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Abstract
Case managers provide individual and comprehensive support to employees who have become incapable of work‑
ing. Using data from a large insurance company we find that overall, 43.9% of the people in our sample could be
reintegrated. Controlling for personal characteristics, we analyze the effectiveness of case management by modelling
the probability of reintegrating people being incapable of working into the labor market. Using parametric and sem‑
iparametric decomposition methods, we control for observational differences. We analyze how much of the differ‑
ence in the reintegration rate between people who participate in case management and those who do not, is due to
differences in characteristics and how much is due to case management itself. We find that the estimated probability
of reintegration is 18.9% higher if people participate in case management. Moreover, our results show that no more
than 15% are due to differences in characteristics and at least 85% can be attributed to case management itself.
Keywords: Return to work, Insurance, Case management, Labor force participation, Individual support on
reintegration, Logistic regression, Decomposition, Propensity score matching
JEL classification: C14, G22, I11, I13
1 Introduction
Labor participation is a precondition to the social and
economic stability of any developed country. Health
status is the main driver of the ability of workers to be
employed (Ferlie et al. 2016). Often, poor health conditions lead to a disability pension (Robroek et al. 2013),
unemployment (Cardano et al. 2004 and Schuring et al.
2007) or early retirement (van Berg et al. 2010). In the
current economic condition in western societies with low
unemployment and an aging society, governments have
strong incentives to implement policies to reintegrate
workers with a disability as soon as possible. For the US
the economic estimated lifetime savings for removing an
additional one percent of the beneficiaries from the rolls
of the disability insurance and the supplemental security income programs each year are several billion USD
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(U.S. General Accounting Office 1997). In the US alone,
there are over eight million disability insurance beneficiaries with average yearly payments of more than USD
6000 (Social Security Administration 2013) with rising
expenditures for the government (Segelken 2014). Several return-to-work interventions have been started by
the OECD countries (see Clayton et al. 2012 for a systematic review as well as Burkhauser et al. 2016, for trends in
government disability programs).
For the person with a disability, employment itself is
positive in several dimensions. It positively impacts the
general social status and professional skills. The sense of
engagement, social identification, social interactions with
other employees as well as mental stimulation support
the general well-being (Noh et al. 2015 or Waddell and
Bruton 2006). In case of (temporary) disability reintegration improves the health (Schuring et al. 2011).
Individual support of professionals, specialized in
rehabilitation methods with a supportive attitude, does
improve the chance of reintegration into the workforce
(see Liukko and Kuuva 2016; or Hansen 2006 for a study
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using German data). Improvements to the work environment by the employer is an important factor for reintegration (Wheeler et al. 2001).
Whether a person has been successfully reintegrated
into the labor market can be viewed differently by the
different stakeholders (Young et al. 2005). For the insurance company the reintegration has been successful if
the benefit payments can be stopped. An employer sees
successful reintegration when the person is fully able to
work again. The employee feels successfully reintegrated
if she can continue her employment permanently and for
the same salary. In our analysis a person has a disability
when she cannot work at least 40% for 1 year. Accordingly, the reintegration is successful if the person is more
than 60% fit for work again (measured by the comparison
of income with and without disability). Claims for both
physical and psychological reasons are covered. The definition corresponds to Swiss practice and legal principles
(see Swiss Federal Law on Disability Insurance, Article
28).
To analyze the effectiveness of case management we
use exclusive data. The data is unique in several respects.
It is based on more than 42,000 cases of incapacity for
work in the Swiss labor market and provides information
on personal characteristics such as gender, age, salaries,
date, and cause of the disability. It is known that personal
characteristics are more relevant to reintegration than
employer characteristics (see Galizzi et al. 2019). The
Swiss labor market, in contrast to most other economies
is particularly interesting for such an analysis. In Switzerland, employers or associated pension funds to be exact
must cover incapacity to work, as well as death and old
age, at a high level. This makes it possible to consider not
only a selective group of privileged employees in large
corporations, but the entire working population. Due
to the high obligatory coverage, the disability benefits
within all workers are comparable at about 60% of the initial wage. There are no large differences in disability benefits between workers (relative to the income). Opposed
to other countries, in Switzerland there are no low-paid
workers losing most of their income in case of disability.
The risk of incapacity to work is borne by independent
pension funds or insurance companies. We obtain the
data from the largest semi-autonomous insurer in Switzerland.1 Government reintegration measures are often
moderately recorded and less financially monitored. Due
to financial incentives the statistics of private insurance
companies are more reliable. The insurance companies
have an interest in knowing and managing their portfolio
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comprehensively to determine annual premiums. If an
insured person becomes unable to work, the insurer may
offer the person a so-called case manager for support.
The offer from the insurer as well as the acceptance from
the insured is on a voluntary basis. Participation in case
management has no effect on benefit payments and no
additional costs for the insured person. The case manager
provides emotional, legal, and medical support to give
the insured person the best possible chances for reintegration into the labor market.
Based on the unique dataset, we analyze the effectiveness of case management, on the probability of reintegration into the labor market. Our results show that if
employees, who are not able to work, receive support at
an early stage of their disability, the chance of reintegration into the labor market can be significantly increased
by about 18.9%.
The rest of the paper is structured as follows. After a
detailed explanation of case management, we discuss
the data and present the methods used. The results and
robustness checks are given in section five. Section six
summarizes our findings and concludes.

2 Case management
In an event of incapacity to work the insured person, the
employer as well as the insurance company look for a
quick recovery and fast reintegration into the labor market. Comprehensive support for the person with a disability belongs to the core competences of the insurer. This
takes place in the form of so-called case management
(sometimes also called care management). The insurance
company decides whether case management is offered.
Typically, case management is offered to people with a
disability that is not likely to be self-resolving, often these
are, for example, disabilities caused by pregnancy complications or minor accidents. The insurance company
generally focuses on incapacity to work due to a mental cause combined with a high benefit amount. In such
cases, a case manager is most likely to save the insurance
company a large loss. The case manager provides individual and comprehensive support to a person with a disability. For the persons concerned the participation in case
management is voluntary and in any case without loss of
benefits. They can participate or reject the program without further costs and without the loss of benefits. Case
management typically takes place in a trusting cooperation of the case manager and the person with a disability.
The support is comprehensive in professional, medical, social, and legal terms. Medical support is provided
in the form of coordination of medical measures with
internal and external medical specialists to obtain a view
of the potential treatment alternatives. On the occupational level case managers help to find a solution with
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the employer to avoid a replacement and to optimize the
work situation for the insured person. Thereby, the case
manager focuses on evaluating alternatives and helps to
organize further training or retraining. The case manager
also analyzes the current social network with the primary
goal to build up a supportive environment, to provide
emotional support and to break down old, stressful structures. Legally, the case manager coordinates the services
between the various insurers (state, private, professional)
and assists the affected person with advice, relying on the
support of the legal services of the insurance company.
In the first meeting of the case management process,
one typically defines the agenda of the case management program and immediate measures are initiated.
In a second step, the situation is evaluated through selfassessment and external assessment. New measures are
introduced based on these findings. In the third step, a
goal is formulated together with the person with a disability. Actions are planned accordingly, and professional
offices are involved (doctors, psychologists, lawyers, etc.).
Finally, implementation is closely monitored and regularly reviewed. The frequency depends on the cause of
disability. In the case of an accident the case management
period is shorter, however more frequent (e.g. monthly
check of the physiotherapy results). In case of cancer,
the case management process lasts longer but meetings
of the person with a disability and the case manager are
less frequent (e.g. an annual consultation of the preventive examinations). After an overall assessment has been
made, case management is concluded.

3 Data
We consider data of a large Swiss life insurer. In Switzerland, pension funds have to cover longevity, mortality, and disability risks in the context of the occupational
pension provision system. Many of these pension funds
have to insure against these risks according to Swiss
regulation or wish to do so due to their small size and
the associated lack of diversification. The corresponding portfolio of the insurer is called group life portfolio.
The database covers data on 42,361 insured persons (also
called cases) having been exposed to a disability between
January 1, 2009 and September 30, 2018.
Following Wacholder et al. (1992a) we define the
base as the members of the source population during the time periods when they are eligible to become
cases. The Swiss occupational pension scheme allows
the insured company to choose a waiting period for
premium waiver for their employees who become disabled. Most of the time this is three to six months. Since
the insured company can report an incapacity of an
employee already before the end of the waiting period,
several people in the data are only eligible for case
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management after 6 months. Wacholder et al. (1992b)
highlight that the goal in control selection is to obtain
a sample of eligible subjects. As we cannot observe the
waiting period, we apply the filter of 180 days to ensure
that the control selection is a sample of eligible subjects
only. This allows us to estimate the effectiveness of case
management for people who are generally eligible for
case management. Additionally, we also exclude 494
cases because of missing information. This leaves us
with data on 18,237 insured people.
All these insured persons are beneficiaries of at least
one of the pension funds being reinsured by the Swiss
life insurer. We observe the gender (“Male”), age in years
(“Age”), the mean salary in CHF 1000 before the occurrence of the disability (“Income”), the time in years
between the beginning of the disability and the date
when information on disability is reported to the insurer
(“Years since notification”), a flag if the disability is due
to cancer (“Cancer”), and the cause of the disability—for
each cause there is a dummy which is 1 if the disability is
due to this cause and 0 otherwise. “Cancer” is not considered as a cause of the disability itself but always has
an interaction with a cause code. For instance, for an
insured person suffering from testicular cancer, “Cause:
Genitals” is 1 and “Cancer” is 1. During chemotherapy
most cancer patients cannot work (de Boer et al. 2008).
But even for milder symptoms, such as fatigue, the disease often leads to a strong impairment of the ability to
work (Hofman et al. 2007). A low reintegration rate can
be expected. Whenever there is no cause code for an
insured person available, “Cause: Others” is set to 1 for
that person. Moreover, we control for the time in years
between 01/01/2009 and the date when disability occurs
(“Time in years since 01/01/2009”). This variable controls
for time effects, which is needed to account for regulatory changes and differences in interest rate levels. Differences in interest rate levels impact, for example, the costs
of the case through changes in the discounted disability
payments.
The case management unit of the Swiss insurer provides us with data on the case management cases the unit
has dealt with. Merging the case management data with
the data on 18,237 insured persons, we find that 404 of
18,237 insured persons have participated in case management. Out of these 404 insured people, participating in
case management, 210 or 52.0% could reintegrate to the
labor market. Compared to this only 43.7% of those who
had not participated in case management could reintegrate to the labor market.
Our descriptive statistics show that overall, 43.9% of
the people concerned could be reintegrated. Figure 1
presents the reintegration rates for each of the different
causes for disability. A chi-squared test rejects the null
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Fig. 1 Reintegration rates per cause of disability

hypothesis that the reintegration rates are independent
of the causes for disability with a p-value < 0.001.
The highest reintegration rate is found for people with
a disability due to complications in pregnancy (69.2%),
followed by those who have an accident (59.9%) and
people with an addiction (55.4%). The lowest reintegration rates are found for people with a disability due to
digestion (26.0%) or circulation (27.5%).
The variable of interest in this study is a flag indicating if an insured person got reintegrated. An insured
person is said to be reintegrated if she can resume
working more than 60% of the level before the disability. For calculation the income is measured before and
after the disability. Hence, she might be reintegrated by
resuming work at another workplace. Table 1 displays
the minimum, maximum, the total average, the average
of insured who have been reintegrated and those who
have not as well as the t-statistic of the respective difference-in-means test.
The table shows that most variables have significantly different means for reintegrated vs. not reintegrated persons. The first row shows that 2.6% of the
people who have been reintegrated, have been part of
a case management program, whereas only 1.9% of the
people who have not been reintegrated have participated in a case management program. The last column
shows that this difference is highly statistically significant. This points to a positive impact of case management on reintegration rates. The share of women is
significantly higher for the reintegrated group.

Reintegrated persons are on average around 45 years
old, while the average age of the remainder is around
49 years. The difference is strongly significant. Apparently, younger people can be reintegrated more easily.
The difference in salaries is not significantly different.
Hence, the rate of integration seems to be uncorrelated
with the level of salaries. The date of the disability plays
a significant role, the date of the disability is on average significantly earlier for those who have been reintegrated. On the one hand, a person being exposed to a
disability earlier than another person has more time to
reintegrate, on the other hand, that might reflect regulatory frameworks or economic conditions changing
over time. As expected, it has a significant impact when
the insurer gets information on disabilities such that it
can start the case management process, the notification period is significantly shorter for the reintegrated
group. Among the reintegrated persons, the share of
those having cancer is significantly smaller in comparison to the persons who could not be reintegrated which
is in line with our expectations due to the severity of
this diagnosis. There are significant differences for all
causes of the disabilities, except for infections.

4 Empirical strategy
To estimate the effectiveness of case management on
reintegration into the labor market we first estimate a
multivariate logistic regression controlling for several
personal characteristics. Let Yi be a dummy variable,
which is 1 if individual i has reintegrated and 0 otherwise.
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Table 1 Descriptive statistics and tests
Variable

Min

Max

All

Reint = 1

Reint = 0

Case Management

0

1

2.2%

2.6%

1.9%

Male

0

1

62.4%

61.4%

63.1%

Age (in years)

17.24

64.52

47.29

44.76

49.27

Test st
− 3.2
2.3

27.3

Income (in CHF 1000)

1

774

68.56

68.12

68.91

1.4

Time in years since 01/01/2009

0

9.48

4.84

4.39

5.20

22.3

Years since notification

0

8.79

0.67

0.52

0.79

27.1

Cancer

0

1

10.3%

6.2%

13.5%

16.9

Cause: Circulation

0

1

7.0%

4.4%

9.1%

12.8

Cause: Digestion

0

1

4.4%

2.6%

5.8%

11.0

Cause: Genitals

0

1

4.8%

3.9%

5.5%

5.1

Cause: Nervous

0

1

31.4%

30.2%

32.4%

3.3

Cause: Perception

0

1

1.8%

1.4%

2.1%

3.8

Cause: Infections

0

1

0.3%

0.3%

0.2%

− 1.0

Cause: Bones

0

1

23.5%

26.0%

21.6%

Cause: Metabolism

0

1

1.8%

1.4%

2.1%

Cause: Accidents

0

1

17.0%

23.2%

12.2%

Cause: Addictions

0

1

0.4%

0.5%

0.3%

Cause: Pregnancy

0

1

0.9%

1.5%

0.5%

Cause: Others

0

1

Number of observations

6.5%
18,237

4.5%

8.0%

8,010

10,227

− 6.9
3.6

− 19.3
− 1.9

− 6.3
9.8

The variable “Years since notification” measures the time in years between the beginning of the disability and the date when the information on disability was
reported to the insurer

Xi is a vector containing the individual characteristics of
individual i including a constant term, and CM i a dummy
variable which is 1 if individual i participates in case
management and 0 otherwise. In this case the conditional
probability of reintegration into the labor market is given
by


′
P(Yi |CM i , X i ) = F CM i γ + Xi β
(1)
where F (·) is the cumulative distribution function of the
logistic distribution.
To allow for individual heterogeneity and to relax the
functional form assumption in (1) we, additionally, apply
propensity score matching to estimate the causal effect of
case management on the probability of reintegration into
the labor market. Propensity score matching controls for
observational differences by comparing the reintegration
rates of people with identical characteristics. It has been
developed to estimate treatment effects (Rubin 1974;
Rosenbaum and Rubin 1983 and 1985; Heckman et al.
1997 and 1998; Dehejia and Wahba 1999; Abadie and
Imbens 2006).
Using propensity score matching, we estimate the
average treatment effect on the treated (ATT), defined
as

E[Yi1 − Yi0 |CM i = 1]
where Yi1 is the potential reintegration rate for individual i if she participates in case management. Yi0 is the
potential reintegration rate of individual i if she does not
participate in case management and CM i the treatment
variable, which is one if individual i participates in case
management and zero otherwise.
The identification based on propensity score matching crucially relies on three assumptions. The first one
is the conditional independence assumption (CIA)
which guarantees that conditional on confounding variables the potential outcomes are stochastically independent of the treatment: Yi0 ⊥ CM i |Pi (X), where Pi (X)
denotes the propensity score based on the confounding variables of individual i . The CIA requires that all
confounding factors associated with the potential outcomes as well as the treatment status are observed. To
justify the CIA, we control for a range of covariates
available in the data set, including gender, age, income,
time effects, time since notification, cancer and cause
of disability. The more informative the data are, the
easier it is to justify the CIA assumption. Given the
data available to us we control for the most important
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cofounding variables. On the other hand, we do not
observe the motivation of the people nor their employment / unemployment history, exact job description or
extent of disability regarding the occupational tasks.
Even though important missing variables do correlate with the income, which we control for, the CIA is
a strong assumption in our setting. Moreover, Fortin
et al. (2011) point out that the aggregate decomposition would even be valid in the presence of the correlation between unobserved and observed characteristics
under the condition that the correlation is the same for
both groups.
The second assumption, referred to as the Stable Unit
Treatment Value Assumption (SUTVA), rules out any
influence of an individual’s treatment status on another
individual’s potential outcome (see Rubin 1986). This
assumption requires that the potential outcome observation on one person should be unaffected by the
assignment of case management to the other units. If
SUTVA is violated causal inference becomes more difficult. In our setting the case management is done for
everyone on a one-by-one basis and, therefore, the
potential outcome observation on one person should
be unaffected by the assignment of case management
to other people. One crucial assumption, however, is
that there is no capacity restriction for the case managers. In case of capacity limitations, the case managers
would need to do a selection for case management and
therefore the outcome of one person would be affected
by the assignment of case management to another person. Going forward we assume that SUTVA holds.
The third assumption is the overlap assumption. It
requires that the probability of obtaining case management is smaller than one, i.e. P(D = 1|X) < 1. This
type of overlap assumption is standard in the literature (e.g. Rosenbaum and Rubin 1983; Heckman et al.
1997; Hahn 1998; Wooldridge 2002; Imbens 2004).
There is a stronger version of the overlap assumption
called strict overlap (e.g. Robins et al. 1994; Abadie
and Imbens 2006; Crump et al. 2009). Strict overlap
requires that the probability of having case management is strictly smaller than 1 − ξ for some ξ > 0 . Khan
and Tamer (2010) point out that something
like the
√
strict overlap assumption is needed for N —convergence of some semiparametric estimators. Busso et al.
(2008) provide further evidence on the importance
of the (strict) overlap assumption. To guarantee that
supp(X|D = 1) ⊆ supp(X|D = 0) we restrict the estimation of the composition and return effect to the common support subpopulation.
Thus, we take advantage of the huge sample size of
people without case management by using their characteristics and reintegration rates to determine what the

M. Draheim et al.

reintegration rate of those with case management would
have been if they had not participated in case management. Using propensity score matching we determine,
for each person with case management, the people who
have most similar characteristics and weight their reintegration rate in the calculation of the counterfactual
outcome highest. This allows us to estimate the reintegration rate that people who participate in case management
(CM = 1) would have, if they did not participate in case
management (CM = 0), i.e. E[Y 0 |CM = 1].
To obtain a causal estimate of the impact of case management, we compare this counterfactual outcome to the
expected reintegration
 rate of the observations with case
management, e.g. E Y 1 |CM = 1 .
In order to compare only individuals that are comparable, we restrict the sample to the common support subpopulationS . We define the common support as those
individuals who have a propensity score lower than the
maximum propensity score in the group of people without case management and higher than the propensity
score in the
of people with
 group
 case management, i.e.
S= 
pi ∈ 
pminCM=1 ; 
pmaxCM=0 . Lechner and Strittmatter (2019) show that this procedure consistently outperforms other procedures to determine the common
support. Figure 2 shows the densities of the propensity
scores for the two groups. In general, the propensity
scores are low for both groups. Those who participate in
case management also tend to have a higher propensity
score to participate in case management. Moreover, the
figure shows that there are controls for those who participate and that a common support
is given.

Thereby, ES Y 1 |CM = 1 is equal to the sample mean
of the reintegration rate for those in the common support
with case management, denoted by Y S,CM=1. We apply
nonparametric Kernel matching using propensity scores
to estimate the expected counterfactual outcome
ES [Y 0 |CM = 1]. To obtain the propensity scores, we estimate the probability that an individual attends in case
management (CM = 1) by a logistic
regression, that is

,



p = P[CM = 1|X = x] = F x β , where F (•) describes

the cumulative logistic distribution.
Let f1S (p) be the distribution of the propensity scores
P = P(X) for people with case management (CM = 1)
on the common support. Frölich (2007) shows that the
counterfactual outcome is identified as follows:

 
ES Y 0 |CM = 1 = E[Y |P(X) = p, CM = 0]f1S (p)dp.

(2)
We estimate the expected outcome at each point
P(X) = p using the nonparametric Nadaraya-Watson
estimator (Nadaraya, 1964; Watson, 1964)
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Fig. 2 Density of propensity scores for common support subpopulation

 |P(X) = p, CM = 0] =
E[Y

n0

i=1 K

n0



i=1 K

pi0 −p
h





pi0 −p
h

∗ Yi
 (3)

K describes the kernel function, h is the bandwidth,
n0 is the number of observations and pi0 the propensity scores of those individuals who have no case management (CM = 0). We use a Gaussian Kernel, i.e.
K (•) = �(•) and the bandwidth is chosen using Silverσ n1 −1/5, (Silverman
man’s rule of thumb, i.e. h = 1.06
1986).
To understand the difference in the reintegration rate
between those who participate in case management and
those who do not participate, we apply the Blinder-Oaxaca decomposition (Blinder 1973; Oaxaca 1973) for nonlinear models. Following Bauer and Sinning (2008), we
decompose the observed difference in the reintegration
rates between those who participate in case management
and those who do not participate into a part that is due to
differences in characteristics between the two groups and
into a part that is due to differences in coefficients

characteristics including a constant term, but excluding
the dummy variable for case management. The number
of observations in the group with case management is
denoted by n1 and n0 is the number of observations in the
group without case management. F(•) denotes the cumulative
Therefore,
distribution.
 logistic
′
1 n1
CM=1 is simply the sample average
β
F
X
i,CM=1
i=1
n1

of the participation rate for those
 1participating in case
Yi,CM=1. Likewise,
management
and equal to n11 ni=1


′
1 n0
CM=0 is equal to 1 n0 Yi,CM=0
F
X
β
i=1
i,CM=0
i=1
n0
n0

and the sample average of the participation rate for those
not participating in case management.
The first term in (4), captures the difference that is due
to differences in the coefficients. Our primary interest
is in this term, as it shows how the estimated average in
the reintegration rate would change, if people with their
predefined characteristics had case management. The
second term is the difference that is due to differences in
characteristics.
To avoid the functional form assumption and to allow
for individual heterogeneity, we again rely on propen-

n0
n1
n1
n1
 ′

 ′
 1 
 ′

 ′


1 
1 
 = 1
�
F Xi,CM=1 βCM=1 −
F Xi,CM=1 βCM=0 +
F Xi,CM=1 βCM=0 −
F Xi,CM=0 βCM=0
n1
n1
n1
n0
i=1
i=1
i=1
i=1

 



� in coefficients (impact case management)

where βCM=k are the estimated coefficients obtained
from separate logistic regressions for the group that does
participate in case management (k = 1) and the group
that does not (k = 0). Xi,CM=k are the corresponding

(4)

� in characteristics

sity score matching. Following Frölich (2007) we use the
counterfactual outcome from (2),

 
ES Y 0 |CM = 1 = E[Y |P(X) = p, CM = 0]f1S (p)dp,
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to derive a semiparametric alternative to the BlinderOaxaca decomposition for logistic regressions. Therefore, we re-write the difference in the mean reintegration
rates between those who attend case management and
those who do not as




S = ES Y 1 |CM = 1 − ES Y 0 |CM = 0

=



E[Y |P(X) = p, CM =

1]f1S (p)dp −



E[Y |P(X) = p, CM = 0]f0S (p)dp.

S

S

Analogously, to f1S (p) in (2), f0S (p) thereby is the density of the propensity scores P = P(X) for people without
case management (CM = 0) on the common support. By
adding and subtracting the counterfactual outcome we
obtain
�S =

disability, the probability of reintegration decreases by
10.95 percentage points. This is in line with Sim (1999),
who highlights the importance of intervening as soon
as possible after a disabling event. Cancer significantly
reduces the probability of reintegration. If a person has
cancer the likelihood to return to work decreases by 13.5
percentage points. Compared to problems concerning
the circulation as the cause for the disability, which is the


S



base category, we find that the probability of reintegration is highest if the cause for the disability is an accident,
followed by a pregnancy causing disability, addictions or
if disability is caused by an illness related to the genitals.
Lowest probability of reintegration is observed when the




(E[Y |P(X) = p, CM = 1] − E[Y |P(X) = p, CM = 0])f1S (p)dp+ E[Y |P(X) = p, CM = 0] f1S (p) − f0S (p) dp.


� in coefficients (impact case management)

Like in Eq. (4), the first term in (5) captures the difference that is due to differences in the coefficients and
shows how the estimated average in the reintegration rate
would change, if people with their predefined characteristics had case management. The second term is the difference that is due to differences in characteristics.
To understand the drivers of the overall effect, we
additionally estimate separate heterogeneous effects
for causes of incapacity where we observe more than 50
people receiving case management, gender, as well as
age and income quartiles.

5 Results and robustness tests
5.1 Results

Table 2 below shows the result of the logistic regression, with “Cause: Circulation” as base cause category. The marginal effects shown are average marginal
effects. For dummy variables we determine the average marginal effects for discrete variables. The case
management variable is highly statistically significant
with an average marginal effect of 0.068. This indicates
that, ceteris paribus, the probability of reintegration
increases by 6.8 percentage points if people with a disability participate in case management.
The results show that the probability for reintegration
is significantly lower for males and elderly people. Very
important is the time since notification of the disability.
If notification takes place half a year after the event of

S

 



� in characteristics



(5)

cause of disability is problems with the circulation, the
base category, or digestion. For digestion the probability
is not significantly different from circulation.
Table 3 below shows the result of the logistic regression when restricting the sample to the common support
subpopulations.
The results show that, with exception of the cause
“Accident”, the significance does not change. The case
management variable is still highly statistically significant, but now with an average marginal effect of 0.056,
indicating that the probability of reintegration increases
by 5.6 percentage points if people with a disability participate in case management.
For the common support subpopulation, we obtain an
average reintegration rate for those
in
 who participate

case management of 51.7%, i.e. ES Y 1 |CM = 1 = 0.517.
The result from propensity sore matching indicates
that the expected reintegration rate of those who participate in case management would only be 43.5%, if
they
in case management, that is
 did not participate

ES Y 0 |CM = 1 = 0.435. Thus, case management
increases the reintegration rate for those who participate in case management
by about

 18.9% or 8.2 percentage points ( E Y 1 − Y 0 |CM = 1 = 0.082). Bootstrapped
standard errors, calculated based on 10′000 bootstrap
replications, provide evidence that this result is again statistically highly significant at the 1% level. The estimate
of 8.2 percentage points is comparable to the impact of
other training programs, e.g. Stephan and Pahnke (2011)
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Table 2 Average marginal effects of the multivariate logistic
regression

Table 3 Average Marginal effects of the multivariate logistic
regression with common support restrictions

Variables

Variables

Logit: Reintegration
Marginal Effect

z-value

Case Management

0.068***
(0.022)

3.06

Male

− 0.023***
(0.008)

− 2.99

Age in years

− 0.007***
(0.0003)

Time in years since 01/01/2009

Logit: Reintegration
Marginal effect

z-value

Case management

0.056**
(0.023)

Male

− 0.029***
(0.009)

− 3.36

− 21.34

Age in years

− 0.008***
(0.0004)

− 19.87

− 0.043***
(0.002)

− 27.18

Time in years since 01/01/2009

− 0.040***
(0.002)

− 22.43

Years since notification

− 0.219***
(0.008)

− 26.32

Years since notification

− 0.237***
(0.011)

− 21.24

Income in 1000 CHF

0.0004***
(0.0001)

Income in CHF 1000

0.0005***
(0.0001)

Cancer

− 0.135***
(0.015)

Cancer

− 0.124***
(0.016)

Cause: Digestion

0.038
(0.023)

1.63

Cause: Digestion

0.031
(0.024)

1.28

Cause: Genitals

0.166***
(0.022)

7.42

Cause: Genitals

0.162***
(0.025)

6.60

Cause: Nervous

0.088***
(0.015)

5.97

Cause: Nervous

0.085***
(0.015)

5.49

Cause: Perception

0.072**
(0.030)

2.45

Cause: Perception

0.079**
(0.031)

2.50

Cause: Infections

0.154**
(0.062)

2.49

Cause: Infections

0.159**
(0.065)

2.43

Cause: Bones

0.178***
(0.014)

12.32

Cause: Bones

0.183***
(0.015)

11.88

Cause: Metabolism

0.071**
(0.030)

2.39

Cause: Metabolism

0.067**
(0.031)

2.17

Cause: Accidents

0.258***
(0.015)

17.52

Cause: Accidents

− 0.029
(0.036)

− 0.80

Cause: Addictions

0.212***
(0.049)

4.32

Cause: Addictions

0.219***
(0.052)

4.19

Cause: Pregnancy

0.224***
(0.035)

6.37

Cause: Pregnancy

0.215***
(0.038)

5.63

Cause: Others

0.062***
(0.020)

3.16

Cause: Others

0.075***
(0.021)

3.54

3.79
− 9.21

Number of Observations

18′237

Number of Observations

14,487

McFadden Pseudo R2

0.127

McFadden Pseudo R2

0.099

Standard errors in parentheses

Standard errors in parentheses

***

***

Indicates significance at the 1% level

4.33
− 7.87

Indicates significance at the 1% level

**

Indicates significance at the 5% level

**

Indicates significance at the 5% level

*

Indicates significance at the 10% level

*

Indicates significance at the 10% level

estimate the share in employment of participants in a
provision of skills program for less than 4 months to be
9 percentage points higher at the end of the observation
period than the comparison group of waiting persons.
The results of the Blinder-Oaxaca decomposition for
logistic regressions are shown in Table 4. The magnitude
of the characteristics effect is very small and, based on
bootstrapped standard errors, statistically insignificant.

2.43

Based on our data, we can conclude that, on average,
those who attend case management do not have significantly different characteristics than those who do not
participate in case management and consequently the
difference in the reintegration rates is not due to differences in characteristics.
Compared to this the difference that is due to the
coefficients amounts to 7.6 percentage points. This part
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Table 4 Blinder-Oaxaca decomposition for non-linear models
Value

Proportion

Total difference

0.082***
(0.025)

100%

Difference due to characteristics

0.007
(0.008)

8.19%

Difference due to coefficients

0.076***
(0.025)

91.81%

Observations

18′237

Bootstrapped standard errors, based on 10,000 replications, in parentheses
***

Indicates significance at the 1% level

Table 5 Blinder-Oaxaca decomposition for non-linear models
with common support restriction
Value

Proportion

Total difference

0.096***
(0.025)

100%

Difference due to characteristics

0.036***
(0.008)

38.2%

Difference due to coefficients

0.060***
(0.025)

61.8%

Observations

14,487

Bootstrapped standard errors, based on 10′000 replications, in parentheses

**

Indicates significance at the 5% level

***

*

Indicates significance at the 10% level

**

Indicates significance at the 5% level

*

Indicates significance at the 10% level

explains 91.8% of the total difference in reintegration
rates between those who attend case management and
those who do not and is highly statistically significant at
the 1% level.
Table 5 shows the results of the Blinder-Oaxaca
decomposition for logistic regressions when restricting
the sample. For the common support subpopulation, the
difference that is due to the coefficients amounts to 6.0
percentage points. For the common support subpopulation this part explains 61.8% of the total difference, which
increases to 9.6 percentage points.
The results for the semiparametric decomposition are
shown in Table 6 and indicate that our results obtained
from the Blinder-Oaxaca decomposition are robust and
not pending on the functional form assumption. The
total gap in the average reintegration rates for the common support subpopulation between those who participate in case management and those who do not amounts
to 9.6 percentage points. Only 1.4 percentage points are
due to differences in characteristics. Compared to the
Blinder-Oaxaca decomposition for logistic regressions
we now find that the differences in characteristics for the
common support subpopulation are statistically significant, even though this part is small in magnitude.
In line with the results obtained from the BlinderOaxaca decomposition for logistic regressions, the main
part of the gap is due to differences in coefficients. The
differences in coefficients explain 8.2 percentage points,
or 85.4% of the total gap, and are again highly statistically significant. Therefore, we find strong evidence that
the main part of the differences in the reintegration rates
is due to case management itself and not driven by differences in the characteristics of the people in the group
with case management and those of the group without
case management.
To analyze the validity of propensity score matching we
perform balancing tests. Therefore, we test whether the
means in the characteristics differ significantly between
the treatment and the control group. The results show

Indicates significance at the 1% level

Table 6 Semiparametric decomposition of the reintegration rate
for the common support
Value

Proportion

Total difference

0.096***
(0.026)

100%

Difference due to characteristics

0.014***
(0.007)

14.6%

Difference due to coefficients

0.082***
(0.026)

85.4%

Observations

14′487

Bootstrapped standard errors, based on 10′000 replications, in parentheses
***

Indicates significance at the 1% level

**

Indicates significance at the 5% level

*

Indicates significance at the 10% level

that, except for the variable “income”, there are no statistical differences in the average values of the variables
between the treated and control group members after
propensity score weighting has been applied. Through
propensity score weighting the average income in the
control group is increased from CHF 69,517 to CHF
81,515, however, it is still significantly lower than the
average income of CHF 88,492 in the treatment group.
This implies that we can make the average incomes more
comparable by applying propensity score weighting, but
as there is still a significant difference, we cannot rule out
a small bias due to the imbalanced income. Results are
shown in Table 7.
To understand the drivers of the overall effect, we
additionally estimate separate heterogeneous effects for
causes of incapacity where we observe more than 50 people receiving case management, gender, as well as age and
income quartiles. The results are shown in Tables 8, 9 and
10.
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Table 7 Balancing test for the common support subpopulation after matching
Variable

Mean
Treated

Male

(2) Control weighted

(3) Control unweighted

Test st (1) = (2)

0.659

0.648

0.597

0.48

Age (in years)

41.949

41.677

47.552

0.52

Income (in CHF 1000)

88.492

81.515

69.517

6.403

6.411

4.964

Time in years since 01/01/2009
Years since notification

0.397

0.403

0.575

Cancer

0.027

0.029

0.111

Cause: Circulation

0.067

0.064

0.085

Cause: Digestion

0.030

0.031

0.053

Cause: Genitals

0.015

0.016

0.054

Cause: Nervous

0.632

0.629

0.379

Cause: Perception

0.010

0.011

0.021

Cause: Infections

0.002

0.003

0.003

Cause: Bones

0.192

0.193

0.289

Cause: Metabolism

0.017

0.018

0.022

Cause: Accidents

0.002

0.002

0.014

Cause: Addictions

0.005

0.005

0.005

Cause: Pregnancy

0.012

0.014

0.012

Cause: Others

0.015

0.016

0.064

2.47**
− 0.09

− 0.41

− 0.23
0.27

− 0.11

− 0.19
0.12

− 0.15

− 0.08

− 0.08

− 0.07
0.16

− 0.04

− 0.20

− 0.14

Table 8 Separate heterogeneous effects using propensity score matching for males and females as well as different causes with more
than 50 observations in the case management group
Cause “Nervous”

Cause “Bones”

Males only

Females only

Total difference

0.115***
(0.032)

− 0.071
(0.057)

0.066**
(0.031)

0.151***
(0.042)

Difference due to characteristics

0.001
(0.009)

− 0.008
(0.020)

0.034***
(0.009)

0.002
(0.012)

Difference due to coefficients

0.114***
(0.032)

− 0.063
(0.061)

0.032
(0.032)

0.149***
(0.044)

Observations

5135

2957

8461

5384

Bootstrapped standard errors, based on 10,000 replications, in parentheses
***

Indicates significance at the 1% level

**

Indicates significance at the 5% level

*

Indicates significance at the 10% level

We find that the overall effect of case management is
mainly driven by those with disability cause “Nervous”.
For this group the effect of case management is 11.4 percentage points and highly significant. Compared to this,
the impact for those with cause “Bones” is insignificant.
Moreover, we find that the effect is especially strong for
females, where we estimate the impact of case management to be 14.9 percentage points.
Table 9 shows the results for different age quartiles.
Case management is especially effective for people with
an age between 39.36 and 49.29. Table 10 reports the
results for different income quartiles. For all but the second quartile, the estimated parameter of the case management dummy variable is significant. The magnitude

is largest for the first quartile where case management
increases the probability for reintegration by 19.7 percentage points, followed by the fourth quartile where we
estimate an increase of 9.9 percentage points in the probability for reintegration.
5.2 Robustness tests

Additionally, to the average marginal effects, we also
estimate the marginal effects at the means. The results
are similar to our baseline results and inferences do not
change, see Table 11 in the Appendix. The impact of case
management slightly increases to 8.1 percentage points.
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Table 9 Separate heterogeneous effects using propensity score matching for different age quartiles
Age Q1
Below 39.36

Age Q2
39.36 to 49.29

Age Q3
49.29 to 56.79

Age Q4
Above 56.79

Total difference

− 0.041
(0.041)

0.119***
(0.042)

0.042
(0.051)

0.219
(0.179)

Difference due to characteristics

− 0.051***
(0.012)

− 0.017
(0.016)

0.008
(0.018)

0.023
(0.025)

Difference due to coefficients

0.01
(0.041)

0.136***
(0.045)

0.034
(0.055)

0.195
(0.178)

Observations

3622

3622

3622

3621

Bootstrapped standard errors, based on 10′000 replications, in parentheses
***

Indicates significance at the 1% level

**

Indicates significance at the 5% level

*

Indicates significance at the 10% level

Table 10 Separate heterogeneous effects using propensity score matching for different income quartiles
Income Q1
Below 48.1

Income Q2
48.1 to 63.7

Income Q3
63.7 to 79.95

Income Q4
Above 79.95

Total difference

0.131
(0.086)

− 0.056
(0.054)

0.102**
(0.048)

0.175***
(0.038)

Difference due to characteristics

− 0.066***
(0.025)

0.011
(0.018)

0.016
(0.015)

0.076***
(0.012)

Difference due to coefficients

0.197**
(0.084)

− 0.067
(0.058)

0.087*
(0.050)

0.099**
(0.040)

Observations

3638

3561

3561

3619

Note: Some of the observations are on the threshold and therefore the number of observations is not equal in the different quartiles
Bootstrapped standard errors, based on 10′000 replications, in parentheses
***

Indicates significance at the 1% level

**

Indicates significance at the 5% level

*

Indicates significance at the 10% level

The descriptive statistics in Table 1 reveal, that for
71.9% of the insured people the cause of disability is
either a problem with the nervous system (31.4%), bones
(23.5%) or an accident (17.0%). To check, whether the
impact is different for these people, we run the logistic
regression including those three causes only, excluding
insured persons whose cause of disability is not of one
of these types. The effect of the causes “Nervous” and
“Bones” changes due to the change of the base cause category to “Accidents”. The gender dummy is insignificant
in this specification. The estimated impact of case management on the reintegration into the labor force is 7.4
percentage points and highly statistically significant and,
therefore, again like our baseline result of 6.8 percentage points. The results can be found in Table 12 in the
Appendix.
Moreover, we re-do the propensity score matching
using the optimal bandwidth based on cross-validation.
√ g−2
Following Frölich (2004) we choose 0 .01 1.2
for
g = 1, . . . , 59 and ∞ as search grid for the bandwidth.
The results do not change.

Insured people in our database who do not reintegrate
into the labor force might pass away or enter retirement pension at one point in time. After this point in
time reintegration is not possible any longer. In order
to check whether they drive the results, we re-estimate
the models by restricting the sample to insured persons
who can potentially be reintegrated throughout a predefined period of time. Inferences again do not change,
see Table 13 in the Appendix.

6 Conclusion
Using exclusive data from a Swiss life insurer we find that
overall, 43.9% of the people that have been incapable to
work could be reintegrated into the labor force market.
The highest reintegration rates are found for people who
are incapable to work due to pregnancy (69.2%) or an
accident (59.9%). The lowest reintegration rates are seen
for people who are incapable to work due to digestion
(26.0%) or circulation (27.5%).
We examine the effectiveness of case management by
analyzing the probability of labor force reintegration

On the effectiveness of case management for people with disabilities

of people with a disability. We estimate the probability using a logistic regression, controlling for several
personal characteristics. Given average personal characteristics, we find that the estimated probability of
reintegration is 6.8 percentage points higher if people
participate in case management. When looking at the
cause of the disability we find that the probability of
reintegration is highest if the cause for the disability is
an accident, followed by a pregnancy causing disability.
Addictions or if disability is caused by an illness related
to the genitals have the third and fourth highest probability of reintegration. Cancer significantly reduces the
probability of reintegration by 13.5 percentage points.
Our results from propensity score matching, which
does not rely on functional form assumptions, indicate
that case management increases the reintegration rate for
those who participate in case management by about 18.9%
or 8.2 percentage points from 43.5 to 51.7%. This estimate
is comparable to the impact of other training programs
like the participation in a provision of skills program for
less than 4 months (Stephan and Pahnke 2011).
Using the Blinder-Oaxaca decomposition for logistic
regressions as well as the semiparametric decomposition based on propensity score matching we show that
the majority of the difference in the reintegration rates
between those who participate in case management and
those who do not, is due to the case management program.
Our estimates show that no more than 15% of the difference is due to differences in the average characteristics.
Strittmatter and Wunsch (2021) study different methods for analyzing the gender pay. Their results indicate
that restricting the functional form how observed wage
determinants and gender may affect wages can have a
large impact on the estimated unexplained gender pay
gap. They show that including wage determinants in a
flexible way is crucial when using a parametric BlinderOaxaca decomposition. With a sufficiently large sample,
however, they find that a flexible matching estimator is
the better methodological choice, as matching does not
restrict the heterogeneity in any way. Following the recommendations of Strittmatter and Wunsch (2021) our
results based on matching are more reliable.
Our robustness tests show that our results are robust
to various specifications. Based on our analysis, we recommend case management as an effective tool for the
employees in order to have a higher probability of reintegrating to the labor market, governments to reduce social
expenses, private insurers to reduce benefit payments and
employers to retain important knowledge in the company.
It is acknowledged that the data does not allow us to
account for several relevant variables. For example, we cannot observe the severity of the disability or the employment history of the people, which could possibly impact the
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estimates of the impact of case management. Another limitation is that the data does not allow us to follow Fredriksson
and Johansson (2008) and apply a survival function matching estimator to estimate the time profile of case management. We cannot address the dynamic treatment selection
problem as we cannot measure the elapsed duration in the
group of people who do not participate in case management.
Also unobserved individual circumstances might positively
(e.g. the need for the money of the job income) or negatively
(disability benefits are higher than unemployment benefits)
impact the chance of reintegration. Another limitation is that
we do not observe whether the comparison group members
have obtained any other support during the time considered.
This can potentially impact our estimates of the effectiveness
of case management (Stephan 2008).
Our positive results may not be directly transferable to
other types of case management, other providers, or countries. The effectiveness of other type of case management is
not always clear in the literature. Even for the same cause,
such as back-pain, some studies find positive effects (Jensen
et al. 2012), while others find no effects (Oestergaard et al.
2020). In addition, there are country-specific differences. In
the Netherlands it was found that better practice guidelines
that promote an activating approach of the occupational
physician to establish faster return-to-work does not result
in an improved reintegration rate (van Beurden et al. 2017).
However, in the Netherlands for a longer sick leave, each
employee is already required to have a rehabilitation consultation. This is not the case for most other countries.
There are also some indisputable rules for successful
case management in all facilities and countries. Interventions of the case manager should be multifaceted and
specific to the individual needs. These range from optimizing the physical and mental health support (Wagner
et al. 2016) to modified working arrangements (Waddell
et al, 2008). In our study, case managers provide holistic
support to the persons with disabilities. This ranges from
support for the search for optimal medical therapies, legal
issues, discussions with the employer, to the integration
into the social network. By focusing on the specific needs
of the person with a disability, we find a strong positive
effect of case management on the reintegration rate.
Future research should try to build on richer data sources
that allow to include all relevant variables. Including these
relevant variables will lead to a further improvement in
understanding the effectiveness of case management. One
interesting work would be to investigate which type of
case management, depending on the cause of the incapacity to work, leads to the highest reintegration rate. From
this analysis best practice recommendations for case
managers could be developed. An improvement in this
domain would be to the benefit of all parties involved.
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Appendix
See Tables 11, 12, 13.

Table 12 Robustness check: Logistic regression for causes
nervous, bones and accident only using average marginal effects
Variables

Marginal effect

Table 11 Robustness check: Marginal effects at the mean
Variables

Logit: Reintegration
Marginal effect

Logit: Reintegration

z-value

Case management

0.074***
(0.025)

3.00

Male

− 0.014
(0.009)

− 1.52

Age in years

− 0.007***
(0.0004)

− 17.10

Time in years since 01/01/2009

− 0.048***
(0.002)

− 24.56
− 23.36

Case Management

0.081***
(0.027)

Male

− 0.027***
(0.009)

− 2.98

Age in years

− 0.009***
(0.0004)

− 22.76

Years since notification

− 0.232***
(0.010)

Time in years since 01/01/2009

− 0.051***
(0.002)

− 30.38

Income in 1000 CHF

0.0005***
(0.0001)

Years since notification

− 0.258***
(0.009)

− 29.35

Cancer

− 0.252***
(0.031)

− 8.14

Income in CHF 1000

0.0004***
(0.0001)

Cause: Nervous

− 0.172***
(0.010)

− 16.57

Cancer

− 0.153***
(0.016)

Cause: Bones

− 0.080***
(0.011)

− 7.42

Cause: Digestion

0.045
(0.028)

1.62

Cause: Genitals

0.200***
(0.027)

7.33

Cause: Nervous

0.105***
(0.018)

5.85

Cause: Perception

0.086**
(0.035)

2.43

Cause: Infections

0.183**
(0.073)

2.50

Cause: Bones

0.213***
(0.018)

11.96

Cause: Metabolism

0.084**
(0.036)

2.37

Cause: Accidents

0.301***
(0.017)

17.38

Cause: Addictions

0.253***
(0.057)

4.41

Cause: Pregnancy

0.266***
(0.041)

6.53

Cause: Others

0.074***
(0.024)

3.13

Number of Observations

18,237

McFadden Pseudo R2

0.127

Standard errors in parentheses
***

Indicates significance at the 1% level

**

Indicates significance at the 5% level

*

Indicates significance at the 10% level

3.04

z-value

3.79
− 9.60

Number of Observations

13,127

McFadden Pseudo R2

0.113

Standard errors in parentheses
***

Indicates significance at the 1% level

**

Indicates significance at the 5% level

*

Indicates significance at the 10% level

4.07
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Table 13 Robustness check: Restricting sample to people who still are able to reintegrate using average marginal effects
Restriction

Coefficient
on case
management

Exclude all cases having been resolved by death or entry into retirement pension

0.064***
(0.022)

Exclude all cases having been resolved by entry into retirement pension

0.067***
(0.022)

Exclude all cases having been resolved by death

0.066***
(0.022)

Keep cases that are resolved either by death or by entry into retirement pension, but where the time between disability and retire‑
ment/death is at least 0.5 year

0.068***
(0.022)

Keep cases that are resolved either by death or by entry into retirement pension, but where the time between disability and retire‑
ment/death is at least 1 year

0.068***
(0.022)

Keep cases that are resolved either by death or by entry into retirement pension, but where the time between disability and retire‑
ment/death is at least 3 years

0.064***
(0.022)

Keep cases that are resolved either by death or by entry into retirement pension, but where the time between disability and retire‑
ment/death is at least 5 years

0.065***
(0.022)

Keep cases that are resolved either by death or by entry into retirement pension, but where the time between disability and retire‑
ment/death is at least 7 years

0.065***
(0.022)

Keep cases that are resolved either by death or by entry into retirement pension, but where the time between disability and retire‑
ment/death is at least 9 years

0.064***
(0.022)

Standard errors in parentheses
***

Indicates significance at the 1% level

**

Indicates significance at the 5% level

*

Indicates significance at the 10% level
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