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Abstract

In this paper, we measure the effect of the association of female and earn-
ings on inequality across couple households in West Germany from 1986 to
2010 by assigning couples randomly to each other and predicting labor supply
choices. This allows quantifying the extent of sorting in earnings potential
rather than observed earnings which result from both productivity and la-
bor supply coordination in couples. Constructing counterfactuals based on
observed earnings might be misleading since labor supply is affected by the
household context. Using German microdata as well as a behavioral mi-
crosimulation model we find that the impact of observed sorting on earnings
inequality among couples turned from equalizing to disequalizing in recent
years, but is rather weak. However, after correcting for the effect of labor
supply choices, we find that sorting in productivity has a much larger impact
on observed earnings inequality.
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1 Introduction

Income inequality has strongly increased in many Western countries over the past

decades (OECD, 2008, 2011) and the economic literature has identified numerous

factors that have contributed to this trend. Among others, the distribution of labor

earnings, which make up the largest share of total household income, has become

much more unequally distributed (Katz and Autor, 1999).1 In addition, several con-

tributions have emphasized changes in household characteristics related to increases

in income inequality (Jenkins, 1995; Daly and Valletta, 2006; Martin, 2006; Pe-

ichl et al., 2012). In particular, increasing correlation of spouses’ earnings in couple

households has contributed to growing income inequality (Mare and Schwartz, 2005;

Burtless, 2009; Schwartz, 2010). This has been interpreted as increasing similarity

of spouses in terms of earnings-related characteristics (assortative mating), which

has an amplifying effect on inequality since it reduces the level of redistribution

within households. When the share of couples where both partners are either high

or low wage earners grows, inequality will be higher compared to a situation where

couples with one high and one low wage earner dominate. The trend towards more

positive sorting is also related to increasing female labor force participation, since

the number of single-earner families has been decreasing in many countries (Blau

and Kahn, 2007; Heim, 2007; Blundell et al., 2011a,b).

Previous studies on the effect of female earnings and the increasing association

with male earnings on inequality can largely be classified as accounting approaches

since the observed distribution of income or earnings is compared to various counter-

factual distributions manipulating female earnings or the correlation between male

and female earnings (Karoly and Burtless, 1995; Burtless, 1999; Aslaksen et al.,

2005). Cancian and Reed (1998, 1999) emphasize that the the question whether

female earnings contribute to income inequality can only be meaningfully assessed

when the observed distribution of household income is compared to an appropriate

reference distribution. However, the role of behavioral effects (labor supply) has

1 Numerous studies analyze issues related to increases in inequality of hourly wages: skill-biased
technological change and globalization (Juhn et al., 1993; Autor et al., 1998, 2008), changes in labor
market institutions (DiNardo et al., 1996; Card and DiNardo, 2002; Lemieux, 2006) and the gender
wage gap (Blau and Kahn, 2006; Arulampalam et al., 2007).
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so far not been taken into account. This is however important, since earnings do

not only reflect changes in a worker’s productivity (the wage rate) but also depend

on the number of hours worked, which is determined by the allocation of partners’

time on paid work, household production and leisure (Juhn and Murphy, 1997; De-

vereux, 2004; Gottschalk and Danziger, 2005). Changes in household characteristics

will therefore also be reflected in changing labor supply behavior. Therefore, the as-

sessment of partner sorting on income inequality should explicitly take into account

labor supply behavior in order to disentangle the pure effect of sorting compared to

the observed (non-random) sorting of spouses’ earnings.

In this paper, we measure the effect of the association of female and male

earnings on total earnings inequality across couple households in West Germany

over a 25-year period from 1986 to 2010 and explicitly take into account labor sup-

ply behavior of couples. Using data from the German Socio-Economic Panel Study

(SOEP) and a behavioral microsimulation model for Germany (IZAΨMOD, see Pe-

ichl et al., 2010) we estimate a discrete choice model of labor supply for couples

for each year separately. This provides estimates on preference parameters for con-

sumption, leisure, household characteristics as well as various interactions. Then, we

create a sample of hypothetical couples by assigning males and females from couple

households randomly to each other, which serves as a counterfactual benchmark to

assess the effect of non-random sorting on inequality. Characteristics of the spouse,

which are the most important part of the household context, affect individual la-

bor supply behavior and therefore individuals would respond to a counterfactual

environment. In order to capture labor supply adjustments, we use the estimated

preference coefficients and predict the labor supply behavior of the hypothetical cou-

ples. This allows us to calculate the respective earnings of the randomly assigned

individuals and hence total household earnings. Differences in levels of earnings in-

equality between the distributions of observed and hypothetical couples after labor

supply adjustment allow quantifying the pure effect of partner sorting on inequal-

ity by applying an index measuring the effect of the association between spouses’

earnings on inequality (Aslaksen et al., 2005).

We find that the observed pattern of sorting in earnings had a fairly weak im-
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pact on earnings inequality among couple households. However, the trend suggests

that the pattern of sorting has turned from slightly equalizing to slightly disequal-

izing in recent years. After correcting for the effect of labor supply choices based on

the hypothetical household context, we find that sorting in productivity has a large

impact on earnings inequality. This result is driven by two factors: First, women

with high (low) earnings potential generally tend to couple with high (low) earning

men. Second, women in couples with high earning men are more often not employed

and work less in the 1980s, but increased labor supply disproportionally over the

period under consideration. Taken together this suggests that increasing earnings

correlation between females and males results from increasing labor force attach-

ment of women rather than from changes in couple formation. This indicates that

there might be a trade-off between female labor force participation and inequality.

The paper is organized as follows: Section 2 introduces the methodology be-

fore the empirical application and the data are described in section 3. Results are

presented in section 4. Section 5 concludes.

2 Methodology

In order to quantify the extent of the effect of sorting on family income inequality,

we apply an index introduced by Aslaksen et al. (2005). This is derived from a

decomposition of the Gini coefficient and quantifies the effect of the association of

female and male labor earnings (“flocking together”2) on earnings inequality across

couples by comparing the observed distribution to a hypothetical one, where spouses’

individual earnings are randomly matched. However, it has to be noted that a correct

way of constructing the hypothetical distribution requires a simulation of the labor

supply decisions given the random match. In the following, we will first introduce

the static “flocking index” (Aslaksen et al., 2005) and then suggest an extension

that allows for an adjustment of labor supply choices given the randomly assigned

household context.

2 The earliest citation of this proverb dates back to Minsheu (1599): “Birdes of a feather will
flocke togither”. This means that those with similar taste tend to congregate in groups. A modern
version refers to “doctors marrying doctors rather than nurses” (OECD, 2011).
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The flocking index. Consider a population of n couple households indexed i ∈

{1, . . . , n} and a distribution of household earnings Y = (Y1, . . . , Yn), where house-

hold i’s total earnings are simply the sum of both the female and the male spouse’s

earnings: Yi = Y f
i + Y m

i . The cumulative distribution of total earnings FY is a

function of the gender-specific marginal earnings distributions FY = FY (Fm
Y , F

f
Y ).3

Each distribution is associated with mean earnings (µY , µf
Y and µm

Y ) and a level of

earnings inequality, represented by the Gini coefficient G(·). The Gini coefficient of

the distribution of couple earnings Y reads

G(Y ) =
2

µY

· Cov[Y, FY ] =
µf
Y

µY

· γf +
µm
Y

µY

· γm, (1)

where γs = 2/µs
Y ·Cov[Y s, FY ] for s ∈ {m, f}, which is a measure of the association

between female or male earnings respectively and total earnings (see Aslaksen et al.,

2005, p. 503). It depends on the covariance of gender-specific earnings Y s and the

couple’s position in the total earnings distribution FY , which does not necessarily

coincide with spouses’ positions in the gender-specific distributions F s
Y .

Taken the distributions Y f , Y m and hence Y as given, the level of inequality

in total household earnings G(Y ) is bounded between an upper and a lower level,

i.e. G(Y ) ∈ [Gmin(Y ), Gmax(Y )]. These bounds depend on the spouses’ positions in

the gender-specific earnings distributions relative to the household’s position in the

total distribution. With s,−s ∈ {m, f} and s 6= −s these are defined as follows:

G(Y) =

 Gmax(Y ) if F s
Y (Y s

i ) = F−sY (Y −si )

Gmin(Y ) if F s
Y (Y s

i ) = 1− F−sY (Y −si )

(2)

Since γs = 2/µs
Y · Cov[Y s, FY ] this implies (Aslaksen et al., 2005)

G(Y) =

 Gmax(Y ) ⇔ γs = G(Y s) ∧ γ−s = G(Y −s) and

Gmin(Y ) ⇔ γs = G(Y s) ∧ γ−s = −G(Y −s).

(3)

The level of total couple earnings inequality is highest (lowest) if the highest-earning

3 See Decancq et al. (2012) for a copula-based decomposition of couple earnings inequality.
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woman is married to the man with the highest (lowest) earnings within the male

distribution, the second highest-earning woman with the second highest (lowest)

man and so on. Hence, the pattern of sorting has the most (dis)equalizing effect

on earnings inequality across couple households when sorting of spouses is perfectly

negative (positive) with respect to earnings.

A way to assess to what extent the observed inequality in the distribution of

couple earnings is affected by non-random sorting of spouses is to compare the ob-

served distribution with a hypothetical one where partners are randomly matched

to each other. Consider as a counterfactual a distribution of randomly assigned

couples indexed ĩ ∈ {1, . . . , n} with total earnings Yĩ = Y f

ĩ
+Y m

ĩ
, where a tilde indi-

cates random assignment. Note that without any adjustments the levels of inequal-

ity in the gender-specific marginal distributions do not change: G(Ỹ s) = G(Y s)

for s ∈ {m, f}. However, in general the inequality of total earnings is affected:

G(Ỹ ) 6= G(Y ). Normalizing the difference between observed and hypothetical in-

equality by the distance between random inequality and the upper or lower bound

yields an index of the extent of “flocking together” (Aslaksen et al., 2005):

V (Y, Ỹ , Y f , Y m) =


G(Y )−G(Ỹ )

Gmax(Y )−G(Ỹ )
if G(Y ) > G(Ỹ ),

G(Y )−G(Ỹ )

G(Ỹ )−Gmin(Y )
if G(Y ) < G(Ỹ ),

(4)

where V ∈ [−1, 1]. Positive values of V imply that G(Y ) > G(Ỹ ), i.e., observed

inequality of couple earnings is larger than inequality of the randomly assigned dis-

tribution. This reflects a disequalizing pattern of “flocking together”, while negative

values of V indicate a sorting pattern that is equalizing compared to random sorting.

Note that the extreme cases of either perfect positive (G(Y ) = Gmax(Y )) or perfect

negative sorting (G(Y ) = Gmin(Y )) imply the maximum and minimum values of

V = 1 and V = −1 respectively. Finally, the case of V = 0 represents a situation

where observed and random sorting pattern coincide.4

4 Note that the interpretation of the flocking index is similar to a measure of correlation between
two stochastic variables. Aslaksen et al. (2005) show that the flocking index is equal to the
correlation coefficient when the Gini coefficient is replaced by the squared coefficient of variation.
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Household context and the adjusted flocking index. Previous studies as-

sessing the effect of female earnings or the correlation of spouses’ earnings on total

income inequality have constructed various counterfactuals from income distribu-

tions observed in the data. What has so far been neglected in the applications is the

fact that observed household earnings and incomes and their distribution across the

population do not only reflect “who lives with whom” (Jenkins and Micklewright,

2007, p. 18 f.) but are also determined by income-producing choices, in particular

spouses’ (joint) decisions on labor supply (see Bargain et al., 2012, for a comprehen-

sive documentation of siginificant cross-wage elasticities). Hence, the observation of

increasing correlation of spouses’ earnings does not necessarily only reflect changes in

assortativeness of spouse selection but is also affected by changes in the coordination

of labor market behavior within couple households.

Consider for example a perfectly negative sorting pattern where the best earn-

ing woman and the least earning man form a couple and vice versa. This would

indicate that sorting with respect to earnings is most equalizing. However, since

earnings are a function of earnings potential (the wage rate) and supply on the

labor market (hours worked) it is not clear whether this sorting pattern reflects

assortative mating in traits like ability or education (doctors marry nurses) rather

than patterns of labor market behavior of couples (female doctors do not work when

married to a male doctor). The latter example reflects a situation where the number

of hours supplied on the labor market is negatively associated with partner income,

e.g., the higher the male earnings the lower the number of hours worked by the

female spouse (and vice versa). This implies that the extent of “flocking together”

with respect to earnings is reduced by labor supply choices of couples. Hence, when

constructing a proper counterfactual distribution of couple earnings, we have to take

into account the dependency of individual earnings, in particular both the exten-

sive and the intensive margin of labor supply, on the household context Xi which

comprises the earnings potential of the partner.

When we randomly assign individuals to hypothetical couples, instead of using

the observed earning Y s
i , which is a function of observed couple characteristics Xi, we

have to impute hypothetical earnings Y s
ĩ

based on the hypothetical setting Xĩ which
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are mainly determined by the hypothetical spouse. Then we can define an adjusted

flocking index V̂ using predicted counterfactual distributions for both female and

male earnings. In order to do so, we make explicit that hypothetical individual

earnings will adjust given the counterfactual couple characteristics, that is Ŷ s
ĩ

=

Ŷ s
ĩ

(Xĩ), where a hat indicates random assignment and labor supply adjustment. The

nature of this relationship can be predicted based on the relationship of observed

earnings and household characteristics Y s
i = Y s

i (Xi) (see below). We can construct

the adjusted flocking index as in equation (4) using the adjusted distributions of

female and male as well as total earnings:

V̂ = V̂ (Y, Ŷ , Ŷ f , Ŷ m). (5)

The interpretation of the adjusted flocking index is the same as for the static flocking

index: Positive values indicate a disequalizing sorting pattern, while negative values

imply an equalizing sorting pattern. The main difference is that labor supply coor-

dination given the household context, which affects individual earnings, is explicitly

taken into account and hence the adjusted index gives an indication of the “pure”

effect of partner sorting on earnings inequality across couple households.

Modeling household labor supply. In order to predict the relationship be-

tween household and partner characteristics and individual labor supply decision

we make use of microsimulation techniques and apply a structural model of house-

hold labor supply (Van Soest, 1995; Blundell et al., 2000). We assume that couple

households have a utility function Ui = Ui(Ci, h
f
i , h

m
i ;Xi), where the arguments

are household consumption Ci and leisure time of the female and male partner

respectively hfi and hmi given household characteristics Xi. We assume that util-

ity is maximized by jointly deciding on (hfi , h
m
i ), since consumption is given by

Ci = d(wf
i h

f
i , w

m
i h

m
i , Ii;Xi), where wf

i and wm
i are the fixed individual wage rates

and Ii is non-labor income. The tax benefit function d(·) transforms labor earn-

ings and other gross income into disposable income available for consumption given

household characteristics. Furthermore it is assumed that couple households can

choose among a fixed choice set of combinations of consumption and leisure time.
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This is reflected by a finite set of m working time categories for each individual,

which gives a total of m2 = J choices of (hfij, h
m
ij ) per couple.

Household utility Uij of household i in choice j comprises the systematic influ-

ence of the arguments consumption and leisure as well as observable heterogeneity

captured by characteristics Xi and its interactions with the arguments. Unobserved

heterogeneity in preferences is captured by adding a stochastic term (random utility

maximization, see McFadden, 1973). Hence, total household utility is Vij = Uij +εij.

Assuming that the error terms follow a Gumbel (extreme value) distribution and

are independently and identically distributed across choices j ∈ {1, ..., J} and the

assumption of utility maximizing behavior imply that the probability of household

i choosing category k over all other available categories l ∈ {1, ..., J}\k is

Pik = P (Vik > Vil) = P (Uik − Uil > εil − εik) =
exp(Uik)∑J
l=1 exp(Uil)

. (6)

The set of coefficients β of the systematic part of the utility function Ui(Ci, h
f
i , h

m
i ;Xi)

can be empirically estimated on the sample of observed couple households (see

Creedy and Kalb, 2006; Bourguignon and Spadaro, 2006, for a detailed overview

of microsimulation models of labor supply). The vector of estimates β̂ can be in-

terpreted as population averages of preferences for consumption and leisure given

observed heterogeneity in household characteristics. Hence, after having estimated

the labor supply model we can use the vector β̂ to predict the probability distri-

bution across choices P̂ĩj for each hypothetical couple household. This is the basis

for calculating labor supply choices ĥs
ĩ
, which gives hypothetical individual earnings

Ŷ s
ĩ

for s ∈ {m, f} and total earnings Ŷĩ as well as the resulting levels of inequality

which are required for calculating the adjusted flocking index according to equations

(4) and (5).

3 Empirical Application

Microsimulation model. We use the microsimulation model IZAΨMOD of the

Institute for the Study of Labor (IZA), which comprises a static tax-benefit calcu-

lator for Germany as well as a micro-econometric Van Soest (1995)-type of labor
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supply model as described in the previous section (see Peichl et al., 2010, for a docu-

mentation of the model). In order to predict labor supply choices we have to impute

consumption levels for counterfactual choices of working time.5 It is straightfor-

ward to calculate gross labor earnings for categories that are not actually chosen

by multiplying the individual hourly wage rates with the number of hours of work.6

However, since labor supply decisions are based on the trade-off between leisure

time and disposable income (see above) it is necessary to calculate income taxes

and benefit payments. Since the model’s tax-benefit calculator is currently only

available for recent years (since 2005) and not yet fully extended to the period from

the mid-1980s onwards we do not make use of IZAΨMOD’s standard tax-benefit

calculator. Instead we apply a reduced-form regression methodology to calculate

disposable income from gross incomes (see Frenette et al., 2007; Biewen and Juhasz,

2012; Peichl, 2012; Bargain et al., 2012, for recent applications). We run the follow-

ing ordinary least squares (OLS) regression model for each year t = 1986, ..., 2010

separately:

Cit = α0
t +Xitα

x
t + Zitα

z
t + (X ′Z)itα

xz
t + uit, (7)

where Cit is observed disposable income, Xit is a vector of gross incomes (from

labor, assets, private pensions and other gross income) including the squared values

and Zit is a set of household characteristics that are relevant for various tax-benefit

policies (marital status, age, age squared and hours worked of both spouses, number

of children and number of working-age adults as well as dummies for civil servants

and self-employed). The vector (X ′Z)it comprises interactions of gross incomes and

household characteristics. The regression results yield values for R2 very close to one

(0.97–0.99), which means that this fairly simple regression model captures almost

the entire observed variation in disposable household incomes and therefore can be

assumed to have sufficient predictive power to calculate counterfactual tax liabilities

5 The model comprises seven working time categories for each individual with 10, 20,...,60 hours
of work per week as well as the non-work category of zero hours. Therefore, couple households
have a choice set of 7x7=49 categories.

6 Wage rates are not observed for individuals currently not in employment and are estimated
on observed wages using a Heckman correction for sample selection (Heckman, 1976, 1979). We
use predicted wages for the entire sample.
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and benefit payments.7

Using this input, we estimate the conditional logit model (see Bargain et al.,

2012, for an overview) as described in equation (6). For the systematic part of

the household utility function Uij we use a translog specification, i.e., the main ar-

guments consumption and leisure as well as the interactions of consumption with

female and male leisure enter the utility function in natural logarithms. In the condi-

tional logit estimation, we use the squared arguments as well as several interactions

with household characteristics as additional explanatory variables of labor supply

decisions. The interaction variables are age and age squared of both partners as

well as dummy variables for skill levels (university and low education), the presence

of children in various age groups and for working part-time (10–30 hours per week)

following Van Soest (1995).8

Data and sample selection. The simulation model is based on microdata from

the German Socio-Economic Panel Study, which is a panel survey of households and

individuals that has been conducted annually since 1984 and currently comprises

27 waves (Socio-Economic Panel, 2011). Population weights make the respondents’

information representative for the German population. Issues concerning sampling

and weighting methods or the imputation of information in case of item or unit

non-response is well documented by the SOEP Service Group (see Haisken-DeNew

and Frick, 2005; Wagner et al., 2007).

We restrict our sample to West Germany, since especially shortly after the

reunification of Germany in 1990 labor supply behavior of East Germans can be

assumed to differ from West Germans. Moreover, income levels are still substantially

different between East and West Germany. The sample is further restricted to

couples (both married and cohabiting) where both spouses are of prime working

age (25–55) and at least one spouse can adjust labor supply flexibly. This means,

we exclude couples where both spouses are in education, in military or community

service, pensioners, on parental leave, civil servants, self-employed or have gross

household income from capital that exceeds half of income from labor. Individual

7 Regression output tables are not presented here but available from the author upon request.
8 Estimation results are not presented here but available from the author upon request.
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earnings comprise gross income from dependent work as well as self-employment in

the month prior to the survey interview. Household labor earnings are the sum of

both partners’ earnings.

4 Results

4.1 Descriptive results

Earnings inequality. Our results of the development of observed earnings in-

equality across couple households in West Germany over the period 1986–2010 are

displayed in figures A.1 and A.2. Figure A.1 shows that the Gini coefficient of total

couple labor earnings has increased quite strongly from around 0.23 in the mid-

1980s to around 0.3 at the end of the period under consideration. At the same time,

the correlation coefficient of female and male earnings in the sample of couples has

also increased from around −0.13 in 1986/87 to 0.03 in 2009/10 and turned from

a negative to a positive correlation in the mid-2000s. The apparent co-movement

of inequality and correlation gives some indication of a relationship between the

association of couple earnings and inequality between couples. The trends of female

and male earnings inequality are displayed in figure A.2. While the Gini coefficient

of male earnings displays both the same level and upward trend as couple earnings

inequality, female earnings inequality has substantially decreased over the past 25

years. Starting from a very high level (around 0.64 in 1986) it has constantly fallen

to around 0.5 in 2010, which is still quite high compared to male earnings inequality.

Employment rates and hours worked. The observation of decreasing earnings

inequality among women is for a large part driven by advances female labor force

participation. In the mid-1980s about 50% of women in couple households were not

employed, while the employment rate has increased to more than 70% at the end

of the last decade (see figure A.3). This development has particularly dampened

female earnings inequality since the share of women with zero earnings has been

constantly shrinking. At the same time the employment rate of prime-aged men has

remained fairly constant at a high level of 90–95%. In addition, men work on average

11



full-time with at least 40 hours per week over the entire period, while the average

number of hours worked by women is much lower due to lower participation rates

and part-time work (see figure A.4). Previous research (e.g., Juhn and Murphy,

1997) has documented that changes in both female labor force participation and

hours worked by women are not uniformly distributed across the distribution of

male earnings. Figures A.5 and A.6 show the changes in employment rates and

hours by male earnings decile and within 5-year subperiods.9 We find that female

labor force participation was below average especially for women living with men in

the upper tail of the earnings distribution in the 1980s. For example, only 40% of

women with men in the top 10% of the male earnings distribution were employed

and worked about 13 hours per week on average, while 50-60% of non-working or

low-earning men (bottom decile) were employed and worked 20–23 hours. This

pattern has changed over time. Employment growth among women has been largest

at the upper tail of the male distribution. In the recent period 2006-2010 there are

no significant differences in employment rates and hours across the distribution.

4.2 Flocking index

Static flocking index. The descriptive results suggest that earnings inequality

both among couples and among men has increased, while earnings inequality among

women has decreased. At the same time, earnings correlation between females and

males in couples has turned from negative to slightly positive over the period 1986 to

2010. In order to analyze whether increasing association of female and male earnings

has contributed to overall inequality we calculate the static flocking index following

Aslaksen et al. (2005) as defined in equation (4) for each year separately. For this

we assign spouses from observed couples randomly to each other. For calculating

the index at this stage we do not adjust the earnings levels observed, but take them

as given.

The resulting trend over time is presented in figure A.7. The extent of “flocking

together” remains fairly constant from the mid-1980s until the early 1990s. The

9 We assign individuals to one of eleven groups. Individuals with zero earnings are assigned
to the group “not in work” and individuals with positive earnings are assigned to their earnings
decile.
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resulting negative values ranging from around −0.08 to −0.11 suggest that the

pattern of sorting during this period has dampened earnings inequality across couple

households. However, the effect was not particularly strong. Recall that the flocking

index is bounded between −1 and 1. From the mid-1990s until the mid-2000s the

index remains mostly negative but values are closer to zero, which implies that

the pattern of earnings sorting is rather neutral with respect to couple earnings

inequality. We find positive values of the flocking index only for the period 2006–

2010. Ranging from 0.01 to 0.07 they indicate a disequalizing pattern of sorting,

which is however not very strong. Nevertheless, we find an upward trend of the

extent of association between spouses’ earnings on inequality. In particular, this

effect has switched signs in the 2000s turning from an equalizing to a disequalizing

pattern of earnings sorting among couples.

Adjusted flocking index. The standard approach in the literature to measure

the effect of the association of spouses’ earnings on inequality across couples has

taken individual earnings as given when constructing counterfactual distributions

(Karoly and Burtless, 1995; Cancian and Reed, 1998, 1999; Burtless, 1999; Aslaksen

et al., 2005). As discussed in section 2, results might be biased when earnings reflect

both assortativeness of earnings potential in couple formation as well as labor supply

behavior depending on the household context. Therefore, we propose an adjusted

flocking index where labor supply behavior is explicitly taken into account. We

use the estimated coefficients on preferences for consumption and leisure as well as

for several interactions with household and partner characteristics (see section 3)

and predict labor supply behavior of the randomly assigned hypothetical couples.

This gives us predicted earnings levels after labor supply adjustment, which allows

calculating the adjusted flocking index as defined in equation (5).

The results are presented in figure A.7. We find that the level of the ad-

justed flocking index is considerably larger than the static flocking index. From the

mid-1980s until the mid-1990s the level ranges between 0.3 and 0.4 and decreases

somewhat afterwards, ranging from around 0.25 to 0.3 during the past 15 years.

This means, the level of couple earnings inequality based on random sorting and

accounting for labor supply behavior is much lower compared to inequality of the
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observed pattern of sorting. Our interpretation of this result is that, while the pat-

tern of observed earnings sorting does not have a large impact on earnings inequality,

the pattern of sorting in earnings potential did have a strong disequalizing impact

if it was not veiled by a particular pattern of labor market behavior of (potentially

high-wage) women in couples with high-earning men who tend not to participate in

the labor force in early years (see above). Therefore, the difference between static

and adjusted flocking index is particularly large at the beginning of the period under

consideration in the 1980s but has decreased considerably since then due to increas-

ing labor market attachment of women. Therefore, we take a closer look at which

parts of the female and male earnings distributions labor supply adjustments take

place when couples are assigned randomly.

Labor supply adjustments. The resulting labor market outcomes of employ-

ment and hours worked are presented in figures A.3 and A.4. Overall, employment

rates and average hours slightly decrease compared to the observed numbers. In

addition, the trends are very similar. We find that changes in male labor force par-

ticipation are very small (see figures A.8 and A.9). Reductions in participation are

concentrated among men from lower deciles of the observed earnings distribution,

while hours are slightly reduced in upper deciles. Both participation and conse-

quently hours increase for men not in work. However, note that this group makes

up only about 5–10% of males due to the very high observed employment rates (see

above). The small difference in overall employment rates between the observed and

randomly assigned sorting pattern masks considerable differences across the earnings

distribution of women, which is shown in figures A.10 and A.11. Women who are

observed to be not in employment would increase their participation considerably

in the case of random assignment by up to 40 percentage points and more than ten

hours in the 1980s. Recall that not employed women tend to be in couples with

high-earning men in earlier years. Hence, being assigned to a man with lower earn-

ings (potential) apparently creates incentives to participate in the labor force and/or

work more hours, which is in line with negative cross-wage elasticities documented

in the literature (Devereux, 2004; Bargain et al., 2012).

At the same time, women in employment would on average reduce their labor
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supply both at the extensive and the intensive margin. This pattern remains fairly

similar over time, however the extent of the adjustments decrease between the 1980s

and the 2000s. The responsiveness of women to other income has generally decreased

over time (see Blau and Kahn, 2007; Heim, 2007) and is generally lower for women in

upper deciles of the female earnings distribution. Finally, figures A.12 and A.13 show

the predicted labor supply adjustments of women across the earnings distribution

of randomly assigned men. We find that women who are assigned to a non-working

or low-earning man tend to respond with an increase in labor supply while women

assigned to men in upper deciles reduce participation and hours worked. This is

another piece of evidence for the “income effect” of male earnings on labor supply

of women (Reed and Cancian, 2009).

5 Conclusions

In this paper, we measure the effect of the association of female and earnings on total

earnings inequality across couple households in West Germany over a 25-year period

from 1986 to 2010. We assign couples randomly to each other and predict labor

supply choices of hypothetical couples, which yields a counterfactual distribution

of earnings and allows quantifying the extent of sorting in earnings potential as

opposed to observed earnings which are the result of both earnings potential and

labor supply coordination in couple households. Constructing counterfactuals based

on observed earnings might be misleading since labor supply choices are affected by

the household context.

Using data from the German Socio-Economic Panel Study (SOEP) and a be-

havioral microsimulation model for Germany we find that the observed pattern of

sorting in earnings had a fairly weak impact on earnings inequality among couple

households. However, the trend suggests that the pattern of sorting has turned from

slightly equalizing to slightly disequalizing in recent years. After correcting for the

effect of labor supply choices based on the household context, we find that sorting

in productivity has a large impact on observed earnings inequality. This result is

driven by two factors: First, women with high (low) earnings potential generally
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tend to couple with high (low) earning men. Second, women in couples with high

earning men are more often not employed and work less in the 1980s, but increased

labor supply above average over the period under consideration. Taken together

this suggests that increasing earnings correlation between females and males in cou-

ples results from increasing labor force attachment of women (especially with high

earnings potential) rather than from changes in couple formation.

These results suggest that advances in the attachment of women to the la-

bor market affect the distribution of earnings across couple households. For policy

makers, this might imply a trade-off, since measures supporting further increases

in female labor force participation potentially amplify economic inequality across

couple households, which make up a large, though diminishing share of the total

population.
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A Graphs

Figure A.1: Correlation and inequality of couple earnings
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Figure A.2: Earnings inequality in couple households

Figure A.3: Female and male employment rates
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Figure A.4: Female and male hours of work (overall)

Figure A.5: Observed female employment rates by earnings quantile
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Figure A.6: Observed female hours of work by earnings quantile

Figure A.7: Flocking index
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Figure A.8: Change in male hours of work by earnings quantile

Figure A.9: Change in male hours of work by earnings quantile
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Figure A.10: Change in female employment rates by earnings quantile

Figure A.11: Change in female hours of work by earnings quantile
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Figure A.12: Change in female employment rates by earnings quantile of the hypo-
thetical males

Figure A.13: Change in female hours of work by earnings quantile of the hypothetical
males
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