutkimuksessa oli yhden keskisuuren suomalaisen työterveyshuollon palveluntuottajan 
sähköinen potilastietoaineisto. Se koostui 18 840 terveyskyselystä, jonka useiden eri toimialojen työntekijät 
olivat täyttäneet vuosien 2011 ja 2019 välillä sekä tiedot samojen henkilöiden vastaanottokäynneistä ja 
sairauspoissaoloista ensimmäisestä poissaolopäivästä alkaen. Rajausten jälkeen eri analyyseissä 
hyödynnettiin 11 495�²12 099 eri työntekijän kyselyvastauksia.   

Tietyt yksittäiset masennusoirekyselyn (DEPS) kysymykset osoittautuivat hyödyllisiksi sekä pitkien, yli 30 
päivän sairauspoissaolojaksojen, että yli 5 kertaa toistuvien 1�²10 päivän sairauspoissalojaksojen 
ennustamisessa kahden vuoden seuranta-aikana.  Työn psykososiaalisia kuormitustekijöitä koskevassa 
kyselyssä kysymys henkilön mahdollisuuksista vaikuttaa työnsä sisältöön, työtahtiin ja -aikaan osoittautui 
vahvimmaksi toistuvien lyhyiden poissaolojen ennakoijaksi, myös verrattuna yhteenkään DEPS-seulan 
kysymyksistä. Korkeampi ikä (45�²54 vuotta) osoittautui pitkiltä sairauspoissaoloilta suojaavaksi tekijäksi 
tilanteissa, joissa esihenkilön tuki tai työpaikan ilmapiiri koettiin huonoksi tai työpaikalla esiintyi häirintää 
tai epäasiallista kohtelua. Toistuvien lyhyiden sairauspoissaolojen kohdalla vastaavaa eroa ikäryhmien välillä 
ei havaittu.  

Tässä tutkimuksessa luotiin koneoppimismenetelmillä useita alamalleja, joissa hyödynnettiin aineistoa eri 
aiheista ja lähteistä sekä kaksi mallia, joissa käytettiin kaikkia saatavilla olevia muuttujia. Ennustemallien 
jako alamalleihin auttoi tunnistamaan kunkin alamallin keskeisimmät muuttujat sairauspoissaoloriskin 
ennustamisen kannalta sekä auttoi arvioimaan eri lähteistä saatavan aineiston hyödynnettävyyttä 
sairauspoissaolojen ennustamisessa. Kun kaikki muuttujat sisällytettiin ensemble-malliin, jossa kutakin 
muuttujaa painotettiin ennustetarkkuutensa mukaisesti, ennustemallin suorituskyky parani oleellisesti 
verrattuna malleihin, joissa hyödynnettiin vain jo aiemmin tiedossa olleita vahvimman ennustevaikutuksen 
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muuttujia.  Ensemble-malli toimi hyvin yli 30 päivän sairauspoissaolojaksojen ennustamisessa, saaden 
AUROC-arvon 0.79 (95 % CI 0.788-0.794).  

Ohjaamattoman koneoppimisen menetelmiä voidaan hyödyntää löytämään yhteyksiä eri muuttujien välillä 
ilman ennalta määriteltyä hypoteesia rajoittamassa analytiikkaa. Näitä menetelmiä hyödyntäen laajasta 
terveyskysely- ja potilastietoaineistosta tunnistettiin kuusi kliinisesti tunnistettavaa työntekijäklusteria, joista 
kuhunkin liittyi samantyyppisiä ominaisuuksia ja riskitekijöitä. Jatkoanalyyseissä näillä klustereilla todettiin 
olevan myös toisistaan poikkeava riski pitkiin ja toistuviin lyhyisiin sairauspoissaoloihin.  

Tämä tutkimus osoitti, että terveyskyselyistä ja vastaanottokäynneistä työterveyshuollossa kertyy paljon 
tietoa, jota voidaan hyödyntää tulevien sairauspoissaolojen ennustamiseen. Koneoppimisen ja suurten 
kielimallien nopea kehitys tulee mahdollistamaan myös muun kuin rakenteisesti kirjatun aineiston 
hyödyntämisen analyyseissä paitsi työterveyshuollon sairauskertomuksista, myös kansallisista rekistereistä 
kuten Kanta ja Avohilmo. Tämä parantaa tulevaisuudessa mahdollisuuksia kehittää entistä tarkempia 
ennustetyökaluja, joilla työterveyshuollon ammattilaiset pystyvät aikaisemmin tunnistamaan kohonneessa 
työkyvyttömyyden riskissä olevat henkilöt. Sekä EU-säädökset että suomalainen lainsäädäntö kuitenkin 
rajoittavat oleellisesti terveystietojen käyttöä ja automatisoitua päätöksentekoa. Terveystietoja voidaan 
käyttää sairauspoissaoloriskin ennustamiseen vain yksilön nimenomaisella suostumuksella tätä tarkoitusta 
varten. Kehitettävät menetelmät eivät voi korvata ammattilaisen arviota, vaan ainoastaan toimia 
päätöksenteon tukena.  
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1 INTRODUCTION 

Work disability poses significant socioeconomic challenges for individuals and 
society. Public spending on incapacity, comprising disability-related payments such 
as paid sick leave and pensions, ranges between 1,3% and 4,5% of the gross domestic 
product (GDP) in OECD countries within the European Union.1 The Nordic 
countries and Belgium rank highest in this group, with over 3% of the GDP in 2019. 
Before COVID-19, the direct costs of mental health issues on social benefits were 
approximately 1,15% of the GDP in the EU and between 1,68% and 2,05% in the 
Nordic countries. In addition, the indirect costs on the labor market, through lost 
income due to a lower employment rate and absenteeism among the working-age 
population with mental health problems, were estimated at 1,64% of the GDP in the 
EU.2 

In 2024, global life expectancy reached 73.3 years, up by 8.4 years since 1995, and is 
expected to continue increasing to approximately 77.4 years by 2054. This is due to 
several improvements in public health, hygiene, nutrition, and medicine; it must be 
considered a triumph of global social and economic development. However, fertility 
has been declining in most European countries, including Finland, worsening the 
dependency ratio as the working-age population shrinks. Thus, prolonging working 
careers has been widely recognized as an important goal across OECD countries.3,4 
A trend in the proportion of employees aged 55 or older in EU countries has been 
growing, with an increase from 12% to 20% between 2004 and 2019.5 This highlights 
the need for ongoing development of work ability management to sustain this 
positive trend and support the growing aging workforce. 

Early interventions by occupational health services (OHS) can reduce yearly sickness 
absence rates and health-related retirement. For these interventions to be cost-
effective, occupational health professionals need to identify patients at risk of 
recurrent or prolonged sickness absence and disability pensions. In Taimela et al���·�V��
(2008) study, an occupational health intervention program for workers at high risk 
of sickness absence was cost-saving and more effective than usual occupational 
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health care: It reduced sickness absence days and healthcare costs compared to the 
control group, giving support for interventions targeting selected employees at a high 
risk of sickness absence and work disability.6 

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 to 2020, accounted for 25.3% of reimbursed SA days in 2023.7 Although 
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 diagnostic groups is shortsighted. Multiple studies show the 
connection between various chronic diseases (e.g., cardiovascular diseases or 
diabetes) and work disability through various mechanisms.8�²11 Thus, considering the 
wide variety of risk factors for work disability to address and the limited resources 
in occupational and public health, recognizing employees with accumulating risks �² 
mental, musculoskeletal, and metabolic, among others �² is crucial for focusing 
interventions optimally.  

In the Finnish occupational health system, companies commonly include primary 
healthcare measures in their occupational health service package, alongside 
mandatory preventive measures. Health surveillance programs commonly use 
screening questionnaires. This wide spectrum of OHS facilitates the accumulation 
of large amounts of data. This study aimed to explore the potential of this data for 
predicting work disability in new ways through modern, efficient data analysis 
methods. Machine learning (ML) 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 symptoms and work-
related psychosocial risk factors were analyzed to identify individual questions with 
the best capability to predict repetitive short and long SAs. Additionally, 
questionnaire data were used to explore the modifying effect of age group on SA 
risk related to deficiencies in managerial performance and workplace atmosphere. 
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2 REVIEW OF THE LITERATURE 

2.1 Definition and relevance of sickness absences 

�:�R�U�N���G�L�V�D�E�L�O�L�W�\���L�V���J�H�Q�H�U�D�O�O�\���F�D�X�V�H�G���E�\���D���G�L�V�F�U�H�S�D�Q�F�\���E�H�W�Z�H�H�Q���D�Q���H�P�S�O�R�\�H�H�·�V���S�H�U�V�R�Q�D�O��
resources and the physical or mental demands of their work tasks. Health plays an 
important role and greatly impacts �R�Q�H�·�V work ability, but different professions and 
workplaces are immensely diverse in their demands. Therefore, the same person can 
be fit to work in one job while being unfit for another. Social, cultural, and legal 
conditions, as well as �R�Q�H�·�V competence and motivation, also influence the 
biopsychosocial phenomenon of work disability.12�²14  
In most Western countries, an employee is entitled to some form of financial 
compensation for lost wages during longer periods of work disability. In the EU, a 
double payment arrangement is the most common model, comprising a period of 
employer-provided sick pay followed by benefit payments from the social protection 
system.15 In Finland, the employer usually pays the salary for up to two or three 
months of sickness absence, depending on the �L�Q�G�X�V�W�U�\�·�V��collective labour agreement 
and the duration of the working contract. After the first ten days, the Social 
Insurance Institution of Finland (KELA) compensates the employer for roughly 
70% of the employee�·s salary. Once the employer ceases to pay the sickness absence 
salary, this sickness allowance is the �H�P�S�O�R�\�H�H�·�V��source of income for up to one year 
after the onset of sickness absence.16 After that, if the work disability continues, an 
employee might be entitled to disability pension. While SA typically reflects 
temporary work disability, a greater annual cumulative number of SA days and longer 
SA durations are associated with an increased likelihood of permanent work 
disability.17�²20  
Figure 1 presents the distribution of diagnoses causing reimbursed SA days in 
Finland in 2023 and the number of SA recipients in each diagnosis group. Notably, 
the first ten days of sickness absences are not included in this data, as SA 
reimbursements from KELA only begin on the eleventh day. Mental and behavioral 
diseases were the most common diagnosis group, based on the number of 
individuals receiving SA reimbursement and the number of reimbursed SA days.21 
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Figure 1.  The distribution of diagnosis groups among individuals receiving sickness absence 
reimbursement and the number of 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 (%). The SA days do not include the first ten days after the onset of illness, 
for which the Social Insurance Institution of Finland (KELA) does not reimburse.21 

 

Figure 2 presents the primary causes of disability pension in Finland in 2024 by age 
group. Mental and behavioral disorders are the most common cause of disability 
pensions, especially in the youngest age groups, whereas musculoskeletal disorders 
dominate as a cause of disability pensions among the oldest age group.22 
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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, the financial impact of sickness absence extends beyond the 
�D�E�V�H�Q�W���H�P�S�O�R�\�H�H�·�V���V�D�O�D�U�\�� Sickness absences cause administrative expenses, the costs 
of replacement workers, and possible compensation for lost productivity through 
overtime pay for the other employees, which is always more expensive than the salary 
for regular working hours. The productivity loss from sickness absences can be 
substantially higher in companies whose output depends heavily on teamwork, in 
fields where substitute labour is difficult to find, or in companies whose products or 
processes are time-sensitive.23 

2.1.1 Long-term sickness absence 
There is no universal definition for long-term sickness absence. Therefore, 

various limits have been used as outcome variables in different studies, ranging from 
seven days to one year.24,25 Local sickness absence reimbursement policies and the 
availability of registers in the study setting have a relevant impact on this choice. In 
Denmark, many studies have used sickness absence data from the national DREAM 
register, which contains information on public transfer payments for sickness 
absence, disability pension, early retirement, old age retirement, emigration, and 
death.26 In DREAM, sickness absences are recorded weekly when the employer is 
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entitled to reimbursement of sickness absence benefits. In an article analyzing the 
joint association between sleep problems, psychosocial working conditions, and 
registered long-term sickness absence, the reimbursement period changed from 14 
to 21 days during the study follow-up period (2005�²2007). Therefore, the researchers 
used >21 calendar days to define long-term sickness absence.27 The time before 
employers receive reimbursement for sickness absence benefits in Denmark 
increased again to 30 days in 2012. Therefore, using 30 days as the cut-off point for 
long-term sickness absence was a practical choice and was used as the outcome in 
later studies, including a collaboration study with a Finnish study group.28,29 Other 
Finnish studies have also used 30 days of SA as cutoff points.30�²32 A large Dutch 
cohort study used 42 days or longer to define long-term sickness absence, and a 
Belgian cohort study defined prolonged sickness absence as exceeding six 
months.33,34 In another Dutch study, several cut-off points for LTSA were used in 
the same research article: >14, >28, >42, >60, and >90 days.35  

2.1.2 Short sickness absences 

In Finland, sickness absence reimbursement from public funding begins after ten 
days of sickness absence.31,36,37 Therefore, data on the first ten days of work disability 
are unavailable in Finnish national registers; theoretically, one could have several 
sickness absence periods of up to ten days during the year without ever being in 
these registries.  

Companies have varying policies regarding the first days of sickness absence. 
Absence can often be agreed upon between the employee and his or her superior for 
the first days. This possibility is generally limited to certain illnesses (e.g., headache, 
respiratory infections, and gastroenteritis). In literature, this procedure is generally 
called self-certified sickness absence. Studies on the magnitude of self-certification 
practices are limited, as is data on the impact of self-certification on sickness absence 
rates compared with workplaces without a self-certification model. In a Finnish 
study, companies that had recently implemented a self-certification practice reported 
that the model had improved communication between employees and their 
superiors. No relevant change in sickness absence days was reported, but acute visits 
to health services decreased 20%�²40%, which was valuable as the resources could 
thus be allocated elsewhere.38 Another common procedure is to obtain a certificate 
of sickness absence from a nurse for the first three days or up to a week of illness, 
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after which the employer generally requires a statement from a physician if the 
sickness absence continues.39 

As longer sickness absence periods require a statement from a physician, the 
diagnosis must be considered more accurate for sickness absences exceeding 10 days 
than for shorter absences, which are often self-certified. Besides ill health, short 
sickness absences can reflect coping mechanisms or motivational issues40,41. 
However, the cost of a single day of sickness absence to the company is even higher 
during the first days of the absence, when the company gets no reimbursement from 
Kela. Additionally, even short sickness absences apply pressure to the supervisor and 
the work community. Like long sickness absences, they often require reorganizing 
work and hiring replacement staff, causing disruptions in the workflow; moreover, 
the quality of work and customer satisfaction might decline.23 The unit cost of one 
sickness absence day in Finland was calculated at ���������½ in 2024 42.  In Denmark, it 
has been estimated that 44% of sickness absences are due to sick leave periods of 1�²
7 days, indicating that the meaning of short sickness absences should not be 
overlooked43. In a recent study of Finnish municipal employees, very short sickness 
absences of 1�²3 days accounted for the largest number of sickness absences. 
Sickness absence periods of 1�²10 days caused 63% of direct sickness absence costs 
in the workplace, based on the salary of sick leave days.44  

The accumulation of short sickness absence periods is a predictor of long-term 
sickness absence. Hultin et al���·�V�� �������������� �V�W�X�G�\ found that multiple short-term sick-
leave spells increased the risk of long-term sick leave in a five-year follow-up, and 
Laaksonen et al. published similar results among Finnish municipal employees the 
next year.45,46 Sumanen et al���·�V�����������������D�U�W�L�F�O�H found that three 1�²13-day spells or eight 
days of short sickness absence per year constituted a high risk for subsequent long 
sickness absence due to mental disorders47. In another study of Finnish municipal 
employees, the risk of being granted a disability pension before age 55 increased 
significantly if yearly cumulative sickness absences exceeded 15 days, indicating that 
even short sickness absences can predict permanent work disability19.   

2.2 Occupational health services in Finland 

The role of OHS varies among countries. In Finland, each employer must provide 
preventive OHS to its employees. These mandatory services aim to reduce health 
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risks in the workplace and provide early recognition of work-related diseases. In 
addition, most companies provide employees with additional health services, with 
almost 90% offering primary health care within OHS.48 Combining the preventive 
and primary healthcare roles of OHS has great potential for early identification of 
work disability risk and preventive interventions. In this setting, occupational 
healthcare personnel can become familiar with the working conditions through visits 
and surveys of the workplace and deepen their understanding of workplace 
circumstances through regular contact with employees during health visits.  

2.2.1 Preventive measures 

In Finland, companies are required to organize health surveillance for employees 
working in environments or at tasks that may increase the risk of work-related 
diseases. Mandatory OHS include workplace surveys conducted by occupational 
health personnel, during which they become familiar with the work environment and 
focus on chemical, physical, psychosocial, and other risk factors. Based on 
information acquired through this process, work tasks with an increased risk of 
work-related diseases are identified, reported to the �Z�R�U�N�S�O�D�F�H�·�V��stakeholders, and 
used to plan and execute preventive measures. The risk factors must be reduced 
through actions at the workplace to an extent that is realistically possible. As risk 
factors cannot always be fully eliminated, companies are obliged to organize health 
surveillance for employees working in environments or performing tasks that can 
increase the risk of work-related diseases. This surveillance aims to identify 
employees at elevated risk, detect work-related diseases earlier, and reduce the risk 
of work-related health hazards.49 

Health surveillance questionnaires are a common practice in preventive OHS in 
Finland. Questionnaires are �D�� �V�W�U�X�F�W�X�U�H�G�� �Z�D�\�� �R�I�� �D�F�T�X�L�U�L�Q�J�� �G�D�W�D�� �R�Q�� �W�K�H�� �H�P�S�O�R�\�H�H�·�V��
risk factors in mandatory and voluntary health check-ups that companies often 
provide for their personnel. Every employee receives written personal feedback from 
their survey results and, if deemed necessary by occupational health professionals or 
at the �S�D�W�L�H�Q�W�·�V request, is contacted for further action. Contact by an occupational 
health nurse, who then organizes the necessary interventions and consults other 
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occupational health personnel (e.g., physicians) when necessary, is the most common 
procedure.50 

Health surveillance in OHS using screening questionnaires is not limited to a Finnish 
setting. In the Netherlands, national labor law obligates companies to provide their 
employees with the opportunity to participate in an online health survey every four 
years. The �V�X�U�Y�H�\�·�V recipients can consult with their OHS professionals regarding the 
work and health risk factors portrayed in their survey results to discuss the findings 
and obtain advice on how to reduce risk factors. Besides individual feedback, OHS 
professionals usually also provide companies with a report of the survey results on a 
team or department level.33 

Among health surveillance questionnaires, the questions of the Work Ability Index 
(WAI), which predict sickness absences and permanent work disability, are 
commonly used.51�²53 A Health Risk Appraisal used by some Finnish and Dutch OHS 
providers has also demonstrated the ability to predict SA and permanent work 
disability.54,55 

2.2.2 Addressing recognized risk of work disability 

Finnish companies are obliged to collaborate with their OHS providers in a variety 
of measures aiming at promoting work ability. The extent of prevention of non-
occupational diseases included in the collaboration is negotiable between the 
company and its OHS professionals. This section focuses on measures aimed at 
addressing the identified risk of work disability, which are mandatory for the 
employer to provide.49 

Support measures for employees whose health issues limit their capability to perform 
their work duties, play a central role in OHS and have gained importance during the 
last decades. Tripartite negotiations between the patient, the employer, and OHS are 
a common procedure. These discussions aim to plan job accommodation measures 
to compensate for the loss of work ability, ensuring continuation of work as soon as 
possible �R�Q�F�H���W�K�H���H�P�S�O�R�\�H�H�·�V���K�H�D�O�W�K��has sufficiently improved. Job accommodation 
can be executed at any point once �D�Q�� �H�P�S�O�R�\�H�H�·�V��work disability risk has been 
identified, ideally even before a single day of sickness absence. These plans are 
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individually assessed and may include adjusting the physical demands of the 
�H�P�S�O�R�\�H�H�·�V�� �Z�R�U�N���� �S�H�U�K�D�S�V�� �H�U�J�R�Q�R�P�L�F�� �F�K�D�Q�J�H�V�� �S�O�D�Q�Q�H�G�� �E�\�� �D�Q�� �R�F�F�X�S�D�W�L�R�Q�D�O��
physiotherapist, or task limitations in the job requirements. Adjustments to working 
hours (e.g., part-�W�L�P�H���V�L�F�N�Q�H�V�V���D�E�V�H�Q�F�H���R�U���W�H�P�S�R�U�D�U�L�O�\���F�K�D�Q�J�L�Q�J���D���V�K�L�I�W���Z�R�U�N�H�U�·�V���K�R�X�U�V��
to a steady day shift) are also common solutions. The collaboration between OHS 
and the workplace is central in planning and implementing such changes. Besides 
tripartite negotiations, health professionals can also suggest support measures 
through a sickness absence certificate, which 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 in the United 
Kingdom.56 When collaboration between the employer and their OHS provider is 
well established, a certificate-based procedure can replace some of the tripartite 
negotiations and help optimize the timing of the work adjustments. Targeted 
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 and a number of comorbidities.6,57,58 

A recent addition to the Finnish occupational health processes to reduce sickness 
absence days is the Coordinated Return to Work (CRTW) model. In this model, 
physicians of other specialties outside OHS give their patients only short notice of 
sickness absence and refer them to OHS �I�R�U���I�X�U�W�K�H�U���H�Y�D�O�X�D�W�L�R�Q���R�I���W�K�H���S�D�W�L�H�Q�W�·�V���Z�R�U�N��
capacity and for planning support measures in collaboration with the workplace, as 
described previously. In studies on the CRTW model in orthopedic patients, the 
number of sick leave days has decreased by up to 33% compared to previous Finnish 
cohorts.59,60 The CRTW model was launched in orthopedic procedures in central 
Finland and has gradually been expanding to be implemented in new diagnosis 
groups and hospital districts. Given the excellent results, CRTW will hopefully soon 
become a routine procedure nationwide in hospitals and primary healthcare units. 

2.2.3 Primary health care in occupational health services 

Besides preventive measures, OHS can also provide primary healthcare services to 
client organizations in the Finnish healthcare system. Primary health care is voluntary 
and organized to the extent agreed upon between the company and its OHS 
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provider. Sickness absences are costly and inconvenient for employers, motivating 
companies to provide primary healthcare services to their personnel to avoid delays 
in treatment that employees could face in public health services. Approximately 94% 
of employees covered by OHS have access to at least some level of primary 
healthcare services.48 

Besides avoiding delays in returning to work due to queues in public health care, 
primary healthcare services in occupational health offer additional advantages. Due 
to the expertise in occupational health care, primary healthcare visits within OHS 
can improve early identification of work-related diseases. Possible collaboration with 
workplaces also helps OHS professionals optimize the timing of workplace 
interventions to avoid unnecessary sick leave days when the need for such measures 
is identified earlier than it would have been had the employee used public healthcare 
services. A Finnish study showed that in 27% of cases, the primary care visit in OHS 
was mainly or partially caused by work, work worsened the symptoms, or the 
symptoms or illness impaired work ability.61 OHS physicians also gained new 
information about the working conditions of the workplaces in 27% of visits and 
gave recommendations concerning work or workplaces in 21% of all visits and 54% 
of work-related visits. However, all the physicians in this study had at least nine years 
of experience in OHS, including some who were occupational health specialists. 
General practitioners also provide primary health care in OHS. They must be 
sufficiently orientated to work-related diseases and return-to-work processes to 
realize the full potential of primary care in OHS. In a recent Finnish study, the 
physician assessed the work-relatedness of the visit and recorded it in the medical 
records in 58.1% of primary healthcare visits in OHS and in 60.1% of visits 
exceeding 20 minutes. Physicians specialized in occupational health recorded the 
assessment of work-relatedness in 59.7% of visits and physicians not specialized in 
57.5%. Physicians currently enrolled in the six-year training program to become 
occupational health specialists were categorized in the non-specialist group, which 
could explain the small difference between these groups.62 
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2.3 Risk factors of work disability  

Short sickness absences are often an antecedent of long sickness absences. Previous 
sickness absence is also a strong predictor of future sickness absences and permanent 
work disability, as Section 2.1.2. described. This section presents a brief overview of 
risk factors for work disability, focusing on studies with SA and disability pensions 
as outcomes, as the concepts and risk factors are similar and intertwined. 

2.3.1 Sociodemographic factors 

Age. The incidence of work disability has systematically been shown to increase with 
older age63�²65. Work ability tends to deteriorate before retirement age through an 
increase of symptoms and diseases and can be demonstrated by a decrease in the 
Work Ability Index, presented in Section 2.4.1, as disability pensions or even 
mortality before retirement age.66 

A Finnish study on municipal employees published in 2017 demonstrated that the 
effect of age is especially profound in musculoskeletal diseases, with an almost nine-
fold increase in work disability days between the 18-34-year age group (mean 2.1 
days per person-year) and the >50 year age group (mean 18.6 days per person-year)67. 
On average, the members of the oldest group had over four more days of sickness 
absence due to depressive disorders than the youngest age group. Another study 
compared the effect of age on the length of disability across various chronic 
conditions. In this study published in 2017, most chronic diseases (arthritis, diabetes, 
coronary artery disease, depression, low back pain, chronic pulmonary disease, and 
cancer) showed an increase in predicted disability length with increasing age. 
However, these analyses were conducted using data on disability claims from a 
private disability insurance company in the USA, limiting the generalizability of the 
results.68 

A positive trend has occurred in the EU countries with an increase in the proportion 
of employees aged 55 or older from 12% in 2004 to 20% in 2019 5. The latest years 
have also shown some change in the trends of SA among different age groups. The 
number of sick leave days per working year decreased in the municipal sector in 
Finland between 2006 and 2021, especially among employees aged 50 or older. 
Sickness absences peaked again in 2022 in all age groups but increased especially in 
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mental health-related SA among employees under 30, who had the largest number 
of SA days per working year, also in 2023.69 

Gender. Several studies have demonstrated a higher SA incidence among female 
employees than males70,71. A recent Dutch study found that the average sickness 
absence durations were longer among women than men in almost all diagnostic 
classes. Especially for musculoskeletal and mental diseases, recovery rates were 
relatively lower in females than in males, especially during the first three months of 
sickness absence, but became more similar thereafter.72 In a study of Finnish 
municipal employees, the risk of short, self-certified sickness absence was 46% 
higher among women than among men73. 

Several professions exist in which either sex is overrepresented, and less favorable 
working conditions and occupations are likely to explain part of the gender 
differences in SA incidence. In a study on Finnish municipal employees, half the 
female excess in self-certified and >60-day SAs was explained by occupation; in SAs 
of intermediate length, controlling for occupation accounted for approximately one-
third of the female excess.74 In a Swedish study, male and female employees had a 
significantly higher incidence of long SAs in workplaces that were extremely female-
dominated, whereas employees of either sex working in male-dominated workplaces 
had a lower incidence of long SAs compared to workplaces with a more even gender 
distribution75.  

2.3.2 Work-related variables 

Occupational position is associated with work disability. Poor self-rated health is 
generally more common in low-skilled occupations.76 The risk of work disability due 
to musculoskeletal causes and to all causes is higher among manual than nonmanual 
workers67,77. The strenuousness of manual work on the musculoskeletal system and 
the physical capacity it demands, compared with nonmanual work, partly explains 
this. A systematic review also found strong evidence that working in a blue-collar 
position increased work disability risk among employees with rheumatoid arthritis 
and moderate evidence of increased risk among blue-collar workers with asthma and 
ischemic heart disease.64 In an analysis of the European Working Conditions Survey, 
poor health outcomes were confirmed as more common among employees whose 
jobs did not require higher skill levels, which also can apply to manual work. Besides 
the physical risks at work that are more common in low-skill occupations, employees 
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also tend to have more obesity and unhealthy lifestyles, such as smoking or excessive 
alcohol consumption.76 Long sickness absences due to mental disorders, however, 
are more common among employees in non-manual than manual work, and more 
common in lower non-manual than upper non-manual employees.78 Injuries are also 
a more common cause of sickness absences among employees in manual than non-
manual work.77  

Psychosocial work factors and their association with work disability have been 
evaluated using several theoretical frameworks. The most used models are the job 
strain model and the effort-reward imbalance model. 

R. Karasek developed the job strain model in 1979, which includes the dimensions 
of psychological demands, decision latitude, and social support; it also serves as the 
basis of the Job Content Questionnaire (JCQ)79. In this model, high work demands 
combined with low decision latitude are considered to cause mental strain at work. 
J. Siegrist�·�V���H�I�I�R�U�W-reward imbalance model, introduced in 1996, considers strain as 
an imbalance between �D�Q���H�P�S�O�R�\�H�H�·�V��effort in their work tasks and the rewards they 
receive from work. The effort component in the model comprises both extrinsic 
elements: the demands and obligations placed on the individual through work and 
intrinsic elements, such as �W�K�H���H�P�S�O�R�\�H�H�·�V���S�H�U�V�R�Q�D�O���F�R�S�L�Q�J���P�H�F�K�D�Q�L�V�P�V���D�Q�G���Q�H�H�G���I�R�U��
control. The reward component comprises not only salary but the esteem and status 
control that work provides.80,81  

Several European studies have demonstrated the association between psychosocial 
stressors at work and depressive symptoms 82�²85. Work-related psychosocial risk 
factors and their effect on work disability have been studied through several 
questionnaires and study settings. Especially bullying and violence at work, poor 
quality leadership, and limited opportunities for development are strongly linked to 
sickness absences. Low decision authority, role conflicts, work overload, and lack of 
social support have also been moderately associated with sickness absences of 
varying lengths.43,86,87 A systematic review demonstrated that when focusing on 
sickness absences due to diagnosed mental disorders, the association was even 
stronger. The strongest increases in mental health-related sickness absence risk were 
among employees exposed to effort-reward imbalance (66% increase) and job strain 
(47% increase).88 

Leadership quality is associated with sickness absence, job well-being, job 
satisfaction, and disability pensions89. The following leadership qualities have shown 
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a positive association with mental health outcomes: transformational leadership 
(inspirational leadership, charisma, intellectual stimulation); a high quality of 
relations- and task-oriented leadership behavior (participatory and problem-solving 
abilities, clarified work tasks), as well as a high quality of interaction between the 
leader and their subordinates. Destructive leadership (authoritarianism, 
aggressiveness, abusive supervision) is negatively associated with mental health.90 In 
a study performed in a health and social care setting, leadership quality was not only 
directly associated with sickness absences but, at best, a protective factor against 
certain work exposures such as workplace violence 91. 

Exposure to physical strain at work is linked to the well-being and health 
outcomes of employees, including sickness absences28,43. Unfavorable ergonomic 
postures, monotonous or repetitive work, and heavy physical demands have all been 
shown to increase sickness absence days63,92. In a longitudinal study, a high physical 
workload increased the incidence of disability benefits, particularly those caused by 
musculoskeletal disease among Dutch construction workers. Obesity was shown to 
attenuate the risk of sickness absence associated with a high physical workload.93 
 
Irregular working hours, such as shift work and night work, are relatively common 
in workplaces whose services are necessary at all hours (e.g., healthcare units, 
transport, and the manufacturing sector). In the EU countries, 18% of employees 
work in shifts. In Finland, unlike most other EU countries, shift work is more 
common among women than men, with approximately 26% of women and 19% of 
men performing shift work. Night work, defined as working three or more hours 
between 23:00 and 06:00, is performed by approximately 17% of males and 11% of 
females in Finland.94 
 
Significant variability exists between individuals in their tolerance to irregular 
working hours. Shift workers are at increased risk for sleep disorders, cardiovascular 
disease, depression, and cancer.95 Irregular working hours are also associated with an 
increased risk for sickness absence, but because shift work can be organized in 
various patterns, comparisons between studies are challenging. A recent Finnish 
prospective cohort study used data mining to cluster payroll-based work-hour data 
among shift workers and identified eight distinct working-hour patterns with a 
varying risk of future SA. The incidence of increased yearly sickness absence days 
was highest among the cluster of irregular, interrupted morning-evening-night work, 
with an incidence ratio of 1.77 (95% CI 1.74�²1.80) compared to regular morning-
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evening work, with weekends off.96 In a study among Danish hospital employees, 
calling in sick after a night shift showed higher odds (OR 1.22, 95% CI 1.14�²1.30) 
and after an evening shift, lower odds (OR 0.89, 95% CI 0.84�²0.93) compared to the 
�V�D�P�H���S�H�U�V�R�Q�·�V���G�D�\���V�K�L�I�W�V97. Studies have shown that a physiologically optimal shift 
work pattern includes no more than three consecutive night shifts, with intervals 
between shifts of at least 11 hours and a shift duration not exceeding nine hours98,99. 

2.3.3 Medical conditions 
 
Several studies have demonstrated that chronic diseases can increase the risk of SA. 
In a Dutch study, the mean increase in sickness absence days due to any chronic 
disease was eight days per year, ranging from a mean of 30 days among patients with 
life-threatening diseases to one day per year among patients with a chronic vision or 
hearing disease. In this study, psychological complaints and diseases ranked second, 
after life-threatening diseases, and cardiovascular diseases ranked third, with yearly 
increases of 19.8 and 10.9 SA days, respectively. Chronic musculoskeletal diseases 
caused a yearly increase of 6.3 SA days.11 In a study of Finnish municipal employees 
across various occupations, the number of chronic illnesses ranked second as a 
predictor of >90 days of sickness absences, and only previous sickness absences 
performed better as a predictor when constructing a multifactorial prediction model 
100. Figure 1 presents the distribution of diagnoses as the primary cause of 
reimbursed SA days in Finland in 2023, and the number of SA reimbursement 
recipients in each diagnosis group.  

Besides increased SA days, physical illnesses predict disability pension101. 
Cardiovascular disease and diabetes, for example, have been shown to increase the 
risk of both SA and disability pensions102�²105. When broadening the view to non-
chronic illnesses, mental disorders and musculoskeletal diseases dominate as causes 
of SA and disability pensions. The following sections elaborate on these disease 
groups.  

Common mental disorders (e.g., anxiety and depression) are an important 
antecedent of disability retirement due to any diagnostic cause, and particularly of 
disability retirement attributable to mental disorders101,106. A correlation also exists 
between depressive symptoms and long sickness absences in different age groups 
and through various occupations. In a population-based Swedish prospective study 
on twin individuals aged 20�²30, the prevalence of SA spells exceeding 90 days during 
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the 10-year follow-up was higher among employees with a previous history of 
depression or anxiety than those with no previous CMD history in the public and 
private sectors.107 In a study based on data from the Danish Work Environment 
Cohort Study, severe depressive symptoms increased the risk of long-term SA (over 
8 weeks) among men (HR 2.69; 95% CI 1.18�²6.12) and women (HR 2.27, 95% CI 
1.25�²4.11) during a follow-up of 78 weeks108.  

Long sickness absences are more common among patients with depressive disorders 
than anxiety disorders109. Sickness absence days increase especially among 
individuals with comorbid depressive symptoms and anxiety110. Besides sickness 
absences and disability pensions, depressive symptoms also predict work 
nonparticipation due to unemployment111,112.  

Sleep disorders are a common symptom of depression. In a Finnish study on 
employees of the public sector, severe sleeping disorders increased the risk of work 
disability due to mental disorders with an HR of 3.35 (95% CI 2.85�²3.95) in a model 
adjusted for age, sex, and socioeconomic status. When also adjusted for night or shift 
work, smoking, alcohol intake, body mass index, physical activity, diagnosed somatic 
disease, depression, anxiety, and use of pain killers and anxiolytics at baseline, the 
HR decreased to 1.61 (95% CI 1.34�²1.94).113 

Musculoskeletal disorders are the most prevalent disease group, according to the 
Global Burden of Diseases, Injuries, and Risk Factors Study in 2019114. 
Musculoskeletal disorders affect 1.71 billion people, with low back pain being the 
most prevalent disorder, affecting 568 million people globally. In a longitudinal study 
among working-age adults, musculoskeletal pain that impaired work ability predicted 
disability pensions due to musculoskeletal diagnoses up to 23 years later.115  

Musculoskeletal disorders were the most common cause of sickness absences in 
Finland up to 2020; they now account for approximately a quarter of sickness 
absences7. A similar trend has been seen in disability pensions: Disability pensions 
caused by mental disorders exceeded those caused by musculoskeletal diseases for 
the first time from 2020 to 2022, after which their proportions have been very close, 
with both causing slightly over 30% of new disability pensions each.22 
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2.3.4 Cardiometabolic and lifestyle risk factors 

Metabolic syndrome, the simultaneous presence of at least three of the following 
five cardiometabolic risk factors �² obesity, hypertension, an elevated level of 
triglycerides and/or  blood glucose, and a reduced level of high-density lipoprotein 
cholesterol (HDL) �² has been identified as a modifiable risk factor of work disability, 
with the risk cumulating with an increasing number of metabolic syndrome 
components116. In a study among 60,427 middle-aged 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 4.2-year follow-up117. Obesity has especially been widely studied and 
shown to significantly increase the incidence of long and short sickness absence 
spells118�²120 and permanent work disability65,121.  

Certain lifestyle factors (e.g., low physical activity, smoking, and heavy episodic 
drinking) can increase the sickness absence risk 105,122,123. In a trajectory analysis 
among aging municipal employees, smoking, overweight or obesity, or low leisure-
time physical activity increased the likelihood of membership in a trajectory with 
increased SA124. The combination of overweight and tobacco increases sickness 
absences more than each of these risk factors individually118. This also aligns with 
other studies: Simultaneous exposure to multiple lifestyle risk factors decreases work 
ability and increases the risk of sickness absence125,126. With the increase in life 
expectancy creating the need to prolong working careers, the incidence of chronic 
disease and cardiovascular diseases could increase as a work disability risk factor 
through the growing proportion of aging employees in the working population5.  

 

2.4 The Work Ability Index and depression screening 
questionnaires in predicting work disability 

Several questionnaires have been studied for screening work disability. This 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 Work Ability Index 

The Work Ability Index (WAI) is a self-reported screening tool developed at the 
Finnish Institute of Occupational Health in the early 1980s to measure work ability. 
It has been translated into 26 languages and widely used in research and clinical 
practice in OHS. �:�$�,���T�X�H�V�W�L�R�Q�V���D�V�V�H�V�V���W�K�H���U�H�F�L�S�L�H�Q�W�·�V���F�X�U�U�H�Q�W���Z�R�U�N���D�E�L�O�L�W�\���F�R�P�S�D�U�H�G��
to their lifetime best, their work ability in relation to work demands, the current 
number of diagnosed diseases, the estimated work impairment due to diseases, the 
number of sick leave days used �G�X�U�L�Q�J���W�K�H���O�D�V�W���\�H�D�U�����W�K�H���H�V�W�L�P�D�W�L�R�Q���R�I���W�K�H���U�H�F�L�S�L�H�Q�W�·�V��
work ability in two years, and mental resources. These are graded with a maximum 
of 49 points, with 44�²49 representing excellent work ability.127,128 

The WAI has demonstrated high stability across nationalities and a strong 
association with a premature work exit129,130. A Dutch study used the area under the 
ROC curve (AUROC) values to assess the discriminative ability of the WAI. 
AUROC can have values ranging from 0 to 1, where 0.50 indicates no discrimination 
above chance, and 1 indicates perfect discrimination. WAI reliably identified 
employees with an increased risk of long SAs of all durations in manual and office 
work. The performance was best for sickness absences of > 90 days (AUROC 0.86); 
however, it also performed well for sickness absences exceeding 14 days (AUROC 
0.78).35 A prospective study among Finnish municipal employees demonstrated that 
a poor WAI-based work ability at baseline strongly increased the likelihood of 
receiving disability pension during the 28-year follow-up, with a 5.40 hazard ratio 
(HR) (95% CI 4.81�²6.07). A four-year change in WAI was also analyzed, 
demonstrating that a strong decline in WAI was associated with disability pensions 
[HR 3.83 (95% CI 2.97�²4.93) among male participants and HR 3.40 (95% CI 2.62�²
4.40) among female participants].52  

The first question of the WAI, the current work ability compared to the lifetime 
highest work ability on a scale of 1�²10, is known as the Work Ability Score (WAS), 
which has also been studied as a predictor of work disability. A WAS between 0 and 
5 is considered poor, 6 to 7 moderate, 8 to 9 good, and 10 excellent.52 A WAS score 
and the score of the full WAI have shown convergent validity, producing similar 
ratings of work ability128. Poor and moderate WAS scores are associated with 
disability pensions, although the predictive value is not as strong as for the full 
WAI52.   
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2.4.2 Depression screening tools 
 
Besides the association between diagnosed depression and work disability, some 
questionnaires used for screening depression show potential in predicting sickness 
absences. In a Danish study, two different depression screening questionnaires �² the 
Major Depression Inventory (MDI) and the Mental Health Inventory (MHI-5) �²
predict long-term sickness absences.108,131 The Patient Health Questionnaire-9 
(PHQ9) also demonstrated a strong association with increased sickness absence days 
in an Australian study, with a 3.4-fold increase in sickness absence days among 
participants who scored >15 points (maximum score 27) than participants with 
lower PHQ scores110. Additionally, even slightly elevated scores below thresholds of 
clinical depression in a survey on depressive symptoms increase sickness absence 
risk, which increases further with an increasing number of depressive symptoms132.   

2.5 Machine learning -based tools in occupational health 

Studies using ML-based methods in an occupational health setting, with sickness 
absence or other indicators of work disability as the outcome, have been somewhat 
limited. In 2024, Chaudry and Choudhury published a systematic literature review 
on clinical applications of ML in occupational health.133 Most of the original studies 
in this review focused on occupational health risk assessment, such as the prediction 
of noise-induced hearing loss, occupational risk of musculoskeletal disorders, or 
various other work-related risks. The only European article in this systematic review 
was a 2022 Finnish study that used language models to identify psychosocial risk 
factors in free-text documentation from occupational health checkups. The best 
model combination recognized 77% of the psychosocial risk factors in the health 
records, which is very promising considering the constant and fast improvement of 
ML solutions since this study was published.134 

Five studies in the review were directly related to work disability themes, focusing 
on return to work or disability duration, four of which studied solely occupational 
injuries. The fifth study included cases of occupational injuries and other diseases 
and built an ML model that successfully predicted returning to work (F-measure, 
�Z�K�L�F�K���P�H�D�V�X�U�H�V���D���P�R�G�H�O�·�V��classification performance on a scale of 0�²1, was 0,839; 
AUROC was 0,942; overall accuracy was 0,907)135. The results showcase ML�·�V��
potential in recognizing work disability-related factors, although they must be 
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interpreted with caution as the study was South Korean, had only 15,7% women in 
the study population, and comes from a very different culture and social security 
system than Finland.  

ML has been used in a Dutch study on health surveillance questionnaire data 
completed by employees in various occupations, with long mental health-related 
sickness absences during a one-year follow-up as the outcome variable33. The study 
group performed a logistic regression analysis and a decision-tree analysis, which 
both fairly discriminated between survey participants with or without this outcome 
(AUROC 0.74 and 0.73, respectively).  

2.6 Clustering methods in occupational health 

One method used in a few published studies conducted in an occupational health 
setting is cluster analysis, though it has been rarely used with work disability as an 
outcome. As stated, evidence shows that several factors can increase the risk of work 
disability. It is not uncommon for several risk factors for work disability to affect the 
same individual. Cluster analysis methods represent unsupervised learning and can 
be used to identify hidden patterns in risk factors when the volume of data is 
sufficient to detect these associations.136 

Cluster analysis has been used in an occupational health setting to find subgroups of 
diabetic employees and the associated work disability outcomes. The study found 
two distinct subgroups of employees with diabetes, of which one had a much higher 
prevalence of comorbid somatic diseases, obesity, physical inactivity, and 
psychological symptoms compared to the other group. The group with fewer risk 
factors also had fewer sickness absence days and sickness absences than the high-
risk group.137 

In a prospective cohort study of 69,371 workers, Andersen et al. analyzed the 
clustering of psychosocial risk factors in the workplace and the correlation between 
these clusters and long-term sickness absences (LTSA) lasting over six weeks during 
a two-year follow-up in a general working population. They found that employees in 
clusters with a poor score on several psychosocial risk factors had an increased risk 
of LTSA. However, scoring poorly on one or two psychosocial risk factors did not 
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increase LTSA if the recipient had a favorable score on the other psychosocial risk 
groups.138 

Cluster analyses have also been used to predict long-term sickness absence, identify 
subgroups among individuals without an employment contract,25 and identify latent 
classes of unhealthy behaviors and their associations with subsequent sickness 
absence126.  

 

2.7 Gaps in previous literature 

 
Several risk factors of SA have been examined in a variety of occupational and 
organizational contexts. However, substantial differences in both national SA 
compensation systems and in OHS policies and practices limit the comparability and 
generalizability of findings across countries. Research conducted in the Finnish 
context remains relatively scarce, particularly studies drawing on data from multiple 
companies representing diverse industries. Additionally, an unquestionable lack of 
research applies ML methods to occupational health data with SA as an outcome. 
Considering the wide range of variables associated with work disability, a data-driven 
study using OHS medical records and screening as a data source could yield new 
insights into predicting sickness absences.  
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3 AIMS OF THE STUDY 

This study aimed to explore new ways to use continuously accumulating real-world 
data in OHS to identify patients at an elevated risk of sickness absences. Combining 
data from OHS visits in electronic medical records with data from occupational 
health questionnaires, the objective was to 

1) Identify risk factors and protective factors relevant to predicting future 
sickness absence (SA). 

2) Study the association of work-related psychosocial risk factors and 
depressive symptoms with the risk of sickness absence. 

3) Create machine learning (ML) models and test their performance in 
predicting long SA. 

4) Identify employee clusters and their association with the risk of SA. 
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4 METHODS 

4.1 Study populations, data collection, and data analysis 
environment 

The data for this study comprised 18,840 employee health surveys from companies 
whose OHS were provided by Finla Occupational Health (Finla) between 2011 and 
2019. Finla is a company that provides only OHS, including mandatory preventive 
occupational health and primary 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 2019, Finla provided OHS to 1621 companies across various 
industries and their approximately 32,900 employees, mainly in the Pirkanmaa area 
of Western Finland, as well as in a few larger cities in southern Finland, including 
Helsinki, Vantaa, and Espoo.  

The Finnish data authority Findata (THL/1850/14.02.00/2022) approved this 
study. The study used solely secondary data from registers, and individual 
participants could not be identified. Only members of the research team had access 
to the data, which was processed and analyzed in a secure, closed environment with 
pseudonymized patient information. According to the guidelines of the Finnish 
National Board on Research Integrity (TENK), retrospective registry studies in the 
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 study was based on health surveys that employees completed at health check-
ups when beginning work in a new company, commencing a different work task 
within a company they had previously been employed in, or at follow-up health 
surveys. During the years covered by this data, companies commonly organized 
health check-ups for their personnel, even if they were not mandatory. Thus, 
although employees in companies with mandatory health check-ups may be over-
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represented in this material, office workers are also represented. The questionnaire 
has often been used as a screening tool to assess the need for further contact. 

When the health questionnaire was originally constructed, questions considered 
relevant to occupational health questionnaires included those known to predict work 
disability, such as questions from the Work Ability Index. As the questionnaire 
focused on the individual level and was not designed for research purposes, it 
included open-ended responses not easily converted into numerical data. Therefore, 
some potentially interesting content had to be excluded from the analyses. Despite 
these restrictions, the questionnaire covered a wide range of topics, including self-
reported health variables and health habits, as well as work-related factors such as 
the strenuousness of work (physical or mental), the atmosphere at work, the quality 
of leadership, and many others. The content of the questionnaire sections utilized in 
the analyses is detailed within Sections 4.1.1 to 4.1.5.  

The variables were collected from the health questionnaires and the registries of 
OHS visits and sickness absences. Altogether, 129 variables were processed from 
the data sources. The questionnaires did not include unique social security numbers, 
so the questionnaire data were paired with that from medical records using the 
�H�P�S�O�R�\�H�H�·�V��birthdate and height. Employees whose questionnaire data could not be 
matched to the service use register were excluded. The questionnaires were 
adequately completed, with no missing values in the vast majority of questions. The 
question with the most missing values regarded muscular exercise habits, of which 
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 and 
equality of managerial work (1.66%), the suitability of the mental workload (1.58%), 
and aerobic exercise habits (1.55%). 

The health survey data were collected between 2011 and 2019. COVID-19 affected 
sickness absences from March 2020 onwards in various ways139. The frequency of 
shorter sickness absences decreased at the beginning of the pandemic due to 
stringent restrictions on contact between individuals and the implementation of 
other protective policies (face masks, improved hand hygiene). Besides sickness 
absence patterns, the pandemic also led to several changes in working conditions. 
Remote work increased across many occupations, leading to the polarization of the 
workforce, as many tasks still had to be performed in person. The constant need to 



 

44 

change work procedures and the related stress, especially on workers in the 
healthcare sector, significantly impacted psychosocial working conditions.140�²142 To 
ensure the comparability of sickness absence data in the two-year follow-up, 
questionnaires completed over two years before the onset of COVID-19 restrictions, 
which began in Finland on March 18th, 2020, were excluded.  

Figure 3 presents the study flow of Studies I, II, and IV. The final sample size in 
Studies II and IV was 12,099. In Studies I and III, SA data from one year before 
completing the questionnaire were used as a confounder. To ensure the reliability of 
these data, employees whose initial health check had been within one year before or 
three months after completing the questionnaire were excluded. The 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. These exclusion criteria 
resulted in a final sample of 11,495 employees for Study I. For Study III, the data 
were split into a training set (8874 employees) used for training the ML models and 
a test set (3816 employees) for evaluating their performance (Figure 4). Employees 
who already had a questionnaire in the training sample were excluded from the test 
sample. The index date was March 1st, 2015, with the training sample comprising 
questionnaires completed before this date, and the test sample comprising 
questionnaires after this date.  
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Figure 3.  Study flow in Studies 1, 2, and 4 

The study used data from employees who completed the occupational healthcare questionnaire at least 
once from 2011 to 2019 and whose questionnaires could be linked to service usage data. Employees 
whose responses were later than two years before the onset of COVID-19 restrictions were excluded 
from the study. In addition, for Study 1, employees whose initial health check was conducted within 
one year before or within three months after responding to the questionnaire were excluded. The final 
study sample comprised 11,495 employees. 
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Figure 4.  Study flow in 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 response time, the 
following were excluded: questionnaires completed later than two years before COVID-19 restrictions 
and employees whose initial health check was within one year before or three months after the 
questionnaire. After that, the sample was split into the training data and test data. Employees who 
already had a questionnaire in the 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 variables (e.g., education or marital status) were recorded 
as free text and were thus not directly accessible for analyses. The demographic 
variables used for the analyses were the age and sex of the employees.  

The job description variables were collected from the questionnaires and included 
data on performing shift work, night work, or part-time work. Additionally, the 
employees were categorized as white-collar or blue-collar workers based on the 
questionnaire data. Whether the recipient was working in a supervising role was 
asked separately. The job title was an open question; because of the variety of 
different titles, these could not be categorized in a useful way for analysis.  

4.1.2 Self-assessed health habits, diseases, and symptoms 

The health habits collected from the questionnaires were sleeping hours, smoking 
(current smoker yes/no, and pack-years), and the AUDIT questionnaire addressing 
alcohol use.  

On eating habits, a sum variable (0�²20p) was composed from answers to the 
following questions: 

- Do your meals usually include the following? a) low-fat dairy or meat 
products (1p), b) high-fibre grain products (1p), c) fruit/vegetables/berries 
(1p) 

- How often do you consume vegetables, fruit, or berries? a) less than daily 
(1p), b)1�²2 times daily (2p), c) several times a day (3p) 

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

- I skip the main meal a) daily (1p), b) 1�²2 times a week (2p), c) once a 
week/never (3p) 
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- How much do you believe your alcohol intake affects your weight control? 
a) substantially (1p), b) to some degree (2p), c) not at all (3p) 

- I usually eat when a) I have cravings (1p), b) I want to treat myself (2p), c) I 
feel stress, anxiety, loneliness, or similar emotions or situations (3p), d) food 
is available, or it is mealtime (4p), e) I am hungry (5p) 

On exercise habits, answers to the question, � H́ow many times a week do you do 
the following exercise for at least half an hour?�µ��were used on a 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, vacuuming, and other similar 
chores), c) muscle exercise. In addition to the answers for aerobic, everyday, and 
muscle exercise separately, a sum variable (0�²12p) was created for exercise habits 
across all these fields, so that each sub-area received 0�²3 points based on how many 
times per week an action was reported. 

The questionnaire included a self-reported checklist of 20 diseases, and the sum of 
reported diseases was used as an independent variable. The answers to a self-
reported checklist of 19 symptoms in the questionnaire were used similarly, with the 
total number of reported symptoms used as an independent variable. 

 

4.1.3 Work and work ability-related variables 
 
The screening questionnaire included numerous work-related questions. For 
analyses, those with the greatest potential to predict work disability were selected. I 
have not encountered a similar set of questions on psychosocial working conditions, 
managerial performance, and workplace atmosphere published elsewhere.  

The recipients answered the following questions regarding their experience in their 
�F�X�U�U�H�Q�W���M�R�E���R�Q���W�K�H���V�F�D�O�H���´�D�J�U�H�H�µ�����´�S�D�U�W�L�D�O�O�\���D�J�U�H�H�µ�����´�S�D�U�W�L�D�O�O�\���G�L�V�D�J�U�H�H�µ���R�U���´�G�L�V�D�J�U�H�H�µ: 
�´�,���H�Q�M�R�\���P�\���M�R�E�µ�����´�7�K�H���P�H�Q�W�D�O���Z�R�U�N�O�R�D�G���R�I���P�\���M�R�E���L�V���V�X�L�W�D�E�O�H���I�R�U���P�H�µ�����´���,���D�P���I�D�P�L�O�L�D�U��
�Z�L�W�K���W�K�H���H�[�S�H�F�W�D�W�L�R�Q�V���D�Q�G���G�X�W�L�H�V���R�I���P�\���Z�R�U�N���W�D�V�N�V�µ�����´�0�\���F�D�S�D�E�L�O�L�W�L�H�V���D�U�H���S�U�R�S�R�U�W�L�R�Q�D�O��
�Z�L�W�K���P�\���M�R�E�·�V���G�H�P�D�Q�G�V�µ�����´�0�\���Z�R�U�N���L�V���D�S�S�U�H�F�L�D�W�H�G�����D�Q�G���,���D�P���S�U�D�L�V�H�G���I�R�U���D���M�R�E���Z�H�O�O��
don�H�µ�����´�0�\���M�R�E���L�V���Y�H�U�V�D�W�L�O�H�µ�����´�,���F�D�Q���L�Q�I�O�X�H�Q�F�H���W�K�H���F�R�Q�W�H�Q�W�V�����S�D�F�H�����D�Q�G���K�R�X�U�V���D�W���P�\��
�M�R�E�µ�����D�Q�G���´�,���K�D�Y�H���W�K�H���S�R�V�V�L�E�L�O�L�W�\���R�I���V�H�O�I-�U�H�I�R�U�P�D�W�L�R�Q���D�W���P�\���M�R�E�µ�� The same answer 
options were used with the following questions regarding experienced managerial 
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performance and workplace atmosphere�����T́he management provides me with help 
and encouragement when necessar�\�µ���� �´The managerial work is fair and equal�µ����
� T́here is a good spirit within our personne�O�µ, �D�Q�G���´I have not witnessed bullying or 
harassment at my working community�µ���� 

The analysis used several questions regarding work ability in the questionnaire. 
Questions marked with an asterisk were derived from the Work Ability Index, which 
predicts future work disability35,52,53.  

- Do a) symptoms or b) diseases hinder coping at work? 

- Personal prognosis of work ability in two years at current job* 

- Do problems of sleep, alertness, stress, or mood hinder coping at work? 

- Self-rated work ability (1�²10)* 

- Self-rated 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 mental demands of my job are proportional with my capabilities 
agree/partially agree/partially disagree/disagree* 

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

4.1.4 Screening of cardiovascular risk factors 

From the questionnaires, the following measurements were collected: BMI (body 
mass index, calculated from self-reported values of hight and weight), elevated 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 screening tools 
 

The questionnaire included the two Whooley questions (also known as PRIME-
MD), which provide high sensitivity and modest specificity in detecting depression: 
�´�'�X�U�L�Q�J���W�K�H���S�D�V�W���P�R�Q�W�K�����K�D�Y�H���\�R�X���R�I�W�H�Q���E�H�H�Q���E�R�W�K�H�U�H�G���E�\���I�H�H�O�L�Q�J���G�R�Z�Q�����G�H�S�U�H�V�V�H�G, 
or hopeless?�µ���D�Q�G���´�'�X�U�L�Q�J���W�K�H���S�D�V�W���P�R�Q�W�K�����K�D�Y�H���\�R�X���R�I�W�H�Q���E�H�H�Q���E�R�W�K�H�U�H�G���E�\���O�L�W�W�O�H��
interest or pleasure in doing things?�µ The response options are �´�1�R�µ���R�U���´�<�H�V�µ��143,144  

The Finnish DEPS questionnaire has been widely used to screen depressive 
symptoms in Finland and was also included in the questionnaire145,146. The Whooley 
questions and DEPS are recommended tools for screening depression in primary 
health care in the Finnish national guidelines147. 

For the DEPS questions, t�K�H���U�H�V�S�R�Q�V�H���R�S�W�L�R�Q�V���Z�H�U�H���´�1�R�W���D�W���D�O�O�µ�����´To s�R�P�H���H�[�W�H�Q�W�µ����
�´�4�X�L�W�H���D���O�R�W�µ, �D�Q�G���´�9�H�U�\���P�X�F�K�µ�����,�Q���D�G�G�L�W�L�R�Q���W�R���D�Q�V�Z�H�U�V���W�R���W�K�H���V�H�S�D�U�D�W�H���T�X�H�V�W�L�R�Q�V����
the full DEPS score was used as an independent variable. Also, as additional 
questions regarding mental exhaustion�����W�K�H���T�X�H�V�W�L�R�Q�V���´�'�R���\�R�X���I�H�H�O���V�T�X�H�H�]�H�G���H�P�S�W�\��
of energy by your work?�µ���D�Q�G���´�'�R���\�R�X���I�H�H�O���V�W�U�H�V�V�����W�H�Q�V�L�R�Q�����U�H�V�W�O�H�V�V�Q�H�V�V�����D�Q�[�L�H�W�\, or 
sleeping difficulties caused by things constantly occupying your thoughts)?�µ�� �Z�H�U�H��
included in the questionnaire with the same answer options as for DEPS. 

 

4.1.6 Data from medical records 

The number of sick leave periods and the total number of days were obtained from 
electronic medical records. If 1�²3 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 SA period. For analyses, the 
diagnoses of sickness absences were divided into the following subgroups: a) mental 
and behavioral, b) musculoskeletal, and c) other. Parenthood-related absences (e.g., 
parental leave or absence from caring for an ill child) were not included in sickness 
absences.  
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The number of contacts with OHS personnel within one year before completing the 
questionnaire was obtained from electronic medical records. The following 
professional groups were utilized in analyses: Occupational health physician, 
Occupational health psychologist, Occupational health physiotherapist, and 
Occupational health nurse. The diagnoses of contacts or visits in OHS were also 
obtained from one year before completing the questionnaire and grouped for 
analyses���� �´�5�H�F�X�U�U�H�Q�W�� �G�H�S�U�H�V�V�L�R�Q�µ���� �´�2�W�K�H�U�� �P�R�R�G�� ���D�I�I�H�F�W�L�Y�H���� �G�L�V�R�U�G�H�U�V�µ���� �´�2�W�K�H�U��
�P�H�Q�W�D�O�� �G�L�V�R�U�G�H�U�V�µ���� �´�'�R�U�V�R�S�D�W�K�L�H�V�µ���� �´�2�W�K�H�U�� �P�X�V�F�X�O�R�V�N�H�O�H�W�D�O�� �G�L�V�H�D�V�H�V�µ���� �´�,�Q�M�X�U�L�H�V�µ����
�´�$�O�F�R�K�R�O-�U�H�O�D�W�H�G�� �G�L�V�H�D�V�H�V�µ���� �´�'�L�V�H�D�V�H�V�� �R�I�� �E�O�R�R�G�� �D�Q�G�� �E�O�R�R�G-�I�R�U�P�L�Q�J�� �R�U�J�D�Q�V�µ����
�´�1�H�X�U�R�O�R�J�L�F�D�O���G�L�V�H�D�V�H�V�µ�����´�&�L�U�F�X�O�D�W�R�U�\���G�L�V�H�D�V�H�V�µ�����´�5�H�V�S�L�U�D�W�R�U�\ �G�L�V�H�D�V�H�V�µ�����´�'�L�J�H�V�W�L�Y�H��
�G�L�V�H�D�V�H�V�µ, and � Ú�U�R�J�H�Q�L�W�D�O���G�L�V�H�D�V�H�V�µ. From the OHS registers, measurement data on 
systolic and diastolic blood pressure and pulse were also obtained at occupational 
healthcare visits. However, these were not recorded in a structured format for almost 
60% of employees and were thus excluded from the analyses. Instead, self-reported 
data on blood pressure were used (see Section 4.1.4), with 100% availability and no 
missing values.  

4.1.7 Outcome variables 

The predicted outcomes were long sickness absences (defined as >30 SA days) in all 
four studies; repetitive short sickness absences (defined as more than five 1�²10-day 
episodes) in Studies I, II, and IV; and the cumulative sum of sickness absence days 
in Study II. The follow-up time for all outcome variables was two years after 
completing the questionnaire.  

Sickness absence data were accessible from the first day of sickness absence. 
Therefore, the availability of register data did not restrict the choice of outcome 
variables. Since 2012, Finnish employers have had to inform their occupational 
�K�H�D�O�W�K�F�D�U�H���W�H�D�P���D�E�R�X�W���D�Q���H�P�S�O�R�\�H�H�·�V���V�L�F�N�Q�H�V�V���D�E�V�H�Q�F�H�V���Z�K�H�Q���W�K�H�\���H�[�F�H�H�G���������G�D�\�V�����L�I��
there is reason to believe the case is not already familiar in OHS. Sickness absences 
exceeding 30 days were chosen as the definition of a long sickness absence, which 
has also been used in previous literature29,32,148,149.  

Repetitive short sickness absences were defined as more than five sickness absences 
of one to ten days during the following two-year period after completing the 
questionnaire, i.e. a yearly average of three SA spells or more. Both three and four 
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yearly sickness absence spells have been used as the definition of repetitive SA in 
previous studies150,151.  

Table 1 presents a brief overview of the focus and methods of all four studies.  
 

Table 1.  Focus and methods of the four study publications 
�6�W�X�G�\ �)�R�F�X�V �0�H�W�K�R�G�V 

�,�����$�V�V�R�F�L�D�W�L�R�Q�V���R�I���G�H�S�U�H�V�V�L�Y�H��
�V�\�P�S�W�R�P�V���D�Q�G���S�V�\�F�K�R�V�R�F�L�D�O��
�Z�R�U�N�L�Q�J���F�R�Q�G�L�W�L�R�Q�V���Z�L�W�K��
�V�L�F�N�Q�H�V�V���D�E�V�H�Q�F�H�V���L�Q���D��
�)�L�Q�Q�L�V�K���F�R�K�R�U�W���R�I����������������
�H�P�S�O�R�\�H�H�V 
 

�7�R���L�G�H�Q�W�L�I�\���H�I�I�H�F�W�L�Y�H���L�Q�G�L�Y�L�G�X�D�O��
�T�X�H�V�W�L�R�Q�V���R�Q���S�V�\�F�K�R�V�R�F�L�D�O���Z�R�U�N�L�Q�J��
�F�R�Q�G�L�W�L�R�Q�V���D�Q�G���G�H�S�U�H�V�V�L�Y�H��
�V�\�P�S�W�R�P�V���D�Q�G���L�Q�Y�H�V�W�L�J�D�W�H���W�K�H�L�U��
�D�E�L�O�L�W�\���W�R���S�U�H�G�L�F�W���I�X�W�X�U�H���V�K�R�U�W��
�U�H�S�H�W�L�W�L�Y�H���D�Q�G���R�U���O�R�Q�J���V�L�F�N�Q�H�V�V��
�D�E�V�H�Q�F�H�V 

�������7�K�H���P�H�D�Q�V���D�Q�G���I�U�H�T�X�H�Q�F�L�H�V���R�I���W�K�H��
�E�D�V�H�O�L�Q�H���F�K�D�U�D�F�W�H�U�L�V�W�L�F�V�� 
�������)�L�V�K�H�U�¶�V���H�[�D�F�W���W�H�V�W���W�R���W�H�V�W���W�K�H��
�G�L�I�I�H�U�H�Q�F�H�V���L�Q���W�K�H���F�D�W�H�J�R�U�L�F�D�O���G�D�W�D�� 
�������7�K�H���0�D�Q�Q�±�:�K�L�W�Q�H�\���8���W�H�V�W���W�R��
�F�R�P�S�D�U�H���V�L�F�N�Q�H�V�V���D�E�V�H�Q�F�H���G�D�\�V�� 
�������0�X�O�W�L�S�O�H���O�R�J�L�V�W�L�F���U�H�J�U�H�V�V�L�R�Q��
�D�Q�D�O�\�V�H�V���W�R���H�V�W�L�P�D�W�H���W�K�H���D�V�V�R�F�L�D�W�L�R�Q�V��
�E�H�W�Z�H�H�Q���T�X�H�V�W�L�R�Q�V���D�Q�G���R�X�W�F�R�P�H��
�P�H�D�V�X�U�H�V 

�,�,�����0�R�G�H�U�D�W�L�Q�J���H�I�I�H�F�W���R�I���D�J�H��
�J�U�R�X�S���R�Q���P�D�Q�D�J�H�U�L�D�O���V�X�S�S�R�U�W��
�D�Q�G���Z�R�U�N�S�O�D�F�H���D�W�P�R�V�S�K�H�U�H��
�L�Q���G�L�I�I�H�U�H�Q�W���W�\�S�H�V���R�I���V�L�F�N�Q�H�V�V��
�D�E�V�H�Q�F�H�V 

�+�R�Z���G�R���P�D�Q�D�J�H�U�L�D�O���V�X�S�S�R�U�W���D�Q�G��
�Z�R�U�N�S�O�D�F�H���D�W�P�R�V�S�K�H�U�H���L�Q�W�H�U�D�F�W���Z�L�W�K��
�D�J�H���J�U�R�X�S�V���W�R���L�Q�I�O�X�H�Q�F�H���V�L�F�N�Q�H�V�V��
�D�E�V�H�Q�F�H���R�X�W�F�R�P�H�V�" 
�������P�R�U�H���W�K�D�Q���I�L�Y�H���V�K�R�U�W���V�L�F�N�Q�H�V�V��
�D�E�V�H�Q�F�H�V�������±�������G�D�\�V���� 
�������R�Q�H���R�U���P�R�U�H���O�R�Q�J���V�L�F�N�Q�H�V�V��
�D�E�V�H�Q�F�H�V�����!�������G�D�\�V���� 
�������F�X�P�X�O�D�W�L�Y�H���V�L�F�N�Q�H�V�V���D�E�V�H�Q�F�H��
�G�D�\�V 

�7�K�H���L�Q�W�H�U�D�F�W�L�R�Q���H�I�I�H�F�W�V���R�I���D�J�H���J�U�R�X�S�V��
�D�Q�G���Z�R�U�N���F�K�D�U�D�F�W�H�U�L�V�W�L�F�V���Z�L�W�K���V�L�F�N�Q�H�V�V��
�D�E�V�H�Q�F�H���R�X�W�F�R�P�H�V���Z�H�U�H���P�R�G�H�O�H�G��
�Z�L�W�K���O�R�J�L�V�W�L�F���U�H�J�U�H�V�V�L�R�Q���I�R�U���R�X�W�F�R�P�H�V��
�����D�Q�G�������D�Q�G���Q�H�J�D�W�L�Y�H���E�L�Q�R�P�L�D�O��
�U�H�J�U�H�V�V�L�R�Q���I�R�U���R�X�W�F�R�P�H���� 

�,�,�,�����,�G�H�Q�W�L�I�\�L�Q�J���U�L�V�N���I�D�F�W�R�U�V���R�I��
�O�R�Q�J���V�L�F�N�Q�H�V�V���D�E�V�H�Q�F�H�V�����D��
�U�H�J�L�V�W�U�\���E�D�V�H�G���V�W�X�G�\���X�V�L�Q�J��
�H�[�S�O�D�L�Q�D�E�O�H���$�,���P�H�W�K�R�G�V 

�:�K�D�W���D�U�H���W�K�H���P�R�V�W���L�P�S�R�U�W�D�Q�W��
�Y�D�U�L�D�E�O�H�V���I�R�U���S�U�H�G�L�F�W�L�Q�J���O�R�Q�J���W�H�U�P��
�6�$���I�U�R�P���G�L�I�I�H�U�H�Q�W���G�D�W�D���F�D�W�H�J�R�U�L�H�V����
�E�H�V�L�G�H�V���S�U�H�Y�L�R�X�V���V�L�F�N�Q�H�V�V���D�E�V�H�Q�F�H����
�V�H�U�Y�L�F�H���X�V�H�����D�Q�G���J�H�Q�H�U�D�O���V�H�O�I���U�D�W�H�G��
�K�H�D�O�W�K�" 

�0�/���V�X�E�P�R�G�H�O�V���I�R�U���G�L�I�I�H�U�H�Q�W���G�D�W�D��
�F�D�W�H�J�R�U�L�H�V���D�Q�G���;�$�,���P�H�W�K�R�G�V�����V�X�F�K���D�V��
�6�K�D�S�O�H�\���Y�D�O�X�H�V�����6�+�$�3�������S�D�U�W�L�D�O��
�G�H�S�H�Q�G�H�Q�F�H���S�O�R�W�V�����3�'�3�V�������D�Q�G��
�V�X�U�U�R�J�D�W�H���P�R�G�H�O�V 

�,�9�����&�O�X�V�W�H�U���D�Q�D�O�\�V�L�V���U�H�Y�H�D�O�V��
�V�X�E�J�U�R�X�S�V���Z�L�W�K���G�L�I�I�H�U�H�Q�W���U�L�V�N��
�S�U�R�I�L�O�H�V���D�Q�G���V�L�F�N�Q�H�V�V��
�D�E�V�H�Q�F�H���S�D�W�W�H�U�Q�V���L�Q���D�Q���2�+�6��
�F�R�K�R�U�W 
 

�������7�R���L�G�H�Q�W�L�I�\���J�U�R�X�S�V���R�I���V�L�P�L�O�D�U��
�H�P�S�O�R�\�H�H�V���X�V�L�Q�J���X�Q�V�X�S�H�U�Y�L�V�H�G���D�Q�G��
�V�X�S�H�U�Y�L�V�H�G���0�/���P�H�W�K�R�G�V���R�Q��
�H�[�W�H�Q�V�L�Y�H���V�X�U�Y�H�\���G�D�W�D 
�������+�R�Z���D�U�H���W�K�H���J�U�R�X�S�V���D�V�V�R�F�L�D�W�H�G��
�Z�L�W�K���O�R�Q�J���D�Q�G���V�K�R�U�W���6�$���S�H�U�L�R�G�V�" 
 

�������3�U�L�Q�F�L�S�D�O���F�R�P�S�R�Q�H�Q�W���D�Q�D�O�\�V�L�V��
���3�&�$�����W�R���G�H�I�L�Q�H���W�K�H���O�D�W�H�Q�W���G�L�P�H�Q�V�L�R�Q�V��
�I�R�U���W�K�H���S�D�W�L�H�Q�W���F�K�D�U�D�F�W�H�U�L�V�W�L�F�V�� 
�������&�D�O�F�X�O�D�W�L�Q�J���W�K�H���F�O�X�V�W�H�U�V���I�U�R�P��
�G�D�W�D�S�R�L�Q�W�V���H�[�S�U�H�V�V�H�G���E�\���W�K�H���O�D�W�H�Q�W��
�G�L�P�H�Q�V�L�R�Q�V���X�V�L�Q�J���W�K�H���.���P�H�D�Q�V��
�D�O�J�R�U�L�W�K�P�� 
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4.2 Data-analysis methods 

To explore new ways of utilizing data accumulating in OHS to predict sickness 
absences, data-driven approaches were used, including ML-based methods that the 
reader might find unfamiliar. After outlining the statistical methods used, Sections 
4.2.2 and 4.2.3 will briefly introduce these methods and several of the most relevant 
associated terms.  

4.2.1 Statistical methods 

The data were examined and characterized using descriptive statistics. The means 
and frequencies of the baseline characteristics were used to examine differences in 
the outcome groups in Publication�V�� �,�� �D�Q�G�� �,�,�,���� �)�L�V�K�H�U�·�V�� �H�[�D�F�W�� �W�H�V�W�� �W�H�V�Wed the 
differences in the categorical data between outcome groups in Publication I, and the 
Mann-Whitney U test compared the differences between outcome groups in 
Publications I and III. A t-test compared mean age and BMI between different 
outcome groups in Publication I, and a chi-squared test compared the differences 
between outcome groups in Publication III. A p-value of <0.05 was considered 
statistically significant.152,153 

Multiple logistic regression analyses were used to estimate the associations between 
sickness absence outcomes and questions on depressive symptoms and psychosocial 
working conditions in Publication I, and between employee clusters and the outcome 
groups of repetitive short and long sickness absences in the unpublished Manuscript 
II and Publication IV. A negative binomial regression model was used for cumulative 
sickness absence days in Manuscript II.154 

Average Marginal Effects (AMEs) and 95% confidence intervals (CIs) were 
calculated in Publications I and IV. AMEs measure how the change of a variable 
from the reference level increases (values >0) or decreases (values <0) �D�Q���R�X�W�F�R�P�H�·�V��
probability. For example, an AMEvalue of 0,075 indicates, that the presence of a 
variable increases the probability of an outcome by 7,5 %. AME values were used 
instead of odds ratios because results from different logistic regressions are affected 
by omitted variables and should not be compared155.  
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4.2.2 Machine learning (Publication III) 

�$�O�D�Q���7�X�U�L�Q�J�·�V���D�U�W�L�F�O�H���´�&�R�P�S�X�W�L�Q�J���0�D�F�K�L�Q�H�U�\���D�Q�G���,�Q�W�H�O�O�L�J�H�Q�F�H�µ�����S�X�E�O�L�V�K�H�G���L�Q��������������
can be considered the start of focused work on ML156. The first ML programs were 
developed later in the 1950s, with constant evolution ever since. The basic structure 
of an ML process consists of three steps. First, data is collected to provide the basis 
for decision-making. The input data cannot generally be used in its original form; 
therefore, in the second phase, an abstraction is made �² a model based on the input 
data. Such a model can be in the form of mathematical equations, computational 
blocks, specific data structures, or groupings of similar observations. Finally, the 
abstraction is generalized to form a decision-making framework.157 

Figure 5 demonstrates the data flow for the ML model training and evaluation 
pipeline described in Publication III. The original dataset was split into two folds: 
70% for training and 30% for testing. The split was based on the index day 
(1.3.2015), with the training data based on questionnaires completed before this date 
and the testing data from this date onwards. To enable a more detailed exploration 
of individual predictors, the data were divided into 12 ML submodels from three 
data categories. Sociodemographic factors, health habits, and diseases formed the 
first data category, which included the following submodels: Demography, Job 
description, Measurements, Health habits, and Diseases and symptoms. The second 
data category, Working conditions and mental health, included four submodels: 
Depression questions, Psychosocial questions, Work ability, and Managerial 
performance and workplace atmosphere. Finally, three submodels were trained on 
the data category of Service usage: Service use diagnoses, Service use, and Sickness 
absences. Before training the submodels, missing values were imputed using the k-
Nearest Neighbour approach158. A multicollinearity check was processed for each 
submodel separately; for input variable pairs with a correlation greater than 0.7, one 
variable was removed from the submodel.  

Optimal values for hyperparameters were obtained from the training data using a k-
fold cross-validation approach (k=10), after which the gradient boosting algorithm 
(XGBoost) was used as a base learner for the submodels159,160. The test data were 
used to validate the submodels. Model explainability analyses were conducted by 
ranking the input variables of each submodel by their absolute Shapley values, 
followed by partial dependence plots and surrogate models to identify the important 
variables159,161,162. For validating the ML 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), F1 score, and the area under 
the precision recall curve (AUPRC) were used as performance metrics. 

4.2.3 Cluster analysis (Publication IV)  

This study aimed to identify subgroups of employees based on available data using 
unsupervised methods, meaning the process was data-driven, without using outcome 
variables (e.g., absence information) and without a predefined hypothesis guiding the 
analyses. Because of the large number of variables, latent dimensions of the patient 
characteristics were explored using principal component analysis (PCA)163, 
�(�L�J�H�Q�Y�D�O�X�H�V���R�I���W�K�H���G�D�W�D�·�V���F�R�Y�D�U�L�D�Q�F�H���P�D�W�U�L�[���Z�H�U�H���X�V�H�G���W�R���G�H�I�L�Q�H���D���V�X�L�W�D�E�O�H���Q�X�P�E�H�U��
of principal components. Average silhouette width164 and adjusting the Rand 
Index165 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 K-means algorithm166. After the descriptive statistics were used 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 classification models 
instead of the principal components used to calculate the 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 first publication (I) aimed to investigate the predictive capability of individual 
questions on psychosocial working conditions and depressive symptoms for future 
sickness absences. Figure 3 presents how the study population was formed.  

Among the 11,495 employees in the study sample, the mean age was 43,2, and 42,4% 
were female. The mean BMI was 26.6, and 25% of the recipients were smokers. The 
incidence of over five short (one to ten days) sickness absences was 8,6%, and 6,0% 
of the participants had at least one long sickness absence (over 30 days) during the 
two-year follow-up after completing the questionnaire. All analyses were adjusted 
for the following confounding factors: age, sex, BMI, smoking, exercise habits, 
musculoskeletal disease, mental illness, disease that makes coping at work difficult, 
professional group, shift work, night work, and sickness absence days in the 12 
months �S�U�H�F�H�G�L�Q�J�� �W�K�H�� �T�X�H�V�W�L�R�Q�Q�D�L�U�H�·�V�� �F�R�P�S�O�H�W�L�R�Q. The depression screening 
questions were superior to questions on psychosocial working conditions in 
predicting long sickness absences, with a 50% stronger association with at least one 
absence exceeding 30 days during follow-up. Feeling hopeless about the future was 
the strongest of the depression screening questions in predicting repetitive short 
sickness absences (AME 0.07, 95% CI 0.03�²0.10) and long sickness absences (AME 
0.07, 95% CI 0.05�²0.09). Feeling melancholic and finding pleasure in life impossible 
to attain were also among the five strongest predictors of repetitive long and short 
sickness absences. For long sickness absences, �´�)�H�O�W���H�Y�H�U�\�W�K�L�Q�J���Z�D�V���D�Q���H�I�I�R�U�W�µ���D�Q�G��
�´�)�H�O�W�� �X�Q�H�Q�H�U�J�H�W�L�F�µ��also had an AME exceeding 0.050. Figure 6 presents the 
associations between the depression screening questions and both sickness absence 
outcomes.  

�$�P�R�Q�J�� �W�K�H�� �T�X�H�V�W�L�R�Q�V�� �R�Q�� �S�V�\�F�K�R�V�R�F�L�D�O�� �Z�R�U�N�L�Q�J�� �F�R�Q�G�L�W�L�R�Q�V���� �D�Q�V�Z�H�U�L�Q�J�� �´�S�D�U�W�O�\��
�G�L�V�D�J�U�H�H�µ�� �R�U�� �´�G�L�V�D�J�U�H�H�µ�� �W�R�� �W�K�H�� �V�W�D�W�H�P�H�Q�W�� �´�,�� �F�D�Q�� �L�Q�I�O�X�H�Q�F�H�� �W�K�H�� �F�R�Q�W�H�Q�W�V���� �S�D�F�H, and 
�K�R�X�U�V�� �L�Q�� �P�\�� �M�R�E�µ��best predicted short- and long-term sickness absences. For 
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repetitive short sickness absences, this question was the strongest predictor of all the 
questions analyzed in this study and superior to all the DEPS questions for this 
outcome (AME 0.08, 95% CI 0,07�²0,09). Figure 7 shows the 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 modifier between the association of managerial 
support, workplace atmosphere, and sickness absences 

Study II comprised 12,099 participants, of whom 42,7% were female. At the time of 
completing the questionnaire, the mean age was 42,7. The mean cumulative number 
of sickness absence days in the following year was 7.6 and showed an increasing 
trend through age groups, spanning from 5.17 days in age group 16�²24 to 11.09 days 
in recipients aged 55 and older. The incidence of at least one long sickness absence 
period of over 30 days in the next two years was 5.92%, increasing from 2.86% in 
the youngest to 10.04% in the oldest age group. The incidence of repetitive short 
sickness absences in the two years after completing the questionnaire was 8.72%; it 
was highest in the youngest age group (13.56%) and decreased with increasing age, 
to 4.81% 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 days 
was largest in the oldest age group, among whom the incidence of repetitive short 
sickness absences was smallest.  

This study showed that older age (45�²54) was a protective factor against long 
sickness absences and cumulative sickness absence days when the managerial work 
was not experienced as fair and equal (OR 0.585, p<0.05; IRR -0.288, p<0.01) or if 
the spirit within the personnel was not considered good (OR 0.482, IRR -0.398). 
Older age was also a protective factor against cumulative sickness absence days when 
the recipients had witnessed bullying or harassment in their working community. As 
an exception to the generally protective effect of older age, a negative experience of 
the spirit among the personnel had a stronger negative relative impact on short 
sickness absences in the age group 45�²54 (OR 1.416, p<0.05) than in the younger 
age groups.  
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5.3 Submodel-based approach to identifying sickness absence 
risk 

For Publication III , the data were divided into three categories, and three to four 
submodels were constructed within each category. One aim of the study was to 
create ML models for each submodel separately and for full models using all 
variables, as well as test their performance in predicting long sickness absences. 
Another goal was to identify the most important variables in each submodel to 
identify modifiable risk factors that could be targeted with occupational health 
interventions.  

The population was 11,533 employees, 42.5% of whom were female; the mean age 
was 43,5. Patients with long SA periods were older (mean age 47) and more often 
female (58,4%) than employees with no sickness absences exceeding 30 days in the 
two-year follow-up. Among the submodels trained to identify long SAs, the service 
use submodel performed best with an AUROC of 0.738. This submodel included 
data from medical records collected one year before completing the questionnaire, 
including diagnoses of contacts or visits to OHS; the number of contacts with a 
physician, physiotherapist, psychologist, or nurse; and sickness absence data. A 
prediction model that included variables from all data categories achieved an 
AUROC of 0.766. An ensemble model that used all variables for training data and 
weighted questions by their predictive accuracy achieved the best performance in 
predicting long SA, with an AUROC of 0.790.  

Besides defining the predictive performance for identifying the risk of long SAs, the 
most important variables in each submodel were identified using Shapley values. 
Working in a blue-collar position, particularly in part-time or shift work, elevated the 
risk of long sickness absences. The risk of long sickness absences was also increased 
among employees with a BMI of 27 or higher, those who reported experiencing pain, 
those with more than six symptoms, or those with two to three diseases. Employees 
who reported a score of 7 or lower on a scale of 1�²10 for current work ability or 
who slept six hours or fewer per 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 Publication IV, 104 variables used for the principal component analysis (PCA) 
were processed to five principal components, which explained 14.7%, 6.4%, 5.7%, 
5.6%, and 4.7% of the variation in the data set. K-means clustering based on these 
five principal components resulted in six employee clusters. Besides portraying 
clinically coherent combinations of characteristics, the clusters had different profiles 
of sickness absences.  

Figure 8 demonstrates the associations of all six clusters with repetitive short and 
long sickness absences with AME values and 95% confidence intervals from logistic 
regression models. The reference cluster was the healthy cluster (Cluster 1). 

 

 

Figure 8.  Associations of clusters with repetitive short and long sickness absences in a Finnish 
occupational health cohort from 2011 to 2019 

Average marginal effects (AME) values and 95% confidence intervals of the logistic regression models 
of the outcomes of more than five short (1�²10 days) sickness absences during a 2-year follow-up time 
or one or more long (>�×30 days) sickness absences during a 2-year follow-up 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 was the healthy cluster (Cluster 1, demonstrated by the vertical line) 
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Figures 9�²14 show the 15 most important variables defining membership in each 
cluster. The variables are listed from top to bottom according to their predictive 
strength, with the most influential variable first. In these figures, the upper black 
points indicate patient-specific variable values �D�E�R�Y�H���W�K�H���Y�D�U�L�D�E�O�H�·�V���D�Y�H�U�D�J�H, and the 
lower grey points indicate values below it. The capacity of a variable to predict cluster 
membership is indicated by the magnitude and spread of SHAP values along the x-
axis. The points on the right side of the black vertical line increase the probability, 
and those on the left decrease it. Colored versions of these figures, which might be 
easier to interpret, are available online, open access, in Publication IV�·�V��
supplementary material. 

In the following sections, Clusters 1 and 6, which had the lowest and highest 
incidence of long sickness absences, are more detailed to demonstrate how cluster 
profiles can be portrayed by their defining variables.  

Cluster 1 (Figure 9) had the lowest incidence of long (3.6% of cluster members) and 
repetitive short sickness absences (6.7% of cluster members) and was used as the 
reference cluster. The likelihood of membership in this cluster was higher among 
employees who reported being appreciated for their work, enjoyed their work, 
considered the managerial work fair and equal, and felt they received help and 
encouragement from management when necessary. Cluster membership was also 
more common among employees who reported other positive experiences at work 
and among those who considered themselves suited to the physical and mental 
demands of their jobs. The likelihood of membership in this cluster was diminished 
in recipients with a high DEPS score, indicating an increased probability of 
depression, and in employees who indicated their work ability had deteriorated.  
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Figure 9.  Shapley values (SHAP) for the 15 most important variables predicting membership in 
Cluster 1 (reference cluster) 

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 patient-specific variable values than the �Y�D�U�L�D�E�O�H�·�V��average value, 
and the lower grey points are lower patient-specific variable values than the �Y�D�U�L�D�E�O�H�·�V��average value. 
The capacity of a variable to predict cluster membership is indicated by the magnitude and spread of 
SHAP values along the x-axis. The points on the right side of the black vertical line increase the 
probability, and the points on the left decrease it. 

 

Cluster 6 (Figure 10) had the strongest association of the clusters with long SAs 
(13%). Many of the variables important for defining 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 work, or gave a pessimistic prognosis of work ability in their 
current job two years from completing the questionnaire. They often reported more 
pain and musculoskeletal symptoms and diseases than members of the other clusters, 
whereas their DEPS scores were typically not elevated.  
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Figure 10.  Shapley values (SHAP) for the 15 most important variables predicting membership in 
Cluster 6 (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 patient-specific �Y�D�U�L�D�E�O�H���Y�D�O�X�H�V���W�K�D�Q���W�K�H���Y�D�U�L�D�E�O�H�·�V���D�Y�H�U�D�J�H���Y�D�O�X�H����
and the lower grey points are lower patient-�V�S�H�F�L�I�L�F���Y�D�U�L�D�E�O�H���Y�D�O�X�H�V���W�K�D�Q���W�K�H���Y�D�U�L�D�E�O�H�·�V���D�Y�H�U�D�J�H���Y�D�O�X�H����
The capacity of a variable to predict cluster membership is indicated by the magnitude and spread of 
SHAP values along the x-axis. 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 in Cluster 2 increased with negative answers to 
several questions about managerial performance and psychosocial factors in the 
workplace (Figure 11). The likelihood of membership in this cluster was reduced 
among employees who considered their work ability to have deteriorated. Still, the 
incidence of short sickness absences was especially higher in this group than in the 
reference cluster.  
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Figure 11.  Shapley values (SHAP) for the 15 most important variables predicting membership in 
Cluster 2 (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 patient-specific �Y�D�U�L�D�E�O�H���Y�D�O�X�H�V���W�K�D�Q���W�K�H���Y�D�U�L�D�E�O�H�·�V���D�Y�H�U�D�J�H���Y�D�O�X�H����
and the lower grey points are lower patient-�V�S�H�F�L�I�L�F���Y�D�U�L�D�E�O�H���Y�D�O�X�H�V���W�K�D�Q���W�K�H���Y�D�U�L�D�E�O�H�·�V���D�Y�H�U�D�J�H���Y�D�O�X�H����
The capacity of a variable to predict cluster membership is indicated by the magnitude and spread of 
SHAP values along the x-axis. The points on the right side of the black vertical line increase the 
probability, and the points on the left decrease it. 

 

 

In Cluster 3, the overall score on the DEPS questionnaire was the most important 
variable, with higher scores increasing the probability of cluster membership (Figure 
12). Single depression screening questions were also among the most important 
variables. 
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Figure 12.  Shapley values (SHAP) for the 15 most important variables predicting membership in 
Cluster 3 (mood and depression) 

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 patient-specific �Y�D�U�L�D�E�O�H���Y�D�O�X�H�V���W�K�D�Q���W�K�H���Y�D�U�L�D�E�O�H�·�V���D�Y�H�U�D�J�H���Y�D�O�X�H����
and the lower grey points are lower patient-�V�S�H�F�L�I�L�F���Y�D�U�L�D�E�O�H���Y�D�O�X�H�V���W�K�D�Q���W�K�H���Y�D�U�L�D�E�O�H�·�V���D�Y�H�U�D�J�H���Y�D�O�X�H����
The capacity of a variable to predict cluster membership is indicated by the magnitude and spread of 
SHAP values along the x-axis. 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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The incidence of long sickness absences was elevated in Cluster 4, among whose 
members the incidence of repetitive short sickness absences was like that of the 
reference cluster (Figure 13). The most important variables defining membership in 
this cluster related to cardiovascular risk are hypertension, diagnosed cardiovascular 
disease, older age, and elevated blood glucose and/or cholesterol. The members of 
this cluster were older than the others, with a mean age of 53.05. The cluster with 
the highest incidence of short sickness absences and an increase in long sickness 
absences was Cluster 5 (Figure 14). The most important variable defining 
membership in this cluster was reporting many symptoms, yet no reported diseases 
were among the 15 most important variables predicting cluster membership.  

 

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

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 patient-specific �Y�D�U�L�D�E�O�H���Y�D�O�X�H�V���W�K�D�Q���W�K�H���Y�D�U�L�D�E�O�H�·�V���D�Y�H�U�D�J�H���Y�D�O�X�H����
and the lower grey points are lower patient-�V�S�H�F�L�I�L�F���Y�D�U�L�D�E�O�H���Y�D�O�X�H�V���W�K�D�Q���W�K�H���Y�D�U�L�D�E�O�H�·�V���D�Y�H�U�D�J�H���Y�D�O�X�H����
The capacity of a variable to predict cluster membership is indicated by the magnitude and spread of 
SHAP values along the x-axis. 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 14.  Shapley values (SHAP) for the 15 most important variables predicting membership in 
Cluster 5 (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 patient-specific �Y�D�U�L�D�E�O�H���Y�D�O�X�H�V���W�K�D�Q���W�K�H���Y�D�U�L�D�E�O�H�·�V���D�Y�H�U�D�J�H���Y�D�O�X�H����
and the lower grey points are lower patient-�V�S�H�F�L�I�L�F���Y�D�U�L�D�E�O�H���Y�D�O�X�H�V���W�K�D�Q���W�K�H���Y�D�U�L�D�E�O�H�·�V���D�Y�H�U�D�J�H���Y�D�O�X�H����
The capacity of a variable to predict cluster membership is indicated by the magnitude and spread of 
SHAP values along the x-axis. The points on the right side of the black vertical line increase the 
probability, and the points on the left decrease it. 

 

 

Table 2 presents the descriptive statistics for background variables and their 
distributions across clusters. 
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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 reference, 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. SA Short period: more than five short (1�²10 days) sickness 
absences during two years of follow-up time. SA long period: one or more long (>30 days) sickness 
absences during two years of follow-up time. 
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6 DISCUSSION 

6.1 Main Findings 

This study aimed to use data continuously accumulating in OHS to identify risk 
factors for increased sickness absences and protective factors that diminish sickness 
absence risk. Another goal was to study the association of work-related psychosocial 
risk factors and depressive symptoms with the risk of sickness absence. A third goal 
was to create ML models and test their performance in predicting long sickness 
absences. The final aim was to identify employee clusters using unsupervised ML 
methods and test the association between these clusters and future sickness absence. 
This section summarizes the main findings of the study, divides them into identifying 
risk factors and protective factors for increased sickness absences, and reflects on 
the results in relation to previous studies. 

6.1.1 Identifying the risk for increased sickness absence 
 

All four studies included in this dissertation aimed to increase knowledge of 
identifying sickness absence risk, approaching the theme from different angles and 
using different methods. Certain questions in the DEPS questionnaire and the 
limited possibilities to influence �R�Q�H�·�V work predicted long and repetitive short 
sickness absences (Publication I). Increasing age was associated with the risk of long 
SA and cumulative SA days (Manuscript II). Previous studies have also shown this 
association13,68. The incidence of repetitive short SA was larger in younger than older 
age groups (Publication II) . Data on the association between age and short SA are 
scarce, but among Finnish municipal employees from 2002 to 2013, short (1�²3 days) 
and intermediate (4�²14 days) sickness absences were more common among younger 
than older employees167.   

In the third publication (III) , a submodel-based approach was used to construct 
prediction tools using ML methods, resulting in several submodels and an ensemble 
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model for predicting long SA. van Hoffen et al���·�V�����������������V�W�X�G�\ had a similar approach, 
with occupational health surveys comprising a variety of themes from 53,833 
workers33. Their analyses were based solely on the survey data and focused on 
sickness absences caused by mental health diagnoses in the following year as an 
outcome. Compared with the questionnaire data in this study, their survey included 
a broader set of sociodemographic variables. Questions on psychosocial working 
conditions and distress were derived from the four-dimensional symptom 
questionnaire (4DSQ) that predicts mental LTSA risk168. In their study, they used 
the distress scale of the 4DSQ, which comprises themes also included in the data of 
this thesis. They performed logistic regression analysis and a decision 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. The ensemble model presented in this thesis was slightly superior to their results 
in predicting sickness absences exceeding 30 days in a two-year follow-up, with an 
AUROC of 0.79. Apparently, the data on sickness absences and previous visits to 
OHS used in this study improved the predictive performance enough to compensate 
for the relative lack of data on demographics.  

A recent systematic review assessed work-related psychosocial risks and protective 
factors influencing workplace sickness absence. Bullying and violence at work, poor 
development opportunities, and poor leadership quality were strongly linked to SA; 
a lack of social support was among the variables that demonstrated moderate 
evidence.87 The studies in this thesis also demonstrated a higher incidence of 
repetitive short and long SA among employees with poor development opportunities 
or who had witnessed bullying or harassment at the workplace. Facing a threat of 
violence at work also slightly increased the incidence of long and repetitive short SA. 
In the questionnaire data in this study, bullying was asked as a phenomenon of the 
workplace in general, using the phrase, �´�,���K�D�Y�H���Q�R�W���Z�L�W�Q�H�V�V�H�G���E�X�O�O�\�L�Q�J���R�U���K�D�U�D�V�V�P�H�Q�W��
at my workplace�µ����without defining whether the recipient had been subject to 
bullying or had witnessed it as a bystander. Other studies on the association between 
bullying and SA seem to predominantly focus on bullying as a subjective experience 
of the respondent87,169,170, although increased long-term SA has also been 
demonstrated among non-bullied coworkers at working units where bullying has 
been reported171. Similarly, in this study, the question regarding violence at the 
workplace was phrased as whether the recipient faced a threat of violence at work 
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instead of having been subjected to violence. These differences in addressing the 
questions on bullying and violence will 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 absence risk 

 
Older age was a protective factor against long SA periods and cumulative SA days 

when employees were exposed to poor managerial support, low staff cohesion, and 
workplace bullying. I have not come across a similar study setting. In a study on 
psychological distress and sickness absence among Finnish municipal workers, 
Halonen et al. found that experiencing psychological distress may increase sickness 
absences more among employees aged >45 than younger employees172. In their 
�V�W�X�G�\�����W�K�H���O�H�Y�H�O���R�I���S�V�\�F�K�R�O�R�J�L�F�D�O���G�L�V�W�U�H�V�V���Z�D�V���G�H�W�H�U�P�L�Q�H�G���E�\���W�K�H���U�H�V�S�R�Q�G�H�Q�W�·�V���U�D�W�L�Q�J��
of experiencing 12 symptoms of distress from the General Health Questionnaire 
(GHQ-12). Initially, this might seem somewhat contradictory to the results 
presented in this thesis. However, several causes could provoke distress symptoms, 
only part of which are work-related. In a study setting where data on GHQ-12, 
managerial support, and workplace atmosphere-related questions would be available, 
distress symptoms could mediate the relationship between the work-related variables 
and long SA, leading to greater distress symptoms among younger than older 
employees. Ervasti et al.�·�V���V�W�X�G�\���R�I���)�L�Q�Q�L�V�K���S�X�E�O�L�F���V�H�F�W�R�U���H�P�S�O�R�\�H�H�V demonstrated 
variation in predictors of work disability depending on age and diagnosis group67. 
They analyzed three job demand and nine job control items and found the 
association between low job control and all-cause work disability to be stronger in 
older age groups, with a 1.20-fold risk of work disability among middle-aged (35�²50 
years) and 1.27-fold among aging employees (>50 years) when compared to the 
youngest age group (19�²34 years). Based on the results in Study II of this thesis, 
older age employees seem more resilient to experiences of poor managerial support, 
low staff cohesion, and workplace bullying, which may protect them against SAs 
associated with these variables but not against SAs associated with a lack of support 
from workplace management.  

In the cluster analysis (IV), Cluster 1 had the smallest incidence of repetitive short 
and long SA. Therefore, features defining membership in this cluster can be 
considered protective factors against SA. These included several work-related 
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variables: the experience of having their work appreciated, of enjoying their job, of 
experiencing fair and equal managerial work, and of being provided with the 
necessary help and encouragement from management. Having versatility and 
possibilities for self-reformation in their job, experiencing a good spirit at the 
workplace, and reliability in continuing their employment were all factors that 
increased membership in this group, as well as experiencing the mental workload 
and physical demands of their job as �V�X�L�W�D�E�O�H���I�R�U���W�K�H���U�H�F�L�S�L�H�Q�W�·�V���S�H�U�V�R�Q�D�O���U�H�V�R�X�U�F�H�V 
(Study IV). �.�D�U�D�V�H�N�·�V�� �-�R�E�� �&�R�Q�W�H�Q�W�� �4�X�H�V�W�L�R�Q�Q�D�L�U�H also includes several of these 
factors79. Karasek (1979) already associated the combination of restricted decision 
authority and heavy job demands with mental strain and job dissatisfaction, and later 
with a delayed return to work of sick-listed employees173. Since then, several studies 
of the different combinations of decision authority and job demands, known as the 
demand-control model, have been conducted. 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 psychological demands174. 
Focusing on improving these factors in organizations could prevent occupational 
stress and work disability. A recent Danish article used clustering methods on 
questionnaire data from a general working population, focusing on psychosocial risk 
factors. They found that favorable scores on several psychosocial questions 
seemingly outweighed negative values on one or two components, and SA risk was 
not higher in such clusters than in the cluster with no reported adverse psychosocial 
factors. Their results demonstrated that favorable psychosocial working conditions 
were a protective factor against long SA, aligning with the findings in this thesis.138 

6.2 Practical implications 

The data in this study were quite unique in combining SA data beginning on the first 
day of absence with data on visits in OHS and a questionnaire covering a broad 
spectrum of health habits, diseases, and work-related themes. Despite the useful data 
this 11-page questionnaire provided, it was time-consuming to complete; thus, a new 
questionnaire in Finla replaced it in 2020. The questionnaire currently used 
comprises a more concise set of basic questions, with modules on other themes 
added as needed, depending on the screening. Reducing the number of questions 
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would yield a screening tool suitable for more frequent use, resulting in earlier 
detection of increased work disability risk.  

To achieve a more concise questionnaire, as much data as possible should be 
extracted from medical records, where data on age and sex are generally available 
and current. In Finland, data on healthcare contacts in the public and private sectors, 
including occupational health care, are stored in Kanta, a national database. With the 
rapid improvement of language models, data in the Kanta database could also be 
used as a reliable source of health data for identifying work disability risk factors 
from free-text documentation. This would improve screening for work disability 
risk, especially among employees in companies that provide only mandatory 
occupational health measures and whose health data are often limited in OHS 
medical records. Large language models could also be applied to other data recorded 
in free text form. Had these models been available during th�L�V���V�W�X�G�\�·�V planning phase, 
it might have been possible to use some potentially interesting open-text sections of 
the questionnaire that could not be converted to numerical data, which had to be 
excluded from analyses. 

In addition to Kanta, data from occupational healthcare visits have also been 
recorded in a database called Avohilmo since 2020, which was previously used only 
in the public healthcare sector. Avohilmo data includes the numbers and causes of 
healthcare visits, along with data on diagnoses and medical procedures associated 
with each visit. In addition to OHS visits, Avohilmo also collects diagnosis-specific 
data on sickness absences and preventive occupational health procedures. During 
occupational health visits, OHS professionals can record their estimates of the work-
relatedness of the diagnosis, the necessity of work ability support measures, and 
planned procedures in OHS. These might include occupational rehabilitation, 
recommendations for the workplace, or several others described in Section 2.2.2. 
Once recording these assessments becomes more consistent among different OH 
service providers, it should provide useful data for identifying work disability risk.  

Ideally, medical records in OHS should be able to update work-related data derived 
�I�U�R�P���F�R�P�S�D�Q�L�H�V�·���U�H�J�L�V�W�H�U�V�����,�Q���W�K�L�V���Z�D�\����the employer could record data on working 
class (blue-collar, white-collar, managerial) and irregular working hours in a 
structured form and keep it reliably updated. Data on excessive working hours or 
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suboptimal work shift rotation, which also increase the risk of work disability 175,176, 
could be similarly collected and incorporated into analyses.  

When the availability of different data sources is limited, the findings of this study 
on different submodels and their ability to predict future sickness absence can be 
useful to model developers. Although the characteristics of employee clusters 
identified in this study must be applied with caution to other employee groups, 
clustering with unsupervised ML methods showed potential to identify different 
combinations of risk factors within a given population.  

The question of constructing an optimal screening questionnaire, concise enough 
for repeated use in predicting SA, cannot be answered in a single thesis. However, 
some observations from this study�·�V results can be considered possibilities towards 
this goal. 

The first publication (I) demonstrated that single questions of the DEPS 
questionnaire can be used to predict long and repetitive short sickness absences. One 
possibility for constructing a shorter questionnaire would be to restrict the DEPS 
questions to those that best predict SA. However, tampering with this validated 
screening tool for depression cannot be recommended, as depression is a relevant 
�F�D�X�V�H���R�I���Z�R�U�N���G�L�V�D�E�L�O�L�W�\�����,�Q�V�W�H�D�G�����D�P�R�Q�J���W�K�H���S�V�\�F�K�R�V�R�F�L�D�O���T�X�H�V�W�L�R�Q�V�����W�K�H���T�X�H�V�W�L�R�Q���´�,��
can influence the contents, pace, and hours in my �M�R�E�µ���S�H�U�I�R�U�P�H�G���E�H�V�W��at predicting 
repetitive short sickness absences, with an AME of 0.079 (95% CI: 0.065�²0.093), 
and outperformed the 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 where short, repetitive 
sickness absences are common, developing policies that �L�Q�F�U�H�D�V�H�� �H�P�S�O�R�\�H�H�V�·��
opportunities to 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 could help the employee continue 
working while considering the possible need for sick leave.  

Several questions of the Work Ability Index (WAI), described in more detail in 
Section 2.4.1, were included in the screening questionnaire of the data in this study. 
Some questions are identical in the two questionnaires, and nearly all the questions 
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from the WAI were included in some form. Table 3 presents an overview of the 
similarities and differences between the questionnaires. �$�Q���H�P�S�O�R�\�H�H�·�V���D�V�V�H�V�V�P�H�Q�W��
of their work ability, comparing their current work ability with their lifetime best on 
a scale of 1�²10, was an important variable in the submodel-based study of ML 
models (Study III ). This question, also known as the WAS, is an item of the WAI. It 
has been a strong predictor of future work disability52,128 and would certainly be 
useful in a shorter screening questionnaire.  

The questionnaire data included the question, � D́o you believe that, from your health 
perspective, you will be able to do your current job 2 years from now?�µ. This is also 
derived from the WAI���� �$�Q�V�Z�H�U�L�Q�J�� �´�X�Q�O�L�N�H�O�\�µ�� �R�U�� �´un�F�H�U�W�D�L�Q�µ�� �W�R�� �W�K�L�V�� �T�X�H�V�W�L�R�Q��
increases the risk of long sickness absence and disability pension.177,178 Although this 
question had predictive value in the �0�/�� �V�X�E�P�R�G�H�O�� �´�:�R�U�N�� �D�E�L�O�L�W�\�� �T�X�H�V�W�L�R�Q�V�µ, five 
other work ability-related questions, including the WAS, performed clearly better in 
predicting long SA. Answering �´�G�L�V�D�J�U�H�H�µ��or �´�S�D�U�W�L�D�O�O�\�� �G�L�V�D�J�U�H�H�µ to the question, 
�´�W�K�H�� �S�K�\�V�L�F�D�O�� �G�H�P�D�Q�G�V�� �R�I�� �P�\�� �M�R�E�� �D�U�H�� �V�X�L�W�D�E�O�H�� �I�R�U�� �P�H�µ, was the variable with the 
highest Shapley values of the work ability questions submodel in this study.  
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Table 3.  Comparison between the WAI and the questionnaire data used in 
this study  

 
Work ability index Finla questionnaire 

Is your work psychologically demanding/physically 
demanding/physically and psychologically 
demanding (no rating, utilized in rating the question 
on work ability in relation to demands) 

Unavailable (job description as an open-ended 
question in the questionnaire) 

Current work ability compared to highest work ability 
ever (1�±10) 

Identical  
Additionally: Self-rated change in work ability: has 
worsened/improved/no change 
 

Work ability in relation to demands: How do you rate 
your current work ability regarding the a) physical 
demands and b) mental demands of your work (very 
poor 1 �± very good 5) 

a) The physical demands of my job are proportional 
with my capabilities agree/partially agree/partially 
disagree/disagree 
b) unavailable 
 

Current diseases: checklist of 14 disease or injury 
groups with options yes, own opinion/ yes, 
�S�K�\�V�L�F�L�D�Q�¶�V���G�L�D�J�Q�R�V�L�V���Q�R 

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

Estimated work impairment due to illness or injury: 
No hindrance or no diseases/ my job causes some 
symptoms/ I must sometimes slow down my work 
pace or change work methods/ Because of my 
condition, I feel I can do only part time work/ I believe 
I am entirely unable to work 

Does your illness/symptom hinder your coping at work? 
yes/no 
Do problems of sleep, alertness, stress, or mood 
hinder coping at work (yes/no) 
How would you describe your recovery from work in 
general? good/varying/deteriorating/bad 
 

Illness within last year: During the last 12 months, 
how many whole days have you been off work 
because of illness? 

Available in questionnaire data but was not used in the 
analyses, as the data in the medical records was 
considered more reliable 

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

Identical 

Mental capacities: Considering the last three months, 
have you a) been able to enjoy yourself, b) been 
active and alert, c) felt yourself to be full of hope 
about the future? (Often 4 �± Never 0) 

The DEPS questionnaire includes all these questions, 
although they are differently 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 
absences are often available only as self-reported estimates, as register data generally 
begin only from the onset of compensation of sickness absence costs from public 
funding. In �W�K�L�V���V�W�X�G�\�·�V���G�D�W�D, sickness absence days were available from the first day, 
whether authorized by the employer, a nurse, or a physician; this is a strength of this 
study. Also, data on sickness absence periods certified elsewhere (public health, 
private clinics, etc.) were transferred by the employer to the electronic health record. 
This provides the OHS team (physician, nurse, psychologist, physiotherapist, and 
social worker) nominated for each company a more comprehensive overview of the 
risks of long-term work disability �² both at a company and patient level �² and a 
possibility of targeted interventions. Especially large companies have transferred 
these data systematically through the 2000s. A larger reimbursement of occupational 
health costs (up to 60% of preventive measures) was launched at the beginning of 
2011 and applied until the end of 2019 for companies with an early intervention 
program for work disability management in cooperation with their OHS provider. 
These intervention models, at least in customer companies of Finla, included 
transferring �W�K�H���F�R�P�S�D�Q�\�·�V���V�L�F�N�Q�H�V�V���D�E�V�H�Q�F�H���G�D�W�D���W�R��its OHS provider; only very few 
smaller companies did not follow this protocol. As the sickness absence data are not 
�G�H�U�L�Y�H�G���V�W�U�D�L�J�K�W���I�U�R�P���W�K�H���H�P�S�O�R�\�H�U�V�·���U�H�J�L�V�W�Hrs but are transferred from there to the 
OHS database, missing data is still a risk, as the reliability of data transfer could vary 
between different companies. However, companies that have agreed on a health 
surveillance program with their OHS providers, either as a voluntary or mandatory 
measure, may have regular contact with their OHS team, which can be expected to 
streamline work ability support models. Therefore, the sickness absence data can be 
estimated to provide relatively comprehensive data on the sickness absences of the 
study participants. 

In this �V�W�X�G�\�����W�K�H���K�H�D�O�W�K���T�X�H�V�W�L�R�Q�Q�D�L�U�H�V���Z�H�U�H���O�L�Q�N�H�G���W�R���W�K�H���H�P�S�O�R�\�H�U�·�V���K�H�D�O�W�K���F�K�H�F�N-
up regime, comprising pre-employment 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, without 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 might 
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 medical consultation and treatment.  

A large share of health check-ups are mandatory and organized due to work-related 
risk factors, resulting in very high response rates in companies with occupational 
hazards, whereas voluntary screening is expected to yield a lower response rate. 
Regrettably, we had no access to response rates or ways to address the differences 
between responders and non-responders �² a limitation of this study.  

In two publications, 647 employees with a recent initial health check were excluded, 
but in the other two (II and IV), sickness absences before completing the 
questionnaire were not utilized; therefore, these employees were included. Some may 
have been on a trial period at the time of completing the questionnaire and may have 
been more inclined to present a more optimistic view of their health to secure their 
employment contracts.  

As a limitation of the study, assessing the working status of the study population 
during follow-up was impossible. Some SAs during the follow-up period after the 
health survey might be absent from the data due to leaving the initial employment 
for various reasons (e.g., changing employers, unemployment, early retirement, or 
maternal leave).  

6.4 Ethical considerations 

As the Methods section describes, individual participants could not be identified in 
this register-based study; therefore, ethics approval was not required. 

Besides focusing on the study presented in this dissertation, the ethical implications 
of these results should also be considered. It is controversial whether ML-based 
decision-making tools and risk profiles used to target interventions for individual 
employees could cause harm. Like any screening method, all work disability cases 
cannot be identified, no matter how well the tool is constructed. Would using a 
�V�F�U�H�H�Q�L�Q�J���W�R�R�O���F�D�X�V�H���W�K�H���´�I�D�O�V�H���Q�H�J�D�W�L�Y�H�µ���H�P�S�O�R�\�H�H�V�����Z�K�R���W�K�H���W�R�R�O���G�R�H�V���Q�R�W���L�G�H�Q�W�L�I�\��
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and who still end up with relevant work disability, to miss out on interventions they 
might have otherwise accessed and benefited from? To avoid such situations, OHS 
professionals must be provided with data on the specificity and sensitivity of the tool 
used to avoid unrealistic expectations about its reliability. The possibility of false 
positive screening results must also be considered. If a screening tool incorrectly 
identifies an employee as being at risk of work disability, it could lead to unnecessary 
health care costs and cause distress for the individual. Whatever the screening 
method, its use does not exclude the methods previously used to identify employees 
at risk of work disability; rather, it is presented as a new possibility to be used 
alongside others. Dijkstra et al. (2020) published an interesting article on the ethical 
considerations of ML-based decision support in OHS, stating that researchers and 
OHS professionals must take responsibility to avoid discrimination against 
individuals based on decision support technologies. Also, when screening tools are 
created, their impact and potential adverse effects must be considered from multiple 
viewpoints across disciplines to achieve a socially responsible outcome.179 

Freedom of choice must remain, including whether the employee is willing to 
participate in an intervention offered based on a screening tool. As always in 
healthcare settings, the individual�·�V�� �S�U�L�Y�D�F�\ must be secured. Company-level data 
must be presented in a way that does not compromise the employees�·���D�Q�R�Q�\�P�L�W�\, 
whether generated using an AI-based tool or any other method.  

 
European legislation, most notably the General Data Protection Regulation 

(GDPR) and the AI Act, aims to address the ethical challenges outlined above. 
Under Article 9 of the GDPR, the processing of personal health data is strictly 
limited, and Article 22 constrains profiling of individuals and decisions made solely 
through automated processing. Consequently, data collected in an OHS context may 
be used to predict SA only if the employee has provided explicit and informed 
consent for this specific purpose. Moreover, the results of screening should serve 
�V�R�O�H�O�\���D�V���V�X�S�S�R�U�W���I�R�U���D�Q���2�+�6���S�U�R�I�H�V�V�L�R�Q�D�O�·�V��decision-making, rather than as a basis 
for automated decisions. Under the AI act, AI systems that utilize health data are 
classified as high-risk systems, which are subject to several additional requirements, 
particularly regarding documentation and risk mitigation. 180,181 Finnish legislation, 
particularly the Data Protection Act and the Act on the Processing of Social and 
Health Care Client Data, both implements and complements EU-level 
regulation182,183. Patient information may only be used for legally defined healthcare 
purposes, unless additional permissions are obtained.  
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Despite the risks presented before, occupational health professionals and researchers 
must remain open to AI-based methods. As Baltassare et al. stated in their recent 
article, the discipline of occupational medicine must remain open-minded and 
embrace current AI methods in the scientific landscape.184 Clear ethical and 
governing practices must be set to secure safe and responsible integration of new 
innovations into the clinical practice of OHS. 
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7 CONCLUSIONS 

This study used real-world data collected in everyday OHS settings. It combined SA 
data beginning on the first day of absence with data on visits in OHS and a 
questionnaire covering a broad spectrum of health variables and work-related 
themes. The objective was to apply modern data analysis methods to this extensive 
dataset to explore new ways to identify patients at elevated 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 SA. Two studies focused on work-related psychosocial risk 
factors and either managerial performance or single questions of a depression 
screening questionnaire (Studies I and II). When constructing prediction models for 
SA, the sub-model approach facilitated the identification of the predictive potential 
of different data sources and the included variables (Study III). The employee 
clusters identified in Study IV had different SA profiles. Therefore, the most 
important variables defining cluster membership are risk factors or protective factors 
of SA of different lengths, depending on the cluster (Study IV). Older age was also 
identified as a protective factor against SA associated with certain deficiencies in 
managerial performance and the workplace atmosphere (Study II).  

Objective 2: Studying the association of work-related psychosocial risk factors 
and depressive symptoms with the risk of sickness absence 

The psychosocial conditions and managerial performance at the workplace affect 
�H�P�S�O�R�\�H�H�V�·���U�L�V�N���R�I���6�$�����E�X�W���R�O�G�H�U���D�J�H���V�H�H�P�V���W�R���E�H���D���S�U�R�W�H�F�W�L�Y�H���I�D�F�W�R�U���D�J�D�L�Q�V�W���6�$���I�R�U��
some adversities. Among psychosocial factors, limited decision authority was the 
strongest predictor of repetitive short SAs. Among the depression screening 
questions from the DEPS questionnaire, feeling hopeless about the future was the 
strongest predictor of repetitive short and long SAs. (Studies I and II) 
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Objective 3: Creating machine learning (ML) models and testing their 
performance in predicting long SA 

The combination of diverse data sources provided sufficient data for ML methods, 
resulting in a model that performed well at predicting long sickness absences. 
Previous diagnoses, service use, and 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 significantly increased its predictive accuracy. 
Dividing data from different themes and sources into separate categories, which 
were then analyzed as submodels, helped identify the most important risk factors in 
each submodel and demonstrated the value of different data sources in ML models 
to predict SAs. This is useful for future model developers, as the availability of 
variable groups varies across settings (Study III). 

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

Six clinically relevant employee clusters with unique combinations of characteristics 
and risk factors were identified using unsupervised ML methods. These clusters also 
differed in the incidence of repetitive short and long SA. Membership in the cluster 
with the highest incidence of long SA was most likely among employees who 
experienced deterioration of their work ability and considered their diseases to 
hinder coping at work. The incidence of musculoskeletal disease among members of 
this cluster was sixfold compared to the reference cluster. Identifying employee 
clusters in different OH settings can help professionals plan targeted interventions 
tailored to �H�D�F�K���F�O�X�V�W�H�U�·�V��specific needs (Study IV). 

This study demonstrated several ways to use data collected in OHS through visits 
and screening questionnaires to predict future sickness absences. The rapid evolution 
of AI methods and increased ability to gather information from Kanta and Avohilmo 
set the stage for intriguing research opportunities going forward, within the 
regulatory boundaries 
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ABSTRACT
Objective  To identify and explore variable groups and 
individual predictors of long sickness absences outside of 
well-known predictors such as service use and previous 
sickness absence using machine learning, explainable 
arti�cial intelligence methods and a submodel approach.
Design  Retrospective study of prospectively collected 
registry data on sickness absences and a questionnaire 
used in health examinations.
Setting  Electronic medical record data of one large 
occupational health service provider in Finland.
Participants  11 533 employees of various occupations 
who, between 2011 and 2019, had at least once 
completed a health questionnaire that could be linked to 
service usage data and who had not had their initial health 
check within 1 year before or 3 months after completing 
the questionnaire.
Primary outcome measures  To identify predictors of at 
least one long sickness absence period (�30 days) during 
a 2-year follow-up.
Results  The highest area under the receiver operating 
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 
submodels of sociodemographic factors, health habits or 
diseases data category ranged from 0.55 to 0.67 and from 
0.55 to 0.67 for the submodels of questionnaire data. The 
AUROC value of the ensemble model that combined all 
submodels was 0.79 (95% CI 0.788 to 0.794).
The most important factors predicting long sickness 
absences based on the submodels were reported pain, 
number of symptoms and diseases, body mass index and 
short sleep duration. Additionally, several work and mental 
health-related variables increased the risk of long sickness 
absence.
Conclusions  Other variables besides service use and 
sickness absence increase the accuracy in predicting long 
sickness absence and providing information for planning 
interventions that could have a bene�cial impact on work 
disability risk.

INTRODUCTION
Long sickness absences (SA) have been 
recognised as risk indicators of permanent 
work disability, mortality and morbidity. 1 
Work disability also causes disturbances in the 
workflow and productivity of the workplace, 

besides the financial, social and health prob-
lems for the individual, and it has a signifi-
cant economic impact on the social security 
system. The prevention of work disability has 
been recognised as an important objective 
across OECD countries in view of the ageing 
of the working population and the aim of 
prolonging working careers.2

Interventions in occupational health 
services that target patients on sick leave can 
promote return to work, as numerous studies 
have shown.3 Earlier interventions by occu-
pational health services before the onset of 
work disability can also reduce SA rates and 
health-related retirement. 4 It is crucial that 
occupational health professionals are able 
to recognise patients at risk of recurrent or 
long SA and disability pensions as early as 
possible. Occupational health intervention 
programmes can be both cost-saving and 
more effective than the usual occupational 
healthcare when targeted at selected high-
risk employees.5

STRENGTHS AND LIMITATIONS OF THIS STUDY
	� The study was conducted on a large, real-world 
dataset comprising employees from various 
industries.

	� The dataset contained a rich and diverse set of 
categories such as service use and questions on 
health-related topics, such as eating habits, exer-
cise habits, diseases and symptoms and on work-
related themes, such as physical and psychosocial 
risk factors.

	� Sickness absence (SA) data were available from the 
�rst day of absence.

	� The machine learning submodels were trained for 
different categories to estimate the prediction ac-
curacy of the submodels and discover the most pre-
dictive variables outside the well-known predictors 
of long SA.

	� A limitation was that the study was performed on 
the data from only one occupational health service 
provider in Finland.
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The capabilities of data analysis methods for risk assess-
ment have evolved with the constant improvement of 
artificial intelligence (AI) 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.6–8 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 AI (XAI) methods. Age, 
sex, previous SA, service use and self-rated health have 
been shown to be strong predictors for identifying indi -
viduals at increased risk of work disability.9–15 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 XAI methods, such as Shapley values 
(SHAP), partial dependence plots (PDPs) and surrogate 
models,16–18 to assess the predictive capability of variable 
groups from different data categories and individual vari-
ables outside the well-known 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 self-rated 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 registry study. We had 
access to the database of one occupational health service 

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 18 840 questionnaires could be linked to service 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 3 months after the questionnaire was 
completed were excluded (N=647) to ensure availability 
of data on previous service use. The COVID-19 pandemic 
would have affected SA during the follow-up 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=14 514. 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 
questionnaire 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 work-related 
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 2-year 
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, short-term SAs were 
defined as more than five short (1–10 days) 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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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 k-nearest 

neighbour approach.19 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 k-fold cross validation method (k=10).20 
The gradient boosting (XGBoost) algorithm 18 was used as 
a base learner for the submodels. Two general models ‍�G�B�M�M‍ 
and ‍�G�F�O�T‍ were developed for predicting long SA in addition 
to the 12 submodels. The general models were trained to 
act as a reference, representing the performance when all 
available variables are included in the modelling process. 
The model ‍�G�B�M�M‍was trained by using variables from all data 
categories. The input variables of model ‍�G�F�O�T‍ (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 analysis16–18 was performed separately for each 
submodel. First, the input variables of each submodel 
were ranked based on the absolute Shapley values. The 

Figure 1   Data �ow of machine lear ning (ML) model training and evaluating pipeline in an occupational health cohort in 2011–
2019.
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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% CIs were 
derived by non-parametric bootstrap (1000 samples). 
For performance metrics of training data, 95% CIs were 
derived from the samples of k-fold cross-validation. 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 11 533 patients and 14 514 separate 
questionnaires. 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 blue-collar position. Further-
more, 23.5% of them did shift work and 6.0% did night 
work. The most common self-reported 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 11 533 10 819 714

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/m2), 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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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 

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 Measurements Health habits Diseases 
and 
symptoms

AUROC 0.663 0.616 0.553 0.562 0.671

Sensitivity 0.659 0.735 0.456 0.597 0.668

Speci�city 0.622 0.426 0.622 0.480 0.617

PPV 0.099 0.075 0.070 0.067 0.099

NPV 0.967 0.962 0.948 0.950 0.967

F1 score 0.172 0.135 0.122 0.121 0.172

AUPRC 0.137 0.091 0.071 0.083 0.128

Working conditions and mental health

Model Depression questions Psychosocial 
questions

Work ability questions Managerial 
performance 
and workplace 
atmosphere

AUROC 0.598 0.626 0.668 0.554

Sensitivity 0.491 0.646 0.566 0.473

Speci�city 0.650 0.564 0.693 0.628

PPV 0.081 0.085 0.104 0.074

NPV 0.953 0.962 0.962 0.950

F1 score 0.139 0.151 0.176 0.128

AUPRC 0.097 0.101 0.134 0.073

Service usage (reference) Full model

Model Service use 
diagnoses

Service use Sickness absences All variables Ensemble

AUROC 0.709 0.738 0.677 0.766 0.790

Sensitivity 0.681 0.597 0.429 0.549 0.650

Speci�city 0.650 0.732 0.840 0.812 0.759

PPV 0.109 0.123 0.145 0.155 0.145

NPV 0.970 0.967 0.959 0.966 0.972

F1 score 0.188 0.204 0.217 0.242 0.237

AUPRC 0.169 0.178 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.
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curves for the models. Online supplemental table S3 
presents the training data’s performance values. Online 
supplemental figures S4-S7 present 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 follow-up between 
patients who were predicted to be at a low or high risk of 

a long SA period. Online supplemental figures S10-S18 
present the models’ XAI 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 

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.
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chosen automatically by balancing sensitivity and speci-
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 1-year 
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 

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.
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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, 
such as age, sex, service use and previous SA days, we 
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 0.79.13 21–26 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.13 27 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.28–31

The analysis of the submodels indicated that among 
the work-related factors, the risk of long SA was partic-
ularly associated with non-regular 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 non-regular 
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 ( �d3 consecutive night shifts, shift 
intervals of �t11 hours, �d9 hours shift duration) would 
benefit the welfare of the whole working community 
by reducing the risk of injuries, SA and possibly breast 
cancer.32–34 Therefore, changes to working time solutions 
should be encouraged by occupational health profes-
sionals if a suboptimal shift work pattern is identified as 

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 self-reformation, 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 
only be improved by measures taken at the workplace. 
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.35

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 well-known.36 The risk of long SA in our 
study increased already at a BMI threshold of 27 kg/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, 30–35, >35).37

Interventions focusing on promoting healthy lifestyles 
are often initiated at primary healthcare visits and can 
have a major impact on health parameters.38 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.39–41 Improving health habits such as diet and 
exercise can also reduce the risk of musculoskeletal disor-
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 real-world 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 (XAI 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 service 
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utilisation and prior SA, but also other categories of vari-
ables, some of which may also be modifiable, unlike the 
strong predictors. Furthermore, the submodel-based 
approach measured the performance 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 XAI 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’ well-being and 
the productivity of companies and society as a whole.
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Abstract
Purpose  Using 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 these 
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 in 
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 with long (> 30�days) 
and repetitive short (1–10�days) sickness absence (SA) episodes.
Results  Employees 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 highest 
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.
Conclusion  Unsupervised 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.

Keywords  Work disability�· Screening�· Occupational health�· Unsupervised learning�· Employee characteristics

Introduction

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 [1].

Common mental and behavioral disorders have become 
the most important diagnosis group of work disability in 
Finland in recent years, causing 35.7% of reimbursed sick-
ness absence (SA) days in 2022. Musculoskeletal diseases, 
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which were the most common cause of SAs up to 2020, 
caused 25.2% of reimbursed SA days in 2022 [2].

The SA risk has been shown to increase in accordance 
with certain lifestyle factors such as low physical activity, 
smoking, and heavy episodic drinking [3]. Simultaneous 
exposure to multiple lifestyle risk factors has been shown 
to further increase risk of sick leave and reduce work ability 
[4, 5]. Psychosocial work factors such as low job control and 
low worktime control, in addition to several somatic reasons, 
have also shown association with increased SAs [6].

The coexistence of di�erent work disability risk fac-
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 the 
data in a data-driven way without pre-established hypoth-
eses [7]. For example, multivariate modeling, commonly 
used in many analyses, is based on a pre-de�ned hypothesis 
about the relationship between independent variables and 
the dependent variable, and the model tests the signi�cance 
of this relationship. In contrast, cluster analysis allows for 
new discoveries and visualization of previously unknown 
structures, especially when the data are su�ciently large 
and comprehensive.

Latent class analysis was used in a study using data from 
Finland, France and the United Kingdom to identify sub-
groups of diabetic employees with di�erent work disability 
outcomes. The study found approximately half of the dia-
betic employees belonged to a subgroup with a clustering 
of simultaneous and a high prevalence chronic somatic dis-
eases, psychological symptoms, obesity, physical inactivity 
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�le [8].

Cluster analysis was utilized in a recent Danish study to 
examine joint associations between di�erent combinations 
of psychosocial risk factors with long-term SAs as the out-
come [9]. They found that a poor score on several psychoso-
cial work factors increased the risk of a long-term SA, while 
the potential adverse e�ects of scoring poor on one or two 
factors could be outweighed by favorable scores on several 
other psychosocial factors.

The use of data clustering methods is still limited in 
studies on occupational health and work disability. Our 
�rst goal in this study was to identify groups of similar 
employees from a heterogeneous group based on char-
acteristics and risk factors using unsupervised machine 
learning methods on extensive survey data. Using unsuper-
vised methods, we discovered employee groups from data 
without pre-de�ned labels or correct answers. In addition, 
we applied supervised machine learning methods and clus-
ter membership information for exploring the character-
istics of the clusters in more detail. Second, we analyzed 

how the groups are associated with long and short SA 
periods. We hypothesized that a data-driven approach 
would lead to distinct and clinically relevant employee 
pro�les that are associated with long or short SA periods 
or both. Previously unidenti�ed employee pro�les, that 
depict typical combinations of risk factors and character-
istics, could provide valuable information for occupational 
health professionals in planning appropriate personalized 
interventions targeted at the speci�c properties of each 
cluster. This could help to focus the limited resources of 
occupational health more e�ciently.

Methods

Study Design and�Settings

We had access to the electronic medical records of one large 
occupational healthcare provider (Finla). The study design 
was a retrospective analysis of prospectively collected data 
on SAs, diagnoses and contacts with occupational health 
professionals and questionnaires used in periodic health 
examinations. The health questionnaire included a wide vari-
ety of questions regarding health habits, working conditions, 
previous illnesses and symptoms, and questionnaires for 
screening depression and cardiovascular risk, among others.

The research plan was approved by the Finnish data 
authority Findata (THL/1850/14.02.00/2022). Ethics 
approval is not required in Finland for retrospective registry 
studies with pseudonymized data such as ours.

Study Population

The study’s participants were employees of various compa-
nies who were entitled to occupational health services pro-
vided by Finla between 2009 and 2021 and who completed 
the screening questionnaire between 2011 and 2019. Even 
though many of the participants also visited occupational 
health as patients, screening was targeted at employees 
regardless of their current health. Therefore, we shall use 
the term employee throughout this study.

We included the �rst response of employees who had 
completed the questionnaire more than once from the origi-
nal 22,919 questionnaires. We excluded questionnaires that 
could not be matched to the service use register, lacked a 
registered response time or had been completed later than 
2 years before the beginning of COVID-19 restrictions, 
because the pandemic would have in�uenced SAs during the 
follow-up time. We landed at the �nal sample size of 12,099 
employees after these adjustments. The online resource 
material (Figure�S1) presents the study �ow.
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Statistical Methods

This study’s main aim was to identify di�erent subgroups 
of employees based on factors of demography, job descrip-
tion, health habits, diseases and symptoms, depressive 
symptoms, psychosocial factors, work ability, and supervi-
sor performance and workplace atmosphere. In the �rst step, 
we de�ned the latent dimensions for the employee charac-
teristics by principal component analysis (PCA) [10], whose 
purpose was to reduce the number of variables. In the second 
step, we calculated the clusters from datapoints expressed 
by the latent dimensions using the K-means algorithm [11]. 
The PCA was applied for polychoric correlation matrices 
instead of Pearson linear correlations. Pearson linear cor-
relation assumes continuous and normal variables. The 
questionnaire data are mainly binary and ordinal category 
variables. Polychoric correlations can be calculated without 
the assumption of normal data [12].

The PCA was performed using all variables (Online 
Resource Table�S1 and the chapter “Collected variables”). 
The advantage of using the PCA components as input to 
the clustering algorithm instead of the original variables is 
that the components are continuous and orthogonal to each 
other as well as centered around zero with similar stand-
ard deviations. Furthermore, the high dimensionality of the 
original data is reduced to a few latent dimensions (�ve in 
our study, please see the “Results” section). As standard 
PCA, the K-means clustering algorithm may bene�t if the 
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 a 
�xed number of data points becomes increasingly sparse as 
the dimensionality increases. Sampling adequacy of the vari-
able set and each individual variable for the PCA analysis 
was measured by the Kaiser–Meyer–Olkin (KMO) measure 
[13]. The second test of data suitability for the PCA was the 
Bartlett’s test of sphericity measuring adequate correlations 
between variables [14].

One challenge in the PCA and the cluster analyses is to 
choose the number of components and clusters for the �nal 
solution. In this study, Eigenvalues were used in the scree 
plot to search for the optimal number of principal compo-
nents. We used the measures of average silhouette width 
[15] and adjusted the Rand Index (ARI) [16] to search for 
an optimal clustering solution. The average silhouette width 
measures compactness and separation of the clusters. The 
ARI is a stability measure for assessing whether clustering 
di�erent datasets sampled from the same underlying joint 
distribution results in the same clusters. Average ARI val-
ues were obtained by running K-means clustering on 100 
bootstrapped samples across 2 to 10 clusters. Eigenvalues 
correspond to the amount of variation explained by each 
component, that is, how much information each component 

contains. The analysis of the scree plot is a typical method 
used in previous studies [17, 18].

The resulting clusters were analyzed by three methods. 
(1) Descriptive statistics were used to compare the clus-
ters’ characteristics. (2) Supervised classi�cation models 
(XGBoost [19, 20]) and Shapley values [21, 22] were next 
used to identify the variables that contributed the most in the 
characterization of the di�erent clusters. Each cluster had 
its own classi�cation model that was trained to discriminate 
the employees of the cluster from all other employees. All 
variables included in the PCA (Online Resource Table�S1) 
were used as predictors for the classi�cation models. (3) 
Finally, logistic regression analyses were used to assess the 
associations of the clusters for long and short SA episodes. 
The outcome of short SA episodes was de�ned as more than 
�ve short (1–10�days) SA episodes during a two-year follow-
up time. The outcome of long SA episodes was de�ned as 
one or more long (> 30�days) SA episodes during a 2-year 
follow-up time. The follow-up time began on the date of 
response to the questionnaire. The episodes were combined 
into one SA episode if there were 1–3�days between the end 
and start of two SA episodes. Online Resource Figure S2 
presents the analytical pipeline and the inputs and outcomes 
of di�erent steps.

All statistical analyses were done using Python (version 
3.8.12) and R (4.0.5). K-means clustering and classi�ers 
were done by sklearn library (1.0.2). Principal component 
analysis was done by psych library (2.3.9).

Results

Study Population

The study comprised 12,099 employees. Online Resource 
Table�S1 presents the properties of the employees with or 
without long SA periods during follow-up. The average age 
was 42.7�years (SD 11.5; range 16–69). Of the respondents, 
42.7% (N = 5163) were female. Altogether, 16.9% worked 
as a supervisor, and 43.2% worked in a blue-collar posi-
tion. Furthermore, 23.7% of them performed shift work, and 
6.1% performed night work. The most common self-reported 
diseases were insomnia (15.1%), musculoskeletal disease 
(13.0%) and hypertension (12.5%).

Cluster Analysis

104 variables were used for the PCA (Online Resource 
Table�S1). The KMO coe�cient for the variable set was 
0.86, and for each individual variable 0.64—0.98, indicat-
ing good sampling adequacy [23]. Bartlett’s test of spheric-
ity was signi�cant p < 0.001, indicating that the correlation 
matrix for the variable set was suitable for the PCA.
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Figure S3 shows the eigenvalues for the 10 �rst principal 
components (scree plot). The ‘knee’ in the scree plot can 
be noticed after four or �ve components. We selected �ve 
components for further analyses. These �ve principal com-
ponents explained 14.7%, 6.4%, 5.7%, 5.6% and 4.7% of the 
variation in the dataset.

Table�1 shows the top 10 variables with the largest load-
ing values of the �ve principal components. Principal com-
ponents can be interpreted as characterizations of di�er-
ent dimensions of the employees screened in occupational 
healthcare. For example, PC1 was excited by the variables 
such as “Felt that even help from my family and friends can-
not ease my melancholy”, “Felt all joy has gone from life” 
and “Felt lonely”. That is, the variables of PC1 are related 
to mood and depression. PC2 was excited by the variables 
of “Management provides the necessary help and encour-
agement”, “Managerial work is fair and equal”, “There is a 
good spirit within our personnel” and “I have the possibil-
ity of self-reformation at my job”. PC3 was excited by the 
variables “Work ability has become worse”, “Does your dis-
ease hinder coping at work” and “Musculoskeletal disease”. 
PC4 was excited by the variable “Number of symptoms” and 
symptoms such as “Fainting, consciousness disturbances”, 
“Hearing impairment”, “Vision impairment”, “Dizziness” 
and “Arrhythmia”. PC5 was excited by the variables “Diabe-
tes”, “Blood glucose elevated”, “Hypertension” and “Age”. 
We labeled the principal components according to the vari-
ables. The labels are mood and depression (PC1), Manage-
rial performance and workplace atmosphere (PC2), Work 
ability (PC3), Dizziness and sensory symptoms (PC4), and 
Cardiovascular disease (PC5).

The data points presented in the space of the �ve princi-
pal components were clustered by the K-means algorithm. 
Figure�1 shows the center values of the principal components 
for the six clusters. The number of clusters was selected 
based on the Silhouette and ARI scores (Figures�S4 and 
S5). The numbers of employees in clusters one, two, three, 
four, �ve and six were 5503, 2863, 800, 989, 543 and 1401, 
respectively. Table�2 shows descriptive statistics of back-
ground variables and their distribution in di�erent clusters; 
statistics of a more extensive set of variables are given in 
Online Resource table�S2. Figure�1 shows that employees 
located in cluster one indicated positive managerial perfor-
mance and workplace atmosphere, healthy employees (PC2). 
Cluster two indicates de�ciencies related to managerial per-
formance and workplace atmosphere (PC2). Employees in 
cluster three have de�ciencies related to mood and depres-
sion (PC1). Cluster four indicates cardiovascular diseases 
(PC5). Cluster �ve indicates experiencing symptoms such as 
dizziness and sensory symptoms (PC4). Cluster six indicates 
experiences of diminished work ability (PC3).

Figures�S6–S11 present Shapley values for the 15 most 
important variables predicting cluster membership. Shapley 

values were calculated from the classi�cation models that 
were trained for discriminating each cluster from all other 
clusters. 104 variables were used for training the classi-
�ers (Online Resource Table�S1). It should be noted that 
with Cluster one (healthy employees), the high values (red 
points) of the listed variables decrease the probability of 
cluster membership.

Age was among the most important variables de�ning 
clusters three and four, where younger age increased the 
likelihood of membership in cluster three and older age in 
cluster four. The most important variable for de�ning mem-
bership in cluster six was reporting deteriorating work abil-
ity, whereas the experience of deteriorating work ability was 
among the most important variables diminishing the prob-
ability of cluster membership in clusters one and two. A high 
score in the depression screening questionnaire (DEPS) was 
the most important variable de�ning membership of cluster 
three, whereas a high DEPS score diminished the probability 
of membership in clusters one, two, �ve and six. The DEPS 
score was among the 15 most important de�ning variables 
in all clusters except cluster four.

Associations of�Clusters with�Long and�Short 
Sickness Absence Periods

Figure�2 shows AME (95% CI) values for the clusters for 
the outcomes of long and repetitive short SA episodes in 
the forthcoming 2-year period. Figure S12 presents OR 
(95% CI) values. The reference cluster was the healthy clus-
ter (Cluster one), with 6.7% of the cluster members having 
more than �ve short SA episodes and 3.6% having at least 
one long SA episode during a 2-year follow-up (Table�2). 
The strongest association for long SA episodes was for Clus-
ter six, 13.0% of whose members had at least one long SA 
episode during a 2-year follow-up. The membership of this 
cluster was de�ned by the experience of their work ability 
becoming worse and reporting that their symptoms and dis-
eases hindered coping at work (Figure S11). They typically 
experienced musculoskeletal symptoms and pain, yet their 
score on a depression screening questionnaire seldom por-
trayed increased depressive symptoms. The AME (95% CI) 
was 0.08 (0.06–0.09), meaning that the probability of a long 
SA period increased by 8 percentage points when Cluster six 
is compared to Cluster one (Healthy employees).

In clusters two and �ve, the increase in the probability 
of short SA episodes was greater than the increase in the 
probability of long SA episodes (AME values: 3.8% vs. 
1.6% and 6.4% vs. 4.7%) with 10.3% of cluster two and 
13.8% of cluster �ve members having more than �ve short 
SA episodes in a 2-year follow-up. The most important 
variables de�ning membership in cluster �ve were report-
ing many symptoms, especially dizziness or fainting, but 
not necessarily having any diagnosed diseases. A large 
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Table 1   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 
depression 
(PC1)

Managerial performance and 
workplace atmosphere (PC2)

Work ability (PC3) Dizziness and 
sensory symptoms 
(PC4)

Cardiovascu-
lar disease
(PC5)

Deps score 0.088

Felt that even help from my family and 
friends cannot ease my melancholy

0.088

Felt melancholic 0.088

Felt all joy has gone from life 0.087

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

0.085

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 by 
feeling down, depressed or hopeless

0.073

Joylessness, hopelessness symptom 0.073

Management provides the necessary 
help and encouragement

0.154

Managerial work is fair and equal 0.151

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

0.149

There is a good spirit within our per-
sonnel

0.127

I have the possibility of self-reformation 
at my job

0.125

I can rely on the continuance of my 
employment

0.117

I enjoy my job 0.115

I have not witnessed bullying or harass-
ment at our workplace

0.113

My job is versatile 0.108

I can in�uence the contents, pace, and 
hours in my job

0.095

Work ability has become worse 0.181

Does your symptom hinder coping at 
work

0.173

Self-rated change in work ability 0.165

Does your disease hinder coping at 
work

0.153

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

0.140

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 
symptom

0.226

Number of symptoms 0.150

Hearing impairment symptom 0.144

Vision impairment symptom 0.139

Dizziness symptom 0.138
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AUDIT score, which indicates excess alcohol use, also 
increased the probability of membership in this group. 
Cluster two comprised employees who generally reported 
a negative experience in questions on managerial perfor-
mance and workplace atmosphere.

For members of cluster four, among whom cardiovascular 
diseases, hypertension and diabetes were the most common 
variables de�ning cluster membership, the probability was 
increased only in long SA episodes.

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 (clus-
ters) with similar characteristics and risk factors. The clus-
ters were characterized by supervised machine learning and 
explainable arti�cial intelligence methods (XGboost clas-
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 
cluster membership in our reference cluster (cluster one) 
were positive answers regarding managerial performance 
and workplace atmosphere, the most important being the 
experience that their work was appreciated. This cluster had 
the smallest number of both short and long SAs. Members 
of cluster two, however, generally gave a negative answer to 
questions on themes of managerial performance and work-
place atmosphere. Members of this cluster typically did not 
have an elevated depression screening questionnaire (DEPS) 
score or report deteriorating work ability but in this group, 
the incidence of short SAs was signi�cantly higher than in 
the reference cluster.

Table 1   (continued)

Item name Mood and 
depression 
(PC1)

Managerial performance and 
workplace atmosphere (PC2)

Work ability (PC3) Dizziness and 
sensory symptoms 
(PC4)

Cardiovascu-
lar disease
(PC5)

Memory problems symptom 0.129

Arrhythmia symptom 0.126

Learning di�culties symptom 0.124

Weakness or clumsiness of limbs 
symptom

0.100

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

Fig. 1   Cluster centers in the space of the 5 principal components in a 
Finnish occupational health cohort from 2011 to 2019
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Table 2   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 
Healthy 
employees

Cluster 2 
Managerial 
performance 
and workplace 
atmosphere

Cluster 3 
Mood and 
depression

Cluster 4 Car-
diovascular 
diseases

Cluster 5 
Dizziness 
and sensory 
symptoms

Cluster 6 Work 
ability

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 
(std)

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)

BMI, mean 
(std)

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)

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-
tion

Supervisor, n 
(%)

2046 (16.91) 1219 (22.15) 222 (7.75) 113 (14.12) 190 (19.21) 51 (9.39) 251 (17.92)

White-collar 
worker, n 
(%)

5231 (43.23) 2731 (49.63) 1003 (35.03) 336 (42.0) 457 (46.21) 231 (42.54) 473 (33.76)

Blue-collar 
worker, n 
(%)

6484 (53.59) 2605 (47.34) 1784 (62.31) 439 (54.87) 487 (49.24) 296 (54.51) 873 (62.31)

Shift work, n 
(%)

2871 (23.73) 1201 (21.82) 777 (27.14) 204 (25.5) 191 (19.31) 122 (22.47) 376 (26.84)

Night work, 
n (%)

740 (6.12) 238 (4.32) 293 (10.23) 50 (6.25) 42 (4.25) 43 (7.92) 74 (5.28)

Part-time 
work, n (%)

1603 (13.25) 764 (13.88) 289 (10.09) 138 (17.25) 82 (8.29) 82 (15.1) 248 (17.7)

Diseases Number of 
diseases, 
mean (std)

1.47 (1.6) 0.95 (1.16) 1.1 (1.26) 2.39 (1.89) 2.97 (1.94) 2.53 (1.96) 2.26 (1.68)

Number of 
symptoms, 
mean (std)

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)

Asthma, 
pulmonary 
disease, n 
(%)

814 (6.73) 326 (5.92) 164 (5.73) 65 (8.12) 90 (9.1) 63 (11.6) 106 (7.57)

Diabetes, n 
(%)

419 (3.46) 9 (0.16) 12 (0.42) 21 (2.62) 348 (35.19) 7 (1.29) 22 (1.57)

Common 
mental dis-
ease, n (%)

757 (6.26) 172 (3.13) 88 (3.07) 269 (33.62) 59 (5.97) 70 (12.89) 99 (7.07)

Cardiovascu-
lar disease, 
n (%)

624 (5.16) 104 (1.89) 99 (3.46) 51 (6.38) 208 (21.03) 84 (15.47) 78 (5.57)

Cancer,
n (%)

244 (2.02) 58 (1.05) 51 (1.78) 16 (2.0) 65 (6.57) 12 (2.21) 42 (3.0)

Musculoskel-
etal disease, 
n (%)

1574 (13.01) 374 (6.8) 239 (8.35) 113 (14.12) 159 (16.08) 95 (17.5) 594 (42.4)

Insomnia, 
tiredness, n 
(%)

1828 (15.11) 435 (7.9) 333 (11.63) 359 (44.88) 117 (11.83) 183 (33.7) 401 (28.62)

Hypertension, 
n (%)

1508 (12.46) 291 (5.29) 189 (6.6) 121 (15.12) 614 (62.08) 59 (10.87) 234 (16.7)



	 Journal of Occupational Rehabilitation

Previous studies have shown leadership quality to be 
associated with the incidence of SAs [24, 25]. This e�ect is 
probably partly due not only to atmosphere and communica-
tion issues but also to the superior’s willingness to facilitate 
job accommodations in�situations of diminished work abil-
ity, which should also be supported by organizational dis-
ability management policies [26–28].

Members of cluster six typically reported that their work 
ability had deteriorated and that their symptoms and diseases 
hindered coping at work. They also typically experienced 
musculoskeletal symptoms and pain, with an over sixfold 
incidence of musculoskeletal disease compared to the refer-
ence cluster. This cluster showed both the highest incidence 

of long SA periods and the second highest incidence of short 
SA episodes in the follow-up time. Our �ndings are in line 
with previous studies that support the value of self-reported 
work ability in predicting health-related exit and absence 
from work [29]. Musculoskeletal symptoms and pain have 
also been shown to be important predictors of SA [30, 31].

Members of cluster four typically had cardiovascular 
diseases and risk factors such as elevated blood pressure, 
blood sugar or cholesterol levels. They typically reported 
that their symptoms did not hinder coping at work. Nev-
ertheless, the probability of long SAs in a 2-year follow-
up was signi�cantly increased in this cluster. This could 
indicate that the onset of work disability tends to be quite 

Table 2   (continued)

Item name All Cluster 1 
Healthy 
employees

Cluster 2 
Managerial 
performance 
and workplace 
atmosphere

Cluster 3 
Mood and 
depression

Cluster 4 Car-
diovascular 
diseases

Cluster 5 
Dizziness 
and sensory 
symptoms

Cluster 6 Work 
ability

Sickness 
absences

SA repetitive 
short peri-
ods (next 
2�years), n 
(%)

1055 (8.72) 366 (6.65) 296 (10.34) 84 (10.5) 70 (7.08) 75 (13.81) 164 (11.71)

SA long 
period (next 
2�years), n 
(%)

716 (5.92) 199 (3.62) 137 (4.79) 75 (9.38) 79 (7.99) 44 (8.1) 182 (12.99)

Repetitive short periods were de�ned as more than �ve short (1–10�days) sickness absence episodes and long periods as over 30 consecutive 
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) sick-
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)
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abrupt among employees with cardiovascular risk fac-
tors—that is, the work disability risk is not subjectively 
recognized. Dietary habits and exercise should not be for-
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 [3, 32, 33]. Exercise has been shown 
to decrease work disability in overweight individuals [34], 
and moderate exercise decreased SA spells overall and 
for both musculoskeletal and mental causes separately in 
a study of Finnish municipal employees [35]. Some evi-
dence exists that workplace health promotion programs 
can have a positive e�ect on work-related outcomes such 
as absenteeism [34, 36, 37].

Despite the intriguing combinations of characteristics 
that we found to coexist in a large dataset and the employee 
pro�les they portray, it must be noted that the clustering 
methods simply identify variables that increase or decrease 
the likelihood of membership in a given cluster. There is 
always substantial variation between individuals within 
clusters and despite the demonstrated associations, causality 
between cluster membership and sickness absence pro�les 
cannot be presumed.

One of this study’s strengths was having access to both 
long and short SA data beginning from the �rst day of work 
disability. These data are seldom available in studies on 
employees of various companies and occupations. Another 
strength was the variety of themes within the questionnaire 
that could be linked to data on service use and SAs. This 
made it possible to use the full capacity of modern data 
analysis methods to recognize associations we would not 
have been able to �nd with more traditional methods or a 
more restricted data source.

We collected our data from a single Finnish occupational 
health service provider, which must be considered a limita-
tion of this study. However, the distribution of industries 
among employees entitled to services at Finla Occupational 
Health is generally similar to that of Finnish companies (Fig-
ure S13). This improves the generalizability of the results, 
especially in a Finnish setting. Clustering methods have 
not been widely used in occupational health previously, so 
follow-up research is needed. A similar study setting in a dif-
ferent population would provide valuable added information 
and possibly validation to our �ndings.

The results of our study imply that utilizing clustering 
methods can pave the way towards e�ective interventions 
aimed at the characteristics of employees in a given popu-
lation. Clustering methods could be used in constructing 
a company-level report to help occupational health profes-
sionals communicate the SA risks and needs of preventive 
measures in the future. A study on interventions targeting 
the needs of employee clusters would be an interesting 

focus of further research and could potentially help imple-
ment our results in the everyday work of occupational 
health personnel to prevent work disability.

Conclusions

With the aging of the workforce and the constant need 
to maintain work ability, cluster analysis is a powerful 
tool for analyzing the accumulating data in occupational 
health. The resulting insight into risk factors and pro�les 
of work disability could help to initiate further develop-
ment of interventions best suited to the needs of each 
subgroup, enabling a more e�cient focus of the limited 
resources in occupational health. It should be acknowl-
edged that according to the results in this study popula-
tion, employees with cardiovascular and metabolic risk 
factors might not recognize their increased work disability 
risk. For them, the most important interventions to avoid 
work disability are promoting a healthy lifestyle and an 
e�cient and active treatment of somatic illnesses. Further-
more, despite the increased risk of SAs for some employee 
groups, improving managerial performance and workplace 
atmosphere issues could be most impactful, instead of or 
in addition to health-related interventions.
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