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Abstract
Conventional estimates of Frisch labor-supply elasticities are biased in presence of borrowing constraints. We develop an incomplete-markets model with two-earner households
and derive a new estimation approach for the Frisch elasticity that yields unbiased estimates even in samples that include borrowing-constrained households. Our approach
exploits that the strength of the estimation bias depends on individuals’ relative contribution to household earnings. It takes the form of a simple interaction-term model with
minimum data requirements. Using PSID data, we estimate Frisch elasticities of about
0.7 for men and rather homogeneous Frisch elasticities across the population. Our results
help to better understand the micro/macro puzzle on the labor-supply elasticity and have
rich implications for optimal taxation.
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Introduction

The Frisch elasticity of labor supply measures the percentage reaction of hours worked to
a one percent change in the net wage rate holding the marginal utility of wealth constant.
Thus, the Frisch elasticity determines adjustments in labor supply to wage-rate changes that
trigger pure intertemporal substitution effects but no accompanying income effects. There are
various examples for wage-rate changes that have this property. First, under perfect capital
markets, purely transitory wage-rate changes should have no impact on the marginal utility
of wealth. Second, if agents are forward-looking and can borrow freely, wage-rate changes
that can be expected by the agent in advance should also leave the marginal utility of wealth
unchanged. Accordingly, the Frisch elasticity is important for reactions to transitory tax or
productivity shocks and to predictable life-cycle patterns in wage rates.1
In the literature, there is no consensus on the size of the Frisch elasticity. In fact, the micro
and macro view on labor-supply elasticities differ markedly, see, e.g., Keane and Rogerson
(2015). While quantitative macroeconomic models tend to require a relatively large value for
the Frisch elasticity to match the data well, existing microeconometric studies on the Frisch
elasticity typically estimate smaller values for this parameter. The micro/macro puzzle on
the Frisch elasticity may be due to a number of estimation biases discussed in the literature,
see, e.g., Blomquist (1985), Blomquist (1988), Alogoskoufis (1987), Heckman (1993), Rupert,
Rogerson, and Wright (2000), or Imai and Keane (2004).
A particular estimation problem has been highlighted by Domeij and Flodén (2006), who
have shown that, in presence of borrowing constraints, conventional methods to estimate
the Frisch elasticity are subject to a downward bias. This bias is important since borrowing
constraints are a substantial restriction to many households in the U.S. (see, e.g., DiazGimenez, Glover, and Rios-Rull 2011). In this paper, we derive a new estimation approach for
the Frisch elasticity that yields unbiased estimates even in samples of potentially borrowingconstrained households. Our approach critically exploits the couple structure of households,
i.e., we exploit information from households with two potential earners.2 Our approach is
appealing to the applied researcher as it takes the form of a simple interaction-term regression
with minimum data requirements. When we apply our method to household data from the
1

In macroeconomics, the Frisch elasticity is a key determinant of the size of the fiscal multiplier and the
costs of business cycles. The Frisch elasticity is also important in microeconomic applications, where often
other elasticity concepts, such as Marshall and Hicks elasticities, are relevant, as these other elasticity concepts
can be deducted from the Frisch elasticity and the Frisch can be shown to be an upper bound for these other
elasticities.
2
In 2015, 70% of all men aged 35-55 in the U.S. were married or lived together with a partner as an
unmarried couple (Census Bureau).
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Panel Study of Income Dynamics (PSID), we estimate relatively large values for the Frisch
elasticity in comparison to previous studies.
The point of departure for our analysis is the conventional approach for estimating the
Frisch elasticity using microeconomic panel data going back to Altonji (1986). He has shown
that, in a world without borrowing constraints, the Frisch elasticity can be identified from the
covariance of hours changes and expected wage-rate changes. In this approach, using expected
wage-rate changes as regressor is key as expected wage-rate changes have the property of
leaving the marginal utility of wealth unchanged (which is the Frisch concept). Thus, the
Frisch elasticity can be recovered from a simple regression of hours growth on expected wage
growth when there are no borrowing constraints. In the following, we will refer to such
regressions as ”Altonji (1986) regressions”.
To understand the bias in Altonji (1986) regressions that occurs when borrowing constraints are occasionally binding, i.e., when capital markets are incomplete (see, e.g., Deaton
1991, Aiyagari 1994), consider a situation where an individual’s current wage rate is lower
than the future wage rate —either due to a negative transitory wage shock or a predictable
life-cycle pattern. Without restrictions on borrowing, the individual would work less today
and smooth consumption through borrowing, so that the hours change between now and the
future is only determined by the Frisch elasticity which is thereby identified. However, if
borrowing is not possible, the household’s marginal valuation of borrowing and with it the
marginal utility of wealth is affected—which violates the Frisch concept. In a borrowingconstrained household, a negative wage-rate shock then tends to increase (rather than decrease) labor supply today since households cannot smooth consumption through borrowing.
As a consequence, the hours change is not only determined by the Frisch elasticity in these
households. Put differently, the intertemporal-substitution effect of expected wage changes
is confounded by a willingness-to-borrow effect which impedes identification in an Altonji
(1986) regression. Domeij and Flodén (2006) have shown that, in a pooled sample of constrained and unconstrained households, the negative relation between changes in wage rates
and changes in labor supply in borrowing-constrained households biases the estimate of the
Frisch elasticity downward. A main result of their analysis is that, without conditioning
correctly on household asset holdings—for instance, by eliminating wealth-poor households
from the estimation sample— the Frisch elasticity cannot be estimated correctly in an Altonji
(1986) set-up. Yet, from a practical point of view, reliable household panel data on assets
are hardly available, and even if they are, such data are often not observed in the same panel
as labor earnings and working time.
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We contribute by extending the analysis of Domeij and Flodén (2006) to a two-person
household set-up and by deriving an unbiased estimator of the Frisch elasticity. Our approach critically exploits the couple structure of the model and the data but does not require
information on household assets. Intuitively, in a double-earner household, also the partner
can react to one’s own wage-rate shocks, i.e., also the partner’s labor supply can be used
to smooth consumption. This is particularly important if the partner earns relatively much.
Then, a given negative wage-rate shock can be smoothed relatively easily as the partner’s
hours have to be raised by only relatively little. Importantly, this relation holds even when
the household is borrowing constrained. And, when it is predominantly the partner’s labor
supply that smooths consumption, one’s own hours change is again mostly (in the limit,
only) determined by the Frisch elasticity. Accordingly, to derive an unbiased estimator of
the Frisch elasticity in presence of borrowing constraints, we can exploit the relation that the
household’s desire to borrow against wage growth is the less important the less an individual
contributes to total household earnings.3
In an analytical part of the paper, we make this relation explicit and show that, in
borrowing-constrained households, the slope of the decision rule for hours growth is linear in
a spouse’s usual percentage contribution to household earnings. This relation allows us to
derive a regression framework where an interaction term between expected wage growth and
this earnings contribution takes up the willingness-to-borrow effect and the non-interacted
coefficient on expected wage growth is an unbiased estimate of the Frisch elasticity. Intuitively, expected wage growth multiplied with the relative earnings contribution measures
the expected earnings growth (in percent) associated with the expected wage growth if labor
supply was unchanged. And it is earnings growth that borrowing-constrained households
would want to borrow against and thus causes the estimation bias in the first place.
We then evaluate our estimator in Monte Carlo experiments using a calibrated incompletemarkets model populated by double-earner households, and finally we use the method for estimations using PSID data. Importantly, our approach critically exploits the couple structure
of our model and the data, the key issue being that, only in a population of double-earner
households, there is variation in individuals’ percentage contribution to household earnings
3
Blundell, Pistaferri, and Saporta-Eksten (2016) provide direct empirical evidence that household consumption reacts more strongly to husbands’ wage shocks than to wives’ wage shocks which is line with our model
since husbands on average contribute larger shares to household earnings. In Guner, Kaygusz, and Ventura
(2012a, 2012b), Domeij and Klein (2013), and Bick (2016), similar mechanisms to ours affect labor-supply
reactions to permanent wage-rate changes. In these studies, income effects are weaker for women (who are
often secondary earners) such that their reactions to permanent wage-rate changes mostly reflect substitution
effects governed by the Frisch elasticity.
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which we use to identify the Frisch elasticity.4 Our estimations using PSID data suggest
Frisch elasticities for men of about 0.7. We also take into account modifications of our
interaction-term approach to cope with challenges that arise when estimating Frisch elasticities for women. For women, we find Frisch elasticities of around one.
A direct implication of our analysis is that conventional methods tend to overestimate
differences in labor-supply elasticities between population groups that tend to have different
earner roles in the household. One example is the often-discussed difference in labor-supply
elasticities between men and women, with women usually being attributed a substantially
larger value for the Frisch elasticity than men. Another example is the difference in laborsupply elasticities between individuals with high and low levels of earnings. Our analysis
suggests that potential differences in the true elasticities are magnified by the differential
importance of the estimation bias so that differences in true elasticities are in fact smaller than
suggested by previous studies. This way, our analysis has implications for, e.g., the taxation of
couples (Kleven, Kreiner, and Saez 2009), genders (Alesina, Ichino, and Karabarbounis 2011),
and top-income earners (Saez 2001). Further, our analysis shows that the negative estimation
bias is of particular importance in samples where individuals contribute large shares to total
household income—a sample of prime-age male household heads being a prominent example.
When we correct for the downward bias, we estimate a Frisch elasticity for men of about 0.7
which is larger than the majority of previous microeconometric estimates, see, e.g., Keane
and Rogerson (2015).
The remainder of this paper is organized as follows. In Section 2, we develop an incomplete
markets model with two earners. In Section 3, we derive an unbiased estimator of the
Frisch elasticity in presence of borrowing constraints exploiting the couple structure of our
model. In Section 4, we perform Monte Carlo experiments where we test our estimator
on synthetic data from a realistically calibrated version of our model. Section 5 provides an
empirical application using PSID data. In Section 6, we discuss the implications of our results
for estimated differences in labor-supply elasticities between population groups. Section 7
concludes.

2

A simple incomplete-markets model with two-earner households

The model is a partial-equilibrium incomplete-markets model with two household members.
Households differ from one another by asset holdings and wage rates. Members of a household are subject to joint budget and borrowing constraints and take decisions cooperatively
4

By contrast, single earners by definition always contribute 100% to household earnings.
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under full commitment, so that the resulting allocations are Pareto optimal. Households are
potentially borrowing constrained and use precautionary savings in a non-state contingent
asset and labor supply of both household members to insure against bad wage-rate realizations. This behavior is similar as in the model of Ortigueira and Siassi (2013) and extends
the model of Domeij and Flodén (2006) to a two-person setup.

2.1

Decision problem

The decision problem can be represented by the decisions of a household planner. The
planner maximizes a weighted sum of members’ utilities with weights µ and 1 − µ for the two
household members i = 1, 2, respectively. The household problem in recursive formulation is
given by
V (a, ω) =


 
max µ · u1 (c, n1 ) + (1 − µ) · u2 (c, n2 ) + β E V a′ , ω ′ |ω

a′ ,c,n

1 ,n2

(1)

subject to the household budget constraint
c + a′ = w1 n1 + w2 n2 + (1 + r) · a,

(2)

and the borrowing constraint
a′ ≥ 0,

(3)

where ui is the instantaneous utility function, c is household consumption, ni is hours worked
by household member i, β is the rate of time preference, E is the expectation operator,
a denotes the household’s asset holdings, ω is the vector of wage rates of both household
members, ω = (w1 , w2 ), and r is the exogenous interest rate.5 A prime (′ ) denotes next
period values.
In our baseline model, we consider the standard additively separable utility function
(ni )1+1/ηi
c1−σ − 1
,
− αi ·
ui (c, ni ) =
1−σ
1 + 1/η i

(4)

where σ denotes risk aversion and αi is the taste for leisure. This utility function has the
property that the true value of the Frisch elasticity is given by the curvature parameter η i . In
Appendix E.1, we consider an alternative model specification with non-separable preferences
which yields similar results as our baseline model. The preference parameters are indexed
by i as, in our quantitative evaluations, we will account for potential differences in these
5

A partial-equilibrium set-up is sufficient for our purposes because we neither analyze policy nor parameter
changes. We assume β (1 + r) < 1.

6

parameters between household members.
Wage rates are stochastic and exogenous. Our analytical results depend on wage differences within the household and on variation in expected wage growth but not on the
particular specification of the wage process. In our calibrated model, we will assume that
wage rates follow stationary first-order autoregressive processes with constant terms that
differ between members of the same household as well as across different households (”fixed
effects”). Intra-household differences in these constant wage components lead to long-run
differences in earner roles among spouses. Transitory wage-rate fluctuations may induce borrowing constraints to bind. Since wage rates are mean-reverting, low wage-rate realizations
lead to positive expected wage growth which induces workers to wish to substitute working
time intertemporally and to work less in the current period. At the same time, households
wish to smooth consumption. For households who do not hold sufficient assets, the borrowing
constraint is then binding.
The solution to the maximization problem is described by the policy functions
x = x (a, ω) ,

(5)

with x ∈ X = {c, n1 , n2 , a′ }.
In our baseline model, we assume that consumption is a household public good, i.e.,
there is no consumption rivalry between spouses. Along with additive separability, the public
good assumption allows a simple notion of Frisch elasticities in a context with two earners.
Specifically, the issue of whose marginal utility of wealth is held constant (husband’s, wife’s,
or household’s) does not arise, since, if one of them is constant, the other two are constant as
well, independent of bargaining. For completeness, we also considered a model version with
private instead of public consumption. In this version, we obtain almost identical results,
see Appendix E.2. Even allowing for endogenous time-varying Pareto weights in the spirit
of a limited-commitment model (see, e.g., Ligon, Thomas, and Worrall 2002) would have no
substantial impact on our results since the weights would mostly react to unexpected changes
in wage rates while the Frisch elasticity is identified through changes in expected wage rates.
In our baseline model, we further abstract from non-linear taxation. This assumption allows
to recover the true Frisch elasticity consistently in absence of borrowing constraints. We also
consider a model version with progressive joint taxation of spouses in Appendix E.3. Also in
this version, we obtain similar results as in our baseline economy.
In a further model extension, we follow the literature (Guner, Kaygusuz, and Ventura
2012a, 2012b, Bick 2016) and take into account the possibility that labor supply of women is
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also affected by fluctuations in the disutility of work originating from taste-for-work shocks,
e.g., capturing shocks to home production or child care, see Section 6.2 for details. This
model extension delivers important insights for our empirical investigation of labor-supply
elasticities for women.

2.2

Equilibrium conditions

The first-order conditions of the household problem are

µ·

∂u (c, n2 ) ∂V (a, ω)
∂u (c, n1 )
+ (1 − µ) ·
=
= λ,
∂c
∂c
∂a


φ = λ − (1 + r) β E λ′ |ω ,
1/η 1

λ · w1 = µ · α1 · n1

,

1/η 2

λ · w2 = (1 − µ) · α2 · n2

,

(6)
(7)
(8)
(9)

φ≥0,

(10)

a′ ≥ 0 ,

(11)

φ · a′ = 0,

(12)

together with the budget constraint (2), given exogenous wage rates w1 and w2 and the initial
asset stock a0 . φ is the Kuhn-Tucker multiplier on the borrowing constraint (3) and λ is the
Lagrange multiplier on the budget constraint (2). Condition (6) reflects that the household
equalizes marginal utility of consumption and marginal utility of wealth. Condition (7) is
the household’s consumption Euler equation which takes its standard form if the borrowing
constraint does not bind, φ = 0, and otherwise determines the household’s willingness to
borrow. Conditions (8) and (9) are the labor-supply conditions of the household members
which also reflect that an individual’s labor supply depends negatively on his or her Pareto
weight within the household. However, the weights do not impact on changes in labor
supply, which is the dependent variable in Altonji (1986) regressions (the same holds for α1
and α2 ). Conditions (10)-(12) are the Kuhn-Tucker conditions associated with the borrowing
constraint (3). From conditions (8) and (9), it can be seen that the Frisch labor-supply
elasticities are equal to the parameters η 1 and η 2 , independent of whether the household
is borrowing constrained or not. With more general preferences, the true Frisch elasticities
would depend on the form of the labor-disutility function but not on the bindingness of the
borrowing constraint.
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3

Exploiting the couple structure to derive an unbiased estimator of the
Frisch elasticity

We now derive a procedure for obtaining an unbiased estimate of the Frisch elasticity in
presence of borrowing constraints. We first derive our approach analytically and then evaluate
it numerically using Monte Carlo experiments. To derive the estimator analytically, we
apply a simplifying assumption on data frequency, which will be relaxed in the Monte Carlo
experiments where we will consider a realistic, i.e., annual, data frequency. Specifically, to
obtain closed-form solutions, we assume an arbitrarily small period length. Due to this
assumption, it is sufficient to consider the group of borrowing-constrained households and
the group of unconstrained households and, in first differences, one can neglect households
that move from one group to the other.6 For both groups, we can derive the relation between
hours changes and expected wage growth analytically, and then we can pool both groups
to derive the population estimate. In the Online Appendix, we derive analytical results
which are independent of the period length. While the derivations are more cumbersome,
the main results presented here under the assumption of an arbitrarily small period length
carry over to the more general case. For simplicity, we assume in the analytical part that
spouses’ Frisch elasticities are identical, η 1 = η 2 = η. In the quantitative model analysis in
Section 4, we account for potential heterogeneity in the true Frisch elasticity to capture gender
differences. Further, we assume in the analytical part that the process for stochastic wagerate components is homogenous across the population. In the quantitative model analysis in
Section 4, we take into account gender differences in these processes.

3.1

Households unaffected by borrowing constraints

For households unaffected by borrowing constraints, a regression of hours growth on expected
wage growth yields an unbiased estimate of the Frisch elasticity. For bachelor households,
this has been shown in the seminal paper by Altonji (1986). Our case of a double-earner
household is a straightforward extension. In Appendix A.1, we show that, after taking logs
and first differences, the Frisch elasticity can be recovered through regressions of the form

∆ ln n′i = η · ∆ E ln wi′ − η · ln (1 + r) − η · ln β − η · ξ ′ − ω ′i ,

(13)

for household members i = 1, 2, where ξ ′ = ln λ′ − E ln λ′ is an expectation error which
results from using the Euler equation to substitute marginal utility of consumption from the
6

As Altonji (1986) and Domeij and Flodén (2006), we estimate labor-supply regressions in first differences,
i.e., these regressions use data from periods t + 1 and t. Our simplifying assumption ensures that the number
of households that are borrowing constrained in one but not both periods is infinitely small.
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labor-supply conditions. The terms ω ′i , i = 1, 2, are unexpected components of wage growth
which result from a decomposition of observed wage growth in an expected and unexpected

component. As shown by Altonji (1986), the combined residual η · ξ ′ − ω′i is uncorrelated
with the regressor expected wage growth, see Appendix A.1 for an intuitive explanation.
The terms η · ln (1 + r) and η · ln β, can be captured by time fixed effects and a constant,
respectively. Thus, when borrowing constraints are not binding, a simple regression of hours
growth on expected wage growth (“Altonji (1986) regression”) identifies the Frisch elasticity.

3.2

Borrowing-constrained households

When borrowing constraints are binding, a standard Altonji (1986) regression does not yield
an unbiased estimate of the Frisch elasticity. This has been shown by Domeij and Flodén
(2006) who consider bachelor households and directly translates to our double-earner set-up.
Other than Domeij and Flodén (2006), we obtain closed-form expressions for the estimates
and biases due to our simplifying assumption of an arbitrarily small period length.
For borrowing-constrained households, for which a = a′ = 0, we can log-linearize and
summarize the first-order conditions (2), (6), (8), and (9),

(14)
ln (n1 /n1 ) = η · ln (w1 /w 1 ) + η · ln λ/λ ,

(15)
ln (n2 /n2 ) = η · ln (w2 /w 2 ) + η · ln λ/λ ,

ln λ/λ = −σ · (s1 · (ln (w1 /w 1 ) + ln (n1 /n1 )) + s2 · (ln (w2 /w 2 ) + ln (n2 /n2 ))) , (16)
where variables with a bar refer to the point of approximation and si is individual i’s percentage contribution to household earnings at this point, i.e.,
si = wi ni / (w 1 n1 + w 2 n2 ) ,
see Appendix A.2 for a derivation.7 We measure the earnings contribution in the point of
approximation si by the individual’s average contribution to household earnings during the
sample period. Put differently, the point of approximation is the situation where both spouses
contribute their usual shares to household income.8
In Appendix A.2, we solve this system to obtain


ση (η + 1)
′
∆ ln ni = η −
· si · E ∆ ln wi′ + κ′ ,
ση + 1
7

(17)

Equation (16) is a first-order approximation of the budget constraint (in logs). In Appendix C, we evaluate
the importance of the approximation for our results and find that the approximation has a negligible effect.
8
Other variables referring to the point of approximation will drop out in the following due to taking first
differences.
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where the combined residual κ′ =


η−

ση(η+1)
ση+1


· si · (ln wi′ − E ln wi′ ) −

ση(η+1)
ση+1

· (1 − si ) ·

′ . The first term in this residual stems from a decomposition of observed wage growth
∆ ln w−i

in an expected and unexpected component. The second term reflects the cross-reaction to
the partner’s wage-rate changes.
Equation (17) separates the two effects of expected wage growth on hours growth in a
borrowing-constrained household. First, as in an unconstrained household, expected wage
growth induces the wish to substitute labor into periods where it is paid more.

This

intertemporal-substitution effect is governed by the Frisch elasticity, η. Second, expected
wage growth induces the willingness to borrow against expected future earnings in order to
smooth consumption. However, a borrowing-constrained household can only smooth consumption by supplying more labor which counteracts the intertemporal-substitution effect.
The strength of this willingness-to-borrow effect depends on the individual’s usual contribution to household earnings si . Expected wage growth for individuals with low earnings
contributions induces only relatively small expected changes in total household earnings and
can more easily be smoothed through labor-supply adjustments of the partner. Hence, for
these individuals, the willingness-to-borrow effect is weak and hours growth is mostly determined by intertemporal substitution and, thus, the Frisch elasticity.9
Assuming that E ∆ ln wi′ has a homogenous variance across the population, the estimated
coefficient in a regression of hours growth on expected wage growth in a sample of individuals
from borrowing-constrained households with usual earnings contribution s equals
η−

ση (η + 1)
· s,
ση + 1

which shows that the estimate does not generally recover the true Frisch elasticity.

3.3

Mixed population

We now consider a sample that includes individuals from both borrowing-constrained and
unconstrained households. We denote the sample shares of the constrained and unconstrained
households by p and 1 − p, respectively. As an intermediate step, we consider a group of
9
A similar mechanism applies to permanent changes in wage rates for which borrowing constraints are
less important but classical income effects play an important role. For individuals who contribute little to
household earnings, changes in hourly wage rates induce a small change in household earnings which mutes
the income effect of changes in wage rates. As a consequence, the labor-supply response to these changes is
mostly driven by substitution effects and, hence, tends to be stronger than for individuals who contribute
larger shares to household earnings or who are the sole earners in their households. This mechanism can help
to understand findings reported by Guner, Kaygusz, and Ventura (2012a, 2012b), Domeij and Klein (2013),
and Bick (2016) who all document that, in quantitative macro models with double-earner households, labor
supply is particularly responsive for groups that can be expected to contribute small shares to household
earnings.
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individuals with usual earnings contribution s but which include both, unconstrained and
constrained households. In such a sample, a standard Altonji (1986) regression of hours
growth on expected wage growth yields the following estimate for the Frisch elasticity:
cov (∆ ln n′ , E ∆ ln w′ )
var (E ∆ ln w′ )

E (∆ ln n′ · E ∆ ln w′ ) E (∆ ln n′ ) · E (E ∆ ln w′ )
−
var (E ∆ ln w′ )
var (E ∆ ln w′ )
s


ση (η + 1)
· s + (1 − p) · η
=p· η −
ση + 1
ση (η + 1)
=η −p·
· s,
ση + 1
=

(18)

which uses that E (∆ ln n′ ) · E (E ∆ ln w′ ) = 0.10 The final step is to consider a sample where
individuals differ in their usual contributions to household earnings. In such a sample, the
OLS estimate averages over the different s such that the coefficient on expected wage growth
is
b
η=

ση (η + 1)
cov (∆ ln n′ , E ∆ ln w′ )
=η−p·
· s,
var (E ∆ ln w′ )
ση + 1

(19)

where s is the sample average of the usual earnings contribution of individuals from borrowingconstrained households.
The bias term in equation (19), −p ·

ση(η+1)
ση+1

· s, has three important properties. First, as

pointed out by Domeij and Flodén (2006), borrowing constraints lead to a downward biased
estimate b
η as the term that is subtracted from the true Frisch elasticity is unambiguously
positive. Second, we also see Domeij and Flodén (2006)’s result that an unbiased estimate can

in principle be obtained in a sample of individuals from households which are unaffected by
borrowing constraints as, in such sample, p = 0. The third property is of utmost importance
from a practical point of view. Standard Altonji (1986) regressions yield less strongly biased
estimates of the Frisch elasticity in samples of individuals that usually contribute only little
to household earnings as, in such samples, s is small (for example, in a sample of secondary
earners). In empirical applications using PSID data, we will provide evidence supporting this
relation.

3.4

Deriving an unbiased estimator

The

relation

between

the

earnings

contribution

and

the

covariance

term

cov (∆ ln n′ , E ∆ ln w′ ) in (19) holds two key insights for deriving a regression specification that yields an unbiased estimate of the Frisch elasticity, even in samples that include
10
Since the wage process is assumed to be identical for both groups, also the variance of the regressor
expected wage growth is identical for both groups. Consequently, the OLS estimator weighs both groups
according to their respective sample shares.
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borrowing-constrained households. First, in a population of double-earner households, there
is variation in individuals’ contribution to household earnings which can be used to identify
the Frisch elasticity. Second, the covariance cov (∆ ln n′ , E ∆ ln w′ ) is a linear function of s,
see (18).
This implies that, in a sample that consists of individuals with different usual contributions
to household earnings, an interaction-term regression of the type (introducing household and
time indices to clarify the panel dimension of the estimation)
∆ ln nijt+1 = const. + δ 1 · Et ∆ ln wijt+1 + δ 2 · Et ∆ ln wijt+1 · sij + uijt+1 ,

(20)

gives

and

ση (η + 1)
b
·p
δ2 = −
ση + 1
b
δ 1 = η,

where sij is the average percentage contribution of individual i to labor earnings of household
j and the index ijt + 1 refers to member i of household j in period t + 1. Thus, in a regression
that controls for the interaction between expected wage growth and the individual’s average
contribution to household earnings, the coefficient on expected wage growth is an unbiased
estimate of the Frisch elasticity. Note that, in our approach, the estimated coefficient on the
interaction term is not of interest per se but the interaction term needs to be included as a
control variable to correctly identify the Frisch elasticity as the coefficient on expected wage
growth.
Intuitively, our interaction-term regression controls for the product of expected wage
growth and the individual’s average percentage earnings contribution. This product measures
the expected earnings growth (in percent) which is implied by the expected wage growth. For
a borrowing-constrained household, income growth is tightly connected to earnings growth.
And it is expected income growth a household would like to borrow against. Thus, we control
for the expected income growth caused by the individual’s expected wage growth and hence we
control for the change in the willingness to borrow. This takes out the willingness-to-borrow
effect from the coefficient on the non-interacted regressor E ∆ ln wijt+1 and what remains is
the pure intertemporal-substitution effect governed by the Frisch elasticity.
Note that the double-earner framework is incremental for this method to recover the Frisch
elasticity. For singles or single earners, s = 1 so that the two regressors in the regression
above are the same and it is impossible to identify δ 1 and δ2 separately.
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Figure 1: Policy functions for labor supply.
(b) Secondary earner’s labor supply

(a) Primary earner’s labor supply
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Notes: Policy functions refer to household type X, which is a household type with pronounced long-run
intra-household wage differences. In the left panel, the wage rate of the secondary earner is at its lowest
possible grid value. In the right panel, the wage rate of the primary earner is at its highest possible grid
value. Solid lines refer to zero asset holdings. Dashed lines refer to an unconstrained household.

3.5

Graphical illustration

Figure 1 shows policy functions from a numerical solution of our calibrated full model.11 For
the graphs, we compare the household member who contributes, in the long run, more to
household earnings (the primary earner) and the member who contributes less (the secondary
earner). For illustration, we consider a household with strong wage-rate differences between
household members such that the willingness-to-borrow effect is strong for the primary earner
and weak for the secondary earner.
The labor-supply curve of the primary earner (left panel) is globally upward-sloping if
the household is wealth-rich (dashed line), reflecting the intertemporal-substitution effect
governed by the Frisch elasticity, due to the household’s ability to smooth consumption
through desaving when wage rates are low. The standard Altonji (1986) regression identifies
the Frisch elasticity from this upward-sloping shape of the labor-supply curve. By contrast,
for a household with low asset holdings (solid lines), the borrowing constraint is binding when
wage rates are low. Then, the labor-supply curve of the primary earner has a downwardsloping range where a further wage decrease triggers an increase in labor supply (rather than a
decrease), because consumption cannot be smoothed through borrowing but only through an
increase in labor supply. This negative relation between wage-rate changes and labor-supply
11

The model calibration is discussed in Section 4.1.
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changes leads to a downward estimation bias.
In contrast to the primary earner, the labor-supply curves of the secondary earner (right
panel) are globally upward-sloping, independent of whether the household is wealth-rich or
borrowing constrained. Also at the borrowing constraint, low wage rates of the secondary
earner can be compensated relatively easily by a relatively small increase in the primary
earner’s hours. Thus, for secondary earners, the labor-supply reaction to transitory wagerate changes is mostly governed by the Frisch elasticity, so that, everything else equal, an
estimate for the Frisch elasticity based on data for secondary earners can be expected to be
less biased than an estimate based on data for primary earners. The larger the intra-couple
wage gap, the stronger is this effect. Our interaction-term approach given by (20) generalizes
this to the case where we exploit variation in individuals’ usual contribution to household
earnings and its continuous effect on the slope of the labor-supply curve.

4

Estimating labor-supply elasticities from synthetic data

In this section, we use our model which is calibrated to a period length of one year to quantify how successful our interaction-term approach is to recover the true Frisch elasticity in
data sets that have realistic properties and where households are occasionally borrowing
constrained, i.e., where households move from being borrowing constrained to being unconstrained between periods. We solve the full model globally using numerical techniques.

4.1

Calibration

Our baseline PSID sample used for the calibration covers the period 1972-1997, see Appendix
B.1 for details on the sample selection. Due to our focus on double-earner households, we
consider household heads and their partners for whom both partners’ wage rates are observed.
Further, we apply similar sample selection criteria as Altonji (1986) and Domeij and Flodén
(2006). In particular, we consider individuals between age 25 and 60.
In the numerical evaluations, we assume that the wage process consists of a stochastic
component zi which follows an AR(1) process with autocorrelation ρi and innovations εi , and
we account for constant terms ψ i leading to long-run wage differences between individuals
within and across households (fixed effects),
ln wi = ψ i + zi ,

(21)

zi′ = ρi · zi + ε′i .
We estimate the parameters of the stochastic wage processes, i.e., autocorrelations ρm , ρf and
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innovation variances σ 2m,ε , σ 2f,ε , separately for men (m) and women (f ).12 We first obtain
residual wages by filtering deterministic cross-sectional variation using an OLS regression.
We then identify autocorrelations and innovation variances from gender-specific Generalized
Method of Moments (GMM) estimations, see Appendix B.2 for details.13
Our interaction-term approach that corrects for the bias due to borrowing constraints
exploits variation in individuals’ usual percentage contribution to household earnings. In
order to assess our method in the model, the simulated economy has to feature sufficient
and realistic variation in individuals’ contribution to household earnings. We therefore solve
and simulate our model with ten household types. Household types differ in the constant
(=permanent) wage components ψ i of its members which we set to match average male and
female wage rates in the ten deciles of the empirical distribution of relative wage rates of
spouses in couple households in our PSID sample. We then calibrate household-type specific
preference weights αm and αf to match average hours worked by gender and group, and, as a
result, our calibrated model displays a realistic distribution of relative labor earnings within
households.14
We calibrate the gender-specific values for the Frisch elasticities so that the estimated
Frisch elasticities in our Monte Carlo study coincide with the estimated Frisch elasticities
for men and women that we estimate from the PSID data (see Section 5), both using a
standard Altonji (1986) regression. We will discuss in Section 6 that one needs only relatively
small differences in the true gender-specific Frisch elasticities (η m = 0.65 and η f = 0.90) to
rationalize the relatively strong difference in empirically estimated Frisch elasticities (roughly
factor 2), as the difference in the true elasticities is magnified by the differential importance
of the estimation bias for men and women.
For the remaining preference parameters we use standard values from the literature.
Relative risk aversion is set to σ = 1.5.15 Following Domeij and Flodén (2006), we set
β = 0.95 (annual model frequency), and calibrate the interest rate so that the bottom 40%
12
Blundell, Pistaferri, and Saporta-Eksten (2016) document that alternatively using a combination of permanent and transitory shocks leads to similar estimation results for preference parameters such as Frisch
elasticities.
13
For the numerical solution of the model, the joint wage process is discretized using Tauchen’s (1986)
algorithm with 21 grid points per household member, i.e., 441 husband-wife wage combinations. We solve
the model using the endogenous grid point method of Kabukcuoglu and Martinez-Garcia (2016) who extend
Carroll (2006)’s method to an infinite horizon model with an arbitrary number of control variables.
14
An alternative approach would be to target the estimated variance of fixed effects from the microeconometric wage process estimation. While this would capture the gender-specific across-household variance of
(residual) wage rates appropriately, we implement the former approach to obtain a realistic distribution of
within-household wage differences.
15
We also considered a model specification with differences in risk aversion between household members.
The results are very similar to the ones obtained from our baseline model.
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of the wealth distribution own 1.4% of total wealth. Table 7 in Appendix B.3 summarizes all
parameter values of our baseline model.

4.2

Simulation set-up

We simulate a synthetic panel data set with similar size as our baseline PSID sample. Specifically, we simulate households for a long period of time and calculate hours growth, expected
wage growth, average wage rates, and average contributions to household earnings. We then
draw 10,000 samples of 15,000 household-year observations which we use for the regressions
and report mean point estimates and mean standard deviations. In the estimations, we consider separate samples of men and women to take into account gender differences in both,
true Frisch elasticities and usual earner roles. In the main text, we report the estimation
results for men while results for women are similar and can be found in Appendix D. To
determine the regressor expected wage growth, we exploit the properties of the wage process
(21), i.e., we calculate Et ∆ ln wijt+1 = (ρi − 1) · zijt .

4.3

Monte Carlo results

Table 1 summarizes the estimation results from various regression specifications using the
simulated model data. To begin with, column (1) shows the results from a standard Altonji
(1986) regression, i.e., a regression of hours growth on expected wage growth without the interaction term that we proposed in Section 3. This auxiliary regression reflects our calibration
target, as we calibrated the true Frisch elasticity for men (0.65) so that the standard Altonji
(1986) regression yields an estimated value of 0.41 (which we obtain in our estimations from
PSID data) and illustrates the negative estimation bias.
Before applying our preferred interaction-term approach to simulated model data, we
illustrate two main implications of our model for standard Altonji (1986) regressions. Later,
we will test both implications empirically using PSID data. The first implication is that
estimates of the Frisch elasticity obtained by Altonji (1986) regressions should, ceteris paribus,
be smaller in samples of individuals that contribute larger shares to household earnings, i.e.,
in samples of individuals with large s in equation (19). The second implication is that
differences in estimated Frisch elasticities between groups with different contributions to
household earnings should become smaller when the samples are less affected by borrowing
constraints, i.e., in samples of wealthier households where p in equation (19) tends to be
small.
To illustrate both implications, we estimate otherwise standard labor-supply regressions
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Table 1: Estimation results for men, from synthetic household panel data.

expected
wage growth

(1)

(2)

(3)

(4)

(5)

0.41
(0.01)

0.50
(0.05)

0.67
(0.07)

0.63
(0.10)

0.62
(0.12)

-0.10
(0.05)

-0.01
(0.07)
-0.32
(0.15)

-0.33
(0.17)

expected wage growth
× primary earner
expected wage growth
× earnings contribution (%)
bias
sample
observations

-38%

—

—

-3%

-5%

all
15,000

all
15,000

a>a
4,600

all
15,000

wm > wf
13,518

Notes: Estimation results for men. Dependent variable is hours growth ∆ ln nijt+1 of individual i in household j in period t + 1. Constant included but not shown. Primary-earner dummy dij is one when individual i is the primary earner in household j and zero otherwise. Individuals identified as primary earners
if the mean realized wage rate in the simulation wij exceeds the mean realized wage rate of the spouse
w−ij . Usual earnings contribution is the average percentage contribution of individual i to labor earnings of
household j in the simulation. Average estimates from 10,000 Monte-Carlo draws, average standard errors
in parentheses. In columns (3) and (5), we first draw a sample of 15,000 observations in each Monte-Carlo
repetition and then only keep the observations which satisfy the respective sample selection criterion (see
second to last row). Reported sample sizes in columns (3) and (5) are average sample sizes.

but include an interaction between expected wage growth and a dummy variable that indicates
whether the individual is the primary earner in the household, i.e., has a higher average
wage rate than the spouse in our simulation. When we estimate this specification from the
simulated data, we obtain a negative estimate for this interaction term, see column (2). This
indicates that standard Altonji (1986) regressions would assign a smaller estimate of the
Frisch elasticity to primary earners although the true Frisch elasticity η is the same across
the male population. The reason is that, almost by definition, primary earners have a high
contribution to household earnings.
Column (3) relates our analysis to Domeij and Flodén (2006) and shows results for samples
where we condition on household assets. Specifically, we restrict the sample to households
whose asset holdings exceed the average asset holdings in the simulated economy. As expected, the estimated coefficient on the primary-earner interaction becomes substantially
smaller in absolute value than the one in column (2), reflecting that earner roles tend to
become irrelevant when borrowing constraints are not relevant in the estimation sample. In
line with Domeij and Flodén (2006), we find that the estimated coefficient on expected wage
growth is rather close to the true Frisch elasticity when the sample is restricted to above-
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average wealth. However, in an estimation based on real-world data, a sufficiently strong
restriction on assets can be practically problematic, for example due to data availability or
small sample sizes due to missing information on wealth components.
Column (4) shows the estimation results for our preferred interaction-term model summarized in equation (20), estimated from the unrestricted sample. In this model, we extend
the standard Altonji (1986) regression by an interaction term between expected wage growth
and an individual’s average earnings contribution as a control variable. We find that our
interaction-term regression works well in samples with annual data frequency. The estimated
Frisch elasticity is 0.63 which is very close to the true value of 0.65. Hence, our approach
that exploits the couple structure of the data yields almost unbiased estimates of the Frisch
elasticity in data sets that have realistic properties in terms of sample size and data frequency. Note that we estimate our interaction-term approach on the unrestricted sample of
individuals, i.e., without using any information on household wealth. Thus, our Monte Carlo
experiments show that our interaction-term approach yields almost unbiased estimates even
in samples of potentially borrowing-constrained individuals.
While we have shown that the bias due to borrowing constraints in Altonji (1986) regressions is smaller for individuals who contribute little to household income, in real-world data,
men often tend to be primary earners in the household. Accordingly, one might be concerned
that, in an application using empirical data, a group of male secondary earners has specific
characteristics which might cause additional problems when inferring the Frisch elasticity.
We therefore perform an additional Monte Carlo experiment to corroborate that, while men
with low earnings contributions are less subject to the bias due to borrowing constraints in
Altonji (1986) regressions, they are not necessarily needed for identification in the regression
framework we propose. To do so, we estimate equation (20) on a restricted sample that
includes only men who are primary earners in their respective households. Column (5) shows
that also in such a sample, we obtain an estimate very close to the true Frisch elasticity when
we account for our interaction term. Put differently, also variation in the upper part of the
distribution of earnings contributions can be exploited to successfully recover the Frisch elasticity through our method. To understand this result, recall that we have shown in Section
3 that the covariance between expected wage growth and hours growth for different groups
of individuals with earnings contribution s is a linear function of s, see (18). Also in the full
model, the relation seems to be close to linear.
We have considered several extensions of our baseline model and have investigated the
performance of our interaction-term approach in these extended model environments. Specif-

19

ically, we have incorporated non-separable preferences, progressive income taxes, and private
instead of public consumption, see Appendices E.1-E.3 for details. In all model extensions,
we find that our preferred interaction-term approach delivers an estimate of the Frisch elasticity which is close to its true value while standard Altonji (1986) regressions underestimate
it considerably. Finally, we have developed modifications of our interaction-term approach
to cope with challenges when estimating the Frisch elasticity for women instead of men. In
Appendix E.4, we show that our modified approaches are robust in presence of taste-for-work
shocks originating from, e.g., child care or home production, in particular our approach using
predicted instead of actually observed earnings contributions.

5

Estimating labor-supply elasticities from PSID data

In this section, we present empirical results for our interaction-term approach using PSID
data. Details on the data and sample selection can be found in Appendix B.1. As shown
above, our approach corrects for the bias due to borrowing constraints and is able to deliver
an almost unbiased estimate of the Frisch elasticity. The outline of the empirical analysis
closely follows our Monte Carlo experiments, i.e., we first investigate two key implications
of our model and then apply our preferred interaction-term approach to the data. Before
presenting estimation results, we discuss some econometric aspects that are relevant in an
empirical application of our approach.

5.1

Econometric aspects

As in our theoretical model, we analyze the choice of hours worked at the intensive margin
in double-earner households.16 When estimating labor-supply regressions from PSID data,
we use individual characteristics to determine expected future wage changes, Et ∆wijt+1 , in
gender-specific OLS regressions. Specifically, we follow, e.g., MaCurdy (1981) and Domeij and
Flodén (2006) and use as predictors age, age squared, years of schooling, and an interaction
term between age and years of schooling. If there were no borrowing constraints, predictable
wage growth would leave the marginal utility of wealth unchanged and would hence identify
the Frisch elasticity. Using individual characteristics as predictors has the advantage that
measurement error in these variables is uncorrelated with measurement error in wage rates.17
16

In our sample, the standard deviation of annual hours growth, which is the left-hand side variable in our
regressions, is 16.9% for men (and 24.8% for women). Thus, the data show that there is substantial variation
in hours at the intensive margin.
17
Measurement error in hours on the left-hand side of the regression reduces the R2 of the regression but
the estimate for η is consistent. As discussed by Altonji (1986), Domeij and Flodén (2006) and Keane (2011),
the instruments used to determine expected wage growth are potentially weak, one reason being that most
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In empirical data, individual labor supply may also be affected by taste shifters.18 Using
first-differenced data is helpful in addressing this aspect. First-differencing eliminates the
need to control for permanent taste shifters which are likely correlated with wages, such as
education. In turn, this means that only transitory taste shifters may still be present in the
first-differenced regression. As argued by, e.g., Keane (2011), transitory taste shifters are less
likely to be correlated with expected wage changes.
Empirical estimates of labor-supply elasticities can also be affected by non-linear taxation (e.g., Aaronson and French 2009). When taxes are progressive, changes in gross wage
rates overstate changes in net wage rates. Even if marginal net wages were observable, they
would be endogenous as changes in hours affect marginal tax rates under progressive income
taxation. In Appendix E.3, we present Monte-Carlo estimations for a model version with
progressive income taxation which show that, in our context, the biases due to progressive
taxation are small compared to the biases arising from borrowing constraints. Relatedly, it
may be argued that taxes will largely drop out of a labor-supply condition in yearly differences as the household’s marginal tax rate typically does not change substantially from year
to year, see, e.g., Altonji (1986).

5.2

Testing two key implications of our model

As in the Monte Carlo experiments, we begin with comparing estimates for primary and
secondary earners. For this, we use the same regression specification as in the Monte Carlo
experiments, i.e., an otherwise standard Altonji (1986) labor-supply regression which we
augment by an interaction between expected wage growth and a dummy variable indicating
whether the individual is the primary earner in the household. In our baseline specification,
we classify the spouse with the higher average wage rate over the sample period as the primary
earner, as we did in the Monte Carlo experiments.
Our theory predicts a negative coefficient for the interaction term. This is confirmed in
our estimations using PSID data, see Table 2. For both, men and women, the incremental
effect of being a primary earner on the estimated Frisch elasticity is significantly negative.
wage changes may simply be unexpected. A potentially strong instrument is the lagged wage rate but this
instrument should be avoided because it magnifies biases stemming from measurement error in the wage data
(see Altonji, 1986, for further discussion). Using higher lags of the wage rate would mitigate this problem,
but, in our sample, such instruments are barely informative for future wage changes. In our gender-specific
first-stage regressions to obtain expected wage growth, the F statistics are 18.59 for men and 11.69 for women.
In the IV literature (see Stock, Wright, and Yogo 2002), instruments are regarded as reliable if, in the case of
one endogenous regressor, the F statistic exceeds 10.
18
Technically, hours growth in our model is also affected by changes in preferences and bargaining weights,
∆ ln α and ∆ ln µ, which are both equal to zero in our model but need not be in empirical data.
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Table 2: Empirical labor-supply regressions, PSID data, distinction by binary earner status.

(1)

(2)

men

women

expected
wage growth

0.52
(0.12)

0.87
(0.17)

expected wage growth
× primary earner

-0.15
(0.09)

-0.45
(0.10)

0.70

0.48

yes
14,340

yes
14,340

b
η prim/b
η sec

time effects
observations

Notes: Dependent variable is hours growth ∆ ln nijt+1 of individual i in
household j in period t + 1. Constant included but not shown. Individuals identified as primary earners if the mean realized wage rate in
the sample wij exceeds the mean realized wage rate of the spouse w−ij .
Standard errors in parentheses.

This corroborates that labor-supply elasticities are estimated to be substantially smaller for
primary than for secondary earners when borrowing constraints are ignored. Considering
gender-specific regressions is important to make this point as they show that the estimated
differences in labor-supply elasticities of primary and secondary earners are indeed related
to differences in earner status and do not primarily pick up gender differences in the true
Frisch elasticities. In Appendix F, we present additional evaluations corroborating this point.
Specifically, we consider alternative definitions of primary and secondary earners and we
compare Altonji (1986) regressions in several ranges of the relative contribution to household
earnings.
We find a particularly large Altonji (1986) estimate for female secondary earners which
is in line with our argumentation as this group of women contributes particularly little to
household earnings (29% on average in our sample). Of course, estimated gender differences
may also reflect differences in the true Frisch elasticities. We come back to the issue of gender
differences in true labor-supply elasticities in Section 6.2.
The second testable implication of our analysis is that differences in estimated Frisch
elasticities from Altonji (1986) regressions should become smaller when the samples are less
affected by borrowing constraints. As in our Monte Carlo experiments, we test this prediction
by comparing male primary and secondary earners in samples of households with different
liquid wealth. In particular, we repeat the estimations including an interaction term with
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the primary-earner dummy but only consider households with liquid wealth above a certain
threshold which we increase step by step. For this evaluation, we build on Domeij and Flodén
(2006) and restrict the PSID data to three 3-year panels for which detailed asset data are
available. Our theoretical model predicts the coefficient on the interaction term to decrease
with an increasing wealth cut-off. We find that this pattern is confirmed in the PSID data,
see Appendix F.3 for details.

5.3

Frisch-elasticity estimates for men

We now estimate Frisch elasticities for men, comparing results from a standard Altonji (1986)
regression to results from our preferred interaction-term approach. Column (1) in Table 3
shows results for a standard Altonji (1986) regression of hours growth on expected wage
growth that does not include an interaction term. This specification is subject to the negative
borrowing-constraint bias and delivers an estimated Frisch elasticity of 0.41.
We estimate a substantially larger Frisch elasticity when we use our preferred interactionterm approach that exploits the couple structure. This is in line with our theoretical analysis
where we have shown that our approach corrects for the negative bias due to borrowing
constraints. Our interaction-term approach using the husband’s average percentage earnings
contribution yields an estimated Frisch elasticity (the coefficient on non-interacted expected
wage growth) of 0.72, see column (2). Compared to the estimation without the interaction
term in column (1), the bias-corrected estimate is hence about three quarters higher.19 Comparing the estimation results in columns (1) and (2) suggests that the bias due to borrowing
constraints in Altonji (1986) regressions amounts to more than 40% for men which is quantitatively in line with our Monte-Carlo experiments. The negative coefficient on the interaction
term in column (2) reflects that men with higher earnings contributions have a weaker connection between expected wage growth and hours growth. This corroborates that their labor
supply is particularly strongly exposed to the effects of borrowing constraints which induce a
negative co-movement of expected wage growth and hours growth counteracting the positive
co-movement induced by intertemporal substitution and governed by the Frisch elasticity.
As in our Monte Carlo experiments, we also investigate in how far our estimates are
driven by male secondary earners in the sample. As discussed before, these individuals
may be particular in various aspects and one may be sceptical when identification would
largely depend on these individuals. In order to address this concern, we re-estimate our
19

A one-sided test supports the hypothesis that the estimate in column (2) is significantly larger than the
one in column (1) (alternative hypothesis rejected with p-value of 0.08).
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Table 3: Empirical labor-supply regressions for men, PSID data, preferred approach exploiting
variation in relative contributions to household earnings.

expected
wage growth

(1)

(2)

(3)

0.41
(0.10)

0.72
(0.21)

0.69
(0.27)

-0.52
(0.29)

-0.51
(0.38)

yes
all
14,340

yes
w m > wf
11,632

expected wage growth
× earnings contribution (%)
time effects
sample
observations

yes
all
14,340

Notes: Dependent variable is hours growth ∆ ln nijt+1 of individual i in household
j in period t + 1. Constant included but not shown. Usual earnings contribution is
the average percentage contribution of individual i to labor earnings of household j
in the sample. Standard errors in parentheses.

interaction-term specification for a restricted sample, where we only include men who are
primary earners, see column (3) of Table 3. We find that the estimate for the primary-earner
only sample is similar to the one obtained for the full sample, in line with our results from
the Monte Carlo analysis. This corroborates that male secondary earners are not solely
responsible for identification although we use the covariance between expected wage growth
and hours growth if the male earnings contribution were small.

6

Implications for labor-supply elasticities of different population groups

A direct implication of our analysis is that conventional methods tend to overestimate differences in labor-supply elasticities between population groups that tend to have different earner
roles in the household, e.g., between primary and secondary earners. Another example is the
often-discussed difference in labor-supply elasticities between men and women, with women
usually being attributed a substantially larger value for the Frisch elasticity than men. A
third example is the difference in labor-supply elasticities between individuals with high and
low earnings, respectively. Our analysis suggests that potential differences in the true elasticities are magnified by the differential importance of the estimation bias so that differences in
true elasticities are in fact smaller than suggested by previous studies that ignore borrowing
constraints and earner roles.

24

6.1

Primary and secondary earners

In our baseline Altonji (1986) estimations where we allowed the estimate for the Frisch elasticity to depend on earner status, we find substantial differences between primary and secondary
earners, see Table 2. The results of our preferred interaction-term approach using an individual’s earnings contribution, see Table 3, corroborate that the differences between primary
and secondary earners suggested by standard Altonji (1986) regressions are mostly the result
of differential estimation biases rather than of differences in true Frisch elasticities. In fact,
when we apply our interaction-term approach that corrects for the borrowing-constraint bias
to a sample of male primary earners only, we obtain a similar estimate (0.69, see column
(3) of Table 3) compared to the total sample of men that also includes secondary earners
(0.72, see column (2) of Table 3). Put differently, differences between primary and secondary
earners are small once the borrowing-constraint bias is corrected for.
This suggests that the usual sample restriction to, e.g., male household heads working fulltime is potentially problematic in microeconometric estimations of the labor-supply elasticity.
Such samples consist mostly of primary earners and are hence subject to strong estimation
biases, which may be one reason why previous studies have often obtained relatively small
estimates for the Frisch elasticity. Keane (2011) explicitly makes the point that, even among
men, labor-supply elasticities are likely larger than estimated by the majority of existing
studies. Our study supports this view, as we obtain substantially larger estimates in samples
where the bias due to borrowing constraints is expected to be less severe. Our analysis can
thus help to reconcile micro and macro estimates of labor-supply elasticities (Keane and
Rogerson 2015).

6.2

Men and women

Our study suggests that part of the often-discussed gender difference in labor-supply elasticities can be attributed to the fact that men, who are in most cases primary earners in
the household, usually contribute larger shares to household income than women, so that
everything else equal, the negative estimation bias in Altonji (1986) regressions is larger for
men than for women. To address potential gender differences in true elasticities, we take
into account that while our interaction-term approach corrects for the bias due to borrowing constraints, this does not necessarily imply that it yields an unbiased estimate of the
Frisch elasticity when there are other important sources of biases. While the literature has
discussed savings as the most important non-wage labor-supply determinant for men, issues
like child care are of particular relevance for women (see Keane 2011). Moreover, these issues
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can be particularly important for those women for whom we also observe low contributions
to household earnings. This could then confound with the correction for the borrowingconstraint bias.
For example, we could measure low contributions to household earnings for women who
work only few hours and have a relatively elastic labor supply because of child-care obligations, as shown by Alesina, Ichino, and Karabarbounis (2011). Then, our derived estimator
would put relatively much weight on a group of women whose labor-supply elasticity is not
representative for the total population. We therefore develop modifications of our baseline
interaction-term approach to address challenges when estimating the Frisch elasticity for
women.20
Specifically, we first extend our theoretical model by shocks to wives’ preferences for labor
supply and then modify our interaction-term approach appropriately. In particular, we add
a stochastic term h to the disutility of work of women such that women’s preferences are
described by
u (c, ni ) =

(ni + hi )1+1/η i
c1−σ
.
− αi ·
1−σ
1 + 1/η i

(22)

The shock h can be understood as a home production requirement, e.g., the presence of
children without the availability of informal or affordable formal child care.21 Similar to
Guner, Kaygusz, and Ventura (2012a, 2012b), we model h as a two-state Markov process
with states hlow and hhigh and transition probabilities κ1 from hlow to hhigh and κ2 from
hhigh to hlow .22
In Appendix E.4, we present a detailed analysis of the model extension with preference
shocks and we show that our baseline interaction-term approach tends to over-estimate the
true Frisch elasticity in this setting. We therefore suggest modifications of our baseline
approach and we show in Monte-Carlo experiments that, with these modifications, we obtain
almost unbiased estimates also in the model with preference shocks. First, we adopt an
20

In terms of descriptive statistics, we also find that women with low contributions to households earnings
have particular characteristics. Women with low earnings contributions (below 30%) work fewer hours and
have more children than other women. Further, they earn on average almost 50% less than predicted by their
characteristics (prediction regression based on a full set of age, education, and year dummies for women). By
contrast, men with low contributions to household earnings are rather similar to other men in terms of hours
worked, children, and deviations from predicted earnings.
21
Alesina, Ichino, and Karabarbounis (2011) use these preferences to rationalize gender differences in laborsupply elasticities as a result of the division of household chores. Also Guner, Kaygusz, and Ventura (2012a,
2012b) and Bick (2016) apply similar preferences when analyzing the responses of female labor supply to tax
reforms and child care subsidies, respectively. Most relatedly, Guner, Kaygusz, and Ventura (2012a, 2012b)
add a constant term to mothers’ (but not fathers’) working time while young children are present in the
household, which happens exogenously in their model.
22
We follow Guner, Kaygusuz, and Ventura (2012a) and Bick (2016) to calibrate these additional parameters,
see Appendix E.4 for details.
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Table 4: Empirical labor-supply regressions for women, PSID data, modified approaches exploiting
variation in relative contributions to household earnings.

expected
wage growth

(1)

(2)

(3)

0.78
(0.17)

1.08
(0.27)

1.05
(0.23)

expected wage growth
× earnings contribution (%)

-1.49
(0.46)

expected wage growth
× predicted contribution

-0.70
(0.44)

time effects
sample
observations

yes
all
14,340

yes
sij ≥ 0.3
8,966

yes
all
14,340

Notes: Dependent variable is hours growth ∆ ln nijt+1 of individual i in household j
in period t + 1. Constant included but not shown. Usual earnings contribution sij is
the average percentage contribution of individual i to labor earnings of household j
in the sample. Predicted earnings contribution based on a regression with a full set
of age, education, and year dummies as regressors. Standard errors in parentheses.

approach where we consider a sample restriction and only consider women who contribute at
least 30% to household earnings. Second, we apply an approach where we replace the wife’s
actual earnings contribution by the predicted earnings contribution based on a regression with
observable determinants as regressors.23 This alternative measure of the earnings contribution
is less affected by idiosyncratic determinants (such as child care needs).
When we apply these two approaches to the PSID data, we obtain an estimated Frisch
elasticity for women of around one, see columns (2) and (3) of Table 4. These estimates for
women are only about 45% larger than the one for men. By contrast, comparing genderspecific labor-supply elasticities on the basis of Altonji (1986) regressions, i.e., comparing the
results in column (1) of Table 4 and column (1) of Table 3, would suggest considerably larger
gender differences of about 90%.24 Also the calibration of our theoretical model suggests
rather small gender differences in labor-supply elasticities. In fact, a difference of only about
40% is needed to rationalize the substantially larger difference in Altonji (1986) estimates.
In summary, our analysis for women suggests that potential gender differences in the true
elasticities are magnified by the differential importance of the estimation bias so that differences in true elasticities are in fact smaller than suggested by previous studies. This way, our
23

In the empirical application, we predict log earnings using a full set of age, education, and year dummies.
When we estimate an Altonji (1986) regression for women with s < 0.3, we obtain a particularly large
estimate in line with our extended model version with preference shocks.
24
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Table 5: Empirical labor-supply regressions for men, PSID data, by earnings group.

(1)

(2)

top 25% earnings
expected
wage growth

0.18
(0.16)

expected wage growth
× earnings contribution (%)
time effects
observations

0.62
(0.41)

(3)

bottom 75% earnings
0.52
(0.13)

-0.68
(0.56)
yes
3,735

yes
3,735

(4)
0.87
(0.25)
-0.59
(0.36)

yes
10,605

yes
10,605

Notes: Estimation results for men. Dependent variable is hours growth ∆ ln nijt+1 of individual i in
household j in period t + 1. Constant included but not shown. Usual earnings contribution is the
average percentage contribution of individual i to labor earnings of household j in the sample. Earnings groups defined using the position of current labor earnings in the distribution of individual labor
earnings in the year of observation. Standard errors in parentheses.

analysis has implications for, e.g., the taxation of couples (Kleven, Kreiner, and Saez 2009)
or genders (Alesina, Ichino, and Karabarbounis 2011) where arguments often rely on gender
differences in labor-supply elasticities.

6.3

High and low earnings

Our analysis also implies that conventional methods overestimate the differences in laborsupply elasticities between groups with high and low levels of earnings.25 When we distinguish between men in the upper 25% of the distribution of current labor earnings and those in
the bottom 75%, see columns (1) and (3) of Table 5, estimates from standard Altonji (1986)
regressions suggest that the labor supply of individuals with high earnings is considerably less
elastic. Accordingly, one might draw the conclusion that strong tax progressivity is efficient,
see, e.g., Saez (2001) who relate optimal income tax rates to labor-supply elasticities.26 However, our analysis suggests that this difference in labor-supply elasticities is over-estimated
as individuals with high earnings on average also contribute larger shares to household earnings. In fact, when we apply our preferred interaction-term approach, estimated labor-supply
25

Due to assortative mating, men with high earnings also tend to have partners with above-average earnings.
Nevertheless, men in the high-income group contribute larger average shares to household earnings (on average
about 75% compared to 65%).
26
The optimal tax rates derived by Saez (2001) use Marshall and Hicks labor-supply elasticities. In our
model, Marshall and Hicks elasticities are monotonically increasing in the parameter η. Independent of the
specific form of preferences, the Frisch elasticity is an upper bound for the other two elasticities. Saez (2001)
considers both, preferences without income effects where the elasticities are identical as well as preferences
with income effects. The shape of the optimal tax schedules is remarkably similar for both preference types
and, hence, mostly determined by substitution effects.
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elasticities are found to be more similar for both earnings groups, see columns (2) and (4) of
Table 5. Remaining differences in estimated elasticities may reflect, among other things, that
the top-earnings group is on average older and more educated than the rest of the population.
We also considered a specification where we exclude individuals who switch back and forth
between the two earnings groups. In this specification, we obtain very similar results as for
the total sample, see Appendix F.4 for details.

7

Conclusion

Estimates of Frisch labor-supply elasticities are biased in presence of borrowing constraints.
We have shown that the strength of this bias depends on individuals’ relative contribution
to household earnings. In couples with joint borrowing constraints, wage-rate fluctuations
of secondary earners are less important for the couples’ willingness to borrow and this relation is the stronger the more pronouced are intra-household wage differences. This results
in smaller estimation biases for individuals who contribute little to household earnings. We
have presented an incomplete-markets model with two earners to make this point explicit.
We have used the model to develop a new method that corrects for the bias due to borrowing
constraints. Specifically, we have extended standard Altonji (1986) regressions by the interaction between expected wage growth and the individual’s usual contribution to household
earnings. This estimation approach yields an unbiased estimate of the Frisch elasticity.
Empirically, we estimate a Frisch elasticity for men of about 0.7. This is larger than the
majority of previous estimates from microeconometric studies. Further, we find rather homogenous labor-supply elasticities across the population compared to estimates from methods
that neglect borrowing constraints and do not exploit the couple structure of the data.
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Appendix
A

Deriving an unbiased estimator of the Frisch elasticity: Analytical details

A.1

Households unaffected by borrowing constraints

For households unaffected by borrowing constraints, the multiplier on the borrowing constraint equals zero, φ = 0. Taking logs of the first-order conditions (7), (8), and (9) gives
1
· ln n1 ,
η
1
ln λ + ln w2 = ln µ + ln α2 + · ln n2 ,
η
ln λ = ln (1 + r) + ln β + ln E λ′ .
ln λ + ln w1 = ln µ + ln α1 +

(23)
(24)
(25)

Iterating forward (23) and (24) and taking first differences gives
∆ ln n′1 = η · ∆ ln w1′ + η · ∆ ln λ′ ,

(26)

∆ ln n′2 = η · ∆ ln w2′ + η · ∆ ln λ′ ,

(27)

where, for a generic variable y, ∆ ln y ′ = ln y ′ − ln y. The next step is to use the Euler
equation to substitute for the unobservable term ∆ ln λ′ . Rearranging the Euler equation
(25), we obtain
ln E λ′ − ln λ = − ln (1 + r) − ln β.
While the Euler equation relates to the expected marginal utility of consumption, it is the
actual change in the marginal utility of consumption that is part of the labor-supply conditions, see (26) and (27). We therefore introduce an expectation error ξ ′ = ln λ′ − E ln λ′ such
that
∆ ln λ′ = ln λ′ − ln λ = − ln (1 + r) − ln β − ξ ′ .

(28)

In (28), we use that ln E λ′ = E ln λ′ up to first order and we neglect higher-order terms. In
Appendix C, we evaluate the importance of the approximation for our results.
Substituting (28) into (26) gives
∆ ln n′1 = η · ∆ ln w1′ − η · ln (1 + r) − η · ln β − η · ξ ′ ,

(29)

∆ ln n′2 = η · ∆ ln w2′ − η · ln (1 + r) − η · ln β − η · ξ ′ .

(30)

Note that the residual η · ξ ′ is correlated with ∆ ln w1′ as well as with ∆ ln w2′ . Intuitively,
wage growth, if not perfectly foreseen, leads to an increase in consumption and a reduction of
marginal utility compared to their previously planned levels. Put differently, a household that
33

enjoys unforeseen wage growth for either spouse will increase its consumption and marginal
utility will be lower than it was expected one period before, ξ ′ = ln λ′ − E ln λ′ < 0. To
address the resulting endogeneity problem, Altonji (1986) suggests a decomposition of wage
growth into an expected and an unexpected component,
∆ ln w1′ = E ∆ ln w1′ + ω ′1 ,
∆ ln w2′ = E ∆ ln w2′ + ω ′2 ,
where ω ′1 and ω ′2 are the unexpected components of wage growth. Using these decompositions
in (29) and (30) gives (13) for i = 1, 2 from the main text. These equations can be estimated
by OLS as the expectation errors ξ ′ and ω ′i , i = 1, 2, which form the joint residual, are
both uncorrelated with the regressor ∆ E ln wi′ : Under rational expectations, the expectation
error ω ′i is uncorrelated with the expectation E ∆ ln wi′ itself. Further, expected wage growth
E ∆ ln wi′ does not cause an adjustment of the marginal utility of consumption and hence a
non-zero value of ξ ′ if the household is not affected by borrowing constraints. Intuitively, the
household will use expected wage growth to finance already contemporaneous increases in
consumption through either desaving or borrowing.

A.2

Borrowing-constrained households

To derive (14), (15), and (16), we first take logs of (6), (8), and (9):
−σ ln c = ln λ,
1
· ln n1 ,
η1
1
· ln n2 .
ln λ + ln w2 = ln µ + ln α2 +
η2

ln λ + ln w1 = ln µ + ln α1 +

(31)
(32)
(33)

In the point of approximation, it holds that
−σ ln c = ln λ,
1
· ln n1 ,
ln λ + ln w 1 = ln µ + ln α1 +
η1
1
· ln n2 .
ln λ + ln w 2 = ln µ + ln α2 +
η2

(34)
(35)
(36)

Subtracting (34), (35), and (36) from (31), (32), and (33), respectively, gives

ln λ/λ = −σ ln (c/c) ,
as well as the expressions (14) and (15) from the main text.
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(37)

To obtain (16), we log-linearize the budget constraint. For borrowing-constrained households (a = a′ = 0), the budget constraint reads
c = w1 n1 + w2 n2 .
Applying a first-order Taylor approximation gives27
c − c = w1 · (n1 − n1 ) + n1 · (w1 − w1 ) + w 2 · (n2 − n2 ) + n2 · (w2 − w 2 ) .
Dividing by c = w 1 n1 + w 2 n2 and expanding the terms on the right-hand side gives
n1 − n1
w1 − w 1
w 1 · n1
n1 · w 1
c−c
=
·
+
·
c
w 1 n1 + w 2 n2
n1
w1 n1 + w 2 n2
w1
n2 − n2
w2 − w2
w 2 · n2
n2 · w 2
+
·
+
·
.
w1 n1 + w2 n2
n2
w1 n1 + w2 n2
w2
Using the definitions s1 = w 1 · n1 / (w 1 n1 + w 2 n2 ) and s2 = w 2 · n2 / (w1 n1 + w2 n2 ), and using
that, for a generic variable y, (y − y) /y ≈ ln (y/y), we obtain
ln (c/c) = s1 · (ln (w1 /w 1 ) + ln (n1 /n1 )) + s2 · (ln (w2 /w 2 ) + ln (n2 /n2 )) .

(38)

Substituting (38) into (37) gives (16) from the main text.
To obtain the labor-supply policy functions, we solve (14), (15), and (16) for ln (ni /ni ),
i = 1, 2,

ση (η + 1)
· si · ln (wi /w i )
ln (ni /ni ) = η −
ση + 1
ση (η + 1)
−
· (1 − si ) · ln (w−i /w −i ) ,
ση + 1


(39)

which show that labor supply depends on one’s own wage rate as well as on the wage rate
of the partner. As we want to recover the own-wage Frisch elasticity, we will focus on the
reaction to one’s own wage-rate shocks and summarize the response to the partner’s wage
rate in a residual. Taking first differences yields

∆ ln n′i = ln n′i /ni − ln (ni /ni ) =


ση (η + 1)
η−
· si · ∆ ln wi′ + ζ ′ ,
ση + 1
′
where ζ ′ = − ση(η+1)
ση+1 · (1 − si ) · ∆ ln w−i . As for unconstrained households, we can now

decompose wage growth ∆ ln wi′ into an expected and an unexpected component, where the
latter becomes part of the combined residual. This gives equation (17) from the main text.
27

In Appendix C, we evaluate the importance of approximation errors for our results.
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B

Sample selection and calibration

B.1

Sample selection

We use observations for the years 1972-1997 from the PSID. Before 1972, there is no information on wives’ education. After 1997, the PSID switched from annual to biennial interviews.
We consider household heads and wives for whom both partners’ wage rates are available.
For both partners, we calculate the wage rate as total labor income divided by total hours
worked and deflate wages to 1983 prices using the CPI. We restrict the sample to individuals
between age 25 and 60 and drop the Survey of Economic Opportunity (SEO) sample which is
not representative for the U.S. We drop household-years where individuals’ reported annual
hours of work are larger than 4860 (more than 92 average weekly hours) and where hours
worked or the wage rate fall by more than 40 percent or increase by more than 250 percent
between two consecutive years (see Domeij and Flodén 2006). To eliminate the influence of
extreme observations and data errors, we drop observations falling in the top 0.5 percentiles
of male and female wages, respectively.
Note that our baseline sample is relatively large in comparison to related studies. For
instance, Domeij and Flodén (2006) have to restrict the data to three subpanels around the
years 1984, 1989 and 1994, where the PSID contained a supplement on household wealth. In
our specifications where we exploit asset holdings to control for borrowing constraints, we
also consider this subsample of the PSID data, see Section 5 and Appendix F.3.

B.2

Estimation of stochastic wage process

We distinguish between two components of wage rates. First, there is a component that
captures (observed or unobserved) characteristics of the individual and that leads to longrun wage differences between individuals (both, within and across households). Second,
there is a component that captures idiosyncratic and temporary fluctuations in wage rates
which may induce borrowing constraints to bind. We use a combination of microeconometric
estimation (idiosyncratic and temporary wage components) and calibration (long-run wagerate differences within and across households) to obtain the parameters of the model.
Idiosyncratic and temporary wage components.

We assume in our model that the

idiosyncratic and temporary component follows an AR(1) process. The parameters of this
process are important for frequency and expected duration of binding borrowing constraints
and for the process of expected wage growth which is key to labor-supply regressions. We
quantify the parameters of the AR(1) process through gender-specific Generalized Method
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of Moments (GMM) estimations. As discussed in Section 4.1, we quantify long-run wage
differences through calibration.
To determine the parameters of the AR(1) process, the following steps have to be carried
out that do not have direct counterparts in the theoretical model. To save on notation, we do
not account for a gender index g = m, f in the following. We first filter predictable influences
∗ using a filter regression
on observed log wage rates ln w
eit
∗
ln w
eit
= q (oit ) + w
bit ,

where oit denote characteristics (time dummies, age dummies, and education dummies interacted up to a quadratic age trend) of individual i in year t.28 The wage process estimation
is then performed for residual log wage rates w
bit .29

In the empirical process for residual wages, we account for individual fixed effects and we

follow the applied literature, see, e.g., Heathcote, Perri, and Violante (2010), by incorporating
time-varying factor loadings that allow the permanent and transitory components to change
over time in a way that is common across individuals. While the variance terms are timeinvariant in our theoretical model, the empirical literature has shown the importance of
allowing for such flexibility in the estimated processes to correctly identify persistence and
idiosyncratic risk. Hence, residual log wages are decomposed into
w
bit = π t · χi + ζ t · zeit ,

(40)

where π t and ζ t are factor loadings, χi is an individual fixed effect, and zeit is the transitory

component of observed wage rates.

Next to an autoregressive component, we also incorporate a moving-average term in the
process for the transitory wage component zeit to take into account measurement error in

empirical wage-rate data that would otherwise bias the estimated AR coefficients30 ,
zeit , = ρ · zeit−1 + θ · εit−1 + εit ,

(41)

where ρ is the persistence parameter, θ is the MA parameter, and εit is the shock to the
transitory wage component with variance σ 2ε .
28

We drop all observations where the residual of this regression belongs to the bottom or top 1 percent of
all residuals for an age group. We then re-estimate the filter regression to obtain the final vector of residual
wage rates, w
bit .
29
A measure of dispersion after controlling for observables is the relevant concept in the incomplete markets
literature where the focus is on idiosyncratic uncertainty, see, e.g., Storesletten, Telmer, and Yaron (2004),
Krueger and Perri (2006), Heathcote, Storesletten, and Violante (2010), and Bayer and Juessen (2012).
30
Accounting for a moving-average component to deal with measurement error is widely adopted in the
empirical literature, see, e.g., Meghir and Pistaferri (2004).
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We estimate the process for residual wages, (40) and (41), by a Generalized Method
of Moments (GMM). Specifically, we exploit as moment conditions the variance-covariance
matrix of residual wages w
bit which has diagonal elements

σ 21 = π 21 σ 2χ + ζ 2t σ 2w1
 

t−2


X
σ 2t = π 2t σ 2χ + ζ 2t ρ2t−2 σ 2w1 + K
ρ2j  , t > 1


j=0

and off-diagonal elements


cov (w
bt , w
bt+s ) = π t π t+s σ 2χ + ζ t ζ t+s ρs σ 2w1 + ρs−1 θσ 2ε , t = 1 and s > 0


t−1
X
ρ2j + ρs−1 θσ 2ε  , t > 1 and s > 0,
cov (w
bt , w
bt+s ) = π t π t+s σ 2χ + ζ t ζ t+s ρ2t+s−2 σ 2w1 + ρ2 K
j=0


where K = σ 2ε 1 + θ2 + 2ρθ . Concerning initial conditions, we follow the approach by

MaCurdy (1982) and treat the variance at the start of the sample period, σ 2w1 , as an additional

parameter to be estimated. GMM estimation is carried out by replacing population moment
conditions by their sample analogues. For both genders, the parameter vector to be estimated
is


ϕ = σ 2χ , ρ, σ 2w1 , σ 2ε , θ, ζ 2 ...ζ T , π 2 ...π T .
For identification, the first-period factor loadings π 1 , ζ 1 are set to one. In our unbalanced

panel data, each sample moment is constructed using all available observations covering the
respective time span.31 We follow Altonji and Segal (1996) and Clark (1996) and use the
identity matrix as the weighting matrix, which has been shown to lead to better small sample
performance than the asymptotically optimal weighting matrix.
Table 6 summarizes the parameter estimates.32 For men, the estimated autocorrelation
of idiosyncratic wages is ρm = 0.82 and the estimated standard deviation is σ m,ε = 0.22.
These results are well in line with the literature, see, e.g., Domeij and Flodén (2006) and the
references therein. For women, the estimated autocorrelation ρf = 0.82 is similar compared
to men’s, and the estimated degree of idiosyncratic labor market risk σ f,ε = 0.45 is about
twice as large as for men.
31

Following Haider (2001), we adjust the standard errors of the parameter estimates to take into account
the number of observations used in the computation for each moment.
32
To save on space, the point estimates for the time-varying factor loadings are not shown. In line with
the literature, we find that idiosyncratic labor market risk tends to increase over time. Results for the filter
regressions are available on request.

38

Table 6: Estimated processes for residual wage rates, men and women.

σ 2χ
ρ
σ 2w1
σ 2ε
θ

# moments

(1)

(2)

men

women

0.06
(0.02)
0.84
(0.03)
0.13
(0.02)
0.05
(0.01)
-0.53
(0.04)

0.05
(0.02)
0.82
(0.03)
0.23
(0.02)
0.21
(0.03)
-0.51
(0.04)

351

351

Notes: GMM estimation results for the covariance structure of residual wage rates. Residual wages obtained using a filter regression with time dummies, age dummies,
and schooling dummies interacted up to a quadratic age
trend. Standard errors in parentheses.

Long-run wage-rate differences within and across households.

Next to the autore-

gressive component, we include constant terms ψ in the wage process of our model to induce
long-run differences in earner roles. We quantify these constant terms by calibration. Specifically, we distinguish between ten household types matching average male and female wage
rates in the ten deciles of the empirical distribution of relative wage rates of spouses in our
PSID data. An alternative approach would be to target the estimated variance of fixed effects,
σ 2χ from the microeconometric wage process estimation. While this would capture the genderspecific across-household variance of (residual) wage rates appropriately, we implement the
former approach to obtain a realistic distribution of within-household wage differences.
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B.3

Parameter values

Table 7 summarizes the parameter values of our baseline model.
Table 7: Parameter values, baseline model
Description

Parameter

Value(s)

r
β
σ
µ

1.45%
0.95
1.5
0.5

Aggregate parameters
Interest rate
Discount factor
Risk aversion
Pareto weight
Gender-specific parameters
Autocorrelation z
Standard deviation z
True Frisch elasticity

ρg
σg
ηg

HH-type specific parameters
Const. wage comp. husband
Const. wage comp. wife
Labor-disutility husband
Labor-disutility wife

ψ mj
ψf j
αmj
αf j

cal.
set
set
set

male

female

0.84
0.24
0.65

0.81
0.44
0.90

I

II

III

IV

V

VI

-2.8
-2.5
48.4
60.5

-2.6
-2.7
61.2
51.1

-2.6
-2.8
68.3
49.3

-2.5
-2.9
73.7
47.4

-2.4
-2.9
75.8
45.3

-2.5
-3.1
84.1
45.2

VII VIII
-2.3
-3.1
84.5
43.1

-2.3
-3.2
86.4
42.0

est.
est.
est.
IX

X

-2.2 -2.0 cal.
-3.3 -3.5 cal.
99.6 105.7 cal.
41.9 36.1 cal.

Notes: HH-type: household type. Roman numbers (I-X) indicate household types. cal.: calibrated. est.:
estimated

C

Log-linearization and approximation bias

The derivation of our interaction-term approach (20) uses first-order approximations. In
this appendix, we use second-order Taylor approximations to evaluate the importance of
approximation errors.
Compared to the expressions in Appendix A.1, a second-order approximation of the Euler
2
equation for unconstrained households yields the additional term, ξ ′ + 21 ξ ′ , where ξ ′ is the

ex-post percentage expectation error in marginal utility ξ ′ = λ′ − Eλ′ /λ′ , see Domeij and

Flodén (2006) for a derivation. When substituted into the labor-supply conditions (26) and
(27), this higher-order term enters additively and multiplied with a negative constant on the
right-hand side of equation (13) in the main text.
For borrowing-constrained households, we have to approximate the budget constraint

(2). A second-order approximation yields the additional term si · (ln (wi /w i ) · ln (ni /ni )) +
s−i ·(ln (w−i /w −i ) · ln (n−i /n−i )) compared to the expressions in Appendix A.2. When substituted into the system of first-order conditions, this higher order term enters in first differences,
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Table 8: Estimation results from synthetic household panel data, the role of approximation errors.

(1)

(2)

(3)

(4)

expected
wage growth

0.63
(0.10)

0.62
(0.10)

0.62
(0.10)

0.61
(0.10)

expected wage growth
× earnings contribution (%)

-0.32
(0.15)

-0.31
(0.15)

-0.32
(0.14)

-0.30
(0.15)

h.o.t. (unconstrained)

-0.19
(0.22)

h.o.t. (constrained)

-0.56
(0.23)
-0.03
(0.00)

-0.03
(0.00)

Notes: Results for men. Dependent variable is hours growth ∆ ln nijt+1 of individual i in
household j in period t + 1. Constant included but not shown. Usual earnings contribution is the average percentage contribution of individual i to labor earnings of household
j in the simulation. h.o.t. (unconstrained): Et (ξ jt+1 + ξ 2jt+1 /2). h.o.t. (constrained):
∆ (sij · (ln(wijt+1 /w ij ) · ln(nijt+1 /nij )) + s−ij · (ln(w−ijt+1 /w−ij ) · ln(n−ijt+1 /n−ij ))). Average estimates from 10,000 Monte-Carlo draws, average standard errors in parentheses.

additively, and multiplied with a negative constant on the right-hand side of equation (16)
in the main text.
To evaluate the importance of approximation errors, we calculate both higher-order terms
(h.o.t.) for unconstrained and constrained households, respectively, in our simulation. When
determining the expectation term in the expression for constrained households, we first calculate ξ and ξ 2 as functions of state variables and then determine their expectations by
applying transition probabilities.33 We then include the h.o.t. as additional regressors in
our interaction-term regression (20). Table 8 shows that this has almost no effect on the
non-interacted coefficient on expected wage growth (which is the estimated Frisch elasticity).
Thus, higher-order terms are almost irrelevant for our results and our preferred first-order
approximation is sufficient for obtaining an almost unbiased estimate of the Frisch elasticity.

33

A regression-based approach as applied by Domeij and Flodén (2006) delivers almost identical results.
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D

Monte Carlo results for women

In this appendix, we repeat the baseline Monte Carlo experiments for women. Column (1)
in Table 9 shows the results from a standard Altonji (1986) regression. As women’s average
earnings contribution is smaller than men’s, the downward bias is less pronounced for women
than it is for men. Column (2) shows the results of our preferred interaction-term approach,
see equation (20). The remaining bias is only about 5%, comparable to the one for men.
Table 9: Estimation results from synthetic household panel data, for women, baseline model.

expected
wage growth

(1)

(2)

0.78
(0.02)

0.85
(0.07)

expected wage growth
× earnings contribution (%)

-0.18
(0.19)

observations

15,000

15,000

Notes: Dependent variable is hours growth ∆ ln nijt+1 of individual i in
household j in period t + 1. Constant included but not shown. Usual
earnings contribution is the average percentage contribution of individual i to labor earnings of household j in the simulation. Average estimates from 10,000 Monte-Carlo draws, average standard errors in parentheses.

E
E.1

Model extensions
Model version with non-separable preferences

In a model with non-separable preferences, the true Frisch elasticities of labor supply are not
determined by the curvatures of the disutility of working alone but also depend on household
decisions. Thus, even at the individual level, the Frisch elasticity is not constant but varies
over time. Non-separabilities in preferences might result from two potential sources. First,
consumption and leisure may not be separable as individuals may enjoy consumption more
in their leisure time. Second, in the context of a couple household, spouses may enjoy leisure
more when they spend it together. To account for both dimensions, we follow Wu and Krueger
(2015) and use the household target function

v=


−γ/θ (1−σ)/γ
−1
α · cγ + (1 − α) · ζ · nθi + (1 − ζ) · nθ2
1−σ
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,

(42)

Table 10: Estimation results from synthetic household panel data, model version with non-separable
preferences.

expected
wage growth

(1)

(2)

0.45
(0.02)

0.66
(0.12)

expected wage growth
× earnings contribution (%)

-0.33
(0.18)

observations

15,000

15,000

Notes: Results for men. Dependent variable is hours growth ∆ ln nijt+1
of individual i in household j in period t + 1. Constant included but not
shown. Usual earnings contribution is the average percentage contribution of individual i to labor earnings of household j in the simulation.
Average estimates from 10,000 Monte-Carlo draws, average standard errors in parentheses.

where c, n1 , and n2 denote consumption, and hours of household members 1 and 2, respectively.34
Other than in the baseline model, we do not calibrate the elasticities of the utility function
to match the empirical estimates of Altonji (1986) regressions. Since it is the purpose of this
model extension to check our estimation approach in an environment with realistic degrees of
complementarities, we take the substitution elasticities γ and θ directly from Wu and Krueger
(2015), σ = 2.42, γ = −2.7, and θ = 2.25 which implies that there are complementarities
between consumption and leisure as well as between the leisure times of the two spouses.
Similar to the calibration of our baseline model, we calibrate the preference weights α and
ζ for each of the 10 household types to match average hours worked by husband and wife.
Again, we set the economy-wide interest rate r to match the wealth share of the bottom
40% of the distribution. All other parameters are unchanged. In our calibrated model, the
average true Frisch elasticity of men is 0.80.
Column (1) in Table 10 shows estimation results from a standard Altonji (1986) regression using simulated data from the model with non-separable preferences. We find that the
downward bias is quantitatively similar. The estimated Frisch elasticity using our preferred
interaction-term approach is much closer to the true value, see column (2).
34

For simplicity, we directly specify a household target function (instead of individual preferences) as we
have already discussed that a unitary model is sufficient for our purposes. Accordingly, the household directly
maximizes V = v + β · E V ′ in this model version.
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Table 11: Estimation results from synthetic household panel data, model version with private consumption.

expected
wage growth

(1)

(2)

0.41
(0.01)

0.64
(0.10)

expected wage growth
× earnings contribution (%)

-0.34
(0.14)

observations

15,000

15,000

Notes: Results for men. Dependent variable is hours growth ∆ ln nijt+1
of individual i in household j in period t + 1. Constant included but not
shown. Usual earnings contribution is the average percentage contribution of individual i to labor earnings of household j in the simulation.
Average estimates from 10,000 Monte-Carlo draws, average standard errors in parentheses.

E.2

Model version with private consumption

For the case where consumption is a private good within the household, the household budget
constraint (2) is replaced by c1 + c2 +

a′
1+r

≤ w1 n1 + w2 n2 + a, where c1 and c2 denote

consumption of both spouses and are choice variables. Further, instead of the first-order
condition (6), it holds that

∂v
∂c1

= µ · c−σ
1 =

∂V (a,ω)
∂a

= λ and

∂v
∂c2

= (1 − µ) · c−σ
2 =

∂V (a,ω)
∂a

= λ.

For the calibration, we use the same targets as in the baseline model. The true Frisch
elasticity of men in this model version is also 0.65. Table 11 shows that we obtain very
similar estimation results as in our baseline model with private consumption.

E.3

Model version with progressive taxation

In this appendix, we augment our baseline model by progressive taxation. We apply the
parametric tax function used by Heathcote, Storesletten, and Violante (2014) and Blundell,
Pistaferri, and Saporta-Eksten (2016). Specifically, the average tax rate is
1 − (1 − ξ) · (w1 n1 + w2 n2 )−τ ,

(43)

a
≤ (1 − ξ) · (w1 n1 + w2 n2 )1−τ + a, instead
such that the household budget constraint is c + 1+r
′

of (2). Guner, Kaygusuz, and Ventura (2014) have estimated this tax function and we use
their estimates for the ”all married couples” sample to quantify the parameters in (43),
ξ = 0.1260 and τ = 0.060.35 For the calibration, we use the same targets as in our baseline
In Guner, Kaygusuz, and Ventura (2014), the counterpart to ξ is 0.087 · yτ , where 0.087 is an estimate
and y is mean household income. In our model, this gives ξ = 0.1260. Guner, Kaygusuz, and Ventura (2014)
35
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Table 12: Estimation results from synthetic household panel data, model version with progressive
taxation.

expected
wage growth

(1)

(2)

0.41
(0.02)

0.65
(0.10)

expected wage growth
× earnings contribution (%)

-0.36
(0.15)

observations

15,000

15,000

Notes: Results for men. Dependent variable is hours growth ∆ ln nijt+1
of individual i in household j in period t + 1. Constant included but not
shown. Usual earnings contribution is the average percentage contribution of individual i to labor earnings of household j in the simulation.
Average estimates from 10,000 Monte-Carlo draws, average standard errors in parentheses.

model. The true Frisch elasticity of men in this model version is 0.70.
Table 12 shows the results of labor-supply regressions for the model with progressive
income taxation. As the estimation ignores taxes (the right-hand side variable is, as before,
expected growth in gross wages), the results are informative about the additional biases
stemming from progressive taxation. The estimation bias in an Altonji (1986) regression, see
column (1), is somewhat stronger but overall similar to the baseline model. Put differently,
the additional bias due to progressive taxation is small compared to the bias stemming from
borrowing constraints. Most importantly, our proposed interaction-term approach delivers a
good estimate of the Frisch elasticity also in this model version, see column (2) of Table 12.

E.4

Model version with preference shocks

With preferences given by (22), the first-order condition for labor supply of the wife is
(nf + h)1/η = λ · wf ,
from which we can derive the Frisch elasticity as a function of h. Taking logs and the
derivative with respect to wf gives
∂nf wf
·
∂wf nf

=
λ

nf + h
· η.
nf

use actual taxes paid (data from the Internal Revenue Service) rather than statutory tax rates and find that
effective tax rates are substantially less progressive than statutory ones.
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Hence, a large realization of h increases the Frisch elasticity conditional on hours worked. By
contrast, for h = 0, the Frisch elasticity is η as before.
Next to raising the Frisch elasticity, large values of h also increase the marginal disutility
of labor supply inducing women to work fewer hours.36 Hence, for a given realization of
the wife’s wage rate, a large realization of h leads to low but elastic labor supply. As a
consequence, one observes women with low contributions to household earnings (due to low
labor supply) to have a strong connection between hours growth and expected wage growth.
We rely on Guner, Kaygusuz, and Ventura (2012a) and Bick (2016) to calibrate the new
parameters in this model extension. We have to quantify (i) how many households are in the
hhigh state in the long-run distribution, (ii) for how long households stay in this state, and
(iii) the numbers for hhigh and hlow . For the first statistic, we refer to Bick (2016) who reports
that about 90% of parents have grandparents living within one driving hour. Considering
grandparents as an available form of informal child care, we target the population share with
h = hhigh in the ergodic distribution, κ1 / (κ1 + κ2 ), to be 10%. We set the expected duration
of h = hhigh to ten years (to mimic the time from child birth to start of middle school or
junior high school). Hence, we set the transition probability κ2 to 0.1. We set hlow to zero
as Guner, Kaygusuz, and Ventura (2012a) do for women without (young) children, which
implies that there is a large fraction of the population with a Frisch elasticity given by η as
in our baseline model, and hhigh to 0.1, which corresponds to a third of average male working
time as in Guner, Kaygusuz, and Ventura (2012a).37
We calibrate the remaining parameters to match the same targets as in the baseline model.
The decisive parameter is of course the curvature parameter in female labor disutility, η f .
We calibrate η f = 0.84 which directly translates into the true Frisch elasticity of the 90% of
women with h = 0. From the remaining 10% of the female population with h > 0, about
9% supply zero hours and are hence excluded from the sample. The 9.2% of women in the
remaining sample who have h > 0 supply 0.18 hours on average and hence have an average
Frisch elasticity of about 1.3. Accordingly, the average Frisch elasticity in the total population
of working women is about 0.88.
As in the baseline model, we use simulated data of double-earner households for laborsupply regressions. Table 13 shows the results for women while results for men are similar
36

In this model version, also non-participation of the wife is possible when h > 0. As in the empirical
analysis, we drop households where one spouse does not work from the sample and consider only doubleearner households in the estimations.
37
While Guner, Kaygusuz, and Ventura (2012a) assign this value to all mothers but only while children are
young (ages 0-4), we consider the case that a small fraction of household does not have access to child care at
later ages of the children and, accordingly, has to bear these time costs for longer.
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Table 13: Estimation results for women, from synthetic household panel data, extended
model version with preference shocks.

expected
wage growth

(1)

(2)

(3)

(4)

0.78
(0.02)

0.97
(0.04)

0.91
(0.04)

0.87
(0.08)

-0.51
(0.09)

-0.35
(0.09)

expected wage growth
× earnings contribution (%)
expected wage growth
× predicted contribution
sample
observations

-0.26
(0.24)
all
15,000

all
15,000

sij ≥ 0.3
15,000

all
15,000

Notes: Results for women. Dependent variable is hours growth ∆ ln nijt+1 of individual i in
household j in period t + 1. Constant included but not shown. Usual earnings contribution
sij is the average percentage contribution of individual i to labor earnings of household j in
a seven-period window around the observation. Average estimates from 10,000 Monte-Carlo
draws, average standard errors in parentheses.

to those of the baseline model and are hence not shown. Column (1) shows that we have
calibrated also the extended model to yield a coefficient on expected wage growth of 0.78 in a
standard Altonji (1986) regression. Column (2) shows the results for our baseline interactionterm specification that we used for men in the main text. Here, it is important that we
calculate the average earnings contribution of wives over a seven-year span mimicking the
average length of observing a given household in our PSID sample. We find that, first, the
coefficient on the interaction term is negative reflecting that individuals with low contributions
to household earnings have a more elastic labor supply. Second, the coefficient on noninteracted expected wage growth (0.97) exceeds the true average Frisch elasticity (0.88). This
shows that our baseline interaction-term approach puts relatively much weight on the small
share of women with high Frisch elasticities.
Columns (3)-(4) address this point and provide guidance how to obtain a more representative estimate of the Frisch elasticity for the majority of the population. Instead of
conditioning directly on h, which is difficult in empirical data, we consider approaches that
can more easily be implemented in empirical applications. First, in column (3), we eliminate
women with contributions to household earnings below 30%. In this sample, our baseline
interaction-term approach yields an average Frisch elasticity of 0.91 which is closer to the
economy-wide true female Frisch elasticity of 0.88 than the estimate from the full sample.
While the sample restriction yields an improved estimate and is easy to implement empiri-
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cally, one can improve further by taking out the idiosyncratic choices of hours worked when
determining the earnings contribution. Specifically, in column (4), we consider an approach
where we use predicted earnings contributions instead of the actually observed ones but estimate from the total sample of double-earner households. In the Monte Carlo experiment,
we use the prediction from a regression of earnings contributions on household-type dummies
which capture the only source of deterministic heterogeneity in our model.38 We obtain an
estimated Frisch elasticity of 0.87 which is close to the true value of 0.88. Thus, both of our
modified approaches are robust in the presence of taste shocks and in particular our approach
using predicted earnings contributions delivers almost unbiased estimates of the Frisch elasticity. Table 4 in the main text shows the results of both specifications estimated from PSID
data.

F

Additional regression results from PSID data

F.1

Alternative definitions of primary and secondary earners

In this appendix, we consider alternative definitions of primary and secondary earners to
corroborate that standard Altonji (1986) regressions assign smaller estimates of the Frisch
elasticity to primary earners than to secondary earners. To make sure that our results are not
driven by gender differences together with the fact that most secondary earners are women,
we rely on a within-gender perspective and report results for samples of men.
Column (1) of Table 14 replicates the results for men using our baseline definition where
we defined primary earners as having the higher average wage rate over the observation period
compared to the spouse (see Table 2). Column (2) of Table 14 refers to a specification where
we compare average earnings rather than average wage rates, i.e., a husband is identified as
primary earner if his average earnings exceed those of his wife. Compared to our baseline
definition, this criterion has little within-gender variation as 90% of men in our sample have
higher average earnings than their wives while only 81% have higher average wage rates.39
Nevertheless, we obtain similar results as for our baseline definition.
In column (3) of Table 14, we define the earner status using a comparison of contemporaneous wage rates instead of average wage rates, i.e., the primary-earner dummy djt equals one
if the husband’s average wage rate in years t and t + 1 exceeds the wife’s average wage rate
in these two years (also in this estimation, we consider a sample of males only). Compared
to the baseline definition, this definition has the advantage that it does not include past or
38

In an empirical application, this can be captured by characteristics such as education and age.
Note that, in our preferred interaction-term approach, the usual contribution to household earnings is a
continuous variable and displays substantial within-gender variation.
39
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Table 14: Empirical labor-supply regressions for men, PSID data, alternative definitions of primary
and secondary earners.

(1)

(2)

(3)

average
wage rates

average
earnings

contemp.
wage rates

expected
wage growth

0.52
(0.12)

0.59
(0.14)

0.57
(0.12)

expected wage growth
× primary earner

-0.15
(0.09)

-0.21
(0.12)

-0.25
(0.09)

time effects
observations

yes
14,340

yes
14,340

yes
14,340

Notes: Results for men. Dependent variable is hours growth ∆ ln nijt+1 of individual
i in household j in period t + 1. Constant included but not shown. Individuals identified as primary earners if the mean realized wage rate in the sample wij exceeds the
mean realized wage rate of the spouse w −ij (column 1), the mean realized earnings
in the sample y i exceed the mean realized earnings of the spouse y−i (column 2),
and the mean realized wage rate in years t and t + 1, (wijt + wijt+1 )/2, exceeds the
mean realized wage rate of the spouse, (w−ijt + w−ijt+1 )/2 (column 3), respectively.
Standard errors in parentheses.

future earnings potentials. However, the disadvantage is that it is heavily affected by contemporaneous wage-rate shocks while our theoretical results relate to the usual contribution
to household earnings. Again, we obtain similar results as for our baseline definition.

F.2

Altonji (1986) estimates in different ranges of the contribution to
household earnings

In this appendix, we corroborate the negative relation between the relative contribution to
household earnings and the estimated Frisch elasticity in standard Altonji (1986) regressions.
Specifically, we run regressions where we compare several groups of workers defined through
ranges of their percentage contribution to household earnings rather than using a binary
distinction between primary and secondary earners. We include interaction terms between
expected wage growth and three dummy variables that indicate whether the individual’s
average earnings contribution exceeds thresholds of one third, one half, and 90%, respectively.
The implied estimated elasticities for the different groups of individuals can be obtained
by summing up the coefficients appropriately. Our model predicts all coefficients on these
interaction terms to be negative as implied estimated elasticities should be smaller for groups
who contribute larger shares to household earnings. Table 15 shows that this is confirmed in
the PSID data. The group of husbands contributing more than 90% to household earnings is
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Table 15: Empirical labor-supply regressions for men, PSID data, distinction by ranges
of the percentage contribution to household earnings.

(1)

(2)

(3)

(4)

expected wage growth

0.70
(0.41)

0.59
(0.14)

0.41
(0.10)

0.69
(0.41)

expected wage growth
× I(s > 1/3)

-0.30
(0.41)

expected wage growth
× I(s > 0.5)

-0.12
(0.42)
-0.21
(0.12)

expected wage growth
× I(s > 0.9)

-0.20
(0.12)
-0.27
(0.23)

-0.25
(0.23)

Notes: Dependent variable is hours growth ∆ ln nijt+1 of individual i in household j in period
t + 1. Constant included but not shown. Usual earnings contribution is the average percentage
contribution of individual i to labor earnings of household j in the sample. I is the indicator
function. Standard errors in parentheses.

particularly interesting as these men are almost single earners in their respective households.
In line with our model, we find that a standard Altonji (1986) regression yields a particularly
small point estimate (0.13) for this group.

F.3

Conditioning on asset holdings in the Domeij and Flodén (2006) sample

In this appendix, we investigate the implication of our model that differences in estimated
Frisch elasticities should become smaller when the samples are less affected by borrowing constraints. For this, we repeat the estimations including an interaction term with the primaryearner dummy but only consider households with liquid wealth above a certain threshold
which we increase step by step. While information on wealth components is not available in
most waves of the PSID, we can use the subsample constructed by Domeij and Flodén (2006)
for this purpose. Domeij and Flodén (2006) pool three subsamples of the PSID around the
years where data on household wealth is available: 1983-1985, 1988-1990, and 1993-1995.
Liquid assets are measured as the sum of checking and savings account balances, bonds,
and stocks minus other debts, such as credit card debt, medical or legal bills, or loans from
relatives. This subsample is substantially smaller than our baseline sample and, accordingly,
estimates turn out to be imprecise. Nevertheless, we use the subsample to test the hypothesis
whether the coefficient on the interaction with the primary-earner dummy decreases with an
increasing wealth cut-off.
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Table 16: Empirical labor-supply regressions for men, PSID data, distinction by earner status and
household liquid wealth.

(1)

(2)

(3)

(4)

all men

assets > 0

assets
> 0.5 · y m

assets
> ym

expected
wage growth

0.60
(0.20)

0.63
(0.23)

0.57
(0.23)

0.52
(0.24)

expected wage growth
× primary earner

-0.35
(0.19)

-0.31
(0.22)

-0.25
(0.22)

-0.19
(0.23)

time effects
observations

yes
9,780

yes
6,886

yes
6,023

yes
5,511

Notes: Dependent variable is hours growth ∆ ln nijt+1 of individual i in household j in period
t + 1. Constant included but not shown. Individuals identified as primary earners if the mean
realized wage rate in the sample wij exceeds the mean realized wage rate of the spouse w−ij .
y m is an average full-time male monthly income, y m = $2014 (1983 dollars). Assets: sum of
checking and savings account balances, bonds, and stocks minus other debts, such as credit
card debt, medical or legal bills, or loans from relatives. Standard errors in parentheses.

From Table 16, one can see that this pattern is confirmed in the PSID data. As expected,
the estimated coefficient on the interaction term, measuring the difference between estimated
elasticities between primary and secondary earners, is the smaller (in absolute terms), the
wealthier is the considered group of households. Borrowing constraints are less relevant in
wealthier households such that the implied biases shrink and estimated labor-supply elasticities for primary earners rise relative to those of secondary earners, in line with our model.

F.4

Labor-supply elasticities of individuals with high and low earnings

Some individuals move up and down the income distribution and hence switch back and
forth between the two earnings groups considered in Section 6.3. These individuals do not
necessarily change their own true Frisch elasticity but still may change the average true Frisch
elasticity in the groups. In order to limit the influence of individuals who move up and down
the earnings distribution, we consider a specification where we exclude these individuals.
While this reduces the sample size by more than 20%, we find that the results remain very
similar.
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Table 17: Empirical labor-supply regressions for men, PSID data, by earnings group, excluding
individuals moving up and down the earnings distribution.

(1)

(2)

top 25% earnings
expected
wage growth

0.17
(0.19)

expected wage growth
× earnings contribution (%)
time effects
observations

0.60
(0.47)

(3)

bottom 75% earnings
0.54
(0.14)

-0.63
(0.64)
yes
2,514

yes
2,514

(4)
0.87
(0.27)
-0.55
(0.39)

yes
8,784

yes
8,784

Notes: Estimation results for men. Dependent variable is hours growth ∆ ln nijt+1 of individual i in
household j in period t + 1. Constant included but not shown. Usual earnings contribution is the
average percentage contribution of individual i to labor earnings of household j in the sample. Earnings groups defined using the position of current labor earnings in the distribution of individual labor
earnings in the year of observation. Here, we exclude individuals who change between earnings groups
more than once. Standard errors in parentheses.
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