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Abstract: In light of skilled-labor shortage in nursing, the effect of a change in the wage of nurses on their labor
supply is intensely discussed in recent literature. However, most results show a wage elasticity close to zero. Using
extensive data of former German 9th graders, | analyze the role of the expected wage as an incentive to become
a nurse. To estimate a causal effect, | select controls and their functional form using post-double-selection,
which is a data driven selection method based on regression shrinkage via the lasso. Contrary to common
perceptions, the expected wage plays a positive and statistically significant role in the decision to become a
nurse. Further, understating a nurse's wage decreases the probability of becoming one. Concerning omitted
variable bias, | assess the sensitivity of the results using a novel approach. It evaluates the minimum strength
that unobserved confounders would need to change the conclusion. The sensitivity analysis shows that potential
unobserved confounders would have to be very strong to overrule the conclusions. The empirical results lead to
two important policy implications. First, increasing the wage may help to overcome the shortage observed in
many countries. Second, providing information on the (relative) wage may be a successful strategy to attract
more individuals into this profession.
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1 Introduction

Due to demographic change and technological progress in medicine, the demand for skilled nurses
has increased over the past decades (German Employment Agency 2020). This trend will continue
in the coming years and will further aggravate the lack of nurses. To counteract this development,
it is important to analyze and to undcrstand the cccupational behavicr of nurses. The existing
literature discusses a series of factors that might alleviate the lack of skilled workers. These
include individual preferences of (future) nurses, improving working conditions and increasing
wages. | contribute to this discussion by analyzing the effect of the ex-ante expected wage of
young students on the probability of becoming a nurse. This is particularly interesting for at
least two reasons: First, wages are the most controversially discussed factor in the literature.
Some authors identify it as a very important factor influencing labor supply decisions of nurses
(Hanel et al. 2014, Doiron et al. 2014). However, others suggest that the labor supply of nurses
is relatively inelastic in terms of wages. Factors such as personal attitude and working conditions
seem to play @ much larger role (Shiclds 2004, McCabe et al. 2005). Second, although a central
principle of the human capital theory suggests schooling decisions are made by comparing benefits
and costs (Willis & Rosen 1979, Carncirc et al. 2011}, rescarch on the role of the expected wage

as an incentive for choosing a nursing profession is scarce.

Since there are large differences in earnings depending on the occupational choices, the economic
literature on the effect of the expected wage is rich (Altonji et al. 2016). The majority of studies
agree that the wage has a significant and positive effect on the career choice (e.g. Boudarbat
2008, Montmarquette et al. 2002). Nonetheless, most studics find that preferences and interests
play a larger role in career choice than the wage expectations (Beffy et al. 2012, Arcidiaconc

2004).

In line with the economic literature, the nursing literature suggests preferences and interests to
be the most important factors influencing the decision to become a nurse. In particular, caring
for people is identified as the key reason for choosing the profession (e.g. Wilkes et al. 2015,
Petrucci et al. 2016, Matthes 2019). Concerning the wage, several studies find that it only plays
a minor role in the decision-making process (e.g. McCabe et al. 2005, Bombal! ct a!. 2018, Che
et al. 2010). Bascd on these rosults, policy-makers might be tempted to focus on non-monetary

factors to attract more young people into nursing. However, this contrasts recent work by Hancl



et al. (2014) and Schweri & Hartog (2017). Schweri & Hartog (2017) examine the effect of
ex-ante wage expectations on the decision to pursue a nursing degree (tertiary education) by
using data on healthcarc trainces {upper sccondary cducation) in Switzerland. Therefore, they
analyze the decision on the intensive margin. Their results show that the greater ex-ante wage
expectations of a nursing degree, the higher the probability to pursue such a degree later on. This
indicates that higher wages may attract more students to become a high-skilled nurse. Hanel

et al. (2014) estimate a model of labor supply decisions using data on individuals who hold a

individuals tc enter and to exist occupations. As a result, they find a considerable high wage
elasticity. This differs fundamentally from other work that detect very small elasticities (Shields
2004, Andreassen et al. 2017). These differences can be fully explained by the frequent neglect
of the extensive margin and the exclusive analysis of the intensive margin. Although Hanel ct al.

(2014) d

"
Kl

t account for the choice of becoming a nurse, their results suggest that wages may

O

heavily drive the career choice, i.e. a decision on the extensive margin.

Using extensive panel data of former German 9th graders, this paper sheds further light on the
role of wages in choosing a nursing profession. Evidence focusing on the influence of the wage on
the probability to become a nurse is scarce and relies on the descriptive analysis of self-reported
importance measures. So far, to my best knowledge, the effect of the (ex-ante) expected wage has
only been considered by Schweri & Hartog (2017). However, they only analyze the impact of the
expected wage among healthcare trainees (i.e. intensive margin). The data provides information
on the wages that young studcnts cxpect a nurse, a hairdresser, a motor vehicle mechanic, a
bank clerk, a teacher and a physician to earn. Based on this information, | estimate the effect
of the ex-ante expected wage on the probability to become a nurse among former 9th graders
(i.e. extensive margin). Moreover, | estimate the effect of other factors (e.g. social orientation)
on the probability of choosing the profession of a nurse. This allows to assess the magnitude
of the impact of the expected wage and to fit my results into the recent literature. In addition,
the data contains extensive background information on the individuals before their occupational
decisions. This covers not only educational and parental background but also measures for
personality, competencies, interests and attitudes. Overall, the data allows to observe over 150
characteristics. Hence, under the condition of unconfoundedness, | identify a causal effect of
the expected wage on the probability to become a nurse. By applying the lasso proposed by

Tibshirani (1996), a method that draws coefficients towards zero or exactly to zero, | am able



to select the relevant controls and to model non-linearities in confounding. However, the lasso is
tailored to choose variables such that an outcome is precisely predicted. Therefore, it cannot be
applied directly for variable selection, when the aim is to identify a causal effect. As a solution,
Belloni et al. (2012, 2014b) propose the post-double-selection, which is a two-step procedure to

identify relevant controls and their functional form.

The central assumpticn to identify a causal effect is that no factors affecting the dependent
variable and the variable of interest remain unobserved (unconfoundedness). This assumption is
very strict. Although many potential confounders are available and included in the model, the
assumption may not be credibly fulfilled. First, the occupational choice and formation of wage
expectations are very complex processes. Hence, some unmeasured confounders may be left after
including relevant controls. Second, by using post-double-selection | assume that only a small
subset of all variables affect the career choice and the expected wage (approximate sparsity). If
this assumption is violated, omitted variable bias might become an issue. Hence, | follow a novel
approach by Cinelli & Hazlett (2020) to evaluate the sensitivity of the results regarding omitted
variable bias. For linear models, they propose to assess the minimal strength that unobserved
confounding nceds tc have on the cxpected wage and on the career choice in order to change
the conclusion. To this end, Cinelli & Hazlett (2020) propose a procedure for benchmarking
based on observed covariates. The knowledge about main predictors for career choice or the
expected wage is the crucial premisc for the benchmarking to be valuable. Fortunately, literature
on determinants of wage expectations and factors driving young people into nursing is rich. Thus,

credible benchmarking on observed covariates is possible.

This is by far not the only approach to assess the sensitivity of results. Several approaches
exist. For example, in an influential paper, Oster (2019) proposes a method for computing the
relative degree of selection on observed and unobserved variables to match a given treatment
effect (which is zero, for example). However, thc degree of relative selection is hard to grasp
and interpret. Moreover, the computation requires the specification of the unknown maximum
explanatory power that can be achieved by a regression of the outcome on both observed and
unobserved controls. By contrast, the method by Cinelli & Hazlett (2020) only relies on quantities

that are easy to understand and interpret.

My results show that the expected wage plays & positive, statistically significant role in the

decision to become a nurse. In line with recent literature, individual preferences play a larger role



than the expected wage. Since the career choice is a decision on the extensive margin, my results
are also consistent with those of Hanel et al. (2014). The importance of the extensive margin
is further underlined by the result that effects are driven by young people who do not become a
nurse and underestimate the wage. This mcans that the public perception of wages in nursing
is too low. Therefore, nursing is less attractive than other occupations for which wages are not
systematically understated. To combat the lack of skilled nurses, policy-makers can make the

profession more attractive by increasing the relative expected wage of a nurse.

The remaining paper is structured as follows. Section 2 outlines the methods applied in the
empirical analysis. Section 3 briefly describes the data, the expected wage measures as well as
the control variables. In section 4, | present and discuss the main results of my analysis. Section

5 concludes.

2 Methods

2.1 Post-Double-Selection

The causal effect of the expected wage w; on the probability to become a nurse is estimated by

a partially linear model
yi = Bwi + g(zi) + G, (1)

where y; € {0, 1} denotes the binary choice to become a nurse. The function g(z;) is unknown
and potentially complicated. | approximate it by a linear combination that may include higher

order polynomials and interactions
g(xi) = 0y + ry;, (2)

where r,; is an approximation error. The aim is to estimate 3. In order to conduct inference
about it and interpret it as a causal effect, | need to rely on the assumption of unconfoundedness
E [¢i|wi, Tyi, x;] = 0. It states that all factors that affect the choice y; and the expected wage
w; at the same time must be contained in g(z;). However, it is a difficult task to define a set of
variables to be included in the model and to model their functional form (i.e. what polynomials
and interactions to include). Therefore, | rely on data-driven variable selection and follow the

post-double-selection (PDS) approach proposed by Belloni et al. (2012, 2014b). The lasso is a

4



shrinkage method that imposes a penalty on the size of the coefficients, i.e. shrinks them towards
zero or exactly to zero. This prevents models with many variables that are correlated with each

other from overfitting (Hastie et al. 2009). The lasso is defined as

Alassozmmmfl ( _ o 3
v argmin ] Yi — Yo me% + Z|%| g (3)
=1
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residual sum of squares penalty term

where Z§:1 |v;| imposes the penalty on the size of the coefficients and the parameter A > 0

controls the magnitude of the punishment.

A naive approach to estimate § would be to apply the lasso estimator to equation (1) and to
exclude 3 from the penalty term such that it is enforced to stay in the model. Afterwards one
might use a least-squares regression of the outcome on w; and controls with non-zero coefficients.
However, this approach leads to biased estimates because of omitted variables. The lasso is
designed to learn a forecasting rule of y; given w; and x; and not to learn about the causal
relationship between y; and w; given controls x; (Belloni et al. 2014a). Therefore, lasso cannot
be used off the shelf for the estimation of causal effects. As a solution, Belloni et al. (2012, 20145b)
propose an intuitive and easy-to-implement procedurc. First, the lassc is used to estimate a model
predicting the outcome given x; in equation (4) and a further model predicting thc cxpected wage

given x; in equation (5)

Y = 1w+ €, (4)
w; = 1,0, + ;. (5)

Subsequently, all variables with non-zero coefficients in either of the two models are kept as control
variables in order to estimate B in equation (1) by an ordinary least squares regression. This step
is known as the "post-lasso”. The crucial assumption under which PDS works is approximate
sparsity. It states that the expected wage and the career choice can be approximated by equation
(4) and (5) using only a small number of covariates relative to the sample size. Additional
variables that are considered as important for ensuring robustness, can be included (amelioration
set). The condition is that the amelioration set is not substantially larger than the number of

variables chosen via the lasso (Belloni et al. 2014b).

The choice of A is of importance. With the aim of prediction, standard lasso applications choose A

-validation. , this analysis aimis to de
by cross-validation. However, this analysis aims to describe the relationship between career choice



and the expected wage. If \is too large, only a few variables are selected and omitted variable bias
may occur. If \is too small, the number of variables is very large such that overfitting may become
an issue. Therefore, | follow Urminsky et al. (2016) and use A = 1.103\/LNCI>*1(1 - %),
where N is the number of observations, p is the number of potential controls, ®~! denotes the
inverse cumulative function of the standard rniormal distribution and op the standard deviation
of the residuals of the model. Finaliy, it i1s important to note that the chosen variables are not

interpretable since selection depends on the sample (Mullainathan & Spiess 2017).

2.2 Sensitivity

Even though | have access to an extensive set of potential controls x;, bias due to unobserved
confounders cannot be ruled out. For example, covariates measuring the interests of the individ-
uals might not fully capture all relevant aspects but only a share of it. Moreover, the assumption
of approximate sparsity may be violated. There may exist covariates that are not selected by lasso
but affect both, the expected wage and the decision to become a nurse. Therefore, | make use of
a procedure proposed by Cinelli & Hazlett (2020) to analyze the sensitivity of the results due to
potentially unobserved (non-)linear confounding factors z. In a nutshell, they propose to assess
the sensitivity of the estimatcs by analyzing whcther a confounder is strong enough to change

the conclusion if it is as strong as a very good predictor of y or w.

Conventionally, the omitted variable bias can be written as bias = &5. Hence, & describes the
difference in the linear expectation of the outcome if z; changes by one unit, holding everything
else constant and & describes the difference in linear expectation of the confounder if the variable
of interest changes by one unit, holding everything else constant (Cinelli & Hazlett 2020). Arguing
that both quantities 6 and 4 are hard to grasp, Cinelli & Hazlett (2020) write the conventional

can be exploited for further analysis. Denote Bobs as the observed estimaied effect and B as the
estimated effect from a model controlling unobserved confounding factors, i.e. § = B — bias.

Then, they show that

. ~ 7 h R§~z|w IR12U~z|x
|b2a8‘ = Se(ﬁobs) 1— ég df, (6)
wrz|z

2

2|, stands for the partial R? of regressing y on

where df defines the degrees of freedom, R

z after controlling for w and x and Rﬁwz‘x denotes the partial R? of regressing w on z after
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controlling for x. Further, the standard error ofB can be written as

1_R2~zwa: d
sAe:sAe(ﬁobs)\/l_IgNl" (dfi1>’ (7)

and the adjusted t-statistic is defined as t,4; = B/sAe. Applying these definitions, 3, $e and tadj

can be computed by substituting reasonable values for R§~z\w,x and Rfu~z|x, i.e. the strength of
confounding, into equations (6) and (7). However, actual knowledge about the absolute strength
is seldom available. As a solution, Cinelli & Hazlett (2020) argue that the researcher is often
able to make a statement on the relative strength of potential unobserved confounding, e.g. z
cannot account for as much variation of thc cutcomce as some observed covariate x;. There are
several ways to formalize such claims. | follow Cinelli & Hazlett (2020) and claim that | measure

the key determinant of y and w such that the omitted variable cannot explain as much residual

variance in y or w as this determinant. Define

R? |
ko = 2 — (8)
weayle
RQ
~zlr_jw
ky: Qy ) (9)

weoas|Tjw

where z_; is a vector including all variables contained in x, excluding ;. The ratios k,, and £k,
show how much of the variance in w or y is explained by z relative to the explanatory power of
x;, conditional on all other covariates. In this paper k,, = k, = 1, i.e. | consider the impact of a

confounder z that is as strong as z;. Given k,, and k,, Cinelli & Hazlett (2020) show that

2 2 2 2 r2
Rw~z|x - k”LUwa:rjkp,j Ryrwz\w,:v < k?ﬂ] fyw:pj\x,j,wﬂ (10)

: 2 2
where 7 is a scalar that depends on k,, k,, and waﬂLJ_. Furthermore, fwwmﬂ, denotes
partial Cohen’s f of w on z; and f;~xj|x,j ., denotes partial Cohen’s f of y on x;.! Cinelli &
Hazlett (2020) have shown that these robustness results are exact for a single linear confounder

and conservative for multiple, possibly nonlinear, confounding factors.

It is important to emphasize that this bounding procedure heavily relies on the choice of the
benchmark variable ;. If it is not true that x; is a key predictor of the outcome or treatment,
the bounding is pointless. Hence, domain knowledge is necessary (Cinelli & Hazlett 2020). In the

following, | choose observed covariates that are often discussed in the literature. First, bounding is

I'Note that Cohen's f? is defined as f2 = 1?;2.



based on social orientation. It is the key characteristic of those who become a nurse (e.g. Matthes
2019), while preferences are generally a decisive factor in career choice (e.g. Arcidiacono 2004).
In addition, interests also play an important role in the formation of expected wages (Wiswal! &
Zafar 2015). Second, the professions of the parents play an important role in thc cccupational
choice (e.g. Knoll et al. 2017). Therefore, the results are bounded by an indicator that indicatcs
whcther at least one of the parents is a nurse. Moreover, parents in nursing might inform their
children about thc cxpected wages. Third, an indicator for gender is considered. Females become
nurses much more often than males (Speer 2019). Moreover, gender also plays a crucial role in
wage expectations: females expect lower wages than males (e.g. Brunello et al. 2004, Fernandes
et al. 2020). Fourth, (perceived) ability dctermines the expected wages (Brunello et al. 2004).
Therefore, a measure for ability, namely metacognition, is used tc bound thc rcsults. Note,
that thesc variables have to be part of the model in order to use them as bcnchmark variables.
Hence, the amelioration set contains these four variables, to ensure that they are not excluded

by data-driven variable selection.

3 Data

This study uses Starting Cohort Four (SC4) of the German National Educational Panel Study
(NEPS). The survey collects data on young people who attended the 9th grade in 2010 and has
been followed since (Blossfeld & von Maurice 2011). For several reasons the data is highly suitable
for investigating the role that the expected wage plays in the decision to become a nurse. Since
the data is available frem 2010 tc 2016, the *ransition from school to further education can be
observed in great detail and no retrospective information has to be used. The following analysis
focuses on the choice of the first occupational training, which certainly has a relevant impact on
the further life course. Beyond that, the individuals are asked how much they expect to earn as a
nurse, a hairdresser, a motor vehicle mechanic, a bank clerk, a teacher and a physician.? In order
to define a measure for the expected wage of nurses, the expected wages of all six occupations
are ranked from lowest to highest. If the wage cannot be assigned unambiguously due to ties, the

mean rank is assigned such that the sum of ranks is preserved. Formally, | define the expected

2The following question is asked: ""Now, we are also interested in your estimate of the amount of wages paid

in certain jobs. What is in your opinion the monthly pay of ...7"



wage rank of a nurse as

rank;""™® =1+ Z 1 (w; <w)+0.5 x 1 (w; = wi"™), (11)
wie{si\w?urse}

where 1(+) denotes an indicator function that takes the value 1 if the expression in the parentheses

is true, .S; is the set of surveyed expected wages and w"™¢ is the expected wage of a nurse. Two
further measures of the relative expected wage of a nurse are defined as the ratio between
individual's ¢ expected wage as a nurse and maximum as well as minimum specified wage

nurse

w

nurse, max __ Y3
relwage; =, (12)
w;
X w[]urse
relwage;""™® ™" = ———. (13)
(2 wmln

(2

In addition, | use the expected absolute wage of a nurse.

Based on the ranking measure in equation (11), | can easily assess how close the relative wage
expectations are to reality by computing the deviation from the true ranks. The median wages
reported by German Employment Agency (2018) provide the basis for the true rank. According
to this source of information, the following true ranking from lowest to the highest wage was
established: (1) hairdresser, {2) motor vchicle mechanic, (3) nurse, (4) bank clerk, (5) teacher
and (6) physician. The ranking is utilized to construct a measure that captures the knowledge
about relative wages by adding the absolute deviations of the expected rank of each occupation
rank2®s 9V —|rank>@™®e" — 1| 4 |rank*"aMC — 2| - |rankD™e — 3|+
y (14)
[rankbank clerk 41 1 |papkteacher 5| | |rank?hyS|C|an 6,

where the ranks of each occupation are computed the same way as the rank of a nurse's wage.
Additionally, | can construct indicators that show whether the wage rank of a nurse is overesti-

mated, correctly estimated or underestimated

rank; "™ °¥¢" =1 (rank(""™¢ > 3), (15)
rank;\urse, correct :]l (rank?urse — 3) , (16)
rank;""™* under _q (rank(""™¢ < 3). (17)

Besides information on expected wages, there are other potentially important factors available
that may drive young people into or out of nursing (see Wohlkinger et al. 2011). This enables

me to assess the importance of the expected wage by comparing the effect with other effects



estimated in the literature. A large share of recent work finds that those who become nurses do
not rate the importance of economic factors as important as those who choose another profession.
Therefore, | use a measure of the importance of economic factors (i.e. risk of unemployment
and financial aspects) in choosing a career. Moreover, helping others is considered to be one
of the main driving forces in choosing a nursing profession. Hence, a measure that quantifies
the amount of social interests is used. Finally, | estimate a model that uses an indicator of

self-assessed importance of comfort (i.e. physical working conditions).

Additionally, extensive information about the background, personal characteristics and the (social)
environment of the individuals are measured before they have decided on a career. Such extensive
information is crucial for the identification of causal effects. All potential controls are summarized
in table B1. The exclusion of observations with at least one missing value would lead to a
substantial loss of observations. Therefore, | impute missing values by chained equations (van
Buuren & Groothuis-Oudshoorn 2011). To estimate the impact of the expected wage via equation
(1), | account for non-linearities in confounding by interacting all variables with each other and
by additicnally including fifth order polynomials of non-binary covariates. As a result, 13.878

potential controls are available.

After excluding individuals with extreme wage expectations, missing values in variables of inter-
ests® or with too many missing observations in general®, | observe 7089 individuals that transition

from school to occupational training, of whom 238 chose nursing.

4 Results

4.1 What does the expected wage capture?

Before the results are presented, it is necessary to clarify exactly what the expected wage mea-
sures capture. Individuals are asked to state their opinion on the monthly salary of a nurse.

Consequently, | measure the information about nurses’ wages. This may include knowledge

3That is expected wage, economic and social orientation and importance of comfort.
“*Precisely, | drop observations with over 18 % missing values - that is the 90 % quantile of the share of

missing entries
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about average wages, knowledge of wages according to collective agreements, but also wrong
expectations due to the lack of information or wrong perceptions of wages. This differs from a
large share of the literature on wage expectations that often uses information on realized future
earnings (e.g. Montmarquette et al. 2002, Beffy et al. 2012) or directly asks young people what
they expect to earn after graduation (e.g. Brunello et al. 2004). The question at hand does not
capture beliefs abcut futurc wages based on knowlcdge and perceptions about individual skills.
However, knowledge and perception of skills and knowlcdge about wages may easily get mixed up.
For example, individuals who possess high social skills and therefore want to become a nurse may
inform themselves about wages in leadership positions as they expect to rise fast and earn more
than the average. Further reasons may exist. | address this by having access to an extensive set
of potential controls that measure skills, interests and several other background characteristics.

Therefore, the estimated effects only contain information about wages.

4.2 The role of the expected wage

4.2.1 Descriptive evidence

First, | provide some insights about the univariate relationship between wage expectations and the
choice whether or not to become a nurse. Table 1 depicts the shares of the nurse’s expected wage

ranks reported by nurses and others. The ranks of both groups seem to follow a similar general

Table 1 — Distribution of the expected wage rank

Expected nurse’s wage rank
1 2 3 4 5 6
nurses 5.88 39.07 36.13 13.87 4.62 0.42
others 14.86 48.65 27.63 6.38 196 0.53
all 1455 48,32 27,92 6.63 2.05 0.2

The table depicts the share of the expected wage rank by nurses and others. For the sake of clarity, in the case of ties, the

lower rank is reported.

pattern. Both most often expect nursing to be the second and the third rank. Further, both
rarely expect nurses to have the lowest earnings or expect a rank higher than three. However, the

specific patterns strongly differ. The respective shares of future nurses who expect a rank larger
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than two exceed the shares of the others. Furthermore, the shares for the first and second rank are
smaller among nurses. To gain further insights into the differences in expected wage ranks, table
2 presents the mean differences of the expected wage rank by nurses and others. Table 2 reveals
that, on average, nurses expect a lower rank of the wage earned by hairdressers or mechanics
than others, but expect a larger rank of a nurse’s wage. Interestingly, the average expected ranks
of a bank clerk, teacher and physician are not significantly different between nurses and others.

This means, that expectations only differ for occupations with lower wages.

Table 2 — Differences in expected mean wage ranks by nurses and others

Mean of - Mean of Difference P-values of test for differences in means
others nurses

Expected rank of a... Hy :diff. <0 Hy:diff. =0 Hy:diff. >0

.. barber 1.29 1.16 0.12 1.00 0.00 0.00

.. mechanic 2.74 2.56 0.18 1.00 0.00 0.00

.. nurse 2.46 2.84 -0.39 0.00 0.00 1.00

.. bank clerk 4.53 4.49 0.04 0.73 0.54 0.27

.. teacher 4.41 4.35 0.06 0.83 0.33 0.17

.. physician 5.56 5.58 -0.14 0.40 0.80 0.60

The table depicts the means of expected wage ranks by future nurses and others together with their differences. Further, to

assess if differences are statistically significant, t-tests are conducted.

In figures 1a-1c the remaining expected wage measures are depicted in quantile plots. Figure la
shows the ratio of the expected wage of a nurse and the highest expected wage as defined in
equation (12} Differences in relative expected wages between those who become a nurse and
those who do not, are very clear. Except for the lower and upper end, future nurses expect higher
relative wagcs. Similarities in lower and upper ends indicate that extreme expectations do not
differ systematically between groups. In figure 1b, the distribution of the ratio between a nurse's
expected wage and the lowest expected wage is shown. For non-future nurses the extreme value
at the upper end of the distribution is prominent. However, this appears to be an outlier. In the
remaining distribution, the relative expected wage is larger for future nurses. Differences increase
in higher quantiles. In summary, descriptive evidence consistently suggests that future nurses
expect a higher relative wage than those who do not become a nurse. As figure 1c reveals, not
only the relative expected wage of a nurse is higher for future nurses. At least in quantiles in the

middle, the absolute expected wage is also slightly higher.
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Figure 1 — Continuous expected wage measures
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Each panel depicts a quantile plot of one wage measure. The ratio of the expected wage of a nurse and maximum expected

wage is defined as relwage]"™® ™ = !¢ /uyM2* and ratio of the expected wage of a nurse and minimum expected wage is

nurse, min __ _ nurse min
= wtre /]

defined as relwage;

4.2.2 Results of PDS

The observed descriptive differences may be caused by confounding. For example, those who
have no interests in becoming a nurse may expect a rather low wage (e.g. Wiswall & Zafar 2015).
However, the aim of the analysis is to uncover whether the expected wage plays a role in becoming
a nurse, given the characteristics of the individuals (i.e. equally interested, samc background,
same skills, etc.). As described in section 2, | tackle this issue by using PDS to estimate the
effect of the wage expectation on the probability to become a nurse. The results are depicted in

table 3. Each of the three columns shows the results of an unconditional model, i.e. single OLS,
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and the post-lasso, i.e. a conditional OLS model with controls chosen by double-selection. In the
first column, future nurses are compared to all remaining young people. However, this neglects
the heterogeneity of the impact of expected (relative) wages. Individuals who are interested in
becoming a nurse, e.g. chose a similar occupation, may be more responsive to expected wages
compared to those who have no interest in nursing at all. Hence, in the remaining columns the
sample is restricted regarding the career choices. | compare future nurses to (2) young people
who opted for vocational training and (3) individuals who chose a social field.> Each panel of
the table depicts the results of one of the four expected wage measures described above. The
measures are standardized to have mean 0 and standard deviation 1 such that the results can

easily be compared with other factors in the subsequent section.®

The first panel shows the estimated effects of a nurse's rank on the probability to become a nurse.
Column one compares future nurses to all the remaining individuals in the data. As expected from
the descriptive results in tables 1 and 2, results of the unconditional model show that an increase
of the rank by one standard deviation is associated with a statistically significant increase in the
probability to become a nurse by 1.4 percentage points. When relevant controls are added, | still
observe a statistically significant change by 1 percentage point. The slightly smaller coefficients
of the post-lasso compared to the single OLS model shows that those, who are prone to become
a nurse (e.g. having parents that are nurses and young people that have a social attitude) expect
higher relative wages. The results change only slightly with regard to the comparison group in
column two. Comparing future-nurses with individuals who chose a social field, | find a much
larger effect in both the unconditional and conditional model. These results hint to heterogeneity
in the effect, i.e. larger effects for those who chose a more similar field. Interestingly, the number
of included controls is much smaller when the comparison group only consists of individuals who
chose a vocational training or a social field. However, this is expected since the sample size is
much smaller. Thus, A becomes larger and draws the coefficients of the lasso models stronger
towards zero. Further, the sample in column 1 is more heterogeneous than the ones in column 2

and 3. Therefore, fewer variables may be required to explain differences.’

>Note, comparing future-nurses with youths who chose a vocational training, i.e. did not choose to visit a
university, is motivated by the German education system. Education after school is divided into academic and
vocational training, whereas nursing belongs to the latter kind.

A discussion of the magnitude of the estimates will be given in the next section.

"Note that regarding the choice of variables, mainly interactions are chosen. This hints to strong non-linearities

in confounding and stresses the importance of flexible choice of controls.
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Table 3 — Expected wage of a nurse

(1) (2) (3)
nurse vs. vocational nurse vs. social
nurse vs. all )
training field

Single OLS Post-Lasso Single OLS Post-Lasso Single OLS Post-Lasso

Rank of nurse’s wage

0.014%%% 0.010%%* 0.015%** 0.012%** 0.047%** 0.035%**
(0.002) (0.002) (0.003) (0.003) (0.008) (0.009)
» - 41 - 25 - 13

Nurse’s wage/highest wage

0.011%** 0.006*** 0.009*** 0.006* 0.036*** 0.023***

(0.002) (0.002) (0.003) (0.003) (0.009) (0.009)
D - 38 - 16 - 20
Nurse’s wage/lowest wage

0.009%** 0.008*** 0.011%** 0.011%** 0.025%** 0.022%**

(0.002) (0.002) (0.003) (0.003) (0.008) (0.007)
p ; 24 - 19 - 9

Nurse’s absolute wage

0.002 0.008%** 0.006** 0.011%%* 0.021%* 0.028%**

(0.002) (0.002) (0.003) (0.003) (0.009) (0.009)
P - 29 - 23 - 13
N 7098 4452 1616

The table depicts the results of the effect of the expected wage on the decision to become a nurse. The expected rank of
nurse’s wage is defined in equation (11) and the ratio of expected wage as a nurse and highest/lowest expected wage is
defined in equation (12) and (13) respectively. Standard errors are shown in parentheses. Significance of the coefficient at
conventional significance levels 1%, 5%, 10% are indicated by stars *** ** * regpectively. N indicates the number of

observations and p the number of chosen controls.

The second panel contains the results of the effect of the ratio of an expected nurse's wage and
the highest expected wage. Results for the entire sample in the first column show that even after
controlling for relevant confounders, | find a statistically significant and positive effect on the
probability to become a nurse. Similar to results of the wage rank, the coefficient in the post-
lasso model is smaller than in the unconditional model. The effect stays positive and significantly
different from zero when the comparison group is changed. For those who chose a social field in

column 3, the effect is again much larger. This suggests effect-heterogeneity.

The following panel shows the impact of the ratio of the expected nurse's wage and the lowest
expected wage on the decision to become a nurse. Comparing those who become nurses with all
other individuals, results of the unconditional model show that an increase in the relative wage
increases the probability to become a nurse by 0.9 percentage points. When relevant controls

are included, the probability increases by 0.8 percentage points. Just like the estimates in the
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first and second panel, the results also indicate heterogeneity. The effects become even larger
when the comparison group consists of young people who chose a social field. Figure 1b revealed
that some non-future nurses expect an outlying high ratio between a nurse's wage and the lowest
wage. These outliers do not qualitatively alter the results. Their exclusion, if anything were to

change, would cause even larger effects.

The last panel of table 3 contains the results of the impact of the expected absolute wage on
the probability to become a nurse. After conditioning on relevant controls, | find a statistically
significant effect of the absolute wage on the probability to become a nurse that stays significant
when the composition of the comparison group is changed. Interestingly, in all columns, the
coefficient in the model with no controls is smaller than in the models including controls. Whereas
those who are prone to become a nurse expect higher relative wages, they expect a lower absolute
wage. As observed for the relative wage measures, the effect becomes larger when the comparison

group is restricted to individuals who chose a similar occupation.

In summary, results in table 3 show that even after conditioning on an extensive set of relevant
controls and accounting for non-linearities in confounding, the expected nurse's wage affects the
probability to become a nurse. This holds true for both the relative and absolute wage. Moreover,
| find evidence that effects are heterogeneous. These effects are stronger for individuals who are

more prone to choose a social occupation.

4.2.3 Sensitivity of the post-lasso

As outlined previously, the presence of omitted variable bias may be likely if the assumption
of approximate sparsity is violated or if unobserved confounders remain despite a large set of
controls. To analyze the impact of potential unobserved confounding, | conduct a sensitivity
analysis as described in section 2. The results are shown in table 4. Each panel depicts the
results of one wage measure. As discussed above, | follow Cinelli & Hazlett (2020) and make
use of observed covariates that are strong predictors of the occupatioral choice or the expected
wage to analyze the consequence of potential omitted variaklcs. Columns 2 tc 5 display the
adjusted estimate B and t-statistic ¢,4;. They are obtained when an unobserved confounder, that
explains as much variance in y and w as predefined benchmark variables, is additionally controlled

for. As mentioned above, the variables used to bound the consequences of omitted variable bias
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are (1) gender, (2) parents’ occupation, (3) social interests and (4) metacognition. The first
column indicates whether B and t,q; are computed using only one variable or whether it is based
on all transformations in the model involving the variable. For example, the adjusted estimate
and t-statistic with no transformations are computed under the assumption that an unobserved
confounder that is as strong as gender exists. In contrast, B and t,4; including transformations
are computed by assuming that an unobserved confounder exists, that is as strong as gender and
all interactions that are included in the model and where gender is involved in (e.g. interaction
between gender and math-skills, gender and social interests, etc.). | expect benchmarks that
account for transformations to have a much larger impact than benchmarks of single covariates,
because many transformations are chosen by the lasso. The last column shows the results that
would have been obtained if an omitted variable that explains as much as all four variables

together had been controlled for.

Table 4 — Sensitivity analysis

B @ 3 ) B) ©)
Including Gender: female | Parents nurses | Social interests | Metacognition All
transformations B tadj 3 Ladj 3 tadj B tadj B Ladj
Rank of nurse’'s wage
nurse vs. all No 0.009 443 | 0009 439 |0009 438 | 0010 445 |0.009 4.28
Yes 0.008 3.92 | 0008 387 |0.008 397 | 0009 440 |0.005 238
nurse vs. vocational training No 0.012 375 |0.012 3.78 |0.012 375 |0.012 379 | 0.011 3.62
Yes 0.010 3.19 0.010 3.19 | 0.010 3.26 0.011 3.57 | 0.004 1.20
nurse vs. social field No 0.035 394 | 003 397 |0035 397 | 0035 397 |0.034 385
Yes 0.035 394 |0031 359 |003 397 | 0035 396 |0.030 343
Nurse's wage/highest wage
nurse vs. all No 0.006 277 | 0.006 279 |0.006 274 | 0.006 279 | 0.006 2.62
Yes 0.005 2.44 0.005 2.30 | 0.005 2.29 0.006 2.79 | 0.002 1.12
nurse vs. vocational training No 0.006 185 | 0.006 190 |0.006 1.87 | 0.006 1.90 |0.005 1.70
Yes 0.005 159 | 0005 151 |0.004 1.40 | 0.006 1.88 | 0.001 0.30
nurse vs. social field No 0.023 256 | 0023 257 |0.022 244 | 0023 258 |0.021 240
Yes 0.023 2.56 0.020 2.27 | 0.022 2.44 0.023 258 | 0.018 2.06
Nurse’s wage/lowest wage
nurse vs. all No 0.008 3,57 | 0.007 348 |0.008 357 | 0008 358 |0.007 3.43
Yes 0.007 350 |0.007 3.37 |0.007 3.15 |0.007 354 |0.005 262
nurse vs. vocational training No 0.010 326 |0.010 3.18 |0.010 3.27 |0.010 3.27 | 0.010 3.10
Yes 0.010 3.22 0.010 3.04 | 0.009 2.84 0.010 3.23 | 0.008 2.46
nurse vs. social field No 0.021 2.90 0.022 3.01 | 0.020 277 0.022 299 | 0.019 261
Yes 0.021 290 |0.021 295 |0.020 277 |0.022 299 |0.017 238
Nurse’s wage
nurse vs. all No 0.008 3,52 | 0.007 349 |0.008 351 | 0008 352 |0.007 3.43
Yes 0.006 2.67 0.007 3.21 | 0.007 3.18 0.007 3.52 | 0.003 1.20
nurse vs. vocational training No 0.011 3.43 0.011  3.46 | 0.011 3.42 0.011 343 | 0.011 3.26
Yes 0.008 254 | 0010 318 |0.010 3.10 |0.011 3.42 |0.003 0.81
nurse vs. social field No 0.028 3.12 | 0.027 3.07 |0.028 312 |0.028 312 |0.026 296
Yes 0.025 2.84 0.025 2.85 | 0.028 3.12 0.028 3.12 | 0.019 2.14

The table depicts the results on the sensitivity of the effect of the expected wage on the decision to become a nurse. The

and R?

are computed
y~z|w,z

adjusted t-statistic is based on the adjusted estimate B and adjusted standard errors se. R2w~z|x
as defined in equation (10) setting k., = ky = 1, i.e. unobserved confounders that are as strong as the considered benchmark

variables.
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The first panel depicts the sensitivity of the results regarding the expected rank of a nurse's
wage. The adjusted estimate only decreases slightly and equals 0.009, provided that there exists
an unobserved confounder as strong as gender for which is additionally controlled. The change
in the adjusted t-statistic is very small such that results stay significant at a 1% significance
level. Confounders as strong as parent’s occupation, social interests and metacognition only lead
to minor changes. Even if | additionally control for a confounder that is as strong as all four
benchmark variables combined, the conclusion that the expected wage rank of a nurse significantly
affects the choice to become a nurse is still valid. As expected, adjusted estimates /3 are drawn
to zero by a larger amount when transformations are included. Nonetheless, these changes are
small. The effect decreases to 0.004 if | control for a confounder that is as strong as all four
benchmark variables together and includes all their transformations. It remains significant at the
5%-level. Therefore, the estimated effect is not sensitive to potential unobserved confounding.
A change in the comparison group leads to similar robust results. The only noteworthy change in
the conclusion occurs when the comparison group consists only of those who chose a vocational
training. It is caused by a confounder that is as strong as all four benchmark variables including
their transformations. The adjusted t-statistic shows that if such a confounder exists, there is no

statistically significant effect anymore.

The second panel displays the sensitivity of the results on the ratio between the expected nurse's
wage and the highest wage. The results for the entire sample show that only controlling for a
confounder that is as strong as all four benchmark variables and their respective transformations
has an impact that is large enough to change the conclusion. The effect decreases to 0.002
and is not statistically significant. The sensitivity analysis reveals that the estimated effect is
sensitive when the comparison group consists of individuals undergoing a vocational training. A
confounder as strong as single variables is not strong enough to change the conclusion. However,
a cofounder as strong as gender, parental occupation or interests together with their respective
transformations leads to an effect that is not statistically significant different from zero. It is
evident that a confounder, as strong as all four benchmark variables combined and including
their transformation, leads to an insignificant effect too. The result of comparisons between
nurses and individuals in a social field are not sensitive to any of the considered strengths of

confounding.

The third panel depicts the sensitivity of the ratio between a nurse's wage and the lowest wage.

The results show that no confounder as strong as the considered benchmark variables is strong
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enough to change the conclusion. Even a confounder as strong as all four benchmark variables
together including their transformation does not lead to remarkable changes in the estimated

effect. Similar sensitivity results can also be observed when the comparison group is changed.

The last panel shows how a confounder changes the estimated effect of the expected nurse's
wage. A confounder as strong as a single variable does not have an impact on the estimated
effect. Even a confounder as strong as all four benchmark variables together does not change
the estimated effect. However, the impact of a confounder as strong as all four benchmark
variables including their transformations is considerable. The effect decreases to 0.003 and is not
significantly different from zero. The results are similar when the comparison group is changed.
Comparing nurses to individuals who chose a vocational training, the impact of a confounder as
strong as all four variables combined including their transformations is strong enough to change
the conclusion. The effect substantially decreases to 0.003 and is not significantly different
from zero. Choosing individuals in a social field as comparison group, none of the considered

confounders is strong enough to change the conclusion.

Taking into account that the gender, the parents and the interests are key drivers of occupational
choice, it can be concluded that results of the expected wage rank, the ratio between a nurse's
wage and the lowest wage and the absolute wage are only sensitive to a confounder that is very
strong. Similarly, the results on the effect of the ratio between the nurse's wage and the highest
wage are only sensitive regarding a very strong confounder when comparing nurses to all other
individuals or to those who chose a social field. However, the results are sensitive when nurses
are compared to those who chose a vocational training. If a confounder with a certain strength

exists, only subgroups are affected by the ratio.

4.3 How much do other factors matter?

In order to assess the size of the effects of the expected wage and to obtain some reassurance
about the validity of the data, | compare the effect to other factors discussed in the recent
literature. More precisely, | estimate three further PDS models using the self-assessed importance
of economic factors, social interests and self-assessed importance of comfort aspects instead of
the expected wage. The results are depicted in table 5. To compare the size of the effects
with the effect of the expected wage in table 3, measures are standardized to have mean 0 and
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standard deviation 1.

Table 5 — Relevance of other factors

nurse vs. vocational nurse vs. social
nurse vs. all
training field

Single OLS Post-Lasso Single OLS Post-Lasso Single OLS Post-Lasso

Importance of economic factors

-0.002 0.000 -0.006* 0.000 0.008 0.015
(0.002) (0.003) (0.003) (0.004) (0.008) (0.010)
p - 52 - 31 - 23

Social interests

0.028%%* 0.028%*x 0.042%%x 0.041%xx 0.042%xx 0.052%**
(0.002) (0.003) (0.003) (0.004) (0.010) (0.011)
p - 79 - 58 - 25

Importance of comfort aspects

-0.007*** 20.000%** | -0.010%** 20.012%%* | _0.026%** -0.036%**
(0.002) (0.003) (0.003) (0.004) (0.009) (0.010)

p _ 34 _ 23 _ 14

N 7098 | 4452 | 1616

The table depicts the results of the effect of other factors about nurse's wage on the decision to become one. Standard errors
are depicted in parentheses. Significance of the coefficient at conventional significance levels 1%, 5%, 10% are indicated by

stars ¥*¥* ** * regpectively. N indicates the number of observations and p the number of chosen controls.

| examine the impact of the importance of economic factors on young people’s involvement in
nursing or perhaps even their withdrawal from nursing. The results are depicted in the first
panel of table 5. Independent of the composition of the comparison group, | cannot conclude
that the importance of economic factors plays a role in the decision to become a nurse. This
result replicates findings of recent research: Nurses do not give much weight to economic factors.
However, it is noticeable that future nurses do not weight economic factors lower than other

individuals.

The next panel presents the results on the role of social interests in the decision to become a
nurse. As expected, the results suggest that social interests play an important role in the decision
to become a nurse. This holds true when the comparison group only consists of those who
chose a social field. Compared to the effect of wage expectations, the effect of social interests
is considerably larger (more than twice as large). The finding perfectly fits into both the nursing
and the economic literature. It is often shown that preferences matter the most in the choice
of training (e.g. Arcidiacono 2004, Wiswall & Zafar 2015). Therefore, the result provides some

additional reassurance and further supports the results in table 3.
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Nursing is generally known for its rather exhausting tasks and inflexible working hours. To
investigate the effect of this reputation, | analyze the role of the importance comfort aspects on
the probability of becoming a nurse. The results are presented in the last panel of table 5. They
suggest that the larger the importance of comfort aspects, the lower the likelihood of becoming
a nurse. Interestingly, compared to the coefficients in an unconditional model, the absoluts size
of the coefficients is larger in conditional models. That is, individuals that are more prone to
become a nurse, put less emphasis on comfort aspects in their occupation. In summary, | find
that the size of the effect of the expected wage is smaller than the role of individual interest,
and that the effect of the expected wage has about the same size as the importance of comfort

aspects.

4.4 Assessing wage information

As argued in section 4.1, the applied measures capture the information on wages rather than
on expected wages (including own perceived ability). There may be three reasons for finding
a positive effect of the expected wage. Results can be driven by future nurses who expect
potentially overestimated wages or by non-future nurses that expect potentially underestimated
wages. Moreover, both can occur simultaneously. To this end, | estimate further PDS models.
Instead of the expected wage, | use measures that capture information relative to actual wages.
As discussed above, changing the rank measure to information measures defined in equations

(14)-(17) is straightforward. The results of the analysis are given in table 6.

In the first panel, | consider a measure that captures the general level of information defined in
equation {14). The larger the measure, the higher the deviations from the actual relative wage
and consequently the lower the level of information. The coefficient is standardized in order
to assess its size. The result shows that an increase in the absolute cumulative deviation by
one standard deviation decreases the probability to become a nurse by 0.6 percentage points.
The effect becomes even larger when nurses are compared to those who chose a more similar
occupation. This means that those who become a nurse can rank surveyed wages more precisely
than those who do not become a nurse. Hence, | conclude that future nurses are well informed

about relative wages.

In the remaining panels the effect of overestimation in equation (15), correct estimation in
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Table 6 — Information about nurse's wages

nurse vs. all nurse vs. vocational nurse vs. social
training
Single OLS Post-Lasso Single OLS Post-Lasso Single OLS Post-Lasso
Cumulative absolute deviation to true ranks
-0.004** -0.006*** -0.012%** -0.008** -0.017** -0.023**
(0.002) (0.002) (0.003) (0.003) (0.008) (0.009)
P - 45 - 35 - 17
Nurse’s wage rank overestimated
0.042%** 0.033*** 0.041*** 0.038*** 0.144%** 0.111%**
(0.006) (0.006) (0.006) (0.009) (0.024) (0.025)
p - 40 - 17 - 18
Nurse’s wage rank correctly estimated
0.007 0.002 0.010 0.002 0.008 0.008
(0.005) (0.005) (0.008) (0.008) (0.020) (0.019)
p - 15 - 10 - 9
Nurse’s wage rank underestimated
-0.026%** -0.018*** -0.032%** -0.024%** -0.082%** -0.061***
(0.004) (0.004) (0.008) (0.007) (0.018) (0.017)
P - 27 - 13 - 9
N 7008 | 4452 | 1616

The table depicts the results of the effect of information about nurse's wage on the decision to become one. The measures are
defined in equations (14)-(17). The true ranking is: (1) barber, (2) motor vehicle mechanic, (3) nurse, (4) bank clerk, (5)
teacher and (6) physician. The cumulative absolute deviation to true ranks is standardized. Standard errors are reported in
parentheses. Significance of the coefficient at conventional significance levels 1%, 5%, 10% are indicated by stars *** ** *

respectively. N indicates the number of observations and p the number of chosen controls.

equation (16) and underestimation in equation (17) on the probability to become a nurse is
analyzed. The results show that overestimation of the nurse's rank increases and underestimation
of the nurse's rank decreases the probability to beccme a nurse. Correct estimation does not
affect the probability of becoming a nurse. These results remain statistically significant after
controlling for an extensive set of confounders chosen by double-lasso-selection (e.g. general

interests).

On the one hand, the results indicate that future nurses more often overestimate and less often
underestimate the expected wage of a nurse. On the other hand, future nurses rank wages more
in accordance with the true wages. Descriptive results in table 1 give further insights that are
crucial for the interpretation of these seemingly contradicting results. The share of individuals
who expect that nursing has the lowest wage among all six surveyed wages is much higher among

non-future nurses than among future nurses (15% vs. 6%). In general, the share of individuals
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that underestimate the wage of a nurse is large (63%). Even a significant share of future nurses
underestimate the wage (45%). In contrast, the share of those who overestimate a nurse's wage
rank is low (13%). Furthermore, the comparison of mean expected wage ranks between future
nurses and others in table 2 shows that there is only a significant difference in the expected
rank of the three occupations with the lowest wages, i.e hairdresser, mechanic and nurse. There
are no significant differences concerning occupations with higher wages, i.e. the expected wage
rank of a bank clerk, teacher and physician. Therefore, | conclude that future nurses do not
have exceptionally high wage expectations, but individuals who do not become a nurse have
expectations that are too low. Even future nurses often expect relative wages that are too low.
In summary, the analysis suggests that the perception of a low wage in nursing among young

people may be an obstacle to attract more individuals to nursing.

5 Conclusion

This paper investigates the policy relevant question of whether and how wage information influ-
ences individual career choices to become a nurse. To this end, | used state-of-the-art methods
for causal machine learning (post-double-selection, Belloni et al. 2014a) and sensitivity analysis
(Cinelli & Hazlett 2020). My analysis does not use retrospective information that is potentially

plagued by reverse causation, but longitudinal data fcllowing O-th graders up to their decision

whcther or not to cnter nursing training.

| report two sets of substantive findings. First, contrary to common perceptions, individuals’
expectations about the wages in nursing do influence the probability of taking up nursing. The
size of the effect is smaller than the effect of individual preferences but similar to other factors
such as comfort aspects. Second, | show that understating the true rank of wages in nursing
decreases the likelihood of starting a nursing career. My sensitivity analysis shows that potential
unobserved confounders would have to be very strong to overrule these conclusions. The empirical
results lead to two important policy implications. First, boosting wages in nursing may help to
overcome the shortage observed in many countries. Second, providing more accurate information
about actual (relative) wages in nursing would also help to attract more individuals into this

profession.
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A Tables

Table Al — Summary statistics of potential controls

Variable Mean Standard Deviation Min Max Number of
Non-Missing Values

Demographic
Gender: female 0.4978 0.5000 0.0 1.0 7089
Migration background 0.1035 0.3047 0.0 1.0 7089
Opportunities
Higher secondary track 0.3957 0.4890 00 10 6907
in 9th grade
Competencies
Science 0.1561 0.9793 -2.6 5.3 6985
Mathematics 0.2077 1.2220 -4.4 4.6 7002
Information and communication technology  0.1461 0.9002 -3.3 4.1 6989
Reading 34.6639 8.3705 0.0 51.0 7003
Reading speed 0.1577 1.2019 -4.0 3.3 6950
Metacognition 0.8185 0.1175 0.0 1.0 6965
Attitude to school & school performance
Math grade: over average 0.5445 0.4981 00 10 6981
(class)
German grade: over average 0.5083 0.5000 0.0 10 7016
(class)
Grade: math 2.8770 0.9989 1.0 6.0 6981
Grade: german 2.8077 0.7970 1.0 6.0 7016
Ever retent a grade 0.1534 0.3604 0.0 1.0 6984
School concept: german 2.9434 0.6233 1.0 4.0 7022
School concept: math 2.5750 0.9186 1.0 4.0 6993
School concept: general 2.9264 0.5630 1.0 4.0 7019
Interests in math 2.2180 0.7900 1.0 4.0 6862
Interests in german 2.1874 0.8047 1.0 4.0 6865
Personality & behavior
Big Five: artistic 2.7984 1.3196 1.0 5.0 7070
Big Five: crticize 2.8645 1.0243 1.0 5.0 7068
Big Five: easy-going/lazy 3.2171 1.1723 1.0 5.0 7074
Big Five: nervous 2.8271 1.0795 1.0 5.0 7066
Big Five: imaginative 3.7465 1.0257 1.0 5.0 7062
Big Five: relaxed 3.2995 1.0612 1.0 5.0 7072
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Table Al continued from previous page

Big Five: cautious/relaxed

Big Five: sensitive

Big Five: sociable

Big Five: thorough

Big Five: trusting

Considerate
Gets mobbed
Has friends
Helpful

Kind to younger

Likes to help
Loner

Popular

Global self-esteem

Likes to share

Gets along with adults

Good as others

Be a failure

Good qualities

No pride

Positive attitude towards

myself

Satisfied with myself

No good

Feel useless

Be at least as valuable

as others

TenFlex: flexible

TenFlex: persistent

Religious

Disadvantage:
Disadvantage:
Disadvantage:

Disadvantage:

secondary

Disadvantage:

Disadvantage:

gender
foreign name
foreign looks

lower

head scarf

overweight

2.6416
3.8503
3.5319
3.5920
3.3983
2.6108
1.1665
2.8863
2.6887
2.4744
2.2183
1.4503
2.3546
2.4496
2.5696
1.6721
3.9471
1.6985
3.9625
2.0150

3.9402

3.9442
2.3150
1.8723

4.0033

16.0394
18.4130
2.2474
0.0740
0.3457
0.3505

0.7906

0.5563
0.2038

29

1.1134
0.9112
0.9446
0.9284
1.0098
0.5218
0.4243
0.3434
0.4996
0.5924
0.5872
0.6032
0.5770
1.1497
0.5503
0.6596
0.7928
0.9576
0.7622
0.9865

0.9088

0.8371
1.0705
1.0089

0.9849

3.2374
2.9034
0.8976
0.2617
0.4756
0.4772

0.4069

0.4969
0.4028

1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0

1.0

1.0
1.0
1.0

1.0

5.0
5.0
1.0
0.0
0.0
0.0

0.0

0.0
0.0

5.0
5.0
5.0
5.0
5.0
3.0
3.0
3.0
3.0
3.0
3.0
3.0
3.0
5.0
3.0
3.0
5.0
5.0
5.0
5.0

5.0

5.0
5.0
5.0

5.0

25.0
25.0
4.0
1.0
1.0
1.0

1.0

1.0
1.0

7071
7068
7061
7071
7068
7011
6980
7000
6997
6992
6994
6986
6940
7004
7005
6990
7068
7045
7060
7059

7056

7078
7053
7057

7054

7007
7063
6810
6341
6411
6400

6620

6052
6370



Table Al continued from previous page

Disadvantage: bad german 0.8574 0.3497 0.0 1.0 6583
Family & career planning

Important to form family 0.6812 0.4661 0.0 1.0 7085
Child before age 25 0.2307 0.4213 0.0 1.0 7079
Moving away for training 0.4160 0.4929 0.0 1.0 6019
Satisfaction

Satisfaction with life 7.5462 1.9546 0.0 10.0 7089
Satisfaction with living 8.0068 1.8901 0.0 100 7089
conditions

Satisfaction with family 8.3861 2.1703 0.0 10.0 7089
Satisfaction with friends 8.6148 1.8390 0.0 10.0 7089
Satisfaction with school 6.8558 2.2203 0.0 10.0 7089
Satisfaction with health 8.3168 2.0770 0.0 10.0 7089
Leisure

Time gaming 3.0198 1.5115 1.0 6.0 6910
Time reading 3.1293 1.4694 1.0 5.0 6927
Visiting museum 2.2284 1.0784 1.0 5.0 7057
TV-shows: science 1.9890 0.7473 1.0 4.0 7024
Books: science 1.4038 0.6478 1.0 4.0 7024
Web: science 1.7473 0.7735 1.0 4.0 7012
Magazines: science 1.7091 0.7909 1.0 4.0 7013
Science club 1.1463 0.4802 1.0 4.0 7020
Course: music 1.7950 0.4037 1.0 2.0 7089
Number of books 3.9537 1.4359 1.0 6.0 7064
Meaning of work and interests

Importance of comfort aspects 4.6524 0.9508 1.0 6.0 7089
Importance of economic aspects 5.1635 0.7465 1.0 6.0 7089
Importance of expressive aspects 4.9322 0.6508 1.0 6.0 7052
[ILS-Interests: social 3.0449 0.9829 1.0 5.0 7089
[ILS-Interests: conventional 2.5018 0.8550 1.0 5.0 7057
IILS-Interests: art 2.5329 1.0149 1.0 5.0 7065
IILS-Interests: analytical 2.6614 0.9723 1.0 5.0 7076
IILS-Interersts: practical 2.8324 1.0586 1.0 5.0 7066
IILS-Interests: business 3.0338 0.8357 1.0 5.0 7060
Parental background

Parental education (highest): 0.2918 0.4546 0.0 10 5450

studied
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Parental education (highest):

0.1970 0.3978 0.0 1.0 5452
university entrance quali.
Household income per capita 859.8624 392.4184 200.0 2666.7 4198
Parental occupation (at least one

0.5144 0.4998 0.0 1.0 5476
parent): MINT
Parental occupation (at least one

0.5338 0.4989 0.0 1.0 5476
parent): business
Parental occupation (at least one

0.0942 0.2922 0.0 1.0 5476
parent): care
Parental occupation (at least one

0.1348 0.3415 0.0 1.0 5476
parent): health
Parental occupation (at least one

0.1715 0.3770 0.0 1.0 5476
parent): education
Parental occupation (at least one

0.0197 0.1391 0.0 1.0 5476
parent): hairdresser
Parental occupation (at least one

0.0499 0.2177 0.0 1.0 5476
parent): banking
Parental occupation (at least one

0.0268 0.1616 0.0 1.0 5476
parent): automotive mechanic
Parental occupation (at least one

0.0575 0.2329 0.0 1.0 5476
parent): teacher
Parental occupation (at least one

0.0247 0.1551 0.0 1.0 5476
parent): physician
Broken home 0.0900 0.2862 0.0 1.0 6832
Behavior and values of parents
Discuss books 1.8053 1.0344 1.0 5.0 6930
Discuss movies 3.2535 1.1332 1.0 5.0 6928
Discuss politcs 2.5871 1.2831 1.0 5.0 6943
Discuss arts 1.5531 0.9378 1.0 5.0 6950
Importance to maintain mother's

3.6373 1.3416 1.0 5.0 6515
status (education)
Importance to maintain father's

3.6483 1.3606 1.0 5.0 6381
status (education)
Importance of grads 4.3354 0.8863 1.0 6.0 7015
Importance of parent’s opinion 3.9303 0.9589 1.0 5.0 7013
Gender role: duties in

3.2081 0.8462 1.0 4.0 6032
household
Gender role: technology 2.7174 0.8996 1.0 4.0 5937
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Gender role: politics 3.2233 0.8659 1.0 4.0 6883
Gender role: earning money 1.8850 0.9479 1.0 4.0 6992
Gender role: occupations 3.0044 0.9044 1.0 4.0 6991
Importance career 4.0437 1.1019 0.0 5.0 7004
Importance to maintain mothers

3.7709 1.2631 1.0 5.0 6966
status (occupation)
Importance to maintain fathers

3.7208 1.2600 1.0 5.0 6923
status (occupation)
Expectations of son: living close 2.0428 0.7851 1.0 4.0 6334
Expectations of son:

2.5314 0.9255 1.0 4.0 6536
housekeeping
Expectations of son: financially

1.8419 0.8128 1.0 4.0 6235
support younger siblings
Expectations of daughter:

2.2826 0.8827 1.0 4.0 6295
living close
Expectations of daughter:

2.8661 0.8996 1.0 4.0 6475
housekeeping
Expectations of daughter: financ-

1.8036 0.7886 1.0 4.0 6104
ially support younger siblings
Expectations to study 0.4272 0.4947 0.0 1.0 6645
Costs of lower secondary degree 3.3527 1.1535 1.0 5.0 6941
Costs of middle secondary degree 3.7966 0.8572 1.0 5.0 6914
Costs of higher secondary degree 3.9547 1.0164 1.0 5.0 6908
Social environment
Organization: sports 0.6558 0.4751 0.0 1.0 6990
Organization: religion 0.2136 0.4099 0.0 1.0 6946
Organization: culture 0.1434 0.3505 0.0 1.0 6932
Friends: share migration

2.6436 1.3255 1.0 7.0 7085
background
Friends: share ambitious 3.1854 0.7628 1.0 5.0 7012
Friends: share try 2.7581 1.0162 1.0 5.0 7068
Friends: share don't care 2.5054 0.9814 1.0 5.0 7012
Friends: important to have a

3.6128 0.8680 1.0 5.0 7066
career
Class: share migration

2.6724 1.1206 1.1206  7.01 6979
background
Class: share ambitious 3.0810 0.7637 1.0 5.0 6999
Class: share try 2.4859 0.9372 1.0 5.0 7065
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Class: share don't care 2.7202 0.9269 1.0 5.0 6987
School

Teacher: further education 3.1783 0.9487 10 50 5681
about voc. orientation

Contact: organization 3.6825 0.9318 1.0 5.0 5603
Contact: firms 3.9968 0.9016 1.0 5.0 5642
Programs for voc. orientation 4.1166 0.9513 1.0 5.0 5704
Contact: counseling 3.8845 0.9966 1.0 5.0 5669
Contact: local network 3.6833 1.1447 1.0 5.0 5671
Parental support in voc. 3.6765 0.9647 10 50 5685
orientation

Testing of interests 4.2433 1.7749 1.0 6.0 5474
Individual support plans 2.5473 1.5010 1.0 6.0 5375
Voc. orientation by teachers 4.9588 1.6463 1.0 6.0 5458
Practice: writing applications 5.7043 0.9610 1.0 6.0 5523
Practice: job interview 5.1684 1.4346 1.0 6.0 5468
Train social competencies 4.3466 1.8184 1.0 6.0 5366
Assisted internship 5.1491 1.6617 1.0 6.0 5487
External counseling 4.6583 1.7494 1.0 6.0 5502
Voc. orientation in institutions 3.4604 1.9691 1.0 6.0 5426
Individual counseling 3.1498 1.6759 1.0 6.0 5499
Individual support by career 5 2650 15128 10 6.0 5390
choice assistance

Support by educators 2.0501 1.1373 1.0 6.0 5472
Regional and labor market characteristics

Share age 15 to 25 11.7035 0.7721 9.9 14.4 7072
Firm density 42.0207 39.1636 24 186.7 7072
Regional unemployment rate 2.4753 1.0799 1.0 4.0 7072
Residence in east-germany 0.1251 0.3308 0.0 1.0 6835
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