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ABSTRACT

Estimating Inter-Generational Returns to
Medical Care:
New Evidence from At-Risk Newborns®

Targeted treatments of newborns with delicate health stocks have been shown to have
considerable returns in terms of survival and later life outcomes. We seek to determine
to what degree such treatments are transmitted across generations. We follow three
generations of linked micro-data from Chile, and use a regression discontinuity design to
study the impacts of targeted neonatal health policies based on birth weight assignment
rules. While we observe well-known first generation impacts of intensive treatment targeted
to very low birth weight newborns, we document the surprising fact that these policies
have negative impacts on measures of well-being at birth for second-generation individuals
born to mothers who were treated at birth. We show that the mechanism which explains
this is a strong impact of early life medical treatment on the likelihood that marginal treated
individuals go on to give birth later in life, with receipt in the first generation considerably
reverting negative gradients in early life health and eventual fertility. These new stylised
facts and results suggest the longterm implications of health policies within family lineages
may be quite different to their short term implications, placing more weight on necessary
reinforcing interventions.
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1 Introduction

Returns to early life investment programs accrue over life. How generalized is this accrual, for how
long does it last, and over what dimensions do investments accrue? These questions have important
implications for policy design related to optimal welfare investments over the life-cycle (Cunha et al.,
2010; Currie and Rossin-Slater, 2015). Conceivably, if early-life circumstances shape later life out-
comes, policies which affect such investments could have considerable inter-generational implications

(Mogstad and Torsvik, 2022), suggesting impacts may echo well beyond the period of policy receipt.

In this paper we seek to understand these questions, studying whether targeted and intensive med-
ical interventions in very low birth weight (VLBW) children immediately after birth are transmitted
onto the outcomes of future generations. Using a multigenerational linked database of the universe of
births in Chile and a regression discontinuity (RD) design, we examine whether women who were born
weighing just below a specific (1,500 gram) treatment cut-off go on to have babies who are healthier,
and require fewer health interventions at birth and in their early years. We trace out the impacts of an
individuals’ early life treatment on their future interactions with the health care system, the composi-
tion of their own family during childhood, their fertility behaviour upon maturity, and ultimately, the
inter-generational transmission of intensive medical care receipt to measures of their children’s health

and well-being.

Large public health programs targeted to children with poor birth outcomes have been shown to
result in immediate improvements in health and survival (Almond et al., 2010; Bharadwaj et al., 2013;
Chyn etal., 2021), which impact educational outcomes in childhood and adolescence (Bharadwaj et al.,
2013) as well reduce future reliance on public social safety net programs (Chyn et al., 2021)." More
generally, there is substantial evidence from a broad literature in economics documenting intergen-
erational transfers in health at birth. Currie and Moretti (2007) have shown the existence of strong
intergenerational correlations in low birth weight status, particularly in areas with greater poverty.
This finding of intergenerational links between birth outcomes exists for both mothers and fathers,

though is larger for mothers (Giuntella et al., 2019), and has been shown to hold across more than

'These studies, based on a similar RD design as that used in this paper, point to VLBW cut-offs as significant determi-
nants of well-being for individuals during early life and childhood. The study of Bharadwaj et al. (2013) considers the first
generation using the same data and the same context studied in this paper. Their results document a strong and enduring
“first-stage’ to the longer term and intergenerational context we study in this paper. As we discuss in the methods and
results section of this paper, we document that their earlier results still hold when working with a much extended sample
and recent advances in optimal RD designs. We also discuss how our results take on board important critiques relating to
heaping of the running variable (birth weight) in this case.



two generations of births (Lahti-Pulkkinen et al., 2017), and using a range of identification techniques,
including within twin comparisons (Royer, 2009). Thustrup Kreiner and Sievertsen (2020) show that
intergenerational persistence goes beyond just health at birth, with health stocks of one generation also

flowing into the schooling outcomes of subsequent generations.

At the same time, the way individuals interact with health policies, and the degree to which treat-
ment receipt can shape future outcomes across the life course, is complex and multi-faceted. Currie
and Rossin-Slater (2015), reviewing a broad range of studies, demonstrate that early life policies have
appreciable impacts across multiple later life domains including adult health, educational attainment,
labor market outcomes, and other measures of socio-economic status. If neonatal and early life health
programs lift up the life courses of their original recipients, and in turn spillover to future generations,
this may suggest that the already large benefits of such programs could be a (considerable) lower bound.
However, if families or individuals change their behaviour as a downstream result of medical inter-
vention (or lack of intervention), or if medical intervention shapes intermediate outcomes potentially
shifting the life-courses of individuals, the inter-generational returns to medical care may be entirely
different to returns to the first generation. Indeed, intergenerational returns could even be negative if
families make compensating investments in less treated individuals (as has been observed empirically
(Bharadwaj et al., 2018b)) thus overwhelming initial investments received by more intensively treated

individuals, or if medical receipt shapes future individual behaviours in other unexpected ways.’

The overwhelming body of the literature suggests positive intergenerational spillovers in health,
and in socioeconomic measures more broadly. For example, in examining health shocks, Lee (2014)
points to intergenerational impacts still persistent in grand-children due to their grandmother’s expo-
sure to a violent uprising while pregnant. More broadly, there is evidence to suggest that maternal
exposure to stressful events is passed across generations. Recent evidence from Akresh et al. (2021)
points to intergenerational transfer of exposure to war during adolescence which are still visible in the
second generation. Similarly, Almond et al. (2012) document intergenerational transfer of exposure to
disease across generations of mothers, where exposure again refers to exposure after the mother was
born. Bhalotra and Rawlings (2011, 2013) document significant gradients in the exposure to health

shocks of children based on the health of their mothers, additionally pointing to important channels of

2There is evidence, for example, that early life health shocks may interact with future events and investments, poten-
tially magnifying the impact of initial shocks (Duque et al., 2019). In general, family circumstance has large and pervasive
intergenerational implications (see for example Eshaghnia et al. (2022)), which in the absence of some exogenous shock,
may make pinning down the causal intergenerational impact of early life health-care receipt difficult.



intergenerational transmission of health. These early life exposures have been shown to be reflected
also in later life health outcomes of second generation children (Venkataramani, 2011), to be observed
across multiple measures such as child survival (Lu and Vogl, 2022) and life expectancy (Black et al.,
2022), and to endure across more than two generation (Costa, 2021). A rich stream of emerging liter-
ature has shown intergenerational transfers in education and well-being, with important implications
on the accrual of inequality over generations. This work has been scoped comprehensively in recent
review studies by Mogstad and Torsvik (2022), with a considerable focus on empirical findings, and
Cholli and Durlauf (2022), considering models in economics and sociology, who additionally point to

important non-linearities in the transmission of status across generations.

Here we trace out impacts of the receipt of intensive medical care very early in childhood on
outcomes in childhood, adolescence, early adulthood, and spillovers into future generations. Linking
comprehensive microdata registries, we are able to observe all births in Chile between 1992-2018,
their future inpatient hospitalizations, and their future fertility histories, and, for those individuals that
go on to have their own births, we observe the early life health stocks, survival, and hospitalization
records for their children. We find a number of new results and stylized facts which suggest more
nuance is required to understand intergenerational transfers when policy can shape outcomes on both

intensive (fertility) and extensive (health at birth) outcomes.

Our results suggest that despite relatively large effects of the program on infant mortality and days
of hospitalization in the first generation (suggesting a substantive first generation impact), there is
clearly no positive inter-generational transmission to the health outcomes at birth of the children of
individuals who were treated at birth. Indeed, more surprisingly, we observe quite clear negative trans-
missions of intensive medical treatment receipt at birth to the health outcomes of second generation of
children, especially when studying outcomes very low in the distribution of health at birth, such as the
likelihood that a child is born prematurely, or with a very low birth weight. We consider a number of
channels which may explain the reversal of impacts across generations. These include selection out of
fertility, a reduction in the likelihood of second generation fetal death resulting in negative selection of
marginal surviving individuals, and (first generation) parental reinforcing behaviours overwhelming
initial positive effects of intensive early life health treatments. We additionally consider the likelihood
that the lack of observed effects owes to low statistical power. In conducting these tests, we find clear
evidence of strong reform effects on fertility. These results suggest a chain of reform impacts, whereby

individuals who receive intensive medical treatment are more able to give live birth, with subsequent



negative implications on average health stocks of affected cohorts of children. We observe some sug-
gestive evidence that while children of marginally treated individuals have worse measures of health
at birth, their later life usage of medical care may be lower, consistent with a model in which early
life health receipt in the first generation allows for the selective survival of second generation babies
which otherwise would not have survived resulting in worse observable outcomes at the population
level at birth, but who have some positive latent stock of health given survival, and hence lower health

care usage later in life.

This paper contributes to a range of literatures. It joins a number of recent studies in documenting
intergenerational transmission of early life health indicators. It also contributes to a literature consid-
ering the intergenerational transfer of exposures to particular events or environments across cohorts.
It additionally joins a large literature considering the returns to public health programmes. To the best
of our knowledge, it is the first study to consider intergenerational links of exposure to a large public
health policy, allowing for the estimation of long-term returns of such programmes. It does so using
a credible RD design, using state-of-the art RD estimators, and conducting a range of sensitivity tests
and identification checks. Perhaps its main contribution is in documenting that the marginal returns to
medical care in one generation can have considerable long-term implications, improving the outcomes
of individuals in the first generation, while at the same time bequeathing weaker health stocks to the

following generation, at least when considering measures of health at birth.

The structure of the paper is as follows. In Section 2 we discuss the context studied here and the na-
ture of the VLBW assignment threshold as a determinant of early life medical care. Section 3 discusses
the intergenerational linked administrative data generated for this study, and Section 4 discusses how
this is used to estimate impacts of exposure based on an RD design, additionally presenting a simple
model to understand the full content of RDD estimates in this context. Section 5 provides results as
well as identification checks, discussing both mechanisms which could explain the observed results,
and their implications on how we should conceive the (long-term) returns to medical care. Section

briefly concludes.

3This papers also contributes, in a limited way, to a literature on the replicability crisis in social sciences, and concerns
with the use of non-public data. For a particular study (Bharadwaj et al., 2013) when previously private data was subse-
quently published without restrictions, we were able to substantively replicate the findings of the original paper’s private
data, starting from scratch in data collation and generation. Further, updating results based on technical advances in the
intervening period since the paper’s publication, and additionally updating to include a substantially longer time-frame
which more than duplicated the original sample points to results that are entirely consistent with those in the originally
published research.



2 Background and Medical Care Regimes

Birth registration in Chile is universal, and the large majority of births (over 99%) are attended in
public hospitals or private clinics which follow national-level protocols set by the Ministry of Health.
Births are overwhelmingly attended by doctors and/or midwives. Mothers in Chile receive on average
around 7 pre-natal health check-ups (Clarke et al., 2020), and are monitored and derived to hospitals
in cases of concerns related to premature birth. As laid out in Bharadwaj et al. (2013), national-level
guidelines were set in 1991 by a national committee to standardize treatments at Neonatal Intensive
Care Units (NICUs) in the country, which exist in each of Chile’s 16 regions. A particular concern at
this point was the high rate of infant mortality among very low birth weight infants (weights below
1,500 grams). Treatment protocols often explicitly mention 1,500 grams as a treatment cut-off, and

these births undergo a systematic treatment protocol with follow-up procedures (Hiibner et al., 2009).

Bharadwaj et al. (2013), pointing to Gonzalez et al. (2006); Jiménez and Romero (2007); Palomino
et al. (2005) note a number of explicit treatment cut-offs which are documented at 1,500 grams. This
includes the use of artificial lung surfactant, a complementary nutrition program providing specialized
supplementation (PNAC prematuro), and a health care reform (4UGE) defining neonatal follow up
appointments to screen for particular pathologies which are targeted at infants born at less than 1,500
grams. These criteria are explicitly recognized also in later policy documents, such as the National
neonatal guidebook issued to medical practitioners (Mena Nanning et al., 2005),” and when formally
included as requirements for accessing policies (such as that indicated in the AUGE reform), these
require children to have weights strictly below 1,500 grams, implying that those who weigh 1,500

grams will not classify for treatment.”

Discontinuous treatment assignments at 1,500 grams have been apparent in official national clinical
guidelines for an extended period of time. The 2005 Neonatal Guide, referring to actions taken in the
previous decade, notes policies targeted to reduce rates of morbidity among infants born with weights
of less than 1,500 grams such as the national surfactant program (and other programs to standardise use
of drugs such as Indometacin), programs to follow infants over an extended period of time post-birth,

the regionalization of neonatal services (Mena Nanning et al., 2005, pp. 15-16), and recommendations

4Searches in this document suggest 24 occurrences of the use of a 1,500 grams, while other arbitrary cut-points are not
similarly prevalent (eg 4 mentions of 2,000 grams and only 1 mention of 2,500 grams which is the cut-off for definitions
of low birth weight (LBW).

3In the following section of this paper, we discuss at considerably more length the implications of this for our RD
design, and additionally tests related to concerns about heaping of the running variable (here birth weight).



that all newborns with a weight less than 1,500 grams should receive diagnostic ultrasounds to examine
intracranial haemorrhage, diagnostic tests for retinopathy, yearly specialised opthamological follow-
ups, as well as a range of other specialised treatment courses in cases of particular diagnoses. There is
evidence that the discontinuity in treatment continues to be highly relevant even late in the period under
study. For example, the Clinical Manual for Neonatal care written in 2016 for one of Santiago’s large
public hospitals with a high complexity neonatal care unit lists a large number of specific treatments
which neonates should receive if they weigh under 1,500 grams. These include specialised procedures
for temperature maintenance at birth, a delayed clamping of the umbilical chord to allow for greater
blood flow to the baby following birth, the required presence of two specialists trained in re-animation,
specific formulae for ventilation and nasal air flow masks, and direct transfer to neonatal intensive care
units. An entire chapter is dedicated to these procedures in the hospital’s clinical guides (Mulhaiisen
Mufioz and Gonzalez, 2016). No similar such guidelines exist for other distributional points of birth

weight.

Many of these policies are additionally targeted at children who are born at less than 32 or 33 weeks
of gestation, suggesting that the discontinuity may only bind for babies born at 32 weeks or above. In-
deed, this is an argument made by Bharadwaj et al. (2013), who note that often policy documents or
formal selection criteria for programs also note extreme prematurity along with very low birth weight.
While this is often the case, it appears that it is not uniformly so. For example, in recent technical guide-
lines, a number of treatments are indicated as owing exclusively to the 1,500 gram threshold, and not
based on gestational limits (for example, temperature regulation procedures discussed in Mulhatisen
Mufioz and Gonzélez (2016)). As we discuss later in the paper, we also observe evidence suggesting
elevated rates of hospitalization for babies born just below 1,500 grams even among individuals born
at 32 weeks or earlier. Thus, while it is clear that treatment rules will bind most cleanly for babies born
below 1,500 grams but at 32 weeks of gestation or greater, it is not necessarily clear that no disconti-
nuity will exist around the 1,500 gram cut-off for babies born at below 32 weeks. Thus, as we discuss
in section 4.2, while we generally follow Bharadwaj et al. (2013) in focusing on births at above 32

weeks of gestation, we additionally show robustness to not conducting this sample restriction.

Rates of birth in Chile have been gradually declining, falling from 2.58 births per woman in 1990
to 1.65 births per woman in 2018. Along with this decline, the average age of women at birth has
risen, from 26.4 1992 to 28.8 and in 2018. These changes have been gradual in line with demographic

changes observed in other middle-income countries during the 1990s and 2000s. In considering in-



Figure 1: Intergenerational Transmission of Early Life Health Measures
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Note: Each sub-plot documents average outcomes of individuals born to mothers whose birth weight is indicated on the
horizontal axis. Panel (a) considers the birth weight of second-generation children, while panel (b) considers the average
proportion of second-generation children who are low birth weight (weight < 2500 grams). Optimally spaced bins and their
confidence intervals are documented as black points and error bands. A cubic B-spline and its 99% confidence interval is
overlaid as a continual solid line and shaded area. Optimal definitions and recommendations follow Cattaneo et al. (2019a).



tergenerational links in health at birth, a stylised fact is that there is considerable, but not complete,
closure of gaps in health at birth across generations. In Figure | we document, using microdata on
all intergenerational links between births in Chile occurring after 1992, that while there is a clear ten-
dency of lower birth weight children to go on to have births which themselves have poorer average
health outcomes at birth, the intergenerational links are considerably tempered, with all binned aver-
ages located above 3,000 grams. These binned scatter plots, estimated optimally following Cattaneo
etal. (2019a), suggest that on average, individuals weighing as little as 1,500 grams have children with
birth weights of over 3,000 grams, with this value rising steadily, reaching about 3,400 grams on aver-
age for individuals who weighted 4,000 grams at birth. Thus, a considerable reversion to the mean is
observed, suggesting the existence of some intergenerational dependence in health measures at birth,
but with considerably cushioned impacts. Similarly, when considering low birth weight indicators,
around 10% of low birth weight individuals go on to have LBW children, with this value falling to
around 5% among individuals weighing 4,000 grams at birth. This suggests that the children of 90%

of individuals who were LBW “graduate out” of this status in the next generation.

3 Data

We generate matched microdata covering all the 6,617,638 births occurring in Chile between 1992
and 2018. These births are matched to their future survival history, inpatient hospitalization record,
and any of their own births occurring in the future. In the case of any future births, we additionally
observe the birth outcomes, survival history and inpatient hospitalization records of their children. For
each birth we observe both child- and parent-level measures. Thus, these data are longitudinal covering
up to 3 generations: characteristics of the mother and father of children born in generation 1, as well
as characteristics of any births which occur later to children from generation 1. These generation 2
births allow us to observe the characteristics of babies from generation 1 when they go on to have their
own children. In total, of the 6,617,638 births occurring between 1992-2018, 3,240,874 (48.9%) are
girls, 435,014 of whom go on to have their own future birth.” For these births we thus observe their
outcomes at birth and in early life, their mother’s outcomes at birth, early life and at the date of their

child birth, and their grandparents’ characteristics at the moment of their child birth.

We follow Lu and Vogl (2022) in referring to an intergenerational link as a lineage. We thus observe

®Given the period covered, these births are all occurring to women born between 1992 and 2006. Later-born individuals
are still children for the full data coverage period. We discuss data matches and inter-generational links in the paragraph
heading “Sample Matches” below.



lineages which consist of mothers and their children, where mothers are observed both when they were
born, in which case information on their mother (the “grandmother”) is observed, and if they give birth,
are additionally observed at this time, in which case information on their children is observed. We lay

out this nomenclature, and the structure of lineages in our data in Figure 2.

Figure 2: Schematic Representation of a Lineage
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Note: Birth certificates capture characteristics of the individual born, as well as their parents, and we observe the unique
identity number of the parent as well as the individual born. Thus, for “Mothers”, at their time of birth we observe their
birth outcomes, as well as their mothers’ characteristics (“Grandmothers’). While for “Children”, we observe their birth
outcomes, their mother’s birth outcomes, and their mother’s outcomes at the time the child was born. The nomenclature
“mother” refers to all girls who could potential go on to being mothers, many of which have not yet given birth.

1%* Generation birth 2" Generation birth

Birth, Death and Hospitalization Data Birth registries in Chile are universal, estimated to cover
99.9% of all births. Birth registries contain high quality records of birth weight (measured in grams),
gestational length (in weeks), and size at birth (in cms), as well as information on the place of birth, and
mother’s and father’s education and employment, along with other covariates. Individuals are recorded
using their national identity number, assigned at birth. Data on these births are merged (using a masked
version of the national identity number) with the hospitalization registry and the death registry, which
cover all deaths and in-patient hospitalizations in the country. In total, 58,993 births are matched to
a death record before the age of 1 year. This closely agrees with the average infant mortality rate
reported over this time by the World Bank (which is 8.7 per 1,000 live births). And in total 83,841

births are observed to appear in the death registry at any point during this period.

Prior to 2001, individual identifiers are missing from a considerable proportion of micro-level reg-
istries of hospitalizations (inpatient records). Given this, we do not consider hospitalization data prior
to 2001, instead consistently working with subsets of birth cohorts for whom hospitalization records

are complete. Given this, when we examine impacts of early-life health investments on later life health-
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care usage, we work with age-specific outcomes. For example, when considering hospitalization at
age 1, we can examine this for cohorts whose hospitalizations are observed completely at this age,
namely individuals born from 2001-2017. And when considering hospitalization at age 2, we work
with the sample of births from 2000-2016, and so forth for other ages. Of all births, 2,924,796 are
matched to at least one hospitalization, and in total 5,654,411 hospitalizations are matched with births,
implying that the average number of hospitalizations per matched birth is 1.93. These hospitalizations
cover all inpatient care provided in the country, both in public hospitals and private clinics, and include
information on both the reason for hospitalization (recorded by standardized ICD-10 codes), as well

as the duration of hospitalization in nights.

Additional Data In a number of cases, we consider parental and family responses to child birth. In
these cases, we generate information on changes following observed births, namely whether families
go on to have additional births and if so the birth spacing in months, whether children are observed
to be covered by private, rather than public, insurance or are treated in private, rather than public,
hospitals, and whether parents are observed to leave or join the labour market, or move to a higher wage
industry.” In each case, these measures are generated from administrative registers, and so are subset
to individuals which appear in the relevant registers. For example, in the case of private insurance
and hospitalization, this measure is generated only for children who are observed to be hospitalized.
Similarly, in the case of birth spacing and labour market changes, these measures are observed only for
individuals whose parents go on to have a subsequent birth, as both of these measures are generated

based off information contained in birth registries.

Summary Statistics Summary statistics for the matched microdata of the first and second gener-
ations are provided in Table |, and for a sample of individuals close to the 1,500 gram birth weight
cut-off in Table A 1. We observe average birth weights of around 3.3 kg among the full sample, and
slightly lower when considering second generation births. These second generation births will neces-
sarily be born to younger mothers (with an average age of 19.6 years, compared with 27.2 years in the
full sample). A low proportion of births are VLBW (around 1% of the full sample), and on average

most pregnancies are taken to full term (around 38.6 weeks in both the first and second generation

"Birth registries contain information on each individual’s occupation. We cross each individual’s occupation with
information on the average salary and average hour worked in each occupation by region from large household surveys
conducted every 2-3 years (Chile’s CASEN survey), thus allowing us to measure average conditions in the industry in
which mothers and fathers work.
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Table 1: Summary Statistics — All Births

Obs. Mean  Std. Dev. Min. Max.
Panel A: First Generation Births
Gestation Weeks 6,574,158 38.64 1.82 15.00 44.00
> 32 Gestation Weeks 6,574,158 0.99 0.10 0.00 1.00
Birth Weight in Grams 6,576,104 3323.61 539.29 90.00 6480.00
Birth Weight < 1,500 6,586,950 0.01 0.10 0.00 1.00
Birth Length in cm 6,570,261  49.37 2.58 9.00 59.00
Death within 1st Year of Birth 6,328,288 0.00 0.01 0.00 1.00
Days spent in hospital by year 1 838,942 10.31 23.36 1.00 365.00
Number of admissions to hospital by year 1 4,221,975 0.28 0.72 0.00 81.00
Mother’s Age 6,586,950  27.15 6.57 15.00 45.00
Mother’s Education Years 6,572,906 11.43 3.25 0.00 21.00
Panel B: Second Generation Births
Gestation Weeks 425,183 38.56 1.94 16.00 43.00
> 32 Gestation Weeks 425,183 0.99 0.11 0.00 1.00
Birth Weight in Grams 425,162 3280.26 535.04 151.00 6375.00
Birth Weight < 1,500 425,583 0.01 0.10 0.00 1.00
Birth Length in cm 425,155 49.10 2.62 16.00 59.00
Death within 1st Year of Birth 366,731 0.00 0.01 0.00 1.00
Days spent in hospital by year 1 108,935 10.66 24.16 1.00  365.00
Number of admissions to hospital by year I 425,582 0.36 0.78 0.00 51.00
Mother’s Age 425,583 19.55 2.69 15.00 26.00
Mother’s Education Years 425,130 11.18 2.17 0.00 20.00

Summary statistics are displayed for all births occurring in the first generation (all births between 1992 and 2018), as
well as those births matched to prior births (second generation births). The full sample consists of all births occurring
between 1992 and 2018 in Chile from administrative data maintained by the Ministry of Health.

sample). In Table we document identical summary statistics, but condition only on individuals
born close to the 1,500 gram treatment cut-off. In this case we observe a much greater proportion of
VLBW infants (given the sample definition), very premature infants, and deaths within 1 year of birth.

In general, mothers in this sample are slightly older, at 28 years in the full sample.

Sample Matches Sample matches are generated based on an individual’s national identity number
(the RUT) which is unique, ubiquitous, assigned at birth and used throughout life. In Appendix Table

we document the matches across registers. As noted above, not all births are matched with hospi-
talizations given that many individuals are never hospitalized, and not all hospitalizations are matched

to births, as many hospitalizations occur to older individuals who were not born during the period of
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1992-2018. Of particular interest, is the cross within the birth registry, identifying the universe of
all lineages where mothers were born from 1992 onwards. These 435,014 lineages by definition must
only occur to mothers aged at most 29 years (mothers who were born in 1992, and had a birth in 2018).
We document the full matrix of mother-child birth years in Appendix Table A3, which makes clear the

composition of our intergenerational sample.

4 Model and Methods

4.1 A Conceptual Framework for Understanding Intergenerational Spillovers
from Early-Life Interventions

Previous literature in this setting (Bharadwaj et al., 2013; Chyn et al., 2021) has proposed a first
generation model consisting of initial endowments, medical treatments (which interact with arbitrary
treatment assignment cut-offs), and subsequent post-hospital investments. In considering intergenera-
tional links in this setting, we can use these models as a starting point, however need to add an explicit

framework to take into account fertility choices.
As in Bharadwaj et al. (2013), consider the observed birth weight of individual ¢, denoted BW,

which imperfectly proxies unobserved health at birth:

BWZ = HZ' + €;.

Additionally, consider the inputs received by an infant at hospital, D;, which depend, decreasingly, on

health at birth, as well as discontinuous treatment assignment rules:
D; = g(H;) + k- 1[BW; < c] + v;,

specifically, here neonatal health treatments are shifted upwards by some amount x when an individual
is born with a birth weight below the cutoff c. In this setting, initial medical care D; is correlated with
unobserved health measures not captured by birth weight, implying that estimates of the impacts of
early life health investments conditional on birth weight will be biased in standard models. This leads

to the regression discontinuity design:

yi = f(BW; —c¢)+a-1L(BW; <c)+ X,8+&, (1)
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where f(-) captures local relationships between the running variable (birth weight) and outcomes of
interest y;, specifically allowing for split local-linear or higher order polynomials, X is a vector of co-
variates, and &; an unobservable error term. This design allows for the impact of medical treatments to
be isolated from unobserved health stocks in the neighbourhood of ¢, given that crossing the threshold
assignment causes a discrete jump in treatment AD; = x, provided standard RD assumptions related

to continuity of unobservables surrounding the cutoff point are met."

However, understanding what « captures depends upon how posterior events and investments in-
teract with D;. Bharadwaj et al. (2013); Chyn et al. (2021) discuss this in a single generation setting
which we lay out briefly here. We then extend this into a multigenerational setting, where there are

clear implications of selection into the second generation which may interact with initial treatment.

To understand the impacts of treatment receipt on a treated individual during their own life, con-
sider the stylised setting where the outcome of interest is an individual’s (own) health. In a simple
framework, along the lines of Grossman (2000), suppose that these time-varying health measures de-
noted H;; depend on initial endowments (H;), medical intervention at birth (D;), as well as subsequent
parental investment.” As Bharadwaj et al. (2013) note, parental investment can interact with initial
medical treatments in such a way to reinforce or compensate initial treatment receipt. Following their
notation, parental investment is denoted I"°*'(H, D, (), capturing accumulated investments up to ¢
which may be a function of initial health, treatment at birth, and subsequent shocks ¢. Thus, ‘first

generation’ health is modelled as:
Hy = ¢eHi + 0Dy + 0 1P (H;, Dy, G) + XitBr + Vit

where it is clear that individual health at time ¢, H;; may depend on initial treatment directly, but also

in the way that this treatment D; interacts with subsequent parental behaviour.

As in Bharadwaj et al. (2013), while the RD isolates an exogenous shift in treatment intensity, the

coefficient of interest from | when considering H;; as the outcome of interest captures the full reform

8We discuss these assumptions, as well as how we can probe their validity, in the following subsection 4.2. There we
lay out full estimation procedures related to the RD design in equation 1.

°In Grossman’s canonical health capital model, health at time ¢+ 1 depends upon health at time ¢ as well as (recursively)
health at birth. Here given we are interested in estimating impacts of early life interventions we focus principally on health
at birth. However, as we show in an online Appendix, we can incorporate dynamic health flows in this model without
greatly altering the implications of this model for understanding RDD estimates.
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impact up until ¢:

A=K+ @ - A]fOSt(C>7

consisting of both structural effects from treatment at birth, as well as differences in posterior parental

investments surrounding the treatment cut-off.

However, when we consider how early life treatments can have intergenerational consequences,
this requires explicitly taking into account individual selection into appearing in the second genera-
tion. Specifically, we must consider that a first generation woman’s fertility decisions may depend on
her own initial inputs at birth, as well as the way these interact with future outcomes. Naturally, an
individual will only appear in the second generation if a first generation woman has given birth. Thus,
consider each woman'’s fertility decisions fert;; which is a binary variable taking 1 if the woman gives
birth, and hence has a child in the second generation, and 0 if she does not give birth. We can write

this decision in terms of a latent variable:
ferty, = y1H; +vD; + ’Y3t—ff05t(Hi, Di, G) + X + L. (2)

Individuals for whom fert], > 0 will have fert; = 1, otherwise, fert; = 0. This is a simple
model of fertility behaviour in which fertility at time ¢ is a function of an individual’s health at birth,
treatment receipt at birth D;, as well as total parental investment up until £, which in turn may interact
with initial medical treatment.”” In turn, we may posit that birth weight of individual 7’s child (the

second generation birth, who will be indexed j) can be described in the following way:
BWi; = Hij + ¢ H; + 0 D; + o 17 (H;, Dy, G) + Xiofy + i 3)

which is observed only if fert; = 1. Note that this function now depends on heritable factors, and
so the mother’s early life health, health interventions at birth, as well as posterior investments in the

mother all may explain her child’s birth weight.

Our interest in this paper is to determine the impact of intensive treatment at birth in the first
generation on health outcomes of the following generation. Thus, our dependent variable of interest

measures human capital at birth. To consider what an RD estimate captures where the outcome is

0While this is a simple model it provides a frame-work for understanding reform mechanisms, as discussed below. We
document in Appendix C that it can be easily extended to depend on individual health at time ¢, making notation slightly
more cumbersome.
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birth weight of the second generation, we can write the expected birth weight of the second generation
conditional on the child appearing in the second generation in terms of the well-known Heckman
(1974) selection equation. For simplicity, we assume joint normality of ¢;; and w;; with an arbitrary

covariance term p. Then, combining equations 2 and 3 we have:

E(BWij|ferty =1) = Hy+ ¢H; +10D; + @ (Hy, Dy, () +
XuB + pouA|H;, Dy, I"*'(H;, Dy, ()] 4

where selection is captured by the inverse Mills Ratio A, the standard deviation of u;;, and covariance

term p.

This selection equation has clear implications for the RD estimate in the case where outcomes
capture health at birth of the second generation. While the regression discontinuity design levies locally
exogenous changes in treatment for first generation individuals, the total policy-relevant treatment
effect of this policy on the second generation will consist of multiple posterior interactions with the
reform. Specifically, the coefficient of interest when considering second-generation outcomes such as

birth-weight can be written as:
a =1 - k+ @ AP () 4 po AN, AIP (). Q)

Therefore, the reduced form impact of a mother ¢ of child j crossing the 1,500 gram threshold is
decomposed intro three terms. First, 1;-x denotes the direct intergenerational transmission of improved
health at birth of the mother, on to her children (the ‘structural effect’ of the reform). Second, ¢y -
AT OSt(c) denotes the spillover on subsequent generations of parental investments in mother ¢« which
are sensitive to the reform. This (grand-)parental investment channel will capture any changes in first
generation parenting as a result of the reform which are then transmitted to the second generation.
Finally, the third composite term captures selection into the second generation, or a fertility channel
of the reform. This term, po, A[c, AIP**(c)] makes clear that this selection may operate in a number
of ways. Given that the inverse Mills Ratio in equation 4 contains D; as well as I*°5(D;), selection
may owe to direct reform impacts (e.g. healthier individuals as a result of intervention at birth may be
more likely to take pregnancy to term), and/or selection may owe to changes in parental investments
(e.g. compensating behaviour by parents may increase the likelihood of fertility). In both cases, we are

concerned only with the way which treatment receipt changes this selection, as if fertility is unchanged
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as a result of reform receipt A\ = 0, and the third selection term will be null. Note that, importantly, if
fertility selection is relevant, the scale term p capturing unobserved correlations between birth weight
and fertility likelihood will impact both the sign and magnitude of the selection term, underscoring the

importance of understanding selection into fertility.

Thus, in what remains of the paper, the estimated coefficient @ will be interpreted as the total pol-
icy relevant treatment effect, based on individual and parental response up until the moment that the
outcome of interest is measured. When discussing reform impacts, we aim to document the impor-
tance of parental investment, and (when relevant) fertility selection channels, considering each of the

elements laid out in 5. We discuss available measures to capture each of these channels in Section 5.2.

4.2 Empirical Strategy

Estimation and Inference Procedures We estimate equation |, with the baseline specification fol-
lowing quite standard procedures. Namely, our principal model consists of estimating local-linear
models such that f(BW; < 1500) allows separate linear functions on either side of the 1,500 gram
assignment threshold. Bandwidths for these local linear regressions are chosen optimally following
MSE minimisation criteria devised by Calonico et al. (2020), and principal models present robust bias-
corrected parameters and inference methods of Calonico et al. (2014). A triangular kernel is used to
weight observations by distance from the cut-off. We follow Bharadwaj et al. (2013) in defining spe-
cific details of the principal specification, diverging from this previous specification only where clearly
justified arguments exist, such as in the use of optimal bandwidth selection procedures (rather than a
fixed bandwidth of 200 grams), as these procedures have been largely developed and popularised fol-
lowing the publication of their paper. Thus, along with a local linear specification as the preferred
specification, we control for covariates indicated by Bharadwaj et al. (2013) which are maternal char-
acteristics (education, age, marital status), type of birth service (midwife or doctor), birth region, and
year of birth. We additionally include a heaping control at 50 gram intervals, a point we turn to discuss
below. While we aim to follow the models by Bharadwaj et al. (2013) as baseline specifications, we

also document the stability of estimates to a range of alternative modelling considerations.

Estimation Sample As we noted in section 2, and as laid out in Bharadwaj et al. (2013), there is
clear evidence of a sharp cut-off in treatment rules at 1,500 grams when babies are born at 32 weeks or

above. In certain cases, babies born at below 32 weeks will access the same treatment regimes, whether
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they are born at above or below the 1,500 gram threshold. In main estimates we thus focus exclusively
on the sample of individuals born at 32 weeks and above, and in which case the discontinuity certainly
binds. This sample covers 56% of all births within 200 grams of the 1,500 gram threshold. However,
there is some evidence to suggest that at least in a more limited way, there is a discontinuity in treatment
around 1,500 grams for babies born at below 32 weeks (see for example Appendix Figure A l). Thus,
as a robustness check, we additionally present results from the main text covering the full sample of

individuals, regardless of their gestational length.

Probing Identifying Assumptions and Robustness to Alternative Models Identification in a re-
gression discontinuity design relies on the well-known continuity assumption related to unobservable
factors around the cut-point (Hahn et al., 2001). If all unobservable factors are balanced on either side
of the discontinuity, provided a small enough bandwidth is used for estimation, and provided that the
cut-off generates a discontinuous jump in treatment, RD models can be used to isolate the impact of
treatment on the dependent variable(s) of interest. As an initial (partial) test of identifying assump-
tions, we conduct balance tests on a range of pre-determined observable characteristics of mothers,
fathers, and births, before any differential treatment can be applied. Any lack of balance in these tests
can be viewed as concerning for identifying assumptions in the RDD. We note that these tests will refer
to mother and father characteristics of the first generation of mothers, as second generation mothers
have been exposed to the reform, and thus balance tests may capture reform impacts, rather than any

actual mis-balance prior to treatment assignment.

A much discussed concern in RD models where birth weight is the running variable is related to
heaping of the running variable (Almond et al., 2010; Bharadwaj et al., 2013; Barreca et al., 2011,
2016). Birth weight is recorded when infants are weighed immediately following birth by their attend-
ing doctor or midwife, and rounding in these measures may occur for a number of reasons, such as
sensitivity of electronic scales, or particular interactions with the 1500 gram cut-off. As we document
in Appendix Figure A2, while the birth weight distribution appears very normal in the full population
(panel (a)), heaps are observed at intervals of 100, and less-so 50 gram bins (panel (b)). As noted
by Bharadwaj et al. (2013), in this context, heaping is correlated with demographic characteristics
given that certain hospitals are more propense to round. We thus follow a number of procedures to
ensure that heaping cannot explain the documented results. Firstly, in baseline models we consistently

control for heaping using separate fixed effects for observations at each 50 gram bin, additionally
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documenting the stability of results to specifications without such controls. Secondly, we estimate
Donut RD models, following suggestions of Barreca et al. (2011, 2016) which removes observations
with weights very close to the cut-off point, gradually varying the width of the donut hole. Thirdly,
we consistently follow Bharadwaj et al. (2013)’s exact proposed main specification with mother and
father level controls, which removes concerns related to demographic correlates of heaping (we also
document approximate balance around the cut-off in our extended sample). Finally, we present results
for ‘placebo’ estimates where a false discontinuity is assumed at alternative 100 gram bin intervals, to
determine whether heaping could explain any systematically observed patterns when crossing 50 or

100 gram boundaries.

Where this heaping would be most concerning is it were indicative of manipulation of the running
variable, with medical professionals being more likely to falsely assign particularly sensitive children
to a very-low birth weight classification in /ine with perceived reform benefits. We note that empir-
ically this does not appear to the case.'' As discussed in section 2, the 1,500 gram cut-off is strictly
enforced below 1,500 grams, implying that the heap at 1,500 grams does not receive treatment. Never-
theless, we formally test for manipulation into treatment following Almond et al. (2010) who suggests
collapsing data at the gram level, and testing whether there are more observations just below the rel-
evant cut-off (< 1500 grams) compared to those just above the relevant cut-off (> 1500 grams). All
of these tests, providing support to our identifying assumption, are discussed in a section on robust-
ness checks, 5.4.3, where we also document robustness to alternative polynomial orders given recent

evidence of Pei et al. (2021), alternative RD procedures, and alternative kernel weighting schemes.

Principal Outcomes and Multiple Inference As we wish to consider how the impacts of early life
health receipt accrue over life, and into future generations, we necessarily conduct multiple hypothesis
tests considering multiple outcomes and a single treatment receipt. To avoid concerns that any findings
will simply owe to inflated type I errors from repeated hypothesis testing, we proceed in two ways.
Firstly, across all principal intergenerational measures we generate a single outcome index, following
Anderson (2008). Secondly, within all classes of outcomes consider, we report both standard p-values,

and g-sharpened p-values, which control for the false discovery rate.

1T As well as the tests discussed in the text, In Appendix Figure A3 we provide plots of the average size of babies and
the average gestational length surrounding the 1,500 gram threshold. We see very little evidence suggestive of noteworthy
differences in these outcomes, which would be expected if medical professionals were systematically manipulating birth
weights as a response to some other visual criteria.



19

S Results

5.1 Intergenerational Impacts of Health Intervention at Birth

In Figure 3 we present visual RD plots, and in Table 2 we present formal tests for inter-generational
transmission of intensive health treatments at birth. In each case, outcomes capture a child’s health
at birth, while the running variable refers to their mother s birth weight. Coefficients thus capture the
impact of a mother having received intensive treatment when she was born on her children’s health
when she gives birth many years later. Figure 3 plots average outcomes in 20 gram birth weight bins
within Calonico et al.’s Mean Square Error-optimal bandwidth around the discontinuity, overlaid on
quadratic fits and their confidence intervals. Table 2 presents robust, bias-corrected estimates based
on local linear regressions with a triangular kernel. The stability of these estimates to alternative

functional forms, bandwidth and modelling choices is discussed in section of the paper.

Across all outcomes considered, there is no evidence to suggest positive inter-generational gradi-
ents in treatment receipt at birth on children of the next generation. For example, in the case of birth
weight, there is a clear upward shift when crossing from below the cut-off (more treated) to above the
cut-off (less treated) individuals in Figure 3(a), and the point estimate in Table 2 suggests a return of
—149 grams on the next generation. This point estimate is large, negative, though imprecisely esti-
mated. While there are a large number of inter-generational links covered in these 30 years of data
(421,382 in the case of birth weight for the 32+ week sample, when focusing on the optimal bandwidth
of 171 grams either side of the cut-off, this is reduced to 811 effective observations.' ~ Nevertheless,
despite noisy estimates, in all measures observed in Panel A point estimates are consistent with there
actually being negative transmission of early-life investments, rather than positive returns. As well as
point estimates and standard errors (presented in parentheses in the table), we additionally present the
p-value on a one sided test that corresponds to the program having negative inter-generational impacts.
Thus, a low p-value would point to evidence to reject the null that the effect of the policy is negative,
and high p-values can be considered as providing very little evidence to reject this null. Across all out-
comes considered, these p-values range from 0.638 to 0.998, suggesting very little evidence to reject

the null of a negative effect in favour of the alternative of a positive impact.

2Power is a challenge in this setting. As we lay out in Appendix Figure A4, if the real effect were -100 grams, we
would only have around 40% power to detect it. Given the structure of our data, 80% power is only achieved against a null
of no effect if the true effect is £200 grams.
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Table 2: Intensive Health Investments and Birth Outcomes of the Second Generation

Gestation  Birth weight Birth length Infant

(weeks) (grams) (cms) Mortality
Panel A: Baseline Variables (1) 2) 3) 4)
Birth weight < 1,500 -0.441 -148.907 -0.199 0.007*

(0.502) (96.771) (0.563) (0.004)

[0.810] [0.938] [0.638] [0.953]
Mean of Dep. Var. 38.422 3157.178 48.585 0.007
Observations 421,403 421,382 421,376 421,796
Optimal Bandwidth 196.6 171.2 193.5 142.3
Effective Observations 887 811 885 684
Observations (left) 305 284 305 251
Observations (right) 582 527 580 433
g-sharpened p-value 0.248 0.175 0.302 0.165

Prematurity =~ Very low  Fetal growth Sex ratio Anderson
birth weight rate Index

Panel B: Transformed Measures %) (6) @) (8) ©))
Birth weight < 1,500 0.132* 0.045%** -2.736 0.121**  -0.393*

(0.072) (0.016) (2.010) (0.057) (0.220)

[0.967] [0.998] [0.913] [0.983] [0.963]
Mean of Dep. Var. 0.088 0.015 81.830 0.498 -0.077
Observations 421,796 421,796 421,382 421,762 421,796
Optimal Bandwidth 189.8 257.7 178.2 234.4 232.2
Effective Observations 856 1,289 813 1,137 1,136
Observations (left) 294 361 286 348 347
Observations (right) 562 928 527 789 789
g-sharpened p-value 0.158 0.036 0.211 0.136

Notes: Each column displays estimates of the change in the given dependent variable from above to below the 1,500 gram
assignment threshold for mothers. In each case, local linear regression is used with a triangular kernel, calculating the MSE
optimal bandwidth of Calonico et al. (2020). Robust bias corrected standard errors are reported in parentheses. Below
standard errors, a one tailed t-test is calculated, which can be viewed as the support in favour of there actually being positive
intergenerational transmission to the second genreation. g-sharpened p-values refer to corrections conducted across the entire
class of outcomes. * p<0.10; ** p<0.05; *** p<0.01.

In considering well-being of infants at birth, it is important to consider measures beyond just birth
weight (Conti et al., 2020). Point estimates in the case of gestational weeks point to an insignificant
reduction by around 0.4 weeks, and in the case of birth length an insignificant reduction of around 0.2
cm. While most of these raw measures result in negative but insignificant inter-generational transfers,
in the case of infant mortality of the second generation, we observe a marginally significant effect,
consistent with individuals who receive intensive treatments going on to have children who are less

likely to survive. This is documented in column 4 of Table 2, with the likelihood of death increasing
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by 0.007, or 0.7 per 1,000 births, which is approximately as large as the mean outcome in the inter-
generational sample. The optimal bandwidth in this case is quite tight, at 142 grams surrounding
the cut-off. This result suggests that the policy’s reduction in infant mortality in the first generation
(discussed in section below), may actually be partially reversed in the second generation, though
we note that this finding should be viewed with skepticism given that the FDR corrected p-value is

only 0.165.

In Panel B we consider a number of alternative derived measures based on variables recorded
in the birth register. In the case of prematurity and low birth weight, these are critical measures of
health stocks at points quite low in the distribution of birth weight and gestational weeks. In this
case, at low points in the health distribution we find considerable negative returns to a mother’s early
life health receipt. In the case of both prematurity and low birth weight, we observe the individuals
whose mothers just classified for treatment receipt are more than twice as likely to suffer from these
conditions as individuals whose mothers were marginally above the treatment threshold. We similarly
observe a reduction in fetal growth rate (defined as weight divided by gestational weeks), though this
is not statistically significant. The final outcome in Panel B is an index of health measures at birth
which is used to reduce the dimension of the test to a single dimension, and avoid inflated type I error
rates. Here, in line with results observed throughout the table, this child health index is observed to
be considerably worse among children of parents who received early life treatment, at around 0.4 of a

standard deviation /lower on average.

The results from Table 2 suggest that while tests on mean outcomes point to negative but imprecise
results, particular key points of the distribution of these outcomes do see substantial shifts as a result
of reform receipt. This is particularly the case in low birth weight measures, where we observe that a
mother’s receipt of intensive investments at birth makes her more likely to have low birth weight chil-
dren. Given the high costs, both in terms of individual well-being as well as hospital-level costs for
outcomes very low in the health distribution (Almond et al., 2010), we consider these distributional
effects in a more flexible setting in Figure 4. In this case, each coefficient and confidence interval
(90 and 95% Cls are plotted as shaded areas), refers to the probability that a mother has a birth with
health measures below particular cut-offs indicated on the horizontal axis. Each coefficient and CI
is thus generated from its own RD estimation, and is interpreted as the impact of policy receipt on
intergenerational transfer of poor health indicators. The Figure 4a shows clear negative impacts of

maternal policy receipt on her child’s health. In proportional terms, this is particularly relevant in the
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Figure 4: Distributional Impacts of Early Life Health Interventions on Second Generation
Health Stocks
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Note: Each point estimate (black square) and 90 and 95% confidence interval (dark and light shaded areas respectively)
refer to RD estimates of the likelihood that a birth occurring to a treated girl born has health stocks (birth or gestational
weight) below the cut-off indicated on the x-axis of each sub-plot. Each estimate is generated using the same sample and
methods described in Notes to Table 2.

far left tail of the distribution of birth weight. For example, in the case of 1,500 grams, we estimate
that a mother who receives intensive early life health treatment increases her probability of having
a birth at less that 1,500 grams by 4.5pp, which is an effective tripling considering that the propor-
tion of such births occurring to mothers in this bandwidth of interest are around 0.015. Similar such
patterns are observed when considering weights up to 2,250 grams. It is important to note here that
this implies that (costly) early-life interventions in generation 1 imply a much greater proportion of
births having to receive such interventions in generation 2. In the case of gestational length, Figure

, similar such distributional impacts are seen, with consistently positive probabilities of observing
short gestational lengths, significant in the case of 32 weeks (extreme prematurity), with particularly
large impacts observed at 37 weeks (prematurity). Again, these results are consistent with negative
intergenerational gradients of health intervention at birth, and certainly never suggestive of positive

gradients as frequently observed in prior literature.

The results thus far focus on intergenerational impacts on stocks of health immediately at birth.

In Table 3 we examine a measure of later life health outcomes, namely, the number of times second
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Table 3: Health Outcomes of the Second Generation

By Year 1 By Year2 By Year3 By Year4 By Year 5

(D) 2) 3) “4) (5)

Birth weight < 1,500 0.042 -0.221*%*  -0.465%**  -0.608%** -0.699**

(0.088) (0.092) (0.122) (0.219) (0.350)

[0.684] [0.008] [0.000] [0.003] [0.023]
Mean of Dep. Var. 0.398 0.518 0.568 0.621 0.678
Observations 421,795 418,751 358,370 301,560 245,934
Optimal Bandwidth 185.5 143.8 123.9 128.4 123.3
Effective Observations 856 681 502 427 338
Observations (left) 294 249 190 160 128
Observations (right) 562 432 312 267 210
g-sharpened p-value 0.727 0.045 0.002 0.026 0.088

Notes: Each column displays estimates of the change in the number of admissions of a child to hospital
when moving from above to below the 1,500 gram assignment threshold for the child’s mother (ie when
treatment switches on). In each case, local linear regression is used with a triangular kernel, calculating the
MSE optimal bandwidth of Calonico et al. (2020). Robust bias corrected standard errors are reported in
parentheses. Below standard errors, a one tailed t-test is calculated, which can be viewed as the support in
favour of there actually being posifive intergenerational transmission to the second genreation. g-sharpened
p-values refer to corrections conducted across the entire class of outcomes displayed in this Table. * p<0.10;
** p<0.05; *** p<0.01.

generation children are hospitalized during the first five years of their life. We consider this measure
by the time they turn age 1, age 2, age 3 and so forth, up to the age at which they turn 5. These
models are estimated separately to ensure that each outcome entirely covers all individuals in the
sample. Individuals are only included if they have reached a given age, and hence the measure of
hospitalizations is not truncated. In this case we observe evidence that later in life, children of treated
women are less likely to be hospitalized. By age 2 individuals have 0.2 fewer days of hospitalization, by
age 3 around 0.5 fewer hospitalizations, and by age 5, around 0.7 fewer hospitalizations. This pattern
suggests that while children of marginally treated mothers are less healthy in terms of observed stocks
of health at birth, they may have better latent stocks of health resulting in fewer complications leading
to hospitalization later in life. The effect sizes here are considerable: by the ages of 4 or 5 they are

approximately as large as the mean in the sample of treated and untreated individuals.
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5.2 Understanding channels of inter-generational effects

How can we rationalize the fact that we observe negative transmission of early life health inter-
ventions across generations when the broad consensus from extant literature is that these early life
policies have broadly positive impacts on first generation individuals, and positive shocks are gener-
ally observed to transmit across generations? We turn to this question here, using the model laid out

in Section 4.1 to guide potential competing explanations.

5.2.1 Stocks of Health in Real Time

One potential explanation owes to an accumulative health channel over time (Appendix C, equa-
tion C5). Specifically, given the positive relationship between maternal health stocks and child health
at birth (Lassi et al., 2013; Currie and Cole, 1993), for this to explain negative intergenerational trans-
mission, we would expect that mothers who were marginally treated by the reform at birth should be
observed to be less healthy than mothers who were marginally untreated. While unlikely, such a phe-
nomena could occur, if, for example, individuals who were less treated at birth were more likely to be

hospitalized in early life, and ended up accruing more positive health stocks by maturity.

In Figure 5 we examine the number of days an individual is hospitalized by year, estimated fol-
lowing the RD models laid out above at each age from O up until 24. Panel (a) of Figure 5 estimates
the impact on the total number of days that affected individuals spend in the hospital for all causes,
and panel (b) estimates the impact of early life medical treatment on hospital days which are classified
as chronic based on ICD codes.'” In both figures, it is apparent that there are relatively small or non-
existent impacts on the long term usage of health care of having benefitted from early life health-care.
Both when considering all hospital days, and hospital days for chronic causes, after the first few years

of life there is little evidence of an enduring effect on hospitalizations.

We do observe a clear reform impact on hospitalizations early in life, estimating an increase of
around 4 days in the year which birth occurs, 0.5-1.5 days per year up to year 3, and then smaller
and non-significant impacts there-after. These effects are in line with those documented in Bharadwaj
et al. (2013), reaffirming the power of the reform in terms of health investments. However, the lack
of clear later life results suggests that a role of direct transmission of health stocks from mother to

children may be limited, given that we do not observe that individuals who marginally qualified for

13Chronic hospitalizations are classified using the Chronic Condition Indicator (CCI) developed by the Healthcare Cost
and Utilization Project (HCUP).
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Figure 5: Long-Term Health Stocks and Early Life Interventions
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Note: Each point estimate and confidence interval refer to the impacts of early life medical investment on an individual’s
days of hospitalization (panel (a)), and days of hospitalization related to chronic conditions (panel (b)). Thicker black error
bars present 90% Cls, while thinner error bars report 95% Cls. Days of hospitalization (in both cases) are measured as
totals for all individuals who have reached the age indicated, and take the value of 0 if the individual is not hospitalized
this year, or otherwise a positive integer reporting the total number of days spent in hospital. All estimates follow the
procedures laid out in section 4, and report RBC estimates using a local linear regression with a triangular kernel in the
MSE optimal bandwidth.

treatment have considerably different health stocks at maturity, at least if health stocks are proxied by

hospitalizations.

5.2.2 Compensatory or Reinforcing Behaviour

A key channel which may explain null or negative intergenerational transmission of policy impacts
relates to parental compensatory behaviour. Note in equation 5, that any change in parental behaviour
as a response to reform receipt at birth may act to counteract or reinforce any direct policy impacts.
Specifically, a channel may exist in which parents whose children are born marginally above the 1,500
gram threshold and hence who are observed to be relatively worse off early in life, invest more heav-
ily in these children, compensating initial disadvantage, and indeed fully closing the gap, explaining
null or negative policy impacts in the long-run. This is something which can be empirically tested,
if in place of examining the specific early life health measures in generation 2 births, we examine

as outcomes in a RDD specification parental investment behaviours across the life of their children.
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The relevant test is then whether we observe evidence consistent with parents making more intensive
investments to the right-hand side of the 1,500 gram cut-off, compensating the lack of policy receipt

among these children.

To do this we collect a number of measures of parental investments in their children, or parental
behaviours which may impact children’s outcomes or well being. These are classified in terms of health
investments, future demographic decisions, and in terms of parental labour market sorting decisions.
Specifically, in the case of health investments, we examine whether, conditional on being hospitalized,
children are covered by (more expensive) private insurance schemes, or are treated in private hospitals,
which implies higher average out of pocket spending (Crispi et al., 2020). In terms of demographic
decisions, we examine whether reform receipt impacts future parental fertility behaviour, either making
them more or less likely to decide to have future births, or changing the birth spacing in case of future
births. In terms of labour market sorting, we test to see if following on from their child birth, mothers
or fathers are observed to join or leave the labour market, to switch to a higher paying employment
sector, or to switch to a less hour intensive employment sector.'* Such labour market responses could
potentially impact child well-being on various margins: a first an income margin if one or both parents
opts to join to the labour market to afford greater investments in children, or a second, a time investment
if parents are observed to shift into less ‘greedy’ careers (as defined in Goldin (2021)), in favour of
increasing (time) investments in children. Evidence of such labour movements and desires to seek
careers which support both labour market and family investments are discussed, for example, in Goldin

and Katz (2016).

We lay out tests of parental responses to reform receipt in Table 4 which tests for the existence
of parental labour market responses and Table 5 which tests for the existence of changes in health
investments or future fertility behaviour. In Table 4, RD estimates suggest relatively little evidence
of affected mothers changing intensive margin labour supply decisions (leaving or joining conditional
on their previous labour market status), however we do observe evidence consistent with mothers of
treated children moving into higher wage sectors or participating in sectors which experienced higher
wage growth. This is observed in column 4, with mothers of treated children being observed to change
to sectors with mean monthly salaries which are approximately 80,000 CLP higher, around 100 USD
based on current exchange rates. In the case of fathers, we observe relatively little evidence of similar

changes in labour market circumstance. The one exception to this is an increase in the likelihood that

14As noted in section 3, these labour market measures are only observed among parents who go on to have another
birth, so is based on a more limited and selected sample.
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fathers of marginally treated children join the labour market conditional on previously having been out
of the labour market, though we note that this effect is driven off a very small sample of fathers who
previously had not participated in the labour market, and so is considerably underpowered. We note
that in general, this result suggesting larger labour market responses for mothers than for fathers in the
face of child health shocks is consistent with findings in the broader literature, for example (Eriksen
et al., 2021) who find maternal shifts in labour market choices following negative child health shocks,
and a broad literature, lead by Kleven et al. (2019), which documents relative inflexibility of father’s
labour supply to child birth, a phenomena also noted in Chile (Berniell et al., 2021). While these
parental labour market responses to early life investments are of interest in their own right, for our
results here, if anything they suggest that the observed patterns cannot be explained by labour market
results, as mothers of individuals born just below the 1,500 gram threshold are observed to move
to industries with higher, rather than lower salaries, without being much greedier in terms of time

demands.

In the case of parental health investments and fertility responses (Table 5), we observe relatively
little evidence suggestive of consistent changes in the way which parents invest in their children’s
health care. This coheres with evidence presented by Bharadwaj et al. (2013) who found relatively lit-
tle evidence of changes in educational investments by parents in marginally treated versus marginally
untreated children. Early in life, we observe that conditional on hospitalization, rates of private hospi-
talization and private insurance coverage did not significantly differ across the 1,500 gram threshold.
Similarly, we observe no evidence to suggest that parents of treated individuals were more likely to
go on to have another birth, or change the timing of future births. As a matter of fact, birth timing
between a low birth weight baby and future births appears to be quite similar to birth spacing in the
population (Appendix Figure A5).

In general, these results suggest that (first generation) parental responses can explain relatively
little of the observed negative inter-generational impacts to children of the second generation. Had
we observed clear evidence of compensating investments, where individuals just to the right of the
cut-off received additional investments or otherwise more positive home environments, this may have
suggested that initial favourable medical treatments of treated individuals were overwhelmed by later
favourable investments in untreated individuals. If anything, we observe that the reverse may be true,

given the relatively better labour market trajectories for mothers of treated children.
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Table 5: Parental Responses to Reform Receipt — Parental Health Investments and Fertility
Behaviour

Private Hospitalization Private Insurance Future Birth
2 4 6 2 4 6 Birth Spacing

Birth weight < 1,500  0.045  -0.042  -0.032  0.060 -0.165* 0.079 0018 13371
(0.058)  (0.050) (0.072)  (0.066)  (0.093) (0.129)  (0.020) (10.245)
[0.7783] [0.2007] [0.3270] [0.8167] [0.0373] [0.7302] [0.8254] [0.9041]

Mean of Dep. Var. 0.194 0.221 0.227 0.289 0.333 0.359 0.301 196.483
Observations 197,745 153,707 107,870 197,745 153,707 107,870 3556247 1363510
Optimal Bandwidth 151.8 142.4 176.5 186.1 108.9 146.7 234.7 168.5
Effective Observations 772 485 403 929 349 336 14,132 2,874
Observations (left) 277 178 131 317 134 118 4,113 1,005
Observations (right) 495 307 272 612 215 218 10,019 1,869

g-sharpened p-value 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Notes: Each column displays estimates of the change in the given dependent variable from above to below the 1,500 gram assignment

threshold for newborns. In each case, local linear regression is used with a triangular kernel, calculating the MSE optimal bandwidth
of Calonico et al. (2020). Robust bias corrected standard errors clustered at the gram level are reported in parentheses. p-values for
one-sided tests are shown in square (H: negative) brackets. Significance stars for two-sided test: * p<0.10; ** p<0.05; *** p<0.01.

5.2.3 Selection

A key remaining consideration is selection into the sample. This is the third term in equation
This selection refers specifically to reform-mediated selection into fertility, however we also note that
selection could originate even at the time of birth of the first generation given that the reform impacts
survival of (potential) parents when they are born. Here we begin by focusing on fertility — a central

point in our model — before turning briefly to selective survival during infancy.

Selection into fertility Figure 6 presents descriptive plots of the likelihood that a woman gives birth
by specific ages, graphing probabilities by an individual’s own weight at birth. These plots are based
on all women exposed to the possibility of giving birth — that is individuals at least as old as the age
under consideration in each plot, and hence potential ‘second generation’ mothers. These are thus
all individuals who could potentially become mothers in our second generation sample, with plotted
values representing the actual proportion of those women who actually do become mothers. Each point
refers to the average in 50 gram bins, with the size of the point representing the number of individuals
on which the average is based. Any ‘selection’ of interest for our estimated parameter — the third
term indicated in equation 5 — would be apparent by changes in rates of birth just at the point where

treatment targeting ends.
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Figure 6: Fertility and Stocks of Health at Birth
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Notes: Each figure plots the likelihood that a women born at a particular birth weight goes on to give birth by the age
indicated in the plot caption. Points represent average proportions in 50 gram bins based on the women’s weight when
she was born. Averages are calculated from the full sample of women observed in the birth register, who have reached the
age indicated in each plot. The size of each point refers to the relative number of women in this birth weight bin. The red
dashed line indicates the 1,500 gram VLBW threshold used to assign discontinuous medical intervention at birth. Similar
plots for all ages from 15-26 are provided in Appendix Figure A6.

Prior to considering selection per se, it is immediately notable and noteworthy that there is a steep
gradient in the likelihood of giving birth by each of the ages documented in Figure ¢ at lower points of
the birth weight threshold. For each of the ages documented, there is a steep gradient in rates of birth up
to around 2,500 grams. Very similar patterns are observed for all possible ages (provided in Appendix
Figure A6, for ease of visualization, only 4 plots are displayed in the main text). For example, in the
case of births by the age of 19, individuals who survive to age 19 and were born below 1,000 grams
have less than a 10% chance of having given birth, rising to around 15% among individuals around
1,500-2,000 grams, before levelling off at 20% above around 2,500 grams. While points low in the

birth weight distribution are based on few observations, the regularity of this pattern, both within and
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across age groups is clear, with this gradient consistently being observed, and consistently flattening

out from above around 2,500 grams.

As far as we are aware, this stylised fact has not been previously documented in the economic
or medical literature (or elsewhere), and suggests considerable returns to birth weight in ways not
previously considered. It also interacts with a broader literature on labour market returns to health at
birth, and women’s labour market returns in particular. If higher birth weight individuals have higher
educational and labour market returns (Behrman and Rosenzweig, 2004; Bharadwaj et al., 2018a),
and at the same time birth weight is positively correlated with fertility, then negative links between
fertility and labour market outcomes (Adda et al., 2017; Bloom et al., 2009) may partially obscure the

full human capital returns to birth weight.

In Figure 6 it is additionally notable to the plain eye that there is an important discontinuity in
rates of birth which are observed around the 1,500 gram cut-off. Even in using quite crude 50 gram
bins in the spirit of capturing descriptive patterns, in each case clear sharp declines are observed in
rates of birth when moving from just below 1,500 grams (marginally treated individuals) to just above
1,500 grams (marginally untreated individuals). For example, in Figure 6¢c, around 30 percent of
individuals are observed to have a birth before the age of 22 in the 50 gram bin just below 1,500
grams, with this proportion falling to around 23 percent, or declining by approximately one quarter,
when moving to the bin just above 1,500 grams. These values are identified formally using identical
RDD methods as used throughout the paper in Figure 7a. Here, age-specific estimates are presented,
estimated following equation |, where the outcome considered is the total number of births a (potential)
second generation mother has by age x.'” We observe large, and generally significant, impacts across
all ages considered. By the age of 22, estimated impacts described in Figure 7a show that the number
of births for individuals receiving the policy has increased by 0.1, against a base of approximately 0.25
births in individuals in the estimation bandwidth. Similarly large estimates are observed at each age

above 20, growing to 0.2 additional births by the age of 25, versus a mean of around 0.35.

This result suggests that reform receipt has a clear long-run impact on treated girls. It makes them
considerably more likely to give birth, as much as a quarter of a century after the initial policy receipt.
This also provides a key explanation of the unexpected negative transmission of health at birth into the

following generation. The reform may have a positive effect on fertility by rescuing marginal births

SThis is a real integer, taking 0 if she has not had births, and the number of births if she has had 1 or more births.
Results are largely unchanged if instead of considering the total number of births, we consider a binary measure of having
had any births by age .
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Figure 7: Impacts of Early Life Health Interventions on Fertility and Spontaneous Abortions
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Note: Each point estimate and confidence interval refer to the impacts of early life medical investment on the number of
births an individual has had by each age (panel (a)), and the number of abortions observed in hospitalization data (panel
(b)). Thicker black error bars present 90% Cls, while thinner error bars report 95% Cls. All estimates follow the procedures
laid out in section 4, and report RBC estimates using a local linear regression with a triangular kernel in the MSE optimal
bandwidth.

of treated individuals. Individuals who in the absence of the reform would not have conceived or not
have given live birth to a baby, do give birth to a baby when receiving intensive treatment at birth. This
finding is consistent with the reform saving (second generation) babies which are marginally weaker,

providing one explanation of the negative impacts observed in section 5.1 of this paper.

Fertility selection is thus a key mechanism which can explain the negative transmission across gen-
erations. We briefly consider what explains this fertility result (the ‘mechanism of the mechanism’),
prior to turning to potential alternative selection channels. In theory one could expect two main chan-
nels which could explain lower rates of childbirth following a shock such as policy receipt. Firstly,
it may be the case that individuals are equally likely to conceive, but just less likely to take births to
term when they do not receive the intensive early life medical investment. Or secondly, it may be that
the early life medical intervention provides individuals greater social or reproductive resources to con-
ceive. Due to the nature of administrative records, and high rates of miscarriage, we cannot observe all
conceptions occurring around the cut-off, but rather only actual birth rates. As a proxy of miscarriage,

or births not taken to term after conception, we can observe all spontaneous abortions which result in
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hospitalizations.'® This is likely a considerable lower bound of all conceptions not taken term. We
examine the impact of policy receipt on the likelihood of suffering a spontaneous abortion in Figure

. Analysis is conducted identically to the analysis of fertility. Here it is clear that based on this
proxy, higher rates of birth among treated individuals do not owe to a greater likelihood of taking
births to term, but rather, more likely due to a greater propensity to conceive. If anything, at higher
ages, spontaneous abortions seem to be more prevalent among treated individuals, rather than less,
which would be what we may expect if reform receipt made individuals more likely to give live birth
conditional on conception. This suggests the observed results are more consistent with birth selection

occurring at the conception rather than gestational phase.

In Figure &, we examine whether this fertility selection is a generic result in the population, or
something which is driven by particular groups. Formal RD estimates which correspond to each plot
in Figure 8 are provided in Appendix Table A4. To test for selective fertility, we examine charac-
teristics of mothers and fathers who go on to give birth in generation 2 around the 1,500 gram birth
weight threshold. This figure is thus the intergenerational analogue of typical balance tests conducted
in RDD tests to examine whether observations on each side of the cut-off are balanced, or are selected
in someway. However, here, rather than acting as an identification check, these allow us to test for
selective entry into the second generation of mothers. Across 9 outcomes observed in administra-
tive data (mother’s and father’s education, age and employment, marital status, and whether births
are multiple), we observe some evidence consistent with reform-driven fertility changes being more
prevalent among certain groups. For example, we observe weak evidence to suggest that less educated
women are slightly over-represented among treated rather than control individuals, which would be
consistent with marginal births being more likely to survive among less educated women when they
receive the treatment, compared with when they do not. We observe more clear evidence to suggest
that treated individuals have more preferable partner matches when partners are observed: fathers are
on average closer in ages to mothers, more likely to be employed, and mothers and fathers are more
likely to married. Such a result may be consistent with treated individuals more generally forming
better partnership matches as a result of treatment receipt. However, given that we do not observe
partnership information for individuals who have not given birth, we cannot rule out that these results
could simply imply that individuals with better partnership matches are more likely to have live birth

when receiving treatment, compared to when not receiving treatment at birth.

16These are observed in inpatient records, and are inferred from ICD-10 codes which are recorded as the reason for
treatment. In Appendix Table B1 we note the ICD-10 codes that we include when classifying abortion.
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Survival selection Beyond clear selection based on fertility, we consider the possibility that these
negative inter-generational results simply owe to selection occurring due to survival at birth when
intensive medical treatments were initially provided. As documented by Bharadwaj et al. (2013),
and as discussed further in the following sub-section, this reform resulted in selective survival of
individuals who received more intensive treatment, and as such, likely saved individuals with poorer
health stocks. In order to consider whether this initial selective survival can explain our observed
results, we conduct a counterfactual experiment where we impute non-surviving individuals on the
right hand side of the cut-off, and consider whether specific life courses for these individuals could

explain away the negative observed inter-generational transmission.

Specifically, the exercise consists of the following. Using estimates of the reform impact on infant
mortality, we calculate the number of individuals on the right-hand side of the birth weight cut-off who
we estimate would have survived had they received the treatment. This is estimated precisely using the
RDD models discussed in this paper. We than impute the proportion of these individuals who would
have given birth by each age using 20 gram birth weight bin-specific actual averages observed of this
variable. We then add these additional ‘counterfactual’ births to our second generation sample. As we
do not know what their health outcomes would have been at birth, we consider a range of scenarios,

imputing health outcomes across the actual distribution of health at birth.

The results of this exercise are provided in Table 6. This table makes clear that while selective
survival of the first generation could affect the magnitude of the estimates, it would generally be in-
sufficient to revert the sign of point estimates. For example, consider the case of child birth weight. If
all counterfactual individuals on the right-hand side of the cut-off had a birth weight equal to that of
the tenth percentile, the inter-generational effect could be as small as -89 grams. While if these non-
surviving individuals had birth weight in the 90" percentile, the true effect could be as large as -224
grams. This exercise is particularly clear in the case of a child’s low birth weight status. Regardless
of how extreme we make the counterfactual scenarios, the true effect remains large, and statistically

significant, even at 1%.

More generally, it is illustrative to consider the range of counterfactual scenarios over which it
would be sufficient to turn negative observed intergenerational impacts into positive effects. In Table
we assume that all imputed individuals would have had fertility rates which were equal to those of
surviving individuals in their birth weight bin. However, these individuals may have had quite different

fertility profiles had they survived. Thus, in figure 9 we consider a broader range of counterfactual



Table 6: Selective survival and second generation outcomes — counterfactual analysis

Counterfactual percentile assumed for survival

Baseline 10t 30t 50t 70t 90t
Panel A: Child’s gestational length
Birth weight < 1,500 -0.4411 -0.2591 -0.3822 -0.4930 -0.5160 -0.5805
(0.5015) (0.5112) (0.5021) (0.5003) (0.4965) (0.4986)
Effective Obs. 887 954 956 956 956 954
Imputed Obs. 0 79 79 79 79 79
Panel B: Child’s birth weight
Birth weight < 1,500 -148.91 -89.83 -135.37 -159.31 -175.70%* -224.30%*
(96.77) (98.76) (97.71) (96.98) (96.01) (94.89)
Effective Obs. 811 876 845 845 845 845
Imputed Obs. 0 74 72 72 72 72
Panel C: Child’s birth size
Birth weight < 1,500 -0.1988 0.0653 -0.0712 -0.1821 -0.2929 -0.5140
(0.5625) (0.5712) (0.5623) (0.5619) (0.5616) (0.5615)
Effective Obs. 885 954 954 954 954 954
Imputed Obs. 0 79 79 79 79 79
Panel D: Child’s infant mortality
Birth weight < 1,500 0.007* 0.006 0.006 0.006 0.006 0.006
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
Effective Obs. 684 745 745 745 745 745
Imputed Obs. 0 70 70 70 70 70
Panel E: Child premature
Birth weight < 1,500 0.1323* 0.1350%* 0.1350%* 0.1350* 0.1350* 0.0012
(0.0722) (0.0722) (0.0722) (0.0722) (0.0722) (0.0736)
Effective Obs. 856 924 924 924 924 1,089
Imputed Obs. 0 77 77 77 77 93
Panel F: Child VLBW
Birth weight < 1,500 0.0453%%%  0.0442%%*  0.0442%%*  0.0442%**  0.0442%**  (0.0442%***
(0.0158) (0.0158) (0.0158) (0.0158) (0.0158) (0.0158)
Effective Obs. 1,289 1,399 1,399 1,399 1,399 1,399
Imputed Obs. 0 122 122 122 122 122
Panel G: Fetal growth rate
Birth weight < 1,500 -2.7356 -1.2524 -2.3924 -2.9518 -3.4530%* -4.7141%*
(2.0103) (2.0418) (2.0285) (2.0164) (2.0006) (1.9804)
Effective Obs. 813 878 877 877 877 876
Imputed Obs. 0 74 74 74 74 74

Notes: Each panel displays outcomes under different counterfactual assumptions related to future outcomes for individuals who
selectively did not survive birth as response to not receiving intensive treatment in generation 1. The left-hand panel replicates
original estimates of reform receipt on inter-generational outcomes, and then additional columns impute outcomes for observations
who selectively did not survive birth on the right-hand side of the treatment cut-off, assuming counterfactual outcomes at different

percentiles of the health distribution at birth.
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scenarios. We plot RD estimates where counterfactual assumptions for health are described on the
horizontal axis, and assumed fertility (the average number of births up to the end of the observed
data) is varied across line plots. These counterfactual fertility assumptions range from 0 births per
imputed individual (in which case the RD sample will remain unchanged) up to 2 additional births per
imputed individual. Counterfactual health outcomes are allowed to range from the 5" centile up to the
95™ centile of observed outcomes. Areas shaded in grey are consistent with positive intergenerational

transfers.

The results from this activity are plotted for birth weight (Figure 9a), gestational weeks (Figure

b), size at birth (Figure 9c¢), and fetal growth rate (Figure 9d). Binary outcomes are not considered,
as these often entirely omit extreme outcomes such as VLBW which occur in less than 5% of cases.
Considering birth weight as the outcome of interest, it appears highly unlikely that selective survival
at birth could explain the observed negative intergenerational transfers from mothers to children. For
this to be the case, non-surviving individuals would have had to be highly fertile (each having 1 birth),
while at the same time giving birth to children with very low health stocks (all at the 5™ health centile).
Similar extreme patterns are observed for both gestational weeks and the fetal growth rate. In the case
of size at birth, more feasible counterfactual outcomes exist which could explain away the negative
intergenerational transmission (for example, average birth rates, and all counterfactual babies being
born at the 20™ health centile or below. Nevertheless, across all outcomes considered, the evidence
broadly suggests that correcting for survival at birth in the first generation would not be sufficient to

turn around observed results in all health dimensions.

5.3 Discussion

Results from the previous sub-sections suggest that the marginal impacts of this intensive early life
medical care may actually act to increase costs levied in the second generation. This is at odds with
the short-term marginal returns documented in previous literature pointing to greater survival (Almond
et al., 2010), increased educational performance (Bharadwaj et al., 2013), and reduced links to state
support programs (Chyn et al., 2021). It is illustrative to consider what these second generation results
imply vis-a-vis the policy’s cost, and positive short term returns. The importance of considering such
life-cycle returns to social policies has been espoused in Garcia et al. (2020), and here we can move

beyond the life cycle of the first generation, into second generation outcomes.

To do this, we consider estimates of the initial costs of providing marginal medical care to treated
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Figure 9: Inter-generational Transmission Under Alternative Health and Fertility Counterfac-
tuals
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Notes: Each point represents estimates of the impact of intensive health receipt at first generation births on the second
generation health outcomes indicated as plot labels. Each estimate comes from a separate RD model based on all surviving
observations, as well as imputed outcomes for individuals estimated to have not survived on the right-hand side of the birth
weight cut-off due to lack of policy receipt. Imputations are made varying health outcomes (indicated on the horizontal
axis), and fertility (indicated in the legend). All estimation details of each RD model follow those described in Table 2.

individuals, the estimated present value of first generation benefits of policy receipt, and the estimated
present value of second generation costs. We incorporate into these calculations the welfare cost of
financing taxation, and consider a money metric to compare across different policy domains. In each
case, we are fortunate to have a directly matched control group to the treated group of individuals
impacted by the reform. Namely, the counterfactual outcome for children treated at birth are children
who narrowly miss out given the birth weight assignment rule. Nevertheless, we note that this is
simply a back-of-the envelope activity, principally to allow us to determine how important the negative

intergenerational transmission observed here may be compared with first generation benefits. Below
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we lay out estimated present values for costs and benefits along with any necessary assumptions to
arrive to these figures (calculations are summarised in Appendix Table A5). This exercise is conducted
from the point of view of a single marginally treated first generation child who is born in a public
hospital, starting from the age of 0, with all costs and benefits discounted to the present day (and
expressed in terms of real costs in 2022). In closing this sub-section, we note a number of elements
which are likely affected by the initial medical care receipt, but which are not feasible to reduce to a

money metric, and which are hence omitted from the calculation of policy returns.

The most obvious program cost which must be covered by public funds are the costs of initial
medical care. In the US, Almond et al. (2010) estimate that the cost of marginal medical care provided
at this cut-off is 9,450 USD. In order to consider the costs in the context of Chile, we calculate the
full costs associated with marginal estimated changes in hospitalisation. The additional use of hospi-
talisation days is documented in Figure 5a, at approximately 3.5 days in the first year of life, 1.5 days
in year 2, 0.8 in year 3 and 0.5 in year 4 (after which no marginal changes in hospitalisation days are
observed). Figures estimated from Chile related to the fotal cost of intensive care days (including med-
ical inputs and care) suggest a value of 480,047 CLP in 2011 (Alvear et al., 2013), or approximately
694,000 CLP in current terms, which is equivalent to 855 USD per day.'’ Taking the net present value
of costs to the health system at the time of birth, discounted at a 5% discount rate, this gives expected
costs of 4,955 USD over the first years of the child’s life. If we additionally incorporate the welfare
cost of taxation noting the deadweight loss associated with the collection of tax revenues (Feldstein,
1999), suggested by Garcia et al. (2020) as 50 cents on the dollar, this suggests an initial policy cost
of 7,433 USD.

Early medical life receipt has been documented to be associated with a number of benefits. We
consider here a reduced metric of first generation labour market outcomes, mapping from educational
benefits documented by Bharadwaj et al. (2013). Based on their estimated impacts of policy receipt on
education in the first generation, and a back of the envelope calculation of the labour market returns
to education, they suggest that marginal receipt of intensive health investments at birth may increase

incomes by 2.7%. If we discount the expected flow of future earnings back to birth, based on the

7Note that Almond et al. (2010) estimate a cost of marginal treatment at birth of 9,450 USD in hospital costs in 2011
USD. Here, based on our estimate of 3.6 additional days of hospitalisation at birth, the equivalent instantaneous cost in
USD of hospitalisation in Chile is 855 x 3.6 = 3078. Even when incorporating the welfare cost of taxation suggested by
Garcia et al. (2020), this value corresponds to 4,617 in 2022 USD, or 3,661 in 2011 USD. Thus costs in Chile are around
a third of those in the US, in line with relative cost and hospitalisation usage indexes in the two countries (Lorenzoni and
Koechlin, 2017).
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median income in Chile in 2021, this suggests directly attributable changes in salaries of 980 USD.
Thus, labour market concerns alone do not cover the initial outlay, but if one additionally accounts for
the value of a statistical life (VSL), and the marginal likelihood that individuals die during their first
year of life, this suggests substantial additional benefits of 142,820 USD (Mardones and Riquelme,
2018).

In addition, we consider the associated costs to the reduction in health at birth of the second gen-
eration. We observed three main cost sources: an increase in the probability of receiving treatment in
the second generation, an increase in infant mortality, and a decrease in birth weight. We calculate the
net present value of the costs and benefits at the time of the mother’s birth considering 0.26 additional
births up to 26 years documented in Figure 5 for those mothers who were initially treated and the wel-
fare cost of financing taxation. Taking the increase of 0.045 in the probability of being born at less
than 1,500 grams and therefore of receiving the treatment, the net present value of the initial medical
care costs 1s 25 USD. Due to the increase of 0.007 observed in the infant mortality rate for those born
to treated mothers, a cost of 1,894 USD associated with the value of statistical lives lost must also be
included. Finally, we consider changes in future income through changes in schooling. Educational
benefits documented by Behrman and Rosenzweig (2004) indicate that increasing the birth weight by
1 Ib. increases adult earnings by more than 7%. Thus, the 149 gram decrease in birth weight is associ-
ated with an additional cost of 61 USD. The above suggests a second generation cost of the policy of
1,980 USD. In contrast, we observe a decrease in hospitalizations during the first years of life which

corresponds to an expected second generation benefit of 155 USD.

These calculations suggest that the total estimated cost of the policy amounts to 9,413 USD while
the estimated benefit of the policy is 143,955 USD. If we only consider the 980 USD corresponding
to labour returns to education received by the first generation and the 155 USD due to the decrease in
early hospitalization for the second generation, the amount is not enough to compensate the initial costs
of medical care and the reduction in health of the second generation. However, when incorporating
the marginal willingness to pay for the reduction of infant mortality through the VSL, the benefits are
around 15 times the total costs. It is important to note that while we can provide a back-of-the-envelope
estimate of the policy’s net present value, this is necessarily based on a partial picture of the policy’s
full set of benefits. While we can feasibly value the policy’s impact on health, education and future
labour market outcomes, there are a number of benefits which we cannot easily quantify. This includes

factors such as reduced rates of bereavement given lower rates of infant mortality and potential lower
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rates of pregnancy loss in the second generation,'® as well as the policy’s impact on allowing women

and families greater autonomy to achieve their desired fertility.

5.4 Supporting Assumptions and Robustness

5.4.1 Proof of Treatment

Prior to considering the robustness of main results to alternative specifications and modeling de-
cisions, we seek to confirm previous evidence of the relevance of this treatment in this setting. This
is a ‘first-stage’ which establishes the feasibility of later observing inter-generational spillovers of the
initial treatment. Bharadwaj et al. (2013) have demonstrated that assignment to intensive neonatal care
regimes due to crossing the VLBW threshold brought about sharp reductions in rates of infant mor-
tality in Chile. We first document that these results can be replicated with the newly public matched
micro-date files, on various samples of data, and using both their original and more recent optimal
RD methods. We also document that these results are found among earlier generations, which is key
in demonstrating the relevance of these treatments among cohorts who will be mothers in the inter-

generational sample.

Figure 10 presents regression discontinuity plots which examine binned rates of infant mortality
among births occurring in Chile around the 1,500 gram cut-off. Panel (a) replicate Bharadwaj et al.
(2013)’s methods and definitions, working with the same sample of births between 1992-2007. Note
that here Bharadwaj et al. (2013) bin weights in blocks of 30 grams, centred on points of 10 grams, with
the exception of the point closest to the cut-off on either side, which is defined sharply. This implies
that a single birth will be represented in multiple points. We follow their methods for comparability in
panel (a), considering the same 100 gram range on either side of the cut-off, and in panels (b) and (c)
use 10 mutually exclusive bins on either side of the treatment cut-off, and optimal bandwidth choices
of Cattaneo et al. (2020). In all cases, a clear increase in infant mortality is observed when crossing

the 1,500 gram threshold.

18Both of these events have obvious and considerable costs to well-being over myriad dimensions (Rogers et al., 2008;
Ogwulu et al., 2015; Persson and Rossin-Slater, 2018). However adequately capturing their true value would be difficult.
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For our purposes, what is key is ensuring the relevance of initial treatment, which is clear even
graphically in Figure 10. Formal RD estimates are presented in Appendix Table A6. Estimates are
presented based on all three samples presented in Figure 10, estimating that, in the ‘intergenerational
sample’, infant mortality falls by 2.8 pp, compared to a base of 11.2pp, or by approximately 25%,
clearly establishing the relevance of these treatments in this particular setting.'” If extending these
tests to consider rates of infant death up to 2018, the results first documented in Bharadwaj et al.
(2013) are, if anything, strengthened, with column 3 of Table A6 estimating a 3.0 pp reduction in rates
of infant death against a base of 10.2 pp, even within the very tight bandwidth of 100 grams used by
Bharadwaj et al. (2013), with very similar results observed in column 4 when estimating based on
the optimal bandwidth of 134.4 grams. The relevance of the reform in providing initial treatment has
also been established earlier in the paper when examining investments in hospitalizations, with sharp

increases observed early in life (Figure 5).

5.4.2 Identification

Identifying the impacts of marginal medical investments at birth on subsequent outcomes based on
our RD design requires that no other factors vary sharply local to the 1,500 gram cut-off. We consider
a number of tests of these identifying assumptions, though note that this design has previously been
validated in this and other settings by Bharadwaj et al. (2013); Chyn et al. (2021); Almond et al.
(2010). In particular, our tests here focus on two considerations: firstly, is there balance at treatment
receipt of observable characteristics, and secondly, is there evidence of manipulation of birth weights
suggesting that there may be systematic, or strategic, selection into treatment by medical practitioners,

or by families of babies born in this bandwidth.

A first consideration which is key is in examining the pre-determined characteristics of individuals
who are located just below the 1,500 gram threshold, and hence in receipt of intensive medical inter-
vention, and those located just above the threshold. We would be concerned if we observed that certain
individuals are more likely to receive access to the reform, as it may illustrate imperfect compliance
with reform threshold, and confound estimates presented throughout this paper. We examine a number
of measures of first generation mothers, fathers and births, presented graphically in Appendix Figure
A8, with associated RD tests in Appendix Table A7. Across outcomes tested, we observe relatively

little evidence of mis-balance. Appendix Table A7 shows that across 10 outcomes, a single covariate

19If we alternatively examine only earlier years, for example 1992-2001, similar results are observed. Refer to Ap-
pendix Figure A7.
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is significant (at the 10% level only). Specifically, we do not see that treated individuals have parents
of substantially different ages or educational levels or who are more closely aligned in age, nor do we
see that they are more likely to have fathers recorded on the birth certificate, or are more likely to be

born in urban areas. This balance point is also highlighted by Bharadwaj et al. (2013).

Nevertheless, a general concern in this case is still related to manipulation of the running variable,
potentially not captured by these observable factors. If parents or medical practitioners were able
to manipulate the running variable (officially recorded birth weight), they may be able to selectively
ensure coverage for certain types of individuals. If this is the case, and if such manipulation owed to
visual clues or information from patient histories inferred by medical practitioners, one may suspect
that babies registered as having weights just to the left of the cut-off look different in birth size or
gestational length than those just to the right. In Figure A3 we observe no evidence to suggest that
this is the case. We also note that in the case of manipulation, one would expect a greater likelihood
of observing births at points close below 1500 grams, and a lower likelihood of observing births just
above 1500 grams, which is not something we observe. As proposed by Almond et al. (2011), we
conduct tests formally examining whether there are more births observed in micro-data registered as
having birth weight just to the left compared to just to the right of the cut-off, and find no evidence to

suggest that this is the case (Appendix Table A8).

Another specific concern related to manipulation and measurement in this setting, discussed exten-
sively in the existing literature, is the presence of heaping in birth weight (Barreca et al., 2011, 2016;
Almond et al., 2011). This can be observed when examining simple plots of the frequency of individ-
uals observed at particular birth weights. In Appendix Figure A2 we observe that while birth weight
is regularly distributed when zooming out across the entire distribution, regular peaks are observed at
50 and 100 gram bins, apparent when zooming in on birth weight in panel (b). Similarly, Bharadwaj
et al. (2013) note that this rounding occurs differentially in certain types of hospitals, implying that
it may be not be innocuous in estimation. We note that in the case of assignment rules, individuals
will receive treatment only if they are observed to have a birth weight just below 1500 grams. Given
this, throughout this paper we control flexibly for heaping and include controls for demographic fac-
tors proposed by Bharadwaj et al. (2013). But to ensure that our estimates are not driven by heaping,
specifically that at 1,500 grams, we estimate the ‘Donut’ RD models suggested by Barreca et al. (2011,

2016), removing observations which are located very close to the cut-off.
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These estimates are presented in Panel A of Table 7. Here we observe that when considering a
Donut hole of 5 and 10 grams, findings are largely unchanged, and generally we observe that negative
inter-generational transmission is maintained when considering health measures at birth, even when
considering a larger donut hole of up to 20 grams. This is particularly clear in the case very low birth
weight thresholds. As an alternative model check, in Panel C of Table 7 we also consider whether
similar discontinuities are observed when considering alternative birth weight cut-offs in place of the
1,500 gram threshold. Across 40 such placebo tests, we observe 5 test statistics which suggest the
existence of a significant relationship at 10% or lower, which is in line with expected type I error rates.

Here in general, the magnitudes of point estimates are also substantially lower.

5.4.3 Robustness

Throughout the main results section we have presented models based on optimal RD procedures
following standard choices, such as the use of bias correction, local linear estimation procedures, and
weighting with a triangular kernel centred at the cut-off point. To avoid concerns related to speci-
fication search, we have precisely followed Bharadwaj et al. (2013) in the use of control variables.
Nonetheless, we document the robustness of principal results to alternative specifications or empirical

decisions.

In Appendix Figures A9- we document that results are broadly consistent across reasonable
bandwidth choices, and evolve as expected as bandwidths grow considerably. We consider this in
two ways: firstly (in Figure A9) we simply vary the bandwidth of data in which the RD model is
fitted, using this same bandwidth for bias-correction. Generally speaking, across inter-generational
outcomes, results are observed to be largest when focusing on a bandwidth more tightly bounded
to the cut-off, and grow smaller only when the bandwidth is pushed up considerably, to above 300
grams. This value is well above optimal, and arguably local linear regression will begin to become
more questionable as the bandwidth grows, and additional bias creeps into estimates. Secondly, in
Figure we document results where the data used to conduct bias correction is larger than the
bandwidth, maintaining constant the ratio between bandwidth and bias correction as that which is
obtained in optimal calculations from Calonico et al. (2014). Across specifications, we observe results
which are consistent with larger results when using a smaller bandwidth, with results being attenuated
as bandwidth grows. This is reassuring in that identification is local, and to the degree that wider

bandwidths are used, more bias is expected.
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More generally, we consider a range of alternative models varying, firstly the bandwidth selec-
tion and/or use of bias correction, and secondly the functional form of the running variable. These
results are provided in Appendix Tables A9- . These consider a number of procedures for each
inter-generational measure considered. First, we report robust-bias corrected results (replicating re-
sults from the main text). Second, we provide results using an alternative manner of selecting the
optimal bandwidth. Recent results of Calonico et al. (2020) suggest that rather than MSE optimal
bandwidths, one may wish to select bandwidths which minimize rates of error in hypothesis testing
in RD procedures. We thus additionally present estimates based on these minimum coverage error
(CE) bandwidths. Third, we present results using ‘standard’ RD models with conventional areas, and
fourth we present bias-corrected RD results, again using conventional variance estimates. Each of
these results are presented for split linear and split quadratic polynomials to capture the relationship
between outcomes and the running variable. Across models, results point to consistently negative in-
tergenerational relationships (in the case of birth weight, prematurity, fetal growth rate, VLBW status
and the Anderson (2008) index), or negative but insignificant results in the case of gestational weeks
and birth length. One outcome (infant mortality) suggests noisier results, with signs flipping in certain
cases, suggesting that this outcome should be considered with some caution, given its rarity in second

generation births.

Finally, as we noted in section 2, our estimation sample consists of all individuals born at weeks 32
and above, who are unambiguously exposed to the policy. We additionally present main results for the
full sample of both individuals born at 32 weeks above, as well as individuals born below 32 weeks.
In general, we expect results may be slightly attenuated, given that it is less clear that these individuals
are exposed to all aspects of the policy. These results are provided in Table and Figures -
for measures of second generation health at birth, and Figure for impacts of policy exposure on

fertility. Results are quantitatively similar, though slightly dampened in certain outcomes.

6 Conclusion

In this paper we document a long shadow to public policies, with the impacts of intensive medical
care at birth found to have appreciable impacts as much as a quarter of a century later, and to be trans-
mitted by recipients across generations. We document that unlike a large literature showing virtuous
impacts of policies and positive shocks when passed from mothers to their children, we observe that

children of treated mothers have worse birth outcomes.
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In examining policy mechanisms, we find that this unexpected result owes to selection into child-
birth as a result of early life medical care. Girls who are born weighing just below 1,500 grams, and
who receive intensive early life investments are much more likely to go on to have their own birth. We
find that policy receipt in generation 1 makes individuals more able to give birth, but on average give
birth to babies with weaker stocks of health at birth. We document a new stylized fact clearly linking
birth weight to future fertility (both within and outside of the bandwidth considered in this study), and
also make clear that this relationship is modifiable, as treatment receipt is observed to increase rates

of birth by around 25% around VLBW cut-offs.

These findings have implications related to the ways downstream health and welfare policies are
defined following initial policy receipt. While a number of influential papers show that the impacts of
early life treatments are unambiguously positive for their recipients (Bharadwaj et al., 2013; Almond
et al., 2010), suggesting the need for compensatory policies for individuals who marginally miss out
on such policies, our results also point to the importance of reinforcing investments, at least when

considering the second generation of the original policy recipients.
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A Appendix Figures and Tables

Table Al: Summary Statistics — Births local to the 1500 gram threshold

Obs. Mean  Std. Dev. Min. Max.

Panel A: First Generation Births

Gestation Weeks 26249  31.78 2.19 20.00 42.00
> 32 Gestation Weeks 26249 0.53 0.50 0.00 1.00
Birth Weight in Grams 26263 1507.53  76.79  1367.00 1633.00
Birth Weight < 1,500 26263  0.44 0.50 0.00 1.00
Birth Length in cm 25859  40.32 2.09 19.00 56.00
Death within 1st Year of Birth 22734 0.00 0.02 0.00 1.00
Days spent in hospital by year 1 12436  39.59 37.27 1.00 365.00
Number of admissions to hospital by year 1 17532 1.26 1.43 0.00 43.00
Mother’s Age 26263  28.02 7.13 15.00 45.00
Mother’s Education Years 26077  11.45 3.37 0.00 21.00

Panel B: Second Generation Births

Gestation Weeks 2909 38.35 2.11 22.00 42.00
> 32 Gestation Weeks 2909 0.98 0.13 0.00 1.00
Birth Weight in Grams 2909 3176.81 557.94 363.00 4875.00
Birth Weight < 1,500 2913 0.01 0.12 0.00 1.00
Birth Length in cm 2909 48.67 2.80 20.00 56.00
Death within 1st Year of Birth 2471 0.00 0.00 0.00 0.00
Days spent in hospital by year 1 801 11.62 25.38 1.00 349.00
Number of admissions to hospital by year I 2913 0.38 0.77 0.00 9.00
Mother’s Age 2913 19.92 2.67 15.00 26.00
Mother’s Education Years 2909 11.16 2.21 0.00 18.00

Notes: Summary statistics are displayed for births occurring close to the 1,500 gram treatment threshold for the first
generation (all births between 1992 and 2018), as well as those births matched to prior births (second generation
births). The full sample consists of all births occurring between 1992 and 2018 in Chile from administrative data
maintained by the Ministry of Health, and here we subset based on treatment assignment (mother’s birth weight).
This is based on the 134.4 gram optimal bandwidth cut-off when considering infant mortality for the first generation.
Hospitalization days refer to days only for those births which are admitted to hospital.
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Table A2: Matched Observations between Microdata Registers

Register Observations with Matchedto ~ Matched to Matched to
Valid Unique IDs Births Hospitalization Deaths
1992-2018 Births 6,617,638 435,014 5,654,411 83,841
2001-2019 Hospitalization 27,995,452 2,924,796 — 1,272,340
1992-2018 Deaths 2,393,583 83,841 4,627,999 —

Notes: Column 1 presents the total number of valid observations in each dataset. Column 2 notes the number of
births which match to each dataset. In the case of the birth register, it refers to the number of births which match
to other births in the data (ie mother—child links). Column 3 notes the number of hospitalizations which match
to each other database. Note that in the case of births, the number of hospitalizations linked to births is not the
same as the number of births linked to hospitalizations in the preceding column given that a single birth can be
hospitalized multiple times. Finally, column 4 notes the total number of deaths which are matched with births

occurring in the sample.
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Figure A1l: Discontinuities in Hospitalization in Babies Born at < 32 Gestational Weeks
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Note: Each point estimate and confidence interval refers to the impacts of early life medical investment on an individual’s
days of hospitalization at each age, estimated by RD using the full sample of births born at less than 32 gestational weeks
using the RD specification. Thicker black error bars present 90% Cls, while thinner error bars report 95% Cls. Days of
hospitalization are measured as totals for all individuals who have reached the age indicated, and take the value of 0 if the
individual is not hospitalized this year, or otherwise a positive integer reporting the total number of days spent in hospital.
All estimates follow the procedures laid out in section 4, and report RBC estimates using a local linear regression with a
triangular kernel in the MSE optimal bandwidth.
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Figure A2: Birth Weight Frequency in Administrative Records

008

8.0e-04
006

6.0e-04 -

Density
Density
o
2

4.0e-04

Tl T

0
0 2000 4000 6000 1300 1400 1500 1600 1700

Birth weight (grams)

1

Birth weight (grams)

(a) Full Sample (b) 1300-1700 grams

Note: Density plots are presented based on the full sample of births from 1992-2018. Panel (a) includes all births, while
panel (b) limits only to births recorded as weighing between 1300 and 1700 grams (inclusive). In panel (b) 10 gram bins

are plotted in the histogram.
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Figure A3: Observable Birth Outcomes by Birth Weight
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Note: Scatter plots are presented where each point represents average birth size (panel (a)), or gestational weeks (panel
(b)) in 50 gram birth weight bins. Each panel is based on the full sample of births from 1992-2018 between 1,300-1,700
grams, and point sizes reflect the relative frequency of the sample in each bin. Separate linear trends are plotted on each
side of the 1,500 gram VLBW threshold.
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Figure A4: Power Analysis — RD Models of Intergenerational Impacts
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Notes: Curves in each figure plot the power of our regression discontinuity design to detect effect sizes indicated by Tau
on the horizontal axes against a null of zero effects. Effects refer to intergenerational impacts, and as such, in each case,
samples consist of second generation births corresponding to our principal estimation sample. Power cacluations follow
Cattaneo et al. (2019b).
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Figure AS: Observed Birth Spacing Between Children and their Future Siblings
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Notes: Histograms document the space in years between each observed birth and following births of each mother (provided
following births are observed) in the full sample of administrative records from birth registries (panel (a)), and only those

births with babies weighing between 1,300 and 1,700 grams (panel (b)).
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Table AS: Present value of costs and benefits of policy

USD Source
Panel A: First Generation
Costs
Medical care per day: 855 USD Alvear et al. (2013)
Year 1: 3.5 days 2,992.5
Year 2: 1.5 days 1,282.5
Year 3: 0.8 days 684.0
Year 4: 0.5 days 427.5
PV at birth 4,955.8
Welfare cost of taxation 2,477.9 Garcia et al. (2020)
Total  7433.8
Benefits
Labour market returns to education 979.7 Bharadwaj et al. (2013)
Value of a statistical life 142,820 Mardones and Riquelme (2018)
Total 143,799.7
Panel B: Second Generation
Costs
Increased probability of VLW 24.5
Labour market returns to education 60.8 Behrman and Rosenzweig (2004)
Increased infant mortality 1,893.9
Total 1,979.2
Benefits
Medical care per day: 855 USD Alvear et al. (2013)
Year 2: 0.2 days 171.0
Year 3: 0.5 days 427.5
Year 4: 0.6 days 513.0
Year 5: 0.7 days 598.5
PV at birth 1,415.4
PV at mother’s birth 103.5
Welfare cost of taxation 51.7 Garcia et al. (2020)
Total 155.2

Notes: Each panel displays the costs and benefits in terms of real costs in 2022. Panel A displays the details
for generation 1 and panel B for generation 2 considering 0.26 additional births up to 26 years. All costs
are presented discounted to the time at birth of the first generation mother. In the case of benefits, these are
reported in terms of time accrued, and then discounted to the time of birth of the mother in ‘PV at mother’s

birth’.
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Figure A7: Birth weight Assignment Thresholds and Infant Mortality (Early Years Only)
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Notes: Refer to Notes to Figure 10. Identical plots are presented to panel (c), however here documenting alternative
considerations of “early cohorts”, as indicated in captions.



AlS

"/ 9]qe], ul pajuasard o1e SonINUIUOISIP JO $1$9) [BULIO,] "JJO-INO AU} JO 9PIS (OB UO POJUSWINOOP dI S[BAISIUI 90UOPIU0D pue dnerpenb jifds ojeredss y ‘uiq
[oea ur spenprarpur jo uongodord sane[ar oy) SURUSWNOOP SIZIS [OII0 M ‘sulq JYSom [IIq weid (g ul poyuasald are owoono Yoed 10J sofeloae pouulg ‘ploysaIy}
juaunea) weid (Os‘ 1 9y Jo mimpueq ewmdo DY (0Z07) ‘(e 10 0dIUo[e)) dY} UIYIM S[ENPIAIPUI JO SONSLISORIBYD SUIUIWEXS §)$9) d0UL[Rq JUSWNIOP SI0[J :SOION

sweub ur ybap

swess ur YA

suress u ySopm

0081 0091 001

009} 00st ooyt o0et o0l 0001 o0r1 001
) W . W .
. , .
o m o O W
i o A o oo
@s®) 0 : Ogo
o o) o o % o G SNt
QO 5 o0 m o o g O~ O -
5 - =3 { O O E
%] O (©) () g { -]
g O © o | °© ° i £
£ ! 8
o ’ © ot .Mv.
O 050
© o
oL 133 €0
sweis ur S sweib ul ybrom sweib ur yblem
0081 0091 oort oozt 001 0094 0S4 oovi 0ogk 0L} 0094 0S4 oovi 00€L
<60 oL o @) oe
o] o) | ©
o m O——0 j,© °
o} [} ! < O o ® sie
Q o/io wo T o o | o o o |su D o °
i £ i 8 i
i o o g | o 3 i o
O 0 o O 4 0° j ° Oo o ° ° £
> o o i e W m i ] oz X
0.0 70 o 3 o : o g o 5 2
2
| E] : 2 ]
@) o © i o o g o o ! % oz § o
i o i
o o o O O ! o s2e
860 , o
o 52 oee
swelb u Jybiapy swelb ul Jybrap swelb ur ybiep
008t 0091 oovt o0zt oozt 009t oost ooyt 00gt 008t 0091 oopt o0zt
1 €0 | o s : 08z
O : 1 :
| o o© ° 0 o o |
mu o) o e0 O O @) (0] 582
- i @] o d
O Og & % o o | o, i AN 0
{ €0 3 O : ] s O O (¢ o o6z =
{ o) . | 3 O (] o) g
i o o O 0 i s, O o o o e
O O O P © o 2 O g9 g of o Q° o
€0 .m " m g6z MW
o © o © o w 8
{ o 2
8 9 o 00e
: o
o Vo 52l E

SINSLIdILIRY) YIIIF pUk A[IWe,] | UONRIIUIL) — SIS, due[eq :8V dIn31



Al6

100> s $S0°0>d 4y 01°0>d 4 1591 POPIS-0M) 0] SIe)S 9ouBOYIUSIS “sosoyjualed ur pajiodax
oIk TOAS] WeIS Ay} Je PAId)SN]d SIOIIS PIEPUE)S PAJOAII0d seiq 1snqoy (0Z07) ‘Te 10 ooruore) Jo ypimpueq fewndo FSA o Sunjenoes ‘[ouroy Je[nSuern e [iim pasn ST UoIssoISor
JeQul| [e00] ‘OSed YOBd U] "JUSW)BAI) 0} JUSWUSISSE SUTUTWEXD S)S9) 9JUR[Eq I8 ONS SB PUB ‘SUONBAIISQO UOIRIOUIS JSIIJ [[B JO SONSLIdORIRYD [9AD] A[TWE] JO ‘IdYje] ‘IOY)owW 0}
SIOJOI OWI0OINO [OBF 'SUIOqMAU J0J P[OYSAIY) JuowuSIsse weld ()G oY) M0[9q 0} 9A0qe WOIJ d[qeLieA Juopuadap UsAIS oy} Ul dULYS oy} JO SOJeWI)sd sAe[dSIP UWN[0D Yo :SOION

0LI°S609  06€°L80°9 69€°818°C 0LI'S60°9 €LIS88 Y  98I°LSK'S SLY'ST'S 0LIS609 TEI8809 16€460°9 (1y311) suonea1ssqO

SLT0T 001°01 TLS6 SLT0T 1€8°L 7888 S¥9°6 SLT0T 101°01 vLI01 (4991) suoneAIdsqQ
€86°0C TI0°LI 06L°TT 9€1°TT €90°CT 012°0¢ 9L6°TT L9€°9€E 6S1°L1 TOS‘pyT  suoneAIasqQ 9ANIYH
€€0c 9¢L1 §0¢T S6lcC 1729¢ 8°0CC L€ET 8'1¢C¢ 69L1 L'6£T pppueq [eundo
SPE'SOT'9  06V°'L60°9 16°LTS'S SPESOI9  +00°€68F 0LO99Y'S 0OTISESS  SPESOI'9  €€T°860°9 SISHOI9 SUOneAIdSqO
L68°0 $6S6°0 129°¢ Sero 796°0 9CL11 065°1¢€ 9t¢0 LTSI CLB'8C Tep "do Jo ues]y

[9010°0] [s8000] [9cczol [6910°01 [9v00'0l [1zvzol [zsivol  [oerool  [Lzzzol  [91Lz0]
L£00°0 9210°0-  0080°0- 8+00°0 6900°0- 1801°0 0221'0-  %€1€0°0- 96910 SYET0- 00S°T > 1yS1om g

smes ped eS8y  pouaelNy  pekojdwrgy uoneonpyg a3y pokoldwg uoneonpyg o3y
ueqin PoAIdSqQ  SJudleq Ioyre IOYION

SNSLId)IBIRY D) Y)IIg pue A[IWe] | UOIBIIUIN) — SIS, ddue[eq :LV d[qEL



Al7

100> s $S0°0>d 4y 01°0>d 4 1591 PIPIS-0M] JOJ SI€)S 9OUBDIJIUTIS “SOSBOIOUL JYSIoM YiIIq S
osearour A[enpeIs syjIIq Jo I9qUINU o) et} JoeJ oY) I0J [0NUO0D 0) ‘SWeIS Ul 9OUSIOJJIP 9IN[0Sqe I0] [ONU0D © YIIM PIoRINUI A[[euonippe s siyy (g) [oued Ul o[Iym ‘papn[out sI
103e01pUl  WeId )OS >,, Areurq o[3urs e (V) [oued U "10)00J 9[qe} oY} Ul POjedIpUl Sk ‘SWeI3 ()0 F 0} SWeld ()7 FWOIj SUN[od SS0I0. PaLIeA st aguel SIy], JJo-no weid 00s |

oy} punoie d3uel PoXI € Ul ‘sweld ()G ] M0[9q SI JYIIom PIPI0IaI o) JOYJoyM O] JOJBOIPUI UB UO PIAIISQO SYMIQ JO Ioquinu Y} JO UOISSAIFal B sjuasald uwnjod yoey :S9ION

002 0S1 STl 001 SL 0S ot 0€ 0T 01 (sweid) urdrew Anjosqy
800°0 900°0 €000 600°0 200°0 ¥20°0 €200 ¥€0°0 7800 ¥97°0 parenbg-y
00% 00€ 0ST 002 0S1 001 08 09 ot 0T s[[99 oyjroadg-wern
816°6€  10¥'6T  9T9°€T  S69°61  $6EEl  TEY6 LIT'L 6vT'S L6Y'E 609°1 syIg [e10L
(b0l  [e€90] [8080)] [rcr1)l [9ss 1] [corel [zesel [8o6's]l  [zseor] [11867] sweid 00s 1>
08€°0-  0L£0-  #SE€0-  I¥P0-  92€0-  +vSHO-  9SH0- L68°0" 0S6°0- 0Sh'T X (Sweid) S0UAIHI(T AN[OSqY

[oocol [vvol  [1Ls0]l  [8zg0l [ceril [verzl [eseel  [8L1v] [bpL L]l [1sT8il
10¥°0 LYo L1¥0 9¢6°0 996°0 6LS'T 1¥8°C 8S°Y €6T01 819°6¢ (Sweid) S0URIHI(T AIN[0SqY
(116t [690°ss] [Lv9'8S] [060°89] [LL£69] [8c606] [0LS°16] [L88+01] [861°1€1] [9ST1°091]

€96°01 Y06 V6L 9¢6'01 69L°9 6vC6 SIre eesel 126°C1 L98°¢- ploysaayy weis 05| >
PUILL, UE)ISI(J PUE NDUAPI( [BIOL g [Pued

€000 000 100°0 100°0 000°0 0000 0000 0000 0000 100°0 parenbg-y
00v 00¢ 0S¢ 00¢ 0S1 001 08 09 o 0¢ S[[00 oyroadg-weln
816°6¢ 10¥°6T  979°€T  S69°61  P6E€Cl T€9°6 LIT'L 6¥C’S L6Y'E 609°1 syIg [ejo0L

[Lsvve]l [eseLel [2906c] lesccel [vvivel [Ls8vyl [908v¥]  [6T1°1S]  [ov1v9] [t 18]
0STLT- 09881~ 89€¥I- O0ECTII-  LT9S-  0C€T-  STTO- L9E0- 0S6'C 00S°6 proysaxy) weisd 9og‘| >
ANUWAIJJI(] [BIOL, :V [Pued

o1 (6) (8) ) 9 () (2] (©) @) (D

J30-Ind oty ye Surdeay yyaiq 10§ 3unsvy, gV qeL



Al8

Figure A9: RD Estimates of Intergenerational Impacts Varying Estimation Bandwidths
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Note: Each sub-plot portrays the impact of crossing the VLBW threshold on a specific second-generation health measure
from Table 2, where the RDD specification is estimated within a bandwidth manually set to 90,100,110,...,300 grams.
Point estimates and 90% and 95% confidence intervals (blue and grey lines respectively) are shown using bias corrected
estimates with heaping controls. The estimation sample consists of all children of first generation mothers who were born
at 32 weeks or greater of gestation.
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Figure A10: RD Estimates of Intergenerational Impacts Varying Estimation Bandwidths with
Constant Relative Bias
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Note: Each sub-plot portrays the impact of crossing the VLBW threshold on a specific second-generation health measure
from Table 2, where the RDD specification is estimated within a bandwidth manually set to 90,100,110,...,300 grams.
Point estimates and 90% and 95% confidence intervals (blue and grey lines respectively) are shown using bias corrected
estimates with heaping controls, where the bias correction calculation is conducted by holding a constant relative bias
correction range to optimal bandwidth range as that used in principal models displayed in the paper. The estimation sample
consists of all children of first generation mothers who were born at 32 weeks or greater of gestation.
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Table Al1l: Intensive Health Investments and Birth Outcomes of the Second Generation (All
births)

Gestation  Birth weight  Birth length Infant
(weeks) (grams) (cms) Mortality
Panel A: Baseline Variables (1) (2) 3) 4
Birth weight < 1,500 -0.054 -79.295 -0.065 -0.011%*
(0.243) (63.712) (0.320) (0.005)
[0.589] [0.893] [0.581] [0.017]
Mean of Dep. Var. 38.318 3184.247 48.649 0.008
Observations 423,365 423,344 423,337 423,760
Optimal Bandwidth 273.2 201.5 250.0 254.5
Effective Observations 2,037 1,529 1,903 1,907
Observations (left) 733 608 703 704
Observations (right) 1,304 921 1,200 1,203
g-sharpened p-value 0.398 0.166 0.398 0.074
Prematurity =~ Very low  Fetal growth Sexratio Anderson
birth weight rate Index
Panel B: Transformed Measures (5) (6) 7 ) 9)
Birth weight < 1,500 0.080* 0.024%** -2.061 0.108***  -0.184
(0.043) (0.009) (1.492) (0.038) (0.141)
[0.969] [0.996] [0.916] [0.998] [0.904]
Mean of Dep. Var. 0.091 0.013 82.617 0.500 -0.054
Observations 423,760 423,760 423,344 423,726 423,760
Optimal Bandwidth 174.0 215.7 204.6 194.5 234.0
Effective Observations 1,257 1,565 1,529 1,364 1,700
Observations (left) 509 619 608 555 657
Observations (right) 748 946 921 809 1,043
g-sharpened p-value 0.101 0.030 0.155 0.030

Notes: Each column displays estimates of the change in the given dependent variable from above to below the 1,500 gram

assignment threshold for mothers. In each case, local linear regression is used with a triangular kernel, calculating the MSE

optimal bandwidth of Calonico et al. (2020). Robust bias corrected standard errors are reported in parentheses. Below

standard errors, a one tailed t-test is calculated, which can be viewed as the support in favour of there actually being positive

intergenerational transmission to the second generation. g-sharpened p-values refer to corrections conducted across the

entire class of outcomes. * p<0.10; ** p<0.05; *** p<0.01.
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Figure A12: Distributional Impacts
Health Stocks (All births)
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Note: Each point estimate (black square) and 90 and 95% confidence interval (dark and light shaded areas respectively)
refers to RDD estimates of the likelihood that a birth occurring to a treated girl born has health stocks (birth or gestational
weight) below the cut-off indicated on the x-axis of each sub-plot. Panels (a) and (c) refer to all individuals, while panel
(b) and (d) refer to first generation individuals who were born at above 32 weeks of gestation, and are hence more clearly

targeted by the reform.
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Figure A13: Impacts of Early Life Health Interventions on Fertility and Spontaneous Abortions
(All births)
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Note: Each point estimate and confidence interval refer to the impacts of early life medical investment on the number of
births an individual has had by each age (panel (a)), and the number of abortions observed in hospitalization data (panel
(b)). Thicker black error bars present 90% Cls, while thinner error bars report 95% Cls. All estimates follow the procedures
laid out in section 4, and report RBC estimates using a local linear regression with a triangular kernel in the MSE optimal
bandwidth.
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C An Extended Model with Dynamic Health Stocks

Here we note how the model laid out in section 4 of the paper generalizes to a more flexible Gross-
man (2000)-style health model, where individual health is measured as a dynamic flow, depending on
health at birth, as well as health in previous periods. Consider health at adult-hood, when women are
at risk of falling pregnant, and when one wishes to consider the interpretation of the RD model laid out
in the paper, examining the inter-generational transmission of health at birth. In this case, the analogue
of health stocks of generation 1 laid out in the paper is:

Hy = o H; + 1w H, 1 (H;, D;, ItpOStu G)+UeD; + @tffOSt(Hz‘, D Hiy1,G) + Xutfe + v, (Cl)

where now, H;; is explicitly a function of H;;_;, and in turn, depends recursively on health in all
previous periods: H; = Hy(H;, 1, Hy, D;, P, X). We note two specific relevant considerations
of this model of health stocks. Firstly, it makes explicit that like parental investments, previous health
stocks may depend upon initial health, treatment at birth, and subsequent stocks, as well as parental
investment. Importantly, this implies that H;;_; may shift owing to threshold crossing, which must
be taken into account when considering the interpretation of a reduced form RDD parameter during
adulthood. Secondly, we note that health stocks at birth are explicitly indicated as H;, to note the lack
of dependency on these response variables.

Now, as laid out in the paper, equations 2-5 capture the implications of selection into fertility on
the estimated intergenerational impacts of health investment at birth. To see how this impacts the final
decomposition of the estimated RDD parameter &, we generalize the model here to incorporate H, ;.
First, note that latent fertility now depends upon accumulated health stocks:

fertl, = vnH; +v2D; + v H; y—1(H;, D;, 1P ) + eI (Hyy Dy, Hig 1, G) + X + tig. (C2)

Similarly, the model of birth weight of generation 2 also depends upon the mother’s accumulated health
stocks:

BW;; = ij+¢tHi+,utHi7t—l(HiaDiaIfOStvgi)+¢tDi+90tIfOSt(Hi7DiaHi,t—la(i)+Xitﬁt+uija (C3)

with BW;; observed for individuals only if fert;, = 1. Following the model in the paper, the condi-
tional expectation of birth weight is now:

E(BWj|ferty =1) = H;; +mH;,—1(H;, D;, P, G)+ o H; +
e Dy + SDtIfOSt(Hi, Di,Hit1,G) + Xl +
pguA[Hia Hi,t—l(-Hia -Di7 ItpOSta CZ): Di7 IPOSt(Hia Di7 Cz)] (C4)

where all notation follows section 4 of the paper. Finally, in this case, the extended interpretation of
the RDD estimate & is now the following:

a=1v; k+pu - AHy 1(c) + ¢y - AIfOSt(c) + po AN, AHy1(c), A[f“t(c)]. (C5)

There are two upshots from this extended model allowing for dynamics in mother’s health. Firstly, this
opens up a direct new channel which may partially explain the RD estimate, which is that mother’s
health at £ — 1 (and recursively before that) impacts child’s health at £, given that health investments
at birth may directly impact mother’s health at time . This is indicated by p; - AH;;—1(c). Secondly,
it additionally opens up a new sub-channel within the inverse Mills ratio, which is that a mother’s



health stock at time ¢ — 1 makes her more or less likely to give birth. This is indicated by AH; ;1 (c)
within the inverse Mills ratio, where this is relevant if treatment receipt shifts later-life health around
the cutoff c. Note then that we can ‘close off” this channel if we can show that women are not more
or less healthy at each time ¢ given treatment receipt.
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