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Chapter 1 

General introduction



8

Sick leave due to musculoskeletal disorders & low 
back pain

Musculoskeletal disorders (MSD) are one of the leading causes of long-term sickness 

leave and work disability in Europe and western countries (1-3). Second to mental 

and behavioral problems, MSD as a group are the highest cause of disability (4). The 

high costs attributable to MSDs are mostly indirect costs, which consists of costs due 

to loss of productivity and wages (2). These costs are estimated to be as high as 2% of 

gross domestic product (GDP) in European countries (1). 

MSD is a group of diagnoses, therefore, whether occupational research should aim at 

the entire group of MSD sick leave or sick leave with a more specific MSD diagnosis can 

be debated. Sick leave is certified with diagnostic codes from the 10th International 

Classification of Diseases (ICD-10). Sick leave within the ICD-10 chapter XIII (Diseases 

of the musculoskeletal system and connective tissue) is defined as MSD sick leave. 

The prevalence and duration of sick leave can vary remarkably between the different 

MSD diagnoses (5, 6). Of the MSD’s, low back pain (LBP) was the most prevalent cause 

of sick leave (5, 6). Even more, of all specific diagnoses, such as depression or other 

diagnoses non-related to MSD, LBP is overall the highest cause of disability (7). Still, 

the average sick leave duration of patients with LBP was the shortest of the MSD 

subgroups (5, 6). These two Scandinavian studies included sick leave with minimal 7 

or 10 days corresponding to the timing of certifying sick leave in Finland and Sweden. 

However, sick leave policies vary across countries, including timing of certifying sick 

leave. In the Netherlands, when an employee is sick-listed for 4-6 weeks, the employee 

will visit an occupational physician. The occupational physician certifies the sick-

leave with a diagnosis, reports what possibilities are to improve the recovery of the 

employee, and estimates the time to return to work. After 8 weeks of sick-listing, the 

employee and the employer will develop a plan of action for return to work. Every 6 

weeks the progress needs to be discussed by the employer and employee. If it does 

not harm the medical status of the employee, the employee must accept partial sick-

leave or adaption of work tasks. After 2 years of sick-listing, the employee can receive 

a disability pension. The difference in timing of certifying sick leave might influence 

the variation of sick leave duration across MSD diagnoses in the Netherlands, as 

shorter sick leave is therefore often excluded from diagnosed sick leave registers. 

Another aspect in the discussion of aiming at the overall group of MSD’s or one of the 

MSD, such as LBP, is how to subgroup the MSDs. In previous studies, subgrouping the 

MSD diagnosis was done based on prevalence and practical reasons (5, 6). However, 
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1the diagnosis solely does not provide information on severity (6). Therefore, in this 

thesis, we both aim our research at MSD sick leave and LBP sick leave. 

Strategies for MSD and LBP sick leave

Research could aim at two strategies to handle the problem of MSD or LBP sick leave: 

1) preventing sick leave occurrence, or 2) improving the prognosis after sick leave by 

reducing its duration. For both strategies prediction models could play an important 

role. For the first strategy a prediction model could identify which non-sick listed 

employees are at high risk of MSD or LBP sick leave and these employees could then be 

referred to preventive interventions. Although risk factors for MSD sick leave have been 

investigated in a number of studies (8-14), prediction model development combining 

risk factors is lacking in previous research. Furthermore, with the development of a 

prediction model with logistic regression a certain follow up period for sick leave needs 

to be chosen. In previous studies aimed at developing prediction models, different sets 

of predictors were selected when different follow-up periods were chosen (15-17). 

Additionally, lower performance was found with increasing follow-up periods (18). 

Therefore, chapter 2 of this thesis aims to develop a prediction model for MSD sick 

leave for short-term and long-term follow up and to compare these two prediction 

models in their content and performance. 

Also for LBP sick leave, research aimed at determining risk factors has preceded (19-

21). However, only few studies have examined models for predicting the risk of LBP 

sick leave in non-sick-listed workers (15, 22). There is still a need for more research on 

predicting the risk of LBP sick leave in healthy workers, as the aforementioned studies 

only included workers who reported LBP at baseline and it is well conceivable that 

these models do not apply to healthy workers without LBP at baseline. Therefore, the 

aim of chapter 3 was to develop a prediction model specifically for the risk of LBP sick 

leave in non-sick-listed workers with and without LBP at baseline. 

Although prediction models could help identifying employees at risk of MSD or LBP sick 

leave, the performance of previously developed models is limited (23, 24). Furthermore, 

the prevention of the occurrence of MSD or LBP sick leave through interventions remains 

challenging as it is not effective in all situations and more research is needed (4, 25). 

Therefore it might be beneficial for research to aim at the second strategy to reduce the 

duration of sick leave. Even more, reducing LBP sick leave duration is crucial, because 

when sick leave duration increases, the probability of returning to work decreases (26). 

Therefore most guidelines advice sick-listed employees with LBP to return to work as 
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soon as possible (27). Prediction models could identify sick-listed employees who are 

at high risk to develop long-term sick leave, and these employees can then be referred 

to interventions aimed at reducing sick leave duration. Furthermore, if these prediction 

models identify sick-listed employees who will return to work on short term, these 

employees will not have to be referred to an intervention, preventing higher costs. 

Several studies developed prediction models for long-term LBP sick leave (16, 17, 

28-36). However, most of these studies used data that was either collected as a part 

of an RCT (16, 28, 32, 34), or routinely collected data (29, 30, 35). This limits including 

relevant predictors to those that were already collected, and important predictors 

could be missed, such as the understudied psychosocial work environment in patients 

sick-listed due to sub-acute and chronic LBP (37). In chapter 4 the aim was to develop 

a prediction model for the prognosis of LBP sick leave with 180 days follow-up in a 

Dutch setting, with data that was specifically collected for this purpose. With this 

prediction model, employees at high risk of long-term LBP sick leave can be referred 

to interventions aimed at reducing the duration of sick leave. Adaptation of job tasks 

or adaptation of working hours were the most commonly applied interventions 

among employees sick-listed due to LBP (38). 

Partial sick leave is often implemented in occupational health care, without strong 

scientific evidence for its positive effect on duration of sick leave (39). Several studies 

determined the effect of partial sick leave for employees with MSD sick leave and 

showed inconsistent results (38, 40, 41). Furthermore, these results indicate that 

timing of partial sick leave might be important to consider when determining 

the effect of partial sick leave. Chapter 6 aims to determine if partial sick leave is 

associated with a shorter duration of sick leave based on routinely collected health 

data in Dutch sick-listed employees. The secondary aim of this chapter is to analyze 

the effect of timing on the effect of partial sick leave on sick leave duration.

Prediction models
Commonly, a prediction model is developed to predict a certain outcome. In the 

development a combination of factors is established which together best predict the 

outcome. It is important to realize that these factors, also called predictors, are not 

necessarily causally related to the outcome. Therefore, the results of a prediction model 

cannot simply be used to try and prevent sick leave by reducing the influence of the 

predicting factors. The aim is to predict, not to understand the underlying mechanisms 

of sick-listing. For example, when weather forecasts were not yet developed, people 

looked at certain aspects of nature to predict the weather. An old folklore saying goes: 

“if birds are flying low, expect rain and blow”. Now, we do not expect that birds cause 



11

1rain. Later on, people came to understand that when the air pressure drops, it becomes 

more difficult for birds to fly at higher altitudes. And with low pressure, air will rise into 

the atmosphere where it cools down and condenses, i.e. rain. Therefore, trying to alter 

the flying altitude of birds will not influence the weather. Likewise, a predictor does not 

necessarily cause the outcome, and sick leave policy should not aim at trying to change 

predictor scores to prevent sick leave or reduce its duration. 

A prediction model for the risk of sick leave or the prognosis of sick leave is developed 

with data containing potential predictors and sick leave data with a certain follow up 

period. Potential predictors are measured when an employee is not sick-listed and still 

at risk of having sick leave, or when an employee is already sick-listed and is still at risk 

of having long-term sick leave. As both MSD and LBP sick leave are multidimensional 

problems, potential predictors could entail individual, psychosocial, physical or work-

related factors. Selecting predictors for the prediction model is preferably done based 

on subject-matter knowledge and literature, and based on findings of data-driven 

selection methods. After the predictors are selected and the model is developed, the 

performance of the model is evaluated. The performance of the prediction model is 

often determined based on three measures: the explained variance, calibration, and 

discrimination. The explained variance is determined by the Nagelkerke’s R-square 

and can be seen as the overall predictive performance of the model. The calibration is 

the agreement between observed and predicted probabilities of outcome of interest 

and is assessed by the Hosmer-Lemeshow goodness-of-fit-test. Finally, the ability 

of the prediction model to discriminate between employees with and without the 

outcome of interest is evaluated with the receiver operating characteristic (ROC) curve. 

The area under the ROC-curve (AUC) reflects the degree of discrimination; AUC<0.60 

reflects failing, 0.60–0.69 poor, 0.70–0.79 fair, 0.80–0.89 good, and ≥ 0.90 excellent 

discrimination (42).

Treatment effects

To evaluate effects of treatment, the golden standard is to determine the treatment 

effect from a randomized controlled trial (RCT). However, this study design also has 

a number of disadvantages, such as compromised generalizability of the results 

and limited insight in treatment in routine clinical practice. Also in the occupational 

setting, carrying out RCT’s on the effects of sick leave are often not considered 

feasible by general practitioners (43). For example, determining the effect of partial 

sick leave in an RCT is not possible in the Netherlands, as employees are required by 

legislation to accept modified duties if this does not affect their medical situation.



12

Furthermore, there has been an increased interest in observational health data 

routinely collected by health services (44-47). With this data, opportunities arise to 

determine treatment effects without the disadvantages of RCT’s. Deriving causal 

effects from observational data is considered difficult primarily due to confounding. 

For many years, multivariable regression (MVR) has been the most widely applied 

method to adjust for confounders. Nowadays researchers also apply other methods 

for confounder adjustment, such as propensity score (PS) analysis, double robust 

techniques (DR), and instrumental variable (IV) analysis (48-53). However, the 

increasing popularity of these methods also leads to incorrect use. In chapter 5, we 

aim to guide epidemiologists in their choice of methods for confounding adjustment. 

Data used in this thesis

Routinely collected data by ArboNed
Most of the data used in this thesis is routinely collected data from occupational 

health service ArboNed, which includes occupational health checks and registered 

sick leave data. According to Dutch legislation, employers have to offer employees an 

occupational health check at least once every 4 years. The health checks are conducted 

with a questionnaire on work and health, followed by a medical examination if 

appropriate. The content of occupational health checks can vary and determined 

by the occupational health service in consultation with a company’s management 

and staff representatives. For the construction industry, different occupational health 

checks were used, containing other factors and used different questionnaires to 

assess these. 

Although routinely collected data still has its advantages, important information can 

be missing as this data is not specifically collected for research purposes. For example, 

for developing prediction models, important predictors might not be assessed, which 

limits the performance of prediction models. Therefore, we also set up a new cohort 

study: Predict2Work, specifically for our research aims. 

Predict2Work cohort data
Two chapters in this thesis used data from a cohort study which was specifically set 

up for predicting the prognosis of LBP sick leave and determining treatment effects 

of common treatments in these employees. Data was collected when employees 

visited an occupational physician and were diagnosed with low back pain (non-

specific low back pain: ICD-10 categories M54.3 (sciatica), M54.4 (lumbago with 

sciatica) and M54.5 (low-back pain), and spinal disc herniation M51.2 (Lumbago 
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1due to displacement of intervertebral disc), after 4-6 weeks of sick-listing. Baseline 

measurement and repeated measurements included various sociodemographic, 

health-related, mental health-related, social-related, and work-related variables. 176 

employees participated in the baseline questionnaire, however only 103 employees 

remained after eligibility criteria. 

Objectives and outline thesis 

The first aim of this thesis is to predict the risk of sick leave due to MSD and LBP 

and the prognosis of LBP sick leave. In chapter 2 we describe the development and 

comparison of prediction models for the risk of MSD sick leave for short-term and 

long-term follow up. In chapter 3 we describe the development of a prediction 

model for the risk of LBP sick leave in the Dutch construction industry. In chapter 
4 the development of a prediction model for the prognosis of LBP sick leave with a 

follow up of 180 days is described, with data specifically collected for this purpose. 

Secondly, we aim to determine how treatment effects from observational data should 

be evaluated, followed by determining the effect of partial sick leave on MSD sick 

leave duration. In chapter 5 different methods for determining treatment effects are 

explained and the performance of these methods are shown in various simulated 

scenarios and in a real-life dataset. In chapter 6 the effect of partial sick leave on the 

duration of sick leave is determined in employees sick-listed due to MSD. 

Finally in chapter 7 a general discussion of the results of this thesis is described, 

the strengths and limitations of the work is presented, and clinical implications and 

directions for future research are provided.
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