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CHAPTER 1

General introduction



Chapter 1

I think that data analytics and prediction models should increasingly be put into practice in

insurance medicine.”

*I could use a prediction model during work disability assessments to verify whether the prognosis
that | make based on literature and guidelines is correct.”

“To be useful in practice, it is important to know exactly how the prediction model has been
developed, how each of the prognostic factors contributes to the prediction for a single claimant.”

“Given the limited occupational health resources, could data analytics guide insurance physicians
when they need to decide on the optimal allocation of the available time?"

These are quotes from managers and insurance physicians (IPs) of the Dutch Social Security
Institute (SSI). The quotes illustrate the opportunities of using data analytics and prediction
models in insurance medicine in the Netherlands. However, also some of the considerations
that IPs have and barriers that need to be overcome for successful implementation in practice
are mentioned. Despite the increasing power and potential benefits of big data and prediction
models, they are currently not systematically used in disability assessments in insurance
medicine in the Netherlands. Therefore, the overall aim of this thesis was to get insight into the
opportunities and challenges of data analytics in work disability assessments and rehabilitation
support.

Social security and insurance medicine in the Netherlands

In most European countries, workers who are sick listed can rely on financial support to
compensate loss of income and on support in returning to work [1]. For sick listed workers in the
Netherlands, this process is illustrated in the top part of figure 1. During the first two years of
sickness absence, employers are responsible for continued payment of wages and rehabilitation
support for employees with an employment contract. In contrast, workers without an employ-
ment contract (unemployed and temporary agency workers) can apply for a sickness absence
benefit at the SSI under the Sickness Benefits Act [2]. In 2019, about 298,000 individuals were
granted a sickness absence benefit by the SSI [3]. Sickness absence benefits equal 70% of the
last daily wage. They last as long as claimants are sick listed, with a maximum duration of two
years. As sick listed workers without an employment contract do not have a workplace to return
to, outflow from the sickness absence benefit does often not result in actual return to work [4].

After two years of sickness absence, both workers with and without an employment contract
can apply for a work disability benefit under the Dutch Work and Income Act (WIA). This is
shown in the bottom part of figure 1. As is the case for sickness absence benefits, work disability
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Figure 1. Flow chart of the sickness absence and work disability process

benefits can be approved for a disease or handicap due to either non-occupational or occupatio-
nal causes. If a claimant applies for a work disability benefit, a medical assessment of functional
abilities is conducted by an IP, who is employed by the SSI. Depending on the functional abilities
listed in the IP’s report, there may also be an assessment by a labor expert (LE) who calculates
the loss of former wages. A work disability benefit is granted if loss of income exceeds 35% of
former wages. About 46,000 individuals were granted a work disability benefit by the SSI in
2019 [3]. Eligibility for work disability benefit continues either until the SSI receives a notifica-
tion that someone has recovered, or when an IP assesses substantial improvement of the
medical situation such that functional abilities improve.

In the Netherlands, as in many other countries, IPs perform a crucial role in the sickness absence
and work disability process. Based on IPs’ assessment of diagnoses and functional limitations,
it is determined whether a benefit should be granted or not. During the medical disability
assessment, IPs also need to estimate prognosis of future changes in work disability as, once a



Chapter 1

work disability benefit has been granted, changes in health may alter its continuing eligibility
[1, 5]. IPs conduct medical re-assessments to determine whether a claimant’s health including
functional abilities has improved or deteriorated to such an extent that adjustment of the
benefit or support to return to work is required. In the Netherlands, IPs need to determine
during the medical work disability assessment if and when a re-assessment should be planned.
In general, IPs consider this as the most difficult part of the work disability assessment as it
requires rather complex predictions, in which a broad range of factors play a role [6, 7]. However,
accurate prognosis of future changes in work (dis)ability is important to identify those in need
for return to work interventions and to ensure that medical re-assessments are planned at the
time an interview with an IP or LE has most added value.

Facts and figures of work disability

Work disability occurs when someone is unable to perform occupational tasks due to a disease
or disorder. It is defined as the gap between personal capabilities and the roles and tasks
expected of an individual in the working environment [8, 9]. The dimension and severity of work
disability is not only determined by the physical and mental limitations that someone
experiences, but by several other factors as well. These include, for instance, a person’s
experience of the situation, the reactions and expectations of others (especially family
members, friends, and colleagues), and the possibilities to adjust the working environment and
working arrangements [10]. This means that not all health-related limitations lead to work
disability and that individuals that suffer from the same disease or disorder might experience

different levels of work disability.

In some cases, work disability can be solved with workplace adjustments, such as allowing
flexible working arrangements, providing a ramp, or purchasing speech recognition software.
However, in many cases such adjustments are not possible or insufficient for job retention. In
that case, individuals can apply for a work disability benefit. As benefits usually only partially
cover the loss of income that someone experienced, and individuals with disabilities have extra
costs directly related to the presence of the disability, work disability often leads to loss of
spendable income. Moreover, once a work disability benefit has been approved, the probability
of returning to work is low [11]. Long-term unemployment or occupational inactivity can be bad
for an individual’s health, especially for those with mental health conditions, and returning to
work is generally associated with health improvement [12-14]. Therefore, early identification of
specific at-risk groups and implementation of effective interventions to prevent long-term
occupational inactivity is important.

Today, work disability is one of the greatest societal and labor market challenges for policy
makers in most OECD countries. Public spending on work disability benefits has become a

10
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serious financial burden. On average, about 6% of the working-age population relies on
disability benefits and OECD countries spend on average 1.2% of their GDP on work disability
benefits [11]. This number rises to 2% when sickness absence benefits are included as well. In
some countries, e.g. the Netherlands, Norway, Denmark and Sweden, expenditures are even
higher, ranging from 3.1 to 4.8% of GDP. Although long-term sickness absence makes up only
a small proportion of absences, it accounts for more than one-third of days off and 75% of
sickness absence costs [15]. Hence, prevention of work disability and support for returning to
work are in the interest of individuals and society as a whole.

Work disability benefit rates have risen in the past decades and are expected to rise even further
in the future. One of the main reasons for this rise is the aging population, resulting in a sharp
increase in the proportion of the working population who are over the age of 60 years [16]. To
improve sustainability of pension schemes, many countries have started to implement
statutory retirement reforms that aim at increasing labor force participation of older workers.
However, the prevalence of disabilities and medical conditions that leave individuals unable to
work generally increase with age. If they work longer, workers have an increased risk of work
disability. Work disability benefits may become a substitute for early retirement for older
workers who are unable to work until the increased statutory retirement age [17]. Moreover, the
probability to return to work decreases with age, and the total number of sickness absence days
increases [18]. As both the incidence and prevalence of work disability are higher for older
workers, a further increase in work disability benefit rates is expected in the near future.

These developments will pose an even larger burden on the already limited capacity of the
occupational health system. The number of IPs working at the SSI as well as the number of
doctors that want to follow the postgraduate education in insurance medicine is limited [19]. To
be able to serve all benefit claimants now and in the future, there is a high demand for IPs. With
the exodus of the baby boomers from the work force, resulting in the retirement of many IPs in
the next years, the shortage of IPs will increase even further [20]. This poses additional
challenges to the occupational health system and highlights the need for solutions to make the
system more effective, e.g. by delegating tasks from IPs to practice staff, using new
technologies or predictive analytics.

Gaining further insights into factors associated with long-term sickness absence and work
disability might be one of these solutions. In this context, work ability is an important concept.
It is defined as the physical, mental and social fit of an individual with the work demands and
capability to participate in work [21]. Work ability is commonly measured with the Work Ability
Index (WAI), a questionnaire on the demands of work, an individual’s health status and
resources [21, 22]. The application of the WAI in research as well as in occupational health

services has generally been recognized [23, 24]. Self-assessed work ability is a strong predictor
11
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for sickness absence duration and return to work [25, 26]. The concept might help occupational
health professionals to better evaluate what is needed in order for sick listed individuals for
(partial) return to work, to determine the aspects that could be changed or improved, and to
compose a rehabilitation program [27]. As work ability does not necessarily relate an individual's
work capacity to the present job, but can consider any kind of jobs found on the labor market,
the concept is also relevant for workers without an employment contract [28].

Decision support tools in occupational and insurance medicine

Early identification of individuals at risk of long-term sickness absence and work disability, and
an overview of factors associated with sickness absence duration, can help occupational health
professionals to target specific at-risk groups and identify effective interventions. For effective
planning of re-assessments and allocation of limited resources to support return to work, it may
be helpful to quantify which individuals are likely to benefit most from it. For instance, which
individuals have an increased risk for long-term sickness absence? Which claimants with a work
disability benefit are most likely to experience future improvement in work ability as proxy
measure for (increase in) RTW? Is it possible to allocate sick listed workers into distinct groups
and offer return to work interventions tailored at the characteristics of these groups?

Prediction models may help to answer the above questions as they enable objective and
standardized quantification of a claimant’s probability to experience a certain outcome in the
future (e.g. long-term sickness absence or work disability). They are useful for the identification
of specific groups at risk, and may assist professionals in standardizing the decision making
process. Throughout the last decade, several prediction models have been developed focusing
on sick-listed workers with an employment contract [29-31]. However, prediction research is
relatively new to the field of insurance medicine.

The iterative process of building a prediction model is shown in figure 2. First, the study
objective and requirements need to be defined. Based on these, it has to be determined which
data is needed and which data sources can be used. The data preparation phase covers all
activities from collecting the initial data to cleaning the data and constructing the final dataset.
Data can be collected from different sources, for instance registration data or self-reported
questionnaires. Before we can build a model, we should transform the data so that it meets the
specific requirements of the modelling techniques that we want to apply. This covers, for
instance, dealing with missing data, handling categorical data and scaling. Next, appropriate
modelling techniques can be applied. As it is usually unknown beforehand which is the best
modelling technique, several models will be created and tested. These models can be used to
generate predictions, forinstance by classifying subjects into different categories based on their

12
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Figure 2. Steps used in building a prediction model

characteristics. The final step is to validate the model predictions to ensure that they generalize
against unseen data and that the models meet the practical requirements, and to decide about
model deployment. As new insights emerge and knowledge is gathered, throughout the
process there can be a loop back to one of the previous steps.

Once a prediction model has been selected for implementation, clear presentation of the
outcome of the model is important to ensure proper use in practice. Prediction models are
usually presented to professionals as part of a clinical decision support tools (suitable interfaces
that display the outcome of a prediction model). They match the characteristics of individual
patients with clinical knowledge base or a decision rule, and present patient-specific assess-
ments or recommendations to clinicians. Clinical decision support tools make the results of
prediction models easily accessible and interpretable for professionals [32]. These tools are
designed to support decision-making; they can introduce efficiencies into the system, optimize
the time with the client, improve the overall quality of services and return to work interventions,
and increase occupational health quality and efficiency [33-35]. Although such tools are more
common in clinical practice, they are currently lacking in insurance medicine in the Netherlands.
To be of added value in practice, not only the evidence base underlying these tools needs to be
relevant and of high quality, but it is also important that the tool itself is easily accessible and

interpretable. Therefore, anticipating on the needs of IPs and other professionals regarding the
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preferred way of use and design are key components when developing an implementable and
effective decision support tool [36].

Aim of this thesis
The main aim of this thesis is to investigate how data-driven insights, prediction models and
decision support tools can help IPs in the Netherlands in making evidence-based decisions
regarding prognosis of work ability and support to return to work. The primary objectives of this
thesis are:
1. To give an overview of factors associated with work disability entitlement and
duration;
2. To predict risk of long-term sickness absence and identify distinct subgroups of sick-
listed workers without an employment contract;
3. Todevelop a prediction model and decision support tool predicting future changes in
work ability of work disability claimants;
4. To getinsight into the efficacy of the decision support tool and IPs’ attitudes towards
use of the tool.
The answers to these questions may assist IPs and other occupational health professionals to
make more accurate decisions regarding prognosis of claimants with a sickness absence and
work disability benefit. Moreover, the answers may help to target groups of individuals who are
at risk for long-term sickness absence and work disability, identify effective return to work
interventions for these groups and increase efficiency.

Outline of this thesis
The thesis is organized as follows:

e Chapter 2 provides an overview of the sociodemographic characteristics and diag-
noses of individuals who have been granted a work disability benefit, and examines
the duration of their benefits.

e The results of a longitudinal study on prognostic factors for long-term sickness
absence among sick listed workers without an employment contract are presented in
chapter 3. Moreover, this study describes factors that could be used to identify distinct
subgroups of sick listed workers.

e  Aprediction model for changes in work ability of claimants one year after approval of
the work disability benefit is presented in chapter 4.

e  Chapter 5 describes the results of a focus group study to explore the preferable way of
use and design of a decision support tool for IPs and LEs, based on the prediction
model presented in Chapter 4.

14
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Chapter 6 describes whether use of such a tool affects IPs’ prognosis of work ability
and their prognostic confidence, and assesses IPs’ attitudes towards use of the tool in
practice.

Chapter 7 summarizes and discusses the main research findings, and considers the
implications for research, policy and practice.
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Abstract

Background Today, work disability is one of the greatest social and labour market challenges
for policy makers in most OECD countries, where on average, about 6% of the working-age
population relies on disability benefits. Understanding of factors associated with long-term
work disability may be helpful to identify groups of individuals at risk for disability benefit
entitlement or continuing eligibility, and to develop effective interventions for these groups.
The purpose of this study is to provide insight into the main diagnoses of workers who qualify
for disability benefits and how these diagnoses differ in age, gender and education. Using a five-
year follow-up, we examined the duration of disability benefits and how durations differ among

individuals with various characteristics.

Methods We performed a cohort study of 31,733 individuals receiving disability benefits from
the Dutch Social Security Institute (SSI) with a five-year follow-up. Data were collected from SSI
databases. Information about disorders was assessed by an insurance physician upon benefit
application. These data were used to test for significant relationships among sociodemo-
graphics, main diagnoses and comorbidity, and disability benefit entitlement and continuing
eligibility.

Results Mental disorders were the most frequent diagnosis for individuals claiming work
disability. Diagnoses differed among age groups and education categories. Mental disorders
were the main diagnosis for work disability for younger and more highly educated individuals,
and physical disorders (generally musculoskeletal, cardiovascular and cancer) were the main
diagnosis for older and less educated individuals. In 82% of the claims, the duration of disability
benefit was five years or more after approval. Outflow was lowest for individuals with (multiple)
mental disorders and those with comorbidity of mental and physical disorders, and highest for
individuals with (multiple) physical disorders.

Conclusions The main diagnosis for persons entitled to disability benefits was mental health
problems, especially for young women. In a five-year follow-up, claim duration for disability
benefits was long lasting for most claimants.

20



Characteristics of individuals entering and leaving disability benefits

Background

Today, work disability is one of the greatest social and labour market challenges for policy
makers in most OECD countries [1]. On average, about 6% of the working-age population relies
on disability benefits. Public spending on these benefits has become a serious burden. In the
Netherlands, spending on disability benefits has risen to 4% of the gross domestic product.
Moreover, once a disability benefit has been approved, the probability of returning to work is
low [1]. Long-term unemployment or occupational inactivity is bad for an individual's health,
especially those with mental health conditions, and returning to work is generally associated
with health improvement [2-4]. Thus, prevention of work disability and support for returning to

work are in the interest of individuals and society as a whole.

Dutch social security legislation allows workers to apply for a disability benefit after two years
of sick leave (see text box) [5]. Disability benefits can be approved for a disease or handicap due

to either social (i.e. non-occupational) or occupational causes.

In the Netherlands, disability benefits are assessed by the Dutch Social Security Institute
(SSI). After two years of sick leave, individuals can apply for a disability benefit under the
Dutch Work and Income Act (WIA). A medical disability assessment (i.e. diagnoses and
functional abilities) is conducted by an insurance physician (IP) who is employed by the SSI.
Depending on the functional abilities listed in the IP's report, there may also be an
assessment by a labour expert who calculates the loss of former wages. A disability benefit
is granted if loss of income exceeds 35% of former wages. Disability benefits can be approved
for a disease or handicap due to either social (i.e. non-occupational) or occupational causes.
Certain circumstances may change a person’s continuing eligibility for disability benefits. A
disability benefit ends if the SSI IP determines that the medical condition has improved
substantially and the labour expert calculates that loss of income is less than 35% of former

wages. Other main causes are retirement and death.

Return to work patterns and the effectiveness of interventions aimed at a return to work differ
across individuals and their specific characteristics and health conditions [6, 7]. In Sweden, the
majority of psychiatric outpatients with depression were female, less than 44 years, and had
completed more than g years of compulsory education [8]. Moreover, the duration of mental
health-related disability was influenced by sociodemographic factors such as age and
education, and clinical factors such as comorbidity [g, 10]. A Dutch study among cancer
survivors following 2 years of sick leave concluded that among other factors, higher education,
physical limitations and low self-reported work ability were associated with an increased risk for

work disability [11]. For other physical disorders, such as lower back pain and major limb trauma,
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older age, low education level and smoking were significant predictors for long-term work
disability [12, 13].

Whereas most studies about individuals at risk for long-term disability benefits and factors
affecting return to work focus on a specific diagnosis, an overview of all diagnoses is missing.
Therefore, in the present study we included all individuals who had been granted a long-term
disability benefit in the Netherlands. An overview of individual characteristics provides insight
into the range of diagnoses and how they differ among age groups, gender and education. This
approach can help to target specific at-risk groups and identify effective interventions to
prevent long-term work disability. Therefore, the aim of this study was twofold. The first aim
was to identify the most important diagnoses for which individuals claim an inability to work,
and to examine how diagnoses differ among age groups, gender and educational levels.
Second, using a five-year follow-up, we aimed to determine the duration of the disability benefit

and how durations differed among individuals with various characteristics.

Methods

Study population

The study cohort included 31,733 subjects who had been granted a WIA disability benefit by the
SSlI between July 2010 and June 2011 after a medical disability assessment by an IP. Subjects in
the study sample were assessed as having a full and permanent work disability, non-permanent
but full work disability, or permanent and partial work disability. Individuals in the latter group
had some work capacity and were possibly enrolled in a (part-time) job. Adults disabled since
childhood were not included in the study sample since in the Netherlands they are not entitled
to a WIA disability benefit (instead they can apply for a Disablement Assistance Act for
Handicapped Young Persons disability benefit when they turn 18).

Sociodemographics

Sociodemographic data including gender, age and education are registered in the SSI database
upon application for benefits. For further analysis, age was categorized into four groups: <35,
35-44, 45-54 and 55+ years. Three education levels were defined based on the highest level of
education completed; low (primary school, lower vocational education, lower secondary
school), secondary (intermediate vocational education, upper secondary school), and high
(upper vocational education, university). The educational level is usually registered during the
labour expert’s assessment. Since this assessment is not necessary when the IP assesses full and
permanent work disability, the education level was missing for 4,036 individuals in our study
sample. We excluded these individuals from the analyses concerning the education level, as we
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could not deduce any information about their educational level and were therefore not able to
use the results.

Disorders

When applying for a disability benefit, the assessment of diagnoses and functional abilities is
done by an IP who is employed by the SSI. The IP lists disorders according to the Dutch
Classification of Occupational Health and Social Insurance (CAS). The CAS is based on the
International Statistical Classification of Disease and Related Health Problems (ICD-10)
diseases, a medical classification list from the World Health Organization [14]. The IP can list up
to three disorders during the medical disability assessment. These diagnoses are divided into 14
categories, according to the ICD-10 classification, which we used in this study.

Comorbidity

For this study, we created a comorbidity classification scheme based on the CAS, as established
classification schemes did not fit our study data. CAS includes only information about the
existence of disorders, and not about their severity. The IP lists in CAS the first (main) diagnosis
for which an individual claims inability to work, and possibly a second and third diagnosis. The
IP will only mention a second or third diagnoses if he or she believes that these result in
important, additional functional disabilities. Therefore, in the present study, we considered all
second and third diagnoses as comorbidity, independent of the disease categories of the ICD-
10 classification that the disorders belong to.

We defined comorbidity as two or three disorders being listed for an individual. To gain insight
into the disorders present in cases of comorbidity, we divided the diagnostic categories into
mental (mental disorders) and physical disorders (all remaining disorders). Possible conditions
of comorbidity were multiple mental disorders, multiple physical disorders or a comorbidity of
mental and physical disorders.

Continuing eligibility for disability benefit

We used a follow-up period of five years. For each individual in the study sample, we used SSI
registration data to determine whether the benefit ended within one, three or five years after
the date of approval (and if so, for what reason). During this five-year follow-up period, there
were no major changes in legislation or working processes that could have influenced our

results.

Statistical Analysis

Statistical analyses were performed in RStudio for Windows, version 0.99.902. The chi-square

test for categorical variables was used to compare sociodemographic characteristics, dis-

orders, comorbidity and outflow from disability benefits among various groups of individuals.
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Multinomial regression models were used to test for relationships between disorders,
comorbidity and outflow from disability benefit respectively (dependent variable) and socio-
demographic characteristics, disorders and comorbidity (independent variables) while taking
confounding effects into account. The level of significance was set at p<o.05.

Results

Characteristics of the study population

The sociodemographic characteristics and disorders of the study population are summarized in
table 1. To facilitate interpretation, all numbers were rounded to the nearest ten. The mean age
was 46.8 years (SD, 10.6) and the number of men and women was approximately equal. Table
2 shows the age categories and educational levels divided by gender. Women who qualified for
disability benefits were on average younger [y*(df=3; n=31,733)=519.33, p=0.000], and more
highly educated [y*(df=2; n=27,697)=262.43, p=0.000] than men.

Table 1. Summary of sociodemographic characteristics
and disorders (n=31,730)

Study sample, n (%)

Sociodemographics

Gender
Male 15,650 (49)
Female 16,090 (51)
Age category
<35 5,210 (16)
35-44 7,060 (22)
45-54 10,160 (32)
55+ 9,300 (29)
Educational level
Low 16,820 (53)
Secondary 7,390 (23)
High 3,500 (11)
Unknown 4,040 (13)
Disorders

Main causes of work disability

Cancer 2,510 (8)
Cardiovascular 2,790 (9)
Mental 10,870 (34)
Musculoskeletal 8,410 (27)
Nervous system 2,090 (9)
Other 4,260 (13)

24



Characteristics of individuals entering and leaving disability benefits

Table 2. Age and educational level by gender
Gender, n (%)

Male Female

Age category

<35 2,070 (13) 3,140 (20)

35-44 3,230 (21)  3,830(24)

45-54 4,940(32)  5220(33)

55+ 5400 (35) 3,890 (24)
Educational level

Low 8,860 (57) 7,960 (50)

Secondary 3,290 (21) 4,100 (26)

High 1,400 (9) 2,100 (13)

Unknown 2,100 (13) 1,940 (12)

Table 3. Main diagnosis by age, gender and educational level

Main diagnosis, n (%)

Mental Musculo- Nervous Cardio- Cancer Other
skeletal system vascular
Gender
Male 5,160 (33) 4,170 (27) 1,460 (9) 1,860 (12) 890 (6) 2,110 (13)
Female 5,710 (35) 4,240 (26) 1,450 (9) 930 (6) 1,620 (10) 2,150 (13)
Age category
<35 2,970(57) 1,000 (19) 460(9) 80 (1) 120(2) 590 (11)
35-44 3,150 (45) 1,690 (24) 670 (10) 320(5) 360 (5) 860 (12)
45-54 3,010 (30) 2,910 (29) 950 (9) 1,010 (10) 960 (9) 1,340 (13)
55+ 1,740(19)  2,810(30) 820(9) 1,380(15)  1,070(12) 1,470 (16)
Educational level
Low 5350(32) 5860(35)  1,210(7) 1,470 (9) 830 (5) 2,100 (12)
Secondary 2,680 (36) 1,820(25) 750 (10) 610 (8) 470 (6) 1,070 (14)
High 1,510 (43) 470 (13) 450 (13) 280 (8) 280 (8) 500 (14)

Main diagnoses for work disability

Table 1 shows the main disorders as listed by the IP for medical disability assessment. Mental
disorders were most often mentioned, followed by musculoskeletal disorders, nervous system
disorders, cancer and cardiovascular system disorders. The category “other” consisted of
various classes of physical disorders that were listed less frequently (among others respiratory
system, digestive system and genitourinary system disorders).

Table 3 shows that the main diagnosis for work disability differed significantly among age
categories [y*(df=15; n=31,733)=3306.1, p=0.000], with mental disorders as the main diagnosis
for individuals younger than 55 years, and musculoskeletal disorders the main diagnosis for
individuals 55 years and older. The differences in leading diagnoses between men and women
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were statistically significant but smaller [y*(df=5; n=31,733)=541.15, p=0.000]. Mental and
musculoskeletal disorders were registered with approximately the same frequency for women
and men. However, cancer was more often registered for women (mostly breast cancer) and

cardiovascular disorders for men (mostly stroke, heart attack).

The leading diagnosis also differed for educational level [y*(df=10; n=27,697)=857.12, p=0.000].
Individuals who were more highly educated suffered more often from mental disorders, nervous
system disorders and cancer, whereas individuals who were less educated suffered more often

from musculoskeletal and cardiovascular disorders.

Comorbidity

More than half of the individuals in the study population (55.8%) suffered from comorbidity.
Table 4 shows that work disability due to comorbidity was mentioned as frequently for men as
for women [y*(df=1; n=31,733)=0.356, p=0.551], and more often for older [y*(df=3;
n=31,733)=92.866, p=0.000] and less educated individuals [y*(df=2; n=27,697)=168.65, p=0.000].
Considering the main diagnoses for work disability [y*(df=5; n=31,733)=765.29, p=0.000],
individuals with cancer suffered least often from comorbidity and individuals with

musculoskeletal disorders most often.

Table 4. Comorbidity by sociodemographics and main diagnosis
Comorbidity, n (%)

Yes No

Gender

Male 8,700 (56) 6,940 (44)

Female 9,010 (56) 7,080 (44)
Age category

<35 2,690 (52) 2,520 (48)

35-44 3,770(53) 3,290 (47)

45-54 5780(57) 4,390 (43)

55+ 5470 (59) 3,830 (41)
Educational level

Low 10,240 (61) 6,580 (39)

Secondary 4,060 (55) 3,330 (45)

High 1,760 (50) 1,730 (50)
Main diagnosis causing work disability

Cancer 930 (37) 1,580 (63)

Cardiovascular 1,640(59) 1,150 (41)

Mental 6,310 (58) 4,560 (42)

Musculoskeletal 5,180 (62) 3,230 (38)

Nervous system 1,190 (41) 1,710 (59)

Other 2,460(58) 1,800 (41)
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100%

2% 8%
90% 6% 20% =7 3%
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# 3 % 27% 37% Multiple physical disorders
30% 1
o 10% .
20% m Comorbidity of mental and
10% 23% 22% physical disorders
0%
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(n=5,080) (n=6,860) (n=9,920) (n=9,140)
Figure 1. Comorbidity for individuals of various age groups

Figure 1 shows the (combination of types of) diagnoses registered by the IP during a medical
disability assessment for each age category. For younger individuals, comorbidity was most
often a combination of multiple mental disorders, and for older individuals it was most often a
combination of multiple physical diagnoses (musculoskeletal, nervous or cardiovascular

disorders).

Continuing eligibility for disability benefits

Of the individuals who had been granted a disability benefit in the study time frame, 964
individuals (3%) left in the first year, 2,607 (8%) in the second and third year, and 2,258 (7%) in
the fourth and fifth year. All other individuals (25,907; 82%) continued to receive disability
benefits after five years. Outflow was caused by retirement (37%), death (30%), improvement
of the medical condition (such that individuals could earn at least 65% of former wages [28%]),

or other reasons such as imprisonment or pregnancy (5%).

Table 5 shows that the main reason for outflow in the first year was death, in the second and
third year income loss lower than 35% of former wages earned, and in the fourth and fifth year
retirement. Table 6 shows that the differences for gender [y*(df=3; n=31,733)=37.549, p=0.000]
and age categories [y*(df=9; n=31,733)=2259.8, p=0.000] were statistically significant, but small.
There was no difference for education categories [y*(df=6; n=27,697)=5.9007, p=0.434].

The outflow of disability benefits differed by class of the leading diagnoses for work disability
[X’(df=15; n=31,733)=2148.4, p=0.000]. In the first year, the outflow consisted mainly of
individuals diagnosed with cancer who died within one year after their disability benefit was
approved. After four and five years, more older individuals with musculoskeletal and cardio-

vascular disorders left because of retirement.
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Continuing eligibility for disability benefits was highest for individuals with single or multiple
mental disorders and individuals facing a comorbidity of mental and physical disorders, and
lowest for individuals with single or multiple physical disorders [x*(df=15; n=1,733)=653.9,

p=0.000].

Table 5. Timing and reason for outflow of disability benefit

Reason for outflow of disability benefit, n (%)

Retirement  Death Income loss <35%  Other Total
Outflow of disability benefit
1™ year 200 (21) 490 (52) 170 (18) 100 (10) 960 (100)
2" or3"year 790(30)  750(29) 930 (36) 140(5) 2,610 (100)
4" or 5™ year 1,140 (50) 510 (22) 540 (24) 80 (3) 2,260 (100)

Table 6. Outflow of disability benefits by sociodemographics, main diagnosis and comorbidity
Outflow of disability benefit, n (%)
1¥year  2Mor3®  4Mors™  Continuing

year year eligibility
Gender
Male 510 (3) 1,330 (8) 1,230 (8) 12,590 (80)
Female 450 (3) 1,280 (8) 1,030 (6) 13,330 (83)
Age category
<35 110 (2) 370(7) 200 (4) 4,530 (87)
35-44 130(2) 510 (7) 220 (3) 6,200 (88)
45-54 230 (2) 560 (5) 380 (4) 9,000 (88)
55+ 490(5)  1,170(13)  1,450(16) 6,180 (66)
Education level
Low 360 (2) 1,300 (8) 1,200 (7) 13,950 (83)
Secondary 160 (2) 570 (8) 450 (7) 6,150 (83)
High 70 (2) 290 (8) 270 (8) 2,860 (82)
Main diagnosis causing work disability
Mental 160 (1) 670 (6) 540 (5) 9,500 (87)
Musculoskeletal 190 (2) 650 (8) 570 (7) 7,000 (83)
Nervous system 50 (2) 150 (5) 220(7) 2,490 (86)
Cardiovascular 60 (2) 250 (9) 300 (11) 2,180 (78)
Cancer 370 (15) 490 (19) 250 (10) 1,410 (56)
Other 140 (3) 400 (9) 390(9) 3,330 (78)
Comorbidity
Single mental disorder 80 (2) 310 (7) 220 (5) 4,020 (87)
Multiple mental disorders 30 (1) 160 (5) 130 (4) 2,680 (89)
Single physical disorder 490 (5) 940 (10) 770 (8) 7,070 (76)
Multiple physical disorders 250 (3) 740 (10) 710 (9) 6,010 (78)
Mental and physical disorders 100 (2) 410 (6) 390 (6) 5,490 (86)
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Discussion

Main findings

Disability diagnoses differed significantly among age groups and education categories; mental
disorders were the main diagnosis for work disability for younger and more highly educated
individuals, and physical disorders (mainly musculoskeletal, cardiovascular and cancer) for older
and less educated individuals. The differences between men and women were small. Multiple
diagnoses were registered for more than half of the population. Older and less educated
individuals suffered relatively often from comorbidity. In the five-year follow-up, the con-
tinuation of disability benefits for five years or more after approval was high. Only 18% of the
individuals in our study sample discontinued their disability benefits in the five-year follow-up
period. Continuing eligibility for disability benefit was highest for individuals with (multiple)
mental disorders and those with a comorbidity of mental and physical disorders, and lowest for
individuals with (multiple) physical disorders.

Interpretation of findings and comparison with other studies

The current finding that women who qualify for disability benefits are on average younger and
more educated than men confirms previously reported findings. A reason for this difference in
age of entry to disability benefits is the relatively low number of older women among the
insured population [15]. This is most likely because a few decades ago many women did not
continue paid work after giving birth. More recently, the proportion of women aged 50 -64 years
in the workforce has increased, and is still increasing such that the employment gap between

men and women is becoming smaller [16,17].

We found that mental disorders were the main diagnosis for work disability. This is in line with
the finding that mental disorders are the leading cause of sickness absence and work disability
in OECD countries [18]. Research shows that mental health impairments have increased over
the past years. This could be explained by the changing content of communication and social
networks, and the changed and increased job demands in the workplace [19, 20]. All these
factors make it increasingly difficult for workers with mental health problems to return to work.
Our finding that younger individuals in particular suffer from mental disorders corresponds with
the finding that younger generations are at increased risk for mental health problems [1, 21].
Two major explanations are changes in the workplace that have increased the prevalence of
work-related stress, and the changing content of communication and social networks. Our
finding is a problem because work absence due to mental illness is often long lasting. In the
Netherlands, the median duration of absence due to mental illness has increased. The
probability of resuming work decreases with the increasing duration of absence due to illness
[22]. Conversely, the prevalence of musculoskeletal disorders as the main diagnosis for work
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disability is higher for older individuals. An association between age and musculoskeletal
disorders is generally found in several studies [23, 24].

Concerning the relationship between the main diagnoses for work disability and education, we
found that individuals who were more highly educated suffered more often from mental
disorders, nervous system disorders and cancer, and individuals who were less educated
suffered more often from musculoskeletal and cardiovascular disorders. This may be due to
differences in the type of jobs and workplaces for these two groups.

A considerable part of our study population (65%) suffered from comorbidity. Research shows
the importance of comorbidity as a predictor for long-term work disability [25]. Multiple
physical symptoms have a generic negative influence on the effectiveness of treatment for
symptoms of depression and anxiety in primary care [26].

The duration of disability benefits is longer for older workers, when the main diagnosis for work
disability is a mental disorder and when comorbidity is present, and only related to gender and
education to a limited extent. Similar findings can be found in the literature on prognostic
factors for long-term disability due to mental disorders [27]. Of the individuals in the study
population, 82% had continuing eligibility for their disability benefits five years after approval.
An application for disability benefits can be requested after two years of sick leave. This means
that individuals who qualify for disability benefits have already been sick for a long period of
time and have severe disorders that may be more difficult to treat. In addition, in these two
years, the system does not offer many incentives for individuals to return to work. Hence,
(partial) recovery after two years of sick leave would be unexpected. This could explain the low
outflow in the present cohort.

Strengths and limitations of the study

An important strength of this study is the large study sample. By covering the entire Dutch
population applying for long-term disability benefits, with a one-year inflow period and a five-
year follow-up period, our study population is highly inclusive. To our knowledge studies about
individuals at risk for long-term disability benefits generally focus on one specific diagnosis,
while we included all individuals who were granted a disability benefit in the Netherlands in the
one-year inflow period. By doing this, we can give an overview of all diagnoses for which
individuals claim work disability. In addition, in most studies in the field of work disability the
follow-up period is only one or two years, while we were able to use a follow-up period of five
years after approval of the benefit. We performed a similar study with individuals who were
granted a disability benefit in 2015 and the individual characteristics, main diagnoses for work
disability and comorbidity numbers were similar to the ones in this study, thus confirming our
results here. The figures on the sociodemographic characteristics of individuals receiving
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disability benefits are also consistent with SSI data [28]. A limitation of only testing for bivariate
relationships is that it is not possible to control for confounding effects. Therefore, we have also
performed three multinomial regression analyses (with main diagnosis for work disability,
comorbidity and continuing eligibility for disability benefits respectively as the dependent
variables). The results of these regression analyses can be found in Appendix A. They confirm
the statistical bivariate relations that we found with the chi-square tests.

A study limitation is that data was not collected for research purposes, but rather registered by
SSI employees for administration purposes. Although careful registration is important for
internal processes, employees might not have been fully aware of the importance of complete
and comprehensive administration and some records contained missing data. For that reason,
we had to exclude 4,036 individuals from our analyses concerning the education level as their
values were missing. In this study, we considered only sociodemographic factors, main
diagnosis, comorbidity and claim duration. However, there could be other factors (partly)
explaining our findings.

Practical implications

This study provides insight into the sociodemographic factors and health complaints of
individuals who qualify for disability benefits in the Netherlands and shows that continuing
eligibility for disability benefits is high. This information can help identify specific at-risk groups
when policies are aimed at decreasing the number of applications for disability benefits. The
results of this study may be useful when policy makers investigate how to reduce long-term
disability benefits. In this context, the focus should be on individuals who leave for reasons other
than retirement and death. Increased understanding of the characteristics of this group and
how to support them in returning to work is needed. Conducting re-assessments, wherein the
SSI would assess whether or not someone’s health had improved enough so that their earning
capacity had increased, is a possible way to motivate individuals to return to work.

Conclusions

This study provides an overview of the sociodemographic characteristics and diagnoses of
individuals who have been granted a disability benefit, and examines the duration of their
benefit. Therefore, it contributes to insight into the range of diagnoses and how they differ in
age, gender and education. An understanding of factors associated with long-term work
disability may be helpful to identify groups of individuals who are at risk for continuing eligibility
for disability benefits and to develop effective interventions for these groups.
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Appendix

Table 7. Relation between main diagnosis for work disability and sociodemographic characteristics

Main diagnosis®  Independent Coefficient ~ Standard  Zstatistic  p-value  RRR®
variables error
Musculoskeletal  Intercept -2.484 0.074 -33.47 0.000
Gender
Male 1.00 (ref)
Female 0.095 0.031 3.10 0.002 1.10
Age 0.055 0.001 37.17 0.000 1.06
Educational level
Low 1.00 (ref)
Secondary -0.379 0.039 -10.27 0.000 0.68
High -1.293 0.057 -22.59 0.000 0.27
Unknown -1.820 0.072 -25.41 0.000 0.16
Nervous system  Intercept -3.135 0.104 -30.15 0.000
Gender
Male 1.00 (ref)
Female -0.018 0.043 -0.43 0.666 0.98
Age 0.037 0.002 28.23 0.000 1.04
Educational level
Low 1.00 (ref)
Secondary 0.284 0.053 5.37 0.000 1.33
High 0.260 0.063 411 0.000 1.30
Unknown 0.447 0.062 7.21 0.000 1.56
Cardiovascular Intercept -6.185 0.141 -43.97 0.000
Gender
Male 1.00 (ref)
Female -0.518 0.046 -11.17 0.000 0.60
Age 0.106 0.003 40.37 0.000 111
Educational level
Low 1.00 (ref)
Secondary 0.014 0.056 0.25 0.805 1.01
High -0.395 0.074 -5.33 0.000 0.67
Unknown -0.001 0.066 -0.02 0.985 1.00
Cancer Intercept -6.615 0.144 -45.87 0.000
Gender
Male 1.00 (ref)
Female 0.775 0.049 15.92 0.000 2.17
Age 0.091 0.003 34.93 0.000 1.10
Educational level
Low 1.00 (ref)
Secondary 0.257 0.064 4.00 0.000 1.29
High 0.096 0.077 1.28 0.200 1.10
Unknown 1.396 0.059 23.52 0.000 4.04
Other Intercept -3.303 0.093 -35.48 0.000
Gender
Male 1.00 (ref)
Female 0.061 0.037 1.63 0.103 1.06
Age 0.051 0.002 28.23 0.000 1.05
Educational level
Low 1.00 (ref)
Secondary 0.107 0.045 2.36 0.018 1.11
High -0.197 0.059 -3.36 0.000 0.82
Unknown 0.035 0.057 0.61 0.543 1.04

° Reference category is mental disorders, RRR = relative risk ratio
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Table 8. Relation between comorbidity and sociodemographic characteristics and main diagnosis for work
disability

Comorbidity”  Independent Coefficient ~ Standard  Zstatistic  p-value  RRR®
variables error
Multiple Intercept -0.231 0.057 -4.08 0.000
mental, Gender
multiple Male 1.00 (ref)
physical or Female 0.103 0.024 4.37 0.000 0.80
comorbidity Age 0.016 0.001 13.99 0.000 1.11
of mental Educational level
and physical Low 1.00 (ref)
disorders Secondary -0.193 0.029 -6.71 0.000 0.82
High -0.382 0.038 -9.96 0.000 0.68
Unknown -0.670 0.037 -17.88 0.000 0.51
Main diagnosis
Mental 1.00 (ref)
Musculoskeletal  -0.044 0.031 -1.40 0.160 0.96
Nervous system  -0.723 0.043 -16.73 0.000 0.49
Cardiovascular -0.121 0.045 -2.66 0.008 0.89
Cancer -0.887 0.048 -18.41 0.000 0.41
Other -0.095 0.038 -2.53 0.013 0.91

® Reference category is no comorbid disorders (single mental or single physical disorder)
®RRR = relative risk ratio

Table 9. Relation between continuing eligibility for disability benefit and sociodemographic characteristics, main
diagnosis for work disability and comorbidity

Outflow of  Independent variables Coefficient ~ Standard ~ Zstatistic  p-value  RRR®
benefit® error
Outflow in Intercept -5.934 0.230 -25.78 0.000
1* year Gender
Male 1.00 (ref)
Female -0.255 0.070 -3.64 0.000 0.78
Age 0.042 0.004 10.36 0.000 1.04
Educational level
Low 1.00 (ref)
Secondary 0.057 0.099 0.58 0.564 1.06
High -0.024 0.133 -0.18 0.860 0.98
Unknown 1.033 0.087 11.84 0.000 2.81
Main diagnosis
Mental 1.00 (ref)
Musculoskeletal -0.347 0.214 -1.62 0.105 0.71
Nervous system -0.925 0.249 -3.71 0.000 0.40
Cardiovascular -0.761 0.241 -3.15 0.002 0.47
Cancer 1.351 0.213 6.33 0.000 3.86
Other -0.079 0.221 -0.17 0.864 0.96
Comorbidity
Single mental disorder 1.00 (ref)
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Table 9. Continued

Outflow of  Independent variables Coefficient ~ Standard ~ Zstatistic  p-value  RRR®
benefit’ error
Multiple mental disorders -0.302 0.211 -1.43 0.153 0.74
Single physical disorder 0.876 0.242 3.62 0.000 2.10
Multiple physical disorders  0.617 0.246 2.51 0.012 1.85
Mental and physical -0.066 0.184 -0.36 0.721 0.94
Outflow in Intercept -4.060 0.126 -32.15 0.000
2" or 3™ Gender
year Male 1.00 (ref)
Female -0.079 0.043 -1.83 0.067 0.92
Age 0.034 0.002 14.57 0.000 1.03
Educational level
Low 1.00 (ref)
Secondary 0.068 0.054 1.27 0.203 1.07
High 0.088 0.070 1.25 0.210 1.09
Unknown 0.204 0.063 3.21 0.001 1.22
Main diagnosis
Mental 1.00 (ref)
Musculoskeletal -0.114 0.108 -1.62 0.293 0.89
Nervous system -0.572 0.133 -4.32 0.000 0.56
Cardiovascular -0.098 0.122 -0.81 0.421 0.91
Cancer 1.029 0.116 8.85 0.000 2.80
Other 0.184 0.115 1.60 0.110 1.20
Comorbidity
Single mental disorder 1.00 (ref)
Multiple mental disorders -0.133 0.100 -1.32 0.186 0.88
Single physical disorder 0.238 0.125 1.90 0.058 1.27
Multiple physical disorders  0.171 0.127 1.35 0.178 1.19
Mental and physical -0.180 0.095 -1.89 0.880 0.84
Outflow in Intercept -6.879 0.170 -40.54 0.000
;M org®t Gender
year Male 1.00 (ref)
Female -0.048 0.046 -1.04 0.300 0.95
Age 0.087 0.003 28.97 0.000 1.09
Educational level
Low 1.00 (ref)
Secondary 0.086 0.057 1.50 0.133 1.09
High 0.103 0.073 1.42 0.157 111
Unknown -0.142 0.074 -1.92 0.055 0.87
Main diagnosis
Mental 1.00 (ref)
Musculoskeletal -0.254 0.112 -2.27 0.023 0.78
Nervous system -0.102 0.127 -0.80 0.422 0.90
Cardiovascular -0.035 0.122 -0.29 0.772 0.97
Cancer 0.371 0.127 2.92 0.004 1.45
Other 0.193 0.118 1.64 0.101 1.21
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Table 9. Continued

Outflow of  Independent variables Coefficient ~ Standard ~ Zstatistic  p-value  RRR®
benefit’ error
Comorbidity
Single mental disorder 1.00 (ref)
Multiple mental disorders 0.073 0.117 0.62 0.535 1.08
Single physical disorder 0.295 0.134 2.20 0.028 1.34
Multiple physical disorders  0.195 0.135 1.44 0.150 1.21
Mental and physical -0.016 0.104 -0.15 0.880 0.98

® Reference category is continuing eligibility for disability benefit
PRRR = relative risk ratio
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Abstract

Purpose Today, decreasing numbers of workers in Europe are employed in standard employ-
ment relationships. Temporary contracts and job insecurity have become more common. This
study among workers without an employment contract aimed to (i) predict risk of long-term

sickness absence and (ii) identify distinct subgroups of sick-listed workers.

Methods 437 individuals without an employment contract who were granted a sickness
absence benefit for at least two weeks were followed for one year. We used registration data
and self-reported questionnaires on sociodemographics, work-related, health-related and
psychosocial factors. Both were retrieved from the databases of the Dutch Social Security
Institute and measured at the time of entry into the benefit. We used logistic regression analysis
to identify individuals at risk of long-term sickness absence. Latent class analysis was used to
identify homogenous subgroups of individuals.

Results Almost one-third of the study population (n=133; 30%) was still at sickness absence at
one-year follow-up. The final prediction model showed fair discrimination between individuals
with and without long-term sickness absence (optimism adjusted AUC to correct for overfitting
=0.761). Four subgroups of individuals were identified based on predicted risk of long-term
sickness absence, self-reported expectations about recovery and return to work, reason of
sickness absence and coping skills.

Conclusion The logistic regression model could be used to identify individuals at risk of long-
term sickness absence. Identification of risk groups can aid professionals to offer tailored return

to work interventions.
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Introduction

There is a positive association between work and one’s well-being, mental and physical health
[1, 2]. In contrast, unemployment is strongly associated with poor health. The longer individuals
are absent from work, the less likely they are to return [3-5]. Although long-term sickness
absence makes up only a relatively small proportion of absences, it accounts for more than one-
third of days off and 75% of sickness absence costs [6]. Early identification of individuals at risk
of long-term sickness absence and an overview of factors associated with sickness absence
duration can help occupational health professionals to target specific at-risk groups and identify
effective early interventions to prevent long-term sickness absence [7]. Because occupational
health services resources are limited, a differentiated approach is needed in occupational
rehabilitation offering different levels of return to work support depending on individual
characteristics and needs. Identification of groups of individuals, which are similar on certain
characteristics, could be used as a triage tool to identify groups of claimants with the highest
risk of long-term sickness absence and offer them suitable return to work interventions, based
on the group characteristics.

Today, decreasing numbers of workers in Europe are employed in standard employment
relationships. Temporary contracts and job insecurity have become more common [8]. Workers
without a permanent employment contract, i.e. unemployed and temporary agency workers,
represent a vulnerable group within the working population as they have poorer health status,
and increased risk of long-term sickness absence and work disability [g, 10]. They have a greater
distance to the labour market as they are characterised by lower credentials, lower income,
more females, more (partly) disabled, and more immigrants [11]. The biopsychosocial model of
illness and disability proposes that return to work of sick-listed workers depends on a
combination of biological, psychological and social factors [12]. As not having a permanent
employment contract has a negative impact on the development and maintenance of
psychosocial health, the interaction between the factors of the biopsychosocial model is
different between workers with and without a permanent employment contract [13].
Furthermore, the fact that workers without a permanent employment contract usually do not
have a workplace to return to, might complicate their return to work process and prolong their
sickness absence duration. In the Netherlands, this is reflected in a higher number of workers
still being sick-listed at one-year follow-up than workers with a permanent employment
contract, and a higher inflow into work disability benefits after two years of sickness absence

[14].

However, most studies on prognostic factors for long-term sickness absence focus on sick-listed
employees, i.e. sick-listed workers with a permanent employment contract, rather than sick-
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listed workers without a permanent employment contract. Moreover, these studies focus on
individuals with specific characteristics, for instance on individuals with specific diagnoses such
as mental health problems [15-19], musculoskeletal disorders [20-23], or cancer [24, 25], or
individuals belonging to a certain occupational group, such as healthcare workers [26]. These
studies showed that sickness absence duration is mostly determined by factors that are not
disorder-related. Although for occupational health professionals a prediction model that could
be used for all diagnoses and occupational groups would be useful, such a model is currently

missing.

Inthe present study, we included unemployed workers, temporary agency workers and workers
with an expired fixed-term contract who received a sickness absence benefit for at least two
weeks, covering all diagnoses and occupational groups. The aims of this study were to (i) predict
sickness absence at one-year follow-up and (ii) explore whether distinct subgroups of sick-listed

workers could be identified, partly based on their predicted risk of long-term sickness absence.

Methods

Study population

Dutch social security legislation allows sick-listed workers without a permanent employment
contract to apply for a sickness absence benefit at the Dutch Social Security Institute (SSI; see
text box) [27]. The study cohort included individuals who had been granted a sickness absence
benefit by two regional offices of the Dutch Social Security Institute (SSI) between December
2016 and January 2017. All individuals were workers without a permanent employment
contract, i.e. unemployed workers, temporary agency workers or workers with an expired fixed-
term contract, sick-listed for at least two weeks. We excluded individuals who had been on
sickness absence for less than two weeks as the probability to recover in this period is high, and
therefore interventions for return to work are neither needed nor not cost-effective. In this
study, we used a follow-up period of one year. We included all individuals still being sick-listed
at the end of the one-year follow-up period and all individuals for whom the sickness absence
benefit was ended because an individual had recovered. Individuals for whom the benefit was
ended for other reasons, such as retirement, maternity leave or imprisonment, were excluded.
The Medical Ethics Committee of Amsterdam UMC, VU University Medical Centre Amsterdam,
gave ethical approval for this study and declared that no comprehensive ethical approval was

needed.
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In the Netherlands, sickness absence benefits for workers without an employment contract
are assessed by the SSI. The SSl is a publicly funded agency that assesses benefit claims,
takes care of benefit payments and provides re-integration support. Sickness absence
benefits can be approved for a disease or handicap due to either social (i.e. non-
occupational) or occupational causes and last for maximum two years. The SSI provides
sickness absence benefits for all workers without a permanent employment contract (about
40% of the working population). In contrast, employers are responsible for continued
payment of wages and re-integration support for their employees with a fixed contract.
After two years of sickness absence, all individuals can apply for a disability benefit under
the Dutch Work and Income Act (WIA).

Dependent variable

The dependent variable, long-term sickness absence, was based on sickness absence duration
data as registered by the SSI and dichotomized: individuals who had long-term sickness
absence (i.e. still being sick-listed at one-year follow-up) and individuals who did not have long-

term sickness absence.

Independent variables

The aim of the prediction model was to identify, at the time of entry into the benefit, individuals
who are at risk for sickness absence at one-year follow-up. Hence, all independent variables
were measured at baseline. Part of the independent variables were retrieved from the
databases of the SSI: the sociodemographics age, gender, marital status, and educational level,
as well as the work-related characteristics work status and occupational sector, and number of
sickness absence days in the past year. In addition, a number of work-related, health-related
and psychosocial characteristics were collected by the SSI using self-reported questionnaires
that individuals needed to fill out when applying for the sickness absence benefit. Answering
the self-reported questionnaires was part of the SSI process and thus obligatory. Work-related
variables included self-reports on return to work expectations and possibilities to apply for jobs
(yes/no). From the Dutch National Questionnaire Working Conditions (NEA) the following
questions were used about the last job before sickness absence: labour conflict, physically
demanding job, mentally demanding job, and work demands. The response categories were
dichotomous for all questions: *mostly physical” and “mostly mental” for the last question, and
“yes” and “no” for all other questions [28].

Health-related variables included reason of sickness absence (categorized as “mental

”ow

disorders”, “musculoskeletal disorders”, and “other physical disorders”), expected duration of

”ow

sickness absence (“less than 1 month”, “1-3 months”, “more than 3 months”, and "don’t know"),
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and expected change in health during the next year (“improvement”, “deterioration”, and “no
change”). General health condition was measured on a 5-point Likert scale ranging from “very
bad” to “very good” [29]. Because only 37 individuals scored “very bad” on this question (<4%
of the total study population), we merged the categories “bad” and “very bad".

Psychosocial factors were measured using the Well-Being Inventory (WBI) [30]. Individuals were
asked whether they had problems with help-seeking, problem-solving, slowing down, ability to
control events, whether they were worrying about the future in such extent that it prevented
them from performing daily life activities, and whether they set high standards at work. The
response options for all these variables were “yes” and “no".

Statistical analysis

Logistic regression analysis was used to determine prognostic factors to identify individuals
with sickness absence at one-year follow-up. The model was build using three steps. First, we
performed univariable analyses to test the association of each independent variable with the
outcome variable using likelihood ratio (LR) tests (cut-off score p>0.15). Second, the variables
remaining from the univariable analyses were tested for multicollinearity using variance
inflation factors (VIFs). If VIFz10, the strongest predictor for long-term sickness absence was
chosen [31]. Third, we selected the subset of predictors for the final model using a hybrid
approach combining forward and backward selection procedures, adhering to Akaike’s
Information Criterion (AIC) as stopping rule [32].

Calibration, i.e. the agreement between observed and predicted risk of sickness absence, of the
prediction model was assessed using the Hosmer-Lemeshow goodness-of-fit test. A p-value
20.05 indicated that observed and predicted event rates were not significantly different. The
discriminative ability of the model was evaluated using the area under the curve (AUC). The
AUC is indicative of the percentage of correctly identified individuals at risk of long-term
sickness absence. We interpreted AUC <0.60 as failing, 0.60-0.69 as poor, 0.70-0.79 as fair, 0.80-

0.89 as good, and 0.90-1.00 as perfect discrimination [33].

In general, prediction models perform better in the sample used to fit the model than in an
external sample. To obtain a more accurate estimate of model performance, the internal
validity of the prediction model was examined by using a bootstrap approach [34]. We
repeatedly drew 1,000 samples from the study cohort, with replacement, and calculated the
corrected AUC by comparing the prediction model in the bootstrap samples with the original
sample [35].

Latent class analysis was used to identify homogenous, mutually exclusive subgroups
(“clusters”) of sick-listed workers without an employment contract. Based on the predicted risk
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of sickness absence at one-year follow-up, we calculated tertiles and divided the individuals into
three risk groups: individuals with a low, medium and high predicted probability of long-term
sickness absence. The latent class analysis was based on the predicted risk groups and the
independent variables.

Latent class analyses were conducted specifying two to five clusters. We used Bayesian
Information Criterion (BIC) to assess model fit and determine the number of clusters in the
optimal model [36, 37]. Individuals were assigned to the class with the highest posterior
probability, i.e., to the class that best suited them. Average posterior class probabilities
indicated the likelihood of class membership across all individuals whose maximum posterior
probability was for that class and could be used to measure classification accuracy. The latent
class analysis was considered accurate when the average posterior probabilities for all clusters
were above 0.7 [36]. We interpreted the clusters based on the indicators with item-response
probabilities of 0.7 or higher, as these indicators could be considered to be key characteristics
of that cluster [38].

In general, all available variables can be used in latent class analysis. However, for practical
purposes, selecting variables based on their usefulness for clustering was desirable as this
improves interpretability of the model. Moreover, in the present study, most of the independent
variables were retrieved from self-reported questionnaires, and shorter questionnaires are
preferable in terms of costs and missing data. Therefore, we applied a variable selection
approach based on the notion of BIC-based model selection [39]. Variables were sequentially
considered for inclusion or exclusion from the set of variables selected for clustering based on
their effect on BIC, maximized over the number of clusters and model parameterization.

All analyses were performed in RStudio for Windows, version 0.99.902.

Results

The study population contained 437 individuals. Table 1 shows the baseline characteristics of
the study population. The median sickness absence duration was 105 (Interquartile range [IQR]
46-396) days. After one year, 133 individuals (30%) were still on sickness absence.

The final model predicting sickness absence at one-year follow-up included three variables as
predictors: educational level, expected sickness absence duration, and help-seeking ability.
Table 2 shows the coefficients of the final prediction model. The p-value of the Hosmer-
Lemeshow goodness-of-fit test was 0.411, showing adequate calibration of the prediction
model. The AUC of the final model was 0.777 (95% Cl 0.731-0.822), showing fair discrimination
for sickness absence at one-year follow-up. Using bootstrap validation, the optimism-corrected
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AUC was 0.761 (95% Cl 0.725-0.798). Multicollinearity was not assumed, as all VIF scores in the
collinearity statistics for the multivariable model were <1o0.

The best fitting model in the latent class analysis was the model with four clusters based on
seven variables. Table 3 presents the characteristics of the four clusters that were named: sick-
listed workers with positive expectations, sick-listed workers with mental limitations, sick-listed
workers with physical limitations, and sick-listed workers with negative expectations. The
cluster of sick-listed workers with positive expectations consisted mainly of individuals with a
good general health condition, but with temporary musculoskeletal or other physical disorders.
The majority of these individuals expected to recover within three months and fully return to
work afterwards. Generally, individuals in the mental limitations cluster had mild and temporary
mental disorders. The majority had positive expectations about return to work, but they
expected longer episodes of sickness absence than individuals in the positive expectations
cluster. Sick-listed workers with physical limitations suffered mostly from musculoskeletal or
other physical disorders with a longer recovery time. They expected their recovery to be within
one month to more than three months. Individuals with more severe mental disorders made up
the largest part of the cluster with negative expectations. They had a high risk of long-term
sickness absence and negative coping skills.

There was a clear difference between the positive expectations cluster and the negative
expectations cluster with respect to predicted risk of sickness absence and expected sickness
absence duration: whereas all individuals in the positive expectations cluster expected to
recover within 3 months, most individuals in the negative expectations cluster expected to be
sick-listed for more than three months. Likewise, 67% of the individuals in the positive
expectations cluster had a low risk of long-term sickness absence, while for 85% in the negative
expectations cluster the model predicted a high risk. On the contrary, in the physical limitations
cluster, both the expected sickness absence duration and the predicted risk of long-term
sickness absence were much more varied. For sick-listed workers with negative expectations,
the percentage with positive expectations about return to work was much lower (45%), than in
the other three clusters. Concerning self-reported limitations and psychosocial factors, more
than 75% of the individuals in the positive expectations and physical limitations clusters
reported no difficulties with mental activities and positive coping skills. In the mental limitations
and negative expectations clusters, the majority reported moderate to severe difficulties with
mental activities and negative coping skills. The average posterior probabilities of the four

clusters were 0.79, 0.88, 0.86 and 0.89, respectively, indicating good classification accuracy.
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Table 1. Descriptive statistics of the study population at baseline

Study population  LTSA® Non-LTSA®
(n=437) (n=133) (n=304)
Sociodemographics
Age” (years) 44.9[12.3] 453 [11.6]  44.7[12.6]
Gender (female) 53% 62% 49%
Educational level
Low 34% 54% 25%
Secondary 39% 29% 43%
High 11% 14% 9%
Unknown 17% 4% 22%
Partner (yes) 65% 64% 66%
Work-related (characteristics of the previous job)
Occupational sector
Agriculture 11% 13% 11%
Finance 16% 17% 16%
Manufacturing 30% 26% 32%
Wholesale and retail 9% 11% 8%
Services 16% 22% 16%
Transportation 10% 7% 12%
Other 5% 5% 5%
Labour contract
Unemployed workers 67% 73% 64%
Temporary agency workers 10% 7% 11%
Workers with an expired fixed-term contract 23% 20% 25%
Labour conflict (yes) 8% 12% 7%
Physically demanding job (yes) 59% 58% 60%
Mentally demanding job (yes) 46% 54% 43%
Work demands
Mostly physical 63% 56% 65%
Mostly mental 37% 44% 35%
Return to work expectations (yes) 76% 67% 80%
Possibility to apply for jobs (yes) 34% 26% 38%
Health-related
Reason of sickness absence
Mental disorder 26% 32% 23%
Musculoskeletal disorder 40% 33% 43%
Other physical disorder 23% 18% 24%
Comorbidity of mental and physical disorders 12% 17% 10%
Number of sickness absence episodes in the past
year® 0.24 [0.52] 0.24[0.54]  0.24[0.52]
Expected sickness absence duration
Less than 1 month 12% 8% 13%
1-3 months 43% 28% 49%
More than 3 months 46% 65% 37%
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Table 1. Continued

Study population  LTSA® Non-LTSA®
(n=437) (n=133) (n=304)

General health condition

(Very) bad 18% 23% 15%

Moderate 29% 35% 26%

Good 41% 36% 43%

Very good 13% 6% 16%
Expected health change

No change 20% 23% 19%

Deterioration 8% 11% 7%

Improvement 72% 67% 74%
Limitations
Difficulties with physical activities

None 12% 6% 14%

Moderate 26% 27% 26%

Severe 62% 67% 60%
Difficulties with mental activities

None 42% 33% 45%

Moderate 25% 23% 25%

Severe 34% 44% 29%
Relational or financial problems (yes) 24% 25% 24%
Psychosocial factors
Help-seeking ability (yes) 55% 41% 61%
Worrying about the future (yes) 43% 50% 40%
Low control (yes) 53% 60% 50%
Problem-solving skills (yes) 64% 56% 67%
Set high standards at work (yes) 79% 84% 77%
Ability to slow down (yes) 27% 24% 29%

®LTSA = long-term sickness absence, i.e. individuals still receiving sickness absence benefit at one-year
follow-up

® Average and standard deviation

“Based on the highest level of education completed. Low = primary school, lower vocational education,
lower secondary school. Secondary = intermediate vocational education, upper secondary school. High =
upper vocational education, university
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Table 2. Coefficients of the final model predicting sickness absence at one-year follow-up

OR [95% Cl] p-value

Educational level

Low 1

Secondary 0.34[0.21-0.58]  ©0.000

High 0.67[0.33-1.39]  0.283

Unknown 0.10[0.04-0.26]  0.000
Expected sickness absence duration

Less than 1 month 1

1-3 months 1.17 [0.51-2.69] 0.712

More than 3 months 2.82[1.26-6.39] 0.012
Help-seeking ability (yes) 0.59 [0.37-0.94]  0.027

Table 3. Characteristics of individuals in the four latent classes

Positive Mental Physical Negative
expectations limitations  limitations expectations
(n=82) (n=105) (n=138) (n=112)
Risk of long-term sickness absence
Low 67% 42% 31% 2%
Moderate 29% 47% 38% 13%
High 4% 11% 32% 85%
Return to work expectations (yes) 100% 86% 79% 45%
Reason of sickness absence
Mental disorder 0% 56% 0% 48%
Musculoskeletal disorder 71% 5% 71% 13%
Other physical disorder 29% 21% 26% 13%
Comorbidity of mental and physical
disorders 0% 18% 3% 26%
Expected sickness absence duration
Less than 1 month 30% 14% 9% 0%
1-3 months 70% 49% 49% 10%
More than 3 months 0% 37% 43% 90%
Difficulties with mental activities
None 78% 2% 75% 12%
Moderate 6% 51% 8% 70%
Severe 16% 47% 18% 18%
Help-seeking ability (yes) 85% 59% 69% 10%
Low control (yes) 15% 83% 28% 84%
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Discussion

The aims of this study were to (i) predict sickness absence in a vulnerable group of workers
without an employment contract at one-year follow-up, by building a model based on SSI
registration data and self-reported questionnaires and (ii) explore whether distinct subgroups
of sick-listed workers could be identified. The prediction model showed fair discrimination
between individuals with and without long-term sickness absence based on three variables.
Four types of sick-listed workers without an employment contract could be distinguished, partly
based on the predicted risk of sickness absence at one-year follow-up.

The prediction model for sickness absence at one-year follow-up contained educational level,
expected sickness absence duration, and help-seeking ability. The strongest predictor was self-
reported expectations about sickness absence duration. This is in line with a previous study
among sick-listed unemployed and temporary agency workers with psychological problems.
That study reported that self-reported expectations about longer duration until full return to
work was a strong prognostic factor for low work participation at long-term follow-up [17]. The
other prognostic factor for long-term sickness absence in their final model was poor perceived

health, which was not

found to be a predictor in the present study. This could be because in our model help-seeking
ability was included, whereas their potential independent prognostic variables did not include
psychosocial factors, or because their study population consisted only of workers with psycho-
logical problems, which could have influenced perceived health.

Whereas only a few have studied prognostic factors in workers without a permanent
employment contract, several studies have focused on prognostic factors for sickness absence
duration for sick-listed employees. These studies showed that also for employees there is a
relation between self-reported expectations and sickness absence duration. Among a Dutch
cohort of sick-listed teachers, expectation of duration of sickness absence longer than three
months was found to be a predictor of longer time until return to work [15]. Likewise, other
studies have found a significant relation between self-reported expectations and return to work
for injured employees and employees on sick leave for at least four weeks [40, 41]. A relation
between psychosocial factors and sickness absence duration has been demonstrated as well
[42-44). Lower educational level proved to be predictive of long-term sickness absence in a
Swedish cohort of individuals on sick leave for at least 55 days [45]. As previous studies
demonstrated these relations among cohorts of employees with an employment contract, we
have shown that this relation also holds for sick-listed individuals without an employment

contract.
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We found an optimism-corrected AUC of 0.733 (95% Cl 0.707-0.758) for the model predicting
sickness absence at one-year follow-up. Previous studies on sickness absence duration for
workers without a permanent employment contract did not report measures of the
discriminative ability of the prediction models, thereby giving no information on the degree to
which the predictions are valid for individuals from the underlying population [17]. Studies
focusing on predicting sickness absence among employees did, and they found AUC values
similar to our prediction model, i.e. ranging from 0.73 to 0.76 and showing fair discrimination
between individuals with and without risk of long-term sickness absence [15, 23, 46]. However,
most of these studies did not correct for over-optimism, and therefore their AUC values could
be overestimated.

Four groups of sick-listed workers without an employment contract could be distinguished.
Latent class analysis has previously been applied in occupational health studies concerning
several populations, such as work disability for employees with diabetes and young adults with
mental disorders [47, 48]. However, we are not aware of studies that applied latent class analysis
to sick-listed employees without an employment contract. Latent class analysis is an effective
method of data reduction and can guide stratified group-based intervention strategies. The
results of the present study show that sick-listed workers in the negative expectations cluster,
and possibly individuals in the physical limitations cluster, are most in need of return to work
support as they have the highest risk of long-term sickness absence. Return to work
interventions for these workers could be tailored at the characteristics of the clusters. For
instance, workers in the negative expectations cluster are characterized by low self-control and
being sick-listed due to (comorbidity of physical and) mental disorders. They might benefit from
anintervention developed for sick-listed unemployed workers with psychological problems, like
supported employment and interventions aiming at goal-setting and increasing the sense of
control [49, 50]. Most workers in the physical limitations cluster are sick-listed due to
musculoskeletal disorders. They are more likely to benefit from other types of interventions,
such as a participatory return to work program or an intervention aimed at examination,
information, and recommendations to remain active [51, 52]. Contrary, for individuals in the
positive expectations and mental limitations clusters minimal support to return to work may be
sufficient as they have a low risk of long-term sickness absence.

Strengths and limitations

A strength of the present study is the heterogeneous study population. We included all workers
without an employment contract who were granted a sickness absence benefit by two regional
offices of the SSI. In contrast to most previous studies on longer-term sickness absence that
focused on individuals with specific diagnoses or individuals belonging to a certain occupational
sector, our study population covered all diagnoses and occupational groups. As shown in
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previous studies, as well as in the prediction model of the present study, sickness absence
duration is mostly determined by non-disorder related factors, and a prediction model that
could be used for all diagnoses would be more useful for occupational health professionals.
Second, as answering self-reported questionnaires was part of the SSI working process and
obligatory for all individuals, there is no non-response and thus no selection bias. Moreover, our
study population consisted of unemployed workers, temporary agency workers and workers
with an expired fixed-term contract as these are the most vulnerable group within the working
population. This means that our results are of interest for social security agencies and
occupational health professionals. In addition, by using a variable selection algorithm for latent
class analysis, we were able to find a parsimonious clustering. The clustering was partly based
on self-reported questionnaires, and shorter questionnaires are preferred from a patient point
of view. Moreover, as a parsimonious clustering is easier to interpret by occupational health
professionals, it better suits practical needs.

Identifying subgroups of individuals based on statistical methods helps to obtain an unbiased
classification, i.e. to reduce the influence of professionals’ own values and judgements.
However, a limitation of latent class analysis is that it could result in subgroups that are not
recognizable by occupational health professionals. A combined approach of statistical methods
and group consensus could be used to ensure a validated and practically relevant classification.
Another limitation of the study is that the self-reported questionnaires were developed for
practical purposes. Questions were selected based on considerations of professionals in the
field of sickness absence services and a literature search. This means that the questionnaires
used by the SSI consisted of a set of single questions from several (validated) questionnaires.
Moreover, it is possible that not all relevant predictors were measured.

Practical implications

The longer individuals are absent from work, the less likely they are to return to work [1].
Therefore, itisimportant for policymakers and occupational health professionals to know which
factors predict long-term sickness absence. The present study showed that only three variables
might be needed to fairly discriminate between individuals with and without long-term sickness
absence. As asking only a limited number of variables takes less time, it is preferred in terms of

user-friendliness.

Some individuals are more vulnerable to long-term sickness absence than others, especially
individuals with a low educational level, negative expectations of sickness absence duration and
lower help-seeking ability. As individuals can be expected to make a good estimation of the
duration of their sickness absence themselves based on experiences and personal and

environmental factors, individuals who expect to recover in the short term may require less
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guidance from occupational health professionals than individuals with negative recovery

expectations [53, 54].

Because occupational health services resources are limited, a differentiated approach is needed
in occupational rehabilitation. Sick-listed workers without an employment contract are a
heterogeneous group consisting of several more homogenous subgroups. Some subgroups
might benefit more from return to work interventions than others. Hence, the latent class
analysis results could be used as a triage tool to identify groups of claimants with a high risk of
long-term sickness absence, get insight into the characteristics of these groups, and offer each
group return to work interventions tailored to their characteristics. The results of the present
study indicate that return to work interventions should at least be offered to individuals
belonging to the negative expectations cluster, and, in case of sufficient capacity of
occupational health services, probably also to individuals in the physical limitations cluster. On
the other hand, individuals belonging to subgroups with a low risk of long-term sickness
absence (i.e. sick-listed workers in the positive expectation and mental limitations clusters) are
likely to recover themselves within one year without extensive support from occupational
health professionals.

The predicted risk of long-term sickness absence and the partition of claimants into subgroups
could be used by occupational health professionals at the start of the sickness absence period.
It could be used as an additional source of information and guide professionals in selecting
favourable return to work interventions for a particular claimant. During the rehabilitation
process, new information might unfold and adjustment of the provided services might be
needed. For instance, life events and differences in services or return to work interventions that
sick listed workers receive might influence sickness absence duration. Hence, regular sickness
absence monitoring is important to identify whether adjustment of return to work interventions
might be beneficial.

Concluding remarks

This study showed that a logistic regression model could fairly discriminate between individuals
with and without long-term sickness absence. Occupational health professionals could use the
outcome of the prediction model to identify individuals at risk of long-term sickness absence.
The allocation of workers into distinct groups could be used for efficient allocation of return to
work interventions tailored to the groups that would most benefit from it.
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Chapter 4

Abstract

Background Weighted regression procedures can be an efficient solution for cohort studies that
involve rare events or diseases, which can be difficult to predict, allowing for more accurate
prediction of cases of interest. The aims of this study were to (i) predict changes in work ability
at one year after approval of the work disability benefit and (ii) explore whether weighted
regression procedures could improve the accuracy of predicting claimants with the highest

probability of experiencing a relevant change in work ability.

Methods The study population consisted of 944 individuals who were granted a work disability
benefit. Self-reported questionnaire data measured at baseline were linked with administrative
data from Dutch Social Security Institute databases. Standard and weighted multinomial logit
models were fitted to predict changes in the work ability score (WAS) at one-year follow-up.
McNemar's test was used to assess the difference between these models.

Results A total of 208 (22%) claimants experienced an improvement in WAS. The standard
multinomial logit model predicted a relevant improvement in WAS for only g% of the claimants
[positive predictive value (PPV) 62%]. The weighted model predicted significantly more cases,
14% (PPV 63%). Predictive variables were several physical and mental functioning factors, work
status, wage loss, and WAS at baseline.

Conclusion This study showed that there are indications that weighted regression procedures
can correctly identify more individuals who experience a relevant change in WAS compared to
standard multinomial logit models. Our findings suggest that weighted analysis could be an
effective method in epidemiology when predicting rare events or diseases.
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Introduction

Long-term work disability is bad for an individual’s health, and returning to work is generally
associated with a positive effect on the future course of the disease and work ability [1-3].
Individuals who are unable to work due to a disease or disorder can apply for a work disability
benefit. In most European countries, this covers both financial support to compensate loss of

income and interventions supporting return to work.

Possible predictors for work disability include a broad range of external and personal factors.
When conducting medical disability assessments to evaluate whether a work disability benefit
should be granted, insurance physicians (IPs) predominantly rely on factors relating to the
disease and the disorder of a claimant [4, 5]. One of the main tasks of an IP is estimating
prognosis of work disability and determining if and when a re-assessment should be planned
[6]. Medical re-assessments are conducted to determine whether an individual’s health has
improved or deteriorated to such an extent that adjustment of support to return to work is
required or the continuing eligibility for the benefit has changed. In The Netherlands, claim
duration for work disability benefits is long lasting for most claimants and IPs consider prognosis
of work disability as the most difficult part of the work disability assessment [7, 8]. Therefore,
accurate prognosis of future changes in work disability is important to identify those in need of

return to work interventions and for efficient planning of medical re-assessments.

Work ability, commonly measured with the Work Ability Index (WAI), is an important concept
in the context of work disability duration. It is defined as the physical, mental, and social fit of
an individual with the work demands and capability to participate in work [9]. Self-assessed
work ability is a strong predictor of work disability duration and return to work [10, 11]. Clinical
decision-support systems, in which characteristics of individual patients are used to generate
patient-specific assessments or recommendations that are then presented to clinicians for
consideration, are designed to aid decision-making [12]. They can optimize the time with the
client and improve the overall quality of services [13]. A prediction model for future changes in
work ability could aid IPs in their medical disability assessment and lead to more precise
estimation of future work disability. Because resources to perform medical re-assessments are
limited, the model is of most added value in practice if it can sufficiently identify claimants who
will improve in their work ability. This ensures that medical re-assessments are planned at the
time an assessment interview with an IP has the most added value. However, claimants who
perceive a relevant future improvement of their work ability form only a relatively small
proportion of the total number of work disability claimants.

Predicting rare events or diseases with probabilistic statistical regression is difficult, as these
methods tend to be biased towards the majority class and underestimate the probability of rare
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events [14]. Weighted regression can take account of the preponderance of claimants not
experiencing a substantial change in their work ability, and focus accuracy on claimants who
most likely will experience a change. Weighted least squares have its origin in econometrics and
are used in a range of application areas, such as psychology, regional science and time series
analysis [15, 16]. However, we are not aware of any research in occupational epidemiology using
weighted analysis. Therefore, the aim of this study was twofold: to (i) predict changes in work
ability of claimants at one year after approval of the work disability benefit by building a model
based on sociodemographic, work disability, health, functional limitation and personal factors;
and (ii) explore whether the accuracy of predicting claimants with the highest probability of
experiencing a relevant change of work ability could be improved by using weighted regression.

Methods

Study population

We used data of the FORWARD study, a longitudinal cohort study among 2539 individuals who
applied for a work disability benefit at the Dutch Social Security Institute (SSI) between July
2014 and March 2015, after a two-year period of sick leave. Individuals were aged 18-64 years
at inclusion. Claimants suffering from severe mental, cognitive, or visual disorders or those
diagnosed with cancer were excluded from the FORWARD study. A more extensive description
of the study cohort can be found elsewhere [17].

From the FORWARD study, we retrieved data from the baseline questionnaire completed just
before the medical disability assessment and the questionnaire at one-year follow-up. For each
participant, we combined the self-reported data of the cohort study with administrative data
from SSI databases. The participants of the FORWARD study all signed informed consent. The
Medical Ethics Committee of the VU University Medical Center (Amsterdam, The Netherlands)
has approved the FORWARD study.

Inclusion and exclusion criteria

To be included in the present study, the single-item question of the WAI needed to be answered
both at baseline and one-year follow-up. Of the 2,593 individuals included in the FORWARD
study, 42 and 646 participants were excluded because they did not answer this question at
baseline and one-year follow-up, respectively. We excluded participants who were ineligible or
did not apply for work disability benefits (n=701) and those who were granted a permanent work
disability benefit (n=260). In the latter case, there are no possibilities to return to work, and
hence no re-assessments need to be scheduled. In total, 944 participants were included in the
present study.
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Dependent variable

The dependent variable of the model was the change in self-reported work ability at one-year
follow-up as compared to baseline. Work ability was measured with the first question of the
WA, also referred to as the work ability score (WAS) [18]. This question asks participants to
compare their current work ability with their lifetime best on a o—10 scale. Higher scores indicate
better work ability. The WAS is significantly correlated to the WAl and can therefore be used as
a simple indicator for assessing work ability [19, 20]. A single-item measure takes less time to
complete and analyse, and is therefore preferable in terms of costs, interpretation and missing
data.

In line with previous studies we defined an improvement or deterioration in WAS of >2 points
as the smallest detectable self-reported change likely to have an effect on job opportunities and
work disability benefit [21, 22]. Based on their change in WAS scores at one-year follow-up as
compared to baseline, we divided the participants into three groups: participants with no
relevant change ([WASr;-WASt|<1), an improvement (WASr,-WASr.22), or a deterioration
(WAST,-WASTos-2), with WASr, and WASy; the scores at baseline and one-year follow-up.
WAS+, was also added as an independent variable to the model.

Independent variables

All independent variables were measured at baseline. The sociodemographics age, gender,
marital status, and educational level, as well as the work-related characteristics work status and
occupational sector were retrieved from the SSI database. In addition, a number of health
characteristics were determined: primary diagnosis, comorbidity, permanency, treatment and
medication, and functional limitations as registered by the IP during the medical disability
assessment in the list of functional abilities (LFA). The LFA is partly based on the World Health
Organisation's International Classification of Functioning, Disability and Health (ICF) [23]. It
consists of 106 items indicating the presence (dichotomous) and severity (ordinal) of limitations,
categorized into six sections: personal functioning, social functioning, adjusting to the physical
environment, dynamic movements, static posture, and working hours. Higher scores on the
ordinal rating scales indicate more severe limitations to perform activities. We considered the
average number of limitations of the first five sections and the single question of the last section
regarding restrictions in the working hours per day as independent variables. If a claimant is too
seriously disabled to return to work, e.g., bedridden or receiving inpatient care, limitations are
not registered inthe LFA. This was the case for 119 (13%) of the participants in our study sample.

Besides registration data from the SSI, a number of self-reported surveys from the FORWARD
study baseline questionnaire was used. The Short Form Health Survey (SF-36) is a measure of
health status, containing 36 items on physical and mental functioning and role limitations, well-

being, pain, general health, and health change. Scores range between 1—60, higher scores
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indicating better health status [24]. The Whitely Index (WI) contains 14 items to measure health
anxiety. Scores range between o—14, with higher scores indicating more severe health anxiety
[25]. The Hospital Anxiety and Depression Scale (HADS) produces scales for anxiety and
depression. Scores range between o-21, higher scores indicating higher distress [26]. The Work
and Wellbeing Inventory (WBI) measures symptoms, coping, support, stress and disability with
87 items. Scores range between 0-84, higher scores indicating more barriers for return to work
[27]. We also retrieved household characteristic, and work-related characteristics regarding
work demands and managerial tasks. The questionnaire also asked respondents about their
expectations with respect to recovering and getting back to work.

Statistical analysis

Multinomial logistic regression analysis was used to predict changes in work disability at one-
year follow-up. We fitted both standard and non-parametric multinomial logit (MNL) estimates.
See figure 1 for the specification of the non-parametric MNL estimates. Because we were most
interested in accurately predicting the largest improvements in WAS, we used the following
linear weight function for claimants who experience an improvement in WAS (i.e. WASr,-
WAST,22):

Wi = %(WASH - WAST) +1 (2)

For all claimants who did not experience an improvement in WAS (i.e. WAS,-WAS+,<2), the
weight was set to w;=1. By using (1), claimants with an improvement in WAS of 2 points were
assigned twice as much weight as claimants not experiencing animprovement in WAS. Because
larger weights were assigned to claimants with a larger improvement in WAS, the model
focusses on accurately predicting these claimants. In application areas where weighted
regression is more often used, weight functions are often linear or exponential functions. For
instance, in geographically weighted regression, locations that are closer get higher weights. In
time series analysis, weights decrease for observations further back in time. Hence, the linear
weight function (1) is in line with weight specifications in other research [15, 28]. Because
weighted regression procedures are not commonly used in occupational epidemiology, there is
no general approach to specify the exact weights that should be given to observations. Hence,
we tried several weight functions and examined the effect on the performance of the prediction
model. Assigning a weight equal to one to claimants with an improvement of WAS would result
in the standard MNL model. Therefore, we considered assigning weights equal to 1.5, 2, 2.5, or
3. We did not consider weights >3 as we felt this would place disproportional emphasis on
claimants with an improvement in WAS. Although the differences between the weight
functions were small, we chose a weight of 2 in the final model as this resulted in the highest
sensitivity, i.e., the model that could identify most claimants with an improvement in WAS. The
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Let j = 1,2,3 denote the alternative categories that a claimant can belong to, based on the change in
work ability at one-year follow-up, and let i = 1, ...,n denote the claimants. The probabilities p;; of
claimant i belonging to category j of the multinomial logit model are

exp(x;B))
1435 _, exp(x!By)

where x; represents the characteristics of claimant i, and 8; measures the relative weights of the

pij = ProblY; = j|x;] = (2)

characteristics. The multinomial logit model can be estimated by maximum likelihood, i.e., by
maximizing the log-likelihood

log(L)= X1, X3, Iijlog(pi)) 3)

with respect to the parameters B, j = 1,2,3. Here, I;; is an indicator variable, with [;; = 1if ¥; = j and
I;j = 0 otherwise.

Now, let w; be the weight given to claimant i. Instead of minimizing (2) we could minimize the following
pseudo log-likelihood function

log(L)= Ziy wi[ =1 Iijlog(py)]. @)

Note that (4) includes standard multinomial logit as the special case with weights w; = 1 for all i.

Figure 1. Specification of the non-parametric MNL estimates

positive predictive value (PPV) and negative predictive value (NPV) were similar for the different
weight functions that were considered.

The models were built using three steps. First, we performed univariable analyses to test the
association of each independent variable with the outcome variable using likelihood ratio (LR)
tests (cut off score p>0.2). Second, the variables remaining from the univariable analyses were
tested for multicollinearity using variance inflation factors (VIF). We considered VIF <10 to be
acceptable [29]. Third, we selected the subset of predictors for the final model using a hybrid
approach combining forward and backward selection procedures.

Before the start of the analysis, we randomly split the data into a training set (80% of the study
population) to fit the models and a test set (20% of the study population) to evaluate the
models. The purpose of developing the prediction model is that it can be used in practice. This
means that we want to know how well the model predicts new cases. Therefore, the test set,
i.e., the held-out sample, is used to get an unbiased estimate of model effectiveness.

We calculated several performance measures to compare the standard and weighted MNL
model. We reported both specificity and sensitivity as these are important measures of
diagnostic accuracy of a model. However, they are of no practical use when IPs need to estimate
the probability of improvement in WAS for individual claimants [30]. Hence, predictive values
are more meaningful performance measures in this context. In general, there is a trade-off
between sensitivity and predictive values. We can indicate the added value of the weighted
model if it results in predictions with both higher sensitivity and predictive values.
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We used McNemar's test to statistically assess whether the standard and the weighted model
had a similar proportion of errors on the test set. Calculation of the test statistic is based on the
contingency table. It tests whether the models have equal accuracy for predicting true
improvements in WAS, i.e., it detects whether the difference between the misclassification
rates of the models is statistically significant. The level of significance was set at p<o.o5. All
analyses were performed in RStudio for Windows, version 0.99.902.

Results

Tables 1 and 2 show the baseline characteristics of the study population. Mean WAS on baseline
was 2.5 [standard deviation (SD) 2.1], and 2.8 (SD 2.2) at one-year follow-up. The majority of
the study population (n=599; 63%) did not experience a change in WAS at one-year follow-up;
208 claimants (22%) experienced an improvement in WAS (mean WAS improvement 3.1; SD
1.5) and 127 a deterioration (15%).

In this section, we mainly focus on the results of the 187 claimants who were randomly selected
to be included in the test set. Among this group, the percentage experiencing a WAS
improvement at one-year follow-up was slightly higher than that of the training set (24% versus
21%). Of all cases in the test set, the standard model predicted for 16.9% of the total number of
claimants an improvement of the WAS at one-year follow-up (table 3). The sensitivity was only
22%, showing that it was difficult to identify relevant claimants with standard regression
procedures. The PPV was 62% and the NPV 79%. Eight variables ended up in the standard
model: WAS at baseline, work status, WBI disability, wage loss, SF36 energy, SF36 physical
functioning, WBI symptoms, and WI.

The weighted model predicted a larger number of improvements compared to the standard
model (table 3). The number of predicted cases increased from 16 to 27, i.e., from 9% to 14% of
the total number of claimants, and was now closer to the percentage of actually observed
improvements in the study population (22%). The PPV and NPV were 63% and 82%,
respectively. The weighted model contained 11 variables. It included the same variables as the
standard model, except for the variable WI. Additionally, the variables LFA static posture, LFA
working hours, mental healthcare, and SF36 health change were added. All the VIF scores in the
collinearity statistics for the multivariable models were <10, therefore multicollinearity was not
assumed. The last two columns of table 1 show the coefficients of the multivariable logit
models.
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Table 1. Descriptive statistics of the study population at baseline representing number (n), percentage (%),
mean and standard deviation (SD), and coefficients and 95% confidence intervals of the variables included
in the multivariable logit models

Study population Standard MNL® Weighted MNL®
(n=944) model model
n % Mean SD Coeff [95% ClI] Coeff [95% Cl]
Occupational
Work status (working) 200 21 1.03[0.54,1.52] 1.03 [0.64,1.42]
Health
Mental healthcare (yes) 487 52 -0.18 [-0.51,0.17]
Disability assessment
Wage loss (=80%) 548 58 -0.61[-0.98,-0.25]
LFAP® static posture 0.33 0.22 -0.64 [-1.12,-0.17] -1.39 [-2.22,-0.55]
LFA® working hours per
day
>8 hours 398 42 1
<8 hours 87 9 -0.05 [-0.59,0.49]
<6 hours 96 10 -0.22 [-0.77,0.33]
<4 hours 204 22 -0.08 [-0.12,0.04]
<2 hours 40 4 -0.11 [-0.19,-0.02]
Unknown 119 13 -0.04 [-0.73,0.64]
Self-reported surveys
SF36°
Physical functioning 41.6 24.8 0.01[0.00,0.02] 0.01 [-0.01,0.00]
Energy 30.5 17.6 0.02 [0.00,0.03] 0.02 [0.01,0.03]
Health change 37.5 27.8 0.01 [0.00,0.01]
Whitely Index 6.1 3.0 -0.03[-0.10,0.05]
Well-being inventory
Symptoms 48.4 13.0 0.02 [-0.01, 0.04] 0.01[-0.01,0.02]
Disability 24.1 4.2 -0.06 [-0.11,-0.01] -0.05[-0.10,-0.01]
Work ability score 2.5 2.1 -0.47 [-0.61,-0.33] -0.55[-0.66,-0.44]

®MNL = multinomial logit model
®|FA = list of functional abilities
©SF36 = Short Form Health Survey, 36 items
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Table 2. Descriptive statistics of the study population at baseline of the variables
not included in the multivariable models

Study population (n=944)

n % Mean SD

Sociodemographics

Age (years) 51.2 9.0
Gender (female) 476 50
Educational level
Low 309 33
Secondary 399 39
High 266 28
Partner (yes) 705 75
Children (yes) 704 75
Principal wage earner (yes) 629 67

Occupational
Occupational sector

Finance 127 13
Government 104 11
Healthcare 204 22
Manufacturing 104 11
Wholesale and retail 120 13
Other 285 30
Managerial tasks (yes) 216 23
Work demands
Physical 271 29
Psychological 285 30
Physical and psychological 388 41
Health
Primary diagnosis
Cardiovascular 96 10
Mental 233 25
Musculoskeletal 373 40
Nervous system 87 9
Other 155 16
Comorbidity (yes) 669 71
Medication use 840 89
Disability assessment
Possibility to work (yes) 789 84
Permanency (yes) 304 32
LFA? personal functioning 0.08  0.07
LFA® social functioning 0.11 0.12
LFA® adjusting to physical environment 0.11 0.09
LFA® dynamic movement 0.26  0.14
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Table 2. Continued

Study population (n=944)

n % Mean SD
Self-reported surveys
SF36° 68  19.9
Role limitations due to emotional problems 33.7 44.2
Emotional well-being 50.3 22.6
Social functioning 53.6 10.4
Pain 37.8 24.9
General health 33.4 17.0
HADS®
Anxiety 9.5 4.8
Depression 9.8 5.0
Well-being inventory
Coping 42.5 10.0
Support 56.4 12.3
Stress 37.9 9.5
®LFA = list of functional abilities
®SF36 = Short Form Health Survey, 36 items
“HADS = Hospital Anxiety and Depression Scale
Table 3. Predictions of the standard and weighted model (test set)
Observed
Deterioration No change Improvement
n (%) n (%) n (%)
Predicted Standard Deterioration 7 (70) 3(30) o (o)
model
No change 25 (16) 100 (62) 36 (22)
Improvement o (o) 6(38) 10 (62)
Weighted Deterioration 8 (57) 6 (43) o (o)
model
No change 24 (16) 93 (64) 29 (20)
Improvement o (0) 10 (37) 17 (63)

Table 4. Performance measures of the models

MNL® model

Standard (%)

Weighted (%)

Sensitivity 22
Specificity 96
PPV® 62
NPV* 79

37
93
63
82

® MNL = multinomial logit model

® PPV = positive predictive value

“NPV = negative predictive value
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The sensitivity, i.e., the model’s ability to correctly detect claimants with an improvement in the
WAS, increased from 22% to 37% when we compared the weighted to the standard model
(table 4). Both the PPV and NPV of the weighted model were slightly higher as well; the PPV
increased from 62% to 63%, and the NPV increased from 79% to 82%. This means that the
predictions of the weighted model were correct more often than the predictions of the standard
model, although the differences were small.

McNemar's y* was equal to 6.667 and a corresponding p-value of 0.0009. This means that the
two models had a different proportion of errors on the test set. The contingency table showed
that the number of cases that the weighted model predicted correctly was higher than the
number of claimants correctly classified by the standard model. The total number of claimants
who were classified differently by the weighted model compared to the standard model was 15,
which was sufficiently large to provide accurate p-values for McNemar’s test (minimum number

is 10) [31].

The results that the weighted model was better at predicting claimants who will experience an
improvement in WAS at one-year follow-up for the test set were in line with the results of the
training set. In the test, set the percentage of claimants identified increased from g% to 14%.

Discussion

The aims of this study were to (i) predict changes in work ability at one year after approval
of the work disability benefit and (ii) explore whether weighted regression procedures
could improve the accuracy of predicting claimants with the highest probability of
experiencing an improvement in WAS. A minority of 22% of the claimants in our study
population experienced an improvement in WAS. Our standard model predicted a relevant
improvement in WAS for only 9% of the claimants, while the weighted model predicted
this for 14%. However, the PPV of the weighted model did not decrease compared to the
standard model. Likewise, the NPV slightly increased. Hence, the weighted model
predicted more claimants who will experience a relevant improvement in WAS at one-year
follow-up. At the same time, IP can be more certain that the model predicts the correct

outcome.

We used a weighted regression model with a linear weight function that assigns larger
weights to claimants with a bigger improvement in WAS. Our finding that the weighted
model could correctly identify a larger group of individuals with an improvement in WAS in
both the training and test sets implies that our weight function could also be of added value

in a population that was not used to build the models. However, as the set of possible
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weight functions is inexhaustible, it could be that there are other weight functions that

provide similar or better results than the weight function we have chosen.

The majority of individuals in the study population (63%) did not experience a change in WAS
at one-year follow-up. This is in agreement with previous research showing that changes in WAI
are small for most individuals, especially for those with longer episodes of sickness absence [19,
32]. Determinants of work ability have been reported in several studies. In the present study,
work ability at baseline was the strongest predictor in both models. This is in line with previous
research showing that, for sick listed workers diagnosed with cancer, WAS at baseline was an
important predictor for WAS at one-year follow-up [33]. This study also showed an association
with wage loss, as we found that individuals with a lower level of wage loss were more likely to
experience an improvement in WAS. A higher level of wage loss means more extensive
functional limitations, which seems to have a negative effect on work ability at one-year follow-
up. This relation was also found for degree of sickness absence and changed WAS at 6- and 12-
months follow-up for women on sick leave for =60 days [19]. Several studies have also found a
relation between the WAI and mental and physical conditions, demands at work, individual
characteristics and lifestyle [34, 35]. These studies did, however, not report measures of
diagnostic accuracy (e.g. sensitivity and predictive values) of the estimated models.

As pointed out in a recent editorial on prediction models for sickness absence, researchers
should be careful making claims on accuracy of these models [36]. Although the difference
between the standard and weighted model in terms of predicting claimants with an
improvement in WAS statistically significant, it was small and it is therefore questionable
whether this difference is relevant. However, in the current policies of the SSI, because of the
limited capacity to perform IP re-assessments and the fact that only a minority of 22% of the
individuals actually experienced an improvement in WAS at one-year follow-up, the prediction
model may be a relevant tool for identifying the group of claimants with the highest probability
of experiencing an improvement in WAS. Our focus was not on predictions at the individual
level, but at a population level. Hence, the small differences between the standard and the
weighted model are regarded as useful in achieving a more effective allocation of limited
occupational health resources. The weighted model identifying 14% of the claimants, as
opposed to 9% with the standard model, with 63% accuracy is considered as a useful auxiliary
tool for IPs when they plan re-assessments. Likewise, in case the model predicts no substantial
improvement in WAS at one-year follow-up (which is the case for 86% of the claimants), this
could be an indication that for this group of claimants scheduling a re-assessment at one-year
follow-up has less added value as the NPV is 82%. These probabilities are much higher than the
case where the SSl policy is to plan re-assessments at random. However, it could be argued that,
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in other applications, the differences between the two models shown in the present study are
too small to be of practical relevance.

We are not aware of any prediction model for future changes in work ability for individuals with
a work disability benefit. Previous studies on long-term sickness absence in the general working
population have shown that it is difficult to develop prediction models with high prediction
accuracy that are relevant in practice. Studies identifying claimants at risk for work disability
and long-term sickness absence showed only moderate prediction accuracy [37, 38]. Studies on
prediction models for individuals with specific chronic diseases such as low back pain or
common mental disorders validated prediction models in terms of PPV and NPV [39-41]. Similar
to the results of the present study, the NPV of their models were in the range of 74-98%, which
is considered high. However, they reported PPV of 33-57%, which is lower than the PPV of our
model (63%).

Strengths and limitations

A strength of the present study is that, by fitting weighted MNL, we are better able to meet
practical needs. Non-parametric models offer important advantages because they can focus
accuracy on claimants who most likely will experience a change in their entitlement of the work
disability benefit. Moreover, by dividing the study sample in a training set to build our prediction
models on and a test set to validate the models, we were able to assess the predictive accuracy
and generalization of the model. A further strength is that we combined self-reported
questionnaire data with administrative data. This enriches the understanding of a broad range
of medical, social, psychological, and work-related factors that can influence future work ability.

Moreover, whereas most studies about predictors of work disability duration and return to work
focus on a specific category of diagnoses, our study cohort included a broad range of diseases
and disorders. A limitation of our study is that two groups of individuals were excluded from the
FORWARD cohort and could therefore not be included in our study: individuals suffering from
severe mental, cognitive, or visual disorders (e.g., dementia or psychosis), due to their reduced
ability to correctly complete the questionnaires, and individuals diagnosed with cancer.

A study limitation is that the FORWARD cohort questionnaires were not designed to identify
the best independent variables for predicting changes in work ability. For instance, own
expectation about future changes in work ability were not covered in the questionnaire while
the individual’s own expectations are important predictors for duration of long-term sick leave
and return to work [42, 43]. Moreover, the administrative data that we used was not collected
for research purposes but rather registered by SSI employees for administration purposes.
However, the FORWARD cohort questionnaires are extensive and, by combining them with
administrative data, we were able to cover a broad range of potential predictors. A final
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limitation of this study is our reliance on changes in self-reported work ability. In line with
previous studies, we defined an improvement or deterioration in WAS of 2 points as a relevant
change [10, 11, 21]. However, it should be investigated if this is also the case for our study

population.

Implications for research and practice

Commonly reported outcomes in epidemiological and medical research, such as the incidence
of clinical events among a cohort of patients or the response rate in patients taking a certain
treatment regimen, are rare events and usually difficult to estimate. Disease predictions can
contribute to a wide range of applications, such as risk management, tailored health
communication, and decision support systems [44, 45]. Weighted analysis could aid these

applications by making more accurate predictions of rare events and diseases.

Identification of claimants with a high probability of experiencing an improvement of work
ability at one-year follow-up may assist IP during the medical disability assessment when they
need to predict future work ability. This can aid accurate prognosis of work ability and providing

suitable interventions to return to work.

To be used in practice, the prediction model needs to be supported by a suitable tool, which is
easy to access and interpret for professionals. Future research should focus on the preferable
design and content of such a decision support tool. Next, a cost-effectiveness analysis and
process evaluation should be performed to determine the added value of the model for IP in

making accurate prognoses of work ability.

Concluding remarks

This study showed that, compared to standard MNL models, there are indications that
weighted regression procedures can correctly identify more claimants who experience an
improvement in WAS. Our findings suggest that a weighted analysis could be an effective
method in epidemiology when predicting rare events or diseases. More research is needed
to examine the added value of weighted regression procedures in occupational

epidemiology.
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Chapter g

Abstract

Purpose To explore the preferable way of use and design of a work ability prognosis
support tool for insurance physicians (IPs) and labour experts (LEs), based on a prediction
model for future changes in work ability among individuals applying for a work disability
benefit.

Methods We conducted three focus groups with professionals of the Dutch Social Security
Institute (17 IPs and 7 LEs). Data were audio recorded and qualitatively analysed according
to the main principles of thematic analysis.

Results Clarity and ease of use were mentioned as important features of the tool. Most
professionals preferred to make their own judgement during the work disability
assessment interview with the claimant and afterwards verify their evaluation with the
tool. Concerning preferences on the design of the tool, dividing work disability claimants
into categories based on the outcome of the prediction model was experienced as the most
straightforward and clear way of presenting the results. Professionals expected that this

encourages them to use the tool and act accordingly.

Conclusions The tool should be easy to access and interpret, to increase the chance that
professionals will use it. This way it can optimally help professionals making accurate
prognoses of future changes in work ability.
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Preferences regarding the way of use and design of a work ability prognosis support tool

Implications for rehabilitation

e Awork ability prognosis support tool based on a prediction model for changes in work
ability at one-year follow-up can help occupational health professionals in making
accurate prognosis of individuals applying for a work disability benefit.

e Tobeusedinoccupational health practice, these tools should have a simple and easy-
to-use design.

e Graphical risk presentation can be used to provide intuitive meaning to numerical
information and support users' understanding.

e Taking professionals’ preferences into account when developing these tools

encourages professionals to use the tools and act accordingly.

Background

Individuals who are unable to work due to a disease or disorder can apply for a work disability
benefit. In most European countries, this covers both financial support to compensate loss of
income, and interventions to support return to work [1]. Insurance physicians (IPs) and labour
experts (LEs) in the Netherlands assess disorders and functional abilities to determine whether
a work disability benefit should be granted.

In many countries, prognosis of future changes in work ability is an important task of medical
doctors during the medical disability assessment because, once a work disability benefit has
been granted, changes in health may alter continuing eligibility [1, 2]. Medical re-assessments
are conducted to determine whether an individual’s health has improved or deteriorated to such
an extent that adjustment of the benefit or support to return to work is required. In the
Netherlands, IPs need to determine during a medical disability assessment if and when a re-
assessment should be planned. To ensure that these medical re-assessments are planned at the
time an assessment interview with an IP or LE has most added value, accurate prognosis of work
ability is important. In general, claim duration for work disability benefits is long lasting for
many claimants [3, 4]. Because long-term occupational inactivity is bad for an individual's
health, and returning to work is generally associated with a positive effect on the future course
of the disease and work ability, accurate prognosis of future changes in work disability may also
enable effective return to work support [5, 6].

However, making a prognosis of the future course of work ability is not that easy, because it
requires rather complex predictions, in which a broad range of factors play a role. These include
common sociodemographic and health-related characteristics such as age, educational level
and diagnoses, but also more subjective measures such as coping strategies, health experience

and social support from relatives [7]. We developed a statistical model predicting future
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changes in work ability based on a broad range of factors, selected by a literature search of
potential prognostic variables [8]. The outcome of the prediction model is for each individual

claimant the likelihood of the change in work ability one year later.

The aim of the prediction model is to help professionals in making an accurate prognosis of work
ability for individual claimants during the work disability assessment. In order to make the
results of the prediction model easily accessible and interpretable for professionals, it needs to
be supported by a suitable interface, in medicine often called clinical decision support tools.
These are developed to support decision-making, in which the characteristics of individual
patients are matched with a clinical knowledge base or decision rule [g]. The tools present
patient-specific assessments or recommendations to clinicians at the time they have to make
the decisions. Clinical decision-support tools are designed to aid decision-making; they can
introduce efficiencies into the system, optimize the time with the client, and improve the overall
quality of services and return to work interventions [10, 11]. In medical practice, clinical decision
support tools can increase health care quality and efficiency [10, 12]. To be effective, not only
the evidence base underlying these tools needs to be relevant and of high quality, but also the
tool itself should be easily accessible and interpretable. Anticipating professionals’ needs on the
preferred way of use and design are key components when developing effective and
implementable decision support tools [12].

Prognosis of work ability is an important task of IPs and LEs, and an evidence-based prediction
model for future changes of work ability can help them making accurate prognosis. Although
such tools are more common in clinical practice, they are currently lacking in work disability
assessments. In order to develop a useful and relevant work ability prognosis support tool via
which the outcome of the prediction model can be provided to IPs and LEs, it is important to
know how and where in the decision-making process these professionals will use the tool and
how they like the results to be presented. Therefore, the aim of this study was to obtain
information on the preferences of IPs and LEs regarding the way of use and design of a work
ability prognosis support tool regarding the prognosis of work ability of disability benefit
claimants’, based on a prediction model.

Methods

This study employs a qualitative focus group approach to explore the preferable way of use and
design of a work ability prognosis support tool based on a prediction model for future changes
in work ability. Unlike individual interviews, focus groups allow for interaction among group
members. This enhances creativity, and makes it a useful approach for generating ideas,

attitudes and opinions about a topic. Conducting focus groups helps individual participants to
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become aware of the range of design and use options and possible ways in which the work
ability prognosis support tool can be applied. We conducted three focus groups with IPs and LEs
working at the Dutch Social Security Institute (SSI). IPs are medical doctors who conduct
disability assessments, based on diagnoses and functional abilities. Subsequently, LEs, who
often have a background in social work, conduct an assessment of corresponding job
opportunities. According to Dutch law (WMO), no ethical approval was necessary for this study,
because no patients were included in the study and the physicians were not exposed to any

intervention.

Work ability prognosis support tool

The goal of the focus groups was to examine the usability of a work ability prognosis support
tool, based on an evidence-based prediction model that identifies claimants with a high
probability of experiencing an improvement in Work Ability Score (WAS) at one-year follow-up
[13]. The prediction model was based on a longitudinal cohort of 944 individuals, who were
granted a work disability benefit by the SSI. Statistical variable selection was used to select the
prognostic factors that were included in the final model. These were several physical and mental
functioning factors, work status, wage loss, and work ability at baseline. The outcome of the
prediction model is, for each individual claimant, the expected change in work ability at one-
year follow-up. This outcome can be used by IPs and LEs as an additional source of information
when they need to make decisions about the prognosis of claimants applying for a work
disability benefit. For more information on the prediction model, we refer to Louwerse et al [8].
The participants of the focus groups did not have any knowledge in advance about the
prediction model, but a short presentation about the development and prognostic factors was
given at the start of the focus group meetings.

Participants

The SSI has 27 offices, divided over 12 regions. In total, about goo IPs and LEs were working at
the SSlin 2018. Each focus group consisted of both IPs and LEs, who were working in the same
region but possibly at different offices. This was done to reduce travel time, thereby making it
easier to participate, and because there are very small differences in work procedures between
regions. Convenience sampling was used to recruit participants. To start with, three regions
were selected based on their willingness to participate and geographical distribution; one in the
west, one in the middle, and one in the east of the Netherlands. Depending on the level of data
saturation, i.e. whether new themes did emerge when analysing the third focus group, more
focus groups could be organized. IPs and LEs were recruited via their supervisors. A prerequisite
was that all participants currently need to perform medical disability assessment interviews. In
order to capture a wide range of perspectives on the preferable way of use and design of the
work ability prognosis support tool, we informed the supervisors that we aimed at a range of
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demographic characteristics (gender, age) and years of working experience when recruiting the
participants. However, recruitment of participants was voluntary and all IPs and LEs who
showed interest were accepted. Participants received no compensation for their participation
in the focus groups.

Both IPs and LEs are involved in prognosis of future changes of work ability. However, while for
IPs it is one of their main tasks during the medical disability assessment, LEs in the Netherlands
mainly focus on current limitations and corresponding job opportunities. As IPs will be the main
users of the work ability prognosis support tool, we aimed for at least two thirds of the
participants being IPs.

Data collection

The focus groups were held in May and June 2018, at an office in the region where the IPs and
LEs were based. One moderator (IL) and one observer (MHA and HJVR), all working as
researchers in the field of occupational health, facilitated the focus groups. JO was present at
all focus groups to take notes. For IL, it was the first time as a moderator. However, all other
researchers (MHA, HJVR, JO, AvdB and JRA) had previous experience with conducting focus
group meetings. Moreover, the procedures and topics of the focus groups were discussed in
detail in the research team beforehand. There were no established relationships between the
moderator and the participants prior to the study.

All three focus groups lasted for about 1.5 hour, with a short break halfway through the focus
group. The focus groups started with an explanation of the goal of the study, and the role of the
moderator and the observer(s). Then, all participants introduced themselves and the topics
were discussed. Two topics were discussed: 1) the preferred way of use of the work ability
prognosis support tool, and 2) the preferable design of the work ability prognosis support tool.
A more detailed overview of the topics is provided in table 1. The topic guide for the focus
groups was developed based on extensive discussions during several meetings of the research

team.

Two weeks before the focus group meeting, participants were sent an information letter stating
the goal and procedures of the focus groups, and the data management process. Participants
were informed that everything discussed during the focus group would be handled
confidentially, and all quotes would be anonymized. If participants agreed, they were asked to
sign the informed consent form that was enclosed. During the meeting, data were recorded
with an audio-recording device. Besides, the observer took notes of the topics discussed. Before
the start of the focus group, participants were asked to fill in a short questionnaire, regarding
demographics and working experience. Each participant was then given a number, linked to the
questionnaires, and their names were not used in the analysis. Within one week after the
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meeting, participants received a summary of the content of the focus group, which they were
asked to check. They were asked to contact the researchers if they found any errors or
omissions. In the results, we used quotes originating from the interviews to illustrate our
findings. Cited professionals were described by the job title of their profession, gender and age.
Quotes were translated by one researcher (IL) and checked by all other researchers.

Analysis

Data were analysed using a thematic analysis approach [14]. The COREQ checklist for reporting
qualitative studies was used [15]. All data were transcribed verbatim in Dutch. The data
collection continued until saturation of information was established, i.e. the transcripts of the
meetings provided no new information. The focus groups were analysed according to the main
principles of thematic analysis, i.e. through a systematic classification process of coding and
identifying themes or patterns in order to describe the preferable way of use and design of the
work ability prognosis support tool [16, 17]. All transcribed text and the notes of the focus
groups were used in the analysis. First, two researchers (IL and JO) coded two thirds of each of
the focus groups transcripts independently. During this phase of open coding, transcripts were
carefully read, text parts that seemed relevant were coded and relations between main and sub
codes were suggested. Second, during the phase of axial coding, the researchers discussed
whether the created codes were appropriate to describe the data and whether the relation
between main and sub codes was appropriate. This discussion continued until consensus was
reached. As the researchers were both present during all focus groups, the interaction between
the participants was taken into account as well. Finally, patterns in the data were identified by
looking for returning themes and by making connections between these themes. After
consensus was reached, all transcripts were (again) analysed by IL, using the provisional code
list. All analyses were conducted using ATLAS.ti software.

Results

Participants

After three focus groups, a satisfactory level of data saturation was reached and therefore no
additional focus groups were organized. In total 24 professionals participated; 5 in the first focus
group (3 IPs and 2 LEs), 8 in the second (6 IPs and 2 LEs), and 11 in the third (8 IPs and 3 LEs).
The actual distribution of 17 IPs and 7 LEs in total was in line with the intended distribution of
about two thirds of the participants being IP, and one third being LE. The mean age of the
participants was 51 years (SD = g years), g were female and 15 were male. The average working
experience was 17 years (SD = 12 years) for IPs and 14 years (SD = 6 years) for LEs.
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Table 1. Overview of focus group topics

Topics for IPs and LEs

1. Preferred way of use of the work ability prognosis support tool
a. Moment of use during the medical disability assessment
i. Before the interview with the claimant (when preparing for the interview)
ii. During the interview with the claimant (real-time interaction with the
claimant)
iii. Afterthe interview with the claimant (to verify or falsify own evaluation)
b. Reasons for non-use: situations in which the prediction model and the work ability
prognosis support tool might not be informative
2. Preferable design of the work ability prognosis support tool
a. Way of presenting the outcome of the prediction model, e.g. on a continuous scale or
dividing claimants into categories
b.  Presenting additional information on the uncertainty of the outcome of the prediction
model, e.g. by showing confidence interval or a larger number of categories

Auxiliary tool

Evidence-based decision o
. Statistics
about prognosis

Preferences regarding Different viewpoint
the way of use

Scarce resources

Effective allocation of
resources
Prioritize

Figure 1. Part of the coding tree of the thematic analysis

Only one participant added a remark to the content of the summary provided for them to check.
The participant stressed the importance of a certain issue mentioned during the focus group.
The comments of this participant were taken into account in the results.

Our findings are presented per theme: the preferences regarding the way of use are set out first,
followed by the preferences regarding the design of the decision support tool. Quotes were
used to illustrate our findings, whereby we aimed for a distribution of profession, gender and
age that represents the distribution of these characteristics among the participants. As an
example of the coding tree that we developed, figure 1 shows part of the coding tree for the first
theme.
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Preferences regarding the way of use

Evidence-based decisions about prognosis

Accurate prognosis of future work ability was considered as an important task of IPs and LEs. It
aids provision of effective interventions to return to work for claimants who will benefit most
from it. Assisting claimants to get back to work is stated in the vision of the SSI, and participants

mentioned it as an important motivator for work.

Some participants had difficulties determining how to value the prediction model compared to
their own consideration and estimation of a claimant’s prognosis. In answer to this, other
participants argued that it aims to be an auxiliary tool, based on statistics of large numbers
rather than physician’s knowledge and experience, which gives a different viewpoint and helps

professionals to make more evidence-based prognosis.

“It is helpful as an auxiliary tool: is the prognosis that | make based on literature and

videlines correct?” (Insurance physician, female, 40 years)
1 1

Effective allocation of resources

Concerning reasons to use the work ability prognosis support tool, participants thought that, in
case of scarce resources, the work ability prognosis support tool could guide effective allocation
of resources. IPs conduct medical re-assessments to determine whether an individual’s health
and work ability have improved or deteriorated to such an extent that adjustment of support to
return to work is required. The participants suggested that the work ability prognosis support
tool can help to select the claimants who are most likely to experience a significant
improvement in work ability and hence are expected to benefit most from return to work
support. According to the participants, the tool assists professionals to prioritize these

claimants when they need to allocate limited resources and plan re-assessments.

“It is also possible to prioritize, depending on the available capacity. We first assign
resources to claimants who are most likely to benefit from it. Depending on the capacity
that remains, we can assign it to claimants of whom we are less sure.” (Labour expert,

male, 56 years)

Verify and validate own prognosis

Opinions on when to use the tool differed. The majority of the participants stressed that they
are open-minded at the start of the work disability assessment interview. They felt that using
the work ability prognosis support tool at this stage would prohibit them from being so. They
would first want to make their own judgement during the interview with the claimant and
afterwards verify or falsify their evaluation with the work ability prognosis support tool. It will
strengthen their belief that they made the right decision if the outcome of the prediction model
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matches their own prognoses, and it will be a reason to reconsider their prognoses if it does not
match. A prerequisite in this case is that the work ability prognosis support tool should be
available briefly after the work disability assessment interview, when IPs need to write a medical
report.

“Then I can first get my own idea and afterwards see if this coincides with the outcome of
the prediction model. If you consult the work ability prognosis support tool before the
interview with the claimant, then it might be in the back of my mind during the interview.
Although it will not completely determine my way of thinking, it might influence it
anyway, and cause you to ask certain questions that you would otherwise not have
asked.” (Insurance physician, male, 58 years)

More thorough preparation for the interview

A few participants argued that being able to use the work ability prognosis support tool before
the disability assessment interview would help in preparing the interview, and might give
guidance for topics to pay additional attention to during the interview with the claimant.
Moreover, it gives the possibility to discuss the prognosis and follow-up actions with the

claimant during the interview.

| think it could be useful when preparing for the interview with the claimant. What
information is, for instance, available about expected return to work and the motivation
of the claimant? | could use this information to ask specific questions to the claimant and
talk about potential barriers for return to work.” (Insurance physician, male, 41 years)

No distraction from the conversation with the claimant

All participants agreed that using the work ability prognosis support tool during the disability
assessment interview is not desirable, as during this contact they want to focus full attention on
the interview with the claimant. Using the work ability prognosis support tool and judging the
outcome of the prediction model would distract them and would take too much time.

“You need time to interpret and evaluate the work ability prognosis support tool. It is
difficult to do this during the interview with the claimant.” (Insurance physician, male,

60 years)

Reservations about self-reported factors

Participants expressed their concern about using self-reported measures as prognostic
variables for the prediction model. They mentioned that applying for a work disability benefit is
an emotional process during which claimants can experience many insecurities and that these

emotions could influence the answers claimants give on self-reported questionnaires.
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Moreover, they questioned whether the work ability prognosis support tool would be for

professional use only, or if and how its results can be communicated to claimants as well.

"We have claimants who have negative thoughts about getting back to work, while we
think that there are opportunities for return to work. If claimants own opinions greatly
influence the outcome of the prediction model, it would be less reliable for me.” (Labour

expert, male, 53 years)

One model for all claimants

Concerning reasons for non-use, participants mentioned some factors that by themselves
almost completely determine the expected prognoses and the recommended return to work
interventions were mentioned. For instance, older claimants often have less psychological
resilience than younger claimants, and less motivation to put a lot of effort in a return to work
intervention when they are close to reaching the retirement age. Other factors that were
mentioned as determinants for lower expectations of future improvements of work ability and
successful return to work support were claimants suffering from comorbidity, claimants with
non-health related complications, such as financial or personal issues, and claimants with

several and longer periods of work disability in the past.

“Age plays a role. For instance when a woman older than 5o years has a long-term
depression, her psychological resilience becomes less and you can take that into account

during your assessment.” (Insurance physician, male, 58 years)

“Claimants who are already longer without a job, either because of unemployment or
sickness, have a larger distance to the labour market, and are usually also less
motivated.” (Labour expert, female, 58 years)

However, participants agreed that they would not beforehand exclude participants from the
prediction model. The work ability prognosis support tool has most added value in cases where
professionals are unsure about the prognosis, for instance when the course of the disease is
unclear. However, also when an IP is more confident about the expected change in work ability,
some of them argued that they could use the work ability prognosis support tool in these cases
to verify their thoughts. Because the prediction model is based on a diverse set of variables,
both SSI registration data and self-reported measures, it is a useful complement to the

prognosis of the professional.

“I think it always adds something, because when | think an improvement of work ability
is very likely and the work ability prognosis support tool shows green, then this confirms

my expectations. Otherwise, the tool shows the opposite, it would make me think | missed
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something, | will think about it more thoroughly. So I think it is always useful.” (Insurance
physician, male, 59 years)

Preferences regarding the design

Clearly present the outcome of the prediction model

Participants mentioned clarity and ease of use as important features of the tool. They argued
that these features are crucial for successful use of the tool in practice. Dividing claimants into
groups based on their predicted future change in work ability and assigning colours to the
groups (e.g. green for claimants with a high probability of experiencing animprovement in work
ability, red for claimants with a high probability of experiencing a deterioration in work ability,
and orange if no relevant change in work ability is predicted) was seen as a straightforward and
clear way of presenting the results of the prediction model. As users have a quick and uniform
association with colours, this encourages them to take action.

“By using colours in the outcome of the prediction model it isimmediately clear.” (Labour
expert, female, 47 years)

“I also think that if you represent it this way, that it encourages us to take action faster
than if you would represent it in a more neutral way.” (Insurance physician, male, 31

years)

Detailed information about the predicted outcome

Participants argued that more detailed information might be helpful in some cases, for instance
when for a claimant the predicted value falls on the boundary of two categories. More precise
presentation of the outcome of the prediction model, e.g. by dividing the claimants into more
than three categories or by presenting the prediction on a continuous scale, gives more accurate
information but would also be more difficult to interpret. Moreover, it would result in less
uniformity as information that is more detailed leads to larger differences in interpretation
between professionals. Moreover, some participants mentioned that they would like to have
some information about the uncertainty of the predicted value (e.g. the outcome of the
prediction model and the corresponding category that a claimant is assigned to), for instance
by presenting the confidence interval around the predicted value on a continuous scale.
However, most participants thought that it would be difficult for them to value this information

and that it would work against an easy interpretation of the main outcome.

“A continuous scale is visually attractive, but if you want to evaluate it, you should attach
recommendations or actions to it. Otherwise everyone will interpret it in his or her own

way, and that will not result in better prognosis.” (Insurance physician, female, 40 years)
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Information about the prognostic variables

To create more support and confidence in the work ability prognosis support tool and the
underlying prediction model, participants argued that they need more information about the
prognostic variables of the prediction model. Some participants preferred a concise summary
of characteristics of claimants and the prognostic variables of the prediction model, for other
participants a presentation beforehand about how the prediction model is constructed and its
underlying variables would be sufficient.

“It is difficult for me to interpret the outcome of the prediction model if | don’t have
information about what the model looks like. What are the most important factors? Some
general information about the prediction model and the variables that are included would
be helpful.” (Labour expert, female, 47 years)

“Also for the acceptance of my colleagues it is important that we have a better under-
standing of the prediction model.” (Insurance physician, male, 47 years)

Discussion

Main findings

The goal of this study was to explore the preferences of professionals regarding the way of use
and design of a work ability prognosis support tool, which can help them in making accurate
prognoses of future changes in work ability. Qualitative analysis of focus groups showed that
IPs and LEs of the SSI reported a large number of preferences regarding the way of use (e.g.
evidence-based decisions about prognosis, effective allocation of resources, and verify and
validate own prognosis) and preferences regarding the design (e.g. clearly present the outcome
of the prediction model and information about the prognostic factors) of the decision support
tool. Participants agreed that clarity and ease of use are important features of the tool. Dividing
claimants into categories based on the outcome of the prediction model and assigning colour
labels to the classes was experienced as the most straightforward and clear way of presenting
the results of the prediction model. It encourages professionals to use the tool and act
accordingly. Concerning preferences on when to use the tool, most professionals would
prefer to first make their own judgement during the work disability assessment interview with
the claimant and afterwards verify or adjust their evaluation based on the outcome of the work
ability prognosis support tool.

Interpretation of findings
Ease of use was mentioned by the participants of the focus groups as key component for
successful actual use of the tool. This is in agreement with previous qualitative research that
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concluded that a simple and easy-to-use design was a necessity for IPs to use a prediction rule
aimed at supporting work disability assessment of cancer survivors [18]. In this earlier study, IPs
mentioned that a prediction rule should take little time to use, should have added value for the
work disability assessment and should be both valid and reliable. Ensuring ease of use by using
computers to generate support is an important feature for clinicians and other health care
stakeholders to use clinical support tools [19]. Even if the tool is very well designed, it will be
useless if the professional is not able to use prediction rule at the time of decision-making [20].

Another crucial component for successful use of the tool mentioned by the participants of our
focus groups was clarity of the work ability prognosis support tool. This concurs with the results
of studies describing the use of computer tools among physicians, stating that professionals will
not be happy about using a support tool if the information that it presents does not fit on a single
screen [21]. Our participants indicated that even simple and relatively straightforward
recommendations could be interpreted in different ways, depending on one’s perspective or
experience. This is in line with results found in the general field of risk communication that
people have difficulties with interpreting and providing meaning to numerical information [22,
23]. Even across samples consisting of only highly educated individuals, participants appeared
to have difficulties understanding and interpreting health statistics [24, 25]. Instead, graphical
risk presentation, such as using colours and verbal categorical labels, intends to provide intuitive
meaning to numerical information. By using graphical formats, it is usually easier to attract the
attention of the user and to support their understanding [26, 27]. Dividing claimants into three
categories based on the prediction model and assigning colours and recommendations to these
categories seems a good way to prevent differences in interpretation.

The present study revealed that most SSI professionals would like to use the work ability
prognosis support tool to verify their own prognosis directly after the work disability
assessment interview. A minority of the participants mentioned that they would prefer to have
the possibility to use the tool before the disability assessment interview as well, as this would
help them in preparing the interview with the claimant. In general, automatic provision of
decision support at the time and location of decision-making is a key element for successful
actual use [28]. It would be possible to give SSI professionals the opportunity to use the tool at
other moments as well, but it should be investigated whether professionals would do so, as
previous research showed that clinical support tools were less successful if clinicians had to
initiate the use of it themselves [19].

Strengths and limitations

A first strength of the present study is that the focus groups were held within three different
regions of the SSI, each located in a different part of the Netherlands, and the participants were
selected out of all potential users of the work ability prognosis support tool. This enabled us to
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gather different perspectives, design a tool that satisfies as much as possible the demands, and
create a high level of support for the users. Secondly, we carefully followed the guidelines for
qualitative research by having two researchers who independently analysed and coded the
data, by discussing the study design and results within the research team, and by performing
member checks. This contributes to the credibility and confirmability of the study. The
dependability of the study was taken into account by continuing data collection until a
satisfactory level of data saturation was reached, and by applying a flexible research design.

Another strength of this study is that, when considering the way of use and design of the work
ability prognosis support tool, we focused on its actual use in the Dutch social security system
and the procedures at the SSI. Hence, the setting in which the work ability prognosis support
tool will be used is emphasized during the focus groups. However, the obvious limitation related
to this is that generalizability of our findings was limited. Translation of our findings to other
settings can only be done with care as work disability evaluation processes and legislation
largely differ across European countries in terms of steps involved, use of professional assessors
and time consumption [1]. However, by giving a description of social security context in which
this study was performed, and by comparing our findings with existing literature we aimed at
enhancing the transferability. Other limitations of this study are that we conducted
convenience sampling, which means that the participants might have provided only limited
different perspectives because they were not sampled by purposeful sampling. A final limitation
is that we did only focus on the preferable way of use and design of the work ability prognosis
support tool, and that there was no time to discuss other barriers or facilitators for use that could
be faced in practice. Therefore, it is important to conduct a process evaluation alongside an
effectiveness study to identify other barriers or facilitators for use.

Implications for practice and research

A work ability prognosis support tool based on a prediction model for changes in work ability at
one-year follow-up can help IPs and LEs making accurate prognosis. Being supported by a
suitable work ability prognosis support tool, which is easy to access and interpret, is a
prerequisite to increase the chance that professionals will use the tool. The present study
showed that IPs and LEs agree on the preferred way of use and design of the work ability
prognosis support tool. This provides a good starting point for developing a tool that is user-
friendly and aligned to the preferences of IPs and LEs and that can be tested in a trial. Based on
the results of this focus group study, we will develop a work ability prognosis support tool. Next,
an effectiveness study will be performed to determine if the actual use of the tool contributes
to more accurate prognoses. Furthermore, a process evaluation should show whether IPs

actually use the tool and how they evaluate it.
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Although the development of clinical support tools has rapidly increased over the past decade,
it remains to be seen whether these tools will be part of everyday practice and to what extent
they can contribute to effective occupational health provision. As clinical support tools do not
guarantee a correct solution for every single case, it is important to emphasize that they should
not be automatically followed. Rather, these tools should be complementary to occupational
health professionals’ judgements, which should be prioritized at all times. Therefore,
professionals should be informed about proper use and the scientific evidence of such tools.
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Abstract

Purpose Assessment of prognosis of work disability is a challenging task for occupational health
professionals. An evidence-based decision support tool, based on a prediction model, could aid
professionals in the decision-making process. This study aimed to evaluate the efficacy of such
a tool on Dutch insurance physicians’ (IPs) prognosis of work ability and their prognostic
confidence, and assess IPs’ attitudes towards use of the tool.

Methods We conducted an experimental study including six case vignettes among 29 IPs. For
each vignette, IPs first specified their own prognosis of future work ability and prognostic
confidence. Next, IPs were informed about the outcome of the prediction model and asked
whether this changed their initial prognosis and prognostic confidence. Finally, respondents
reported their attitude towards use of the tool in real practice.

Results The concordance between IPs’ prognosis and the outcome of the prediction model was
low: IPs’ prognosis was more positive in 72 (41%) and more negative in 20 (11%) cases. Using
the decision support tool, IPs changed their prognosis in only 13% of the cases. IPs prognostic
confidence decreased when prognosis was discordant, and remained unchanged when it was
concordant. Concerning attitudes towards use, the wish to know more about the tool was
considered as the main barrier.

Conclusion The efficacy of the tool on IPs’ prognosis of work ability and their prognostic
confidence was low. Although the perceived barriers were overall limited, only a minority of the
IPs indicated that they would be willing to use the tool in practice.
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Introduction

Individuals who are unable to work due to a disease or disorder can apply for a work disability
benefit. In most European countries, this covers both financial support to compensate loss of
income, and interventions to support return to work [1]. Occupational health professionals
conduct work disability assessments to evaluate whether a benefit should be granted. One of
the main tasks during this assessment is estimating prognosis of work ability [2]. Accurate
prognosis is important to determine when an individual's work ability will improve or
deteriorate to such an extent that adjustment of the benefit or support to return to work is
required [3]. However, it is also considered the most difficult part of the work disability
assessment, because it requires rather complex predictions, in which a broad range of individual
characteristics and external factors play a role [4, 5].

A potential solution to this problem is to provide occupational health professionals with
evidence-based decision support tools. These tools are comprised of software and designed to
aid decision-making [6]. They match characteristics of individual claimants with a computerized
knowledge base to generate patient-specific assessments or recommendations [7]. Although
previous research has shown that such tools could be a means to achieve more accurate
estimates of prognosis, they are usually based on a limited number of prognostic factors and
are not 100% correct [8, 9]. In addition, other factors play a role in decision-making in the
medicolegal setting of work disability assessments. Hence, decision support tools are not
meant to take over the job of professionals, but to support them by providing objective
estimates of outcome probabilities to complement their professional expertise, competencies
and experience. For instance, a decision support tool based on an evidence-based prediction
model for future changes in work ability could aid professionals during work disability
assessments [10, 11]. The tool could help professionals to make more precise estimations of
future work ability and could increase their prognostic confidence [12]. To establish the possible
efficacy of the decision support tool on the complex decision-making processes during work
disability assessments, insight in actual use of the tool and occupational health professionals’
attitudes towards such a tool is needed.

In general, occupational health professionals recognize the potential usefulness of evidence-
based decision support tools. However, previous studies have shown that adherence to the use
of innovations in medical settings can be a difficult task to accomplish [13]. Many factors may
influence the use of decision support tools in practice, such as lack of knowledge about the
innovation, negative attitudes and beliefs towards the innovation, perceived lack of time, lack
of motivation, and organizational constraints [14, 15]. Moreover, barriers operate on different
levels: they can be related to the professional, the patient, the organization, or the social and
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cultural context [16]. Insight into the barriers and facilitators for use of the decision support tool
is needed to be able to further develop the tool in line with professionals’ needs and select an

appropriate strategy for future implementation [17].

The objectives of our study were: (i) to evaluate the efficacy of the decision support tool on
Dutch insurance physicians’ (IPs) prognosis of work ability using case vignettes; (ii) to
investigate whether use of the tool affects IPs’ prognostic confidence; and (iii) to quantitatively
assess the attitudes of professionals towards a decision support tool, and the perceived barriers
and facilitators for use.

Methods

An experimental study including six case vignettes was conducted to answer the research

questions.

Context

In the Netherlands, IPs conduct medical disability assessments to evaluate whether a work
disability benefit should be granted. Once a work disability benefit has been granted, changes
in work ability may alter its continuing eligibility. Therefore, prognosis of future changes in work
ability is an important task of IPs [18]. IPs conduct medical re-assessments to determine
whether a claimant’s health has improved or deteriorated to such extent that adjusting the
benefit and/or support to return to work is necessary. Re-assessments are not only an
operational aspect of the disability system, but a means to monitor claimants’ functional
abilities. Depending on the situation of individual claimants, the term or the extent of the
financial support of the benefit could be changed, or new rehabilitation interventions could be
offered. Claimants could have interest in a certain outcome of a re-assessment. However, IPs
are trained in objective assessment of functional limitations; IPs do not mainly focus their
assessment on claimants’ self-perceived health complaints and impairments but they use many
other factors as well [19-21].

During the work disability assessment, IPs need to indicate for each claimant if and when a re-
assessment should be planned. Because of the large number of work disability claimants and
the limited capacity to perform re-assessments, accurate prognosis is important for efficient
planning of medical re-assessments and adequate interventions to support return to work. An
evidence-based prediction model could help IPs in making more accurate prognosis of
individual claimants during the work disability assessment. The prediction model is a regression
equation that uses some prognostic factors to predict for each claimant the expected change in
work ability at one-year follow-up [10]. A cohort of 944 claimants who were granted a work
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disability benefit by the SSI was used to develop the prediction model and for internal validation
of the model [21]. Work ability was measured using the Work Ability Score (WAS), a single item
of the Work Ability Index (WAI) questionnaire that asks participants to compare their current
work ability with their lifetime best on a o—10 scale [22]. Higher scores indicate better work
ability, and an improvement or a deterioration in WAS of at least two points is considered to be
a relevant change likely to have an effect on return to work and work disability benefit [23, 24].
Based on the predicted change in WAS at one-year follow-up, claimants are divided into three
groups: claimants with no relevant change, animprovement, or a deterioration in the expected
level of work ability at one-year follow-up compared to baseline. The prognostic factors of the
prediction model are several physical and mental functioning factors, work status, wage loss,

and work ability at baseline.

In order to make the outcome of the prediction model easily accessible and interpretable for
professionals it needs to be supported by a suitable interface, i.e. a decision support tool. Based
on professionals’ preferences regarding the way of use and design of the tool, we developed
such a tool [11]. The tool uses claimant-specific information from self-reported questionnaires
and registration data from the Dutch Social Security Institute (SSI) [21]. This information is
matched with a decision rule, and presents the predicted change in work ability. IPs could use
the tool as an auxiliary source of information to estimate prognosis of work ability, guide return

to work interventions and plan re-assessments.

Study design

To assess the efficacy of using the decision support tool and IPs attitudes towards the tool, we
conducted an experimental study including six case vignettes based on past work disability
assessment reports [25, 26]. Advantages of vignette studies are that they are more realistic and
less abstract than traditional survey questions, and that they can give insight into decision-
making processes in an experimental setting [27, 28]. In consultation with three IPs working at
the research department of the SSl and based on real patients’ records, we constructed detailed
descriptions of six claimants who were granted a work disability benefit. These descriptions
included demographic factors, information about the last job (working hours, work demands),
disorders, medical and non-medical treatments, and functional limitations. All variables that
were included as prognostic factors in the prediction model were also presented to IPs in the
case vignettes. Table 1 shows a summary of the six case vignettes. The case vignettes were
presented to respondents for evaluation. Cases were selected in such a way that several factors
believed to influence the judgement were varied, e.g. demographics, disease type, disease
history, and predicted change in work ability at one-year-follow-up. As an example, we have
added a more detailed description of one of the case vignettes to the Appendix. The six cases
were considered to sufficiently represent the most important factors in work disability

103




Chapter 6

assessments and the possible outcomes of the prediction model. As we did not want to pose an
unnecessary burden on the already limited resources at the SSI, we decided not to include any

additional cases.

Study population

The study population consisted of IPs working at the SSI. The SSI is a semi-governmental
organisation that assesses sickness absence and work disability benefit claims, takes care of
benefit payments and provides reintegration support. Seven of the 27 offices of the SSI were
selected based on their willingness to participate and geographical distribution: three in the
North, two in the central part and two in the South of the Netherlands. At each office, a meeting
was organised to inform IPs about the design and questionnaires of the experimental study, and
to give them more information about the prediction model and decision support tool.
Thereafter, IPs were asked if they were willing to participate in the study and were invited per
e-mail tofillin an online questionnaire. Participation was voluntary. Inclusion criteria were being
registered as an IP or following the postgraduate education in insurance medicine, and
conducting medical disability assessment interviews of work disability claimants. All
participants signed informed consent and all data were anonymized. The Medical Ethics
Committee of VU University Medical Centre in Amsterdam, The Netherlands, has confirmed
that ethics approval is not necessary, because the Medical Research Involving Human Subjects
Act (WMO) does not apply to our study.

Questionnaire

The questionnaire consisted of three sections: a general section, evaluation of the six case
vignettes, and a section to evaluate aspects for use of the tool. The general section included
questions about demographics and professional characteristics such as age, gender, and work
experience. Next, the six case vignettes were presented. For each vignette, IPs were asked
about their prognosis of future changes in work ability based on a detailed description of
demographic, work, health and psychological factors. Based on this prognosis, they were asked
to specify duration of the period after which they wanted to plan a re-assessment and the
expected change in work ability at one-year follow-up. In line with the outcome of the prediction
model, the latter question had three answering categories: improvement, no change, or
deterioration of a claimant’s work ability. Moreover, IPs were asked to rate the level of
prognostic confidence on a numerical rating scale (NRS), ranging from o (no confidence) to 10
(complete confidence). Next, the decision support tool was presented showing the prognostic
factors and the outcome of the prediction model. The prognostic factors were also included in
the detailed description of the case vignettes, but were presented again to enable IPs to judge
the exact factors that were used to estimate the predicted outcome. IPs were asked to re-

evaluate their prognosis using the same description of the case vignettes and the outcome of
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the prediction model. IPs indicated whether consulting the tool led them to change their
prognosis or not, and if so in which direction (i.e. better or worse). An open-ended question gave
respondents the opportunity to explain why they did or did not change their prognosis. Besides,
to assess whether the tool made them more or less confident about their prognosis,
respondents again indicated their prognostic confidence on a numerical rating scale.

To study future use of the decision support tool, IPs were asked if and how often they considered
the tool to be of benefit during the medical disability assessment. Moreover, it was examined
whether IPs would consider using a decision support tool in the future to support their prognosis
during the work disability assessment, how they would want to use the tool, and in what
situations or for which types of claimants they would not use it. Finally, 15 statements about
barriers and facilitators for use of a decision support tool in real practice were presented. These
statements originate from an existing validated questionnaire and assess constructs related to
the society, the organization, the claimant, the future user of the decision support tool, and the
tool itself [29]. A 5-point Likert scale ranging from “Fully disagree” to “Fully agree” was used to
rate the extent of agreement with each statement.

Statistical analysis

Descriptive statistics were used to describe the demographic and professional characteristics of
the IPs (means, standard deviations, percentages). We assessed the efficacy of the decision
support tool on the IPs’ prediction of prognosis. Prognosis was defined as either concordant or
discordant according to whether the prediction of the decision support tool was or was not
equal to IPs’ own prediction of prognosis, i.e. before evaluating the decision support tool. To
measure whether use of the decision support tool led IPs to change their prognosis, the number
and percentages of IPs in the three answering options (i.e. prognosis of work ability remained
unchanged, got worse, or got better after evaluating the decision support tool) were calculated.
Differences between cases with different types of limitations (mental, physical, or both mental
and physical) were assessed using chi-square tests. For each case vignette, we calculated the
proportions of observed agreement between IPs’ prognosis and the outcome of the prediction
model and used McNemar's test for paired proportions to compare agreement before and after
evaluating the decision support tool. Multilevel analyses were used to assess changes in the
level of prognostic confidence after consulting the decision support tool, taking into account
that the data were clustered within IPs. Concerning the statements on barriers and facilitators
for use, we calculated the percentage “agree” and “fully agree” for all statements to identify
possible barriers and facilitators for use of the decision support tool. All analyses were
performed in RStudio for Windows, version 0.99.902. The significance level of all statistical tests
was set at p<o.05.
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Table 1. Main characteristics of the six case vignettes

Job Type of Functioningand ~ WAS® at
Vignette  Gender Age demands Disorder(s) limitations  treatment baseline
1 Male 45 Mostly Paraplegia Physical ADL 1
physical dependence
2 Female 29 Mental+  Chronic Physical Waiting listfora 1
physical kidney kidney
disease transplant
3 Male 34 Mostly First Mental Hospitalized for 4
physical episode treatment
psychosis
4 Male 58 Mental +  Cerebral Mental + Psychologist, 3
physical bleed physical physiotherapist
5 Female 38 Mostly Depression,  Mental Psychotherapy o)
mental PTSD and EMDR
6 Female 34 Mostly PTSD, Mental + Psychologist, 0
mental multiple physical physiotherapist
fractures

®WAS = self-assessed work ability score

Results

Twenty-nine IPs voluntarily participated in the study. This was just above the minimum number
of 28 IPs that was determined in a sample size calculation as number needed to answer the
research questions. Table 2 summarizes the demographic and professional characteristics of
the respondents. The majority was female (59%) and worked as a registered IP (62%).

Prognosis without and with the decision support tool
In 82 (47%) cases, the prognosis of the IP without information from the decision support tool
was concordant with the outcome of the prediction model (Table 3). The prognosis of the IP was
more positive in 41% (n=72) and more negative in 11% (n=20) of the cases. Differences in
prognosis occurred most often in cases with both mental and physical limitations (90%) and
least often in cases with only physical limitations (26%).

For all cases where the prognosis of the IP was concordant with the outcome of the prediction
model, IPs did not change their prognosis after evaluating information from the decision
support tool. In 22% (n=20) of the cases where the prognosis was not concordant, the IP
changed his or her prognosis after evaluating information from the tool. In the majority of the
cases where the prognosis was changed, IPs considered the prognosis to be worse after
evaluating the decision support tool (75%; n=15). Whether or not the IP changed his or her
prognosis was independent of the type of limitations (p=0.34).
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Table 2. Demographic and professional characteristics of the respondents (n=29)
n % Mean SD

Gender
Male 12 41
Female 17 59
Age (years) 44 11
<35 7 24
35-44 10 34
45-54 4 14
55+ 8 28
Type of IP
Registered 18 62
Postgraduate student 1 38
Working experience as IP (years) 12 11
<5 10 34
59 7 24
10+ 12 41

Overall, the observed agreement between IPs’ prognosis and the outcome of the prediction
model increased from 47% to 58% after IPs evaluated the decision support tool. If we look at
each of the case vignettes separately, we can see that for two of the vignettes that showed low
initial agreement, there was an improvement in agreement after IPs were informed about the
outcome of the prediction model. For these vignettes, the prediction model estimated no
change in future work ability. There was a statistically significant change in the number of IPs
that first predicted an improvement or deterioration in work ability and, after use of the tool,

agreed with the outcome of the prediction model.

Confidence in the prognosis with and without the decision support tool

Table 4 presents the prognostic confidence of IPs without and with information from the
decision support tool. In 57% (n=99) of the cases, the prognostic confidence of the IP changed
after evaluation of the decision support tool. The confidence increased in 26% (n=45) and
decreased in 31% (n=54) of the cases. Change in prognostic confidence occurred less often when
the prognosis of the IP was concordant with the outcome of the decision support tool (n=40;
49%) than in case of discordant prognosis (n=59; 64%).

The results of the multilevel analyses showed that there was an overall decrease in prognostic
confidence by o.5 points on the NRS from 7.1 to 6.6 points (p=0.02). If the prognosis was
concordant, the prognostic confidence increased from 7.2 to 7.4 points, but this increase was
not statistically significant (p=0.26). The prognostic confidence significantly decreased from 7.0

to 6.0 points in cases with discordant prognosis (p<0.001).
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Use of the decision support tool in practice

28% (n=8) of the respondents indicated that they would be willing to use an evidence-based
decision support tool based on a prediction model during future work disability assessments.
The majority of the respondents was unsure (55%; n=16), and 17% (n=5) indicated that they
would probably not be willing to use the tool. The responding IPs were more negative about the
attitudes of their colleagues: 90% (n=26) doubted whether their colleagues would be willing to
use a decision support tool during work disability assessments. Respondents expected that the
tool would be of most benefit for claimants with more complex pathology, such as medically
unexplained physical symptoms, in which motivation and perception play an important role.
Regarding the question for which types of claimants the tool would be of less benefit,
respondents mentioned claimants of which the prognosis is evident (55%) and claimants who
lack insight into their own illness (21%). However, 28% of the respondents did not specify
specific types of claimants and indicated that the decision support tool could always be
consulted. These were not (all) the same respondents as the eight IPs that indicated who they
would be willing to use an evidence-based decision support tool based on a prediction model
during future work disability assessments.

Barriers and facilitators for use of the decision support tool

The percentages of respondents that agreed, neither agreed nor disagreed, and disagreed that
specific barriers or facilitators applied to using of the decision support tool in practice are
summarized in figure 1. Among the barriers, wishing to know more about the decision support
tool before deciding to apply it showed the highest score (83%). Other barriers were thinking
that parts of the decision support tool are incorrect (28%), and that fellow IPs (24%) and other
colleagues (21%) would not cooperate in applying the tool. Overall, the mean percentages of
IPs who agreed that certain facilitators were applicable to use of the tool were somewhat
higher. Concerning the facilitators that were applicable to use of the decision support tool, the
majority of the respondents agreed that the tool leaves them enough room to make their own
decision (76%), that the layout of the tool makes it handy for use (62%), and that it leaves
enough room to weigh the wishes of the claimant (52%).
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Table 3. Prognosis without and with the decision support tool in 29 IPs judging 6 case vignettes

Vignette
1 2 3 4 5 6 All
(n=29)  (n=29) (n=29) (n=29) (n=29) (n=29) (n=174)
Changein WAS predictedby  +- ++ +- -- ++ +-
DST®
Without the DST®
Prognosis, n (%)
Improvement o (o) 14 (48) 20(69) o (o) 24(83) 24(83) 82(47)
No change 29(100) 1035 9(31) 28(97) 5(17) 5(17) 86(49)
Deterioration o (o) 5(17) o (o) 1(3) o (o) o (o) 6 (4)
Concordant prognosis, n(%) 29 (100) 14 (48) 9 (31) 1(3) 24 (83) 5(17)  82(47)
Observed agreement, % 100 48 31 3 83 17 47
With the DST®
Prognosis, n (%)
Improvement 0(0) 17(59)  14(48)  o(0) 25(86) 17(59)  73(42)
No change 29 (100) 9(31) 15(52) 26(90) 4(14) 12(41) 95(55)
Deterioration o (o) 3(20) o (0) 3(20) o (0) o (0) 6(3)
Changed prognosis, n (%) o (o) 3(10) 6 (21) 2(7) 1(3) 7(24)  19(11)
Observed agreement, % 100 59 52 10 86 41 58
Change in IPs’ prognosisb NS NS 0.026 NS NS 0.008 -

®DST = decision support tool, ++ = improvement, +- = no change, -- = deterioration
® McNemar's test to compare IPs’ prognosis before and after use of the decision support tool, p-value,
NS = not significant (p>0.05)

Table 4. Efficacy of a decision support tool on prognosis of work ability and prognostic confidence

All Concordant prognosis Discordant prognosis
(n=174) (n=82) (n=92)
Changed prognosis, n (%) 20 (13) - 20 (22)
Prognostic confidence
Without the DST? 7.1+17 7.2%1.5 7.0+1.9
With the DST® 6.6+2.2 7.4+1.6 6.0+2.4
ANRSP -0.5+2.1%  0.2%1.1 -1.0 + 2.5%

" Significant decrease in prognostic confidence after using the DST (p<0.05)
°DST = decision support tool, "NRS = numerical rating scale
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Barriers
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Figure 1. Barriers and facilitators for use of the decision support tool (DST)
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Discussion

We found that in only 47% of the cases the prognosis of the IP without information from the
decision support tool was concordant with the outcome of the prediction model. In 22% of the
cases with a discordant prognosis, IPs changed their prognosis of work ability after consulting
the decision support tool. If IP’s prognosis was discordant with the outcome of the decision
support tool, their prognostic confidence decreased. Although the perceived barriers for use
were overall limited, only a minority of the IPs (28%) indicated that they would be willing to use
an evidence-based decision support tool based on a prediction model in practice.

In the present study, we found that the agreement between IPs’ own prognosis before
evaluating the outcome of the decision support tool and the outcome of the prediction model
was low. In general, prognosis of future changes in work ability was more positive reported by
the IPs than the prognosis estimated by the prediction model. As IPs consider prognosis as the
most difficult part of the work disability assessment, this could indicate that IPs often give
claimants the benefit of the doubt and, when they are unsure, prefer to plan re-assessments to

monitor claimants’ change in work ability.

In case IPs’ own prognosis was discordant with the outcome of the decision support tool, IPs
changed their prognosis in 22% of the cases after they evaluated the tool. This was only 13% of
the total number of cases. This low efficacy can possibly be explained by the low initial
agreement between IPs’ prognosis and the outcome of the decision support tool, which could
have influenced IPs’ trust in the tool. Although the percentage of changed prognoses in our
study was rather low, this is in line with results from a study on the impact of a decision support
tool on prediction of progression in early-stage dementia [30]. This prospective multicenter
study including 429 patients showed that clinicians changed the prediction of progression only
in 13% patients after using the tool. However, the researchers did not mention the number of
predictions discordant with the outcome of the decision support tool, and this might have been
lower than 53%. A study on Dutch IPs judgement of physical work ability showed that when IPs
judgement differed from the information about functional tests, only a one-third changed their
judgement [31].

IPs’ own prognosis was discordant with the outcome of the prediction model in 53% of the
cases, but only in 13% of the cases, they changed their prognosis after consulting the tool. In a
previous study using retrospective data, we have shown that the prediction model for future
changes in work ability can discriminate between claimants with an improvement, deterioration
or no change in work ability at one-year follow-up [10]. Internal validation of the prediction
model showed that the positive and negative predictive values of the model were 63% and 82%,
respectively. Compared to these percentages, the number of cases for which IPs’ prognosis was
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discordant with the outcome of the prediction model, but for which IPs did not change their
prognosis (n=73; 42%), was relatively high. This implies that for part of these cases for which the
final prognosis of the IP was discordant, the prediction model might have correctly predicted
the change in work ability at one-year follow-up. This could be an indication that there is still
room for improvement in that IPs could have had more trust in the decision support tool and
could have adjusted their prognosis accordingly. However, also in previous studies it was shown
that clinicians seem to be reluctant to use decision support tools and other new sources of
information in practice [32, 33]. Even if clinicians trust the scientific evidence underlying a
decision support tool, they perceive it mostly as a confirmatory tool that can be used to validate
or fine-tune their own prognosis rather than substantially change it [12].

High prognostic confidence is important for efficient planning of medical re-assessments and
to provide effective interventions for return to work. Mean prognostic confidence without the
decision support tool was 7.1 (SD 1.7). For concordant cases, our results did not show a
significant change in prognostic confidence. For discordant cases, however, we found a
statistically significant decrease of 1 point (SD 2.5). These confidence levels are in line with
clinicians’ confidence in the prediction of dementia without and with a decision support tool,
which ranged between 62-76 (SD 16-19) on a visual analogue scale (0-100%) [34]. In the latter
study, they did not discriminate between concordant and discordant cases, and overall a small
significant increase in confidence of 3% was found (SD 11). This is in contrast with the significant

decrease in confidence of 1 point on the NRS found in the present study.

Transferring effective innovations into real world (medical) settings and achieving sustainable
use in every day decision-making processes is a complicated, long-term process [16, 35, 36]. We
assessed 15 statements focusing on barriers and facilitators related to knowledge, attitude, and
behavior. The majority of the respondents indicated that they currently doubted whether they
would use the decision support tool for prognosis of work ability during the work disability
assessment. Overall, the reported barriers among our IPs were limited. The main perceived
barrier was that IPs felt that they needed more information about the decision support tool
before they could decide whether to use the tool in practice. Lack of knowledge was also
mentioned as one of the main barriers for adherence to guideline recommendations in a study
among Dutch general practitioners [37]. The need for more information could have influenced
the perceived usefulness of the decision support tool, which is a key characteristic for
acceptance and use [38, 39]. In the present study, this need is possibly reinforced by the low
agreement between the outcome of the prediction model and IPs’ prognosis of future work
ability, and the fact that IPs first had to estimate their own prognosis while the decision support
tool was only presented after their decision-making process.
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The most important facilitators for use of the decision support tool were as follows: the majority
of IPs believed that the decision support tool leaves them enough room to make their own
conclusions (80%) and that the layout of the tool was perceived as handy for use (67%). The
former may have arisen from the fact that in the present study IPs were first asked to assess
their own prognosis, and subsequently they were informed about the outcome of the decision
support tool. The latter seems a favorable factor for future use of the tool, as clear graphical
representation supports the understanding of the decision support tool and leads to better
informed decision-making [40, 41].

Strengths and limitations

The main strength of our study is that we focused on the efficacy of and attitudes towards actual
use of an evidence-based decision support tool that was developed for and in accordance with
Dutch IPs. Moreover, because of the within-subject design, respondents could act as their own
control group. For each case vignette, respondents were first asked to give their prognosis
based on the case description, after which the decision support tool with the outcome of the
prediction model was presented. The former prognosis and prognostic confidence can be
considered as control data, and compared with the outcome measures after the respondents
consulted the tool.

Another strength of the study was that the participants were recruited out of all potential users
of the decision support tool. There are small differences in working procedures between offices,
as well as differences between claimants’ populations. As IPs from seven different offices
participated in this study, we were able to gather different perspectives on the benefits of the
tool, and on possible barriers and facilitators for use. The number of IPs that voluntary wanted
to participate in the study (n=29) was higher than the minimum number of IPs. However, a
potential selection bias was introduced, as participation was voluntary. This may have led to an
increased sampling of like-minded IPs who are interested in prediction models and the use of
evidence-based decision support tools in practice.

A second limitation is that, for practical and ethical reasons, we were unable to perform the
randomized controlled trial (RCT) that we originally planned and could therefore not externally
validate the model in a new dataset. Instead, we had to rely on evaluation of the decision
support tool in an experimental setting. Using case vignettes, we could not assess the
prognostic accuracy of either the decision support tool or the prognosis of the IPs. Although the
case vignettes were based on real work disability assessment reports, they were fictitious
descriptions of claimants and tested in an experimental setting. Hence, this did not allow us to
make any statement about the level of work ability at one-year follow-up. Moreover,
performing an experimental study as a substitute for a RCT meant that we could not consider

any learning effects. In general, users need some time to get comfortable with a change. As the
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use of predictive analytics and decision support tools in insurance medicine is rather limited, it
could be expected that theirimpact will gradually increase over time.

Implications for research and practice

The use of evidence-based decision support tools in occupational health could improve
decision-making processes and quality of work disability assessments. Such tools can guide IPs
when they are unsure about the prognosis, and unveil prognostic factors that are important to
draw attention to in the return to work process. In particular, a decision support tool has the
potential of a supportive effect when prognosis of work ability is unclear. The tool was
considered to be of less benefit for claimants of which the prognosis is evident. In the present
study, IPs first made their own prognosis and subsequently evaluated the decision support tool.
Although this is in line with the results of a previous study, in which professionals indicated that
they would first want to make their own prognosis and afterwards verify or adjust their
evaluation based on the outcome of decision support tool, this might have lowered the efficacy
of the tool [11]. Presenting the tool at the beginning of the decision-making process might
increase its efficacy by making the tool part of this process. Once external validation of the
prediction model has confirmed its accuracy, it could be given the same value as other sources
of information that IPs use, such as medical guidelines, information from treating physicians

and the medical history of the claimant.

Effectiveness of implementation processes is strongly associated with innovations being
carefullyimplemented and free from serious implementation problems. Insight in the perceived
barriers and facilitators for use in work disability assessments can be used to design the future
implementation process of the decision support tool. Only a minority of the IPs that participated
in this study indicated that they would use a decision support tool in practice. Unfamiliarity with
prediction models and decision support tool was mentioned as the main barrier that may
prohibit IPs from using such tools. At the start of the present study, we organized short
meetings to give IPs more information about the prediction model and decision support tool,
and to inform them about the design and questionnaires of the experimental study. However,
these short meetings might not have been sufficient. Participants might wish to have more
detailed information on the prediction model, for instance on the weights of the prognostic
factors that were included in the regression equation. To improve knowledge, it may be useful
to conduct more extensive information sessions on the use of prediction models and decision
support tool in insurance medicine or incorporate these topics in training programs. Moreover,
to build trust with future users, the decisions support tool should be validated in occupational
health practice. Therefore, future research should pay attention to the effect of using the
decision support tool in everyday practice, focusing on IPs prognosis of work ability and
prognostic confidence in work disability claimants with different types of diagnoses.
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Although individual participants were rather reluctant towards use of a decision support tool in
real practice, it may be beneficial from an organizational perspective. IPs’ prognosis during the
initial work disability assessment of a claimant is used to schedule subsequent re-assessments.
Our results indicate that IPs’ assessment of prognosis is relatively positive. Given the limited
capacity of occupational health resources, and especially a shortage in the number of IPs at the
SSI, the SSI might want to minimize the re-assessments for claimants for which no relevant
change in work ability is expected. A prediction model for prognosis can help to use the limited
available capacity as effective as possible, i.e. to plan re-assessments for claimants who will
benefit most from contact with an IP. In this regard, elaborate knowledge transmission and
embedding the tool in working policies seem important factors. Using decision support tools at
an organizational level involves some ethical and medicolegal considerations for professionals
and policy makers. Hence, it should be emphasized that decision support tools are not meant
as stand-alone or management tools, but as a complement to professionals’ own estimates of

prognosis.

The findings of the present study could be used when developing other prediction models and
decision support tools for occupational health professionals. Our tool focuses on prognosis of
work ability for claimants who were sick-listed for two years. However, the longer individuals
are absent from work, the less likely they are to return [42-44]. A prediction model for workers
who have just recently been sick-listed can help occupational health professionals to target
individuals at risk of long-term sickness absence and identify effective early interventions [45,
46]. From a rehabilitation point of view, such a tool could have more impact. Our findings on
the attitudes of IPs towards prediction models and decision support tools include general
aspects that could be helpful when developing such a tool.

Concluding remarks

The present study showed that the congruence of the decision support tool with IPs’ prognosis
of future work ability was low, and that IPs’ prognostic confidence decreased after evaluating
the tool if their prognosis was discordant with the outcome of the prediction model. Only a
minority of the IPs changed their prognosis when it was discordant with the outcome of the
tool. Most IPs indicated that they were unsure or they were not willing to use an evidence-based
decision support tool based on a prediction model during future work disability benefits.
Unfamiliarity with prediction models and decision support tool was mentioned as the main
barrier that may prohibit IPs from using such tools.
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Appendix

Example of a case vignette used in the study

Description of the sixth case vignette that was given to IPs for consideration:

Until two years ago, Yvonne (45 years old) worked as an administrative assistant for
40 hours a week. Her job had a heavy workload, and required high levels of concen-
tration and multitasking.

She had to call in sick at work after she had a collision while riding her bike. This acci-
dent caused multiple fractures on both arms and knee complaints. Her physiatrist
indicated that Yvonne has humerus fractures on her left and right arm, and that she
got a surgery with metal screws and plates. She follows a rehabilitation trajectory, but
due to her mental disorders, this runs longer than expected.

A letter from her treating psychologist states that Yvonne suffers from a post-
traumatic stress disorder and a mood disorder. When she was a child, she suffered
from child traumatic stress. This caused instability in her mood and personality de-
velopment. Yvonne has regular consults with her psychologist, but so far, she rejects
a medical treatment.

During the work disability assessment interview, Yvonne looks vulnerable. She says
that she experiences many mental and physical limitations in daily functioning. She
thinks she is not yet ready to return to work, but expects that her limitations will
reduce in the future.

Yvonne has limitations related to personal and social functioning: she has difficulty
concentrating, often experiences sensory overload, avoids conflicts, and is very sen-
sitive to other people’s feelings. Due to her physical complaints, she cannot optimally
use her musculoskeletal system without pain and has difficulties with dynamic
movements (lifting, twisting, bowing, walking at work etc.). On medical grounds, she
gets a restriction in working hours for maximum 4 hours a day, 20 hours a week.
Yvonne has psychological and orthopedic treatment. Three times a week she has an
appointment with her physiotherapist. It is expected that her medical conditions and
functional possibilities will substantially improve in the future.

Prognostic factors that were taken into account in the prediction model:
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If you would give 10 points to your work ability during the best period in your life, how
many points (between o0-10) would you give to your level of work ability of the past 2
weeks? o points

During the past 4 weeks, due to your physical health, did you achieve less than you
would in your work other daily activities? Yes



Use of a decision support tool on prognosis of work ability in work disability assessments

How often during the past 4 weeks, did you feel so down that nothing could cheer you
up? Often

How often during the past 4 weeks, did you feel calm and peaceful? Seldom

Since the first day of sickness absence, how often have you visited a treating prac-
titioner? More than 10 times

Type of comorbidity: comorbidity of physical and mental disorders

Expected change in work ability at one-year follow-up as predicted by the prediction
model: no expected change in work ability
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Chaptery

The main aim of this thesis was to investigate how data analytics, prediction models and
decision support tools can help insurance physicians (IPs) in the Netherlands to make evidence-
based decisions regarding prognosis of functional abilities and support to return to work. The
current chapter starts with a summary of the main findings of this thesis and some metho-
dological considerations. In addition, the potential use of prediction models in insurance
medicine, and the challenges and considerations for implementation are discussed. Finally, this
chapter ends with recommendations for future research, and implications for policy and

practice.

Main findings

Factors associated with work disability entitlement and duration

In chapter 2, a cohort study of 31,733 individuals receiving work disability benefits from the
Dutch Social Security Institute (SSI) showed that mental disorders were the most frequent
diagnosis for individuals claiming long-term work disability. Diagnoses differed among age
groups and education categories; whereas mental disorders were the main diagnosis for work
disability among younger and more highly educated individuals, physical disorders (generally
musculoskeletal, cardiovascular and cancer) were the main diagnosis among older and less

educated individuals.

Considering a 5-year follow-up period, we found that in 82% of the claims the duration of dis-
ability benefit was five years or more after approval. Especially individuals with (multiple)
mental disorders, and those with comorbidity of mental and physical disorders were at high risk
for continuing eligibility for disability benefits. These results indicate that return to work of
claimants receiving a work disability benefit is challenging. This emphasizes that return to work
support for sick listed individuals and work disability benefit recipients is important.

Risk of long-term sickness absence

Early identification of individuals at risk of long-term sickness absence and work disability can
help occupational health professionals to target specific at-risk groups and offer them effective
interventions for return to work. In chapter 3, we conducted a longitudinal study on prognostic
factors for long-term sickness absence among sick listed workers without an employment
contract. We showed that almost one-third of the study population was still at sickness absence
one year after approval of the benefit. Based on three variables (educational level, self-reported
expected sickness absence duration, and self-reported help-seeking ability), we could fairly
discriminate between individuals with and without long-term sickness absence. Using the
predicted risk of long-term sickness absence in combination with self-reported variables, four
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subgroups were identified: sick listed workers with mental limitations, sick listed workers with
physical limitations, sick listed workers with positive expectations, and sick listed workers with
negative expectations about recovery and return to work. This allocation of workers in different
subgroups could contribute to efficient allocation of return to work interventions tailored to the
groups that would benefit most from it.

A prediction model and decision support tool for future changes in work ability

Estimating prognosis of work disability is one of the main tasks of IPs during the work disability
assessment. Because of the limited occupational health resources, accurate prognosis of work
ability is important to identify those in need of return to work interventions and for efficient
planning of medical re-assessments. To assist IPs to make an accurate prognosis of work dis-
ability, we developed a model that predicts future changes in work ability (chapter 4) using data
from a prospective cohort study. Once a work disability benefit was granted, the majority of
claimants (63%) did not experience a change in work ability one year after approval of the
benefit. Work ability at baseline was the strongest predictor for a change in work ability one
year after approval of the work disability benefit. Moreover, several mental and physical
functioning factors, work status, and wage loss were found as prognostic factors. For instance,
claimants with a wage loss of more than 80% had a smaller probability of experiencing an

improvement in work ability.

The prediction model, which was developed using the data of this prospective cohort of work
disability claimants, generates claimant-specific predictions. Based on this prediction model, a
decision support tool was developed that uses characteristics of individual claimants as input.
In order to develop a useful and relevant tool, we conducted focus groups to gain insight in how
and where in the decision-making process professionals would like to use the tool. Professionals
mentioned that, to increase the chance that they will use the tool, it should be easy to access
and interpret (chapter 5). In addition, they did not want to know the outcome of the tool before
the assessment to prevent bias in their decision-making. Concerning preferences on the design
of the tool, dividing work disability claimants into categories based on the outcome of the
prediction model and assigning colors to these categories was experienced as the most
straightforward and clear way of presenting the results.

Efficacy and feasibility of the decision support tool

A vignette study showed that the efficacy of the tool on IPs’ prognosis of work ability and their
prognostic confidence was moderate, i.e. only a minority of IPs changed their prognosis after
evaluating the outcome of the prediction model (chapter 6). If IPs’ prognosis was not in line with
the outcome of the prediction model, their prognostic confidence decreased. There was no

change in prognostic confidence for cases where the prognosis of the IP was concordant with
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the outcome of the prediction model. Concerning IPs attitudes towards use of the tool, the main
barrier was that IPs wanted to know more about the tool before they would decide to apply it.
Although the perceived barriers were overall limited, only a minority of the IPs indicated that
they would be willing to use the tool in practice.

Methodological considerations

In this section some methodological considerations regarding data quality, data availability and

generalizability of the findings of this thesis are discussed.

Data quality

In this thesis, datasets of three cohorts were used to gain insight in prognostic factors for long-
term sickness absence and work (dis)ability. These cohorts were merely based on registration
data of the SSI (chapter 2), or combined these registration data with self-reported question-
naires filled in by claimants at the moment they applied for a sickness absence (chapter 3) or
work disability benefit (chapter 4). The advantage of using registration data is that these data
are collected anyhow and hence no additional data collection processes need to be set up. In
this way, using registration data might save research resources, and it does not pose an
unnecessary burden on claimants and professionals by asking them information that is already
available. However, an overall concern in our studies is that the registration data of the SSI were
not collected for research purposes, but instead were registered by SSI employees for
administrative reasons. Although accurate and correct registrations are important for working
processes at the SSI, professionals are unaware of research implications of incorrect records.
This implies that the data might have been treated differently than when collected for research
purposes. For instance, data were not collected with validated instruments and reported in a
structured way, i.e. the absence of findings in records of a disability assessment is usually not
registered, and records can contain registration errors. Hence, careful interpretation and
processing of registration data is needed before these can be used in research. Next to concerns
about data quality, another disadvantage of using registration data is that researchers have no
control over the variables for which data is collected. Some of the variables that, based on
previous studies, are expected to be relevant prognostic factors, may be perceived by IPs to be
irrelevant for practical purposes. If for that reason they are not included in the registration data,
then they are also not available for research.

In chapters 3 and 4, we combined registration data with self-reported questionnaires. The
questionnaire data of chapter 3 were collected as part of a pilot study within the SSI. For chapter
4, the self-reported data were retrieved from the Forward study [1]. As shown in figure 1, the
potential prognostic factors that are registered in the registration data of the SSI are different
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from those collected using the self-reported validated questionnaires. Combing these two data
sources enabled us to explore a broad range of sociodemographic, health, work, and psycho-
logical factors. As for the quality of registration data, there are also some concerns about the
quality of self-reported data. The main concern of using self-reported measures in behavioral
and medical research is response bias [2]. Among the many potential reasons for offering biased
estimates of self-assessed measures are misunderstanding of the question and socially
desirable responding [3]. In chapter 3, we only used self-reported measures at baseline as
prognostic factors for registered sickness absence at one-year follow-up. In chapter 4, we also
used the self-reported change in work ability between baseline and one-year follow-up as
dependent variable in the prediction model. Studies have shown that there can be a high
variation in the level of work ability that physicians and claimants report [4, 5]. In general,
claimants rate their work ability lower than physicians do [6, 7]. The correlation between
claimants’ and physicians’ assessments of work ability are especially low for claimants with
somatoform and depressive disorders [1, 5, 8]. However, as we were not interested in the level
of work ability in itself, but in the change in work ability, this discrepancy between physicians’
and claimants’ assessments has been of less influence in our study. This assumption is
confirmed by the finding that claimants and physicians seem to predict improvement of
functional limitations after the benefit has been granted with about the same level of accuracy
[9, 10]. Moreover, response bias in cohort studies seems to be especially problematic when
individuals are subject to an instrumentation-related source of contamination, known as
response-shift bias [11]. This would, for instance, be the case when individuals are exposed to
an intervention that changes their perception of the concept of work ability, without necessarily
changing their work ability itself. In the cohort study of chapter 4, the respondents just received
the normal return to work support of the SSI, and were not exposed to any study-related

treatment or interventions. Therefore, we expect that respondents’ understanding and

Registration data of the SSI Self-reported questionnaires

- Sociodemographic - Work ability
characteristics - General health condition

- Diseases and disorders based on - Self-perception of future health
the ICD-10 classification - Coping

- Listof functional abilities - Social support from relatives

- Duration and type of previous - Psychosocial factors
benefits

- Work-related characteristics

T

Figure 1. Combining two data sources
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interpretation of the concept of work ability remained unchanged, and the impact of response-
shift bias on our findings could be neglected.

Another aspect concerning self-reported data is its trustworthiness. This is particularly the case
when the questions concern private or sensitive topics, such as self-report of health and
personal factors. Due to the large number of rules and regulations that apply to the Dutch social
security system, the process of applying for a work disability benefit and the rules for benefit
entitlement can be unclear for claimants. As not being granted a work disability benefit can
have huge personal and financial consequences, claimants are likely to experience feelings of
uncertainty during the process of benefit application [12, 13]. Participants of our focus group
study (chapter 5) and vignette study (chapter 6) argued that claimants who are aware of the
factors that contribute to the predicted change in work ability could provide biased answers.
However, as we combined self-reported data with registration data of social security institutes,

trustworthiness issues can be expected to be of minorimportance.

Data availability

Additionally, relying mainly on existing data from cohorts resulted in some limitations
regarding the statistical analyses and practical implications. One of the restrictions concerned
the relatively low sample sizes. The study populations of chapters 3 and 4 consisted of 437 and
944 individuals, respectively. This posed some restrictions on the statistical analyses that we
could apply, as more advanced statistical techniques generally require a larger number of
observations than traditional regression models. Machine learning models have high potential
as they can handle enormous numbers of prognostic factors and combine them in nonlinear and
interactive ways, but they also require thousands of observations to reach acceptable
performance levels [14]. The relatively small sample sizes of our study populations also limited
possibilities for internal validation of our prediction models. In chapter 4, we used 20% of the
study population as a hold-our test set to validate the prediction model. The resulting test set
contained a sufficient number of 187 claimants, but larger sample sizes would have allowed
more rigorous conclusions [15]. Finally, we had to deal with gaps in the data resulting from
working processes and, as we used existing data from cohorts that were collected to answer
other research questions, with the in- and exclusion criteria that the researchers collecting data
for these cohorts originally formulated. Because of the former, claimants with a full and
permanent work disability benefit had to be excluded from part of the analyses in chapter 2, as
the SSI did not register their educational level. Concerning the latter, we were not able to
predict future changes in work ability of individuals diagnosed with cancer or individuals
suffering from psychotic disease or dementia as they were excluded from participation in the
Forward study (chapter 4) [1]. In addition, we were unable to use unstructured data from work
disability assessments as these were not recorded or collected in a structured way. Unstructured
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datainclude, for instance, data embedded in occupational health reports or recordings from the
work disability assessment interview with a claimant. These data can offer a wealth of
information relevant to understanding sickness absence and work disability, but we were
unable able to take them into account in our studies [16].

Generalizability

Finally, the findings of this thesis should be considered in the context of the Dutch social security
system. The study samples of this thesis are fairly representative for the Dutch populations of
long-term sickness absence and work disability claimants. However, worldwide there are large
differences between disability insurance systems, for instance in terms of workers’
compensation, the role of different professionals in disability assessment and monitoring, and
in support to return to work processes [17, 18]. In most countries, eligibility for work disability
benefits is based on a medical certificate, which is provided by the treating physician or general
practitioner. In contrast, in the Netherlands the regular healthcare system does not play an
important role in occupational health services [19]. Moreover, whereas in the Netherlands
sickness absence and work disability benefits are provided regardless of the cause of the disease
or disability, in most other countries there is a distinction between occupational causes and non-
occupational causes. Hence, our study population is not representative for populations of
claimants in other social security systems, for instance in terms of reason of sickness absence
or continuing eligibility for benefits. These differences should be taken into account when
interpreting our study findings and translating them to other systems.

Perspectives on the impact of data analytics and prediction
models

The use of data analytics and prediction models is more common in clinical practice than in
insurance medicine. This thesis shows that they can also be of value for IPs and other
occupational health professionals. First, this section discusses the use and value of prediction
models in clinical practice. Next, the potential benefits of prediction models for insurance
medicine will be explored.

Using data analytics in clinical practice

In clinical practice, prediction models combine patient characteristics, test results, and/or other
disease characteristics to predict medical outcomes. These can either be predictions regarding
the probability of the presence of a disease (diagnosis) or an event in the future course of the
disease (prognosis). Many studies have shown the possibility to transform data into valuable
knowledge for clinical practice. For instance, some recent publications have shown that

prediction models in clinical practice might be able to diagnose different types of cancer in real-
129



Chaptery

time, and with at least the same accuracy as clinicians. More specifically, these publications
reported on: (1) a model that predicts brain tumor diagnosis in the operating room with the
same accuracy as pathologists and much faster than conventional techniques [20]; (2) a model
that not only identifies prostate cancer from biopsies, but can also grade the tumor at a
performance level similar to that of specialized urological pathologists [21]; and (3) a new model
for breast cancer prediction, based on two large clinically representative datasets, that is
capable of surpassing six radiologists in breast cancer prediction [22].

These examples show that prediction models could improve diagnostic accuracy. They can
advise clinicians in the medical decision-making process. By supporting professionals’ decision-
making, prediction models can result in increased quality of the time with the patient, better
overall quality of services by the avoidance of errors, and improved efficiency. For instance,
double reading and screening of mammograms is recognized as the best method for the
detection of small invasive cancers, but this is often difficult to achieve in practice due to high
costs and the need for two radiologists [23]. With the accuracy of cancer detection rates of a
single radiologist using computer-aided detection being similar to those of two radiologists, the
use of clinical decision support tools can overcome these barriers [24]. Next to the possible
direct impact on diagnoses and prognoses, clinical decision support tools also benefit clinicians
by giving a different perspective, providing feedback and enhancing critical thinking [25, 26].

Potential benefits of prediction models for insurance medicine

In insurance medicine, prediction models could be useful for prognosis of work disability of
claimants and for selecting rehabilitation interventions. We stress that prediction models are
not meant to take over the job of IPs, likewise they are also not taking over the job in clinical
practice, but to support IPs to make more evidence-based decisions by providing objective
estimates of outcome probabilities to complement IPs’ expertise and existing information
resources. The latter include, for instance, the medical history of a claimant, information from
treating physicians, and insurance medicine guidelines. A decision support tool could be added
as an additional source of information that can assist IPs in the decision-making process.

Just like it is for clinical practice, prediction of prognosis is also relevant in the assessment of
work disability [27]. In insurance medicine, prognosis means estimating either improvement,
stabilization or deterioration of a claimant’s functional limitations and work ability [28]. In the
Netherlands, IPs should plan and conduct medical re-assessments to monitor changes in
functional limitations and work ability. Due to a shortage of IPs, however, there is limited
capacity to perform these re-assessments. At the same time, IPs do not always assess a relevant
change in functional limitations and work ability when they conduct re-assessments [29]. This
is @ missed opportunity as they could have performed a re-assessment for another claimant

instead. It is known that for claimants with an improvement in work ability timely re-
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assessments have a positive effect on return to work [30, 31]. In chapter 4, we have shown that
only a minority of the claimants (22%) experience an improvement in work ability at one-year
follow-up and that the prediction model performs well in predicting cases that will not
experience a change in work ability. Hence, the use of this prediction model in order to get to
know which claimant should not be assessed at a particular moment, because a change in work
ability is unlikely, would help effective allocation of resources. Moreover, in chapter 6, the
results of the efficacy study showed that in 53% of the cases IPs’ own prognosis of work ability
was not in line with the outcome of the prediction model, and that in most of these cases IPs’
prognosis of work ability was more positive (88%) compared to the prediction model. A
prediction model for prognosis can help to use the limited available capacity as effective as
possible, i.e. to plan re-assessments for those claimants that will benefit most from follow-up
contact with an IP.

Furthermore, decision support tools can improve understanding of the factors that are related
to long-term sickness absence or future changes in work ability [32]. Next to IPs, other
occupational health professionals, such as labour experts or occupational physicians, can
benefit from data analytics and prediction models as well. Rehabilitation professionals guide
claimantsin the return to work process. Because resources are limited, these professionals need
to decide to whom, when, and which return to work intervention should be offered. The
potential effectiveness of interventions depends on several characteristics of a claimant, such
as health-related and personal factors [33]. Therefore, a differentiated approach is needed. A
division of claimants in distinct subgroups, based on several personal characteristics and the
predicted risk of long-term sickness, as presented in chapter 3, can be helpful. This division in
subgroups can guide rehabilitation professionals in choosing for which claimants simple, low-
intensity and low-cost interventions might be adequate, and for which claimants more intensive
and structured interventions might be required. In a similar way, professionals can use more
accurate predictions of future changes in work ability to decide, in consultation with a claimant,
about the optimal timing and type of return to work intervention. In this manner, data analytics
can assist in ensuring that return to work interventions are allocated in an efficient and
appropriate manner, such that they meet individual claimants needs. Offering a personalized
approach prevents that claimants have to put effort in ineffective interventions, and can save

valuable time and money from an organizational perspective.

Use of prediction models could also be seen as a way to achieve higher inter-rater reliability in
work disability assessments. Social security laws and regulations prescribe that individuals with
similar health injuries and exposed to similar working conditions should receive similar
judgements of medical impairments and functional limitations. Despite huge impact on
individuals' personal life and rehabilitation, studies have revealed systematic variations in work
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disability assessments among professionals [34]. Reasons for differences in assessment of the
same claimant include information variance (asking different questions and thereby obtaining
different information), observation variance (differences in what professionals notice and
remember), interpretation variance (differences in the significance attached to what is
observed), and expert variance (differences in understanding of job demands and the level of
effort that can be expected of a claimant) [35, 36]. Due to lack of time and difficulties in
translating evidence to the situation of an individual claimant, IPs mainly rely on their own
competencies and experience when estimating prognosis of work ability [37]. The systematic
variation in disability assessments and prognosis can be reduced by using well-developed
instruments and guidelines that standardize the collection, interpretation and reporting of
information [38]. Using a clinical decision support tool, as auxiliary source of information, could
reduce professionals’ uncertainty and further lower the degree of variation among professionals
[39].

How to overcome professionals’ objections to using
prediction models

Although many prediction models have been developed in scientific studies, only few of them
are actually being used in practice to support clinical decision-making [40, 41]. Physicians
acknowledge the benefits of prediction models, but also perceived these models as having
potential risks, which hinder their use [42]. Below, we discuss some of the perceptions and
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Figure 2. Interpretability-accuracy trade-off in prediction models
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beliefs that currently hinder occupational health professionals to use data analytics and
predictions models up to their full potential.

The balance between interpretability and accuracy

A comment that was frequently made by IPs and other SSI professionals in our focus group
study (chapter 5) as well as in other meetings and presentations about our research was that full
understanding of the prediction model is a prerequisite to be able to trust the outcome of the
model. This posed restrictions on the statistical analyses that we could apply, as not all types of
prediction models can equally well be explained. Although comprehensive oral and written
information was given prior to the start of the experimental study, the results of chapter 6 show
that the main barrier for use of the decision support tool in practice was still related to the need
for more information. In this study, the majority of the respondents (83%) indicated that they
wished to know more about the content of the tool before they would decide to apply it in
practice. Professionals indicated that they want to have complete knowledge of the prediction
rule, how it was developed, its prognostic factors, and of the uncertainty around the predicted
outcomes. For instance, they wanted to know the contribution of each prognostic factor in
order to decide whether they have enough trust in the outcome that the model predicted for a
particular claimant. Besides, they wanted to understand why one claimant has a higher

probability of experiencing a future improvement in work ability than another claimant.

In general, a prediction based on fairly simple calculations is more likely to be used in practice
than a model based on complex statistics [43]. However, there is a trade-off between
interpretability and accuracy when choosing a type of prediction model. This balance is
graphically illustrated in figure 2. This figure shows that regression models are among the
solutions that are best interpretable, but also generally have the lowest accuracy in making
predictions. By holding on to regression models, one commonly sacrifices accuracy for
interpretability. In contrast, more advanced machine learning models with non-linear and non-
smooth relations can make better predictions, but are also more difficult to interpret. Such
models are considered black boxes as they provide only little insight into how the predictions
were obtained from the input variables. For professionals, the interactions between the
independent variables of such black box models can be too complex to understand and do often
not make practical sense. When considering statistical models that are developed to be actually
used in practice, one should keep the interpretability-accuracy trade-off in mind. In other words,
given two models, one interpretable but less accurate, and the other non-interpretable but
highly accurate, which one do they prefer?

The ability to make accurate and reliable predictions is often the most important feature of a
prediction model. Full understanding of a model might be preferred, but is not a requirement
from a data analytics perspective. To rely on the decisions made by prediction models, users
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generally need to have trust in the models’ predicted outcomes. In this context, the concept of
interpretability seems to be closely related to trust [44, 45]. Hence, if we could provide another
source of trust in statistical models, the limitations of low interpretability could be overcome.
An alternative way of building trust in prediction models is by comprehensive testing by IPs.

In this regard, several considerations should be taken into account. As prediction models are
developed to be applied to new individuals/patients/claimants, their practical value depends on
their performance outside the development sample, i.e. the sample that was used to build the
model. Analysis of a model in the derivation sample results in performance indicators that are
severely optimistic and more reliable performance indications can be obtained by using
validation methods [46]. As shown in figure 3, bootstrapping or split-sample analysis are
internal validation methods that correct for over-optimism and provide more accurate
estimates of model performance [15, 47]. However, as (part of) the same dataset is used for
model development and internal validation, internal validation does not give information about
the model’s performance in new cases. To this end, external validation of the model in a
different sample of sufficient size is needed [48]. External validation gives an impression of
whether model predictions are correct in different settings, such as for more recent cases or for
different regions [49, 50]. Currently, the majority of the clinical prediction models never
undergoes an external validation, which hinders conclusions about their stability and
generalizability [51]. For the prediction models that we developed in chapters 3 and 4, we used
internal validation methods to provide estimates that are more accurate. However, for practical
and ethical reasons, we were unable to externally validate our models, and could therefore not
make any statements about their use in practice. More frequent and thorough validation could
be an effective way to build trust in prediction models and increase their impact in practical

decision-making.

Moreover, although this is currently not the case, part of the design of our experimental study
was that IPs would get their own caseload, i.e., if possible IPs would perform re-assessments for
the claimants for which they also performed the initial work disability assessments. In this way,
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Figure 3. Data involved in internal and external validation
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IPs would gain insight into the extent to which their own prediction of prognosis and the
prognosis predicted by the model came true. This could enhance professionals’ expertise about

prognosis and could be a means of building trust in the prediction model.

Insurance physicians versus statistical prediction?

Often, physicians consider their own predictions and prognoses to be more accurate than those
of prediction models. However, meta-analyses comparing clinical predictions with statistical
predictions have shown the opposite [52, 53]. On average, statistical predictions were 10-13%
more accurate than predictions made by clinicians. This superiority holds true for different types
of mental and physical criteria, different settings, and was independent of the type of clinician
and clinicians’ working experience. Although the overall effect was moderate, it was consistent.
In almost half of the studies, statistical predictions substantially outperformed clinicians’
predictions, and in most of the other studies their accuracy was about the same. Only very few
studies favored clinicians’ predictions. These results imply that clinicians’ time might best be
used when spent on individual support of patients, whereas data analytics could be involved in
prediction of diagnosis and prognosis [54]. Although there are no similar studies comparing
professionals’ predictions with statistical predictions in insurance medicine, similar results could
potentially also hold for prediction of prognosis of work ability and classification of work
disability claimants. As IPs generally consider more/other factors than the ones that are
included in a prediction model, statistical predictions will be of most benefit when they are
combined with IPs own predictions of prognosis. For instance, although on average statistical
predictions might be more accurate for common cases, IPs can be expected to be better at
predicting prognosis for claimants with specific and non-regular disorders and functional

limitations.

To evaluate the benefits of prediction models for insurance medicine, the outcomes of these
models should be compared with an alternative that is considered to be current best practice in
the field of sickness absence and work disability assessments. Studying prediction models in
occupational health practice, this would imply comparing the predicted outcomes with IPs’
predictions on prognosis of work ability and return to work. This could be done using a
randomized controlled trial (RCT) that relates both the IPs’ own prognosis and the prognosis
estimated by the prediction model to claimants’ actual change in work ability at one-year
follow-up. Combining an RCT with a process evaluation would give insight in the
implementation and the views of IPs, and would help to interpret the outcome results. As
mentioned earlier, we were unfortunately unable to conduct a process evaluation and an RCT
evaluating the use of the prediction model and the decision support tool in practice.

However, performing an experimental study, preferably using a pragmatic RCT as study design,
is the only way to get insight in the benefit of the decision support tool in daily practice. As
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described above, prediction models are in most cases more accurate than or at least as accurate
as predictions made by professionals. Therefore, would it not be beneficial to combine these
two sources of information? If IPs take part in experimental studies performed in everyday
insurance medicine practice, they can get familiar with the use of decision support tools, and
experience how it can help them in making more evidence-based decisions. From a claimants’
perspective, using prediction models to assist IPs in making more accurate prognosis might be
beneficial and this could also result in more effective allocation of return to work interventions.
Moreover, as an invitation for a re-assessment generally results in feelings of uncertainty,
preventing re-assessments that do not result in a change in the work disability benefit or return
to work support might be in favor of the wellbeing of claimants. Hence, it is recommended to

take claimants’ perspectives into account in the experimental study as well.

Prediction models’ fairness

An argument that was often brought up by SSI professionals during discussions about future
use of a prediction model and decision support tool was that they felt that statistical models are
discriminating. Professionals considered the human decision-making process to be more fair
and more neutral than that of statistical models. They felt that human decision-making was
transparent, while that of models was inscrutable and arbitrary. However, it could be argued

that the opposite might be true.

Our minds are a hidden mental world of judgments, feelings and motives that steer our behavior
[55]. Most choices that we make happen automatically, and we are generally unaware of why
and how these choices have been made [56]. Research from behavioral science has
demonstrated that even the most well-intentioned people may carry unconscious or hidden
biases against certain groups from a lifetime of exposure to cultural attitudes about age,
gender, ethnicity, social class, disability status, and so on [57]. Prediction models could be a
guide to gain more insight in the rather inscrutable process of human decision-making. In
prediction models, we know which data was used to develop the model, which screening rule is
used, and how the outcome of the screening'’s rule would change if a specified prognostic factor
would be changed. Hence, it could be argued that the well-regulated process of statistical
models might be more transparent and less discriminating than the human decision-making
process. To illustrate, statistical predictions are not influenced by external factors. Given the
same input variables, these models will produce the same outcome, no matter what. Moreover,
it could even explicitly be defined if certain variables should be omitted or included as
prognostic factors. In our models, we used statistical methods for variable selection. The results
of chapter 3 show that the division of claimants in the four subgroups was only based on health-
related and psychosocial factors. The sociodemographic variables that were considered in the
analyses (age, gender, educational level and marital status) were not selected by the statistical
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methods to be included in the final model. Hence, it would not be possible to favour or harm
certain groups of claimants with respect to the choice of rehabilitation strategies based on

characteristics such as their gender or socioeconomic status.

However, some caution is needed as prediction models are based on data of decisions that have
been made in the past, and these data can be biased [58, 59]. Consider a model that can be used
at the HR department of a company to select applicants for a job interview. Imagine that this
model shows favourable predictions for men compared to women. In this case, we should not
blame the model to harm women. Instead, as historical data of HR professionals’ decisions on
job applicants was used to train the model, this would show that during the past years HR
professionals have been prejudiced against women. A similar reasoning holds for decisions in
insurance medicine, for instance when data analytics give insights in which claimants will

benefit most and should be offered a certain rehabilitation program.

When such discriminatory patterns become clear, prediction models could even be used to
increase fairness [60]. At first, one may think that this could be achieved by excluding certain
variables from the prediction model. However, a solution to control for the discriminative effect
of biased data could be to take variables such as gender and ethnicity explicitly into account in
the model [61, 62]. That way, the model can recognize that individuals belonging to a certain
group get less favorable model outcomes than others, and can adjust for this disparity. For
instance, regarding the example of the previous paragraph, as an alternative of selecting the
top 10 interviewees from the total set of job applicants, we can agree to select the top 5 among
the set of male applicants and the top 5 among the set of female applicants. Given that we aim
for a fair solution in terms of gender, the predicted outcome would still represent the best
possible ranking of potential applicants. In this way, including variables such as gender and
ethnicity in data analytics can potentially improve fairness and reduce discrimination in the
decision-making process. This shows that decisions made by prediction models could be
considered more transparent and less discriminating than the human decision-making process.

Introducing prediction models in daily practice

To enhance successful implementation of prediction models and decision support tools in
practice, some decisions need to be made depending on the future users of the tool and its
application. This section describes different types of data analytics, different types of decision
support tools, and their impact on professionals’ decision-making.
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Types of data analytics

There are different types of data analytics, varying in the complexity of the analysis and their
benefit. Figure 4 shows the four types of data analytics that theoretically can be used to improve
decision-making [63]. The vertical axis shows the added-value contribution, the horizontal axis
shows the complexity that is needed to attain this value. The more complex an analysis is, the
more value it brings, at least in theory. At the lowest levels, descriptive analytics answer the
question of what happened, and diagnostic analytics try to interpret and explain why something
happened. These analytics were used in chapter 2, in which we used registration data of the SSI
to describe characteristics of work disability entitlement and continuing eligibility. Going one
step further, predictive analytics describe what could happen and prescriptive analytics describe
what should happen. We used predictive analytics in chapters 3 and 4 to estimate risk of long-

term sickness absence and future changes in work ability.

These four types of data analytics for decision-making are usually implemented in practice in
stages. They are complementary, and in some cases additive, i.e., the more sophisticated
analytics cannot be applied without using the more fundamental analytics first. Descriptive and
diagnostic analytics give valuable insights into the past, and are relatively easy to apply and
explain. Subsequently, predictive analytics allow social security institutes to better understand
patterns of sickness absence and work disability, and use that knowledge to proactively respond
future trends. Hence, descriptive and diagnostic analytics are a good starting point for data
analyses as they provide valuable insights. However, it is beneficial to take it one step further as
in general predictive analytics leverage process optimization and effective allocation of scarce
resources. Doing so, it isimportant to extensively test and validate these models before actually
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Figure 4. Four types of data analytics to improve decision-making
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applying them in practice, to make sure they show good performance and they meet practical
needs.

Impact of decision support tools

The prediction models and decision support tool described in this thesis are not meant as stand-
alone tools, but aim to support professionals’ decision-making. Professionals can discretionary
act upon the predicted outcome of the tool, but this is far from mandatory. From chapter 5, we
concluded that most professionals at the SSI prefer to first make their own prognosis and
afterwards verify or adjust their evaluation based on the outcome of the decision support tool.
However, the results of the efficacy study showed that, despite the fact that in more than half
of the cases (53%) the prognosis of the IP was not in line with the outcome of the decision
support tool, in only a minority of these cases (22%) IPs changed their prognosis after evaluating
the tool (chapter 6). Given this finding, presenting the tool at the beginning of the decision-
making process could probably increase its impact and feasibility in practice. In that way, IPs
could assign the same value to the outcome of the tool as they do to other sources of
information (e.g. guidelines, protocols and scientific literature). They could take the outcome
of the tool into account when constructing a hypothesis about a claimant’s work ability at the
beginning of the work disability assessment process, and test this hypothesis during later stages
of the process, e.g. during the interview with the claimant. This could potentially increase the
efficacy of the tool.

Whether a decision support tool is implemented as an assistive tool (providing predicted
outcomes without recommending decisions) or an advisory tool (explicitly recommending
decisions) also determines the potential impact of the tool [64]. The data analyses solutions
presented in chapters 3 and 4 belong to the former category: they present the predicted risk of
long-term sickness absence or the predicted change in work ability at one-year follow-up, but
no specific actions or recommendations are linked to these predictions. They could be
transformed into an advisory tool by deducing specific recommendations on return to work
interventions or scheduling of re-assessments from the predicted categories of sick-listed
workers or the predicted changes in work ability. IPs may consider assistive decision support
tools to be less threatening to their autonomy and more respectful of their professional
judgement than advisory tools. However, previous research indicated that advisory decision
support tools are more likely to result in behavioral change and are generally more effective [65,
66]. A study comparing an assistive and advisory format of the same prediction model within a
single setting, demonstrated that an advisory format not only had a greater impact on clinical
practice but also on patient outcomes [67]. When first implemented, organizations can decide
to start with assistive tools to allow professionals some time to get used to working with
decision support tools. In a next stage, it is recommended to gradually convert these to more
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advisory tools to fully benefit from the potential value of these tools in the decision-making

process.

Another aspect concerns whether professionals should be obliged to consult a decision support
tool in all cases, or whether this is left to their professional judgement. The former could
improve the transparency and uniformity of IPs’ decisions regarding prognoses, but could also
result in higher resistance against use of the tool. As presented in chapter s, the participants of
our focus groups agreed that they would not beforehand exclude certain types of claimants
from the tool, as there is always some uncertainty around the prognosis. They argued that the
tool is always a useful complement to their own prognosis. Depending on how unsure they are
about the prognosis, they would use it either to establish prognosis or verify their thoughts.
However, in the efficacy study presented in chapter 6, some IPs mentioned that they are
reluctant consulting the tool for claimants for which prognosis is evident to them. If use of the
tool would be mandatory, still including these claimants would undermine IPs’ willingness to
use the tool. Nevertheless, making consultation of the tool compulsory is expected to improve
successful implementation in practice as it reinforces actual integration of the tool in the
standard working and decision-making process. In this regard, automatic provision of the
outcome of the prediction model and smooth integration within the current workflow of IPs are
key factors [68]. The decision support tool is certainly not meant as a stand-alone tool, but as a
tool to support IPs’ decision-making. Hence, professionals, even if they would be obliged to
consult the tool, would not be obliged to follow its outcome. IPs can always deviate from the
outcome of the prediction model. Insight in cases for which IPs’ prognosis deviates from the
outcome of the prediction model and why this is the case could be used to improve the tool to
better suit professionals’ expertise.

Recommendations for research, policy and practice

Considering the themes that were described and discussed in this chapter, several
recommendations for research and practice can be derived from the findings of this thesis.

Recommendations for research
e  Prediction models for long-term sickness absence and work disability can be useful to
enhance evidence-based decision-making. When developing such models, it is
recommended to combine registration data of social security institutes with data from
self-reported questionnaires. It was shown that they both contain important
prognostic factors and combining them can improve the accuracy of the prediction
model. Moreover, to develop models that are actually useful in practice, researchers
should have a close look at the data and the statistical techniques that are most
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suitable. For instance, if only a minority of the study population experiences the event
of interest, standard logistic regression techniques might be unable to identify these
individuals. Remedies for this problem include over- or under-sampling, weighted
regression, applying penalization methods, or applying a skewed link function.

e Although numerous prediction models are constantly being developed in the
literature, very few of them are actually used in practice. The majority of the models
are only described once and never validated. To be useful in practice, a model should
be credible, accurate and have shown its clinical effectiveness. Hence, external
validation of a prediction model is essential to gain insight into the performance of the
model in a sample of future cases and into its benefit for practice. Instead of using
newly collected data to develop new prediction models, they should rather be used to
validate, adjust, and update existing models.

e Once validated, impact studies should subsequently quantify the effect of using
prediction models on professionals’ decision-making, patient outcomes and cost-
effectiveness. Impact studies require a control group of healthcare professionals who
provide usual care. Because of legal, ethical and practical limitations, such studies are
often difficult to execute. However, they are a necessary step in confirming that a well
performing prediction model also improves professionals’ decision-making.

e In addition to quantitatively assessing the impact of a prediction model on
professionals’ behavior, qualitative studies are a valuable tool to assess professionals’
attitudes towards such models. Process evaluations can give insight into professionals’
evaluations of the use of prediction models in practice and guide directions for
improvement. Moreover, they can provide valuable information for the development
of effective strategies for the implementation of decision support tools in practice.

e  Research is now mostly focused on analyses of structured data, i.e. data that is clearly
defined and easily analyzed. On the contrary, unstructured data contains information
that is not easily accessible to computational data management. These include, for
instance, large amounts of written text data embedded in medical reports, telephone
calls or recordings of interviews with claimants, and/or web data. In the last decade,
there has been a dramatic increase in the amount of unstructured data and these data
can offer a wealth of information relevant to understanding sickness absence and work
disability. Text mining and natural language processing should be explored as a way
to organize large sets of unstructured data and extract meaningful information from
them.

Recommendations for policy
e Social security institutes can use their data to gain additional insights to improve
decision-making, working processes, and services to claimants. To do so, it is
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important that professionals working at these institutes are aware of data quality
issues. Systematically defining, characterizing and improving data quality is key to
valid, generalizable and precise data analytics insights and predictions.

Occupational health professionals and policy makers should take notice of the factors
found in this thesis to be associated with long-term sickness absence and work
disability. These characteristics could be addressed during the work disability
assessment interview with a claimant, and could be used to offer tailored return to
work interventions.

Not only health-related factors but also other variables, such as self-reported
psychological factors and expectations about return to work, were found to be
important prognostic factors for long-term sickness absence and work disability.
Nowadays, self-reported data can relatively easily be gathered with online
questionnaires. Therefore, it is recommended to use online standardized
questionnaires that all claimants who apply for a sickness absence or work disability
benefit need tofill in. Short questionnaires are preferred in terms of costs and missing
data. The results of this thesis give an indication of the questions that should be
addressed.

For successful future implementation of decision support tools within the field of
insurance medicine, the SSI should be clear about the advantages and challenges of
data analysis, and should anticipate barriers to implementation, so that strategies to
minimize the impact of potential barriers or avoid them altogether can be developed.
This will help to create an environment in which professionals are willing to learn about
the possible advantages of decision support tools. Starting with a non-compulsory,
assistive tool will most likely lead to the path of least resistance, and gives
professionals the opportunity to explore the benefits of data analytics in an
approachable way.

When developing decision support tools, management and professionals should be
involved from the beginning and continuously help to tailor the tool to the specific
needs and context of future users.

There is a limited capacity of occupational health resources, and especially a shortage
in the number of IPs at the SSI. Prediction models and decision support tools can help
to use the limited available capacity as effective as possible, i.e. to plan re-assessments
for claimants who will benefit most from contact with an IP and for effective allocation
of return to work support. This may not only be beneficial from an organizational
perspective, but also for individual professionals and claimants, as professionals can
spend their time on activities and on claimants for whom this is of most benefit.
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Recommendations for practice

IPs predominantly rely on sociodemographic and health-related factors, such as age
and diagnoses, when conducting sickness absence and work disability assessments
[69, 70]. However, as we have shown in chapters 3 and 4, more subjective measures,
such as self-reported expectations about return to work, coping strategies, health
experience, and social support from relatives, can be important factors for sickness
absence and work disability duration as well. It is recommended to take this broad
range of factors into account during sickness absence and work disability assessments.
Professionals are often worried about the use of decision support tool in practice. They
might fear that such tools will take over their jobs, and claimants might fear that they
will lead to automatically generated decisions regarding their benefit and return to
work support. Clear communication is important to show that these fears are
unjustified. For instance, it should be emphasized that prediction models are certainly
not meant to take over the job of professionals but to support them to make more
evidence-based decisions. In addition, reasonable explanation about the data, the
analysis and the application will increase willingness to explore the use of decision
support tools in practice. This could be done by conducting information sessions on
these topics, or by incorporating them in professionals’ training programs.

To get insights in the potential benefit of decision support tools, professionals should
be willing to experiment using these tools in practice, for instance in an RCT. This
enables answering questions that otherwise cannot be answered. For instance, were
the estimated changes in work ability of the prediction model in agreement with IPs’
own prognosis? When evaluated at one-year follow-up, how accurate were IPs’ own
prognoses and the statistical predictions? Can we distinguish specific types of
claimants for whom the prediction model might in particular be helpful? Hence, such
small scale experimental studies would give valuable insights. As decision support
tools are meant as auxiliary tools to assist professionals’ decisions-making, and
certainly not meant to take over their jobs, participation in such experiments will be of
no harm to professionals’ autonomy. Hence, we recommend professionals to sincerely

consider participation in experimental studies.

Conclusions

Prediction models and decisions support tools provide early identification of individuals at risk

of long-term sickness absence and work disability, and give insight in prognostic factors. This

way, data analytics can help IPs and other occupational health professionals in making

evidence-based decisions regarding prognosis of functional abilities and support to return to

work. Prediction models should be externally validated and evaluated with impact studies and
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process evaluations to assess, in practice, their feasibility and performance on professionals’
decision-making. Clear communication about the development and content of the prediction
model, and about the benefits and challenges of data analytics in general, would facilitate
successful implementation of such tools in practice. As IPs that took part in the efficacy study

mentioned:

“Before | decide to use this tool in daily practice, | want to know how well it performs when it is

validated with data of new claimants.”

“I hope that tools like these will also become available for other professionals and can be applied

to other types of claimants."”

“Digital support tools and machine learning algorithms can help us in identifying high-risk groups
and allocation of scarce resources. | hope that they will assist me in the future in making more

evidence-based decision.”
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Summary

There is a positive association between work and one’s wellbeing, mental and physical health.
Work disability is generally bad for an individual’s health, and returning to work is generally
associated with a positive effect on the future course of the disease and work ability. Moreover,
long-term sickness absence and work disability are among the greatest social and labor market
challenges for policy makers in most OECD countries, as these countries spend on average 2%
of their GDP on these benefits. Hence, prevention of work disability and support for returning
to work are in the interest of individuals and society as a whole.

In the Netherlands, individuals who are unable to work due to a disease or disorder can apply
for a sickness absence or work disability benefit. This covers both financial support to
compensate loss of income and interventions supporting return to work. Based on insurance
physicians’ (IPs) assessment of diagnoses and functional limitations, it is determined whether a
benefit should be granted or not. During these assessments, prognosis of future changes in
work ability is an important task of IPs as, once a benefit has been granted, changes in health
may alter its continuing eligibility. However, IPs consider this task as one of the most difficult
parts of the work disability assessment as it requires rather complex predictions, in which a

broad range of factors play a role.

Data analytics and prediction models give an overview of factors associated with sickness
absence and work disability duration, and can be used to target specific at-risk groups. They can
help occupational health professionals to identify effective return to work interventions and
ensure that medical re-assessments are planned at the time an assessment interview with an IP

has most added value.

The main aim of this thesis was to investigate how data analysis, prediction models and decision
support tools can help IPs in the Netherlands in making evidence-based decisions regarding
planning of re-assessments and support to return to work. Specifically, the following research
objectives were addressed in this thesis:
1. To give an overview of factors associated with work disability entitlement and
duration;
2. To predict risk of long-term sickness absence and identify distinct subgroups of sick-
listed workers without an employment contract;
3. Todevelop a prediction model and decision support tool predicting future changes in
work ability of work disability claimants;
4. To getinsight into the efficacy of the decision support tool and IPs’ attitudes towards
use of the tool.
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Factors associated with long-term sickness absence and work disability

In chapter 2, the main diagnoses of workers who qualify for work disability benefits were
examined, and it was explored how these diagnoses differed among age groups, gender and
educational level. A cohort study of 31,733 individuals receiving work disability benefits from the
Dutch Social Security Institute (SSI) showed that mental disorders were the most frequent
diagnosis for individuals claiming long-term work disability. Diagnoses differed among age
groups and education categories; whereas mental disorders were the main diagnosis for work
disability among younger and more highly educated individuals, physical disorders were the
main diagnosis among older and less educated individuals. Using a five-year follow-up, it was
shown that claim duration for disability benefits was long lasting for most claimants. Continuing
eligibility for disability benefit was highest for individuals with (multiple) mental disorders and
those with a comorbidity of mental and physical disorders, and lowest for individuals with

(multiple) physical disorders.

Chapter 3 aimed to predict risk of long-term sickness absence and identify distinct subgroups
among sick-listed workers without an employment contract. A cohort of 437 individuals who
were granted a sickness absence benefit for at least two weeks was followed for 1 year. For
these individuals, registration data of the SSI was combined with self-reported questionnaires
on sociodemographic, work-related, health-related and psychosocial factors. Based on
educational level, self-reported expected sickness absence and help-seeking ability as
prognostic factors, it was possible to fairly discriminate between individuals with and without
long-term sickness absence. Subsequently, the predicted risk of long-term sickness absence
was used in combination with self-reported variables to identify four subgroups: sick listed
workers with mental limitations, sick listed workers with physical limitations, sick listed workers
with positive expectations, and sick listed workers with negative expectations about their return
to work. These findings could be used to identify individuals at risk of long-term sickness
absence. In this way, they can aid professionals to offer tailored return to work interventions to

the groups that will most benefit from it.

Development of a prediction model and decision support tool for changes in work ability

In chapter 4, weighted regression was used to predict changes in work ability one year after
approval of the work disability benefit. The study population consisted of 944 individuals who
were granted a work disability benefit by the SSI. For these individuals, self-reported
questionnaire data measured at baseline were linked with administrative data from SSI
databases. The results showed that there are indications that weighted regression procedures
can correctly identify more individuals who experience a relevant change in WAS compared to
standard multinomial logit models. The prediction model can assist IPs in identifying claimants
with a high probability of experiencing an improvement of work ability at one-year follow-up.
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This model can aid accurate prognosis of work ability, planning of re-assessments and provision

of suitable interventions for return to work.

The prediction model resulted in a statistical formula that uses prognostic factors to predict
changes in work-ability at one-year follow-up. Next, we designed a decision support tool, i.e. a
suitable graphical user interface, which can be provided to IPs in order to use the prediction
model in practice. The aim of chapter 5 was to explore professionals’ preferences regarding the
way of use and design of this tool. A focus group study among IPs and labor experts of the SSI
showed that clarity and ease of use were important features of the tool. Dividing claimants into
categories based on the outcome of the prediction model and assigning color labels to the
categories was experienced as the most straightforward and clear way of presenting the results
of the prediction model. Concerning preferences on when to use the tool, most professionals
stated that they would prefer to first make their own judgement during the work disability
assessment interview with the claimant and afterwards verify or adjust their evaluation based
on the outcome of the decision support tool. These features should be taken into account when
developing the tool, in order to encourage professionals to use the tool in practice and act
accordingly.

Added value of the decision support tool for insurance physicians

Chapter 6 focused on evaluating the efficacy of the decision support tool on IPs prognosis of
work ability and their prognostic confidence. A vignette study among 29 IPs showed that the
congruence of the decision support tool with IPs’ prognosis of future work ability was low, and
that IPs’ prognostic confidence decreased after evaluating the tool if their prognosis was
discordant with the outcome of the prediction model. Moreover, this study investigated
professionals’ attitudes towards use of the decision support tool in practice. IPs stated that the
wish to know more about the tool was the main barrier for use. Although the perceived barriers
were overall limited, only a minority of the IPs indicated that they would be willing to use the
tool in practice or expected that their colleagues would be willing to do so. The findings of this
study indicate that making professionals more familiar with prediction models and decision

support tools is an important factor for successful future implementation.

Conclusion

This thesis showed that prediction models and decisions support tools provide early
identification of individuals at risk of long-term sickness absence and work disability. These
models and tools can help IPs and other occupational health professionals in making evidence-
based decisions regarding prognosis of functional abilities, for planning of re-assessments and
identification of effective return to work interventions. External validation of prediction models

and decisions support tools is necessary to evaluate their added value in practice. To do so,
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researchers are dependent on the willingness of IPs and other professionals to participate in
small scale experiments using these tools in practice. As decision support tools are meant as
auxiliary tools to assist professionals’ decisions-making, and certainly not meant to take over
their jobs, participation in such experiments will be of no harm to professionals’ autonomy.
Conducting information sessions on data analytics and prediction models, or by incorporating
them in professionals’ training programs, could be an important step to make professionals

more familiar with these topics.
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Samenvatting

Mensen die werken hebben vaak een betere gezondheid, zowel fysiek als psychisch, dan
mensen zonder betaald werk. Wanneer iemand die ziek is (geweest) weer aan het werk gaat,
heeft dat vaak een positief effect op het ziekteverloop en toekomstig werkvermogen.
Bovendien leiden ziekteverzuim en langdurige arbeidsongeschiktheid tot financiéle nadelen
voor de zieke werknemers, werkgevers en de maatschappij. Het voorkomen van langdurig
ziekteverzuim en arbeidsongeschiktheid en het bieden van ondersteuning bij terugkeer naar
werk zijn dan ook in het belang van zowel degene die ziek of arbeidsongeschikt is als de

samenleving in zijn geheel.

Als mensen langdurig ziek zijn en daardoor hun werk niet meer (volledig) kunnen doen, kunnen
zij een aanvraag doen voor arbeidsongeschikteidsuitkering (Ziektewet- of WIA-uitkering) bij
UWV. lemand die een uitkering aanvraagt, krijgt een uitnodiging om op het spreekuur van de
verzekeringsarts te komen. Tijdens zo’n arbeidsongeschiktheidsbeoordeling kijkt de arts naar
iemands gezondheidssituatie, en naar welke beperkingen iemand heeft door zijn of haar ziekte
of aandoening. De arts beoordeelt ook of iemands klachten en beperkingen tijdelijk of blijvend
zijn. Als de verzekeringsarts vaststelt dat iemand nog mogelijkheden heeft om te werken, volgt
een vitnodiging voor een gesprek met de arbeidsdeskundige. Met de informatie van de
verzekeringsarts kijkt de arbeidsdeskundige wat voor werk iemand nog kan doen. Op basis
hiervan wordt bepaald of iemand recht heeft op een uitkering.

Als de gezondheid van mensen die een arbeidsongeschiktheidsuitkering ontvangen verbetert
of verslechtert, kan dit invloed hebben op hun mogelijkheden om te werken. Verzekerings-
artsen voeren daarom herbeoordelingen uit. Tijdens een herbeoordeling kijkt een arts opnieuw
naar iemands gezondheidssituatie. Om een inschatting te kunnen maken of en op welke termijn
een herbeoordeling zinvol is, is het belangrijk dat verzekeringsartsen een goede prognose
stellen over of en wanneer er iets verandert aan iemands gezondheid. Verzekeringsartsen
beschouwen de prognose echter als een van de lastigste aspecten van hun werk. Bij het stellen
van een prognose gaat het namelijk vaak om complexe voorspellingen waarbij veel

verschillende factoren een rol spelen.

Data analytics en voorspelmodellen kunnen inzicht geven in de factoren die samenhangen met
de duur van de arbeidsongeschiktheidsuitkering. Om een voorspelmodel te kunnen gebruiken
in de praktijk, moet het onderdeel worden van een beslissingsondersteunend instrument. Een
belissingsondersteunend instrument is een (online) hulpmiddel dat de uitkomsten van een
voorspelmodel samenvat en op een duidelijke manier presenteert aan de gebruiker. Op deze

156



Samenvatting

manier kunnen data analytics UWV-professionals, zoals verzekeringsartsen, helpen bij het
stellen van een goede prognose. Dit draagt bij aan het gericht inzetten van dienstverlening voor

terugkeer naar werk en het doelgericht plannen van herbeoordelingen.

Het hoofddoel van dit promotieonderzoek was om te onderzoeken hoe data analytics,
voorspelmodellen en beslissingsondersteunende instrumenten verzekeringsartsen kunnen
helpen bij het maken van (wetenschappelijk) onderbouwde beslissingen rondom het plannen
van WIA-herbeoordelingen en de inzet van ondersteuning voor terugkeer naar werk. Dit
hoofddoel is vitgesplitst naar vier subdoelen:

1. Een overzicht geven van factoren die samenhangen met het krijgen van een WIA-
vitkering en de duur van de uitkering;

2. Voorspellen welke mensen een groter risico hebben om langdurig een Ziektewet-
uitkering te ontvangen en het indelen van verzuimers in subgroepen;

3. Ontwikkelen van een voorspelmodel en beslissingsondersteunend instrument voor
toekomstige veranderingen in werkvermogen van mensen die een WIA-uitkering
aanvragen;

4. Inzicht krijgen in de toegevoegde waarde van het beslissingsondersteunend
instrument en hoe verzekeringsartsen aankijken tegen gebruik van het instrument in

de dagelijkse praktijk.

Factoren die samenhangen met langdurig ziekteverzuim en arbeidsongeschiktheid

In hoofdstuk 2 hebben we gekeken wat de belangrijkste diagnoses zijn op basis waarvan
mensen een WIA-uitkering krijgen. Uit de UWV-systemen hebben we data verzameld van 31.733
mensen (o0.a. socio-demografische kenmerken, gezondheidssituatie en werkgerelateerde
factoren). De diagnosecategorie die verzekeringsartsen het vaakst registreerden bij toekenning
van een WIA-uitkering was psychische klachten. Diagnoses verschilden tussen mensen met
verschillende leeftijden en opleidingsniveaus; psychische klachten werden vaker genoemd bij
jongeren en hoger opgeleiden, lichamelijke klachten waren de belangrijkste diagnose voor
ouderen en lager opgeleiden. Daarnaast hebben we een follow-up periode van vijf jaar gebruikt
om te onderzoeken wat de kenmerken waren van mensen die na vijf jaar nog steeds een WIA-
vitkering ontvingen. Hieruit bleek dat 82% van de mensen na 5 jaar nog steeds een uvitkering
ontving. Mensen met (meerdere) psychische klachten en mensen met een combinatie van
psychische en lichamelijke klachten ontvingen relatief vaak nog steeds een uitkering aan het
eind van de vijf-jaar follow-up periode.

Het doel van hoofdstuk 3 was het voorspellen van langdurig ziekteverzuim en het indelen van
mensen in de Ziektewet in subgroepen met gelijke kenmerken. Een groep van 437 mensen die

een Ziektewetuitkering toegekend kregen en die langer dan twee weken ziek waren, is een jaar
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gevolgd. Op basis van opleidingsniveau, eigen verwachting ten aanzien van werkhervatting en
het zelfgerapporteerde vermogen om anderen om hulp te vragen, konden we voorspellen
welke mensen een hoger risico hadden om langdurig een Ziektewetuitkering te ontvangen. Het
voorspelde risico werd in combinatie met verschillende zelfgerapporteerde factoren gebruikt
om deze mensen in te delen in vier subgroepen. Hieruit bleek dat mensen in de Ziektewet met
klachten van het bewegingsapparaat, die het makkelijk vinden om anderen om hulp te vragen
en die positieve verwachtingen hebben ten aanzien van werkhervatting, een relatief laag risico
hebben op langdurig verzuim. Mensen met psychische klachten die bij hun ziekmelding het
gevoel hebben weinig controle te hebben over de dingen die hen overkomen en die negatieve
verwachtingen hebben, hebben juist een hoger risico op langdurig verzuim. Deze resultaten
kunnen gebruikt worden om te kijken of het wenselijk is om voor de gevonden groepen gerichte
dienstverlening in te zetten die terugkeer naar werk bevorderen.

Een voorspelmodel en instrument voor veranderingen in werkvermogen

In hoofdstuk 4 is de analysemethode ‘gewogen regressie’ gebruikt voor het voorspellen van
veranderingen in werkvermogen één jaar na toekenning van de WIA-uitkering. De onderzoeks-
populatie bestond uit 944 mensen die vlak voor de aanvraag van de uitkering, en één jaar
daarna, een uitgebreide vragenlijst hadden ingevuld. In de vragenlijst konden mensen
bijvoorbeeld aangeven welke klachten zij ervaarden, op welke manier dit hen belemmerde in
hun werk en hoe zij aankeken tegen terugkeer naar werk. De antwoorden die mensen gaven
hebben we gekoppeld aan registratiedata van UWV. Ons voorspelmodel bepaalt vervolgens
voor mensen die een WIA-uitkering aanvragen of de kans het grootst is dat hun werkvermogen
het komende jaar zal verbeteren, gelijk zal blijven of zal verslechteren. Deze voorspelling kan
verzekeringsartsen helpen bij het stellen van een goede prognose. Hiermee kan het model
bijdragen aan het doelgericht plannen van herbeoordelingen en het inzetten van gerichte

begeleiding voor terugkeer naar werk.

Om het statistische voorspelmodel te kunnen gebruiken in de praktijk moet het onderdeel
worden van een beslissingsondersteunend instrument. Het doel van hoofdstuk 5 was inzicht
krijgen in hoe dit instrument eruit moet komen te zien en hoe professionals het zouden willen
gebruiken. Uit focusgroepen met verzekeringsartsen en arbeidsdeskundigen van UWV bleek
dat duidelijkheid en gebruiksgemak belangrijke eigenschappen zijn voor het instrument. De
meest eenvoudige en heldere manier om de resultaten van het voorspelmodel te presenteren
is door mensen op basis van de uitkomst van het voorspelmodel in te delen in groepen.
Vervolgens kunnen aan deze groepen kleuren toegewezen worden; bijvoorbeeld groen als er
een grote kans is op verbetering en rood als er een grote is kans is op verslechtering van het
werkvermogen. Als het gaat om voorkeuren voor het moment waarop het instrument gebruikt

zou moeten worden, hadden professionals veelal de voorkeur om eerst zelf een prognose te
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stellen. Na afloop van het beoordelingsgesprek met de klant zouden artsen dan hun eigen
prognose willen vergelijken met de uitkomst van het voorspelmodel. De resultaten van dit
kwalitatieve onderzoek zijn meegenomen bij de ontwikkeling van het instrument, zodat
professionals aangemoedigd worden om het instrument ook daadwerkelijk te gebruiken en de

uitkomst mee te wegen in hun oordeel.

Toegevoegde waarde van het instrument voor verzekeringsartsen

De resultaten van de evaluatie van het gebruik van het beslissingsondersteunend instrument
door verzekeringsartsen staan in hoofdstuk 6. In de evaluatie is gekeken of het instrument
helpt bij het stellen van een goede prognose en welke invioed het heeft op het vertrouwen dat
verzekeringsartsen hebben in hun eigen prognose. Dit hebben we gedaan met een vignetten-
studie, waarin 29 verzekeringsartsen zes casussen van mensen met een WIA-uitkering hebben
beoordeeld. Deze studie liet zien dat de uitkomst van het instrument (verbetering/ver-
slechtering/geen verandering in werkvermogen) in meer dan de helft van de gevallen (53%) niet
overeenkwam met de eigen prognose van de verzekeringsarts. Als de prognose van de
verzekeringsarts niet overeenkwam met de uitkomst van het instrument, daalde bovendien zijn
of haar vertrouwen in de eigen prognose na het raadplegen van het instrument. Daarnaast werd
in dit hoofdstuk gekeken hoe professionals aankijken tegen gebruik van het instrument in de
dagelijkse praktijk. Hoewel er in het algemeen weinig belemmeringen werden ervaren voor
gebruik, gaf slechts iets meer dan een kwart van de verzekeringsartsen aan het instrument te
willen gebruiken in de dagelijkse praktijk. Ondanks een toelichting bij de start van het
experiment over (de factoren in) het voorspelmodel, gaven verzekeringsartsen aan dat de
belangrijkste belemmering voor gebruik was dat ze naar hun idee nog onvoldoende informatie
over het instrument hadden. De resultaten van dit onderzoek laten zien dat het belangrijk is om
verzekeringsartsen meer vertrouwd te maken met de inhoud en toepassing van voorspel-
modellen en beslissingsondersteunende instrumenten om tot een succesvolle toepassing in de

verzekeringsgeneeskundige praktijk te komen.

Discussie en aanbevelingen

In hoofdstuk 7 zijn de belangrijkste bevindingen uit dit proefschrift samengevat en worden
aanbevelingen gegeven voor onderzoek, beleid en praktijk. De resultaten van dit proefschrift
laten zien dat voorspelmodellen en beslissingsondersteunende instrumenten kunnen helpen
om te bepalen welke mensen een hoger risico hebben om langdurig een arbeidsongeschikt-
heidsuitkering te ontvangen. Verzekeringsartsen en andere professionals kunnen het
instrument raadplegen en als hulpmiddel gebruiken bij het maken van (wetenschappelijk)
onderbouwde beslissingen rondom de prognose van werkvermogen, het doelmatig plannen
van herbeoordelingen en de inzet van gerichte dienstverlening voor terugkeer naar werk.

Voorspelmodellen moeten extern gevalideerd en geévalueerd worden met effectmetingen en
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procesevaluaties om te bepalen wat hun toegevoegde waarde is voor de dagelijkse praktijk.
Hiervoor moeten kleinschalige experimenten met dit soort modellen opgezet worden.
Onderzoekers zijn hierbij afhankelijk van de bereidheid van artsen en andere professionals om
mee te doen met dit soort experimenten. Omdat beslissingsondersteunende instrumenten
bedoeld zijn als hulpmiddel, en niet om het werk van de professional over te nemen, is er bij
deelname aan dit type experimenten geen sprake van beperking van de professionele
autonomie. Professionals meer bekend maken met de toepassing en mogelijkheden van data
analytics en voorspelmodellen, door deze onderwerpen bijvoorbeeld te behandelen tijdens de
opleiding of trainingsdagen, is een belangrijke eerste stap.
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