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1 INTRODUCTION

Women’s increased labor market participation is arguably one of the fundamental changes
observed in modern economies during the last century. Consider, for example, the U.S.
labor market data in Figure 1: in the 1960s, the employment rate for females was less
than half of the employment rate for males. But the female-to-male employment ratio
increased steadily throughout the mid-1980s, before converging to around 85 percent in
recent decades. Gender differences in wages display a similar picture. Although women’s
hourly wages stayed relatively flat at 60 percent of men’s wages until the mid 1970s (de-
spite a substantial employment catch-up during that period), they have since outgrown
male wages at about the same pace as the additional growth in female employment, re-
sulting in a major wage convergence between the genders. In total, more than 60 percent
of the female-to-male employment gap, and about half of the female-to-male wage gap,
have disappeared in the last 5-6 decades. It is hardly a coincidence that Goldin (2006)
refers to a “quiet revolution” when describing these trends.

The goal of our paper is twofold: first, we want to quantify the consequences of
gender-specific labor market trends for the U.S. macroeconomy. In particular, we esti-
mate the spillover effects on economic growth in terms of U.S. GDP, employment, and
productivity. An important part of our motivation is the concern that talent may be signifi-
cantly misallocated when only a minority of women participate in paid work, as advocated
by Hsieh, Hurst, Jones, and Klenow (2019). Second, we aim to shed light on the structural
drivers behind the gender convergence in employment and wages. At first glance, the ob-
servation that these two trends co-move may suggest that labor demand factors have been
dominant, as stressed by Aguiar and Hurst (2007) and Fukui, Nakamura, and Steinsson
(2023). However, the aggregate time series shown in Figure 1 are silent about any real-
location across different skill segments of the labor force, as well as reallocation across
sectors. Our aim is to appropriately disentangle labor demand and labor supply factors
once we control for the fact that the large increase in employment of female workers was
concentrated in the market for high-skilled workers and in the service sector.

To identify the structural trends of interest in this paper, we develop a neoclassical
model involving gender-specific labor which builds on Albanesi (2024) and Fukui et al.
(2023).! The theoretical framework allows us to derive mutually exclusive identification
restrictions on three gender-neutral macro trends and two gender-specific labor market
trends. In turn, we impose these restrictions on a Structural Vector Autoregressive (SVAR)
model fitted to relevant macro data, as well as to data on differences between females and
males in wages and employment. The resulting econometric framework allows us to
infer structural gender trends empirically, and to quantify their importance for the U.S.
macroeconomy.

As our key focus is on slow-moving, structural drivers that persist way beyond com-
mon business cycle horizons, we use a SVAR model with common trends, as in Del Negro,
Giannone, Giannoni, and Tambalotti (2017) and Crump, Eusepi, Giannoni, and Sahin
(2019).2 The model can be seen as a multivariate, unobserved components model, in

! Albanesi (2024) estimates a real business cycle model with gender-specific labor to account for jobless
recoveries. Fukui et al. (2023) extend the model with home production and open economy features, show-
ing that women’s rising participation did not crowd out males’ participation, thus, being an expansionary
factor for the macroeconomy.

ZMore recent extensions of the same model to explain inflation dynamics include Ascari and Fosso (2024),
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Figure 1: Gender differences in employment and wages
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Notes: The employment (wage) gap is defined as the female-to-male ratio in employment (wage) rates.
Sources: The Current Population Survey, the United Census Bureau, the Bureau of Labor Statistics, and
authors’ calculations.

which the variables enter in levels, and transitory and permanent components in data are
disentangled from each other. We seek to quantify the latter. As an example, let us
consider GDP. Our model decomposes observed GDP dynamics into a cyclical and a per-
manent component. In turn, the permanent component—understood as the empirical or
reduced-form GDP trend—is a function of underlying, structural drivers such as produc-
tivity and demographics (both of which can be gender-neutral or gender-specific). How-
ever, the mapping from these structural drivers to the empirical trend in GDP is unknown
ex-ante. It is exactly this identification problem that we address with restrictions from eco-
nomic theory. In particular, the theoretical framework presented here implies a log-linear
mapping between trend GDP and (gender-neutral) technology shocks, (gender-neutral)
automation shocks, (gender-neutral) labor supply shocks, as well as gender-specific labor
demand and labor supply shocks. We disentangle these five structural forces based on
their long-run impact on economic variables. This represents a key distinction from pre-
vious studies estimating VARs with stochastic trends. Del Negro et al. (2017) and Crump
et al. (2019), for example, estimate selected common trends in data, but remain silent
about the underlying structural sources. Our framework, instead, allows us to estimate
the mapping from structural to empirical trends, and to instruct a Bayesian algorithm we
deploy with prior information derived from theory.

We estimate a baseline model where standard macro data for the U.S. economy are
linked to data on aggregate gender differences in wages and employment. The idea is to
infer the structural drivers of trends in wage and employment differences between females
and males, and to quantify their importance for the U.S. macroeconomy. Second, follow-
ing Dolado, Motyovszki, and Pappa (2021) we use information on individuals’ education
and sector of employment contained in the Current Population Survey (CPS), and estimate

Bianchi, Nicolo, and Song (2023), Hasenzagl, Pellegrino, Reichlin, and Ricco (2022) and Maffei-Faccioli
(2024).



extensions of the baseline model with data on gender differences in skills and sectors of
employment. The results from these more granular extensions are then compared with
those from the baseline. The idea is to separate “within-skill” and “within-sector” fixed
effects from “within-gender” fixed effects. Thus, we can disentangle fundamental gender
trends from trends in skills and sectoral composition, and gauge compositional effects
that may bias our baseline results.

Our main empirical results are as follows: first, the gender-specific labor market trends
in our data, which by construction capture the observed convergence between females
and males, are also essential for macroeconomic growth in the postwar U.S. economy.
During the 70s, 80s and 90s for example, they account for 30-50% of the overall trend
increase in GDP, and for 20-40% of the overall trend increase in productivity. Moreover,
they are responsible for a sizable share of the slowdown in trend GDP growth during the
last 20 years. In total, gender-specific factors explain almost one-third of GDP growth
in the postwar U.S. economy, and they prevented an overall employment decline during
this period. Importantly, these results are obtained when we control for aggregate macro
trends such as the evolution of total factor productivity.

Second, structural factors that originate on the demand side of the labor market explain
most of the long-term gender convergence in employment and wages, as well as the net
spillover from gender-specific labor trends to the macroeconomy. From an econometric
point of view, our empirical model suggests that the female-to-male employment ratio
tends to increase permanently in periods when there is a permanent rise in the wages
of females relative to the wages of males. This is consistent with a story about female-
specific productivity growth, which shifts labor demand towards females. Supply-side
explanations, by contrast, should have implied stagnant wage growth of females in periods
with strong female employment growth. This is not what we typically see in our aggregate
data.

Third, while the net spillover from labor supply factors to the macroeconomy is lim-
ited, we document an important role for skill-biased trends in females’ labor supply: when
gender gap data by skill segments are considered, a supply-driven expansion of female la-
bor in high-skill jobs clearly emerges, and at the same time a contraction in the supply of
female labor in low-skill jobs. In sum, these two forces have led to substantial reallocation
of females from low-skill to high-skill jobs. Moreover, the compositional effects associ-
ated with these supply-driven labor flows across skill segments have likely contributed to
the overall convergence in female and male wages. At the same time, they have largely
counteracted each other in aggregate data on pay and employment gaps between the gen-
ders. This is partly why the net spillover effect from gender-specific labor supply factors
to the macroeconomy are so limited in our baseline estimation. But trends in females’
labor supply are still important for the macroeconomy.

Our paper speaks to a large literature studying the gender revolution. A useful distinc-
tion for our purposes is between papers discussing labor demand factors and labor supply
factors. Among the former, Galor and Weil (1996) emphasize technological factors that
favored the demand for women in combination with an increase in the returns to intellec-
tual skills (Beaudry and Lewis (2014), Rendall (2024)) and the rise of the service sector
(Ngai and Petrongolo (2017), Buera, Kaboski, and Zhao (2019)), while Jones, Manuelli,
and McGrattan (2015) and Hsieh et al. (2019) point to a reduction in gender discrimi-
nation and a reduction in barriers to schooling as important drivers of the convergence



in wages. Among the latter, Albanesi and Olivetti (2016) and Goldin and Katz (2002)
document the importance of advances in maternal health and contraception, Fernandez,
Fogli, and Olivetti (2004) emphasize cultural factors developed during World War II, At-
tanasio, Low, and Sanchez-Marcos (2008) point to the crucial role of availability and
affordability of child care, while Greenwood, Seshadri, and Yorukoglu (2005) propose a
model in which the emergence of home appliances favors females’ market production at
the expense of home production. We contribute to this literature by proposing a horse race
between labor supply and labor demand factors in the context of a macroeconomic time-
series model. While less detailed in terms of the underlying transmission mechanisms,
our analysis provides a clear link between gender trends and macroeconomic outcomes.

Within the large literature studying the gender convergence, our paper is closely re-
lated to two seminal papers quantifying the role of gender for macroeconomic dynamics
in calibrated quantitative set-ups. Both Hsieh et al. (2019) and Heathcote, Storesletten,
and Violante (2017) propose a decomposition of US macroeconomic growth in structural
models with gender and find a major role for gender forces. Our results are in the same
ballpark as theirs, but obtained using a simple time series model which is substantially
less parameterized and estimated (rather than calibrated) on US quarterly data.

The use of theory as a prior for empirical analysis relates our work to the well-known
DSGE-VAR methodology proposed by Del Negro and Schorfheide (2004). As in their
case, we are concerned about the potential misspecification induced by the tight cross-
equation restrictions featured by the theoretical model. Therefore, we use the model only
as a prior to inform the VAR with common trends. Differently from Del Negro and
Schorfheide (2004), we focus our attention on the variables’ permanent components and
not on the cycle.

The rest of the paper is organized as follows: section 2 introduces the empirical trend-
cycle model that we fit to U.S. labor market data (aggregate and gender-specific). Sec-
tion 3 describes the theoretical framework that disciplines our empirical assessment of
trends, while section 4 derives the exact, theory-robust identification restrictions. Sec-
tion 5 documents the paper’s main empirical results. Section 6 takes stock and discusses
some policy implications. Section 7 relates the gender convergence in wages and employ-
ment to trends in the skills and the rise of services, while section 8 considers structural
changes specific to male labor. Additional robustness exercises and extensions are pre-
sented in appendix D. Section 9 concludes.

2 A TIME SERIES MODEL WITH COMMON TRENDS

The model that we estimate is a multivariate time series model with unobserved compo-
nents, see Watson (1986), Stock and Watson (1988, 2007), and Villani (2009). It decom-
poses a vector of observable data into two unobservable, stochastic components: the first
component is characterized by cyclical but transitory fluctuations. The second compo-
nent captures permanent changes, or trends, in data. One distinctive contribution of our
paper is to map these trends into a vector of underlying, structural drivers. Importantly,
the structural drivers may give rise to common trends in data, even if the structural drivers
themselves are orthogonal to each other. To fix ideas, consider an n x 1 vector of data Y5,



which is the sum of two unobserved states:
Y, =Y + Y, o))

Y, and Y, represent the cycles and trends in our data, respectively. As such, equation (1)
is a purely statistical (reduced-form) decomposition of the data. The focus of our paper
will be on the empirical trends in Y, and, more precisely, on the underlying causal drivers
behind Y;. We suppose that Y; can be decomposed into ¢ < n structural trends, collected
in the ¢ X 1 vector X;:

Y, = VX, (2

Here, V is a n X ¢ matrix that maps the reduced-form trends into structural, economic fac-
tors. Similarly to Del Negro et al. (2017) and Crump et al. (2019), we treat the structural
trends as separate random walk processes, potentially with a drift:

Xt =c+ Xt—l + Uy, Ug ~ N(Oq, Zu) (3)

Throughout we assume that the covariance matrix >, is diagonal. This is standard given
that u,; is a vector of structural trend shocks. Nevertheless, the presence of non-zero,
off-diagonal elements in the matrix )V still implies common, stochastic trends across the
individual components of Y;. A vital part of our analysis will be to identify V, given that
we are interested in the causal drivers of trends in data. Moreover, since our focus is
on trends rather than on business cycle fluctuations, only a minimal set of restrictions is
imposed on Y. In particular, we model Y, as a vector autoregressive (VAR) process in
reduced-form: X

@(L)Y; = €4, €y ~~ N(OTH Ee) 4)

(L) =1 —PL — ... — ®,LP is an n x n matrix of lag coefficients. X, is freely
estimated without any restrictions on the off-diagonal elements. However, following the
literature we assume that permanent and transitory shocks are mutually uncorrelated, i.e.
that cov(uy, ;) = 0. Thus, trends do not affect the cycle by construction.?

Equations (1)-(4) constitute the model that we confront with data. It is the combina-
tion of relevant (aggregate and gender-specific) labor market data, together with a proper
identification of V, that allows us to infer gender-specific trends and quantify their im-
portance for the U.S. macroeconomy. A main methodological contribution of this paper
is to derive identification restrictions on V from economic theory, and then to use these
restrictions to estimate the elements in V. This is a key difference from previous studies,
which instead have calibrated V. A second novel aspect is that the vector X, is composed
by unobservable variables. In previous studies, the permanent component of variables
are related to observable variables: as an example, Del Negro et al. (2017) assume that
inflation and long-run inflation expectations share the same permanent component. In
that case, data on inflation expectations are used to obtain a better estimate of trend infla-
tion. In our case, we are not interested in obtaining a refined estimate of the permanent
components but rather to identify their unobservable structural drivers.

3If anything, a violation of this assumption may bias estimates in the cyclical block given by (4). However,
we view the assumption as rather innocuous, given that our sole interest is in secular trends and not in
cyclical fluctuations.



3 A STYLIZED MODEL WITH GENDER-SPECIFIC LABOR

In this section, we present a neoclassical model that allows us to derive theory-based
identification assumptions and prior distributions for elements in the matrix V. The theo-
retical model builds on the previous key contributions by Fukui et al. (2023) and Albanesi
(2024). The model economy is populated by a unit mass of identical firms, and a unit
mass of identical households who own equal shares in the firms. Importantly, the rep-
resentative household consists of two different worker types. Here we refer to these two
types as females and males. However, the setup is meant to be flexible and one could in-
stead have made a distinction, for example, between high- and low-skill workers or other
characteristics that offer a meaningful separation of labor types within the household.

A representative firm chooses labor inputs and capital investments in order to maxi-
mize a properly discounted sum of expected lifetime profits, E; Y o, BS*t%HS. For each
period ¢ we denote the rational expectations operator (conditional on the information cur-
rently available) by E,. 51@&—; captures households’ discounting of the future where [ is
the time discount rate and A, represents the shadow value of income. The firm’s period
profit is equal to

I, =Y, = WeeLpy — Win gLy — Pridy, &)

where Y; represents output, W, (W, ;) represents the real wage rate specific to female
(male) labor, and Ly, (L,,,) is the quantity of female (male) labor used in production.
I; represents the firm’s gross investments in physical capital. The relative price of in-
vestments is given by P; ;. The firm’s maximization problem is subject to the production
function

)/; - AtL?t Ktl__lat7 (6)

where K, ; stands for physical capital currently in place, and L, is an aggregation of male
and female labor:

a1 1-17 551
Lo = [0 (AmeLin) ™ + (1= a0) (AgaLy) 7 | @

Ay, Ay, and Ag, are aggregate and gender-specific productivity shocks, respectively,
while v > 1 governs the degree of substitution between genders when firms produce. Im-
portantly, a rise in Ay, may, for example, represent less discrimination of females at the
workplace (Hsieh et al. (2019) and Jones et al. (2015)), or an expansion of women’s rights
(Doepke and Tertilt (2009)). A specification where discrimination is modeled as a tax on
female labor is, as pointed out by Fukui et al. (2023), isomorphic to our female-specific
productivity shocks. However, a rise in Ay, may also capture technological innovations
that increase the returns to intellectual skills in which females have a comparative ad-
vantage, or a secular increase in the service sector where females are disproportionately
employed. The scope for such compositional effects is investigated in section 7.

We allow for a time-varying weight o, on aggregate labor. One possible interpretation
of a decline in a4 is that it follows from labor-displacing automation, see Acemoglu and
Restrepo (2020) and Bergholt, Furlanetto, and Maffei-Faccioli (2022). But it may also
follow from outsourcing or offshoring, or any other labor-saving, technical change.



Finally, physical capital dynamics are given by
Kt - (1 - 5) Kt—l + ]t' (8)

The representative firm’s first order conditions with respect to investments, capital, and
male and female labor, are summarized below:

Pr, =9, )
A Y,
Q; = PE; e (1 — i) g Qi1 (1—9) (10)
At Kt
Y, (L \7 =t
Wt = atalfi ( Lﬂ;) A, (11)
1
Yi ( Ly \7 =
W = 1— — | — A 12
fit Oét( Oél) L, (Lﬁ) f.t (12)

The first optimality condition states that firms invest until the price of investment is equal
to Q,, the shadow value of one more unit of installed capital in the next period. The
second optimality condition defines the shadow value of capital: it is the properly dis-
counted sum of next period’s marginal product of capital and the continuation value net
of depreciation. The two last optimality conditions pin down optimal firm demand for
male and female labor, respectively. Everything else equal, gender-specific labor demand
is increasing in aggregate activity, decreasing in the gender-specific wage rate, and, since
v > 1, increasing in gender-specific productivity.

The representative household is populated by an equal number of male and female
workers. In each period it chooses a plan for consumption and labor supply in order to
maximize expected lifetime welfare E, > >~ 5*~“U,, where

1-0o 1 - El'ﬂp
U= e (—xp;l&) (13)

1—0o 1+¢

represents the period utility function. Aggregate labor dis-utility L, is increasing in male

and female labor:
14 127 Thx
Lmt) X (Lft> A
Zmt 4 ( =24 (14)
(\Dm,t \Df,t

V,,. and ¥, are gender-specific labor supply shocks, A > 0 governs the household’s
willingness to substitute female with male labor. Importantly, a rise in W, captures
supply-side factors that effectively increase females’ attachment to the labor market, such
as advances in maternal health, contraception products, the emergence of home appli-
ances, availability and the cost of child care, or cultural trends.

The representative household’s first order conditions with respect to consumption,
bond savings, as well as supply of male and female labor respectively, are summarized
below:

f/t:

—0 - (1 — U) Z‘/1+80
At = Ct exXp (—\Ift 1T§0t (15)
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A= PEAN 4 (1+ Tt) (16)
14+

Wie = U7 \CLE LD 00 17)
1+

Wyo = U7 LT L0, (18)

The first optimality condition equates the shadow value of income with the marginal util-
ity of consumption. The second optimality condition states the optimal, intertemporal
consumption plan. The two last optimality conditions illustrate that, everything else equal,
the optimal supply of gender-specific labor is increasing in the gender-specific wage rate,
decreasing in aggregate consumption, and increasing in the aggregate and gender-specific
labor supply shocks.

The optimality conditions above allow for a quite rich interaction between males’
and females’ labor supply. Consider, for example, an increase in female labor, which in
turn raises the household’s labor dis-utility L,. Empirically, it is not clear how the male
worker would respond. On one side, he may want to compensate for the household’s
overall decline in leisure by taking out more vacation himself. However, how he values
leisure depends on what his spouse does. For sufficient amounts of complementarity
within the household, he may benefit less from vacation if his spouse is busy working.
In that case, his own labor supply increases when the spouse works more. Thus, ex ante
we want to be agnostic about the net effect. In our model, when the female works more,
ceteris paribus this implies a reduction (increase) in the male’s labor supply if and only if
© > A1 (< A7), Importantly, A governs the household’s willingness to substitute work
across genders. A sufficiently low value of A implies complementarity of gender-specific
labor dis-utility to such an extent that more time spent working for the female causes an
overall decline in the joy of leisure for the male. We want to let the data tell us whether
this is indeed the case.

In order to characterize gender differences in the labor market, we find it instructive

w
to focus on the female wage gap wg; = Wi ’;, as well as the female employment gap
Ly = % This notation allows us to combine the firm’s optimality conditions with

respect to male and female labor in order to express relative labor demand, which is
downward sloping in the (wy,, [;;)-space:

-\ _
zf,t:( ’) wija),! (19)

ay

The slope coefficient —~ determines how responsive demand is to relative wage changes.
It follows naturally that shifts in /¢, not associated with changes in w;, are driven by the

“ratio shock™ ay; = j , which we interpret as a relative demand shifter. In a similar
way, we can combine the household’s optimality conditions with respect to male and
female labor in order to express relative labor supply, which is sloping upwards in the
(w4, Ly4)-space. The slope coefficient A determines how responsive supply is to relative

wage changes:
L = wftwﬂ (20)

We interpret the “ratio shock™ vy,
up all the variation in relative labor supply not associated with movements in the wage

9



gap. From now on we assume that shifts in ay; and ¢;, can be attributed to female-
specific productivity and labor supply, implicitly keeping male-specific productivity and
labor supply constant. However, this assumption is largely inconsequential, as shown in
section 8 where we identify shocks for each gender directly.

Combining the two previous equations, one arrives at the following analytical solu-
tions for the wage and employment gaps between females and males:

N
1 — o FEX =1 14N

wf,t = ( ” ) a}?%ﬁf“ (21)
1 25 (enr
_al Y+ Y- o

= (F5) e @)

Importantly, the female-specific demand shock a, implies co-movement between wage
and employment gaps across genders, while the female-specific supply shock v;, implies
negative co-movement. Moreover, while macroeconomic shocks may drive the absolute
level of female wages and employment, only the two “ratio shocks” a; and ¢ ¢, can affect
wyy and Iy, i.e. the relative wage and employment levels of female workers. “Macro
shocks” such as A, and U, play no role here.* A corollary statement is that gender-specific
labor market variables and their aggregate counterparts display proportional responses to
macroeconomic shocks (e.g. Ly o< L;). Importantly, these model implications form a
key part of our identification scheme in the empirical section, allowing us to disentangle
the different structural drivers of wy; and [;, in data.

Finally, we also note that the model presented here nests as a special case the cali-
bration in Fukui et al. (2023) who implicitly assume v = oo in their baseline model, i.e.
perfect gender substitutability within the firm. By construction this causes the wage gap
to be driven solely by gender-specific demand shocks, as can be seen from the analytical
solution for wy, given above. On the household side, Fukui et al. (2023) set A = % This
knife-edge parameterization effectively makes the marginal dis-utility of female and male
labor independent of how much the spouse is working, as emphasized earlier. While our
estimation procedure allows for these special cases, a potentially important contribution
of our paper is to quantify the degree of gender complementarity—both on the firm and
household side—in the labor market. This completes our description of the theoretical
framework.

4  FROM THEORY TO TREND IDENTIFICATION IN DATA

Next, we explain how the neoclassical theory just described is used in practice to disci-
pline our empirical analysis, allowing us to identify the underlying, structural trends in
data.

“This is true not only in the long run but also within the business cycle. The irrelevance of aggregate macro
shocks for gender gaps is a consequence of the constancy of gender substitution elasticities v and A, and
remains even if we were to introduce business cycle frictions such as nominal price rigidities.

10



4.1 MONTE CARLO SIMULATIONS

The main purpose of the theoretical model is to infer a set of theory-consistent restrictions
on V. These restrictions should be (i) informative enough so that they ensure the identi-
fication of all estimated elements in )/, and (ii) sufficiently agnostic so that our analysis
remains robust to reasonable parametric perturbations of the underlying theory.

To this end, we conduct the following simulation exercise: first, we draw a parameter
vector 6 = [0, 0,7, A, ]’ which includes all parameters of interest in the theoretical
model, including state variables such as initial wage and employment gaps. In order
to be as agnostic as possible, we draw each parameter independently from a uniform
distribution specified further below. Second, conditional on #, we solve the theoretical
model and compute the impulse responses of macro and gender variables to each of the
structural trend shocks. For our purpose, the main interest lies in the long end of the
impulse responses, i.e. the long-run effects of various trend shocks. For that reason, we
compute the perfect foresight solution of the model. We repeat the exercise 1, 000 times
and save all impulse responses. This Monte Carlo exercise leaves us, at each time horizon
and conditional on each shock, with an entire distribution of structural outcomes for the
endogenous variables of interest. The distribution visualizes variation in outcomes due to
parameter uncertainty.

Regarding the uniform distributions for the structural parameters, we impose bounds
that are wide enough so that they span the set of values proposed in existing literature.
In particular, for the three “macro” parameters o, ¢ and « we choose o ~ U(1,5), ¢
~ U(0,4) and o ~ U(0.5,0.7) respectively. Note that common values for the aggregate
Frisch elasticity ¢!, both from microeconomic and macroeconomic literature, are well
within the bounds used here. Moreover, the bounds on « allow the model to cover a wide
range of labor income shares, including all those observed in the postwar US economy.
For the two parameters of key interest, namely those that reflect firms’ and households’
ability to substitute between female and male labor, we choose the following uniform
distributions: v ~ U(1,11) and A ~ U(0, 1). These distributions are centered around the
values used by Albanesi (2024), but with wide bounds that allow us to consider an array
of different scenarios. When solving the model, the initial wage and employment gaps
may matter for the long-run outcomes of structural shocks. Therefore, we choose to draw
initial wage and employment gaps from wyo ~ U(0.56,0.85) and /o ~ U(0.44,0.85)
respectively. These bounds are chosen so that they cover both the highest and the lowest
wage and employment gaps observed in the postwar U.S. economy (see Figure 1).

Impulse responses from the simulation exercise are presented in Figure 2. We restrict
attention to the five variables needed to separately identify our five structural trends. The
first three rows document the responses to changes in gender-neutral macro trends, while
the last two rows display responses to innovations in the two gender trends. Since the
goal is to infer the permanent effects of structural change, we focus on the long end of the
impulse responses. We start by commenting on the responses to permanent macro shocks.
A few remarks are in place: first, consistent with the analytical solutions in equations
(21)-(22), aggregate shocks have no effects whatsoever on the wage and employment
gaps between females and males, and this is true at all horizons. Second, conditional on
a permanent rise in aggregate productivity, GDP and aggregate wages rise one-for-one
with the productivity increase in the long run, while aggregate, long-run employment is
unaffected. Third, in response to a permanent rise in aggregate labor supply, we obtain
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Figure 2: Simulated impulse responses from the theoretical model
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Notes: Impulse response functions from simulations of the theoretical model. Pointwise median, 90%
and 68% bands based on 1, 000 independent draws from the parameter distributions. The y-axes measure
responses in percent, the x-axes represent time in quarters.

long-run increases in GDP and aggregate employment of equal magnitude, but no long-
run effects on aggregate wages. Fourth, a permanent rise in automation generates a long-
run increase in GDP, a long-run decline in aggregate employment, but has zero long-run
effects on aggregate wages. These dynamics are perfectly conventional and hold also in
the standard neo-classical growth model without gender (Bergholt et al. (2022)).

Finally, the two gender-specific trend shocks in Figure 2 are normalized so that they
each cause a unit change in the long-run wage gap between females and males. Condi-
tional on a permanent rise in female-specific productivity, both wages and employment of
females rise relative to that of males. Since this shock increases average labor productivity
in the economy, all three macro variables rise as well in the long run. A permanent fall in
females’ labor dis-utility, in contrast, causes female wages to decline relative to the wage
of males, while the female-to-male employment ratio permanently increases. Moreover,
GDP and employment both rise in the long run while the aggregate wage rate falls.
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4.2 REVISITING THE MAPPING TO EMPIRICAL TRENDS

We are now in a position to specify a baseline, theory-consistent mapping ) from the
structural trends X; to trends in data Y;:

G@Pt 11 1 V14 V15 At

Wt 10 Vaa Vs v,

Ly =0 1 w33 w34 u3s o (23)
Wy 00 0 1 =1 |as

Ly 00 0 A v ¥

g ~ N~ JW_/

Y, Vv Xy

The first column of )V imposes restrictions on the stochastic technology trend. We normal-
ize it to have a unit effect on GDP and wages, and zero long-run effects on the remaining
variables. The second column of V' governs spillover from the aggregate labor supply
trend, which is normalized to cause a unit increase in GDP and employment, while the
third column in V imposes that automation permanently increases GDP and lowers em-
ployment. The latter restriction implies that 133 < 0. Consistent with Figure 2 we impose
zero-restrictions on the remaining elements in ) for both labor supply and automation.
Note that most zero-restrictions are attributed to the assumption that macro shocks do
not permanently affect gender gaps in wages and employment. This assumption, which
greatly facilitates identification of V, effectively rules out compositional effects of gender-
neutral macro shocks. However, we inspect the possibility of compositional effects in
section 7.

The fourth and fifth columns in V' govern the long-run implications of permanent
changes in female-specific labor productivity and labor supply, respectively. We nor-
malize both of these trends so that they have a unitary effect on the wage gap betwee?

ity

females and males. That is, rather than estimating a;, and ¢, we identify a;; = a;;"

- EDY
and ¢y, = ¢;;*. This is particularly convenient, as can be seen from the normalized,

log-linear versions of (21)-(22):

Wpy = Cuyg + g — U (24)
Zf,t =Cp+ )\&f,t + i) fit (25)

A hat means that the variable is expressed in logarithms, with c,, y and ¢; y being reduced-
form constants. Importantly, the gender substitution elasticities A and -, two structural
parameters of particular interest, enter directly as coefficients in (25). This means that
A = v54 and 7 = vs55 can be read directly from the estimated matrix V.

The restrictions imposed on each column in V' are mutually exclusive, which is what
we need to separately identify the five stochastic trends of interest. The aggregate tech-
nology trend, for example, is the only aggregate macro trend that makes the real wage
co-move with GDP in the long-run and, consistent with the balanced growth path as-
sumption, is the only one that has zero long-run effect on employment. Aggregate labor
supply and automation can be disentangled in data because the former implies long-term
co-movement GDP and employment, while the latter crowds out labor. Finally, female-
specific labor demand and labor supply are separable from aggregate macro trends be-
cause they are the only drivers of long-run wage and employment gaps between females
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Table 1: Prior distributions and posterior estimates

Prior Posterior
Density Support Mean Mode  90% HPD
via  ay — GDP Uniform 0, 1] 091 098 (0.74,0.99)
vos  ay — W Uniform [0, 1] 0.60 0.67 (0.33,0.81)
vsy ay— L Uniform [—0.5,0.5] 0.30 036  (0.09,0.46)
vis by — GDP Uniform [0, 2] 042 0.10 (0.02,1.04)
ves = W Uniform [—2,0] -0.15 -0.02 (-0.48, -0.00)
vss oy — L Uniform [0, 3] 0.54 029 (0.04,1.23)
—v33 a— L 1(0.3,0.15)  (0,00) 039 040 (0.21, 0.60)
A oap =y ['(1,0.5) (0, 00) 1.53  1.63  (0.95,2.18)
v =y ['(3,1.5) (0, 00) 326 3.17 (2.44,4.20)

Notes: The posterior moments are generated from the last 10,000 of 50,000 draws generated from the

RW Metropolis-Hastings algorithm. I'(1, o2) refers to the Gamma distribution with mean g and variance

o2

and males. Moreover, they are uniquely identified because they imply opposite signs on
the co-movement between gender gaps in wages and employment.’

Lastly, the responses shown in Figure 2 allow us to impose additional discipline on
gender-specific trends. For example, given that the aggregate effects of female-specific
labor productivity are qualitatively similar in nature to a conventional technology shock,
we can use this information to construct theory-consistent priors for vy, o4 and vsy.
Similarly, Figure 2 provides information about theory-consistent regions for v,5, v»5 and
V35, based on permanent shocks to female-specific labor supply. These priors further
sharpen the identification of the empirical time series model that we take to data.

4.3 PRIORS

The last step is to specify prior shapes for the estimated parameters. Table 1 summarizes
our choice of priors. We aim for an agnostic approach and use uniform priors for all elas-
ticities governing the feedback from gender trends to the aggregate macroeconomy. The
support of each uniform prior largely reflects the uncertainty bands computed during the
Monte Carlo exercise, as shown in Figure 2. That is, consistent with theory, the female-
specific productivity shock behaves qualitatively (to a large extent also quantitatively) as
a technology shock in the aggregate given our priors, while the female-specific labor sup-
ply shock behaves as a gender-neutral labor supply shock for aggregate variables. The
prior for the aggregate employment response to automation has a Gamma distribution,
reflecting that automation (a decline in o) crowds out employment. Note that we impose
the prior on —vs33, since the Gamma distribution has positive support.

>Note that the zero restrictions on employment in response to a technology shock and on aggregate wages
in response to automation and labor supply shocks are not crucial for identification. In Appendix D.2, we
show that results change only marginally if we relax these assumptions. In addition, a more conservative
set of priors tilted against macro effects of gender shocks is evaluated in Appendix D.1.
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Figure 3: Estimated empirical trend of real GDP and aggregate employment
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(blue shaded areas). The grey areas represent NBER recessions.

The final two parameters that we estimate are v and A\. The gender-specific labor
demand elasticity v has been quantified in a few existing studies. Weinberg (2000), for
example, finds that  is around 2.4 in the US, while Acemoglu, Autor, and Lyle (2004) re-
port a slightly higher value of 3. Albanesi (2024) and Fukui et al. (2023) have considered
a value of 5. Thus, we choose a Gamma-prior for v centered around 3 with most of the
probability mass located between 1 and 5. The evidence on A, which captures comple-
mentarity between males’ and females’ leisure time, is more scant. Ngai and Petrongolo
(2017) use a value of 0.19 based on micro-evidence from Goux, Maurin, and Petrongolo
(2014).° Thus, we choose a Gamma prior for A\ with about 60% of the probability mass
below one, and where the estimate from Goux et al. (2014) is covered by the 90% credible
prior bands (even though much higher values are allowed as well during estimation). A
defining feature of our priors is that firms can switch between female and male labor more
easily than households (A < «y) at the prior mode, a feature that seems highly reasonable.

5 EMPIRICAL RESULTS

In this section, we present the main empirical results based on the estimated time series
model described in section 2. Given the theoretical restrictions derived in section 3 and
section 4, the vector of observable variables Y; includes: (1) real GDP, (i1) real aggregate
wages, (ii1) the aggregate employment-to-population ratio, (iv) the ratio of female-to-male
wages, and finally (v) the ratio of female-to-male employment. All variables enter the
system in log-levels. The model is estimated over the sample period 1960:Q1-2019:Q4,
and we choose p = 4 lags in the system given that data are observed at a quarterly
frequency. We use Bayesian methods to estimate the model. In particular, a Gibbs sampler
is designed to generate 50, 000 draws, where the first 80% of the draws are discarded as
a burn-in sample and the last 20% serve to generate posterior moments. The algorithm
includes a Metropolis-Hastings step that draws from the posterior of the elasticities in V.
Details on the estimation steps, data sources and construction are laid out in Appendixes

%Goux et al. (2014) exploit a workweek reduction policy in France to obtain an estimate that reflects pure
cross-hour effects across partners and not income effects.
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Figure 4: Posterior distributions of coefficients A\ and ~.
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5.1 PERMANENT AND TRANSITORY COMPONENTS

The first set of results is related to the decomposition of observable data into variable-
specific, permanent and transitory components. Figure 3 reports the estimated permanent
components of aggregate output and employment. Our model-implied trend estimates
seem to be largely consistent with popular narratives for trends in US macro data: The
GDP trend, for example, has displayed lower average growth in the last 20 years of data,
and it leveled off completely during (and just after) the 2008 financial crisis. Moreover,
the model assigns a large share of the observed employment decline in the last 15 years
to permanent factors. It essentially concludes that the employment rate was back to its
own trend by the end of our sample, despite being 3-4 percentage points lower than before
the financial crisis. Interestingly, our model-implied estimate of the output gap—defined
as the difference between observed GDP and the inferred permanent counterpart (see
Figure C.2 in the appendix)—exhibits a correlation coefficient of 0.88 with the output
gap reported by the Congressional Budget Office (CBO). The latter constitutes a classic
benchmark in the literature. Such a high correlation is neither obvious nor targeted, as our
SVAR is not informed by data on the CBO estimates. We conclude that our model offers
a reasonable description of trends and cycles in GDP in the postwar US economy, and
that it can be used as a laboratory to investigate the structural drivers of trends in data.

5.2 ESTIMATED TREND ELASTICITIES IN V

Posteriors for the nine estimated parameters in V' are summarized in Table 1, while Figure
4 plots the full posterior distributions of A and ~y. Despite using a prior with substantial
mass below 1, we obtain a posterior density for A that is centered around 1.5. This implies
that a 1 percent increase in the wage of females relative to that of males, when caused

7All our data are published by the Bureau of Economic Analysis and the Bureau of Labor Statistics, and
can be downloaded from the FRED website. In the baseline specification, data on employment and wages
include both single and married individuals. In Appendix D.3, we restrict our attention to married couples
only. Olsson (2024) and Albanesi and Prados (2022) model explicitly the heterogeneity in marital status.
8 An equivalent decomposition is provided in Appendix C for the remaining variables (see Figure C.2).
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Figure 5: A structural decomposition of the empirical trends
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Notes: The colored bars display the point-wise median evolution of the empirical trends attributable to
each structural trend.

by permanent productivity improvements among females, is associated with a 1.5 percent
increase in the employment rate of females relative to that of males. Moreover, most of the
posterior probability mass for A is located between 1 and 2. The posterior mean value for
7, in contrast, is 3.3. Thus, a permanent rise in females’ labor supply, scaled to reduce the
relative wage of females by 1 percent, increases the employment rate of females relative
to males by more than 3 percent at the posterior mean. This number is close to, but
somewhat higher than those obtained by Acemoglu et al. (2004) and Weinberg (2000)
(they report values of 3 and 2.5, respectively). However, the posterior distribution for v
in Figure 4 covers well both of these estimates.

When it comes to the remaining coefficients in Table 1, the posterior distributions
for 114, 194 and 154 are shifted further away from zero compared with the priors. These
elasticities govern the sensitivity of aggregate output, wages and employment to a given
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change in females’ productivity. The shift is particularly pronounced for output, where
most of the posterior mass is located close to the upper bound of the uniform prior. The
estimated feedback elasticities for female-specific labor supply, 15, V55 and v35, reveal
a different pattern. Here, they all move from the prior towards zero in absolute values,
reflecting that a given change in females’ labor supply has smaller effects on the macroe-
conomy in data than what our priors would indicate. However, to gauge the quantitative
role of females-specific labor supply shocks, we would have to take into account the
movement in ¢;, as well. This is done below. Finally, the employment sensitivity to a
given change in automation, v33, has a posterior centered around -0.4. Taking the normal-
ization of this trend into account, a back-of-the-envelope calculation suggests that most of
the labor productivity improvements arising from automation can be attributed to higher
output rather than to job destruction.’

5.3 TREND DECOMPOSITIONS

Estimated contributions of the different structural factors to each empirical trend in our
data are documented in Figure 5. Let us first consider the trends in female-to-male
employment and wage ratios, which we decompose into female-specific labor demand
(green) and female-specific labor supply (light blue). Recall that these are the only struc-
tural factors that affect gender gaps in wages and employment in our framework. We find
it instructive to distinguish between three separate phases in our sample: in the first 15-20
years of data, both female-specific demand and female-specific supply contributed signif-
icantly to a secular increase in the employment rate of females relative to that of males.
However, the prominent role of women’s labor supply also kept their wage growth rela-
tively modest, explaining why the wage gap between women and men remained somewhat
stagnant during this period. Then, starting around 1980, the relative labor supply increase
among female workers ceased to take place, causing women’s wages to significantly out-
grow the wage of males. The final phase in our data started in the late 1990s. Since then,
the wage and employment growth among females have been much more modest and more
in line with what we observe for men. While some convergence has taken place, the gen-
der gaps have been much more stable in the last 20-25 years of our data. Importantly, our
model largely attributes this observation to lower, female-specific productivity growth.
The second and third rows of Figure 5 document how gender-specific labor market fac-
tors have affected aggregate trends in the post-war US macroeconomy. Female-specific
productivity growth (green), in particular, accounts for a sizable share of the overall in-
crease in trend GDP and real wages. Moreover, female-specific productivity growth ex-
plains most of the postwar rise in employment rates, which would have fallen on average
since 1960 in the absence of this secular trend. This suggests a rather muted crowding
out of men when women enter the labor market, a point which we return to in section 8.
Female-specific productivity is also an important driver of aggregate labor productivity—
here measured as output per worker—suggesting that women entering the labor market
caused productivity gains beyond the mere scale effects of having a greater labor force.
Finally, we note that while the trend in female-specific labor supply (light blue) has con-

A unit innovation to our normalized automation shock raises output by 1 percent and lowers employment
0.4 percent. Thus, labor productivity increases by 1.4 percent, and more than two-thirds of this is due to
higher output.
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Table 2: Growth factors in the US economy

A. Baseline account

(1) GDP (2) Labor productivity

Total A Vv o af 5 Total A o af 95
1960-1969 28 18 01 03 05 0.1 25 1.8 04 03 0.0
1970-1979 21 11 00 01 08 0.1 1.7 1.1 01 05 0.0
1980-1989 21 07 02 02 10 00 1.7 07 03 07 0.0
1990-1999 20 08 02 04 06 0.0 1.8 08 06 04 0.0
2000-2009 1.2 03 00 06 03 00 14 03 09 02 0.0
2010-2019 1.1 05 00 04 02 00 12 05 06 0.1 0.0

(3) Aggregate employment (4) Aggregate wages

Total ¥ o a5 vy Total A a;y 4y
1960-1969 03 0.1 -01 02 0.1 21 18 03 00
1970-1979 04 00 00 03 0.1 16 1.1 05 00
1980-1989 05 02 -01 04 00 1.4 07 07 00
1990-1999 02 02 -02 02 00 1.2 08 04 00
2000-2009 -0.1 00 -02 0.1 0.0 05 03 02 00
2010-2019 -0.1 00 -02 0.1 0.0 06 05 01 00

B. Counterfactual: no gender trends

(1) GDP (2) Labor productivity

Total A V¥ «a af Uy Total A o a5 oy
1960-1969 27 21 03 03 - - 25 21 04 - -
1970-1979 21 17 03 01 - - 1.8 17 01 - -
1980-1989 21 14 04 03 - - 18 14 04 - -
1990-1999 20 12 03 05 - - 18 12 06 - -
2000-2009 1.0 04 00 06 - - 13 04 09 - -
2010-2019 1.1 06 01 04 - - 12 06 06 - -

(3) Aggregate employment (4) Aggregate wages

Total ¥ a ay 4y Total A ay Yy
1960-1969 02 03 -01 - - 21 21 - -
1970-1979 03 03 00 - - 16 16 - -
1980-1989 03 04 -01 - - 14 14 - -
1990-1999 01 03 -02 - - 12 12 - -
2000-2009 -02 00 -02 - - 05 05 - -
2010-2019 00 01 -01 - - 06 06 - -

Note: Structural decompositions of the average, annual trend growth rates of (1) real GDP and (2) labor produc-
tivity (by decade), into total factor productivity A, automation «, gender-neutral labor supply ¥, female-specific
productivity a s, and female-specific labor supply vf. Panel A: baseline model with gender-specific trend shocks.
Panel B: restricted model with dogmatic zero-priors on the elasticities governing feedback from gender-specific
shocks to the macroeconomy. All numbers are point-wise median estimates.

tributed to aggregate employment, it has played only a minimal role for GDP, real wages,
and aggregate labor productivity. This finding suggests that the periods with extraordi-
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nary growth in females’ labor supply did not coincide with extraordinary increases in
trend GDP or wages, causing the posteriors for ;5 and v45 to shift towards zero (com-
pared with their respective prior distributions).

When it comes to aggregate, gender-neutral factors, total factor productivity (blue)
seems to be the quantitatively most important driver of trend GDP, wages and labor pro-
ductivity in our data. Aggregate labor supply (purple) never plays an important role for
GDP, but has stimulated total employment. Finally, labor-displacing automation (yellow)
has not only contributed significantly to higher GDP and labor productivity over time, but
also to lower employment. In particular, together with the slowdown of gender-specific
trends, automation appears to be the main cause of the secular decline in aggregate em-
ployment rates over the recent decades. Automation also explains more or less the entire
disconnect between real wages and labor productivity in our sample.!”

Table 2 summarizes our account of economic growth in the postwar US economy. For
each decade we decompose the average, annual growth rates in the trend components of
GDP and labor productivity, into the estimated contributions of the five structural drivers.
For now we restrict attention to Panel A, which documents the growth accounting implied
by the baseline model. Importantly, both GDP growth and labor productivity growth have
declined substantially in our data, from about 2.8 and 2.5 percentage points per year in
the 1960s, to 1.1-1.4 percentage points in the last 20 years. The decline has mostly taken
place in two waves, between the 1960s and 1970s, and at the beginning of the 2000s. Also
the growth rate of wages has fallen consistently in our sample, while employment started
to stagnate in the 1990s. The slow-down in economic growth (as well as the timing of
the two waves) is well-documented and has motivated a large literature on the possible
causes, see, e.g. Syverson (2017) for a review.

For the sample as a whole, we find that most of the slow-down is attributed to total
factor productivity, which in annual growth terms fell by more than 50% over the first
two decades.!! However, up until the 1980s, lower total factor productivity growth was
substantially counteracted by a secular increase in female-specific productivity: its con-
tribution to trend GDP growth went from 0.5 percentage points per year in the 1960s to
1 percentage point in the 1980s. For labor productivity, its contribution increased from
0.3 to 0.7 percentage points per year. Thus, female-specific labor productivity doubled its
annual growth rate—and as a result—its contribution to trend growth, between the 1960s
and the end of the Cold War.

This picture has changed fundamentally in the last 30 years of data: not only has
the overall growth rate of gender-neutral macro trends continued to decline between the
1990s and the 2010s, but also two-thirds of female-specific labor productivity growth has
disappeared during this period. The latter result is imperative for growth accounting in
recent decades according to our model: between the 1990s and 2010s, the slow-down in
female-specific labor productivity is responsible for about half of the overall decline in
the growth rates of trend GDP and labor productivity.

Overall, we arrive at three main takeaways from the estimation of our empirical model:

10This result implies that the automation trend is the dominant driver of the labor share decline, as in
Bergholt et al. (2022). This is visually confirmed in Figure C.3 in the appendix, where we compute and
structurally decompose the model-implied trend in the US labor income share.

"'"The annual growth rate in total factor productivity fell from 1.8 percentage points in the 1960s to 0.7
percentage points in the 1980s.
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first, gender-specific labor market trends are quantitatively important for the US macroe-
conomy. For example, they account for almost one-third of the overall postwar increase
in trend GDP, and more than one-fifth of the postwar increase in labor productivity. Sec-
ond, about fifty percent of the slowdown in economic growth observed in the last 25 years
is attributed to a slowdown in the employment convergence between females and males.
Third, the catch-up of females’ labor force participation observed in the last 60 years is
mainly, if not entirely, a consequence of labor demand factors. Notably, all these results
are confirmed also when using a prior specification tilted against macro effects of gender
shocks, as shown in Appendix D.1.

6 TAKING STOCK

The important impact of gender-specific labor market trends for macroeconomic growth
documented in this paper is consistent with the analyses by Hsieh et al. (2019) and Heath-
cote et al. (2017) in the context of calibrated models. Hsieh et al. (2019) develop a Roy
model of occupational choice and find that declining obstacles to human capital accu-
mulation, as well as reduced discrimination, may explain around half of GDP per-capita
growth between 1960 and 2010. Heathcote, Storesletten, and Violante (2010) design a
neoclassical growth model with incomplete markets and overlapping generations and find
that female-specific demand factors explain most of the increase in females’ labor supply,
which in turn drove half of the growth in earnings per capita between 1967 and 2002
(Heathcote et al. (2017)). While the conclusion reached in these papers seems largely
consistent with ours, we take a quite different approach by estimating an empirical time
series model with substantially fewer cross-equation restrictions.

6.1 WHY IS FEMALE-SPECIFIC PRODUCTIVITY IMPORTANT?

To better understand why the data prefer such an important role for female-specific pro-
ductivity growth, we find it informative to confront the implications of trend shocks in
our estimated model with empirical patterns in data.

The first important piece of information is the observed, common rise of women’s
wages and employment relative to males. Recall that, by construction, none of the gender-
neutral macro shocks can account for this empirical feature. Moreover, equations (24)-
(25) demonstrate that the co-movement between wage and employment gaps naturally
arises from gender-specific labor productivity as;, as opposed to gender-specific labor
supply ?¢;. Thus, data on wage and employment gaps between women and men are
not only informative about female-specific productivity, these data will naturally assign a
major role to women’s productivity when accounting for the observed co-movement. The
exception, if any, is the pre-1975 period when the wage gap was rather stagnant compared
with the employment gap, suggesting that female-specific labor supply must have played
an important role as well.

To appreciate why the estimation procedure also chooses female-specific productivity
as a driver of macroeconomic variables such as GDP, it is important to understand how
this trend departs from the gender-neutral alternatives. A first natural comparison is with
total factor productivity, the largest contributor to macroeconomic growth according to
our model. This is the only macroeconomic driver that can jointly capture the prominent
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upward trends of GDP, labor productivity, and aggregate wages in data. Automation can-
not account for the trend in wages, while neither the wage trend nor the labor productivity
trend can be accounted for by gender-neutral labor supply. However, total factor produc-
tivity imposes the straight-jacket of a balanced growth path where GDP, labor productivity
and wages all grow at the same rate.'*> In US macro data, instead, GDP and labor produc-
tivity have tended to outgrow aggregate wages. The only other macroeconomic driver that
can capture this phenomenon is automation. However, automation by itself has limited
explanatory power because it implies (i) an extreme wage disconnect where wages do not
grow at all, and (i1) an overall decline in aggregate employment. While automation seems
likely to be important for GDP and labor productivity in periods with falling employment
rates, both of these implications are on average at odds with the last 60 years of US labor
market data.

Female-specific productivity speaks to all of these observations. Qualitatively, female-
specific productivity behaves similarly to total factor productivity in the sense that both
GDP, labor productivity and wages rise in response to the shock. But quantitatively we
allow the macroeconomic effects of females’ productivity to differ across variables. Dur-
ing estimation, we treat the straight-jacket of balanced growth as a special case where
substitution and income effects across genders exactly cancel each other for aggregate
employment, but at the same time move GDP and wages one-for-one. This special case
can be captured in our empirical framework with the parametric restrictions 14 = vy
and v34 = 0. While these restrictions are satisfied at the prior mean in our baseline spec-
ification'® (see Table 2), the posterior parameters are updated to explain trends in data.
Table 2 summarizes how the model chooses to quantitatively match female-specific pro-
ductivity with our macroeconomic time series: at the posterior mean, a shock to women’s
productivity—normalized to increase the relative wage of women by 1 percent—is as-
sociated with a 0.9 percent increase in GDP, a 0.6 percent increase in the aggregate real
wage, and a 0.3 percent increase in the employment rate. Thus, higher female-specific
productivity does not only account for the joint rise of these three variables over the full
sample, but also for the slow-down in wage growth compared with GDP, as well as the
muted increase in trend employment. Importantly, these effects are quantitatively relevant
in our estimation because larger-than-normal growth in the wage of women tends to co-
incide with larger-than-normal growth in GDP, labor productivity, and aggregate wages,
as well as a rise in aggregate employment. In the same vein, the flattening of the wage
gap trend in the early 2000s coincides with lower income growth and a reversal of the
aggregate employment rate.

Finally, we note that 114, — v34 = 154 at the posterior mean, implying that female-
specific productivity causes labor productivity and wages to respond similarly. In turn,
this means that female-specific productivity has a negligible effect on the overall labor
income share. We conjecture that this is preferred by data because shifts in the labor
income share, which are rather small and concentrated in time, tend to be orthogonal to
the permanent changes in wage and employment gaps in our sample.

12Critically, we consider deviations from balanced growth in Appendix D.2. The role of gender forces is
even larger in that specification.

B3Thus, at the prior mean, female-specific productivity shocks are separately identified from total factor
productivity solely because the latter comes with zero-restrictions on the responses of gender gap vari-
ables.
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Next, we ask the question “how would the growth accounting change if we were to
ignore the gender trends in US labor market data?” The answer to this question provides
the last piece of information in understanding why female-specific productivity matters
for economic growth. Thus, we now re-estimate the model but impose dogmatic zero-
priors on the elasticities 114-115, Vo4-Vo5 and vsy-v35. This implies that the two gender-
specific trends only affect female-to-male differences in wages and employment, while
total factor productivity, gender-neutral labor supply and automation are forced to account
for all trends in aggregate macro data.

Panel B in Table 2 reports the results from this exercise. Two important observa-
tions stand out: first, decade-specific trend growth rates in GDP and labor productivity
are almost unaffected by the zero-restrictions imposed on the two gender-specific trends.
Thus, it is the structural composition of different drivers, and not the level of economic
growth, that is affected by these restrictions. Second, regarding the structural compo-
sition, the contribution attributed to gender trends in our baseline (see Panel A) is now
mostly shifted to total factor productivity, while the contribution attributed to automation
remains almost unchanged. As an example, for the full sample our baseline results imply
that the two gender shocks on average account for just over 30% of total GDP growth,
and just over 20% of labor productivity growth. The corresponding numbers for total
factor productivity are 43% and 48%, respectively. In Panel B the contributions of total
factor productivity have increased to 63% for GDP and 67% for labor productivity, while
the gender trends attribute zero by assumption. The intuition for this finding is discussed
above: compared with total factor productivity, female-specific productivity growth helps
to understand not only the secular increase in females’ wages and employment, but also
the joint but uneven rise of GDP, wages and employment in US macro data.

6.2 POSSIBLE IMPLICATIONS FOR FUTURE GROWTH PROSPECTS

Our analysis reveals that a halt in women’s labor market catch-up has contributed sig-
nificantly to the observed slowdown in US economic growth in recent decades. This
has important implications both for future growth and for macroeconomic recovery after
recessions.

Regarding future growth prospects, one possible concern is that the muted growth
since the 2000s represents a new normal unless the labor market participation among
women starts accelerating again. Is this likely to happen? On one side, gender differ-
ences in the US labor market are still sizable, and experiences from other countries (see
Albanesi, Olivetti, and Petrongolo (2023) for an international comparison) suggest that
ample pockets of growth may still be available if the right institutional features are put in
place."* However, further growth could also prove more difficult than in earlier decades
given that females’ employment rates are much higher now, and given the much smaller
gap between females and males compared with the past. After all, policies cannot improve
economic performance unboundedly, as the labor force participation rate has a natural up-
ward bound of 100%. The extent to which labor market participation among women could

14In addition, one can imagine that other long-lasting sources of growth can be exploited by addressing
other forms of misallocation. For example, wage and employment gaps between native and migrants
are still far from closed and there is substantial evidence of skill downgrading of migrants (Dustmann,
Frattini, and Preston (2013)).
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start to rise again ultimately depends on why it stopped in mid-2000s, and the jury is still
out on this question. !>

Finally, we can also relate our estimated trends to the emergence of jobless recoveries
since the beginning of the 1990s. Fukui et al. (2023) in particular argue that lower trend
growth, rather than changes in the cyclical properties of the economy, may explain the
slow employment recoveries observed after recent recessions (the recovery may naturally
appear slower in data if the trend shifts down). Our model disentangles a few drivers
of the employment trend, as shown in Figure 5 and panel A.3 in Table 2. The average
growth rate of trend employment declined by 0.3 percentage points between the 1980s
and 1990s, and by an additional 0.3 percentage points between the 1990s and the 2000s.
About half of this decline is explained by a slowdown in female-biased labor demand in
our framework. This finding is at least qualitatively in line with Albanesi (2024), Fukui
et al. (2023) and Olsson (2024). The remaining half is attributed, first, to accelerating
automation in the 1990s, and second, to lower gender-neutral labor supply in the 2000s.
These results seem consistent with Jaimovich and Siu (2020), who stress the job polar-
ization as an explanation for jobless recoveries.'® But they are also fully consistent with
Pugsley and Sahin (2019), who document a link between the decline in entrepreneurship
and aggregate employment dynamics. They find that changing worker demographics and
a secular increase in import competition are the most promising explanations for the de-
cline in entrepreneurship. Arguably, the labor supply shock and the automation shock are
likely to capture these forces in our framework.

7  TRENDS IN SKILLS, THE RISE OF SERVICES, AND
COMPOSITIONAL EFFECTS

Given the simplicity of our baseline set-up, aggregate forces like skill-biased technolog-
ical progress or the process of structural transformation from goods to services may be
captured as gender-specific shocks as long as they affect the two genders differently (Ce-
rina, Moro, and Rendall, 2021). In this section, we want to control for the role of skills
and sectors and check whether genuine gender forces are still important for the macroe-
conomy and whether we confirm the dominant role for demand-side factors to explain the
gender convergence.

5A slowdown in gender convergence can be associated with cultural factors (Fogli and Veldkamp, 2011;
Fernandez, 2013), lack of family-friendly policies (Blau and Kahn, 2013), and increased income inequal-
ity inducing negative income effects on women married to high-earning husbands (Albanesi and Prados,
2022). Goldin (2014) and Goldin (2021) argue that the gender wage gap would be considerably reduced
if firms did not disproportionately reward workers for long hours and duties difficult to plan in advance.
Erosa, Fuster, Kambourov, and Rogerson (2022) validate this view in a Roy model with occupation-
specific non-convex earnings functions.

16 Autor, Levy, and Murnane (2003) and a large subsequent literature demonstrates that job polarization is
primarily due to progress in technologies that substitute for labor in performing routine tasks. Similar
effects can be induced by outsourcing and offshoring. All these forces are in principle captured by our au-
tomation trend that should be interpreted very broadly as related to any form of labor-saving technological
progress.
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Figure 6: Structural drivers of the empirical trends — accounting for skills and services
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7.1 QUANTIFYING THE ROLE OF SKILLS

To understand how trends in skills may have affected gender gaps in the US labor market,
we use data on individuals’ wages and employment, conditional both on gender and the
level of education level from the Current Population Survey (CPS).!” Building on Dolado
et al. (2021), we partition workers’ skills by their level of education: individual high-
skilled workers are characterized as those who have at least some college experience,
while low-skilled workers do not have any college experience. Appendix B explains how
we fetch quarterly, seasonally adjusted time series from the CPS dataset, and also plots
the data series that we construct and use.

We re-estimate the empirical model using data on wage and employment gaps (be-
tween female and male workers) within each skill segment: compared with the baseline
specification in section 5, we replace the aggregate wage and employment gap variables
with their counterparts for high- and low-skill workers, respectively. The macroeconomic
variables—aggregate GDP, wages and employment—are kept as in the baseline model.
Moreover, the identification scheme is as before, but now with restrictions on skill-biased
gender gaps in the last two columns and rows of V. For example, an increase in high-
skilled females’ productivity (relative to high-skilled males’ productivity) permanently

7The CPS is a monthly survey published by the United Census Bureau and the Bureau of Labor Statistics
that provides an extensive body of data on households’ demographic and labor force characteristics as
well as employment, earnings and hours of work, starting from 1979.
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raises both the wage and employment rate of high-skilled females, compared with that of
high-skilled males. An increase in the relative supply of high-skilled females, in contrast,
raises the female share of high-skilled employment but lowers their wages compared with
high-skilled males. This exercise allows us to quantify the role of shocks to the gender
trends within each skill segment, thus, factoring out the fixed skill effects on aggregate
gender gap trends.

Estimated empirical and structural trends for wage and employment gaps by skills
are shown in Figure 6. We also include the baseline decompositions of aggregate gender
gap variables in the left column to facilitate comparison. Consider, first, the estimated
empirical trends: interestingly, while the ratio of female-to-male employment among low-
skilled workers has trended slightly down on average, the relative employment of females
among high-skilled workers displays a clear upward trend in our data. And this trend
is quantitatively very similar to its aggregate counterpart. Moreover, female wages have
outgrown male wages in both low-skilled and high-skilled jobs.

A couple of remarks are in place: first, these results speak against the idea that fun-
damental, gender-neutral trends in skills can account for the secular rise of female labor.
If such gender-neutral trends had been the main force, we would have expected secular
reallocation towards high-skilled jobs for both females and males, with limited gender
convergence in wages and employment within each skill segment. Instead, the wage and
employment trends of females have evolved quite differently than those of males even
after controlling for skills, especially in the market for high-skilled jobs.

Second, compared to the aggregate wage gap trend, we find that the catch-up of female
wages has been less pronounced both in low-skilled and high-skilled jobs. This observa-
tion suggests that compositional effects may play an important role. Women in particular
have moved into skill-intensive occupations at such a pace that the overall female share
in high-skill jobs has increased significantly. Since high-skill jobs generally tend to come
with a skill premium on the wage rate, this contributes to a secular increase in females’
wages over time, above and beyond that accounted for by gender trends within the skill
segments.

The structural decompositions reported in Figure 6 shed further light on empirical
trends in our data: the market for low-skilled labor, in particular, is characterized by a
contraction of females’ labor supply relative to that of males over time. This contraction
has been especially relevant since the 2000s, which is when the decline of females’ rela-
tive employment in low-skilled jobs started to take place. In fact, our results imply that
the ratio of low-skilled female-to-male employment would have increased, rather than
decreased, in the absence of a falling supply of low-skilled female labor. Then the gender
differences in low-skilled employment would have been determined solely by the upward
trend in female-specific demand, which has been present in both low- and high-skilled
labor markets. The high-skill labor market, in contrast, displays a more prominent role
for female-specific demand. Moreover, both demand and supply forces have contributed
to a relative increase in females’ employment in high-skill jobs, just like in the baseline
specification. But the role of female-specific supply has been quantitatively more impor-
tant for high skills than in the aggregate where we abstract from skills altogether. This
is likely to capture a large increase in educational attainment among women in our data.
In fact, the average education level has been higher for women than for men since 1993,
and the gap has continued to grow since then (see Albanesi and Sahin (2018) for more
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details).

Figure 6 also reports the estimated empirical and structural trends in aggregate GDP
and employment when we substitute data on aggregate wage and employment gaps with
their counterparts for low- and high-skilled labor, respectively. The empirical macro
trends are very similar across specifications. However, the decomposition into structural
drivers changes significantly: when the model is informed by data on low-skilled wage
and employment gaps, it suggests that female-specific supply of low-skilled labor has
been contractionary for aggregate employment on average. Disciplined by data on high-
skill wages and employment, instead, the model concludes that female-specific supply of
high-skilled labor has been responsible for nearly half of the total increase in the post-
war, aggregate employment rate. Interestingly, the model with low-skill labor assigns the
bulk of the fall in aggregate employment during the 2000s to an accelerating contraction
in low-skilled labor supply of females. The model with high-skill labor, instead, suggests
that aggregate employment fell because the supply-driven increase of high-skilled females
seen in earlier decades leveled off, while at the same time automation started to take place
at a larger scale. In sum, our partitioning of the data by gender and skills uncovers im-
portant reallocation patterns: increased supply of high-skilled females during the last 3
decades has coincided and largely been counteracted by declining supply of low-skilled
females. Thus, reallocation trends in females’ labor supply have been quantitatively im-
portant for U.S. labor markets, despite their apparent disconnect with macroeconomic
aggregates when we abstract from skills.

7.2 THE SECULAR RISE OF THE SERVICE SECTOR

The U.S. economy has gone through a major, sectoral transformation in the last decades.
Approximately 60% of the total workforce was employed in the service sector in the
1980s according to our CPS data.'® By the end of 2019, this share has increased beyond
75%. At the same time, the employment share in manufacturing declined from 30% in
the 1980s to 10% in 2019. Ngai and Petrongolo (2017) document that the rise of services
has paved the way for female labor. The idea is that service production requires more
cognitive skills in which females have a comparative advantage, as opposed to the need
for brawn skills in the production of manufactured goods."

One open question is whether the process of structural transformation from goods to
services can account in and of itself for gender trends or whether within-sector gender
specific forces are needed to match the data. To answer this question, we replace the
aggregate gender gaps in employment and wages with their counterparts in the service
sector in our model.

Figure 6 summarizes the results. The subplots in the first two rows compare estimated

3The CPS survey contains information on the industries in which households supply labor. Therefore, we
use information on more than 35 private industries and classify them into aggregate manufacturing and
service sectors. Appendix B provides an overview on the industry-specific data we use, including the
classification into manufacturing and services.

19Kuhn, Manovskii, and Qiu (2024) explore the opposite direction of causality and find an important impact
of the rise of female employment on the process of structural transformation in a model with gender
complementarity in sectoral production. Buera and Kaboski (2012) and Buera et al. (2019) study the role
of skill-biased technological change to explain the rise of the service sector in models with and without a
family structure.
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gender gap trends in the total economy (first column from the left) with those in the service
sector alone (last column). We find evidence of a strong gender convergence within the
service sector and this gender convergence is mainly driven by labor demand factors.
In addition, the effects on GDP and employment are comparable the baseline model, as
shown in last two rows in Figure 6. This means that the rise of the service sector is not
per se the main reason for why gender matters for growth: within-sector labor demand
forces like gender-specific technological progress (Heathcote et al. (2010) and Heathcote
et al. (2017)) or reduction in discrimination (Jones et al. (2015)) play an important role
to account for the observed trends in gender ratios. Notably, within-sector labor demand
forces are crucial also in Ngai and Petrongolo (2017) to match the data on gender ratios.
We recover this result in the context of a flexible estimated (rather than calibrated) model.

The last two rows in Figure 6 document how gender-specific trends within the service
sector have affected the macroeconomy. Overall, the main takeaways from section 5
remain, with female-specific labor demand being the only significant gender trend for the
long-run increase in real GDP.

8 MALE-SPECIFIC LABOR MARKET TRENDS

Our maintained assumption so far has been that the labor market convergence between
females and males has been driven by a secular change in females’ productivity and labor
supply, while male-specific productivity and labor supply have been kept fixed.

Now we relax the above-mentioned assumption and allow for the presence of male-
specific trend shocks A,,; and ¥,, ,, in addition to the female-specific shocks Ay; and
W ;. Contractionary, male-specific shocks may, for example, capture the impact of video
gaming and recreational computing on the labor supply of young men, as discussed in
Aguiar, Bils, Charles, and Hurst (2021). The presence of male-specific trends implies
that the wage and employment gaps wy, and [;, are driven by four gender trends in
total, and we need to impose additional identification restrictions on the system. To this
end, we augment the baseline empirical model with two more observables—the male
employment rate and male wages—both observed in log-levels. The joint restrictions
that we impose on female-to-male employment and wage gaps, as well as on the levels
of males’ employment and wages, allow us to identify all of the gender-specific trends
in the system. Details about the identification strategy and the theory-consistent priors
are discussed in Appendix E where we present also impulse responses to male-specific
shocks in the theoretical model which is once again our reference to set the priors in the
empirical model.

Results are presented in Figure 7. The first row plots the decomposition of trend
employment and wage gaps between females and males. Both gaps are driven almost
exclusively by female-specific shocks. Thus, ignoring male-specific shocks was largely
inconsequential. The second row in Figure 7 reveals that female-specific shocks also re-
mains an important driver of GDP and aggregate employment. The two male trends, in
contrast, are never important at the aggregate level.

Finally, the third row plots the decomposition of trends in the levels of female and
male employment. A few comments are in place: first, the disappearance of aggregate
employment growth observed in the last 20 years is entirely driven by female labor which
stopped growing around 2000. The employment rate of males, instead, has declined every
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Figure 7: Adding male-specific trends to the system
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decade since 1960 up until the financial crisis, and has since been relatively flat. Second,
our account of trends in the female employment rate is similar to that of aggregate em-
ployment, albeit with a relatively larger role for female-specific productivity and labor
supply (as opposed to the gender-neutral shocks). This is not surprising, given that these
shocks have a smaller weight in aggregate employment. Third, the specification with
males can shed light on whether secular increases in female employment crowd out male
labor. The crowding-out elasticity is a key statistic in Fukui et al. (2023). On average
over the sample, an increase in female employment of 1 percentage point, when driven by
female-biased demand, leads to a decline in male employment of around 0.30 percentage
points according to our estimates. Such a muted crowding out elasticity implies relatively
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large effects on aggregate employment and economic activity when women enter the la-
bor market. The corresponding crowding out elasticity conditional on female-biased labor
supply is even smaller, around 0.1. Part of the difference could be that the gender-specific
productivity shocks imply stronger income effects on spouses’ labor supply because they
have a greater impact on the family’s total income. This would be in line with our theoret-
ical model (results with simulated crowding out elasticities from the theoretical model are
available upon request). By comparison, Fukui et al. (2023) who do not make an explicit
distinction between demand and supply-driven forces in their empirical section, report a
value of 0.18. However, they refer to “relative” crowding out elasticities across regions
with different exposure to gender trends, making a comparison less straightforward.

Overall, we conclude that i) male shocks play a minor role, ii) our model estimates a
rather small degree of crowding out, consistently with the large macro effects of gender
shocks and iii) estimates of the degree of crowding out are shock-specific, a point that to
the best of our knowledge is novel.

9 CONCLUSION

In this paper, we investigate and quantify the implications of gender-specific labor mar-
ket trends for the U.S. macroeconomy. Using a SVAR model with common trends, we
document the importance of gender-specific structural forces not only for the reduction of
gender inequality (gender convergence) in the labor market, but also for economic growth.
In particular, we show that gender-specific labor market trends account for up to 50% of
trend growth in GDP over the period 1960-1990. Furthermore, the flattening of the gender
convergence which started in the 1990s is key for the marked slowdown in trend growth
observed over the last 25 years. Our results may suggest a growth potential associated
with policies aimed at stimulating further gender convergence in labor market outcomes.
The importance of pure gender-specific factors is confirmed also when we control for the
rise of educational attainments, as well as the rise of the service sector.

Importantly, we document that gender differences matter for the macroeconomy using
a pure “macro” approach: an empirical time series model is disciplined by neoclassical
theory and estimated on selected macroeconomic variables. In that sense, our “let the data
speak” approach is complementary yet very different from the more heavily parametrized
structural models, such as those put forward by Hsieh et al. (2019), Heathcote et al. (2010)
and Heathcote et al. (2017). Interestingly, and somewhat unexpectedly, our flexible setup
reaches very similar conclusions on quite granular quantitative results, like the implica-
tions of gender convergence for growth and productivity.

While we believe that the application to the gender convergence is particularly inter-
esting, our methodology can be applied to an array of questions concerning other secular
trends as well. Examples include demographics, climate change, sectoral trends, immi-
gration, as well as linkages between growth and inequality. In addition, our framework
can be used to study gender differences at business cycle frequencies (cf. Albanesi and
Sahin (2018)). We plan to investigate some of these topics in future research.
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APPENDIX

A A BVAR wiTH COMMON TRENDS

This section discusses the prior assumptions we formulate on the free parameters of the
model presented in Section section 2 — including the assumptions on the prior volatilities
of the structural trends’ shocks — and the instructions to estimate the model with a Gibbs
sampling algorithm.

A.1 PRIOR ASSUMPTIONS

The initial conditions of the structural trends are distributed according to Xy ~ N (X, 1,).
In principle, we do not have information about X,. However, we can use the information
on & — the initial conditions of the empirical trends?® — as well as on the prior coefficients
in V. Then, one can retrieve X, by solving the system in eq. (2), provided that the num-
ber of structural trends ¢ = n, as it is the case in our model. The initial conditions of the
cycles are distributed according to Yo ~ N (0, I,,). This assumption implies that cycles
fluctuate symmetrically around a zero mean. Finally, the priors for the remainder model’s
coefficients are distributed according to:

Ye ~ IW(Ke, (ky + 1+ 1)) (A.1)
O[T, ~ N (2, T ® Q)Z(P) (A2)
Su ~ IW (K, (ke +n+1)%,) (A.3)

where ® = vec(®) and Z(®) is an indicator function that is equal to one, when the VAR of
the cycle block is stationary, zero otherwise. The prior on the lag coefficients is standard
Minnesota with mean zero and overall tightness hyperparameter equal to 0.2 (Giannone,
Lenza, and Primiceri (2015)). ZW is the Inverse-Wishart distribution with x degrees of
freedom and mode X.. The prior on the transitory innovations is rather loose, with degrees
of freedom . = n + 2 to ensure the existence of the mean and the prior mode >, = I.

Next, the prior on the trends’ shocks %, is distributed according to an Inverse-Wishart,
as well. The prior is rather tight, as we the degrees of freedom ~,, = 100. Finally, the prior
mode 3, is assumed to be diagonal. One non-trivial task is to come up with reasonable
priors for the elements of 03 = [0} of 03 07 o7, ], the vector stacking the shocks’
volatilities of the structural trends in X;. The reason is because the structural trends are
unobservable in the first place. However, it is still possible to form fairly non-judgmental
priors on these structural volatilities by combining two pieces of information we already
possess, namely: (1) the data and (ii) the theory-based prior beliefs on the free parameters
in V(v). To fix ideas, recall that empirical and structural trends are linked by the linear
relationship Y; = VX, and that X;, = ¢ + X,_; + u,. Without loss of generality, one can
express the empirical trends in their growth rates, as follows:

AYt = V(C + Ut)

This equation implies that the covariance matrix of the empirical trends in growth rates is
denoted by X Ay = V'Y, V. Then, provided that the covariance matrix ¥, is diagonal, the

28pecifically, we set & equal to the average of the HP-filter trend growth rate from the pre-sample data.
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following linear relations apply:

2 92, 92, 2, 9 2 2 9 5 2 | 92 2 2 9
Ogbp = 04T 0y + 04 + V1404, + Vi50y, Oy = 04+ Vyy0q, + V50,
2 _ 2, 2 2, 92 2 2 o 2 _ 2 2 2 9
O = 0y T V330, T V340, + V350, OB = VaaOa, T Vi50y,

2 2 2
UWfim = 0g, + T

On the left-hand side of each equation, there are the volatilities of the empirical trends
in growth rates, while on the right-hand side, there are the coefficients of V and volatil-
ities of the structural shocks. The empirical volatilities are available in the data and the
parameters v;; are simply the values around which the prior density of the long-run elas-
ticities is centered. The only unknowns are the structural volatilities. It turns out that is
straightforward to retrieve the structural volatilities in 0121, as they are the unknowns of a
linear system of 5 equations in 5 unknowns and, therefore, there always exists a unique
solution to the system. Consistently, this is how we proceed in practice. First, back out
the empirical volatilities from the HP-filter trend growth rates of the endogenous variables
using pre-sample training. Second, plug the empirical volatilities and the prior means of
the parameters in ). Solve the system for the unknown volatilities and use them to center
the prior density of the structural volatilities.

Finally, notice that the very same reasoning applies when forming priors for the initial
conditions and the drifts of the structural trends. Accordingly, the initial conditions X
should be centered around X, = VY, with Y being the last period’s empirical trend
in levels (last period in the training sample). As for the drifts, the constants ¢ should be
centered around ¢ = VE(AY;), with E(AY;) being the average of the empirical trends in
growth rates (in the training sample).

A.2 ESTIMATION OF THE STATE SPACE WITH GIBBS SAMPLING

Consider the unobserved states of the model in section 2 in the following stacked formu-

lation
VXt . VC ] O Vthl ] 0 Vut
I8 il A T R 5 RS
and the Covariance matrix of the model is given by >:

5 {Vzuv o]

o5 (A.5)

Then, the model samples 50000 draws and retains the last 10000 draws from a Gibbs
algorithm, according to the following steps:

1. Draw from the joint distribution X.7, Y—p—i—l:Ta v|e A Y, Y, Yi.r, which is given
by the product of the marginal posterior of v - vector of free parameters in V -
conditional on the other parameters v | ¢, A, %, 3, Y1.7 and the distribution of

the unobserved states conditional on v and the other parameters Xo.z, Y_, 1.7 |
v,c, A7 Euu 267 1/'1:T-
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(a) p(V | G, A> zuv Zea }/l:T) X E(m:T ‘ v, ¢, Aa Zua Ee)p(y>,
where L(Y1.r | v, ¢, A, ¥, ) is the likelihood of the data obtained from the
Kalman filter applied to the state space of the model. The posterior of v is
estimated by introducing a Metropolis-Hastings step.

(b) Draws from p(Xo.r, Y_p+1;T, c| v, A Y, Y., Yi.r) are obtained implement-
ing Durbin and Koopman (2002) simulation smoothing algorithm.

2. Draw from the joint distribution A, ¥, ¥, | Xo.7, Y_p+1;T, Yi.7. The estimation of
the remaining parameters is relatively straightforward, provided that the unobserved
states follow rather standard vector autoregressive laws of motion.

(a) TREND BLOCK. the posterior distribution of X, is given by:

T
P(Zu | Xoa) =IW(Sy + > (X = X, 0)(Xs = Xim1) iy + T)

t=1
(.

9

(b) cYCLE BLOCK. The posterior distributions of the lag coefficients in A and the
covariance matrix Y. of the stationary VAR are standard:

p(Ze | Yor) = IW(Se + Se, ke + T)

T -1
p(A| ., Yor) = N(U@C(A), Y. ® (Z 7,7 +Q1) )

t=1
where Z, = (Y/_,... ,ﬁ’_p)l,
A=(Shzzivet) (Shzv+oma)
Se =21, eeh + (A— A)QH(A- A)
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B DATA

The data used for the baseline model are available on the FRED website and listed in table
B.1 below along with their identification code.

Table B.1: US data definitions and identification codes

DATA CODE

Real Gross Domestic Product per capita A939RX0Q048SBEA
Non-farm business sector: real compensation per hour COMPRNFB
Employment level, thousands of persons CE160V
Population-level, thousands of persons CNP160OV
Employment-to-Population ratio EMRATIO

Women Employment-to-Population ratio LNS12300002

Men Employment-to-Population ratio LNS12300001
Women nominal weekly earnings LES1252882700Q
Men nominal weekly earnings LES1252881800Q

Source: Federal Reserve Bank of St. Louis.

TRANSFORMATIONS. Data available at monthly frequency (e.g.: employment, pop-
ulation, etc.) are transformed into quarterly by taking the three-month average of each
corresponding quarter. Real aggregate wages per capita are retrieved from the following
product COMPRNFB x %. The female-to-male employment gap is defined
as the ratio of the females (males) employment levels, scaled by their respective popula-
tions. Analogously, the female-to-male wage gap is defined as the ratio of the females
over males hourly wage rates. Note that the females (males) wage rates are transformed
into hourly wage rates dividing them by the usual number of working weeks in a year.
Moreover, since gender-specific wage rates are only available from 1979Q1, the missing
observations for the period spanning from 1960Q1 to 1978Q4 are filled with the earnings
data available from the Annual Social and Economic Supplements, Current Population
Survey published by the U.S. Census Bureau. These data are at annual frequency. We
retrieve intra-annual observations using standard interpolation techniques.

GENDER-SPECIFIC DATA BY SECTORS AND SKILLS. We retrieve gender-specific data
on hourly wages and employment by skills and sector by merging the monthly Current
Population Survey (CPS) produced by the United Census Bureau and published by the Bu-
reau of Labor Statistics. These data are publicly available at http://data.nber.org/
morg/annual/. Concretely, the CPS survey is merged into a unified dataset that spans
from 1979Q1 to 2019Q4 by editing the STATA do-file used by Dolado et al. (2021). The
reader can refer to the online Appendix of Dolado et al. (2021) for a detailed exposition
on how the CPS dataset is merged.

We are interested in retrieving the employment level and hourly wage rate of women
and men by skills and sectors. As regards the skill dimension, workers are classified into
two different types according to their education level. High-skilled workers are defined as
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those individuals with at least some college experience. The survey respondents without
any college experience are assigned to low-skilled worker-type. Moving to the sector
dimension, the CPS includes information on more than 35 private industries in which
respondents supply labor. The industries are then imputed to two aggregate sectors: (i)
good-producing; (ii) services. We collect data on the service-providing industries listed in
table B.2. Overall, the service sector is representative of almost 80% of total employment.
The remainder share accrues to the good-producing sector and public employment.

Table B.2: List of private service-providing industries

Wholesale trade Retail trade
Transportation and warehousing Publishing industries
Motion picture and sound recording Broadcasting

Internet publishing and broadcasting  Telecommunications
Internet providers and data processing Other information services

Finance, Insurance, Real Estate Rental and leasing services
Professional and Technical services Management of Co. and Ent.
Administrative and support services Waste management and remediation
Educational services Hospitals, Health care services
Social assistance Food services and drinking places

Private households

Source: Current Population Survey (CPS), United Census Bureau and Bureau of Labor Statistics.

C BASELINE — ADDITIONAL FIGURES AND TABLES

Figure C.1: Empirical trends — baseline
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shaded area).
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Figure C.2: Empirical cycles — baseline
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Notes: Observed data (red solid lines), median point estimates (blue solid lines). 68% coverage bands (blue
shaded area).

Figure C.3 decomposes the secular decline in U.S. labor income share into neutral and
gender-specific structural trends, based on our baseline model. The overwhelming con-
tribution of the automation (yellow area) confirms previous findings from Acemoglu and
Restrepo (2020) and Bergholt et al. (2022). At the same time, it also adds one important
insight: gender-specific structural forces played no role whatsoever in driving the secular
decline of U.S. post-war labor share.
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Figure C.3: Structural drivers of the labor share — baseline model
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Notes: The colored bars display the point-wise median evolution of the empirical trend of the labor share
attributable to each structural trend.

Table C.1: Drivers of trend growth rates of aggregate employment — baseline

AE;
M v ar Yy Total

1960-1969 -0.12 0.07 0.18 0.11 0.24
1970-1979 -0.02 0.02 028 0.09 0.29
1980-1989 -0.08 0.16 036 -0.03 041
1990-1999 -0.17 0.16 021 -0.05 0.15
2000-2009 -0.25 0.00 0.11 -0.04 -0.18
2010-2019 -0.16 0.04 0.06 -0.02 -0.08

Notes: Structural decompositions of the average, annual trend growth rates of aggregate
employment (by decade), into automation «, gender-neutral labor supply ¥, female-specific
productivity a s, and female-specific labor supply v ¢. All numbers are point-wise median
estimates.

D ROBUSTNESS EXERCISES

This section presents a series of robustness exercises that illustrate how our main empirical
results are affected by various perturbations to the baseline setup. First, we tilt the priors
governing feedback from gender trends to the macroeconomy towards zero. Second, we
check for robustness with respect to the various zero-restrictions imposed on aggregate
wages and employment. Finally, we interpret the household in our theoretical model
more literally by restricting attention to gender data on married individuals, so that gender
complementarity within the household in the model has meaningful counterpart in data.
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Table C.2: Drivers of trend growth rates of female employment and wage gaps — baseline

AEg, AWy,

ar Vg Total ar WV Total
1960-1969 083  0.72  1.55 055 -022 033
1970-1979 134 0.63 197 0.88 -0.19 0.69
1980-1989 1.70  -0.23 1.47 .11 0.07 1.18
1990-1999 1.01  -0.31 0.70 0.66 0.10 0.76
2000-2009 051  -0.25 0.26 033 0.08 041
2010-2019 030 -0.13  0.17 0.19 0.04 023

Notes: Median point-wise contribution of the female-specific structural trends to the trend growth rates
of female employment and wage gaps over time. Average of each corresponding decade.

D.1 STACKING THE CARDS AGAINST MACROECONOMIC FEEDBACK
EFFECTS

Our baseline model features ample spillover from female-specific trend shocks to the
macroeconomy. But how informative are data about this spillover? Here we address that
question by re-estimating the baseline model with priors that are tilted towards minor
spillover from gender shocks to the macroeconomy.

These new priors, as well as resulting posterior distributions, are summarized in Ta-
ble D.1 in the appendix. Instead of the uniform priors used in the baseline, we choose
an exponential prior distribution for 114, 115, 194 and v95. These parameters govern the
feedback from gender trends to aggregate GDP and wages, respectively. The exponential
prior is tightly centered close to zero, with both the mean and the variance being equal to
0.25. For the feedback from gender shocks to aggregate employment we use a normally
distributed prior with mean and variance equal to 0 and 0.1, respectively. This ensures
that we are agnostic about the sign of the response of aggregate employment to gender
shocks, while at the same time penalizing heavily responses that are quantitatively large
in absolute value.

As documented in Table D.1, the elasticities governing feedback from female-specific
productivity shift substantially away from zero even when we put low prior weight on
such an outcome. The posteriors for 114 and v54, which govern the feedback from female-
specific productivity to GDP and aggregate wages, are centered around 1.4 and 0.75,
respectively. Given that the estimates of A\ and ~y are relatively similar to those in the
baseline, suggesting that also the in-sample estimates of realized productivity growth for
female labor is rather similar across specifications, it follows that the high posterior val-
ues for v14 and 154 do indeed reflect a major role for female-specific productivity (in-
stead of simply capturing lower estimates of female-specific productivity growth). The
remaining parameters that govern macroeconomic feedback move less, especially those
that determine the feedback from female-specific labor supply. Figure D.1 demonstrates
that female-specific productivity remains important for the US macroeconomy even in
a setting with very conservative priors against this outcome. Notably, the effect on la-
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Table D.1: Prior distributions and posterior estimates

Prior Posterior
Density Support Mean Mode  90% HPD

vy ay— GDP Exp(0.25) [0, 00) 140 1.30 (0.85,1.97)

vay  ap — W Exp(0.25) [0, 00) 074 077 (0.32,1.17)
vy ay — E N(0,0.1) R 0.14 014  (0.00,0.27)
vs ¢y — GDP  Exzp(0.25) [0, 00) 0.16 006  (0.01,0.46)
vos Uy — W Ezp(0.25) [0,00)  -0.11 -0.05 (-0.33,-0.00)
vss by — E N(0,0.1) R 001 001 (-0.16,0.18)
vz a— E I'(.3,0.15) (0, 00) 044 045  (0.23,0.65)

(
A ap— Ermy  T(1,05)  (0,00) 175 1.85  (1.18,2.34)
vy = Ermy T(3,15)  (0,00) 315 3.14  (1.87,5.05)

Notes: The posterior moments are generated from the last 10,000 of 50,000 draws generated from

the RW Metropolis-Hastings algorithm. Exp(u) refers to the Exponential distribution with mean .

(i, 02) refers to the Gamma distribution with mean g and variance .

bor productivity is even stronger in this specification since employment is slightly less
affected by females’ productivity compared with the baseline.

Figure D.1: Structural decomposition with priors stacked against macroeconomic feedback
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Notes: The colored bars display the point-wise median evolution of the empirical trends attributable
to each structural trend.
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D.2 REVISITING THE LONG-RUN RESTRICTIONS ON EMPLOYMENT
AND WAGES

In this exercise we relax the balanced-growth assumption which implies that employment
is invariant to changes in TFP. We set a prior on the employment that allows for negative
wealth effects on labor supply but does not rule out positive effects. We use a Normal
distribution centered around -0.1, a value broadly based on Boppart and Krusell (2020).
As shown in Figure D.2, the data favor a small but non negligible negative effect of TFP
shocks on employment. This implies that gender shocks play an even larger role in driving
employment up, especially in the first part of our sample. The key role of gender shocks
for GDP and productivity are confirmed also in this specification.

Figure D.2: Structural drivers of empirical trends — relaxing balanced growth path
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D.3 WHAT IF WE CONSIDER ONLY MARRIED INDIVIDUALS?

In this final exercise, we construct employment and wage gender gaps based only on mar-
ried individuals to better reflect the counterpart in the theoretical model where decisions
are taken at the household level. As shown in Figure D.3, all the main results are con-
firmed although the role of gender-specific labor supply shocks is further reduced in this

exercise.

Figure D.3: Structural drivers of empirical trends — model with data on married individuals
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E A MODEL WITH MALE-SPECIFIC SHOCKS

This section outlines the prior assumptions of the model specification that jointly identifies
female-specific and male-specific structural trends, as presented in section 8. We augment
the baseline specification with male-specific data on employment and wage rate levels.
This enables to identify a male-specific labor demand trend and a labor supply trend in
addition to female-specific trends. V is modified accordingly:

_G@Pt— I 1 1 vy vis e iy Ay
Wi 10 Voy Vos log Va7 v,
LBy 0 1 ws3 vaa v3s Ve Vsr| | u
Wime| =100 0 =1 1 1 —1| ¢y (E.1)
E Fomit 00 0 ~v X —yv =X afry
Wit 1 0 0 vea Ves Ves Vor| |Ymut
| Emyt | 0 1 w3 vy vos e vrr| |G
Y: % Xt

As in the baseline, the first three columns define the long-run effects of aggregate macro
trends. Restrictions on GDP, wages, employment and the gender gaps are identical to the
baseline. In addition, we assume that the long-run effect of technology, automation and
labor supply on the level of males employment and wages is identical to their aggregate
counterparts. This implies, for example, that the long-run feedback of automation to
aggregate employment and males employment is identical —i.e., 33 = v73. Together with
the zero long-run restrictions on the gender differentials, such assumption preserves the
long-run gender neutrality of macro trends.

The remainder columns identify the four gender-specific trends. A few remarks are
in place. First, similarly to the baseline, female(male)-specific labor demand is sep-
arable from female(male)-specific labour supply because the former implies the same
co-movement between gender gaps, while the latter implies a negative sign on the co-
movement between gender gaps. Consistent with the results from the theoretical model
in Figure E.1, female-specific and male-specific shocks are assumed to have non-negative
long-run effect on GDP and are mutually exclusive via the opposite sign effect on the em-
ployment gap. The uniform priors for the remainder gender-specific feedback to macro
are formulated using the impulse responses in Figure E.1 as a reference point. Further-
more, both the female-specific and the male-specific shocks are normalized to have unit
long-run effects on the wage gap, so that the feedbacks to the employment gap can be
interpreted in terms of v and A, as in the baseline. Furthermore, we assume that female-
specific and male-specific shocks have symmetric effects on both the gender gaps and
macro aggregates. This implies that the elasticities of macro aggregate with respect to
male-specific shocks span the same uniform boundaries of the macro feedbacks to female-
specific shocks. In this way, we remain agnostic about the relative strength of female-
and male-specific shocks. Finally, we also estimate the effects of female-specific shocks
to males employment and wages — i.e., Vg4, Vg5, V74, V75. As discussed in section 8, this is
particularly useful because we can make inference on the crowding out effect, conditional
on either a female-specific shocks. These effects are captured by v, and v75. The prior
on both these elasticities is rather loose: it uniformly spans the probability set [-1,0]. This
allows the likelihood to visit both regions with large and small crowding out effects. The
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prior and posterior estimates are summarized in table E.1.

Table E.1: Prior distributions and posterior estimates

V14
Vo4
V34
Vg4
V74
V15
Va5
V35
Vg5
Vrs
Vie
Va6
V36
Vg6
V76
7
Vo7
V37
Vg7
Vg7
—V33
A
Y

Yy — GDP
V=W
vy~ E
vy — Wi
by = En
af—>GDP
ap — W
aj — E
ap — Wy,
a; — En
Vy — GDP
U — W
Uy — E
U — W
Um = Em
am — GDP
Ay — W
am — E
A — W,
am — B,
a—F

ai:{f,m} — E_’f*m,t
77ZJ2':{f,m} — Ef—m,t

Prior Posterior

Density Support Mean Mode  90% HPD

Uniform [0, 2] 1.61 139 (1.23,1.92)
Uniform [—2,0] -0.24  -0.30 (-0.52,-0.03)
Uniform 0, 3] 227 194  (1.89,2.69)
Uniform [0, 1] 1.60 1.69 (1.07,2.03)
Uniform [—1,0] 273 2.07 (1.98,-3.53)
Uniform [0, 1] 094 099 (0.80,0.99)
Uniform 0, 1] 091 099 (0.77,0.99)
Uniform [—0.5,0.5] 0.26 031 (-0.04,0.46)
Uniform [0,1] -0.01  0.00 (-0.21,0.13)
Uniform [—1,0] -0.33 041 (-0.63,-0.10)
Uniform [0, 2] 0.62 057 (0.13,1.13)
Uniform [—2,0] -1.51 -1.52 (-1.97,-0.72)
Uniform [0, 3] 0.81 091 (0.30, 1.25)
Uniform [—1,0] -0.40 -0.20 (-0.89,-0.06)
Uniform [0, 10] 6.10 580 (5.30,7.29)
Uniform [0, 1] 0.63 098 (0.09,0.95)
Uniform [0, 1] 0.72 0.82 (0.26,0.94)
Uniform [—0.5,0.5] 0.15 020 (-0.29,0.44)
Uniform [0, 2] 1.68 195 (1.18, 1.96)
Uniform [0, 1] 0.54 0.68 (0.07,0.92)
'(0.3,.15) (0, 00) 0.39 041 (0.20,0.54)
I'(1,.5) (0, 00) 1.31  1.57 (0.81, 1.61)
['(3,1.5) (0, 00) 6.28 6.7 (548, 6.81)

Notes: The posterior moments are generated from the last 10,000 of 50,000 draws generated from the RW

Metropolis-Hastings algorithm. I'(y, 02) refers to the Gamma prior density with mean . and variance o2
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