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Abstract

This paper reconciles different approaches to estimating the labor market effects
of children. Combining elements from event-study and instrumental-variable
estimators we find that while both approaches imply a 15 percent increase in
the mother–partner earnings gap (“child penalty”), they differ in what drives
this gap. The standard event study attributes it primarily to reduced maternal
earnings, but our results suggest maternal changes account for less than half.
We show that women time fertility as their earnings profile flattens, causing
the event study to overestimate the maternal penalty. This finding has broader
implications for event-study designs, as pre-trends may be uninformative about
selection bias.
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1 Introduction

Why do women earn less than men? Existing evidence finds that a substantial part
of the gender pay gap can be attributed to the differential labor market costs of
having children. While women’s labor market earnings drop significantly around
the time of their first childbirth, no such decline is apparent among men. This paper
provides methodological and empirical contributions to this literature.

Estimating the impact of having children on labor market outcomes is a complex
task, as fertility is intertwined with other factors that affect these outcomes. Ne-
glecting these confounding factors results in omitted variable bias. To address this
issue, the recent literature has mainly relied on event study approaches to study
extensive margin fertility effects, pioneered by Korenman and Neumark (1992) and
Waldfogel (1997), further developed by Anderson et al. (2003), Miller (2011) and
Angelov et al. (2016) and more recently popularized by Kleven et al. (2019). These
designs identify the effect of having children by comparing women who give birth at
different times under (i) no anticipation and (ii) a common-levels/trends condition
for untreated potential outcomes across timing cohorts—assumptions that can be
violated if fertility timing is correlated with the slope of women’s counterfactual
earnings profiles.

An alternative approach proposed by Lundborg, Plug, and Rasmussen (2017)
(henceforth referred to as LPR) is to use IVF (in vitro fertilization) as an instrumental
variable for fertility. They showed that, given participation, the outcome of IVF
treatment is conditionally as good as random, and therefore can be used to estimate
the causal effect of fertility on earnings. To ensure identification, this approach
(henceforth LPR-IV) requires the standard instrumental variable assumptions: condi-
tional independence (given age, education), monotonicity, and exclusion (no direct
effect of IVF success except through births).

The event-study and instrumental-variable approaches target different treatment
effects. Event studies center time at birth and estimate dynamic treatment effects
of fertility: the effect of having a child of a given age. In contrast, Lundborg et al.
(2017) center time at the IVF attempt, and estimate the effect of having a child (of
any age) at a given point in time since the attempt.

The two approaches also operate under distinct assumptions. This implies that
if the exogeneity of fertility timing fails then the event study is compromised. The
assumptions of the IV approach are challenged by delayed fertility–women who
fail a first IVF trial catching up later–as this not only changes the complier group
over time, but also the age composition of the children. As pointed out by Lundborg
et al. (2017), the fertility response is underestimated (a positive bias) if the impact
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of having children on female labor earnings is particularly large when children are
young.

In a first contribution we explore the differences between these two models,
and show that the estimated treatment effects in LPR-IV can be viewed as latent
mixtures of different dynamic (age-of-child specific) treatment effects. We find that,
as compliance to the instrument falls with time since the attempt, the LPR-IV model
assigns increasingly more negative weight on the effect of children born after the first
IVF trial because these are overrepresented in the control group. This mapping also
delivers a hybrid IV approach (henceforth referred to as event-IV) which exploits the
design of Lundborg et al. (2017), but estimates age-of-child specific treatment effects
that are comparable to the event-study, while addressing the complications stemming
from delayed fertility. We also propose a simple increasing-horizon homogeneity
check: we re-estimate age-of-child effects on progressively larger balanced horizons
and test for stability; in our data, estimates are highly stable.

Second, we bring these three estimators–event, LPR-IV, and event-IV–to the data,
and re-examine the labor market effects of having children using administrative data
on IVF treatments, family links and labor market outcomes for the entire Norwegian
population. Across all models we observe a considerable 15 percent increase in the
long-term earnings gap between parents, often referred to as the child penalty. The
models disagree however on the extent to which women or partners are driving this
gap.

The policy implications of child penalties rest on whether it is the woman or the
partner who drives this result. If the impact of children on parental earnings gaps is
caused by partners earning more while women’s earnings remain unchanged, then
policies aimed at promoting female labor supply, such as flexible work arrangements,
may not be effective in closing the gap. Conversely, if gaps result from a reduction
in women’s earnings, such policies may work as intended.

The event-study model suggests that for earnings nearly all of the child penalty
is driven by women, and points to large negative long-run effects on maternal
earnings of around 13 percent, in line with previous event-study estimates from
other Scandinavian countries, including Norway (e.g., Kleven et al., 2019; Andresen
and Nix, 2022). In contrast, the LPR-IV model reveals negligible point estimates
for women, in line with recent evidence from Denmark which can estimate fertility
effects on the very long run (up to 24 years after birth) (Lundborg et al., 2024).
Finally, the event-IV model falls in between, and attributes about half of the child
penalty to women and finds a reduction of 7 percent. Turning to partners’ earnings,
the ordering of the estimates goes therefore in the opposite direction: The event-
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study model estimates an increase of 2 percent, while the LPR-IV model estimates
an increase of 16 percent. The event-IV model once again falls in between at an
increase of around 9 percent.

Focusing on the results from the event-IV model, we find that the earnings
response for women is primarily driven by changes in employment status. For
partners we also see employment responses, but the effect on earnings is also
partially explained by both responses on hours worked and hourly wages.

Third, we explore the sources of bias and differences in estimates between
models. The positive bias of the LPR-IV model is explained by increasingly more
negative weight on the negative child-age effects for younger children. By the
end of our estimation period the combined absolute size of these weights is about
three-thirds compared to the weight that the contemporaneous child-age effect
receives.

The difference between the standard event-study model and the event-IV es-
timates of the effect on women’s long-run earnings is largely accounted for once
we adjust earnings profiles for time since the IVF trial (a predetermined variable).
The remaining difference between the event-study estimates with these timing
controls and our event-IV estimates is driven by the always takers to our instrument–
women who conceive naturally, adopt, or are successful at later trials–having higher
earnings.

Fourth, even without relying on instrumental variable assumptions, we therefore
find that seemingly robust findings can substantially change when controlling for
the typically unobserved timing of women’s fertility attempts. We estimate the
counterfactual earnings profiles to understand how endogenous timing of fertility
biases estimates from the standard event-study setup. These results reveal that
women have their first child when their earnings profiles start to flatten out, and that
women who have children later are on wage profiles that continue to grow beyond
those of women who have children earlier. This is clear evidence of a violation of
the parallel-trend assumption.

Finally, the type of selection we uncover not only show that pre-trends are not
always informative of violations of parallel trends in the treatment period, but
also that extrapolations of the pre-trend–a common robustness check formalized in
Rambachan and Roth, 2023)–may exacerbate the bias relative to the standard-event
study specification. Pre-trends (and bias) may also arise because of confounding
treatment effect heterogeneity as discussed in a series of recent advancements (see,
e.g. Sun and Abraham, 2021; Callaway and Sant’Anna, 2021; Borusyak et al., 2024;
Goodman-Bacon, 2021; de Chaisemartin and D’Haultfœuille, 2020). However, we
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find that while estimates based on Callaway and Sant’Anna (2021) align pre-trends,
they exhibit a more negative bias taking the event-study estimates that adjust for
endogenous timing or the event-IV estimates as a benchmark.

Our results speak to women who conceive through IVF. In Norway about six
percent does so, and they therefore represent a non-negligible (and increasing share)
of the broader population. It is however an open question to what extent our results
generalized elsewhere. We find that IVF women are similar to non-IVF women.
Women have slightly more education and conceive at slightly higher ages, but are
otherwise similar to the general population of women.

We also interpret our results as suggesting that IVF births are not substantially
different from regular births. A common concern is “disappointment” after an
unsuccessful IVF attempt, which may affect behavior or mental health (e.g. Gallen
et al., 2023; Martinenghi and Naghsh-Nejad, 2025). However, disappointment
from not conceiving is unlikely to be specific to IVF, and standard event-study
analyses for the broader population also likely include disappointed women in
the comparison group.1 This is especially true for our event-study estimates for
IVF women, where any disappointment effect, if present, is also embedded in
the counterfactual. Together, these considerations suggest that disappointment
effects are unlikely to explain the major differences across models. Finally, while
we document mental-health impacts, they are short-lived and affect a minority of
IVF women, and our estimated effects of children are virtually unchanged when we
control for these channels or exclude potentially affected women. This pattern is
inconsistent with large average effects operating through this channel.

In addition to the literature cited above, this study also relates to a longstanding
literature on the relationship between fertility and female labor supply. Early
dynamic labor supply models incorporated fertility decisions by including child care
costs in the index function of dynamic choice models (see, e.g. Adda et al., 2017;
Heckman and McCurdy, 1980; Hotz and Miller, 1988). Recognizing the endogeneity
of fertility, a strand of papers has used information on e.g. contraceptives, infertility
shocks, and miscarriages to estimate the impact of fertility on labor supply (see,
e.g. Hotz et al., 2005; Cristia, 2008; Aguero and Marks, 2008; Miller, 2011; Gallen
et al., 2023). The endogeneity concern has also been addressed with twin-birth
and same-sex instruments, though these are only suitable to study effects along the
intensive fertility margin (e.g. Rosenzweig and Wolpin, 1980; Angrist and Evans,
1998; Bronars and Grogger, 1994).

1Similar issues arise in other IV settings where eligibility rules or lotteries may generate disap-
pointment among nonrecipients—for example, school assignment, housing assistance, job training,
or health-care access.
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In the next section we start by providing the relevant institutional background
information concerning IVF treatments as well as the social benefit system that may
mediate the impact of motherhood on labor market outcomes. Section 3 describes
the registry data and sample construction. We then present the existing estimators
in Section 4, and connect them to the new empirical approach of this paper. Section
5 investigates the validity of success in the IVF trial as an instrumental variable.
The child-penalty estimates are reported and discussed in Section 6, after which
Section 7 traces the sources of their differences and discusses the resulting bias. We
consider the external validity of our findings in Section 8. Section 9 summarizes
and concludes our analysis.

2 Institutional Context

IVF

In vitro fertilization (IVF) is a method for women to become pregnant after failing to
conceive through regular intercourse. The process is initiated by intake of medicines
designed to increase the number of eggs the patient normally produces during
ovulation. The eggs are then collected and manually fertilized with donor sperm
or sperm from the woman’s partner at a clinic. The fertilized egg (zygote) is then
cultured for 2-6 days in a growth medium. Once an egg is successfully fertilized
it can be implanted in the woman’s uterus. The default IVF procedure during our
period of observation was a single embryo transfer. This means that IVF had a
relatively low occurrence of multiple births (Bhalotra et al., 2019; Bhalotra and
Clarke, 2019) (in our data, <0.1).

The receipt of IVF treatment in Norway is regulated by the Biotechnology Law.
Women who fulfill the following eligibility criteria are entitled to three treatments
at a public hospital: (i) infertility diagnosis certified by a physician, which requires a
failure to conceive after a year of regular intercourse; and (ii) live in a marriage-like
relationship. A treatment includes both harvesting of eggs and implantation of
fertilized eggs. In cases where multiple eggs are fertilized and frozen after one
retrieval, the implantation of these eggs are considered part of a single treatment. It
is therefore possible to go through several rounds of inserting fertilized eggs within
one treatment. In our analyses we refer to trials or attempts as the insertion of eggs,
which is identified in the data since hospitals are reimbursed by the government for
these procedures. Public institutions prioritize childless couples where the age of
the women is below 39 and her BMI is below 33kg/m2.

The co-payment for the first three treatments at a public hospital is about NOK
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6 000 (USD 670 in 2019) per treatment, and covers medicines and pharmaceutical
expenses. Private institutions offer an alternative to public hospitals and comprise
15-20% of the market. Private options are considerably more expensive – around
NOK 100 000 (USD 10,900) for a single treatment – but may have shorter wait
times and more flexibility in terms of age requirements.

Social benefits

The relationship between fertility and labor market outcomes may be shaped by
labor market institutions and social insurance systems. Since the 1970s, Norway has
implemented comprehensive parental support policies (NOU 2017:6, 2017). During
our study period, parents were entitled to approximately one year of parental leave
after childbirth, with two options: either slightly less than a year at 100% wage
replacement or a longer period (extended by ten weeks) at 80% wage replacement.

The support system extends beyond parental leave. Pregnant women can request
welfare support if their working conditions pose potential risks to maternal or fetal
health. Legal protections prohibit employers from pregnancy-based discrimination
in hiring, promotion, and termination decisions. The system also provides generous
sick leave benefits, allowing workers to take time off both for personal illness and
to care for sick children. Furthermore, beginning in the early 2000s, the national
government significantly expanded formal childcare, making subsidized facilities
widely accessible to virtually all families (Andresen and Havnes, 2019; Drange and
Havnes, 2019). Together, these various support mechanisms—spanning pregnancy,
childbirth, and child-rearing periods—may help offset potential fertility-related
earnings losses.

3 Data sources and sample

Data and variables

The empirical analysis is based on data that combine several administrative registers
from Statistics Norway and the Norwegian Directorate of Health. Every Norwegian
resident receives a unique personal identifier at birth or upon immigration, enabling
us to match the health records with administrative data for the entire resident
population of Norway, which contains information on birth and death dates, sex,
district and municipality of residence, country of origin, and education. The data
further include family links, allowing us to match women with their partners and
children. These data are available for us up until 2022.
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Every IVF treatment administered at a public hospital is recorded in the Nor-
wegian Patient Registry. This registry contains complete patient level observations
of all visits financed by the Norwegian public health care system. From 2008 on-
ward, the records contain patient identifiers that can be linked to administrative
data. The patient data include information on primary and secondary diagnoses
(ICD10), surgical/medical procedures (NCSP/NCMP)2 , exact time, date and place
of admissions and discharges. We use these data to identify IVF trials from the
surgical procedure code “LCA 30 - Transfer of zygote or embryo to uterus in assisted
fertilization.” Additionally, we construct a variable with counts of the number of
days spent (both inpatient and outpatient stays) at the hospital in a given year.
These data are available over the period 2008 to 2017.

In addition to health records from hospital visits, we retrieve data on visits to
primary care physicians from the Control and Payment of Health Reimbursement
(KUHR). These data include the date of visit, diagnosis codes (ICPC-2) and reim-
bursement fees. From these data, we construct a variable measuring the number
of GP visits in a given year, and a binary indicator for whether at least one visit
was coded with a psychological symptom or disorder. This indicator includes both
milder symptoms, such as anxiety, stress, or sleep problems, and more severe diag-
noses, such as depression, psychosis, or substance abuse. We also define a separate
indicator restricted to the severe diagnoses only (see Appendix Table A12 for the
full list of codes). The data are available for us from 2006 to 2017.

Our main labor market outcomes are derived from the employer-employee
registry. This registry contains information on start and stop dates of a job spell, as
well as the corresponding labor income, occupation, sector and contracted hours.
We have access to these data for the period 2004 to 2022.

We define four variables to capture individuals’ labor market attachment. Our
main outcome, Earnings, captures yearly labor income, excluding parental leave
benefits. We adjust for inflation using 2015 as the base year. Employed is a binary
indicator equal to one if the individual has labor income more than the substantial
gainful activity level in a given year, zero otherwise.3 Hours is the number of
contracted hours over a year, and Hourly earnings is the wage rate, calculated by
dividing earnings by hours. In the main part of the paper we focus on the effects on
labor earnings and report estimates for the other outcomes in the appendix. We

2Standardized systems developed for consistent coding of surgical and medical procedures across
Nordic countries.

3The substantial gainful activity level (“basic amount”) was equivalent to NOK 90 068 in 2015.
The basic amount is used by the Norwegian Social Insurance Scheme to determine eligibility for
welfare benefits.
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also report estimates for earnings including all social benefits in Appendix A.8.

Sample

Our main analysis sample consists of 10,033 women who had at least one IVF trial
over the period 2009 to 2016, and who did not have any children prior to their first
attempt. We exclude women with any IVF trial in 2008, which is the first year in
which IVF treatment can be identified in our data. As most women pursue a second
attempt within twelve months upon failure at first attempt, this allows us to restrict
our sample to women who receive IVF treatment for the first time. We also restrict
the sample to women who are at least 18 years old, and who were registered with
a partner in the year of the first IVF treatment.4 For comparison, we also construct
a sample of women who had children without IVF treatment. This sample consists
of women who had their first child in the same period as the successful IVF women
(2009 to 2017), and who were registered with a partner in the year of conception.

Descriptive statistics are presented in Table 1. We follow Lundborg et al. (2017)
and define attempts as successful if (i) the woman gives birth within five to ten
months of the trial, and (ii) there were no other trials in the time between the trial
and the birth. In our sample, the average number of IVF trials is about 2.8, the
success rate after one trial is 31 percent, and the end-of-period success rate is 63
percent. In total 83 percent of the IVF women eventually have at least one child.
The difference between realized fertility and IVF success at the end of the sample
period is explained by child birth without the aid of IVF, adoption, and possibly
also children born after successful IVF attempts at private clinics. At the end of our
observation period, 30 percent of the IVF women have one child, and 42 percent
have two children, 9 percent have three children, and virtually none have four
children or more. Among the IVF mothers, i.e. those who have at least one child, 36
percent (0.30 / 0.83) have one child, 53 percent have at least two children, and 12
percent have three or more children (see also Table A2). For comparison, non-IVF
mothers are more likely to have two or more children, 23 percent have one child,
while 60 percent have two children, and 17 percent have three or more children.5

The average age at first trial is just below 32, while non-IVF women have their
first child at age 28. The education level is very similar but slightly higher for IVF

4Only women in stable unions are eligible for public IVF treatment. However, this does not require
a formal marriage, and partnership may therefore not show up in the administrative data. When
restricting our sample to women with a registered partner, we lose 14 percent of the IVF participants,
and 46 percent of the non-IVF women.

5When we limit our sample to the women we can observe for 3 years after the trial, 62% of
those who failed their first trial have at least one child, 74% of women have one child (regardless of
outcome of first trial).

8



Table 1. Descriptive statistics for IVF women and non-IVF women

(1) (2) (3)
IVF Non-IVF Difference

Woman characteristics
Number of IVF attempts 2.84
Success, first trial 0.31
Success, endpoint 0.63
Fertility, endpoint 0.83 1
Total number of children 1.47 1.97 -0.50 (0.01)
0 children 0.17 0
1 child 0.30 0.23 0.07 (0.00)
2 children 0.44 0.60 -0.15 (0.01)
3 children 0.09 0.16 -0.07 (0.00)
4 children 0.01 0.02 -0.01 (0.00)

Age 31.8 28.4 3.41 (0.05)
Education
- Compulsory 0.14 0.17 -0.03 (0.00)
- High School 0.24 0.23 0.01 (0.00)
- Bachelor 0.42 0.41 0.01 (0.01)
- Master 0.20 0.19 0.01 (0.00)
Earnings (1000 NOK) 362.7 289.9 77.2 (1.86)
Hours (FTE) 0.88 0.79 0.10 (0.00)
Employed 0.80 0.67 0.14 (0.00)
Hourly earnings (NOK) 221.1 197.5 23.6 (1.85)

Sickness absence days 15.0 11.1 4.85 (0.30)
Visits to general practitioner (GP) 2.51 2.16 0.50 (0.02)
Any (mild/severe) psychological symptoms 0.14 0.12 0.02 (0.00)
Severe psychological symptoms 0.06 0.06 0.00 (0.00)
Hospital days 2.13 1.01 1.25 (0.04)

Partner characteristics
Age 35.1 31.2 3.9 (0.06)
Female 0.01 0.01 0.00 (0.00)
Education
- Compulsory 0.17 0.20 -0.03 (0.00)
- High School 0.39 0.37 0.02 (0.01)
- Bachelor 0.27 0.26 0.01 (0.00)
- Master 0.17 0.17 0.00 (0.00)
Earnings (1000 NOK) 454.9 385.4 69.5 (2.90)
Hours (FTE) 0.84 0.78 0.06 (0.00)
Employed 0.84 0.76 0.08 (0.00)
Hourly earnings (NOK) 281.2 254.6 26.6 (2.42)

N Women 10 033 109 791
Notes: Column (1) shows descriptive statistics for women who had at least one IVF trial over the
period 2009 to 2016. Column (2) shows descriptive statistics for women who had at their first child
without IVF treatment during the period 2009 to 2017. By construction, this includes only women
who have at least one child. Column (3) shows the difference and corresponding standard error.
Labor market outcomes and health indicators are measured as averages over the four years prior to
the first IVF trial, or, for non-IVF women, prior to the approximate conception date. Education is
measured in the calendar year before the IVF attempt / approximate conception date. Age is defined
as the maternal age at the date of the IVF attempt / approximate conception date.
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women, with 38 percent with high school education or lower, and 62 percent with
a bachelor’s degree or higher, compared to 40 percent and 60 percent for non-IVF
women. While IVF women’s average pre-trial earnings were 363,000 NOK (ca.
36,300 USD), non-IVF women earned 290,000 NOK per year. Among IVF women,
80 percent were employed, on average they worked the equivalent of 88 percent
of a full-time position (FTE) per year, and earned 221 NOK per hour worked. For
non-IVF women, 85 percent were employed, and their number of hours worked per
year equaled 0.79 FTEs on average, yielding 198 NOK in hourly wages.

IVF women had somewhat higher utilization of health care services. Their
pre-treatment sickness absence was 15 days per year, compared to 11 for non-IVF
women; and they spent on average 2.1 days per year at a hospital, compared to 1
day for non-IVF women. The average number of visits to the GP was about 2.5 per
year for IVF women, and 2.2 for non-IVF women. There was only a small difference
in the share with at least one GP visit for any psychological symptom (severe or
mild): 0.14 among IVF women and 0.12 among non-IVF women. In both groups,
0.06 had at least one visit related to severe psychological symptoms.

The average age of partners is 35 for IVF-women, compared to 31 for non-IVF
women. The share registered with a female partner is one percent in both samples.
The education levels of partners seem to be fairly similar across the two samples,
with 27 percent holding a bachelor and 17 percent holding a master in the IVF
sample, compared to 26 percent and 17 percent, respectively, in the non-IVF sample.
Partners of IVF women earned on average 455,000 NOK and worked 0.84 FTEs per
year, while partners of non-IVF women earned 385,000 NOK and worked 0.78 FTEs
per year.

Compared to non-IVF women giving birth during the same period, we therefore
see that IVF women tend to be somewhat older, and earn and work more, while
their educational attainments are only marginally higher. The same patterns are also
seen for their partners. In terms of our health measures the women are comparable,
and while non-IVF women are more likely to have more than one child, their final
fertility patterns are overall quite similar.

4 Estimating the effects of fertility on labor market outcomes

This section lays out our empirical framework in four steps. We begin with the
birth-centered event-study design that is standard in this literature, detailing the
identifying assumptions and the dynamic, age-of-child effects it recovers. We then
review the IVF-based instrumental-variables approach of Lundborg et al. (2017)
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(LPR-IV), which replaces the event-study exogeneity requirement with conditional
randomness of IVF success and identifies extensive-margin fertility effects. Next,
we formally connect the two approaches by showing that the LPR-IV estimand at
a given time since the IVF attempt can be expressed as a mixture of age-of-child
effects, clarifying why estimates may diverge when timing and age effects interact.
Building on this link, we introduce an instrumental-variable event study (“event-IV”)
that centers time at birth, adjusts flexibly for the timing of the IVF attempt, and uses
IVF success to address endogenous fertility timing while preserving dynamic, age-
specific effects, and detail an over-identification check. We conclude by describing
how we scale effects and define the child penalty to facilitate comparison with the
existing literature.

4.1 Event study

To estimate how fertility affects women’s labor supply we start by implementing
the event-study specification that is standard in the literature and which centers
time on the event of interest, Ti, the time of birth of woman i’s first child. Given the
age of the child in period t, ai t ≡ t − Ti , we can define child-age specific indicators
1{ai t = a}.

If we consider potential outcomes ya
it for woman i in period t, then observed

outcomes map to potential outcomes as follows

yi t =
∑

a

(ya
it − y∞i t )1{ai t = a}+ y∞i t (1)

where superscript a =∞ indicates the counterfactual of never having a child, and
a <∞ the counterfactual of having a child of age a (negative values of a refer to
time before birth).

Most studies estimate equation (1) on samples of mothers, and make functional
form assumptions that result in the following baseline event-study specification that
we consider in the analysis below

yi t =
∑

a ̸=−1

δa1{ai t = a}+ x ′i tφ +τt + εi t (2)

This specification anchors the counterfactual wage profile to a year prior to birth
(a = −1). The coefficients on the child-age dummies, δa, allow for age-of-child
specific effects on the outcome yi t . The counterfactual wage profile consists of
controls x i t which adjust flexibly for women’s age using dummy variables, and
calendar year dummies τt . The main outcome and summary measure of women’s
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labor supply that we consider is yearly earnings from employment, but we also look
at additional outcomes in section A.6.

If there are no anticipation effects, ya
it = y∞i t for all a < 0, and if untreated

potential outcomes satisfy a common-levels condition,

E[y∞i t | Ti, x i t ,τt] = E[y∞i t | x i t ,τt], (3)

then for each timing-cohort Ti = g the cohort-specific average treatment effect (ATT)
at event time a,

δag ≡ E[ya
it − y∞i t
�

� Ti = g, ai t = a],

can be identified using not-yet-treated units.6 When the estimation restricts attention
to mothers, the counterfactual outcome profile is therefore identified from pre-birth
(untreated) outcomes, coming from differential timing of first birth across women.

In the event-study specification (2), which imposes a common set of event-time
coefficients across timing cohorts, the OLS estimates of δa equal the simple ATT at
event time a only under a cohort-homogeneity restriction δag = δa for all g; without
homogeneity, the estimates of δa are (possibly non-convex) weighted averages of
the δag . Below we also report results using the event-study estimator proposed by
Callaway and Sant’Anna (2021) (Figure A15) that relaxes the cohort-homogeneity
assumption.

With few exceptions the baseline event-study specification in the literature that
estimates the effect of children on mothers’ labor supply does not include mother
fixed-effects (e.g. Kleven et al., 2019). Adding mother fixed effects absorbs all
time-invariant earnings heterogeneity, weakening the exogeneity assumption (3) to
a common-trend assumption:

E[∆y∞i t | Ti, x i t] = E[∆y∞i t | x i t]

Below we also report event-study estimates that adjust for mother fixed effects
(reported in Figure A16 in the appendix) for completeness.

Much of the literature also examines the earnings gap between women and men
rather than focusing on women’s earnings alone (e.g. Kleven et al., 2019; Andresen
and Nix, 2022). Rather than assuming that women’s earnings trajectories would be
identical regardless of when they have children, this assumes that the earnings gap
between women and men would evolve similarly in the absence of children. This
approach comes of course at a cost: it only allows one to examine the difference in

6See f.e. de Chaisemartin and D’Haultfœuille (2020); Callaway and Sant’Anna (2021); Sun and
Abraham (2021); Goodman-Bacon (2021); Borusyak et al. (2024)
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outcomes between women and men, without being able to identify their separate
impacts. We further discuss this distinction in Section 4.5.

4.2 Fertility effects of IVF (LPR-IV)

If the timing of birth correlates with unobserved levels and/or trends in earnings
(e.g., women with lower or declining unobserved earnings potential tend to give
birth earlier), the exogeneity condition of the event study fails and δa may be biased.
This is why some have advocated for approaches that exploit arguably exogenous
variation in fertility at the extensive margin.

One such alternative approach to identify fertility effects which does not rely
on the event-study exogeneity assumption, is due to Lundborg et al. (2017), who
argue that IVF births provide variation in fertility that is conditionally exogenous.
Specifically, conditional on a woman’s age, education, and the timing of IVF, the
outcome of the first IVF attempt is assumed random.

Let IV Fi be the calendar year of woman i’s first IVF treatment and re-index time
by years since IVF: p = t − IV Fi ∈ {0, 1,2, . . .}, so yip ≡ yi, t=IV Fi+p, etc. Define the
instrument successi ∈ {0, 1}, equal to one if the first IVF leads to a birth roughly
nine months later. The "treatment" at horizon p is the extensive-margin indicator

Fertilityip ≡ 1{Ti − IV Fi ≤ p}.

Lundborg et al. (2017) estimate, separately for each horizon p, the following
equation

yip = γp Fertilityip + x ′ipψ+ηIV Fi
+ θp + uip, (4)

where γp is the extensive-margin fertility effect of interest. To account for the
endogeneity of fertility they instrument Fertilityip with IVF successi:

Fertilityip = πp successi + x ′ipλ+ ζIV Fi
+ ξp +ωip. (5)

Here x ip includes flexible dummies for (woman’s) age, and both equations control
for IVF year, IV Fi (i.e. ηIV Fi

and ζIV Fi
) , and time since IVF, p (θp and ξp). In addition

all controls are interacted with education to support conditional independence.7
We refer to the 2SLS estimate of γp as the LPR-IV estimator.

Identification of γp at horizon p relies on: (i) instrument relevance (πp ̸= 0), (ii)
7While Lundborg et al. (2017) estimate (4) separately for each horizon p, we impose homogeneity

in (4), which yields a more parsimonious mapping as shown below. This does not matter for the
results. Figure A18 compares the p-stratified estimates with those from the specification in (4), and
shows that these are nearly identical.
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Figure 1. Fertility by success at first IVF trial
Note: Share of women having at least one child by year relative to first IVF treatment, grouped by
success in first trial. The sample includes all women who underwent IVF treatment in 2009 to 2016,
had no children prior to their first IVF attempt, and were registered with a partner at the time of the
attempt (unique women = 10,033; observations = 173,480).

conditional independence of successi given age, education, and IV Fi, (iii) mono-
tonicity (mechanical here since successi = 1 implies a birth by p = 0), and (iv) an
exclusion restriction stating that, for p ≥ 1, IVF success affects yip only through
Fertilityip. Under these conditions, the 2SLS coefficient γ̂p has the usual Wald inter-
pretation as an estimate of the local average treatment effect of fertility for women
who have a child p years after the IVF attempt if the IVF is successful but not
otherwise.

However, Lundborg et al. (2017) point out that this interpretation is compromised
if IVF success not only affects whether a woman has a child in period p but also the
age of that child. Figure 1 shows that delayed fertility is indeed a concern: many
women with an unsuccessful first IVF subsequently conceive later. As a result, the
first stage equals one on the very short run after nine months, (i.e. all women are
very short-run compliers), and weakens as p increases (growing shares of always-
takers by horizon p). This means that successi not only changes whether a woman
has had a child by p but also by the child’s age at p. As a consequence, γp at longer
horizons can mix extensive-margin effects with timing (age-of-child) effects and
may understate short-run impacts when effects diminish with child age.

It is therefore not immediate how the IV estimates of γp compare to the dynamic,
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child-age effects of the event study. We address this by formally linking γp to
first-stage–weighted averages of child-age-specific effects in the next subsection.

4.3 Mapping LPR-IV fertility effects (γp) to child-age effects (δa)

Write the child’s age at horizon p as aip ≡ p− Pi where Pi = Ti − IV Fi is the realized
time-to-birth (with aip =∞ if Pi > p). For each p ≥ 0 and a ∈ {0, . . . , p}, there is an
age–horizon first stage

1{aip = a}= πap successi + x ′ipλa + ζa,IV Fi
+ ξap +ωaip, (6)

Substituting these age-horizon first stages into the following identity8

Fertilityip ≡
p
∑

a=0

1{aip = a},

gives the first-stage (5) of LPR above where the first-stage coefficient πp maps to
the age-horizon specific first-stage coefficients as follows9

πp =
p
∑

a=0

πap

Similarly, write the horizon-p outcome as

yip =
p
∑

a=0

δap 1{aip = a}+ x ′ipψ+ηIV Fi
+ θp + uip, (7)

then substituting the age-horizon first-stages gives the following reduced form

yip = ρp successi + x ′ipφ̃ + η̃IV Fi
+ ξ̃p + ũip (8)

where the reduced-form coefficient ρp equals

ρp =
p
∑

a=0

δapπap

8Note 1{aip = a}= 0 for all a > p.
9In addition, λ=

∑p
a=0λa, ζIV Fi

=
∑p

a=0 ζa,IV Fi
, ξp =
∑p

a=0 ξap, ωip =
∑p

a=0ωaip.
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The fertility effect from the LPR-IVmodel, γp = ρp/πp, is therefore a first-stage–weighted
average of the age-horizon effects at p:

γp =
ρp

πp
=

∑p
a=0πap δap
∑p

a=0πap

=
p
∑

a=0

ωap δap, ωap ≡
πap
∑p

a′=0πa′p

. (9)

To make this mapping precise, we now define potential timing under IVF success and
failure and link the age–horizon effects δap and weights ωap to potential outcomes.
Let Ti(s) be the (calendar) year of first birth if successi = s (with Ti(s) =∞ if no
birth), and define the potential time-to-birth since IVF as

Pi(s)≡ Ti(s)− IV Fi ∈ {0, 1,2, . . . ,∞}.

Appendix A.1 shows formally that (abstracting from conditioning), under Pi(1) = 0

and Pr(Pi(0) = 0) = 0,

δap =







E
�

ya
ip − y∞ip
�

, a = p,

E
�

ya
ip − y∞ip | Pi(0) = p− a

�

, a < p,

where ya
ip denotes the potential outcome at horizon p if the child’s age at p were a

(and y∞ip the no-birth potential outcome). For a = p, δpp is the ATT; for a < p the
δap is the ATT for women who have their first born later on an unsuccessful IVF.
The first stage coefficients equal

πap =







1, a = p,

−Pr
�

Pi(0) = p− a
�

, a < p,

which shows that the weights for a < p are negative.
The LPR-IV estimand at horizon p compares IVF successes and failures. As p

grows, many women who failed the first IVF attempt nevertheless give birth later
and enter the control group with younger children. The reduced form at horizon
p therefore equals the contemporaneous age-p effect minus a first-stage–weighted
average of earlier age effects. If earnings impacts are most negative when children
are young, these negative weights mechanically offset the true effect and push γ̂p

toward zero as p increases. Interpreting the LPR-IV profile as genuine fade-out can
therefore be misleading. In the next subsection we show how we can recover the
dynamic, age-specific effects that the event study targets while exploiting exogenous
variation from IVF success.
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4.4 Estimating child-age effects (δa) with IV (Event-IV)

The classic event study identifies child-age effects δa by comparing outcomes of
womenwho give birth at different times, assuming that timing variation is exogenous,
and under a cohort-homogeneity condition. The mapping above shows that the
LPR-IV estimand at horizon p is a first-stage–weighted average of age-specific effects
for women who have different IVF-induced timing. We now show that a timing-
homogeneity condition (δap = δa for p ≥ a), also point identifies age-specific effects
δa but now exploiting the exogenous variation of an IVF success.

To understand why timing-homogeneity is needed to recover the age-specific
effects δa, note that at p = 0 women can only have a newborn (a = 0), so ρ0 =
π00δ00, where δ00 is the average effect of having a zero-year-old immediately
following IVF:

δ00 = E[δi0]

and under relevance (π00 ̸= 0),

δ00 =
ρ0

π00
is identified.

At p = 1 a woman can have at most a one–year–old (a ∈ {0,1}), so ρ1 = π01δ01 +
π11δ11 where

δ01 = E[δi0 | Pi(0) = 1]

δ11 = E[δi1]

Therefore, if we assume timing–homogeneity at age 0, δ01 = δ00, i.e., the effect of
having a zero-year-old is the same for complying women who give birth in p = 0

and p = 1, then
δ11 =

ρ1 −π01δ00

π11
is identified.

By the same logic, we obtain a general recursive identification of δpp provided
πpp ̸= 0, and under a timing–homogeneity (TH) condition that the effect at age a

does not depend on IVF–induced delay:

δap = δa for all p ≥ a,

This assumption mirrors the cohort-homogeneity condition in the event-study design,
and corresponds to the ‘cohort-invariant dynamic effect’ assumption in Ferman and
Tecchio (2025) and Angrist et al. (2025).
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We can estimate δa by imposing the timing-homogeneity assumption on equation
(7) and and estimate it (and the corresponding first-stages (6)) using 2SLS in a
panel where time p is indexed relative to the IVF attempt. However, to make the
link to the event-study explicit we estimate the δa in calendar time. We can move
from IVF-time (p) to calendar-time (t) by stacking horizons and instrumenting
each child-age indicator with IVF success interacted with time-since-IVF dummies,
while controlling for calendar time and time since IVF. This “Event-IV” mirrors the
familiar event-study specification but relies on the exogeneity of IVF to supply the
identifying variation, rather than exogeneity assumptions with respect to timing.

To see how we can change the centering from IVF-time p to calendar-time t,
define the following time-since-IVF dummies Pi t,p = 1{t − IV Fi = p}, and note that
yi t ≡
∑

p≥0 Pi t,p yip. Substituting (7) in this identity then gives

yi t =
∑

p≥0

Pi t,p

�

p
∑

a=0

δap 1{aip = a}+ x ′ipψ+ηIV Fi
+ θp + uip

�

=
∑

a≥0

δa1{ai t = a}+ x ′i tψ+ηIV Fi
+
∑

p≥0

Pi t,pθp + ϵi t ,
(10, event-IV)

where the second line just re-centers from event time p to calendar time t: each
observation (i, t) belongs to exactly one time-since-IVF cell p = t− IV Fi, so the child-
age indicators remain unchanged. Imposing timing-homogeneity (δap = δa for p ≥
a) collapses the stacked horizons to

∑

a≥0δa 1{ai t = a}, while the IV Fi fixed effects
and the flexible profile in time-since-IVF also stay unchanged.10 The corresponding
first stage follows in the same way. Multiply (6) by Pi t,p and sum over p to obtain
the calendar-time first stage (for each age a):

1{ai t = a}=
∑

p≥a

πap (successi Pi t,p) + x ′i tλa + ζa,IV Fi
+
∑

p≥0

Pi t,p θap + uiat

(11, FS, event-IV)
Adjusting for the time–since–IVF dummies Pi t,p ensures that each observation is
compared only to observations at the same event time (the conditioning set for
independence), and interacting successi with Pi t,p creates one instrument per p,
such that the first stages in (11, FS, event-IV) reproduce the same πap used above.
Finally note that, with the full set of time–since–IVF dummies Pi t,p and because
t = IV Fi + p, including IV Fi fixed effects is equivalent to including calendar–time

10Formally, with Pi t,p = 1{t − IV Fi = p}, for each (i, t) there is a unique p∗ = t − IV Fi with
Pi t,p∗ = 1 and Pi t,p = 0 otherwise, hence x ip∗ = x i t and 1{aip∗ = a}= 1{ai t = a}. Timing-homogeneity
implies
∑

p≥0 Pi t,p

∑

a≤p δap 1{aip = a} =
∑

a≥0 δa 1{ai t = a}. Fixed effects pass through because
∑

p≥0 Pi t,pηIV Fi
= ηIV Fi

and
∑

p≥0 Pi t,pθp simply selects the relevant θp. Define the composite error
ϵi t ≡
∑

p≥0 Pi t,puip.
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fixed effects τt; in practice we use τt (together with Pi t,p) rather than IV Fi to align
with the event-study specification.11

While the standard event study estimates effect relative to a = −1, equation
(10, event-IV) uses the horizons p ≥ 0 to estimate the child-age effects relative to
the no–child state (i.e. a < 0 or a =∞). This aligns the normalization with LPR-IV
and makes the LPR-to-event mapping exact. This also means that IV pre-trends
must be estimated separately in the pre–IVF period p < 0. In practice this makes
very little difference because the exogeneity of successi balances potential outcomes
in the pre–periods, and estimates relative to a < 0 closely match those normalized
at a = −1.

It directly follows from the identification arguments above, that the levels of
the relevant potential outcomes for the same complier groups are identified in
the same way. We can therefore follow Abadie (2003), and estimate complier
averages of ya

it and y∞i t by estimating (10, event-IV), which still includes the full set
of mutually exclusive child-age dummies, with dependent variables −1{ai t = a}yi t

(and 1{ai t ̸= a}yi t). The coefficients on 1{ai t = a} then recover estimates of y∞i t
(and ya

it) for the same complier groups. This also allows us to scale the estimates of
δa relative to the counterfactual y∞i t .

Finally, the above suggests a simple check of the timing–homogeneity restrictions
used in equation (10, event-IV). To identify δ0 we use only p = 0 (no homogene-
ity needed). To identify δ1 we add a single homogeneity assumption across the
adjacent timing cohorts p = 0 and p = 1. Moving to δ2 adds another two homo-
geneity assumptions: require that the δ0 effect is invariant between p = 0 and
p = 2 and that δ1 is invariant between p = 1 and p = 2. In general, identifying
{δ0, . . . ,δP} using information from horizons p = 0, 1, . . . , P requires P(P + 1)/2
homogeneity assumptions. As P grows, these assumptions link complier groups that
are progressively farther apart in IVF-induced timing. This delivers overidentifying
restrictions: each δa can be estimated at multiple horizons P ≥ a and should be
stable if timing–homogeneity holds. We implement this check by re-estimating
the age profile for P = 0,1, . . . , 11. Figure A19 shows the age-specific effects are
essentially unchanged as the horizon moves from 0 to 11, providing strong support
for timing–homogeneity.

To summarize, i) centering time on birth renders the treatment invariant to
dynamic extensive margin fertility responses over time, ii) adjusting for timing
through Pi t,p accounts for the dynamic selection into the fertility attempt, and iii)

11We do not (and cannot) restrict the sample to eventual mothers, as doing so would condition on
post–instrument outcomes and invalidate the instruments.
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the instrumentation addresses potential remaining unobserved variable bias due to
other sources of fertility.12

4.5 Definitions of fertility effects and the child penalty

We report all results as relative effects to ensure comparability with the literature
(e.g. Kleven, 2022). Specifically, we scale the estimated fertility effects by the average
counterfactual outcome that would have been observed at the same point in time in
the absence of a child. For women, the estimand is

pwomen
a ≡

E[ya
it − y∞i t | ai t = a,women]

E[y∞i t | ai t = a,women] =
δwomen

a

y∞,women
a

,

where y∞,women
a denotes the average counterfactual outcome for mothers of child age

a. In the event-study specification, this counterfactual is obtained by subtracting the
estimated fertility effects δa from the observed outcomes of parents with children of
age a. In the IV specification, we follow Abadie (2003) to recover the corresponding
counterfactual outcomes. We construct the same measures analogously for partners.

We define the (scaled) child penalty as the difference in relative fertility effects
between women and partners:

pa =
δwomen

a

y∞,women
a

−
δpartner

a

y∞,partner
a

. (12)

Standard errors for the rescaled effects are obtained using the Delta method
(see Appendix A.2).

5 Instrument validity

For the instrumental variable – success in IVF treatment – to be valid, it has to
be uncorrelated with any determinant of the outcomes we study. The testable
implications of this assumption are investigated in Table 2. Here, we report esti-
mates from a regression of pre-IVF earnings (column 1), and IVF success (column
2), on a number of observable predetermined characteristics capturing women’s

12Note that, while we instrument having a child of a particular age at different times since IVF, we
only use one randomization. Challenges related to multiple instruments are therefore not relevant
here. Nonetheless, we have also estimated the model using multiple IVF attempts as separate
instruments, and the results remain virtually unchanged. Additionally, we have estimated the
model by IVF attempt, again finding virtually identical estimates. This supports the homogeneity
assumption. Results are available upon request.
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Table 2. Instrument validity

Pre-IVF Earnings IVF Success
(100K NOK)

(1) (2)
est. s.e. est. s.e.

Woman characteristics
Earnings (100K) 0.004 (0.003)
Hours (FTE) -0.005 (0.010)
Sickness absence days (/10) -0.010 (0.002) 0.001 (0.001)
GP visits -0.036 (0.005) -0.002 (0.002)
Psychological symptoms -0.126 (0.034) 0.006 (0.010)
Hospital days (/10) 0.000 (0.002) -0.001 (0.001)

Partner characteristics
Age (/10) -0.221 (0.031) -0.003 (0.010)
Earnings (100K) 0.115 (0.008) 0.001 (0.002)
Hours (FTE) -0.273 (0.045) -0.008 (0.012)
Education (ref. master)
- Compulsory -0.134 (0.057) -0.021 (0.018)
- High School -0.147 (0.053) -0.030 (0.015)
- Bachelor -0.051 (0.054) 0.001 (0.015)

Constant 3.487 (0.247) 0.361 (0.094)

Mean dependent variable 3.38 0.31
Joint F [p-value] 44.3 [<.001] 1.3 [0.228]
N Women 10 033 10 033
Note: This table reports estimates and standard errors from a regression of pre-IVF earnings (column
1), and of IVF success (column 2) on a number of observable predetermined characteristics capturing
women’s demographics, labor market attachment and health. Labor market and health variables are
averaged over the four years preceding the first IVF trial. Education is measured in the calendar year
before the IVF attempt, and age is measured at the date of the attempt. Missing variables are set to
0, and in these cases we include a dummy equal to 1 if replaced, zero otherwise. As in the event-IV
specification in equation (10, event-IV) and (11, FS, event-IV), both regressions include dummies
for calendar time, time relative to IVF treatment, woman’s age, and education. Joint Fs [p-value]
refer to tests of joint significance of the characteristics shown in the table.

demographics, labor market attachment and health.13 As in the 2SLS specification
in Equation (10, event-IV) and (11, FS, event-IV), all regressions include controls
for calendar time, time since IVF treatment, maternal age, and education, which are
known predictors of success (CDC, 2012; Groes et al., 2017). Our results therefore
rely on conditional exogeneity of success, and not on an assumption that success is
unconditionally random.

In column (1), the regression of pre-IVF earnings on background characteristics
13In appendix Table A1 we also show the raw means by success at first trial.
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Figure 2. Average Earnings Relative to IVF Attempt, by IVF Success
Note: Estimates are regression-adjusted for calendar year, maternal age, and education. Predicted
earnings by IVF success and time are averaged over the covariate distribution in the estimation
sample. The sample includes all women (and their partners) who had their first IVF treatment
between 2009 and 2016, had no children prior to that attempt, and were registered with a partner
at the time (unique women = 10,033; observations = 173,480).

highlights potential confounders of our instrument. Many of these characteristics
are strongly correlated with earnings (our main labor supply measure): women
with poorer health, as measured by visits to their primary care physicians for any
reason or for psychological symptoms, have lower earnings. Women whose partner
has higher earnings also have higher earnings themselves. All characteristics are
jointly significant in explaining pre-earnings, with a joint p-value that is smaller
than 0.001.

A necessary condition for conditional exogeneity is that IVF success is not corre-
lated with all observable characteristics that predict earnings. Column (2) indicates
that characteristics predictive of earnings pre-randomization are generally not pre-
dictive of the instrument. For example, while hospital days is marginally associated
with the IVF success rate, it is not predictive of earnings. Moreover, a test for joint
significance of all variables is not significant and renders a p-value of 0.23.

These results are consistent with the instrument, success, satisfying exogeneity
conditional on women’s age and education. Any remaining confounder must be
correlated with potential earnings and uncorrelated with pre-earnings up to twelve
year prior to the IVF attempt. While it is theoretically impossible to rule out the
existence of important potential confounders, we struggled to come up with concrete
examples.

Although Table 2 indicates that any imbalance is likely to be minor, this test
is based on an average over the four years preceding the first IVF trial. To make
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sure that this average does not hide any imbalance in trends, Figure 2 plots average
earnings for each year since the first IVF trial, by success, completely adjusting for
the controls included in our main specification: calendar time, maternal age, and
maternal education. More precisely, we first construct the estimates in the figure
stratified by calendar year, maternal education and maternal age. We then compute
the population level estimates by averaging across cells for each year since the first
IVF trial. We see that to the extent that there is an imbalance it is constant over time
and trends in earnings are essentially identical in the 12-year period leading up to
the trial. We interpret these results as lending strong support for the assumption
that the results of the IVF is indeed conditionally as good as random.

For the exclusion restriction to hold, we require that IVF success affects no
variables other than fertility directly. Some argue that disappointment and related
outcomes constitute a violation of exclusion (e.g. Gallen et al., 2023). While women
who fail to conceive following IVF may experience disappointment, depression, or
divorce (e.g. Bögl et al., 2024; Martinenghi and Naghsh-Nejad, 2025), we argue
that such outcomes operate through fertility rather than as a direct effect of the
trial and therefore do not violate exclusion. We discuss this in detail, along with
issues of external validity, in Section 8.

6 Children and labor market outcomes

We now present the estimated effects on earnings for the three different models
described in Section 4: the standard event-study, the instrumental variable effect
estimates of fertility since the IVF attempt (LPR-IV), and our specification that com-
bines these two approaches (event-IV). For each model, we report scaled estimates
for women, partners, and the gap between the two (women minus partners, as in
equation 12). Our discussion of long-term effects will focus on age 6, as our panel
is balanced up to and including this age. However, we also present effects up to age
11, though most of these results are confined to the appendix.

6.1 Event-study estimates

We start by reporting the results using the regular event-study specification of
equation (2), estimated on IVF-women and their partners in Figure 3(a).14 Both
women and partners display a comparable pre-trend leading up to birth, indicating
that those who have children earlier are on relatively steeper age-earnings profiles

14This means we include only IVF women who eventually have children, following standard
practice in the event study literature. The non-IVF sample already consists of mothers only.
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Figure 3. Earnings – Event study estimates
Note: OLS event study estimates from specification (2). Panel (a) shows effects separately for women
and partners, panel (b) shows the difference between women and partners. Estimates are scaled
relative to each gender’s counterfactual earnings (Y∞), as described in Section 4.5. Point estimates
are presented in table form in Table A4. The sample includes all women (and their partners) who
underwent their first IVF treatment between 2009 and 2016, had no children prior to that attempt,
were registered with a partner at the time, and eventually had at least one child (observations =
145,571; unique women = 8,349).

compared to those who have children later. Following birth, IVF women see a sharp
drop in earnings of about 27 percent which then attenuates somewhat and stabilizes
at around 13 percent in the longer run. Partners, in contrast, experience almost no
negative effects on earnings following childbirth. Rather, they see a small increase
of about 2 percent in the longer-run.

Figure 3(b) shows the corresponding effects on the earnings gap between women
and their partner. As both parents follow a similar upward-sloping trend in earnings
there is no discernible pre-trend, but there is still a substantial difference after birth
at around 15 percent, which in the long-run is almost entirely driven by the drop in
women’s earnings.

We repeat our analysis on a sample of non-IVF women in Section 8, and find
similar results. The estimates for IVF women are therefore in line with existing
event-study evidence from Norway (Andresen and Havnes, 2019; Andresen and
Nix, 2022) and comparable countries such as Denmark (Kleven et al., 2019).

6.2 LPR-IV estimates

We now turn to the estimated earnings effects of fertility using the LPR-IV model
described in equation (4) with the outcome of the IVF treatment as the instrumental
variable. Appendix Figure A1 reports the estimated first stages from equation (4),
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Figure 4. Earnings – LPR-IV estimates
Note: Estimated effects of fertility on earnings using the LPR-IV model described in equation (4) on
our data. Panel (a) shows effects separately for women and partners, panel (b) shows the difference
between women and partners. Estimates are scaled relative to counterfactual earnings without
children (Y∞) as described in Section 4.5. Full set of point estimates are reported in Table A5 in
the appendix. The sample includes all women (and their partners) who underwent their first IVF
treatment between 2009 and 2016, had no children prior to that attempt, and were registered with
a partner at the time (observations = 173,480; unique women = 10,033).

essentially the difference between the average fertility rates between successful and
failed IVF attempts shown in Figure 1. By construction, the first stage equals 1 nine
months after the IVF treatment. It then declines over time as always-takers realize
fertility. By the end of the first year, the first stage coefficient is already below 0.8,
before stabilizing at 0.2 in the longer run. Despite this decline, the estimates are all
highly statistically significant: Women who are successful in their first IVF-trial are
therefore always more likely to have children than those who failed their first trial.
The F-statistic is never below 500 in the first nine years since IVF and are reported
in appendix Table A10.

Figure 4(a) shows the IV estimates of equation (5), separately for women and
their partners. Women’s earnings drop by about 30 percent in the year following
the IVF treatment, but the effect quickly reverts to zero in the second year, at which
level it remains for the remaining period. For comparison, Lundborg et al. (2017)
find long run earnings losses for women at around 11 percent. As discussed in
Section 4, this estimate is probably biased toward zero (i.e. the actual effect is more
negative than the estimate) since delayed fertility is confounding the counterfactual
earnings profile and introduces a positive bias.

Partners see no earnings drop immediately following IVF treatment. If anything,
there is an earnings premium of about 16 percent six years after birth. While the
estimates are increasingly noisy they appear to be stable, estimating the average
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Figure 5. Earnings – Event-IV estimates
Note: Estimated effects of age of child on earnings using the event-IV model described in equation
(10, event-IV). Panel (a) shows effects separately for women and partners, panel (b) shows the
difference between women and partners. Estimates are scaled relative to counterfactual earnings
without children (Y∞) as described in section 4.5. Full set of estimates in table form are reported
in Table A6 in the appendix. The sample includes all women (and their partners) who underwent
their first IVF treatment between 2009 and 2016, had no children prior to that attempt, and were
registered with a partner at the time (observations = 173,480; unique women = 10,033).

impact for a three year window around year six gives an estimate that is significant
at conventional levels. Figure 4(b) reports the estimated effect of fertility on the
earnings gap between women and their partners. This fluctuates a bit over time,
averaging at 15 percent after six years, driven exclusively by the positive point
estimate for partners’ earnings.

While the event-study and LPR-IV models produce similar estimates of the
fertility effect on the earnings gap between women and their partners, the individual
point estimates for women and for partners are strikingly different. Where the
event-study finds that women’s earnings fall in the neighborhood of 13 percent, the
LPR-IV specification shows that earnings reductions are substantial only on the very
short run and essentially zero after two to three years. Direct comparison of these
estimates is however complicated because they do not recover the same effects. We
therefore now turn to our IV event-study results which reconcile these approaches.

6.3 Event-IV estimates

Figure 5 presents the estimated effects of children from our event-IV specification as
described in equation (??). F-statistics for the first stages are reported in appendix
Table A10 and far exceed conventional levels for statistical significance. In Figure
5(a) we see that while we estimate an immediate drop in women’s earnings of about
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24 percent, the long run earnings loss is around 7 percent. This is half of the effect
on earnings estimated in the event-study model and the differences are statistically
different at conventional significance levels. We also see no signs of any anticipation
effects in the years leading up to the trial. No meaningful earnings drop is seen
for partners around childbirth. In contrary, the estimates suggest an increase in
earnings over time, reaching around 9 percent in the long run. Figure 5(b) plots
the estimated gap between women and partners from the event-IV model. There is
no evidence of an earnings gap before birth, at which point it drops to around 20
percent, before stabilizing at around 15 percent in the longer run. This long run
parental earnings gap is primarily driven by the partners.

For completeness, appendix Figures A6 and A7 report results for additional labor
market outcomes (hours, employment and hourly wages) for the event-IV model.15
The broad takeaway from the event-IV estimates is that for women the results on the
long run seem to be mostly driven by responses at the employment margin. While
disentangling intensive and extensive margin responses is not possible without a
structural model, the results in Figure A7, which condition on employment, suggest
that while women reduce hours on the short-run, their hours responses on the
longer run appear to be negligible. Similar results for hourly earnings also give little
sign that there are sizeable long-run effects. For partners, we also find employment
responses. Contrary to women, the results in Figure A7 suggest that there are some
long-run impacts on hours and hourly earnings, where the latter may be explained
by career returns.

Finally, there are several major welfare programs in Norway that aim to replace
lost labor market earnings through provisions such as parental and sick leave benefits.
Our main earnings measure does not capture these welfare benefits, nor does it cover
earnings for self-employed persons. We therefore supplement our main findings
using an extended income definition that includes these sources. Appendix Figure
A11 shows that this, as expected, dampens the estimates in the very short run, but
does not affect our longer-run estimates.

7 Reconciling estimates of the effect of fertility

Table 3 summarizes the estimates for the three models by reporting the long-run
estimates of earnings for the woman, the partner, and the gap between the two
known as the child penalty. Long–run estimates are evaluated when the child is
six years old (a = 6) which is the last age for which we have a balanced panel. We

15Results for the same outcomes for the other models are reported in Figures A2 - A5.
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Table 3. Comparison of long-run (age 6) fertility effects and child penalty estimates
across models

LPR-IV Event Event-IV Event vs. Event-IV
(1) (2) (3) (2) - (3)

Gap -0.15 -0.15 -0.15 -0.00
(0.09) (0.02) (0.06) (0.05)

Woman 0.00 -0.13 -0.07 -0.06
(0.06) (0.01) (0.03) (0.03)

Partner 0.16 0.02 0.09 -0.03
(0.09) (0.02) (0.05) (0.05)

Note: Table shows estimates of earnings for woman, partner, and the gap (woman - partner),
evaluated at a = 6 (p = 6 for LPR-IV). Column (1) shows estimates from the LPR-IV model, column
(2) shows the estimates from the event-model, column (3) shows estimates from the event-IV
model, and column (2) - (3) shows the difference between the event model and the event-IV model.
Standard errors for gaps between parents and differences across models are bootstrapped using 199
repetitions. The sample for the IV estimates includes all women (and their partners) who underwent
their first IVF treatment between 2009 and 2016, had no children prior to that attempt, and were
registered with a partner at the time (observations = 173,480; unique women = 10,033). The
sample for the event study estimates includes all women (and their partners) who underwent their
first IVF treatment between 2009 and 2016, had no children prior to that attempt, were registered
with a partner at the time, and eventually had at least one child (observations = 145,571; unique
women = 8,349).

report analogous results for age eleven (a = 11) in appendix Table A7.16 Column
(1) shows estimates from the LPR-IV model, column (2) shows estimates from
the event model, column (3) shows estimates from the event-IV model. The final
column compares the estimates from the event model with the event-IV model.
This difference can be interpreted as the bias present in the event estimates under
the assumptions of the event-IV model and absent notable complier heterogeneity
which we document below.

The first thing to note is that the estimates of the impacts of fertility on the
earnings gap between women and partners are sizable in the three different models.
All three models estimate a long-run impact on the parental earnings gap of 15
percent. But where the LPR-IV model suggests that none of this gap is driven by
women, the standard event study, in contrast, finds large negative and statistically
significant effects on maternal earnings and a small positive estimate for partners.

The estimate for the long-run parental earnings gap from the event-IV speci-
fication is identical to that of the LPR-IV model. However, when it comes to the
separate estimates for women and partners, the event-IV model paints a different
picture than the event-study model. For women, it estimates only a small long-run

16Appendix Tables A8 and A9 show that removing the restriction to partnered women in the year
before IVF gives estimates nearly identical to the baseline.
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negative impact of children on earnings of 7 percent, compared to 13 percent in the
event-study model. For partners, the event-IV model estimates an earnings increase
of around 9 percent compared to 2 percent in the event-study model.

The estimates for age 11 in Table A7, paint a very similar picture. The estimated
gaps in the event models appear to be stable, and the event-IV estimates suggest
that the effect for women are smaller, while the partner effects remain positive or
are even increased. Note however that our sample is no longer balanced and is
much reduced. The estimates are consequently very noisy which means that we
cannot reject that the effects are the same as for age 6.

These results illustrate that the estimates, interpretation and policy implications
of the fertility effects not only depend on whether one considers the gap between
parents or the impact on women or partners separately, but also on which particular
model is applied. This raises the question of what drives these differences, and we
therefore now delve deeper into the underlying causes.

7.1 Event-IV and LPR-IV

We report the estimated weights in (9) for p = 6 in Figure 6. On the left-hand y-axis
we plot the first-stage coefficients for having a child of age a six years after IVF (πa6).
The right-hand y-axis shows the normalized weight for each first-stage (ωa6). The
figure shows that there is a large positive weight for a = 6 which means that when
estimating the fertility effect on earnings, the LPR-IV estimator puts a large positive
weight on the effect of having a child p years old. However, the estimated effects
for having a child any younger than six years old (i.e. a < p) are given a negative
weight. As the effect of having children is negative, this weighting biases the fertility
estimates in the LPR-IV model towards zero relative to the contemporaneous effect
of having a child within a year from the IVF attempt, which has a positive weight.
We show that this pattern holds for all p in appendix Figure A12 and A13. On
the very short run (p = 0) the fertility effect γ0 is equal to the earnings effect δ0,
but with time the contemporaneous earnings effect δp gets an increasingly smaller
relative weight.

We can use our event-IV estimates of δa andπap to construct alternative estimates
of γp and compare these to the estimates of γp based on the LPR-IV estimates from
equations (4) and (5). The mapping is illustrated in appendix Figure A14 where
we plot the results for women’s earnings from the LPR-IV model along with the
estimates constructed from the reduced form and the first stages from our event-IV.
Reassuringly, these results confirm the equivalence between the reduced forms,
confirming that the results are indeed only differing due to our decomposition of
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Figure 6. Mapping the first stages of LPR-IV to event-IV
Note: This figure shows how the first stage coefficient in the LPR-IV model six years after the IVF
trial can be defined as a weighted average of the first stages for having a child of 6 years or younger
in the event-IV model. The left y-axis plots πa6 (the first stage coefficients by age a for potential
age p = 6), while the right y-axis shows ωa6 ≡ πa6/

∑

p≥0πa6 (the normalized first stage coefficients
by age a for potential age p = 6). The sample includes all women who underwent their first IVF
treatment between 2009 and 2016, had no children prior to that attempt, and were registered with
a partner at the time (observations = 173,480; unique women = 10,033).

fertility into dynamic treatment effects of having a child of a specific age.

7.2 Event-IV and Event

The estimates for the earnings effects differ across the event-study model and our
event-IV model. We now investigate the sources of these differences. We focus
on how a violation of the exogeneity assumption in event study models leads to
overestimated effects of fertility on earnings for women (and their partners).

The validity of the estimates produced by the event-study model shown in Figure
3 depends on the assumption that women do not time fertility to their unobserved
counterfactual earnings trajectory conditional on observed age and time. Ideally,
one would like to compare prospective mothers with women who have similar
intended fertility timings but where the subsequent birth is as good as exogenous.
Our IVF data provide us with such timing information since we know the date at
which women insert their fertilized egg. In Figure 7 we show how the standard
event study estimates are affected by adding dummies for time since the first IVF
trial to the standard event model of equation (2).
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Figure 7. Event vs. Event-IV estimates
Note: This figure compares estimates from the event-study specification with and without controls
for time since IVF trial, to results from the event-IV specification. All estimates are scaled relative to
counterfactual earnings (Y∞) as described in section 4.5. The IV sample includes all women who
underwent their first IVF treatment between 2009 and 2016, had no children prior to that attempt,
and were registered with a partner at the time (observations = 173,480; unique women = 10,033).
The event-study sample is the subset who eventually had at least one child (observations = 145,571;
unique women = 8,349).

As seen in Figure 7, controlling for timing has little impact on pre-trends. Mean-
while, there is a significant reduction in post-birth effects of having a child on
earnings. Where the earnings reduction for women was about 13 percent in the
standard event-study setup, controlling for timing almost eliminates the penalty to
about 3 percent after 6 years, and completely by year 11.

To provide more insight on how adjusting for timing affects the results, Figure 8
reports estimated counterfactual earnings normalized to τ= −1 for the event-study
with and without controlling for timing. Y a is the predicted earnings profile in the
presence of a child of age a, while Y∞ is the predicted earnings profile in absence
of a child. The estimates of Y a and Y∞ from the event-study model without timing
show that women face on average upward sloping earnings until their pregnancy,
followed by a sharp drop in the first year after birth. Earnings growth then recovers
and after three years mothers appear to be back on a new age-earnings profile on
a lower level, but comparable slope, such that there is a permanent and constant
wedge between wages for women with and without children.
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Figure 8. Counterfactual earnings profiles – Event-study estimates.
Note: This figure shows the estimated potential earnings without child (Y∞), and with child (Y a),
as estimated from the event-study model, with and without controls for time relative to first IVF
attempt. The event-study sample includes all women who underwent their first IVF treatment
between 2009 and 2016, had no children prior to that attempt, were registered with a partner at
the time, and eventually had at least one child (observations = 145,571; unique women = 8,349).

The counterfactual earnings profile without a child, Y∞, is marginally flatter
leading up to (counterfactual) birth and continues to grow beyond that time. The
difference between this earnings profile and Y a is the estimate for maternal earn-
ings in the standard event-study specification. These estimates rely however on a
comparison of women with different intended fertility timing. After taking these
ex-ante differences into account in the estimation of “Y∞ + timing” the earnings
profiles are now nearly aligned leading up to birth. Crucial for the estimates, women
appear to have children when the growth rate of counterfactual earnings (Y∞+
timing) starts to decline, and their earnings are therefore ultimately lower than
those of women who have children later. The standard event-study specification
does not capture these differences and consequently overstates the estimated effects
on maternal earnings and the earnings gap.

In a final step, we compare the event study estimates that control for timing to
the full event-IV estimates. Figure 7 shows that once we control for timing in the
event-study model, the fertility effect estimates are much more similar to our event-
IV model estimates – to the extent that the differences are no longer statistically
significant. This is not surprising: there are by construction no never-takers to
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our instrument, and had there also been no always takers, that is, if women could
not have children without an IVF treatment, then the event-study and event-IV
estimates are identical after controlling for the endogenous component of fertility,
namely the timing of the fertility attempt. In our application, as much as 80 percent
of fertility is channeled through the IVF treatment, which means that the compliers
to our instrument are very similar to the population that provides the identifying
variation in the event model that adjusts for the timing of the fertility attempt. This
is also shown in appendix Table A11 which reports population and complier statistics
using Abadie κ-weighting (Abadie, 2003). Compliers are almost identical to the full
sample across all characteristics. These findings suggest that although our event-IV
estimates technically are local average treatment effects they are likely very similar
to the average treatment effect in the presence of treatment-effect heterogeneity.
These results also imply that even though we use the event-IV estimates as a
benchmark, none of our main findings crucially depend on the instrumental variable
assumptions.

7.3 Alternative event-study estimators

Event studies often assess the credibility of the exogeneity or parallel-trend as-
sumption by evaluating the pretrends. Rambachan and Roth (2023), for example,
formalize a robustness check based on the idea that pre-trends are informative about
violations of parallel trends and propose checks to assess how sensitive results are
to deviations from the pre-trends after treatment. Appendix Figure A17 reports
event-study estimates that adjust for the baseline of a linear extrapolation of the
pre-trend into the post period. The figure shows that the adjusted results exacerbate
the bias relative to the standard event-study specification. The reason is that the
sign of the selection bias reverses after birth as seen in Figure 8, which results in
counterfactual earnings estimates that are even higher with extrapolated pre-trends
than in the standard event-study.

In the traditional event-study model, both previously treated and untreated
observations are used to estimate the counterfactual for a treated unit at any
point in time. This is a valid approach only under the assumptions implicit in the
model specification of equation (2), namely treatment effect homogeneity and the
correct specification of the counterfactual earnings profiles defined by the model.
Recent advances in econometrics have shown that violations of these assumptions
in conventional event-study estimators can severely bias effect estimates (Borusyak
et al., 2024; Goodman-Bacon, 2021; Callaway and Sant’Anna, 2021; Sun and
Abraham, 2021; de Chaisemartin and D’Haultfœuille, 2020). In the context of the
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impact of children on earnings, the treatment effect homogeneity assumption is
violated if children have a larger effect on parental earnings when they are younger,
as suggested by Figure 3. An additional violation occurs if there is a selection on
gains in the timing of fertility, for example if women time their fertility based on
the effects on earnings.

To assess whether more flexible event study estimators that account for hetero-
geneity in treatment effects recover earnings estimates that are consistent with our
event-IV model (or the event-study model that adjusts for time-since-IVF), we apply
the estimator Callaway and Sant’Anna (2021) to our sample of IVF women. This esti-
mator constructs all possible two-by-two treatment cohort specific contrasts relative
to the last pre-treatment period and aggregates these up to average-treatment effects
on the treated (see Roth et al., 2023, for a review).17 We allow for heterogeneity by
women’s age at birth (rather than calendar year).

Results are plotted in appendix Figures A15, along with the conventional event
study estimates. Figure A15 shows that for both women and their partners the
Callaway and Sant’Anna (2021) approach lines up the pre-trends, but estimates
larger negative effects of children on earnings. This is consistent with the results
based on the extrapolation of pre-trends above.

These findings highlight that the type of selection that we documented using the
event-study specification which allows counterfactual earnings profiles to depend
on fertility timing (Figure 7) is hard to capture without having information about
the timing of fertility intent, and provide a cautionary tale on what can be learned
from the presence (or absence) of pre-trends.

8 External validity

Our results are based on IVF women, who make up around six percent of all births
in Norway. This is a sizable and growing group, and therefore of interest in its own
right. The advantage of this setting is that it allows us to exploit two key features
uniquely provided by the IVF context: i) detailed information about the timing of
fertility and ii) conditional randomization of birth. However, an important question
is whether our findings also speak to the population at large. Generalization rests on
two questions: (i) whether IVF women differ from other women, and (ii) whether
IVF births differ from other births. We discuss these in turn.

17We use Stata’s implementation of Callaway and Sant’Anna (2021).
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8.1 Are IVF women different from regular women?

A key question for external validity is whether IVF women differ from non-IVF
women in ways that change the labor-market response to children. Two channels
matter: selection–if the timing of first birth is related differently to potential earnings
profiles–and treatment heterogeneity–if the causal effect of having a child differs
between the groups.

We start by comparing fertility timing across samples. Table 1 shows that women
undergoing IVF are older and more educated at conception and, on average, have
slightly fewer children. These intensive-margin differences are fully accounted for
by age and education. When we reweight the non-IVF sample to match the IVF
distribution of age and education at conception, completed fertility among those
with at least one child is virtually identical across groups (Table A2).18 Table A3
reports additional characteristics for the reweighted non-IVF sample. Conditional on
age and education, IVF women (and their partners) have somewhat higher earnings,
and IVF women exhibit slightly higher sickness absence. IVF couples therefore
appear modestly positively selected, but the remaining differences are small.

An alternative way to assess population heterogeneity is to compare standard
event-study estimates for IVF women with those for non-IVF women, and to diagnose
differential selection or anticipation from pre-trends. Figure 9a reports estimates for
both groups. Pre-trends are noticeably steeper in the non-IVF population, consistent
with stronger selection. This evidence aligns with the Norwegian Mother and Child
Cohort Study (Magnus et al., 2006), where 82 percent of mothers report a planned
pregnancy, which implies that roughly one in five births are unplanned in the
general population. Earlier unplanned pregnancies are plausibly associated with
more negative selection, in line with Gallen et al. (2023) who, using Swedish data,
find larger negative effects for younger women. In contrast, IVF conceptions are
actively planned and timing is more constrained by treatment schedules, leaving
less scope for selective timing. Taken together, these patterns indicate that timing
bias is likely a concern in the broader population as well.

A comparison of the post-birth fertility effects can also shed light on heterogeneity
across populations. Figure 9a shows that the non-IVF women experience a larger
drop in earnings following birth than the IVF women. However, reweighting the
non-IVF sample makes the event-study estimates of responses to children remarkably
similar to those of the IVF-sample. This exercise suggests that there is little evidence
that IVF women’s response to childbearing (or bias) is very different from women in

18Observations are weighted by the inverse propensity score, with scores estimated via a probit
fully saturated in age and education indicators.
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(a) Event-study specification
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Figure 9. Earnings. Reweighted estimates
Note: Panel (a) shows event-study estimates for the IVF sample (145,571 observations; 8,349
women), the non-IVF sample (1,972,754 observations; 109,791 women), and the non-IVF sample
reweighted to match the composition of the IVF group. All samples include women who eventually
have at least one child. Panel (b) shows event-IV estimates for the IVF sample and for the same
sample reweighted to match the composition of non-IVF women. The event-IV sample includes
all women who underwent their first IVF treatment between 2009 and 2016, had no children
beforehand, and were registered with a partner at the time (173,480 observations; 10,033 women).
Weights are inverse propensity scores estimated from a fully saturated probit model in age and
education. Estimates are scaled relative to each gender’s counterfactual earnings (Y∞), as described
in Section 4.5.

the population at large who are comparable in age and education.
To examine whether causal effects are heterogeneous by age and education,

we additionally reweight the IVF sample to match the composition of non-IVF
women before re-estimating the event-IV model. Since selection bias is eliminated
in these specifications, any observed differences should reflect effect treatment effect
heterogeneity alone. Figure 9b shows that this adjustment only marginally changes
the estimates for impacts of children. This implies that while impacts are somewhat
larger for less educated and/or younger women, effect heterogeneity across these
characteristics would not lead to dramatically different estimates for the overall
population.

We interpret these results as indicating that observable heterogeneity is unlikely
to explain the gap between the event-IV estimates for IVF women and the standard
event-study estimates for non-IVF women. Given that event-study profiles are similar
across groups and that removing selection bias attenuates women’s earnings losses
in the IVF sample, it is likely that event-study estimates for non-IVF women are
also overstated (too negative). However, without a valid instrument for the non-IVF
population, we cannot quantify the magnitude of this bias.
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8.2 Are IVF births (and non-births) different from regular births (and non-births)?

A frequently noted phenomenon in the context of IVF is the presence of a “dis-
appointment effect” following an unsuccessful IVF, which could affect behavior
or mental health (e.g. Gallen et al., 2023; Martinenghi and Naghsh-Nejad, 2025).
In our data, we see short-lived changes around treatment, concentrated among a
minority of women. In particular, the probability of having at least one mental-
health–related medical visit per year is about 12 percentage points lower for those
who become mothers compared to those who do not (Figure A8a). The impact on
severe psychological symptoms is modest: the probability of having at least one such
visit declines by about 2 percentage points among mothers relative to non-mothers,
an effect that is significant only in the first year after childbirth.

Impacts on other non–labor-market outcomes, such as marital stability, are also
modest in the data. Figure A8b shows that having children slightly reduces divorce
risk over time, and this has a negligible influence on our earnings estimates (Figure
A9).

The mental-health and marital-stability responses are operating through the
treatment–having a child–rather than through the instrument itself, and therefore do
not threaten the exclusion restriction for the post-birth effects we estimate, but are
rather direct consequences of childbearing. Separating these mediating outcomes
from the other ways in which having a child affects labor market outcomes requires
additional instruments which we do not have. However, estimates of the effects of
children are virtually unchanged when we control for these channels (Figure A9)
or exclude potentially affected women (Figure A10), suggesting that they do not
play a major role here.

Disappointment from not conceiving is unlikely to be specific to IVF. Standard
event-study designs in the broader population will also include unsuccessful con-
ception attempts, and thus disappointment, in the counterfactual group.19 This is
especially true for our event-study estimates for IVF women, where the estimation
of the counterfactual disproportionately relies on failed IVF attempts. Disappoint-
ment is therefore unlikely to explain the differences between the event-study and
the event-IV results. Finally, the near invariance of the age-of-child estimates as
we expand the estimation horizon (Figure A19) is difficult to reconcile with any
large and persistent disappointment-driven effects, as these would typically induce
systematic drift across horizons, which we do not observe.

19Comparable issues arise in other IV settings where eligibility rules or lotteries may generate
disappointment among non-recipients, such as school assignment, housing assistance, job training,
or health-care access.
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To summarize, while IVF births clearly differ from natural births in some
dimensions–and in particular their medicalized context–we interpret these facts
as suggesting that disappointment-related mental-health responses are unlikely
to play a major role in driving our main results, and that there is little evidence
that births following IVF are fundamentally different from regular births, especially
in the long run. While we therefore expect the same qualitative mechanisms and
potential biases to operate more broadly, even though their quantitative importance
in other populations remains an open question.

9 Conclusion

Social scientists and policy makers have devoted considerable effort to understand-
ing the drivers of the gender wage gap. In particular, significant attention has
been paid to how parenthood, specifically motherhood, can be a key driver of this
disparity. A broad conclusion coming of this work is that women experience an
abrupt and permanent drop in earnings after becoming mothers, whereas their
partners’ earnings remain largely unchanged. The resulting increase in the earn-
ings discrepancy between mothers and fathers following parenthood is commonly
referred to as the child penalty.

Empirically, much of the heavy lifting in this literature is done by the event-
study framework. The current paper contributes by assessing the validity of the key
assumptions in the event-study specification commonly used for identification. We
exploit external identifying variation coming from information on the timing and
randomness in the success rates of IVF treatments.

Standard event studies compare women who have children to women of similar
age who have children later in life. Using data on Norwegian women undergoing
such treatments, we find that women time fertility as their earnings profile flattens.
The implication of this is that the event-study overestimates mother’s earnings
penalty as it relies on estimates of counterfactual wage profiles that are too high.
Accounting for the timing of the fertility attempt in the event study substantially
reduces the earnings effects of fertility. Using success at IVF trials to instrument for
fertility takes any remaining endogenous sources of fertility into account, but this
does not substantially change our conclusions. We estimate longer-run earnings
effects for women of around 7 percent, which is half of the effect size uncovered by
a standard event-study setup in the same sample. Even though we use the event-IV
estimates as a benchmark, these results also imply that none of our main findings
crucially depend on the instrumental variable assumptions of this model.
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Our approach builds on the setup of Lundborg et al. (2017) who also use an IV
strategy for women undergoing IVF treatments. Using their specification we find
large positive point estimates for partners and no evidence of effects on women
in the longer-run. We show that relative to the event-IV approach centered on
birth, their IVF-attempt-centered estimator provides estimates that are mixtures
of the effects of having children of various ages where, with time, the model puts
increasing negative weight on the effect of children born after the first IVF trial. We
therefore decompose the estimates of Lundborg et al. (2017) into plausibly causal
analogues of the parameters targeted by the event-study model.

While the effects on the earnings difference between parents are similar across
the three models studied in this paper, their implications for policy are vastly
different. The estimated gap from the standard event-study model mostly driven
by negative effects on maternal earnings, while the estimated gap in the event-IV
model is driven by both the positive effect estimates for partners and the negative
effect on women in equal parts. This shows that the interpretation of the child
penalty may not always be as straightforward as commonly believed.

The new insights in the nature of selection into fertility brought forward in this
paper show that common intuitions regarding parallel-trend assumptions can be
misleading, and that pre-trends are uninformative about the sign of the selection
bias in the treatment period. We think of this as a cautionary tale for event-study
designs more generally, as it draws attention to the importance of understanding
selection from a dynamic rather than a static point of view.
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A Appendix For Online Publication

A.1 Mapping LPR-IV to child-age

Let successi ∈ {0, 1} indicate whether the first IVF leads to a birth roughly nine
months later. For s ∈ {0, 1}, let Ti(s) be the (calendar) year of first birth if successi = s

(with Ti(s) =∞ if no birth), and define potential time-to-birth since IVF

Pi(s)≡ Ti(s)− IV Fi ∈ {0, 1,2, . . . ,∞}.

Timing is defined such that the first IVF attempt either results in a birth in the first
post-IVF period (so Pi(1) = 0 for all i), or it does not (so Pi(0)> 0); any births after
a failure arise in later periods via subsequent IVF or natural conception.

Exclusion assumes that conditional on child age a ∈ {∞, 0, 1, . . .}, potential
outcomes do not depend on IVF success s ∈ {0,1}

ya,1
i t = ya,0

i t = ya
it , ∀a

Exogeneity assumes that, conditional on women’s age, education and timing of the
IVF, the result of the IVF attempt is random, and therefore independent of potential
outcomes ya

it and potential counterfactual fertility Pi(0):

{ya
it}a∈{∞,0,1,...}, Pi(0)⊥⊥ successi | agei, edui, IV Fi

We document in the paper that the data are consistent with this assumption.
By definition of the instrument a successful IVF implies a birth in p = 0: Pi(1)≡

Ti(1)− IV Fi = 0, and timing implies Pi(0)> 0.
Monotonicity,

0= Pi(1)≤ Pi(0)

is therefore mechanically satisfied. Instrument relevance can be checked in the data
(see Figure 1).

By definition,

aip(s) = p− Pi(s) with aip(s) =∞ if Pi(s)> p, s ∈ {0,1}.

and the age-horizon specific first-stage equals:

πap ≡ E
�

1{aip = a} | successi = 1
�

− E
�

1{aip = a} | successi = 0
�

= 1{a = p} − Pr
�

Pi(0) = p− a
�

.
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since

E
�

1{aip = a} | successi = 1
�

= Pr
�

aip(1) = a
�

= Pr
�

Pi(1) = p− a
�

= 1{a = p},

because Pi(1) = 0 for all i, and

E
�

1{aip = a} | successi = 0
�

= Pr
�

aip(0) = a
�

= Pr
�

Pi(0) = p− a
�

.

Fertility p years since IVF is defined as

Fertilityip = 1{Pi ≤ p}=
p
∑

a=0

1{aip = a},

since 1{aip = a}= 0 for all a > p. Summing over a gives the fertility first stage

πp = E
�

Fertilityip | successi = 1
�

− E
�

Fertilityip | successi = 0
�

= E
�

p
∑

a=0

1{aip = a} | successi = 1
�

− E
�

p
∑

a=0

1{aip = a} | successi = 0
�

=
p
∑

a=0

(E
�

1{aip = a} | successi = 1
�

− E
�

1{aip = a} | successi = 0
�

)

=
p
∑

a=0

πap.

To recover the reduced form, fix p ≥ 0. Let p = t − IV Fi then

yip(s) = y∞ip 1{Pi(s)> p}+
p
∑

a=0

ya
ip 1{Pi(s) = p− a}, s ∈ {0,1}.

Since Pi(1) = 0 and Pi(0)> 0, we have yip(1) = y p
ip. Under failure,

yip(0) = y∞ip 1{Pi(0)> p}+
p−1
∑

a=0

ya
ip 1{Pi(0) = p− a}.

Therefore the reduced form

ρp ≡ E[yip | successi = 1]− E[yip | successi = 0]
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equals

ρp = E[y p
ip]− E
�

y∞ip 1{Pi(0)> p}+
p−1
∑

a=0

ya
ip 1{Pi(0) = p− a}

�

= E
�

y p
ip − y∞ip
�

−
p−1
∑

a=0

E
�

(ya
ip − y∞ip )1{Pi(0) = p− a}

�

,

= E[y p
ip − y∞ip ]
︸ ︷︷ ︸

δpp

+
p−1
∑

a=0

E[ya
ip − y∞ip | Pi(0) = p− a]
︸ ︷︷ ︸

δpa

�

− Pr(Pi(0) = p− a)
�

︸ ︷︷ ︸

πap

=
p
∑

a=0

δapπap

This shows that

γp =
ρp

πp
=

∑p
a=0πap δap
∑p

a=0πap

=
p
∑

a=0

ωap δap, ωap ≡
πap
∑p

a′=0πa′p

. (13)

Thus, γp is a first-stage–weighted average of child-age effects for a ∈ {0, . . . , p},
where

δap =







E[ya
ip − y∞ip ] a = p

E[ya
ip − y∞ip | Pi(0) = p− a] a < p

πap =







1 a = p

−Pr
�

Pi(0) = p− a
�

a < p

Note that
∑

aωap = 1 but weights for a < p can be negative because πap =
−Pr(Pi(0) = p− a).

A.2 Standard errors on rescaled estimates

Denote the rescaled estimate by x:

x =
y1 − y∞

y∞
≡
δ

y∞

The Delta method gives

V (x) =

�

∂ x/∂ δ

∂ x/∂ y∞

�′

V

�

δ

y∞

��

∂ x/∂ δ

∂ x/∂ y∞

�
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where

V

�

δ

y∞

�

=

�

V (δ) cov(δ, y∞)
V (y∞)

�

=

�

V (δ) (V (y1)− V (y∞)− V (δ))/2
V (y∞)

�

since

V (δ) = V (y1) + V (y∞)− 2cov(y1, y∞)

⇒ cov(y1, y∞) = (V (y1) + V (y∞)− V (δ))/2

from this we get
cov(δ, y∞) = cov(y1, y∞)− V (y∞)

= (V (y1)− V (y∞)− V (δ))/2

we also have that
�

∂ x/∂ δ

∂ x/∂ y∞

�

=

�

1/y∞

−x/y∞

�

which implies that the variance on the rescaled estimate is as follows

V (x) = (V (δ)− 2 · x · cov(δ, y∞) + x2V (y∞))/(y∞)2

= (V (δ)− x · (V (y1)− V (y∞)− V (δ)) + x2V (y∞))/(y∞)2

where V (δ), V (y1) and V (y∞), all come from separate 2SLS regressions as outlined
in section 4.4.
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A.3 Additional descriptive statistics

Table A1. Descriptive statistics for IVF women by success at first trial

(1) (2) (3)
Failure Success Difference

Woman characteristics
Number of IVF attempts 3.31 1.81 -1.49 (0.03)
Success, endpoint 0.46 1.00 0.54 (0.01)
Total number of children 1.31 1.84 0.54 (0.02)
0 children 0.24 0.00 0.24 (0.00)
1 children 0.29 0.30 0.00 (0.01)
2 children 0.38 0.58 0.20 (0.01)
3 children 0.08 0.12 0.04 (0.01)
4 children 0.01 0.01 0.00 (0.00)

Age 32.1 31.3 -0.79 (0.09)
Education
- Compulsory 0.15 0.12 -0.03 (0.01)
- High School 0.24 0.23 -0.01 (0.01)
- Bachelor 0.41 0.44 0.03 (0.01)
- Master 0.20 0.21 0.01 (0.01)
Earnings (1000 NOK) 362.8 362.6 -0.13 (4.14)
Hours (FTE) 0.88 0.88 0.00 (0.01)
Employed 0.80 0.81 0.01 (0.01)
Hourly wage (NOK) 221.5 220.4 -1.07 (4.44)

Sickness absence days 15.1 14.7 -0.42 (0.73)
Visits to general practitioner 2.53 2.47 -0.06 (0.05)
Psychological symptoms 0.14 0.14 -0.00 (0.01)
Hospital days 2.21 1.95 -0.27 (0.15)

Partner characteristics
Age 35.3 34.5 -0.83 (0.13)
Female 0.01 0.02 -0.01 (0.01)
Education
- Compulsory 0.17 0.16 -0.02 (0.01)
- High School 0.39 0.37 0.03 (0.01)
- Bachelor 0.27 0.29 0.01 (0.01)
- Master 0.17 0.18 -0.63 (6.36)
Earnings (1000 NOK) 455.1 454.4 0.00 (0.01)
Hours (FTE) 0.84 0.84 0.00 (0.00)
Employed 0.83 0.84 0.01 (0.01)
Hourly wage (NOK) 280.7 282.4 1.71 (5.12)

N Women 6 881 3 152
Notes: Table shows mean characteristics of all women (and their partners) who underwent their first
IVF treatment between 2009 and 2016, had no children prior to that attempt, and were registered
with a partner at the time. The statistics are presented by success and failure at first trial, as well as
the difference (with standard error) between the two. Labor market outcomes and health indicators
are measured as averages over the four years prior to the first IVF trial. Age and education are
measured the year before the IVF treatment.
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Table A2. Total number of children.

(1) (2) (3)
Number Reweighted
of Non-IVF non-IVF IVF
children sample sample sample

1 0.23 0.34 0.36
2 0.60 0.55 0.53
3 0.16 0.10 0.11
≥ 4 0.02 0.01 0.01
Number of women 109,791 109,791 8,346
Note: This table shows the number of children by the end of the sample period, conditional on having
at least one child. Column 1 shows fertility for the non-IVF sample; column 2 for the non-IVF sample
reweighted to match the distribution of the IVF sample; and column 3 for the subsample of the IVF
sample which includes women with at least one child.
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Table A3. Descriptive statistics for IVF women vs reweighted non-IVF women

(1) (2) (3)
IVF Non-IVF (reweighted) Difference

Woman characteristics
Number of IVF attempts 2.84
Success, first attempt 0.31
Success, endpoint 0.63
Total number of children 1.47 1.79 -0.31 (0.01)
0 children 0.17
1 child 0.30 0.34 -0.04 (0.00)
2 children 0.44 0.55 -0.11 (0.00)
3 children 0.09 0.10 -0.02 (0.00)
4 children 0.01 0.01 -0.00 (0.00)

Age 31.8 31.8 -0.00 (0.04)
Education
- Compulsory 0.14 0.14 0.00 (0.00)
- High School 0.24 0.24 -0.00 (0.00)
- Bachelor 0.42 0.42 -0.00 (0.00)
- Master 0.20 0.20 0.00 (0.00)
Yearly earnings (1000 NOK) 362.7 348.3 14.4 (1.80)
Hours (FTE) 0.88 0.85 0.03 (0.00)
Employed 0.80 0.73 0.07 (0.00)
Hourly earnings (NOK) 221.1 219.8 1.30 (1.84)

Sickness absence days 15.0 12.8 2.17 (0.31)
Visits to general practitioner 2.51 2.12 0.39 (0.02)
Psychological symptoms 0.14 0.13 0.01 (0.00)
Hospital days 2.13 0.99 1.13 (0.08)

Partner characteristics
Age 35.1 34.2 0.85 (0.06)
Female 0.01 0.01 0.00 (0.00)
Education
- Compulsory 0.17 0.17 -0.00 (0.00)
- High School 0.39 0.35 0.04 (0.00)
- Bachelor 0.27 0.29 -0.01 (0.00)
- Master 0.17 0.19 -0.02 (0.00)
Earnings (1000 NOK) 457.1 425.5 31.53 (2.82)
Hours (FTE) 0.85 0.80 0.05 (0.00)
Employed 0.84 0.77 0.06 (0.00)
Hourly earnings (NOK) 281.2 276.5 4.73 (2.09)
Observations 10 033 108 786
Notes: Table shows mean characteristics for the IVF sample and the reweighted non-IVF sample,
as well as the difference (with standard error) between the two. By construction, the non-IVF
sample includes only women with at least one child. Labor market outcomes and health indicators
are measured as averages over the four years prior to the first IVF trial, or, for non-IVF women,
prior to the approximate conception date. Age and education are measured the year before the IVF
treatment.
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A.4 Main estimates in table form

Table A4. Point estimates from the event study model.

Age Woman Partner Gap Age Woman Partner Gap
of child (1) (2) (1) - (2) of child (3) (4) (3) - (4)
-12 -0.266 -0.342 0.076 0 -0.169 -0.003 -0.165

(0.034) (0.031) (0.038) (0.004) (0.005) (0.006)
-11 -0.237 -0.273 0.036 1 -0.266 -0.043 -0.222

(0.030) (0.030) (0.037) (0.005) (0.006) (0.007)
-10 -0.211 -0.257 0.046 2 -0.174 -0.015 -0.159

(0.027) (0.026) (0.033) (0.007) (0.010) (0.010)
-9 -0.195 -0.215 0.020 3 -0.171 -0.007 -0.165

(0.022) (0.024) (0.030) (0.008) (0.011) (0.013)
-8 -0.154 -0.164 0.011 4 -0.164 0.001 -0.166

(0.020) (0.022) (0.027) (0.010) (0.014) (0.015)
-7 -0.117 -0.140 0.023 5 -0.146 0.013 -0.159

(0.018) (0.018) (0.024) (0.012) (0.017) (0.018)
-6 -0.082 -0.112 0.030 6 -0.130 0.024 -0.153

(0.015) (0.016) (0.021) (0.014) (0.019) (0.021)
-5 -0.053 -0.087 0.034 7 -0.128 0.032 -0.160

(0.013) (0.013) (0.016) (0.015) (0.022) (0.024)
-4 -0.025 -0.053 0.029 8 -0.129 0.042 -0.171

(0.010) (0.010) (0.013) (0.017) (0.026) (0.028)
-3 0.001 -0.031 0.032 9 -0.122 0.044 -0.166

(0.007) (0.007) (0.009) (0.019) (0.031) (0.033)
-2 0.008 -0.017 0.025 10 -0.119 0.029 -0.148

(0.004) (0.004) (0.006) (0.022) (0.034) (0.036)
11 -0.127 0.032 -0.158

(0.024) (0.040) (0.044)
12 -0.134 -0.016 -0.118

(0.033) (0.041) (0.049)
χ2-test on pre 198.80 165.31 42.81

p-val. 0.00 0.00 0.00
Note: Table shows point estimates and standard errors for the event study model and are equivalent
to estimates presented in Figure 3. The sample includes all women who underwent their first IVF
treatment between 2009 and 2016, had no children prior to that attempt, were registered with a
partner at the time, and eventually had at least one child (observations = 145,571; unique women
= 8,349).
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Table A5. Point estimates from the LPR-IV model.

Time Woman Partner Gap Time Woman Partner Gap
since IVF (1) (2) (1) - (2) since IVF (3) (4) (3) - (4)

-12 0 -0.169 0.021 -0.190
(0.014) (0.019) (0.023)

-11 1 -0.292 -0.033 -0.259
(0.025) (0.032) (0.040)

-10 2 -0.008 0.070 -0.078
(0.038) (0.047) (0.055)

-9 3 -0.061 0.113 -0.174
(0.045) (0.057) (0.065)

-8 4 -0.053 0.141 -0.194
(0.049) (0.070) (0.078)

-7 5 -0.015 0.165 -0.180
(0.056) (0.078) (0.087)

-6 6 0.002 0.156 -0.154
(0.067) (0.084) (0.100)

-5 7 -0.047 0.216 -0.263
(0.074) (0.098) (0.116)

-4 8 -0.046 0.171 -0.218
(0.082) (0.145) (0.159)

-3 9 -0.004 0.204 -0.208
(0.096) (0.147) (0.166)

-2 10 0.063 -0.028 0.091
(0.104) (0.160) (0.171)

11 0.066 0.108 -0.042
(0.118) (0.174) (0.197)

12 0.197 -0.088 0.285
(0.166) (0.223) (0.263)

Note: Table shows point estimates and standard errors for the LPR-IV model and are equivalent
to estimates presented in Figure 4. The sample includes all women who underwent their first IVF
treatment between 2009 and 2016, had no children prior to that attempt, and were registered with
a partner at the time (observations = 173,480; unique women = 10,033).
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Table A6. Point estimates from the Event-IV model.

Woman Partner Gap Woman Partner Gap
Age of child (1) (2) (1) - (2) Age of child (3) (4) (3) - (4)

-12 0.150 -0.083 0.233 0 0.052 0.029 0.024
(0.445) (0.338) (0.542) (0.042) (0.053) (0.062)

-11 0.123 -0.029 0.152 1 -0.165 0.021 -0.186
(0.344) (0.437) (0.512) (0.014) (0.019) (0.022)

-10 0.110 -0.110 0.220 2 -0.238 -0.014 -0.224
(0.242) (0.244) (0.312) (0.017) (0.025) (0.030)

-9 0.079 -0.101 0.180 3 -0.121 0.025 -0.146
(0.163) (0.183) (0.218) (0.022) (0.031) (0.035)

-8 0.054 -0.056 0.109 4 -0.114 0.047 -0.161
(0.127) (0.146) (0.171) (0.025) (0.036) (0.039)

-7 0.012 -0.022 0.034 5 -0.101 0.065 -0.166
(0.096) (0.122) (0.138) (0.027) (0.042) (0.045)

-6 0.009 -0.020 0.029 6 -0.081 0.080 -0.162
(0.075) (0.101) (0.113) (0.029) (0.046) (0.049)

-5 0.029 -0.005 0.033 7 -0.067 0.087 -0.153
(0.062) (0.085) (0.094) (0.033) (0.050) (0.055)

-4 0.053 0.010 0.043 8 -0.069 0.110 -0.180
(0.055) (0.072) (0.079) (0.036) (0.055) (0.061)

-3 0.052 0.017 0.035 9 -0.067 0.110 -0.176
(0.049) (0.063) (0.070) (0.039) (0.069) (0.074)

-2 0.047 0.027 0.020 10 -0.053 0.125 -0.178
(0.045) (0.058) (0.066) (0.045) (0.077) (0.084)

11 -0.030 0.069 -0.100
(0.050) (0.077) (0.083)

12 -0.018 0.091 -0.109
(0.055) (0.085) (0.095)

χ2-test on pre 8.54 10.64 9.19
p-val. 0.66 0.47 0.60

Note: Table shows point estimates and standard errors for the IV model and are equivalent to
estimates presented in Figure 5. The sample includes all women who underwent their first IVF
treatment between 2009 and 2016, had no children prior to that attempt, and were registered with
a partner at the time (observations = 173,480; unique women = 10,033)
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A.5 LPR-IV First Stage
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Figure A1. First stage. LPR-IV.
Note: First stage estimates using the IV model of Lundborg et al. (2017) as described in equation
(4) on our data. The sample includes all women who underwent their first IVF treatment between
2009 and 2016, had no children prior to that attempt, and were registered with a partner at the
time (observations = 173,480; unique women = 10,033)
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A.6 Other labor market outcomes
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(e) Hourly earnings
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Figure A2. Other labor market outcomes. Event.
Note: Event-study estimates from specification (2). Outcomes are employment (panel a and b), hours
worked (panel c and d), and hourly wages (panel e and f). Panel a, c, and e show effects separately
for women and partners, figures b, d, and f show difference between women and partners. Estimates
are scaled relative to counterfactual earnings without children (Y∞) as described in section 4.5. The
sample includes all women (and their partners) who underwent their first IVF treatment between
2009 and 2016, had no children prior to that attempt, were registered with a partner at the time,
and eventually had at least one child (observations = 145,571; unique women = 8,349).
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(a) Hours worked for employed

-0.40

-0.30

-0.20

-0.10

0.00

0.10

0.20

G
ap

 in
 H

ou
rs

 w
or

ke
d 

fo
r e

m
pl

oy
ed

re
la

tiv
e t

o 
Y

∞

-6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11
Age of child

(b) Gap in hours worked for employed

Figure A3. Hours conditional on employment. Event.
Note: Event-study estimates from specification (2). Outcome is hours worked conditional on employ-
ment. Panel a shows effects separately for women and partners, panel b shows difference between
women and partners. Estimates are scaled relative to counterfactual earnings without children (Y∞)
as described in section 4.5. The sample includes all women (and their partners) who underwent their
first IVF treatment between 2009 and 2016, had no children prior to that attempt, were registered
with a partner at the time, and eventually had at least one child (observations = 145,571; unique
women = 8,349).
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(f) Gap in hourly earnings

Figure A4. Other labor market outcomes. LPR-IV.
Note: Estimated effects of fertility using the IV model of Lundborg et al. (2017) as described in
equation (4) on our data. Outcomes are employment (panel a and b), hours worked (panel c and
d), and hourly wages (panel e and f). Panels a, c, and e show effects separately for women and
partners, panels b, d, and f show difference between women and partners. Estimates are scaled
relative to counterfactual earnings without children (Y∞) as described in section 4.5. The sample
includes all women (and their partners) who underwent their first IVF treatment between 2009
and 2016, had no children prior to that attempt, and were registered with a partner at the time
(observations = 173,480; unique women = 10,033)

15



-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

H
ou

rs
 w

or
ke

d 
fo

r e
m

pl
oy

ed
re

la
tiv

e t
o 

Y
∞

0 1 2 3 4 5 6 7 8 9 10 11
Years since IVF

Women Partners
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Figure A5. Hours conditional on employment. LPR-IV.
Note: Estimated effects of fertility using the IV model of Lundborg et al. (2017) as described in
equation (4) on our data. Outcome is hours worked conditional on employment. Panel a shows
effects separately for women and partners, panel b shows difference between women and partners.
Estimates are scaled relative to counterfactual earnings without children (Y∞) as described in section
4.5. The sample includes all women (and their partners) who underwent their first IVF treatment
between 2009 and 2016, had no children prior to that attempt, and were registered with a partner
at the time (observations = 173,480; unique women = 10,033).
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Figure A6. Other labor market outcomes. Event-IV.
Note: Estimated effects of age of child using the event-IV model described in equation (10, event-IV).
Outcomes are employment (panel a and b), hours worked (panel c and d), and hourly wages (panel
e and f). Panels a, c, and e show effects separately for women and partners, panels b, d, and
f show difference between women and partners. Estimates are scaled relative to counterfactual
earnings without children (Y∞) as described in section 4.5. The sample includes all women (and
their partners) who underwent their first IVF treatment between 2009 and 2016, had no children
prior to that attempt, and were registered with a partner at the time (observations = 173,480;
unique women = 10,033)
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Figure A7. Hours conditional on employment. Event-IV.
Note: Estimated effects of age of child using the event-IV model described in equation (10, event-IV).
Outcome is hours worked conditional on employment. Panel a shows effects separately for women
and partners, panel b shows difference between women and partners. Estimates are scaled relative
to counterfactual earnings without children (Y∞) as described in section 4.5. The sample includes
all women (and their partners) who underwent their first IVF treatment between 2009 and 2016,
had no children prior to that attempt, and were registered with a partner at the time (observations
= 173,480; unique women = 10,033)
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A.7 Non-labor market outcomes
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Figure A9. Robustness. Event-IV.
Note: Robustness checks of our event-IV model as specified in equation (10, event-IV). Figure shows
our baseline specification, alongside estimates that include controls for divorce and visits to a general
practitioner for psychological symptoms. All estimates are scaled relative to counterfactual earnings
(Y∞) as described in section 4.5. The sample includes all women (and their partners) who underwent
their first IVF treatment between 2009 and 2016, had no children prior to that attempt, and were
registered with a partner at the time (observations = 173,480; unique women = 10,033).
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Figure A8. Non-labor market outcomes – Event-IV.
Note: Results from the event-IV model in equation (10, event-IV), using (a) GP visits for psychological
symptoms and (b) divorce as outcomes. Panel (a) also reports estimates for severe psychological
symptoms. The sample includes all women who underwent their first IVF treatment between 2009
and 2016, had no children prior to that attempt, and were registered with a partner at the time
(observations = 173,480; unique women = 10,033).
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Figure A10. Robustness. Event-IV.
Note: Robustness checks of our event-IV model as specified in equation (10, event-IV). Figure A10
show our baseline specification estimated in the sample of IVF women (all women who underwent
their first IVF treatment between 2009 and 2016, had no children prior to that attempt, and were
registered with a partner at the time (observations = 173,480; unique women = 10,033)), alongside
estimates based on (i) a subsample where we exclude all observations with a psychological diagnosis
and (ii) a subsample where we exclude all women who received a psychological diagnosis after IVF
treatment. All estimates are scaled relative to counterfactual earnings (Y∞) as described in section
4.5.
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Table A7. Comparison of long-run (age 11) fertility effects and child penalty
estimates across models

LPR-IV Event Event-IV Event vs. Event-IV
(1) (2) (3) (2) - (3)

Gap -0.04 -0.16 -0.11 -0.05
(0.22) (0.04) (0.10) (0.10)

Women 0.07 -0.13 -0.02 -0.11
(0.13) (0.02) (0.06) (0.05)

Partners 0.11 0.03 0.09 -0.06
(0.18) (0.04) (0.08) (0.09)

Note: Table shows estimates of earnings for women, partners, and the gap (women - partners),
evaluated at a = 11 (p = 11 for LPR-IV). Column (1) shows estimates from the LPR-IV model,
column (2) shows the estimates from the event-model, column (3) shows estimates from the event-
IV model, and column (2) - (3) shows the difference between the event model and the event-IV
model. Standard errors for gaps between parents and differences across models are bootstrapped
using 199 repetitions. The sample for the IV estimates includes all women (and their partners)
who underwent their first IVF treatment between 2009 and 2016, had no children prior to that
attempt, and were registered with a partner at the time (observations = 173,480; unique women
= 10,033). The sample for the event study estimates includes all women (and their partners) who
underwent their first IVF treatment between 2009 and 2016, had no children prior to that attempt,
were registered with a partner at the time, and eventually had at least one child (observations =
145,571; unique women = 8,349).

Table A8. Robustness: Comparison of long-run (age 6) fertility effects and child
penalty estimates across models, without restriction that woman has partner

LPR-IV Event Event-IV Event vs. Event-IV
(1) (2) (3) (2) - (3)

Gap -0.07 -0.15 -0.11 -0.04
(0.10) (0.02) (0.06) (0.06)

Women 0.04 -0.14 -0.05 -0.09
(0.06) (0.01) (0.03) (0.03)

Partners 0.11 0.01 0.06 -0.05
(0.10) (0.02) (0.06) (0.06)

Note: Table shows estimates of earnings for women, partners, and the gap (women - partners),
evaluated at a = 6 (p = 6 for LPR-IV). Column (1) shows estimates from the LPR-IV model, column
(2) shows the estimates from the event-model, column (3) shows estimates from the event-IV
model, and column (2) - (3) shows the difference between the event model and the event-IV model.
Standard errors for gaps between parents and differences across models are bootstrapped using 199
repetitions. The sample for the IV estimates includes all women (and their partners) who underwent
their first IVF treatment between 2009 and 2016, had no children prior to that attempt, and were
not required to be registered with a partner at the time (observations = 202,561; unique women
= 11,666). The sample for the event study estimates includes all women (and their partners) who
underwent their first IVF treatment between 2009 and 2016, had no children prior to that attempt,
were not required to be registered with a partner at the time, and eventually had at least one child
(observations = 170,158; unique women = 9,726).
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Table A9. Robustness: Comparison of long-run (age 11) fertility effects and child
penalty estimates across models, without sample restriction that woman has partner

LPR-IV Event Event-IV Event vs. Event-IV
(1) (2) (3) (2) - (3)

Gap 0.02 -0.18 -0.06 -0.12
(0.21) (0.05) (0.10) (0.10)

Women 0.05 -0.14 -0.02 -0.12
(0.11) (0.02) (0.05) (0.05)

Partners 0.03 0.04 0.04 0.00
(0.21) (0.05) (0.10) (0.10)

Note: Table shows estimates of earnings for women, partners, and the gap (women - partners),
evaluated at a = 11 (p = 11 for LPR-IV). Column (1) shows estimates from the LPR-IV model,
column (2) shows the estimates from the event-model, column (3) shows estimates from the event-
IV model, and column (2) - (3) shows the difference between the event model and the event-IV
model. Standard errors for gaps between parents and differences across models are bootstrapped
using 199 repetitions. The sample for the IV estimates includes all women (and their partners) who
underwent their first IVF treatment between 2009 and 2016, had no children prior to that attempt,
and were not required to be registered with a partner at the time (observations = 202,561; unique
women = 11,666). The sample for the event study estimates includes all women (and their partners)
who underwent their first IVF treatment between 2009 and 2016, had no children prior to that
attempt, were not required to be registered with a partner at the time, and eventually had at least
one child (observations = 170,158; unique women = 9,726).
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A.8 Wage replacement

The Norwegian government provides substantial benefits to women during the
latter part of pregnancy and the first year after birth. These benefits are meant
to compensate for lost labor earnings and can be as high as 100 percent of lost
earnings depending on labor market participation the year before birth. In order to
give an estimate of the total earnings penalty carried by women having children we
also show estimates when we replicate our baseline model using a broader measure
of labor-related earnings and benefits that excludes capital gains and non-taxable
transfers but includes sick leave and parental leave benefits. Figure A11 shows that
while benefits substantially dampen the immediate effect of having children, the
longer-run effect is very similar whether we include transfers or not.
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Figure A11. Earnings including benefits. Event-IV.
Note: Estimates from our Event-IV model as specified in equation (10, event-IV). Outcomes are
earnings and earnings including benefits. Data on earnings including benefits are only available
until 2017. Estimates are scaled relative to counterfactual earnings (Y∞) as described in section 4.5.
The sample includes all women who underwent their first IVF treatment between 2009 and 2016,
had no children prior to that attempt, and were registered with a partner at the time (observations
= 173,480; unique women = 10,033)
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A.9 Event-IV and LPR-IV

Table A10. First stage F-statistics for LPR-IV and event-IV.

(1) (2)
LPR-IV Event-IV

Years since IVF (column 1) / Age of child (column 2) F-statistic F-statistic
-6 669
-5 788
-4 838
-3 865
-2 932
-1 955
0 800 972
1 807 960
2 807 951
3 811 959
4 811 953
5 809 951
6 757 830
7 695 751
8 615 628
9 533 524
10 447 417
11 349 284
Note: F-statistics for first-stages from the LPR-IV model (equation (5)) and the event-IV model (equa-
tion (11, FS, event-IV)). The sample includes all women who underwent their first IVF treatment
between 2009 and 2016, had no children prior to that attempt, and were registered with a partner
at the time (observations = 173,480; unique women = 10,033).
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(e) Fertility weight at p = 4
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Figure A12. Fertility weights
Note: Fertility weights as defined in Section 7.1. The sample includes all women who underwent
their first IVF treatment between 2009 and 2016, had no children prior to that attempt, and were
registered with a partner at the time (observations = 173,480; unique women = 10,033).
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(d) Fertility weight at p = 9
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(e) Fertility weight at p = 10
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Figure A13. Fertility weights
Note: Fertility weights as defined in Section 7.1. The sample includes all women who underwent
their first IVF treatment between 2009 and 2016, had no children prior to that attempt, and were
registered with a partner at the time (observations = 173,480; unique women = 10,033).
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Figure A14. Combining results from LPR-IV and our event-IV model
Note: Figure shows results from our estimation of the IV model by Lundborg et al. (2017) alongside
the event-IV estimates constructed from the reduced form and the first stages from our event-IV
model in equation (10, event-IV) and (11, FS, event-IV). The sample is all women undergoing IVF
treatment. The sample includes all women who underwent their first IVF treatment between 2009
and 2016, had no children prior to that attempt, and were registered with a partner at the time
(observations = 173,480; unique women = 10,033).
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A.10 Complier characteristics

Table A11. Complier characteristics

All IVF women Compliers
Mean Std.Dev. Mean Std.Dev.

Woman characteristics
Age 33.99 (4.21) 34.11 (4.25)
Pre-IVF earnings 27.05 (17.00) 26.77 (16.97)
Education
- Compulsory 0.14 (0.35) 0.15 (0.36)
- High School 0.24 (0.43) 0.25 (0.43)
- Bachelor 0.42 (0.49) 0.41 (0.49)
- Master 0.20 (0.40) 0.19 (0.39)
Sickness absence days 32.23 (72.68) 36.84 (76.27)
GP visits 3.51 (3.87) 3.81 (4.02)
Psychological symptoms 0.15 (0.36) 0.16 (0.37)
Hospital days 6.80 (29.78) 8.11 (34.09)

Partner characteristics
Age 35.06 (6.10) 35.33 (6.23)
Education
- Compulsory 0.17 (0.37) 0.17 (0.38)
- High School 0.39 (0.49) 0.39 (0.49)
- Bachelor 0.27 (0.45) 0.27 (0.44)
- Master 0.17 (0.38) 0.16 (0.37)
Earnings 36.96 (24.36) 36.58 (23.65)

(Estimated) number of women 10,033 7,527.08
Note: Population and complier descriptive statistics evaluated one year after the first IVF trial.
Complier mean and standard deviations computed using Abadie (2003) κ-weighting. The sample
includes all women who underwent their first IVF treatment between 2009 and 2016, had no
children prior to that attempt, and were registered with a partner at the time (observations =
173,480; unique women = 10,033).
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A.11 Alternative event-study estimators
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Figure A15. Results based on the treatment-cohort Callaway and Sant’Anna (2021)
estimator
Note: This figure shows the estimated results from the event model using the conventional estimator
as applied in f.e. Kleven et al. (2019) and results using the estimator proposed by Callaway and
Sant’Anna (2021) with bootstrapped standard errors, allowing for effect heterogeneity by women’s
age at birth. The sample includes all women (and their partners) who underwent their first IVF
treatment between 2009 and 2016, had no children prior to that attempt, were registered with a
partner at the time, and eventually had at least one child (observations = 145,571; unique women
= 8,349).
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Figure A16. Results based on event-study specification with mother fixed-effects.
Note: OLS event study estimates from specification (2), but with mother fixed effects. Panel (a) shows
effects separately for women and partners, panel (b) shows the difference between women and
partners. Estimates are scaled relative to each gender’s counterfactual earnings (Y∞), as described
in section 4.5. The sample includes all women (and their partners) who underwent their first IVF
treatment between 2009 and 2016, had no children prior to that attempt, were registered with a
partner at the time, and eventually had at least one child (observations = 145,571; unique women
= 8,349).
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Figure A17. Results based on Rambachan and Roth (2023) estimator
Note: This Figure A17 reports event-study estimates that adjust for the baseline of a linear extrapola-
tion of the pre-trend into the post period following Rambachan and Roth (2023). Panel (a) shows
effects separately for women and partners, panel (b) shows the difference between women and
partners. Estimates are scaled relative to each gender’s counterfactual earnings (Y∞), as described
in section 4.5. The sample includes all women (and their partners) who underwent their first IVF
treatment between 2009 and 2016, had no children prior to that attempt, were registered with a
partner at the time, and eventually had at least one child (observations = 145,571; unique women
= 8,349).
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Figure A18. Results by potential age of child
Note: Estimated effects of fertility on earnings using the LPR-IV model described in equation (4)
on our data, separately by potential age of child (p). Panel (a) shows effects for women, panel
(b) for partners. Estimates are scaled relative to counterfactual earnings without children (Y∞)
as described in Section 4.5. The sample includes all women (and their partners) who underwent
their first IVF treatment between 2009 and 2016, had no children prior to that attempt, and were
registered with a partner at the time.
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Figure A19. Results by increasing horizon of potential ages p of child
Note: Estimated effects of age of child on earnings using the event-IV model described in equation
(10, event-IV), estimated by increasing horizon of potential ages a. Panel (a) shows effects for
women, panel (b) for partners. Estimates are scaled relative to counterfactual earnings without
children (Y∞) as described in section 4.5. The sample includes all women (and their partners) who
underwent their first IVF treatment between 2009 and 2016, had no children prior to that attempt,
and were registered with a partner at the time
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Table A12. ICPC-2 Chapter P: Psychological Codes and Descriptions

Code Description
Symptoms (P01–P29) and process codes (P30–P69)

P01 Feeling anxious / nervous / tense
P02 Acute stress reaction
P03 Feeling depressed
P04 Feeling / behaving irritable / angry
P05 Senility, feeling / behaving old
P06 Sleep disturbance
P07 Sexual desire reduced
P08 Sexual fulfilment reduced
P09 Sexual preference concern
P10 Stammering / stuttering / tic
P11 Eating problem in child
P12 Bedwetting / enuresis
P13 Encopresis / bowel training problem
P15 Chronic alcohol misuse
P16 Acute alcohol misuse
P17 Tobacco abuse
P18 Medication abuse
P19 Drug / substance abuse
P20 Memory disturbance
P22 Child behaviour symptom / complaint
P23 Adolescent behaviour symptom / complaint
P24 Specific learning problem
P25 Phase of life problem, adult
P27 Fear of mental disorder
P28 Limited psychological function / disability
P29 Psychological symptom / complaint other
P30–P69 Process codes (consultations, tests, results, procedures)
Diagnoses and disorders (P70–P99)

P70 Dementia / organic psychosis
P71 Organic psychosis, other
P72 Schizophrenia
P73 Affective psychosis (manic / depressive)
P74 Anxiety disorder / anxiety state
P75 Somatization disorder
P76 Depressive disorder / major depression
P77 Suicide / suicide attempt
P78 Neurasthenia / surmenage
P79 Phobia / obsessive-compulsive disorder
P80 Personality disorder
P81 Hyperkinetic disorder
P82 Post-traumatic stress disorder (PTSD)
P85 Mental retardation
P86 Eating disorder (anorexia / bulimia)
P98 Psychosis NOS / other
P99 Psychological disorder, other
Notes: The table lists all ICPC-2 codes under Chapter P (Psychological), grouped as in the official
classification. Codes P01–P69 cover symptoms and process codes, while P70–P99 cover diagnoses
and disorders. Our analysis uses one indicator including all Chapter P codes and another restricted
to the subset of severe diagnoses and disorders.
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