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Chapter 7

Summary and 
general discussion
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The first aim of this thesis was to predict the risk of sick leave due to MSD and LBP 

and to predict the prognosis of LBP sick leave. The second aim of this thesis was 

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. 

This general discussion will first discuss the main findings of the thesis, followed by 

some methodological considerations. Furthermore, the clinical implications will be 

discussed, as well as recommendations for future research.

Summary of main findings

Prediction of occurrence and prognosis of MSD and LBP sick leave

In chapter 2, we developed prediction models for the risk of MSD sick leave with short-

term (3 months) follow up and long-term (12 months) follow up. The development of 

the prediction models was done with routinely collected data of occupational health 

checks and with registered sick leave data. The prediction models for MSD sick leave 

at 3 and 12 months both included educational level, musculoskeletal complaints, 

distress, supervisor social support, work-home interference, intrinsic motivation, 

development opportunities, and work pace as predictor variables. Burnout was 

included in the model with 3 months follow up, but not in the model with 12 months 

follow up. Furthermore, family social support was included in the model with 12 

month follow up, but not in the model with 3 months follow up. The models showed 

comparable and fair performance after adjusting for optimism. The prediction models 

explained 7.6% and 8.8% of variance at 3 and 12 months respectively. Both prediction 

models showed adequate calibration and discriminated fairly between employees 

with and without MSD sick leave at 3 months (AUC=0.761; Interquartile range [IQR] 

0.759-0.763) and 12 months (AUC=0.740; IQR 0.738-0.741) after the health check. The 

prediction models could be used to determine the risk of MSD sick leave in non-sick 

listed employees and to invite them for preventive consultations with occupational 

health providers.

In chapter 3, we developed a prediction model for the risk of LBP sick leave at 12 months 

in Dutch construction workers. The development of the prediction model was based 

on occupational health checks specifically for construction workers and registered sick 

leave. The prediction model included pain/stiffness in the back, physician-diagnosed 

musculoskeletal disorders/injuries, postural physical demands, feeling healthy, vitality, 

and organization of work as predictor variables. The Nagelkerke’s R-square was 3.6%; 

calibration was adequate, but discrimination was poor (AUC=0.692; 95% CI 0.568–
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0.815). This prediction model based on occupational health check variables does not 

identify non-sick listed workers at increased risk of LBP sick leave correctly. However 

based on several cut-off points, the model could be used to exclude the workers at the 

lowest risk on LBP sick leave from costly preventive interventions.

In chapter 4, we developed a prediction model for the prognosis of LBP sick leave 

with a follow up of 180 days with data specifically collected for this purpose and 

with registered sick leave data. The model included three predictors: catastrophizing, 

musculoskeletal work load, and disability. The prediction model had an explained 

variance of 27.3%, adequate calibration and fair discrimination with AUC=0.761 

[IQR: 0.755-0.770]. With only three predictors and still fair performance, these results 

suggest that the predictors included in our prediction model were strongly predictive 

of LBP sick leave. The prediction model of this study can adequately predict LBP sick 

leave after 180 days and could be used for employees sick-listed due to non-specific 

LBP or spinal disc herniation by an occupational physician during consultation.

Evaluating treatment effects in employees sick-
listed due to LBP

In chapter 5 different methods for evaluating treatment effects with observational 

data were explained and compared. In this chapter we showed that the preferred 

method is dependent on the data itself. More specifically, whether all confounders 

are measured and whether the functional form of the confounders in the models is 

accurately specified. Generally a linear relationship between the confounders and the 

outcome is assumed in most methods. However when the relationship is actually non-

linear, and it is not correctly specified (by including a non-linear term for example), 

the functional form of the model is incorrectly specified. When not all confounders 

are available in the data, and a strong instrument is present, then instrumental 

variable (IV) analysis can accurately estimate treatment effects. When all confounders 

are measured, and if the functional form of the outcome model is correctly specified, 

multivariable regression analysis (MVR) is recommended. However, if the outcome 

model is misspecified, but the propensity score (PS) model is correctly specified, then 

all PS methods are recommended. If both models are misspecified, only IV analysis is 

recommended if all assumptions of the IV analysis are met. 

In chapter 6, the effect of partial sick leave on the duration of sick leave was evaluated 

in employees sick-listed due to MSD. This was evaluated with observational data, 

therefore confounding could bias the treatment effect. As the potential confounders 
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had a seemingly linear relationship with the outcome and thus the functional form of 

outcome model could be specified correctly, MVR analysis was used to determine the 

effect of partial sick leave. Initial results suggest that partial sick leave was associated 

with longer sick leave duration, also when adjusted for confounders and sick leave 

diagnosis. Furthermore, the effect of timing of partial sick leave on sick leave duration 

was determined, as it was expected from previous studies that this could influence the 

effect. These secondary results, which accounted for the timing of partial sick leave, 

suggest that partial sick leave had no effect on the duration of sick leave. Although 

no significant differences were found in sick leave duration when the timing of partial 

sick leave was accounted for, this could still be in favor of recommending partial sick 

leave. If the sick leave duration is not affected, work productivity can be gained if 

employees work partially, which could reduce costs of full-time sick leaves.

Methodological considerations

In each chapter the methodological considerations were described in the discussion 

related to the limitations of the data or chosen methods. In this section I will discuss the 

general methodological considerations of this thesis. The available data and the chosen 

methods together determined how well the study questions could be answered. 

Therefore I will elaborate more on the data and the methods used in this thesis.

Data used in this thesis 
In this thesis only observational data and simulated data are used to answer our 

study questions. Observational data is data that is observed in a certain time period 

and situation, and is not influenced like in an Randomized Controlled Trial (RCT) 

using strict inclusion and exclusion criteria or where participants are assigned to a 

treatment/experimental group or to a control group. Observational data can emerge 

from routinely collected data or data collected specifically for research. In this thesis 

both types of observational data were used. 

Routinely collected data
The development of prediction models is preferably done with data from an 

observational longitudinal cohort study (1). With the development of a prognostic 

prediction model, you need predictors measured at baseline and the outcome 

measured at follow up. In this thesis we used routinely collected data from the 

occupational health service ArboNed for the development of the prediction 

models in chapter 2 and 3. Routinely collected data has in theory a number of 

advantages: the data represents clinical practice, the generalizability of the results 
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is high, minimal costs are needed, the data is more easily available, and the data is 

continuously updated (2). These advantages were also acknowledged in our studies. 

However in practice, these advantages do not always hold up and we encountered 

some disadvantages of this type of data. Regarding the representativeness of the 

clinical practice and generalizability, researchers should be aware of the setting 

of the data collection affecting this. For example: participation in occupational 

health checks are voluntary, which could potentially lead to a selection of healthier 

employees, introducing selection bias. In chapter 2 and 3, both low prevalences of 

MSD and LBP are found, suggesting that this data included more healthy employees. 

The generalizability of these prediction models could therefore be limited by this. 

Furthermore, with routinely collected data, not all important predictors of MSD or LBP 

sick leave were measured, as this data was not collected for this purpose. So although 

routinely collected data is more easy available, the data that you might actually need 

sometimes still is not available. The low explained variances that were found for the 

models in chapter 2 and 3, could be a result of missing important predictors. For 

example, physical job demands is an important risk factor for MSD sick leave (3, 4), 

but was not administered in the large part of the health checks used in this study. 

Furthermore, routinely collected data can differ from data specifically collected 

for research in the quality of measurements. For example, in chapter 3 most of the 

predictors measured in the occupational health checks for the construction industry 

were not measured by valid questionnaires. In chapter 2 different occupational 

health checks were used, however still some predictors were not measured with valid 

questionnaires. Whereas, in chapter 4 we used data from a cohort study that we set 

up ourselves, and we measured the potential predictors with valid questionnaires. 

In chapter 6, we evaluated the effect of partial sick leave on sick leave duration based 

on routinely collected data from ArboNed. Determining the effect of partial sick leave 

can only be done in observational data, since Dutch legislation requires employees 

accepting modified work if this does not influence their health. Due to this legislation 

no random assignment to partial sick leave or full-time sick leave can be performed in 

an RCT. Therefore, data from the routinely collected occupational health checks were 

combined with registered sick leave data. However, the timing of the assessment of the 

occupational check before sick-listing was an important limitation in determining the 

effect of partial sick leave. Sick leave could occur up to 12 months after the occupational 

health check. Furthermore, none of the factors measured in the occupational health 

check were strong confounders for the effect of partial sick leave, although we have 

measured several of the known confounders. This might be due to the gap in time 

between the occupational health check and sick leave. 
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Predict2Work cohort data
For the development of the prediction model in chapter 4 we used observational 

data specifically collected for this purpose, from the Predict2Work cohort study. The 

most important advantages were that we were able to include important predictors 

for LBP sick leave prognosis according to previous studies and that we assessed these 

predictors at the timing that was ideal for the implementation of the model, i.e. after 

4-6 weeks of sick-listing when visiting the occupational physician for their diagnosis. 

The prediction model could be very supportive for occupational physicians as Dutch 

guidelines and regulations determined that at this time point a problem analysis and 

a plan of action needs to formulated. The performance of this prediction model was 

also higher than the previous prediction models that were described in chapter 2 and 

3. However, it is difficult to say whether this is dependent on the data, or whether it is 

easier to predict the prognosis than the occurrence of LBP sick leave. 

Still, some disadvantages were encountered. Including participants in our study was 

more difficult than anticipated. At first we only aimed to include employees sick-

listed to non-specific low back pain (ICD-10 diagnoses M54.3, M54.4, and M54.5), but 

because of the low inclusion rate we also included employees sick-listed with another 

common back disorder: spinal disc herniation (ICD-10 diagnosis M51.2). We were 

mostly depended on occupational physicians and other occupational health care 

practitioners to include participants. As they needed to include participants on their 

own initiative, and next to their busy schedule, inclusion rates were low. We were able 

to include 176 employees in 2 years, however after inclusion and exclusion criteria 

only 103 employees remained. Similarly, Lindell et al. (5) experienced difficulty with 

including employees with non-specific spinal pain and after 3.5 years of inclusion 

only 125 employees were included in their study population. In their discussion they 

mention that the difficulty of including higher numbers of sick-listed employees is 

shared by several other studies (6-8). These difficulties with inclusion of participants 

led to a smaller sample size than the routinely collected datasets used in this thesis. 

With the small sample size less predictors could be included in the model, possibly 

limiting the performance of the prediction model.

In chapter 5 we also used data from the Predict2Work cohort study as a real-life 

data example on how to evaluate treatment effects from observational data. When 

designing and setting up this study, we aimed to include confounders and instrumental 

variables for the effects of different treatments. However, in the example in chapter 

5, the confounders were not very strong and none of the potential instruments were 

strong enough to reliably perform the instrumental variable analysis. Furthermore, 

the small sample size limited the statistical power. 
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Methods used in this thesis
In this thesis prediction models were developed with multivariable logistic regression. 

Selecting the predictors was in chapter 2 and 3 done with backward stepwise selection 

which is usually preferred as it can consider all correlations between predictors (1). 

However in chapter 4, backward selection was not a good option, due to the low number 

of events. The model could only entail 3 predictors at a maximum and still adhere the rule 

of thumb of 10-15 events per variable (1). Therefore we decided to use a forward selection 

procedure to gain more control of including the maximum number of predictors. One 

study compared using backward selection with forward selection in logistic regression 

models, and most often these two selection procedures resulted in the same models (9). 

However, in that study the rule of thumb for predictors and events was certainly adhered 

to, which was not the case in our study. If we would perform backward selection, then 

the first models could not estimate the regression coefficient correctly because too many 

predictors were included. Other studies criticized the use of these selection methods, as 

the selection of predictors itself causes bias in the estimated regression coefficients (9-

13). If a true predictor has a small effect with low statistical power in a small dataset, it is 

likely that this predictor is not included in the model. Moreover, when a noise predictor 

has by chance a large effect, it is likely that this predictor is included in the model. When 

noise predictors are included in the model, or overestimation of true effects of predictors 

are made, the model is over fitted and as a result it leads to optimism in the performance 

of the model (14, 15). Therefore validation of the model is needed to adjust for this 

optimism (1). Internal validation by means of bootstrapping was used in all chapters in 

this thesis in which prediction models were developed.

Recently, two studies recommended new methods to determine the study specific 

optimal number of predictors in a prediction model (16, 17), opposed to the previous 

mentioned general rule of thumb. To determine the optimal number of predictors in 

a logistic regression, formulas are presented, incorporating the potential number of 

predictors, the shrinkage factor, the explained variance, and the prevalence of the 

outcome in the dataset. The studies in this thesis did not use these methods, partly 

because chapter 2 and 3 were written before these studies were published. For chapter 

4 we did consider it, however in our opinion these methods are very conservative. 

For our study, considering the recommended maximum shrinkage in the model, we 

needed a sample size of 790 employees, of whom 237 were still sick-listed at follow 

up. This high number was largely influenced by the number of potential predictors, as 

in our dataset we had 32 potential predictors. Also their rules derived from theoretical 

formulas for a shrinkage factor. From the results of our bootstrapping in chapter 4 the 

shrinkage factor was 0.87, which is lower than the recommended 0.9, however we 

found it still reasonable. 
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In this thesis, we did not perform external validation of the models which is 

recommended (1), as we unfortunately lacked a suitable dataset for it. In chapter 3 

we validated the model developed in manual construction workers in non-manual 

construction workers. However we do not consider this as external validation, as the 

validation was done in a different type of construction workers although from the 

same cohort. Furthermore, the group of non-manual construction workers was too 

small, including 17 workers with the outcome LBP sick leave. It has been reported 

that for an external validation study at least 100 events are needed (10).

An editorial in the Scandinavian Journal of Work, Environment and Health argues 

that there is a clear need to make better use of existing methods to estimate for 

example the effect of partial sick leave in routinely collected data (18). Studies aimed 

at determining the effect of partial sick leave on sick leave duration across different 

sick leave diagnoses used different methods in observational data: propensity score 

methods, instrumental variable analysis, and Cox’s proportional hazards analysis. 

As different methods might lead to different results, we evaluated in chapter 5 how 

different methods can be used to evaluate treatment effects in observational studies 

and how they performed in different scenarios. Following this chapter, we evaluated 

in chapter 6 the effect of partial sick leave on sick leave duration. In this dataset few 

and not very strong confounders were found, and these did not have non-linear 

relationships with the outcome or the probability of treatment. Therefore, from the 

recommendations of chapter 5 we decided that multivariable regression was the 

most appropriate method. Still, we also checked if the other methods resulted in 

different results. This data was not shown, but propensity score adjustment, inverse 

probability weighting and double robust techniques did not result in different 

estimates. This was also expected with weak confounders. The different methods 

adjust for the confounders in different ways, but as the confounders were weak, the 

result did not differ much between the methods. In this dataset no strong IV was 

found, therefore IV analysis was not possible. 

Clinical implications and recommendations for future studies
By developing prediction models for the occurrence and prognosis of MSD or LBP 

sick leave, and by evaluating the effect of partial sick leave on sick leave duration in 

employees with MSD, we aimed to reduce the problem of MSD sick leave. From the 

results in this thesis several clinical implications for practice and for research can be 

made, as well as recommendations for future studies.
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Implications and recommendations for practice
We developed prediction models for both MSD and LBP sick leave occurrence 

(chapter 2 and 3). As LBP is an MSD, some overlap in results may be expected. Both 

prediction models included a predictor related to having the complaint at baseline: 

musculoskeletal complaints in the prediction model for MSD sick leave, and pain/

stiffness in the back and physician-diagnosed musculoskeletal disorders/injuries in 

the prediction model for LBP sick leave. For MSD and LBP sick leave, support for this 

predictor was found in other studies (19-24). Furthermore, physical demands seems 

an important predictor in both prediction models, although the prediction model for 

MSD sick leave included educational level as a predictor, which might be a proxy for 

physical demands. Support for this predictor was also found in other studies for MSD 

and LBP sick leave (3, 4, 20, 23, 25). However, as the models are developed in different 

dataset with differences in occupational health checks, it is difficult to conclude if LBP 

sick leave is predicted with different predictors than MSD sick leave. This might be 

determined in future studies. 

Both models were developed with data from occupational health checks, providing a 

great opportunity to implement these prediction models after the assessment of this 

occupational health check. The performance of the model for the occurrence of MSD 

sick leave (chapter 2) performed better than the model for the occurrence of LBP sick 

leave (chapter 3). It is important to not solely judge the performance of the model 

based on the overall performance, such as the AUC score, but also at specific cut-off 

points. Then the specificity or sensitivity can be very high and can still be useful in 

providing support in determining which employees have a low or high risk of LBP sick 

leave. In chapter 3 cut-off points were presented for the prediction model. When the 

aim is to exclude employees from costly interventions to prevent sick leave, cut-off 

point of 0.2% will result in a high sensitivity, and none of the construction workers 

with a predicted risk of LBP sick leave lower than 0.2% had LBP sick leave during 

1-year follow-up.

After the assessment of occupational health checks, reports on a group level are 

presented to the employers with the results of the occupational health check. It could 

be useful to also present categories of the risk scores derived from the prediction 

models, as this can be more informative than only scores on separate risk factors. Still, 

external validation of these prediction models are needed before implementation 

in practice. However, when the risk score derived from the prediction models are 

consequently registered after the occupational health check, this data can be used 

for external validation. Furthermore, future studies should evaluate how to prevent 

sick leave in these high risk employees.
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In chapter 4, we developed a prediction model for the prognosis of LBP sick leave. 

It was expected that the occurrence of sick leave might be predicted by different 

predictors than the prognosis of sick leave. It is argued that different factors play a role 

in the decision of employees to call in sick and in the decision to return back to work, 

as during sick leave factors such as recommendations of occupational physicians may 

influence the sick leave prognosis (26, 27). Our results support that occurrence and 

prognosis are predicted by different predictors, although the model for sick leave 

prognosis only contained three predictors. Physical demands was both a predictor 

for LBP sick leave occurrence and prognosis in our studies. Still, we recommend for 

clinical practice to use different prediction models for the occurrence and prognosis 

of MSD and LBP sick leave.

The performance of the prediction model for the prognosis of LBP sick leave was 

considerably higher than the prediction models for the occurrence of MSD or LBP 

sick leave. It can be suggested that it is easier to predict sick leave prognosis in sick-

listed employees, than to predict sick leave occurrence in non-sick listed employees. 

As this is a small model, implementation should be fairly easy, as only assessment of 

three predictors are needed. When an employee visits an occupational physician, is 

sick-listed for 4-6 week, the occupational physician needs to determine the diagnose 

of the sick leave of the employee. Furthermore, the occupational physician should 

estimate the duration of sick leave and determine what possibilities are for the 

employee to improve recovery. When the occupational physician diagnoses the 

employee with non-specific LBP or spinal disc herniation, the occupational physician 

can determine the risk score of still being sick-listed 180 days after by assessing the 3 

predictors. Therefore our prediction model can enhance the evidence-based policy of 

occupational physicians. The occupational health service ArboNed is implementing 

the use of a prediction model for the prognosis of sick leave due to mental disorders. 

If future studies would externally validate our prediction model, this prediction 

model could also be implemented at ArboNed. Again, when the risk score would be 

assessed as standard protocol, this data can be used for external validation. 

Furthermore, this thesis showed that partial sick leave did not result in a different 

duration of sick leave in employees sick-listed due to MSD. However, if an employee is 

partially sick-listed, this provides lower costs and higher productivity than completely 

sick-listed. Dutch occupational physicians should recommend partial sick-listed if the 

employee is not negatively affected by it. This is according to Dutch legislation, and 

our results show that the implementation of this legislation was successfully done 

and with our study more evidence is based for it. 
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Implications and recommendations for research
From the results of this thesis, I would like to aim the implications for research and 

recommendations for future studies at the use of data. Throughout my PhD trajectory 

I have learned that research is very dependent on the availability and the quality of 

your data. The advantages and disadvantages of the data we used were described 

previously. However, I also have learned that when your data is not ideal to support 

your research question, it still can provide a lot of information. For example, the data 

for the development of the prediction models for the occurrence of MSD or LBP sick 

leave was not ideal as it did not include all important predictors. Still it is very useful 

to know if a prediction model could be developed based on this data, as the situation 

would be well suited for the implementation of such a model. Therefore I would like 

to recommend that future studies first evaluate whether the research question can be 

answered by using routinely collected data. First, it is important that all the relevant 

predictors or confounders are collected, and at a relevant timing. Furthermore, it 

is important for occupational health services and other organizations, to routinely 

collect data with validated questionnaires. Also, before using routinely collected 

data, it is important to know how the data was collected and what potential sources 

of bias are, such as selection bias. Only if routinely collected data is not suitable, 

then set up your own data collection and be prepared for difficulty of including high 

numbers of participants. I would recommend to consider the facilitators and barriers 

of occupational physicians to recruit participants before setting up a new study (28), 

such as engaging the entire clinical unit to recruit participants instead of individual 

occupational physicians.

For developing prediction models routinely collected data is already often used, but 

also for determining treatment effects, for instance in occupational healthcare, I would 

highly recommend future studies using more observational and/or routinely collected 

data. I believe that this provides a lot of opportunities for research, as the availability 

and the magnitude of routinely collected data increases. This also allows more research 

on different methods to analyze this data, since there is still a lot of progress that can be 

made in these methods also for other different data situations and research questions. 

Lastly, I recommend researchers to cooperate with other health organizations which 

routinely collect healthcare data for optimal combining of knowledge on research 

methods and possibilities of implementation in clinical practice. 
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