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Paper 1:

Does Health Insurance Matter for Young Adults?:
Insurance, Health Satus, and Medical Care Consumption

This study examines the causal impact of insuratais on the health outcomes and medical care
utilization of young adults. Young adults in th& dre grossly overrepresented among the uninsured
and have the lowest coverage rates than any offeegeup. Recent federal and state policy has
sought to target the low insurance rates among y@dults by extending the age of dependent
insurance coverage. This paper sheds light ondhsilple consequences of these recent policies. To
deal with the endogeneity of insurance statusplaixrules used by public and private insurers to
determine the eligibility of young adults in redeiy insurance. Under both schemes, the 19th
birthday acts as a critical milestone when indigldubecome at risk of losing insurance. This paper
exploits these rules in a regression discontintrignework, by comparing those individuals just
younger than 19 years to those just over 19. Tapepfinds that the 19th birthday plays a signiftca
role in insurance coverage rates in the US. Thmated reductions in insurance coverage is at leas
3.3% for all insurance types, 3.2% for private masice, and 0 to 1.4% for public insurance. This
study finds no immediate effect of insurance Ids$%years on health status. Similarly, thereas n
effect of insurance loss on physician office visitsvisits related to mental illness. Thus, it sloet
appear that individuals forgo routine physicianecahen they lose insurance. The study does find a
decline in dental visits in the order of 15% of l@ge visits, which suggests that dental care imor
discretionary than physician visits.  Further wdhlat is required in this paper involves using
different estimation techniques (local linear resgien with appropriate bandwidth), adjusting the
standard errors to reflect the panel nature of dataset, and examining whether there are any
anticipation effects (i.endividuals “stocking up” on medical care servige®r to turning 19).



Paper 2:

The Impact of Spousal Health Shocks on Perceptions of Health
and Preventative Health Behaviour

This research paper explores whether new informatioquired through exogenous health shocks of
family members, causes individuals to change theiceptions of own health and their health-related
behaviour. The types of health shocks that wilekemined include: acute health conditions, such as
heart attacks and strokes, the diagnosis of chiiinesses, such as hypertension and diabetes, and
accidental injuries and falls. The outcomes oéri@st centre on broad preventative health measures,
such as medical screenings, physical exerciseakotiol and cigarette consumption. Additionally,
perceptions of health, as measured by self-repdrtatth and expected longevity, will be examined.
This research question could provide insight ifte manner in which individuals respond to new
health information. In particular, an increase ertain types of preventative health care could
indicate the importance of saliency of illness gmbr health habits in shaping health behaviour.
Possible mechanisms will be examined if effectsfanad, with the goal of reconciling the findings
with a theoretical model. This research projectaigly incomplete. To date, preliminary results
have been derived for spousal heart attacks aokiestr These show that spousal health shocks result
in poorer self-reported physical and mental healthis is particularly true for males. Interestygl
spousal health shocks result in a decline in thabaduility of missing work for own illness,
suggestingthat perceptions of health may be driving the declin self-reported health.
Additionally, there is a increase in the probability of missing work fahers'’ illness following a
spousal health shock; although, husbands missdi@gs to care for others than do wives. Small
positive effects are detected in the number of imgrghysician visits, with wives visiting the docto
more frequently than husbands. No effects weraddn terms of preventative medical screening,
such as blood pressure, cholesterol, and cancer.

Paper 3:

Beyond the Mean: An Examination of Heterogenous Child Responses
to a Universal Childcare Policy in Quebec

This study examines the impact of a universal clitd policy in Quebec on the distributions of child
motor skills and cognitive development. In 1997% Quebec government began offering reduced
rate spaces for $5 a day which was accessible noliéa from all economic and educational
backgrounds. Estimating the impact of the reformtta marginal distribution of outcomes using a
quantile difference-in-differences model, this pafiads that there is little heterogeneity in the
response to the universal childcare policy across distributions of motor skills and cognitive
outcomes. In fact, this study finds that the pohey little significant effect on these outcomearat
point along the distributions, neither for the fséimple of children nor when the sample is split by
child demographic characteristics. These resuds@ust to different specifications and estimation
techniques. Further work that needs to be dortisrpaper is minimal, but includes adding a figure
showing the densities of child outcomes before aftelr the policy, providing more detail on the
bandwidth used in estimation, and adjusting thedsied errors to take into account that densities ar
being estimated by bootstrapping over the entitienetion procedure.






Does Health Insurance Matter for Young Adults?:

Insurance, Health Status, and Medical Care Consamp
By: Lori Timmins

I. Introduction

In 2010, almost one third of individuals aged 12%years were without health insurance in the
United States, making it the age group with thénég proportion of uninsured. In fact, young
adults are grossly over-represented amongst thesumdd, comprising 13 million of the 47
million Americans who are without insurance (Natbfonference of State Legislatures 2011).
Numerous factors likely contribute to the low take-of insurance among young adults,
including entry-level wages, jobs without employgronsored insurances, and high health
premiums that are unaffordable for a group judhatstart of their careers. Importantly, young
adults form a relatively healthy group that is ldependent on receiving medical services so the
cost of insurance may outweigh the perceived benefi

Recent federal and state policy has sought to ttahgerelatively low insurance rates among
young adults. For example, the Affordable Care ®¢CA) of 2010 legislated an extension in
dependent coverage so that individuals can nowireamatheir parents’ insurance plans until the
age of 26. This law was in effect by September,020This policy comes at the heels of
numerous state mandates extending dependent cevertigs still too early to evaluate the
implications of these mandates; however, a keytoreat the heart of these policies is whether
these coverage extensions will affect young adbksilth outcomes and medical care utilization.
On one hand, if expanding insurance coverage argongg adults leads to more consumption
of medical care along with health improvementsnthtigese policies may be justified on the
grounds they enhance the welfare of some indivdduaDn the other hand, if expanding
insurance coverage leads to no differences inthaafiong young individuals, then this calls into
guestion the welfare benefit of these policies tlfermore, if young adults are now consuming
more medical care but there are no health bentefiesxtended coverage then this may suggest
moral hazard is at play.

This study aims to shed light on these issues lynéxng the causal impact of insurance status
on the health outcomes and medical care utilizabbnyoung adults. Simple comparisons
between the insured and the uninsured lead to dbiesemates as the take-up of insurance is
endogenous. Individuals with insurance may diffem those without in many unobserved
ways such as medical risks, discount rates, alkdansrsion. To deal with the endogeneity of
insurance status, | exploit rules used by both ipudhd private insurers to determine the
eligibility of young adults in receiving insurance?rior to the recent extended coverage laws,
many private health insurers would only cover dejees 18 years or younger, unless they were



full-time students. This age reflects regulationghe tax code which allowed tax-free coverage
of dependent children up to age 19. Additionalhg two main public insurance programs for
children, namely Medicaid and the State Childrdnsurance Health Program (SCHIP), both
reclassify children as adults the day they turn 1Bhis results in individuals losing their
insurance eligibility on their ®birthday and becoming subject to the more stringyedicaid
eligibility criteria for adults. Consequently, iroth private and public health insurance schemes,
the 19" birthday acts as a critical divide where indivitlurecome at risk of losing insurance.
These policies create quasi-experimental variation insurance status amongst young
individuals, which this paper exploits in a regresdiscontinuity framework. | compare those
individuals just younger than 19 years to thoseguer 19 in terms of their health outcomes and
health care utilization.

Previous research has largely concentrated onftlet®of expansions in public programs, such
as Medicare or Medicaid, on health outcomes; howeliese studies largely focus on a narrow
group of individuals, such as young children, peegnwomen, and the elderly, who typically
come from low income households and are consequésgt likely to be without insurance.
Thus, they provided limited understanding on howunance affects those from broader
socioeconomic groups who are at most risk of bamgsured, particularly young adults. Given
significant differences in health risks and medzle needs, it is unlikely that young adults will
be affected by insurance expansions in the sameasahese groups. Additionally, many of
these previous studies cannot isolate the caugaadhof insurance status from crowd-out effects
associated with individuals moving between différmsurance schemes, often from private to
public coverage, in the face of public program egians. In the context of the recent federal
and state policy, it is of particular interest toderstand the impact of having insurance, versus
not being insured and to isolate this effect fourygp adults. This paper addresses these issues.

This paper can be viewed as complementary workrecant study by Anderson, Dobkin, and
Gross (2011) who use the same regression discagtidasign employed in this paper to
examine the impact of losing coverage at age 18margency department and hospital visits.
The authors find that not having insurance leadsrge drops in both emergency department
visits and inpatient hospital admissions. Theidiimys suggest that uninsured individuals do not
substitute emergency department care for primary @g if they do, the substitution is swamped
by a reduction in regular “emergency” visits. #idividuals aren’t receiving primary care and
other regular forms of medical care in a hospidtiisg, then the key question becomes whether
they are consuming it elsewhere or are simply fimgar delaying these types of care? This
paper addresses this question by looking at otimeertsions of health care utilization, such as
primary care, prescription refills, and dentist itgis Additionally, emergency visits and
hospitalization are extreme events and are raret ekample, in any given month, 1.2% of
young adults aged 16 to 22 visit the emergency rtimeat, while 0.2% have a hospital inpatient
visit. These figures compare to the 27% of youdglta who fill a prescription in any given
month. This paper consequently looks at health caresumption that is more routine. We



cannot expect that individuals will consume hodpitae in the same manner as other types of
care, so additional research is needed. Additipnalhile hospital visits are an indicator of
health status, they are imperfect measures of al@ay health so cannot speak directly to the
impact of insurance status on general health. Stugy fills this gap by examining more direct
measures of day-to-day health, such as days ofethis®rk and self-reported health, and can
consequently better inform on the effects of hemislirance in terms of overall health.

This paper finds that the 2%irthday plays a significant role in insurance emge rates in the
US. The estimated reductions in insurance coveiagg least 3.3% for all insurance types,
3.2% for private insurance, and 0 to 1.4% for publsurance. This study finds no immediate
effect of insurance loss on health status. Silgilahere is no effect of insurance loss on
physician office visits or visits related to mentaless. Thus, it does not appear that individual
forgo routine physician care when they lose inscean The study does find a decline in dental
visits in the order of 15% of average visits, whatlggests that dental care is more discretionary
than physician visits.

The remainder of the paper proceeds as followst,Fan overview of previous work in this area
is provided. The empirical methodology employedhis paper is then presented, describing the
regression discontinuity estimator and the assumptunder which it is unbiased. The data used
to estimate the impact of insurance status andtthealtcomes are discussed, with the
preliminary results following. A section on theoposed robustness checks as well as possible
extensions is then provided. The final sectionchaates.

[l. Previous Literature

There is a large literature examining the impactirgurance coverage on medical care
consumption and health outcomes, with many studstsg simple correlations that compare
insured individuals to uninsured. These studiesegaly find that individuals with insurance are
less likely to have adverse health outcomes, ptabén health problems, progressed disease
states when diagnosed, and lower mortality ratesffiiithn and Paradise 2008; Hadley 2003).
Similarly, insured individuals are more likely t@e a regular physician, receive timely care,
and get preventative screenings (Institute of Medi2002; Buchmueller et al. 2005). In terms
of urgent care, most studies find that the insumade fewer avoidable hospitalizations and
emergency department visits (Hoffman and Paradi®8)2

While these studies do provide insight on assamatbetween insurance and health outcomes,
they cannot identify a causal relationship. Onetled most widely cited studies on health
insurance and one of the few randomized insuramperanent to date is the RAND Health
Insurance Experiment, which was conducted in th&0’8 Individuals were randomly assigned
to insurance schemes with different cost-sharingstLeither receiving free care or paying some
positive percentage (25% to 95%) of their caresco§tost-sharing led to less total spending on
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care, with one third fewer physician visits and ¢imed less frequent hospitalizations compared
to free care (Brook et al. 1983; Keeler 1992).l¢ittifferences in serious health conditions were
observed between groups; although, those with stwmting plans had poorer rates of blood
pressure control, corrected vision, and oral healtthe end of the study period (Keeler 1992).
Given the focus of the experiment was on diffexst-sharing rules among insured individuals,
it may be limited in understanding the effects afrenrecent policies which aim to reduce the
number of uninsured. Also, it's been over 30 yesanse this study took place, so the findings
may be less relevant today given rapid medical ackmments and ongoing legislation affecting
the health insurance markets.

A smaller group of studies have attempted to additess endogenity of insurance take-up in non-
experimental settings; however, many have emploightification strategies which are
potentially problematic (see Freeman et al. 20B8).example, longitudinal data with individual
fixed effects cannot control for unobserved timeyway individual characteristics which may be
correlated with insurance status and health outsonestrumental variables such as self-
employment status, job characteristics, or immigrastatus are of debatable validity because
they may have their own direct effects on healtttcomes.

Among the more credible empirical studies, mostehassed quasi-experimental variation
induced by policy rules of Medicaid and Medicafhes two largest public insurance programs in
the US. Numerous studies have examined the eftéetgspansions in Medicaid eligibility, with
most finding they led to increased medical carearse better health. For example, Currie and
Gruber (1996) find that relaxing restrictions fawtincome children resulted in increased
physician visits and lower mortality rates. DafngdaGruber (2005) find these expansions
increased hospital admissions for children, yetel@d the rate of avoidable hospitalizations.
Carlson et al. (2006) examine the impact of disdpir lost Medicaid coverage for low-income
individuals in Oregon and discover it led to fevpdrysician visits, more unmet medical needs,
and increased medical debt. In another Oregonystedkelstein et al. (2011) use a unique
lottery that allowed low-income adults to apply fdedicaid, finding expanded public insurance
access led to improved self-reported health as agethore primary, preventative screening, and
hospital visits.

Another group of studies have examined the impadlexicare on health outcomes, exploiting
the jump in Medicare coverage when individuals té61 years old, which is the age most
individuals become eligible. These studies findt tbaing eligible for Medicare results in
increased medical care use and improved healtrogts. Using an RD design, Card et al.
(2008, 2009) find that eligibility at 65 years Isatb an increased number of procedures in
hospitals as well as total list charges. Additlgnaroutine doctor visits increased more for
individuals who were previously uninsured prior becoming eligible, while high cost
procedures in hospitals increased most among ohaigs more likely to have supplementary
insurance coverage after age 65. McWilliams et(2003) use a difference-in-difference



framework to find that Medicare reduces the gapvbeh those insured versus those uninsured
prior to 65 years in terms of preventative scregsiut it plays little role in medication use.

In the context of recent policy developments in it there are limitations of these Medicaid
and Medicare studies. First, they primarily speakhe effects of public insurance expansions,
rather than private expansions, on health carezatibn. The target population of public
insurance is very different than those who havegbei coverage, focusing on low income
individuals. Under the ACA, expansions in privateurance coverage will play an increasingly
important role over the next few years. Additiogalis noted by Anderson, Dobkins, and Gross
(2011), these studies are limited in isolating thesal effect of having insurance, versus not
having insurance, because most individuals who gaorance through public programs are
often insured beforehand. In the case of Meditarexample, the number of individuals who
move from private coverage to Medicare at age 6&ixidimes as large as the number gaining
insurance (Card et al. 2008). This also holds toua lesser extent with Medicaid expansions;
Busch and Duchovny (2005) find that a non triviedgortion (25%) of individuals who were
previously covered under private insurance schetek-up Medicaid when they became
eligible. An additional limitation of these studies that they focus on very narrow segments of
the population who are at less risk of being uniedusuch young children, elderly, and very
low-income adults. Consequently, these studieaatceasily generalize to other groups of the
population, such as young adults, who have diftehealth care risks. With recent expansions
in dependent coverage, a greater focus on younlisathealth behaviour is critical to better
understand the potential consequences of the nkey poles.

This study aims to address these issues by exagnihaimpact of insurance status on young
adults’ health outcomes and medical care consumplifsing quasi-experimental variation
arising from rules which both public and privatesurers use to determine the eligibility of
young adults in receiving insurance, | examine ithpact of individuals “aging” out of their
insurance plans on their 1%irthday. These policy rules were first exploited Anderson,
Dobkin, and Gross (2011) (ADG herein) who examime éffect of children aging out of their
parents’ insurance plans on emergency departmadth@spital inpatient visits. Using a unique
dataset of hospital records from seven states, ADG that having insurance leads to a 40
percent increase in emergency department visitsaa@tl percent increase in inpatient hospital
admissions. The reduction in hospital visits i©mger for non-urgent admissions, and is
concentrated among for-profit and non-profit haagitrather than public hospitals. In contrast to
the findings of most observational studies, thénanst conclude that the newly uninsured likely
do not substitute emergency department care fargugi care. What cannot be addressed in the
ADG study, however, is whether young adults setteive primary care outside of the hospital
settings once they lose coverage or whether thaplgiforgo it altogether. Additionally, the
ADG study is limited in understanding how insuraco&erage affects non-urgent indicators of
health, such as general health status, managerhemtomic conditions, and days missed work.



This paper examines these issues by estimatinignibect of insurance for young adults on non-
urgent care, such as general physician and spstotalie, dental care, and prescription refills.
Additionally, this paper examines whether insuramoeerage among young adults affects
general day-to-day health, which is important talerstand given one justification for making
health insurance more affordable is presumablyrtprove overall health. Unlike most of the
previous studies which often estimate effectsmdividuals moving between insurance schemes,
this study isolates the impact of losing insuraoceerage on health outcomes. The impact of
both private and public insurance coverage is atsdied, unlike most of the previous work
which has largely focused on public insurance egjgas. Although all estimates derived will
only be applicable to nineteen year olds givenRBedesign, this study it is among a handful of
studies which can shed light on how young adulés edfected by health insurance, which is
particularly relevant given the recent federal atate policies which aim to reduce the number
of uninsured young adults.

lll. Legislative Background

Young adults have the lowest rate of health insteaelative to other age groups. While a large
majority of individuals are covered when they aoeiryg children, many lose coverage at age 19.
This age is the critical milestone at which theg aften dropped from their parents’ policies or
from public insurance programs, such as Medicaidher State Children’s Health Insurance
Program (SCHIP). This section will outline theitdgtion that contributes to individuals losing
coverage at 19 years.

Both Medicaid and SCHIP have been widely regardedeaing instrumental in lowering the
uninsured rate for children under 19 years overldéise decade. Medicaid is the US’s largest
insurance program for individuals with limited resces, covering low-income adults, their
children, and people with disabilities. It is jdinfunded by the federal and state governments
but is managed by the states. It is a means-tgsteplam that has different eligibility criteriarfo
children and adults, with more stringent requiretedar adults. SCHIP, on the other hand, is a
program that provides states with federal fundexpand health insurance exclusively among
children. In particular, SCHIP targets childrestjabove the poverty threshold, whose families
cannot afford private insurance yet have incomas ¢liceed Medicaid eligibility requirements.
It was enacted in 1997 by the Balanced Budget BBIA) as a federal initiative to address the
growing rates of uninsured children across the tgunSo long as they adhered to federal
regulations, states had some flexibility in howytlmplemented SCHIP, particularly in regards
to having it integrated with their existing Medidgprograms and in determining the income
eligibility levels. Rollout of SCHIP varied acroise country, but by the end of 1999, all states
had begun to enroll children into their SCHIP peogs (Rosenbach et al. 2003).



Under both Medicaid and SCHIP, children are considéo be under 19 years of age and are
reclassified as adults the day they turn 19. Qheg hit their 18 birthday, they often lose their
Medicaid and SCHIP eligibility and become subjexthe more stringent Medicaid eligibility
criteria for adults. Medicaid coverage for aduismore limited than for children and some
adults do not qualify regardless of income. Curient dictates that states are only required to
provide Medicaid to pregnant women, disabled irdinals, and low-income parents (often at
lower income eligibility levels than for their ctilen). States do not receive any federal funds to
extend coverage to adults not in the groups abawveé,more than half of states do not provide
any Medicaid coverage for childless adults andehbat do provide limited coverage (Shwartz
and Damico 2010). Consequently, thé" I8rthday plays a critical divide in public insuran
coverage.

Private insurance also plays a pivotal role in cifegy young adults’ insurance coverage.
Employer-sponsored health insurance in particslangé mainstay of most family and dependent
coverage. Many individuals are covered under thaients’ employer sponsored insurance plans
as children; however, coverage as a dependentdditidnally ended when they turn 19. Prior
to the ACA, private insurance plans typically owlffered insurance for dependents under 19
years of age (or less commonly up to 18 yearskasnthey were full time students. This age
limit reflects regulations in the federal tax codeich allows tax-free coverage of children up to
age 19 (or age 24 as a full time student) so lenpay lived at home for more than half the year
(Department of the Treasury Internal Revenue SerZ@09). Even if employers did offer
coverage to children over 19 years, there is angtdisincentive for parents to keep them on
their plans under the federal tax law because mlev@ount as a taxable benefit given their
children no longer qualify as dependents (Levinale2011, Barber and Nguyen 2009). Since
the ACA policy of extended dependent coverage waglamented in September 2010, all
insurers are now required to offer coverage foredepnts until they obtain 26 years old. The
federal tax code has now been changed to reflesetmew changes. Even before the federal
policy was legislated, some states had begun talatarextended dependent coverage as early
as 2006. Prior to these recent policy changesegtiery young adults would traditionally age out
of their parents’ insurance plans on theif' birthday.

Young adults have traditionally been at risk of draing uninsured on their T%birthday. As
discussed in this section, they often age out df bloeir parent’s insurance plans and public
insurance programs at this age. Secondly, theicallp have low-wage, entry-level, and
temporary jobs that do not offer employer-sponsareirance and change jobs frequently
(Schwartz and Schwartz 2008). They often canrfforghealth insurance premiums with their
low-incomes so instead go without. Thé"Iirthday consequently plays a crucial milestone in
many young Americans’ health insurance coverage.



V. Empirical Methodology

The primary relationship of interest in this studguses on the impact of medical insurance
coverage on health outcomes and health care cotsumphich can be represented in the
following reduced form model:

Yi=ay+ a.D; + ¢

Here,Y; is the outcome of interest (i.e. medical care aongion or health status) for individual
i; D; is a 0/1 dummy variable for whether the individhak health insurance. The error tetm
measures all other factors affecting current healiftomes. The coefficient of interest in this
study isa;, which measures the impact of insurance coverageealth outcomes and medical
care consumption. As mentioned previously, it fidilt in practice to get a consistent estimate
of @; as insurance take-up is likely endogenous. Itiquéar, there are likely unobserved factors
in &, such as discount rates or medical risks, whiefcarrelated with both; andy;.

The identification strategy employed in this studyobtain an unbiased estimate aof is a
regression discontinuity (RD) design where indiadujust under 19 years old, who are more
likely to be covered by health insurance, are caegbéo individuals just over 19 years old, who
are at risk of having lost their insurance. Gitleat individuals have no control of their age, the
public and private health insurance policies désdiabove creates an exogenous source of
variation in insurance coverage around 19 yeamgef Clearly, turning 19 years old is not the
sole determinant of insurance coverage; therefoige,a fuzzy regression discontinuity design.
As outlined in Lee and Lemieux (2010), the fuzzy R&n be described by the two equation
system:

(1) Y; = ap+ a,D; + f(age; — 19) + v;

(2) D; =yo + v1T; + g(age; — 19) + u;

whereage; represents the age of individiah months;f(-) represents the relationship between
age and the outcomg; T; = 1[age; > 19], which represents an indicator for whether an
individual is older than 19 years; agd-) describes the relationship between age and health
insurance coveragev; andu; are error terms. Note that in practice, insurgpscally allow
individuals to remain on their insurance plansiuhe end of the month they turn 19 years old. It
is for this reason that there is a strict ineqydlit the indicator function of;, as opposed to a
weak. The reduced form expression that substi{@esto (1) then gives:

3) Y; = Bo + BiTi + h(age; — 19) + z;

where 8, = a,y,and can be interpreted as an “intent-to-treat’hessie.



Estimation of the fuzzy RD can be performed usiitgee local linear regressions or global
polynomial regressions, with this study presenthpiying the latter approach (i.e. polynomial
regressions). One advantage of the polynomiakssgons is that it is a simple way of relaxing
linearity assumptions and provides some flexibilityhe regression function. A disadvantage of
this approach, however, is that it relies on datdhér away from the cutoff of 19 years to
estimate the jump at the cutoff. An additionaladigantage is that polynomial regressions are
more sensitive to outliers.

Lee and Lemieux (2010) note that if the same oodi@olynomial is used fof (-) andg(-), then
two-stage least-squares (2SLS) estimates,ofare numerically identical to the ratio of the
coefficients 8, /y;. Thus, in this study, the reduced form equati¢2s and (3) will be
individually estimated to obtaia,. The key in obtaining unbiased estimates usirgyapproach

is choosing the order of the polynomial. Consetjyeestimation will be done with different
specifications in age, including linear, quadratigbic, and quartic polynomials to examine the
sensitivity of the results under each specificatibmfuture work, | will use a general cross-
validation procedure to choose the appropriate roofigoolynomial. Additionally, splines are
used to allow for different age slopes on eithde 9f the cutoff of 19 years. It should be noted
that in the RD design, covariates need not be derduin estimation; however, they may help
with variance reduction. In this paper, | presestimates both with and without covariates and
examine the extent to which the estimates varye ddntrols included are: dummies for gender,
white race, live in a MSA, full-time student, mad still live with parents, survey year, as well
as a categorical variables indicating family incoasea percentage of the poverty line.

The interpretation of the fuzzy RD estimate requseme attention. First, just as in the case of
2SLS, the estimate af, can be interpreted as a Local Average TreatmeetEfLATE) under
certain conditions, which will be described belowhe LATE measures the average treatment
effect for those individuals who had insurance pteturning 19 years old but who age out of
their insurance plans on their”i%irthday (i.e. the “compliers” in language of Amggrand
Imbens 1994). This means that the fuzzy RD eséinuwetly measures the average effect of
insurance coverage on health outcomes and medical use for a subgroup of the entire
population.  Secondly, as in any RD design, thigmesed impact of health insurance on
outcomes can only be identified at the cutoff, vahig 19 year olds in this case. That is, while
the results may shed light on the effect of healdurance for other age groups, particularly
young adults, the estimates derived in this papepaly unbiased for 19 year olds.

The conditions under which the fuzzy RD gives usbthestimate of the LATE are monotonicity
and excludability. In this study, monotonicity ealout that some uninsured individuals take up
insurance on their 1birthdays. Excludability implies that turning ¥8ars old cannot impact
any of the outcomes of interest except throughctffg the probability of losing insurance
coverage. This amounts to assuming tht;|age; = a] is continuousz = 19 and rules out
other factors correlated with health outcomes tange discontinuously on the " ®irthday.



This assumption could be violated if say, employtmgatterns, school attendance, or health
lifestyle behaviour changed discontinuously at Jarg old. However, given that age is
measured in months, as opposed to years, it ikalplithat these factors would change
discontinuously within one or two months of turnib@ years old. As noted by ADG (2011), the
most obvious cofounder might be high school gradoand the ensuing transition to college or
employment. However, given that graduation typycatcurs at the end of June in a year and
that birthdays are distributed throughout the ydeese factors should not bias the estimates. As
a robustness check, | examine whether certain @dearchange discontinuously at 19 years.
Clearly, this exercise cannot be done with unolad®es cofounders; however | confirm
observable characteristics do not change discamisiy at 19 years which provides support that
the identification strategy employed is valid.

V. Data

The data used in this study comes from the Medioglenditure Panel Survey (MEPS), a
comprehensive dataset on health care utilizatisyrance coverage, and medical expenditures.
It is produced by the Agency for Healthcare Redeaand Quality. MEPS draws from a
nationally representative sample of US families amtlviduals, with a rolling panel design.
Each individual is interviewed five times over tftdl calendar years. Every year, a new panel
of approximately 15,000 individuals is added to thevey. Thus, two panels are always
overlapping at any given point in time, resultingoughly 30,000 individuals being interviewed
each year. Initiated in 1996, the MEPS has ingeved 15 panels of individuals to date.

In each round of interviews, individuals are askddut their general health status, any health
conditions they are experiencing, as well as infdrom on their insurance coverage. If they
report being insured, detailed information is ocel on the type of insurance (eg.
Medicaid/SCHIP, employer, etc.) and the holderhed insurance policy (e.g. father, spouse).
Individuals are also asked about the medical sesviihey used over the period, such as
physician visits, outpatient services, or preswiptefills, and the frequency with which they
used them. Additionally, information on the costservices and source of payment for care is
collected. To supplement and verify the accuratynformation received from individuals,
MEPS also obtains information from those medicalvjters which individuals reported to have
visited. These medical providers include hospitplsysicians, and pharmacies. Information
collected includes date of the visit, diagnosis,dive& procedures taken, and prescriptions
written or filled. In addition to the detailed imfoation on health status and medical care
utilization, MEPS also collects basic demograptaracteristics, employment and education
status, and income. In the public use data, whigte in this study, there is no information on
which state individuals reside.
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In terms of insurance coverage, MEPS collects mé&dion on whether the individual is covered
for each month in the survey, resulting in up toab4ervations for each individual's coverage.
Additionally, the type of insurance coverage isedbo{employer-sponsored, Medicaid/SCHIP)
each month. In this project, | examine the impaficturning 19 on three insurance outcomes:
whether the individual has any type of medical ragge plan (private or public); whether the
individual has private insurance; and whether tidvidual is covered under public insurance.

The main outcome variables of interest in my stidjude indicators of general health and non-
urgent health care use. To measure health, | exasdlf-reported health. This is a 5 point scale
(excellent, good, fair, poor, weak) and individuale asked at each interview. | create two
dummies for whether the individual reported beingekcellent health (1 if excellent health; O
otherwise) or at least good health (1 if excelmngood health; O otherwise). The other measure
of health is whether the individual missed schaakork in the last two weeks due to beingill. |
create two dummies indicating whether the individuéssed any school (1 if miss school; 0
otherwise) or missed any work (1 if miss work; @estvise). In constructing these dummies, |
only include individuals who reported being in sehor work.

To measure non-urgent medical care consumptiatus on physician visits, dentist, visits, and
prescription refills. Additionally, | look at vis relating to mental health issues. | construct
dummies for whether the individual had a particijgre of visit for each month they are in the
sample. In this analysis, | exclude any visitatia to pregnancies as expecting women are
covered under Medicaid and are consequently vielito be insured.

The sample that | use in my analysis includesrallviduals who are age 16 to 22 years old,
corresponding to a window width of 36 months onheside of the cutoff. | only look at years
1997 to 2006 due to state and federal policiepahticular, SCHIP is the main public insurer for
older children and it was only implemented in 199Additionally, given | do not have
information on the state of residence, | cannotllee from the analysis those states which
mandated extended private coverage beyond 19 ypé@rs recent years. Given most of the
state policies were implemented after 2006, | doimdude years after 2006. Thus, my sample
includes individuals aged 16 to 22 for years 190062

Descriptive statistics are presented in Table 1s Tdble shows the means and standard errors of
insurance coverage, health indicators, and medias¢ consumption for those 19 years and
under and those older than 19. This table shoatsrdughly 77% of individuals under 19 have
health insurance. This number drops to 58% forlhé¢o 22 year olds, which is almost a 20%
drop in the proportion insured. This pattern is sistent with individuals aging out of their
insurance plans. Almost 8% of this drop comes fadranges in private insurance, where 53%
of those 19 years and under are insured yet orffy dbthose over 19 have private insurance.
Similarly, the drop in public insurance is aboufd where just over 26% of those less than 19
year are covered under public insurance compar&8%oof those over 19 years.
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In terms of health indicators, 43% of younger indizals consider themselves to be in excellent
health and 73% in good or excellent health. Mealewthe older cohort considers themselves to
be less healthy, with only 36% of individuals calesing themselves in excellent health and
70% in good or excellent health. There is a slidjfference in the proportion of individuals
missing work due to illness between the two groupt) 18% of those 19 years and under and
20% of those over 19 years missing school. THerihce in the proportion who miss work due
to illness is larger, with a greater proportion tbe younger cohort missing work (23%)
compared to those over 19 years (13%). In regarasedical care consumption, roughly 12%
of individuals under 19 years old have had a doeigit in any given month, while only 9% of
the older age group visit the doctor. The gapaigédr for dental visits, with almost 7% of the
younger group having a visit compared to less ##nof those over 19. There is very little
difference in terms of the proportion who fill peeiptions in any given month, making up about
27% of each group.

VI. Preliminary Results
Change in Insurance Coverage Rates at age 19

The impact of turning 19 on insurance coverage hews in Table 2. The regression
discontinuity coefficients at age 19 are reported Various age polynomials. The dependent
variables examined in this table are dummy vargbta: any insurance coverage, private
insurance, and public insurance. Estimates arershath and without controls. As can be seen
for all dependent variables, the probability of ingvinsurance significantly drops once
individuals hit their 18 birthday. The estimates are generally quite simil size when controls
are included. Additionally, the lower order polynais give much larger estimates than the
higher order polynomials. For example, there i0&% drop in the probability of having any
insurance under the linear specification withouttoals, whereas the drop is 3.3% under the
guartic. Note that the mean of insurance coverag¢he sample is 68.6%, so consequently the
size of these drops is not trivial. In terms akate insurance, the linear specification shows a
6% drop, whereas the quartic gives a 3.2% declifiae proportion of individuals in the sample
with private insurance is 49.1%. The fall in pubhsurance coverage is much smaller, with the
linear specification estimating a 4.8% drop, thbicla 1.4% fall, and the quartic no change in
the probability of public insurance coverage. K¢ same time, only 21.3% of individuals have
public insurance, so the size of the estimatedimeiare still non trivial in the case where they
are nonzero.

Figures 1 to 3 provide a sense of how well the ri®die the data. The circles show the
unconditional averages of insurance coverage fon ege in months, while the solid line gives
the predicted values in equation (3). Each paegresents a different age polynomial
specification. As can be seen in Figure 1, thedirspecification overestimates the RD estimates
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(panel a), as do the quadratic and the cubic éssel extent, whereas the quartic seems to fit the
raw data quite well (panel d). Note that evenpiacturning 19 years old, there is a slow decline
in coverage rates with age. This is likely caubgdndividuals gradually moving out of their
parents’ house, resulting in their no longer beingsidered dependents under health insurance
regulations, as discussed above. Figure 2 illiedrthe case of private insurance. Again, the
quartic in age seems to fit the data best, witHdiner order polynomials overestimating the size
of the decline at 19 years. The case of changpsblic insurance coverage is shown in Figure
3. Here, it appears that the cubic and quartithétdata best, with the cubic appearing to skghtl
overestimate the change at 19 years and the gparti@ps slightly underestimating it.

Table 3 provides the RD estimates for different dgraphic groups. There is a 2.9% fall in the
proportion of males covered upon turning 19 yeamnpared to 3.4% of females, with a
relatively larger drop in public insurance for n&l€.7%) and a larger change in private
insurance for females (4.3%). Additionally, thesldee in insurance coverage is 4% for Whites,
whereas Blacks show no significant drop. As etgmbcthose who are not full time students
experience a larger decline in insurance coverag8%) compared to students (2.1%).
Additionally, the size of insurance loss is larger those who remain at home (i.e.
“dependents”) at 4.2% compared to those who haveethout of the home (1.6%), with the
largest decline coming from private insurance (3.886those who don’t leave home.

The results in this section show that the" Hrthday plays a significant role in insurance
coverage rates in the US. The estimated dropsiaramce coverage rates is at least 3.3% for all
insurance types, 3.2% for private insurance, ata N4% for public insurance. ADG use local
linear regression and must adjust for the biasheirtdataset that arises from only seeing
individuals who present themselves in the emergatepartment. They find slightly larger
estimates than those derived here, with just o%&6individuals losing any insurance coverage
and 8% of individuals losing private insurance upaming 19. The next section provides the
reduced form effects of turning 19 on health outesrand medical care consumption.

Change in Health Outcomes at age 19

Table 4 examines equation (3) where self-reporeslth is the outcome of interest. This table
shows that turning 19 years old has little effecbeing in excellent health or on being in at least
good health (i.e. good or excellent health). la tase of being in at least good health, the
estimates are very close to zero; however, in #s® ©f excellent health, the estimates are of a
slightly larger scale, yet the size of the standamdbrs do not allow significant effects to be
determined. Figure 4 shows the raw data as welhagpredicted values from the regression
analysis with the quadratic and quartic specifaragi The raw data is noisier than in the case of
insurance coverage; however, it appears that tisen® noticeable drop in health status at 19
years old that is distinguishable from changestlaroages for both the case of excellent health
and at least good health.
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The estimates in Table 5 show that no effects @addtected in the probability of missing any
work or school once individuals hit 19 years. e ttase of missing any work, the estimates
under the quadratic and cubic specifications shownerease in the probability of missing any

work; however, the standard errors cannot rejeat effect. In the case of the probability of

missing school, the linear specification shows @ide in the proportion who miss school at age
19, whereas the other specifications show zeratefied are relatively small in size. Figure 5

shows the raw data and the results under diffgrelynomial specifications.

This study does not find evidence that insuranss leads to a deterioration of health. One
caveat is that this study can only examine the ithate impacts of losing insurance coverage on
health status, given the nature of the RD desigpl@yad. Thus, there may be long term
impacts of not having insurance on an individu&ééslth status, particularly since health is a
stock and not a flow; however, this study can adbntify immediate effects of insurance loss
and finds there is no immediate impact on heabltust

Change in Medical Care Consumption at age 19

Table 6 shows the RD estimates for medical carswoption. With the exception of the linear
specification, no effect of turning 19 on offices¥s can be detected. These estimates are quite
precise, being close to zero with small standamk&r The inclusion of controls largely does not
change the estimates. These findings may be @&eolaby the fact that doctor visits are
relatively inexpensive compared to other forms @dioal care consumption, such as hospital
and emergency department visits. Thus, it appedrgiduals do not forgo routine care when
they lose insurance. Visits relating to mentalafia also show no change overall and the
estimates are tight. In terms of dental visiteréhis a decline in visits of 0.007 to 0.008 petcen
which is about 15% of the average proportion oit¥i®.054). The estimates for the probability
of filling a prescription upon turning 19 are quiteisy, with some specifications giving positive
estimate and others giving negative, with the seherrors being relatively large. Figures 6
and 7 plot the raw medical care consumption dategalwith the predicted values from
regression analysis.

VIl. Robustness Checks (some to do later)

This section outlines robustness checks which a&ready been implemented and discusses
future work that will be done.

To investigate whether other factors affecting thealso change discretely at age 19, | have
examined the incidence of being a student, workamgl leaving home. | estimate equation (3)
with these variables as dependent variables. Barete change at age 19 was found for any of
these variables. Figure 8 shows plots the uncamditiaverages of these variables along with
predicted values from the quartic specification.s ¢an be seen, there is no change in the
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probability of being a student, working, and leavirome once the firthday is reached. This
provides support for the validity of the researasign, as was discussed in the section on
empirical methodology.

Further checks will be performed in the future $sess the robustness of the results. First, a
more formal approach will be taken in choosing tnder of the polynomial, specifically a
generalized cross-validation procedure such a®\Kagke information criterion (AIC) of model
selection. Additionally, local linear regressiomdl be employed with optimal bandwidth choice
to investigate the robustness of the results. @weantage of the local linear regression
estimator is that it is less sensitive to obseoretiaway from the cutoff of 19 years, which is
more aligned with the thought process of the RDigiesvhich amounts to comparing
observations close to, but on opposing sides ottiteff. In addition, as noted by McCrary and
Royer (2011), the local linear estimator is moexithle in accommodating regression functions
of various shapes.

Additionally, the standard errors have yet to bpistdd in such a way that accounts for serial
correlation among an individual who appears mudtipmes in the dataset. At the moment,
standard errors are merely clustered by age armbmection has been done to reflect the panel
nature of the dataset.

Other robustness checks that can be employed m@ugloiting the panel nature of the data. In
particular, first-difference estimates can be penfed, where the variation being exploited is
now at the individual level and compares outconsesfgiven person before and after they turn
19 years. This would be a more robust estimate;eliew fewer observations can be included
which consequently can lead to noisier estimatefditionally, it is also possible to look at
heterogeneous treatment effects at the individatlre, given the panel dimension of the data, to
develop a better understanding of which individualparticular are most affected by insurance
coverage.

Further work will also look at whether there arey amticipation effects, such as individuals

“stocking up” on medical care services prior tontog 19 and losing care. |If there are
anticipation effects, then this would lead to trstireates in this paper being upward biased.
However, recent work by Gross (2010) who uses amnathtaset finds little evidence this is the
case as young adults are likely uncertain as toctlgxavhen they lose their coverage.

Nevertheless, it would be important to investigdte extent to which this occurs in the MEPS
for the outcomes of interest.

VIIl. Conclusion

This paper finds that the 2%irthday plays a significant role in insurance emge rates in the
US. The estimated reductions in insurance coveiagd least 3.3% for all insurance types,
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3.2% for private insurance, and 0 to 1.4% for puloisurance. These estimates are slightly
smaller in scale than those derived in the ADG pape

This study finds no immediate effect of insuranasslon health status. As it was noted, there
may be long term impacts of not having insuraneetiqularly since health is a stock and not a
flow; however, given the nature of the RD desigplered in this paper, only immediate effects

can be examined.

Similarly, this study finds no effect of insurarioss on physician office visits or visits related t
mental illness. This may be explained by the fhet doctor visits are relatively inexpensive
compared to other forms of medical care consumptsuch as hospital and emergency
department visits. Consequently, it does not appiest young adults forgo routine physician
care when they lose insurance. The study dodsafiecline in dental visits in the order of 15%
of average visits, which suggests that dental isam®re discretionary than physician visits.
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FIGURES

Figure 1: Insurance Coverage by Specification
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Figure 2: Private Insurance Coverage by Specification

(a) Linear in Age (Spline)
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Figure 3: Public Insurance Coverage by Specification
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Figure 4: Change in Self-Rated Health

(a) Excellent Health: Quadratic in Age
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Figure 5: Change in Miss Any Work/School
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Figure 6: Change in Doctor and Dentist Visits at Age 19

(a) Office Visit: Quadratic in Age

(b) Office Visit: Quartic in Age
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Figure 7: Change in Prescription Refills and Mentall lliness Visits
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Figure 8: Robustness Checks on Covariates- Quartic Specification
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TABLES

Table1l: Meansby Age Group

Variable 19 Years and Under Over 19 Years

Insurance Coverage

Any Insurance 0.772 0.582
[0.419] [0.493]

Private Insurance 0.529 0.446
[0.499] [0.497]

Public Insurance 0.264 0.153
[0.441] [0.36]

Health Satus Indicators

Excellent Health 0.431 0.361
[0.495] [0.48]
Good Hedlth 0.732 0.696
[0.443] [0.46]
Miss Work 0.181 0.204
[0.385] [0.403]
Miss School 0.231 0.129
[0.422] [0.335]

Medical Care Consumption

Any Office Visit 0.116 0.090
[0.32] [0.286]

Any Dentist Visit 0.069 0.037
[0.254] [0.188]

Any Prescription 0.275 0.271
[0.447] [0.445]

Any Visit for Menta 1liness 0.014 0.009
[0.117] [0.094]

Number of Individualsin Sample 25,572

Number of Observations (Maximum) 455,407

Note: All variables were coded as 0/1 dummy variables, so the statistics reflect the proportion of individuals meeting the specific
criteria. Standard errorsin brackets. Those 19 years and under comprise of 16 to 19 year olds, while those over 19 years are
those between 19 and 22 years of age. Given that individuals were sampled multiple times over the sample period, the number of
observations is greater than the number of individuals. Sinceinsurance coverage is asked every month and medical care
consumption is measured each month, individuals form up to 24 observations in the dataset.



Table2: Changein Insurance Coverage Rates at 19

Specification for Age Any Insurance Private Insurance Public Insurance

Mean of Dependent Variable 0.686 0.491 0.213

RD Estimates

Linear -0.107 -0.091 -0.06 -0.048 -0.048 -0.048
[0.008]*** [0.007]*** [0.004]*** [0.003]*** [0.004]*** [0.005]***

Quadratic -0.066 -0.059 -0.042 -0.033 -0.029 -0.031
[0.007]*** [0.007]*** [0.004]*** [0.004]*** [0.004]*** [0.005]***

Cubic -0.054 -0.053 -0.041 -0.038 -0.014 -0.018
[0.009]*** [0.010]*** [0.007]*** [0.007]*** [0.003]*** [0.004]***

Quartic -0.033 -0.032 -0.032 -0.028 0 -0.004
[0.006]*** [0.007]*** [0.007]*** [0.006]*** [0.003] [0.004]

Covariates No Yes No Yes No Yes

Number of Observations 343,847 215,029 343,847 215,029 343,847 215,029

Notes: The RD coefficients at age 19 are reported. Data come from the Medical Expenditure Panel, years 1997-2006. These results were derived from OLS regression on age month
cell means, where the weights are given by the number of observations in each age month grouping. Splines were estimated on either side of the 19 years cutoff. Covariates include
dummies for male, white, msa, full-time student, married, never leave home, survey year, as well as indicators for family income as a percentage of poverty line. Robust standard errors
in brackets. Standard errors were clustered by age (in months).

* significant at 10%,; ** significant at 5%; *** significant at 1%



Table3: Changein Insurance Coverage Rates at 19 by Demographic Group

Any Insurance Private Insurance Public Insurance Nisebvations

Overall Mean of Dependent 0.686 0.491 0.213 343,847

Variable

Sample Group RD Estimates

Males -0.029 -0.020 -0.027 169,906
[0.005]% [0.003]* [0.005]*

Females -0.034 -0.043 -0.002 173,941
[0.007]% [0.010]* [0.003]

Whites -0.04 -0.039 -0.011 259,898
[0.007]% [0.008]* [0.002]*

Blacks -0.003 -0.012 -0.014 61,018

[0.005] [0.007]* [0.005]*

Students -0.021 -0.016 -0.019 131,752
[0.005]% [0.006]* [0.004]*

Non-Students -0.043 -0.042 -0.010 138,387
[0.008]* [0.009]* [0.002]*

Leave Home -0.016 -0.016 -0.016 125,677
[0.007]** [0.005]% [0.005]*

Don't Leave Home -0.042 -0.039 -0.017 218,170
[0.005]** [0.007]* [0.003]**

Covariates No No No -

Age Specification Quartic Quartic Cubic -

Notes: The RD coefficients at age 19 are reportBéta come from the Medical Expenditure Panelrs/#897-2006. These results were derived from OLS
regression on age month cell means, where the tee@gh given by the number of observations in egghmonth grouping. Splines were estimated onreside

of the 19 years cutoff. No covariates are includ®abust standard errors in brackets. Standaotisewere clustered by age (in months).

* significant at 10%; ** significant at 5%; *** sigificant at 1%



Table4: Changein Self Reported Health Statusat 19

Specification for Age Excellent Health Good Hedlth

Mean of Dependent Variable 0.399 0.716

RD Estimates

Linear -0.021 -0.017 -0.006 0

[0.008]** [0.010] [0.007] [0.009]

Quadratic -0.010 -0.015 0.001 0
[0.011] [0.014] [0.011] [0.012]

Cubic -0.017 -0.022 -0.003 -0.002
[0.014] [0.018] [0.015] [0.017]

Quartic -0.019 -0.032 -0.014 -0.024
[0.020] [0.022] [0.022] [0.023]

Covariates No Yes No Yes

Number of Observations 72,589 47,268 72,589 47,268

Notes: The RD coefficients at age 19 are reported. Data come from the Medical Expenditure Panel, years 1997-
2006. These results were derived from OLS regression on age month cell means, where the weights are given by the
number of observations in each age month grouping. Splines were estimated on either side of the 19 years cutoff.
Covariates include dummies for male, white, msa, full-time student, married, never leave home, survey year, as well
asindicators for family income as a percentage of poverty line. Robust standard errorsin brackets. Standard errors
were clustered by age (in months).

* significant at 10%; ** significant at 5%; *** significant at 1%



Table5: Changein DaysMissed School or Work at 19

Specification for Age Miss Any Work Miss Any School

Mean of Dependent Variable 0.202 0.196

RD Estimates

Linear 0.007 0.005 -0.060 -0.038
[0.011] [0.015] [0.012]**+ [0.012]*+

Quadratic 0.024 0.003 -0.008 0.003
[0.016] [0.021] [0.012] [0.013]

Cubic 0.022 0.01 0.008 0.017
[0.022] [0.024] [0.015] [0.015]

Quartic 0.001 0.026 0.019 0.020
[0.027] [0.022] [0.019] [0.018]

Covariates No Yes No Yes

Number of Observations 72,589 22,636 72,589 22,636

Notes: The RD coefficients at age 19 are reported. Data come from the Medical Expenditure Panel, years
1997-2006. These results were derived from OLS regression on age month cell means, where the weights are
given by the number of observations in each age month grouping. Splines were estimated on either side of the
19 years cutoff. Covariates include dummies for male, white, msa, full-time student, married, never leave
home, survey year, as well asindicators for family income as a percentage of poverty line. Robust standard
errorsin brackets. Standard errors were clustered by age (in months).

* significant at 10%; ** significant at 5%; *** significant at 1%



Table6: Changein Medical Care Consumption at 19

Specification for Age Office Visits Visit for Mental lliness Dentist Visit Filled Prescription

Mean of Dependent Variable 0.104 0.012 0.054 0.273

RD Estimates

Linear -0.014 -0.014 0.001 0.002 -0.004 -0.005 -0.017 -0.017

[0.002]*** [0.002]*** [0.001]** [0.001]** [0.002]*** [0.002]** [0.007]*** [0.007]**

Quadratic -0.005 -0.005 0.001 0.002 -0.007 -0.008 -0.009 -0.022
[0.005] [0.004] [0.001] [0.002] [0.002]*** [0.003]** [0.011] [0.012]**

Cubic -0.008 -0.009 0 -0.001 -0.008 -0.013 -0.014 -0.022
[0.005] [0.004]** [0.001] [0.001] [0.004]** [0.005]*** [0.015] [0.013]*

Quartic -0.005 -0.005 0 0.002 -0.008 -0.008 0.007 0.018
[0.005] [0.004] [0.001] [0.002] [0.004]** [0.005]* [0.015] [0.008]**

Covariates No Yes No Yes No Yes No Yes

Number of Observations

343,847 215,109

343,847 215,109

343,847 215,109

72,589 47,306

Notes: The RD coefficients at age 19 are reported. Data come from the Medical Expenditure Panel, years 1997-2006. These results were derived from OLS regression on age month cell
means, where the weights are given by the number of observations in each age month grouping. Splines were estimated on either side of the 19 years cutoff. Covariates include dummies
for male, white, msa, full-time student, married, never leave home, survey year, as well as indicators for family income as a percentage of poverty line. Robust standard errors in brackets.
Standard errors were clustered by age (in months).

* significant at 10%; ** significant at 5%; *** significant at 1%



The Impact of Spousal Health Shocks on Perceptbhkealth
and Preventative Health Behaviour

By: Lori Timmins

|. Introduction

This research paper explores whether new informatacquired through exogenous health
shocks of family members, causes individuals tangkaheir perceptions of own health and their
health-related behaviour. In particular, the typekealth shocks that will be examined include:
acute health conditions, such as heart attacks@okles, the diagnosis of chronic ilinesses, such
as hypertension and diabetes, and accidental ésjamd falls. The manner in which individuals
and their spouses respond to the health shocle isubject of this study, with a focus on spousal
health behaviour. The outcomes of interest cemtréroad preventative health measures, such
as medical screenings, physical exercise, and all@id cigarette consumption. Additionally,
perceptions of health, as measured by self-repdneith and expected longevity, will be
examined.

This research question could provide insight irfte manner in which individuals respond to
new health information. In particular, an increaseertain types of preventative health care
could indicate the importance of saliency of illmesnd poor health habits in shaping health
behaviour. For example, if cancer screening is mesponsive to a cancer diagnosis than say to
a visit to the emergency department for injurynthieis suggests saliency plays a role. Along
these lines, Becker and Mulligan (1997) developheotetical model where an individual's
discount factor is affected by the ability to viBea the future, which in turn affects the optimal
stream of consumption (health consumption in thesgmt case). In this context, being able to
better visualize the consequences of poor healthresult in individuals changing their health
behaviour. The goal of this research project isexplain any findings in the context of a
theoretical model. Additionally, by examining hawtcomes are affected by different health
shocks, | will try to disentangle the mechanisna tive rise to the results.

Il. Previous Literature

To date, only a handful of studies have examinedittpact of family health shocks on health
perception and behaviour. The bulk of this literat focuses on smokers and cigarette
consumption and centres on the impact of own hedltitks. Smith et al. (2001) examine how
health shocks affect the expected longevity of smak They find that smokers react quite
differently than non-smokers after experiencingltheahocks in how they form beliefs about
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their longevity. In particular, smokers updateitheeliefs more dramatically when the shock is
smoking related. The authors also examine spoesdirhshocks on perceived longevity, finding
no effect for both smokers and non-smokers. Oae/olack of the Smith et al. (2001) study is
that it focuses entirely on risk-updating and l&genores changes in health behaviour
associated with the health shock that may in téfiechperceived health and longevity.

Clark and Etile (2002) examine the impact of chanigeself-reported health status, check-ups,
and chest or heart problems on the cigarette copsommof British adults. Instrumenting for
current consumption with lagged consumption, thid@s find that individuals reduce cigarette
use when their health declines; however, they dalter their consumption when their spouses’
health deteriorates. This study is narrow in scopthat it centres on an addiction model for
cigarette consumption. Thus, it cannot speak thir¢o the impact of health shocks on other
dimensions of health related behaviour, particylgrteventative health, such as obtaining
medical screenings, doing physical exercise, oragiug weight.

Christakis and Allison (2006) find that the hosjutation of one’s spouse increases the risk of
death for an individual, and this effect varieshwihe illness associated with the spouse’s
hospitalization. The authors hypothesize thatribgative impact of an illness on a partner can
work through increased stress; although, they daloanvestigate any mediating factors which
may play a role. Consequently, it remains unaeeaactly what factors are responsible for the
poorer health of individuals whose partners havenbespitalized.

Most of the previous economics literature examinimeplth shocks has focused on how
household labour supply is affected. While labswpply is not of prime interest in this study, it
may act as a mediating factor in determining healtttomes. The bulk of the studies focusing
on health shocks and labour supply find that irdiigls reduce their labour supply when they
themselves experience health problems, as migbekpected; however, the impact on a spouse’s
labour supply could theoretically go either wayn @nhe hand, individuals may act as caregivers
for their unhealthy spouse following a shock, redgdours worked. Additionally, if there is
complementarity of leisure time between coupleis, ity compel spouses to reduce their labour
supply when the unhealthy partner reduces the@enversely, there may be an added worker
effect, whereby individuals may increase work haarsompensate for any forgone wages of the
unhealthy spouse. The handful of empirical studiemining this generally do not find strong
evidence of the added work effect. For example]eC@004) finds that men slightly increase
their work hours following a health shock to theitves; although it's very small in size in
comparison to the reduction in their own labourpdypThere is no added worker effect for
women, on average; however, they modestly redueg thork hours when their husband’s
shock is severe. Gallipoli and Turner (2009) alsd tcant evidence of an added worker effect,
particularly for wives. These results are aligneith women acting as caregivers for their
unhealthy spouse. Charles (1999), on the othett,Fetamines spouse disability status and self-
reported health and find that men reduce theirdalsopply quite substantially in response to
wives’ poor health, whereas women significantlyr@ase theirs when their husbands are ill.
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This study examines how a range of health behav#affected by health shocks, with a focus
on spousal health shocks. Rather than focusirgysoh cigarette consumption or delineating
individuals by smoking status, this study examiaeSroader set of health behaviour such as
preventative screenings and routine medical chesk-uphysical exercise, and weight
management. It also examines how self-reportedtthead longevity is affected by health
shocks, taking into account that changes in hdmdtiaviour may affect these perceptions. If any
effects are found, possible mechanisms will be exadincluding saliency and labour supply
responses, with the goal of reconciling the findimgth a theoretical model.

[I. Empirical Methodology

The empirical strategy is to exploit exogenous theahocks between survey interviews to
examine their effect on health perception and bieliav There are two estimating equations of
interest which can be used to identify the efféwg, first using a difference-in-difference (DD)

approach and the second using individual fixedct$féFE). The estimating equation for the DD
is as follows:

(1) Health;; = f, + f1Postownshock;, + B,Postspouseshock + fzownX;, +
BaspouseX;; + fsownShock + BgspouseShock +
Year; + Month; + €;;

Here, Health; . is individuali’s health outcome of interest in perioedPostownshock;, is a
dummy for whether individuali is observed to have had a shock in the past;
Postspouseshock;, is a dummy for whether individuadls spouse is observed to have had a
health shock in the pastpwnX;, are covariates for individudl in periodt; spouseX;; are
covariates for individual's spousepwnShock is a dummy variable for whether individuais

ever observed to experience a health shock (i.e. irogerbefore or after); andspouseShock

is a dummy variable for whether individug$ spouse isver observed to experience a shock.
Year; andMonth, are year and month fixed effects in pertodhe coefficients of interest are
B and B,, which estimates the effects of own health shook apousal health shocks,
respectively, on individuals health outcomes.

The estimating equation for the FE model is a®wd:

(2) Health;; = yo + y,Postownshock; + y,Postspouseshock + yzownX;, +
ysSpouseX; + i + Year; + Month, + v;;

All variables are as discussed above, aisa fixed effect for individual. In the FE model, the
coefficients of interest ang andy,.



The identifying assumption for both models is ttegt timing of the health shock is uncorrelated
with  unobserved changes in health perception or awehbr. That s,

E (& |Postownshock; ) = 0, E(&;|Postspouseshock;,.) = 0, E(v;|Postownshock;,) = 0,
andE (v |Postspouseshock; ;) = 0. While to some extent people may anticipate th&eb of
illnesses, the actual realization and particulartytiming may be unanticipated. Thus, the
unexpected arrival of new health information isdugz estimate the effect of changes in own or
spousal health on health behaviour and percepfidre variation used for estimation of the DD
comes from comparing individuals who have and haseexperienced health shocks over time.
The DD approach allows for unobserved time-invdrfantors that is common to all individuals
who ever experience their own or their spouse’slithieshock. Meanwhile, the variation
exploited in the FE approach comes from examinirtgiwindividuals over time. That is from
comparing thesame individual before and after the health shocksltriore robust than the DD
approach in that it allows for a fixed effect a¢ timdividual level rather than a common shock.
A sufficiently long panel is required for the FEpapach to be able to estimate the individual
fixed effects.

The identifying assumption seems quite valid foutachealth shocks, such as heart attacks,
strokes, and cancer diagnosis. These are alsoypleedf shocks where the largest effects on
health behaviour are expected. For the diagnosishmnic illnesses, such as diabetes or
hypertension, the identifying assumption is lessoguous. It may be that the timing of
diagnosis is affected by health. This is partidylahe case of own health shocks on health
behaviour. There are checks | can provide thatloegp the validity of the identifying
assumption. First, 1 can look at whether obsewattaracteristics, including past health
changes, are associated with the timing of diagngsig. a discrete time hazard model).
Additionally, I can also do a sort of “placebo” téyy comparing the estimates of simply being
evaluated for the illness, but not being diagnosed,health outcomes. Zero effect would
strengthen the identifying assumption.

V. Data

In this study, there are two datasets which willbed to investigate the impact of spousal health
shocks on health perceptions and behaviour. Theié the Medical Expenditure Panel Survey
(MEPS), a comprehensive dataset on health careatitin, insurance coverage, and medical
expenditures. Itis produced by the Agency forltheare Research and Quality and draws from
a nationally representative sample of US familiex andividuals. Each individual is
interviewed five times over two full calendar yedevery year, a new panel of approximately
15,000 individuals is added to the survey. Thws, panels are always overlapping at any given
point in time, resulting in roughly 30,000 indivigls being interviewed each year. Initiated in
1996, the MEPS has interviewed 15 panels of indiaisl to date.



In each round of interviews, individuals are askddut their general health status, any health
conditions they are experiencing, as well as infdiam on their medical care consumption.
Each year, individuals are asked their BMI and fiteguency with which they do physical
exercise. MEPS verifies the accuracy of medicaé @nsumption by obtaining information
from medical providers individuals reported to haigited, such as hospitals, physicians, and
pharmacies. Information collected from these pifexs includes date of the visit, medical
illness, medical procedures taken, and prescriptiantten or filled. The medical provider
information does not collect information on whethibe purpose of the visit was to obtain
preventative health screenings; however, indivisluale asked annually whether they have
received certain screenings over the year, suchoatine physicals, blood pressure checks,
cholesterol screenings, pap smears, mammogramspsmbscopies.

In the MEPS, individuals are not asked whether thaye experienced specific illnesses. The
medical provider information provides a diagnoss €ach visit; however, it is difficult to
ascertain the actual timing of first diagnosis esea medical visits relating to diagnosis,
treatment, and management of the illness genecaltyiot be distinguished from one another.
Thus, for the present moment, | focus solely onrgemcy department visits relating to heart
attacks, heart failures, and strokes in order @mtifly which individuals have experienced a
health shock. Given the short time frame in whintiividuals are sampled in this dataset (i.e.
two calendar years), the MEPS can shed light iheoitnmediate effects of health shocks on
perceptions of own health and health behaviour.

The other dataset which will be used in this stisdhe Health and Retirement Survey (HRS), a
national longitudinal survey of Americans over 58ags old. The survey collects extensive
information on disability, physical health and ftinaing, income, and employment. Individuals
and their spouses are sampled every two yeakgasiiaunched in 1992, with the original cohort
consisting of individuals born between 1931 and119&very six years, a new birth cohort of
individuals over 50 years is added to the sample.

Each wave, the HRS collects information on selbregd health, physical functioning and
limitations, as well as prior and current healthgiioses. The survey also collects information
on individuals’ expected longevity. In terms ofalb behaviour, information is collected on
preventative screenings such as cholesterol, cabtmd pressure, and flu shots. In addition,
individuals are asked about their physical exerciggarette and alcohol consumption, and
weight gain/loss. For a subset of individualspinfation is also collected on time spent on daily
activities, including exercising, cooking at honeating outside the home, and treating medical
conditions.

To identify exposure to health shocks in the HRBgwents that occur between waves and are
new, serious health conditions will be treated aba@ck. For example, if an individual reported

no history of a cancer diagnosis in a previous waatereports one in the subsequent wave, then
this will be treated as a health shock. Typesedfth shocks that can be examined in the HRS
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include types of cancer, heart attacks, strokesyedisas chronic illnesses such as hypertension
and diabetes. Given that the HRS interviews bialyuit would be possible to look at longer
run effects of spousal health shocks, which the Blismot able to do.

The sample that will be used in both the MEPS &edHRS will be all married individuals in
the sample. Data from all waves will be used flwoth datasets.

V. Preliminary Results

Preliminary analysis has been done using the ME&S$iSing on health shocks arising from
emergency department visits for heart attacks &mo#less. For the moment, these two conditions
have been grouped together. Just over 1% of thelsas observed to have experienced a heart
attack or stroke (4,242 observations). Out of ¢htheat have heart attacks, 64% are male and
36% are female. Note that given the panel nattitbeodataset, where individuals are sampled
five times, the actual number of individuals witth@alth shock is less (998 individuals). Only
spousal health shocks, the central focus of thiepdave been examined to date using the DD
approach. Thus, all estimates reported belowarB,fas defined in equation (1) above.

Table 1 shows the impact of spousal heart attacékés on measures of self-reported health.
Individuals are asked about their physical and alehealth at each interview, where self-
reported health is recorded as a 5 point scales(lext, good, fair, poor, weak). | create aOto 1
index for each variable, where a value of 1 indisag¢xcellent health and a value of 0 weak
health. Additionally, | create two dummies for iner the individual reported being in excellent
health (1 if excellent health; O otherwise) oresdt good health (1 if excellent or good health; O
otherwise). This table shows that those whose sggohave suffered a heart attack or stroke
report a significant decline in their self-reporfguysical and mental health after the event. Most
of the decline appears to come from individualdarger reporting to be in good health, rather
than changes in being in excellent health. As @sden, the size of the estimated coefficients is
quite large relative to the means. Table 2 exasimdether husbands and wives are
differentially affected by spousal health shocK#is table shows that husbands are significantly
less likely to report being in excellent or good/gical health following a health shock compared
to females (4.7% difference) and in excellent oodyonental health (8% difference). Once a
male interaction is added to the specification,rttaén effects lose their level of significance.

The effects of a spousal health shock on days ohis®ek are shown in Table 3. Here, | create
dummies indicating whether the individual misseg¢ amork due to own iliness or for another
individual's illness (1 if miss work; 0 otherwise)n constructing these dummies, | only include
individuals who reported being in work. Additiolyall examine number of days missed work
both for those who report missing work as well @sdll those who work (i.e. those who do not
report missing any work are given a value of O days missed). Interestingly, although



individuals report to have a deterioration in hedttilowing a health shock of their spouse, there
is a decline in the probability of missing work fown illness by 5%. This suggests that
perceptions of health, rather than actual head#ifitmay be driving the results in Table 1. There
is a sharp increase in individuals reporting toehaussed work for others’ iliness following the
health shock. On average, those who miss worlatte for others miss approximately 3 days of
work following the health shock of their spouseable 4 examines how these effects vary by
gender. As can be seen, the main effects aresgfmlificant. Additionally, men are more likely
to miss work for own illness and miss more daysvofk for own illness following their wives’
heart attack. Interestingly, they miss fewer dafywork relative to women to care for others.

Tables 5 and 6 examine the impact of spousal hehtibks on the frequency of physician office
visits in a month. There is no impact on the pbilitg of having an office visit; although there
is marginally significant positive effect on themiper of office visits. This effect is still detedte

in the model that adds the interaction with maled &usbands have fewer doctor visits than
wives following the health shock of their spousables 7 and 8 examine the impact of spousal
health shocks on preventative health behaviour.er&hs no effect on preventative health
screenings, such as cholesterol and blood presfi@eks, and there is no effect on exercising
three times a week or more. A positive effecoisnd for body mass index (BMI); however, the
level of significance is marginal (10% significariesel). As Table 8 shows, the same patterns
persist when a male interaction is added to theitpation; however, husbands do not gain as
much weight following the health shock of a spocsepared to wives.

Future analysis will include other measures of theshocks and will investigate how outcomes
respond to each type of shock. The HRS datastbwilised for analysis, and the fixed effect
model will be estimated.  Additionally, the findi will be interpreted in the context of
theoretical models and possible mechanisms wiéxzemined.
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Table1l: Thelmpact of Spousal Health Shocks on Self-Reported Health

Variable Coefficient on Postspouseshock Mean Observations
Self-reported Physical Health (Index) -0.022 0.66 284,253
[0.009]**
Excellent Physical Health -0.018 0.24 284,253
[0.015]
Excellent or Good Physical Health -0.048 0.57 284,253
[0.017]**+
Self-reported Mental Health (Index) -0.026 0.75 284,253
[0.008]***
Excellent Mental Health -0.01 0.38 284,253
[0.017]
Excellent or Good Mental Health -0.056 0.69 284,253
[0.016]***

Note: The estimated coefficients measure the impact of a spousal heart attack or stroke on self-reported health outcomes. Robust standard errorsin
brackets. For the indices, higher values indicate superior health. For excellent and excellent or good health, these two variables were coded as 0/1 dummy
variables. Covariatesinclude dummies for male, white, msa, working, age, survey year and month, as well as indicators for family income as a percentage
of poverty line. Given that individuals were sampled multiple times over the sample period, the number of observationsis greater than the number of
individuals. * significant at 10%; ** significant at 5%; *** significant at 1%



Table2: Thelmpact of Spousal Health Shocks on Self-Reported Health with Male Interaction

Coefficient on Coefficient on

Variable Postspouseshock Postspouseshock x male Mean Observations

Self-reported Physical Health (Index) -0.016 -0.018 0.66 284,253
[0.010] [0.012]

Excellent Physical Health -0.01 -0.022 0.24 284,253
[0.017] [0.020]

Excellent or Good Physical Health -0.031 -0.047 0.57 284,253
[0.019]* [0.022]**

Self-reported Mental Health (Index) -0.015 -0.03 0.75 284,253
[0.009]* [0.012]***

Excellent Mental Health -0.003 -0.019 0.38 284,253
[0.019] [0.022]

Excellent or Good Menta Health -0.027 -0.081 0.69 284,253
[0.018] [0.022]***

Note: The estimated coefficients measure the impact of a spousal heart attack or stroke on self-reported health outcomes. Robust standard errors in brackets. For the indices, higher values
indicate superior health. For excellent and excellent or good health, these two variables were coded as 0/1 dummy variables. Covariates include dummies for male, white, msa, working,
age, survey year and month, as well asindicators for family income as a percentage of poverty line. Given that individuals were sampled multiple times over the sample period, the number
of observationsis greater than the number of individuals. * significant at 10%; ** significant at 5%; *** significant at 1%



Table3: Thelmpact of Spousal Health Shocks on Days Missed Work

Variable Coefficient onPostspouseshock Mean Observations
Miss Any Work for Own lliness -0.05 0.20 174,272
[0.024]*
Days Missed Work for Own lliness (if Miss) 2.417 6.87 34,991
[1.814]
Days Missed Work for Own lliness (Everyone) 0.30 1.37 174,272
[0.447]
Miss Any Work for Other's lliness 0.135 0.10 190,115
[0.017]=*
Days Missed Work for Other lliness (if Miss) 3.085 13. 19,395
[0.893]*
Days Missed Work for Other lliness (Everyone) 1.182 .310 190,023
[0.123]*

Note: The estimated coefficients measure the itnplea spousal heart attack or stroke on days misgek. Robust standard errors in brackets. @ates include
dummies for male, white, msa, working, age, sugesr and month, as well as indicators for familyoime as a percentage of poverty line. Given tigividuals
were sampled multiple times over the sample pethoelnumber of observations is greater than thebeurof individuals. * significant at 10%; ** siditant at 5%;
*** significant at 1%



Table4: Thelmpact of Spousal Health Shocks on Days Missed Work with Male I nteraction

Coefficient on Coefficient on
Variable Postspouseshock Postspouseshock x male Mean Observations
Miss Any Work for Own lliness -0.068 0.052 0.20 174,272
[0.026]* [0.031]*
Days Missed Work for Own lliness (if Miss) -0.943 905 6.87 34,991
[1.983] [2.604]*
Days Missed Work for Own lliness (Everyone) -0.606 685 1.37 174,272
[0.487] [0.578]
Miss Any Work for Other's lllness 0.131 0.012 0.10 19,
[0.018]* [0.022]
Days Missed Work for Other lliness (if Miss) 3.951 .9@5 3.10 19,395
[0.936]* [0.946]*
Days Missed Work for Other lliness (Everyone) 1.459 0.813 0.31 190,023
[0.135]7* [0.159]*

Note: The estimated coefficients measure the itnpflea spousal heart attack or stroke on days misgek. Robust standard errors in brackets. va@iates include dummies for male, white,
msa, working, age, survey year and month, as weldicators for family income as a percentageovkpty line. Given that individuals were sampledltiple times over the sample period, the
number of observations is greater than the numbiedividuals. * significant at 10%; ** significarat 5%; ** significant at 1%



Table5: Thelmpact of Spousal Health Shocks on M onthly Physician Office Visits

Variable Coefficient on Postspouseshock Mean Observations

Physician Visit 0.005 20.78 1,358,689
[0.006]

Number of Physician Visits (if Go) 0.103 1.88 310,907
[0.053]*

Number of Physician Visits (Everyone) 0.037 0.39 1,358,689
[0.019]*

Note: The estimated coefficients measure the impact of a spousal heart attack or stroke on physician office visits. Robust standard errorsin brackets. Covariates
include dummies for male, white, msa, working, age, survey year and month, as well as indicators for family income as a percentage of poverty line. Given that
individuals were sampled multiple times over the sample period, the number of observations is greater than the number of individuals. * significant at 10%; **
significant at 5%; *** significant at 1%



Table6: Thelmpact of Spousal Health Shocks on Monthly Physician Office Visitswith Male I nteraction

Coefficient on Coefficient on
Variable Postspouseshock Postspouseshock x male Mean Observations
Physician Visit 0.001 0.009 20.78 1,358,689
[0.007] [0.009]
Number of Physician Visits (if Go) 0.149 -0.134 1.88 310,907
[0.059]** [0.079]*
Number of Physician Visits (Everyone) 0.05 -0.035 0.39 1,358,689
[0.021]** [0.027]

Note: The estimated coefficients measure the impact of a spousal heart attack or stroke on phsyician office visits. Robust standard errorsin brackets. Covariates include dummies for male, white,
msa, working, age, survey year and month, as well as indicators for family income as a percentage of poverty line. Given that individuals were sampled multiple times over the sample period, the
number of observations is greater than the number of individuals. * significant at 10%; ** significant at 5%; *** significant at 1%



Table7: Thelmpact of Spousal Health Shocks on Preventative Health

Variable Coefficient on Postspouseshock Mean Observations

Blood Pressure Screening in Y ear 0.274 80.42 59,683
[0.218]

Cholesterol Screeningin Year 0.278 59.01 57,878
[0.262]

FHu Shot in Year 0.348 31.72 59,896
[0.242]

Pap Smear in Y ear 0.38 61.54 29,560
[0.334]

Breast Examin Year 0.629 66.07 29,674
[0.328]*

Mammogramin Y ear 0.008 47.48 114,998
[0.021]

Colonoscopy in Year -0.73 30.56 12,756
[0.460]

Do Physical Exercise 3 x per week 0.022 54.56 264,179
[0.018]

BMI 0.388 27.76 238,160
[0.221]*

Note: The estimated coefficients measure the impact of a spousal heart attack or stroke on preventative health care. All variables are expressed as 0/1 dummy
variables. Robust standard errorsin brackets. Covariates include dummies for male, white, msa, working, age, survey year and month, as well as indicators for family
income as a percentage of poverty line. Given that individuals were sampled multiple times over the sample period, the number of observationsis greater than the
number of individuals. * significant at 10%; ** significant at 5%; *** significant at 1%



Table8: Thelmpact of Spousal Health Shocks on Preventative Health with Male Interaction

Coefficient on

Variable Coefficient on Postspouseshock Postspouseshock x male Mean Observations
Blood Pressure Screening in Y ear 0.264 0.03 80.42 59,683
[0.218] [0.031]
Cholesterol Screeningin Year 0.282 -0.011 59.01 57,878
[0.263] [0.038]
Flu Shot in Y ear 0.358 -0.026 31.72 59,896
[0.242] [0.035]
Colonoscopy in Year -0.696 -0.103 30.56 12,756
[0.460] [0.063]
Do Physical Exercise 3 x per week 0.034 -0.032 54.56 264,179
[0.020]* [0.024]
BMI 0.596 -0.56 27.76 238,160
[0.247]* [0.301]*

Note: The estimated coefficients measure the impact of a spousal heart attack or stroke on preventative health care. All variables are expressed as 0/1 dummy variables. Robust standard errorsin
brackets. Covariatesinclude dummies for male, white, msa, working, age, survey year and month, as well as indicators for family income as a percentage of poverty line. Given that individuals were
sampled multiple times over the sample period, the number of observations is greater than the number of individuals. * significant at 10%; ** significant at 5%; *** significant at 1%
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1 Introduction

With rising rates of maternal employment, there has been a parallel growth in the demand
for accessible and affordable childcare across developed nations. Under mounting pressure to
meet these demands, many governments are adopting the explicit goal of expanding childcare
coverage, particularly to families with young children. A central debate in Canada that has
continued unabated over the past two decades is a plan for a national childcare program.
In recent federal elections, in particular, there has been much discussion on expanding the
number of government regulated childcare spaces and providing childcare subsidies to a
broader range of the population. Although childcare subsidies are not a recent phenomenon,
largely having been targeted at low income families in the past, policy makers, the public,
and researchers alike are all increasingly directing their attention to the role of publicly
funded universal childcare subsidies in improving childcare coverage.

While the costs and merits of universal childcare subsidies have been the source of many
heated debates in the political arena, unfortunately very little research to date has actually
been carried out on their impact on child developmental outcomes. With a growing body
of evidence finding that the early childhood environment plays a key influential role in
long run skill formation and that inequalities in skills are set early in life (e.g. Gregg and
Machin, 2000; Cuhna and Heckman, 2007), proponents of universal childcare argue that
the policy may assist in equalizing skills across children, benefiting disadvantaged children
in particular through the provision of an enriched environment outside of the home. It is
consequently important that evaluations of universal childcare programs are able to take
into account differential responses to the policy. The small, but quickly emerging, literature
examining the effect of universal childcare policies on child development outcomes finds mixed
results on the average outcomes across children. However, the bulk of the existing research
simply examines the mean impacts of the policy, largely ignoring heterogenous responses,
and consequently cannot evaluate whether one of the main justifications given for universal

childcare programs, namely that they help equalize skills across children, has any empirical



support.

This study aims to fill a gap in the existing literature by using a quantile difference-in-
differences (QDID) model to identify heterogeneous responses to a universal childcare pro-
gram in Quebec, Canada in terms of child developmental outcomes. In 1997, the government
of Quebec introduced universal subsidies for childcare, where families from all educational
and economic backgrounds became eligible for the heavily subsidized spaces of $5 a day.
Along with vast reductions in parental fees, the policy also included an expansion in the
number of regulated childcare spaces and stiffer requirements for childcare providers to ob-
tain government subsidies. It is, in fact, this childcare model that many politicians at the
federal level have discussed adopting for the rest of Canada. Given this policy cost the Que-
bec government millions of tax dollars to implement and would likewise cost the Canadian
government billions more to adopt at the national level, it is crucial that the merits of the
program are properly evaluated, including its impact on child development.

This research extends the work of Baker, Gruber, and Milligan (2008) who use a stan-
dard difference-in-differences (DID) estimator to find that the Quebec policy led to worse
outcomes, on average, for young children in terms of problematic behavior, health, and motor
skills. These results are interesting in light that household resources were effectively raised
by the policy, with increased maternal labour supply and cheaper childcare, and that the
policy created a large shift from informal care to care in registered centres, which are found
to be of higher quality than other forms of care in Quebec (Japel et al. 2005). While the
Baker, Gruber, and Milligan (BGM herein) study provides one of the first evaluations of a
universal childcare program, there remains little understanding on exactly what mechanisms
generated the negative reduced form mean estimates of the Quebec policy. Given universal
childcare programs are quite expensive to implement and are receiving increased public at-
tention in many developed countries besides just Canada, the findings of BGM beckon more
research to be done in the area so as to develop a clearer picture on precisely how universal

childcare programs affect children’s development.



As a first step in developing a deeper understanding of the effects of the Quebec policy,
in this paper I examine the existence of heterogenous responses by children to the univer-
sal childcare program. While reduced form estimates are still derived in this study and
consequently may be more limited than, say, a structural model in determining the exact
pathways the policy affected child development, the existence of differential responses to the
childcare program may nonetheless still shed light on important mechanisms at play and
may guide future structural work. Additionally, given that one of the most common goals
and justifications for universal childcare policies is that they level the playing field across
children, as discussed above, it is important to go beyond the mean. As Heckman, Smith,
and Clements (1997) discuss, knowledge on the distributional impacts is often critical for
evaluation as mean impact estimates cannot always provide the necessary information to
compute the true gains of a program because they can mask large variations in individual
responses. A case in point is the widely cited work of Bitler, Gelbach, and Hoynes (2006)
who examine the distributional characteristics of a welfare reform in the U.S. to find that
there was substantial heterogeneity in the response to the policy change and that their key
empirical findings could not otherwise be revealed by simply performing mean impact anal-
ysis. Thus, in some circumstances, it is necessary to go beyond the mean as average impacts
can miss a great deal.

This paper goes beyond the mean impact estimates of the BGM paper by using a quantile
difference-in-differences (QDID) estimator to evaluate the effect of the Quebec universal
childcare reform on the entire marginal distribution of motor skills and cognitive outcomes
for children in Quebec. To identify the effect of policy, the QDID approach uses the entire
pre and post-policy distributions of child developmental outcomes in the other Canadian
provinces to estimate a “counterfactual” distribution of development outcomes in Quebec
that would have existed in the post-reform period in the absence of the childcare policy.
The method used in this paper thus consequently allows one to test whether the impact of

reform is constant across the distribution of child outcomes, or whether the reform led to



larger changes at some parts of the distribution. The data used in this study come from the
National Longitudinal Survey of Children and Youth (NLSCY), which is a large, nationally
representative Canadian survey that collects detailed information on children’s development
and environment from birth through adulthood and is the same dataset used by BGM.

The findings in this study suggest that overall, there is little heterogeneity in the response
to Quebec’s universal childcare policy, at least in terms of motor skills and cognitive out-
comes. In fact, this study finds that the policy had little significant effect on these outcomes
at any point along the distributions, neither when the full sample of children is used nor
when the sample is split by child demographic characteristics. These results are robust to
different specifications and estimation techniques.

The remainder of the paper is as follows: Section 2 presents previous research on the
impact of childcare and early education programs on child development, as well as a brief
overview of the literature on non-maternal care more generally. Section 3 then describes
the Quebec universal childcare policy in more detail. The following section describes the
NLSCY and the primary variables of interest, while Section 5 presents the main empirical
methodology used in the analysis (the QDID estimator), as well as descriptive statistics.
Section 6 presents the findings of the study, with Section 7 discussing interpretations of the

results. Concluding remarks and directions for future research are given in Section 8.

2 Previous Research

There is a small but quickly growing literature on the effects of universal childcare poli-
cies on child outcomes, most of which focus on mean impacts. From this small collection of
research, there is no real consensus on the merits of universal care, with the studies finding
mixed results. Using a difference-in-differences estimator, Havnes and Mogstad (2009) find
that the introduction of universal care in Norway led to strong, positive long run outcomes

in terms of higher educational attainment, greater labour market participation, and a re-



duction in welfare dependency. Conversely, Datta Gupta and Simonsen (2010) find that
the expansion of universal pre-school and family day care in Denmark had no mean effect
on child non-cognitive outcomes for children in pre-school, but family day care worsened
outcomes for boys of low educated mothers. Again, BGM found that the universal childcare
program in Quebec resulted in poorer average child outcomes in terms of aggression, illness,
and motor development.

The only known study to date which has explicitly examined the distributional impacts of
a universal childcare program is recent work by Havnes and Mogstad (2010), who examine
the effect of a large scale, heavily subsidized childcare program in Norway on subsequent
adult earnings.! Using a threshold difference-in-differences model, they find that although
the mean impact of the program was insignificant, there were significant, positive effects over
most of the earnings distribution. Their study demonstrates how simply examining mean
impacts in the context of childcare may mask much of the policy’s impacts.

The effect of targeted (as opposed to universal) childcare subsidies on maternal labour
supply and childcare use has also received some attention, with most studies finding they
lead to increased maternal employment and formal childcare use (Meyers et al. 2002; Tekin,
2005; Blau and Tekin, 2008). Although less attention has been given to the effect of these
subsidies on child outcomes, a recent study by Herbst and Tekin (2010) finds that childcare
subsidies to low income U.S. families have negative effects on children’s math and reading
scores and lead to greater behavior problems, which the authors argue likely arise from
parents choosing low quality childcare.

Several studies investigate the mean impact of expansions of universal early education
programs, with most finding positive effects. For example, Cascio (2009) finds that the ex-
pansion of universal kindergarten in the U.S. in the 1960s and 1970s led to lower high school

drop-out and institutionalization rates for Whites, but had little effects for African Amer-

'Upon completion of the first draft of this paper, a recent working paper by Kottelenberg and Lehrer
(2010) was discovered which also examines the distributional impacts of the Quebec childcare policy on the
distributional characteristics of child cognitive test outcomes. A link to this paper can be found here.


http://jdi.econ.queensu.ca/sites/default/files/Kottelenberg,%20Lehrer%20-%202010%20-%20Reinvestigating%20Who%20Benefits%20and%20Who%20Loses%20from%20Universal%20Childcare%20in%20Canada.pdf

icans. Gormley and Gayer (2005) and Fitzpatrick (2008) examine the impact of universal
pre-kindergarten in U.S. states and both find that these programs lead to higher child test
scores, with the greatest gains accruing to disadvantaged children. The findings of Berlinksi
et al. (2009) echo these positive results in the context of a universal pre-primary education
program in Argentina.

A large body of research examines the effect of non-maternal care more generally on
child outcomes, with the evidence pointing to differential impacts across specific domains
of child development. Many studies find non-maternal care is associated with poorer child
socio-emotional adjustment, in terms of increased rates of at-risk levels of assertiveness,
externalizing behavior problems, and aggression (Bates et al. 1994; Belsky 2001; NICHD
2002, 2004, 2006, 2007). Additionally, longer hours of early non-maternal care is linked with
less harmonious parent-child relations and more conflict with adults, as marked by greater
levels of disobedience and non-compliance (Belsky 2001; NICHD 2003). On the other hand,
non-maternal care has also been associated with more positive, cooperative, and skilled peer
play (Scarr and Eisenberg 1993; NICHD 1998, 2001). In terms of cognitive and motor skills,
centre-based care is associated with stronger pre-academic math, reading, memory, and
language skills, while informal care is linked with poorer cognitive outcomes (NICHD 2000,
2002; Bernal and Keane 2010; Hickman 2006). The timing of care also seems to matter for
cognitive development, with more hours in centre care throughout infancy being associated
with lower pre-academic test scores at 4.5 years of age, although more time in centre care
during toddlerhood is associated with stronger language skills (NICHD 2004).

While many of the studies outlined above examine the impact of childcare and early
years programs on average child outcomes, only the study by Havnes and Mogstad (2010)
explicitly examines distributional impacts. The most common approach taken to investigate
heterogenous responses to early childcare policies is subsample analysis where average effects
are allowed to vary across child demographic and family characteristics. However, as shown

in the study by Bitler, Gelbach, and Hoynes (2006) for a welfare reform in the U.S., simply



performing mean impact analysis on defined subgroups of the population may not fully
reveal the impact of the policy; in their study, the intra-group variation in quantile treatment
effects greatly exceeded the inter-group variation in mean impacts, and the authors note that
simple mean impact analysis would not have revealed their key findings. This study takes an
approach similar to Havnes and Mogstad (2010) and different than the bulk of current early
childcare research to examine heterogeneous responses by looking at the program’s effect on

the entire distribution of child outcomes.

3 The Quebec Policy Change

In 1997, the province of Quebec experienced a major transformation of its early childhood
care and education system, known as the new Family Policy initiative. At the heart of the
reform was an overhaul of the early childcare setting, an expansion of school-age childcare
programs, and the introduction of full-day kindergarten. This study is concerned with the
first aspect of the Family Policy, namely the restructuring of the childcare system for young
children not yet of school age. Prior to the policy change, the demand for regulated childcare
spaces surpassed the number available, leaving the majority of young children in the province
without access to monitored care of a known quality. Given that the government provided
financial exemptions primarily to the poor, middle income families in particular had limited
access to care as they often did not have sufficient resources to pay for it (Tougas, 2002).

With the goal of fostering child well-being and development through improved educational
childcare, the government of Quebec undertook a significant restructuring of the childcare
system in the fall of 1997. Improvements in both the quality of and the access to regulated
care were central to this initiative, with sweeping reductions in parental fees, an expansion
in the number of regulated childcare spaces, and stiffer requirements for childcare providers
to obtain government subsidies.

The introduction of reduced rate spaces to families of all economic backgrounds was a



key aspect of the new Family Policy. All children aged 0 to 4 became eligible for subsidies
in regulated childcare spaces. Under the new scheme, parents only had to contribute $5 per
day per child for a regulated childcare space in the first few years of the program, which
was modestly increased to $7 a day in early 2004. Under this reduced rate pay scheme,
parents were allowed to leave their children in care a maximum of 10 hours per day and 261
days per year. For very low income families, fees were waived for up to 23 hours of care
a week and additional compensation of $3 a day was given to those accessing a $5 a day
space. The introduction of the reduced fees occurred in stages, with reduced rate spaces
initially being made available to 4-year olds exclusively in September, 1997. These spaces
then became accessible to 3-year olds in September 1998, 2-year olds in September 1999,
and by September 2000, all children under 5 years (0-59 months) became eligible for reduced
rate care. Given that all families were eligible for the reduced rate spaces and access was not
tied to parents’ employment, educational, or income levels, the reform essentially amounted
to a universal regulated childcare system. Since low income families were already receiving
targeted subsidies prior to the reform, the largest gains in reduced rate childcare spaces
accrued to middle and high income earning families.

Although the introduction of the new subsidy scheme was staggered by age, the excess
demand for regulated childcare spaces became exacerbated in the post reform period. Since
the bulk of regulated care spaces became available at the newly subsidized rate, queues
began to form. The government sought to address this shortfall by expanding government
subsidies to nonprofit, community-based organizations called centres de la petite enfance
(CPE). CPE’s were responsible for overseeing regulated care throughout the community in
both centre and family home settings. In general, the centres served as the organizational
nodes of the CPEs, while home based providers throughout the community formed as a
network affiliated with the neighbourhood centre. Typically, children over 2 years of age
were placed in centre care, while home care providers attracted the younger children. These

agencies were initially created out of the existing non-profit centres and family home care



agencies, but over time, new centres and family home providers were created. The expansion
of care in family homes, in particular, became integral to increasing the number of regulated
spaces in the province. While the government was successful in more than doubling the
number of subsidized spaces from approximately 74,000 in early 1997 to over 189,000 in
early 2005, growth was relatively slow in the initial year of the program. As outlined in
LeFebvre and Merrigan (2008), growth in subsidized spaces was less than 4% from 1997
to 1998 and most of the available spaces went to accommodate families who were already
using the existing regulated facilities. It wasn’t until the second year of the program that
the increase in subsidized spaces really took off, growing at over 25%, before tapering off to
about 7% growth in 2005.

In addition to increasing the number of regulated childcare spaces and reducing parental
fees, the policy also led to significant changes in the centre and home care environments.
To obtain government funding, all childcare agencies affiliated with CPE’s became subject
to a range of newly established regulations, including stricter requirements for the physical
environment and layout, the number of caregivers per child of a given age, and the educational
and training requirements of the childcare providers. The subsidies given to CPE’s by the
government were quite substantial, making up roughly 80% of these agencies’ operating
costs. The CPEs were also required to implement the government’s educational program,
which was based on a version of American High/Scope Educational Approach, whose aim
is to ensure the well-rounded development of children across all aspects of their personality
and effective motor, language, and socio-emotional skills (Tougas, 2002). Although most
childcare providers already had an educational curriculum in place, many were required to

modify their programs to meet the stricter requirements.
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4 Data Description

The data used in this study come from the National Longitudinal Survey of Children
and Youth (NLSCY), a nationally representative Canadian survey which collects detailed
information on children’s development and environment from birth through adulthood. The
study is designed to collect information about factors influencing a child’s social, emotional,
and behavioural development and to monitor the impact of these factors on the child’s de-
velopment over time. An extensive range of data are consequently collected in the NLSCY,
including measures of cognitive and motor development, socio-emotional skills, family eco-
nomic and educational background, the home environment, and childcare characteristics.
Most of the information is obtained from parents on behalf of their children through a
household interview. Direct measures of cognitive and motor development are collected by
the interviewers who directly administer tests and assess the children.

The NLSCY includes both a longitudinal and cross-sectional component and samples
children of all ages every two years, with seven data collections (called cycles) having taken
place to date. All samples of the NLSCY were drawn from the Labour Force Survey’s (LFS)
sample of respondent households. In addition to following the original longitudinal cohort of
children who were first sampled in 1994, the NLSCY places a particular focus on monitoring
the early childhood period by adding and following a new sample of infants and young
children at each cycle, who are primarily aged 0-5 years old.

The sample which will be used for the analysis consists of children less than 5 years of age
(i.e. 0to 59 months) in two parent households from all provinces across Canada. It is this age
group who would be most affected by Quebec’s universal childcare policy, while the exclusion
of those five years and older helps avoid confounding the effects of universal childcare with
those due to concurrent changes in Quebec’s kindergarten system and school-age childcare
programs under the new Family Policy. There are multiple reasons for which only two parent
families are included in the analysis. First, many single parent families in Quebec were

already receiving heavily subsidized childcare prior to the new Family Policy. Additionally,
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as BGM describe, there were changes in the Quebec welfare system that targeted single
mothers which were being introduced at the same time as the new Family Policy. Similarly,
some other provinces in Canada were making changes to their welfare systems in this period,
and given that a greater proportion of single parent families access these systems, they are
more likely to be affected by the changes. Such contemporaneous policy changes both in
Quebec and the rest of Canada consequently make it difficult to isolate the effect of the
universal childcare subsidy in Quebec on child developmental outcomes for children in single
family homes. It is for this reason that only children from two parent families are considered
in this study. Given that the work and childcare decisions of single parents are likely to
be quite different from those in two-parent households, this is an additional reason to focus
exclusively on only one group.

To isolate the impact of Quebec’s policy and net out the effects of the increase in the
reduced rate childcare fee in Quebec in 2004 (from $5 a day to $7 a day), only data obtained
prior to 2004 are analyzed in this study. Additionally, given that the expansion in new
subsidized childcare spaces was quite slow in the first couple of years of the reform, with
families already using the existing spaces being prioritized and regulated spaces being created
in already existing centres and family homes, I treat the post-reform period as commencing
in the fourth data collection cycle (from September 2000 onwards). Observations collected in
the third wave (October 1998 - June 1999) are consequently not included in the post-reform
sample because the concern that a large proportion of these children did not have actually
have access to a regulated reduced rate childcare space in Quebec. This procedure was also
taken in the BGM analysis, which will facilitate comparisons between the results of this
study and theirs. Thus, the pre-reform sample consists of children in Cycles 1 and 2 (data
from December 1994-April 1997), while the post-reform sample includes children in Cycles
4 and 5 (data from September 2000-June 2003). In total, 35,950 children meet the criteria
listed above in terms of age, family type, and NLSCY cycle and form the main sample in

this study.
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The key child developmental measures which are the focus of this study are: i) the
Motorized and Social Development (MSD) Scale, and ii) the Peabody Picture Vocabulary
Test- Revised (PPVT-R). The MSD Scale is designed to measure motor, social, and cognitive
development of children aged 0-47 months. It consists of a set of 15 questions which vary
by the age of the child, asking the person most knowledgeable about the child, usually
the mother, whether or not the child is able to perform a specific task. The scales are
standardized by one month age groups, with the mean MSD score being 100 and a standard
deviation of 15 across all age groupings. The PPVT-R was designed to measure receptive
or hearing vocabulary for children aged 4-5 years and is a widely used scale for measures of
verbal intelligence and school readiness. The PPVT-R was administered by the interviewer
through a computer assisted interview. The scores are standardized by two month age groups
so as to allow comparisons across age groups, with a mean of 100 and a standard deviation of
15 for all age groupings. While BGM also investigate non-cognitive outcomes in their mean
DID estimates, the estimation of quantile treatment effects for these outcomes becomes more
difficult as these variables are discrete and exhibit significant heaping. As such, this study
focuses exclusively on the two continuous measures of motor and cognitive skills described
above.

A range of information on childcare use and care arrangements was also collected in
the NLSCY. Details on the type of care, the number of hours per week in care, as well as
basic characteristics of caregivers and the care environment are included in the survey. This
information is reported by the parents of the child. Although there is detailed information
on the mode and hours of childcare, data on the price which families paid for care were not
included in the NLSCY until the seventh cycle. Additionally, no information was collected
on whether the child had a reduced rate childcare space. Consequently, there is no knowledge
of whether a child living in Quebec in the post-reform period was actually directly impacted
by the Family Policy in terms of a change in their childcare arrangements. As will be

discussed below, this paper circumvents this lack of information by estimating an intention-
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to-treat (ITT) effect, which is a common approach taken in the empirical literature when
only random assignment to treatment is observed but the actual take-up of treatment is not.
Further details on the I'TT, the empirical methodology used in this paper, and descriptive

statistics are discussed in the section below.

5 Empirical Strategy

This paper uses a difference-in-differences (DID) model to estimate the impact of the
universal childcare program in Quebec on the entire distribution of child developmental out-
comes, as measured by the MSD and PPVT-R scores. Children in Quebec are observed
before and after the 1997 policy change and form the treatment group in this study. The
control group will be made up of children of the same age from all other Canadian provinces,
where there were no major childcare policy changes throughout the period of analysis that
targeted children from two parent families. It is the effect of the new Family Policy on the
treatment group (i.e. Quebec) which will be the focus of this study. As it will be discussed
in detail below, identification is achieved by using the comparison group’s pre- and post
distributions to construct a “counterfactual” distribution of outcomes that would have pre-
vailed in the treated group in the absence of the policy. In this study, the quantile treatment
effect will be defined as the horizontal distance between the observed marginal distribution
of outcomes in Quebec in the post-reform period and the counterfactual distribution. This
approach then essentially permits the estimation of the policy change on any feature of the
Quebec distribution.

It should be noted clearly that although heterogeneity is allowed to exist across children
with respect to differential treatment effects and time trends in this study, the treatment ef-
fect for a particular individual child cannot be identified without invoking additional, stronger
assumptions. In particular, one assumption sometimes made in the literature to identify the

effect for an individual is that an observed child would maintain her rank in the distribution
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regardless of her actual treatment status. This is referred to as the “rank preservation”
assumption in the literature (Heckman et al. 1997). When rank preservation holds, then
the horizontal difference between the two marginal distributions will identify the individual
treatment effect for those at a given threshold. However, given that the rank preservation
assumption is quite strong, this study does not attempt to identify treatment effects at the
individual level, and instead, the focus is on the distributional effects of the childcare re-
form. As such, all quantile treatment effects in this study should simply be thought of as
identifying the difference in quantiles, at a given threshold level, between the observed and
counterfactual in Quebec in the post-reform period.

As was touched upon above, due to a lack of information in the NLSCY on whether a
child actually receives subsidized care, this study estimates an intention-to-treat (ITT) effect
rather than the treatment on the treated (TT) effect. The ITT gives the full impact of the
universal childcare policy on the developmental outcomes of all children in Quebec eligible
for subsidized care, regardless of whether or not their childcare arrangements were actually
affected by the new Family Policy. Usually, however, the TT effect is of most interest to
policy makers as it measures the change in outcomes for those whose childcare arrangements
were affected (i.e. the treated). As will be discussed below, there are various ways in
which treatment can be defined with the new Family Policy, and estimates will be obtained
to measure exactly what proportion of children are “treated” under various definitions of
treatment. Although the T'T effect is often of most interest, there are a couple of advantages
of examining the I'TT rather than the TT. First, estimation of the I'TT circumvents potential
endogeneity issues, as clearly the take-up of regulated, reduced fee childcare spaces is not
exogenous. Additionally, the I'TT captures any peer effects resulting from the new Family
Policy, whereby the childcare arrangement of one child is allowed to affect the outcomes of
another child. Under the assumption that the developmental outcomes of untreated children
were unaffected by the new Family Policy (i.e. no peer effects), then the ITT and the

TT differ only by some scaling factor. This scaling factor is given by the inverse of the
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proportion of eligible children who are actually treated in Quebec, and multiplying the I'TT
by the scaling factor gives the TT. When the proportion of eligible children that are treated
approaches unity, then the I'TT approaches the TT.

In the following subsections, I will briefly provide an overview of the standard DID
model, which is used to identify the average ITT effect of the universal childcare program
on Quebec children. This is the estimation strategy used by BGM. Then, I extend its main
ideas to the quantile difference-in-differences model (QDID) which will be used to identify
heterogeneous treatment effects across the distribution of outcomes of children in Quebec.
Descriptive statistics for both the child developmental scores (MSD and PPVT-R) will then
be presented, along with statistics on covariates, childcare arrangements, and the household
environment. The following section of the paper will then reveal the estimates of the impact

of the new Family Policy on the children of Quebec.

5.1 The Standard DID Estimator

The typical notation used for the standard DID is as follows: Child ¢ belongs to group
G; € {0,1} where G = 1 if the child lives in the treatment province (i.e Quebec) and G =0
otherwise. In a simple model where there are only two time periods (i.e. pre and post-reform),
child i is observed in T; € {0,1}, where T" = 0 denotes the pre-reform period and 7' = 1
the post-reform period. Also, let Y; denote child i’s observed MSD or PPVT-R outcome.
Thus, for a given child 7, the triplet (G;, T}, Y;) is observed. Following the potential outcomes
literature motivated by Rubin (1978), let ¥, denote the outcome of individual 7 when she is
not treated and Y;' denote the outcome of this individual when she does receive treatment.
Clearly only Y or Y;! is observed at a given point in time, but not both. Let I; denote an
indicator for whether child i is treated, with I; = 1 if she is and I; = 0 otherwise. To simplify

matters, assume for the moment that all children eligible for universal childcare are actually

treated, and later on, further notation will be introduced to relax this assumption. Then,
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the observed outcome for child 7 is given by:

1) Yi=¥0 4 (- YOI,

In the standard DID model, if outcomes are linear in covariates, X, then the outcome for

child 7 in the absence of treatment can be written as:

where v represents the time effect and d represents the group fixed effect; X; is a 1xk vector
of covariates for child i; [ is a kxl vector of coefficients on these covariates; and ¢; is an
unobserved component that affects outcomes.

Note that by definition, the average treatment on the treated (TT) effect, APTP is given

by:

(3) APIP = EIVHG =1,T =1] - E[Y?|G =1,T = 1]

The problem in estimating the above is that the last term on the right hand side, namely
E[Y?|G =1,T = 1], is not observed. The focus of the standard DID model is consequently
how to construct a proper counterfactual to estimate this unobserved term. In the standard
DID model, the unobserved component ¢; is assumed to be independent of group assign-
ment and time, ¢, 1 (G;, T}, ), meaning that the underlying distributions of unobservables is
identical across all groups and time periods so that universal childcare eligibility status isn’t
related to unobservables (i.e. the unconfoundedness assumption). Under this assumption,
the average treatment on the treated effect (conditional on X) in the standard DID model
is:
APIP|X = [E]Y;|G =1,T =1,X]| - E[Y;|G=1,T =0, X]]

4
@) _[E[Y)|G=0,T=1,X] - E[Y}JG=0,T =0, X]]
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and the unconditional average treatment on the treated effect is given by:

ADPID  _ E[ADID|X]
(5) = [EY;|G=1,T=1]-EY;|G=1T = 0]
— [EYi|G=0,T=1] - E[Y;|G=0,T = 0]

Thus, the identifying assumption used to generate the counterfactual for the average outcome
of the treated group in the absence of treatment is that there is a common time trend across
Quebec and the other provinces which is unrelated to the policy change. Equation (5) above
shows how subtracting the average difference in outcomes over time in the control group from
the treatment group removes this common time trend and identifies the treatment effect.

That is, the identifying assumption amounts to assuming:

o EIYR|G = 1,T = 1] - BYY|G = 1,7 =0

= EY’|G=0,T=1]-E[Y’|G=0,T =0
In practice, the standard DID estimator is often obtained by assuming the treatment effect
is constant across individuals, such that AP'P? = Y! —Y? for all i and then running a simple

OLS on the following model to estimate APP:

(7) Y; = a+4T; +6G; + APPL + XiB + €

To estimate the standard DID effect in this study for the I'TT, I simply extend the two-period,
two-group model above to the case where there are multiple time periods (four in total for
NLSCY cycles 1, 2, 4, and 5) and multiple groups (10 provinces in total). Additionally,
I relax the assumption that all Quebec children eligible for universal care were actually
treated in the post-reform period. To do this, I simply replace the indicator I; in equation
(7) with an indicator for whether the child is eligible for universal, subsidized care, denoted

by ELIG;. ELIG =1 if the child is eligible for subsidized care (i.e. is observed in Quebec
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in the post-reform period and is of eligible age) and FLIG = 0 otherwise. Then, I estimate

the following model using OLS:

4 10
(8) YVi=a+Y %wli+ Y 6;Gji+0ELIG; + X;8 +¢;

k=1 j=1
where Ty; for k € {1,2,4,5} denotes the NLSCY cycle in which child i is observed; 7y is
the coefficient associated with time period k; Gj; denotes the province of residence of child
i where j € {1,2,...,10}; and ¢; is the province fixed effect for province j. Here, 6 is the
primary coefficient of interest and is an estimate of the average I'TT effect. Again, under

APIP as the proportion

the assumption of no externalities or peer effects, 6 will approach
of eligible children who are actually treated approaches unity. This basic model is extended
to the case where heterogeneous responses to the universal childcare reform are of primary

interest.

5.2 Quantile Difference-in-Differences (QDID)

Consider again the simple two-group, two-period model described above. To estimate
the quantile treatment effects, further notation must be introduced.? To ease notational
burden, I drop the subscript ¢ and treat (Y, G, T) as a vector of random variables. Further,

it is assumed that:
Y‘g?t —d Y0|G:g,T:t Y;]lt —d Y1|G:g,T:t
and Yy =q Y|G=9,T=t

where — 4 is shorthand for “distributed as”. The (unconditional) cumulative distribution
functions corresponding to the above are denoted by Fyoy, Fyi,, and Fyg4 respectively.
Additionally, let the inverses of the distribution functions (i.e. the quantile functions) be

denoted by

2The notation used in this section is based on a model by Athey and Imbens (2006).
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C]St(T) = F;plgt(T) qét(T) - Fgallgt(T)

and qo(T) = Fg;t(r)

where 7 is some real number such that 7 € (0,1) and is the threshold level of interest. The
distributions of outcomes which are observed are: Fyoyg, Fy111, Fyooo, and Fyog; as are their
respective quantile functions. The distribution of outcomes which is not observed is Fyoyq
that is, the distribution of outcomes for children in Quebec in the post-reform period that
would exist in the absence of the new Family Policy. This study is concerned with estimating
this counterfactual distribution, which will be denoted by F}%nv
q51(7)-

The approach taken in this study to estimate the counterfactual distribution Fx%n uses

and its inverse, denoted by

the quantile difference-in-differences model (QDID), where quantile changes in the compar-
ison group over time at a given threshold level, 7, are used to identify the counterfactual
quantile for the treated group. As mentioned previously, in this study the quantile treatment
effect for a given 7 is defined as the horizontal distance between the distribution functions

of the post-reform treatment group and its counterfactual. That is,

(9) AQPIP () = g1y (1) — g3 (7)

where AYPIP (1) is the quantile treatment effect in the QDID model for a given threshold
level 7. In the QDID model, the counterfactual quantile at the 7-th percentile is constructed

as:

(10) Q1C1(T) = Q?O(ﬂ + [Q81(7) - qgo(T)]

Just as in the standard DID model, the identifying assumption for the QDID estimator
to give an unbiased estimate of the impact of the childcare reform for a given threshold
level, 7, is a common time trend assumption as outlined in equation (10). Here, however,

the assumption is more stringent than in the standard DID model in that a common trend
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is assumed to hold at each threshold level, 7, whereby it is assumed that the change in the
quantile value at the 7-th threshold would be same between the treatment group and the
control group in the absence of the reform. It should be noted that the QDID does not put
any limitations on differences in the shape of the distribution functions between the treatment
and control groups at a given point of time. Rather, the QDID achieves identification of
the treatment effect by putting restrictions on the changes in these distributions within each
group over time. Also, just as in the standard DID model, unconfoundedness is assumed to
hold, so that ;L (G;,T;).

Given that fixed effects for each province and each NLSCY cycle are controlled for in the
estimation, as will be seen explicitly below, the effect of the new Family Policy in Quebec
for a given threshold value, 7 is identified by the change in quantiles in Quebec, relative to
other provinces, in the post-reform period (cycles 4 and 5) compared to the pre-reform period
(cycles 1 and 2). Thus, it should be noted that a disadvantage of both the standard DID and
the QDID models is that any Quebec-specific shocks that coincide with the 1997 childcare
policy will bias the estimates as neither of the models are able to separately identify this
shock from the introduction of the policy. Similarly, if any other policies were implemented
either in Quebec or the rest of Canada during this time which affected child outcomes,
there would be a bundling problem as the DID estimator cannot disentangle the new Family
Policy from any other policy, resulting in biased estimates. Related to this, if Quebec
had different labour market trends compared to the rest of Canada and these trending
labour market characteristics affected child outcomes, then again the DID will give biased
estimates of the universal childcare policy. Recent research suggests that family income has
a significant, positive causal effect on children’s development.? If this is the case then, given
that the early 1990s in Canada were characterized by a deep recession and the early 2000’s
by high economic growth, any differential trends between Quebec and the rest of Canada in

terms of the improving labour market could plausibly result in different child development

3See Dahl and Lochner (2008) who use changes in tax credits in the US to find that family income has
a positive, significant effect on children’s children math and reading scores.
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trends which would again violate the assumptions of the DID framework. Similarly, if family
income has a causal impact on child outcomes and if parental work preferences were changing
differentially across the regions over time, again the standard DID and the QDID estimators
may be biased.

An additional requirement for both the standard DID and the QDID estimator to give
unbiased estimates is that the introduction of the Quebec policy must really have been ex-
ogenous to child development outcomes. That is, it cannot be that the introduction of the
policy was in response to contemporaneous labour and child development conditions; oth-
erwise, there would be issues of reversal causality, leading to biased estimators. BGM note
that they find little evidence to suggest that the Quebec policy arose from any contempora-
neous developments in Canada or the rest of Canada and was instead the result of a lengthy
public discourse, suggesting that such political endogeneity is unlikely. In addition, the DID
estimator rules out the existence of any pre-treatment effects, whereby Quebec parents re-
acted in anticipation of the policy prior to its actual introduction. Again, if there were any
pre-treatment effects, both the standard DID and the QDID would result in biased estimates
of the new Family policy.

While there are similarities between the standard DID and the QDID models, under the
identifying assumptions outlined above, the QDID approach allows the estimation of the
treatment effect across the treatment group’s entire distribution of outcomes, whereas the
standard DID only examines the mean treatment effect. The standard DID will only render
the same estimates as the QDID estimator in the case where there’s no heterogeneity.

It should be emphasized that the QDID model estimates treatment effects at various
quantiles of the marginal distribution rather than of the conditional distribution as is made
clear in equation (9) where APPIP(7) is not a function of any covariates. However, as
Frolich and Melly (2010) note, including covariates in the analysis can help increase the
efficiency of the estimators and can also control for any systematic differences in the set of

observable covariates between Quebec and the other provinces which may have motivated
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the introduction of the new Family Policy in the first place. Consequently, covariates will
be included in the estimation of the Quebec childcare policy. The steps taken to estimate

the QDID are described next.

5.3 Estimating the QDID Model

In order to derive the QDID estimates across the distribution of the outcome variable,
two methods were used to evaluate the robustness of the results to the estimation technique.
The first involves running a series of regressions of a transformation of the outcome variable
on the set of covariates and treatment status indicator, using a recent estimation technique
proposed by Firpo, Fortin and Lemieux (2009). This approach will be referred to as the
FFL approach. The second estimation method involves an estimation procedure proposed
by Firpo (2007), where covariates are used to construct observational weights and estimation
does not require any computation of densities, unlike the FFL approach. This method will
be referred to as the Firpo (2007) approach. Each is described in detail below.

The FFL approach is a relatively new regression method that can be used to evaluate the
impact of changes in explanatory variables on the quantiles of the unconditional distribution
of an outcome. As is well known, the standard conditional quantile regression model (e.g.
Koenker and Bassett 1978) is not particularly helpful for estimating unconditional quantile
treatment effects because, unlike the standard OLS regression, the average of conditional
quantiles estimates is not equal to the unconditional quantile and the difference between the
two can often be very large. The FFL methodology addresses this issue by estimating the
effect of a change in covariates on the unconditional quantile using the recentered influence
function (RIF) as the dependent variable in a linear regression framework. In particular,
the influence function (IF) provides the influence or contribution of each data point to the
7-th quantile of Y, ¢, and is given by IF(Y,q,, Fy) = (1 — {Y < ¢.})/fy(q,), where 1 is
the indicator function and f,(¢,) is the density of y evaluated at ¢;. Adding back the value

of the 7-th quantile to the influence function then gives the recentered influence function
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(RIF). Thus, the RIF can be written as follows:

RIE(Y;a qdr, FY) =dqr + (7_ - 1{Y S QT})/fY(QT)

Note that the expected value of the RIF will be ¢, itself. Importantly, ¢, can be expressed
in terms of the conditional expectation of RIF given a set of covariates X using the law of
iterated expectations.

FFL show that by using the RIF as the dependent variable in an OLS regression on a
set of covariates, the estimated coefficients on the covariates give the unconditional quantile
(partial) effects. It should be noted that running a regression of RIF on a set of covariates
X amounts to running a linear probability model for whether the observed outcome of
individual 4, Y;, is above the quantile of interest (i.e. Pr[Y > ¢.]), but here in the case of
RIFs, the coefficients must be divided by the density evaluated at that quantile.

Prior to running regressions, an estimate of the RIF must first be derived. This involves
estimating both ¢, and fy(g,), which can be done with the usual 7-th sample quantile (e.g.
as outlined by Koenker and Bassett 1978) and a kernel density estimator, respectively. In my
estimation, the Gaussian kernel is used. Then, for a given value of 7, the following regression

is Tun with OLS to estimate the quantile treatment effect of the reform at 7-th quantile:*

4 10
(11) RIF(Yiqr Fy) =" + Y 7iTi+ Y 07Gj + 0" ELIG, + X5 + €]
k=1 j=1

All variables are defined as in the standard DID model, except here each coefficient
represents the effect of a change in a given covariate on the unconditional quantile, where
the threshold level is given by 7. In the empirical analysis, X consists of the following
covariates: child age and gender; parental education (grouped into high school dropout, high
school graduate, some post-high school, and university degree); parental age (grouped into 5-
year categories, starting with 16-20 and ending with 46+); parental immigration status; the

size of the urban area (grouped into five categories of population size: rural, under 30,000,

4Note this is done automatically with the rifreg package in Stata developed by FFL.
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30,000-99,999, 100,000-499,999, and 500,000+ ); and number of older and younger siblings
(each grouped into three categories: zero, one, and two or more). Note that because income
is endogenous to the labour supply response, which the Quebec policy likely affected, it is
not included in the analysis; although, the inclusion of parental education will partly control
for family socioeconomic background.

The parameter of interest in equation (11) is 67, which gives the ITT estimate of the
quantile treatment effect of being eligible for universal childcare at the 7-th threshold level.
In the empirical analysis, I estimate the impact of the reform at all 1-99 percentiles. Note
that the estimator derived from (11) will be consistent so long as Pr[Y > ¢,] is linear in
covariates X. In their 2009 paper, FFL discuss how to implement more flexible estimators
with the RIF.

The second method to estimating the quantile effects follows an approach developed by
Firpo (2007), which he outlines is only appropriate when selection into treatment is random
or may be based on observable characteristics. As discussed above, there is little evidence
to suggest that the introduction of the new Family Policy was related to contemporaneous
labour and child development outcomes in Quebec, and consequently, the Firpo method
seems appropriate to use in the present case. There are two steps for the Firpo approach
to be implemented. First, a propensity score is estimated for being in the treatment group
(i.e. Quebec), which is denoted by P(X). This was done by using the predicted value of a
logit regression of being in the treatment group on the covariates X. It should be noted that
the Firpo method does require the assumption of common support, meaning 0 < P(X) < 1,
which implies that for all values of X, both treatment and comparison assignment have a
positive probability of occurrence. The second step of the Firpo method involves computing
the sample quantiles for each group in each time period in the usual fashion (e.g. Koenker
and Bassett 1978) by minimizing a sum of check functions, except here, the check functions
are weighted by a factor relating to the probability of being in the treatment group (i.e. an

inverse probability weighting scheme). As Firpo(2007) shows, the weighting function for an

25



individual is given by:

B Qi 1-Q
(12) N R 159

where (); is an indicator for whether the child lives in Quebec (with @ = 1 if she does
and @ = 0 if she does not), N is the total number of children in the sample, and P(X ) is
the estimate of the propensity score obtained in the first step.

Consider again the simple two group, two period case. Then, for a given group g € {0, 1}

at time ¢ € {0, 1}, the estimate of the 7-th quantile is given by

N
(13) Jor(T) = argmqinz Wi - po(Y; — q)
=1

where the check function p,(-) evaluated at a real number a is p,(a) = a- (7 — 1{a < 0}).
As Firpo (2007) points out, the weights used in the check functions reflect the fact that the
distribution of the covariates differs between the comparison and treatment groups.

The counterfactual quantile for the treated group using the Firpo method in the two-

group, two time-period simplification is then given by:

(14) a1 () = Go(7) + dov (T) — doo(7)]

The quantile treatment effect is then defined as in equation (9) by plugging in ¢§] (7) above
and ¢1,(7), as derived in (13). In the estimation, multiple groups and time periods were used
to derive the quantile treatment effects. In particular, the quantile treatment effects were
calculated for 36 different combinations obtained by varying the comparison province (9
possible provinces) and by varying the pre/post-reform time period (4 possibilities: Cycles 1
and 4; Cycles 1 and 5; Cycles 2 and 4; Cycles 2 and 5).> As Athey and Imbens (2006) point

5Note: The Firpo estimation was carried out using the fvgte command developed by Frolich and Melly
(2010). Given this is a multistage estimator, the standard errors were bootstrapped based on 199 draws
from the original sample (with replacement) whereby observations were independently drawn within each
province and each NLSCY cycle so as to ensure that each bootstrap sample has the same proportion of
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out, each of these combinations should provide consistent estimates of the actual treatment
effect. The overall quantile treatment effect then was derived as a weighted average from the
36 different combinations, where the weights are based on the number of children observed
in each province in a given time period. Again, the impact of the reform is estimated at all
1-99 percentiles using the Firpo method.

Although the two approaches taken to estimate the quantile treatment effects are dif-
ferent, each relies on the same identification assumption outlined in equation (10). The
primary difference between the two is that the Firpo approach is more flexible than the lin-
ear FFL estimating equation in (11). The estimates of the quantile treatment effects using
each estimation technique, along with estimates from the standard DID, are provided in the
following section. First, however, the descriptive statistics for the dependent variables (MSD

and PPVT-R) and the control variables are presented below.

5.4 Descriptive Statistics

Tables 1 and 2 show the values of the MSD and PPVT-R scores at different percentiles
in Quebec before and after the introduction of the universal childcare program in 1997. The
differences in percentiles between Quebec and the rest of Canada in the pre and post-reform
periods are also provided in these tables. Table 1 shows that the values of MSD scores in
Quebec at various percentiles are lower after the reform compared to before, dropping by 1-2
points. For the mean, the average MSD score slightly increased. Additionally, the pre-reform
MSD values are lower in Quebec than the rest of Canada at almost all percentile levels, in
addition to at the mean, with the exception of the 10th percentile, where the scores were the
same. Interestingly, the last two columns of Table 1 show that the gap between percentiles
across regions grew larger in the post-reform period, particularly at the lower percentiles,
where the difference increased by three points at the 25th percentile and two points at the

10th percentile, leaving Quebec faring even worse in the post-reform period.

observations from each province and each cycle as in the original dataset.
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The same general patterns for the PPVT-R scores can be seen in Table 2, where the pre-
reform scores in Quebec are lower in the post-reform period at the lower threshold levels.
Again, the mean is slightly higher in Quebec in the post-reform period. Additionally, the
rest of Canada had higher scores at the 25th, 50th, and 90th percentiles in the pre-reform
period. Again, examining the last two columns of Table 2, the same general pattern holds
as in the case of the MSD scores, where Quebec fares relatively worse in the post-reform
period compared to the other provinces at almost all threshold levels (the only exception is
the 90th). The relative decline in Quebec scores is again most stark at the lowest percentiles,
where the gap between the two regions increased by five and three points respectively for
the 10th and 25th percentiles.

Descriptive statistics of covariates, childcare characteristics, and the home environment
in Quebec and the rest of Canada before and after the reform are presented in Table 3. The
top of the table shows the means and standard deviations of the covariates, X, included in
the analysis. With the exception of age (child and parents’) and number of siblings, which
are continuous variables, all the covariates have been expressed as 0/1 dummy variables for
the construction of this table. Table 3 shows that the values of the covariates are quite
similar in Quebec and the rest of Canada in both periods, with the exception of parent
immigration status where the proportion of immigrants is higher in the rest of Canada. Most
importantly, however, is that there are no noticeable differential trends in these covariates
across the treatment and control groups between the pre and post-reform periods. This is
encouraging in that any substantial changes over time in the demographics of children across
Quebec and the rest of Canada may suggest there are also unobserved compositional changes
in a region, which would violate the assumptions outlined in the empirical strategy.

Table 3 also shows descriptive statistics of childcare characteristics in Quebec and the
rest of Canada across time. Again, all variables with the exception of hours of care, which is
continuous, have been expressed as 0/1 dummy variables for the construction of this table.

As expected, there is a large increase in the proportion of Quebec children in care between
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the pre-reform (42%) and post-reform periods (62%), a trend which is not observed in the
rest of Canada to the same extent. The types of care that experience the largest proportion
of growth in Quebec are i) institutional care (increase from 11% to 30%), which consists
primarily of centre care, but also includes nursery and pre-school, and ii) licensed care in
others’ homes (increase from 5% to 11%). Note that this is aligned with the new Family
Policy in that the newly established CPE’s, which were injected with large amounts of
government funding following the reform to increase the number of spaces, consisted of both
regulated centre and family home care. Additionally, Table 3 shows that there was a large
increase in the number of hours per week Quebec children spent in care, which rises from
just under 14 hours per week in the pre-reform period to over 21 hours in the post-reform
period. Again, this trend is not observed in the rest of Canada over time.

The last part of Table 3 shows measures of the household environment. The NLSCY
collects information on the quality of parent-child interactions and on the well-being of the
parents by asking a series of questions to the parents. Although these measures are not
of primary interest in this study, it seems plausible to expect that these factors might be
affected by the increased use of childcare in Quebec. In particular, BGM find that the policy
resulted in the deterioration of the household environment, which they interpret likely arose
as a response to the elevated stress associated with increased rates of two parent working
families and childcare use created by the policy.

Three measures of parenting style are used to evaluate whether there were changes in
the household environment: i) Hostile and Ineffective Parenting, ii) Aversive and Punitive
Parenting, and iii) Consistent Parenting. These measures are obtained from a series of
parent-reported questions in families with children 2-4 years of age, which are then aggregated
to form the above indices. The range for hostile parenting is 0-25 points, while the range
of both aversive and consistent parenting is 0-20, with higher scores indicating a greater
presence of the particular characteristic. Between the pre and post-reform periods, the

average degree of hostile parenting worsens in Quebec slightly, while improvements in aversive
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and consistent parenting are made. For the rest of Canada, there are improvements in the
averages of all three parenting behaviour measures over the time periods. Questions on
family functioning were also collected in the NLSCY to provide an indication of the quality
of family relationships. The range of this index is from 0-36, with higher scores indicating
greater family dysfunction. As Table 3 shows, there was a greater average level of dysfunction
in both Quebec and the rest of Canada in the post-reform period, with the size of the
deterioration in Quebec being slightly larger. Finally, parents were asked about their own
feelings in the NLSCY and a measure of maternal depression was collected. The range of
this variable is from 0-36, with higher scores indicating greater maternal depression. As the
last row of this table shows, both regions found a decrease in average maternal depression
between the pre and post-reform periods, although the reduction was greater for the rest of

Canada.

6 Results

This section presents the results from the estimation techniques described above. First,
estimates of the proportion of Quebec children who were treated in the post-reform period
are presented, under various definitions of treatment. This then informs on the value of the
ITT scaling factor which can be used to derive the treatment on the treated (TT) effects,
under the assumptions outlined above. Then the standard DID estimates are presented,
where the average impacts of the universal childcare policy on Quebec children are presented.
The quantile treatment effects are revealed for the full sample, with some robustness checks
performed, and the section then concludes with subsample analyses where estimates are

derived for groups of children separated on their demographic and household characteristics.
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6.1 The ITT Scaling Factor

In order to obtain an idea of what the scaling factor would be to convert the ITT to
the TT effect, a series of OLS regressions were carried out to determine what proportion
of eligible children in Quebec were actually affected by the program in terms of changes
in childcare arrangements. As BGM explain, “treatment” can be considered in various
ways, such as being in any type of childcare, being in institutional or licensed care, as
well as any changes in mother’s labour supply and household income. Given this study
focuses exclusively on childcare, treatment will be considered primarily in terms of changes in
childcare arrangements. Specifically, changes in the following types of childcare arrangments
will be investigated to determine the proportion of children treated: i) Any type of care, ii)
Institutional care, and iii) Institutional or licensed care outside the home.

To determine the proportion of children that is “treated,” equation (8) was estimated
using a dummy variable for whether the child is in a particular childcare arrangement as
the dependent variable. Given that the proportion of children who is treated might vary
across MSD/PPVT-R quantiles, separate regressions are estimated for children based on
their MSD/PPVT-R score. In particular, children are ranked by comparing their scores with
those of other children in the same cycle/province cell. Then, the proportion of children who
is treated is examined separately for those at the 10th, 25th, 50th, 75th, and 90th percentiles
of the cycle/province cells. So as to ensure that the sample size is sufficiently large for this
analysis, children with scores within 5 percentiles above and below the threshold of interest
are included in the analysis. Thus, to determine the proportion of children treated at the 10th
percentile, children who are between the 5th and 15th percentiles within their cycle/province
cell are included in the regression, while to determine the proportion of children treated at the
50th percentile, children between the 45th and 55th percentiles within the cycle/province
cell are included. This was done separately for MSD and PPVT-R scores. It should be
noted that given the childcare reform plausibly affected the composition of Quebec children

at a particular point along the distribution of outcomes between the pre and post-reform
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periods, it makes it difficult to directly compare children over time between the treatment
and comparison groups based on their percentile rank. Ideally, longitudinal data would be
better suited for this type of analysis with separation done on pre-reform MSD/PPVT-R
scores; however, the necessary data to do this aren’t available in the NLSCY. Thus, cross-
sectional data is only used and the analysis is carried out as described above; although,
such compositional changes should be kept in mind when examining the derived I'TT scaling
factor for a given threshold level.

Table 4 provides estimates of the proportion of children who are treated using the three
different interpretations of being “treated” as discussed above. This table shows that the
proportion treated (i.e. the coefficient on the ELIG dummy) derived by separating the sam-
ple based on MSD scores varies from 12%, with “In Care” as the dependent variable at the
10th percentile, to 31% in the case where “Institutional/Licensed Care” is the dependent
variable and the 75th percentile is considered. Additionally, the coefficients are all significant
at the 99% confidence level and of the expected positive signs when splitting is done by MSD
percentiles. When separate regressions are estimated for children split by PPVT-R scores,
the proportion treated ranges from 4% in the case where “Institutional /Licensed Care” is the
definition of treatment at the 10th percentile to 36% in the case of “Institutional/Licensed
Care” care being estimated for the 50th percentile of PPVT-R scores. Note, however, that
the estimates for PPVT-R are statistically significantly different than zero less often than
the case when MSD scores are considered, which is likely the result of larger standard errors
on these coefficients which can partly be explained by a smaller sample of 4-year olds. Ad-
ditionally, the average proportion of children who are treated was considered by including
all children in the analysis. Here, the proportion of children who are treatment varies from
15-20% based on the definition of treatment and the estimates are significant. It can thus be
concluded that the Quebec 1997 universal childcare policy raised the proportion of children
in care, in institutional care, as well as institutional/licensed care in Quebec. Throughout

the paper, treatment will be considered as the change in the proportion of children in “Insti-
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tutional /Licensed Care” at a given threshold level, and the scaling factor for the ITT that

gives the TT effect at a given quantile is consequently the inverse of this proportion.

6.2 The Full Sample Analysis

The results from the standard DID model (equation 8) are provided in Table 5 and are
benchmarked against the BGM estimates. This table shows that the Family Policy had a
statistically significant negative impact on the average MSD scores of Quebec children, but
no effect on PPVT-R scores. Specifically, the reform resulted in a reduction of MSD scores
for children aged 0-3 years by 1.64 points, which is 11% of a standard deviation in MSD
scores. When this result is scaled by the I'TT factor of 5, the average treatment on the
treated effect is estimated to be quite large at -8.21 points, which is reduction of nearly 55%
of a standard deviation. Although the change in the PPVT-R scores is insignificant, the
relatively small number of 4-year olds in the sample contributes to the imprecision. As can
be seen from this table, the estimates obtained in this study are very similar to those in the
BGM study, particularly when MSD is the dependent variable. The BGM estimate when
PPVT-R is the dependent variable is slightly lower that those obtained in this study, which
can be explained by slightly different samples; however, both estimates are not statistically
different than zero.

The quantile treatment effect estimates using FFL are given in Figures 1 and 2 for MSD
and PPVT-R scores, respectively, along with the 95% confidence interval bands (the dashed
lines). Figure 1 shows that the Family Policy had little effect on the Quebec distribution
of MSD scores. The lower and upper ends of the distribution appear to have experienced
a negative effect of the program, while the middle of the distribution experienced a very
small positive effect on the percentile values. However, as the confidence intervals show,
these estimated effects are not significantly different than zero at the 95% confidence level.
Figure 2 shows that for most of the distribution, the Quebec reform had a negative effect

on the PPVT-R quantiles, particularly around the 75th threshold level. These negative
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effects are not significant across most of the distribution, with the smaller sample size likely
contributing to the imprecision of the estimates. However, the negative effect of the policy
is significant at the 95% level around the 75th threshold level.

The first rows in Tables 6 and 7 show the estimated quantile treatment effects using FFL
on Quebec’s distribution at selected threshold levels. As is aligned with the results from
the figures, the estimated effects are not significant at any of the threshold levels for MSD
scores, and only the estimate on PPVT-R scores at the 75th threshold level is statistically
significant. It should be noted that the standard errors on the PPVT-R estimated coefficients
are quite large in comparison to the MSD coefficients. For example, for the MSD scores
at the 25th percentile, the standard errors on the estimated coefficient would imply that
any (absolute) estimate of 1.275 points or greater (0.65*1.96) would be detected as being
statistically different than zero at the 95% confidence level. This amounts to an effect size
of 8.5% of a standard deviation in MSD scores. However, at the 25th percentile of PPVT-R
scores, the standard errors on the estimated coefficient would require an estimate of 2.35
in absolute value to be detected, which is nearly 16% of a standard deviation in PPVT-R
scores. This general pattern can also be seen across the other threshold levels besides the
25th, where the larger standard errors put stricter requirements on the size of the estimated
coefficients for statistical significance compared to in the MSD analysis. As mentioned above
the larger imprecision of the PPVT-R can be explained in part by differences in the sample
sizes across the two estimations (26,036 children aged 0-3 years for MSD and 5,198 children
aged 4 years for PPVT-R).

The robustness of these results is verified against those obtained with the Firpo method.
Given that the Firpo estimator is more flexible in how it conditions on covariates, we do not
expect the two approaches to yield the exact same results. Panel a) from Figure 3 shows the
effect of the program on the distribution of MSD scores using the Firpo estimation strategy.
Just as in the FFL method, the program tends to have a small negative impact on MSD

scores at the lower threshold level before giving a positive impact at around the 40th threshold
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level. Here, the estimates tend to be much smaller in absolute size than the FFL method.
Nonetheless, just as in the FFL approach, these estimates are not significantly different than
zero, with the exception of just a few points which are only marginally significant. Panel
b) shows the results for the PPVT-R distribution using the Firpo method. Similar to the
FFL results, the effect of the program is negative for most of the distribution, becoming
increasingly negative at higher threshold levels before turning slightly positive at the upper
end and then negative again thereafter. Once more, however, the estimates are too imprecise
to give any significant effects, as shown by the large confidence intervals. The second row
in Tables 6 and 7 provide the quantile treatment effect estimates at selected threshold levels
using the Firpo method, which are all shown to be statistically insignificant.

One concern with DID estimation is the correct computation of standard errors. As
Bertrand, Duflo, and Mullainathan (2004) point out, there can often be serial correlation
problems that can lead to gross overrejection rates if not accounted for. In particular, they
note that the problem is most severe when the time series are long, when the dependent
variables are of the type that are highly positively serially correlated, and when the treatment
status changes little over time within a province. While the first two circumstances are less
applicable to the analysis here, with only four time periods and dependent variables relating
to child development, the last point may be of concern. They note that aggregating the
data by collapsing it into only two time periods, namely before and after the policy, works
well when the number of groups is small, as in the case here. The results of collapsing the
time periods and using FFL are shown in the third rows of Tables 6 and 7. Comparing these
estimates with the FFL results in the first rows, it can be seen that aggregating the data into
collapsed time periods makes little difference in terms of the standard errors or the estimates.
Again, the bulk of the estimates remain insignificant, while the PPVT-R distribution at the
75th percentile of the Quebec distribution is still negatively affected by the policy although
now it is only at the 90% level of significance, rather than the 95% as before. Figure 4 shows

the impact of the policy across the entire distribution of outcomes for MSD (panel a) and
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PPVT-R (panel b) in Quebec using the collapsed time periods, with the results being nearly
identical to those found in Figures 1 and 2.

Another estimation strategy used to test the robustness of the estimates in this study is
a triple difference model (DDD). Since the introduction of the Family Policy was staggered
across age groups, this permits an added dimension of variation to be exploited by comparing
across age groups. Given that the NLSCY cycle 3 sampling occurred from October 1998 -
June 1999 and that only three and four year olds were eligible for subsidized care at this time,
another potential control group in the same province can be used to evaluate the program
for the third cycle (two year olds and younger in Quebec who were not eligible at this time).
The advantage of the triple difference model is that, in addition to province and time fixed
effects encompassed in the QDID model, as well as age fixed effects, differential time trends
are allowed to exist across provinces and age groups, as are differential age fixed effects across
provinces. What this approach does put a restriction on, however, is that there cannot be
any differential time trend for children of different ages who live in the same province besides
those accounted for above. That is, this estimator will be unbiased if the effect of age on
outcomes does not shift differentially between the pre and post reform periods in Quebec
versus the rest of Canada. It is the omission of this three-way interaction that identifies the
model. Given that MSD scores were only obtained for children up to four years of age and
that PPVT-R scores were only obtained for children aged 4-5 years, only MSD scores for
children aged 3 and under can be included in the DDD analysis. Estimation was just as
in equation (11) but now age fixed effects are included as are all second order interactions

between age, province, and time period so that the estimating equation is:

(15)
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Here a, represents age and s € {0,1,2,3}; pT is the coefficient associated with age a at
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the 7-th threshold; and pg,, 77, ¢j, are the coefficients on the second order interactions.
Still, interest lays in the coefficient on the FLIG; variable 67.

A word of caution using the DDD in this study is that it heavily depends on variation
within NLSCY cycle 3 data. However, as mentioned previously, the roll out of the subsidized
childcare spaces was quite slow in the initial period. In particular, there were severe capacity
issues in that the demand for places greatly surpassed the available supply in the early years.
Consequently, most of the initial subsidized spaces were created in centres and family home
care settings that already existed prior to the introduction of the policy and, as already
pointed out, it was the children already receiving subsidized care who obtained priority in
obtaining the limited number of available spaces. As such, it was likely that in the infancy
of the universal childcare program, the same children had access to subsidized care in the
same facilities that existed prior to the policy, with little changes in the staff, location, and
physical environment. It was for these exact reasons that the third cycle of the NLSCY was
dropped from the main empirical analysis. However, in order to use the DDD model, this
cycle must be included to get the differential roll out of the policy across age groups. Thus,
the results of this estimation must be examined with caution as it’s quite possible that a
large proportion of 3-year olds observed in cycle 3 had limited access to subsidized care in
practice and little changes in the arrangement for those who did relative to prior to the
policy.

The results for the DDD estimation strategy on the distribution of MSD scores are
provided in Figure 5 and in the fourth row of Table 6. As can be seen, the DDD strategy leads
to quite different estimated coefficients compared to the QDID model and larger standard
errors, with positive effects for the bulk of the distribution before turning negative around
the 80th percentile. However, the confidence interval bands of the DDD estimates are quite
large, resulting in insignificant estimates across the distribution, with the exception being at

the 10th percentile where the estimate is only marginally significant and positive.
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6.3 The Subsample Analysis

To investigate whether the same general pattern of insignificant effects of the reform on
the distribution of outcomes holds across children with different demographic and family
characteristics, subsample analyses were carried out. In particular, equation (11) was esti-
mated with separate samples. The effect of the reform on boys versus girls was examined,
as were any differential effects across parents’ education. In this analysis, a parent is consid-
ered low educated if he/she has a high school diploma or less and high educated otherwise.
The existence of differential impacts across father’s wage income is also examined, with a
father being considered as having a "low wage income” if he is in the bottom 30% of his
province/cycle cell and a "high wage income” otherwise.® Finally, for each measure of par-
enting skills and the family functioning measure, the subsample is divided by separating
those in the top 30% of poorer skills/interactions from the remaining 70% with stronger
skills/interactions. This same approach was taken for maternal depression, with the sample
separated by the top 30% of mothers with more depressive symptoms from the remaining
70% with lower depression. As was discussed previously, however, it is possible that the re-
form affected parenting skills, family functioning, and maternal depression, possibly through
increased stress associated with greater rates of two parent employment, as was suggested
by BGM. As such, comparing children at a given point along the parenting skills/family
functioning distribution before and after the reform may be misleading if the composition of
individuals at this point differentially change across treatment and comparison groups over
time. Consequently, caution must be taken when interpreting the results. For the subsample
analyses based on differences in gender, parental age, education, and father’s wage income,
this is less of a concern as these variables are largely pre-determined.

Table 8 shows the effects on particular MSD percentiles for the subsample analyses,

while Table 9 shows them for PPVT-R percentiles. Figures 6 - 14 provide the estimates and

6Given that the reform likely had an effect on maternal labour supply and consequently household
income, only father’s income, which is presumably more exogenous to the analysis, was examined for the
subsample analyses.
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confidence bands across the entire distribution for both outcomes. While there are slight
differences across the estimates for boys and girls for given MSD percentiles, none of the
estimates are statistically different from zero. The upper end of the PPVT-R distribution
for girls is negatively impacted by the reform for a small amount of threshold levels, with
the effect being significant at the 75th threshold level at -4.53, which is 30% of a standard
deviation in PPVT-R scores.

In general, the reform had no differential impact when the sample is split by maternal
education, where the bands forming the confidence region are particularly wide for the sample
with low educated mothers and PPVT-R scores are the outcome of interest. Although the
Quebec MSD distribution is not significantly affected by the reform for neither low or high
educated fathers, PPVT-R scores are. In particular, the reform led to significant negative
impacts on the middle portion of the PPVT-R distribution for children of low educated
fathers (the 30th percentile to 60th percentile) as can be seen in panel c¢) of Figure 8. At the
50th percentile, the estimated impact is -5.88 points, which is equivalent to almost 40% of
a standard deviation of PPVT-R scores. Figure 9 reveals that the reform had a significant
negative impact on the lower end of MSD scores for children of low wage income fathers
(panel a), with an insignificant effect on the distribution of MSD scores for children of high
wage fathers or on the distributions of PPVT-R scores by father wage income. At the 10th
percentile of MSD scores for children of low wage income fathers, the I'TT estimate of the
impact of the reform is -5.04 points, which is one third of a standard deviation. This is
significant at the 99% level. At the 25th percentile of this distribution, the effect size is
estimated to be -3.28 points or 22% of a standard deviation and is also significant. Taking
into account the I'TT scaling factors, these estimates are quite sizeable.

In terms of parenting skills, there are no differential effects for children of parents in the
top 30% of hostile parenting scores versus the remaining children for neither MSD or PPVT-
R distributions. The same is largely true when the sample is split by the degree of aversive

parenting. With the exception of a few threshold levels, the reform had insignificant effects
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on the distributions of MSD and PPVT-R of children from parents with more inconsistent
parenting versus consistent parenting. The same is true when the sample is split by family
functioning scores and maternal depression, where the confidence intervals are exceptionally

large for the PPVT-R distribution of children in dysfunctional families.

7 Discussion

The results above reveal that there was only little heterogeneity in the response to the
universal childcare policy in Quebec across the distribution of outcomes. The 75th percentile
of PPVT-R scores in Quebec was significantly negatively affected, both for the whole sample
as well as for girls. Additionally, there was a differential response to the policy for children
of low educated fathers, where the middle portion of the PPVT-R distribution experienced
a sizeable decline in scores. The percentiles at lower thresholds of the MSD distribution for
children of low educated fathers were also negatively affected by the policy. These negative
effects were not seen for children of high educated nor high wage income fathers. Besides this
handful of negative impacts, there was little heterogeneity across the distribution of outcomes
for the full sample or for the subsample analyses, with the majority of the estimates of the
program impact being statistically insignificant.

There are multiple reasons for which little differential effects of the universal childcare
policy are found across the outcome distributions. First, it is possible that there is quite
simply no heterogeneity in the response to the universal childcare policy in Quebec in terms of
MSD and PPVT-R outcomes. In this case, then the means do an accurate job of accounting
for the policy impact. Although child behavioural outcomes were not examined in this
paper for reasons discussed above, BGM find they are significantly affected by the policy.
It is possible that any heterogeneous response to Quebec’s childcare policy is revealed in
these outcomes, rather than MSD and PPVT-R scores. However, while the confidence

interval bands were relatively tight for the MSD analysis which gives more assurance in the
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insignificant results, they were not quite as tight for the PPVT-R estimation. This suggests
that it may be that the Family Policy had an impact on the distribution of PPVT-R scores
in Quebec, but the power of the test statistics employed in this paper are too low to reject
the null of no effect. Thus, it may be that a larger sample size of 4-years olds is required to
detect any significant effects across the PPVT-R distribution of outcomes by reducing the
imprecision of the estimates.

Another possibility for which no heterogeneous impacts across the distribution of motor
and cognitive outcomes were found is that only the short run effects of the program are being
examined in this study. Perhaps there are differential impacts of the universal childcare pol-
icy, but they only manifest themselves in older ages than those examined here. As discussed
in the literature review section above, Havnes and Mogstad (2010) find substantial hetero-
geneity in the response to a universal childcare program in Norway in terms of subsequent
labour market and educational outcomes when the children were older. While such a long
time frame may not be necessary to detect any differential impacts of the universal childcare
policy, this study only considers children 4 years of age and younger, and if the effects of the
program are revealed over time, it is unlikely they will be captured in the analysis here.

So far, the issue of childcare quality has not been discussed in this paper. Recent findings
show that the quality of care is an important determinant of the impact of non-maternal
care on child outcomes (Burchinal 2000, Love et al. 2003). One reason perhaps that no
heterogeneous effects were found is that there was little change in the quality of childcare for
children before and after the reform. As discussed above, much of the expansion of subsidized
care spaces came from already existing non-profit centres and family homes. However, it is
unclear exactly how convincing this explanation is as recent findings by Japel et al. (2005)
reveal that the quality of care in CPE’s is higher than in other forms of care such as for-profit
care and unregulated home based care, and the findings in Table 4 show there was a large
increase in the proportion of children in institutional and licensed home care following the

reform in Quebec. Additionally, to obtain government funding, CPE’s were required meet
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requirements on the educational curriculum, the physical environment, and the education
of the caregivers. Finally, given that many children moved from maternal care to non-
maternal care with the policy, the relative quality of maternal versus non-maternal care
will vary greatly across families based on maternal parenting style and the characteristics of
non-maternal care environment and would be difficult to measure.

A final explanation for which heterogeneous impacts of the universal childcare policy in
Quebec were not found is that the estimation strategy employed in this paper to identify these
effects is rested on assumptions which are not true. As outlined above, the key identifying
assumption is that a common time trend is assumed to hold at each threshold level, T,
between the treatment and comparison groups in the absence of treatment. While this
cannot be empirically verified in practice since we do not observe the treated group in the
absence of the universal childcare policy, the pre-existing trends between the treatment and
control groups can be compared in the years prior to 1997 childcare reform to provide some
insight on the appropriateness of this assumption. Figures 15 and 16 show the trends in the
percentiles at selected threshold levels in Quebec and the rest of Canada for MSD scores
and PPVT-R scores, respectively. As can be seen, the common time trend appears to be
more evident at certain threshold levels (e.g. the 50th percentile of MSD scores, and the
25th, 50th, and 75th percentiles of PPVT-R scores) while it doesn’t appear to hold at others.
Again, while there is no way to verify the accuracy of the common trend assumption, this
evidence shows that the assumption might be more valid at certain threshold levels and

outcome measures than others.

8 Conclusions

This study examines the impact of a universal childcare policy in Quebec on the dis-
tributions of motor and cognitive outcomes of children in this province. Estimating the

impact of the reform on the marginal distribution of outcomes using a quantile difference-
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in-differences model, this paper finds that there is little heterogeneity in the response to the
universal childcare policy across the distribution of outcomes. Only a handful of estimates
were significant in this study, where some percentiles in the upper portion of the Quebec
PPVT-R distribution were negatively impacted by the policy, particularly for girls. Children
of low income fathers also experienced a negative impact of the reform at the lower end of
the MSD distribution, while the same was found for children of low educated fathers in the
middle portion of the PPVT-R distribution. Besides this handful of significant estimates,
there was little significant heterogeneity in the impact of Quebec’s universal childcare policy.
These results were robust to different specifications and estimation techniques. Some expla-
nations for these results were discussed, including the time frame examined in the study, the
sample size used to obtain the PPVT-R estimates, and the identifying assumption used to
derive the estimates.

The results presented in this paper are particularly relevant for ongoing policy debate
in many developed countries today, where there are heated debates on the merits and costs
of universally accessible subsidized care. Universal childcare programs are often justified in
part by the goal of leveling the playing field. This paper is amongst the first studies to
examine whether there is evidence to support this argument and finds little. Future work
in the area should focus on making progress on unraveling what’s inside the “black box”
that led to poorer average outcomes for Quebec children after the reform. The evidence
in this paper suggests heterogeneous responses, at least in terms of motor and cognitive
outcomes, contribute little to this understanding. In particular, a structural model might
be most promising in developing a better understanding of the mechanisms which generated

the negative mean impacts of the Quebec universal childcare policy.
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TABLES

Table 1: MSD Percentilesby Time Period and Region

Level Difference

Quebec Quebec-Rest of Canada

Pre-Reform Post-Reform Pre-Reform Post-Reform

10th Percentile 81 80 0 -2
25th Percentile 91 89 -1 -4
50th Percentile 101 100 -1 -2
75th Percentile 109 108 -2 -3
90th Percentile 116 115 -2 -2
Mean 99.13 99.26 -1.61 -2.07
Standard Error 14.70 14.52 -0.46 0.33
No. of Children:

Quebec 2,661 2,505

Rest of Canada 10,834 11,496

Notes: The pre-reform period corresponds to children observed in NLSCY Cycles 1 (1994-95) and 2 (1996-97),
while the post-reform period corresponds to children in NLSCY Cycles 4 (2000-01) and 5 (2002-03). The
outcome variable, MSD, is defined in the text. The percentiles were separately calculated for Quebec and the rest
of Canadain agiven time period.

Table 2: PPVT-R Percentiles by Time Period and Region

Level Difference
Quebec Quebec-Rest of Canada

Pre-Reform Post-Reform Pre-Reform Post-Reform

10th Percentile 81 78 0 -5
25th Percentile 20 89 -1 -4
50th Percentile 100 99 -1 -2
75th Percentile 111 111 1 -1
90th Percentile 119 121 -1 1
Mean 100.53 100.93 0.38 -1.43
Standard Error 15.14 14.61 0.75 -0.09
No. of Children:

Quebec 533 524

Rest of Canada 2,132 2,226

Notes: The pre-reform period corresponds to children observed in NLSCY Cycles 1 (1994-95) and 2 (1996-97),
while the post-reform period corresponds to children in NLSCY Cycles 4 (2000-01) and 5 (2002-03). The
outcome variable, PPVT-R, is defined in the text. The percentiles were separately calculated for Quebec and the
rest of Canadain a given time period.
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Table 3: Descriptive Statistics

Quebec Rest of Canada
Pre-Reform Post-Reform Pre-Reform Post-Reform
Covariates:
Age 2.03 2.01 2.00 2.02
[1.42] [1.41] [1.42] [1.41]
Male 0.51 0.52 0.51 0.51
[0.50] [0.50] [0.50] [0.50]
Mother Age 30.92 31.21 31.69 32.32
[4.87] [5.39] [5.09] [5.46]
Father Age 33.52 33.98 34.07 34.86
[5.39] [5.85] [5.65] [6.00]
Mother High School Dropout 0.13 0.12 0.11 0.09
[0.34] [0.33] [0.31] [0.29]
Mother University Degree 0.20 0.27 0.20 0.28
[0.40] [0.44] [0.40] [0.45]
Father High School Dropout 0.17 0.16 0.14 0.11
[0.37] [0.36] [0.34] [0.31]
Father University Degree 0.19 0.24 0.22 0.26
[0.40] [0.43] [0.41] [0.44]
Mother Immigrant 0.09 0.12 0.22 0.24
[0.28] [0.33] [0.41] [0.43]
Father Immigrant 0.10 0.13 0.21 0.24
[0.30] [0.33] [0.41] [0.43]
No. of Older Siblings 0.71 0.71 0.80 0.76
[0.74] [0.72] [0.76] [0.73]
No. of Younger Siblings 0.27 0.23 0.26 0.25
[0.49] [0.45] [0.48] [0.47]
Rural Area 0.15 0.15 0.15 0.11
[0.36] [0.36] [0.36] [0.31]
Child Care Characteristics:
In Child Care 0.42 0.62 0.41 0.46
[0.49] [0.49] [0.49] [0.50]
Care in Own Home 0.07 0.08 0.11 0.12
[0.26] [0.27] [0.31] [0.33]
Care in Others' Home 0.23 0.25 0.24 0.25
[0.42] [0.43] [0.42] [0.43]
In Institutional Care 0.11 0.30 0.06 0.09
[0.31] [0.46] [0.23] [0.29]
Care in Other Home, Licensed 0.05 0.11 0.04 0.05
[0.21] [0.31] [0.19] [0.22]
Hours of Care/Wet 13.7¢ 21.0¢ 12.1¢ 13.17
[19.76] [21.38] [18.62] [18.18]

Notes: The pre-reform period corresponds to children observed irCNLSycles 1 (1994-95) and 2 (1996-97), while the post-
reform period corresponds to children in NLSCY Cycles 4 (2000-0d)5(2002-03). The descriptions of variables are defined
in the text. Means and standard deviations were separatelyla@d for Quebec and the rest of Canada in a given time period.
Standard deviations are in parentheses.
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Table 3 (Cont'd): Descriptive Statistics

Quebec Rest of Canada
Pre-Reform Post-Reform Pre-Reform Post-Reform
Household Environment:
Parenting Scale- Hostile 8.29 8.61 9.19 8.78
[3.85] [3.28] [3.74] [3.40]
Parenting Scale- Aversity 4.34 3.94 5.19 4.56
[2.01] [1.97] [2.30] [2.11]
Parenting Scale- Consistency 14.04 14.13 14.70 15.36
[3.27] [3.13] [3.40] [3.10]
Family Functioning Scale 7.19 8.35 7.81 8.70
[4.99] [5.01] [5.15] [4.87]
Mother's Depression Sct 4.1¢ 3.92 4.5: 3.8:
[4.54] [4.78] [4.94] [4.43]
No. of Obs. 3,407 3,305 14,005 15,233

Notes: The pre-reform period corresponds to children alesein NLSCY Cycles 1 (1994-95) and 2 (1996-97), while the
post-reform period corresponds to children in NLSCY Cyele®000-01) and 5 (2002-03). The descriptions of variables
are defined in the text. Means and standard deviations vegrarately calculated for Quebec and the rest of Canada in a
given time period. Standard deviations are in pheses.
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Table4: Child Care Use Resultsby M SD and PPVT-R Percentiles

Estimates by M SD Percentile Estimates by PPVT-R Percentile
In Care Institutional Inintunongll In Care Institutional Initltutlongll
Care icense Care icense
Care Care
A. 10th Percentile
ELIG Dummy 0.12%** 0.19%** 0.21%** 0.11 0.08 0.04
[0.03] [0.01] [0.02] [0.07] [0.05] [0.06]
No. of Obs 2,895 2,895 2,899 574 574 575
B. 25th Percentile
ELIG Dummy 0.19%** 0.15%** 0.21%** 0.08* 0.08 0.20%**
[0.03] [0.02] [0.04] [0.05] [0.05] [0.04]
No. of Obs 2,857 2,857 2,866 588 588 589
C. 50th Percentile
ELIG Dummy 0.13%** 0.13%** 0.19%** 0.17 0.34%** 0.36%**
[0.03] [0.03] [0.02] [0.12] [0.05] [0.06]
No. of Obs 2,923 2,923 2,926 586 586 588
D. 75th Percentile
ELIG Dummy 0.27%** 0.23%** 0.31%** 0.11* 0.19** 0.27**
[0.05] [0.03] [0.04] [0.06] [0.09] [0.11]
No. of Obs 2,843 2,843 2,850 543 543 543
E. 90th Percentile
ELIG Dummy 0.19%** 0.16%*** 0.29%** 0.08 0.16%*** 0.25%**
[0.04] [0.02] [0.02] [0.08] [0.05] [0.07]
No. of Obs 2,561 2,561 2,565 587 587 589
F. Mean (Standard DID)
ELIG Dummy 0.15%** 0.15%** 0.20%** 0.15%** 0.15%** 0.20** *
[0.03] [0.03] [0.03] [0.03] [0.03] [0.03]
No. of Obs 33,702 33,702 33,878 33,702 33,702 33,878

Notes: Each column represents different dependent variablehitth care arrangement. Each panel represents separate sangileiednin the estimation. The
children are grouped into samples based on their MSD/PPVT-Rwithin province/cycle cells. The sample for a given percerisldifferent when grouping is done
for MSD (left most columns) versus PPVT-R (right most columns)r €ach dependent variable, the coefficient on the ELIG dumsnyeported for separate
regressions with different samples. Also included in the regyessre a set of control variables including dummies for thielshaige and gender, number of older and
younger siblings, mother's age and education, father's abedarcation, mother and father's immigration status, theddittee urban area, NSLCY cycle dummies, and
province dummies. Standard errors are in brackets andcustered by province and cycle. * significant at 10%significant at 5%; *** significant at 1%.
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Table5: Standard DID Estimates

Timmins BGM
MSD PPVT-R M SD PPVT-R
ELIG Dummy -1.642%*= 0.406 -1.647%*= 0.36
[0.473] [0.740] [0.46] [0.75]
No. of Obs 26,036 5,198 26,176 5,210
ITT Scaling Factor: 5 5 7-13 7-13

Notes: The first two columns give the results of the presentysflitnmins) while the last two show the results of BGM.
Within each set of results, the two columns represent differepeddent variables of developmental outcomes (MSD or
PPVT-R). For each dependent variable, the coefficient on th& Bummy is reported for the standard DID estimation.
Also included in the regressions are a set of control variabldading dummies for the child's age and gender, number
of older and younger siblings, mother's age and educatitimerfa age and education, mother and father's immigration
status, the size of the urban area, NSLCY cycle dummies, andngedummies. Standard errors are in brackets and
were clustered by province and cycle. The ITT scaling factohésihverse of the proportion of children treated, where
the present study defines treatment in terms of Institutibic@hsed Care, while the BGM study defines treatment in
multiple ways, with the range of the proportion treated beingnblobetween 7.7% and 14.6% of children. * significant
at 10%; ** significant at 5%; ** significant at 1%
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Table 6: Quantile Treatment Effectsfor M SD

Specification 10" 25" 50" 75" o0o" No. of
Percentile Percentile Percentile Percentile Percentile Children

FFL -1.2¢ -0.5¢ 0.2¢€ -0.24 0.04 26,03¢
[0.96] [0.65] [0.54] [0.54] [0.44]

Firpo -0.28 -0.22 -0.52 0.35 0.04 26,036
[1.06] [0.85] [0.68] [0.68] [0.57]

FFL- Collapsed Time Periods -1.24 -0.58 0.26 -0.25 0.04 6,026
[0.96] [0.65] [0.54] [0.54] [0.44]

FFL-DDD 4.07* 1.59 0.89 1.14 -1.23 35,397
[2.37] [1.41] [1.27] [1.43] [1.09]

ITT Scaling Factor: 4.76 4.76 5.26 3.23 3.45

Notes: Each column represents different a threshold level fdb &res. Each row represents a different estimation strategycdéficient on the ELIG
dummy is reported for each threshold value and estimation giyratéh robust standard errors in brackets. For the Firpo methoddatd errors were
bootstrapped by resampling from the original estimation sarhp#times. A set of control variables are included in all estiomtechniques including
dummies for the child's age and gender, number of older andggsiblings, mother's age and education, father's age arwtioh, mother and father's
immigration status, the size of the urban area, NSLCY cycle diesnand province dummies. The ITT scaling factor is the irev@fsthe proportion of
children treated for the given threshold level, where treatmedefined in terms of Institutional/Licensed Care. * sigrafit at 10%,; ** significant at 5%;

** significant at 1%.

Table 7: Quantile Treatment Effectsfor PPVT-R

Specification 10" 25" 50" 75" o0o" No. of
P Percentile Percentile Percentile Percentile Percentile Children

FFL -0.24 -1.51 -1.01 -3.22%* 0.4¢ 5,19¢
[1.86] [1.20] [1.21] [1.62] [1.61]

Firpo -0.99 -1.52 -2.14 -2.89 0.12 5,198
[3.73] [1.77] [1.61] [1.94] [1.87]

FFL- Collapsed Time Periods -0.24 -1.51 -1.04 -3.15* 20.5 5,198
[1.86] [1.20] [1.21] [1.62] [1.61]

ITT Scaling Factor: 25 5 2.78 3.70 4

Notes: Each column represents different a threshold level fofTFR scores. Each row represents a different estimation strafdgy coefficient on the
ELIG dummy is reported for each threshold value and estimati@iegy with robust standard errors in brackets. For the Firpo mestaddard errors
were bootstrapped by resampling from the original estimationparh99 times. A set of control variables are included in allneation techniques
including dummies for the child's age and gender, numberdsrand younger siblings, mother's age and education, fatige'and education, mother and
father's immigration status, the size of the urban area, NSLGYecgummies, and province dummies. The ITT scaling factohes inverse of the
proportion of children treated for the given threshold level, rehigeatment is defined in terms of Institutional/Licensed Carsignificant at 10%; **

significant at 5%; *** significant at 1%.
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Table 8: Quantile Treatment Effectsfor M SD - Subgroup Analysis

Specification 10" 25" 50" 75" od" No. of
Percentile Percentile Percentile Percentile Percentile Chlidren

Boys -1.32 -0.34 0.44 0.75 -0.18 13,254
[1.27] [0.97] [0.78] [0.72] [0.71]

Girls -2.07 -1.47 -0.51 -0.46 0.18 12,782
[1.37] [0.98] [0.74] [0.68] [0.61]

Mom Low Educated -2.94 0.07 1.06 0.16 -1.36 7,645
[2.04] [1.33] [1.10] [1.00] [0.89]

Mom High Educated -0.81 -0.77 -0.09 -0.46 0.49 18,391
[1.12] [0.74] [0.62] [0.64] [0.52]

Dad Low Educated -3.21* -0.37 111 0.27 0.38 8,948
[1.73] [1.17] [0.93] [0.94] [0.83]

Dad High Educated -0.45 -0.68 -0.27 -0.55 -0.18 17,088
[1.17] [0.77] [0.67] [0.65] [0.53]

Dad Low Income -5.04%** -3.28** -1.87 -0.29 1.09 5,595
[1.90] [1.37] [1.28] [1.18] [1.06]

Dad High Income -1.78 -1.56 -0.05 0.29 0.52 13,095
[1.43] [0.99] [0.84] [0.8] [0.68]

Hostile Parenting -4.33* -0.85 1.40 1.64 0.06 3,452
[2.60] [1.87] [1.49] [1.35] [1.17]

Non-Hostile Parenting -1.68 -1.46 0.59 0.54 0.81 9,940
[1.72] [1.14] [0.74] [0.71] [0.57]

Inconsistent Parenting -2.86 0.68 2.43* 1.30 0.76 4,622
[2.38] [1.64] [1.30] [1.14] [0.98]

Consistent Parenting -3.70** -2.66** 0.39 0.35 0.35 816
[1.85] [1.22] [0.77] [0.78] [0.60]

Aversive Parenting 1.86 2.95 1.42 2.34 2.44* 3,144
[3.54] [2.34] [1.70] [1.50] [1.42]

Non-Aversive Parenting -2.73* -1.41 0.67 0.92 0.77 18,3
[1.59] [1.13] [0.70] [0.68] [0.54]

Dysfunctional Family -3.08 -0.05 1.98 -0.34 -0.02 4,966
[2.22] [1.65] [1.37] [1.29] [1.27]

Non-Dysfunctional Family -1.16 -0.93 0.06 -0.37 0.07 42 1)
[1.11] [0.70] [0.60] [0.60] [0.49]

High Maternal Depression -2.00 -2.55* 0.44 -1.21 -0.36 6,108
[2.11] [1.45] [1.19] [1.05] [0.97]

Low Maternal Depression -0.79 -0.68 0.37 -0.02 -0.02 ,386
[1.22] [0.81] [0.66] [0.67] [0.56]

ITT Scaling Factor: 4.76 4.76 5.26 3.23 3.45

Notes: Each column represents different a threshold leweSD scores. Each row represents a different subsampéecdéfficient on the ELIG dummy
using FFL is reported for each threshold value and subsamiferobust standard errors in brackets. A set of controlaldes are included in all
estimation techniques including dummies for the child's agd gender, number of older and younger siblings, mothgésand education, father's age
and education, mother and father's immigration statussitteeof the urban area, NSLCY cycle dummies, and provincendiesa The ITT scaling factor
is the inverse of the proportion of children treated for thieeg threshold level, where treatment is defined in termsnefitutional/Licensed Care.
* significant at 10%; ** significant at 5%; *** sigificant at 1%.
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Table 9: Quantile Treatment Effectsfor PPVT-R - Subgroup Analysis

Specification 10" 25" 50" 75" od" No. of
Percentile Percentile Percentile Percentile Percentile Chlidren

Boys 1.06 -1.21 -1.38 -1.48 0.42 2,561
[2.36] [1.64] [1.70] [2.46] [2.38]

Girls -0.55 0.47 -1.02 -4 53** 0.31 2,637
[2.49] [1.77] [1.69] [2.09] [2.33]

Mom Low Educated -1.68 -0.44 -2.72 -5.39* -2.99 1,577
[3.75] [2.17] [2.07] [2.96] [2.99]

Mom High Educated -0.07 0.71 -0.46 -2.27 0.63 3,621
[1.83] [1.40] [1.43] [1.83] [1.92]

Dad Low Educated -2.28 -2.23 -5.88** -3.31 -2.18 1,839
[3.12] [2.11] [1.89] [2.55] [2.80]

Dad High Educated 0.71 1.66 1.36 -1.75 1.12 3,359
[1.92] [1.44] [1.52] [1.96] [2.01]

Dad Low Income 1.38 -3.13 -1.25 -3.81 -0.75 964
[5.21] [3.67] [3.09] [4.92] [3.82]

Dad High Income 0.04 0.18 -1.06 -3.52 -0.20 2,641
[2.41] [1.78] [1.93] [2.29] [2.40]

Hostile Parenting -1.98 -0.98 -1.34 -2.15 -1.67 1,206
[3.43] [2.46] [2.53] [3.31] [3.41]

Non-Hostile Parenting 0.09 -1.23 -0.53 -3.00 2.12 3,947
[2.01] [1.40] [1.41] [1.83] [1.89]

Inconsistent Parenting -1.63 -5.48** -2.88 -5.48* 0.18 1,598
[2.93] [2.32] [2.28] [3.11] [3.17]

Consistent Parenting 1.44 0.36 -0.46 -1.91 1.19 3,523
[1.87] [1.40] [1.46] [1.82] [1.87]

Aversive Parenting 1.41 -2.55 -0.07 1.08 3.02 1,037
[3.84] [3.10] [2.74] [3.81] [4.25]

Non-Aversive Parenting -0.69 -1.62 -0.91 -3.36* 0.59 135,
[1.96] [1.31] [1.37] [1.72] [1.82]

Dysfunctional Family -3.16 -5.55 1.92 6.91 5.48 883
[4.36] [3.50] [3.19] [4.90] [5.17]

Non-Dysfunctional Family -0.74 -1.69 -1.75 -3.97* 0. 4,254
[1.92] [1.34] [1.36] [1.74] [1.79]

High Maternal Depression -3.65 0.65 -0.21 -2.91 -0.07 126
[3.84] [2.70] [2.66] [3.90] [3.95]

Low Maternal Depression 1.54 -1.16 0.09 -2.65 -0.81 38,6
[1.91] [1.41] [1.46] [1.84] [1.93]

ITT Scaling Factor: 25.00 5.00 2.78 3.70 4.00

Notes: Each column represents different a threshold lerePPVT-R scores. Each row represents a different subsarfipdecoefficient on the ELIG
dummy using FFL is reported for each threshold value andasupke with robust standard errors in brackets. A set of cbmariables are included in all
estimation techniques including dummies for the child's agd gender, number of older and younger siblings, mothgesand education, father's age
and education, mother and father's immigration statussiteeof the urban area, NSLCY cycle dummies, and provincendiesy The ITT scaling factor
is the inverse of the proportion of children treated for ttieeg threshold level, where treatment is defined in termsnsfitutional/Licensed Care.
* significant at 10%; ** significant at 5%; *** sigificant at 1%.
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FIGURES

Figure 1: FFL Estimates for MSD
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Figure 2: FFL Estimates for PPVT-R
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Figure 3: Firpo Estimates for MSD and PPVT-R
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Figure 4: FFL Estimates with Collapsed Time Periods
(a) MSD

5
L

Child Care Policy Effect
-5 0
|

o
El
1 10 20 30 40 50 60 70 80 90 99
MSD Percentile, Quebec Pre-Policy
(b) PPVT-R
o
S

5
L

Child Care Policy Effect
0

-5
L

-10

40 50 60 70 80 90 99
PPVT-R Percentile, Quebec Pre-Policy

57



Figure 5: FFL DDD Estimates for MSD
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Figure 6: FFL Estimates by Gender
(a) Boys: MSD (b) Girls: MSD
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Figure 7. FFL Estimates by Mother's Education
(b) Mom High Educated: MSD

(a) Mom Low Educated: MSD

5
I

5
L

Child Care Policy Effect
-5 0
|

Child Care Policy Effect
0

-5
L

o o
<7 <
t t t t t t t t t t t t t t t t t t t t t t
1 10 20 30 40 50 60 70 90 99 1 10 20 30 40 50 60 70 90 99
MSD Percentile, Quebec Pre-Policy MSD Percentile, Quebec Pre-Policy
(c) Mom Low Educated: PPVT-R (d) Mom High Educated: PPVT-R
o o
= |

5
I

5
L

Child Care Policy Effect
-5 0
|

Child Care Policy Effect
0

-5
L

o | =14
"1 10 20 30 40 50 60 70 80 90 o 1 10 20 30 40 50 6 70 8 90 99
PPVT-R Percentile, Quebec Pre-Policy PPVT-R Percentile, Quebec Pre-Policy
Figure 8: FFL Estimates by Father's Education
(a) Dad Low Educated: MSD (b) Dad High Educated: MSD
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Figure 9: FFL Estimates by Father's Wage

(a) Dad Low Wage: MSD (b) Dad High Wage: MSD
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Figure 10: FFL Estimates by Parenting Style- Hostile

(a) Hostile Parenting: MSD

(b) Non-Hostile Parenting: MSD
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Figure 11: FFL Estimates by Parenting Style- Aversive

(b) Non-Aversive Parenting: MSD

(a) Aversive Parenting: MSD
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Figure 12: FFL Estimates by Parenting Style- Consistent

(b) Consistent Parenting: MSD

(a) Inconsistent Parenting: MSD
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Figure 13: FFL Estimates by Family Functioning

(a) Dysfunctional: MSD

(b) Non-Dysfunctional: MSD
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Figure 14: FFL Estimates by Maternal Depression

(b) Low Maternal Depression: MSD

(a) High Maternal Depression: MSD
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Figure 15: Trends in MSD Quantiles
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Figure 16: Trends in PPVT-R Quantiles
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