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ABSTRACT

IZA DP No. 13582 AUGUST 2020

The Role of Beliefs in Long Sickness Absence: 
Experimental Evidence from a Psychological 
Intervention1

This paper makes use of the randomized allocation of workers on sick leave in Denmark 

into self-management support, to examine the role of beliefs about control for prolonged 

absenteeism due to illness. Our results demonstrate that the ability of the intervention to 

lead sick-listed workers toward resuming employment crucially depends on workers’ control 

beliefs. The intervention increases the perception of control among control pessimists and 

substantially accelerates the decision to return to work. Furthermore, we identify a group of 

control-optimist workers for whom “learning” about control beliefs is self-defeating, and 

leads them toward reduced capacity in terms of return-to-work performance.
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I. Introduction 

Long-term absence from work due to illness is often associated with lasting negative 

effects on subsequent employment, leading to economic and social deprivation and permanent 

disability (see e.g., Hansen 2000; Gjesdal and Bratberg 2003; Gjesdal et al. 2004; Kivimäki et al. 

2004; Ichino and Moretti 2009; Markussen 2012). As the consequences of prolonged absence and 

its associated costs to society are considerable, understanding the roots of long sickness spells is 

crucial for designing interventions to help persons on the long-term sick list return to stable 

employment trajectories (Johansson and Palme 2002; Henderson, Glozier, and Elliott 2005; 

Heymann et al. 2010; Holm et al. 2017). 

Numerous studies have demonstrated the importance of moral hazard in absence behavior (e.g., 

Dionne and St-Michel 1991; Johansson and Palme 1996, 2002, 2005; Henreksson and Persson 

2004; Ichino and Riphahn 2005; Hesselius and Persson 2007; Puhani and Sonderhof 2010; 

Ziebarth and Karlsson 2010, 2014; Fevang, Markussen, and Røed 2014). However, the evidence 

also shows that, presumably due to the severity of the health impairment, the issue of moral hazard 

is less prevalent for prolonged sickness absence (Ziebarth 2013). 

However, many long sickness spells start with common conditions like musculoskeletal and 

mental health disorders that, for whatever reasons, do not improve sufficiently over time 

(Henderson, Glozier, and Elliott 2005), and, apart from the influence of illness itself (e.g., 

Bültmann et al. 2006; Christensen et al. 2007; Dekkers-Sánchez et al. 2008), evidence is lacking 

for factors associated with long-term sick leave. 

Our study contributes to the literature with experimental evidence regarding the role of 

individuals’ control beliefs in prolonged absence from work. Control beliefs such as locus of 

control and self-efficacy have long had a central place in social psychology as fundamental factors 
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for motivation, effort (Rotter 1966; Bandura 1986, 1989), and self-control (Rosenbaum 1980). 

Locus of control refers to the extent to which individuals believe that what happens to them is 

related to their own behaviors or actions, or on the contrary to external factors such as luck (Rotter 

1966). Self-efficacy captures the strength of individuals’ beliefs in their own ability to undertake 

behavior or actions to improve their situation (Bandura 1986, 1989). 

In economics, control beliefs are considered to be a key personality trait for labor market 

behavior (e.g., Coleman and DeLeire 2003; Borghans et al. 2008; Heckman, Stixrud, and Urzua 

2006; Heckman and Kautz 2012; Cobb‐Clark and Schurer 2013; Spinnewijn 2013, 2015; Caliendo, 

Cobb-Clark, and Uhlendorff 2015; Lekfuangfu et al. 2018), and growing empirical evidence 

suggests that beliefs about control may be of key importance in avoiding prolonged absence. Such 

evidence demonstrates that the locus of control is positively associated with emotional resilience 

against health shocks (Buddelmeyer and Powdthavee 2016), with healthy behavior (Chiteji 2010; 

Cobb-Clark, Kassenboehmer, and Schurer 2014), with labor supply after severe health shocks 

(Schurer 2017), and with a wide range of labor market outcomes (Gallo et al. 2003; Uhlendorff 

2004; Ng, Sorensen, and Eby 2006; Heineck and Anger 2010; Cobb-Clark and Tan 2011; Ahn 

2015; Caliendo, Cobb-Clark, and Uhlendorff 2015; McGee 2015; McGee and McGee 2016). 

Sick-listed workers are likely to be more pessimistic regarding the controllability of their labor 

market outcomes than other groups in the labor force (Buddelmeyer and Powdthavee 2016; 

Schurer 2017; Marsaudon 2019). Furthermore, uncertainty about the consequences of illness on 

future health (Arrow 1963; Chandra, Handel, and Schwartzstein 2019) and the effectiveness of 

medical treatment (Frank 2004) may increase the difficulty for long-term sick-listed workers to 

choose recovery efforts wisely, which in turn may reduce belief in their own capacity for control. 

Workers with negative beliefs about control may therefore delay their return to work by not putting 
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in adequate health investment (Babcock et al. 2012; Schurer 2017). Furthermore, workers with 

negative control beliefs may have self-discipline problems and procrastinate in their recovery 

efforts (Rosenbaum 1980; Bryan, Karlan, and Nelson 2010). 

If such behavioral barriers are widespread among long-term sick-listed workers, then economic 

incentives will be less effective to reduce long absence spells, and control-enhancing interventions 

might be required to promote return to work. However, regardless of the substantial explanatory 

power of control beliefs for a wide range of labor market outcomes and health behavior, it is not 

clear that control-enhancing interventions will help. Evidence shows that locus of control is 

generally quite stable in working-age populations (Specht, Egloff, and Schmukle 2011, 2013; 

Cobb-Clark and Schurer 2012, 2013), although recent studies show that control beliefs may 

decrease among workers displaced from their jobs because of health shocks (Marsaudon 2019) or 

because their workplace closure (Preuss and Hennecke 2018). 

As far as we know, there is no evidence that an intervention directly aimed at boosting control 

beliefs leads to better labor market outcomes  (Almlund et al. 2011; Gutman and Schoon 2013; 

Cobb-Clark 2015). Gottschalk (2005) provides evidence that temporary subsidized employment 

of young welfare recipients leads to positive effects on both locus of control and earnings. Pedersen 

et al. (2015) directly test the effect of a control-enhancing course aimed at return to work among 

sick-listed workers at risk of mental health disorder—an intervention similar to the program 

studied in this article—and finds that the positive effects on locus of control were not reflected in 

increasing subsequent employment. As participants in the course investigated in Pedersen et al. 

(2015) were recruited shortly after the start of sick leave (4–8 weeks), the lack of responsiveness 

might reflect that negative perceptions of control are not widespread among short-term sick-listed 

workers. A review of 10 randomized controlled trials (Franek 2013) concludes that the Stanford 
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Chronic Disease Self-Management course (CDSMP), also similar to the intervention investigated 

in our study, led to clinically minimal improvements across a number of health status measures, 

healthy behaviors, and self-efficacy (Lorig et al. 1986, 1996, 1999, 2001). This report shows that 

CDSMP did not improve health care utilization, but the intervention was exclusively focused on 

short-term health outcomes. Moreover, results could be misleading given that they were based on 

performance of individuals who participated in the program, and did not include intent-to-treat 

analysis. 

Consequently, two key questions remain: 

• Does boosting belief in control among workers have a positive impact on employment? 

• If so, which workers are the most likely to return to work? 

Our article contributes to the empirical literature on behavioral economics with experimental 

evidence on the effect of a control-enhancing intervention, a self-management support course, on 

return to work for long-term sick-listed workers in Denmark. As in Malmendier, Tate, and Yan 

(2011), and in contrast to Buddelmeyer and Powdthavee (2016) and Schurer (2017), we explore 

variation in individuals’ beliefs to identify their role in return to work. Different from Malmendier, 

Tate, and Yan (2011), we obtain such variation by means of a randomized intervention aimed at 

affecting individuals’ beliefs.2 

Our estimated mean impacts demonstrate that the intervention had no overall effect on 

employment rates. Moreover, the program did not contribute to transiting from sickness benefits 

to unemployment insurance benefits. However, motivated by the heterogeneity of individuals 

participating in the intervention with respect to their ex ante control beliefs, we examine the 

                                                             
2 Malmendier, Tate, and Yan (2011) explore exogenous variation in managers’ personal histories 
(shaped by the Great Depression and while serving in the military) to identify the role of 
overconfidence in their financial decision making. 
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heterogeneity of the employment effect using causal machine-learning techniques (Athey and 

Imbens 2016; Athey, and Wager 2018; Athey, Tibshirani, and Wager 2019). We provide strong 

evidence that the effectiveness of the intervention depends crucially on individual’s control beliefs. 

For workers with negative pre-intervention control beliefs, self-management significantly 

increased the return-to-work rate 17 to 19 months after intervention assignment by 18.54 percent 

(a 110-percent increase compared to the control group). In contrast, for workers whose pre-

intervention beliefs were more positive, self-management support reduced regular employment at 

17 to 19 months after program assignment by 13.42 percent (a 29-percent reduction compared to 

the control group). 

An exploration of plausible mechanisms reveals two main channels for the employment effect. 

First, the intervention has a positive impact on perceived personal control of illness among workers 

with negative control beliefs. This improvement in control beliefs persists for at least 6 months 

after program participation, strongly suggesting that reinforced control beliefs contribute to 

workers’ return to work. 

Furthermore, we identify a group of long-term sick-listed workers for whom “learning” about 

control beliefs is harmful, as it reduces their return-to-work rate. Concretely, the intervention 

initially leads control-optimistic workers to perceive their illness as more severe and to put more 

effort into coping with the psychological consequences of illness than if they had not participated 

in the program. 

Finally, we investigate the influence of course peers on employment effects. Our results go 

against social learning theory and demonstrate that positive program impacts on workers with low 

control beliefs will hardly be affected by excluding peers with positive control beliefs from LTJS 

courses. Social learning during the course does not seem to be relevant, a result that could be 
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explained by the fact that the health disorders affecting program participants are heterogeneous. 

The lack of peer influence suggests that disclosure of information via course participation has a 

direct impact on the control beliefs and the labor market behavior of sick-listed workers, leading 

less confident workers toward accelerating their return to work. 

 

II. Experiment Design 

A. Treatment as Usual: Paid Sick Leave in Denmark 

In Denmark, employed workers, self-employed workers, and unemployed workers receiving 

unemployment insurance benefits are eligible for the sick-leave benefit. For wage earners, the 

benefit replaces 100 percent of wages up to DKK 4,135 per week (as of January 2015, €554/$637). 

Benefits are primarily funded by taxes. However, in the case of sick-listed employees, the 

employer covers benefits for the first 30 days of absence, and often also covers part of the 

difference between the full wage and the sickness benefit (depending on local agreements between 

trade unions and employers’ associations). Employers can easily dismiss sick-listed workers, who 

will continue to receive sickness benefits for as long as they are eligible. During the period of our 

experiment, eligibility for sickness benefits was 26 weeks in total. At 26 weeks of absence, an 

assessment is made, and some workers are deemed eligible for a prolonged sickness benefit period. 

Individuals who cannot get their sickness benefits extended are eligible for the “job clarification” 

program, that is, an interdisciplinary assessment of work capacity. Individuals in this program 

receive a benefit lower than the sickness benefit, corresponding approximately to the level of 

social-welfare assistance. 

In Denmark, the sickness benefit system is regulated by the central government and 

administered by municipalities. Municipal job centers monitor eligibility conditions of sickness 
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benefit recipients and are obliged to schedule a first follow-up meeting within eight weeks after 

the first day of work absence. At follow-up, the case worker assesses the need for active 

intervention to maintain the attachment of the sick-listed worker to the labor market. The 

intervention toolbox consists of various types of vocational rehabilitation such as job counseling, 

wage-subsidized, on-the-job training, internships, and professional courses, as well as graded 

return to work (partial sick leave). For sickness periods lasting longer than eight weeks, subsequent 

follow-up must take place at four- or eight-week intervals, depending on the expected length of 

the sickness period. 

B. The Intervention: Self-management Support 

In late 2014, The Danish Agency for Labour Market and Recruitment in Denmark launched a 

randomized trial in 27 Danish municipalities. The aim was to examine whether long-term sick-

listed workers, who participated in a self-management course called “Learn to Cope with Work 

and Illness” (in Danish: Lær at Tackle Job og Sygdom—LTJS), could achieve faster return-to-

work and more stable employment trajectories than those receiving the “usual treatment” as 

presented previously.3 

The target group for the intervention was comprised benefit recipients sick-listed from work 

with the following characteristics: 

• Deemed unlikely to return to work quickly at the first follow-up meeting. 

• Elapsed sickness benefit period of 6 to 19 weeks. 

• Diagnosed with recognized chronic or long-term health problem. 

• Wished to return to work. 

                                                             
3 The intervention was pre-registered at ClinicalTrials.gov:r NCT02136056. Overall results of the 
intervention were first presented in a report in Danish (Rotger 2019). 
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• Fluent Danish speakers. 

• No physical or psychological issues that would prevent standard course participation. 

Participation in the LTJS intervention was voluntary and delivered in addition to the “usual 

treatment.” Recruitment for the intervention was performed by caseworkers at job centers, 

typically during the first or second follow-up meeting. 

The LTJS program is an adaptation of the Stanford CDSMP (Lorig et al. 1986, 1996, 1999, 

2001) given to all-cause long-term sick-listed workers in Denmark. The program was implemented 

as a group-based course. Each course was attended by an average of nine participants of mixed 

age, gender, and diagnoses. The courses were taught by two trained volunteers, who acted as 

facilitators. At least one of the facilitators previously experienced a long-term sickness absence. 

The facilitators received four days of training based on a teaching manual. Rather than prescribing 

specific behavior changes, the leaders assist participants in making their own disease management 

choices to reach self-selected goals. The program consisted of six weekly 2.5-hour sessions. The 

topics covered during the 15-hour course included information and techniques to manage fatigue, 

stress, depression, insomnia, pain, anger, shortness of breath, itching, memory problems, and 

involuntary urination; use of cognitive symptom management techniques; exercise; pacing; 

nutrition; use of medication; communication with others including health professionals, case 

workers, employers, and family; cooperation problems with health care services and problem 

solving.4 

The course incorporates strategies suggested by Bandura to enhance individuals’ confidence in 

their own ability to carry out actions necessary to deal with sickness absence and speed up return 

                                                             
4 The content of the course is described in more detail in The Danish Committee for Health 
Education (2014). 
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to work. These strategies include weekly action planning and feedback, reinterpretation of 

symptoms, group problem solving, individual decision making, and facilitators acting as role 

models (Bandura 1986, 1989). 

The effectiveness of the LTJS program is based on three premises. First, long-term sick-listed 

workers experience difficulties in managing their health problems. Second, the provision of self-

management support enhances their perceived control of sickness absence. Third, workers with 

positive control beliefs display better behavioral responses to illness and return to work than 

those with nonexistent or lower levels of positive beliefs. 

C. Evaluation Design 

The evaluation was designed as a stratified randomized trial implemented between October 2014 

and February 2016. As soon as a recruited person had given consent to participate and completed 

a baseline survey, the Department of Psychology and Behavioral Sciences at Aarhus University 

randomly allocated the person to the LTJS intervention or the control group. Randomization was 

conducted separately for each team (i.e., for each team there is an associated control group) with 

a probability of 65/35 of being randomized into the treatment group. The stratified randomization 

schedule ensured that we could make comparisons between treatment and control groups within 

municipal job center and calendar time windows. 

Once a sufficiently large number of participants necessary for assembling a team were 

recruited, the intervention began. This implied that some individuals recruited for a given team 

had to wait for a considerable period of time from randomization to the course start date. This 

situation and its consequences for estimated results are analyzed in detail by Rotger (2019). 

The LTJS evaluation project initially recruited 657 individuals. We excluded 36 in the treatment 

group and 17 controls due to municipality drop-out, and another 8 in the treatment group from a 

municipality that did not allocate any individuals to the control group (i.e., violated the protocol). 
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Next, we excluded 7 in the treatment group and 6 controls who did not answer the baseline survey 

and therefore did not participate in the experiment. One person in the treatment group and 2 

controls were removed who had withdrawn their consent to participate. Finally, we excluded 7 in 

the treatment group and 5 controls for whom we could not match data in the administrative 

registers with their baseline survey information. The analysis sample comprised data on 

individuals from 27 municipalities and 43 blocks (43 treatment teams and 43 control groups). 

Seventeen municipalities contributed two teams each, 18 municipalities contributed one team, and 

two municipalities merged participants into a single team.5 The resulting sample is comprised of 

568 individuals (T = 371, C = 197).6  

The described sample was used for investigating the main effect of LTJS on return-to-work and 

sickness absenteeism. Our investigation of heterogeneous effects uses a subsample of 511 

observations with non-missing information on all pre-treatment covariates. We also defined a 

smaller subsample of 400 observations to investigate group effects on several mediating outcomes 

measured immediately after the course, and six months after the course. 

Compliance was remarkably high: seven persons in the treatment group (2 percent) indicated 

during surveys that they had not participated at all in the intervention. On average, treated 

individuals participated in 4.7 out of 6 sessions. 

III. Data 

A. Data Sources 

To study the effect of the LTJS intervention, we merged a very rich survey on sickness absence 

collected by the Unit for Psycho-Oncology and Health Psychology from the University of Aarhus 

                                                             
5 See Figure A1 in the Online Appendix. Table A1 in the Online Appendix shows the dates for 
allocation of teams, and number of control and treatment observations for each team. 
6 See Figure A2 in the Online Appendix. 
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with the Ministry of Employment’s longitudinal register database on public transfer incomes and 

employment (the DREAM register).7 The DREAM register contains weekly information about 

income transfers from public programs as well as employment. The DREAM register is known to 

be of high reliability for measuring sick-leave spells (Stapelfeldt et al. 2012) as well as 

employment, as it is based on administrative register data for sickness benefit payments and 

compulsory income reporting by employers to the tax authorities. In the analyses, we use a period 

of 2 years before randomization to construct labor market and sickness absence histories, and we 

follow all individuals for approximately 1.5 years after the program allocation week (precisely, we 

followed them for at least 81 weeks). Thus, for each person, we have a weekly time series covering 

3.5 years. Because individuals recruited by the participating municipalities entered the program at 

different time points between October 2014 and February 2016, everyone’s time series on regular 

employment and sickness absence is located at an individual-specific calendar time interval. 

Three surveys were collected; the first immediately before program allocation (baseline LTJS 

questionnaire), the second one week after completion of the course (first follow-up LTJS 

questionnaire), and the third, 26 weeks following course end (second follow-up LTJS 

questionnaire).8 The surveys contain a wide range of measures, described below, on cause of 

absence, health status, health behavior, motivation, behavioral self-management, control beliefs, 

and expectations. 

                                                             
7 DREAM is a Danish acronym for The Register-Based Evaluation of Marginalization Scope (in 
Danish: Den Registerbaserede Evaluering Af Marginaliseringsomfang). The main outcomes used 
in the analysis are employment and temporary disability, including sickness benefits (codes 890–
899), rehabilitation benefits (codes 760–767), and job clarification programs (codes 870–878). 
8 The survey information was not made accessible to job centers. 
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B. Variables 

The primary outcome used in this study is the proportion of time spent employed 69 to 81 weeks 

(17–19 months) after participants were placed in treatment and control groups. We consider effects 

on regular employment for the initial period (1–13 weeks after randomization), and for the whole 

period of 81 weeks (corresponding to 1–19 months) as secondary outcomes. These choices of 

outcomes are made to assess the initial impact of the intervention including the waiting time and 

any lock-in effects, and the total impact of the intervention. The primary outcome measures the 

longer-term employment, where we try to circumvent the problem of waiting times between 

randomization and start of the intervention (any anticipation effects will likely taper off after the 

intervention) and lock-in effects. 

Since some may return to unemployment, we also consider as secondary outcomes the number 

of weeks spent receiving sickness benefits at 69–81 weeks, 1–13 weeks, and 1–81 weeks after 

participants enter intervention groups. 

Our survey includes two measures of control beliefs, our primary mediator of the LTJS. Self-

efficacy and locus-of-control scales can both refer to specific outcomes and behaviors (Amtmann 

et al. 2012; Wallston, Strudler Wallston, and DeVellis 1978) or can be used to measure individuals’ 

perception of control across different contexts (Ajzen 2002). Generalized measures of control 

beliefs like locus of control, preferred in the empirical economic literature (Cobb-Clark 2015), 

may imperfectly reflect individuals’ perceived controllability of absence behavior, and therefore 

we favor two sickness absence–specific measures of control beliefs. First, we use the six items 

from the short form of the University of Washington Self-efficacy Scale (UWSES; Amtmann et 

al. 2012), which we call “Self-efficacy in Sickness Absence.” This instrument was translated into 

Danish by researchers at the Unit for Psycho-Oncology and Health Psychology, Aarhus 

University. The scale measures individual’s sickness self-efficacy, which refers to people’s belief 
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that they can succeed at keeping their illness from interfering with diverse situations and tasks in 

the future. 

The second measure of control beliefs is the third item of the Brief Illness Perception 

questionnaire (BIPQ), developed by Broadbent et al. (2006), which measures individuals’ 

expected personal control of illness. This BIPQ item, which we call “Perceived Personal Control 

of Illness,” is strongly associated with self-efficacy and is most likely, in the context of sickness 

absence, to be reflecting internal locus of control beliefs regarding illness and return to work 

(Broadbent et al. 2006). 

Our survey includes one measure of a secondary mediator of the LTJS, cognitive-behavioral 

self-management (hereinafter referred to as behavioral self-management), the chronic disease 

self-management questionnaire (CDSM) (6-item questionnaire from Lorig et al. 1996). This 

scale measures in which ways respondents cope with the psychological aspects of illness, such as 

by mentally distancing themselves from discomfort. 

Our survey information includes several baseline beliefs or items covering individuals’ 

expectations regarding re-employment. These items refer to individuals’ perceived certainty to 

return to work for the number of hours per week as before sickness onset, expected duration of 

sickness absence, expected job tasks, and expected working-time after re-employment. 

Finally, we capture individuals’ motivation for work with the Treatment Self-Regulation 

Questionnaire (Levesque et al. 2007). This scale measures the respondent’s autonomous 

motivation (6 items), introjected regulation (2 items), external regulation (4 items), and 

amotivation (3 items). 

To keep the number of control variables and potential mediators to a manageable level, most of 

these surveys are summarized in standard scales. The English versions of the scales used to 
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measure mediating outcomes and their construction of final scores are included in the Online 

Appendix. 

The covariate set includes 57 continuous, categorical, and binary indicators mostly taken from 

the baseline survey. Perceived illness is measured via the BIPQ. We use the Symptom Checklist 

Scale (12 items) from the Common Mental Disorders Questionnaire (CMDQ) (Christensen et al. 

2005) to measure the extent to which the individual is troubled by diverse symptoms, and we also 

rely on the Illness Worries Scale (7 items) from the CMDQ. We measure mental disorders with 

the Anxiety Scale (4 items) and the Depression Scale (6 items) obtained from CMDQ (Christensen 

et al. 2005). Next, perceived physical impairment is measured via a 9-item scale obtained from the 

SF36 Scale (Bjorner et al. 1998). We measure the consequences of sickness and chronic illness in 

terms of self-rated pain, fatigue, and shortness of breath. Finally, the survey includes a measure of 

health-related quality of life (Noerholm et al. 2004) and the WHO-5 questionnaire on well-being 

(Bech et al. 2003). 

We capture health-related behavior with different questions. We measure intensity of exercise 

and physical activity, alcohol consumption (4-item scale from the CMDQ), purchase and 

consumption of medicine, intensity of contacts with general practitioner (GP), specialists, 

emergency room episodes, and hospitalization. We acknowledge that the database does not include 

two important indicators for individuals’ lifestyle choices, namely, diet and smoking. However, 

the available indicators are likely to reflect significant rehabilitation efforts and changes in health-

related behavior. 

The survey and administrative data includes a wide range of measures describing the socio-

economic characteristics of sick-listed workers regarding age, gender, education, marital status, 
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children, employment, cause of sickness, sickness history, multiple disorders, working capacity, 

and motivation for work. 

C. Participants 

Table 1 presents the sample means of selected characteristics of program participants by treatment 

and control group of the three analysis subgroups. Summary descriptive statistics are presented for 

the entire sample (N = 568, T = 371, C = 197), the sample used to investigate heterogeneity of 

post-program effects (N = 511, T = 336, C = 175), and the sample used to estimate group effects 

on mediating outcomes (N = 400, T = 267, C = 133). The table shows that women comprise 75 

percent of the sample, average age is about 47 years, and approximately 50 percent of the sample 

has higher education. Most individuals claim sickness benefits connected to regular employment 

or self-employment (approximately 70 percent) rather than unemployment. Sixty percent of 

illnesses and symptoms are caused by work conditions. Approximately half the sample claims 

sickness benefits because of mental disorders (stress, anxiety, depression, etc.). The fraction of 

time in regular employment during two years immediately prior to treatment assignment is 

approximately 50 percent. The fraction of time with sickness benefits during the same period is 25 

percent. Finally, the average size of control group “teams” is 5 individuals, and the average size 

of treatment teams is 9. Averages of selected covariates are remarkably similar across samples.9 

[Table 1] 

                                                             
9 The sample used to estimate group effects on mediating outcomes (referred to as Mechanism 
Analysis Sample) excludes three blocks (23, 33, and 43) due to lack of survey information on 
variables needed for measuring these outcomes. The exclusion of these blocks slightly reduces 
the proportion of participants with higher education, but does not alter the means of other 
covariates. 
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Panel A in Figure 1 shows the distribution of expected return to work (baseline beliefs) 

measured immediately before program assignment.10 The baseline beliefs are heterogeneous, but 

with a higher concentration of program participants at the bottom of the distribution, as expected 

from workers with long-term health disorders. Panel B in Figure 1 shows the distribution of self-

efficacy in sickness absence (control beliefs) measured immediately before treatment 

assignment. The figure shows that the recruited group of individuals is characterized by quite 

different levels of self-efficacy despite their prolonged sickness absence, recognized chronic 

health problems, and low re-employment prospects. The distribution of self-efficacy in sickness 

absence is quite stable across types of health disorders, workers’ previous status in the labor 

market, workers’ education and across severity of health disorder (see Figures A3 to A6 in 

Online Appendix). 

[Figure 1] 

To test for balance in the characteristics of the control and treatment samples, we use two tests. 

First, we run regressions of all pre-treatment covariates 𝕏𝕏𝑖𝑖 (binary indicators, categorical variables, 

and continuous variables) collected immediately before assignment to the treatment indicator (𝑊𝑊𝑖𝑖) 

and a vector of 43 randomized-block fixed effects (𝐵𝐵𝑖𝑖): 

(1) 𝕏𝕏𝑘𝑘𝑖𝑖 = 𝛿𝛿𝑘𝑘𝑊𝑊𝑖𝑖 + 𝐵𝐵𝑖𝑖′𝛽𝛽𝑘𝑘 + 𝑢𝑢𝑘𝑘𝑖𝑖 

We test for the significance of 𝛿𝛿𝑘𝑘 in model (1). Table A2 in the Online Appendix reports 

estimated coefficients 𝛿𝛿𝑘𝑘 and the p-values for the null hypothesis of individual characteristic 𝕏𝕏𝑘𝑘𝑖𝑖. 

Balance tests are presented for the samples used to estimate mean impacts, conditional effects, and 

group effects on mediating outcomes. 

                                                             
10 See the Online Appendix for the definition of baseline beliefs. 
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Columns 1 to 3 in Table A2 report estimated coefficients 𝛿𝛿𝑘𝑘 and p-values for the main sample, 

for the sample used in the heterogeneity analysis, and for the sample used in the analysis of 

mechanisms. We detect statistically significant coefficients at the 5-percent level for only two 

characteristics: physical impairment and expected long illness. Column 2 in the same table presents 

similar results for the heterogeneity analysis sample. In this case, we reject the null hypothesis of 

variable balance for three characteristics: physical impairment, expected long illness, and 

perceived medical treatment effectiveness. Column 3 reports coefficients and p-values for the 

mechanism analysis sample. In this case, there is only one characteristic, “expected long illness,” 

which has a p-value smaller than 0.05. 

Second, we implement a LASSO model selection approach to identify eventual covariates 

among our set of covariates 𝕏𝕏𝑖𝑖 that potentially could predict our treatment assignment indicator 

𝑊𝑊𝑖𝑖 (Belloni, Chernozhukov, and Hansen 2014). The LASSO algorithm does not select covariates 

for any of the three samples. 

 

IV. Results 

This section presents estimates of intention-to-treat (ITT) effects and heterogeneity for 

self-management support on labor supply, and mediating outcomes. Section IV.A begins by 

evaluating the overall effects of the psychological intervention on employment, sickness absence, 

and control beliefs. Section IV.B provides evidence on heterogeneity of the post-program effects 

of self-management on employment based on machine learning analysis. Section IV.C discusses 

the plausibility of alternative mechanisms by examining the effects of self-management support 

on mediating outcomes. Finally, Section IV.C investigates the role of course peer effects on the 

effects of the program on subgroups of workers with low- and high-level control beliefs. 
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A. Mean Impact 

Despite the vast resources invested in active labor market policies, growing evidence shows that 

interventions such as rehabilitation programs and graded return to work tend to have a more 

limited impact on long-term sick-listed workers than on workers on shorter sick leave (e.g., 

Frölich et al. 2004; Høgelund et al. 2012; Andrén and Svensson 2012; Kools and Koning 2018; 

Rehwald, Rosholm, and Rouland 2019). Crucial knowledge about the contribution of behavioral 

interventions such as control-enhancing course support is missing, and this section investigates 

the overall impact of the self-management course on return to work for long-term sick-listed 

workers. 

Let 𝑌𝑌𝑖𝑖 be the observed outcome of individual 𝑖𝑖, 𝑌𝑌𝑖𝑖(1) be the potential outcome of individual 𝑖𝑖 

under LTJS assignment, and 𝑌𝑌𝑖𝑖(0) the potential outcome without LTJS assignment. The ITT 

effect, the effect of being assigned to LTJS for individual 𝑖𝑖 is 𝑌𝑌𝑖𝑖(1) − 𝑌𝑌𝑖𝑖(0), and the average 

effect for long-term sick-listed workers of being assigned to LTJS is given by 𝜏𝜏 = 𝔼𝔼[𝑌𝑌𝑖𝑖(1) −

𝑌𝑌𝑖𝑖(0)]. We estimate the ITT effect 𝜏𝜏 with the following regression: 

(2) 𝑌𝑌𝑖𝑖 = 𝜏𝜏𝑊𝑊𝑖𝑖 + 𝐵𝐵𝑖𝑖′𝛽𝛽 + 𝑋𝑋𝑖𝑖′𝛿𝛿 + 𝜀𝜀𝑖𝑖 

where 𝑊𝑊𝑖𝑖 indicates treatment assignment, and 𝑋𝑋𝑖𝑖 is a set of pre-intervention covariates. The vector 

𝐵𝐵𝑖𝑖  ensures consistency of the estimated effect in the presence of different probabilities of being 

treated across randomization blocks, and the inclusion of variables 𝑋𝑋𝑖𝑖 improves the precision of 

our estimates. Selected covariates are highly correlated with the outcome.11 Robust standard errors 

are clustered at the block level. 

                                                             
11 The set of covariates was selected for each outcome using the LASSO method (Belloni, 
Chernozhukov, and Hansen 2014). 
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Table 2 (Panel A, columns 1–3) reports post-program effects (weeks 69–81) on employment 

and on sickness absence. In this period, the average fraction of time in regular employment in the 

control group is 31 percent, while the average sickness fraction is 29 percent. The LTJS program 

does not have a significant impact on return to work in regular employment, nor does it lead to a 

reduction in sickness absence among long-term sick-listed workers. These results are robust to 

the inclusion of strong predictors of employment, and slightly different but statistically 

insignificant when we control in addition for the few unbalanced characteristics. 

Table 2 (Panel B, columns 1–3) presents initial effects (weeks 1–13) on regular employment 

and sickness absence. These are most likely dominated by ex-ante waiting time effects (before 

the intervention begins) and to some extent also by lock-in effects. The average fraction of time 

with sickness benefits during the first quarter after randomization in the control group is 67 

percent, and the average employment fraction in the control group is only 5 percent. In this 

context, we find that the LTJS intervention increases sickness absence by 4.92 percentage points 

(7.3-percent increase with respect to the control group). This increase in sickness absence in the 

intervention group does not lead to a negative employment effect, suggesting that the program 

initially reduces transitions from sickness benefits to unemployment insurance benefits. 

Finally, Panel C in Table 2 presents ITT estimates of program impacts throughout the entire 

period (weeks 1–81). These effects capture waiting-time, lock-in, and post-program effects on 

employment. The estimated effect on regular employment is highly insignificant, and the 

estimated effects on sickness absence is also not significant. 
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Table 3 presents ITT estimates of program impacts on the main mediating outcome, control 

beliefs. We present results for four measures of control beliefs. Self-efficacy and perceived 

personal control of illness are measured at the first and second follow-ups.12 

Panel A in Table 3 shows small impacts on control beliefs measured immediately after 

termination of the course. The immediate effect on self-efficacy is roughly a statistically 

insignificant 5-percent increase compared to the control group. We find slightly stronger 

evidence perception of illness control. Results show increases between 14 and 16 percent higher 

than the control group. Panel B of Table 3 shows that the program does not enhance control 

beliefs at the second follow-up. 

Mean impacts shown in this section seem to indicate that even though long-term sick-listed 

people are exposed to an intervention aimed at improving their control beliefs, neither beliefs nor 

outcomes are strongly affected. 

[Table 3] 

B. Heterogeneity of Impact with Control Beliefs 

The selection process for the LTJS course was based on the assumption that all sick-listed workers 

with long-term health problems faced behavioral barriers in managing their recovery. However, as 

shown in Section III.C, individuals recruited for the LTJS reported quite heterogeneous levels of 

control beliefs. Therefore, we examine whether such heterogeneity led to heterogeneous 

employment effects obscured by focusing on mean impacts. 

The pre-analysis plan establishes workers’ control beliefs as primarily mediating outcomes but 

does not consider the analysis of subgroups with different control beliefs. For example, one might 

investigate subgroups with different UWSES scores. However, we lack clear guidelines on which 

                                                             
12 See the Online Appendix for the definition of control beliefs. 
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subgroups are the most relevant. Furthermore, heterogeneity of impacts may also be driven by 

characteristics such as baseline beliefs, preferences, or illness severity, which are correlated with 

control beliefs. 

Choosing sample ex-post splits opens the possibility of detecting spurious heterogeneity due to 

searching over many possible subgroups. Therefore we apply machine learning to discover which 

subgroups are most relevant for program heterogeneity, specifically the causal forest (CF) method 

recently developed in Wager and Athey (2018) and Athey, Tibshirani, and Wager (2019).13 

We look at effect heterogeneity as a prediction problem, and assess the relative contribution of 

control beliefs to the conditional average treatment effect (CATE), that is, the effect of LTJS 

assignment conditional on all observable characteristics of participants before program assignment 

(𝕏𝕏𝑖𝑖), as follows: 

(3) CATE(𝑥𝑥) = 𝔼𝔼[𝑌𝑌𝑖𝑖(1) − 𝑌𝑌𝑖𝑖(0)|𝕏𝕏𝑖𝑖 = 𝑥𝑥] 

We first test for the presence of effect heterogeneity of the form 

(4) CATE(𝑥𝑥) = 𝜏𝜏 + (𝑥𝑥𝑖𝑖 − �̅�𝑥)′𝛾𝛾 

where �̅�𝑥 is the vector of sample means of 𝕏𝕏, and the vector of coefficients 𝛾𝛾 includes all differences 

in groups effects 𝛾𝛾𝑘𝑘 = 𝔼𝔼[𝑌𝑌𝑖𝑖(1) − 𝑌𝑌𝑖𝑖(0)|𝑋𝑋𝑘𝑘𝑖𝑖 = 1] − 𝔼𝔼[𝑌𝑌𝑖𝑖(1) − 𝑌𝑌𝑖𝑖(0)|𝑋𝑋𝑘𝑘𝑖𝑖 = 0]. Model (4) can be 

estimated in a standard regression framework by interacting the treatment variable 𝑊𝑊𝑖𝑖 with all 

demeaned binary indicators 𝑍𝑍𝑘𝑘𝑖𝑖 = 𝑋𝑋𝑘𝑘𝑖𝑖 − 𝑋𝑋�𝑘𝑘14: 

                                                             
13 For other economic applications of CF, see Davis and Heller (2017), Bertrand et al. (2017), or 
O’Neill and Weeks (2019). 
14 We consider 59 binary indicators constructed with available 57 pre-treatment covariates and 
three age-group indicators. The binary indicators are defined in such a way that they split the 
sample into two groups of roughly similar size. For example, the indicator associated to perception 
of illness control takes the value of 1 if the PI3 item score is at least 0.511, and zero otherwise. For 
the full set of indicators, see Table 4. 
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(5) 𝑌𝑌𝑖𝑖 = 𝑍𝑍𝑖𝑖′𝛿𝛿 + 𝜏𝜏𝑊𝑊𝑖𝑖 + 𝑊𝑊𝑖𝑖𝑍𝑍𝑖𝑖′𝛾𝛾 + 𝐵𝐵𝑖𝑖′𝛽𝛽 + 𝜀𝜀𝑖𝑖  

We estimate the coefficients 𝛾𝛾𝑘𝑘 more parsimoniously with the modified covariate approach 

(Tian et al. 2104): 

(6) 𝑌𝑌𝑖𝑖 = 𝜏𝜏𝑊𝑊𝑖𝑖
∗ + 1

2
𝑊𝑊𝑖𝑖

∗𝑍𝑍𝑖𝑖′𝛾𝛾 + 𝐵𝐵𝑖𝑖′𝛽𝛽 + 𝜀𝜀𝑖𝑖 

where 𝑊𝑊𝑖𝑖
∗ = 2𝑊𝑊𝑖𝑖 − 1. The estimation of CATE with model (6) has the additional advantage over 

model (5) in that it does not impose linearity of the conditional average outcome of the control 

group. 

Column (1) in Table 4 presents the estimated differences in 59 group effects with model (6) for 

the primary outcome; the fraction of time spent in employment 69 to 81 weeks after randomization. 

This analysis reveals the presence of heterogeneous impacts of the intervention on employment 

rates. We reject the null for all zero group effect differences for employment (F-statistic = 552, p-

value = 0.00). Furthermore, we reject the null for zero effect differences among groups with 

different levels of control beliefs (F-statistic = 2.35, p-value = 0.03). We highlight two findings 

from Table 4. First, the pre-treatment level of self-efficacy in physical discomfort strongly predicts 

differences in the employment effect of LTJS. The sign of the estimated coefficient indicates that 

the LTJS program has a 33-percentage-point larger impact on the employment of individuals with 

low self-efficacy in physical discomfort (individuals who reported no or only a little confidence 

that they can keep the physical discomfort related to their health condition or disability from 

interfering with the things they want to do) compared to individuals with higher self-efficacy in 

physical discomfort (individuals who reported average, much, or total confidence in the 

controllability of their physical discomfort). 

Table 4 also shows that the LTJS program has significantly larger employment effects for 

individuals with low physical impairment (estimated difference in subgroups effect of −26 
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percent), individuals who apply behavioral self-management techniques to a larger extent 

(estimated coefficient of 23 percent), individuals with high levels of autonomy motivation 

(estimated difference in group effects of 18 percent), and individuals who feel they understand 

their illness better (estimated difference in group effects of 16 percent). 

The estimated differences in group effects shown in Table 4 will properly reveal underlying 

heterogeneity if program effects depend in a linear way on few covariates. If that is the case, then 

the reported results strongly suggest that the effectiveness of LTJS crucially depends on a single 

individual characteristic: self-efficacy in physical discomfort. However, if more complex patterns 

drive effect heterogeneity, regression results could be biased and thus misleading. 

We now estimate CATE with the causal forest (CF) method (Wager and Athey 2018; Athey, 

Tibshirani, and Wager 2019).15 CF analysis allows us to uncover underlying heterogeneity in 

causal effects based on minimum assumptions on the role of a large number of covariates available 

in our LTJS baseline questionnaire. An important feature of CF analysis is that, in contrast to 

quantile treatment-effect analysis, it can detect heterogeneous effects even for treatments that 

result in changes in individuals’ rank in the distribution of outcomes.16 

The CF is comprised of thousands of recursive partitions of the sample (causal trees) that, 

given a randomly chosen subset of covariates, maximize the heterogeneity of LTJS effect (Athey 

                                                             
15 Other methods for nonparametric estimation of heterogeneous effects include nearest neighbor 
and series estimation (Crump et al. 2008; Lee 2009; and Wilke et al. 2012). We chose CF over 
these methods because CF is asymptotically Gaussian (Wager and Athey 2018), has good finite 
sample properties (Knaus et al. 2018), and is better suited to datasets that include large numbers 
of covariates. 
16 The self-management course will not preserve individual rank in the outcome distribution if the 
course has a much higher impact on individuals with negative control beliefs (low employment 
without intervention) than on individuals with positive control beliefs (high employment without 
intervention). 
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and Imbens 2016).17 A desirable feature of CF is that one part of the sample is used for 

constructing causal trees, and the second part is used for estimating group effects for specified 

causal trees. Sample splitting allows estimates of group effects as if partitions of the population 

were exogenously given (Athey and Imbens 2016). CF effect estimates are consistent with true 

effects and are asymptotically normally distributed (Wage and Athey 2018). 

We set the number of causal trees to 25,000, and tune the parameters by cross-validation.18 

The algorithm used to predict effects with CF analysis is summarized in the Online Appendix.19 

Column (2) in Table 4 reports the importance of each binary indicator for the CATE on 

employment. The information in this table summarizes how often each variable is chosen by the 

CF algorithm. As all covariates are binary indicators, we can directly assess the importance of 

the variable with the proportion of splits and their depth in the tree (O’Neill and Weeks 2019). 

CF results on the key determinant of effect heterogeneity are consistent with the results obtained 

with linear regression models (column 1, Table 4). Self-efficacy in physical discomfort is the 

most important driver of employment effect heterogeneity with a much higher weight in the CF 

than other variables (CF weight = 0.15). In addition, the CF analysis reveals that a variable 

detected as important by our regression analysis, “behavioral self-management,” is the second 

                                                             
17 For an example of a causal tree chosen by our CF analysis of employment effects, see Figure 
A6 in the Online Appendix. 
18 We apply the R package grf. Parameters tuned by cross-validation are fraction of the data used 
to build each tree; number of variables tried for each split; minimum number of observations in 
each tree leaf; fraction of data used to build the tree used for determining splits; the parameter that 
controls the maximum imbalance of a split; and the parameter that controls how harshly 
imbalanced splits are penalized. 
19 For an example of a causal tree specified by our CF analysis of post-program employment, see 
Figure A6 in the Online Appendix. 
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most important determinant for employment effect (CF weight = 0.09). The remaining variables, 

including those detected with model (6), are less relevant for the employment effect. 

[Table 4] 

Figure 2 shows the distribution of the effects on employment 69 to 81 weeks after program 

assignment predicted with CF. The distribution of employment effects is bimodal with the two 

modes located around the first and third quartile of the distribution. Given that the two most 

important characteristics for the employment effects, self-efficacy in physical discomfort and 

behavioral self-management are quite independent from one another (correlation = 0.05), these 

pronounced peaks strongly suggest the presence of two different groups in terms of program 

efficacy: one group of control-pessimistic workers for whom the intervention is beneficial, and 

another group of optimistic workers for whom the course results in lower performance in terms 

of employment. Additional variation in employment effects for these groups most likely arise 

because of small differences in their levels of controls beliefs and behavioral self-management 

activity. 

[Figure 2] 

We now compare the group effect for worker splits according to their predicted employment 

effect with the following model: 

(7) 𝑌𝑌𝑖𝑖 = 𝐺𝐺𝑖𝑖 ∙ {𝜏𝜏+𝑊𝑊𝑖𝑖 + 𝐵𝐵𝑖𝑖′𝛽𝛽+} + (1 − 𝐺𝐺𝑖𝑖) ∙ {𝜏𝜏−𝑊𝑊𝑖𝑖 + 𝐵𝐵𝑖𝑖′𝛽𝛽−} + 𝜀𝜀𝑖𝑖 

where 𝐺𝐺𝑖𝑖 is a dummy variable representing a splitting rule (e.g., low-level control beliefs), 𝜏𝜏+ is 

the ITT effect of self-management support on the targeted group (𝐺𝐺𝑖𝑖 = 1), and 𝜏𝜏− is the ITT 

effect of the course on the residual group (𝐺𝐺𝑖𝑖 = 0). In Table 5, we compare estimates of post-

program effects on employment, first for individuals with high CF expected effects (CF 
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predicted employment effect above the median), and then for individuals with low control beliefs 

(low levels of self-efficacy in physical discomfort). 

Row 1 in Table 5 shows that for the group of workers with high expected effects, the program 

increases regular employment in weeks 69–81 by 14.02 percentage points (71.4-percent increase 

compared to control group). Row 2 in Table 5 shows the opposite estimates for the other half of 

the sample with predicted employment effect below the median. The LTJS intervention has a 

negative but statistically insignificant effect on employment for this group. 

The implementation of targeting rules based on CF results require that employment services 

collect information on a wide range of covariates and compute predicted program efficacy at the 

individual level with CF. Given that heterogeneity of LTJS effects are mainly driven by 

individuals’ self-efficacy in physical discomfort, a much simpler recruitment method is to target 

sick-listed workers according to their control beliefs. Panel B in Table 5 show that the 

differences in estimated effects for groups of workers with low and high control beliefs 

(measured in terms of self-efficacy in physical discomfort) are consistent with the results 

obtained in our regression analysis of heterogeneity effects (see Table 4). Row (3) in Table 5 

shows that for workers who reported no or a little confidence in controlling physical discomfort, 

the intervention increased  employment in weeks 69–81 by 18.54 percentage points (110-percent 

increase with respect to the control group). 

Row (4) of Table 5 shows that for workers who reported average, much, or total confidence in 

keeping physical discomfort under control, the LTJS course reduced regular employment by 

13.42 percentage points (29 percent reduction compared to control group). 

[Table 5] 
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C. Mechanisms 
A major question in the literature is whether workers’ control beliefs can be affected in a way 

that leads to lasting impacts on their employment. There is simply no evidence on such 

mechanism (Almlund et al. 2011; Gutman and Schoon 2013; Cobb-Clark 2015), although there 

are several channels through which they could unfold. We examine this issue in this section. 

Workers with low control beliefs can experience prolonged absences because their beliefs are 

low ex ante (Buddelmeyer and Powdthavee 2016; Schurer 2017), or they can experience a 

reduction in control beliefs during their absence (Preuss and Hennecke 2018; Marsaudon 2019). 

The intervention program may increase employment of sick-listed workers with such pessimistic 

control beliefs by enhancing control beliefs. More confidence in the controllability of sickness 

absence may increase individuals’ health investment (Schurer 2017), improving their health 

status and increasing their motivation to return to work (Bandura 1986), and thereby further 

improving employment outcomes in the longer term. Second, the enhancement of control beliefs 

may directly reduce the perceived consequences of illness on long-term health outcomes 

(Buddelmeyer and Powdthavee 2016), advancing return to work of persons who would otherwise 

remain on sick leave. 

Table 6 reports standardized percentage bias for a select group of pre-intervention 

characteristics for the partition of long-term sick-listed workers that maximize the heterogeneity 

in post-program employment effects. The table presents between-group differences with highest 

versus lowest predicted effects on employment in weeks 69 to 81 (columns 1 and 2), and the 

groups with low versus high self-efficacy in physical discomfort (column 3). Results across 

partitions clearly show huge differences in control beliefs between individuals who benefit the 

least and the most in terms of post-program return to employment. It is quite clear that 

individuals who benefit most from self-management are individuals who had negative control 
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beliefs before program participation. There is a huge difference in “self-efficacy in physical 

discomfort” among workers at the bottom of the distribution of predicted employment effects 

and those at the top of the distribution, consistent with this variable being the key driver of 

heterogeneous employment effects. Furthermore, individuals with the most positive employment 

effects are also more pessimistic regarding their re-employment prospects. Similarly, self-

efficacy (perceived control) in unexpected events, social interaction, at the center of one’s life, 

and new illness issues is much lower for program participants in the top quartile than the group 

in the bottom quartile. 

[Table 6] 

Tables 7 and 8 present estimates of group effects on a range of outcomes potentially 

mediating employment effects, first for control beliefs, the primary mechanism, and then 

secondary mediating outcomes (behavioral self-management, expected return to work, 

perception of illness, and motivation for work). We measure these mediating outcomes both at 

the first and second follow-ups to detect eventual sustained changes in outcomes. 

In Panel A of Table 7, the first two rows compare program effects on control beliefs for 

individuals in the top part of predicted impacts on employment during weeks 69 to 81 (labeled 

“high expected effect”), with impacts for individuals in the bottom part (50-percent group) of 

predicted employment effects (designated “low expected effect”). The first row shows that the 

top 50 percent group experience important increases in their control beliefs measured 

immediately after participation in the program. The program increases self-efficacy in sickness 

absence by 1.94 points (19.5-percent increase compared to control group) and has a substantial 

positive effect on perception of personal control of illness, which increases by 1.48 points (58.3-

percent increase compared to control group). Row (2) in Table 7 shows that control beliefs of the 
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bottom 50-percent group is not affected by the program. These results are consistent with the 

positive role of improved control beliefs for employment. In addition, despite the negative 

impact of LTJS on employment of the bottom 50-percent group, exposure to the intervention 

does not reduce control beliefs among people less vulnerable in terms of their perception of 

controllability of sickness absence and illness. 

These results confirm that the recruitment of program participants mainly based on the length 

of their sickness spell and on expected long-term health problems failed in the sense that it 

assigned a group to the LTJS—the bottom 50 percent—for which the program did not enhance 

control beliefs. 

Rows 3 and 4 in Panel A of Table 7 reveal striking similarities in terms of program impacts 

on control beliefs, when a much simpler targeting rule is applied to program participants. For the 

group of workers with low self-efficacy in physical discomfort, the program increases their self-

efficacy in sickness absence by 1.73 points (17.5-percent increase relative to control group) and 

increases their perception of personal control of illness by 1.43 points (58.6-percent increase 

compared to control group). Row 4 shows again that the intervention does not change control 

beliefs among workers with pre-intervention high levels of self-efficacy in discomfort. 

Panel B in Table 7 reports the estimated impacts of LTJS on control beliefs six months after 

participation in the program. Interestingly, though the estimates of mediating outcomes are more 

strongly affected by attrition than the estimated effects measured at the first follow-up, the 

results suggest that the LTJS program enhances individuals’ perception of personal control of 

illness at least for six months after the program. The program increased perceived control of 

illness among workers with low self-efficacy in physical discomfort by 1.02 points (31.5 percent 
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increase relative to control group), and increased the same measure of control beliefs by 1.4 

points (39.6-percent increase compared to control group). 

Overall Table 7 confirms that immediately after the program, the program benefits the more 

control-pessimistic group of long-term, sick-listed workers by enhancing their control beliefs, 

without altering the control beliefs of control-optimistic workers. Moreover, enhancement of 

control beliefs persists for at least six months after the intervention, suggesting that LTJS course 

might have longer-term impacts on control beliefs. However, as control-optimistic workers 

exposed to the psychological intervention do not change their control beliefs, results reported in 

Table 7 leave unexplained the source of negative employment effects among control-optimistic 

workers. 

[Table 7] 

Table 8 reports effects of the program via four alternative mediating outcomes. As the 

positive effects on control beliefs can be the artifact of correlated effects, we investigate the 

impact of the program on three outcomes strongly correlated with control beliefs (expected 

return to work, perception of illness, and motivation for work). We use motivation for work as a 

proxy for the individual’s employment preferences. 

In addition, as behavioral self-management activity is one of the main topics addressed by the 

program, and the employment effects decrease with low pre-intervention levels of behavioral 

self-management, we examine whether the negative employment effects of LTJS on control-

optimistic workers are associated with changes in psychological coping strategies. 

Panel A in Table 8 displays our estimates of first follow-up impacts on secondary mediating 

outcomes, and Panel B reports estimated effects measured 26 weeks after program completion. 

Results clearly show that the increase in control beliefs taking place post-program cannot be 
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attributed to improvements in workers’ baseline beliefs (measured in terms of expected return to 

work or in terms of the perceived impact of illness). First, the LTJS course increased control 

beliefs of vulnerable workers without matched changes in re-employment prospects. Second, the 

results show that the LTJS program increased individuals’ motivation for work, but such 

increases are modest (roughly 10-percent increase relative to control group) compared with 

effects on control beliefs and are not statistically significant. 

Overall, Table 8 confirms that the intervention’s strong positive impact on individuals’ 

perception of personal illness control cannot be attributed to improvements in baseline beliefs or 

preferences for work proxied by motivation for work. 

We now turn our attention to program impacts on secondary mediating outcomes for control-

optimistic workers. Panel A in Table 8 indicates that for groups with low expected effect and 

high control beliefs, the intervention leads them to perceive the consequences of their illness as 

more severe than if they had not participated in the course. Rows 2 and 4 in (column 3 show that 

LTJS program increases perceived illness by 5.16 points (12.4-percent increase with respect to 

control group) and by 6.3 points (15.1-percent increase relative to control group), respectively. 

These results imply that the intervention leads control-optimistic workers toward a behavior 

consistent with a deterioration of perceived health. Self-management support increases 

psychological coping activities among control-optimistic workers. The program increases 

behavioral self-management by 0.47 points among the low expected effect group (26.8-percent 

increase compared to control group); and by 0.56 points in the high control beliefs group (31.0-

percent increase with respect to control group). Results reported in Panel B show that such more 

intensive psychological coping activities eventually die out. 
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Overall, the results presented in Table 8 for less vulnerable sick-listed workers indicate that 

the intervention deteriorates their perception of health and leads these workers to intensify 

psychological coping. Despite such increased effort, the negative employment effects for this 

group suggest that the control-enhancing program leads control-optimistic workers away from 

their correct beliefs, and such biased beliefs reduce their participation in the labor market.20 

[Table 8] 

It seems crucial in our particular context to understand how individuals with heterogeneous 

beliefs interacting with each other during course participation (i.e., peer effects) affect return to 

work. A major mechanism of the program may operate through exposure to different control 

beliefs. Such a phenomenon would be consistent with both positive effects for control-

pessimistic workers and vice versa. The empirical findings open the possibility for improving 

program effectiveness by targeting it in a more restrictive way. Analysis of heterogeneity of 

program impacts points to the possibility of targeting individuals with low control beliefs. 

However, if peer effects are responsible for the observed heterogeneity effect, targeting would 

“throw the baby out with the bath water.” 

In other words, is social learning (from control-optimistic participants) necessary for 

enhancing control beliefs among control-pessimistic workers? Social learning refers to the idea 

that what others do provides relevant information for one’s own choices, particularly when 

people are uncertain about the consequences of their health investment (Bikhchandani, 

Hirshleifer, and Welch 1992). We address this issue with an analysis of the role of course 

participants with low expectations for post-program employment effects. 

                                                             
20 See Heidhues, Kőszegi, and Strack (2018) for a theoretical analysis and other examples for self-
defeating learning. 
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As program assignment is randomized and does not depend on course peers, group 

composition is also random. We therefore identify the influences of heterogeneous shares of 

course peers by means of the following model: 

(8) 𝑌𝑌𝑖𝑖 = 𝐺𝐺𝑖𝑖{𝜏𝜏+𝑊𝑊𝑖𝑖 + 𝜗𝜗+𝑊𝑊𝑖𝑖𝑃𝑃𝑖𝑖 + 𝜃𝜃+𝑃𝑃𝑖𝑖 + 𝐵𝐵𝑖𝑖′𝛽𝛽+} + (1 − 𝐺𝐺𝑖𝑖){𝜏𝜏−𝑊𝑊𝑖𝑖 + 𝜗𝜗−𝑊𝑊𝑖𝑖𝑃𝑃𝑖𝑖 + 𝜃𝜃−𝑃𝑃𝑖𝑖 + 𝐵𝐵𝑖𝑖′𝛽𝛽−} + 𝜀𝜀𝑖𝑖  

where 𝑃𝑃𝑖𝑖 is the share of course peers with low expected employment effect. We exclude from the 

analysis sample three randomized blocks (8, 34, and 42) with fewer than five individuals in the 

treatment. Table 9 reports peer effects for two different specifications. Column 1 in Table 9 

reports results for subgroups of workers according to their expected effect, where 𝑃𝑃𝑖𝑖 indicates the 

share of peers with expected employment effect below the median. Results show that a higher 

presence of “bad” peers has a positive but statistically insignificant impact on the group of 

individuals with a high expected employment effect. As the peer effects are estimated quite 

imprecisely, we cannot discard that excluding individuals with low predicted program effects 

leads to lower employment effects among vulnerable sick-listed workers. The bottom row of 

column 2 demonstrates that the presence “bad” peers has the opposite impact on the employment 

of the group of workers with low expected effect. In this case, the higher presence of “bad” peers 

lead to less vulnerable towards lower performance in terms of employment. The estimated 

coefficient for the peer effect is –0.27 and is statistically significant at the 0.05 level. 

Column 2 in Table 9 examines the simple splitting rule based on self-efficacy in physical 

discomfort. The estimated marginal effect of an increase in the share of “bad” peers on control-

pessimistic workers is statistically insignificant and of modest size. These results suggest that 

targeting program participation to workers with low control beliefs is most likely to have a more 

moderate impact on the effectiveness of the program than doing so based on CF predicted 

effects. 
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V. Conclusion 

Using a psychological intervention in the form of a self-management support course 

for Danish workers, this paper systematically examines the role of control beliefs in prolonged 

sickness absence. We present first experimental evidence that a control-enhancing intervention 

leads to better labor market outcomes (see Almlund et al. 2011; Gutman and Schoon 2013; 

Cobb-Clark 2015), and that control beliefs constitute an important factor for the return to work of 

sick-listed workers.  

While the intervention has zero overall effect on return to work and control beliefs, subgroup 

analyses show that average outcomes hide substantial heterogeneity. Our regression and machine 

learning analyses, relying on a randomized trial as well as the collection of very rich data on 

sickness absence, detect that the effectiveness of the control-enhancing course strongly depends 

on the individual’s self-efficacy in physical discomfort. Namely, for such control-pessimistic 

workers, we find large positive effects on return to work, while for more control-optimistic 

workers we find significant negative effects on return to work. 

We show that the most plausible mechanism of the positive employment effect is an increase 

in individuals’ control beliefs. Furthermore, we show that the psychological intervention leads 

optimistic workers to perceive their illness as more severe than if they had not participated in the 

program.  The analysis of peer effects suggests that targeting control-pessimistic workers still 

leads to positive effects for them. Peer effects results also suggest that negative effects on 

control-optimistic workers may be reduced if they were grouped with more pessimistic workers. 

This final point warrants further investigation. For now, the results clearly support only further 

targeting of the intervention on control-pessimistic workers.  
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Tables and Figures 

Table 1 

Means of Selected Individual Characteristics  

Variable 
Mean Impact 

Analysis Sample 
Heterogeneity 

Analysis Sample 
Mechanism 

Analysis Sample 

C T C T C T 
Female (%) 75 77 75 77 78 77 
Age (years) 47 47 48 47 48 47 
Higher education (%) 49 50 47 51 44 41 
Sickness transition from employment (%) 70 71 70 71 71 72 
Sickness caused by work conditions (%) 60 60 59 59 57 60 
Sickness caused by mental disorder (%) 51 46 50 45 49 46 
Employment (%) 49 50 48 50 48 51 
Sickness absence (%) 24 24 25 24 25 25 
Baseline beliefs (0–20 scale) 4 4 4 4 5 4 
Motivation for work (0–90 scale) 36 36 37 36 37 37 
Perception of illness (0–80 scale) 32 32 31 31 31 32 
Perceived personal control of illness (0–10 scale) 3 3 3 3 3 3 
Self-efficacy in sickness absence (0–24 scale) 11 11 11 11 11 11 
Self-efficacy in physical discomfort (0–4 scale) 2 2 2 2 2 2 
Self-efficacy in unexpected events (0–4 scale) 2 2 2 2 2 2 
Self-efficacy in social interaction (0–4 scale) 2 2 2 2 2 2 
Self-efficacy at center of one’s life (0–4 scale) 2 2 2 2 2 2 
Self-efficacy in frustration (0–4 scale) 2 2 2 2 2 2 
Self-efficacy in new illness issues (0–4 scale) 2 2 2 2 2 2 
Behavioral self-management (0–30 scale) 9 8 9 8 9 8 
Group size 5 9 5 9 5 9 
Observations 197 371 175 336 133 267 

Source: DREAM, LTJS evaluation dataset, baseline LTJS questionnaire, and authors’ calculations. C = control; T = treatment. 

  



 
 

Table 2 

Effect of Self-management Support on Employment and Sickness Absence  

 (1) (2) (3) 
Panel A: Post-program Effect    

Sickness absence 0.0455 
(0.0435) 

0.0445 
(0.0423) 

0.0226 
(0.0415) 

Control group mean 0.2948 0.2948 0.2912 
    
Employment −0.0037 

(0.0293) 
−0.0022 
(0.0261) 

0.0254 
(0.0235) 

Control group mean 0.3116 0.3116 0.3132 
    
Panel B: Initial Effect    

Sickness absence 0.0602* 
(0.0253) 

0.0421* 
(0.0208) 

0.0492* 
(0.0227) 

Control group mean 0.6751 0.6738 0.6738 
    
Employment −0.0109 

(0.0126) 
−0.0105 
(0.0114) 

−0.0067 
(0.0114) 

Control group mean 0.0480 0.0480 0.0483 
    

Panel C: Total Effect    

Sickness absence 0.0616# 
(0.0327) 

0.0608# 
(0.0318) 

0.0374 
(0.0313) 

Control group mean 0.4270 0.4270 0.4242 
    
Employment −0.0247 

(0.0247) 
−0.0234 
(0.0204) 

−0.0072 
(0.0195) 

Control group mean 0.2341 0.2341 0.2353 
    
Strata fixed effects and strong predictors no yes yes 
Unbalanced variables no no yes 
Observations 568 568 567 

Notes: Robust standard errors clustered at block level in parentheses. Column 1 presents results from model (2) with 

𝐵𝐵𝑖𝑖. Column 2 presents results from model (2) with 𝐵𝐵𝑖𝑖 and 𝑋𝑋𝑖𝑖. The indicator At least 60% of employment for two 

years before assignment is included in the model of all outcomes, with the exception of model for initial effect on 

sickness absence, which includes the indicator Expect at least 1 to 3 months before return to work. Column 3 reports 

the estimated effects from model (2) with 𝐵𝐵𝑖𝑖, 𝑋𝑋𝑖𝑖, and the inclusion of physical impairment, expected long illness, 

and perceived effect of medical treatment. # p < 0.100; * p < 0.050. 

Source: Authors’ calculations based on DREAM, LTJS evaluation dataset, and baseline LTJS questionnaire.  



 
 

Table 3 

Effect of Self-management Support on Control Beliefs 

 (1) (2) (3) 
Panel A: First Follow-up    

Self-efficacy in sickness absence 0.3938 
(0.5849) 

0.6914 
(0.4194) 

0.8186# 
(0.4055) 

Control group mean 18.0779 18.0779 18.0779 
Observations 447 447 447 
    
Perceived personal control of illness 0.4578# 

(0.2514) 
0.4606# 
(0.2491) 

0.5013* 
(0.2363) 

Control group mean 3.1922 3.1922 3.1922 

Observations 447 447 447 
    
Panel B: Second Follow-up    

Self-efficacy in sickness absence −0.9469 
(0.6010) 

−0.5974 
(0.4875) 

−0.3899 
(0.4682) 

Control group mean 19.3611 19.3611 19.3611 
Observations 416 416 416 
    
Perceived personal control of illness 0.2962 

(0.2676) 
0.2713 

(0.2717) 
0.3433 

(0.2691) 
Control group mean 3.6452 3.6452 3.6452 
Observations 398 398 398 
    
Strata fixed effects and strong predictors No Yes Yes 
Unbalanced variables No No Yes 

Notes: Robust standard errors clustered at block level are in parentheses. Column 1 presents results from model (2) with 

𝐵𝐵𝑖𝑖. Column 2 presents results from model (2) with 𝐵𝐵𝑖𝑖 and 𝑋𝑋𝑖𝑖. The covariates measured before program assignment—self-

efficacy in sickness absence and perception of personal control of illness—are included in the models for self-efficacy 

and perception of illness control, respectively. Column 3 reports estimated effects from model (2) with 𝐵𝐵𝑖𝑖, 𝑋𝑋𝑖𝑖, and the 

inclusion of physical impairment, expected long illness, and perceived effect of medical treatment. # p < 0.100; * p < 

0.050. 

Source: Authors’ calculations based on DREAM, LTJS evaluation dataset, baseline LTJS questionnaire, first follow-up 

LTJS questionnaire, and second follow-up LTJS questionnaire. 

  



 
 

Table 4 

Heterogeneity of the Effect of Self-management Support on Employment 

Sample Split Difference in group effects 
(1) 

Weight in Causal Forest  
(2) 

Sickness transition from employment −0.09 0.01 
Sickness caused by work conditions  0.04 0.01 
Higher education 0.11 0.04 
Sickness from private sector job −0.11 0.01 
Sickness from public sector job 0.04 0.01 
Sickness caused by work conditions 0.01 0.01 
Sickness caused by mental disorder −0.06 0.01 
Sickness caused by musculoskeletal −0.02 0.01 
Female 0.00 0.01 
Age 20–39  0.08 0.02 
Age 40–54 −0.05 0.02 
Age 55–72 0.00 0.00 
Cohabitation with partner  −0.06 0.02 
Cohabitation with children  0.05 0.01 
Previous long absence 0.08 0.05 
Previous sickness absence 0.02 0.03 
Multiple serious illnesses 0.15 0.00 
Pain −0.03 0.01 
Fatigue −0.04 0.01 
Dyspnea 0.07 0.03 
Sleep quality −0.00 0.01 
Physical activity −0.10 0.02 
Prescribed medicine 0.06 0.03 
Contact with GP 0.02 0.01 
Contact with psychologist 0.10 0.01 
Contact with physiotherapist 0.12 0.01 
Contact with emergency department 0.03 0.00 
Somatic disorder 0.03 0.01 
Illness worries 0.15 0.02 
Anxiety −0.13 0.00 
Depression  0.09 0.01 

(continued) 



 
 

Table 4 (continued) 

Sample Split Difference in group effects 
(1) 

Weight in Causal Forest  
(2) 

Physical impairment −0.26* 0.01 
Perception of consequences −0.03 0.01 
Expected long illness −0.12 0.01 
Perceived personal control of illness −0.06 0.01 
Perceived medical treatment effectiveness 0.08 0.01 
Perception of symptoms −0.00 0.01 
Illness concern −0.03 0.01 
Illness understanding 0.16* 0.03 
Emotional response −0.02 0.01 
Autonomy motivation 0.18* 0.01 
Introjected regulation 0.01 0.01 
External regulation 0.04 0.02 
Amotivation 0.08 0.04 
Expected full return to work 0.08 0.00 
Expected long sickness  −0.11 0.02 
Expected similar job tasks −0.02 0.02 
Expected working time −0.04 0.01 
Work capacity 0.11 0.01 
Life quality −0.10 0.02 
Health-related life quality 0.01 0.00 
Well-being 0.11 0.00 
Self-efficacy in physical discomfort −0.33** 0.15 
Self-efficacy in unexpected events 0.13 0.01 
Self-efficacy in social interaction −0.07 0.01 
Self-efficacy at center of one’s life −0.00 0.01 
Self-efficacy in frustration −0.02 0.02 
Self-efficacy in new illness issues −0.07 0.04 
Behavioral self-management 0.23* 0.09 

Notes: Column 1 reports estimated difference in group effects with model (6) for regular employment during weeks 

69–81. Column 2 reports variable importance corresponding to the causal forest predicted effect on regular 

employment in weeks 69–81. * p < 0.050; ** p < 0.010. 

Source: Authors’ calculations based on DREAM, LTJS evaluation dataset, and baseline LTJS questionnaire. 



 
 

Table 5 

Group Effects of Self-management Support on Employment by Targeting Rule 

Group Employment 
(1) 

Panel A: Causal Forest Expected Effect  

High expected effect 0.1402* 
(0.0534) 

Control group mean 0.1735 
  

Low expected effect −0.0564 
(0.0586) 

Control group mean 0.4633 
  
Panel B: Control Beliefs  

Low control beliefs 0.1854*** 
(0.0468) 

Control group mean 0.1678 
  

High control beliefs −0.1342* 
(0.0638) 

Control group mean 0.4562 
  
Observations 511 

Notes: Columns 1 to 6 report group effects 𝜏𝜏+ and 𝜏𝜏− estimated with model (7) for targeting rules: CF predicted 

employment effect above the median (designated high CF expected effect and low CF expected effect); low self-

efficacy in physical discomfort (labeled low control beliefs and high control beliefs). Robust standard errors 

clustered at block level appear in parentheses. * p < 0.050; *** p < 0.001. 

Source: Authors’ calculations based on DREAM, LTJS evaluation dataset, and baseline LTJS questionnaire. 

  



 
 

Table 6 

Standardized Percentage Bias in Selected Characteristics by Targeting Rule  

 

Group with 
expected effect 
above median 

versus group with 
expected effect 
below median 

(1) 

Group with 
expected effect 

above 66th 
percentile versus 

group with expected 
effect below 33rd 

percentile 
(2) 

Group with low 
self-efficacy in 

physical discomfort 
versus group with 

high self-efficacy in 
physical discomfort 

(3) 

Age −16.6 −25.2 −17.1 
Female −7.6 4.7 −1.8 
Higher education 37.9 43.3 31.2 
Sickness transition from employment −22.7 −34.5 −10.1 
Sickness work related −26.8 −29.6 −18.1 
Sickness caused by mental disorder −53.1 −67.9 −56.4 
Employment −43.7 −46.8 −19.5 
Sickness absence 32.3 40.1 13.9 
Baseline beliefs −71.1 −112.4 −52.1 
Motivation for work −8.4 −19.2 −11.8 
Perception of illness 65.1 94 52.2 
Perceived personal control of illness  −42.3 −55.4 −52.4 
Self-efficacy in sickness absence −121.8 −169.2 −138.6 
Self-efficacy in physical discomfort −176.7 −300.1 −327.4 
Self-efficacy in unexpected events −84.6 −126.5 −99.9 
Self-efficacy in social interaction −69.5 −92.3 −69.1 
Self-efficacy at center of one’s life −75 −99.1 −76.7 
Self-efficacy in frustration −71.7 −93.9 −68 
Self-efficacy in new issues −85.2 −112.5 −87.3 
Behavioral self-management 24.3 37.8 −9.6 

Notes: Columns 1 to 3 report the standardized percentage bias for selected characteristics and for different targeting rules. 

Column 2 reports the standardized difference of means for individuals with CF predicted employment effect above the 66th 

percentile compared to individuals with CF predicted employment effect below the 33rd percentile. 

Source: Authors’ calculations based on DREAM, LTJS evaluation dataset, and Baseline LTJS questionnaire. 

  



 
 

Table 7 

Group Effects of Self-management Support on Control Beliefs by Targeting Rule 

Group 
Self-efficacy in 

Sickness Absence  
(1) 

Perceived Personal 
Control of Illness 

(2) 
Panel A: First Follow-up   

High expected effect 1.9442* 
(0.8349) 

1.4832*** 
(0.3963) 

Low expected effect 0.7772 
(1.1543) 

−0.1813 
(0.5402) 

   
Low control beliefs 1.7270# 

(0.9484) 
1.4257** 
(0.4060) 

High control beliefs 0.1991 
(1.1396) 

−0.3343 
(0.4343) 

   
Observations 408 415 
   
Panel B: Second Follow-up   

High expected effect 0.9771 
(1.2989) 

0.5917 
(0.4796) 

Low expected effect −0.8938 
(1.1075) 

0.7301 
(0.4702) 

   

Low control beliefs 0.4205 
(1.3784) 

1.0214* 
(0.4830) 

High control beliefs −0.6604 
(1.3415) 

0.3382 
(0.4812) 

   
Observations 376 377 

Notes: Columns (1) and (2) report group effects 𝜏𝜏+ and 𝜏𝜏− for outcomes self-efficacy in sickness absence, 

and perception of personal control of illness, respectively. Panel A reports estimated effects on these 

outcomes measured at the first follow-up, and Panel B reports estimated effects measured at the second 

follow-up. The group effects are estimated with model (7) for following targeting rules: CF predicted 

employment effect above the median and low self-efficacy in physical discomfort. Robust standard errors 

clustered at block level appear in parentheses. # p < 0.100; * p < 0.050; ** p < 0.010; *** p < 0.001. 

Sources: Authors’ calculations based on DREAM, LTJS evaluation dataset, baseline LTJS questionnaire, 

first follow-up LTJS questionnaire, and second follow-up LTJS questionnaire.  



 
 

Table 8 

Group Effects of Self-management Support on Secondary Mediated Outcomes by Targeting Rule 

Group 
Behavioral  

Self-management 
(1) 

Expected  
Return to Work 

(2) 

Perception of 
Illness 

(3) 

Motivation  
for Work 

(4) 

Panel A: First Follow-up     

High expected effect 0.1484 
(0.2247) 

1.0812 
(0.9891) 

−0.1450 
(5.7505) 

5.5390 
(6.0738) 

Low expected effect 0.4687** 
(0.1575) 

−0.5628 
(0.8111) 

5.1568# 
(2.7762) 

3.7844 
(2.7594) 

     
Low control beliefs 0.0709 

(0.2366) 
0.8811 

(1.0779) 
0.1033 

(5.7338) 
6.8088 

(5.7219) 

High control beliefs 0.5573*** 
(0.1282) 

−0.7798 
(0.8799) 

6.3003* 
(2.9774) 

3.7932 
(2.8870) 

     
Observations 408 400 415 405 
     
Panel B: Second Follow-up     

High expected effect 0.0815 
(0.2476) 

0.7519 
(1.2954) 

1.4359 
(5.4558) 

5.5558 
(6.4005) 

Low expected effect 0.1697 
(0.2075) 

−0.7672 
(0.8793) 

3.3135 
(2.3117) 

1.2371 
(3.1772) 

     
Low control beliefs 0.0804 

(0.2433) 
0.9592 

(1.2451) 
1.3493 

(5.4081) 
5.9014 

(6.1321) 

High control beliefs 0.1959 
(0.2142) 

−0.7322 
(1.1729) 

3.4814 
(2.9391) 

2.1323 
(3.3409) 

     
Observations 373 367 377 371 

Notes: Columns 1 to 4 report group effects 𝜏𝜏+ and 𝜏𝜏− for outcomes behavioral self-management, expected return to 

work, perception of illness, and motivation for work, respectively. Panel A reports estimated effects on these outcomes 

measured at the first follow-up, and Panel B reports estimated effects measured at the second follow-up. The group 

effects are estimated with model (7) for targeting rules: CF predicted employment effect above median and low self-

efficacy in physical discomfort. Robust standard errors clustered at block level are in parentheses. # p < 0.100; * p < 

0.050; ** p <0.010; *** p < 0.001. 

Source: Authors’ calculations based on DREAM, LTJS evaluation dataset, baseline LTJS questionnaire, first follow-up 

LTJS questionnaire, and second follow-up LTJS questionnaire.  



 
 

Table 9 

Peer Effects on Employment by Targeting Rule 

Group Causal Forest 
(1) 

Control Beliefs 
(2) 

High expected effect 0.00671 
(0.0898) 

0.1230 
(0.0899) 

× More than 50% peers have low expected effect 0.2038 
(0.1515) 

0.1527 
(0.1507) 

   

Low expected effect 0.0248 
(0.0782) 

−0.0619 
(0.0911) 

× More than 50% peers have low expected effect −0.2699* 
(0.1278) 

−0.2609# 
(0.1471) 

Observations 493 493 

Notes: Columns 1 and 2 report high expected effects (𝜏𝜏+), low expected effects (𝜏𝜏−), and their interaction 

with a dummy indicating whether the proportion of course peers with low expected effect is greater than 0.5 

(coefficients 𝜗𝜗+ and 𝜗𝜗− in model (8)). # p < 0.100; * p < 0.050. 

Source: Authors’ calculations based on DREAM, LTJS evaluation dataset, and baseline LTJS questionnaire. 

Observations from blocks 8, 34, and 42 are excluded as course participants numbered less than 5. 

 

 

  



 
 

Panel A: Baseline Beliefs 

 
Panel B: Control Beliefs 

 
Figure 1 

Distribution of Pre-intervention Beliefs 

Source: Authors’ calculations based on LTJS evaluation dataset and baseline LTJS questionnaire.  
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Figure 2 

Distribution of Expected Effects of Self-management Support on Employment 

Source: Authors’ calculations based on DREAM, LTJS evaluation dataset, and baseline LTJS questionnaire. 
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Online Appendix 

A. Supplementary Tables and Figures 

Table A1 

Selection Period and Size of Treatment and Control Samples for 43 Randomized Blocks 

Block Allocation Start Allocation End Treated Control 

1 September 2015 February 2016 9 4 
2 February 2015 March 2015 7 4 

3 March 2015 May 2015 7 4 

4 January 2015 March 2015 13 6 

5 April 2015 April 2015 7 5 

6 November 2014 December 2014 13 5 

7 February 2015 April 2015 9 4 

8 September 2015 October 2015 5 3 

9 April 2015 May 2015 12 7 

10 October 2015 October 2015 7 4 

11 July 2015 October 2015 9 5 

12 January 2015 April 2015 11 3 

13 April 2015 April 2015 9 6 

14 August 2015 September 2015 8 3 

15 July 2015 August 2015 12 8 

16 August 2015 October 2015 9 6 

17 February 2015 March 2015 11 5 

18 March 2015 July 2015 6 4 

19 January 2015 February 2015 5 4 

20 April 2015 May 2015 7 2 

21 May 2015 May 2015 7 4 

22 June 2015 August 2015 9 4 

23 November 2015 November 2015 16 9 

24 December 2014 March 2015 5 5 

25 February 2015 March 2015 7 4 

26 March 2015 May 2015 9 5 

(continued)  



 
 

Table A1 (continued) 

Block Allocation Start Allocation End Treated Control 

27 February 2015 February 2015 9 7 
28 April 2015 April 2015 7 4 

29 February 2015 March 2015 9 4 

30 January 2015 March 2015 13 7 

31 March 2015 May 2015 14 9 

32 October 2014 November 2014 11 6 

33 December 2014 February 2015 9 1 

34 February 2015 March 2015 4 3 

35 April 2015 May 2015 6 3 

36 February 2015 Maj 2015 11 4 

37 June 2015 December 2015 9 7 

38 January 2015 January 2015 7 4 

39 February 2015 March 2015 6 3 

40 February 2015 May 2015 7 4 

41 July 2015 September 2015 7 4 

42 May 2015 July 2015 5 1 

43 July 2015 July 2015 8 3 

Sources: LTJS evaluation dataset. 

 

  



 
 

Table A2 

Balance Tests. Coefficient and p-Values 

Variable 
Mean Impact 

Analysis Sample 
(1) 

Heterogeneity 
Analysis Sample 

(2) 

Mechanism 
Analysis Sample  

(3) 

Sickness transition from employment 0.04 
(0.50) 

0.05 
(0.48) 

0.03 
(0.62) 

Work-related sickness 0.03 
(0.50) 

0.04 
(0.48) 

−0.02 
(0.77) 

Higher education −0.01 
(0.78) 

−0.02 
(0.72) 

−0.00 
(0.95) 

Sickness transition from private sector job 0.05 
(0.30) 

0.05 
(0.23) 

0.05 
(0.29) 

Sickness transition from public sector job 0.04 
(0.53) 

0.05 
(0.44) 

0.01 
(0.93) 

Sickness caused by work conditions 0.04 
(0.54) 

0.04 
(0.57) 

0.06 
(0.45) 

Sickness caused by mental disorder −0.03 
(0.62) 

−0.02 
(0.73) 

−0.01 
(0.88) 

Sickness caused by musculoskeletal 0.01 
(0.76) 

0.01 
(0.92) 

−0.02 
(0.75) 

Female 0.08 
(0.21) 

0.08 
(0.26) 

0.02 
(0.80) 

Age  3.10 
(0.36) 

2.80 
(0.40) 

0.38 
(0.82) 

Cohabitation with partner  0.08 
(0.17) 

0.06 
(0.33) 

0.09 
(0.20) 

Cohabitation with children  0.03 
(0.63) 

0.02 
(0.67) 

0.02 
(0.71) 

Previous long sickness absence 0.10 
(0.07) 

0.10 
(0.07) 

0.09 
(0.10) 

Previous sickness absence 0.02 
(0.40) 

0.02 
(0.43) 

0.01 
(0.53) 

Previous regular employment 0.03 
(0.42) 

0.05 
(0.27) 

0.05 
(0.19) 

Multiple serious illnesses 0.04 
(0.35) 

0.02 
(0.66) 

−0.01 
(0.78) 

Pain 0.55 
(0.12) 

0.41 
(0.28) 

0.32 
(0.44) 

Fatigue 0.13 
(0.76) 

0.23 
(0.62) 

0.07 
(0.86) 

Dyspnea 0.10 
(0.73) 

0.17 
(0.62) 

0.02 
(0.96) 

Sleep quality 0.40 
(0.18) 

0.32 
(0.27) 

0.21 
(0.41) 

(continued)  



 
 

Table A2 (continued) 

Variable 
Mean Impact 

Analysis Sample 
(1) 

Heterogeneity 
Analysis Sample 

(2) 

Mechanism 
Analysis Sample  

(3) 

Physical activity 0.03 
(0.91) 

0.08 
(0.75) 

0.16 
(0.43) 

Prescribed medicine 0.02 
(0.77) 

0.00 
(0.99) 

−0.06 
(0.27) 

Contact with GP 0.30 
(0.29) 

0.30 
(0.33) 

0.35 
(0.24) 

Contact with psychologist −0.25 
(0.29) 

−0.10 
(0.68) 

−0.13 
(0.59) 

Contact with physiotherapist 0.08 
(0.85) 

0.07 
(0.86) 

0.22 
(0.62) 

Contact with emergency department 0.04 
(0.35) 

0.04 
(0.38) 

0.06 
(0.29) 

Somatic disorder 0.78 
(0.53) 

0.76 
(0.58) 

−0.12 
(0.91) 

Illness worries 0.54 
(0.53) 

0.44 
(0.62) 

0.07 
(0.93) 

Anxiety 0.59 
(0.20) 

0.72 
(0.15) 

0.47 
(0.27) 

Depression  1.20 
(0.09) 

1.47 
(0.05) 

1.02 
(0.08) 

Physical impairment 6.24 
(0.02) 

5.70 
(0.04) 

2.42 
(0.30) 

Perceived serious consequences 0.62 
(0.20) 

0.74 
(0.16) 

0.41 
(0.28) 

Expected long illness 1.01 
(0.03) 

0.94 
(0.04) 

0.64 
(0.10) 

Perceived personal control of illness 0.11 
(0.68) 

0.15 
(0.61) 

0.16 
(0.50) 

Perceived medical treatment effectiveness 0.73 
(0.05) 

0.78 
(0.04) 

0.58 
(0.08) 

Perceived symptoms 0.47 
(0.30) 

0.57 
(0.25) 

0.24 
(0.54) 

Illness concern 0.61 
(0.20) 

0.72 
(0.15) 

0.58 
(0.14) 

Illness understanding 0.15 
(0.70) 

0.25 
(0.52) 

0.28 
(0.46) 

Emotional response 0.66 
(0.18) 

0.80 
(0.14) 

0.42 
(0.33) 

Autonomy motivation 1.39 
(0.54) 

1.25 
(0.58) 

0.80 
(0.60) 

Introjected regulation 0.79 
(0.14) 

0.80 
(0.16) 

0.90 
(0.14) 

(continued)  



 
 

Table A2 (continued) 

Variable 
Mean Impact 

Analysis Sample 
(1) 

Heterogeneity 
Analysis Sample 

(2) 

Mechanism 
Analysis Sample  

(3) 

External regulation 0.80 
(0.32) 

0.76 
(0.35) 

0.78 
(0.33) 

Amotivation 0.65 
(0.16) 

0.81 
(0.10) 

0.64 
(0.16) 

Expected full return to work 0.08 
(0.70) 

0.05 
(0.84) 

−0.05 
(0.80) 

Expected long sickness absence 0.38 
(0.13) 

0.43 
(0.10) 

0.38 
(0.05) 

Expected similar job tasks 0.17 
(0.39) 

0.14 
(0.50) 

0.08 
(0.62) 

Expected working time 0.11 
(0.69) 

0.11 
(0.69) 

0.08 
(0.70) 

Work capacity −0.71 
(0.85) 

−0.91 
(0.81) 

−3.06 
(0.34) 

Life quality 0.15 
(0.51) 

0.16 
(0.45) 

0.09 
(0.58) 

Health-related life quality 0.14 
(0.44) 

0.17 
(0.35) 

0.11 
(0.41) 

Well-being 0.17 
(0.83) 

0.14 
(0.86) 

0.17 
(0.76) 

Self-efficacy in physical discomfort 0.02 
(0.92) 

0.03 
(0.91) 

−0.04 
(0.77) 

Self-efficacy in unexpected events 0.10 
(0.63) 

0.12 
(0.57) 

0.05 
(0.73) 

Self-efficacy in Social Interaction 0.10 
(0.69) 

0.12 
(0.63) 

0.07 
(0.69) 

Self-efficacy at center of one’s life 0.11 
(0.67) 

0.12 
(0.64) 

0.00 
(0.99) 

Self-efficacy in frustration 0.06 
(0.79) 

0.09 
(0.72) 

0.04 
(0.79) 

Self-efficacy in new illness issues 0.12 
(0.58) 

0.16 
(0.46) 

0.15 
(0.30) 

Behavioral self-management 0.22 
(0.80) 

0.12 
(0.89) 

−0.21 
(0.75) 

Observations 568 511 400 

Notes: P-values in parentheses. Column 1 presents balance tests obtained from model (1) for the sample used to 

estimated mean impacts. Column 2 presents balance tests obtained from model (1) for the sample used to estimate 

heterogeneity impacts. Column 3 presents balance tests obtained from model (2) for the sample used to estimate 

effects on mediating outcomes. 

Source: Authors’ calculations based on DREAM, LTJS evaluation dataset, and baseline LTJS questionnaire. 



 
 

 

 

Figure A1 

Participating Municipalities (dark greey) 

Sources: LTJS evaluation dataset. 
 

  



 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure A2 

Sample Selection 

Sources: LTJS evaluation dataset. 
  

Recruited Sick-listed Individuals (n = 657) 

Municipality Screens Individuals’ Eligibility 

• Treatment Group (n = 430) 
 

• Municipality drops out (−36) 
• Team with no control group (−8) 
• Unanswered baseline survey (−7) 
• Withdrawn commitment (−1) 
• Personal number not in DREAM (−7) 

 
371 = Treatment Sample Group Used in 

Analysis 

• Control Group (n = 227) 
 

• Municipality drops out (−17) 
• Unanswered baseline survey (−6) 
• Withdrawn commitment (−2) 
• Personal number not in DREAM (−5) 

 
 
197 = Control Sample Group Used in 

Analysis 



 
 

Panel A: Mental Health Disorder 

 

Panel B: Musculoskeletal Disorder 

 
Panel C: Other Physical Cause of Sickness 

 

Panel D: Severe Injury, Cancer, or Cardiovascular  

 

Figure A3 

Distribution of Pre-Intervention Control Beliefs By Health Disorder 

Sources: LTJS evaluation dataset, and baseline LTJS questionnaire.   
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Panel A: Sickness from Regular Employment or Self-employment 

 
Panel B: Sickness from Unemployment or Subsidized Employment 

 

Figure A4 

Distribution of Pre-Intervention Control Beliefs By Socio-economic Status 

Source: LTJS evaluation dataset, and baseline LTJS questionnaire.  
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Panel A: No Higher Education 

 
Panel B: Higher Education 

 

Figure A5 

Distribution of Pre-Intervention Control Beliefs By Individual’s Education 

Source: LTJS evaluation dataset, and baseline LTJS questionnaire.  
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Panel A: Work Capacity under 40% 

 
Panel B: Work Capacity at least 40% 

 

Figure A6 

Distribution of Pre-Intervention Control Beliefs By Severity of Health Shock 

Source: LTJS evaluation dataset, and baseline LTJS questionnaire.  
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Figure A7 
Example of Causal Tree from the Causal Forest of the Effect of Self-Management Support on Employment 
Sources: Authors’ calculations of group employment effects (in parenthesis) based on DREAM, LTJS evaluation dataset, and baseline LTJS questionnaire.

Self-efficacy in 
physical discomfort 

 

Introjected 
regulation Physical activity 

Female Age 20–39 Musculoskeletal 
sickness 

Prescribed 
medicine 

Life quality 
Self-efficacy at centre 

of one’s life Life quality Age 20–39 

g1: Female workers with self-efficacy in physical discomfort and introjected regulation (effect=−0.0182) 
g2: Male workers with self-efficacy in physical discomfort and introjected regulation (effect=−0.0167) 
g3: 20–30-year-old workers with self-efficacy in physical discomfort and no introjected regulation (effect=−0.0217) 
g4: 31–39-year-old workers with self-efficacy in physical discomfort and no introjected regulation (effect=−0.0228) 
g5: Workers with no self-efficacy in physical discomfort, sickness caused by musculoskeletal disorder, physically active and good quality of life (effect=0.0561) 
g6: Workers with no self-efficacy in physical discomfort, sickness caused by musculoskeletal disorder, physically active and bad quality of life (effect=0.0637) 
g7: Workers with no self-efficacy in physical discomfort, no musculoskeletal sickness physically active and self-efficacy in centre of one’s life (effect=0.0440) 
g8 Workers with no self-efficacy in physical discomfort, not musculoskeletal sickness, physically active and no self-efficacy in centre of one’s life (effect=0.0513) 
g9: Workers with no self-efficacy in physical discomfort not physically active, that receive prescribed medicine and have good quality of life (effect=0.0487) 
g10: Workers with no self-efficacy in physical discomfort not physically active, that receive prescribed medicine and have bad quality of life (effect=0.0623) 
g11: 20–30-year-old workers not physically active, with no self-efficacy in physical discomfort, who do not receive prescribed medicine (effect=0.0397)  
g12: 31–39-year-old workers with no self-efficacy in physical discomfort, not physically active, who do not receive prescribed medicine (effect=0.0301) 
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B. Control Beliefs 

Individual’s control beliefs are measured via two variables. We use the sum of scores from the 

University of Washington Self-efficacy Scale (Amtmann et al. 2012), and the third item of the 

Brief Illness Perception Questionnaire, which measures individual’s perception of personal 

control of illness. The self-efficacy scale focuses on the individual’s ability to control various 

key aspects of the consequences of illness on behavior, whereas the second measure proxies for 

the individual’s locus of control regarding illness outcome. 

How confident are you that: 

SE1. You can keep the physical discomfort related to your health condition or disability 

from interfering with the things you want to do. 

SE2. You can keep your health condition or disability from interfering with your ability 

to deal with unexpected events. 

SE3. You can keep your health condition or disability from interfering with your ability 

to interact socially.  

SE4. You can keep your health condition or disability from being the center of your life.  

SE5. You can bounce back from frustration, discouragement, or disappointment that 

your health condition or disability may cause you.  

SE6. You can figure out effective solutions to issues that come up related to your health 

condition or disability. 

0: Not at all; 1: A little; 2: Average; 3: Mostly; 4: Totally 

 



 
 

C. Baseline Beliefs 

Baseline beliefs are measured via an expected return-to-work scale and a perception of illness 

scale. We first measure the expected return to work as RW1 − RW2 + RW3 + RW4 where RWj 

items read: 

RW1. How confident do you feel that you can return to work completely? (Same number 

of hours as before your sick leave. Reply even if you have already returned.) 

0: Not at all; 1: A little; 2: Average; 3: Very; 4: Totally 

RW2. How long do you think it will take before you can return to work? (Same number 

of hours as before your sick leave. Reply even if you have already returned.) 

0: Less than 1 month; 1: Between 1–3 months; 2: Between 3–6 months; 3: Between 6–12 

months; 4: More than 1 year 

RW3. What tasks do you envision returning to? 

0: Cannot return at all; 1: Have to find a whole new career path; 2: Have to switch to other 

tasks; 3: Returning to most of my past duties; 4: Returning to all of the same tasks as before 

RW4. How many hours per week do you expect to work if you return? 

0: Under 15 hours; 1: 15–20 hours; 2: 20–25 hours; 3: 25–30 hours; 4: Full time, or more 

The perception of illness is measured as PI =  PI1 + PI2 + PI3 + PI4 + PI5 + PI6+ PI7+ 

PI8, where the items are obtained from the short-form of the illness perception questionnaire 

(Broadbent et al. 2006): 

PI1. How much does your illness affect your life? 

0: No effect at all; 1 …., 10: Severely affects my life 



 
 

PI2. How long do you think your illness will continue? 

0: A very short time; …., 10: Forever 

PI3. How much control do you feel you have over your illness? 

0: Absolutely no control; …., 10: Very high level of control 

PI4. How much do you think your treatment can help your illness? 

0: Not at all; …., 10: Extremely helpful 

PI5. How much do you experience symptoms from your illness? 

0: No symptoms at all; ....; 10: Many severe symptoms 

PI6. How concerned are you about your illness? 

0: Not at all concerned; …., 10: Extremely concerned 

PI7. How well do you feel you understand your illness? 

0: Don’t understand at all; …., 10: Understand very clearly 

PI8. How much does your illness affect you emotionally? (For example, does it make 

you angry, scared, upset, or depressed?) 

0: Not at all affected emotionally; …., 10: Extremely affected emotionally 

 

D. Behavioral Self-management 

Behavioral self-management of illness is measured as the sum of scores of BSMj items from the 

chronic disease self-management questionnaire (Lorig et al. 1996): 



 
 

BSM1. Try to distance yourself from the discomfort and pretend that it is not part of your 

body.  

BSM2. Think of it not as discomfort, but as another feeling, such as a sensation of warmth 

or numbness.  

BSM3. Try to direct your thoughts away from the discomfort, such as by singing or low 

brain gymnastics 

BSM4. Perform muscle relaxation.  

BSM5. Use visualization of positive feelings or experiences, such as visualizing that you 

are somewhere else. 

BSM6. Think positive thoughts. 

0: Never; 1: Almost never; 2: Sometimes; 3: Pretty often; 4: Very often; 5: Always 

 

E. Motivation for Work 

Motivation for work is measured as ∑ 𝑀𝑀𝑀𝑀𝑗𝑗 + ∑ 𝐼𝐼𝐼𝐼𝑀𝑀𝑗𝑗 + ∑ 𝐸𝐸𝐼𝐼𝑀𝑀𝑗𝑗 − ∑ 𝐴𝐴𝑀𝑀𝑀𝑀𝑗𝑗 , where items are 

obtained from Treatment Self-Regulation Questionnaire (Levesque et al. 2007). 

The reason I try to return to work is: 

M1. Because working is very important for me to be as healthy as possible  

M2.  Because I personally believe that work is the best for my well-being. 

M3.  Because I feel I want to take responsibility for my health.  

M4.  Because working involves important decisions that I really want to make for 

myself. 

M5.  Because I have considered it carefully and believe that work is of great importance 

to several significant parts of my life.  

M6.  Because working is related to my life goals.  



 
 

IR1. Because I would feel guilty or ashamed if I did not try to return.  

IR2. Because I would feel like a bad person if I did not try to return. 

ER1. Because I feel that others are pushing to make me return. 

ER2. Because others would be annoyed and angry with me if I did not try to return. 

ER3. Because I want to prove to others that I can work.  

ER4. Because I want the praise and recognition of others. 

AM1. I am not thinking about returning to work at all. 

AM2. I actually don’t know why I’m trying. 

AM3. Because it is easier to do what I am told than to think about it. 

0: Completely wrong; ...; 3: About right; ...; 6: Completely true 

 

F. Causal Forest Algorithm 

(1) Draw a subsample without replacement from the heterogeneity analysis sample (𝑁𝑁𝑏𝑏 = 𝑓𝑓 ∙ 𝑁𝑁). 

(2) Randomly split the sample used to build tree 𝑏𝑏 in the training sample (𝑁𝑁𝑏𝑏𝑏𝑏 = 𝑡𝑡 ∙ 𝑁𝑁𝑏𝑏) and the 

estimation sample (𝑁𝑁𝑏𝑏𝑏𝑏 = (1 − 𝑡𝑡) ∙ 𝑁𝑁𝑏𝑏). 

(3) Use the training sample to specify the causal tree: 

(3.1) Calculate the expected variance of employment effect in the training sample (𝑉𝑉).21 

(3.2) Randomly select 𝑣𝑣 pre-treatment indicators from the 59-dimensional set 𝑋𝑋𝑖𝑖 . 22 

(3.3) For each indicator 𝑋𝑋𝑘𝑘𝑖𝑖 form a candidate sample split by placing the observations of the 

training sample with 𝑋𝑋𝑘𝑘𝑖𝑖 = 0 in a left child leaf and the remaining observations of the training 

sample with 𝑋𝑋𝑘𝑘𝑖𝑖 = 1 in the right child leaf. 

                                                             
21 See Athey and Imbens (2016) for the objective function used to measure goodness of fit. 
22 Step (3.2) improves prediction by ensuring that the same highly correlated indicator does not 
appear in all the trees. 



 
 

(3.4) If there are at least ℎ treatment and ℎ control observations in the left and right child 

leaves, calculate the variance of treatment effects across both leaves while penalizing for 

overfitting (𝑉𝑉′). 

(3.5) Implement a sample split based on the indicator with highest variance of treatment effect 

(max𝑉𝑉′) as long as max𝑉𝑉′ > 𝑉𝑉. 

(3.6) After the sample split, repeat the process 3.1 to 3.5 in each child leaf, until it is not 

possible to make more sample splits to the child leaf. 

(4) The causal tree is fully grown when all leaves are terminal leaves. 

(5) Assign all the observations of the estimation sample (𝑁𝑁𝑏𝑏𝑏𝑏) into subgroups determined by the 

tree specified with the training sample. 

(6) Calculate 𝜃𝜃�𝑙𝑙,𝑏𝑏 = ∑ 𝑌𝑌𝑖𝑖𝑙𝑙𝑖𝑖∈𝑙𝑙,𝑊𝑊=1 𝑁𝑁𝑙𝑙𝑏𝑏𝑏𝑏
(1)� − ∑ 𝑌𝑌𝑖𝑖𝑙𝑙𝑖𝑖∈𝑙𝑙,𝑊𝑊=0 𝑁𝑁𝑙𝑙𝑏𝑏𝑏𝑏

(0)� , where 𝑁𝑁𝑙𝑙𝑏𝑏𝑏𝑏
(1) is the number of treated 

observations in the terminal leaf 𝑙𝑙 of the estimation sample for bootstrap 𝑏𝑏.23 

(7) Assign �̂�𝜏𝑙𝑙,𝑏𝑏 = 𝜃𝜃�𝑙𝑙,𝑏𝑏 to all observations of the sample 𝑁𝑁 that, given their full set of covariates 𝑋𝑋𝑖𝑖, 

correspond to subgroup 𝑙𝑙. 

(8) Iterate (1) to (7) for 𝐵𝐵 = 25,000 bootstrap samples. 

(9) The individualized conditional average treatment effect for observation 𝑖𝑖 is given by �̂�𝜏𝐶𝐶𝐶𝐶,𝑖𝑖(𝑥𝑥) =

𝐵𝐵−1 ∑ �̂�𝜏𝑙𝑙,𝑏𝑏𝐵𝐵
𝑏𝑏=1 . 

 

 
 

 

                                                             
23 Step (6) corrects for overfitting by using a different sample to estimate the leaf effects than the 
sample used to specify the model. 
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