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Abstract

This paper analyzes determinants of individual work force participation in a
bivariate probit model using data from the GSOEP. From Monte Carlo sim-
ulation, we know that there is low probability to detect social interactions in
medium data sets. Nevertheless, we find that apart from influences such as
age, number of children and local employment rates, educational and gender
differences as well as the work force participation of the eldest brother or
sister also have a significant influence on a person’s work force participa-
tion. The results show that the second-born takes a similar job participation

decision as his/her peer.
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1 Introduction

Economic analysis has recently rediscovered the question of social interac-
tions. Traditionally, social interactions have been neglected by economic the-
ory or considered problems of incomplete markets that prevent the economy
from achieving a social optimum (Manski, 2000). By now, many economists
have come to recognize that social interactions are an important motive for

economic behavior as a part of human behavior.

The basis for the analysis of social interactions are reference group effects,
behavior in social networks, or herd behavior in a Bayesian learning frame-
work (Bikhchandani, Hirshleifer and Welch, 1992). According to the reference
group explanation, an individual’s decision is based on his or her own prefer-
ences and on the possible deviation of one’s own decision from that of one’s
peer (Akerlof, 1997). A social network may act as a risk-sharing mechan-
ism. For recent empirical evidence favoring risk-sharing within households in
rural Ethiopia or in Indian villages, see the studies by Dercon and Krishnan
(2000) and Ogaki and Zhang (2001). However, risk-sharing between or within
American families is rejected by Hayashi, Altonji and Kotlikoff (1996).

Social interactions may also have an influence on consumer behavior
(Corneo and Jeanne, 1999), savings behavior (Cole, Mailath and Postlewaite,
1992), subjective well-being (Clark and Oswald, 1996), or labor supply. With
respect to the explanation of labor supply, social norms or family effects are
found to be an important factor for the female labor force participation by
Murphy (1995). Woittiez and Kapteyn (1998) include habit formation and
reference group behavior in their model of female labor supply. They only
find weak empirical evidence for the influence of reference groups, but strong

influence of habit persistence.

Following Solon, Page and Duncan (2000) and Oreopoulos (2002), neigh-
borhoods may have an influence on educational attainment and the labor
market success of youths. The authors ascertain that the correlation of neigh-

boring children is very low in comparison with the correlation of siblings. Ac-
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cording to this result, family backgrounds are the main source for educational

attainment and long-term labor market success.

From a psychological point of view, Sulloway (2001) shows that the birth
order of siblings is an important factor in the explanation of human behavior.
Some psychometricians argue that for siblings the shared environment only
constitutes a small proportion of environmental influences and that these
influences are dominated by the nonshared environment. This means that
children may experience the same environment in a different way, or have
different formative experiences despite living in the same family (e.g., Murray,
2002).

In this study, we analyze the problem of individual discrete choice in the
presence of possible social interactions with the individual’s eldest brother or
sister. The discrete choice behavior variable is participation in the work force,
i.e. we investigate whether a person tends to take a similar or an opposite
job participation decision to its elder brother or sister. We use family back-
ground information taken from the German Socio-Economic Panel (GSOEP)
and raise the question whether risk-sharing within the family or competition
between younger and elder siblings may play an important role in the de-
cision. Although a Monte Carlo study by Jaenicke (2003) shows that the
power of the applied parameter tests is low in small samples, we find strong

empirical evidence for social interactions.

The paper is organized as follows. In the next section, we present the
bivariate probit model for the work force participation of siblings and discuss
the power of parameter tests in this framework. Section 3 provides the main
empirical results for the work force participation in two different waves of
the GSOEP. Section 4 concludes.
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2 A bivariate probit model for work force

participation decisions

Manski (1993) detects problems in identifying endogeneous neighborhood ef-
fects in linear regression models of large neighborhoods. The models were
not able to distinguish between endogeneous and contextual interactions.
Brock and Durlauf (2001, 2002), however, show that this identification prob-
lem can be solved in nonlinear discrete choice models if there is sufficient
inter-neighborhood variation. Since we look at the question of workforce par-
ticipation of siblings in a dichotomous way, the Manski critique does not

apply to our analysis.

For the researcher, interactions between brothers and sisters may only
partly be observable, due to psychological reasons. To detect the neglected
or non-observable interactions between the respective decision processes of
the individual and his or her eldest brother and sister, we estimate a bivariate
probit model for their work force participation and analyze the covariance of

the residuals.

The regression equations of the individual I (second-born) and the peer
P (first-born) are

WFP; = X8 +WFPpBy+u;, WFP =1ift WFP}>0,0 else
WFP, = Xpvyp+up, WFEPp=1if WFP; > 0,0 else
[ulvuP] ~ (1)2 (070,]—717[))7

with work force participation W F'P and exogenous variables X. X contains

individual characteristics (such as sex, age, marital status, level of school

education, level of parents’ education) and other attributes of the decision

I'The maximum likelihood estimation of a bivariate probit model involves the numerical
problem of the evaluation of double integrals over the normal distribution. This estimation
procedure is by now implemented in several statistic computer programs (e.g. LIMDEP,

STATA, TSP). We used LIMDEP Version 7.0.
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process (such as household income the year before, work force participation
the year before). The above equations are a recursive?, simultaneous binary
choice model first proposed by Maddala and Lee (1976). As a condition of
identification, we need no exclusion restrictions on the exogenous regressors.
Wilde (2000) shows that the existence of a varying exogenous regressor is suf-
ficient to avoid small variation identification problems. A recent application
of the model can be found in a study by Greene (1998).

In our model, the observable part of the social interactions, the influence
of the decision of the peer, is tested by the hypothesis Hy : 5, = 0. The non-
observable part of the social interactions may be revealed through the residual
covariance structure. A residual covariance cov (uy,up), i.e. p, significantly
different from zero, may serve as an indicator of unobserved social interactions
between the two decisions or as an indicator of simultaneously neglected
third-party effects. To minimize the latter-mentioned influences, economic
variables describing structural effects, such as local employment rates, should
be included in the matrices X; and Xp as long as the covariance cov (uy, up)

is significantly different from zero.

Gordon, Lin, Osberg and Phipps (1994) conclude from their empirical es-
timation of dichotomous discrete choice models that it is “desirable to have at
least 10,000 observations in order to be reasonably sure of parameter stability
in a probit or logit model of labour force participation.” Our empirical data
set consists of only 154 pairs of brothers and sisters in the first two waves and
380 in the final wave. Other studies using a bivariate probit model have to
deal with even less observations, e.g., Greene (1998) with 132 obsvervations.
In order to investigate the small sample behavior of tests in the bivariate
probit model, in Jaenicke (2003) we make a small Monte Carlo study. We
analyze the power of the usual z-coefficient tests concerning the paramet-

2The recursive nature follows from the condition of logical consistency. In the linear
simultaneous equation literature the term recursive is used for models in which the resid-
uals [ur,up| are independent. In our case, this assumption is not necessary. See Maddala
(1983, 119 and 122-123).
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ers of the observable and non-observable social interactions, 3, and p. The
results show that the power of these tests is very low in a medium sample
size of T' = 200 observations. For example, in the case of p = 0.4, only 38.4
percent of the true p-coefficients and 34.8 percent of the true [3,-coefficients
are significantly different from zero at the 5H-percent significance level. The
power can be dramatically increased if it is possible to find the neglected

variables that cause high residual correlation.

3 Empirical results

In the empirical analysis, we restrict ourselves to the binary choice of labor
force participation using the first two and the 1999 waves of the GSOEP for
a demonstration of our approach. The sample consists of young adults who
have one brother or sister also appearing in the panel.® 12.0 percent of these
adults are immigrants. The dependent variables are the work force participa-
tion of the sibling pairs. The work force participation variable is coded one if
the person is employed full-time or in vocational training and zero if the per-
son is not gainfully employed. We aim at controlling for some key variables
of the work force decision process, including current and lagged variables. In
the model selection process, we estimated models with different independent
variables such as sex, age, marital status, level of school education, current
education or career training, parents’ level of education, household income
the year before, work force participation the year before, living in the same
household. We also consider influences such as local employment rates (using
sample information in the GSOEP), differences in the level of school educa-
tion, and whether the regarded person is of the same sex as his or her sibling.
Some descriptive statistics of the chosen variables are presented in table 1.
We see, e. g., that the first-born on average is 4 years older and, at the time

of the interview, better educated than the second-born.

3Brothers and sisters are identified by their parents’ number. Neither half brothers and

sisters nor persons with two or more brothers or sisters in the data set are selected.
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Table 1: Descriptive statistics (1985 wave)
variable mean  std. dev. min. max.
WEPS85p 0.792  0.407 0 1
ager 20.013 3.337 17 46
gender differences and birth ordergf ; | -0.006 0.736 -1 1
differences in school educationgp)f I 0.318  1.595 -5 5
agep 2295 4.031 18 47
differences in agep_; 3.976  2.530 0 15
current education, trainingp 0.675  0.470 1 2
local employment ratep 91.661 2.701 67.400 93.900
DThis variable is coded -1, 0, or 1 for elder brother and younger sister,
siblings of same sex, or elder sister and younger brother.
2The school education is recoded to a 6-point-scale, with 'No school degree’
and 'In school’ at the position 0 in order to obtain an ordinal rank scale.

The final estimation results of the bivariate probit model for the 1985
wave are presented in table 2. All parameters are significantly different from
zero. Since there are only 154 observations, the inclusion of non-significant

variables is avoided.

In our data set, we find that apart from age, age squared, and local
employment rates, the work force participation of the elder brother or sister
as well as educational and gender differences are significant and observable
social influences in the labor market decision. The work force probability
is U-shaped in age, but only the increasing part of the function is relevant
for our sample. Neither the individual’s level of school education nor the
sex of the first- or second-born are significant variables, possibly because
of the low power of the test. Comparison of the siblings in these aspects,
however, gives a significant explanation of their work force behavior. These
interaction variables are able to absorb the significant correlations of the

residuals between both decision equations.
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Table 2: A bivariate probit model for the work force
participation of siblings (1985 wave)

marginal
variable coeflicient effectsfor meanof X
EWFP/|WFPp =1]

WEP857-equation

ager -0.163*** -0.655 20.013
(age;)” 0.006** 0.002 411.584
WEFP85p 1.204** 0.485 0.792
gender differences and birth order,_; -0.321** -0.129 -0.006
differences in the level -0.125* -0.050 0.318

of school educationp_;
WFP85}-equation

agep -0.069** -0.003 22.955
current education, trainingp 1.601* 0.058 0.675
local employment ratep 0.017 0.001 91.661
p -0.250

Nobs, LogL 154 -153.337

count actual/predicted WFP85%,=0 WFP85;, =1 total
WEP857 =0 23/6 49/49 72/55
WEFP857 =1 9/12 73/83 82/99
total 32/18 122/136 154/154
equal WFP actual/predicted 96,/93

unequal WFP actual/predicted 58/61

Ixl Ikl

S or ™* denote that the parameters are significantly different from zero

at the 10 percent, 5 percent, or 1 percent levels, respectively.

The results show that a person tends to take a similar job participation
decision as its peer, i.e. its elder brother or sister, and not vice versa. The
inverse relationship is not significant. The conditional probability for the

second-born’s job market participation, given the participation of the first-
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born, is E [W FP;[W FPp = 1] = 0.524. A less educated peer has a negative
influence on a person’s job participation decision, but the marginal effect,
evaluated at the mean of the data, is rather small. We show that the gender
difference between the decision-maker and his or her peer has an important
impact on the decision about participation in the work force. For a man,
an elder sister has a pronounced negative influence on his job participation
probability, and vice versa. This fact - surprising at first glance - probably
reflects the traditional male-female role behavior, caused by gender-specific

differences in education that make women have a lower work force probability.

The joint frequency table reveals that we have a very good fit for equal
and unequal job participation behavior. In the case of the participation of
the first-born and the non-participation of the second-born, the model per-
fectly estimates 49 decisions. But the frequency table also shows that the
model underestimates the non-participation decision for both groups. This is

especially true for the joint non-participation decision.

If we include the work force participation of the year before in the decision
equation for the first-born, the signs of the model parameter in our preferred
model remain unchanged, but the variable own age and local employment
rate become insignificant. If we also include the past work force participation
of the second-born, the second-born’s age and the social comparison variables
also become insignificant. We suppose that this happens because the influence
of age and social interactions were already included in the decision one year
before. Hence the past endogeneous variable absorbs other influences on the
second-born’s decision and only explains the persistence of the work force
status. We therefore exclude the individual’s past work force participation in
the final model.

Our estimation results are quite robust against time changes. We also
estimate the model presented in table 2 for the 1984 wave using a balanced
sample. The signs of the parameters remain unchanged and, once again,
the residual correlation is not significant. With a likelihood ratio test, the

hypothesis that the parameters are equal in both estimations cannot be re-
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jected at the 10 percent significance level. In 1984, only one parameter out of
eight is not significantly different from zero. The exception is the parameter
for the local employment rate. Finally, the prediction frequencies are quite
good. The model predicts 87.0 percent of all simultaneous decisions correctly.
Equal work force participation behavior is predicted in 95 out of 96, unequal

behavior in 59 instead of in 58 cases.

Our findings, however, are not robust enough to compensate for social,
political and economic changes such as increasing individualism, coaching
of women and, last but not least, German reunification. The latter involves
the inclusion of the new Ldnder in the data set, with persons interviewed
being socialized in a completely different way. Nevertheless, the main results

remain stable.

We use an enlarged set of possible explanatory variables for 380 pairs
of siblings in the year 1999. 177 out of those interviewed live in the new
and 583 in the old Ldnder. 18.4 percent are not of German nationality. On
average, the first-born and the second-born are now 27.8 and 23.8 years old,
respectively, i.e. they are 3.7 or 4.7 years older than in the 1985 wave. The
first-born again has a higher school certificate and higher personal income,
however with a high standard deviation in income differences between the
siblings. The number of children in the household of the first-born is only 0.2

childs. Detailed descriptive statistics are presented in table 3.

The estimation results for the 1999 wave are presented in table 4. In
addition to the final model in 1985, we include, among other things, the
number of children, the monthly net household income, and the difference in
the personal gross income between the first- and the second-born in 1998. All
variables as well as the residual correlation p are significantly different from
zero. Hence, fitting separate probit models for the first- and the second-born’s
decision equation can involve significant endogeneity biases in the estimation
(Lollivier, 2001). Restricting the residual correlation to zero and therefore
excluding non-observable interactions causes a 3.3 percentage points lower

prediction quality of the model.
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Table 3: Descriptive statistics (1999 wave)
variable mean std. dev min. max.
WEP99p 0.724 0.448 0 1
agery 23.774  5.587 17 46
sex; 0.442 0.497 0 1
gender differences and birth orderp_;| -0.032 0.696 -1 1
living in the same household 0.361 0.480 0 1
number of children in household; 0.116 0.420 0 3
differences in school educationp_; | 0.442 1.606 -5 5
monthly net household income; 4886.23 2572.38 0 22000
differences in the personal monthly | 573.37  2642.11 -11700 14000
gross income 1998p_;
agep 27.750  6.032 18 50
differences in agep_; 3.976 2.530 0 15
current education, trainingp 1.729 0.445 1 2
number of children in householdp 0.221 0.602 0 3
education of the mother? 2.416 1.788 1 7
local employment ratep 87.098  4.729 77.070 92.424
DEducation of the mother is recoded in order to get an ordinal 7-point-scale.

The residual correlation p may serve as an indicator of unobserved social
interactions between the two decisions or as an indicator of simultaneously

neglected third-party effects. Although we tried many possible explanatory

variables, the residual correlation remains negative and significant. The neg-

ative correlation implies that if the work force probability is overestimated in

one equation, it is underestimated in the other. This means that here exists a

risk-sharing mechanism in the work force participation due to unobservable

social interactions. If a common neglected variable exists for both decisions,

it has opposite influences on the first- and the second-born’s decision.
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Table 4: A bivariate probit model for the work force
participation of siblings (1999 wave)

marginal
variable coefficient effectsfor meanof X
EWFP|WFPp =1]

WEP997-equation

WEP99p 0.847 0.322 0.724
ager 0.023* 0.009 23.774
sexy -0.665** -0.253 0.442
gender differences and birth orderp_;  -0.267* -0.102 -0.032
siblings living in the same household  -0.785"** -.299 0.361
number of children in household; -0.648*** -0.247 0.116
differences in school educationp_; -0.125** -0.048 0.442
monthly net household income; 0.00004** 0.00002 4886.23

differences in the personal monthly -0.0002*** -0.0001 573.37
gross income 1998p_;
WEFP99}-equation

agep 0.056*** 0.004 27.750
differences in agep_; 0.067* 0.005 3.976
current education, training; 0.625** 0.043 1.729
number of children in householdp -0.951** -0.065 0.221
education of the mother -0.112%~ -0.008 2.416
local employment rate; -0.019* -0.001 87.098
p -0.428*

Nobs, LogL 380 -356.414

count actual/predicted WEFP99,=0 WFP99, =1  total
WFP99; =0 40/11 91/112 131/123
WFP99; =1 65/58 184/199  249/257
total 105/69 275/311 380/380
equal WFP actual/predicted 224/210

unequal WFP actual /predicted 156/170

Il Txxl

S or ™* denote that the parameters are significantly different from

zero at the 10 percent, 5 percent, or 1 percent levels, respectively.




Labor supply and social interactions 13

But again, there are some observable social interactions. The peer’s work
force participation has a positive influence on the work force probability
of the regarded younger brother or sister. This confirms the hypothesis of

competition between brothers and sisters.

Like the results in the 1985 wave, increasing age has a positive impact
on the work force probability. The variable sex has a negative sign, meaning

that women still have a lower work force probability.

In this wave, the variable gender difference and birth order also has a
negative sign. An elder sister still has a negative impact on her brother’s
work force probability and an elder brother a positive one on his younger
sister. However, some change in comparison to the 1985 results arise in the
marginal effect of the variable gender difference and birth order. In the 1999
wave, an elder sister has a weaker negative impact on her brother’s work force
probability. We suppose that this change is due to the change of women’s role
in society. On one hand, emancipation has made important progress, on the
other, efforts to promote women have made an impact. Although women may
still be discriminated against (and have a lower work force probability), their
work force participation has become more normal. This is especially true for
women in the new Ldnder. Additionally, by now it has become more normal
that women first try to make their way in professional life before starting
a family. They are frequently in their thirties when they get pregnant and
stop working (or not).* The mean age of the persons interviewed, however,
is between 23.8 (second-born) and 27.8 (first-born).

If both siblings live in the same household, the work force probability of
the younger sibling diminishes. This is probably due to the lower cost of living
in a shared household, but it also underlines risk-sharing between siblings.
Apparently, distance plays a role with respect to risk-pooling. Obviously, it
is less appealing to share a job risk if your brother or sister does not live in

the same household.

4Kreyenfeld (2000) shows a pronounced increase in age for the first-birth for cohorts in
West and East Germany.



Labor supply and social interactions 14

As expected, a growing number of children in a household has a decreasing
influence on the work force probabilty. An additional variable for the number
of own kids of the female individuals is not significant. This means that it
makes no differences for the job participation behavior of a woman whether
her own kids or the kids of her partner live in the same household. Also the
marital status or the variable living with a stable partner plays no significant

rule.

The impact of differences in the school-leaving certificate has the expected
sign, i.e. a lower certificate of the peer implies a lower probability of work

force participation of the second born.

The net household income - as the sum of all household members in-
cluding parents, spouses or partners - has a positive effect on the work force
probability. But, because the own net income is not excluded in this variable,

some endogeneity bias might play a role in the outcome.

If the monthly income of the first-born in the year before decreased with
respect to the income of the second-born, the work force probability of the
second-born increases with a time lag of one year. This implies that there is
some kind of risk-sharing between both siblings with positive effects on the

work force participation in bad income situations of the peer.

In the decision equation of the first born the variables own age, age gap
between first- and second-born, a dummy variable for beeing currently in
education or training’, number of children, education of his or her mother
and local employment rate are significant. Age and the age gap increase
the work force probability of the first born, whereas the number of children

decreases it.

If the education of a person’s mothers is low he or she will be with higher

In large data sets, the decision of being currently in education or training may be
explained by a separate decision equation. Here, we include this dummy variable in the
work force participation decision equation, knowing that we possibly introduce some en-
dogeneity bias.
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probability in the work force. We suppose that this result is due to a higher
probability of being in the education system (and not working) if the mother
has a high school certificate. The local employment rate also has a negative
influence. This means that in a Land with a low unemployment rate the
young adults can spend some time not working perhaps because it is easier

to be financed from relatives.

The prediction accuracy of our bivariate probit model is quite good. In
81.05 percent all simultaneous work force participation decisions are correctly
predicted. Nevertheless, some reservations remain with respect to the explan-
ation equations for the peer. Especially the predictions given for the case of
simultaneous non-participation of the siblings are unsatisfactory, although

we tried many versions in the model selection process.

4 Conclusions

Monte Carlo results indicate that the power of parameter tests concerning
an endogeneous dummy variable in the bivariate probit model variables is
low. This is especially true if there is a medium-sized or strong residual
correlation between both equations. Nevertheless, in our empirical study we
find significant evidence for social interactions in the work force participation
behavior. The work force participation of the elder brother or sister as well
as educational and gender differences are significant and observable social
influences for the labor market decision. The respective household incomes of
both siblings and the question whether they are living in the same household
also play an important role. The younger brother or sister compares himself
or herself to the elder one, not the other way round, and takes a similar work

force decision.

This confirms the view of psychometricians that birth order plays an im-
portant role in human behavior. Birth order is seen as a source of different

sibling strategies in competing for parental favor and investment. The stra-
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tegic variations arise because birth order is correlated with differences in age,

physical size, power and status within the family (see Sulloway, 2001).

In our empirical analysis, we see that the competition motive is the domin-
ant force of interactions between young adult siblings in the eighties, whereas
in the 1999 wave, both risk-pooling behavior and competition in the work

force participation decision can be proved.
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