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Prevention strategies for sickness absence: sick individuals or sick populations?
Sickness absence mesmerizes many researchers, given the numerous publications on risk factors for sickness
absence. A large variety of risk factors have been identified, including work-related risk factors such as physical
work demands and psychosocial work factors (1, 2), unhealthy behaviors such as lack pf physical activity and
smoking (3,4), and chronic health problems (5). A logical next step seems to be the development of a prediction
model, whereby an individual’s profile on risk factors is converted into a probability on future sickness absence. In
the past few years, several prediction models have been developed and validated. It is in intriguing question how
to use these models in occupational health practice to identify workers at risk for prolonged sickness absence
reliably and to act on this.
The recent prediction models differ with respect to target populations, number, and type of predictors, and
definition of sickness absence to be predicted. A large Finnish study among public sector employees with a 12year follow-up used 17 factors in a prediction model for short-term sickness absence (≥10 days) and 14 predictors
for long-term sickness absence (≥90 days). The performance of the model, evaluated by the C-index (also known
as the area under the curve), for short-term sickness absence was 0.65 and for long-term sickness absence 0.74,
representing poor-to-moderate model performance. For workers with higher risk levels, the positive predictive
values were <10%, illustrating the poor predictive power of both models (6). Notenbomer and colleagues reported
a similar poor performance (C-index 0.62) in their prediction model for long-term sickness absence during one
year among workers with ≥3 sickness absence episodes in the previous year (7). In both studies, prior sickness
absence contributed modestly to the prediction models.
It may be argued that all-cause sickness absence is too crude a measure to predict, but prediction models
for sickness absence due to specific causes have shown similar disappointing results. A Dutch study in the
construction industry reported a C-index of 0.65 for a prediction model with six predictor variables for any certified episode of low back pain sick leave during 1-year follow-up (8). Likewise, Hoffen and colleagues focused
specifically on psychosocial work factors and sickness absence due to mental disorders. Their prediction model
discriminated poorly (C-index 0.65) between workers with and those without long-term sick absence >42 days
for mental health complaints during the 2-year follow-up (9). Shiri and colleagues developed a model with seven
self-reported predictors for disability retirement due to musculoskeletal disorders during an 11-year follow-up in
Finland. Although the overall performance of the model was promising with a C-index of 0.82, the rare occurrence
of the outcome of interest resulted in a positive predictive value of about 14%, illustrating that most workers who
entered disability retirement due to musculoskeletal disorders were not identified (10).
Are prediction models for sickness absence the holy grail in occupational health ? In theory, such models hold
the promise to target individuals at risk and improve management of sickness absence by addressing risk factors.
However, so far the models have shown disappointing results. Nevertheless, several authors seem optimistic that
their prediction models are useful for prevention strategies. Even with a C-index well below 0.70, it is stated that
“individual’s risk can be estimated” (6), that “the model discriminated significantly between workers with frequent
sickness absence and those without”(7), or that “the model’s risk predictions were adequate” (8). Apart from the
challenges to develop a valid prediction model, it appears that recent publications discuss too little whether the
aim of the decision model should be to detect predictors and their relative importance or to deliver predictions
for individuals at risk.
The important distinction between focus on predictors or prediction links directly to the potential usefulness of a prediction model in prevention strategies. The performance of recently developed models is certainly
not good enough for selective prevention, whereby groups of individuals at risk of prolonged sickness absence
or disability benefits can be identified and targeted for subsequent preventive actions. At best, these models
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illustrate the relative importance of various individual and work-related risk factors for sickness absence that
may be targeted in prevention strategies. In essence, current models are much more informative for identifying
predictors than for making predictions.
This conclusion raises the question whether prediction models for sickness absence can guide in the classical
choice between selective prevention or universal prevention. It is almost 35 years since Geoffrey Rose eloquently
phrased the notion that it is important to distinguish between individuals who are sick and sick populations. He
argued that the choice for the best prevention strategy should be determined by the distribution of risk in the
population: with an extreme distribution, the ‘high-risk’ approach ‒which seeks to protect susceptible individuals ‒ is more beneficial, whereas, with a continuous distribution of risk, the population approach ‒ which seeks
to control the causes of disease ‒ is more appropriate (11).
The recent prediction models on sickness absence have identified several risk factors that contribute to future
sickness absence such as high physical work demands, and shift work. These risk factors are commonly present
in occupational populations. Therefore, in line with Rose’s notion, our main concern should be to discover and
control the causes of sickness absence in the workforce.
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