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B.1 Supplementary Tables

Table B.1: Causal Effects of Start-up Subsidy and Bridging Allowance on Labor

Market Outcomes and Fertility for Female Participants - 40 years or younger

Start-up Subsidy vs. Bridging Allowance vs.
Non-Participation Non-Participation

West East West East
Germany Germany Germany Germany

Number of observation

Treated 429 163 227 119

Controls 525 239 525 239

Self-employed or regular employed

Effect after 56 months 26.3∗∗∗ 27.2∗∗∗ 25.2∗∗∗ 24.8∗∗∗

(0.000) (0.000) (0.000) (0.002)

Total cumulated effect (
∑56

t=1, in months) 27.4∗∗∗ 27.1∗∗∗ 21.9∗∗∗ 24.3∗∗∗

(0.000) (0.000) (0.000) (0.000)

Income measures

Monthly working income 253∗∗ 215 496∗∗∗ 496∗∗

(0.018) (0.212) (0.004) (0.016)

Monthly equivalent income 143 297∗∗ 694∗∗∗ 472∗∗∗

(0.196) (0.016) (0.002) (0.000)

Share with at least one maternity/parental leave within the observation window

Total effect within month 1-56 −5.3 6.4 −6.1 −3.5

(0.182) (0.303) (0.204) (0.611)

Self-employed, regular employed or in maternity/parental leave

Total cumulated effect (
∑56

t=1, in months) 26.0∗∗∗ 27.7∗∗∗ 20.1∗∗∗ 22.2∗∗∗

(0.000) (0.000) (0.000) (0.000)

Notes: Depicted are average treatment effects on the treated as the difference in outcome variables between

participants and non-participants 40 years or younger. P-values for hypothesis testing are reported in

parentheses and are based on bootstrapped t-statistics using 499 replications (as suggested by MacKinnon,

2006). Statistical significance at the 1/5/10 %-level is denoted by ***/**/*.

Employment and fertility outcomes: Results are differences in %-points unless otherwise stated.

Income measures: Results are differences in e (net) measured 56 months after start-up and rely on a

reduced sample size due to missing observation in income variables. Equivalent income: See Table 4 in

the paper for definition of equivalent income.
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B.2 Details on Sensitivity Analysis

This supplementary appendix contains detailed information to the sensitivity analysis

as presented in Section 5.4 in the paper. The sensitivity analysis consists of two parts:

In the first part, we test the general robustness of our results by applying alternative

matching procedures and more restrictive common support conditions. In the second part,

we explicitly check the robustness of our results with respect to unobserved heterogeneity.

The second part is particularly important given that the CIA would be violated (and

the results would be biased) if participants and non-participants would differ in terms of

unobserved characteristics after having matched on observed characteristics. We check the

robustness of the results with respect to unobserved heterogeneity by additionally including

information on individual risk preferences, applying conditional difference-in-difference

(to take time-invariant unobserved heterogeneity into account) and using a simulation

approach that artificially introduces an unobserved term and tests the robustness of the

results. Below we discuss each testing strategy in detail and summarize the estimated

ATTs for each testing strategy in Table B.2 and B.3 where we concentrate on three outcome

variables: “self-employed or regular employed”, “working income” and “fertility”.1 To ease

the comparison to our main results, both tables also contain our main results (from Table

5 in the paper) at the top.

B.2.1 General Robustness Tests

Alternative Matching Procedure: To estimate our main results, we apply Kernel-

matching by using an Epanechnikov Kernel with an optimally chosen bandwidth parameter

(BW) based on leave-one-out cross validation. Given that the choice of the BW might

significantly affect the results (Caliendo and Kopeinig, 2008), we test the sensitivity of our

results in this regard and apply a remarkably larger (smaller) bandwidth of three times

(one-third) of the bandwidth used in the main analysis (compare Table 7 in the paper).

Huber, Lechner, and Wunsch (2013) have shown that the larger BW works best in their

simulation study. It can be seen in Panel A in Table B.2 that our main results seem to be

very robust.

Furthermore, we check the sensitivity of the results with respect to matching directly

on the most significant covariates in the propensity score estimation. As we can see in Ta-

ble 6 in the paper, it seems that in particular two covariates (unemployment duration and

benefit level/receipt) play an important role in determining the treatment participation.

Including these variables in the estimation of the propensity scores does not guarantee that

individuals with the same unemployment duration are matched given that the variables

are only a subset of all variables. Therefore, to put greater emphasis on these covariates

and to avoid specification problems which might not be correctly covered by the func-

tional form of the probit estimation, one possibility is to directly match on these variables

1The results hardly differ for other outcome variables and depicting only three of them eases clearly
the exposition.
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before running propensity score matching.2 The low number of observation in our sample

prevents us from matching participants and non-participants on the exact unemployment

duration or the level of unemployment benefits. Therefore, we define binary variables based

on unemployment duration (≤/> three months) and benefit receipt (with/without) and

match on them instead so that we have a sufficient number of observations within each

cell. Again, due to the low number of observation we can either match on unemployment

duration or benefit receipt but not simultaneously. The resulting estimator can be written

as:

τMAT
ATT,Direct =

1

N1

2∑
j=1

τMAT
j ·N1

j (B.1)

where τMAT
j is then estimated in each cell following Equation 2 in the paper (including

the estimation of the propensity score). The cell-specific estimators are finally weighted

by the number of treated within each cell N1
j (divided by the total number of treated

N1) to yield the aggregate estimator τMAT
ATT,Direct. For instance, matching directly on un-

employment duration means that we only match participants and non-participants with

the same unemployment duration (≤/> three months) which improves the alignment of

participants and non-participants. Panel A in Table B.2 shows the resulting effects. It can

be seen that the results hardly differ compared to the main results, except the effects on

fertility which are anyhow imprecisely estimated.

In addition to testing different specifications of the Kernel estimator, we further provide

results using an alternative matching estimator. The advantage of using Kernel-matching

is that all control observations are used to construct the counterfactual outcome which

lowers the variance of the estimate. However, as mentioned by Caliendo and Kopeinig

(2008), the advantage is a disadvantage at the same time as each participant will be

matched to all non-participants even if those are actually bad matches. The distance in

terms of propensity scores between participants and non-participants mirrors their com-

parability and using for each participant only controls who have close values of propensity

scores might have an influence on our results. We therefore apply radius matching with

regression-based bias adjustment as proposed by Lechner, Miquel, and Wunsch (2011).

This estimator has been shown to perform best on average within the simulation study by

Huber, Lechner, and Wunsch (2013). Compared to the traditional radius matching esti-

mator, control observations within a certain caliper receive individual weights depending

on the treated-control distance in terms of the propensity score, and a weighted regression

is used to correct the weighted mean of the outcome in the control group (see Lechner,

Miquel, and Wunsch, 2011, for the exact matching protocol).3 The results using this es-

timator are shown at the bottom of Panel A in Table B.2. Again, the employment and

income effects are very robust, and the results on fertility remain statistically insignificant.
2The approach is based on “perfect alignment” as suggested by Fitzenberger and Speckesser (2007) who

match directly on the month of treatment start to take dynamic sorting effects during unemployment into
account.

3To implement this estimator in STATA, we use the command radiusmatch.ado as provided by Huber,
Lechner, and Steinmayr (2013). Furthermore, we use default parameters to define the caliper as suggested
by their simulation study.
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Common Support Condition: Another approach to increase the comparability be-

tween participants and non-participants, is to shrink the overall common support4. Black

and Smith (2004) show that a lingering selection on unobservables will have its largest

effects on bias for values of the propensity score in the tails of the distribution. Matching

estimators rely on the right tail of the distribution of propensity scores in the comparison

group and therefore might be biased. We restrict the common support in four different

ways. First, Huber, Lechner, and Wunsch (2013) show the high importance of trimming

control observations which are far away from the treated. Therefore, they suggest to re-

move control individuals whose share of the sum of all weights is larger than t%, where

t is arbitrarily chosen depending on the distribution of the weights. After removal of

control individuals, also treated observation which are then off support are dropped. We

implement their trimming rule and set t = 1%. Second, we adopt an approach by Black

and Smith (2004), who estimate the effects only in a “thick support” region defined by

0.33 < P̂ (W ) < 0.67. Third, we divide the propensity score distribution into ten deciles

and estimate the effects only in regions where we have a density of at least 5% in both

groups (participants and non-participants) respectively. Fourth, following a more objective

measure suggested by Crump, Hotz, Imbens, and Mitnik (2009), we restrict the analysis

to a subset of the original sample by dropping individuals with propensity scores outside

an optimal common support range (α < P̂ (W ) < (1 − α)) and estimate the optimal

subpopulation average treatment effects (OSATE). The optimal cut-off point α is deter-

mined by balancing two opposing impacts on the variance term of the estimated effect:

while the variance increases due to the smaller sample size, the variance also decreases as

participants with covariate values outside the range of the non-participants are excluded.

The results are available in Panel B in Table B.2. It can be seen that the estimates

based on more restrictive common support conditions are quite similar to our main results

in terms of the employment and income measures; fertility outcomes remain statistically

insignificant. This indicates that our results are not driven by the thin upper tail of the

PS distribution, i.e., by a small number of control individuals receiving large weights.

B.2.2 Robustness Tests with respect to Unobserved Heterogeneity

Influence of Risk Preferences: Previous research has shown that entrepreneurs differ

in many aspects compared to the general population. While we control for most of these

aspects already in the PS estimation (such as age, education, self-employed parents etc),

there might still be personality traits which are not captured yet. For instance, “Animal

spirits” in the Schumpeterian sense will probably be more pronounced within the treat-

ment group, even after controlling for observed characteristics and previous labor market

experience. One often cited and used proxy for such spirits are attitudes towards risk. An

entrepreneur has to make risky decisions in uncertain environments and hence more risk-

averse individuals are less likely to become entrepreneurs (see e.g. Caliendo, Fossen, and

Kritikos, 2009). Therefore, missing the information on risk preferences in the matching

routine might violate the CIA given that an unobserved difference between participants

4Restricting the estimation sample in such a way lowers external validity of the estimate, but probably
enhances internal validity (Imbens and Wooldridge, 2009).
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and non-participants might remain even after controlling for all the other observed char-

acteristics.

In the second interview wave (28 months after start-up), risk preferences of participants

and non-participants were recorded (on a scale ranging from zero, complete unwillingness,

to ten, complete willingness to take risk). Including this variable in the propensity score

estimation might be problematic given it was measured after the decision to join the

program and start a business. Hence, reverse causality might be an issue here, where the

experience in the 28 months between starting the business and the interview might have

an influence on the attitudes towards risk. This is why we do not include risk preferences in

the final PS estimation. However, recent research (see, e.g., Dohmen et. al, 2007) indicates

that risk attitudes are stable over time, so that we decided for the sensitivity analysis to

include risk preferences in the PS estimation (in addition to our main specification) and re-

estimate the ATT using this extended specification. The variable is highly significant in the

score estimation. Matching results are presented in Panel A of Table B.3. Results hardly

change indicating that risk preferences are captured to a large extent by characteristics

already included in our main specification.

Conditional Difference-in-Difference: We further test the sensitivity of the results

with respect to time-invariant unobserved differences between participants and non-par-

ticipants by implementing conditional difference-in-differences (DID) which was initially

suggested by Heckman et al. (1998). This allows for unobservable but temporally invariant

differences in outcomes between participants and non-participants, which obviously relaxes

the CIA. It extends the conventional DID estimator by defining outcomes conditional on

the propensity score and using semiparametric methods to construct the estimate. If the

parameter of interest is ATT, it can be written as:

τCDID
ATT = E(Y 1

t − Y 0
t′ |P (W ), D = 1)− E(Y 0

t − Y 0
t′ |P (W ), D = 0). (B.2)

where (t) is the post-treatment and (t′) the pre-treatment period.

Before using such an approach, one has to determine the reference level for the be-

fore/after difference. For the outcome variable “self-employed or regular employed”, we

choose three different time periods for the comparison. In the first approach (DID1) we

use the time period from July 1998 to June 2003, i.e., the five-year employment history

before entering the program. For the first outcome variable, we sum the months not spent

in unemployment; whereas for the second, we sum the months spent in paid employment.

In additional, we restrict the reference period to the latest 2.5 years (DID2, January 2001-

June 2003) as well as the earliest 2.5 years (DID3, July 1998 to December 2000). To

construct the DID estimate with respect to working income, we use the average monthly

income in 2002 as the reference level (DID4). We cannot provide estimates with respect

to the fertility outcome using DID as we have no information on periods spend in ma-

ternity/parental leave for the pre-treatment period. The estimated values of τCDID
ATT are

depicted in Panel B in Table B.3. As we can see, the picture is quite similar to the previous

tests. The results are very stable.
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Simulation Approach Using the DID estimator already relaxes the identifying assump-

tion by allowing for time-invariant unobservable differences between both groups. Since

it is not possible to test the CIA directly with non-experimental data, we now addition-

ally use a simulation approach as suggested by Ichino, Mealli, and Nannicini (2008). This

approach consists of simulating an unobserved component and testing to which degree of

unobserved heterogeneity results are robust. To construct such an unobserved component,

this approach simulates an unobserved confounder by adapting the distribution of an ob-

servable variable. Since we exactly know the influence of the observable characteristics on

selection from the probit-estimation, we have a direct linkage to the potential unobserved

leverage for the interpretation. Note however, that this approach does not answers the

question whether the CIA is fulfilled, but it conveys information on the robustness of the

results with respect to unobserved heterogeneity. The resulting estimated values of τMAT
ATT

given the existence of a confounder with a certain distribution are shown in Panel C in

Table B.3. The results are almost identical compared to our main results (with the excep-

tion of the fertility results in East Germany).5 Finally, based on the results from all three

robustness tests, we are very confident that our main effects are robust with respect to

unobserved heterogeneity.

5It has to be mentioned that for the case of BA this test is not as strong as for SUS as the confounder
“parental self-employment” is not statistically significant in the probit-estimation (compare Table 6 in the
paper).
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Table B.2: General Robustness Tests

Start-up Subsidy vs. Bridging Allowance vs.
Non-Participation Non-Participation

West Germany East Germany West Germany East Germany

Main results (compare Table 5 in the paper)

SE or RE (
∑56

t=1) 26.8 (0.000) 29.2 (0.000) 22.2 (0.000) 22.9 (0.000)
Working income (e/month, t = 56) 153 (0.054) 344 (0.000) 255 (0.048) 270 (0.022)
Fertility -1.1 (0.541) 2.8 (0.409) -1.5 (0.573) -0.9 (0.756)

A) Alternative matching procedure
Kernel matching: Alternative bandwidth BW/3

SE or RE (
∑56

t=1) 26.9 (0.000) 28.7 (0.000) 22.4 (0.000) 20.4 (0.000)
Working income (e/month, t = 56) 146 (0.078) 313 (0.026) 259 (0.042) 168 (0.265)
Fertility -1.2 (0.519) 2.7 (0.507) -1.9 (0.473) 2.6 (0.475)

Kernel matching: Alternative bandwidth 3*BW

SE or RE (
∑56

t=1) 26.2 (0.000) 28.2 (0.000) 22.0 (0.000) 25.9 (0.000)
Working income (e/month, t = 56) 118 (0.186) 339 (0.002) 418 (0.000) 328 (0.006)
Fertility -1.4 (0.461) 2.9 (0.347) -1.8 (0.461) 1.0 (0.764)

Kernel matching: Extended by direct match on unemployment duration

SE or RE (
∑56

t=1) 27.6 (0.000) 29.2 (0.000) 21.3 (0.000) 21.0 (0.000)
Working income (e/month, t = 56) 153 (0.024) 223 (0.054) 192 (0.174) 260 (0.038)
Fertility -2.1 (0.864) 6.6 (0.010) -0.8 (0.567) 3.5 (0.148)

Kernel matching: Extended by direct match on unemployment benefit receipt

SE or RE (
∑56

t=1) 26.6 (0.000) 29.1 (0.000) 22.6 (0.000) 19.9 (0.000)
Working income (e/month, t = 56) 154 (0.038) 372 (0.000) 263 (0.032) 390 (0.000)
Fertility -2.4 (0.854) -0.5 (0.731) -6.3 (0.978) -2.5 (0.733)

Radius matching as proposed by Lechner, Miquel, and Wunsch (2011)

SE or RE (
∑56

t=1) 28.1 (0.000) 28.9 (0.000) 22.1 (0.000) 18.4 (0.000)
Working income (e/month, t = 56) 194 (0.038) 385 (0.010) 344 (0.030) 380 (0.016)
Fertility 0.7 (0.804) 4.4 (0.180) -1.7 (0.657) 3.7 (0.411)

B) Common support condition
Trimming as suggested by Huber, Lechner, and Wunsch (2013)

SE or RE (
∑56

t=1) 27.5 (0.000) 30.4 (0.000) 21.4 (0.000) 22.9 (0.000)
Working income (e/month, t = 56) 141 (0.110) 412 (0.006) 232 (0.098) 359 (0.056)
Fertility -2.2 (0.216) 8.8 (0.074) -2.3 (0.409) -2.4 (0.208)

Thick support 1 - 0.33 < P̂ (W ) < 0.67

SE or RE (
∑56

t=1) 28.5 (0.000) 32.2 (0.000) 18.6 (0.000) 21.3 (0.000)
Working income (e/month, t = 56) 133 (0.251) 302 (0.062) 96 (0.677) 246 (0.106)
Fertility -1.6 (0.465) 3.1 (0.519) -4.8 (0.218) -1.8 (0.764)

Thick support 2 - F(P̂ (W)>5%)

SE or RE (
∑56

t=1) 28.5 (0.000) 32.1 (0.000) 19.8 (0.000) 24.3 (0.000)
Working income (e/month, t = 56) 159 (0.132) 380 (0.030) 97 (0.575) 253 (0.096)
Fertility -1.8 (0.369) 4.8 (0.293) -4.9 (0.124) -0.7 (0.864)

Optimal subpopulation (OSATE)

SE or RE (
∑56

t=1) 26.9 (0.000) 29.4 (0.000) 21.9 (0.000) 22.4 (0.000)
Working income (e/month, t = 56) 145 (0.076) 359 (0.002) 205 (0.154) 267 (0.022)
Fertility -1.8 (0.275) 2.9 (0.381) -1.2 (0.581) -0.9 (0.814)

Note: Depicted are average treatment effects on the treated as the difference in outcome variables between participants
and non-participants. Thereby, the outcome variable “self-employment or regular employment” (“share with at least one
maternity/parental leave within the observation window”) is depicted by “SE or RE” (“Fertility”). P-values for hypothesis
testing are reported in parentheses and are based on bootstrapped t-statistics using 499 replications (as suggested by
MacKinnon, 2006). SUS - Start-up subsidy, BA - Bridging allowance, NP - Non-participation.

8



Table B.3: Robustness Tests with respect to Unobserved Heterogeneity

Start-up Subsidy vs. Bridging Allowance vs.
Non-Participation Non-Participation

West Germany East Germany West Germany East Germany

Main results (compare Table 5 in the paper)

SE or RE (
∑56

t=1) 26.8 (0.000) 29.2 (0.000) 22.2 (0.000) 22.9 (0.000)
Working income (e/month, t = 56) 153 (0.054) 344 (0.000) 255 (0.048) 270 (0.022)
Fertility -1.1 (0.541) 2.8 (0.409) -1.5 (0.573) -0.9 (0.756)

A) Influence of risk preferences

SE or RE (
∑56

t=1) 26.6 (0.000) 28.5 (0.000) 21.6 (0.000) 21.5 (0.000)
Working income (e/month, t = 56) 160 (0.034) 414 (0.000) 237 (0.060) 261 (0.038)
Fertility -1.0 (0.559) 4.1 (0.192) -0.9 (0.754) -1.5 (0.723)

B) Conditional difference-in-difference

CDID1: SE or RE (
∑56

t=1) 25.8 (0.000) 28.9 (0.000) 22.5 (0.000) 22.0 (0.000)

CDID2: SE or RE (
∑56

t=1) 25.6 (0.000) 29.0 (0.000) 22.1 (0.000) 21.2 (0.000)

CDID3: SE or RE (
∑56

t=1) 25.0 (0.000) 28.7 (0.000) 22.3 (0.000) 21.0 (0.000)
CDID4: Working income (e/month, t = 56) 146 (0.092) 415 (0.000) 149 (0.283) 135 (0.301)

C) Simulation Approach
Confounder with an influence like (compare PS estimation in Table 6 in the paper)

1) Duration of previous unemployment (≥ 1 month - < 3 months)

SE or RE (
∑56

t=1) 26.8 (1.4) 29.9 (2.1) 22.1 (2.0) 23.4 (2.1)
Working income (e/month, t = 56) 156 (86) 392 (144) 257 (145) 317 (151)
Fertility -1.1 (1.8) -0.2 (4.4) -1.5 (2.9) -2.5 (5.4)

2) Parents are/were self-employed

SE or RE (
∑56

t=1) 26.8 (1.4) 28.8 (2.2) 22.0 (2.0) 22.9 (2.2)
Working income (e/month, t = 56) 157 (86) 377 (145) 252 (144) 306 (149)
Fertility -1.2 (1.8) -0.3 (4.4) -1.5 (2.8) -3.8 (5.6)

Note: The outcome variable “self-employment or regular employment” (“share with at least one maternity/parental leave within
the observation window”) is depicted by “SE or RE” (“Fertility”). P-values for hypothesis testing are reported in parentheses
and are based on bootstrapped t-statistics using 499 replications (as suggested by MacKinnon, 2006). SUS - Start-up subsidy,
BA - Bridging allowance, NP - Non-participation.
Conditional difference-in-difference: The reference levels for the pre-treatment period are defined as follows: CDID1: July 1998-
June 2003; CDID2: January 2001-June 2003; CDID3: July 1998-Dec. 2000; CDID4: Average monthly total income in 2002.
Simulation approach: Depicted are average treatment effects on the treated estimated by assuming the presence of unobserved
heterogeneity with an influence like selected confounders. Results are achieved by using sensatt.ado (Nannicini, 2007). We report
standard errors in parentheses which are based on bootstrapping with 200 replications (given that bootstrapping p-values is not
possible using sensatt.ado).
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B.3 Details on Weighting Procedure to Correct for Selec-

tion Bias due to Panel Attrition

The implementation of the survey introduced a selection bias due to panel attrition, i.e.,

individuals who perform relatively well in the labor market tend to remain in the survey.

This induces the problem that observations in the third interview are not representative

towards the population who participated in the initial interview. Given that we need

to use the third interview wave to run our analysis (as this provides a sufficiently large

observation window), we have to correct this endogenous panel attrition. We do this by

using a weighting procedure that is based on weighting surviving observations with the

sequential inverse participation probability, i.e., the inverse of the individual probability

to participate in the survey until the third interview.

The sequential participation probability will be calculated as the product of the single

probabilities to participate in the second and third interview. To illustrate the calculation

let us introduce some technical terms. As described in Section 3.2 in the paper, the survey

used in this study consists of two subsequent interview waves, i.e., wave 2 and 3. Let sik
denote an individual response indicator, taking the value 1 for an individual i who gave

an interview in wave k = 2, 3 and 0 otherwise. In addition, we have two different sets of

observable characteristics available. First, we observe a vector of general pre-determined

information collected in the administrative data (X0), which is observable for all units

independent of their response behavior. Second, we observe survey variables collected in

wave 1 (X1) and wave 2 (X2). While X1 is observed for all units in wave 1, X2 is only

observable for individuals who gave an interview in wave 2 (si2 = 1). Based on the available

information, we estimate the following wave-specific participation probabilities pik using

probit regression:

pi2 = Prob(si2 = 1|xi0, xi1) (B.3)

pi3 = Prob(si3 = 1|xi0, xi2, si2 = 1) (B.4)

Thereby, pi2 is the probability to participate in the second interview and pi3 the proba-

bility to participate in the third interview conditional on having participated in the second

interview (si2 = 1). The results are shown in Table B.4 and B.5 respectively.

Insert Table B.4 and B.5 about here

The product of both probabilities yields the sequential participation probability p̂i
which gives the estimated individual probability to participate in the survey until the

third interview:

p̂i =

3∏
t=2

p̂it (B.5)

The inverse of the sequential participation probability p̂i is then used to correct the

observed values in the third interview yi3:

ŷi3 = Nŵi∑N
i=1 ŵi

(yi3|si2 = si3 = 1) , with ŵi = si3
p̂i (B.6)
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This weighting method assumes that drop outs are random conditional on observable

characteristics (xit für t = 0, 1, 2) included in the regression model. Therefore, it is impor-

tant to have a large vector of observable characteristics available making the weighting

procedure a valid strategy. The data at hand allow us to control for both general char-

acteristics from the administrative data such as age, education and labor market history,

and also interview-specific information collected during the survey which might be relevant

for interview participation such as labor market activity and household characteristics at

different times (see Table B.4 and B.5 for full set of variables). This large set of variables

makes us confident that the conditional on observables assumption is fulfilled in our case.

Finally, we note that all results depicted in Table 3 and 4 in the paper are weighted

using the inverse of the sequential participation probabilities, i.e., we present ŷi3 instead

of yi3.
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Table B.4: Estimation of Panel Attrition: Participation in Wave 2 vs. Drop-out in Wave 2

Participants Non-participants

Start-up Subsidy Bridging Allowance

West East West East West East

Variables measured at program entry in the 3rd quarter 2003 (xi0)

Age bracket (Ref.: 18 to 24 years)

25 to 29 years 0.623∗∗ 0.062 0.282 -.070 -.260 -.093

30 to 34 years 0.184 0.086 0.577∗ 0.015 0.003 0.048

35 to 39 years 0.404∗ 0.099 0.509 0.06 0.112 -.063

40 to 44 years 0.492∗∗ 0.025 0.728∗∗ 0.036 0.098 0.107

45 to 49 years 0.65∗∗∗ 0.21 0.523 0.064 0.204 0.008

50 to 64 years 0.671∗∗∗ 0.3 1.332∗∗∗ 0.051 0.231 0.219

Marital status (Ref.: Single)

Married -.009 -.060 -.041 -.020 -.044 -.102

Number of children in household (Ref.: No children)

One child -.124 0.063 -.238 0.012 -.094 -.022

Two or more children -.424∗∗ 0.183 -.511∗ 0.017 0.097 -.022

Health restriction that affect job placement -.245 -.467 -.277 0.266 0.501

Nationality (Ref.: German)

Non-German 0.051 0.085 -.287∗∗ -.014 -.019 -.128

Desired working time (Ref.: Part-time)

Full-time -.054 0.175 -.468∗∗ 0.026 -.137 -.040

School achievement (Ref.: None)

Lower secondary school 0.768∗ -.608 -.031 -.046 0.144 -5.871∗∗∗

Middle secondary school 0.839∗∗ -.553 0.307 -.095 0.287 -6.041∗∗∗

Upper technical secondary school 0.573 -.397 -.034 -.016 0.303 -5.596∗∗∗

Upper secondary school 0.926∗∗ -.411 0.367 -.016 0.301 -5.496∗∗∗

Occupational group (Ref.: Technical/Manufacturing)

Agriculture -.175 0.14 0.517 -.040 -.067 0.293

Technical occupation 0.392 0.336 0.426 -.017 -.137 -.488

Services -.099 0.215 0.09 -.0008 -.067 0.035

Others 0.072 0.143 0.221 0.034 -.010 0.043

Professional qualification (Ref.: Workers with tertiary education)

Advanced skilled workers -.029 -.173 -.265 0.093 -.246 0.055

Skilled workers -.038 -.073 0.202 0.056 -.161 -.058

Unskilled workers -.097 -.030 -.216 0.06 -.388∗∗∗ -.202

Duration of previous unemployment (Ref.: < 1 month)

≥ 1 month - 3 months 0.132 -.026 0.193 -.075 0.208 0.26

≥ 3 months - < 6 months -.187 0.092 0.006 -.0002 0.253 0.379

≥ 6 months - < 1 year 0.132 0.116 0.311 -.043 0.084 0.416

≥ 1 year - < 2 years -.037 -.019 0.242 0.01 -.020 0.421

≥ 2 years -.026 0.275 0.675 -.087 0.281 0.202

Professional experience (Ref.: Without professional experience)

With professional experience 0.223∗ -.083 -.102 -.030 0.119 0.149

Duration of last employment (in months) -.0008 -.00007 -.0004 -.0004 0.001 -.002

Number of placement offers -.011∗ 0.003 -.004 -.004 -.002 0.039∗∗∗

Daily income from regular employment

in first half of 2003 (in e) 0.005 0.003 0.002 -.00008 -.002 0.006

Table continued.
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Table B.4 continued.

Participants Non-participants

Start-up Subsidy Bridging Allowance

West East West East West East

Labor market status before unemployment (Ref.: Employed)

Self-employed -.011 -.072 -.158 -.089 -.319 0.224

School, apprenticeship, never employed before -.024 0.124 -.058 -.051 0.012 0.194

Unemployable -.228 0.023 -.253 -.026 -.165 -.299

Others, but at least once employed before 0.262∗ 0.209 -.179 -.006 -.103 0.157

Others -.110 -.112 -.453 0.439

Regional cluster (Ref.: I a)

I b -.048 0.003 -.167

I c -.149 -.003 -.404∗

II a -.318 -.100 0.187 -.055 -.784∗∗∗ -.619∗∗∗

II b 0.092 0.241 0.014

III a 0.201 0.649 -.067

III b 0.208 0.257 -.137

III c 0.192 0.136 -.074

IV -.038 0.659∗ -.138

V a

V b 0.136 0.248 -.126

V c -.086 -.113 -.303

Variables measured at first interview (xi1)

Self-employed 0.188 0.021 -.112 -.010 -.079 0.08

Household size (Ref.: Single)

2 individuals 0.108 0.01 0.116 -0.22 0.005 0.255

3 individuals 0.364∗∗ -.84 0.551∗∗ -.24 0.217∗ 0.149

4 or more individuals 0.581∗∗∗ -.077 0.651∗∗ -.023 0.179 0.3

Months not in unemployment since program entry 0.021 -.003 0.052∗ -.001 -.004 -.003

Months in self-/employment since program entry 0.01 -.002 0.006 -.002 0.007 -.021

Constant -1.599∗∗ 0.623∗∗∗ -1.081 0.669∗∗∗ 0.07 5.815

Number of Observations 990 381 519 267 1433 622

Pseudo R2 0.081 0.045 0.128 0.011 0.04 0.078

Log-likelihood -547.115 -204.313 -265.549 -146.534 -930.264 -381.118
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Table B.5: Estimation of Panel Attrition: Participation in Wave 3 vs. Drop-out in Wave 3

Participants Non-participants

Start-up Subsidy Bridging Allowance

West East West East West East

Variables measured at program entry in the 3rd quarter 2003 (xi0)

Age bracket (Ref.: 18 to 24 years)

25 to 29 years 0.775∗∗ -.062 -.270 -.074 0.246 0.508

30 to 34 years 0.409 0.091 0.366 -.037 0.25 0.855∗∗

35 to 39 years 0.662∗∗ 0.191 0.355 -.042 0.41 1.025∗∗

40 to 44 years 0.791∗∗ 0.015 0.375 -.052 0.067 0.697∗

45 to 49 years 1.028∗∗∗ 0.209 0.817∗ -.069 0.318 1.001∗∗

50 to 64 years 0.986∗∗∗ 0.248 0.875∗ -.086 0.436 1.117∗∗∗

Marital status (Ref.: Single)

Married 0.233∗ 0.018 0.06 0.025 0.101 0.137

Number of children in household (Ref.: No children)

One child -.104 -.041 -.321 0.004 0.089 -.159

Two or more children -.187 -.143 -.104 -.007 0.118 -.400

Health restriction that affect job placement 0.069 0.129 0.302 0.03 0.02 -.037

Nationality (Ref.: German)

Non-German -.130 -.008 -.012 0.009 -.024 -.032

Desired working time (Ref.: Part-time)

Full-time -.147 0.053 -.265 0.025 -.255∗∗ 0.088

School achievement (Ref.: None)

Lower secondary school 0.173 -.350 -.700 0.051 0.412 -.177

Middle secondary school 0.611 -.164 -.568 0.041 0.507 0.346

Upper technical secondary school 0.552 -.368 -.568 0.062 0.592 0.267

Upper secondary school 0.513 -.113 -.538 0.05 0.725 0.094

Occupational group (Ref.: Technical/Manufacturing)

Agriculture -.545 -.265 0.516 -.064 -.278 0.577

Technical occupation -.974 0.18 0.005 -.024 -.412 0.156

Services -.904 0.007 0.421 -.029 -.233 0.289

Others -.586 -.166 0.882 -.038 -.205 -.119

Professional qualification (Ref.: Workers with tertiary education)

Advanced skilled workers -.041 0.292 -.055 0.002 -.039 -.040

Skilled workers -.400∗∗ 0.128 0.03 -.016 0.065 -.350

Unskilled workers -.317 0.11 -.284 -.022 -.180 -.536

Duration of previous unemployment (Ref.: < 1 month)

≥ 1 month - 3 months 0.076 -.243 -.023 0.0009 0.284 -.622

≥ 3 months - < 6 months -.188 -.181 0.338 -.012 0.482 -.303

≥ 6 months - < 1 year 0.11 -.012 0.0006 -.013 0.422 -.511

≥ 1 year - < 2 years 0.339 -.162 0.591 -.002 0.442 -.680

≥ 2 years 0.158 0.068 0.573 0.004 0.108 -.653

Professional experience (Ref.: Without professional experience)

With professional experience 0.337∗∗ -.023 -.034 -.018 -.254∗ -.297

Duration of last employment (in months) -.001 -.002 0.001 -.00005 0.002 -.004∗

Number of placement offers -.002 -.004 -.017 -.0009 0.002 -.011

Daily income from regular employment

in first half of 2003 (in e) -.0007 0.0008 -.003 -.0002 -.001 -.003

Table continued.
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Table B.5 continued.

Participants Non-participants

Start-up Subsidy Bridging Allowance

West East West East West East

Labor market status before job-seeking (Ref.: Employed)

Self-employed 0.044 0.159 -.771∗ -.014 0.275 -.609∗

School, apprenticeship, never employed before -.309 0.064 -.438 -.024 -.249 0.02

Unemployable 0.227 0.04 0.286 -.008 0.128 -.404

Others, but at least once employed before -.438∗∗ 0.051 -.0005 -.045 -.155 0.222

Others 0.405 0.046

Regional cluster (Ref.: I a)

I b -.031 -.015 -.064

I c -.017 -.010 0.022

II a -.072 0.431 -.010 0.274 0.09

II b 0.122 -.008 -.523∗∗

III a 0.008 -.333 -.169

III b 0.079 -.271

III c 0.333 -.159 -.195

IV 0.15 -.176 -.420

V a 0.144

V b 0.209 -.194 -.489∗

V c 0.15 0.108 -.275

Variables measured at second interview (xi2)

Self-employed -.089 -.047 -.045 -.017 0.011 -.058

Household size (Ref.: Single)

2 individuals 0.112 -.051 0.018 -.016 -.246∗ -.043

3 individuals -.056 0.024 0.28∗ -.008 0.061 0.086

4 or more individuals 0.338 0.033 -.355∗ -.011 -.020 0.223

Months not in unemployment since program entry -.018 -.001 -.003 -.0007 -.006 -.007

Months in self-/employment since program entry 0.02 -.001 -.004 -.0006 0.0004 -.004

Constant -.072 0.358∗∗∗ 0.174∗∗ 0.365∗∗∗ 0.285 0.543∗∗∗

Number of observations 700 286 377 208 838 381

Pseudo R2 0.101 0.026 0.089 0.002 0.067 0.101

Log-likelihood -413.222 -180.316 -229.132 -134.582 -481.778 -209.072
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