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Abstract

The long-term negative effects of unemployment, especially on subjective well-being, have been indicated by many
studies. Therefore, unemployment and its effects on the individual life course must remain an important challenge for
social policy. Many studies have focused on the cognitive component of subjective well-being, i.e., life satisfaction,
and have analysed in particular its development during the unemployment period. The trajectory is usually character-
ized by the effects of anticipation, reaction and adaption. Studies have shown different findings regarding the shape
of the effect development. The present study discusses the effect development in greater detail and analyses whether
the development of the effect is different depending on unemployment experience using longitudinal data from the
German Socio-Economic Panel (SOEP) and applying fixed effects regressions. The findings of this study support a
non-linear effect development, which begins with the anticipation of unemployment. The trend can be described by a
linear function and polynomials up to the fifth degree. The introduction of a model according to modern causal analysis
and the interpretation of the dynamic development of the counterfactual outcomes are the secondary focuses of the
study. A detailed discussion of causal assumptions and necessary control variables is needed to reveal the effect of
unemployment on life satisfaction. The SOEP provides information about employment status on a monthly basis. This
study shows possibilities for using this information for the construction of control groups and treatment groups and

analyses with ideal episode patterns.
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1 Introduction

In the present study, the overall research question is as follows: What is the impact of unemployment on life satisfac-
tion (LS), which is the cognitive component of subjective well-being (SWB)? This analysis has great social relevance.
Job loss has long-term and differing negative effects on the individual life course. It has long-term effects on the
baseline of SWB, increases the poverty risk, increases the probability of future job losses, etc. A great number of
studies have analysed the effect of unemployment on SWB with different focuses. Some findings are already well
documented. Many studies have shown that unemployment decreases SWB (Winkelmann and Winkelmann 1998;
Lucas et al. 2004; von Scheve et al. 2017). The previous SWB baseline is not achieved during unemployment and not
after the unemployment period has ended (Clark et al. 2001; Lucas et al. 2004; Clark et al. 2008; Knabe and Rétzel
2011; Clark and Georgellis 2013; Hahn et al. 2015). In particular, Clark et al. (2008) showed non-linear SWB-devel-
opment over the duration of unemployment. Furthermore, research has shown that unemployment events are antici-
pated (Clark et al. 2008). In contrast, Scheve et al. (2017) found no anticipation effects. The focuses of this study
consist of three parts: (1) a discussion of causal relationships and dynamic outcome developments; (2) a discussion of
how the control group and treatment group periods must be constructed; and finally, (3) a more detailed discussion
of the shape of the development of the unemployment effect. Regarding (1), a causal model of the effect of unem-
ployment on LS from a panel perspective with fixed effect (FE) estimations is introduced. Recent research has indicated
that some further causal assumptions are needed to consider whether FE estimations are used (Morgan and Winship
2015; Imai and Kim 2016; Vaisey and Miles 2016). Directed Acyclic Graph (DAG) analysis (Pearl 2013) is used to
discuss the causal relationships among treatments, outcomes (observed and unobserved), time-varying confounders
and unobserved time-constant heterogeneity. Finally, dynamic outcome development is discussed to identify the pos-
itive or negative trends that biased the causal effect. Regarding (2), the second aim of this study is to discuss how the
periods of the control and treatment groups must be constructed if employment status information is available on a
monthly basis. It could be that there are some unemployment periods in the years of employment and employment
periods in the years of unemployment, which can be observed between two interview times. The findings between
models with ideal patterns and non-ideal patterns are compared in the analysis. Regarding (3), the main focus is on
the development of the effect of unemployment on LS over time. Which functional shapes do anticipation, reaction

and adaption effects have together?



What is the beginning of the unemployment effect: the reaction or the anticipation? When is the strongest unemploy-
ment effect? In this study, the assumed trajectory of the unemployment effect is described by different functions
(linear, quadratic, etc.). Furthermore, whether the findings differ depending on the level of unemployment experience
is analysed. The section entitled Theories and Hypotheses discusses the underlying theoretical assumptions (SWB
concept; Social Production Function (SPF) theory; deprivation approach). In the section entitled Data and Methods,
the longitudinal data used are presented. Furthermore, the chosen analysis methods (FE estimations with specific
adjustments such as the use of control group information) and the causal analysis of the effect of unemployment on
LS (DAG analysis; interpretation of the dynamic development of the counterfactual outcome) are presented. Subse-
quently, the complex dataset construction (the construction of the control and treatment group, the differentiation
between ideal and non-ideal patterns of treatment group periods, etc.) and the variable operationalization are explained
in the section entitled Dataset construction and variable operationalization. Finally, after the presentation of the uni-
variate and multivariate findings, the Discussion section summarizes the overall findings and provides an outlook on

further research questions.

2 Theories and hypotheses

First, the concept of SWB must be explained (Diener 1984). SWB is commonly known as an overall category, provid-
ing information about how individuals assess their lives as a whole. SWB is a subjective assessment of objective life
conditions. Changes in life conditions change the subjective assessment. Therefore, SWB measures the consequences
or effects of changes in objective life conditions. The assessment of SWB consists of an affective component and a
cognitive component. The focus is on the more cognitive component and therefore on the LS. LS is a global judgement
about the actual life situation. This judgement is based on permanent information and is relative to chosen social
comparison standards. The SPF theory is used to explain the stability of and changes in SWB. The assessment of LS
is based on information about the attainment of five instrumental goals: stimulation, comfort, status, behavioural
confirmation and affection. Depending on resources, certain activities can be undertaken to satisfy these instrumental
goals. Negative events, such as unemployment, reduce the availability of necessary resources. Instrumental goals
cannot be achieved, resulting in a decrease in SWB (Diener 1984; Veenhoven 2008; von Scheve et al. 2017).

The effect of unemployment on LS can be explained using the deprivation approach of Jahoda (1981, 1982) Jahoda

and Brandt (1986).



To become unemployed means that instrumental goals, such as status or stimulation, are not achieved compared to

the previous status (explained by Jahoda using the material and non-material impacts of unemployment?).

H1 To become unemployed, compared to not becoming unemployed, decreases LS.

If individuals become unemployed, they will attempt to find substitute resources (e.g., time used for family and
friends). Unemployment has a great effect on different resources and activities. Complete compensation for the loss
of satisfaction due to unreached instrumental goals is unlikely. Changes in SWB, as a consequence of great negative
events such as unemployment, are long-lasting and persistent. Individuals will not achieve the previous SWB baseline:
(1) within the unemployment duration (Clark et al. 2001; Lucas et al. 2004; Clark et al. 2008; Knabe and Rétzel 2011;
Oesch and Lipps 2011; Clark and Georgellis 2013); or (2) immediately after the unemployment period (Lucas et al.
2004; Knabe and Ratzel 2011). Regarding (1), it does not mean that there is no substitution of unavailable resources
or constant/linear falling of SWB. The adaption process of SWB during unemployment is a complex trend (Georgellis
et al. 2008). After a certain time of falling (first reaction, problems with the acceptance of unemployment and no
suitable substitute resources), SWB will increase again (acceptance of unemployment and the use of more suitable
substitute resources to satisfy instrumental goals), and a continuous process will occur, followed by alternate up and
down movements (the finding of a new, reduced baseline of SWB or a possible habituation effect). Regarding (2), the
cognitive assessment of SWB s still influenced by the negative effects of unemployment and is better known as the

scarring effect of unemployment (Clark et al. 2001).

H2 The development of the negative effect of unemployment on LS over time comprises a
decrease in satisfaction immediately after unemployment sets in, followed by an increase and a

subsequent phase of continuous up and down movements.

In addition to the previously discussed reaction and adaption effects, anticipation effects can also appear (Uglanova
and Staudinger 2013; O’Donnell et al. 2015; von Scheve et al. 2017). For several reasons (e.g., expiring contracts) it
is possible that an individual anticipates his or her unemployment status and the forthcoming reduction of important

resources needed to satisfy instrumental goals.

! Compare the remarks of Esche (2017) for a more detailed overview and for an account connected with SPF theory.



H3 The negative unemployment effect on LS can be observed before the beginning of unemploy-

ment as a result of anticipation.

Actually, the aforementioned theoretical assumptions (especially the deprivation approach of Jahoda) are more fo-
cused on employed individuals. Employment is a multifunctional resource in which resource income has an important
function. The definition of the actual living standard regarding income and its function to satisfy different instrumental
goals (especially status, comfort and stimulation) have a great effect when individuals become unemployed. Due to
the strong negative effect of income reduction (third order resource) on the execution of higher-level activities and the
achievement of higher-level status (second order resources), complete satisfaction of instrumental goals with other
substitute resources is unlikely.

In addition, some specific interaction hypotheses are formulated. The aforementioned theoretical assump-

tions of H2 imply that the negative effect of unemployment increases at the beginning of unemployment.

H4 The longer an individual has already been unemployed, the stronger the negative effect of un-

employment on LS at the beginning of the unemployment duration.

The theoretical assumptions of H3 imply that the negative anticipation effect of unemployment on LS is stronger, the

closer the anticipated unemployment period is.

H5 The closer the anticipated unemployment period, the stronger the negative effect of the antici-

pation of unemployment on the LS.

3 Research design

3.1 Data and methods

Data from the German Socio-Economic Panel (SOEP) (Goebel et al. 2007; Schupp et al. 2017) are used: waves a
(1984) to bf (2015). All of the samples and an unbalanced panel data design are used. There is gapless information
about the central independent variable of unemployment and the dependent variable of LS. The use of panel data for
the analysis of the hypotheses has an important advantage compared to cross-sectional data: the possibility of using

the within-estimator and the ability to overcome the problem of unobserved heterogeneity.



In the present study, FE estimators are used with control group information and time as a time-varying confounder.
There is individual unobserved heterogeneity (e.g., motivation, intelligence, etc.) that confounds the causal effect of
unemployment on LS. A method is needed to eliminate this bias. The fixed-effects FE estimator is suitable for this
purpose. The within-transformation eliminates the unobserved fixed individual effects and time-invariant variables.
Hausman’s zest is used to test the assumption of unobserved individual heterogeneity. If HO cannot be rejected, then
the use of random-effects (RE) models is better and more efficient. The simple FE estimator is biased if there are age
and period effects. The control group information is needed to control for these effects. In general, the consideration
of the control group is suitable for obtaining more reliable estimators of the control variables. The estimations are only
unbiased if there is a common baseline trend of the treatment and control groups in the status without treatment.
Finally, the use of the FE estimators is only suitable if we have sufficient intra-individual variance in the independent
variable of interest (Briderl 2010; Wooldridge 2010; Morgan and Winship 2015; Vaisey and Miles 2016; Wooldridge
2016).

The analysis of DAG and an interpretation of the dynamic outcome changes of the counterfactual outcome
(the trend in which the treated have never received the treatment) over time are used to obtain a consistent and unbiased
estimation of the causal effect. See Fig. 1: the causal graphs visualize the assumed causal relationships and assump-
tions, which are displayed below the graph. Furthermore, there are some trends that cause changes in the outcome.
They have an effect beyond the effect of unemployment, or in other words, there is an increasing or decreasing trend
in the pretreatment periods/years of non-unemployment. The important assumption is that this trajectory or slope does
not differ between the treatment and control group, or in other words: “(...) any difference between the control and
treatment group — in absence of the treatment- remains constant over time (...)” (Morgan and Winship 2015, p. 375).
It is assumed that there are no different characteristics between the two groups that affect such differing trajectories.
There are only persistent or constant effects of past unemployment experiences that cause a lower level of LS for the
individuals in the treatment group. It is important to consider from a perspective of counterfactual modelling that well-
specified theories are needed for theoretical assumptions about causal relationships and counterfactual trends. Well-
specified, commonly known and widely discussed theories were used and are explained above. Unfortunately, in
section entitled Theories and Hypotheses, it was assumed that there are anticipation effects, i.e., that there is a de-
creasing trajectory/negative slope in the pretreatment outcomes. Additional pretreatment values are chosen to over-

come the problem of anticipation effects.



Furthermore, it is necessary to consider whether the unemployment effect starts with the reaction to unemployment
or rather with the anticipation of unemployment (this thought is considered in the effect analysis). In addition to the
aforementioned time variables, the following time-varying confounders are considered: (1) the unemployment experi-
ence; (2) the anticipation of unemployment periods; (3) widowhood; (4) divorce; (5) marriage; and (6) the birth of a
child. Two types of time-varying confounders are considered. The unemployment experience is a time-varying con-
founder that is causal prior to the treatment and influences both current treatment and current outcome. The condition-
ing on unobserved time-invariant confounders and on specified observed time-varying confounders produces con-
sistent and unbiased estimations (see Fig. 1: x;; « ¢; = Vir; Xir < Zir = Yir). The other time-varying confounders
shock the baseline trend of the outcome. They are also needed for a consistent estimation. The unemployment experi-
ence (1): Previous unemployment experiences have long-term/persistent and constant negative effects on LS. Further-
more, previous unemployment experience increases the probability of further unemployment experiences. Previous
unemployment experiences confound the causal effects of unemployment on LS. The anticipation of unemployment
periods (2): The anticipation of unemployment has a negative effect on the LS. Widowhood and divorce (3 and 4):
widowhood and divorce decrease LS, whereby the former effect is greater than the latter effect (Clark et al. 2008).
Marriage and the birth of a child (5 and 6): in contrast to the aforementioned negative events, the effects of marriage
and the birth of a child increase LS (Clark et al. 2008). Further variables such as income and health are not considered.
The aforementioned theoretical assumptions interpret both variables as mechanism (D> A->Y), explaining a part of
the causal effect of unemployment on LS. Unemployment causes a decrease in income (material consequences of
unemployment) and deterioration of health (non-material consequences), and these effects cause a decrease in LS.
Income and health as intermediary mechanisms are not controlled in the model, as the full causal strength would be
underestimated. Furthermore, the probability of conditioning on collider variables would be increased: “Conditioning
on a collider variable that lies along a back-door path does not help to block the back-door path but instead creates
new associations” (Morgan and Winship 2015, p. 107).

Health can also be interpreted as a time-varying confounder if it is assumed that bad health increases the

likelihood of unemployment. However, this mechanism is more likely.
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Causal assumptions (1) There are no unobserved time-varying confounders; (2) There are unobserved time-invariant confounders; (3) Past treat-
ments do not directly affect current outcomes; (4) Current outcomes do not directly affect current treatments (there is no self-selection on the treatment
effect); (5) Past outcomes do not directly affect current treatments (there is no negative or positive selection on the pre-treatment outcome); (6) Past
treatments do not directly affect current treatments; (7) There are some observed time-varying confounders

Legend y;;: current outcome (LS); x;;_;: past (one year ago) treatment (unemployment); z;.,,: observed future (next year) time-varying confounder
(e.g. unemployment experience); c;: unobserved time-invariant individual heterogeneity

Fig. 1 Graphical visualization of the causal effect of unemployment on LS (own illustration)



3.2 Dataset construction and variable operationalization

At the beginning of the following section, the first task is to define who is unemployed and who is not. Retrospective
information? (for the previous calendar year) about the employment status for each month was used to construct the
variable of unemployment (0 — not unemployed; 1 - unemployed)®. Not only one (main) employment status was col-
lected but rather information about simultaneously tracked types of different employment statuses. For example, an
individual can have the employment status of full-time employed and, at the same time, the employment status of
maternity leave. However, there are also impossible combinations. For example, an individual cannot have the em-
ployment status of full-time employed and at the same time the employment status of registered unemployed. A slightly
modified version* of the table from Esche (2017) was used for a plausibility check and priority assignment (see Ap-
pendix, Table Al). Only individuals between 18 and 64 years of age were considered. The variables of unemployment
and group membership (control or treatment group) are mainly constructed by the calendar month information from
ARTKALEN. The individuals are either in the control group or in the treatment group. Individuals in the control group
are always in the status of 0 over all of the survey years. See Appendix, Table A2: the control group has the following
patterns across all of the calendar months of the survey year 2000: 000000000000. The same procedure is used for
each observed year of an individual in the control group. Therefore, only one episode exists for individuals in the
control group. Individuals in the control group are deleted from the dataset if there is a calendar month in unemploy-
ment, if there is a missing value, if there are previous unemployment periods before the first observed survey year®, if
there is a month on pension and if the month on pension does not mark the final transition of the pension phase.
Individuals in the experimental group sometimes have status of 0 and sometimes status of 1 over the survey years.
See Appendix, Table A2: the experimental group has the following patterns for all of the calendar months of the

survey year 2001: 000000011111.

2 You can find the information in the employment spell dataset ARTKALEN (Goebel 2017).

3 At this point in time of the dataset construction, the distinction between employed and unemployed has not yet
been implemented. Maternity leave, Civil or military service, Initial training, School/ University, Full-time em-
ployed, Marginal/part-time employment, Other, Housewife/-husband, In-company advanced training, and Short-
time work are assigned to 0 - not unemployed. Registered unemployed is assigned to 1 - unemployed. Pension and
missing values are characterized as missing values.

4 The employment types In-company advanced training and Short-time work were considered.

5 The information for this adjustment rule is based on the spelling file PBIOSPE (Goebel 2017).



In contrast to the control group, individuals in the experimental group can have more than one episode over the survey
years. The individuals in the treatment group are deleted from the dataset if there are missing values between the
interview months of the last year in non-unemployment and the first year in unemployment (all previous years in non-
unemployment or following years of unemployment are deleted from the dataset; where it is not true, there are no
missing values between the first interview month and the last interview month of a period) and if there is a month on
pension and this month on pension does not mark the final transition in the pension phase. If the individual is in the
experimental group or in the control group and if there are no biographic information$, then the individual is removed
from the dataset. The focus of the analysis is on the employment statuses of employed (full-time, part-time/mini-job).
An individual in the control group must be permanently (across all calendar months of the survey years) employed.
An individual in the experimental group must be permanently employed across all of the calendar months of the survey
years in non-unemployment. Furthermore, the months in non-unemployment (if non-ideal patterns are used for the
analysis) in the years of unemployment must be months in the status of employed. That is, between the first interview
month in unemployment and the last interview month in unemployment, an individual in the treatment group must
have the status of employed. Survey years below and above this interval are cut off. In the following, the operational-
ization of the dependent variable (1), help variables (2), control variables (3), interaction variables (4) and unemploy-
ment variables (5) is presented (see Fig. 2).

1)

LS: LS is measured with the question “How satisfied are you with your life, all things considered?” and the
possible answers range from 0 (completely dissatisfied) to 10 (completely satisfied). LS is interpreted as an interval-
scaled variable, although it is an ordinal variable. The more categories, the more the variable can be interpreted as

quasi-metric, and the more the means will be useful (Wagner 2007; Hajek 2011; Kiihnel and Krebs 2014).

& There are some time periods in SOEP when the biographic questionnaire was not systematically integrated. This
was especially true for samples A and B (systematically integrated since 1988) and C (systematically integrated
since 1992). If there was no information about the occupational biography, which was collected with the biography
questionnaire, then it could be that the individual was too young at entry into the SOEP. In Documentation on Biog-
raphy and Life History Data (Goebel 2017), there is information with which to sort out individuals with missing bi-

ographic information.
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)

The identification of years in non-unemployment and unemployment (h1): The variable hl is consistent over
all individuals in the experimental group and for each episode of all of them in employed (h1=-30 to -1) and unem-
ployed years (h1= 0 to +47). For example (see Fig. 2), if hl has the value of +1, the individual is in the second
unemployment year after the year in which the individual became unemployed (h1=0).

The selection of ideal employment- and unemployment-patterns (h2): Unemployment trajectories do have
not ideal patterns such as 000000111111 but rather non-ideal patterns such as 111001011100 (see Fig. 2: y5). The
trajectories are characterized by many changes between the two states. h2 distinguishes these patterns. All of the
survey years of an individual are used for the analysis when it is known that the individual is employed from the first
observed interview month in employment until the first observed calendar month in unemployment, that the individual
remains unemployed until the first observed interview month in unemployment (see Fig. 2: hl=-2 to 0) and that the
individual remains unemployed from the first observed interview month in unemployment until the last observed
interview month in unemployment (see Fig. 2: h1=0 to +1). If the pattern of a survey year is ideal, h2 obtains the value
of 0 (see Fig. 2: hl=-2 to +1). If the individual does not remain unemployed from the first observed calendar month
in unemployment until the last observed interview month in unemployment, the relevant non-ideal survey year and
all of the survey years thereafter obtain the value of 1 on the variable h2 (see Fig. 2: h1= +2). If the individual does
not remain employed from the first observed calendar month in unemployment until the first observed interview month
in employment, the relevant non-ideal survey year and all of the previous survey years obtain the value of 1 for the
variable h2. If the individual has a value of 1 for the variable h2 and if this marker concerns the value -1 or O for the

variable hl, then the whole episode (each survey year) of the individual obtains the value of 1 for the variable h2.

11
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Missing identifier (h3): Cases with a missing value for one or more variables at a specific point in time are
not considered in the analysis. Therefore, it is necessary to control the cases that remain in the dataset. In the following,
some rules are presented. Each case of the control or treatment group obtains the value of 1 on h3 if there is a missing
value. If there is no missing value, then each case obtains the value of 0. Only individuals in the control group with
two remaining years are considered. If an individual in the treatment group has a missing value for the values of -1 or
0 of the variable h1, then the whole episode is not considered in the analysis. See Fig. 2: there is a missing value in
survey year 1. Therefore, variable h3 has the value of 1.

©)

The anticipation of an unemployment period (x1): This variable identifies the anticipation effects of unem-
ployment phases in the surveyed years of employment (h1=-30 to -1). The variable x1 has the value of 1 if an indi-
vidual in the experimental group becomes unemployed between the interview month and the next interview month.
See Fig. 2: the individual becomes unemployed between the interview month in survey year 2 (h1= -1) and the inter-
view month in survey year 3 (h1=0). Therefore, variable x1 has the value of 1 in survey year 2 (hl= -1). In some
hypothesis tests, this variable is split into several parts. If whether unemployment is anticipated one (hl=-1) or two
(h1=-2 and -1) years before individuals become unemployed is to be analysed, then single independent dummy vari-
ables must be generated. In addition, one further variable is needed to identify anticipation effects in other non-unem-
ployment years (h1=-30 to -3 or -2) if non-ideal patterns are used for the analysis.

Unemployment experience (x2): This variable is counted and identities for each survey year the unemploy-
ment experience of the treatment group, which started before the interview date. The information about unemployment
phases before the first observed survey year comes from PBIOSPE. See Fig. 2: It is assumed that there are no unem-
ployment periods before the first observed survey year in non-unemployment (h1= -2). However, there is an unem-
ployment period before the first observed interview month in employment. Therefore, x2 has the value of 1. The same
value has the following survey year in employment (h1= -1). In the first observed survey year in unemployment
(h1=0), x2 has the value of 2 because the individual experienced a new additional unemployment period. In survey
year four, the value of x2 remains the same, but in survey year five, a new unemployment period has started. Therefore,
the variable x2 has the value of 3.

Age of the individual (x3): The age variable is generated by the subtraction of survey year and year of birth.

13



Periods (x4): t1 (1984)-t31 (2014) are the survey year dummies. If we control for age and periods, we obtain
the Age-Period-Cohort (APC) problem. It is not possible to control for all of them together in a linear regression
model. The FE model controls implicitly for the birth cohort (the birth cohort is constant over the periods of an indi-
vidual). Age and period are perfectly collinear. The problem is solved with the introduction of restrictions (Bruderl
2010). An estimation of the period effects on LS shows that the most negative effects are during 2004-2009 (>= -0.8).
These periods are included in the analyses. The other periods build the reference category (see Appendix, Table A3).

Widowhood (x5); divorce (x6); marriage (x7); the birth of a child in the household (x8): The mentioned shock
events’ are operationalized as dummy variables (0: not observed; 1: observed).

(4)

How long an individual is already unemployed (x9): This variable indicates how many months an individual
is already unemployed before the observed interview months in unemployment. See Fig. 2: the individual is already
unemployed for seven months.

How long an individual is employed before the first unemployment month (x10): The variable x10 considers
the months in employment until the first calendar month in unemployment. See Fig. 2: the individual was employed
for three months before the first observed calendar month in unemployment.

()

Employment status with M1 or M2: Different operationalizations of unemployment are needed for the anal-
yses. A dummy variable is needed to define the individuals who are 0 employed or 1 unemployed in the survey years.
See Fig. 2: if an individual is employed at the interview (T), then the dummy has the value of 0. If an individual is
unemployed at the interview (T), then the dummy has the value of 1. For the hypothesis tests and especially for the
step impact and continuous impact functions (Andref3 et al. 2013), it is necessary to identify the employment and
unemployment years. In this study, two methods are used. The first method (M1) uses the values of the variable h1. If
h1 has the value of 0, then the reaction effect on unemployment is observed. If h1 has the value of +5, then the adaption
process of unemployment in the sixth year in unemployment (five years after the individual became unemployed) is
observed. The second method (M2) uses the values of the variables x9 (reaction and adaption) and x10 (anticipation).

With these values, a more detailed view on the unemployment duration can be obtained.

7 Clark et al. (2008) showed that the strongest effects are at entry into unemployment.
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M1 identifies the reaction effect on unemployment with the value of 0 of the variable h1, but it is possible that the
individual is already unemployed for 12 months. In M2, the reaction effect is identified if there is no previous month
in unemployment (+0). The same focus is applied to the anticipation of unemployment. The immediate anticipation
effect is identified if the following month is a month in unemployment (-0). Before (-0) and after (+0), one year
intervals are generated. If x10 (anticipation) has the value of 9, then the specific survey year in employment falls in
the interval of -1 (-12 to -1). If X9 has the value of 16, then the specific survey year in unemployment falls in the
interval of +2 (+13 to +24). M1 is the method mainly used because it can be applied for analyses with ideal patterns,
as well as for analyses with non-ideal patterns. M2 can only be used for analyses with ideal patterns. M2 is used for a
more detailed view of the development of the unemployment effect and for the development of the unemployment

effect depending on unemployment experience.

4 Findings

4.1 Description of the analysis dataset and univariate analyses of used variables

This section starts with a description of the analysis dataset and a univariate analysis of the variables used. The statis-
tics differ depending on whether the focus is on the treatment group, control group or total value across both groups.
Furthermore, the statistics of the treatment group and the total value across both groups differ depending on whether
the focus is on ideal patterns or non-ideal patterns. See Appendix, Table A6, serial numbers 1 and 2: if non-ideal
patterns are used, then the analysis dataset consists of 84,428 person-years (control group: 52,024; treatment group:
32,404) and 11,797 individuals (control group: 7342; treatment group: 4455) across the treatment and control groups
(see column Total). If ideal patterns are used, the analysis dataset is reduced to 80,150 person-years (control group:
52,024; treatment group: 28,126) and 11,047 individuals (control group: 7342; treatment group: 3705) across the
treatment and control groups. See Appendix, Table A4, serial number 1: the average number of both groups is approx.
7 (control group: approx. 7; treatment group: approx. 7) with a high standard deviation of approx. 5 (control group:
approx. 6; treatment group: approx. 5), with a minimal spell number of 2 and a maximal spell number of 31 if non-
ideal patterns are used, as well as if ideal patterns are used. See Appendix, Table A4, serial number 4: for both ideal
patterns and no ideal patterns, the averaged spell number across all of the periods of the treatment group is approx. 6

with a standard deviation of approx. 4.
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See Appendix, Table A6, serial number 8: if non-ideal patterns are used, there is 21.35 percent of the treatment group
with more than one period (19.33 percent if ideal patterns are used). The number of periods is a minimum of 1 and a
maximum of 7 for both patterns.

The dependent variable LS is described in Appendix, Table A4, serial numbers 3, 5 and 6 (see Appendix):
the averaged LS across both groups is approx. 7, 8 for the control group and 6 for the treatment group. The treatment
group has an averaged LS of approx. 7 in the years of non-unemployment and a value of approx. 6 in the years of
unemployment for both patterns. The standard deviation is always approx. 2. See Appendix, Table A4, serial number
10: the averaged LS in years of non-unemployment is less for those individuals who have unemployment experience
(x2=0-6) with a tendency towards a decreasing trend as the unemployment experience increase. See Appendix, Table
A4, serial number 11: for the average LS development in years of unemployment depending on unemployment expe-
rience (x2=1-7), the same interpretation applies as for the average LS development in years of unemployment. The
analyses in serial numbers 10 and 11 in Appendix, Table A4 are restricted to the first seven levels of unemployment
experience because the number of observations is, on the seventh level, already less than 100.

Appendix, Table A6 and serial number 1 (see Appendix) present the central independent variable unemploy-
ment. If non-ideal patterns are used, then 21,370 (ideal patterns: 18,700) person-years in non-unemployment and
11,034 (ideal patterns: 9426) person-years in unemployment are observed. See Appendix, Table A5: if method M1 is
used, then individuals can be observed for 30 years in non-unemployment before they become unemployed (346
months in employment if M2 is used), and they can be observed for 17 survey years in unemployment (203 months in
unemployment if M2 is used). This outcome applies to both non-ideal patterns and ideal patterns. The greatest fre-
quencies are at -1 (one year before the individual become unemployed) and O (the individual become unemployed)
for both methods M1 and M2. At this point, the first large differentiation between non-ideal patterns and ideal patterns
can be seen. This differentiation concerns the number of observed unemployment years if ideal patterns are used (h1=0
to +16). The more time of becoming unemployed has passed, the more the number of observations decreases.

Compared to the use of non-ideal patterns, only approx. two-thirds of the number of observations can be used
if the analysis consists of ideal patterns. The small number of observations can restrict the analysis of the development
of the unemployment effect on LS (Hypotheses 2). The reduction in the observations of years in non-unemployment

(h1=-30to -1) is not as great as in the years of unemployment.
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In the following, the control variables are presented. See Appendix, Table A4, serial number 7: if non-ideal
patterns are used, then the averaged unemployment experience of the treatment group and the standard deviation are
higher than for ideal patterns (non-ideal patterns: Mean 2.25 and Std. Dev. 1.62; ideal patterns: Mean 2.06 and Std.
Dev. 1.42). The maximal value of unemployment experience is greater for the treatment group with non-ideal patterns
(non-ideal patterns: 15; ideal patterns: 13). See Appendix, Table A6, serial number 7: if non-ideal patterns are used,
then individuals in the treatment group can be observed who anticipate unemployment in all years of non-unemploy-
ment. If ideal patterns are used, then the observation of anticipation effects is restricted for the last year in non-unem-
ployment before the individual becomes unemployed. Therefore, the number of such events is greater for non-ideal
patterns (6426) than for ideal patterns (5428; it is the same number as the value of 30 for variable h1l: see Appendix,
Table A5). If ideal patterns are used, then the control for the anticipation effect is the same as choosing the year before
becoming unemployed as the start of the unemployment effect. Then, the comparison of the anticipation effect and
the effects of each unemployment year is performed with the non-unemployment years h1= -30 to -2 (30 years to 2
years before the individual becomes unemployed). See Appendix, Table A4 serial number 2: the average age of all
individuals, person-years, groups and patterns is approx. 43 or 44 with a standard deviation of approx. 9 to 11. The
age is restricted to 18 to 64 years old. See Appendix, Table A7: there are 31 periods, and it can be seen on the fre-
quencies across both groups that the observations per period have doubled since 2000. The frequency distribution of
the treatment group reflects the general distribution of the years in non-unemployment and unemployment presented
in Appendix, Table A5. See Appendix, Table A6, serial numbers 3-6: the last four control variables — widowhood,
divorce, marriage and child births -- are presented together with the percentage values of occurred events. The first
observation is that there is no great difference between the two forms of patterns across all of the variables. The second
observation is that there is also no great difference between the treatment and control groups. Viewed across both
groups, the most observed events are birth of a child and marriage. Very few events are observed for the event of
widowhood.

The interaction variables (how long an individual is already unemployed (x9) and how long an individual is
employed before the first unemployment month (x10)) are only considered in the analysis of ideal patterns. See Ap-
pendix, Table A4, serial numbers 8 and 9: individuals in the treatment group are on average already unemployed for
approx. 5 months if they become unemployed. This value varies with a standard deviation of approx. 4. The minimal

observed value is 0, and the maximal observed value is 17.
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The average duration from the last interview month in employment until the first unemployment month is approx. 6
with a standard deviation of 4, whereby the minimal observed duration is 0 and the maximal duration is 18. If all years
in employment and unemployment are considered, then the maximal observed duration for x9 is 202 months, and the
maximal observed duration for x10 is 345.

See Appendix, Table A8: an overall finding is that there is sufficient within variation regarding the variables
used to run an FE estimation. The lowest within variation is registered for the variables of divorce and widowhood.

This outcome applies to both patterns.

4.2 Multivariate analyses

Control group information and time are integrated into the model, as LS shows a decreasing trend over time in the
data®. FE estimation is preferred to RE estimation because Hausman’s fest shows a systematic difference between
both (FE and RE) estimations. That is, there is time-constant individual heterogeneity that confounds the causal effect
of unemployment on LS. The following analyses are differentiated by the form of the patterns (ideal patterns and non-
ideal patterns) and whether the anticipation effects of unemployment are considered or not. The consideration of
anticipation effects has an important consequence. If the anticipation dummy is not considered, then the satisfaction
levels in unemployment are compared to the satisfaction levels with employment up to one year before unemployment
(h1=-30 to -1). If the anticipation dummy is considered, then the satisfaction levels in unemployment are compared
to the satisfaction levels in employment up to two years before unemployment (h1=-30 to -2). Therefore, the unem-
ployment effects are interpreted as starting with the anticipation of unemployment. An effect is significant at a signif-
icance level of 95% (p=0.05). Panel robust standard errors (S.E.s) are used (Briderl 2010). The within-R2 is displayed
for each model in the tables. First, the hypotheses testing is performed with M1. Some additional tests, which mainly

use M2, appear at the end of this section.

8 Analysed with a growth curve model of age on LS
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H1
In hypothesis 1, the aim is to identify the causal effect of becoming unemployed. Therefore, only the first year of
unemployment (h1=0) and all years in employment (h1=-30 to -1) are considered. In Table 1, the successive model
construction is performed with ideal patterns. The unemployment effect is -0.765. The control of age and periods
decreases the effect to -0.673. Without controlling for time, the unemployment effect is overestimated because there
are negative time trends that must be considered. The inclusion of unemployment experience reveals a suppressor
effect and increases the effect to -0.724. The control of the event dummies marriage, birth of a child, widowhood and
divorce increases the negative effect to 0.725. If anticipation is considered a negative shocking event and part of the
general unemployment effect, then the control increases the negative effect to 0.805. All of the effects are significant
in terms of content. All of the effects except for divorce and birth of a child ° are statistically significant. Widowhood
has the strongest negative effect and marriage the strongest positive effect. There are no great differences between
non-ideal patterns and ideal patterns (0.01-0.02). The unemployment effects are greater if ideal patterns are used.
However, the unemployment effect differences are greater between the models with and without the anticipation effect
(approx. 0.08 difference). If the anticipation effect of unemployment is not considered, and ideal patterns are used, to
become unemployed, in comparison to be employed, decreases the LS by 0.725 (non-ideal patterns: 0.711) on the LS
scale (from 0-10), ceteris paribus (c.p.). If the anticipation effect of unemployment is considered, and ideal patterns
are used, to become unemployed, in comparison to be employed, decreases the LS by 0.805 (non-ideal patterns: 0.790)

on the LS scale, c.p.

% The effect birth of a child is significant if the analysis is not limited to the reaction effect on unemployment.
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Table 1 The identification of the causal effect of becoming unemployed on LS

Ideal patterns

1) () (©) (4)
LS LS LS LS
Employment status (M1):
-30 to -1 (employed) Ref. Ref. Ref. Ref.
0 (becomes unemployed) -0.765™" -0.679™" -0.673™" -0.724™
The age in years (x3) - -0.0318™" -0.0298™" -0.0309™"
Periods (x4):
1984-2003 and 2010-2014 - - Ref. Ref.
2004 - - -0.236™" -0.239™"
2005 - - -0.0948™" -0.0975™"
2006 - - -0.156™" -0.158™"
2007 - - -0.0899™" -0.0922™"
2008 - - -0.0526" -0.0549"
2009 - - -0.170™" -0.172™
Unemployment experience (x2) - - - 0.0515"
Widowhood (x5):
not widowed - - - -
Widowed - - - -
Divorce (x6):
not divorced - - - -
divorced - - - -
Marriage (x7):
not married - - - -
married - - - -
Birth of a child (x8):
no birth - - - -
birth - - - -
Anticipation of unemployment (x1):
no anticipation - - - -
anticipation - - - -
_cons 7.251™" 8.621"" 8.564™" 8.600™"
N 76,152 76,152 76,152 76,152
R? 0.023 0.034 0.036 0.036
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Table 1 (continued)

Ideal patterns

Non-ideal patterns

(%) (6) () (8)
LS LS LS LS
Employment status (M1):
-30 to -1 (employed) Ref. Ref. Ref. Ref.
0 (become unemployed) -0.725™ -0.805™" -0.7117 -0.790™"
The age in years (x3) -0.0304™" -0.0291"" -0.0303™" -0.0288™"
Periods (x4):
1984-2003 and 2010-2014 Ref. Ref. Ref. Ref.
2004 -0.238™" -0.234™" -0.233™" -0.228™"
2005 -0.0987" -0.0950"" -0.103™" -0.0991™"
2006 -0.157" -0.157"" -0.161™" -0.160™"
2007 -0.0916™" -0.0903™ -0.0951"" -0.0939™"
2008 -0.0538" -0.0523" -0.0544" -0.0527"
2009 -0.169™ -0.166™" -0.173™ -0.171™
Unemployment experience (x2) 0.0517" 0.0518" 0.0426" 0.0430"
Widowhood (x5):
not widowed Ref. Ref. Ref. Ref.
widowed -1.379™ -1.378™ -1.380™" -1.380™"
Divorce (x6):
not divorced Ref. Ref. Ref. Ref.
divorced -0.0203 -0.0185 -0.00426 -0.00374
Marriage (x7):
not married Ref. Ref. Ref. Ref.
married 0.248™" 0.248™" 0.238™" 0.237""
Birth of a child (x8):
no birth Ref. Ref. Ref. Ref.
birth 0.0633 0.0644 0.0618 0.0628
Anticipation of unemployment (x1):
no anticipation - Ref. - Ref.
anticipation - -0.157™" - -0.158™"
_cons 8.576™" 8.534™" 8.537"" 8.491™
N 76,152 76,152 79,124 79,124
R? 0.038 0.039 0.038 0.039

SOEP data; waves a (1984) to bf (2015); own calculation; FE-estimations; the within-R? and panel robust S.E.s are

used.

“p<.05 " p<.01, " p<.001
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H2 and H3
Due to the smaller case number in the upper unemployment years, it is necessary to decide which unemployment years
should be part of the analysis. See Appendix, Table A9: the development pattern of the effects over time is equal
between the two patterns until the ninth year of unemployment (+8), and all of the effects are significant, regardless
of whether anticipation effects are considered in the analysis or not. While the effect strengths seem to be equal be-
tween the patterns up to the fourth year of unemployment (approx. 0.00-0.02 difference), the differences increase
beginning in the fifth year of unemployment. In particular, the differences in the eighth and ninth years in unemploy-
ment are large (approx. 0.08-0.10 difference). In the upper unemployment years, with smaller case numbers, the effects
seem to be biased due to changes in employment and unemployment if non-ideal patterns are used. Therefore, the
further analysis of H2 is based on ideal patterns. The effect differences between the models with and without antici-
pation effects remain approx. 0.07-0.08 across all of the unemployment years up to the ninth year of unemployment.
The visualization of the development of the unemployment effect on LS is accomplished by the model with the antic-
ipation effect. First, the effect development is interpreted with a step impact function. See Fig. 3: LS decreases up to
the second year of unemployment (+1). Then, LS increases in the third year of unemployment (+2). In the fourth year,
LS decreases again (+3) and then increases up to the eighth year of unemployment (+7). Finally, LS decreases again.
The trajectory of the unemployment effect up to the fourth year in unemployment can be interpreted as the aforemen-
tioned substitution of lost resources and is an indicator that the lost resources cannot be fully substituted through other
resources.® The further trajectory can be described as the aforementioned alternate up and down movements. The
assumed unemployment effect development is fully satisfied: The trajectory describes a fall, a rise and then a trend of
alternate up and down movements. The effect development is similar if non-ideal patterns are used (see Appendix,
Fig. Al). Next, the analysis is extended with the integration of the anticipation effect at the start of the general unem-
ployment effect. Therefore, it is necessary to extract the anticipation variable from the general anticipation of unem-
ployment directly before the effect of becoming unemployed (h1=0) and — if non-ideal patterns are used for the analysis

-- in anticipation events of unemployment in the other employment years (h1=-30 to -2).

10 The trajectory up to the ninth year in unemployment can be interpreted in the same manner but as a longer substi-

tution process.
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Fig. 3 The development of the causal effect of unemployment on LS over time: Anticipation, reaction and adaption
effects if ideal patterns are used. Note: SOEP data; waves a (1984) to bf (2015); own illustration; data of Table 2 and
Model 1.

See Table 2: if ideal patterns are used, Model 1 is equal to Model 2 in Table A9 (see Appendix). If non-ideal patterns
are used, Model 3 shows that both anticipation effects have significant effects on LS. If the anticipation event of
unemployment in the years of non-unemployment (h1=-30 to -2) is considered, then it exerts a suppressor effect and
increases the single effects of unemployment on LS. If ideal patterns are used for the analysis (see Model 1), the
anticipation of unemployment, compared to being employed, decreases LS by 0.151 on the LS scale, c.p. Table A10
(see Appendix) extends the analysis with ideal patterns with an additional anticipation effect two years before unem-
ployment (+2). The anticipation effect is not significant in terms of content and is also statistically insignificant. See
Fig. 3: the integration of the anticipation effect shows the development between the anticipation of unemployment
and the reaction on unemployment. The graphic visualization supports the assumed shock of unemployment (see

Appendix, Fig. Al: the effect development is similar if non-ideal patterns are used).
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Table 2 The development of the causal effect of unemployment on LS over time: visualized as step impact function

and the anticipation interpreted as the beginning of the development of the unemployment effect

|deal pat- Non-ideal patterns
terns

1) () (©)

LS LS LS
Employment status (M1):
-30 to -2 (employed) Ref. Ref. Ref.
-1 (anticipates unemployment) -0.151™" -0.141™ -0.153™
0 (becomes unemployed) -0.802™ -0.783™" -0.791™
+1 -0.847 -0.821™" -0.828™"
+2 -0.764™" -0.763™" -0.769™"
+3 -0.835™" -0.830™" -0.836™"
+4 -0.828™" -0.787"" -0.792"
+5 -0.747 -0.774™ -0.779™"
+6 -0.649™ -0.665™" -0.669™"
+7 -0.543™ -0.441" -0.445"
+8 -0.710™ -0.630™ -0.635™
Anticipation of unemployment (x1):
no anticipation - - Ref.
Anticipation - - -0.206™"
N 80,029 84,259 84,259
R? 0.046 0.047 0.047

SOEP data; waves a (1984) to bf (2015); own calculation; FE estimations; the within-R? and panel robust S.E.s are

used; further control variables (x2-x8) have been considered but are not displayed above.

“p<.05 " p<.01, " p<.001

Therefore, the development of the unemployment effect on LS can be described through a linear function and

polynomials up to the fifth degree, which can be displayed through continuous impact functions. All of the continuous

impact functions are statistically significant. See Table 3 and Model 1: with each additional year in unemployment,

LS decreases linearly by 1.222, increases quadratically by 0.749, decreases cubically by 0.200, increases according to

a fourth-degree polynomial by 0.0238 and decreases according to a fifth-degree polynomial by 0.00103 on the LS

scale, c.p. The effects are approx. equal if non-ideal patterns are used.
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Some tests show that the development of the unemployment effect remains stable across different restrictions: only
the first observed unemployment period of an individual; only the second observed unemployment period of an indi-
vidual; only individuals who remain unemployed up to the ninth year in unemployment; only those individuals who
become unemployed for the first time and their first unemployment period; only individuals with ideal patterns; only

individuals with non-ideal patterns; only the male gender; and only the female gender®.

H4 and H5
Next, the interaction-hypotheses are analysed. Only ideal patterns are used for the analyses. The effect analysis could
be biased if non-ideal patterns are used because unemployment periods between anticipation (-1) and becoming un-
employed (0) could be anticipated.

See Table 4: as shown in previous models, the control of anticipation effects or life events increases the
unemployment effect. Both models show that the interaction effect of becoming unemployed and the number of al-
ready existing unemployment months (x9) is significant in terms of content, and the effect is statistically significant.
Model 2 with an integrated anticipation effect is used for the effect interpretation. Becoming unemployed, compared
to being employed, decreases LS by 0.736 on the LS scale, c.p., if the number of already existing unemployment months
is zero. Becoming unemployed, compared to being employed, decreases LS by 0.7615 on the LS scale, c.p., if the
number of already existing unemployment months increases by one month. The effect of becoming unemployed de-

creases with each additional month by 0.0255.

11 Clark et al. (2008) showed that the negative effects are stronger for men than for women. Furthermore, their find-

ings suggest that men adapt less quickly to these events.
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Table 3 The development of the causal effect of unemployment on LS over time: visualized via continuous impact

functions and the anticipation interpreted as the beginning of the development of the unemployment effect

|deal pat- Non-ideal patterns
terns

1) () (©)

LS LS LS
Employment status (M1):
-30 to -2 (employed) Ref. Ref. Ref.
-1 (anticipates unemployment) -0.152™" -0.141™ -0.154™"
The development of the unemployment
effect over time:
Linear function -1.222" -1.203™ -1.195™"
Quadratic function 0.749™" 0.739™ 0.736™"
Cubic function -0.200™ -0.198™" -0.197™
Fourth degree polynomial 0.0238™ 0.0237" 0.0236™"
Fifth degree polynomial -0.00103™" | -0.00102"  -0.00102"""
Anticipation of unemployment (x1):
no anticipation - - Ref.
anticipation - - -0.207™"
N 80,029 84,259 84,259
R? 0.046 0.047 0.047

SOEP data; waves a (1984) to bf (2015); own calculation; FE estimations; the within-R? and panel robust S.E.s are
used; further control variables (x2-x8) have been considered but are not displayed above.

“p<.05 " p<.01, " p<.001

This finding supports the assumption of the decreasing trend at the beginning of the development of the unemployment
effect. Next, H5 is analysed. See Table 4 and Model 3: the interaction effects of anticipation of unemployment and the
distance to the first unemployment month (x10) are statistically significant as well as in terms of content. Anticipating
unemployment, compared to being employed, decreases LS by 0.260 on the LS scale, c.p., if the distance to the first
unemployment month is zero. Anticipating unemployment, compared to not anticipating it, decreases LS by 0.2406 on
the LS scale, c.p., and if the distance to the first unemployment month increases by one month. The anticipation effect
decreases with each additional month by 0.0194. The closer that the negative event is, the stronger that the negative

impact on the LS is.
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Table 4 The interaction effects between unemployment and the number of months in which an individual is already
unemployed on LS (Models 1 and 2); the interaction effects between anticipated unemployment and the number of

months in which an individual is still employed until the first month in unemployment on LS (Model 3)

Ideal patterns |deal pat-
terns

1) ) @)
LS LS LS

Employment status (M1): Employment status (M1):

-30 to -1 (employed) Ref. Ref. -30 to-2 (employed) Ref.

0 (becomes unemployed) -0.663™  -0.736™" -1 (anticipates unemployment)  -0.260™"

Interaction with the number of  -0.0259"  -0.0255" Interaction with the distance to  0.0194™

already existing unemployment the first unemployment month

months (x9) (x10)

Anticipation of unemployment

(x1):

no anticipation - Ref.

anticipation - -0.151™"

N 80,029 80,029 N 80,029

R? 0.045 0.046 R? 0.046

SOEP data; waves a (1984) to bf (2015); own calculation; FE estimations; the within-R? and panel robust S.E.s are
used; further control variables (x2-x8), and unemployment years (up to the ninth year in unemployment) have been
considered but are not displayed above.

"p<.05 " p<.01, ™ p<.001

If ideal patterns are used, then method M2 (see dataset construction and variable operationalization) can be
applied. See Table 5: the anticipation of unemployment in the next month (-0) is stronger than the anticipation effect
in the interval -1 (-12 to -1) and the statistically (and in terms of content) insignificant interval -2 (-24 to -13). These
findings verify the findings of H3 and H5. The closer that the event is, the greater that the negative anticipation effect
is. The immediate reaction effect +0 (the individual is employed in the previous month) is smaller than the effect in
the interval +1 (+1 to +12). The reaction effect is not the strongest in the development of the unemployment effect.
This difference supports the findings of H2 and H4. The unemployment effect increases at the beginning. See Fig. 4:
the development of the unemployment effect (linear function and polynomials up to the fifth degree) is the same as in

Table 3 and Model 1.
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Table 5 An ideal patterns-based, detailed view of the development of the causal effect of unemployment on LS over
time: visualized via step and continuous impact functions and anticipation interpreted as the beginning of the devel-
opment of the unemployment effect

Ideal pat-
terns
1)
LS

Employment status (M2):
employed (-348 to -25) Ref.
-2 (-24 t0 -13) 0.0109
-1 (-12 to -1) -0.131™
-0 -0.408™"
+0 -0.674™"
+1 (+1 to +12) -0.821™"
+2 (+13 to +24) -0.848™"
+3 (+25 to +36) -0.786™"
+4 (+37 to +48) -0.859™"
+5 (+49 to +60) -0.813™"
+6 (+61 to +72) -0.779™"
+7 (+73 to +84) -0.664™"
+8 (+85 to +96) -0.605™
+9 (+97 to +108) -0.705™
Employment status (M2):
employed (-348 to -13) Ref.
-1t0 -0 (-12 to -0) -0.160™"
The development of the un-
employment effect over time:
Linear function -1.240™
Quadratic function 0.793™
Cubic function -0.222"
Fourth-degree polynomial 0.0279""
Fifth-degree polynomial -0.00128™
N 80,030
R? 0.046

SOEP data; waves a (1984) to bf (2015); own calculation; FE estimations; the within-R? and panel robust S.E.s are
used; further control variables (x2-x8) have been considered but are not displayed above; the categories -1(-12 to -1)
and -0, as well as the categories +0 and +1(+1 to +12), are linked in the analysis of continuous impact functions.

"p<.05 " p<.01, "™ p<.001
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Fig. 4 A more detailed view on the development of the causal effect of unemployment on LS over time: Anticipation,
reaction and adaption effects if ideal patterns are used. Note: SOEP data; waves a (1984) to bf (2015); own illustration;
data from Table 5 and Model 1.

See Table 6: the findings remain equal even if the analysis is restricted to the first observed unemployment
period of an individual where unemployment experience as a time-varying confounder is not needed in the analysis
model (see Model 1). The findings of this analysis are confronted by an analysis of unemployment periods only with
unemployment experience (see Model 2) and the overall analysis (see Model 3), which can also be viewed in Tables
2 and 3, respectively. There are effects of strength and development differences between the models, but the effect
developments up to the fifth year in unemployment seem to be equal. The overall development of the effect is also
equal, as the continuous impact functions show. H2 also applies to Models 1 and 2. See Appendix, Table A1l: the
more detailed view with M2 shows that the anticipation effect, of those with no previous unemployment experience,
is not as strong as in Model 2 (only those unemployment periods with previous unemployment experience). An inter-
action effect between anticipation and unemployment experience shows that the higher the unemployment experience,

the stronger the anticipation effect of unemployment (see Appendix, Table A12).
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Table 6 The development of the unemployment effect on LS over time: Visualized via step and continuous impact
functions, the anticipation interpreted as the beginning of the unemployment effect development and model differen-
tiation by unemployment experience

Ideal patterns

No unemploy- Only unemploy-  With and with-
ment experience  ment experience  out unemploy-
ment experience

1) () 3)

LS LS LS
Employment status (M1):
-30 to -2 (employed) Ref. Ref. Ref.
-1 (anticipates unemployment) -0.116™ -0.139™ -0.151™
0 (becomes unemployed) -0.753™" -0.777 -0.802™"
+1 -0.753™" -0.807™" -0.847
+2 -0.643™" -0.698™" -0.764™"
+3 -0.902"" -0.850™" -0.835™"
+4 -0.755™" -0.782™" -0.828™"
+5 -0.764™" -0.790™" -0.747
+6 -0.833™" -0.736™" -0.649™"
+7 -0.608 -0.532 -0.543™
+8 -1.027" -0.886™ -0.710™
Employment status (M1):
-30 to -2 (employed) Ref. Ref. Ref.
-1 (anticipates unemployment) -0.1177 -0.139™" -0.152™
The development of the unemploy-
ment effect over time:
Linear function -1.266™" -1.2377 -1.222"
Quadratic function 0.841™ 0.792™ 0.749™"
Cubic function -0.237™ -0.217™ -0.200™"
Fourth-degree polynomial 0.0291™ 0.0263™ 0.0238™
Fifth-degree polynomial -0.00129™ -0.00115™" -0.00103™"
N 67,199 69,791 80,029
R? 0.036 0.040 0.046

SOEP data; waves a (1984) to bf (2015); own calculation; FE estimations; the within-R? and panel robust S.E.s are
used; further control variables (x2-x8; in model 1: x3-x8) have been considered but are not displayed above

“p<.05 " p<.01, " p<.001

The second observation is that it seems that substitution will occur earlier if there is no previous unemploy-
ment experience (see Appendix, Table A11). Nevertheless, the continuous impact functions show that the development
of the overall effect remains equal between all models. See Appendix, Table A12: finally, the unemployment effects

tend to become smaller as unemployment experience increased.
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This first interpretation is analysed with interaction effects between the continuous impact functions and the unem-

ployment experience (see Table 7). The interaction effects of unemployment experience with the continuous impact

functions are statistically significant except for the interaction with the linear function in Model 2 with method M2.

Nevertheless, it can be said that the negative effects are smaller as unemployment experience increases, and the posi-

tive effects become stronger as unemployment experience increases.

Table 7 Interactions between the continuous impact functions and the unemployment experience

Ideal patterns

With and with-
out unemploy-
ment experience

Ideal patterns

With and with-
out unemploy-
ment experience

1) )
LS LS
Employment status (M1): Employment status (M2):
-30 to -2 (employed) Ref. employed (-348 to -13) Ref.
-1 (anticipates unemployment) -0.147™ -1t0 -0 (-12to -0) -0.153™"
The development of the unem- The development of the unem-
ployment effect over time: ployment effect over time:
Linear function -1.233™ Linear function -1.250™"
Quadratic function 0.7393"™ Quadratic function 0.785™"
Cubic function -0.200™" Cubic function -0.223™"
Fourth-degree polynomial 0.0237™ Fourth-degree polynomial 0.0278™
Fifth-degree polynomial -0.001™" Fifth-degree polynomial -0.001™
Interactions with unemploy- Interactions with unemploy-
ment experience (x2): ment experience (x2):
-1t0 -0 (-12 to -0) -0.0064 -1to0 -0 (-12 to -0) -0.0097
Linear function 0.0151" Linear function 0.01281
Quadratic function 0.0027* Quadratic function 0.0026"
Cubic function 0.0004" Cubic function 0.0004"
Fourth-degree polynomial 0.00004" Fourth-degree polynomial 0.00005"
Fifth-degree polynomial 0.000004" Fifth-degree polynomial 0.000006"
N 80,029 N 80,030
R? 0.046 R? 0.046

SOEP data; waves a (1984) to bf (2015); own calculation; FE estimations; the within-R? and panel robust S.E.s are

used; further control variables (x3-x8) have been considered but are not displayed above; the categories -1(-12 to -1)

and -0, as well as the categories +0 and +1(+1 to +12), are linked in the analysis of continuous impact functions with

M2.
“p<.05 " p<.01, " p<.001
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5 Discussion

As already shown in a previous study (Clark et al. 2008), the first important finding is that anticipation must be
interpreted as part of the general unemployment effect, particularly as the beginning of the unemployment effect
development. Additional tests have also shown that the anticipation effect should be especially considered in analyses
focusing on unemployment periods with previous unemployment experiences because there are stronger anticipation
effects. Further studies could analyse mechanism hypotheses, explaining the anticipation effects on LS. Are there dif-
ferent mechanisms depending on unemployment experience, and do they differ in their effect strengths? The findings
for H2 show that the development of the unemployment effect follows a linear function and polynomials up to the
fifth degree. The reaction effect on unemployment is not the strongest effect in the unemployment duration. The effect
increases at the beginning. This effect development has been described by a linear function. Subsequently, there is an
increasing trend in LS, which has been described by a quadratic function. Finally, polynomials up to the fifth degree
(alternate up and down movements) have identified that the effect of unemployment is persistent over the unemploy-
ment duration. According to the SPF theory, it can be interpreted, that the lost resource cannot fully substitute for
other resources. In further research, some mechanism hypotheses could be analysed that explain the quadratic function
or all positive functions. It could be seen that the whole unemployment effect strength decreases over time. Do all
positive functions have the same mechanisms or are they differentiated in substitution effects (characterized as the
mechanism to stop the LS decreasing trend at the beginning) and habituation effects? Or are they substitution effects
with different substitution mechanisms? Some research projects have analysed these substitution effects, especially
the effects of working at home and changed leisure activities (Knabe et al. 2010; Esche 2017).

The modern causal analysis-oriented successive model construction in H1 is an indicator of the assumptions
about the causal relationships and dynamic outcome development. As shown in previous studies (Briderl 2010), there
is an LS-decreasing time trend. In H1, the consideration of age and period effects decreases the unemployment effect.
Therefore, the consideration of time and the control group in the analysis is needed to uncover an apparent correlation.
The inclusion of unemployment experience increases the unemployment coefficient. This variable is required for the
decision that more than one unemployment period of the treatment group individuals is used and for the decision to

consider unemployment periods with previous unemployment experiences.
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The greater that the unemployment experience is, the smaller the averaged levels of LS (in years of employ-
ment and therefore in years of unemployment) are, the stronger the anticipation effects are, and the smaller the overall
unemployment effects are regarding years in unemployment. The latter development is perhaps an indicator that a
habituation effect occurs or an indicator that the negative assessment of SWB due to unemployment is not as strong
because the reduced SWB baseline in years of employment due to previous unemployment experience (scarring effects
of unemployment) is the standard of comparison. The control of unemployment experience triggers a suppressor rela-
tionship. Controlling for some further events, such as the birth of a child in the household, widowhood, marriage and
divorce, also triggers suppressor relationships. This trigger also applies to the anticipation events in the analysis of the
causal effect with non-ideal patterns. The interpretation of anticipation as the beginning of the development of the
unemployment effect shows that the changed comparison basis (the anticipation of unemployment up to one year
before becoming unemployed) increases the unemployment coefficient. The inclusion of additional years of employ-
ment (as many as possible) is important to support and identify the full effect strength. What are the differences
between the analyses with ideal and non-ideal patterns? First, if possible, ideal patterns should be preferred for the
analysis. Only ideal patterns should be used for analyses such as the anticipation of unemployment (H3) and the
analysed interactions effects (H4 and H5). The effect differences between ideal and non-ideal patterns are very small
by H1. If there are many observations, then it is assumed that the ideal patterns will exclude the biased effects of non-
ideal patterns. Compared to H2, this outcome applies to the beginning of the unemployment duration. The longer that
the unemployment duration is, the smaller the number of observations is per unemployment year, and therefore, the
greater the effect differences are between the models with ideal and non-ideal-patterns. If only the direction and form
of the unemployment effect development are analysed, then both patterns can be used. A further subsequent research
question regards whether there is an asymmetrical effect of becoming employed after being unemployed. Do unem-
ployed individuals truly anticipate re-employment and is the development of the re-employment effect over time equal

to the development of the unemployment effect?
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Appendix

| Tables

Table Al Plausibility check and priority assignment of the employment status in each calendar month (Esche 2017)

Employment status Q) 2 (3) 4) (5) (6) (7 (8) 9) (10) (11) (12)
(1)  Maternity leave B v v v v v v v v v v v
(2)  Pension B X X X X X v v v v v
(3)  Civil or military service B X X X X 4 v v 4 4
(4)  Registered unemployed B v v X v v v v v
(5)  Initial training B v v v v v v v
(6)  School/university B X v v v v v
(7)  Full-time employed B v v v v v
(8)  Marginal/part-time employment B v v v v
(9)  Other B v v v
(10) Housework B v v
(11)  In-company advanced training B v
(12) Short-time work B
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Table A2 The episode patterns for the control and experimental group (own illustration)

Control group
Episode  Survey year ml m2 m3 m4 m5 m6 m7 m8 m9 m10 mil mi2

1 2000 0 0 0 0 0 0 0 0 0 0 0 0
1 2001 0 0 0 0 0 0 0 0 0 0 0 0
1 2002 0 0 0 0 0 0 0 0 0 0 0 0
1 2003 0 0 0 0 0 0 0 0 0 0 0 0
1 2004 0 0 0 0 0 0 0 0 0 0 0 0

Experimental group
Episode  Survey year ml m2 m3 m4 m5 m6 m7 m8 m9 m10 mi1l m12

1 2000 0 0 0 0 0 0 0 0 0 0 0 0
1 2001 0 0 0 0 0 0 0 1 1 1 1 1
1 2002 1 1 1 1 1 1 1 1 1 1 1 1
1 2003 1 1 1 1 1 1 1 1 1 1 0 0
2 2004 0 0 0 0 0 0 0 0 0 1 1 1
2 2005 1 1 1 1 1 1 1 1 1 1 1 1
2 2006 1 1 1 1 1 1 1 1 0 0 0 0




Table A3 Identification of similar period effects

1)

LS
Periods:
1984 Ref.
1985 -0.283™
1986 -0.244™
1987 -0.465™"
1988 -0.476™"
1989 -0.498™"
1990 -0.300™"
1991 -0.334™
1992 -0.448™"
1993 -0.621™"
1994 -0.595™"
1995 -0.577
1996 -0.617"
1997 -0.757™
1998 -0.636™"
1999 -0.543™"
2000 -0.504™"
2001 -0.510™
2002 -0.654™"
2003 -0.788™"
2004 -0.941™
2005 -0.860™"
2006 -0.907™
2007 -0.854™"
2008 -0.824™
2009 -0.971™
2010 -0.731™
2011 -0.716™
2012 -0.730™"
2013 -0.658™"
2014 -0.704™
_cons 7.735™"
N 84,650

SOEP data; waves a (1984) to bf (2015);
“p<.05 " p<.01, " p<.001

own calculation; RE-estimations
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Table A4 The description of metric or quasi-metric variables

Serial Treatment group Control Total
number group
Non-ideal Ideal pat- Non-ideal Ideal pat-
patterns terns patterns terns
How  many Obs 4455 3705 7342 11,797 11,047
spells do indi- Mean 7.273625  7.106073 7.085808 7.156735  7.092604

1 viduals have?  Std. Dev. | 5.284273  5.254416 5.540405 5.445631  5.445933

Min 2 2 2 2 2

Max 31 31 31 31 31
The age of the Obs 32,404 28,126 52,024 84,428 80,150
individuals Mean 4291137  43.38537 43.58919 43.32904  43.51767

2 Std. Dev. | 11.28533  11.23279 9.113867 10.00855  9.909578

Min 18 18 18 18 18

Max 64 64 64 64 64
The LS of the Obs 32,404 28,126 52,024 84,428 80,150
individuals Mean 6.406771  6.439273 7.482431 7.069586  7.116369

3 Std. Dev. | 1.941665  1.930433 1.494455 1.759768  1.733551

Min 0 0 0 0 0
Max 10 10 10 10 10
How many Obs 5730 4727 - - -
spells do indi- Mean 5.655148  5.551301 - - -
viduals have Std.Dev. | 4.319468  4.36223 - - -

4 .
overall unem- Min 2 2 - - -
ployment peri- Max 31 31 - - -
ods?

The LS of indi- Obs 21,370 18,700 - - -
viduals in the Mean 6.753112  6.783529 - - -

5 years of em- Std. Dev. | 1.782888 1.766244 - - -
ployment Min 0 0 - - -

Max 10 10 - - -
The LS of indi- Obs 11,034 9426 - - -
viduals in the Mean 5735998  5.756312 - - -

6 years of unem-  Std. Dev. | 2.057542 2.05658 - - -
ployment Min 0 0 - - -

Max 10 10 - - -
How much un- Obs 4455 3899 - - -
employment Mean 2.247587 2.06258 - - -

7 experience do Std. Dev. | 1.624901 1.42314 - - -
the individuals Min 1 1 - - -
have? Max 15 13 - - -
For how many Obs - 5428 - - -
months are the Mean - 4.683125 - - -
individuals al- Std. Dev. - 3.615095 - - -

3 ready unem- Min - 0 - - -
ployed at the Max? - 17 - - -
start of unem-
ployment
(h1=31)?

2 |f all years in unemployment are considered, then the maximal duration is 202 months.
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Table A4 (continued)

Serial Treatment group
number Non-ideal pat- Ideal patterns
terns

For how many months from the Obs - 5428
last interview month in employ- Mean - 6.158806

9 ment (h1=30) until the first unem-  Std. Dev. - 3.618002
ployment month are the individu-  Min - 0
als employed? Max® - 18
LS; h1=-30to -1; x2=0 Mean - 6.960584
LS; h1=-30to -1; x2=1 Mean - 6.638588
LS; h1=-30to -1; x2=2 Mean - 6.535611

10 LS; h1=-30to -1; x2=3 Mean - 6.206349
LS; h1=-30to -1; x2=4 Mean - 6.3
LS; h1=-30to -1; x2=5 Mean - 6.152047
LS; h1=-30to -1; x2=6 Mean - 6.3
LS; h1=0to +16; x2=1 Mean - 5.974508
LS; h1=0to +16; x2=2 Mean - 5.676017
LS; h1=0to +16; x2=3 Mean - 5.603788

11 LS; h1=0to +16; x2=4 Mean - 5.33758
LS; h1=0to +16; x2=5 Mean - 5.545882
LS; h1=0to +16; x2=6 Mean - 5.598802
LS; h1=0to +16; x2=7 Mean - 55

SOEP data; waves a (1984) to bf (2015); own calculation

b If all years in employment are considered, then the maximal duration is 345 months.
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Table A5 The description of the employment and unemployment years with the methods M1 and M2

Treatment group Treatment group
Non-ideal patterns Ideal patterns Ideal patterns
M1 Freq. Freq. M2 Freq.
-30 3 1 -29 (-348 to -337) 2
-29 3 2 -28 (-336 to -325) 4
-28 5 4 -27 (-324 to -313) 5
-27 6 5 -26 (-312 to -301) 5
-26 7 5 -25 (-300 to -289) 5
-25 7 5 -24 (-288 to -277) 12
-24 14 12 -23 (-276 to -265) 13
-23 14 12 -22 (-264 to -253) 22
-22 25 23 -21 (-252 to -241) 29
-21 36 32 -20 (-240 to -229) 43
-20 48 42 -19 (-228 to -217) 55
-19 67 55 -18 (-216 to -205) 71
-18 84 69 -17 (-204 to -193) 88
-17 109 94 -16 (-192 to -181) 110
-16 129 111 -15 (-180 to -169) 137
-15 165 145 -14 (-168 to -157) 183
-14 205 181 -13 (-156 to -145) 220
-13 257 226 -12 (-144 to -133) 267
-12 312 271 -11 (-132 to -121) 350
-11 406 356 -10 (-120 to -109) 445
-10 526 456 -9 (-108 to -97) 545
-9 649 561 -8 (-96 to -85) 686
-8 792 686 -7 (-84 t0 -73) 828
-7 961 830 -6 (-72 to -61) 1016
-6 1187 1016 -5 (-60 to -49) 1219
-5 1478 1249 -4 (-48 to -37) 1566
-4 1927 1608 -3 (-36 to -25) 2088
-3 2591 2160 -2 (-24 t0 -13) 3024
-2 3627 3055 -1 (-12to -1) 5165
-1 5730 5428 -0 497
0 5730 5428 +0 595
+1 2329 1832 +1 (+1to +12) 4978
+2 1127 857 +2 (+13 to +24) 1740
+3 624 454 +3 (+25 to +36) 830
+4 412 297 +4 (+37 to +48) 440
+5 260 177 +5 (+49 to +60) 291
+6 179 121 +6 (+61 to +72) 170
+7 115 77 +7 (+73 to +84) 122
+8 89 62 +8 (+85 to +96) 78
+9 60 42 +9 (+97 to +108) 62
+10 43 32 +10 (+109 to +120) 45
+11 25 19 +11 (+121 to +132) 29
+12 15 11 +13 (+133 to +144) 18
+13 11 8 +14 (+145 to +156) 11
+14 6 4 +15 (+157 to +168) 8
+15 5 3 +16 (+169 to +180) 4
+16 4 2 +17 (+181 to +192) 3
+18 (+193 to +204) 2
Total 32,404 28,126 Total 28,126

SOEP data; waves a (1984) to bf (2015); own calculation
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Table A6 Descriptive statistics of nominal and ordinal scaled variables

Total
Non-ideal pat- Ideal patterns
terns

Freq.  Percent Freq.  Percent
73,394  86.93 70,724  88.24
11,034 13.07 9426 11.76
84,428 100.00 80,150 100.00
11,797 - 11,047 -
84,370  99.93 80,092  99.93

58 0.07 58 0.07

84,428 100.00 80,150 100.00
83,917  99.39 79,670  99.40

511 0.61 480 0.60
84,428 100.00 80,150 100.00
83,287  98.65 79,047  98.66

1141 1.35 1076 1.34
84,428 100.00 80,150 100.00
82,482  97.70 78,329 97.73

1946 2.30 1821 2.27
84,428 100.00 80,150 100.00

Serial Treatment group Control group
number
Non-ideal patterns Ideal patterns
Freq. Percent Freq.  Percent Freq.  Percent
How many person- (g 21,370  65.95 18,700  66.49 52,024 100.00
1 yersareinte da g e | 11,034 3405 9426 3351 : :
Total | 32,404 100.00 28,126  100.00 52,024  100.00
2 ';:‘S";"re”:r?':%’e 'Sft;‘;';‘; Total | 4455 - 3705 - 7342 -
How many widow- 0o | 32,380 99.93 28,102  99.91 51,990  99.93
3 ggtoa‘ieet‘;e“ts areinthe 4 oo | 04 0.07 24 0.09 34 007
Total | 32,404  100.00 28,126  100.00 52,024  100.00
How many divorce-  0-no | 32,184  99.32 27,937  99.33 51,733 99.44
4 fa\\/sirgs are inthe da- 4 vos | 220 0,68 189 0.67 201 056
Total | 32,404  100.00 28,126  100.00 52,024  100.00
How many marriage-  0-no | 31,952  98.61 27,739  98.62 51,335  98.68
5 events are In the da- 4 vos | 452 1.39 387  1.38 689  1.32
Total | 32,404  100.00 28,126  100.00 52,024  100.00
How many childbirth  0-no | 31,675 97.75 27,522 97.66 50,807  97.66
6 fa‘l’s‘zrt‘gs are in the da- 4 oo | 729 225 604  2.34 1217 2.34
Total | 32,404  100.00 28,126  100.00 52,024  100.00
How many unem-  0no | 25978  80.17 22,698  80.70 - -
7 Flloor?”:\f:r:ts afe”ti'g'fﬁé lyes | 6426  19.83 5428  19.30 - ;
dataset? Total | 32,404  100.00 28,126  100.00 - -
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Table A6 (continued)

Serial Treatment group Control group
number
Non-ideal patterns Ideal patterns
Freq. Percent Freq. Percent Freq. Percent
How many unem- 4 3504 78.65 2989 80.67 7342 100.00
ployment periods do - -
individuals in the 2 687 15.42 535 14.44
treatment group 3 208 4.67 144 3.89 - -
o have? 4 54 1.21 36 0.97 - -
5 1 0.02 0 0.00 - -
6 0 0.00 0 0.00 - -
7 1 0.02 1 0.03 - -
Total 4455 100.00 3705 100.00 7342  100.00

Total
Non-ideal pat-
terns

Freq.  Percent

Ideal patterns

Freq.  Percent

SOEP data; waves a (1984) to bf (2015); own calculation

10,846  91.94
687 5.82
208 1.76
54 0.46

1 0.01

0 0.00

1 0.01
11,797 100.00

10,331  93.52
535 4.84
144 1.30

36 0.33

0 0.00

0 0.00

1 0.01
11,047 100.00
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Table A7 Description of the survey year distribution

Treatment group

Non-ideal patterns

Ideal patterns

Control group

Total
Non-ideal patterns

Ideal patterns

Freq. Freq. Freq. Freq. Freq.
1984 626 554 1301 1927 1855
1985 691 622 1322 2013 1944
1986 705 631 1180 1885 1811
1987 696 633 1026 1722 1659
1988 683 612 884 1567 1496
1989 661 588 794 1455 1382
1990 659 595 748 1407 1343
1991 1097 978 704 1801 1682
1992 1276 1127 662 1938 1789
1993 1353 1194 609 1962 1803
1994 1399 1229 641 2040 1870
1995 1390 1227 677 2067 1904
1996 1359 1203 678 2037 1881
1997 1313 1131 623 1936 1754
1998 1337 1147 876 2213 2023
1999 1269 1097 875 2144 1972
2000 1621 1377 2399 4020 3776
2001 1655 1417 2400 4055 3817
2002 1697 1474 2776 4473 4250
2003 1623 1400 2663 4286 4063
2004 1491 1289 2479 3970 3768
2005 1303 1123 2293 3596 3416
2006 1177 995 2480 3657 3475
2007 1042 868 2315 3357 3183
2008 926 779 2086 3012 2865
2009 774 651 1915 2689 2566
2010 690 567 2489 3179 3056
2011 594 505 2694 3288 3199
2012 551 474 3208 3759 3682
2013 455 396 3244 3699 3640
2014 291 243 2983 3274 3226
Total 32,404 28,126 52,024 84,428 80,150

SOEP data; waves a (1984) to bf (2015); own calculation
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Table A8 Is there sufficient within-variation on the variables?

Treatment group Control Total
group

ordl il
Unemployment _ Std. Dev. 04204509 0.4193556 0 0.2604757  0.248416
Age Std. Dev. 3.867512  3.732427 3.882171 3.876508  3.830267
gxnpeer:‘i‘;iimem Std. Dev. 0.9101213 0.7348688 0 0.5638339  0.4353184
Widowhood  Std. Dev. 0.0255909 0.0274471 0.0240575 0.0246571  0.0252986
Divorce Std. Dev. 0.0763026 0.0754693 0.0697498 0.0723346  0.0718083
Marriage Std. Dev. 0.1083776 0.1061368 0.1065043 0.1072265 0.1063748
Birth of a child _ Std, Dev. 0.1329098 0.1276644 0.1372175 0.1355796  0.133942
ﬁn”;:ggﬁzgfn”e:tf Std. Dev. 0.3768239 0.3727162 0 0.2334481 0.220788

Total (N) 32,404 28126 52,024 84428 80,150

SOEP data; waves a (1984) to bf (2015); own calculation; the within Std. Dev. is used
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Table A9 The development of the causal effect of unemployment on LS over time: Visualized as step impact function

Ideal patterns

Non-ideal patterns

1) () (©) (4)

LS LS LS LS
Employment status (M1):
-30 to -1 (employed) Ref. Ref. Ref. Ref.
0 (become unemployed) -0.731™ -0.804™" -0.718™ -0.792™
+1 -0.781™ -0.849™ -0.758™" -0.830™"
+2 -0.698™" -0.766™" -0.699™" -0.771™
+3 -0.767" -0.838™" -0.763™ -0.839™"
+4 -0.760™" -0.832™ -0.719™ -0.796™"
+5 -0.677 -0.750™" -0.703™ -0.782""
+6 -0.580™" -0.655™" -0.593™ -0.674™
+7 -0.470" -0.547" -0.366" -0.448™
+8 -0.641™ -0.719™ -0.557"" -0.641™
+9 -0.274 -0.353 -0.602" -0.688™
+10 -0.570" -0.651" -0.492 -0.580"
+11 -0.788" -0.871" -0.530 -0.620
+12 -0.190 -0.276 -0.215 -0.307
+13 -0.199 -0.284 -0.00607 -0.0982
+14 -0.355 -0.445 0.204 0.107
+15 -0.671 -0.761 -1.297 -1.394
+16 -1.024™ -1.123™ -0.586 -0.689
Anticipation of unemployment (x1):
no anticipation - Ref. - Ref.
anticipation - -0.152"™" - -0.159™"
N 80,150 80,150 84,428 84,428
R? 0.045 0.046 0.046 0.047

SOEP data; waves a (1984) to bf (2015); own calculation; FE-estimations; the within-R? and panel robust S.E.s are

used; further control variables (x2-x8) have been considered but are not displayed above

"p<.05 " p<.01, " p<.001
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Table A10 The anticipation of unemployment regarding the LS

Ideal pat-
terns
1)
LS
Employment status (M1):
-30 to -3 (employed) Ref.
-2 (anticipate unemployment) 0.00327
-1 (anticipate unemployment) -0.150™"
N 80,029
R? 0.046

SOEP data; waves a (1984) to bf (2015); own calculation; FE-estimations; the within-R? and panel robust S.E.s are

used; further control variables (x2-x8) and unemployment years (up to the ninth year in unemployment) have been

considered but are not displayed above

“p<.05 " p<.01, " p<.001
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Table A11 An ideal patterns-based, detailed view of the development of the causal effect of unemployment on LS

over time: visualized via step and continuous impact functions, the anticipation interpreted as the beginning of the

unemployment effect development and a model differentiation by unemployment experience

No unemploy-
ment experience

Ideal patterns

Only with unem-
ployment experi-

With and with-
out unemploy-

ence ment experience

1) ) ®)

LS LS LS
Employment status (M2):
employed (-348 to -13) Ref. Ref. Ref.
-1 (-12to -1) -0.102™ -0.130™ -0.135™
-0 -0.347" -0.358"™" -0.412"
+0 -0.639™" -0.667"" -0.678™"
+1 (+1 to +12) -0.7717 -0.792"™ -0.825™"
+2 (+13 to +24) -0.759™" -0.832"™ -0.851""
+3 (+25 to +36) -0.614™" -0.703™ -0.790™"
+4 (+37 to +48) -0.982" -0.927 -0.863™"
+5 (+49 to +60) -0.746™" -0.763™ -0.817™"
+6 (+61 to +72) -0.767" -0.816™" -0.783™"
+7 (+73 to +84) -0.796™ -0.697™" -0.668™"
+8 (+85 to +96) -0.806" -0.730™ -0.609™
+9 (+97 to +108) -0.971" -0.909™ -0.710™
N 67,200 69,791 80,030
R? 0.037 0.040 0.046
Employment status (M2):
employed (-348 to -13) Ref. Ref. Ref.
-1t0-0(-12 to -0) -0.124™ -0.152"" -0.160™"
The development of the unemploy-
ment effect over time:
Linear function -1.336™" -1.221™ -1.240™
Quadratic function 0.960™" 0.801™" 0.793™"
Cubic function -0.293™ -0.230™" -0.222"*
Fourth degree polynomial 0.0391™ 0.0294™ 0.0279™"
Fifth degree polynomial -0.00188™ -0.00137" -0.00128™
N 67,200 69,791 80,030
R? 0.037 0.040 0.045

SOEP data; waves a (1984) to bf (2015); own calculation; FE-estimations; the within-R? and panel robust S.E.s are

used; further control variables (x2-x8; in model 1: x3-x8) have been considered but are not displayed above; the cate-

gories -1(-12 to -1) and -0, as well as the categories +0 and +1(+1 to +12), are linked in the analysis of continuous

impact functions.

*p<.05, " p<.01,"p<.001
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Table A12 Interactions between the step impact functions and the unemployment experience

Ideal patterns

With and with-
out unemploy-
ment experience

1)

LS
Employment status (M2):
employed (-348 to -13) Ref.
-1(-12to-1) -0.096™
-0 -0.423™"
+0 -0.686™"
+1 (+1to +12) -0.869""
+2 (+13 to +24) -0.837""
+3 (+25 to +36) -0.575™"
+4 (+37 to +48) -1.123™
+5 (+49 to +60) -0.907""
+6 (+61 to +72) -0.878™"
+7 (+73 to +84) -0.872™
+8 (+85 to +96) -1.018™
+9 (+97 to +108) -1.101™
Interactions with unemployment
experience (x2):
-1(-12to-1) -0.0382"
-0 0.0086
+0 0.0038
+1 (+1to +12) 0.0251
+2 (+13 to +24) -0.0073
+3 (+25 to +36) -0.103™
+4 (+37 to +48) 0.1144"
+5 (+49 to +60) 0.0386
+6 (+61 to +72) 0.0407
+7 (+73 to +84) 0.0879
+8 (+85 to +96) 0.1733"
+9 (+97 to +108) 0.1637
N 80,030
R? 0.046

SOEP data; waves a (1984) to bf (2015); own calculation; FE-estimations; the within-R? and panel robust S.E.s are
used; further control variables (x3-x8) have been considered but are not displayed above

"p<.05 " p<.01, "™ p<.001
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11 Figures

Change in LS

N..
‘—| T T T T T T T T 1
" 0 +1 +2 +3 +4 +5 +6  +7  +8
Anticipation, reaction and adaption
e [ stimated Development - - - Confidence Intervals

Fig. Al The development of the causal effect of unemployment on LS over time: Anticipation, reaction and adaption

effects if non-ideal patterns are used. Note: SOEP data; waves a (1984) to bf (2015); own illustration; data of Table 2
and Model 3
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