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Abstract
In this paper, we model pre-birth twins’ competition for maternal resources inside the
womb. We then theoretically show that such pre-natal interaction leads to bias in the standard twin fixed effects estimator. We propose an instrumental variable estimation strategy
that tests the in utero interaction of twins, and we find some evidence of it. We then use
the same IV to estimate the returns to birthweight. Our estimation results indicate that the
returns to birthweight are closer to the sibling-based estimates than the twin fixed effects
estimates reported in the previous literature.
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Introduction

The (log) birthweight has been the focus in many of the infant health literature because it has
been considered to be a good proxy for the quality of the in utero environment. Low birthweight
infants are known to have adverse health and socioeconomic outcomes. Examples of adverse
health and clinical outcomes are infant mortality, morbidity, neurological impairment, and insufficient physical growth.1 In the medical literature, there is a large body of physiological and
clinical knowledge about how low birthweight is associated with neonatal complications and
morbidity. For example, respiratory failure is one of the leading causes of morbidity and mortality in low birthweight infants, and the introduction of a treatment called surfactant therapy in
the 1990s has substantially reduced mortality and morbidity in this population (Wilson-Costello
et al., 2005).
However, the positive correlation between birthweight and outcomes such as health and
socioeconomic status cannot be considered as evidence in support of policies that improve maternal health during pregnancy, which would increase birthweight. This is because such positive
correlation does not imply causation from birthweight to outcomes. Instead, the unobserved
maternal characteristics could be the real source of the correlation. For example, mothers who
are genetically predisposed to have infants of poor health may also be genetically predisposed to
have infants with low birthweight, which could generate a positive correlation between the two,
even though low birthweight is not the real reason for poor health. Due to the positive correlation, OLS estimate of the returns to birthweight on infant health could demonstrate substantial
health effects of birthweight, even though there is none.
The methodology widely used in the literature to overcome such bias is the twin fixed effects
estimator (Behrman and Rosenzweig, 2004; Almond et al., 2005; Miller et al., 2005; Conley et
al., 2006; Black et al., 2007). It relies on within twin variations in birthweight and postnatal
outcomes. It uses within twin difference in birthweight and postnatal outcomes as indepenent
and dependent variables in the regression. By taking the within twin difference in birthweight
and postnatal outcomes, one can remove the parental background and the part of the genetic
endowment that are common to both twins, which are the primary sources of endogeneity bias
of the returns to birthweight estimates.2
1

The adverse socioeconomic outcomes are test scores (Maruyama and Heinesen, 2014), welfare assistance
(Oreopoulos et al., 2008), health care costs (Almond et al., 2005), risk-taking behavior (Hack et al., 2002),
behavioral problems (Hultman et al., 2007), criminal tendencies (Tibbetts and Piquero, 1999; Maruyama and
Heinesen, 2014), and the birthweight of the next generation (Royer, 2005; Black et al., 2007; Currie and Moretti,
2007).
2
The monozygotic twins have the same genes as well. Even though dizygotic twins do not share the same
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In other words, the within twin difference of (log) birthweight can be considered to be a
pure measure of in utero environment (see Almond et. al., 2005 and others for more detailed
discussions).3 This argument provides a strong support in interpreting the twin fixed effects
estimated returns to (log) birth weight as a measure of the returns to the maternal environment
(“nurture”) on infant health that is not contaminated by the parental socioeconomic and genetic
background (which corresponds to “nature”).
We can summarize the main findings from the twin fixed effects studies into three points.
First, the returns to birth weight estimates are often quite different, depending on the data,
countries, and the design of the empirical study.4 Second, the majority of these studies nevertheless finds significant long-term birth weight effects on health, cognitive, and socioeconomic
outcomes, with magnitudes often similar to the OLS estimates. Third, the use of twin fixed
effects results in substantially lower estimates of the returns to birthweight on infant health
than the OLS counterparts. (Behrman and Rosenzweig, 2004; Almond et al., 2005; Conley
et al., 2006; Black et al., 2007; Oreopoulos et al., 2008; Royer, 2009). The second and third
observations imply that the OLS correlation between birthweight and infant health is mostly
non-causal, but the birthweight does have a latent effect that alters one’s life much later.
These findings are broadly consistent with the fetal origins hypothesis. This widely-cited
hypothesis claims that the intrauterine environment, particularly nutrition “programs” the fetus
to have particular metabolic characteristics, which can lead to future adult diseases even if there
is no immediate impact (Barker, 1990; Barker, 1995).5 An alternative interpretation follows the
recent literature on early childhood human capital investment (e.g., Cunha and Heckman, 2008
and others). It proposes a human capital production function in which ability endowment and
human capital investment are complementary inputs. Then, the post-natal investment dynamics
would propagate even a small difference in infant outcome resulting from low birth weight to
sizeable long-term effects.
It is important to notice that the physiological emphasis on birthweight in the medical
literature, the fetal origins-, and the propagation hypotheses have different implications on the
importance of policies that improves maternal health on postnatal infant outcomes. The medical
genes, the difference can be considered reasonably close to be random.
3
However, as Almond et. al., 2005 argue, there is a concern that until now very little is known about the
source of the residual variation of the birthweight and other infant health outcomes.
4
For example, Miller et al., 2005 study twins in Australia and find no strong birthweight effect on schooling
and earnings, which is inconsistent with most other studies. Royer (2009) discusses instability in the results of
Black et al., 2007.
5
See Almond and Currie, 2011A for a review of the growing literature on the hypothesis from the economics
perspective.

3

literature predicts large policy effects whereas the other two hypotheses predict small effects.
In this paper, we try to bridge the gap between those two strands of literature. To do so, we
modify the existing model of twins and allow twins to interact in utero. For the speicification
of interactions of twins in utero, we follow the standard model of social interaction analyzed
both econometrically and empirically by Manski (1993), Graham (2008) and others. Then, we
show that the twin fixed effects estimated returns to birthweight is biased. We can explain the
bias of the twin fixed effects estimator as follows: If we consider the likely scenario of negative
spillover, i.e., twins competing for common maternal resources in utero, the intake of nutrition
by the partner twin changes the maternal environment by reducing the fetus’s share of maternal
resources. Thus, after differencing out the parental backgrounds, we still are left with two sources
of idiosyncratic variation in utero: variation in own idiosyncratic “ability” to take in maternal
nutrition and variation in resources taken away by the partner twin. Given the same ability,
higher nutritional intake by partner twin worsens the nutritional environment of the maternal
womb, and thus, results in a reduction of the own birthweight. We argue that ignoring the
negative effect from the partner twin, as has been done in the literature, biases the twin fixed
effects estimator downward. Furthermore, we also allow for hormone transfers between mixed
gender twins: transfer of male hormones from male to female twins and female hormones from
female to male twins, which also potentially affect the birthweight and other health outcomes.
These deviations from the standard model call for a different approach in separating the
effects of parental background (“nature”) from the effects of in utero environment (“nurture”).
In this paper, we provide such approach by proposing to test the in utero interactions of the
twins by using the gender of the twin partner as an instrument. We can do so because the gender
of the twins can be considered to be purely random, i.e., orthogonal to the parental background.
Furthermore, if we look at a model that allows for twin interactions in utero, then, the variation
of the partner gender has the potential to change the in utero environment (which we argue is
part of “nurture”) and thus, affect the own log birth weight and health outcomes.
We also carefully select the data to make sure that variation in partner gender only affects
the outcome through changes in utero environment and does not affect own ability of the twins.
First, we focus on the birthweight, and the health outcomes observed immediately after birth
(infant mortality, 5 minute APGAR score,6 and the number of hospital days after birth) so as
to avoid contaminating our results with the postnatal within-twin and twin-parent interactions
6

APGAR score is a method to summarize the health of newborn children quickly immediately after their birth
(within 5 minutes for 5 minute APGAR score). 10 is the highest score, which corresponds best postnatal health
condition.
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that affect the medium to long run outcomes. Second, we use the dichorionic twins (dichorionic
twins are very likely to be dizygotic) drawn from the Danish administrative data. We need
to control for zygosity because monozygotic twins, who have the same genes are always same
gender twins. At the same time, the monozygotic twins share the same genes, whereas dizygotic
twins only share 50 percent of the genes. Thus, if we do not control for zygosity, partner gender
would be correlated with own ability through correlation between partner gender and zygosity,
violating the exclusion restriction.
After such sample selection, we can convincingly argue that the variation of the gender of the
twin partner affects the in utero environment, but not own ability. Our results indicate significant
and substantial effects of partner gender on own (log) birth weight and health outcomes. For
example, we find that twins who have a male partner tend to be lighter than the ones with
a female partner. We believe those results provide a strong evidence on the effect of in utero
environment on postnatal health outcomes.
We then try to quantify the effect by obtaining the “returns to birthweight” estimate using
the gender of the twin partner as an instrument. We use infant mortality, 5 minute APGAR
score, and length of hospital stay as outcomes and compare our IV estimates with the OLS and
the twin fixed effects estimates. We find that our IV estimates of returns to birth weight are
higher than the twin fixed effects estimates. They are close to the OLS estimates.
We point out that some additional exclusion restrictions are necessary for the partner gender
to become a valid IV for the returns to log birthweight estimation.7 Those exclusion restrictions
essentially impose that the partner gender IV only affects infant health through changes in log
birthweight. A potential source of violation is the hormone transfer hypothesis. This hypothesis
argues that in a male-female twin pair, the male (female) fetus is exposed to more female (male)
hormones than the same-gender twin pair. Such hormonal exposure results in feminization of
the male fetus and masculinization of the female fetus, consequently improving the health of
the male fetus and worsening that of the female fetus. We test for the bias of the returns to
birth weight estimate due to the hormone transfer hypothesis and find no evidence that it could
reduce the returns to birthweight estimate.
In this paper, we use two large datasets on multiple births. The first dataset is the Linked
Birth and Death Data (LBDD) and the Matched Multiple Birth File (MMF) constructed from
the LBDD by the Center for Disease Control and Prevention. The second dataset is the Danish
administrative data. We use the LBDD and MMF data primarily because it has a large sample
7

They are not necessary for testing in utero interactions.
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size for multiple births. However, it lacks any information on chorionicity and zygosity, and the
health outcomes do not include the number of hospital days. On the other hand, the Danish
birth registry data include detailed information on parental background, chorionicity.
In Section 2, we review the twin fixed effects literature. In Section 3, we describe the datasets
that we use. Section 4 extends the canonical model of birthweight and outcomes to include in
utero interaction among twins, and formally show the source of the bias of the twin fixed effects
estimator. In Section 5, we propose the IV strategy that uses the gender of the twin partner as
an instrument, and we report the results of the test of in utero interaction and the IV estimated
returns to log birthweight. In Section 6, we conclude.

2

The Twin Fixed-effects Estimator

2.1

Econometric specification of the underlying model.

We first review the conventional model of birthweight and infant health outcomes for siblings
and then discuss the properties of the OLS and twin fixed effects estimators.8
Consider a linear model of log birthweight:
bwik = xki β + αki + uki

(1)

where bwki is log birthweight of a child i in family k, xki is the observed characteristics of
family k at birth i (such as observed maternal health, etc.), αki is the unobserved term specific
to family k at birth i, and uki is the unobserved term specific to fetus i. αki includes the
unobserved component of maternal health, such as the preexisting health conditions not in the
data, and maternal and paternal genetic background. uki includes the innate ability of the fetus
for resource extraction. We follow Black et. al., 2007 and others to mainly use the specification
where the dependent variable is log birthweight instead of birthweight or fetal growth. The
equation for outcome yki is specified as
yki = xki η x + uki ηB + ξki + ki ,

(2)

where ξki is the effect of the unobserved family background at birth i on the outcome, and ki is
the sibling i specific, idiosyncratic shock affecting the outcome, the mean of which is normalized
8

Behrman and Rosenzweig 2004, Almond et. al. 2005, Black et. al. 2007, Currie and Moretti 2007, Oreopoulos
et. al. 2008, and Royer 2009 also provide related discussions.
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to zero and is assumed to be independent of other variables. Notice that the coefficient on the
unobserved sibling specific pre-natal term uki : ηB represents the effect of pre-natal condition
on post-natal outcomes. Substituting away uki by using the log birthweight equation (1), we
obtain
yki = xki δ x + bwki ηB + ζki + ki

(3)

δ x = η x − βηB , ζki = ξki − αki ηB .

(4)

where

The literature argues that cross-sectional analysis of outcome equation (3) may suffer from
bias due to correlation between log birthweight bwki , and the error term because both of them
include αki as long as ηB 6= 0. The correlation is nonzero even if ξki is uncorrelated with αki .
For the sake of expositional simplicity, for now we remove any controls x from the birthweight
and outcome equation. Then, the OLS estimator of ηB is:
η̂B,OLS ≡

d (bwki , yki )
d (bwki , ζki )
Cov
Vd
ar (bwki ) ηB + Cov
=
Vd
ar (bwki )
Vd
ar (bwki )

(5)

and in general, as sample size goes to infinity,
p

η̂OLS → ηB +

Cov (αki , ξki − αki ηB )
6= ηB
V ar (bwki )

(6)

because of the correlation between αki and ξki − αki ηB . Therefore, the OLS is not a consistent
estimator of the returns to log birthweight. In other words, the OLS estimator in Equations
(5) and (6) can be high for the following two reasons. First, returns to birthweight parameter
ηB shown in the first term of Equation (6) is high. Second, both log birthweight and outcomes
are positively correlated with favorable unobserved family-specific background. This is shown
in the 2nd term of the Equation (6). An example of this would be if some mothers lack proper
knowledge to take care of her health during pregnancy and the health of the infant after birth.
Then, that would result in both lower birthweight and lower infant health outcomes, even if the
former does not cause the latter.
Researchers who estimated the returns to birthweight have tried to deal with the above issue
by taking the siblings fixed effects approach. That is, one can take the first difference in log
birthweight between the two siblings in the same family to obtain
∆bwk = bwk1 − bwk2 = (xk1 − xk2 ) η x + αk1 − αk2 + uk1 − uk2 = ∆xk η x + ∆αk + ∆uk
7

and similarly for outcome:
∆yk = yk1 − yk2 = ∆xk δ x + ∆bwk ηB + ∆ζk + ∆k .
Then, if we abstract from x, we again obtain the following properties of the sibling differenced
estimator:
p

η̂SD → ηB +

Cov (∆αk , ∆ξk − ∆αk ηB )
6= ηB
V ar (∆bwk )

(7)

if there remains a correlation between unobserved components in siblings differenced log birthweight and siblings differenced outcome. Even if the permanent components of the unobserved
components in birthweight and outcome equations are differenced out, their temporary components are not, since siblings are born on different dates. Hence, the correlations between
the temporary unobserved maternal specific components in birthweight and outcome can still
generate bias in the siblings-differenced returns to birthweight estimate.
To further remove the bias due to the temporary maternal specific unobserved components,
many researchers use data on twins. Because of the common date of birth and the very nature of
their birth process, twins share the same prenatal socioeconomic background and similar genetic
endowment with their twin partner. Moreover, the monozygotic twins share the same genes.
Therefore, we can remove i from the subscript in xki , αki and ξki . That is, we can rewrite the
log birthweight equation as
bwki = xk β + αk + uki

(8)

yki = xk η x + uki ηB + ξk + ki = xk δ x + bwki ηB + ζk + ik

(9)

and the outcome equation as

Next, we take the within-twin difference of the above two equations. That is, if we denote
∆bwk = bwk1 − bwk2 as the difference in log birthweight between twins k1 and k2, we obtain
∆bwk = bwk1 − bwk2 = uk1 − uk2 = ∆uk ,
and similarly for an outcome,
∆yk = yk1 − yk2 = ∆bwk ηB + ∆k .

8

Hence, by taking within twin difference in log birthweight and outcomes, one can difference
out any observed and unobserved common parental and genetic backgrounds, which were the
sources of bias in the OLS and siblings fixed effects estimators. Therefore, the within twin
difference in log birthweight can be considered not to contain any difference in the prenatal
environment and only contain small differences in genes (or none if they are monozygotic twins)
and thus, would be close to a pure random shock of birthweight. Then, assuming that ∆uk and
∆k are orthogonal, the twin fixed effects estimator can be derived as follows:
d (∆bwk , ∆yk )
Cov
.
Vd
ar (∆bwk )

(10)

d (∆bwk , ∆k ) P
Vd
ar (∆bwk ) ηB + Cov
→ ηB .
Vd
ar (∆bwk )

(11)

η̂B,T F E =
Thus, as sample size goes to infinity,

η̂B,T F E =

That is, the twin fixed effects estimator consistently recovers the returns to log birthweight. For
the monozygotic twins, both of them share the same parental background as well as the same
genes, and thus, the assumption of orthogonality between ∆uk and ∆k is likely to hold. In
contrast, the dizygotic twins share the same parental background, but only about 50 percent
of the genes. Therefore, orthogonality is not guaranteed to hold. However, many papers (e.g.
Black et. al., 2007 and others) report very similar results for the twin fixed effects estimators
for the monozygotic and dizygotic twins.

3

Data

3.1

Matched Multiple Birth File (MMF)

The Center for Disease Control has a dataset that covers all infant birth until their death in the
first year. It is a dataset that has very large sample, and thus allows us to compare the preand postnatal records of singletons and multiple birth infants (twins, triplets, and quadruplets).
The sample includes all records of births, both live births and fetal deaths in the U.S. during
the years 2006-2010. The dataset has a large sample size, detailed pre- and postnatal medical
records, but only follows infants for one year after their birth, and has limited information on
the parental background.
In Table 1, we report the sample statistics of the singletons, twins, triplets and quadruplets.

9

We can see that the average birthweight decreases with the number of multiple births. Singletons
have on average the highest birthweight, followed by twins, triplets and quadruplets. This is the
case for both males and females. The standard deviations have a somewhat different pattern.
For both males and females, the standard deviation of twin birthweight is higher than that of
singletons. But they then decrease with the number of multiple births for twins, triplets and
quadruplets. The average log birthweight decreases with the number of multiple births for both
males and females, but in contrast, their stadard deviations incrase with the number of multiple
births. Next, we look at the infant mortality and find that both average and standard deviations
increase with the number of multiple births. We also can see that even though the average of
the 5 minute APGAR score decreases with the number of multiple births, its standard deviation
increases with the number of multiple births. Overall, the sample statsitics of the three health
measures, log birthweigth, infant mortality and the APGAR score indicate that for both males
and females, the average health status declines with the number of multiple births, but their
standard deviation increases. From the sample statistics, one may possibly conjecture that
an increase in the number of simultaneous births tightens the maternal resource constraint for
the fetuses, which reduces the average health outcomes, and at the same time, increases their
standard deviations.
It is important to note that the number of multiple births is not exogenous. One potential
source of endogeneity is that women who have multiple births are older, and are more likely
to have undergone some fertility treatment. That is, the decrease in health measures with an
incraese in number of multiple births could be due to those endogenous changes, rather than
the tightening of the resource constraint.

3.2

Danish Administrative Data and Population Selection.

The Danish birth registry contains the population data for all newborns in Denmark, providing
information on birth date, unique personal identifiers of the newborns and biological parents, and
a range of clinical variables about the mother and the infant, including birthweight. The birth
registry is considered to be of high quality regarding both accuracy and coverage (Blenstrup and
Knudsen, 2011). Blenstrup and Knusden (2011) also confirm the reliability of the link between
parents and children. Using the personal identifiers of newborns and their parents, we match
birth records to other Danish registers to extract additional data from them.
The following records are excluded from our sample: multiple pregnancy of quadruples or
more, stillbirths, children whose mother is not identified in the birth registry, children born
10

overseas (because of the lack of birth-related information), and adopted children and their
biological siblings. These exclusions account for less than 1% of the population. Children
whose father is not identified are retained in our population (1% of our final sample); we include
an indicator for missing father information when necessary. A small number of observations with
other missing values situations, highly unrealistic values, and other data problems are removed
from our sample as well.

3.3

Outcome and control variables.

In our analysis of the returns to birthweight using Danish registry data, we will use the following
four variables as health outcomes: one-year mortality, four-week mortality, 5 minute APGAR
score, and the number of days in the hospital between the date of birth and the 2nd birthday.
The advantage of the Danish registry data is that data from birth, health, labor, education
and demographics registries can be linked together via individual identifiers so that we can
obtain a comprehensive data that provides us with a rich source of controls for our regression
analysis. It is standard in the literature to use control variables whose dates are close to the
birth date, but we use control variables whose dates are close to the conception date whenever
it is possible and appropriate. This is because birthweight is strongly related to the timing of
birth (i.e., gestation) so that using control variables recorded around the birth date may cause
endogeneity bias. The estimated date of conception is available for most observations. In very
few cases in which the gestational age is unavailable (0.6% of the entire sample), we infer the
gestation length from a regression on birth weight, gender, maternal age, and other variables.
We construct from the birth registry the following explanatory variables: gender of the
child, year- and month of birth dummies, indicators for the mother’s age at conception (one
indicator for every two years), indicator for being the first child, birth order, indicators for
past pregnancies (1, 2, 3, and 4+), number of past cesarean sections, and also indicators for
mother’s past spontaneous and induced abortions (1 and 2+), past stillbirths, and smoking
habits. From the hospital admission registry, we construct the number of days spent by the
mother in the hospital during the 180 days around the date of conception, except for pregnancyrelated admissions. This variable is a proxy for the mother’s general health condition that is
not the consequence of pregnancy-related conditions.
In addition, we construct the following demographic and socioeconomic variables from various registers: indicators for mother’s highest completed education (less than 9 years, 9 years,
upper secondary, low and medium tertiary, and high tertiary education); indicators for formal
11

marital status and whether the biological mother and father are living together on January 1st
prior to the birth; an indicator for the immigrant status of either the mother or father; mother’s
working status (an indicator for whether she was working most of the year) and income in the
previous year, date of conception; father’s information (an indicator for missing information on
the biological father, age at conception, income and working status in the previous year, and
highest education completed); and county dummy variables. We use those variables plus the
interaction terms of these variables and conception month dummies to account for the effect of
pregnancy on the previous year’s labor supply and other outcomes as controls in all regressions.
We have most of the required data from 1981 to 2013. We derive the results where we control
for chorionicity or zygosity of twins by using the data from the year 2003 to 2013.
Next, we present the sample statistics of birthweight of singletons, twins and triplets for
each gender composition in Table 3. We confirm that the average birthweight of singletons is
the highest, followed by that of twins and then that of triplets. Furthermore, the standard
deviations of birthweight and log birthweight of singletons are lower than those of the twins.
Second, on avearge, males have higher (log) birthweight than females for singletons, twins, and
triplets. Furthermore, for singletons, the standard deviation of (log) birthweight is higher for
males than for females. Third, there are some differences between twins and triplets regarding
the order of the average birthweight for different gender partners. For twins, both for males and
females, the average birthweight is higher when the partner gender is different, but for triplets,
we do not see any pattern that is related to the gender of the partner.
As we discussed earlier, the same gender twins and the same gender pairs in triplets, consist
of both monochorionic (monozygotic) and dichorionic (dizygotic) infants, whereas the mixed
gender twins are almost always dichorionic.
Next, we report the birthweight and other sample statistics for the dichorionic twins in Table
4. For twins with male partners, both the average and the standard deviation of male birthweight
are higher than those of females. The same holds when their partners are females. On the other
hand, for log birthweight, controlling for partner gender, the average log birthweight of males
is higher than that of females but its standard deviation lower. The results are different if
we compare males with different gender partners. That is, males with male partners have on
average lower birthweight than males with female partners, but they have a higher birthweight
variance than those with the female partners. The same results also hold for log birthweight
as well. The pattern is slightly different for female twins. The average birthweight is lower for
the twins with male partners than the twins with female partners, but the standard deviation
12

of the former is slightly lower than that of the latter. If we then look at the log birthweight,
its average is lower for the twins with male partners than the twins with female partners, but
the standard deviation of the log birthweight of the former is higher than the latter. We have
seen in Table 3 that on average, same gender monochorionic twins and triplets have smaller
birthweight than the same gender dichorionic twins. Hence, the same gender twins have lower
the average (log) birthweight than the same gender dichorionic twins. That is why on average,
the log birthweight of female twins are higher with male partners than with female partners,
but the order is reversed for the dichorionic twins.
We also see that controlling for the partner gender, males have lower post-natal health than
females, regarding infant mortality, APGAR score and the number of hospital days. On the
other hand, both male and female twins have lower infant mortality and shorter hospital days
if their partners are females rather than males. However, the 5 minute APGAR score is slightly
higher for females with male partners than for females with female partners.
What we see in the sample statistics is the following: If we compare male and female twins
with the same gender partners, for birthweight and log birthweight, those with higher sample
mean have also higher sample standard deviation. However, we obtain different results if we
compare the same gender twins with different gender partners. Then, for birthweight and log
birthweight, those with higher sample mean have lower sample standard deviation.
Now, let us try to fit the standard model of log birthweight to the above data. Let bwkM be
the log birthweight of the male singleton in family k, and bwkF be the same for female singleton
in family k. Recall that the canonical model of log birthweight for singletons is
bwkM = xk β + αk + ukM , bwkF = xk β + αk + ukF

(12)

Then, for the model to fit the sample statistics of the singletons, we need
E (ukM ) > E (ukF ) , V ar (ukM ) > V ar (ukF ) .

(13)

Next, we let bwkgh be the log birthweight of family k twins whose own gender is g and the gender
of twin partner is h. Then,
bwkgh = xk β + αk + ukgh

(14)

Then, for h = M , F ; E (ukM h ) > E (ukF h ), V ar (ukM h ) > V ar (ukF h ), and for both g = M , F ;
E (ukgM ) < E (ukgF ) but V ar (ukgM ) > V ar (ukgF ) need to hold. That is, in order to explain
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the sample statistics, we may need own gender and partner gender dummies for both mean and
variance for ukgh . Instead, we can capture the features of the data mentioned above with the
following small modification to the canonical model of log birthweight:
bwkgh = bwkg − γbwkh ; g, h ∈ {M, F } ; γ > 0
where the birthweight of bwgk is specified as in Equation (12) and the error term satisfies
Equation (13). Then, for g = M , F , h = M , F ; E (bwkgh ) = E (bwkg − γbwkh ) < E (bwkg ).
Furthermore,
V ar (bwkgh ) = (1 − γ)2 V ar (xk β + αk ) + V ar (ukg ) + γ 2 V ar (ukh )
> V ar (bwkg ) = V ar (xk β + αk ) + V ar (ukg )
if (γ − 1) V ar (xk β + αk ) + γV ar (ukgh ) > 0. That is, if the variance of the family specific
component is sufficiently small relative to the variance of twin specific component. Then, it is
consistent with the sample statistics of singletons and twins. Furthermore, for both h = M , F ;
E (bwkM h ) > E (bwkF h ), V ar (bwkM h ) > V ar (bwkF h ), and for both g = M , F ; E (bwkgM ) <
E (bwkgF ) but V ar (bwkgM ) > V ar (bwkgF ). That is, the modified model is consistent with
the inequalities of mean and standard deviations of log birthweight between singletons and
twins, and also with the inequalities in means and standard deviations of birthweight and log
birthweight between twins of different gender and those with different gender partners. The
above modified model is the model of interactions we propose in the next section.

4

A Simple Model of Interaction of Twins

In this section, we extend the canonical model of birthweight to include in utero interaction. We
use the model of the linear model of social interaction analyzed by Manski (1993), Bramouille
et. al. In particular:

bwki = xk β̃ + α̃k +

2
X

bwkl γ + ũki .

(15)

l=1

Here, without loss of generality, we use the group sum of log birth weight instead of the group
average. In the literature on social interaction, for example, in the classroom social interaction,
it was the classroom average of test scores that was the proxy of endogenously formed classroom
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environment positively affecting the outcome of each student. On the other hand, we presume
that it is the sum of the log birthweight that imposes burden on maternal resources and thus
implies γ < 0. Then, collecting the terms of own log birthweight on the LHS, we obtain
bwki (1 − γ) = xk β̃ + α̃k + bwkj γ + ũki , i 6= j.

(16)

Now, “solving” the model as in Manski (1993), i.e., expressing the birthweight of twins as
functions of common maternal characteristics and the idiosyncratic characteristics, we obtain
bwki =


1 
γ
1−γ
xk β̃ + α̃k +
ũki +
ũkj
1 − 2γ
1 − 2γ
1 − 2γ

Then, if we let uki = ((1 − γ) / (1 − 2γ)) ũki , β = 1/ (1 − 2γ) β̃, and α = 1/ (1 − 2γ) α̃, then
bwki = xk β + αk + uki − ukj γB .

(17)

where γB = −γ/ (1 − γ) > 0 if γ ∈ (0, 1). Notice that uki is the own twin idiosyncratic
unobserved component and ukj is the idiosyncratic unobserved component of the partner twin.
Then, this equation differs from the singleton log birthweight equation (1) only by the addtional
term −ukj γB . Hence, one possible interpretation of the Equation (17) is that of the the in
utero resource competition between the twins. In particular, due to the resource constraint in
the maternal womb, the idiosyncratic component of the twin partner j, ukj reduces own log
birthweight by ukj γB .9 That is, for a twin, the higher nutrient intake by his/her twin partner
worsens his/her fetal environment. Notice that the effect of the nutrient intake by twin partner is
similar to the adverse impact on the fetal environment considered in the fetal origins hypothesis
(Almond and Curie 2011).
Then, by taking the difference in log birthweight, we obtain
∆bwk = bwk1 − bwk2 = (uk1 − uk2 ) (1 + γB ) = ∆uk (1 + γB ) .
Suppose the outcome equation is the same as the singletons. Then,
∆yk = yk1 − yk2 = ∆uk ηB + ∆k
9

Later, we also consider the case where the social interaction term γB depends on parental background.
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(18)

Then, as sample size goes to infinity, the twin fixed-effects estimator satisfies:

η̂T F E =

d (∆bwk , ∆yk ) p
Cov
ηB
→
6= ηB .
1 + γB
Vd
ar (∆bwk )

(19)

Let us then modify the outcome equation so that it includes all the observed and unobserved
common maternal characteristics and the idiosyncratic components of own and partner twin
that determined log birthweight, and the idiosyncratic own component that is specific to health
outcome other than birthweight as follows.
yki = xk η x + ξk + uki ηB1 − ukj γB ηB2 + ik

(20)

Now we have two parameters: ηB1 and ηB2 , that relate the effect of birthweight on infant health
outcomes. ηB1 measures the return on own idiosyncratic birthweight component (own “ability”
to take in nutrition) whereas −γB ηB2 measures the return on the idiosyncratic birthweight component of the partner twin. In other words, ηB2 measures the effect of adverse fetal environment
due to the high nutrient intake by the twin partner on the outcome. Thus, for policy makers
who are interested in the effect of improving the maternal environment, ηB2 is the preferred
measure of the effect of maternal environment on infant health, not ηB1 . Therefore, from now
on, we will mostly focus on the parameter ηB2 as the effect of birthweight on the outcome.
We now derive the twin fixed effects estimator. By taking the twin difference of outcomes in
Equation (20), we obtain:
∆yk = yk1 − yk2 = ∆uk (ηB1 + γB ηB2 ) + ∆k
Then, using Equation (18), we can show that as sample size goes to infinity, the twin fixed-effects
estimator satisfies:
η̂T F E =

d (∆bwk , ∆yk ) p ηB1 + γB ηB2
Cov
→
.
1 + γB
Vd
ar (∆bwk )

(21)

Hence, even with large sample size, the twin fixed effects estimator neither recovers ηB1 , the
returns to own ability, nor ηB2 , the returns to the change in maternal environment.
Equation (21) indicates that the low short-run returns to birthweight estimated by twin
fixed effect can be consistent with a large value of ηB2 as long as γB is positive and relatively
small, and ηB1 has a small value. Furthermore, notice that even if ηB2 remains constant, as long
as ηB1 increases with age, then we would get the twin fixed effects estimated long-run returns
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to birthweight to be higher. It is reasonable to think that at infancy, the fetal environment
would be the primary factor determining the health outcome, but with age, the returns to other
determinants of birthweight, such as innate ability would increase.
We can interpret the source of bias as follows: The conventional model of birthweight and
infant health has two sources of variation: the common parental background and the twin
specific ability to extract maternal resources. Then, the former can be differenced out and only
the latter remains. If we were to include in utero interaction, then the log birthweight equation
contains three components instead of two: the common parental background, own ability of
resource extraction and the ability of the partner twin. Then, the ability of the partner twin
cannot be differenced out.
Another, somewhat related model of in utero interaction we consider is based on the hormone
transfer hypothesis. The hormone transfer hypothesis states that the female hormones in a malefemale twin pair are partially transferred to the male twin, resulting in feminization of males,
which includes a reduction of birthweight. Similarly, male hormones are partially transferred to
female twin, resulting in masculinization of females, which includes an increase in birthweight.
See Schindler (1982), Solomon (1988) for more discussions. Those hormonal allocations would
improve the infant health for males and reduce it for females. The evidence on this hypothesis
is mixed at best, and even when the effect is tested to be significant, its size is in general small.
Right now, the literature is more concerned with the male to female hormone transfer because
research has shown that the pre-natal sex difference is formed primarily by male hormones such
as testosterone, of which female unborns receive very little from the mother unless there is a
male twin partner (see, e.g., Dempsey et. al. (1999)).
It is important to note that the hormone transfer hypothesis alone cannot explain many of
the statistical regularities of the data on twins without in utero competition between the twins.
More concretely, the hormone transfer hypothesis does not explain the higher birthweight of male
dichorionic twins with female partners compared to the ones with male partners. In contrary,
the hypothesis predicts lower birthweight of male twins with female partners than those with
male partners. Nor does it explain the low birthweight of female dichorionic twins with male
partners compared to the ones with female partners.
We further extend the model of in utero interaction to include hormone transfer as follows:
bwkM F = xk β + αk + ukM − ukF γB − hkF
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(22)

bwkF M = xk β + αk + ukF − ukM γB + hkM

(23)

where bwkM F is defined to be the male log birthweight of the male-female twin and bwkF M is
defined similarly. hkF ≥ 0 denotes a measure of the female hormones transferred from female
twin partner to the male twin. The negative sign captures that the hormone trasfer reduces
birthweight. hkM ≥ 0 is the male hormone transferred from male twin partner to the female
twin, which increases birthweight. We also extend the outcome equation to include the effect of
hormone transfers on outcomes, which is measured by the parameter ηh , i.e.
ykM F

= xk η x + ξk + ukM ηB1 − ukF γB ηB2 + hkF ηh + ki

(24)

ykF M

= xk η x + ξk + ukF ηB1 − ukM γB ηB2 − hkM ηh + ki .

(25)

We anticipate ηh ≤ 0 if y is the infant mortality, hospital days and ηh ≥ 0 if y is the 5 minute
APGAR score, because we expect the transfer of female hormones to a male fetus to improve
his health, and the transfer of male hormones to a female fetus to worsen her health.

5

Instruments

In the identification and estimation of the in utero interaction, we follow the strategy by Graham
(2008) and use an instrument that varies the in utero intearction exogenously. We use the gender
of the twin partner as an instrument. That is, zk = 1 if the partner gender is male and zk = 0
otherwise. It can be considered random. We have seen in the sample statistics that on average
the twins whose partner are females have higher birthweight and better health outcomes than
those with male partners. Furthermore, we assume that the partner gender does not affect own
ability to extract maternal resources, but affects the birthweight and health outcome indirectly
through changes in maternal environment. It is also well known that males are born heavier
than females. We also find it in the sample statistics of both MMF and Danish Birth Registry.
This is consistent with the model of in utero competition for maternal resources where heavier
twin partner reduces own birthweight and other health outcomes.
Next, we discuss in detail how we deal with the two potential issues that may invalidate
the assumption: differences in chorionicity or zygosity between same gender and mixed gender
twins.
The chorion is one of the membranes that exist between the fetus and mother, and twins may
share the same chorion (monochorionic twins) or develop in two separate chorions (dichorionic
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twins). Monochorionic twins are monozygotic (identical) twins that share the same placenta.
Monochorionic twins have a lower birthweight and lower post-natal health than dichorionic twins
because sharing the same placenta causes a risk of twin-to-twin transfusion syndrome.
As illustrated in Figure ??, dizygotic twins (aka fraternal twins) always have separate chorions, and the gender combination of dizygotic twins is randomly determined. On the other hand,
monozygotic twins (aka identical twins) always have the same gender, and around 25% of them
share the same chorion. For this reason, in our first empirical analysis, we focus our empirical
analysis on dichorionic twins, so that the results obtained by the partner gender instrument are
not influenced by the difference in chorionicity of the twins. The chorionicity of monozygotic
twins depends on the timing of zygote separation: if a zygote splits within the first four days,
they become dichorionic. The timing of split is just as random as the occurrence of monozygotic twin. Hence, our focus on dichorionic twins is not a concern for the randomness of our
instrument.
Although the gender of a zygote is determined completely randomly, mixed gender twins are
almost always dichorionic and dizygotic, which leads to the correlation between the gender of
the partner twin and the chorionicity (and zygosity), which induces spurious correlation between
gender of the partner twin and own birthweight and other infant health outcomes. Even though
one can interpret the difference in chorionicity as the difference in fetal environment, we still
control for chorionicity because of its correlation with zygosity. Since change in zygosity also
changes the own genetic composition, it changes own ability of maternal resource extraction,
and thus violates the exclusion restriction. If we don’t control for zygosity directly or through
chorionicity, then it could create bias in our results since monozygotic twins are only in the same
gender twins, not in mixed gender twin pairs.
In the analysis below, we report the results where we use the dichorionic twins without
controlling for zygosity. We chose to do so because the Danish Birth Registry does not have
data on zygosity. There does exist a twin survey in Denmark that includes information on
zygosity, and in principle, one can link the data with the Danish registry to add information on
family backgrounds and postnatal health. However, in the survey zygosity is determined by the
similarity in appearance, which is subject to classification errors. Moreover, since it is survey
based and not register based, it could contain endogeneity issues in reporting. The data also
has a relatively small sample of the most recent twins, for which we have data on chorionicity.
Other than that, we argue that the assumption is more about the interpretation of the results.
For example, if we consider the hormone transfer, then we interpret the effect of hormone transfer
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in mixed gender twins as an influence from the twin partner brought on by interaction between
mixed gender twins, not by change in own ability.
In the next section, we go through a more formal analysis of the IV identification and
estimation strategy.

5.1

Identification and estimation strategy

For identification, we consider the following semi-linear model where own idiosyncratic component vki and the function of partner idiosyncratic component vkj are separable.

bwki = xBk β x + αBk + vBki + vBkj γ B (xBk , wk , αBk ) .

(26)

where wk = (wk1 , wk2 ) is the vector of own and partner specific observables.
We consider the consistency of the IV estimator we use to estimate and test the in utero
interactions. The main assumptions are:
Assumption 1 E [αBk |xBk , wk ] = E [αBk |xBk ].
Assumption 2 E [vBki |αBk , wk , xBk ] = E [vBki |wk ], i = 1, 2.
Assumption 3 E [vBki |wkj ] = 0, i = 1, 2, j 6= i.
Assumption 1 implies that the twin pair specific unobservables are orthogonal to the own
and partner specific observables wk given xk . We consider wk1 to be the own gender and wk2
the gender of the partner twin. Assumption 2 implies that twin i specific unobservables are
orthogonal to the twin pair specific observables xk and unobservables αBk . Assumption 1 is
justified because of the randomness of the partner gender. Most of the medical and health
literature considers the gender of the twin to be effectively random. Assumption 2 also holds
because, first, vBki is defined to be the twin specific idiosyncratic shock and thus orthogonal to
the twin pair common components xk , αk . A less straightforward assumption is the orthogonality
of vBki and wkj , i 6= j in Assumption 3. We impose such exclusion restriction by defining any
variation to the dichorionic or dizygotic twins that is caused by the variation of the partner
gender as the variation in the environment, and not variation of own ability. This definition is
justified as long as we adopt a narrow but reasonable definition of own ability. Based on those
assumptions, we use the gender of the partner twin as an instrument. That is, zki = wkj , i 6= j,
where zki = wkj = 1 if the gender of the partner twin is female and zero if otherwise.
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Then, for different values of the instrument z and z 0 6= z, the difference in conditional mean
of the log birthweight and outcome are:


E [bwki |zki = z, wki , xk = x] − E bwki |zki = z 0 , wki , xk = x


= E [vBkj γ B (x, wk , αBk ) |wki , wkj = z, x] − E vBkj γ B (x, wk , αBk ) |wki , wkj = z 0 , x
(27)
Similarly, for other infant health, the hypothesis is:


E [yki |zki = z, wki , xk = x] − E yki |zki = z 0 , wki , xk = x




= −E vykj γ y (x, wk , αyk ) |wki , wkj = z, x − E vykj γ y (x, wk , αyk ) |wki , wkj = z 0 , x
(28)
The test for in utero interaction would be to test,


E [bwki |zki = z, wki , xk = x] − E bwki |zki = z 0 , wki , xk = x = 0, z 6= z 0
for log birthweight and


E [yki |zki = z, wki , xk = x] − E yki |zki = z 0 , wki , xk = x = 0, z 6= z 0
for other infant health outcomes. In the model where we put more structure of competition for
maternal resources and hormone transfer, the above equations correspond to


E [bwki |zk = z, wki , xk = x] − E bwki |zk = z 0 , wki , xk = x


= − E (ukj |zk = z, wki ) − E ukj |zk = z 0 , wki E [γB (xk , αk , wki ) |wki , xk = x]

+E (h|zk = z, wki , xk = x) − E h|zk = z 0 , wki , xk = x

(29)



E [yki |zk = z, wki , xk = x] − E yki |zk = z 0 , wki , xk = x


= − E (ukj |zk = z, wki ) − E ukj |zk = z 0 , wki E [γB (xk , αk , wki ) |wki , xk = x] ηB2


+ E (h|zk = z, wki , xk = x) − E h|zk = z 0 , wki , xk = x ηh
(30)
To implement the test, we first nonparametrically estimate the in utero interactions of twins
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by running the following regression
bwki = Gbw (xk , wki ) + I (zk = z) Hbw (xk , wki ) + νbwki
where both Gbw (xk , wki ) and Hbw (xk , wki ) are polynomials of xk , given wki , and νki is the error
term of the regression equation. Thus, Hbw (xk , wki ) measures the effect of in utero interaction
on twin birthweight, and thus we test the hypothesis: Hbw (xk , wki ) = 0. The same argument
can be made for the effect of interaction on infant health outome

yki = Gy (xk , wki ) + I (zk = z) Hy (xk , wki ) + νyki
where again, both Gy (xk , wki ) and Hy (xk , wki ) are polynomials of xk , and we test Hy (xk , wki ) =
0.10 Notice, though that even if Hy (xk , wki ) 6= 0, it could be unrelated to birthweight. Then, the
change in partner gender only affects . Another test we conduct is to incorporate the literature
that says that the (log) birthweight is a good proxy of infant condition at birth. That is, we can
express the infant health outcome as
yki = Gy (bwki ) + I (zk = z) Hy (bwki ) + νyki .
Then, E [yki |bwki , zk = 1, wki ] − E [yki |bwki , zk = 0, wki ] is the difference in outcome given the
same birthweight. In other words,
E [yki |zk = 1, wki ] − E [yki |zk = 0, wki ]
= E [E (yki |bw, zk = 1, wki ) |zk = 1, wki ] − E [E (yki |bw, zk = 0, wki ) |zk = 0, wki ]
= E [E (yki |bw, zk = 1, wki ) |zk = 1, wki ] − E [E (yki |bw, zk = 0, wki ) |zk = 0, wki ]
= E [E (yki |bw, zk = 1, wki ) (f (bwki |zki = 1, wki ) − f (bwki |zki = 0, wki )) |zk = 1, wki ]
−E [E (yki |bw, zk = 1, wki ) − E (yki |bw, zk = 0, wki ) |zk = 0, wki ]

Notice that the second term integrates over the change in health outcomes from z = 0 to z = 1
given log birthweight bw. Since in our model of in utero interaction, we specify the in utero
interaction to work through changes in log birthweight, the second term should not be part of
10

It is important to notice that even though Hbw (xk , wki ) 6= 0 (or Hy (xk , wki ) 6= 0) demonstrates in utero
interaction, Hbw (xk , wki ) = 0 (or Hy (xk , wki ) = 0) does not reject it because it could just be that the effects of
competition of maternal resources and hormone transfers cancel each other out.
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the variation due to in utero interaction, and thus, would create bias in our estimation of in
utero interaction. The first term measures the change in health outcomes from z = 0 to z = 1
that is entirely due to changes in average birthweight, which corresponds to the effect of in utero
interaction based on our model.
In Figure 10, we present the kernel regression results where the dependent variable is one
year infant mortality and the RHS variable is the log birthweight. We show the results for male
twins with male and female partners separately. As we can see, within the 2 standard deviations
from the mean of log birthweight, i.e., above 7.1, the predicted one year infant mortality of
male twins with male and female partners are very similar. Hence, the 2nd term is expected
to be small. In Figure 10, we do the same for the female twins with male and female partners
separately. Again, we can see that the difference of the two graphs are similar for log birthweight
larger than 7.2. In Figures 10 and 10, we do the same for the four weeks infant mortality. Here,
we observe that for male twins, the predicted infant mortality given log birthweight is slightly
lower for the male twins with female partners than for those with male partners even for log
birthweight larger than 7.2. Even the difference is small, it is large relative to the average four
weeks infant mortality. However, for female twins, the two graphs are again very close to each
other for log birthweight above 7.2. Then, in Figures 10 and 10, we do the same. For male
twins with log birthweight higher than 7.1, for log birthweight lower than 7.5, the ones with
female partner has lower APGAR score than for those with male partner. For female twins,
the average APGAR scores with different gender partners are similar. In Figures 10 and 10,
we do the same for number of days in hospital. For both male and female twins, the predicted
hospital days given log birthweight for both male and female partner are very similar to each
other. Hence, especially for female twin infant mortality, and APGAR scores and hospital days,
we can assume that health outcome is a function of log birthweight.
Then, the IV estimator of the returns to birthweight is
ηB2,IV,|w ≡

=

E [yki |zk = z, wki = w] − E [yki |zk = z 0 , wki = w]
E [bwki |zk = z, wki = w] − E [bwki |zk = z 0 , wki = w]

(31)

Êx [Gbw (Hbw (x, z, w)) |z, w] − Êx [Gbw (Hbw (x, z 0 , w)) |z 0 , w]
Êx [Hbw (x, z, w) |z, w] − Êx [Hbw (x, z 0 , w) |z 0 , w]

As will be discussed later, the results imply there is in utero interaction between the twins.
Given that, we then quantify the effect by estimating the returns to birthweight with in utero
interaction. If we additionally assume that
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Assumption 4 E [vBkj |zk ] 6= E [vBkj |zk0 ] for some zk 6= zk0 . j = 1, 2
Assumption 5 vykj γ y (x, wk , αyk ) = vBkj γ B (x, wk , αBk ) ηB2 ,
,11 then, we can show that
ηB2,IV,||w = ηB2
In Assumption 4 we assume that the gender of the partner twin affects the ability of the
partner twin to extract maternal resources. We can argue that it holds for the twins because
sample statistics indicate that twins with male partners are significantly heavier and have different health outcomes than those with female partner. Given the above assumptions, one can
c ki = C
b bw (wki , xk ) zk be
bbw (wki , xk ) + D
estimate ηB2 consistently by the following 2SLS. Let bw
bbw (wki , xk ) and D
b bw (wki , xk ) are polynothe OLS predicted value of bwki given zk , xk where C
b y (wki , xk ) + D
b y (wki , xk ) zk ,
mials of xk . Similarly, let the OLS predicted outcome be ybki = G
f k (x) and
by (wki , xk ) and G
b y (wki , xk ) are polynomials of xk . Now, define both bw
where again, C
ye (x) as follows:
f (w, x) ≡ E
b [bwki |zk = z, wki = w, xk = x] − E
b [bwki |wki = w, xk = x]
bw
h
i
b bw (w, x) + D
b bw (w, x) z − E
b G
b bw (w, x) + D
b bw (w, x) z|w, x
= G

b [yik |zk = z, wki = w, xk = x] − E
b [yik |wki = w, xk = x]
ye (w, x) ≡ E
h
i
b y (w, x) + D
b y (w, x) z − E
b G
b y (w, x) + D
b y (w, x) z|w, x
= G
Then, as sample size goes to infinity,

η̂B2,2SLS (w)

=
P

→

h
i
f (w, x) ye (w, x)
bx bw
E
h
i
f (w, x)2
bw,x bw
E
P
x (1 − P (z = 1|w, x)) (E [bw|z = 1, w, x] − E [bw|z = 0, w, x]) ηB2
P
= ηB2 .
x (1 − P (z = 1|w, x)) (E [bw|z = 1, w, x] − E [bw|z = 0, w, x])

11
For the model of in utero competition for maternal resources and the hormone transfer, those assumptions
are satisfied if the below assumptions hold.

Assumption 6 E [ukj |zk ] 6= E [ukj |zk0 ] for some zk 6= zk0 . j = 1, 2
Assumption 7 E [γB (wki , xk , αk ) |zk , wki , xk ] = E [γB (wki , xk , αk ) |wki , xk ].
Assumption 8 E [h|zk , wki , xk ] = 0,
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In the Appendix, we provide the relevant lemma and its proof.
Notice that we would obtain consistency even if the social interaction parameter γB is a
function of parental observed and unobserved background, as was confirmed earlier, as long as
the partner gender is independent to the observed and unobserved parental background. If we
were to allow for the parameter ηB2 to be a function of w and x, i.e. ηB2 (w, x), then

η̂B2,2SLS (w)

=
P

→

h
i
f (w, x) , ye (w, x)
bx bw
E
h
i
f (x)2
bx bw
E
P
− P (z = 1|w, x)) (E [bw|z = 1, w, x] − E [bw|z = 0, w, x]) ηB2 (w, x)
x (1
P
x (1 − P (z = 1|w, x)) (E [bw|z = 1, w, x] − E [bw|z = 0, w, x])

which is the weighted sum of ηB2 (w, x) where the sum is taken over x and weights are proportional to (1 − P (z = 1|w, x)) (E [bw|z = 1, w, x] − E [bw|z = 0, w, x]). The weights can be made
to be nonnegative if we choose z to equal to one if the partner twin is female.
It is important to notice that what ηB2 measures is the effect of change in maternal environment on infant outcomes, when we measure log birthweigth as a proxy of in utero resource
allocation of the infant. High estimated value of ηB2 implies that improving the maternal environment has large positive effect on infant health when maternal environnent is measured in
the change in log birthweight due to change in partner gender.

5.2

Hormone transfer hypothesis.

As we have seen in the previous subsection, very few assumptions are required for the estimation
and inference of in utero interation. On the other hand, the assumptions required for the
consistency of the gender IV estimated returns to birthweight are more restrictive. One needs
to assume that any covariation between within twin difference in log birthweight and within
twin difference in health outcomes are caused by the within twin differenced log birthweight.
In particular, if we consider the model of in utero competition for maternal resources and
hormone transfer, we need to assume away any hormone transfers between mixed gender twins.
This indeed is quite restrictive, but necessary for the exclusion restriction to hold, since the
restriction is that the partner’s gender affects the infant health outcome only through its effect
on the twin’s birthweight. If there are hormone transfers between opposite gender twins, then
it clearly does not hold.12 As discussed above, so far, there has not been any strong evidence
12
It is important to note that hormone transfers do not invalidate the estimation and inference of in utero
interaction.
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in favor of the hormone transfer hypothesis. Even then, we explicitly derive the potential bias
in the estimation of ηB2 and propose a formal test of the hormone transfer hypothesis in the
context of the relationship between birthweight and the infant health outcome.
First, using the model of log birthweight and infant health outcomes specified in Equations
(22), (23), (24) and (25), we derive the potential bias of our returns to log birthweight estimate
due to the hormone transfer between different gender twins. We consider first the male returns
to birthweight estimate. In that case, hormone transfer from female to male twin reduces
the difference in log birthweight between males in male-male and male-female twin pairs, thus
is expected to reduce the absolute value of the denominator in Equation (??). Since female
hormones are known to improve infant health given everything else being the same, hormone
transfer is expected to increase the health gap between males in male-male and male-female
twin pairs, thereby increase the absolute value of the numerator. Because of those changes in
the absolute values of the denominator and the numerator, the hormone transfer is expected to
inflate the estimated effect of log birthweight on infant health outcomes.
More formally,
0 ≤ E [bwkM F |xk ] − E [bwkM M |xk ]
= (E [ukM ] − E [ukF ]) γB − E [hkF |xk ]

(32)

This is because female hormone transfer from female twin partner reduces birthweight. Also,
both the LHS and the RHS are positive. Furthermore, the difference in infant mortality is
E [ykM F |xk ] − E [ykM M |xk ]
= (E [ukM ] − E [ukF ]) γB ηB2 + E [hkF |xk ] ηh

(33)

Then, combining Equations (??) (32), (33), we obtain
ηB2,IV,|xk

E [ykM F |xk ] − E [ykM M |xk ]
E [bwkM F |xk ] − E [bwkM M |xk ]


E [hkF |xk ] ηh
E [hkF |xk ]
= ηB2 1 +
+
[[E (ukM ) − E (ukF )] γB − E [hkF |xk ]]
[[E (ukM ) − E (ukF )] γB − E [hkF |xk ]]
≤ ηB2
(34)

=

as long as E [bwkM F |xk ] − E [bwkM M |xk ] = [E (ukM ) − E (ukF )] γB − E [hkF |xk ] > 0, which
holds most of the time, as we can see from the sample statistics, i.e. on average, log birthweight

26

of the male twin in a mixed gender pair is higher than that of the male twin in a same gender
pair.
This inequality implies that the possibility of hormone transfer between mixed gender twins
could make the gender IV estimator a lower bound of the true ηB2 . The same result holds for
the partner gender IV estimated returns to log birthweight for female twins. Hence, a strong
impact of hormone transfers between mixed gender twins could be the real reason for the high
gender IV estimated returns to birthweight.
To deal with the above issue, we propose a procedure that tests the existence of the bias
that the hormone transfer may cause. Notice that we have to estimate returns to birthweight
and at the same time test the hormone transfer hypothesis while there essentially is only one
instrument: the gender of the partner twin. Therefore, we use the biased twin fixed effects
estimated returns to birthweight in Equation (21) for testing. Taking the twin difference, we
obtain
bwM F k − bwF M k = (1 + γB ) (uM k − uF k ) − (hM k + hF k )

uM k − uF k =

(35)

bwM F k − bwF M k + hM k + hF k
.
1 + γB

By taking the twin difference in outcome, we also obtain

YkM F − YkF M = (ukM − ukF ) (ηB1 + γηB2 ) + (hkM + hkF ) ηh .
Together, we obtain

YkM F − YkF M

ηB1 + γB ηB2
= (bwkM F − bwkF M )
1 + γB


ηB1 + γB ηB2
+ (hkM + hkF ) ηh +
+ kM − kF .
1 + γB

(36)

What the above equation implies is that the transfer of female hormones to males improve
male health outcome, and the transfer of male hormones to females reduce their health, which
corresponds to the term (hkM + hkF ) ηh . In addition to such direct effect, female hormone
transfer from females to males reduces male birthweight and male hormone transfer from males
to females increase female birthweight, even though the ability to extract resources may stay


+γB ηB2
the same. Hence, the additional term (hkM + hkF ) ηB11+γ
is needed. On the other hand,
B
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there are no hormone transfers between same gender twins. Therefore,
Yk1 − Yk2 = (bwk1 − bwk2 )

ηB1 + γB ηB2
+ k1 − k2 .
1 + γB

Therefore, by running the below regression, we can test the hormone transfer hypothesis.

Yk1 − Yk2 = β0 + β01 IM G,k + β10 (bwk1 − bwk2 ) + β11 (bwk1 − bwk2 ) IM G,k + k .

(37)

where IM G,k is the indicator for the twin pair to have mixed gender. The hypothesis of no
hormone transfer is β11 = 0. Furthermore, from Equation (36) that the likely sign of the
coefficient β11 is positive because from the below equation,
Cov (bwM F k − bwF M k , hM k + hF k ) = Cov (uM k , hM k ) − Cov (uF k , hF k ) − V ar (hM k + hF k )
it is likely that hormone transfer hkM + hkF is negatively correlated with the male-female birthweight difference bwkM − bwkF , and ηh +

5.3

ηB1 +γB ηB2
1+γB

is expected to have a negative sign.

IV Estimates

In Table 5, we present the results of the test of in utero interactions. First, we estimate the
following model:
Yki = Xki β X + I (f emale partner)ki βIV + ki
where Yik is the outcome of our interest, i.e. log birthweight, one year infant mortality, 4 week
infant mortality, 5 minute APGAR score and the number of days in hospital until 28 days after
birth, and until 2nd birthday. I (f emale partner) is a dummy that equals to one if the partner
twin is a female and zero otherwise. We estimate the above equation by OLS and then, test the
hypothesis of βIV = 0. In the first row of each results with different outcomes, we present the
parameter estimate of the IV and its t-stat for the version of the above model where Xki only
includes the constant term. In the second row, we present its corresponding F-stat and P-value.
In the third and fourth rows, we present the results where Xki includes all the control variables
discussed earlier. We can see that the female gender dummy is significant at 5 % level for male
twins when birthweight is the dependent variable, and significant at 10 % for males when one
year infant mortality is the dependent variable. For other outcomes, the female gender IV is not
significant.
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In Table 6, we present the results of the extension of the above model to include interaction
term of the instrument and the control variables. That is:
Yki = Xki β X + Xint,ki × I (f emale partner)ki β int + ki
We test for the hypothesis of β int = 0 using F-stat. For each depedent variable, we report two
results, where the first result includes
Next, we estimate the following model

yki = xk β x + I (f emale partner)ki xint,k β int + ki
where xk , xint,k both include the constant term. We report the results of the F-test under the
hypothesis β int = 0. For each dependent variable, in the first row, we report the results where
Xint,k includes the constant term and 12 control variables, and in the 2nd row, we report rhe
results where Xint,k includes the constant term plu 15 other control variables. What we find
is that now, the F-test is significant at 5 % level for females where dependent variables are log
birthweight or 4 weeks infant mortality.
Overall, what we find is that we find solid evidence for the in utero interaction of log birthweight under different specifications. Furthermore, since the coefficient on the female partner
dummy in the simple specification is positive and significant, we conclude that E [γB (xk , αk , wki ) |wki , xk = x] >
0 for male twins. This is because
E [bwkM F |xk = x] − E [bwkM M |xk = x]
= − [E (ukF |wki = M ) − E (ukM |wki = M )] E [γB (xk , αk , wki ) |wki = M, xk = x]
−E (hF |wki = M, xk = x) > 0

(38)

where E (ukF |wki = M )−E (ukM |wki = M ) < 0, hF ≥ 0. Thus, the results confirm the potential
bias of the twin fixed effects estimated returns to log birthweight as is shown in Equation (21).
In Table 7, we report the OLS and Fixed Effects estimated returns to birthweight for singletons and twins. For singletons, we report the sibling fixed-effects, and for twins, the twin-fixed
effects as fixed effects estimators. Notice that for the singletons, OLS estimated returns to
birthweight is smaller than the ones obtained by sibling fixed-effects for all heath measures, e.g.,
365 days and 28 days infant mortality, 5 minutes APGAR score, and the number of days in
hospital. On the other hand, for the twins, the OLS estimates are more than twice as large as
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the singleton OLS estimates, but the fixed effects estimators are smaller than half as much as
the singleton OLS estimates. These results are consistent with the literature.
In Table 8, we report the results of the dichorionic twins’ returns to birthweight on four
outcomes: one year infant mortality, four weeks infant mortality, 5 minutes APGAR score and
the number of days in hospital until the 2nd birthday. In column 3 and 4, we present the OLS
results, in column 5 to 7, the twin fixed effects results and in column 8,9 the results where we use
partner gender as an instrument and in column 10,11, the results where we use the interaction
with partner gender and other parental background as instruments. The OLS estimated returns
to birthweight on one year infant mortality is -0.174 for males and -0.155 for females, both of
which are significant. Both of them are similar to the twins OLS estimates, and their absolute
values more than twice as high as the siblings OLS estimates. In contrast, the twin fixed effect
estimates are all negative but their absolute values much smaller, and for the male only and
female only twins, insignificant at 5 % significance level. On the other hand, the partner gender
IV estimates are negative and similar to the OLS estimates: -0.217 for males and -0.128 for
female, however both are insignificant. If we then use partner gender IV interacted with xk
as instruments, the estimates are -0.204 for males and -0.205 for females, both are higher than
the OLS estimates in absolute values, and both of them are now significant. Similar results
are obtained for the returns to log birthweight on 28 days infant mortality. The OLS, the
partner gender IV estimates ad the estimates using the partner gender IV interacted with xk
as instruments are all similar, whose parameter estimates range from -1.4 to -2.2, except for
the partner partner gender IV results for female twins. Also, similar to the one year infant
mortality case, the twin fixed effects estimates are small and insignificant. The estimates of the
returns to log birthweight on APGAR score also have the similar pattern: large and significant
OLS (1.265 for males and 1.183 for females), large positive but insignificant male partner gender
IV estimate (0.520 for males and -0.541 for females) and large interaction IV estimates with
female estimates being significant (0.823 for males and 1.528 for females); but small and often
insignificant twin fixed effects. Similar results are also obtained for the number of hospital days
until the 2nd birth date. The returns to log birthweight for hospital days are quite high for
OLS, partner gender IV and interaction IV estimates: all of them being around -40 to -60, with
the exception of the male partner gender IV estimate of -19.96. Except for the partner gender
IV results, all of them are significant. but for the twins fixed effects, they are -3.866 for male
only, -2.357 for female only and -2.941 for mixed gender twins. As we discussed earlier, the low
twins fixed effects estimator could be due to the fact that they may be primarily recovering the
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returns to ability estimates, whereas the OLS and gender IV estimate the returns to maternal
environment.
The significance of the interaction IV estimates implies that log birthweight is a good proxy
for infant condition at birth and also that it is an additional evidence for in utero interaction.
We then present the results for the hormone transfer hypothesis. In table 9, we report the
results of the Equation (37). What we have seen in Tables 8 is that the difference between
the twins fixed effects of all males, all females and mixed gender twins are small. Then, if we
consider that hormones are transferred only between different gender twins, we can infer that
the effect of hormone transfer is small. We next follow the logic and formally test the hormone
transfer hypothesis, by running the following twins fixed effects regression.
Y1k − Y2k = β0 + β01 IM G + β10 (bw1k − bw2k ) + β11 (bw1k − bw2k ) IM G + k

(39)

Then, the null hypothesis of no hormone transfer is β11 = 0, i.e. that the coefficient on the
interaction term between the differenced log birthweight and the mixed gender twins dummy to
be zero. In Table 9, we report the results. In the first two columns, we present the results for
the dichorionic twins. As we can see, the interaction term of the difference in log birthweight
and mixed gender, whose coefficient is β11 , is estimated to be insignificant except for the case
when the dependent variable is 4 week infant mortality. Notice that even though mixed gender
twins are all dizygotic, some fraction of the dichorionic twins are monozygotic.
Next we present in figures the nonparametric regression results where the x-axis is the difference in log birthweight and y-axis is the difference in outcome variables, such as one year, four
weeks infant mortality, apgar scores and the number of hospital days. In Figure 10, we plot the
results of the nonparametric regression where the dependent variable is the within Dichorionic
twin difference of one year infant mortality between males, and the independent variable is the
within Dichorionic twin difference of log birthweight. We do it for both male-male (mm) twins
and male-female (mf) twins. We used data that on Dichorionic twins whose difference in log
birthweight is plus or minus 3 standard deviations from the mean log birthweight, separately for
male-male and male-female twins. In Figure 1, we can see that except for the tailes, the difference in infant mortality predicted by the difference in log birthweight calculated for male-male
and male-female twins are very close to each other. The main area, where we see the differnce
is at the right-side corner, where male-female difference in infant mortality is much smaller,
even negative, than the male-male difference in infant moratlity. Even then, the direction of
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the difference in the opposite of what the hormone transfer hypothesis predicts. When the male
birthweight is much higher than the female birthweight, it implies relatively low level of hornone
transfer, thus male-female infant mortality difference should be close to the male-male infant
mortality difference. The hormone transfer hypotehsis predicts divergence between male-male
and male-female infant mortality differences should primarily occur at the left tail of the graph,
where log birthweight of males are low relative to that of females, which implies female hormone transfers to males and vice versa. In Figure 10, we plot the same regression results on
female-male (fm) Dichorionic and female-female (ff) Dichorionic twins. Again, the female-male
and female-female infant mortality lines are close to each other, except for the left tail, where
female-male infant mortality difference is high. This result again is the opposite of the prediction
by the hormone transfer hypothesis since low relative female birthweight implies relatively small
amounts of hormone transfers. In Figures 10 and 10, we present the figures where we present
the same nonparametric kernel regressions with the dependent variable being four weeks infant
mortality instead of one year infant mortality. In those figures, the two lines are not as close to
each other than in the figures where we have the one year infant mortality. Since the 4 weeks
infant mortality is much smaller than the one year infant mortality, i.e. the occurence is even
less frequent, the difference is measured less accurately. In Figures 10 and 10, we plot the kernel
regression results where the dependent variable is the difference in 5 minute-apgar scores. Here
again, the male-male lines and the male-female lines are close, and so are the female-male and
female-female lines. Furthermore, the divergence between male-male and male-female lines are
mainly seen at the right tail and the divergence between female-male and female-female lines at
the left tail of the log birthweight difference, which again are the opposite of what the hormone
hypothesis predicts. Finally, in Figures 10 and 10, we report the results where the dependent
variable is the difference is the number of hospital days. Again, the male-male (female-female)
line and the male-female (female-male) line are close. In Figure 10, there is some evidence in
support of the hormone transfer hypothesis at the left tail since there, the hospital days of male
twins with female partners are shorter than those of male twins with male partners, which may
be due to the hormone transfer from females. On the other hand, in Figure 10, the difference
between female-male and female-female lines occur again at the left tail, which is inconsistent
with the hormone transfer hypothesis.
Overall, we can conclude from the twin fixed effects results and the figures that we did
not find a strong evidence in favor of the hormone transfer hypothesis. In some regions of the
log birthweight difference, male-male (female-female) and male-female (female-male) lines do
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not seem to be close to each other, but except for the male-male, male-female hospital days,
those differences do not seem to be consistent with hormone-transfer hypothesis, and thus, the
resulting bias due to it is unlikely to make our IV regression estimates to be the lower bound.

6

Concluding Remarks

In this paper, we have theoretically and empirically analyzed the model where twins interact in
utero before birth. We theoretically demonstrated that the interaction between twins in utero
would potentially be a source of bias for the traditional twins fixed effects estimator. This is
because the ability of the twin partner to extract maternal resources may crowd out own resource
consumption, and thus constitutes as part of own in utero environment. Since the partner ability
is different among the two twins, they cannot be differenced out, causing bias in the twins fixed
effects estimator.
We first empirically assessed the validity of the conventional model of birthweight, which is
the basis of the twins fixed effects estimator. In particular, we looked at the relationship between
twin differenced outcome and the common maternal environment, proxied by the maternal
weight gain. We also looked at the means and standard deviations of twins of different gender
combinations. The results are more in favor of the model of in utero interaction than the
conventional twin fixed-effects model.
We used the gender of the partner twin as an instrument to consistently estimate and test
the effect of in utero interactions among twins. Our results imdicate the large and signifncant
in utero interaction effects, primarily on the log birthweight. We then derived the returns to
birthweight so as to compare the empirical implications of our results to that of the existing
literature on the returns to birthweight. Our estimates are much higher than the twin fixedeffects estimates obtained in the literature. We then tested one likely source of the bias of the
IV estimator, the hormone transfer between different gender twins, and the test did not reject
the hypothesis of no hormone transfer.
Because of the potential bias, we suggest that researchers should interpret the results of the
twin fixed-effects estimates more carefully than has been done in the literature. Furthermore,
we believe that more work needs to be done on the interactions of the twins in utero. The
literature on the social interactions, where researchers analyze the interactions among members
in a group, or the empirical literature on oligopoly, where researchers study the equilibrium
interactions of firms in a market, could be helpful in the identification of the degree and the
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effect of interaction in utero.
Overall, the potential of a bias and its difficulty to fully deal with it makes the twins analysis less attractive than before relative to the direct empirical analysis of singletons. In that
sense, for the returns to birthweight literature, more focus should be given to the research that
exploits exogenous or near exogenous variation in birthweight, such as Almond et. al. (2011A),
Maruyama and Heinesen (2014) and others.
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Appendix.

Assumption 9 E [bwk |zk = 0, xk ], E [bwk |zk = 1, xk ] − E [bwk |zk = 0, xk ] are both finite order
polynomials of xk with order being less than or equal to K.
Assumption 10 bwik = Cbw (xk ) + Dbw (xk ) zk + ik , E [ik |xk , zk ] = 0, V ar [ik |xk ] < ∞
Assumption 11 k ≡ (k1 , k2 ), k = 1, . . . are uncorrelated.
c ik = C
bbw (xk ) + D
b bw (xk ) zk
Lemma 1 Suppose Assumptions 1-3 and 9-11 are satisfied. Let bw
bbw (xk ) and D
b bw (xk ) are polynomials of xk .
be the predicted value of bwik given zk , xk where C
The coefficients of the polynomials are estimated by OLS. Then, from the consistency of the
OLS, it is straightforward to see that as sample size goes to infinity,
p
bbw (xk ) →
C
Cbw (xk )

p
b bw (xk ) →
D
Dbw (xk )

and for all twins with zik = 0,
p
c ik = C
bbw (xk ) = E
b [bwik |zk = 0, xk ] →
bw
E [bwk |zk = 0, xk ]

and for all twins with zik = 1,
p
c ik = C
bbw (xk ) + D
b bw (xk ) = E
b [bwik |zk = 1, xk ] →
bw
E [bwk |zk = 1, xk ] .

Similarly, for yik , for zik = 0
p

by (xk ) = E
b [yik |zk = 0, xk ] → E [yk |0, xk ]
ybik = C
and for zik = 1,
p
by (xk ) + D
b y (xk ) = E
b [yik |zk = 1, xk ] →
ybik = C
E [yik |1, xk ]

Proof of Lemma 1
f k (x) and ye (x) as follows:
Proof. Now, define both bw
f (x) ≡ E
b [bwik |zk = 1, xk = x] − E
b [bwik |xk = x]
bw
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b [yik |zk = 1, xk = x] − E
b [yik |xk = x]
ye (x) ≡ E
Then, as the sample size goes to infinity,
p
f (x) →
bw
[1 − P (zk = 1|xk = x)] [E [bwik |zk = 1, xk = x] − E [bwik |zk = 0, xk = x]]

and
p

ye (x) → [1 − P (zk = 1|xk = x)] [E [yik |zk = 1, xk = x] − E [yik |zk = 0, xk = x]]
=

[1 − P (zk = 1|xk = x)] [E [bwik |zk = 1, xk = x] − E [bwik |zk = 0, xk = x]] ηB2 .

Because polynomials of xk are used as controls. from Frisch-Waugh Theorem, the 2SLS
estimator can be expressed as

η̂B2,2SLS

=
P

→

h
i
f (x) ye (x)
bx bw
E
h
i
f (x)2
bx bw
E
Ex [1 − P (z = 1|x)] [E [bw|z = 1, x] − E [bw|z = 0, x]] ηB2
= ηB2
Ex [1 − P (z = 1|x)] [E [bw|z = 1, x] − E [bw|z = 0, x]]
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Tables

mean
Singletons
Twins
Triplets
Quadruplets

3350
2371
1688
1309

Singletons
Twins
Triplets
Quadruplets

8.097
7.716
7.351
7.073

Singletons
Twins
Triplets
Quadruplets

0.0062
0.0286
0.0664
0.1099

Singletons
Twins
Triplets
Quadruplets

8.829
8.491
8.055
7.537

Table 1: Sample Statistics
Males
Females
std. dev sample size mean std. dev sample size
Birthweight
(574.2)
10383029
3239
(545.1)
9893752
(647.0)
345267
2284
(612.6)
340041
(580.9)
14504
1615
(551.7)
14541
(552.8)
901
1270
(521.8)
840
Log Birthweight
(0.2188)
10383029
8.065 (0.2129)
9893752
(0.3749)
345267
7.682 (0.3642)
340041
(0.4439)
14504
7.309 (0.4352)
14541
(0.4888)
901
7.049 (0.4741)
840
Infant Mortality (1 year)
(0.0785)
10385176
0.0051 (0.0711)
9895612
(0.1663)
345368
0.0238 (0.1523)
340117
(0.2490)
14520
0.0553 (0.2287)
14546
(0.3129)
901
0.1179 (0.3226)
840
5 min. APGAR score
(0.7919)
10045908
8.852 (0.7384)
9572519
(1.329)
334331
8.517
(1.256)
329553
(1.787)
13981
8.119
(1.673)
13983
(2.246)
867
7.710
(2.075)
793

MMF data is used.
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Table 2: Sample statistics: birthweight
Birthweight
Log
Birthweight
mean std. dev mean std. dev
M in MM
2347.3 (708.7) 7.689 (0.4440)
M in MF
2448.5 (669.6) 7.746 (0.3887)
F in MF
2337.5 (648.0) 7.699 (0.3935)
F in FF
2283.1 (669.0) 7.666 (0.4282)
M in MMM 1650.8 (643.4) 7.479 (0.2968)
M in MMF 1717.7 (610.7) 7.441 (0.3543)
M in MFF
1760.1 (588.5) 7.433 (0.3767)
F in MMF
1649.4 (591.0) 7.400 (0.3917)
F in MFF
1645.2 (579.3) 7.375 (0.3944)
F in FFF
1627.0 (575.8) 7.406 (0.2976)

Sample
Size
218086
107549
107538
211452
6366
8177
3861
4143
7862
6274

MMF data is used.

Table 3: Sample statistics: birthweight
Birthweight
Log
Birthweight
mean std. dev mean std. dev
M singlet
3552.5 (579.3) 8.160 (0.1896)
F singlet
3430.1 (546.2) 8.125 (0.1844)
M in MM
2516.5 (619.6) 7.790 (0.3105)
M in MF
2588.3 (602.1) 7.823 (0.2917)
F in FM
2477.0 (583.0) 7.778 (0.2960)
F in FF
2442.5 (581.5) 7.764 (0.2980)
M in MM-D 2498.3 (630.5) 7.780 (0.3254)
M in MF-D
2539.4 (605.4) 7.801 (0.3064)
F in FM-D
2420.3 (585.5) 7.751 (0.3142)
F in FF-D
2436.5 (585.6) 7.759 (0.3084)
M in MM-M 2381.3 (624.4) 7.730 (0.3305)
F in FF-M
2267.9 (583.2) 7.682 (0.3287)
M in MMM 1844.6 (496.9) 7.479 (0.2968)
M in MMF
1798.9 (522.3) 7.441 (0.3543)
M in MFF
1796.7 (568.4) 7.433 (0.3767)
F in MMF
1743.9 (543.8) 7.400 (0.3917)
F in MFF
1707.0 (564.2) 7.375 (0.3944)
F in FFF
1712.3 (447.2) 7.406 (0.2976)

Sample
Size

Danish birth registry data is used.
MM-D, MF-D, FF-D:Dichorionic twins, MM-M, FF-M: Monochorionic twins.
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998738
946562
21126
12287
12287
20328
4094
3418
3418
3946
1412
1368
321
372
142
186
284
300

Table 4: Sample Statistics, dichorionic twins
Male in MM
Male in MF
Female in MF
birthweight
2498
(630.5)
2539
(605.4)
2420
(585.5)
Log birthweight
7.780 (0.3254) 7.801 (0.3064) 7.751 (0.3142)
Infant mortality (1 yr) 0.0178 (0.1324) 0.0132 (0.1140) 0.0141 (0.1177)
Infant mortality (4 wks) 0.0154 (0.1232) 0.0117 (0.1076) 0.0114 (0.1063)
APGAR score (5 min)
9.669
(1.158)
9.678
(1.074)
9.687
(1.097)
Hospital days (2 yrs)
16.28
(20.55)
15.89
(22.20)
15.46
(21.53)
Sample Size
4094
3418
3418

Female in FF
2437
(585.6)
7.759 (0.3084)
0.0129 (0.1130)
0.0109 (0.1039)
9.683
(1.173)
14.74
(18.85)
3946

Danish birth registry data is used.

Table 5: Test of in Utero interactions using Partner Gender IV (nointeraction160727).
dich
male
female
Log birthweight
female partner 0.0238
2.57∗∗
0.0114
F , P rob > F
6.60
0.01∗∗
1.64
female partner 0.0254
2.89∗∗
0.0105
F , P rob > F
8.33
0.004∗∗
1.52
N
6639
6485
Infant mortality (1 year)
female partner -0.0063 -1.91∗ -0.0014
F , P rob > F
3.63
0.057∗
0.21
female partner -0.0059 -1.83∗ -0.0019
F , P rob > F
3.35
0.067
0.39
N
6639
6485
Infant mortality (4 weeks)
female partner -0.0046
-1.44
-0.0014
F , P rob > F
2.09
0.149
0.26
female partner -0.0040
-1.30
-0.0018
F , P rob > F
1.70
0.19
0.41
N
6639
6485
5 min. APGAR score
female partner 0.0084
0.27
-0.0038
F , P rob > F
0.07
0.785
0.01
female partner 0.0128
0.42
-0.0013
F , P rob > F
0.18
0.67
0.00
N
6555
6417
Hospital days in 28 days
female partner -0.3689
-1.39
0.0581
F , P rob > F
1.94
0.164
0.05
female partner -0.4769 -1.88∗
0.1534
F , P rob > F
3.55
0.060
0.38
N
6539
6409
Hospital days in 2 years
female partner -0.4821
-0.73
-0.9713
F , P rob > F
0.53
0.466
2.44
female partner -0.5308
-0.81
0.0095
F , P rob > F
0.66
0.418
1.40
N
5820
5655
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1.28
0.200
1.23
0.218

-0.46
0.645
-0.62
0.535

-0.51
0.607
-0.64
0.522

-0.12
0.905
-0.04
0.967

0.22
0.826
0.61
0.540

-1.56
0.118
1.18
0.238

Table 6: Test of in Utero interactions using Partner Gender IV (interaction160727).

F,
F,

F,
F,

F,
F,

F,
F,

F,
F,

F,
F,

dich
male
female
Log birthweight
P rob > F 1.57 0.085∗
2.15
P rob > F 1.50 0.089∗
2.04
N
6639
6485
Infant mortality (1 year)
P rob > F 0.64 0.826
1.11
P rob > F 1.02 0.435
1.42
N
6639
6485
Infant mortality (4 weeks)
P rob > F 0.63 0.830
1.95
P rob > F 0.92 0.545
1.77
N
6639
6485
5 min. APGAR score
P rob > F 0.48 0.936
1.33
P rob > F 0.74 0.756
1.29
N
6555
6417
Hospital days in 28 days
P rob > F 1.00 0.449
0.90
P rob > F 0.96 0.496
1.24
N
6539
6409
Hospital days in 2 years
P rob > F 1.39 0.156
1.12
P rob > F 1.06 0.390
1.10
N
5820
5655

0.009∗∗
0.008∗∗

0.349
0.124

0.021∗∗
0.030∗∗

0.189
0.194

0.548
0.230

0.338
0.354

Table 7: Returns to log birthweight, singletons and twins.

Infant Mortality
(365 days)

Infant Mortality
(28 days)

5 min APGAR
score

Number of
hospital days.

lnBW
R2
N
lnBW
R2
N
lnBW
R2
N
lnBW
R2
N

Singletons
OLS
FE
Male
Female
Male
Female
-0.0715∗∗∗ -0.0648∗∗∗ -0.138∗∗∗ -0.125∗∗∗
(0.00208) (0.00214) (0.00492) (0.00529)
0.0520
0.0480
0.0927
0.0815
593223
562749
267306
241891
-0.0648∗∗∗ -0.0582∗∗∗ -0.125∗∗∗ -0.114∗∗∗
(0.00203) (0.00208) (0.00485) (0.00519)
0.0588
0.0536
0.102
0.0909
593223
562749
267306
241891
0.523∗∗∗
0.482∗∗∗
0.872∗∗∗
0.788∗∗∗
(0.0152)
(0.0156)
(0.0364)
(0.0395)
0.0267
0.0250
0.0432
0.0365
590101
559928
264741
239509
-21.57∗∗∗
-20.39∗∗∗
-26.66∗∗∗ -24.54∗∗∗
(0.238)
(0.253)
(0.504)
(0.640)
0.124
0.122
0.126
0.110
532984
506265
233150
211268
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Twins
OLS
Male
Female
-0.179∗∗∗ -0.160∗∗∗
(0.00942) (0.00960)
0.188
0.170
23904
23268
-0.169∗∗∗ -0.147∗∗∗
(0.00947) (0.00955)
0.189
0.167
23904
23268
1.208∗∗∗
1.110∗∗∗
(0.0688)
(0.0690)
0.120
0.100
23606
22953
-57.26∗∗∗ -57.25∗∗∗
(0.780)
(1.012)
0.496
0.483
21164
20565

Male
-0.0465∗∗∗
(0.0155)
0.00353
14646
-0.0449∗∗∗
(0.0146)
0.00425
14646
0.397∗∗∗
(0.113)
0.00330
14396
-6.061∗∗∗
(1.383)
0.00505
12857

FE
Female
-0.0486∗∗∗
(0.0140)
0.00491
14010
-0.0333∗∗∗
(0.0125)
0.00284
14010
0.246∗
(0.131)
0.00120
13744
-7.540∗∗∗
(1.845)
0.00776
12295

Mixed
-0.0455∗∗∗
(0.0133)
0.00490
18516
-0.0284∗∗∗
(0.0118)
0.00245
18516
0.240∗∗
(0.115)
0.00149
18208
-4.265∗∗∗
(0.951)
0.00349
16238

Table 8: Returns to log birthweight, dichorionic twins.
Infant Mortality
(365 days)

Infant Mortality
(28 days)

APGAR
score

Hospital days
(2 years from birth)

lnBW
R2
N
lnBW
R2
N
lnBW
R2
N
lnBW
R2
N

OLS
Male
Female
-0.174∗∗∗ -0.155∗∗∗
(0.0160) (0.0160)
0.202
0.185
7506
7356
-0.161∗∗∗ -0.138∗∗∗
(0.0160) (0.0157)
0.203
0.176
7506
7356
1.265∗∗∗ 1.183∗∗∗
(0.124)
(0.123)
0.141
0.114
7410
7268
-60.03∗∗∗ -56.70∗∗∗
(1.344)
(1.475)
0.647
0.619
5935
5729

MM
-0.0249
(0.0283)
0.000929
4090
-0.0236
(0.0258)
0.00114
4090
0.389∗
(0.234)
0.00282
4014
-3.866∗∗
(1.570)
0.00725
3239

Standard errors are in parentheses. ∗ p < 0.1,

TFE
FF
-0.0461∗
(0.0249)
0.00546
3940
-0.0399∗
(0.0231)
0.00488
3940
0.116
(0.255)
0.000286
3878
-2.357∗
(1.382)
0.00404
3048

∗∗

p < 0.05,
used.

MF
-0.0491∗∗∗
(0.0172)
0.00638
6832
-0.00525
(0.00973)
0.000100
6832
0.164
(0.141)
0.000634
6718
-2.941∗∗∗
(0.989)
0.00673
5287
∗∗∗

Partner
Male
-0.217∗
(0.130)
0.172
7506
-0.171
(0.123)
0.182
7506
0.520
(1.515)
0.0800
7410
-19.96
(25.94)
0.347
5935

Gender IV
Female
-0.128
(0.311)
0.166
7356
-0.0583
(0.295)
0.109
7356
-0.541
(4.085)
-0.110
7268
-105.1
(76.83)
0.188
5729

Interaction IV
Male
Female
-0.214∗∗∗ -0.205∗∗∗
(0.0545) (0.0594)
0.193
0.169
7506
7356
-0.151∗∗∗ -0.219∗∗∗
(0.0517) (0.0563)
0.202
0.125
7506
7356
0.823
1.528∗∗∗
(0.583)
(0.521)
0.128
0.107
7410
7268
-48.76∗∗∗ -61.76∗∗∗
(7.169)
(9.026)
0.628
0.615
5935
5729

p < 0.01. Danish birth registry data is

Table 9: Test of hormone transfer hypothesis.
Dep Variable
1 year infant mortality
Const.
0.0019
(0.0018)
mixed gender
-0.0003
(0.0027)
∆lnBW
-0.0362∗∗∗
(0.0106)
∆lnBW × mixed gender
-0.0107
(0.0153)
R2
0.0040
N
7431
Dep Variable
4 week infant mortality
Const.
0.0014
(0.0016)
mixed gender
-0.0006
(0.0024)
∆lnBW
-0.0323∗∗∗
(0.0094)
∆lnBW × mixed gender 0.0278∗∗
(0.0136)
2
R
0.0016
N
7431
Dep Variable
APGAR score
Const.
0.0108
(0.0190)
mixed gender
-0.0051
(0.0280)
∆lnBW
0.2420∗∗
(0.0094)
∆lnBW × mixed gender
-0.1003
(0.1588)
R2
0.0009
N
7305
Dep Variable
Hospital days until 2nd birth day
Const.
0.0707
(0.0124)
mixed gender
-0.0559
(0.1840)
∆lnBW
-3.069∗∗∗
(0.7453)
∆lnBW × mixed gender
0.8190
(1.062)
2
R
0.0045
N
5786
Standard errors are in parentheses. ∗ p < 0.1,

∗∗

p < 0.05,

43

∗∗∗

p < 0.01. Danish birth registry data is used.
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